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Social Network Analysis as Mixed Analysis

Dominik E. Froehlich and Jasperina Brouwer

Social network analysis (SNA) has become an important theo-
retical and methodological framework to investigate research
questions in both the social and natural sciences. This is illus-
trated by the surge in SNA-related publications, for example
in the domain of learning and instruction research: from
37 publications in 2003 to more than 400 a decade later in the
Education Resources Information Center database (Froehlich,
Rehm, & Rienties, 2020a; Froehlich, Van Waes, & Schifer,
2020). In this chapter, we will discuss the foundations of social
network analysis as mixed analysis.

1 Definition of Social Network Analysis

In order to review an SNA manuscript, there are three impor-
tant points we need to understand about the nature of the
analysis to be reviewed: the perspective SNA has on social
phenomena, the different types of networks one may investi-
gate, and the “mixed nature” of SNA as a method.

Social Network Analysis as a Lens to See the World

Researchers use SNA if they are interested in the relationships
and structural features of networks (Wellman, 1983). A net-
work is defined as a set of nodes (or vertices, or actors)—for
example, pupils in a classroom—and edges (or ties, or relation-
ships)—for instance, conversations or friendship relationships
between pupils. Nodes may contain attributes (e.g., gender,
age, motivation). Edges may be weighted (e.g., weighted by the
frequency of interaction) or directed (i.e., having a specified
direction). In social networks the nodes are active agents, such
as individuals or teams (Borgatti, Everett, & Johnson, 2013).
The term SNA itself is somewhat misleading because SNA
is not only about analytical procedures but also describes an
integrated set of theories (“network theory,” e.g., Borgatti &
Halgin, 2011) and research methods. The SNA perspective
differs from other approaches in several ways (Wasserman
& Faust, 1994). First, the focus is on relational theories and
concepts (Monge & Contractor, 2003). The unit of analysis
is not simply the characteristic or attribute of an individual
(although SNA can produce input for such analyses), but rather
dyads (two nodes), triads (three nodes), or groups (Froehlich,
Galey, Mejeh, & Schoonenboom, 2020; Froehlich, Rehm, &
Cornelissen, Forthcoming). Actors and their behavior are seen
as interdependent. The actors’ relationships and behaviors,
or personal characteristics—attributes—can influence each
other. Relationships with others make certain behaviors more
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likely and limit others. For example, it is more likely that ado-
lescents who smoke are likely to be friends to other smokers
(Mercken, Snijders, Steglich, Vartiainen, & de Vries, 2010).

Types of Networks

There are two distinct types of networks that can be analyzed,
each with their own set of methods and theories: namely,
sociocentric and egocentric networks. In a sociocentric net-
work, the relationships among all the actors within previously
defined boundaries are measured and analyzed. For instance,
all the pupils within a specified class may be surveyed about
their friendship relationships in the class. However, in an ego-
centric network (Crossley et al., 2015), the emphasis is on one
individual—the ego—and his or her relationship to others—the
alters (and potentially about the relationship between alters).
For instance, one pupil is asked about their contacts with other
class members (an ego-alter question) and whether he or she
thinks relationships exist between the other class members
(an alter-alter question). The main difference with egocentric
measures is that in the ego network the information about the
relationships comes from one individual rather than from all of
the class members who can nominate each other (Prell, 2012).
The difference between the types of networks is represented
in Figure 19.1.

So far, we have only discussed relationships among actors
of one kind; for instance, interactions among pupils (another
example would be e-mails sent between managers). This
is called a one-mode network with similar types of nodes.
Another variant of social network analysis called rwo-mode
networks or bipartite graphs allows researchers to study ties
between dissimilar types of nodes (Agneessens & Everett,
2013). A two-mode network features two sets of nodes; for
example, adding teachers to a network of pupils. A special
type of a two-mode network is an affiliation network, in which
the nodes/sets are actors and events (Wasserman & Faust,
1994). An example is the study of Davis, Gardner, and Gardner
(1941), who investigated a group of 18 women (first node set)
who joined a series of 14 society events (second node set).
Other examples are members joining different clubs in a city
(Wasserman & Faust, 1994).

The Nature of Social Network Analysis

SNA is often considered to be a quantitative technique (Hollstein,
2014). However, this does not appropriately capture the highly
qualitative origins of the method (Freeman, 2000, 2004) or the
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current breadth of methods that go under the banner of SNA.
Onwuegbuzie and Hitchcock (2015) highlighted the potential
to integrate qualitative and quantitative strands of network
research, and described the method as quantitative-dominant
crossover mixed analysis. Other researchers agree with this
requirement to include more qualitative information to pro-
duce more meaningful research (Bolibar, 2015; Dominguez
& Hollstein, 2014; Franke & Wald, 2006; Rienties, Johan, &
Jindal-Snape, 2015). As noted by Hollstein (2011), qualita-
tive data collection and analysis can facilitate social network
analysis because qualitative data can “explicate the problem
of agency, linkages between network structure and network
actors, as well as questions relating to the constitution and
dynamics of social networks” (p. 404). More specifically,
Hollstein identified six areas in which qualitative research can
enhance SNA: the exploration of networks, network practices,
network orientation and assessments, how and why networks
matter, understanding network dynamics, and the validation of
network data and field access.

Carrington (2014) describes SNA as neither qualitative or
quantitative but mathematical and structural. This is echoed
in the SNA community, where quantitative approaches are
commonly referred to as formal network analysis. This term
is more focused on the perspective taken than the underlying
type of data.

2 When the Use of Social Network
Analysis is Appropriate in MMR

Social network analysis has his roots in several disciplines,
including mathematics, psychology, and sociology. From
there, the method has been adapted and applied in virtually all
academic domains: for instance, history (Elo, 2015), politics
(Ansell, Bichir, & Zhou, 2016; Apkarian, Bowler, Hanneman,
& Martin, 2015), economics (Harris, Louis, & Baker, 2014),
music (Vlegels & Lievens, 2015), health (Yang, Latkin, Muth,
& Rudolph, 2013), and education (Rienties, Héliot, & Jindal-
Snape, 2013). More information about the historical devel-
opment of social network analysis can be found in Freeman
(2004).

It is appropriate to use SNA whenever the research question
addresses (perceived) structures or (perceived) connections or
relationships between any entities, that is, social or non-social
entities. For instance, friendships between students, trust
between managers and employees, or the spread of a virus via
personal contacts. Social network theory has led to a few fre-
quently researched concepts and theories in the past, including
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social capital, homophily/similarity attraction, and contagion.
These three theories will be discussed in more detail in this
section to provide a brief overview of some of the most impor-
tant network theories and concepts.

Social Capital

The concept of social capital became popular in the late 20th
century and is frequently used by researchers. Social capital
is the advantage one obtains from a certain position in a net-
work (Burt, 2005). For instance, social networks permit access
to variable resources, such as information, trust, practical or
emotional support, community values and norms (Kadushin,
2012). Through the use of these resources an individual can
reach personal goals that could not be reached without these
resources (Coleman, 1988). Coleman (1988) has suggested that
people also build networks of trust, reputation, obligation,
norms, and values through social exchanges. For example, as a
form of students’ social capital, students create informal sup-
port networks (Hommes et al., 2012). In these informal peer
networks, students inform each other, help one another, collab-
orate, and share trustworthy information when they become
friends. These peer relationships among first-year university
students might facilitate both their adjustment to university
life and their academic performance (Brouwer, Jansen, Flache,
& Hofman, 2016; Brouwer, 2017).

Social capital and social networks share similar dimensions
of social structures and content. The position in the networks
and the type of ties determines the amount of social capital.
Granovetter (1973) emphasized that to create new ideas, or to
get a job, an individual needs connections he or she does not
know very well (weak ties). These weaker ties are a bridge
to other, different information. In this respect, Putnam (2001)
has distinguished between bridging social capital and bonding
social capital, which is linked to the social network structure.
Bridging social capital refers to weak ties and less dense net-
works, whereas bonding social capital refers to strong ties and
dense, knitted networks.

Homophily and Propinquity

Lazarsfeld and Merton (1954) introduced the principle of
homophily, which means that it is more likely that a close rela-
tionship will develop between people who are similar than
between people who are dissimilar. Or, to put it colloquially,
“birds of a feather flock together” (McPherson, Smith-Lovin, &
Cook, 2001). To define homophily in a more formal way, when
two people are randomly drawn from a population or from a
network they belong to, there is a larger chance that they will
have similar characteristics (Verbrugge, 1977). This means that
people within networks are likely to be more homogeneous in
their backgrounds, attitudes, and opinions. Homophily exists in
all types of close relationships, such as within student groups
(Brouwer, Flache, Jansen, Hofman, & Steglich, 2018; Lomi,
Snijders, Steglich, & Torld, 2011) or between colleagues in a
small organization (Froehlich & Messmann, 2017).

Proximity (or propinquity) makes it more likely that there
will be a relationship between spatially close actors (Monge &
Contractor, 2003), for instance, when the actors are sharing the
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same office or sitting next to each other in the same classroom.
The effects of proximity and distance were also discussed by
Festinger, Schacter, and Back (1950; cited by Kadushin, 2012),
who gave the example of a housing project for World War II
military veterans. Festinger, Schacter, and Back found that the
veterans became friends more often when they lived near each
other, whereas the veterans in the corner houses frequently
became isolated.

Regarding the attraction between two individuals,
Lazarsfeld and Merton (1954) distinguished between status
homophily and value homophily (Frieling & Froehlich, 2017).
Status homophily can be ascribed to a person based on their
background characteristics, such as gender or age; or status
homophily can be acquired, based on, for example, the person’s
education or occupation. Value homophily, on the other hand,
refers to similarity in attitudes, beliefs, or stereotypes. Two
of the main characteristics of homophily are that people are
similar when they meet (the selection effect), or they become
similar when they interact (the influence effect) (McPherson
et al., 2001). This can be addressed with stochastic actor-based
models to investigate longitudinally collected social network
data (Snijders, Van de Bunt, & Steglich, 2010).

Contagion or Diffusion in Networks

Diffusion means that certain aspects or components are trans-
mitted through a social system, such as ideas, opinions, and
diseases (Valente, 1996). When graphically depicted, the dif-
fusion usually follows an S-curve, which means that in the
beginning only a few people adopt, for example, an idea. Then,
people share this idea with others, who also adopt the idea.
The proportion of people who adopt the idea increases when
more people transmit the idea (diffusion), but the increase
slows down when there are fewer people to adopt the idea
(Kadushin, 2012).

Epidemiology diffusions should be distinguished from
social diffusions. Social influence and social diffusion exist
in different forms, and the term means that at the social level
something has been transmitted through social contacts, for
example through influence, or persuasion to buy something, or
to influence opinions in a certain way. Epidemiology or biol-
ogy diffusions refer to the spread of diseases or health risks.
Social network analysis also appears a useful method to inves-
tigate the contagion among people (see Kadushin, 2012).

3 Technical Outline of Social Network
Analysis for MMR

Defining Research Questions at Different
Levels of Analysis

Social network research questions differ from commonly used
research questions in that we are not interested in only personal
perceptions or characteristics but in the actual social relation-
ships. Social networks can be either the independent variable
or the dependent variable. When social networks are investi-
gated as an independent variable, social network theory can be
used to explain or predict certain outcomes, such as individual
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performance or organizational benefits. When social networks
are investigated as a dependent variable, individual or group
characteristics, behaviors, or attitudes can be used to explain
social structures (Borgatti et al., 2013). Here are examples
of research questions at different levels: (1) Do students who
have higher grades have more friends? (actor level, social net-
work as a dependent variable); (2) Are students who sit next to
each other more likely to become friends? (dyad level, social
network as a dependent variable); (3) Do well-connected net-
works tend to spread information faster? (network level, social
network as an independent variable).

Defining the Network

Before we can measure and analyze a network, we need to
define what the network actually is—the so-called boundary-
decision (Laumann, Marsden, & Prensky, 1983; S. S. Smith,
2013). Based on the definition of networks given above, this
means that we need to define who the actors are (e.g., pupils
within a classroom, any people in a region) and what the focal
type of the relationship is (e.g., trade between countries, inti-
mate relationships among teenagers, seeking feedback among
employees). In other words, we need to define the boundary of
the set of actors (nodes), which allows researchers to investi-
gate a specific population. The boundary of members in a net-
work is commonly contrasted with non-members and defined
based on the frequency of interactions (e.g., pupils in a class)
or the strength of the relationships (e.g., family or friendship;
Wasserman & Faust, 1994). There are two approaches to this
question (Smith, 2013): the nominalist and the realist way.
The nominalist approach is theory-driven: Based on theoreti-
cal considerations, the researcher defines who or what is to be
considered in the network. For example, when researching
the development of occupational expertise we might want to
focus on an employee’s relationship with colleagues and not
with friends and other emotional contacts outside the company
or field of occupation (Froehlich, 2015; Froehlich, Beausaert,
Segers, & Gerken, 2014). Conversely, the realist approach
considers the network and its boundaries as perceived by the
actors themselves. This openness on the side of the researcher
may lead to unexpected findings, such as Granovetter’s (1973)
discovery that often the “weak ties” (in terms of emotional
intensity, time spent with each other, reciprocal service, and
intimacy) are more important than “strong ties,” for instance,
when getting a job via one’s network.

Many network studies include social entities or communi-
ties of a manageable size, for example neighborhoods, clubs,
or classrooms. Most often, these networks have a plain bound-
ary of actor sets. When the network can be clearly defined,
sociometric (full network) and egocentric measures are appro-
priate for making inferences about the population of networks.
Sometimes the boundaries of the network are not as clearly
defined or it is not possible to include all actors. In this case,
a sample can be taken from the larger population. This can
be done by snowball or chain sampling, which is a non-prob-
abilistic sampling technique. It starts with the report of a key
actor about the actors with whom they have a certain connec-
tion. This will be continued by approaching the actor’s con-
nections, and so on, up to several waves; for example, there
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have been studies of the connections of gang members (Borgatti
et al., 2013; Wasserman & Faust, 1994).

Collecting Data

A large number of social network studies use different meth-
ods for data collection, either quantitative or qualitative or both
(cf. Froehlich, 2020a). The diversity of data collection meth-
ods applied in social network research varies from text analy-
sis to contact diaries for collecting data about ego networks.
Researchers can investigate the type of ties, the strength of the
ties, the frequency of interactions, and also information about
the actors’ personal attributes (Wasserman & Faust, 1994).

When it comes to drawing samples, and collecting data,
another difference from traditional approaches exists. For socio-
centric network analysis to work as intended, a census of the
defined network is desirable. This emphasizes a high response-
rate of ideally above 80%, or even 90% (Wasserman & Faust,
1994). 1t is also important to highlight the ethical considerations
concerning SNA data collection. Since we are mostly interested
in some feature of a relationship between people, asking respon-
dents for evaluations of that other person’s or their joint rela-
tionship is often required (even if the other party does not take
part in the research!). These “third parties” may be affected by
the conclusions. Therefore, a thorough ethical review of the data
collection procedures and the potential implications for partici-
pants and third parties is a must.

For data collection, SNA is open to both qualitative and
quantitative methods. For quantitative data collection, socio-
metric questionnaires are the method used most often. These
questionnaires differ from psychometric questionnaires in so
far as they contain two separate parts. First, the researcher
needs to identify relevant alters that the ego has relationships
with. Second, more detailed information about these relation-
ships must be acquired. There are two prominent methods
for finding out about relevant alters. One can provide a list
of all potentially relevant persons; for example, all the pupils
in a class. This approach is usually referred to as the “roster
method,” as a full roster of relevant alters is provided to the
respondent. An alternative, and more open-ended, approach is
the “free recall” method, in which the respondents are asked
for names via a name-generator (Burt et al., 2012) or, more
abstractly, for relevant other positions the respondent has
been in contact with (position generator; see Van Der Gaag,
Snijders, & Flap, 2008). After providing or collecting rel-
evant other names or positions, the relationship to each alter
is specified through a so-called name interpreter question. For
instance, this could mean indicating the frequency of contact
for each alter. The number of alters to be enlisted may or may
not be limited by the researchers (Wasserman & Faust, 1994).

Data mining approaches (especially from online networks
such as Twitter) are gaining momentum (Barbier & Liu, 2011;
Srivastava, 2008). Also, other technologies may be used to
track relationships, such as electronic badges (Pentland &
Heibeck, 2010) or contact logs.

On the qualitative side, the method of concentric circles is a
popular approach to collecting data (Kahn & Antonucci, 1980).
Here, an interviewee (as the ego) is asked to place alters on
a map of concentric circles that represent closeness (or some
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FIGURE 19.2 Example of using the concentric circles method for quali-
tative data collection.

other defined feature) of the relationship. Information from the
interview can then be used to corroborate or aid the interpreta-
tion of the different positions. This process can be augmented
with software (Hollstein & Pfeffer, 2010).

As a qualitative approach to data collection, face-to-face
interviews are commonly used. This is a popular way to col-
lect ego network data (Froehlich, 2020b). The procedure is
similar to the sociometric questionnaire, in that name gener-
ating questions (e.g., “Who do you ask for advice when you
do not understand the study material?”’) are followed by name
interpreting questions (e.g., “Is this person older than you?”).

Another qualitative data-collection approach is observation,
which can be used to study small groups (Wasserman & Faust,
1994). The advantage of the observation approach is that it is
not necessary to rely on the memory of the interviewee or the
respondent. The researcher can simply observe who is inter-
acting with whom. However, the type of interaction should be
defined and coded as such. Another issue is that several inter-
actions can take place at the same time. Finally, diary data or
archiving data (e.g., newspapers, minutes of gatherings) can
also be used for collecting network data. An example is the use
of citations of scientific articles.

Analyzing the Data

Visual analysis plays an important role in SNA (Brandes,
Indlekofer, & Mader, 2012; Freeman, 2000). Indeed, an image
of a network often shows its distinct features very well and
offers a great basis for discussions with stakeholders. The
depicted positions and networks can also be expressed in more
quantitative terms—for example (Carrington, 2014; Schoch &
Brandes, 2016; Wasserman & Faust, 1994) density (the pro-
portion of actual connections to potential connections), geo-
desics (the shortest path between two actors), node centrality
(a measure of how well connected an actor is to the rest of
the network), or centralization (the overall consolidation of the
network).

Traditional inferential statistics are often not applicable in
SNA, since the data usually violates the assumption of inde-
pendent cases. Alternative descriptive statistics that can be
used are correlations and regressions using quadratic assign-
ment procedures (QAP; Dekker, Krackhardt, & Snijders, 2003;
Krackhardt, 1992). Also, for data synthesis across studies,
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specialized procedures exist (e.g., Krackhardt & Kilduff,
1999). Exponential random graph modeling (ERGM; Robins,
Pattison, Kalish, & Lusher, 2007) is another approach that
compares the features of an observed network (e.g., reciproc-
ity) with other potential instances of the same network. For
dynamic longitudinal networks, stochastic actor-based models
are most frequently used (Snijders et al., 2010).

The qualitative methods applied for data analysis are less
proprietary to SNA; “standard” qualitative methods are often
applicable. An example for an adapted qualitative method
is qualitative structural analysis (QSA; Herz, Peters, &
Truschkat, 2015), a “combination of the analytical perspec-
tive of structural analysis and analytical standards taken from
qualitative social research” (p. 1).

4 Empirical Demonstration of Social
Network Analysis for MMR

As an empirical demonstration, research performed using first-
year students at a university in the Netherlands is described
below (see Brouwer, Jansen, Flache, & Hofman, 2018). A
mixed methods SNA approach was used to combine the col-
lection and analysis of complete social networks with open-
ended questions.

Interactive small group learning approaches, such as learn-
ing communities, have been increasingly implemented at uni-
versities worldwide. A learning community is a group of about
twelve students who take the same courses. The rationale
behind learning communities is that students can collaborate
with each other, get to know each other easily, and learn from
each other through shared knowledge construction (Brouwer,
2017). In fact, the learning communities facilitate building a
new social peer network after the transition from high school
to university. There were two major research questions:

1. How do learning communities contribute to academic
help-relationships and friendship relationships?

2. How do students appreciate the learning communi-
ties in term of peer network formation?

Previous research investigated the benefits of learning commu-
nities for individual outcomes, such as academic performance
(Hotchkiss, Moore, & Pitts, 2006) and student satisfaction
(Zhao & Kuh, 2004), but learning communities were rarely
investigated from a social network perspective.

The sample included 95 first-year social sciences students
who were part of learning communities. The network bound-
ary was defined as the complete degree program, because
Brouwer et al. (2018) were interested in the students’ con-
tacts with their fellow students in their learning community
compared to their contacts outside their learning community.
Complete social network data were collected online at the end
of the first and at the end of the second semester (longitudinal
measurements). This means that students could nominate fel-
low students from the complete degree program. The names
of their learning community members were shown on a roster,
and students could add additional names from other learning
communities of the degree program.
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Each student was asked two social network questions that
were adapted from Van de Bunt (1999). The first item was, “I
ask this fellow student (name) for help when I do not under-
stand the study material?” The second question was, “What
kind of relationship do you have with (name)?” The questions
could indicate whether the students are best friends, friends,
possible friends, have a neutral relationship, or an unknown
relationship (you know only the other person’s name or face),
or even indicate not knowing the person at all. For the given
analysis, it was a technical requirement to dichotomize the
answer categories and indicate best friend, friend, and pos-
sible friend as one category (friends) and the other answer
categories as zero (not friends). An open question was asked
about the students’ opinion of learning communities and sug-
gestions for improvement at the end of the year and coded
these as a positive or negative evaluation. The other ques-
tion concerned the students’ perceived contribution of learn-
ing communities on relationship formation and the learning
process.

The social network data were analyzed descriptively for
the first research question regarding how learning communi-
ties contribute to network formation. The statistical network
statistics showed that the students had more relationships
with fellow students in their learning community compared
to students outside the learning community. The density of
seeking help in friendship networks, which is the ratio of the
actual relationships divided by the possible relationships, was
ten times higher in the learning communities than outside the
learning communities. The degree centrality (the number of
an actor’s ties) indicated that students asked on average two to
three students for help from their learning community in the
first semester, which decreased in the second semester. In the
second semester, students asked relatively more students out-
side their learning community for help. The same held true for
friendship, but the decrease in the number of friendships in the
learning communities was less strong than in the help-seeking
network. The graphs of the results showed that learning com-
munities formed dense subgroups in the degree program, par-
ticularly in the first semester. Evidence for this came from the
qualitative analysis (the second research question): Students
indicated that they found learning communities helpful for
building relationships with their peers, mentioning that they
get to know each other easily in this safe environment.

This example shows the contribution of an analysis of com-
plete social networks using a mixed methods design. Social
networks were analyzed descriptively and based on graphical
presentations. The open-ended question was added to inves-
tigate the students’ opinions in addition to what we learned
about in the social network structure.

5 Suggested Applications of Social
Network Analysis in MMR

SNA and its focus on relationships and structures has helped
advance science in many fields. It also lends itself very well to
more applied research projects to drive change on a local level.
This is especially true for SNA’s capability to produce network
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charts that can mostly be understood intuitively by the partici-
pants (see Technical Outline in this chapter).

6 Strengths and Limitations of Social
Network Analysis in MMR

Despite the strength of social network data and analysis, we
need to also consider some limitations of the resulting data.
First of all, let us consider the reliability of the data. Social
network data can change rapidly, because social relationships
are often volatile. However, some social network questions
lead to more reliable results than others. In SNA, the mutual
or reciprocal ties are more reliable when the two actors of
this specific relationship perceive the relationship similarly.
Reciprocated ties occur more often in close relationships, such
as friendships. This means that social network measures tend
to be more reliable in close networks with reciprocated ties
(Marsden & Campbell, 1984). The same holds true for the
questions about close ties, because in close connections recip-
rocated ties exist more often (Wasserman & Faust, 1994).

Another limitation of social networks is missing data. The
most common problem is that a possible respondent does not
participate in the study even though he or she belongs to the
target population. Such missing values can make the network
seems less connected and dense than it actually is. When cen-
tral persons in the network are missing, it is even more prob-
lematic (Smith & Moody, 2013; Smith, Moody, & Morgan,
2017). In sum, the data collected for sociometric network anal-
ysis must be very inclusive regarding achieving large samples
and high response rates. For certain populations, this may not
be feasible.

The theoretical definition of a network—a set of nodes and
edges—is straightforward. However, applying this thought to
(research) practice triggers a host of open questions, and most
prominently the boundary specification problem (Laumann
et al., 1983). Basically, the boundary question is what is in the
network and what is not (which is discussed in the technical
outline of SNA in this chapter).

A problem commonly identified in MMR is the (mixed)
competencies required by the researchers (cf. Onwuegbuzie &
Hitchcock, 2015; Froehlich, Mamas, & Schneider, 2020). This
problem can be aggravated when applying mixed approaches
to SNA, as the quantitative methods are—compared to “stan-
dard” statistics—even more sophisticated. This, and the fact
that few researchers get formal training in the field of SNA
early in their career, results in a steep learning curve that may
be difficult to master along with a diffuse set of interests and
learning goals. Being acquainted with the quantitative side of
SNA, however, can be very important, at least for academ-
ics, as the field is very much driven by quantitative analyses
(Hollstein, 2014). Qualitative approaches have existed from
the beginning of SNA, and—also thanks to the massive
amount of data available online (e.g., Twitter networks)—there
has been an emphasis on quantitative methods to conduct SNA
research.

Anonymity is important in social science research, but
in full network designs it is hard to guarantee anonymity.
Although cover names can be used, in full network designs
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it is necessary that the actors be identified. In this case, the
researcher needs to promise and maintain confidentiality.

Another problem occurs when a person who should be part
of the sample is not willing to participate. Even if this actor
does not participate, he or she may still be nominated by other
actors. Deleting this specific actor leads also to ethical con-
cerns, because the data are not representative of the population
under study anymore and, therefore, the study becomes biased
and of lower quality.

Data visualization is often applied and informative.
However, a researcher needs to take care that the actors in the
graphs cannot be traced to the specific individuals, for exam-
ple by limiting the background information in the graph and
by making node labels invisible (Borgatti et al., 2013). Merely
deleting the names is not enough, as the social structures often
make it easy for “insiders” to reveal identities (Palonen &
Froehlich, 2020).

7 Resources for Learning More About
Social Network Analysis

Associations, Conferences, Journals

The International Network for Social Network Analysis
(INSNA, 2017) is the largest association for social network
analysts. It organizes annual, method-focused conferences
around the globe—including the international Sunbelt confer-
ence and also more local conferences, such as the European
Conference on Social Networks (EUSN)—and promotes dedi-
cated journals such as Connections and Social Networks. For
the purpose of learning more about SNA, the SOCNET list-
serv hosted by INSNA is an excellent resource.

Important Texts

Borgatti et al. (2009) have written an important introduc-
tory article about SNA in the social sciences. The book by
Wasserman and Faust (1994) is a very complete classic on SNA.
Borgatti, Everett, and Johnson (2013), Crossley et al. (2015),
and Scott (2000) are important textbooks for (application ori-
ented) social network analysis. Freeman (2004) sketches the
development of SNA from a historical perspective. The books
by Dominguez and Hollstein (2014) and Froehlich, Rehm
and Rienties (2020b) zero in on mixed methods approaches
to SNA. As previously mentioned, SNA comes not only with
tools for analysis, but also has a strong theoretical foundation
of its own. To learn more about theories of networks, the texts
of Monge and Contractor (2003) are important starting points.

Software

A host of different software packages exist to aid in the con-
duct of social network analysis. One of the most popular
stand-alone applications is probably UCINet and its integrated
visualization software Netdraw (Borgatti, Everett, & Freeman,
2002). Also, R packages and Python libraries exist for analy-
ses and visualization work—statnet (Karlsson, 2006) and
igraph (Csardi & Nepusz, 2006) are often used. In addition
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to these rather general applications, specialized software, for
example for longitudinal analysis, exist (e.g., SIENA by Ripley,
Boitmanis, & Snijders, 2015). Mixed approaches to SNA may
not require the emphasis on analysis that all of the mentioned
programs have; more visualization oriented software packages
like Gephi (Bastian, Heymann, & Jacomy, 2009) or visone
(Brandes & Wagner, 2004) are easy to learn alternatives.

A more complete and in-depth overview of software packages
in the field of SNA is provided by (Huisman & Van Duijn, 2005).
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