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Abstract
This thesis is a methodological study in the field of social network analysis. It seeks to
investigate how certain factors can interfere with the processes of data collection and
data analysis, and therefore lead to invalid or unreliable results for network-analytical
measures. The discussion is focused on one-mode whole-network designs with data
collection by the way of questionnaires. It begins with a short introduction into the
methods of network analysis and then discusses the literature on the field of the validity
of network analysis in general. Afterwards the possible influencing factors investigated
in this study are discussed and the analysis is described.
In particular, nonresponse (biased and unbiased), forgetting, attempts of sampling, the
omission of unimportant actors, symmetrization, dichotomization, and collapsing actors
are investigated. These processes and methods are simulated by comparing the results of
network-analytical measures calculated with an unchanged data set to the results of
measures calculated with other variants of the same data set in which these processes
have been simulated. The network-analytical measures tested are density, degree
centralization, eigenvector centralization, the determination of cliques and k-plexes,
degree centrality, closeness centrality, eigenvector centrality, and betweenness
centrality. Density, centralization and the extent of size reduction are expected to be the
main influencing factors for validity and reliability. All combinations of size reduction
or transformation processes and network-analytical measures are simulated using a total
of seven matrices representing different densities and centralizations. In some cases,
different extents of size reduction and different strategies of dealing with the problem
are investigated as well.
The study comes to the conclusion that size reduction and transformation processes can
significantly change the results of an analysis. In most cases, the error introduced into
the network-analytical measures is biased in one direction, most often negative. The
deviations of the estimates from the real values depend on the extent of size reduction.
Density and centralization are also influencing factors in many cases; however, the
direction of this influence can change. Certain network-analytical measures like
closeness centrality and the determination of subgroups are especially vulnerable.
Certain size-reduction and transformation processes are more dangerous than others.
These results are presented in detail at the end of the thesis.
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Zusammenfassung (German-language Abstract)
Diese Diplomarbeit ist eine methodologische Studie im Bereich der sozialen
Netzwerkanalyse. Sie untersucht, wie bestimmte Faktoren den Prozess der
Datenerhebung und Datenanalyse stören und die Validität und Reliabilität
netzwerkanalytischer Untersuchungen gefährden. Der Fokus der Debatte liegt auf
unimodalen Forschungsdesigns, die per Fragebogen erhobene Gesamtnetzwerke
untersuchen. Die Diplomarbeit beginnt mit einer kurzen Darstellung der Methodik der
Netzwerkanalyse und diskutiert dann die Literatur auf dem Feld der Validität und
Reliabilität Sozialer Netzwerkanalyse. Danach werden werden die in dieser Studie
untersuchten Einflussfaktoren diskutiert und die Methodik der Analyse beschrieben.
Im Speziellen werden Ausfälle und Vergessen bei der Befragung, Versuche der
Stichprobenziehung,

das

Auslassen

oder

Entfernen

unwichtiger

Akteure,

Symmetrisieren, Dichotomisieren und das Zusammenfassen von Akteuren untersucht.
Diese

Prozesse

und

Methoden

werden

simuliert,

in

dem

Ergebnisse

netzwerkanalytischer Analysen eines unveränderten Datensatzes verglichen werden mit
Analysen von Varianten dieses Datensatzes, in denen diese Prozesse simuliert wurden.
Die getesteten Analyseverfahren sind Dichte, Zentralisierung (degree und closeness),
die Suche nach Cliquen und K-Plexen, sowie Zentralität (degree, closeness, Eigenvektor
und betweenness). Dichte, Zentralisierung und das Ausmaß der Verkleinerung werden
als wichtigste Einflussfaktoren für die Reliabilität und Validität betrachtet. Alle
Kombinationen von Verkleinerungs- und Transformations-Prozessen werden mit
insgesamt sieben Matrizen simuliert, die jeweils eine unterschiedliche Dichte und
Zentralisierung aufweisen. In einigen Fällen werden auch verschiedene Ausmaße von
Verkleinerung und verschiedene Problemlösungsstrategien untersucht.
Die Studie kommt zu dem Schluss dass Verkleinerungs- und Transformations-Prozesse
die Ergebnisse netzwerkanalytischer Verfahren signifikant verändern können. In den
meisten Fällen geht der Fehler systematisch in eine Richtung, in der Regel ins Negative.
Dichte und Zentralisierung werden in vielen Fällen ebenfalls als Einflussfaktoren
nachgewiesen, allerdings je nach Maß und Methode in unterschiedlicher Richtung.
Bestimmte netzwerkanalytische Verfahren wie Closeness Zentralität und die Suche
nach Teilgruppen sind besonders empfindlich. Bestimmte Verkleinerungs- und
Transformations-Prozesse sind gefährlicher als andere.
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1. Introduction
“Between the reality and final description resulting from the analysis of the data are two
processes that can be thought of as acting like polarizing filters placed on the lens of a
camera: They allow only a limited amount of what comes into them to pass through, and
they shape what manages to pass through in their own peculiar way. These 'filters' are
the processes of measurement and analysis of the data. Both processes interact with the
data in important ways.” (Richards 1985:112-113)

In accordance with Richards, my argument is that during the collection and preparation
of data for social network analysis certain interferences can occur that could finally lead
to the resulting network data set not representing the reality anymore. A complex reality
is simplified again and again until it fits into one or more matrices in a computer file.
Until the results of the analysis are on the table, the researcher has to decide on many
factors that can influence the final results of the study. Therefore, it is a justified
question to ask whether these results still have anything do to with the reality.
This thesis seeks to investigate some of these factors. I refer to them as size reduction
and transformation processes. This includes the planned and targeted choice of certain
methods on the one hand, as well as the unintentional occurrence of interferences on the
other hand. Often these processes are inevitable, sometimes they are chosen because
they are convenient and fast to realize.
Size reduction refers to all processes that somehow involve the loss of data. In this
particular study, biased and unbiased nonresponse, forgetting, the omission of
unimportant nodes, and random sampling will be investigated. Transformation refers to
changes in the way network-analytical data is contained in the matrix. In particular,
symmetrization, dichotomization and collapsing actors will be discussed and
investigated. Transformation leads to a simplification and therefore information is lost
as well, but in a different way as with size reduction processes. The reason for this
manifold choice of processes and methods is what they have in common. A researcher
is sooner or later forced to consider them when doing social network analysis. But the
decisive factor for this choice was that all processes can be investigated in a similar
way.
This study utilizes a simulation technique to test to which extent the size reduction and
transformation processes influence the results of social network analysis. When you
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face nonresponse in a study, the main problem is that you do not know what those
interviewees would have answered. There is no way to know if the results of your study
are in danger. When you ask people about their ties to others and they forget to tell you
some of them, you have the same situation. You need to rely on your data, and there is
no way to test if this is reasonable in that particular case. At some point you have to
draw a line and exclude less important actors from your study in order to avoid a long or
even infinite data collection process. Another solution for dealing with large
populations discussed in the literature is to draw a sample. But again you do not know
whether the conclusions derived from a study based on a sample would be the same
conclusions you would derive from a study based on a full survey of the whole
population. The only way to know this would be to do a survey of the whole population
and to compare your results to those of the sample afterwards. But as soon as you have
the complete data you do not need the sample anymore and you do not need to test
whether a sample would have been different.
That is the idea of this study: A complete data set is taken and compared to different
versions of the data set in which nonresponse, forgetting, sampling, or other
interferences have been introduced. This is a simulation because the complete data set is
not the reality either. It is only defined to be the point of reference for the comparison. It
is also a simulation, as, for example, no real nonresponse is investigated: The answers
of certain actors are removed from the data set to simulate nonresponse. Simulating
transformation is done simply by comparing a transformed data set to the original.
Afterwards, some of the most common network-analytical measures are calculated and
compared to the results from the original data set. Then it can be seen whether the size
reduction and transformation processes harm the results. Its simulation methodology is
the reason why this thesis refers to the “size reduction and transformation of data sets”
in its title. Still, I expect that the results can be generalized and also applied to real
sampling, nonresponse and other processes.
This study utilizes policy networks for the simulation. Therefore, the terminology is
chosen accordingly (for example the word “actor”), although it should be possible to
generalize the results of this study beyond the area of policy networks. The discussion
will be based on one-mode whole-network designs with data collection based on
questionnaires. Neither egocentric networks nor two-mode data will be discussed in
detail.

Introduction

3

In chapter 2, network analysis and its methods will be presented shortly. It will only
include those methods and measures that are dealt with in this study. Chapter 3 will
present the current literature on the topic of methodological problems in network
analysis and will then show what has already been investigated. The particular research
question of this study with all the influencing factors and size reduction and
transformation processes will be discussed in chapter 4. Chapter 5 will describe the
analysis done for this study and its results. Finally chapter 6 will shortly summarize the
results and discuss their consequences.
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2. About Network Analysis
This chapter is supposed to give a short introduction into the field of network analysis.
It will introduce most of the technical terms that are going to be used in this thesis. It
will mainly be limited to those topics that are relevant for my discussion and analysis.
Its goal is to make this thesis understandable for persons who have not yet dealt with
network-analytical studies before.
The first section (2.1.) will show how network-analytical data is represented in matrices
and graphs. The second section (2.2.) will shortly outline applications for network
analysis. The third section (2.3.) will present network-analytical measures on the level
of actors and subgroups. The last section (2.4.) will discuss measures on the wholenetwork level and lead over to the topic of this thesis.

2.1. Data Sets in Network Analysis
A network, for example that of a policy domain, is defined by “its actors, their linkages
and its boundary” (Kenis/Schneider 1991:41). Therefore, data sets in network analysis
consist of matrices that contain ties between actors. Such ties are represented by
numbers that in each cell of the matrix tell you whether a link between the two actors
exists or not.
The most simple case is that of a binary matrix that contains
values of 0 for “tie not present” and values of 1 for “tie present”
(see figure 2-1). But there can also be information on the strength
of a connection contained in the matrix, for example to indicate
how often or how closely two actors interact with each other. This
is called a valued network, with different numbers indicating

Figure 2-1: a directed
binary matrix

different strengths of links. When a valued matrix is converted into a binary matrix, the
process is called dichotomization. A cut-off value is chosen while every value above is
converted to “present” (1) and values below count as “not present” (0).
When the same list of actors is contained in the columns and in the rows of a matrix,
there are two cells that can describe the relationship between each pair of actors. The
actor in each row of the matrix describes his relationship with the actors in all columns.
This can be used to indicate the direction of a tie. Even ties as simple as “knowing a
person” do not necessarily need to be reciprocal. For example, many people have
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already heard of George W. Bush, but he certainly does not know all people who know
him. There are also cases in which a network is supposed to be undirected, for example
“playing golf together”. When Tiger Woods claims that he plays golf with John Daly, it
should be expected that John Daly reports that he plays golf with Tiger Woods. If this is
not the case, the tie is unconfirmed. The reason might be that one person lied or that the
other person forgot that the relationship exists. Therefore, the consequences of
asymmetry in a network are not always the same. In some cases, asymmetry is expected
and delivers important information on the direction of ties. In other cases, a network is
supposed to be symmetric. Then asymmetry can cause confusion and indicate data
collection problems. One solution in such a case is to symmetrize a network. This either
involves counting all undirected ties as present or as absent, depending on which
solution makes more sense theoretically.
In principle, it is also possible to include the link of an actor to himself in a matrix.
However, in most cases this makes no sense theoretically and the diagonal of the matrix
is therefore simply filled with values of zero.
When all actors are connected with each other, the network is called a component.
When a network is only connected in one direction, it is a weak component. When a
network becomes disconnected because of the removal of a tie, it splits up into two
separate components. When a single actor is not connected to the rest of the network, it
is called an isolate.
Each matrix can be drawn as a graph. The graph for the
matrix in figure 2-1 is shown in figure 2-2. It contains
the same information. The direction of ties is indicated
through arrows. The names of the actors are either
written inside the circle or next to it. In case of a valued
matrix the strength of the ties would be written next to
the lines or indicated by the thickness of the lines.

Figure 2-2: graph representation
of figure 2-1

The information contained in the matrices can be used by network-analytical software
programs like “UCINET” to calculate different measures (for an overview of common
network-analytical software programs see Huisman/van Duijn 2005). Plenty of
possibilities have been developed to describe the properties of single actors, of
subgroups and of the network as a whole. Some of them will be presented later.
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2.2. Applications of Network Analysis
This method opens up many possibilities for applications. For example, network
analysis can be used to model the links between websites on the Internet and to
determine which websites are especially popular. In fact, a variation of this idea is used
by Google™ as one factor for the determination of the order of websites in the index.
Physicists and computer scientists use network analysis to model the attack
vulnerability of computer networks (see Holme et al 2002). One question could be how
many hubs need to be deactivated in order to cause a network to be disconnected.
Barabási/Bonabeau (2003) mention that network analysis is even used in biology for
modeling the interactions among proteins that help regulating cellular activity. As one
of many other examples, they also model the U.S. airline system with its airports and
flight connections as a network.
In my field of study, networks are used to model policy networks. They are seen as a
form of political governance. The many organized actors in policy making use their
network as a means of “political resource mobilization in situations where the capacity
for decision making, program formulation and implementation is widely distributed and
dispersed among private and public actors” (Kenis/Schneider 1991:41). One research
question could be, for example, how the structure of networks influences the success
and the speed of policy making processes.
So in this case, the term “network” refers to more than just the method of representing a
system in a matrix. It is also a concept for political governance. For example, you could
also draw the organization chart of a government ministry as a network and enter it into
a matrix. However, this is a hierarchy, while actors within a network, according to this
narrow definition, tend to be on equal footing with each other. Of course they still can
be different in power and influence, but this is because of their activities and
connections and not because of their roles defined by job descriptions and
organizational charts.

2.3. Properties of Actors within a Network
To be exact, actors within a network do not have properties by themselves. Although it
is reasonable to have some additional information about the actors, such variables are
not part of the matrix and usually not used for the analysis directly.
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All properties of the actors result from their position in the network. It is the links
between the actors that matter. I will shortly introduce those concepts which are
relevant for this study.
For more information on the methods of network analysis I recommend textbooks like
Scott (2000) and Wasserman/Faust (1994), from the perspective of computer science
Brandes/Erlebach (2005), or in German language Jansen (2003) and Trappmann et al
(2005).
2.3.1.

Centrality

Centrality is a way of measuring the importance of an actor in a network. There are
different concepts of centrality with different assumptions and foci.
The easiest concept is degree centrality. It is simply the sum of the direct links between
one actor and the others. The more links a node has the more central it is. It is useful
when you can assume that indirect connections do not play a role.
Another concept I am using is closeness centrality. It also includes the indirect
connections an actor has to others. All path distances a node has are summed up in order
to see which one has the shortest distances. The closer an actor is to all others, the more
central it is. This method is useful when you can assume that there are also indirect
chains of influence in the network.
The betweenness centrality is more complex. The method counts how often an actor lies
on the shortest path between all combinations of pairs of other actors. The higher this
frequency, the more central an actor is. The method assumes that indirect links are
possible. It focuses on the role of actors as intermediator between others and assumes
that this dependence on him makes him central (see Jansen 2003:127-137).
The eigenvector centrality recursively calculates the centrality of an actor by taking into
account the centrality of all neighboring nodes. It focuses on the fact that it does not
only matter how many people you know, but also how important your contacts are.
When a network is directed it makes a difference whether a connection with another
node is incoming or outgoing. In the case of incoming connections, you can also talk of
prestige instead of centrality. For example, a person who is asked for advice is probably
more important than the person asking for advice. But whether incoming links can say
something about the prestige of an actor also depends on what the network is about and
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on how the question was asked.
As I am dealing with different networks, it is the safest and least confusing way to use
the terminology that is also used by the UCINET software: Indegree centrality refers to
the degree centrality when only incoming links are considered. Outdegree centrality
refers to the degree centrality of outgoing links. The terms incloseness centrality and
outcloseness centrality will be used in the same way. The version of eigenvector
centrality used by the UCINET software assumes an undirected network. Betweenness
centrality can be calculated for directed networks, but delivers only one centrality value
for each actor, which is therefore difficult to interpret.
Obviously, there is no such thing as a perfect way of measuring centrality. It depends on
the context in which you use it and on the assumptions you make about the network, its
actors and the links between the actors.
2.3.2.

Membership in Subgroups

A subgroup within a network is characterized by the relatively high connectedness of
the actors within the group, compared to the relatively weak connectedness of the group
with the rest of the network (Trappmann et al 2005:71). There are plenty of different
concepts of subgroups. I will limit my presentation to those which are used here.
The “strongest” subgroup possible is a so called clique. In a clique everybody is
connected to everybody. It is a maximal complete subgraph, which means that nobody
who is connected to everybody is left out. So there are no cliques within cliques, but the
overlapping of cliques is possible. According to Wasserman and Faust (1994:256), the
concept of cliques is often regarded as too strict and therefore not very useful. When
even one link is missing, a clique is not a clique anymore.
Therefore, subgroup concepts with less strict criteria have been developed. One of them
is the k-plex. In a k-plex, all actors have direct links to all except k of the other points
(Scott 2000:118) while k is a variable. This is more interesting, as there are differences
in the internal structure of the group. It is possible to identify core and peripheral actors.
The analysis of subgroups is therefore something in between the analysis of actors and
the analysis of the network structure as a whole.
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2.4. Properties of Social Networks
There are also properties of the network as a whole. I will shortly present those concepts
which are considered in this thesis and then discuss how they are related to each other
and what facts might be important for my analysis.
2.4.1.

Centralization and Density

Once the centrality of the nodes within a network has been determined, one can use this
information for calculating the overall centralization of a network. It is based on the
differences between the centrality of the most central node and that of all other nodes.
It tells us if the network is organized around particular focal points (Scott 2000:90).
The density of a network is the number of ties present, divided by the number of ties
possible. It describes the overall level of linkage or cohesion among the nodes of a
network (Scott 2000:69-71).
In non-valued networks, density and centralization can vary from 0 to 1 (or 0% to
100%). But they are not independent of each other. Limitations are imposed by
definition as well as by natural boundaries.
The most central network one can think of contains a node that has
direct connections to all other nodes, while those other nodes do
not have connections which each other (see figure 2-3). This, by
definition, makes it impossible to have a network with an
extremely high density and centralization at the same time.
Centralization is based on the fact that links are missing and that

Figure 2-3: a highly
centralized graph

they are missing unequally.
The lowest centralization one can think of is a
network in which all nodes have the same
number of connections to others. For example,
this is the case when each node is connected to
only two other nodes. One can draw this as a
circle or wheel (see figure 2-4) in a graph.

Figure 2-4: a highly Figure 2-5: another
decentralized graph decentralized graph

Obviously, this imposes a minimal density on a
network of a given size. As soon as only one link is missing, the number of connections
per node becomes unequal and the centralization is not zero anymore.
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A network in which everybody is connected to everybody has a centralization of zero
and a density of one (see figure 2-5). However, this extreme case is not realistic either,
at least not in large social networks. To give an example, it is improbable that 80
million people living in Germany know each other. Obviously, there is a natural limit
on how many social contacts a person can have. Therefore, you will not find a large
social network with a density near one, although it is at least possible by definition to
have such a network.
2.4.2.

Scale-free Networks – Lessons from Other Sciences

In the past, it was quite common to work with randomly generated graphs as models for
complex networks. A whole paradigm developed around the work of Erdős/Rényi
(1960). However, as scientists have shown recently, many networks existing in reality
are not random at all (see Barabási/Bonabeau 2003 for an overview).
Many networks, man-made as well as in nature, tend to be “scale-free”. This means that
they are dominated by a few highly connected nodes. Barabási/Bonabeau (2003:53) use
the U.S. airline system as an example (see figure 2-6 on the right). Airports like
Chicago, New York or Atlanta serve as “hubs” that have a very high number of
connections, while most other airports are much less important with only a few
connections each. The number of links of the nodes in such a network approximates a
power law distribution.

graph removed for the publication of this document because of copyright reasons
You can download the article containing this graph for free on the author's website at:
http://www.nd.edu/~networks/Publication%20Categories/publications.htm

Nicolas Marschall

Figure 2-6: random and scale-free networks compared – graph from Barabási/Bonabeau (2003:53)
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Scale-free networks can be found in many places, from the protein regulatory networks
in cells to the Internet (Barabási/Bonabeau 2003). When a network is scale-free, it
implies a high centralization, as centralization is the difference in degrees between the
actor with most degrees and all others. In contrast, nodes in random networks all tend to
have about the same number of links, while “it is extremely rare to find nodes that have
significantly more or fewer links than the average” (Barabási/Bonabeau 2003:52). The
number of links of these nodes approximates a bell-shaped Poisson distribution. Such
networks are also called “exponential” because the probability of finding a node with an
exceptionally large number of links decreases exponentially the higher this number gets.
Exponential networks exist, for example, in road networks where at crossings more than
four directions are unusual (see figure 2-6 on the left).
The main argument in the literature is that scale-free networks are significantly different
from exponential networks in their “error and attack tolerance” (Albert et al 2000). This
terminology originates from physics and computer sciences where attacks on computer
or electricity networks are being modeled (e.g. in Holme et al 2002). On the one hand,
scale-free networks are quite robust when nodes are removed at random, but on the
other hand they are highly vulnerable when attacked intentionally (Callaway et al
2000:5471).
For example, from time to time airports have to be closed temporarily because of bad
weather conditions or accidents. Let us assume this happens at random. Then most
likely it will hit one of the many unimportant local or regional airports, and the airline
network as a whole will not be interrupted. However, if terrorists wanted to interrupt the
air transportation system of a country, they would most certainly choose one or more of
the hubs as target for their attack. If Chicago, Atlanta and New York airports are being
closed down because of bomb threats, the air transportation network of the United
States would indeed be interrupted.
In random networks where all nodes have approximately the same importance, there is
not such a difference between random errors and intentional attacks.
This research has much in common with my approach. While a social scientist might
ask the question: “What are the consequences for my policy network if the most
important actor in environmental politics does not respond to my questionnaire?”, a
computer scientist may ask: “What happens if the most important hub on the Internet is
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being shut down by hackers?”. Both cases can be modeled with network analysis and
the methodological approaches towards both problems are surprisingly similar. In both
cases, the consequences of the removal of a node from the network are investigated.
To conclude, the research in physics (e.g. Albert et al 2000) shows that the underlying
distribution of node degrees is a relevant influencing factor for the vulnerability of a
network towards the removal of nodes.
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3. Methodological Problems in Network Analysis
In this chapter, I will discuss the literature on the topic of my thesis. Although there is
not much about how transformation and size reduction of data sets in particular might
negatively affect the reliability and validity of network analysis, there are plenty of
articles on which factors are disruptive in general. I will first present this literature and
then discuss how my own ideas fit in.
As my analysis, this discussion will be focused on one-mode whole-network designs
with data collection by the way of questionnaires. As far as there is literature available, I
will include all topics my analysis deals with. But apart from that I will limit my
discussion to those threats to validity which are potentially relevant for all research
projects in network analysis. Specific problems of special research designs, like CSS or
longitudinal studies, will be left out. It is not my intent to discuss the usefulness of
network-analytical methods for specific research questions either. Obviously, as it is
always the case in science, researchers are well-advised to carefully choose the bestsuited research design and the right analytical methods for their research question.

3.1. Literature Discussion
I will start with a general discussion on validity in network analysis (3.1.1.). Afterwards
I will continue with different data collection problems (3.1.2.), followed by the area of
informant accuracy (3.1.3.) which is discussed so heavily that I have decided to have an
own section for this topic. Then I will review the literature about network sampling
(3.1.4.) and conclude with the discussion on the attack and error vulnerability of
networks (3.1.5.).
3.1.1.

Validity in Network Analysis

“The battery of techniques with which social scientists have equipped themselves to
answer the limited questions that network analysis can resolve produces overkill. Flies
are killed with dynamite.” (Boissevain 1979:393). On the one hand, there are lots of
analytical methods. On the other hand, there is a lack of theory. Boissevain (1979:393)
complains that much research in network analysis “lacks clear formulation of the
problems it seeks to resolve”, while the theoretical and social significance of the results
was not clear.
But what does this have to do with validity? Validity is that an instrument measures
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what is was supposed to measure (Schnell et al 1999:148). But how can results be valid
at all when scientists use methods mostly ad hoc to answer questions that they have not
clearly asked before? Lucas (2003:247) claims that in the absence of theory, no findings
can have external validity, no matter which methods were used to produce these results.
When there is no theory about why and when some actors are more important than
others, it does not matter which measure of centrality is used to calculate this. The only
question that can be answered is how many ties actor X has compared to actor Y in this
particular data set.
Other examples are given by Marsden (1990:437), who criticizes that many studies do
not even clearly state whether they want to measure social relations as they really exist
or rather as they are perceived by the actors involved. He adds that a further problem is
the lack of clarity about the time frame. Is the scientist interested in momentary or rather
recurrent long-term patterns of interaction? And finally, it is necessary to clearly define
what kind of social relations are meant. Concepts like friendship are rather vague and
different people will include different kinds of relations when asked about their friends.
To summarize, when you do not know what your instrument is supposed to measure,
you cannot know if your results are valid.
This debate is related to the so-called “boundary specification problem”. This is the
question which actors to include in a network. Obviously, the boundaries should be
“plausibly equated to those of the social system under study” (Laumann et al 1983:33).
Different criteria are possible, like the attributes of actors, the type of their relations or
their participation in activities and events (Laumann at al 1989). But this can pose
problems. For example, inclusion rules can lead to tautological results. When you ask
people with whom they have contact and then include those actors in the network, it
should be no surprise when you discover that the network is well-connected (Laumann
et al 1989:67). Including only actors with at least three ties to others will lead to a
higher density and possibly a lower centralization than otherwise. (Such an approach is
discussed in Doreian/Woodard 1994 who propose “k-cores” as a boundary selection
criterion.) If you want to have a network containing the most influential companies in a
country, and you include only those which are from that country, you might miss
influential foreign firms. If you take the 100 companies with the highest turnover, how
can you assume that company no. 100 is influential, while company 101 is not? Apart
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from the fact that turnover is not necessarily a good indicator for influence, it is nearly
impossible to explain why exactly this is the best-suited boundary for the network.
The choice of analytical methods is also of relevance. For example, network density is
said to be an indicator of structural cohesion, but when there are subgroups present there
are differences within the network. While subgroups are very densely connected within,
they might be only loosely connected with each other. In such a case the overall
network density is probably not a valid measure of the overall cohesion (Friedkin
1981:41). So it is important to be aware what network-analytical measures can and what
they cannot say about the network.
One should also be aware that different measures have different assumptions. Many
require binary or even symmetric network matrices and cannot deal with multiplex ties
(Richards 1985:114-115). When reciprocity or strength of ties are important parts of the
research question, the use of such measures might lead to invalid results.
3.1.2.

Data Collection Problems

No other area contains so many threats for the validity of the results as the process of
data collection. My focus will be on those methods which somehow involve interviews.
Of course it is also possible to observe interactions of actors or to search archives and
other sources for relational information.
One problem is how to ask people which interactions they are involved in. For example,
should you present a fixed list of actors and ask everybody with whom on this list they
have contact, or should you rather ask people from the network to name their contacts
themselves and afterwards interview all actors not included in the original list, too?
Doreian/Woodard (1992) discuss this in detail and test both methods in a study of
networks among social service agencies. They come to the conclusion that there are
significant differences in the lists of actors generated, in the properties of the actors (for
example in their centrality) and in the overall size and structure of both networks. On
one hand, with a fixed list the whole process of data collection and processing is easier
and cheaper to realize, on the other hand many actors are missing and it is not possible
to distinguish between the real core and the periphery of a network (Doreian/Woodard
1992:230-232).
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Corman (1990) investigates if it makes a difference whether a computerized system or a
normal paper questionnaire is used for interviews. The use of computerized
questionnaires is tempting, as there is no need to enter the data into a computer
afterwards. He concludes that both methods produce acceptable results, while the
computerized data seems to be more accurate. A reason for this might be that the
participants found computers more interesting than paper questionnaires and had a
higher motivation to complete their task and to answer correctly.
Conrath et al (1983) compared questionnaire and diary data about the communication
pattern within organizations. Every participant had to answer a questionnaire and in
another round write a diary, so that the authors could compare the results using a paired
t-test. While questionnaires rely on the correct memory and perception of the
participants, diaries are written immediately after the interaction and might therefore be
more reliable. The results confirmed this. Questionnaires are useful if you want to know
how people perceive their interactions, while diaries tell you more about what the
interactions are in reality (Conrath at al 1983:318).
Richards (1985) and Burt/Schøtt (1989) focus on the problem of which questions to ask.
Relationships are usually more complex than a questionnaire can record. Many
relationships have different functions at the same time (for example coworkerrelationship, friendship and advice) and cannot easily be sorted into categories. When
confronted with the question about a specific kind of relationship, a respondent has to
“disentangle the welter of interactions in [his] naturally occurring relations and classify
some as such-and-such”. As this has to be done ad-hoc, it easily leads to mistakes and
misinterpretations (Burt/Schøtt 1989:187). Much information can be lost by the way the
questions are asked and the way the answers are coded. The strength of an interaction
can have different operationalizations and authors seldom explain why theirs is valid.
People answering questionnaires tend to disagree with each other, which leads to nonreciprocity. Some relations involve three persons rather than two (Richards 1985).
Batchelder (1989) discusses the problems related to the measurement scales used in
questionnaires. Obviously, people give very subjective answers when asked about the
strength of ties like friendship: “What is fascinating about global network properties is
that they depend on inter-actor comparisons among scale values. Given individual actor
scales of a given scale-type, how can we meaningfully compare the scale values
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between actors?” (Batchelder 1989:90-91)
Another problem in the data collection process is nonresponse. This can have different
reasons like people not being at home, refusing to answer, or not understanding the
questionnaire due to language barriers. Daniel (1975) describes eight strategies against
nonresponse in sociological surveys. One of them, which is suitable for mail surveys, is
to draw a subsample of the nonrespondents and to interview them personally in order to
find out how this group differs from the rest. Such approaches are difficult to realize in
network analysis, as the data about personal ties can only be used for the person
answering and not for others. But you could determine if people not responding have a
significantly different number of ties on average than those responding. Then you could
try to correct measures like density by hand. Of course this is open to mistakes and
imprecision.
Stork/Richards (1992:195) report that response rates in network studies are between
90% and 65%, and “if the response rate is R% there will be complete information on
only R%*R% of the relationships in the network”, which is lower than the response
rate. They describe two approaches on how to deal with nonresponse in network studies.
One is to completely leave away those links which are only described by one side,
assuming that you can never be certain that they really exist. This means that
nonrespondents are either removed from the data set or included without any ties
reported by them. An alternative solution is to trust the other respondents and assume
that when they say that they have a connection to the nonrespondent, you can assume
this tie as also being present in the data of the nonrespondent. The usefulness of these
strategies is related to how you deal with unconfirmed or nonreciprocal ties in general.
3.1.3.

Informant Accuracy

Probably the most heavily discussed area of data collection problems is the informant
accuracy. The debate started with an article by Killworth/Bernard (1976), in which they
came to the conclusion that “people simply do not know, with any degree of accuracy,
with whom they communicate”. Therefore “theories of social structure built upon
presently available network data are suspect”. This study was based on the
communication within a group of 32 deaf people in the Washington D.C. area. This
community uses so-called teletypes for long-range communication, which have the
advantage that a printout of the communication is produced. First, they were asked to
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assign a rank to the other 31 people by the criterion of how much they communicate
with each of them. In a second step, they were asked to collect their printouts for three
weeks and to use them to complete a log containing the information on how much and
with whom they communicated during that time. By comparing the answers, the authors
came to their devastating conclusion. Similar studies by these authors and by others
followed:
In her commentary on their paper, Hammer (1980) criticizes that the inaccuracy was
strongly overemphasized in the Killworth/Bernard study. She claims to have found a
number measures based on informants' reports in her own work that did strongly
correlate with the observations. Respondents might have problems to rank their
contacts, but they are able to say whether a relationship exists and if it is rather close or
not. Also, one should not completely trust observations. She gives the example that a
person who usually has close contacts to the others could be ill or otherwise absent
during the observation period. In such a case, respondents' descriptions of their close
contacts in general would be more accurate than observations made during that limited
time period.
Deseran/Black (1981) reviewed network studies from rural counties and discovered a
high rate of nonreciprocated responses between 40 and 65%. People do not agree in
their reports about whether a relationship exists or not. Deseran/Black (1981:312)
criticize that in many studies this problem is ignored and the data is symmetrized. This
means that nonreciprocal ties are either removed or made reciprocal. There is even more
disagreement between respondents about the strength of relationships. Therefore, it
would be necessary to verify the answers and to investigate why people actually
disagree.
Five years after their first article, Bernard et al (1981) had replicated their study several
times, taking into account much of the criticism their first study faced. For example,
they asked their questions more precisely and tried scaling instead of ranking. They still
came to the conclusion that people on average can only report less than half their
communication. The effect of changes in communication behavior during the time
between the interview and the observations was expected to be about 10% and could not
account for the differences alone. In a later article, Bernard et al (1984) extend the
discussion beyond network analysis and review other studies about informant accuracy

Methodological Problems in Network Analysis

19

in social sciences in general. They find their earlier conclusions confirmed.
Nevertheless, there are areas in which respondents seem to be able to answer with a
high degree of accuracy. Anderson/Silver (1987) asked married couples, husband and
wife separately, about indicators of social status. They found a high agreement between
the partners. Obviously, social status is not communication behavior. But this leads to
the conclusion that the accuracy of the answers also depends on the questions asked.
More recently, Brewer (2000) investigated and discussed the problem of forgetting in
the collection of network data. This is closely related to informant accuracy, but still a
bit different. It is not about whether the strength of a tie is reported correctly, but rather
if a tie is reported at all. Forgotten ties can lead to biased results. For example, when
20% of all ties are missing, it simply means that the density of the network is
underestimated by 20%. Research designs of studies in this area include “comparisons
between recall and recognition data, comparisons between recall data and objective
records of interaction, and comparisons of recall data elicited in two separate interviews
within a short period of time” (Brewer 2000:31). Brewer comes to the conclusion that
people do forget a substantial part of their contacts, and that networks therefore have to
be regarded as a sample of the real network rather than as complete. There was even
some indication for bias, as people tend to forget weaker ties more easily than strong
ties.
Therefore, it seems reasonable not to ask people to recall their contacts, but to give them
the possibility to recognize them on a list. However, Hlebec/Ferligoj (2001) might
disagree. They studied in high school classes how the mood of respondents influences
the accuracy of the results. They repeatedly collected network data in different classes,
in some using the recognition technique, in others using free recall. They also asked the
respondents about their current mood and found that a change in their mood influenced
the test-retest stability of their answers, but only when the recognition technique was
used and not with the recall technique.
As a possible solution how to deal with problems of inaccuracy and error, Butts (2003)
developed Bayesian models that allow for the “simultaneous inference of informant
accuracy and social structure in the presence of measurement error and missing data”.
For him, the basic questions are how to find out how much error the data contains, why
this is the case, how the data collection process can be improved, and how to deal with
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the existing network data and its possible inaccuracies (Butts 2003:105). His models are
highly mathematic and their presentation and discussion would exceed the scope of this
section.
A possible approach to the problem could be cognitive social structure (see e.g.
Koehly/Pattison 2005), where multiple or all members of a network are asked about
their perception of all interactions within the network, not only about their own. On the
one hand, the disagreement would be even larger. But on the other hand, it will yield the
possibility to compare the answers. Ties forgotten by some respondents will be reported
by others. Ideally, a majority of people might agree and those answers could be used for
generating the final network. Alternatively, the persons directly involved in the ties
under dispute could be interviewed again and asked for clarification. If people refuse to
respond, the answers of other people could be used instead. Of course all this requires a
lot of work. It is suitable only for small networks and only for those sorts of ties that can
be observed by the other members of the network.
3.1.4.

Network Sampling

Is sampling possible in network analysis? Schnell et al (1999:243) say that it is not
possible and explain that even the absence of only a small number of actors, e.g.
because of nonresponse, can alter the structure of the network significantly.
Nevertheless, there are articles about network sampling and there are even studies trying
to use it.
One of the most recognized sampling approaches in network analysis is that of
snowball sampling (Goodman 1961). A random sample from a population is drawn and
these people are asked to name a limited number of their contacts. The people named
are contacted and asked for a limited number of their contacts. This procedure is
repeated several times. This is especially useful for egocentric networks which seek to
analyze the network surrounding a specific person. In order to use it for whole-network
designs, it would be necessary that several “ego-networks” finally connect with each
other.
The concept of Doreian/Woodard (1992), which was already discussed above (3.1.2.), is
drawing on the idea of snowball sampling. In order to complete their list of actors to be
included in the network, they start with an initial list of actors who are then asked to
name their contacts. Those are interviewed and asked for their contacts, too. However,
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their initial list is not a random sample but a well-chosen set of actors with no relevant
nodes missing intentionally. So unlike sampling, this approach does not want to avoid
interviewing everybody but rather find actors missing on the original list. It has its own
particular problems, but it is not an example for sampling.
A better example is the Random Walk Strategy (Klovdahl et al 1977). A person from a
population is selected at random, asked for its ties and for the addresses of the persons
named. Then one of its contacts is chosen and asked the same questions. One of this
person's contacts is chosen and interviewed, too. This is repeated as often as possible.
There may be several random walks at the same time, starting from the same person or
from different persons. “Thus, the use of this strategy makes it theoretically possible to
learn whether the ostensibly disjoint ego networks of scattered urban residents are
actually connected together, and if so how. Further, a variety of statistical tools (e.g.
Markov methods) can [lead not only to] fruitful insights but also [to] sound statistical
inferences about structural properties of large networks.” (Klovdahl et al 1977:169).
Although the authors start with egocentric networks, they are hoping that this method
might lead to the formation of a connected urban social network. They tested their
strategy in Canberra and did discover cross-links between the egocentric networks.
Apart from these strategies, there are also approaches that really draw a random sample
without using some kind of snowball system afterwards. Granovetter (1976) started a
debate with his article on “some first steps” of network sampling. He describes how
samples can be used to estimate the density of a large network: the solution is “to take a
number of random samples from that population, each of size n (with replacement), and
within each such sample ask each respondent some sociometric question about each
other respondent. [...] By averaging the densities found in the various samples taken,
one arrives at an estimate of the density in the population network” (Granovetter
1976:1290). Granovetter discusses the sample sizes and the number of samples needed.
He concludes that a few large samples of 500 would be best and could even be useful
for large populations. The workload for the respondents could be reduced by asking
only one side of each pair of persons about their relationship (Granovetter 1976:1297).
Obviously, information on reciprocity would be missing in that case, and the data set
will be symmetric from the beginning.
Morgan/Rytina (1977) commented on this idea. They agree that such a method would
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generate estimates for the population on an aggregated level, but not for subgroups or
even individuals. In order to compare these estimates to another group or subgroup, the
whole effort would have to be repeated. This implies that much work would be
required, only to get very little information at the end. Morgan/Rytina (1977:725) add
that such a project would require a list of names that needs to be available already
before the beginning of the interviews. In non-network studies (collecting attribute
data), interviewers approach households listed in the telephone book or anonymous
people on the street. Here it would be necessary to locate particular and not random
persons. Another problem noted by Morgan/Rytina (1977:725) is the interview, which
would require respondents to go through a huge list of persons from which they do not
know most. This might frustrate interviewer and respondent. Especially at the end, it
might provoke “no” answers in every case, just to be finished more quickly. There could
also be false positives due to name similarities or because respondents feel obliged to
say “yes” from time to time. Furthermore, the consequences of nonresponse are not
clear.
Granovetter (1977) discusses possible solutions to these problems in his answer. He
describes how a sample could be divided into non-overlapping groups, and then the ties
within and between those groups could be compared. Nonresponse would be only a
problem when it correlated with the number of ties persons have, and if you asked both
sides of a tie you could still symmetrize and fill up missing values.
Based on the ideas of Granovetter, Frank (1978) proposed mathematical formulas for a
sampling model. Further ideas and discussions can be found in Frank (2005).
The first paper that actually reports about real studies using random network sampling is
Erickson et al (1981). At that time, they had only finished a pretest intended to test the
feasibility of such a task rather than to make inferences from the data. In their study of a
network of bridge players, they found that it is safely possible to interview at least 130
people. Through the inclusion of non-existing names in the questionnaire, they found
out that the rate of false positives (that Morgan/Rytina 1977:72 feared to be high) seems
to be very low. Concerning the nonresponse problem, they warned that symmetrizing is
not always suitable for filling up missing data. For example, the names of very active
persons in the bridge club might be recognized by much more people than those players
know themselves.
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Under the title “Applied Network Sampling”, Erickson/Nosanchuk (1983) describe the
final results of the bridge player study. They come to the conclusion that network
sampling is indeed a suitable way for estimating network density. However, they also
describe problems that appeared during the study. The list of bridge club members
available did not contain first names, and it took quite some time to find them out.
Those of better known players could be found out earlier. So the authors started their
study with a sample of them and continued with samples of the other players later.
Obviously, the earlier samples tended to have higher densities than the later ones, as the
players were better known and recognized more often. The authors expected that people
less active in the bridge club, and therefore having less degrees, might be less willing to
cooperate in the interview. However, using the indegrees of nonrespondents as an
indicator, they concluded that this bias fortunately did not exist.
Rothenberg (1995) discusses some of the sampling methods mentioned in this chapter.
He explains that probability sampling approaches are of very limited use in the absence
of well-defined populations, for example in networks of drug users is rural areas. He
proposes the use of egocentric networks as a solution. This is right, but in such a case
whole-network designs are difficult to realize anyways, no matter if one wants to draw a
sample or not.
Johnson et al (1989) test the stability of indegree centrality estimates using a computer
program to simulate snowball samples from existing data sets. This was done a high
number of times with different parameters. Then the results could be compared to each
other and to the original full size data set.
The last two studies will be described more in detail, as they are quite similar to my
approach. This enables me to compare my conclusions with theirs afterwards.
Galaskiewicz (1991) simulates how precisely point centrality measures can be estimated
from random samples. He found that the strongest influencing factor is the sampling
percentage, while the size of the sample did not play a role. The more trials, the better
the averaged estimates. He also discovered that the density of the network played a role.
The sparser the network, the better the estimates. Also, estimates were more accurate for
unpopular actors. He explains both phenomena with the variance: “Densities are simply
the number of asymmetric ties in a network. As densities approach one or zero the
variance around the mean (or density score) decreases to zero, and samples will always
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produce accurate estimates of the true population density as well as indegrees. As
densities approach 0.5 the population variance increases, and it becomes more difficult
to estimate either density or indegrees” (Galaskiewicz 1991:378). He also checked if it
made a difference whether nodes or ordered pairs are being sampled. In the later case,
everybody would be interviewed, but not ties to everybody would be asked for. Each
respondent would only be asked about a sample of his possible contacts. He found that
the sampling procedure had no independent effect on the estimates, but that it interacted
with the sampling percentage. In that instance, ordered pairs produced better estimates
than node samples (Galaskiewicz 1991:377).
An extension of this study is presented by Costenbader/Valente (2003). They test a total
of 11 centrality measures using more networks and more sampling levels than
Galaskiewicz. Different is also that centralization is tested as influencing factor. For
highly centralized networks they expect the centrality measures to be stable across
sampling levels because “a star of 20 nodes would be perfectly correlated with one of
10 nodes except when the central star is omitted” (Costenbader/Valente 2003:289).
They describe the different performance of different centrality measures. Bonachich's
eigenvector centrality measure has a particularly bad performance in sampling. They
conducted multivariate linear regression analyses in order to see which factors account
for the differences in the correlations. As expected, the sampling level strongly
influences the correlation of the estimates with the actual centrality measures. “Network
centralization was significantly associated with the correlation for seven of the 11
measures and response rate, network size and network density were significantly
associated with the correlation for five of the 11 measures” (Costenbader/Valente
2003:301). They conclude that, in some cases, it is possible to use centrality measures
on samples or on data sets with much nonresponse. But obviously, it depends on the
circumstances and one has to be very careful.
To summarize, while Schnell et al (1999:243) say that network sampling is impossible,
Granovetter (1976), Morgan/Rytina (1977) and Erickson/Nosanchuk (1983) say that at
least density can be estimated from network samples. Galaskiewicz (1991) and
Costenbader/Valente (2003) even consider the use of centrality measures on samples.
They show that estimates of centrality at least correlate with the real values. Obviously,
sampling is very risky, but it seems to be realistic enough to be included in my analysis.
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The studies of Galaskiewicz (1991) and Costenbader/Valente (2003) show that averaged
repeated trials are necessary in order to make sure that there is at least some rest of
accuracy in the estimates. But this sometimes requires more effort than simply
interviewing the whole population. That is why Costenbader/Valente (2003) do not
regard their study as an attempt to justify sampling. They want to find out if networks
with high levels of nonresponse are still useful.
Still, the question remains how to cope with large networks in which it is not possible to
interview all actors. One possible solution is presented by Laumann (1979), who
proposes “generalized social positions”, which means that a number of persons is
included in one node on the basis of certain shared attributes like ethnicity. Stochastic
relationships could be used to determine which nodes are connected: “For example,
members of the Protestant working class (PWC) node may be more likely to marry
members of the Protestant middle class (PMC) node than members of the Catholic
working class (CWC) node” (Laumann 1979:393).
This approach is related to block modeling where nodes with similar patterns of links to
other blocks become members of a block (Laumann 1979:395). Software packages like
UCINET include algorithms for block modeling, but when you need a network data set
to determine which link patterns are similar, this does not solve the data collection
problem. So it would be necessary to check if a sufficiently large network sample will
lead to the same blocks. Another possibility would be to model the network based on
variable data, either collected during the data collection process from a sample of the
population or already known from other studies. A thorough review of the many studies
in social sciences working with variable data might by sufficient to get enough
information to model a network, for example on who is likely to marry whom (as in the
example from Laumann 1979:393, see above).
3.1.5.

Attack and Error Vulnerability of Networks

As mentioned in the section about scale-free networks (2.4.2.), there is research in
physics and computer science about the attack and error vulnerability of networks. The
methodology of these studies is to see what happens if nodes (or ties) are removed from
a network either at random or intentionally, and which factors influence whether a
network is more of less vulnerable. This makes it quite similar to the studies from the
social sciences about nonresponse and forgetting in networks. Therefore I would like to
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present these ideas, too.
Albert et al (2000) measure the vulnerability of networks towards error and attack by
the increase in diameter caused by the removal of nodes and by the increase in network
fragmentation (the later refers to the number and size of the separate components the
network is split into by removing nodes). His main influencing factor is the
homogeneity of a network, that is whether it is exponential or scale-free (see 2.4.2.). He
comes to the conclusion that in exponential networks it does not make a difference
whether nodes are attacked or randomly deleted. In both cases, there is a slight linear
increase in diameter and after some point networks tend to break up in components of
about the same size. This is different for scale-free networks (social networks tend to be
scale-free). The random deletion of nodes leads to some isolated nodes, but for a long
time there is neither a break up into components nor any significant increase in
diameter. However, when important nodes are attacked intentionally, there is a high
significant increase in diameter and the network tends to split up into components even
earlier than exponential networks.
Studies like this were discussed and replicated several times (see e.g. Callaway et al
2000). Another example are Holme et al (2002). They test four attack strategies, the
removal of the most important actors defined by either their degree centrality or their
betweenness centrality, based on either the full network or the current size-reduced
network from after the last attack. They conclude that it is most dangerous to attack a
network based on the centrality measures of the current size-reduced network and to use
betweenness centrality. Holme et al (2002:2) discuss the usefulness of their ideas for
social networks: “Acquaintance ties are to some extent subjective and time dependent
and when a social network is under attack, the dynamics would probably speed up as the
organization tries to protect itself.” Therefore, these concepts are not applicable to social
networks. However, the limitations mentioned by Holme et al do not not apply to
nonresponse, as that is no attack on the real network but only on the data collection
process for the model. But there are scenarios in which this might be realistic, for
example opposition networks in oppressive regimes like Belarus, where central
members of the political opposition are arrested. The question would be whether this
can really interrupt the network or whether it would lead to the network dynamically
protecting itself by replacing the missing nodes or by developing new ties in order to
bridge the gaps.
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Other literature is concerned with the various ways to measure the vulnerability (or
robustness) of a network.
In their chapter about robustness and resilience, Klau/Weiskircher (2005) refer to the
special properties of scale-free networks and discuss different measures of robustness.
Those are either worst-case, average or probabilistic robustness statistics. Deterministic
algorithms are not available, and therefore simulations and heuristics remain most
useful for investigating these problems (Klau/Weiskircher 2005:436-437).
There are also possibilities to see how vulnerable a specific node makes a network. The
“strength of a point” (Capobianco/Molluzzo 1979) measures if the removal of a specific
node makes a network break up into separate components and if so, into how many
components.
As described above, in simulation studies it is possible to compare the results generated
by network-analytical measures of the “attacked” network to those of the intact original
network.

3.2. Starting Point of My Work
The past sections have presented a lot of literature that warns of possible threats for the
validity and reliability of network-analytical methods. For example, Richards
(1985:114-115) implies that symmetrizing and dichotomizing lead to a change of the
contents of the matrix – the data is simplified and information is lost. Measures
requiring this transformation should therefore be handled with care. Others authors
outline the threat posed by missing data through nonresponse, forgetting or bad
boundary specification (e.g. Schnell et al 1999, Doreian/Woodard 1992 or Brewer 2000
among others). Granovetter (1976) claims that density can be estimated from network
samples. There are studies that try to assess the consequences of such problems, mainly
through simulation. For example, Costenbader/Valente (2003) check if sampled
networks can deliver acceptable estimates of centrality measures. Holme et al (2002)
test the consequences of the removal of the most important nodes for a whole-network
measure (its diameter).
However, we do not know how nonresponse influences the measurement of subgroups,
if forgetting harms centralization measures, or how centrality measures change when
networks are being symmetrized. A systematic investigation of the effect of different
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size reduction and transformation methods on different network-analytical measures is
still missing. Up to now, only parts of the mosaic have been investigated, but the overall
picture is blurred. It is the goal of my study to change this.
Obviously, it is not possible to be as detailed as those studies only investigating a small
part of the mosaic. For example, every influencing factor investigated, every variation
of centrality measures included, every data set analyzed, every sampling level checked,
and every measure of instability calculated multiplies the amount of work. Nevertheless,
this study can be useful. It will show which combinations of transformations and
analytical measures do not fit together at all, which combinations can be used safely and
which require more investigation to be certain. The thesis is meant to explore the
possibilities and the dangers of transformation and size reduction methods, and it could
be regarded as a kind of “pretest” for further more detailed studies.
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4. Problems with Transformation and Size Reduction of
Data Sets
This chapter is supposed to discuss the problems of those transformation and size
reduction methods I am dealing with in this thesis. It will further explain my research
question.
I will start by discussing validity and reliability as criteria to judge whether a “problem”
actually exists (4.1.). I will continue with a short listing of the network-analytical
measures included in this study (4.2.). I will then discuss the different size reduction and
transformation processes (4.3.), and finish with a discussion of the factors expected to
influence validity and reliability (4.4.).
The problems related to the influencing factors, size reduction or transformation
processes and analytical measures are closely related to each other. Therefore, it was
difficult to find the right order for presenting them. It is not possible to discuss one
group without reference to the others. So in the next sections, it will sometimes be
necessary to refer to concepts that have not been discussed yet. They should, however,
already be known from the introduction and from the literature discussion.

4.1. Validity and Reliability
This research project seeks to answer the following question: using the same method of
analysis but a transformed or size-reduced data set, will the analysis produce similar
results? There are at least two criteria to judge this.
As I have discussed above (3.1.1.), when you do not know what your instrument is
supposed to measure, you cannot know if your results are valid. In the case of this
research project an instrument for transformation or size reduction is valid when the
analysis performed afterwards produces results similar to those of an analysis performed
on the unchanged full size data set.
Reliability is more difficult to explain for this research project. In general, reliability
refers to whether the same instrument produces the same results when the measurement
is repeated (Schnell et al 1999:145). When the same data and the same transformation
criteria are being used, I expect the transformation methods to be completely reliable
when the process is repeated. It are the algorithms of a software program that do the
transformation and the analysis afterwards: a real “measurement” with a potential for
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error is not done here, it is rather a calculation that may or may not lead to the same
results as with the original data set.
In those cases in which nodes are removed from a network at random, the results are
likely not to be the same anymore when the random numbers are being changed and
therefore the choice of nodes to be removed is a different one. If you define reliability in
a way that includes the random choice of nodes in the “measurement” process, the
measurements will probably not be reliable anymore.
For example, let us assume that there is a network with a density of 0.15, and you draw
two samples of size n. One sample has a density of 0.14, and the other one has a density
of 0.16. In that case, the “sampling-density” instrument is not completely reliable, as the
density is different when sampling is repeated. However, the results are so close
together that it is probably still acceptable. You could say that this instrument is valid,
as the average of the two densities is indeed 0.15. To be certain, you probably need
more samples to see if there is really no systematic bias into one direction.
However, if it turns out that the average of the densities is 0.13 instead of 0.15, the
instrument is not completely valid anymore, as it does not measure what it was
supposed to measure. The average is pretty close to 0.15, and therefore you could still
regard it as acceptable.
When the density of the original matrix is 0.5, and your two samples have a density of
0.2 and 0.8 respectively, the average is still 0.5, and somehow you could say that on
average the method produces valid results. But obviously, it is not reliable enough to be
acceptable. Realistically, in such a case you do not call the instrument “valid” either. It
is safe to say that this instrument does not measure what it was supposed to measure,
when there is such a high variance in the results.
Probably the most difficult question is what to judge as acceptable in both cases. This
also depends on what the results of the analysis are used for. If you want to report that a
network is rather dense (for a large social network), it is not so important whether the
exact density is 0.22 or 0.24. Both values will lead to the same conclusion. However, if
you want to compare the density of two different networks and you find out that the
samples have a density of 0.10 and 0.12 respectively, the question of reliability will
become more important. It might not be safe to report that the second network is denser
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than the first one if the variance of the results produced by the repeated use the sampling
instrument is too high. That is why I will not draw any deterministic conclusions on
whether a method is valid or reliable. I will rather report the results, give my opinion
and let the reader judge for himself. But of course I can still compare the reliability and
validity of different instruments, and I can report which factors seem to positively or
negatively influence it.

4.2. Network-Analytical Measures
This study will test different network-analytical measures for each method of
transformation and size reduction. The term “measure” refers to calculations that are
performed by network-analytical software on the matrix. They are supposed to say
something about the underlying social network.
On the whole-network level, density and different measures of centralization will be
tested. Centralization includes degree centralization (as described in section 2.4.1.) and
eigenvector centralization. The latter is based on the same principle as degree
centralization, except that the algorithm calculates the differences between the most
central actor and all others, based on eigenvector centrality instead of degree centrality.
On the subgroup level, cliques and k-plexes are being determined (as described in
section 2.3.2.).
On the level of individual actors, different measures of centrality are being calculated
(as described in section 2.3.1.). These are degree centrality, closeness centrality,
eigenvector centrality, and betweenness centrality.
These analytical measures will be discussed in sections 4.3. and 4.4. in connection with
the size reduction and transformation processes and the influencing factors.

4.3. Size Reduction and Transformation Processes
The terms “size reduction” and “transformation” are an attempt to find superordinate
concepts for the processes this thesis seeks to investigate. While size reduction refers to
processes that remove either actors or ties from a network matrix, the term
transformation refers to a change in the way the information is contained in the matrix.
Both have in common that information is lost in some way.
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Random and Biased Nonresponse

Nonresponse falls into the category of a size reduction process, not wanted by the
researcher but happening from alone. It means that an actor from a network does not
answer questions about how he is related to the others.
Information is lost on one side only, as in all contacts a pair of actors is involved. This
will be simulated by rows missing in a matrix. The theoretical consequences of
nonresponse depend on which information is needed for the research question. If one
can simply assume that a tie exists when it is reported by at least one side of a pair of
actors, nonresponse will only be harmful when both sides do not respond. Otherwise,
the information can just be filled up using the answer of the other side.
Disagreement about the existence of a tie can be an important information. Respondents
disagree quite often about their mutual ties. This information is lost with nonresponse,
no matter how you deal with it. Also, there are cases in which it is not safe to assume
that the answers from the other side can be used to reconstruct those answers missing on
one side. The question asked to generate the network can contain the direction of a tie.
For example, when you ask actors with whom they are involved in financial
transactions, it could be reasonable to fill up a missing answer with that of the
symmetric counterpart. But if you ask actors from whom they receive money, you
cannot assume that money will always flow in both directions. Therefore, such a
strategy is dangerous. In fact the networks used for my analysis were generated asking
questions in that way. But there is another solution. In some cases the authors collected
the data needed for this kind of symmetrization and included it in a different matrix. For
example, you can also ask actors to whom they pay money. If actor X says in the second
matrix that he pays money to actor Y, you can assume that non-responding actor Y
would confirm that he indeed receives money from actor X in the first matrix. This
strategy will be investigated in the analysis.
Another strategy would be to fill up missing values with zeros. As the density of large
social networks tends to be well below 0.5, it is reasonable to assume that a tie does not
exist when you do not know it for sure, especially when no symmetric or other
information from the counterpart is available. It, however, leads to the situation that
some actors will appear to be quite passive, although this is most certainly not the case
in reality. But still, there will be information about incoming ties in the matrix.
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This is not the case with the last strategy, which is to remove non responding actors
from the analysis completely. Its assumption is that it is better to report no information
at all than to have an actor in the matrix who will appear inactive, although this is not
true in reality. Simulating nonresponse using this strategy is similar to the method of
Albert et al (2000) to simulate erroneous nodes in a computer network.
It would be useful to know what consequences these different strategies have on
network-analytical measures. The question is which strategy has the highest validity and
reliability (as defined in section 4.1.), and is therefore best-suited for dealing with
nonresponse. A scientist cannot decide to draw multiple “nonresponse samples” and
take the average. He does not know how the network would look like without
nonresponse. Therefore, a comparison as in my simulation is not possible. So it is
crucial to know how to get valid and reliable measures from the beginning.
Filling up missing rows with zeros will lead to actors having no outdegrees at all, while
other actors will be missing some indegrees. Whole-network measures like density and
centralization will miss degrees for the calculation. Therefore, density will be
underestimated. Centralization will be underestimated when the most central node is
missing. When others are missing it should remain relatively stable. Measures of
subgroups symmetrize and therefore do not differentiate between indegrees and
outdegrees. When ties were completely reciprocal in the original network, there would
only be a loss of subgroups or subgroup members when two group members do not
respond. But in reality, reciprocity is not very high and it cannot be assumed that
symmetric indegrees will always replace missing outdegrees. Outdegree centrality
measures will be influenced most, as some actors will have no outdegrees anymore. The
order of actors concerning their importance will especially change for outdegree
centrality. The other centralities still suffer from the shift in degrees, especially from the
missing of ties caused by the lower number of indegrees. Eigenvector centrality requires
symmetric data and therefore the discussion is the same as with subgroups. As it cannot
be expected that missing outdegrees are completely filled up by symmetric indegrees,
an important actor not responding would also lead to changes in the centrality of its
neighbors, even the centrality of those that still have their tie with this actor. That is
because the eigenvector centrality of an actor is influenced by the centrality of its
neighbors.
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If nonrespondents are removed completely, there should be no systematic bias in
density. However, most other network-analytical measures will suffer, as existing
indegree information involving these actors is also lost, and measures that symmetrize
will not have the possibility to utilize this information. Subgroups will be incomplete or
missing more likely. Measures for non-responding actors are not available, but at least
not incorrect either.
For those measures that symmetrize, it does not make a difference whether missing
values are filled up with zeros or through symmetrization. This information will be
“overwritten”. As discussed above, filling up missing values with their symmetric
counterpart from the same matrix requires ties to be reciprocal and the network
reporting about ties in an undirected way. As this is not the case with the data sets used
for my analysis, such a procedure will produce rather unpredictable results. This is the
reason why I have abandoned this strategy after doing some pretests that confirmed its
uselessness for my data sets.
Filling up the missing information with data from another matrix that asks the same
question in the opposite direction is very promising, but also a bit complicated to
realize. It will not restore nonreciprocal links, and it can lead to the strange situation
that, for example, more subgroups are being reported than in the original matrices
without nonresponse. This also results from ties not being reciprocal. The conclusions
from this analysis should also be useful for matrices that can safely be used for
symmetrization. Not the concept is different here, only the source of the data that is
used to fill up the missing values.
A final issue still needs to be addressed. That is whether nonresponse is indeed
completely random. It might be the case that a group of actors with certain properties is
less likely to respond. For example, actors who are only peripheral in a network could
be less interested in a study about the network and tend to refuse answering with a
higher probability. After the simulation of random nonresponse, such a bias will be
simulated as well. The assumption used as an example here is that government agencies
are twice as likely not to respond than the other actors. The second kind of bias that will
be simulated is that key players of the network are not responding. In order to make sure
that problems with validity result from the missing key players, it is assumed in the
simulation that all other actors have responded.
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Bias is expected to make a difference. When actors with a low number of degrees are
more likely not to respond, there might be less damage done than with random
nonresponse. When a row in the matrix which is also full of zeros in the original
network is filled up with zeros because of nonresponse, it does not make a difference at
all. If important actors are more likely to be missing, it is more dangerous. This
approximates what in physics is simulated as an “attack” on a network (see sections
2.4.2. and 3.1.5.). Density can be underestimated, centralization can change extremely,
subgroups will be missing members more likely, and centrality measures will encounter
more change.
4.3.2.

Random Sampling

Random sampling is a size reduction process performed intentionally by the researcher.
Scientists are forced to consider sampling in those cases in which it is too expensive or
too time consuming to interview all members of a network. It means that only a random
selection of actors is interviewed, and those actors interviewed are not asked about their
ties to the missing actors.
Random sampling can therefore be simulated by removing actors from matrices at
random. The procedure is identical with the random nonresponse strategy that involves
a complete removal of non-responding actors from the matrix. In my simulation,
sampling levels start where nonresponse levels end. If you are interested in samples
larger than included in this study, you just need to look at those nonresponse results
where actors have been removed.
As discussed earlier (3.1.4.), sampling in network analysis is said to be highly
problematic. Density still might be estimated quite well. Centralization measures will
suffer when the most central actor is missing, which is likely to happen in a sample.
Subgroups will be most problematic, as the missing of a high percentage of actors will
lead to subgroup members also being a random sample of the real subgroup. In the
worst case subgroups become so small that they do not count as subgroup anymore by
the definition chosen by the researcher. Degree and eigenvector centrality could still be
able to differentiate between more and less important actors, and might even preserve
the approximate order of their importance. But betweenness and closeness centrality
will greatly suffer from the missing of ties and actors that served as intermediator
before. The most important overall danger is that networks could become disconnected
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with isolates and separate components. Of course information on actors not included in
the sample is missing completely.
When sampling is repeated, a low reliability of sampling instruments is to be expected.
Due to the removal of many actors, it is questionable if the network-analytical measures
still approximate that of the original network.
4.3.3.

Forgetting

Forgetting falls into the category of a size reduction process, not wanted by the
researcher but happening from alone. It means that an actor from a network does not
report all ties that he has to others. It will be simulated by the random removal of ties
from the matrices.
The number of actors included in the network will remain the same in the simulation.
This assumption is reasonable for fixed-list data collection. With other methods like
snowball sampling, forgetting can also lead to actors missing in a network. As discussed
earlier (3.1.3.), it can be expected that people will recall more connections when they
can recognize their counterparts on a list instead of recalling them from memory. These
special cases will be excluded from the simulation as well as the non-random forgetting,
for example when unimportant connections are forgotten more likely.
Density will clearly be understated. When 20% of the ties are forgotten, the density will
be underestimated by 20%. All other network-analytical measures will suffer as well.
Actors with more ties will in absolute numbers have more degrees missing than actors
that have no or few degrees anyways. This can also lead to an underestimation of
centralization measures and of the centrality especially of central actors. Subgroup
measures and eigenvector centrality are based on symmetrized matrices and therefore it
can be expected that the damage of forgetting will be lower due to the replacement of
missing ties with the information from the symmetric counterpart – if that information is
contained in the matrix, which is not the case in the data sets used for this analysis.
4.3.4.

Removing Unimportant Actors

The removal of unimportant actors is a size reduction process performed intentionally
by the researcher. It can mean that actors are removed after the data collection process
or not even interviewed.
As I have not found any literature on this topic, it was not mentioned in the literature
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discussion and will only be discussed here. The removal can have many reasons. One of
them is the computing time needed for the analysis. Although computer technology and
processor speed develop fast, certain network-analytical measures still require much
time. For example, the detection of cliques for the largest high density data set used in
this study took my computer more than ten minutes, and the detection of k-plexes took
so long that I interrupted it before the end. That data set had to be excluded from the
analysis of subgroups. It should be mentioned that not only the size but also the density
of the network can influence calculation time.
Some spreadsheet programs reach their limits when matrices become too large.
The removal of actors can also be necessary to maintain an overview over the data. The
analysis itself is easier when the researcher only needs to handle those network units
that are really important. Some units might only have been collected in order to make
sure that nothing is missed out, but they might turn out to be of low importance for
answering a concrete research question afterwards.
Network analysis very much makes use of visualizations. But it is nearly impossible to
draw a graph with several hundred nodes and lines in between them. When there is a
high network density, the lines between the nodes overlap very much, and it becomes
difficult to add labels to the nodes. So there are also very practical reasons for reducing
the size of a network.
This issue is also related to the boundary specification problem. Some networks might
be too large to be interviewed completely. Therefore, it is – apart from sampling – a
solution to include only important actors in a network.
There are different strategies to reduce the size of a network. Normally, not only one but
several different matrices are generated during a data collection process. For example,
one matrix could contain information about communication between the nodes, another
might be about money flows, and yet another about whether two nodes are competitors
with opposing goals. In order to be able to compare the matrices which each other, it
makes sense to remove the same actors from every data set. So it is necessary to choose
which one will be the basis for the removal. As the examples above show, some
matrices are more suitable than others. So you would rather choose communication and
not competition as basis for determining the most important actors. There are sometimes
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even matrices provided with information like “actor is perceived as very influential by
the respondent”. When the data in collected using a survey it is possible to ask every
actor how he perceives the importance of the other actors in the network. So it would be
reasonable to choose such a matrix as basis for the removal of actors from all matrices.
I will test two different possibilities in my simulation. The first one is to use the same
matrix as basis for the centrality calculation that is also used for the analysis afterwards.
The second is to use another matrix as basis for the centrality calculation, that contains
information on which actor is perceived as influential.
I expect that there will be better results when using the same matrix as basis for the size
reduction. For example, it could be the case that actors that communicate very actively
are not at the same time the most influential actors. The most influential actors could be
perceived as influential because of their money, but they have no need to communicate
so actively. So it can be the case that even actors with many degrees are removed when
a different matrix is used as a basis for the size reduction. The validity of the results
may suffer. Therefore, it is better to have a different choice of actors in different data
sets than to have the same actors in all data sets, just to make comparison easier.
Size reduction will lead to an overestimation of density. Even the removal of actors
without any ties at all will change density measures. Centralization will decrease, as the
difference between most and least central actors decreases. Subgroups will be relatively
stable, as badly connected actors are not expected to be members of any subgroup at all.
This is especially true for cliques, while k-plexes might be affected a bit more. There
will also be an effect on centrality measures. Actors with low centrality will be
removed. Actors with a high centrality should remain relatively stable if they do not
serve as hubs that connect a high number of peripheral actors with the center of a
network. In that case their centrality could decline relative to the other central actors.
Actors that serve as a bridge between two more densely connected parts of a network
are likely to be removed when degree centrality is used as criterion for determining
which actors are to be removed. This could lead to the network breaking up into
separate components.
Another example of what could happen will be illustrated with betweenness centrality.
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Figure 4-1: changes in betweenness centrality through the removal of unimportant actors

Figure 4-1 shows two graphs in which the nodes are arranged on circles according to
their betweenness centrality. The closer a node to the center, the more central it is. The
four least important nodes in the left graph are removed. The resulting new graph is
shown on the right. The effect of the removal is that node 1, that was relatively
unimportant before, becomes the most central node. The reason is that nodes 2 to 5
served as intermediator between the peripheral nodes and all others. But when the
peripheral nodes were removed, they lost this role. This is only an example, but it
suggests that betweenness centrality can be vulnerable towards the removal of
unimportant actors.
4.3.5.

Symmetrization

Symmetrization is a transformation process performed either intentionally by the
researcher or automatically by the software before certain network-analytical measures
can be calculated. It can help correcting the data when ties between the actors in a
network do not run in both directions due to forgetting, nonresponse or disagreement.
When the whole network is directed by definition in a way that reciprocity cannot be
assumed (for example money flows in one direction), it is theoretically very problematic
to symmetrize. However, it is still an assumption of some network-analytical measures.
Probably the most important influencing factor will simply be the amount of reciprocity
(or confirmation of ties) in a network. If most ties run in both directions already, there
should not be much change. However, the networks used for this study do not differ that
much in their reciprocity. That is why this factor will not be investigated systematically.
Nevertheless, it is still interesting to see how much network-analytical measures are
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influenced by symmetrization in this case. Symmetrization by maximum will be
simulated, that means that ties running only into one direction will be made symmetric.
Density will be overestimated, as there are more connections if you count one reciprocal
connection as two non-reciprocal connections. Centralization changes, as the centrality
of actors changes, which is difficult to predict. Maybe the results of the simulation will
clarify this influence. The stability of asymmetric measures like indegree and outdegree
centralization and centrality will depend on the direction of ties in the original network.
If most ties in a directed network are incoming (for example, actors receive money from
many other actors, but do not say in the same matrix to whom they pay money), the
indegree will remain relatively stable, while measures of outdegree can change much
due to the many new ties created by the symmetrization. Subgroups will not be
influenced, as these algorithms symmetrize anyways. One should, however, be aware
that it is not always reasonable from a theoretical perspective to assume that asymmetric
connections can be used to identify subgroups.
4.3.6.

Dichotomization

Dichotomization is a transformation process performed either intentionally by the
researcher or automatically by the software before certain network-analytical measures
can be calculated. Ties between actors are valued in some networks (they contain
multiplicity), that means that they are attributed a strength. The theoretical significance
is that it can make a difference whether an actor pays 100 or 100 million dollars to
another actor, or that it makes a difference if two persons are lose acquaintances or a
married couple.
Some network-analytical measures can not deal with such information. For example,
subgroups are defined simply by the presence or absence of ties. They do not ask for
their strength. The software automatically counts all ties as being present and all non
existing ties as being absent. However, it could also be reasonable to say that only
stronger ties qualify a person as a member of a subgroup. Many people might know
each other as lose acquaintances, but this does not qualify them as being members of a
common clique. This is a theoretical question to be decided by the researcher, but in this
study it will be simulated whether dichotomization makes a difference at all and if it
makes a difference which threshold is being used. It will be investigated if there are
thresholds with a higher validity than others.
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I find it difficult to predict the effect of dichotomization on those network-analytical
measures that can deal with valued ties. But I expect that, when the range of values (e.g.
0-3 as compared to 0-100) is higher, dichotomization makes a higher difference and
leads to less validity.
4.3.7.

Collapsing Actors

Collapsing actors is a transformation process performed intentionally by the researcher.
Several actors are merged into one. For example, you can include each committee or
political group of a parliament as a separate actor, or you can include the whole
parliament as one actor. This decision can be made already before the data collection.
But collapsing can also be performed on an existing matrix. Theoretically, this
discussion is related to the question whether an actor like a parliament with its opposing
groups can be seen as a single actor at all. Which answers you get will probably depend
on who you interview.
In this study collapsing actors will be simulated using some examples. The new actor
will have ties to those actors to which at least one of the original actors had a
connection. The only clear influencing factor is probably that, the more actors you
collapse, the different the results will be. When actors have similar patterns of
connections, the results might be more valid. But it is difficult to determine what is to
be judged as similar. So this cannot be investigated here.
Density will probably be overestimated, as there are less actors in the matrix, but no ties
removed except for double connections. Centralization can be overestimated when the
merger includes the most important actors. They will even have more ties. But this does
not need to be the case with every merger. On the one hand, subgroups can disappear
when its members are being merged and their number reduced below the minimum
number of members a subgroup needs to have. On the other hand, merged actors could
be included in existing subgroups, as they are connected better now. Several collapsed
actors could form a new subgroup together, as it is possible that at least one of the
original actors of one collapsed actor is connected to at least one original actor of
another collapsed actor. Collapsed actors will have a higher centrality than the original
actors. Peripheral actors might become even less important, for example when two ties
to two different actors are merged into one tie to a collapsed actor.

Problems with Transformation and Size Reduction of Data Sets

42

4.4. Influencing Factors
I will now discuss which factors will be of influence, apart from the transformation or
size reduction instrument itself. This section will focus on the analytical measures. It
will mention size reduction and transformation instruments only when they are expected
to make a difference.
4.4.1.

The Size of a Network

Many measures are size-dependent. For example, an actor in a network of 2500 can
easily have 50 degrees, while this is impossible in a network of 20. A person having
contact with 10 people in a network of 12 might be regarded as highly active, while a
person having contact with 10 people in a network of 1000 is of minor importance.
As soon as a network is reduced in size (for example because of sampling), actors will
have lower degrees because some of their contacts have disappeared. This could be
regarded as a systematic bias caused by all size-reduction instruments.
However, this effect is rather obvious. You can still calculate normalized values. They
are available for all measures used in this research project, and relate the value to the
maximum possible value in a matrix of that particular size. Other measures are
normalized by definition. Density, for example, is the number of ties present, divided by
the maximum number of ties possible in a network.
For simulating the size reduction of different-sized networks, it will be necessary to use
percentages rather than absolute values as steps. Removing 10 actors from a network of
20 will most probably cause more damage than removing 10 actors from a network of
2000. Therefore, my assumption is that a size reduction on the basis of a percentage will
make the errors comparable.
When normalization and percentages are being used, I expect that the size will not be
influencing validity and reliability anymore, except for extreme cases: A network of
three members cannot have a clique with a minimum of four members. No matter how
you transform that network, your instrument will be reliable and valid, as it always
correctly reports zero cliques. Such small networks will not be included in the analysis.
Finally a last limitation should be mentioned. Size is also a natural boundary. While 30
pupils in a school class will sooner or later get to know each other, it is impossible that
80 million people living in Germany can ever know each other. The density of the
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acquaintance network of a school class can reach 1.0, while the density of the
acquaintance network of the inhabitants of Germany will not even reach 0.001.
Therefore, you cannot compare the density of a sample to the density of a full network
that has the same size as the sample.
In this research project it is assumed that network size does not play a role, as
normalizations and percentages are being used and no invalid comparisons made.
4.4.2.

The Density of a Network

When a network is only loosely
connected it can happen that it is split
into separate components when actors
or ties are removed (see figure 4-2). In
dense networks this is less likely, as
there are more “redundant” links that
can ensure that different parts of the
network remain connected with each
other. From a theoretical point of view

Figure 4-2: a sparse network breaking up into
separate components because of ties missing

it is questionable if a network still maps the reality when there are suddenly groups
separate that are connected in the real world.
If nodes are deleted on the basis of criteria other than the removal of nodes with low
degrees (for example at random), there is even the possibility to end up with a list of
nodes that have no ties with each other whatsoever.
I expect closeness centrality to be especially vulnerable. In a densely connected
network, the missing of a tie will result in neighboring ties being used instead. In a
sparse network less alternatives will be available. Therefore, alternative paths tend to be
longer and the closeness of actors can change more strongly than in dense networks.
Also, closeness calculations become problematic when networks are not connected.
UCINET “uses a value one higher than the maximum possible as the distance measure”
in such a case (Borgatti et al 2002). In a pretest, I found out that a node becoming
isolated at the periphery of the network hardly harms the results (correlation above
0.99). However, when the network is split up in the middle, there is strong change in the
results.
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Because of similar reasons, betweenness centrality can be problematic, too. After a
short “detour”, it can still be the same nodes acting as intermediator in dense networks.
However, as there are not as many possibilities for detours in sparse networks there is
more potential for completely different nodes to become intermediator. In such a case,
the results of the calculation change, and the network does not map the reality anymore.
Therefore, it can be expected that a low density will be especially harmful for
betweenness and closeness centrality calculations.
But there are also counteracting factors. When a node is being removed in a sparse
network, on average less ties are being destroyed than when a node in removed in a
dense network. This means that the removal of one node will on average change the
degrees of more actors in denser networks.
It can also be expected that when nodes are removed at random, the density values of
denser networks have a higher variance over several trials. This was discussed earlier
(3.1.4.) in connection with the study of Galaskiewicz (1991:378). When the density is
near zero, most actors have the same low number of degrees. A high variance is not
possible with a low density. The only exception would be a network in which most
actors are isolated (they have no ties at all), while some have a high number of degrees.
But normally, isolated nodes are not treated as part of the network itself, and therefore
such a case would be excluded by definition.
When a network has a density approaching 0.5 it is to be expected that there are some
nodes having a high number of degrees and others having a low number of degrees:
there is more potential for variance, especially when taking into account that social
networks are not expected to be random networks. When nodes are removed at random
in a sparse network, the density will not change much. In networks with a density
approaching 0.5, the removal of nodes with a low degree will lead to an increase in the
density of the network, while the removal of nodes with a high degree will lead to a
decrease in the density estimates. Densities above 0.5 hardly ever occur in large social
networks. So it is safe to say that the higher the density, the higher the variance. It
should be noted, however, that it is the other way round for networks with a density
exceeding 0.5. Therefore, measures based on the degrees of actors (density, degree
centrality and probably also eigenvector centrality) might have more problems with
higher densities when nodes are removed at random. The situation will change when
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nodes are removed intentionally because of their high or their low importance. The
variance is likely to decrease in such a case, while the density will clearly be biased
much more than with random removal.
When subgroups are identified, a low density results in less cliques and k-plexes being
present. This can decrease the variance in the number of subgroups being found over
several trials of random removal of nodes. When simulating 5% nonresponse, it is
unlikely that it is one of the subgroup's members that does not respond. When drawing a
sample of 10% from the network, it is most likely that the subgroup is being destroyed,
even when the sampling process is repeated many times. Therefore, instruments
reducing the size and searching for subgroups afterwards will seem more reliable when
used with low density networks.
4.4.3.

The Centralization of a Network

It should be mentioned that the centralization
concept meant here is that of eigenvector
centralization and not degree centralization. This
can be illustrated best using the example of a tree.
The network of branches of a tree could be seen
as highly centralized. All branches originate from
the trunk, split up several times and end up in

Figure 4-3: a small tree-like network

many tips. Nevertheless, the degree centralization of such a “tree-like network” is low,
implying a rather decentralized network. Graph 4-3 has a degree centralization of only
21.21%, while its eigenvector centralization is 72.22%. The reason is that degree
centralization looks at the differences in degrees between the most central actor and all
others. When a network has tree-like branches, this difference is relatively low on
average, as only the outermost nodes have one degree, the others have several degrees,
and the most central node does not have much more degrees than nodes located further
to the outside. Eigenvector centrality attributes the most central actor an especially high
importance, as it is connected to other nodes which are also well-connected. Therefore,
the eigenvector centralization calculation leads to a different result and matches my
concept of centralization much better. Strangely enough, Scott (2000:89) describes a
graph similar to figure 4-3 in the legend as “highly centralized”, but in his text he refers
to a centrality concept that in its most simple form leads to a low centralization measure
for this particular graph.
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Figure 4-4: a highly centralized network splits up into three components because of a missing node

As the concept of centralization is clarified, it can now be discussed how it can
influence the validity and reliability of the results. In a centralized network with treelike branches, a whole branch can easily be cut off when a node is missing, for example
because of nonresponse (see figure 4-4). When the most central node is missing, such a
network would split up into many separate components. In such a case, the UCINET
software would refuse to calculate a centralization measure and the researcher is at least
warned of the problem. But large social networks are normally not ideal-typed tree-like
networks. There are also connections between peripheral actors. The networks might
rather look like imperfect spider nets. The most central actor will probably have more
direct connections to peripheral actors than it is the case with tree-like networks. So the
danger of having separate components is not so high, but the centralization measures
can change quickly.
When the most central actor in an imperfectly centralized network is missing, the whole
centralization measure could “turn around” and the network could seem highly
decentralized instead of highly centralized. Only the wheel-like structure of the spider
net would remain, not its central core. But a wheel-like graph is very decentralized. The
probability that the most central node is missing because of nonresponse is relatively
low, if nonresponse is random. But in a sample of 30% this node is most likely to be
missing. That is why highly centralized graphs are very vulnerable when sampling is
done.
When centralization is measured, a highly centralized graphs can be very robust. A
graph in which the central node has many direct connections to the periphery will
probably have stable centralization measures even when many nodes are removed: “a
star of 20 nodes would be perfectly correlated with one of 10 nodes except when the
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central star is omitted” (Costenbader/Valente 2003:289). When nodes are missing at
random, a high validity and a high reliability can be expected, except for the case that
the “central star” is missing. The probability of such “outliers” depends on the
nonresponse or sampling level. The centralization concept in this example is that of
degree centralization or a very high eigenvector centralization. In a perfect tree-like
network, the situation would be different because of the split-up into separate
components. But again, social networks are not expected to have perfect forms
anyways.
It is wrong to assume that graphs with a particularly low centralization will be more
robust than highly centralized graphs. The lowest centralization would be a circle.
Obviously the deletion of only one node would lead to an interruption and to a change
of the centralization measure, and two nodes missing would split up the network into
separate components. A network in which everybody is connected to everybody is the
second example for a centralization of 0%. It would be much more robust. However, in
large social networks such a high density is most unlikely and therefore this case can be
factored out. So the least vulnerable social networks would probably have a medium
centralization.
When nodes are not removed at random but intentionally, it is obvious that an “attack”
on the most important node of a highly centralized network is most dangerous, while the
removal of peripheral actors can bias density and centralization, but will not destroy the
network. In a highly decentralized circular network, every removal whatsoever will
cause the same damage. But in a perfect circle there is no criterion for judging which
node is more and which is less important anyways.
Highly centralized networks do not have many cliques, as cliques have a centralization
of 0% per definition. K-plexes can be more centralized, depending on their parameters.
Social networks with a very low centralization will not have many subgroups either, as
in a perfect circle everybody is connected only to two other actors. As discussed, a large
social network with a density near 1.0 and therefore a centralization near 0% is not
realistic. Therefore, most cliques and k-plexes will be found in networks with a medium
centralization. Because of the same reasons discussed in connection with networks of
low density, instruments reducing the size and searching for subgroups afterwards will
appear more reliable when used with networks of very high or very low centralization.
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The discussion about centralization is closely related to that about scale-free networks
(2.4.2.) and their effect on the attack and error vulnerability (3.1.5.). There it was
already discussed that social networks tend to be scale-free, and that scale-free networks
are robust against random attacks, while they are vulnerable when attacked
intentionally. The reason is the presence of “hubs”. A low number of nodes has a high
number of degrees, while the large majority of other nodes is connected to the rest only
indirectly via one of the hubs. Random attacks will most probably hit an unimportant
node and not do much damage, while intentional attacks could destroy the hubs and
seriously interrupt the network.
A large difference in degrees between the most important nodes and all the others, that
simply means a high centralization. Although the examples of highly centralized
networks in this section have only one center, this does not necessarily need to be the
case in reality. The existence of several hubs has the advantage that the centralization
measure will not completely change when one central node is removed. But the overall
problems described in this section still stand.
4.4.4.

The Extent of Transformation or Size Reduction

This factor does not need much explanation, as it is rather obvious. It will make a
difference whether only one or dozens of actors are being removed from a network. For
example, in sampling of “non-network” variable data, there is a rule of thumb that you
need to quadruple the size of the sample in order to half the sampling error (De Vaus
2001:189). Because of the special properties of relational data and because of the other
influencing factors described here, I do not expect to find out such a straightforward
rule of thumb also for network sampling. But it still should be clear that smaller sample
sizes, more nonresponse or more size-reduction will lead to more error.
I expect a similar influence for transformation instruments like symmetrizing,
dichotomizing or collapsing actors. For example, the less symmetric a network, the
more changes will there be in the matrix when it is symmetrized by making
nonreciprocal ties reciprocal.
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5. Simulating Transformation and Size Reduction
This chapter will present the analysis done for this study. Based on the discussion in
chapter 4, all size reduction and transformation processes, all network-analytical
measures and all influencing factors will be investigated through simulation.
In the first section, my methodology will be presented in detail (5.1.). Afterwards the
results will be presented and discussed (5.2.), including short notes on whether the
expectations have been fulfilled or not, and followed by a short comparison to the
results of other studies found in the literature (5.3.).

5.1. Methodology
Processes like forgetting or sampling have the disadvantage that a researcher does not
know what the results of his analysis would be without. He does not know whether they
would be nearly the same or completely different. In other cases like symmetrization or
dichotomization it could be checked easily, but it is rather uncommon to test it.
This study uses a simulation method. Existing data sets containing social networks are
used to imitate the basic population. Then a transformation or size reduction process is
simulated to see, for example, what happens when not all actors are included in the data
collection, when ties are forgotten or when only symmetric data is used for the analysis.
The clear advantage of such a method is that a comparison between the real world and
the size-reduced or transformed data set becomes possible, at least in a simulated way.
The disadvantage is that it is necessary to know what sorts of problems appear in reality
and how exactly they influence the data. This is no problem with symmetrization or
dichotomization, but becomes difficult, for example, when forgetting is simulated. The
amount of forgetting in reality is not known exactly, and neither it is clear whether this
is happening at random or in a biased way. Also, several problems might appear
together at the same time in reality. There could also be problems that we do not yet
know of. Nevertheless, a study like this seems to be the most promising method for
approaching my research question.
I will now present the analysis that I have performed, step by step, beginning with the
choice of data sets.
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Constraints on the Choice of Data Sets

The idea is to use different data sets with different density and centralization each, in
order to get an impression on how these factors influence the validity and reliability of
the transformation and size reduction instruments. For example, a low validity of the
results using a sparse network, and a high validity with a dense network would indicate
that the higher the density, the better the validity.
The network-analytical data sets available to me included the investigation of the
national policy domains of health and energy in the United States by Laumann/Knoke
(1994), the investigation of the German labor policy domain by Pappi et al (1995), the
investigation of the American labor policy domain by Knoke/Kaufman (1992), and the
investigations by Bernard at al (1980) on informant accuracy. A total of 47 network
matrices were taken into consideration for this study.
If density and centralization measures could vary freely between zero and one (or 0%
and 100%), it would be reasonable to choose a total of nine networks for the analysis
that have all possible combinations of low, medium and high density and centralization.
Then one could see how these factors possibly influence the results. But as I have
discussed in sections 2.4.1. and 2.4.2., this is not the case. Not all of these combinations
exist in reality.
An analysis of all 47 matrices available revealed that the density of the networks ranged
from 0.0009 to 0.2680 (for binary networks), and degree centralization ranged from 3%
to 86%. Networks with a low density had a large range of centralizations, while
networks with a high density did not have centralizations below 40% and above 70%.
The higher the density, the smaller this range. For eigenvector centralization the range
for high density networks was even smaller, between 11% and 20%. The networks with
a very low density had too many isolates and unconnected components, while the
networks with a very high density tended not to be scale-free anymore.
With the help of a spreadsheet program I created diagrams of the number of degrees of
all nodes of each data set in descending order. So I was able to determine the
distribution of the node degrees in the networks. In most cases, the diagram
approximated a power law distribution. So I could confirm that at least the networks
used by me are indeed scale-free. However, this distribution looked more and more
imperfect, the higher the density and the lower the network size.
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All these factors made the choice of networks for the analysis more difficult. I finally
decided to abandon the idea of having a 3x3 set of networks. Instead I chose three
networks with a constantly low density and clearly different centralizations for
analyzing centralization as influencing factor. For analyzing density, I chose four
networks with strongly different densities. Because of the relation between
centralization and density described earlier, it was unfortunately not possible to find
similar centralizations and strongly different densities at the same time. The largest of
the four density networks is not scale-free, while all other networks are. I thought that it
might be interesting to see if a non scale-free network leads to different results. On the
other side, even that network is far away from the distribution of a random network.
Table 5-1: the matrices chosen for the analysis
matrix

description and source

density

centralization

size

prop.

c-low

Respondent Organization Receives
Payments From Target Organization;
Laumann/Knoke 1994 (Energy Domain)

0.0253

32,27%

86x86

binary
asym.
scale-f.

c-med

Respondent Organization Payments to
Target Organization;
Laumann/Knoke 1994 (Energy Domain)

0.0242

68,44%

88x88

binary
asym.
scale-f.

c-high

Respondent Organization Seat on Target
Organization Board of Directors;
Laumann/Knoke 1994 (Health Domain)

0.0185

93,07%

86x86

binary
asym.
scale-f.

d-low

Respondent Organization Allows Target
Organization to Use Staff;
Laumann/Knoke 1994 (Energy Domain)

0.0171

54,86%

145x145 binary
asym.
scale-f.

d-med

Respondent Organization Policy
Opposite to Target Organization;
Laumann/Knoke 1994 (Health Domain)

0.0389

38,96%

126x126 binary
asym.
scale-f.

d-high

Respondent Organization Sources of
Technical/Scientific Information;
Laumann/Knoke 1994 (Health Domain)

0.1039

27,19%

135x135 binary
asym.
scale-f.

d-out

Communication Initiated by Respondent
Organization; non scale-free network;
Laumann/Knoke 1994 (Energy Domain)

0.2041

13,87%

198x198 binary
asym.
n. s.-f.

BFRZ

Broker Rolls of the Agents in Germany;
Pappi et al 1995

0.0940

N/A

107x107 valued
asym.
scale-f.

UFRZ

Broker Rolls of the Agents in the USA;
Pappi et al 1995

0.1281

N/A

109x109 valued
asym.
scale-f.

FRAT

Observations of Interactions Among
Students in a Fraternity at a College;
Bernard et al 1980

1.9262

N/A

58x58

valued
sym.
scale-f.

HAM

Observations (Recording) of Amateur
HAM Radio Calls;
Bernard et al 1980

0.7744

N/A

41x41

valued
sym.
scale-f.
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Table 5-1 lists the matrices used for this study. The letters “c” and “d” in the names of
the matrices refer to centralization and density as influencing factors. The abbreviation
after the hyphen indicates whether the density or centralization is low, medium or high.
“D-out” refers to the density matrix that is not scale-free. The last four matrices were
used for the simulation of dichotomization. The “counterpart” matrices, that were used
for the simulation of the “filling up with values from counterpart matrix” strategy of the
nonresponse simulation, are not listed here. Obviously they have the same size and the
question was asked in the opposite direction.
The fact that the density matrices have different centralizations should be acceptable
because of the following reasons. I did not argue that centralization has a linear
influence on validity and reliability. I only warned of problems that might appear with
particularly high centralizations. The highest centralization of one of the density
matrices is about 55% which is still far away from such a “dangerous” centralization.
On the other side, I warned that networks with a low centralization and a low density
might cause problems (for example when a circular network is interrupted). However,
the density matrix with the lowest centralization is that with the highest density. This
situation will certainly not occur in that case. Therefore, I am confident that effects on
the validity and reliability will be caused by the differing density and not by the
differing centralization.
For the simulation of dichotomization, I had to choose matrices with valued ties. As the
matrices chosen for the other simulations were binary, other matrices had to be chosen
for this analysis.
5.1.2.

The Software

The UCINET software by Borgatti et al (2002) in its version 6.109 from 2005 was used
for most parts of this study. It includes a wide range of network-analytical measures and
transformation instruments. All network-analytical measures were calculated with this
software. It is also able to remove actors from a network when the list of actors to be
deleted is entered by the user. The choice of actors, however, had to be done with
different software.
One of the simulations was to see what happens when important actors do not respond.
In order to determine these actors I have used the KeyPlayer 1.45 software by Borgatti
(2003) that determines the “key players” of a network.
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The random choice of actors, lines or ties to be removed for nonresponse, sampling and
forgetting was done with “SuperCool Random Number Generator 1.04” by Cui Wei
(2000). This software is able to generate random numbers that can be used to extract
actors from a matrix with UCINET (for the sampling and nonresponse simulations). It
can also draw samples from a list of items. So I could create edge lists of all ties
contained in a matrix with UCINET, sample these lists with the random number
generator and afterwards re-import the shortened lists into UCINET. This procedure
was needed for the forgetting simulation that involves ties missing at random. In order
to simulate biased nonresponse, random numbers were generated twice, once for the
actors that have more nonresponse and once for those actors that have less nonresponse.
This procedure reminds of a stratified random sample.
Still, there were some steps that could not be done with these software programs. For
example, UCINET can delete lines from a matrix, but it cannot fill up a line with zeros
in order to simulate nonresponse. Many network-analytical measures cannot be
calculated with non-square matrices. Therefore, the deletion of lines was not an option.
Here the only solution was to export the matrices from UCINET to DL format which is
very simple and readable with a normal text editor. Afterwards I could use a self-written
computer program in Perl programming language by Wall (2005) to do the necessary
changes on the matrices. Then the matrices could be re-imported into UCINET.
The comparison of the results of the network-analytical measures for the different data
sets, transformation and size reduction instruments and extents was done with
OpenOffice.org Calc 2.0, a spreadsheet program by Sun Microsystems (2005). For the
centrality measures that produce long lists of results (one for each actor), correlations
were calculated in order to be able to compare original and size-reduced or transformed
data sets. This was done with Stata/SE 8.0 by Stata Corporation (2003).
The thesis was written using OpenOffice.org Writer 2.0 (Sun Microsystems 2005) with
graphs created in NetDraw 2.29 (Borgatti 2002) and Visone 1.1.1 (Brandes et al 2002).
5.1.3.

Preparatory Steps

As mentioned above (5.1.1.), the first step was to choose the right matrices for the
analysis, and therefore they all had to be converted to UCINET format before a first
analysis of their properties could begin.
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The matrices had to be made square for many network-analytical measures and
symmetrization to work. That means that every actor who did not respond to the
questionnaire was removed from the network completely instead of keeping his
indegrees in the matrix. As I will show later, this negatively influences the validity of
the results and would normally be a bad strategy. But it is not the intent of this study to
say something about the underlying policy networks. So the square matrices could
simply be declared to be the “original” data sets that later served for the comparison
with their size-reduced or transformed versions. This assumption can only be made
safely in this particular case. As soon as you want to say something about the
underlying policy network, it would be a mistake to use this strategy for dealing with
nonresponse. Keeping non-responding actors in the matrices with empty lines would
have been another solution, but this would have resulted in many actors having no
outdegrees at all, which is probably not very realistic. Filling up missing lines with data
from the “counterpart” matrix was not possible, as there was no counterpart matrix in
some cases. Therefore, it was the best solution to remove all nonrespondents from the
data set completely in all cases.
After the choice of matrices for the study, several further steps were necessary. As the
size reduction processes were all simulated with reduction steps defined in percentages
rather than in absolute numbers, it had to be determined for each matrix how many
actors the given percentages actually involve.
For the preparation of the forgetting, sampling and nonresponse simulations the random
numbers had to be prepared as described in the last section (5.1.2.). I created different
random numbers for each matrix, for each extent of size reduction and for each trial, as
there was more than one sample drawn in order to get information about the variance of
the results. The samples remained the same for different network-analytical measures,
and in the case of nonresponse for different strategies of dealing with nonresponse. This
was supposed to ensure that different results did not result from a different sample but
from a different strategy (better or worse) or from a different (more or less stable)
network-analytical measure.
For the removal of unimportant actors, different centrality calculations were done to
determine in different ways which actors to remove because of their low importance.
All network-analytical measures for the untransformed full-sized data sets were
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calculated in order to have values for the later comparisons. After these preparations the
size reduction and transformation processes could be simulated.
5.1.4.

Simulation of Transformation Processes

For symmetrization, the data sets were all symmetrized by maximum using UCINET.
Afterwards, all network-analytical measures were calculated and the results saved for
later comparison and interpretation.
For dichotomization, different cut-off values were simulated. For each data set the
median, the average, the 25% threshold, and the 75% threshold of the values present in
the matrix were determined. Then the dichotomization was done with UCINET for
these cut-off values and for the cut-off simply by the presence or absence of a tie,
regardless of its strength. Then all network-analytical measures were calculated for all
data sets and thresholds, and the results were saved for later comparison and
interpretation. As the “HAM” and “FRAT” matrices were symmetric, no separate
measures for incoming and outgoing ties could be calculated for these matrices.
For collapsing actors, the matrices “c-low”, “c-high” and “d-out” were chosen and
different collapsed actors created. This choice of matrices still allows a comparison
between high and low density matrices, as the centrality data sets both have a low
density. However, I do not expect density and centralization to be relevant influencing
factors here anyways. The choice of actors to be collapsed was different with each
matrix, as the matrices contained different actors. A total of four collapsed actors was
created for each matrix, and tested separately. A fifth version of each transformed
matrix contained all four collapsed actors together. The number of separate actors
merged into one collapsed actor ranged from two to 13, depending on which mergers
made sense. Examples for collapsed actors include the labor unions, the committees of
the senate, the committees of the house of representatives, the federal agencies, and the
electricity companies. For all matrices and choices of collapsed actors all networkanalytical measures were calculated, and the results saved for later comparison and
interpretation.
There were no results for subgroups in the “d-out” data set, as the computing time was
too high, and the software did not manage to deliver results in an acceptable time. This
is also the case for the other transformation and size reduction instruments.
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Simulation of Nonresponse

Nonresponse was simulated for levels of 95%, 90%, 80%, 70% and 60% of actors
responding. For every matrix and each level, there were three repeated samples with
different random numbers drawn to get some idea about the variance of the results and
therefore about the reliability of the nonresponse simulation instrument. Obviously, a
higher number of trials would have been better, but it would also have multiplied the
work involved. Then all three strategies for dealing with nonresponse (as described in
section 4.3.1.) were implemented separately for all matrices, all nonresponse levels and
all sampling trials. The only exception is that “symmetrizing” using values from a
“counterpart” matrix was not possible for the “d-high” and “d-medium” matrices, as
there was no corresponding matrix available in the data set. Filling up missing lines
with zeros or removing non responding actors completely was possible for all matrices.
Finally all network-analytical measures were calculated for all combinations, and the
results were saved for later comparison and interpretation.
The strategy to fill up missing values with their “symmetric” counterpart from another
matrix that contains the same information in the opposite direction, for example paying
money instead of receiving money, was complicated. It involved rearranging all lines in
the first matrix in a way that the lines with the missing answers of nonrespondents were
together at the top of the matrix. Then the second matrix (“counterpart”) had to be
transposed in order to change the direction of all ties. Afterwards the lines in the second
matrix had to be arranged (“permuted”, in UCINET) in the same order as they were
arranged in the first data set. Then the values for the missing actors (the first x lines of
each matrix) could be copied from the second matrix to the first by hand. Finally the
order of lines was restored to the original state. The whole procedure could be done with
UCINET, except for the random choice of nonrespondents.
There was also biased nonresponse simulated. In order to reduce the work to a
minimum the government actors, that are situated at the end of each matrix, were
chosen to be the biased group. This made the calculation of random numbers easier, as
only two groups were needed. Choosing a group from the middle to be biased would
have required three sets of random numbers. The assumption in this example is that
government actors do not respond twice as likely as the other actors. For both groups
the right number of actors to be non-responding was determined. The rest of the process
was identical with the random nonresponse instrument. Nonresponse levels and
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strategies were the same. However, the centralization matrices had to be left out, as
there were no or not enough government actors inside, but for density it should be
possible to see if the validity and reliability of the results differ significantly from
random nonresponse.
For the simulation of nonresponse of important actors, the ten most important actors
were determined with the KeyPlayer software using the “reach” criterion. Two levels of
nonresponse were tested. One involved three of the five most important actors not
responding, the other involved six of the ten most important actors not responding. The
choice of actors from the list was done at random. There were no repeated trials. The
same matrices and the same strategies as with random nonresponse were tested.
Finally the nonresponse in the original data sets was investigated. As mentioned earlier,
the matrices of Laumann/Knoke (1994) are not square, as for some actors information is
missing, probably due to nonresponse. The same strategies as with random nonresponse
were tested. However, the shortcoming of this investigation is that the validity of the
strategies cannot be judged, as of course the nonrespondents' answers are unknown.
5.1.6.

Simulation of Sampling and Forgetting

Random sampling was simulated by the random removal of actors from the matrix.
Sample sizes of 50%, 37.5%, 25% and 12.5% were simulated. The results of the random
nonresponse instrument with the strategy to completely remove non respondents from
the matrix could be used to say something about sample sizes of 95%, 90%, 80%, 70%
and 60% as well. For each sampling level and every matrix, there were three repeated
samples with different random numbers drawn.
The review of studies in Brewer (2000) suggests an average rate of forgetting of
roughly 20%. For the simulation, 20% of ties were removed from all matrices at
random. There were ten repeated trials for each matrix.
5.1.7.

Simulation of the Removal of Unimportant Actors

For the simulation, actors were removed from all matrices until network sizes of 80%,
60%, 40%, 20% and 10% were reached.
Different criteria were tested to determine which actors to be removed. One strategy
involved the removal of actors based on their indegree in the matrix “organizations
especially influential for respondent”. Another strategy took the degree centrality of the
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actors in the matrix to be size-reduced as criterion. The full size data set was used as
basis for this calculation. There was no repeated calculation of centrality values after
each size reduction step. In the same way, closeness, betweenness and eigenvector
centrality were tested as criteria for the size reduction.
Another strategy involved the removal of all actors that had less than 2, 3 or 4 degrees.
Obviously, in that case network sizes were different to 80, 60, 40, 20 or 10%, and a
direct comparison to the other strategies based on network size was impossible.
For each network size and strategy, most network-analytical measures were calculated.
For closeness, betweenness and eigenvector centrality as size reduction criteria, only the
centrality measure that was used for the size reduction was calculated, not the others.
This was necessary to reduce the workload. Density, centralization, cliques and k-plexes
were calculated for all size reduction criteria.
When a group of actors had identical centrality values, still only the right number of
actors to get the desired network size was removed. Therefore, some actors with that
particular centrality stayed in the network, some were deleted. This choice was done in
ascending order of the organizations' numbers as attributed by the authors of the
respective data set.
For the simulation of the removal of unimportant actors, symmetrized matrices were
used in order to reduce workload. Otherwise it would have been necessary to
differentiate between incoming and outgoing links in size reduction criteria as well as
for some network-analytical measures. This would have multiplied the work.
For all size reduction instruments, the matrices were symmetrized before betweenness,
closeness and eigenvector centrality were calculated. The algorithm for calculating
eigenvector centrality symmetrizes automatically. It was done by hand for the others.
The reason is that the Laumann/Knoke data sets are directed and by the nature of the
question asked very asymmetric. There were weak components and many “dead ends”
(actors half isolated at the periphery), especially in matrices of low density. This makes
it difficult to calculate these centrality measures. In general, betweenness centrality does
not differentiate between incoming and outgoing links. Therefore, “care should be taken
in interpreting betweenness for directed data” (Borgatti et al 2002). For closeness
centrality, “any graph should be connected and any digraph strongly connected”
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(Borgatti et al 2002). So I decided that it would be best to work with symmetric
matrices for those measures and compare the results to a symmetrized version of the
original matrix. But it should be mentioned that if you want to say something about the
underlying policy network such a procedure can endanger the validity of the results.
5.1.8.

Judging Validity and Reliability

In the case of centralization measures and density, the results were saved in spreadsheet
tables and compared directly. The measure of the transformed or size reduced data set
was divided by the respective measure of the original data set, and one deducted from
the result ((CHANGED/ORIGINAL)-1). Therefore, negative values indicate an estimate
lower than the original value. Positive values indicate an estimate higher than the
original value. This figure can range from -1 for the highest possible negative deviation
to high positive values. For example, a value of +1 would mean that the estimate is
100% higher than the original value.
Subgroups are more difficult to compare. The only indicator that is easy to use for the
comparison of a high number of matrices is the number of cliques or k-plexes present in
a matrix. It does not account for subgroups being reduced in size or having different
members. Therefore, it can only be seen as an indicator and not as a perfect measure of
change in subgroups. However, it can be regarded as useful because of two reasons. In
most cases, subgroups are unlikely to change in composition when the matrix is sizereduced, as no ties are being added that did not exist before. The exception is the filling
up of missing answers with values from the counterpart matrix. There it can be
investigated by hand whether the subgroups are identical with those in the original data
set or not. The other reason is that the minimum size of the subgroups to be considered
was chosen to be the maximum subgroup size occurring in all matrices. That means that
cliques needed to have at least four members, and k-plexes needed to have at least five
members with 2k. Therefore, even the removal of only one actor from a subgroup
would mean that the subgroup disappears completely. Some matrices had larger
subgroups than others, and for those the indicator did not always react to reductions in
the size of a subgroup.
Centrality measures involve a list of results for each matrix, one list entry for each actor.
It was necessary to calculate the correlation between the lists with Stata (command:
“correlate”) in order to be able to compare the resulting lists of so many matrices. In
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those cases in which actors were removed, the lists had to be filled up with empty lines
in between so that the result of each actor remained in the same row of the table as in
the original matrix. Otherwise, the centrality values of different actors would have been
mixed up with each other. This was done with a self-written computer program in Perl
programming language. Before the data was imported into Stata, it was necessary to
calculate the square-root of each centrality value. A pretest had shown that without this
calculation, the removal of an important actor resulted in very low correlation value,
while the removal of a less important actor had hardly any effect on the correlation at
all. This was not very informative. It is also important to see if the overall result list
changes with transformation or size reduction. This problem could be solved quite
satisfactory by extracting the root and therefore having centrality values for important
and unimportant actors that are closer together. In some cases, many zeros were in the
centrality lists, especially for small sample sizes and for betweenness centrality. A
pretest showed that this did not result in a strongly overstated correlation between the
lists. This is rather startling, as in an earlier study (Marschall 2004) it was indeed a
problem. The reason could be that I had used a different version of Stata for that study.
This time, I could easily correlate the whole lists of results, while in the earlier study I
had to limit myself to the centrality results of those actors that were not going to be
removed.
Also, in the earlier study I removed the isolates from every size-reduced matrix to
ensure that the closeness centrality values could still be calculated. This time, with a
newer version of UCINET, it was not necessary. Isolates did change the closeness
centrality values, but a pretest showed that the correlation between a result lists for a
matrix with an isolate and a result list for a matrix without still had a correlation above
0.99. Therefore, I did not regard the removal of isolates as necessary.
A final issue should be mentioned. In some cases the eigenvector centrality values
turned negative, while they were still highly correlated with the results from the full size
matrix. Therefore, I decided to use the unsigned eigenvector centrality values, as I do
not regard it as important whether they are positive or negative, as long as the numbers
after the sign are nearly identical.
For those instruments that involve repeated trials, the average deviation of the size
reduced results from the real value is calculated and used for the final comparison. Also,
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the standard deviation of the results of the trials was calculated to judge the reliability of
the instrument and to enable a comparison between different strategies. Obviously, a
comparison between density, centralization, numbers of cliques, and correlations is
difficult, as these values have different dimensions. Therefore, human judgment will
also be important, not only the blind comparison of numbers.
All results were also investigated for outliers. A high validity and reliability on average
still can be problematic when there are rare cases in which the estimate is completely
different from the real value. This can be the case, for example, when random
nonresponse involves the most important actor in one case, while with all other trials the
most important actor responds.
5.1.9.

Shortcomings and Limitations

It would be better to have more sampling and nonresponse trials. On the one hand, the
average of three trials could still be far away from the average of 100 trials because of
outliers. On the other hand, the danger of outliers could be overseen when there are no
trials with outliers by chance.
There is only one matrix for each step of density and centralization. It would be better to
test several matrices with high, medium and low density and centralization each to see if
the conclusions still stand when more are being tested. There could be influencing
factors yet unknown that are not constant over all matrices.
Forgetting and symmetrization, for example, could have been investigated more in
detail, with different levels of asymmetry and forgetting simulated. Extensions like
these are probably possible for most other instruments as well.
As mentioned in the literature section, there are different possibilities to determine the
“damage” caused by transformation or size reduction instruments. For example, Conrath
et al (1983) use a paired t-test and Klau/Weiskircher (2005) describe robustness
statistics. These measures were not considered either.
In this study, the influence of density and centralization is investigated by hand through
the comparison of the results. Costenbader/Valente (2003) use a regression analysis to
determine the influencing factors.
Many further aspects could have been investigated. But even as it is, the data analysis
already took over a month of work, at least eight hours a day. The reason for this is the
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enormous work involved. Even though density, centralization and clique numbers were
not saved in separate files but directly entered into a spreadsheet, the analysis for this
study consists of 8896 files using over 215 MB of disk space. Because of the many
combinations of matrices, size reduction and transformation instruments, strategies,
trials and network-analytical measures, every small step had to be repeated hundreds of
times: for example, entering a name for a file once is done easily, entering file names
several thousand times takes up many hours. The UCINET software has only limited
possibilities to do analyses “en masse”. The version used for this study can analyze
multiplex data sets. For example, all “forgetting” trials of one matrix could be saved in
one file, and measures like density could be calculated for all of them at once. However,
this is only possible when the actors within the set of matrices are the same. As soon as
actors are removed, this is not a possibility anymore. Some measures like betweenness
and closeness centrality and the detection of subgroups do not support multiplex data
sets at all, and therefore have to be executed separately for every single matrix anyways.
Similar problems appeared with the other software, too.
Because of that, many possible investigations and combinations had to be left out. It is
the goal of this study to give a broad overview. Further studies could investigate certain
size reduction or transformation processes and network-analytical measures more in
detail.

5.2. Results
The results of the analysis will be presented and discussed here. As it is the goal of this
study to give a complete overview, all results will be reported, even though some might
appear rather trivial. In each section, there will be a systematic presentation on whether
the expectations from the discussion in section 4.3. have been confirmed or not.
5.2.1.

Symmetrization

Table 5-2 shows the results for the symmetrization instrument. The measures in the
upper half of the table are deviations, the others are correlations (see section 5.1.8. for
more information on the meaning and interpretation of these measures).
The symmetrization process leads to an increase in density, as ties are being added. The
higher the asymmetry, the higher the increase in density after symmetrization. Sparse
matrices tend to be less symmetric, while dense matrices have more reciprocity already.
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The denser the data set at the beginning, the lower the increase in density. Therefore, the
symmetrization instrument tends to be more valid for denser matrices.
Table 5-2: validity of the symmetrization instrument
measure
density

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

0.94

0.99

0.99

0.55

0.75

0.88

0.84

0.85

+

eigenvector centralizat.*
indegree centralization
outdegree centralization

0.00
7.86
-0.03

0.00
4.63
-0.05

0.00
0.70
-0.11

0.00
-0.05
0.22

0.00
1.17
-0.09

0.00
0.41
-0.01

0.00
1.46
-0.08

0.00
2.31
-0.02

0
+
-

cliques*
k-plexes*

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00

0
0

outdegree centrality
0.9762 0.9689 0.8866 0.7834 0.8638 0.8429 0.8985
indegree centrality
0.1989 0.0803 0.2012 0.8526 0.6528 0.6242 0.5127
outcloseness centrality
0.3605 0.4783 0.4245 0.5025 0.4043 0.3773 0.2809
incloseness centrality
0.2608 0.1788 0.3998 0.4352 0.0304 0.2743 0.4681
eigenvector centrality*
1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
betweenness centrality
0.9710 0.7273 0.3304 0.9330 0.7277 0.8367 0.8074
* algorithms symmetrize anyways, therefore no comparison possible

0.8886
0.4461
0.4040
0.2925
1.0000
0.7619

Because of the nature of the questions asked for generating the networks, the matrices
tested are very asymmetric and directed. Measures that utilize incoming ties have a high
deviation from the real value. Measures for outgoing ties are more stable. This could be
explained by empty indegrees being filled up with their outdegree counterpart, while not
many outdegrees are being added.
Because of the same reason, indegree centralization changes dramatically for the matrix
of high (symmetric) eigenvector centralization. Basically, the centralization measure
based on indegrees is reversed: a low centralization becomes a high centralization.
Betweenness centrality seems to have more problems with decentralized networks. This
is in line with the expectation that matrices of medium centralization should have the
best overall stability.
Measures of closeness centrality are vulnerable, as through symmetrization new shortest
paths are being created and distances change.
Some measures assume the data to be symmetric anyways and do a symmetrization by
themselves. Therefore, a manual symmetrization does not make a difference for the
results. However, the assumption of symmetric data can have important theoretical
implications. When the direction of ties is important for the research question, a
scientist should carefully consider if it is reasonable to use eigenvector centrality,
eigenvector centralization and subgroups.
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The expectations from section 4.3.5. have been confirmed. It was clarified that there is
no overall direction of bias for different (incoming and outgoing) centralization
measures. It was especially confirmed that there is a significant difference in validity for
measures based on incoming ties and measures based on outgoing ties.
5.2.2.

Dichotomization

For the simulation of dichotomization, different matrices had to be used, as the data sets
for the other simulations did not contain multiplicity. The matrices “BFRZ” and
“UFRZ” have a low density and a small range of multiplicity values, while the matrices
“HAM” and “FRAT” have a high density and a large range of different tie strengths.
The matrices “HAM” and “FRAT” are symmetric (same tie strength in both directions),
while the others are not. Subgroup and centrality measures dichotomize by counting all
ties as present, regardless of their strength. Therefore, the results reported for subgroups
and centralities are a comparison between that cut-off value and the others. Density and
centralization results compare the different cut-off values to no dichotomization at all.
The results are presented in tables 5-3 and 5-4.
Table 5-3: validity of the dichotomization instrument for different matrices
measure

BFRZ UFRZ

HAM

FRAT average bias

density

-0.77

-0.79

-0.89

-0.85

-0.83

-

eigenvector centralizat.
indegree centralization
outdegree centralization

-0.52
0.52
0.23

-0.58
1.00
0.26

-0.52

-0.56

2.43

3.42

-0.55
0.76
1.62

+
+

cliques
k-plexes

-0.99
-0.97

-0.97
-0.98

-0.74
-0.84

-0.91
-0.94

-0.90
-0.93

-

0.9610
0.6886
0.5595
0.2267
0.7977
0.3642

0.9233
0.7466
0.3509
0.2437
0.8726
0.5854

outdegree centrality
indegree centrality
outcloseness centrality
incloseness centrality
eigenvector centrality
betweenness centrality

0.9675 0.9493 0.9503
0.7722
0.8889 0.8878 0.6718
0.2352
0.9335 0.9067 0.8776
0.7941 0.7295 0.5955

Density is estimated best when all ties as counted as present, regardless of their strength.
But even then it is strongly understated. The more ties you remove in the
dichotomization process, the lower the density becomes. This is not very surprising, as
it results from the way density is calculated for matrices with multiplicity.
Degree centralization is strongly overestimated and tends to be more valid when only
strong ties are kept in the matrix. For eigenvector centralization, results have a negative
bias. They are less straightforward, but suggest against a cut-off threshold of 75%.
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Table 5-4: validity of the dichotomization instrument for different cut-off values
measure

median average 0/all*

25%

75%

average bias

density

-0.87

-0.89

-0.64

-0.80

-0.94

-0.83

-

eigenvector centralizat.
indegree centralization
outdegree centralization

-0.44
1.65
1.64

-0.54
1.40
1.39

-0.54
3.48
2.41

-0.44
2.07
1.69

-0.78
0.61
0.79

-0.55
1.84
1.58

+
+

cliques
k-plexes

-0.87
-0.91

-0.94
-0.98

0.00
0.00

-0.81
-0.84

-0.98
-1.00

-0.90
-0.93

-

outdegree centrality
0.9543 0.9624 1.000 0.9478 0.9366 0.9503
indegree centrality
0.7998 0.7998 1.000 0.9396 0.5496 0.7722
outcloseness centrality
0.6583 0.6425 1.000 0.7728 0.6135 0.6718
incloseness centrality
0.1633 0.1633 1.000 0.3237 0.2906 0.2352
eigenvector centrality
0.8854 0.8950 1.000 0.8778 0.8522 0.8776
betweenness centrality
0.5973 0.5968 1.000 0.7009 0.4872 0.5955
* Subgroup and centrality measures dichotomize with this cut-off value.
The 0.0-deviations and 1.0-correlations do not enter the calculation of the average.

As mentioned above, subgroup and centrality measures dichotomize anyways. It is not
surprising that the 25% threshold, that is most similar to the “0/all”-method, also tends
to be the strategy that produces the most similar results.
The matrices with a small range of multiplicity values (and low density) and the
matrices with a large range of multiplicity values (and high density) are significantly
different in validity. For subgroup and centrality measures, a higher density tends to
lead to better results, while for density and centralization measures a low density leads
to more validity.
Measures based on incoming ties tend to be less valid than measures based on outgoing
ties. Measures based on closeness centrality and betweenness centrality are especially
problematic.
In section 4.3.6., it was expected to see less validity when there is a higher range of
values in the matrix. This can only be confirmed for density and closeness
centralization. In the other cases, the influence seems to be opposite.
The overall conclusion is that except for outdegree and eigenvector centrality a
dichotomization process strongly changes the results. One might ad-hoc expect the
median or average to be reasonable cut-off values, as they lie in the middle and could be
seen as a good “compromise”. The results, however, suggest that this is not the case.
Finally, it should be added that in many cases it is probably the best solution to decide
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on theoretical grounds which cut-off values to take. For example, if you define a clique
as a group of close friends, it should not include lose acquaintances and therefore a
rather high cut-off value should be chosen. Using the “0/all”-method, as it is done
automatically by the subgroup algorithms of the UCINET software, would be a rather
bad idea in this case.
5.2.3.

Collapsing Actors

Table 5-5 contains the results for the “collapsing actors” instrument as an average over
all collapsed actors created. A result that is not contained in the table is that the more
collapsing took place, the less valid the results: each collapsed actor separately causes
less damage than all collapsed actors together in a matrix. Apart from the number of
actors collapsed, the choice of actors to be merged is probably the most important
influencing factor. It was, however, not possible to test this.
As expected, density and centralization tend to be overstated, but a positive deviation is
not always the case. The number of cliques remains the same in this simulation, but in
some cases collapsed actors became member of a clique, replacing an original actor that
was member of the same clique. It cannot be assumed that the number of subgroups
always remains the same. As discussed in section 4.3.7., there could also be cases in
which the number of cliques changes. However, there was no such case in this
simulation. In several cases, new k-plexes appeared, containing a collapsed actor.
Subgroups for “d-out” could not be determined because of the high computing time.
Table 5-5: validity of the “collapsing actors” instrument
measure
density
eigenvector centralizat.
degree centralization
cliques
k-plexes
degree centrality
closeness centrality
eigenvector centrality
betweenness centrality

c-high

c-low

d-out

average bias

0.09

0.17

-0.02

0.08

+

-0.01
0.03

0.14
0.11

0.09
0.04

0.07
0.06

+
+

0.00
0.40

0.00
0.12

0.00
0.26

0
+

0.8589
0.5398
0.8614
0.9562

0.7451
0.4124
0.8107
0.7942

0.6097
0.3375
0.5873
0.7772

0.7379
0.4299
0.7531
0.8425

Compared to the high validity of the other measures, centrality changed relatively
strong. Closeness centrality changed most, other than with the dichotomization
instrument, betweenness centrality is surprisingly stable and turns out to be the most
valid centrality measure for collapsing actors in this simulation.

Simulating Transformation and Size Reduction

67

The overall conclusion is that a limited extent of collapsing actors is relatively safe
when whole-network or subgroup measures are being calculated. Greater care should be
taken with centrality.
5.2.4.

Forgetting

Tables 5-6 and 5-7 show the results for the simulation of forgetting. As there were
several trials, the standard deviation is reported as an indicator for the reliability of the
instrument. In this and in all other result tables, the standard deviations for subgroups
are normalized to account for the strongly different number of subgroups in different
matrices.
Table 5-6: validity of the forgetting simulation instrument
measure

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

density

-0.20

-0.20

-0.20

-0.20

-0.20

-0.20

-0.20

-0.20

-

eigenvector centralizat.
indegree centralization
outdegree centralization

0.03
-0.09
-0.20

0.06
-0.17
-0.20

0.10
-0.22
-0.18

0.06
-0.22
-0.20

0.00
-0.17
-0.20

0.09
-0.15
-0.20

-0.23*
-0.14
-0.18

0.08
-0.17
-0.19

+
-

cliques
k-plexes

-0.80
-0.80

-0.69
-0.83

-0.74
-0.78

-0.31
-0.46

-0.63
-0.75

-0.62
-0.68

-0.63
-0.72

-

indegree centrality
0.8165 0.8358 0.9096 0.9930 0.9841 0.9622 0.8776 0.9112
outdegree centrality
0.9710 0.9940 0.9896 0.9950 0.9930 0.9868 0.9850 0.9878
closeness centrality
0.1804 0.3518 0.3864 0.9936 0.9041 0.3151 0.3198 0.4930
eigenvector centrality
0.7857 0.8968 0.9343 0.9917 0.9833 0.9459 0.9366 0.9249
betweenness centrality
0.9429 0.9434 0.9355 0.9944 0.9911 0.9795 0.9417 0.9612
* Influenced by extreme outliers. For the calculation of the average the absolute value was taken.
Table 5-7: reliability of the forgetting simulation instrument
measure

c-high

c-med

density

0.0000 0.0000 0.0000 0.0000

0.0000 0.0000 0.0000 0.0000

eigenvector centralizat.
indegree centralization
outdegree centralization

0.0096 0.0517 0.0316 0.0041
0.0118 0.0112 0.0188 0.0225
0.0176 0.0264 0.0131 0.0083

0.0116 0.0265 0.2376 0.0532 yes
0.0235 0.0146 0.0064 0.0156 no
0.0298 0.0234 0.0072 0.0180 no

cliques
k-plexes

0.2582 0.2145 0.1998
0.4216 0.1714 0.2348

0.0469 0.0509 0.0957 0.1443 yes
0.0182 0.0296 0.1287 0.1674 yes

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0155
0.0083
0.1541
0.0357
0.0140

0.0143
0.0022
0.0922
0.0181
0.0195

c-low

0.0117
0.0029
0.0567
0.0153
0.0231

d-out

0.0008
0.0009
0.0004
0.0012
0.0006

d-high

0.0030
0.0017
0.1660
0.0028
0.0027

d-med

0.0055
0.0038
0.0505
0.0082
0.0051

d-low

0.0162
0.0035
0.0613
0.0141
0.0202

average outl.

no

0.0096 no
0.0033 no
0.0830 yes
0.0136 no
0.0122 no

Density and outdegree centralization results are most straightforward. Both are
underestimated by 20%, as 20% of ties have been removed in the forgetting simulation.
While there is no variance for density, there is some variance for the outdegree
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centralization results. There is a high correlation and a low standard deviation for
outdegree centrality as well.
Eigenvector centralization has a lower bias than measures of degree centralization, but
there is also more variance in the results. In the “d-low” matrix, extreme outliers
appeared: very low centralizations were reported, although the true centralization is
relatively high. An investigation revealed that this does not happen when the
eigenvector centralization is calculated with the “fast method for large matrices”. This
problem seems to be specific for the “slow & super accurate” method of calculating
eigenvector centrality in UCINET, which was used for this study.
On average about two thirds of all subgroups disappear because of forgetting. This
figure cannot be used as a rule of thumb, as the standard deviation is high. Therefore,
forgetting is an element of great uncertainty for subgroups. As forgetting is a problem
for most studies, this result puts the methods for identifying subgroups into question and
suggests that less strict definitions for groups should be applied to ensure that important
subgroups are not overseen.
In section 4.4.2., it was discussed that closeness centrality measures should be
especially vulnerable in sparse networks. This is confirmed by the results of the
forgetting simulation. The correlations ranged from 0.99 for a high density data set (dout) to 0.18 for a low density data set (c-high). They surpass my expectations
concerning the extent of this influencing factor.
Betweenness centrality is surprisingly stable, given that it is based on paths between
actors that can change due to the missing of ties. Eigenvector centrality and indegree
centrality are highly correlated as well. All three measures are less valid for sparser
networks, but on a much higher level than closeness centrality. There is some indication
that outdegree centrality is also slightly more valid for denser networks, but the
difference between matrices of different density is small.
A highly centralized network is still highly centralized when some ties are missing. This
is confirmed by the results that indicate better estimates of eigenvector and indegree
centralization for matrices with a high centralization. There is, however, no significant
difference for outdegree centralization measures. For eigenvector centrality, the
situation is reverse than with eigenvector centralization. Here, a lower centralization
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seems to lead to better results. The situation is the same for closeness centrality.
The expectations from section 4.3.3. are not confirmed in two aspects. I expected
centralization measures to be underestimated. This is not the case for eigenvector
centralization. I also expected subgroups to be less vulnerable towards forgetting. The
other expectations have been confirmed.
The overall conclusion is that forgetting especially harms subgroups, at least when the
algorithm cannot replace missing ties through symmetrization in cases in which the
matrix is strongly asymmetric and directed. This could be different for matrices with a
high symmetry and reciprocity. All other measures are relatively stable. Calculating
closeness centrality for sparse matrices should be avoided.
5.2.5.

Random Sampling

This section will present the results for the simulation of random sampling. As the
results in tables 5-8 to 5-11 show, random sampling is probably the most problematic
size reduction process.
For these and for all following result tables in this study, the deviations of density and
centralization entered the calculation in absolute numbers to prevent that positive
deviations in some matrices even out negative deviations in others. The overall direction
of the error can still be seen in the column “bias”.

Table 5-8: validity of the random sampling simulation instrument for different sample sizes
measure

50%

37,5%

25%

12,5% average bias

density

0.10

0.14

0.17

0.16

0.14

eigenvector centraliz.
indegree centralization
outdegree centralizat.

0.26
0.21
0.14

0.51
0.28
0.32

0.54
0.21
0.32

0.87
0.43
0.40

0.54 (+)
0.28 0.30 -

-0.95
-0.98

-0.96
-0.99

-1.00
-1.00

-1.00
-1.00

-0.98
-0.99

0.3835
0.5888
0.1548
0.4015
0.5976

0.3286
0.4580
0.0975
0.2548
0.4073

0.2184
0.3428
0.0743
0.1706
0.3574

0.1273
0.2167
0.0637
0.0972
0.1652

0.2644
0.4016
0.0976
0.2310
0.3819

cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

-

-
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Table 5-9: validity of the random sampling simulation instrument for different matrices
measure

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

density

0.33

0.16

0.15

0.09

0.03

0.12

0.12

0.14

eigenvector centralizat.
indegree centralitzation
outdegree centralization

0.52
0.34
0.56

0.36
0.36
0.34

0.57
0.28
0.13

0.93
0.23
0.17

0.71
0.16
0.40

0.43
0.44
0.24

0.29
0.16
0.25

0.54 mid.
0.28 0.30 -

-0.96
-1.00

-0.98
-0.99

-1.00
-1.00

-0.96
-0.98

-0.99
-0.99

-0.98
-0.99

-0.98
-0.99

0.2756
0.4112
0.0248
0.1979
0.3737

0.2005
0.5386
0.1610
0.3029
0.4248

0.3344
0.4523
0.2131
0.3044
0.4399

0.2678
0.3538
0.0534
0.2071
0.3578

0.3202
0.3969
0.1039
0.2512
0.4244

0.2379
0.4271
0.1103
0.2131
0.3375

0.2644
0.4016
0.0976
0.2310
0.3819

cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.2147
0.2311
0.0165
0.1403
0.3152

-

-

Table 5-10: reliability of the random sampling simulation instrument for different sample sizes
measure

50%

density

37,5%

12,5% average outl.

25%

0.0033 0.0137 0.0143 0.0220 0.0133 yes

eigenvector centraliz. 0.0829 0.1514 0.2833 0.2001 0.1794 yes
indegree centralization 0.0317 0.0382 0.0655 0.0759 0.0528 yes
outdegree centralizat. 0.0709 0.1360 0.1168 0.1322 0.1140 yes
cliques
k-plexes

0.0408 0.0543 0.0018 0.0001 0.0242 yes
0.0217 0.0079 0.0005 0.0000 0.0075 yes

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0933
0.0522
0.0516
0.0362
0.0824

0.0882
0.1229
0.0958
0.1488
0.1778

0.0930
0.1080
0.0642
0.1105
0.1697

0.0726
0.0820
0.0883
0.1158
0.1833

0.0868
0.0913
0.0750
0.1028
0.1467

yes
yes
yes
yes
yes

Table 5-11: reliability of the random sampling simulation instrument for different matrices
c-med

c-high

density

0.0082 0.0134 0.0107 0.0274 0.0197 0.0109 0.0031 0.0133 yes

eigenvector centralizat.
indegree centralization
outdegree centralization

0.2522 0.2261 0.1702 0.0383 0.0575 0.1979 0.3137 0.1794 yes
0.0403 0.0410 0.0326 0.1242 0.0507 0.0567 0.0244 0.0528 yes
0.1171 0.1902 0.0678 0.0252 0.2446 0.1308 0.0223 0.1140 yes

cliques
k-plexes

0.0722 0.0361 0.0000
0.0000 0.0177 0.0000

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0787
0.1068
0.0922
0.1352
0.1223

0.1087
0.1478
0.0849
0.1189
0.2350

c-low

0.0601
0.1016
0.0843
0.1372
0.0847

d-out

d-high

d-med

d-low

average outl.

measure

0.0065 0.0112 0.0195 0.0242 yes
0.0042 0.0075 0.0158 0.0075 yes
0.0958
0.0389
0.0850
0.0588
0.1276

0.0812
0.0798
0.0533
0.0476
0.1840

0.0832
0.1067
0.0663
0.0675
0.1727

0.0996
0.0572
0.0589
0.1548
0.1008

0.0868
0.0913
0.0750
0.1028
0.1467

yes
yes
yes
yes
yes
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The most obvious influencing factor is the size of the sample. The larger the sample, the
higher the validity. The results for reliability are less straightforward. There is a
tendency towards a higher reliability in larger samples. An exception are subgroups, as
there are no subgroups at all in small samples, which leads to a low variance. For
centrality measures, reliability is also exaggerated in small sample sizes. This is because
there are repeatedly very low correlations, but this does not mean that the centrality
results of the different trials are similar as well. Only the low correlations are close
together. When you correlate the centrality results of different trials with each other,
there will also be a low correlation. In this case, the idea of calculating the standard
deviation of correlation analyses turns out to be problematic. For larger samples, the
standard deviation still gives us the important information that even the correlations
with the original data set's centrality results can be quite far away from each other. One
cannot assume that repeated samples of a given percentage will have approximately the
same validity.
Density is the measure that can be estimated best through sampling; however, it tends to
be underestimated.
Eigenvector centralization tends to be estimated best for low densities and medium
centralizations. There is a clear bias towards the middle. Centralization values above
50% are underestimated, while centralization values below 50% are overstated. The
overall bias is positive, but this is because there are more matrices with a centralization
below 50% than with a centralization of above 50% in this study.
This effect does not exist for measures of degree centralization. The bias is clearly
negative also for low centralizations. In general, degree centralization produces better
results than eigenvector centralization. For outdegree centralization, results are best for
low centralizations, low densities, and for the non-scale-free “d-out” network, in spite of
its high density. For indegree centralization there is no such clear pattern.
The determination of subgroups in a sampled network is practically impossible. For
large samples, there are sometimes subgroups left; however, on average more than 98%
of all subgroups disappear through sampling.
Outdegree and betweenness centrality are the most valid centrality measures. For large
samples, the results might even be useful with correlations near 0.6. But an average
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correlation of about 0.4 over all sample sizes is not very promising. Eigenvector
centrality and indegree centrality are worse with an average correlation around 0.25.
Closeness results for sampled networks have hardly anything in common with the real
network (correlation < 0.1).
Concerning the centrality measures, the expectations from section 4.3.2. could not be
confirmed. There it was implied that eigenvector centrality would have a rather high
correlation, while betweenness centrality would have rather bad results. In fact, it is the
other way round. Betweenness is one of the better measures, eigenvector centrality is
rather bad. Degree centrality is only one of the better measures if you leave away
indegree centrality. The other expectations from section 4.3.2. are confirmed.
Again it can only be concluded that sampling is most problematic for any study that
wishes to investigate more than the density and the approximate centralization.
5.2.6.

Random Nonresponse

In this section, the nonresponse simulation is investigated. The results are contained in
tables 5-12 to 5-17 for the validity and reliability associated with different response
levels, different matrices representing the influencing factors density and centralization,
and different strategies of dealing with nonresponse.
The most obvious influencing factor is the response level. The lower the nonresponse,
the higher the validity. These results do not hold true for the highest nonresponse level
(60%). This probably results from the small number of trials that by chance contained
“good” nonresponse samples for 60%. There is no clear pattern visible concerning the
influence of the response level on reliability.
Table 5-12: validity of the random nonresponse simulation instrument for different response levels
measure

95%

90%

80%

70%

60%

average bias

density

0.05

0.04

0.13

0.20

0.19

0.12

eigenvector centraliz.
indegree centralization
outdegree centralizat.

0.02
0.05
0.05

0.04
0.23
0.16

0.15
0.27
0.24

0.20
0.21
0.25

0.30
0.47
0.22

0.14 (+)
0.25 0.18 -

-0.18
-0.22

-0.27
-0.23

-0.61
-0.53

-0.74
-0.76

-0.66
-0.83

-0.48
-0.52

0.9292
0.9491
0.5670
0.8889
0.9587

0.8802
0.9098
0.4657
0.8816
0.9301

0.7866
0.7946
0.3335
0.7285
0.8217

0.7204
0.6994
0.2914
0.5883
0.7170

0.6892
0.7035
0.3631
0.6874
0.7531

0.8011
0.8113
0.3949
0.7523
0.8361

cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

-

-
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Table 5-13: validity of the random nonresponse simulation instrument for different matrices
measure

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

density

0.21

0.11

0.12

0.09

0.11

0.12

0.10

0.12

eigenvector centralizat.
indegree centralization
outdegree centralization

0.10
0.23
0.29

0.10
0.12
0.07

0.35
0.26
0.06

0.10
0.62
0.57

0.12
0.15
0.08

0.11
0.18
0.12

0.10
0.17
0.04

0.14 mid.
0.25 0.18 -

-0.54
-0.73

-0.42
-0.42

-0.63
-0.52

-0.43
-0.50

-0.50
-0.54

-0.40
-0.39

-0.48
-0.52

0.7770
0.8208
0.2667
0.5843
0.7943

0.7495
0.8725
0.3729
0.8036
0.8512

0.8301
0.8337
0.3105
0.7905
0.8335

0.8095
0.7495
0.4571
0.7271
0.8340

0.8271
0.8059
0.3311
0.7537
0.8244

0.7908
0.8483
0.3577
0.8266
0.8366

0.8011
0.8113
0.3949
0.7523
0.8361

cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.8354
0.7259
0.6677
0.7725
0.8742

-

-

Table 5-14: validity of the random nonresponse simulation instrument for different strategies
measure

filling up removing filling up with values
average bias
with zeros actors from counterpart matrix

density

0.22

0.07

0.07

eigenvector centralizat.
indegree centralization
outdegree centralization

0.12
0.20
0.10

0.16
0.10
0.11

0.14
0.52 (positive bias)
0.42 (positive bias)

-0.45
-0.49

-0.58
-0.65

-0.42
-0.36

-0.48
-0.52

0.9230
0.7945
0.5326
0.8387
0.8548

0.6326
0.7872
0.1554
0.5833
0.7822

0.8665
0.8685
0.5373
0.8681
0.8854

0.8011
0.8113
0.3949
0.7523
0.8361

cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.12

-

0.14 (+)
0.25 0.18 -

Table 5-15: reliability of the random nonresponse simulation instrument for different response levels
measure
density

95%

90%

80%

70%

60%

average outl.

0.0045 0.0019 0.0041 0.0043 0.0044 0.0038 rare

eigenvector centraliz. 0.0251 0.0173 0.1074 0.0834 0.0879 0.0642 yes
indegree centralization 0.0072 0.0372 0.0406 0.0251 0.0350 0.0290 yes
degree centralization
0.0560 0.0357 0.0993 0.0703 0.0693 0.0661 yes
cliques
k-plexes

0.1550 0.1761 0.1978 0.1655 0.2368 0.1938 yes
0.1228 0.2576 0.3771 0.1877 0.2142 0.2319 yes

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0316
0.0393
0.2126
0.1029
0.0508

0.0327
0.0312
0.1047
0.0333
0.0444

0.0567
0.0770
0.1415
0.1521
0.1235

0.0510
0.0728
0.1084
0.1184
0.1020

0.0555
0.0555
0.1025
0.0841
0.0867

0.0455
0.0552
0.1339
0.0982
0.0815

yes
yes
yes
yes
yes
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Table 5-16: reliability of the random nonresponse simulation instrument for different matrices
measure

c-high

density

0.0023 0.0031 0.0018 0.0080 0.0086 0.0035 0.0009 0.0038 rare

c-med

eigenvector centralizat.
indegree centralization
outdegree centralization

0.1131 0.1330 0.0580 0.0057 0.0240 0.0263 0.0632 0.0642 yes
0.0087 0.0111 0.0174 0.0981 0.0235 0.0343 0.0101 0.0290 yes
0.1377 0.0621 0.0310 0.0620 0.1212 0.0530 0.0100 0.0661 yes

cliques
k-plexes

0.2258 0.3058 0.1477
0.3361 0.2934 0.2806

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0649
0.0799
0.2374
0.2606
0.1097

0.0792
0.0668
0.1432
0.1175
0.0994

c-low

0.0379
0.0463
0.1541
0.0730
0.0691

d-out

d-high

d-med

d-low

average outl.

0.0848 0.1295 0.1712 0.1938 yes
0.0802 0.1424 0.1782 0.2319 yes
0.0218
0.0302
0.0260
0.0238
0.0249

0.0360
0.0826
0.1785
0.0589
0.1314

0.0415
0.0594
0.1025
0.0508
0.1083

0.0329
0.0316
0.1003
0.0736
0.0531

0.0455
0.0552
0.1339
0.0982
0.0815

yes
yes
yes
yes
yes

Table 5-17: reliability of the random nonresponse simulation instrument for different strategies
measure

filling up removing filling up with values
average outl.
with zeros actors from counterpart matrix

density

0.0026

0.0064

0.0019 0.0038 rare

eigenvector centralizat.
indegree centralization
outdegree centralization

0.0413
0.0095
0.0577

0.0847
0.0336
0.0671

0.0675 0.0642 yes
0.0500 0.0290 yes
0.0765 0.0661 yes

cliques
k-plexes

0.1613
0.1915

0.1658
0.1443

0.2543 0.1938 yes
0.4237 0.2319 yes

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.0331
0.0628
0.1558
0.0938
0.0790

0.0632
0.0624
0.1128
0.1077
0.1016

0.0383
0.0344
0.1330
0.0910
0.0568

0.0455
0.0522
0.1339
0.0982
0.0815

yes
yes
yes
yes
yes

Density is underestimated, but has a relatively high validity. Nonresponse rarely leads to
density values that are outliers. Those outliers present are not very extreme: a low
density remains low, while a high density remains high. Eigenvector centralization
tends to be estimated best for high densities and low centralizations, while outdegree
centralization turns out to be better for low densities and low centralizations. There is no
clear pattern for indegree centralization. For eigenvector centralization, there is again
(as with the sampling instrument) a bias towards the middle, while degree centralization
is underestimated.
On average half the subgroups disappear because of nonresponse, strongly depending
on the response level. Centrality measures are all relatively stable for low levels of
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nonresponse, except for closeness centrality with a correlation as low as 0.567 for only
5% of nonresponse. A high centralization decreases the reliability of most centrality
measures and outdegree centralization, but not that of indegree centrality and indegree
centralization.
All measures tend to be most valid for medium centralizations. Outdegree centrality is
more valid for lower densities, while closeness centrality is more valid for higher
densities. The influence of density on all other measures is not clear.
Concerning the strategies for dealing with nonresponse, removing actors is the worst
solution for all measures except for density. For many measures, the difference in
validity between removing actors and the other strategies is quite high. Although it is
easiest to simply leave away non-responding actors, it is certainly the worst solution.
The strategies “filling up with zeros” and “filling up with values from counterpart
matrix” (the latter is similar to symmetrization in undirected data sets) are relatively
close together in their validity. For density, subgroup and most centrality measures,
“filling up with values from the counterpart matrix” is the best solution concerning the
validity, but in many cases it also leads to a lower reliability. There is an especially high
variance for subgroups. This strategy can lead to anything from a strong decrease in the
number of subgroups to a significant increase, and should therefore be avoided. Care
should also be taken with measures of degree centralization. There is a high probability
of outliers that can lead to a strong overestimation of centralization.
A systematic comparison of the results with the discussion in section 4.3.1. revealed
that most expectations have been confirmed. This is not completely the case with the
expectation that outdegree centrality would suffer most when missing lines are filled up
with zeros. It is true that it has a significantly lower correlation than indegree centrality,
and that it is also worse than eigenvector and betweenness centrality. However, the
correlation for closeness centrality is even lower. Furthermore, I expected that with the
strategy to remove missing actors completely, there would be no negative bias in
density measures. Indeed, the bias is much lower than with the other strategies, but still
there is one.
To conclude, nonresponse can especially be a problem for closeness centrality and for
subgroups. When symmetrization is not possible, filling up missing values with zeros is
the easiest solution. It should only be kept in mind that this process leads to an
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underestimation of density. The “counterpart matrix” solution requires much work, but
could bring some additional validity for density and centrality measures. None of the
expectations from section 4.3.1. turned out to be fundamentally wrong, but in same
cases the results were not as straightforward as expected.
The different strategies of dealing with nonresponse were also tested shortly with the
nonresponse contained in the matrices of Laumann and Knoke. As expected, it turned
out that it does make a significant difference for the results which strategy is used. But
as the answers of the nonrespondents are not known, it is practically impossible to
compare the validity of the different strategies with each other.
5.2.7.

Biased Nonresponse

As the overall conclusions are not different for nonresponse biased on a group level
(government actors not responding twice as likely than other actors), the results are not
again presented in six tables but only shortly compared to random nonresponse in table
5-18. This is only an example, no systematic investigation of biased nonresponse.
Therefore, the results are difficult to generalize. The only conclusion that can be drawn
is whether a bias in nonresponse can lead to a bias in the results of a study as well.
Table 5-18: errors and standard deviations with biased compared to random nonresponse
measure

error
error
error
STD
STD
STD
0-filled removed counterpt. 0-filled removed counterpt.

density

better

worse

better

better

better

better

eigenvector centralizat.
indegree centralization
outdegree centralizat.

better
better
better

better
better
worse

better
worse
better

better
worse
better

better
worse
better

better
worse
better

cliques
k-plexes

better
better

worse
better

better
better

better
worse

better
worse

better
better

indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

worse
worse
better
better
same

better
worse
worse
worse
worse

worse
worse
better
better
better

better
better
worse
better
better

worse
worse
better
better
better

better
better
better
better
better

The comparison suggests that compared to random nonresponse there is significantly
better reliability and validity in this particular case of biased nonresponse, except for the
strategy of removing nonrespondents from the matrix: the removal of many actors that
are close to each other seems to pose a problem for most measures. Also, there is a
tendency for degree-based measures to have more problems with this particular case of
bias. However, it would be wrong to conclude that a bias will always lead to better
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overall results. I assume that depending on the properties of the group that is biased a
bias can also lead to a lower validity and reliability.
The expectation from section 4.3.1. that a bias would make a difference has been
confirmed with the limitation that the error does not always need to go into the same
direction for all strategies of dealing with nonresponse.
The other case of biased nonresponse tested is the nonresponse of important actors. Two
extents of nonresponse were simulated: three of five actors not responding and six of
ten actors not responding. The results of both cases will be presented together in the
same tables. The first value listed for each network-analytical measure is the “3 of 5”
simulation, the second is the “6 of 10” simulation (see tables 5-19 and 5-20). As there
were no repeated trials, there is no information on reliability available. However, all
strategies of dealing with nonresponse are investigated. The results, in general, do not
appear particularly bad on first sight when compared to random nonresponse; however,
it should be considered that here only three and six actors respectively did not respond,
while in the random nonresponse simulation many more actors were concerned.

Table 5-19: validity of the simulation of nonresponse of important actors, both extents, all matrices
measure

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

density

0.08
0.11

0.02
0.08

0.08
0.17

0.01
0.02

0.02
0.03

0.19
0.30

0.07
0.12

0.06
0.11

-

eigenvector centralizat.

0.02
0.03
0.18
0.26
0.01
0.01

0.02
0.07
0.02
0.24
0.00
0.02

0.12
0.31
0.22
0.27
0.02
0.41

0.01
0.01
0.01
0.01
0.01
0.01

0.02
0.04
0.02
0.03
0.00
0.01

0.08
0.08
0.01
0.26
0.26
0.70

0.06
0.59
0.03
0.20
0.02
0.01

0.05
0.17
0.08
0.19
0.04
0.15

+
-

0.00
-0.50
-1.00
-1.00

-0.04
-0.58
-0.16
2.37

-0.58
-0.44
-0.20
-0.12

-0.09
-0.15
-0.10
-0.19

-0.42
-0.72
-0.77
-0.93

-0.37
-0.30
-0.31
-0.45
-0.61 0.49 abs
-0.64 1.19 abs

-

0.8789
0.8648
0.9539
0.9185
0.5183
0.4560
0.9349
0.8990
0.8769
0.9182

0.9083
0.8128
0.9897
0.9456
0.5097
0.3332
0.9513
0.8763
0.9528
0.8625

0.9196
0.8485
0.9367
0.8618
0.4885
0.2790
0.8941
0.8204
0.8330
0.6748

0.9531
0.9179
0.9561
0.9300
0.6273
0.5807
0.9310
0.8831
0.9892
0.9809

0.9385
0.8569
0.7957
0.6953
0.2457
0.1748
0.8253
0.7028
0.6301
0.4799

indegree centralization
outdegree centralization
cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.9840
0.9702
0.9711
0.9363
0.8210
0.7800
0.9660
0.9286
0.9959
0.9907

0.9093
0.8691
0.9190
0.9125
0.3279
0.2253
0.9553
0.7048
0.9290
0.8355

0.9255
0.8761
0.9376
0.8934
0.5127
0.4069
0.9272
0.8347
0.8948
0.8298

-

-
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Table 5-20: validity of the simulation of nonresponse of important actors, both extents, all strategies
measure

filling up removing filling up with values
average bias
with zeros actors from counterpart matrix

density

0.07
0.14

0.07
0.13

0.04
0.06

0.06
0.11

-

eigenvector centralizat.

0.05
0.19
0.05
0.15
0.04
0.16

0.06
0.23
0.13
0.23
0.05
0.18

0.03
0.07
0.04
0.18
0.00
0.09

0.05
0.17
0.08
0.19
0.04
0.15

+
-

-0.23
-0.44
-0.49
-0.50

-0.23
-0.46
-0.60
-0.62

-0.44
-0.30
-0.46
-0.45
0.36 (absolute value) 0.49 abs
2.44 (positive bias) 1.19 abs

-

0.9755
0.9504
0.9258
0.8749
0.6620
0.5332
0.9627
0.8998
0.9098
0.8420

0.8373
0.7548
0.9293
0.8707
0.2372
0.1033
0.8561
0.6938
0.8393
0.7745

indegree centralization
outdegree centralization
cliques
k-plexes
indegree centrality
outdegree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.9788
0.9418
0.9658
0.9512
0.7175
0.6551
0.9771
0.9406
0.9516
0.8903

-

-

0.9255
0.8761
0.9376
0.8934
0.5127
0.4069
0.9272
0.8347
0.8948
0.8298

The more actors are missing, the lower the validity in general. For density and
centralization measures, the deviation is still quite low when only three actors are non
responding, but it increases heavily with six actors. All measures are underestimated,
except for eigenvector centralization that on the first level is overestimated. This time
no bias towards the middle is visible.
The results for subgroups are particularly interesting. Given that only three or six actors
are removed, the decrease in subgroups is quite extreme, in some cases more than 60%
are missing. With the “filling up with values from counterpart matrix” strategy, the
number of k-plexes can increase heavily, with six actors non responding by nearly
250% on average. So this strategy is bad in connection with subgroups.
Measures of degree centrality and eigenvector centrality have the highest correlations,
followed by betweenness centrality. As with the other size reduction instruments,
closeness is most vulnerable, especially in connection with the “removing actors”
strategy.
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When the different strategies are compared, the “filling up with values from counterpart
matrix” is best for all measures except for subgroups. Removing actors is the worst
strategy and should be avoided, while “filling up with zeros” still produces good results
and is best for subgroups.
Again, the expectations from section 4.3.1. have been confirmed. It should be
emphasized that centralization can change extremely, but that this does not necessarily
need to be the case. The “d-high” and “d-out” matrices that have a high density and a
low centralization are quite stable, as there are too many actors with similarly high
degrees to do any significant harm to centralization measures when some are removed.
5.2.8.

Removing Unimportant Actors

The final section of this chapter will report the results of the simulation of removing
unimportant actors. No reliability is reported, as the criteria for the removal of actors are
not influenced by chance. There were different ways tested to determine which actors to
remove (see section 5.1.7.). All produce identical results when repeated.
Table 5-21: validity of the removal of unimportant actors instrument for different extents of removal
measure

80%

60%

40%

20%

10%

average bias

density

0.34

0.93

1.82

3.60

5.78

2.49

+

eigenvector centraliz.
degree centralization

0.06
0.12

0.14
0.20

0.27
0.34

0.40
0.44

0.41
0.54

0.26
0.33

-

-0.05
-0.07

-0.14
-0.15

-0.34
-0.34

-0.60
-0.67

-0.79
-0.80

-0.45
-0.48

-

cliques
k-plexes

degree centrality
0.8442 0.7847 0.6988 0.6605 0.5593 0.7095
closeness centrality
0.6624 0.6692 0.6649 0.6260 0.5453 0.6335
eigenvector centrality 0.8682 0.7968 0.7052 0.6086 0.5100 0.6978
betweenness centrality 0.9380 0.8861 0.7977 0.7357 0.6427 0.8000
(K-cores not included, as they do not fit into these size categories.)
Table 5-22: validity of the removal of unimportant actors instrument for different matrices
measure

c-high

c-med

c-low

d-out

d-high

d-med

d-low

average bias

density

3.18

2.76

2.12

1.02

1.47

2.31

2.79

2.23

+

eigenvector centralizat.
degree centralization

0.17
0.18

0.23
0.20

0.33
0.21

0.41
0.40

0.29
0.39

0.14
0.13

0.10
0.54

0.23
0.29

-

-

-0.33
-0.33

-0.30
-0.35

-0.34
-0.38

-0.47
-0.51

-0.37
-0.42

-0.44
-0.44

-0.38
-0.40

-

0.7939
0.4943
0.6633
0.8776

0.7788
0.6497
0.7791
0.8515

0.7342
0.6443
0.7083
0.7368

0.8199
0.6301
0.8124
0.8519

0.8065
0.6511
0.8089
0.8363

0.7733
0.6318
0.7529
0.8294

0.7742
0.6216
0.7488
0.8285

cliques
k-plexes
degree centrality
closeness centrality
eigenvector centrality
betweenness centrality

0.6826
0.6593
0.7061
0.8119
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Table 5-23: validity of the removal of unimportant actors instrument for different ways of choosing actors
measure

Influence
Reputation

Degree
Centrality

Closeness C.

Between- Eigenness C. vector C.

KCores

average bias

density

1.34

2.66

2.87

2.41

3.20

0.93

2.23

+

eigenvector centralizat.
degree centralization

0.30
0.22

0.27
0.24

0.23
0.45

0.24
0.27

0.26
0.46

0.09
0.08

0.23
0.29

-*

-0.73
-0.77

-0.34
-0.42

-0.39
-0.35

-0.51
-0.52

-0.28
-0.32

-0.02
-0.05

-0.38
-0.40

-

cliques
k-plexes

-

degree centrality
0.5790
0.8400
0.9276 0.7742
closeness centrality
0.3386
0.8400 0.7220
0.5846 0.6216
eigenvector centrality
0.5068
0.7674
0.8191 0.9276 0.7448
betweenness centrality
0.6719
0.8468
0.8814
0.9321 0.8285
* Bias positive for eigenvector and closeness centrality as size reduction criteria.

The validity is presented in tables 5-21 to 5-23 for the different extents of size
reduction, for the different matrices representing different densities and centralizations,
and for the different ways of determining which actors are to be removed. There is a
clear tendency towards more error with more size reduction. This increase is especially
strong for density and rather weak for closeness centrality.
As expected, density is clearly and strongly overestimated because of the removal of
actors with below-average degrees. A high centralization and a low density negatively
influence the validity of density measures.
There is a negative bias for measures of centralization. These measures are especially
vulnerable for low centralizations. The higher the density, the lower the validity for
eigenvector centralization measures. There is no clear influence of density on degree
centralization.
Subgroups are underestimated. But even at a network size of only 10%, there are still
20% of all subgroups present. Compared to the other size reduction methods, this is a
good result. This was expected, as unimportant actors do not tend to be members of
densely connected subgroups. When 20% of all actors are removed, 5% of the
subgroups disappear. As it could also be seen with the other instruments, the results are
slightly worse for k-plexes than for cliques.
Betweenness centrality is most stable, followed by degree and eigenvector centrality.
Closeness is the worst measure on average, while it already starts with low correlations
for large matrices, but is not particularly bad for strongly size-reduced networks.

Simulating Transformation and Size Reduction

81

Compared to other size reduction instruments, the validity of centrality measures does
not sound particularly bad in this case. However, certain combinations of centrality
measures and size reduction criteria have an especially low validity, far below the
averages reported here. For example, when as little as 20% of the high centralization
network “c-high” are removed based on influence reputation, the correlation of
closeness centrality is only 0.1670, and with 40% of actors removed it is even slightly
negative. A more detailed investigation of the stability of centrality measures when
unimportant actors are removed was done in an earlier study (Marschall 2004).
Except for closeness centrality, the size reduction by the “k-core” criterion (removing
all actors with a degree lower than 2, 3 or 4) is most valid. But it should be mentioned
that it cannot be compared to the other methods directly, as it does not involve the
removal of the same percentages of nodes as with the other criteria. For centrality
measures, the second best size reduction criterion is to use the same centrality measure
as criterion that is also used for the size reduction. Using degree centrality as criterion is
only slightly worse, and even better for calculating closeness centrality measures. As
expected, influence reputation is the worst way of determining which actors to remove.
The expectations discussed in section 4.3.4. have all been confirmed with one
exception. Although I have presented an example of why betweenness centrality could
be especially vulnerable, it turned out to be the most stable centrality measure. Of
course there is some error also for betweenness centrality, but the other centrality
measures seem to be influenced even more.
You should not use a different size reduction method for each network-analytical
measure you want to calculate. It would make a comparison difficult and of course it
takes much time. Therefore, k-cores or degree centrality would be the best overall
solution. You should especially be aware that density is overestimated when removing
unimportant actors.

5.3. Comparison to Other Studies
The only two studies that are similar enough to allow a direct comparison of the results
with those of this thesis are Costenbader/Valente (2003) and Galaskiewicz (1991) with
their investigations of the effect of random sampling on centrality measures. I will now
outline which conclusions have been confirmed and which could not be verified.
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Both studies found that the sampling level has a strong influence on the validity of the
centrality estimates. This can certainly be verified by this analysis. Galaskiewicz (1991)
found that the estimates were better in sparser networks. This is confirmed if you leave
away the “d-low” matrix for indegree, eigenvector and betweenness centrality. The
other density matrices and centrality measures indeed show such a trend.
Costenbader/Valente (2003) expected to see stable centrality measures across all
sampling levels for networks of high centralization, except for cases in which the most
central node was omitted. A closer look at the results (this cannot be seen from the
tables in this paper) revealed that this expectation cannot be confirmed. The average
correlation is even relatively low compared to the other centralizations, and this is not
only

because

of

the

omission

of

the

most

central

node.

Furthermore,

Costenbader/Valente (2003) claim that eigenvector centrality is especially bad in
connection with sampling. I can confirm that it has the second lowest correlation, but
the validity of closeness centrality is even lower. They also find that centralization is an
influencing factor for some but not for all centrality measures. The results of my
analysis confirm this, but in a direct comparison not always the same measures show a
clear pattern. A comparison is difficult, as Costenbader and Valente use multivariate
regressions to determine the influencing factors. They do different regression analyses
and come to different results in each.
There are also articles containing more general statements. For example, Granovetter
(1976) claims that density can be estimated through network sampling. If this is correct
depends on how much error you tolerate. But it can be confirmed that from all networkanalytical measures tested density is the most valid one. When Schnell et al (1999)
claim that network sampling is not possible, this is also correct. If you have a low error
tolerance, the estimates for network-analytical measures are indeed not acceptable.
Albert et al (2000) claim that an “attack” on a scale-free network leads to damage much
faster than the random “error” of nodes. If you compare the lowest level of random
nonresponse to nonresponse of important actors, it can be confirmed that it does make a
difference. Furthermore, they claim that for random networks it does not make a
significant difference. This is difficult to test, as even the “d-out” matrix is not
completely random. However, that matrix has indeed a very low error in the simulation
of the nonresponse of important actors.
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Concerning the other size reduction and transformation processes, there is less literature
to discuss and practically no results of studies that are similar enough to be compared to
this one directly. When Richards (1985) implies that symmetrizing and dichotomizing
lead to a change in the results of network analysis, that is certainly correct. There are
also authors who claim that nonresponse, forgetting and bad boundary specification can
be problematic (e.g. Schnell et al 1999, Doreian/Woodard 1992 or Brewer 2000). When
they are worded in such a general way, these statements can also be confirmed.
Boundary specification was not tested specifically, but the investigations on the removal
of unimportant actors, on forgetting and on nonresponse show that it does matter who
you include in your matrix.
To conclude, those papers that are dealing with the topics of my study do not come to
fundamentally different overall conclusions, but in many areas there is simply no study
that could be used for comparison.
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6. Conclusion
Size reduction and transformation processes can be harmful for a network-analytical
study. I have demonstrated that the results of a study with a size reduction or
transformation process can be significantly different from those without. Furthermore,
there is a clear bias in most cases. That means that the error introduced is not
completely random but to some extent predictable. The deviations of the estimates from
the real values do not only depend on the extent of size reduction. Density and
centralization have an influence in many cases as well, though the direction of this
influence varies with different network-analytical measures. The influence is too
complex to say, for example, that a low density is always bad.
I have shown that certain measures like closeness centrality and the detection of
subgroups are especially vulnerable towards size reduction processes. Concerning
subgroups, k-plexes turned out to be even a bit more vulnerable than cliques, although
the idea behind k-plexes was to have a less strict concept of subgroups that allows ties
to be missing. With the parameters used in this study there are indeed more k-plexes
than subgroups in the networks; however, an even higher share of them tends to
disappear when networks are reduced in size.
I have also demonstrated that some processes are more dangerous than others. For
example, in spite of the bunch of literature on that topic it could be shown that sampling
in network analysis is a rather bad idea. But even nonresponse and forgetting as
processes that are inevitable can be harmful. The most obvious solution to deal with
problems is not always the best. When dealing with nonresponse, the actors not
responding should not be left out from the matrix but rather included with values of 0 or
filled up through symmetrization when applicable. One should be aware that in most
cases there is the danger of having outliers. While normally the results vary only to
some extent, there are also cases in which the error is much stronger than on average.
This leads to the question of the generalization of these results that unfortunately turns
out to be more problematic than I have expected. My hope was to find an overall pattern
concerning the influence of density and centralization that is visible with most size
reduction and transformation instruments and with most network-analytical measures.
The expectations outlined in section 4.4. could not be confirmed clearly. While some of
the results are in line with these ideas, others show different patterns. Therefore, it is
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difficult to say if those cases that confirm the expectations show this pattern by chance
or because there really is a pattern. When results do not hold true over different
processes and measures, it is problematic to interpret them.
For example, when you have a research design with one dense and one sparse matrix,
and you discover that your results are more valid for the dense matrix, is that because
density has a positive influence on validity, or is it by chance? What happens if you
include a matrix with a medium density (as it was done here), and you discover that it
does not fit into that trend? And how should you deal with the non-scale-free “d-out”
matrix? When it confirms your expectations concerning the influence of density, does
this mean that it does not play a role whether networks are scale-free or not? When it
does not fit into the trend, does it mean that this is because the matrix is not scale-free,
or simply because there is no influence of density on the validity of the results? The idea
of including a non-scale-free matrix was an attempt to see what happens. The results are
not straightforward enough to reach path-breaking conclusions, but I also never
expected them to be. All I can say is that the “d-out” matrix shows patterns differing
from the trend of the other density matrices quite often. Therefore, I would expect that it
does make a difference whether networks are scale-free or not.
Still, it was not useless to take different matrices with different density and
centralization values for the study. First of all, it confirmed that problems with size
reduction and transformation processes seem to occur with all kinds of matrices.
Secondly, it prevented premature judgments concerning the influence of density and
centralization that could have happened with only two matrices in the research design.
Thirdly, there are cases in which there seems to be a clear influence which is confirmed
by the trend over three or four matrices and not only by the difference between two.
Finally, these results pose a lot of possibilities for further studies. While this thesis
intended to give an overview, there are now many aspects that could be investigated
more in detail. My hope is that there might be students of network analysis who are
willing to investigate such aspects, for example in a term paper. I will make all
materials of this thesis available on CD-ROM to everyone who is interested. But there is
not only potential for new studies. Even the results of this study have room for further
investigation. For example, all tables reported here are only based on one factor each,
while for the others averages were calculated. Certain combinations of influencing
factors could be investigated more in detail.
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Finally the consequences of these results should be discussed. When you are using
certain network-analytical measures in combination with certain size reduction or
transformation instruments in your own study, you could look at my results and see if it
is rather safe or rather dangerous to use this particular combination. More general, I
would conclude from these results that transformation and size reduction should be well
considered: what is good or bad also very much depends on the theoretical assumptions
of your study. This was already discussed in connection with dichotomization. When
you want to find cliques of close friends in a valued acquaintance network, you should
choose a rather high cut-off value indicating intensive contact. So when my study
reports that the “validity” of a cut-off value of 75% is very low, compared to a
dichotomization by the presence or absence of ties, it in the first instance means that
there is a huge difference between the results of both methods, and that it matters even
more which one you choose. If it turns out that a high cut-off value is required by the
theoretical assumptions of your study, this solution will be most valid. Again, there are
many cases in which it makes sense to do transformations. I only argue against their
blindfold use.
About the influence of density and centralization it should be noted that these are only
indicators for certain structural weaknesses that can cause network-analytical measures
to be more vulnerable towards size-reduction and transformation. Maybe they are not
even good indicators, as they are not independent of each other; however, they can be
calculated easily and could therefore serve as a fast way for a researcher to get a first
impression about the vulnerability of his data set. In the long run, it would be a good
idea to develop algorithms that are specifically geared to detecting the structural
weaknesses described in this study. When these measures are included in networkanalytical software, they can serve as a better-suited warning mechanism than density
and centralization. The necessity for such research is shown by this thesis, and therefore
I hope that the debate on the error and attack vulnerability of networks from the
physical sciences will diffuse into the area of social network analysis as well. It could
help to gain an awareness and a better understanding of the dangers that certain
interferences can pose for a study.
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