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Abstract
Thematic analysis of personal networks involves identifying regularities in network structure and content,
and grouping networks into types/clusters, to allow for a holistic understanding of social complexities.
We propose an inductive approach to network thematic analysis, applying the learnings from qualitative
coding, fused mixed-methods analysis, and typology development. It involves framing (changing focus
by magnifying, aggregating, and graphical configuration), pattern detection (identification of underlying
dimensions, sorting, and clustering), labeling, and triangulating (confirmation and fine-tuning using quan-
titative and qualitative approaches); applied repeatedly and emergently. We describe this approach utilized
in two cases of studying support networks of caregivers.
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1. Introduction
Studying personal (egocentric) networks can provide important insights into the patterns and
dynamics of social relations from the viewpoint of network actors. Similar to whole network
(sociocentric) analysis, various structural measures have been developed to describe the compo-
sition of personal networks, while no single variable can sufficiently explain the complexity of
social relations. This complexity results in the formation of patterns that can be better understood
using a holistic approach. A pattern-centered approach to analyzing personal social networks (as
opposed to a variable-centered approach) allows for simultaneous assessment of several variables
and their complex relations (Antonucci et al., 2010). This process involves identifying patterns or
themes that can explain similarities and differences across individual networks and then grouping
networks into types based on similarities in structural and individual attributes.

A common pattern-centered approach to identify themes that classify and describe social
networks is the development of network typologies. Through the process of developing a typol-
ogy, social elements are classified into groups in which the elements share similar attributes.
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Developing typologies helps define complex concepts, explain underlying dimensions, and cre-
ate categories for sorting, comparing, and testing hypotheses (Collier et al., 2012). Development
of network typology reveals the underlying rules or forces that influence the formation of individ-
ual networks and makes the comparison between networks, societies, and time periods possible
(Giannella & Fischer, 2016). Comparison of network types across contexts, cultures, and relations
will show common and unique social dynamics that drive observed patterns. Since the inception
of network theories, scholars tried to classify networks into groups and types (Simmel, 1955), and
as discussed below, over the years, used a host of quantitative, qualitative, and mixed-methods
techniques to develop typologies of personal networks.

Wellman & Potter (1999) drew attention to the under-explored notion of network typology.
More recently, in their seminal book on egocentric network analysis, Perry et al. (2018) pointed

to the renewed need to return to studying network typologies. They argue that the recent shift
from prioritizing overall patterns and big pictures to a more microscopic approach—using sin-
gle measures of network structure—does not adequately capture the holistic patterns in social
networks. This paper is a response to these calls; it is motivated by our experience with fused
mixed-methods designs (Bazeley & Kemp, 2012), and our previously published argument that
network analysis is by nature a fused mixed-methods approach (Yousefi Nooraie et al., 2020). In
this manuscript, we review the current approaches to developing personal network typologies and
propose a novel, fusedmixed-methods approach to developing network typologies. Using two case
studies, we apply our proposed approach to thematic analysis of personal networks in two rele-
vant yet unique contexts of studying personal networks of caregivers of children with obesity and
caregivers to individuals with severe mental illness. Both cases illustrate caregivers’ social support
networks within two distinct cultural and health-related contexts characterized by different social
structures and dynamics.

2. Efforts on typifying personal networks
Efforts to classify personal networks could be grouped into attribute-based and structural
approaches (Bidart et al., 2018). Attribute-based typologies categorize networks based on the
frequency of characteristics of network actors or relationships, such as the frequency of demo-
graphics (e.g. gender) or relationships (e.g. family-dominant networks or dominance of personal
supportive ties). Structural categorization is about classifying personal networks based on their
structural and network compositions, either overall (such as star-shaped or segregated, dense,
or dispersed) or based on the structural characteristics of certain actors (such as existence of
central or boundary spanner actors). As explained below, researchers often use a mix of attribute-
based and structural categorizations to develop typologies, using quantitative, qualitative, and
mixed-methods approaches.

2.1 Quantitative approaches
Cluster analysis algorithms have been used to group personal networks into types (Antonucci
et al., 2010), varying from simpler cluster analysis techniques to more complex such as latent class
analysis (LCA) or random forest technique.

2.1.1 Attribute-based approaches
Some scholars used clustering techniques to develop typologies using attribute-based approaches.
Agneessens et al. (2006) used LCA to classify 620 personal networks based on the type of sup-
port the respondents expected from different roles of their network actors. For example, they
distinguished between networks in which the respondents expected companionship vs. when
the respondents expected both companionship and emotional and/or instrumental support.
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Doeven-Eggens et al. (2008) used LCA to identify classes of 1,835 networks of university stu-
dents based on the existence of various roles in their social networks (partner, parent, sibling,
colleagues, friends, etc.) and identified three classes: primarily family, primarily peers, and mixed
family/peers. Giannella & Fischer (2016) used 43 variables (mostly attributes of the network actors,
in addition to network density as the structural variable) from a large survey of personal net-
works. They applied a random forest technique to identify combinations of variables that best
characterize particular subsets of personal networks of 1,050 individuals. After a multistep pro-
cess of statistical optimization as well as relying on their “own substantive interpretation of the
variable groupings” (p: 17), they ended up combining 21 variables into 7 composite dimensions
(only including the attribute-based variables) that could describe the differences among personal
networks, such as interaction with non-kin, proximity to kin, and overall involvement with and
support from kin. Based on variables, they clustered personal networks into 11 types, includ-
ingCareer-and-Friends, Family-and-Community, Family-Only,Untethered, Energetic,Withdrawn,
and Home-and-Church.

2.1.2 Structural approaches
Similar clustering techniques were also used to develop typologies using structural approaches.
Lubbers et al. (2007) used k-means cluster analysis of standardized network structural measures
(such as density, centralization, and number of cohesive subgraphs) of egocentric networks of
294 immigrants and explored solutions with different number of clusters. A five-cluster solution
included scarce, dense family, multiple subgroups, two world’s connected, and embedded networks.
However, they did not clarify the process of labeling clusters. Brandes et al. (2010, 2011) stud-
ied the social networks of 504 immigrants and developed a typology based on the frequency of
relationships within and across groups of network actors. They partitioned actors in each per-
sonal network into: in the origin country; from the origin country that also immigrated; in the
host country; and others). They tried to identify structurally similar personal networks based on
the size of partitions and their relationship, using cluster analysis, and interpreted the clusters in
light of modes of acculturation in immigrants. They labeled clusters based on the overall patterns,
such as strong separation, well-integrated, and assimilated. More recently, Vacca (2019) compared
a subgroup-based method (community detection algorithm followed by typology detection using
cluster analysis) vs. using cluster analysis on six predetermined structural measures. Applying
2 techniques on 6 datasets of 1,061 personal networks showed different results, revealing vary-
ing aspects of personal relations. He suggested guiding the typology methods by “theoretical
considerations and substantive research applications” (p: 22).

In summary, scholars used various quantitative clustering algorithms to classify larger sets of
personal networks based on structural- and attribute-based approaches. However, even in quanti-
tative approaches, the statistical techniques were applied in subjective and inductive styles, which
were not fully elaborated in most studies. Examples of this subjectivity include the process of
developing the original list of variables, choosing the final variables from the initial list, poten-
tial development of composite variables and dimensions, the choice of clustering techniques, and
labeling the resulting clusters and dimensions. We will explain howmany of these processes could
be informed by thematic analysis frameworks and techniques.

2.2 Qualitative approaches
Takahashi et al. (1997) qualitatively classified networks of 108 older people into several groups
based on the existence of a dominant figure in the networks including family-dominant, friend-
dominant, and lone wolf. Wenger (1991) in a series of qualitative studies identified impor-
tant factors to classify personal networks in older persons: the proximity of close kin, the
proportion of family/fiends/neighbors, and the level of interaction between the individual and
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family/fiends/neighbors. Based on these factors, she classified personal support networks into:
family-dependent (close relation with kin, usually based on shared household); locally inte-
grated (close relation with family, friends, and neighbors, usually based on long-term residence
and community involvement); locally self-contained (arm length relations, household lifestyle,
and minimal community involvement); wider community-focused (active relationship with dis-
tant relatives, generally involved in community organizations, usually no local kin); and private
restricted (minimal contacts). She developed an eight-item Practitioner Assessment of Network
Type (PANT) questionnaire to assign individuals to the five network types, which has been cross-
validated in other contexts (Szabo et al., 2016). Morris et al. (2016) studied the personal networks
of 30 individuals with long-term conditions. They applied a qualitative approach and devel-
oped network types by “combining the network composition and the narrative descriptions of
the meanings that participants ascribed to relationships within their network” (p: 1048). They
classified networks into friend-focused, family-focused, and health care professional-focused types.

Even though these studies explicitly identified network maps as qualitative data, none elabo-
rated on the qualitative process of integrating network composition and narratives, or the process
of coding, clustering, and identifying network types.

2.3 Mixed-methods approaches
There have been efforts to develop typology of personal networks by mixing qualitative and quan-
titative data. McCarty (2002) made one of the first efforts to develop a typology, by clustering the
members of personal networks using a mixed-methods approach. He collected comprehensive
information about personal networks from 45 individuals, each identified 60 network members,
and then commented on the quality of relationship between all possible pairs. For each personal
network, he conducted separate cluster analysis to group network actors, and calculated network
structural measures such as density and various centrality measures. He then performed a “sub-
jective exercise” “to determine why the members of the cluster would know each other” (pp:
13–14), by interpreting the structural- and attribute-based variables together. After coding 45 sets
of clusters, he developed 12 major categories of individuals in personal networks: family; work
together; network via other person; couples; school together; neighbors; social group; issue-oriented
group; hobby group; religious affiliations; childhood; and housemates. He validated those clusters
by member-checking with a small sample of respondents. Bidart et al. (2018) developed a mostly
structural typology of personal networks. They applied amultistep andmixed-methods procedure
on 287 personal networks from a longitudinal study. They developed a graphical presentation of
networks by initially classifying networks by visual inspection (“the network looks like this, differs
from that” [p: 5]) and then identifying the distinguishing factors qualitatively. During this process,
they “trusted both [their] eyes and [their] knowledge of ‘sociologically relevant’ indicators” (p: 5).
This process led to six prominent types of networks: regular dense (a densely connected network);
centered dense (similar to previous with the addition of a central network actor); centered star
(a centered network with loosely connected periphery); segmented (several relatively large and
dense components and some isolated points); pearl collar (an elongated network with long chain
of ties); and dispersed (fragmented into small groups and isolated individuals). The main distin-
guishing structural indicators that led to this clustering were density, betweenness centralization,
segmentation, and diameter. Then, they performed a discriminant analysis to identify structural
indicators that best classified personal networks into the typical networks at each of the six
clusters.

The twomixed-methods studies used quantitative data obtained through clustering techniques
to inform a holistic and subjective analysis of network patterns. However, they did not provide
replicable details about the holistic analysis and the integration of quantitative and qualitative
findings.

https://doi.org/10.1017/nws.2021.4 Published online by Cambridge University Press

https://doi.org/10.1017/nws.2021.4


240 R. Yousefi Nooraie et al.

2.4 The need for a fusedmixed-methods typology development
Quantitative approaches have been mostly used to analyze larger networks, and many quantita-
tive methods of classification of personal networks have been applied to personal networks that
included 45 or more actors (Lubbers et al., 2007; McCarty, 2002). Clustering techniques such as
LCA require large sample size and are especially suitable for identifying underlying dimensions
and clusters in at least a few hundred personal networks (Gudicha et al., 2016). In smaller net-
works, statistical analyses are less informative. Additionally, in the majority of the quantitative
clustering approaches, a list of attributes and structural measures were used. Even though most
of these items were chosen based on theoretical and empirical relevance, the clustering technique
itself was a stochastic algorithm that did not account for the underlying meanings and mecha-
nisms. The qualitative approaches, on the other hand, have not been clear in terms of the actual
process of analyzing and clustering personal networks. The few published mixed-methods stud-
ies have tried to overcome the limitations of quantitative clustering by applying complementary
qualitative analysis. They recognized the need for a more intimate dialog between quantitative
clustering and the subjective, inductive, and iterative process of meaning-making, as reflected by
Bidart et al. (2018) referring to the process as “subjective exercise” requiring “trust[ing] both our
eyes and our knowledge.”

Consistent with other scholars, we believe that exploratory clustering algorithms, despite their
quantitative appearance, involve several features of qualitative research such as the inductive and
iterative nature of the analysis, the subjective/narrative process of choosing and refining variables,
and the labeling of resultant clusters and dimensions (Jaworska & Chupetlovska-Anastasova,
2009; Teddlie & Tashakkori, 2009). Yousefi Nooraie et al. (2020) argued that social network
analysis is a fitting example of fused mixed-methods analysis, in which the boundaries between
quantitative and qualitative data and approaches are blurred. The mix of quantitative and qualita-
tive approaches happen while choosing analytical techniques and network indicators (e.g. which
centrality measure is relevant?), qualitative interpretation of data in graphs (e.g. what does the
graph show about the social structures and dynamics?), and transformation of numerical output
into meanings (e.g. labeling networks, regions, and actors based on their characteristics). In all
these processes, meanings and narrative interpretations are closely interwoven with the quantita-
tive measures. We extend this argument and propose that the pattern-centered analysis of social
networks (e.g. typology development), even in its purely quantitative forms, is another fitting
example of fused mixed-methods analysis.

We believe that pattern-centered analysis of networks can benefit from relevant traditions
in other disciplines. The process of extracting meaning from the structural patterns in social
networks in many occasions resembles various qualitative coding strategies (Saldaňa, 2016).
Particularly, methods for the development of personal network typologies can benefit from other
typology development frameworks. For example, the method proposed by Kluge (2000) for the
development of empirically grounded typologies in qualitative research suggested a four-step
approach of: developing dimensions; developing combination matrices for various attributes and
assigning cases to various combination groups; selecting meaningful relationships and combina-
tions; and describing resulting groups/types. We will discuss the proposed fused mixed-methods
approach and will explain how some techniques resemble qualitative coding and thematic
analysis, and transformation of codes into categories and concepts (Chowdhury, 2015).

3. Proposedmethod
Here we propose an inductive and exploratory thematic analysis of structural and attribute-
based patterns in personal networks. The proposed process involves techniques that we found
potentially useful in the process of meaning-making of network patterns, which may be applied
repeatedly, emergently, and selectively. The four main phases of the process involve framing,
pattern detection, labeling, and triangulating (Figure 1):
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Figure 1. Schematic process of network thematic analysis. Icon credits: Dániel Aczél, Danil Polshin, Erik Arndt, Symbolon, Nun,
Yu luck, and Meaghan Hendricks.

3.1 Framing
Network maps are visual presentations of complex social structures and dynamics. The pro-
cess of framing is about directing the focus of attention to various aspects of this complexity.
Framing may involve magnification (focusing on parts of the network), adjusting the graphical
configuration (highlighting distances and distributions), and aggregating network actors/sections
(adjusting the unit of analysis). This process resembles the process of identifying the unit of qual-
itative coding, for example, in line-by-line vs. passages-level coding, or the distinction between
“splitting” and “lumping” (Bernard, 2013; Saldaňa, 2016). Some useful framing techniques include

• Magnification happens when the researcher adjusts the breadth and focus of the inspection.
One can inspect the overall structure of the networks from the bird’s eye view, studying the
overall shape and composition (e.g. how centralized or clustered the network is), or may
focus on certain individuals (e.g. how the spouse is located in the network in relation to ego
and others) or on social roles (e.g. how health care providers are located in relation to ego
and others).

• Aggregation happens when the network of individuals is collapsed based on social groups.
The network measures may include within- and across-group densities (e.g. how frequently
different groups communicate), and group centralities (which groups are more central). The
aggregated network provides a more abstract and less detailed picture of social relations.
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• Graphical configuration is the process of changing the algorithm for the graphical pre-
sentation of the network maps. The process may involve moving back and forth between
different force-directed layout algorithms (Venturini et al., 2019), concentric ego-network
charts (Tubaro et al., 2016), and using various colors, shapes, and sizes to make the net-
works more informative about the structural attributes of the network (e.g. coloring different
cohesive clusters, or sizing the nodes based on centralities), and individual and relational
attributes (e.g. coloring the nodes based on gender, or changing the thickness of ties based on
strength of relations).

3.2 Pattern detection
After framing the networks, the researcher tries to discover patterns. This process involves iden-
tification of dimensions against which the networks are distributed, and then two processes of
sorting and contrasting. Identifying dimensions could be based on the overall shape of the net-
work maps as well as their important and interesting features, which could be obtained from
literature and/or the researcher’s focus and interest. In prior studies, researchers have identified
abstract dimensions as a step toward the development of network typologies (Giannella & Fischer,
2016; Wellman & Potter, 1999) and highlighted that network typologies represent a continuum of
relationships with varying degrees (Morris et al., 2016). This process could bemapped onto several
qualitative coding methods (Saldaňa, 2016):

• Exploring the overall shapes of network maps resembles holistic coding.
• Using known network characteristics (such as density, reciprocity, star-shaped, core-
periphery, or segregated networks, etc.) resembles provisional coding which relies on a
predetermined list of characteristics.

• Identifying emergent features that were not in the initial lists resembles exploratory coding.
• Using nonnetwork features in the analysis, such as demographics or the position of inter-
esting individuals and clusters (such as the position of health care providers in relation to
others) resemble attribute coding and structural coding.

After identifying important dimensions (which itself is an iterative process), the researcher tries to
sort the networks along dimensional axes. Sorting begins with the identification of extreme cases
(two ends of the continuum) and typical cases (middle of the continuum). The other networks
are then sorted in relation to the extreme and typical cases. The extreme cases will be placed on
conceptual axes that help the sorting of the other networks that may display those patterns less
prominently or have features of more than one axis. The sorting process could happen across
several dimensions, and axes do not need to be placed perpendicularly. Contrasting is the process
of comparing the identified dimensions across groups of individuals, based on some variables of
interest. For example, we can compare the patterns in the support network of separated/divorced
individuals with the individuals that live with a partner or compare among different levels of
education, or various ethnicities.

After a few iterations of sorting and contrasting (and revising dimensions), the researchers
should see how various personal networks are clustered together in the multidimensional con-
ceptual space, with some clusters more distinct/visible than others. The process of identifying
clusters resembles axial coding and theoretical coding, which involve holistic observation of the
data (Saldaňa, 2016).

3.3 Labeling
At this phase, the detected patterns (either groups of personal networks or underlying dimensions)
are labeled based on distinct and meaningful characteristics. This process of forming narrative
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profiles from numbers and patterns resembles “qualitization” (Teddlie & Tashakkori, 2009). There
are several methods for labeling groups of data based on analytical characteristics, which include
the following:

• Average profiling: labeling based on average features. For example, a group of personal
networks could be labeled as “dense networks” if they show high average density.

• Comparative profiling: labeling based on the comparison of groups. For example, the relative
dominance of a social group could be used for labeling the type.

• Normative profiling: labeling based on comparing to a standard. For example, a network type
could be labeled based on the extent by which it resembles a star network.

• Holistic profiling: labeling based on overall impression. For example, a network could be
labeled as “strongly connected to health care providers” based on holistic judgment of
researchers based on the multiplicity of health care providers and/or the strength of ties to
them.

It is noteworthy that labels do not identify mutually exclusive aspects, and similar to thematic
analysis, “could overlap and converge into various hierarchical themes and categories.”

3.4 Triangulating
The thematic analysis of networks could be complemented by various quantitative and qualitative
techniques. For example, dimensions identified through the coding process could be compared to
a clustering algorithm, such as cluster analysis or LCA. As a member-checking process, qualitative
interviews could also corroborate the patterns and their labeling from the viewpoint of the actors
themselves. A group of raters can numerically score the networks based on the identified dimen-
sions. The resulting dimensions could also be used as variables in statistical models to study their
association with important individual characteristics (e.g. to assess if individuals with different
network features vary in their health behavior, access to resources, quality of life, etc.).

4. Two case studies
We applied this method in two studies of social networks: Case 1. Caregivers of children with
obesity in Canada; and Case 2. Caregivers of individuals with severe mental illnesses in Iran.
Caregiving, especially to patients with chronic and severe illnesses, is a life-changing career, which
imposes physical, mental, and financial burden on caregivers (Chang et al., 2010; Chappell & Reid,
2002). Caregiving happens in the context of social networks, involving family members, friends,
acquaintances, and sometimes paid care providers. Network members can reduce caregiver bur-
den by providing instrumental and emotional support or contribute to caregiver distress through
criticism, and stigmatization or by not providing support (Gresswell et al., 2018; Joyce et al., 2003).
The distress can negatively impact the quality of the relationship between the caregiver and the
person cared for as well as the broader social network around the caregiver. Studies in health care
settings have shown that caregiver distress has been shown to increase morbidity and mortality in
both in caregivers and patients (Schulz & Beach, 1999). Despite the importance of the notion of
caregiving and its inherently social nature, little is known about the structure of caregiver support
networks. It is also noteworthy that most caregiving studies focus on “main caregivers” (often the
spouse and/or parents) and miss the bigger picture and social nature of caregiving.

Caregivers’ decisions and behaviors are influenced and scrutinized by their social network, and
the structure of caregiver social networksmay provide clues about the embeddedness of caregiving
in social contexts (Roth, 2020). Existing network studies focus on variable-centered approaches
to analyze caregivers’ networks. Personal network size has been used frequently as a variable to
surrogate network structure. Some studies showed that larger size and kin-dominant network
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were associated with better care quality (Fast et al., 2004). However, there is some evidence that
size of the caregiver’s support network may increase caregiving burden (Gresswell et al., 2018).
The network size itself is affected by the duration of illness, and studies have shown the shrinkage
of social networks in chronic diseases, or mental and cognitive illnesses (Anderson et al., 1984).

Very few studies used pattern-centered approaches to analyze caregiver networks. Keating
& Dosman (2009) used the Statistics Canada 2002 General Social Survey on Aging and Social
Support data to develop a list of attribute-based indicators of caregivers’ network. They used
cluster analysis to group the networks into six clusters: children at home; spouse and children;
lone spouse; older diverse; close kin and friends; and younger diverse. They highlighted the role of
spouses and close kin as the main sources of bonding social capital, while friends could facilitate
access to formal care and other resources. Bijnsdorp et al. (2019) used LCA to develop a typology
of caregiving network of older adults and identified four types: partner network, mixed network,
private network, and professional network. Neither of these studies assessed the structural aspects
of social networks.

Little is known about the structural patterns of caregivers’ embeddedness in social networks,
and how the structure and composition of social networks may affect the caregiving process and
caregivers’ well-being.

4.1 Case 1: Social Networks of Caregivers of children with obesity participating in a pediatric
weight management program in Canada

This mixed-methods study of social networks of parents of children with obesity participating
in a pediatric weight management program aimed to investigate the structure and composition
of support networks of parents, and their association with health behavior and perceived social
influence. We conducted 22 semi-structured interviews with caregivers of children with obesity,
who participated in a weight management program at TrilliumHealth Partners, Ontario, Canada.
The demographic characteristics of study sample are provided in Table 1.

In an assisted process, the interviewees identified individuals who influenced their family’s
ideas of health and wellness and then distributed them on a network chart, depending on their
social roles (family at home, family outside home, friends, colleagues and/or neighbors, health
care providers, and others) and frequency of communication. The interviewees then drew lines
between nodes who knew each other.

4.1.1 Framing
We used a force-directed algorithm to configure actors in personal networks, with different colors
representing various social circles (adjusting the graphical configuration).

4.1.2 Pattern detection
We visually inspected the networks and identified extreme cases that showed prominent/distinct
structural patterns (such as Figure 2(a) that resembles a high-density all-connected network, or
Figure 2(b) that resembles a star). After a few rounds of sorting and clustering, we came to the
conclusion that, perhaps instead of clustering networks, it would be more reasonable to identify
dimensional axes representing specific features of networks, since many networks in the collection
had features resembling more than one cluster.

4.1.3 Labeling
We defined the following dimensions representing network features:

• Cohesiveness: High score is represented by a network which is shaped by a dominant well-
connected circle of support, mostly including family and others who are also well connected
to the family (example: Figure 2(a)).
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Table 1. Demographics of participants in Case 1 and Case 2

Case 1: Caregivers to children participat-
ing in a weight management program
(n= 22)

Case 2: Caregivers to patientswith severe
mental illness (n= 28)

Place Ontario, Canada Tehran, Iran
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Setting Outpatient clinic Inpatient psychiatry hospital
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Gender (female, %) 20 (91%) 16 (60%)
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Post-secondary education 18 (81%) 10 (37%)
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Mean (SD) age Not collected 47(11) years; min = 19, max = 63
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Relation to patient Parent: 100% Mother: 37%
Spouse: 26%
Sibling: 22%
Child: 11%
Father: 4%

.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Marital status Married or domestic partner: 18 (81%) Married: 19 (70%)
Divorced or separated: 3 (14%) Single: 5 (19%)
Widowed: 1 (5%) Widowed: 2 (7%)

Divorced: 1 (4%)
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Characteristics of care recipients Children aged 2–17 years old with a body
mass index in the percentile range for
“obesity.”

Schizophrenia: 13 (50%)
Bipolar mood disorder: 9 (35%)
Schizo-affective: 4 (15%)
Mean (SD) age: 41(13) years
Mean (SD) disease duration: 20(10) years
Female (%): 18 (66%)

(a) (b)

(c) (d)

Figure 2. Examples of extreme networks along the four dimensions in Case 1. (a) High cohesiveness; (b) network resembling
a star and existence of a core; (c) network with high clustering; (d) existence of a core. Black square: ego; red: family at home;
blue: family outside home; black: friends; white: colleagues/neighbors; green: health care providers.

• Resemblance to star: Networks that score high have actors that are connected primarily to
the ego or network core, with limited connections to one another (example: Figure 2(b)).

• Clustering: Networks that score high have distinct clusters with limited or no bridging ties
(example: Figure 2(c)).
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Community

star

Separate circles

Figure 3. Multidimensional scaling of the scores to
the four dimensions in Case 1. The numbers repre-
sent individual networks.

• Existence of a core:High score is represented by a network that has an actor or a few actors at
the center who are highly connected to one another and the rest of the network. Usually, the
core member was the spouse or partner. If you were to remove the ego, the network would
remain largely intact due to the remaining core members (examples: Figure 2(a), (b) and (d)).

4.1.4 Triangulation
In order to see how much of the variability between the networks could be explained by these
four dimensions, three authors visually inspected the graphical configurations of each personal
network and separately scored (from 1 to 5) the extent to which each network represented the
features of each dimensions, based on their subjective evaluation. We discussed and resolved
disagreements, which resulted in some modification in defining dimensions. We used the four-
dimensional scores of the 22 networks in a multidimensional scaling (MDS) process. MDS is
a statistical technique that aims to provide a visual representation of the pattern of similarities
among a set of objects by transforming score similarities to a proximity matrix and trying to
fit the objects on a surface to best represent that matrix (Jaworska & Chupetlovska-Anastasova,
2009; Teddlie & Tashakkori, 2009). The MDS process distributed networks in a two-dimensional
map, where the networks closer to each other had more similar features (Figure 3). We visually
inspected the MDS map and labeled three distinguishable clusters as community, separate circles,
and star. The “existence of a core” dimension did not result in a separate cluster, since networks
that scored high on that axis were divided between community and star clusters. Networks with
average scores on multiple axes located at the center of the map.

In summary, we followed the process of framing, pattern detection, labeling, and triangulating
in an iterative and emergent manner. The analysis resulted in four dimensions and three distinct
clusters of networks. Many networks represented features of multiple clusters. The dimensional
scores identified in this analysis were used in a subsequent regression analysis to assess their asso-
ciation with the scores of social influence between ego and alters (under review). We found that
alters were more likely to influence ego’s healthy behavior in a network that resembled a star and
less likely to influence ego in a network with a core member. We concluded that tightly knit rela-
tion to core member (e.g. spouse) potentially buffers the influence of other alters on ego, while
people with star network selectively choose their diverse network members to address certain
needs, while do not have access to the buffering network of close ties.
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4.2 Case 2: Social Networks of Caregivers to individuals with severe mental illness in Iran
This mixed-methods study aimed to explore the structure and dynamics of social support to
caregivers of individuals with severe mental illness (schizophrenia, bipolar mood disorder, and
schizo-affective disorder). Twenty-eight semi-structured interviews were carried out with primary
caregivers of adults who were hospitalized for schizophrenia or bipolar disorder at an educational
psychiatry hospital in Tehran, Iran. The demographic characteristics of study sample are provided
in Table 1.

The caregivers were assisted in completing a network chart of individuals who supported them
in providing care and the connections between these individuals. After an initial review of inter-
views and network charts, we realized that the personal support networks in this context were
considerably smaller than Case 1 and were mostly dominated by the family members. We learned
in qualitative interviews that the caregivers were particularly hesitant to form relationships out-
side of their family due to fear of being stigmatized by others, or reported unsuccessful experiences
of prior connections, hence confined themselves with the immediate support groups.

4.2.1 Framing
Given the smaller size of the networks, we took a different approach to framing. Instead of explor-
ing the individual-level networks, we aggregated the network actors into social roles: family at
home, family outside home, friends, colleagues and/or neighbors, health care providers, and oth-
ers. In the aggregated networks, each social role was represented by an arrow radiating from ego,
with the thickness characterized the frequency and strength of connections at each slice.

4.2.2 Pattern detection
We used sorting and contrasting to detect patterns in aggregated networks. Similar to Case 1, we
focused on identifying dimensions explaining the variability among aggregated maps, as networks
represented several overlapping features, making them difficult to cluster.

4.2.3 Labeling
We identified and labeled the following dimensional axes:

• Multiplicity of social roles: a high score representing a network in which the ego was
connected to various social roles (example: Figure 4(a) and (d))

• Dominance of family: a high score representing a network in which the family is the only or
the most important source of social support (examples: Figure 4(b), (c) and (d))

• Connectivity between social groups: a high score representing a network in which various
groups all strongly connected (examples: Figure 4(b), (c) and (d))

• Overall strength of relations: a high score representing a network with strong relations
between respondent (ego) and network actors (examples: Figure 4(c) and (d))

• Importance of health care providers: a high score representing a network in which health
care provider role was important and also strongly connected to other roles (examples:
Figure 4(c) and (d))

4.2.4 Triangulation
Similar to Case 1, three authors scored (1 to 5) the original individual-level networks along the five
axes and discussed the disagreements. Figure 5 shows the MDS map of the agreed-upon scores,
with labeling of various regions. We divided the map into main regions representing networks
with weaker connections (left) or networks with a family-dominant feature (family as the only or
main provider of the support). The weaker connections networks included diverse social roles (the
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(a) (b)

(c) (d)

Figure 4. Examples of networks and their aggregated forms in Case 2. For each network, leftmap shows the actual presenta-
tion of network chart as developed by participant; rightmap shows the aggregatedmap based on social groups, with arrows
representing the frequency and strength of connections between each social group and ego. (a) Multiplicity of social roles;
(b) family dominance and connected social groups; (c) family dominance, connected social groups, strength of relations,
importance of health care providers; (d) multiplicity of social roles, family dominance, connected social groups, strength of
relations, and importance of health care providers.

Figure 5. Multidimensional scaling of the scores to
the five dimensions in Case 2. The numbers represent
individual networks.

presence of family, friends, colleagues, etc.) or networks including very small number of actors
(such as network #18 in Figure 5 that only included one doctor). The family-dominant region was
divided into three main sections: family-dominant networks with strong ties (bottom), family-
dominant networks with existence of diverse social roles (middle), and family-dominant networks
with a strong connection to health care providers.

In summary, in this case, we used a different approach for framing the networks but followed
the general procedure of pattern detection, labeling, and triangulating. Again, dimensional axes
and network clusters provided overlapping but not redundant information about the variability of
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networks. We used the network dimensions in a subsequent qualitative analysis (in-progress), in
which we developed the relationship of family dominance and importance of health care providers
with themes related to stigma and caregiving burden. Our preliminary findings implied that the
family dominance (especially when the caregiver is a mother) exacerbated the burden, despite
our expectations of stronger support in tightly knit family networks, since the caregiver hesitated
sharing the burden with other family members, while still being stigmatized within the family.

5. Discussion
We proposed a four-step approach for thematic analysis of egocentric networks, applying the
learnings from qualitative coding, fused mixed-methods approaches, and typology development,
while appreciating and recognizing the iterative, inductive, and mixed-methods nature of the
process. The four-step approach involves framing (changing focus by magnifying, aggregating,
and graphical configuration), pattern detection (identification of underlying dimensions, sorting,
and clustering), labeling, and triangulating (confirmation and fine-tuning using quantitative and
qualitative approaches). We demonstrated how these methods should be applied repeatedly and
emergently. This approach provides a systematic framework to gain insight to personal network
patterns.

The proposed method has common features with qualitative analysis of graphics. Scholars
explored analyzing pictures and artistic artifacts as qualitative data (Saldaňa, 2016) and proposed
semiotic analysis frameworks (to decipher meanings behind communicated signs) for qualitative
coding of images (Gibson & Brown, 2009; Grbich, 2013). While overlapping with qualitative anal-
ysis of images and artistic artifacts, the thematic analysis of personal networks has some special
features that make it suitable fused mixed-methods analysis. A network map is a graphical pre-
sentation of a social world, rather than crafted artifact to communicate symbolic meanings, so
the semiotic analysis is not an appropriate analytical framework. Alternatively, a network map
presents several readily identifiable structural and quantitative features that could be analyzed
through social network analysis methodologies and provide a rich collection of quantitative data.
Network maps, which are essentially graphical representations of human relationship patterns,
could accompany rich personal stories and perspectives obtained through qualitative inquiry
(Dominguez & Hollstein, 2014).

We applied this four-step approach in two culturally and substantively distinct contexts. Our
case studies provide support for the usefulness of this structured approach. The personal networks
in the case studies were different in terms of size and composition, which required two different
framing techniques (a force-directed layout of personal networks in Case 1 and an aggregated
presentation of networks in Case 2). In both cases, we followed a similar process of pattern detec-
tion (visual inspection, sorting, and contrasting) to identify underlying dimensions and network
clusters. The resulting dimensions were overlapping but different in the two cases, reflecting the
differences between the two contexts. The MDS analysis also showed differing distribution and
clustering of the networks along the dimensions in two cases.

Generally, we found this approach to be particularly useful in studies with smaller sample
sizes, which were not powered for advanced statistical techniques such as LCA, which generally
requires a minimum of hundreds of personal networks. However, even with large samples, this
approach could be used on subsets of data to reveal underlying dimensions, prominent clusters,
and meaningful combination of variables to be used in statistical clustering.

The resulting structural dimensions of the two cases share some features, such as the existence
of a core (mostly immediate family members), cohesiveness, and clustering. However, networks in
the two cases showed distinct features that could be due to demographic and cultural differences,
as well as the strength of disease-related stigma. Case 2 showed family dominance as a common
feature in most networks, as the majority of personal networks were smaller and limited to fam-
ily members. Limiting networks to family could be due to the stronger stigma of severe mental
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illness in traditional Iranian culture (Jacobsson &Ghanean, 2013), which prevents caregivers from
communicating with out-of-family individuals, mostly due to secrecy and withdrawal as coping
mechanisms to reduce illness-related stigma (Link et al., 2004). However, another study of the
caregivers in Case 1 showed that caregivers of children with obesity also experience stigma (Zenlea
et al., 2017). On the other hand, caregivers of children with obesity reported more diverse social
groups in their personal networks. These findings could be due to sociodemographic differences
between two cases. Specifically, the sample of caregivers of individuals with mental illness (Case 2)
included individuals with lower education mostly living a traditional lifestyle in a developing
country, while the sample of caregivers of children with obesity (Case 1) were predominantly
urban living, educated, and employed. Studies have shown that caregivers may use both bonding
and bridging social capital to obtain support (Roth, 2020). Even though close family ties provide
instrumental support, sometimes the tensions and the need for novel resources motivate care-
givers to create new weaker ties (Knussen et al., 2005). This dynamic also depends on the stage of
caregiving, as at early stages caregivers may disengage from peripheral networks and focus on the
core, while over time, they may tap into nonredundant resources, to obtain novel support (Roth,
2020). In addition, the caregiving context in terms of life stage is very different between the cases.
For Case 1, caregivers included parents (mostly mothers) providing care to their children, which
fits well with traditional role expectations, whereas caregivers in Case 2 are more diverse, and
many (such as siblings and spouses) may not find caregiving compatible with traditional expec-
tations from their roles. The effect of social relations on the burden and quality of care is also a
context and culture-specific issue, which is supported by some studies. Konerding et al. (2019),
for example, found that being a spouse or at-home partner reduced caregiving burden in the UK
and increased the burden in Greece.

The dominant role of health care providers in personal networks of Case 2 was another impor-
tant distinction between the two cases; which could be interpreted as the result of more critical
role of medications in controlling severe psychiatric symptoms, and stronger deference to doc-
tors as authorities and experts in psychiatric care (Angell & Bolden, 2015) and traditional Iranian
culture (Sadati et al., 2016). The mentioned similarities and differences provide clues to network
dynamics of caregiving, to be further explored in further studies.

The identified dimensions and network types could be used as classifying variables to assess
common characteristics of individuals with similar network themes. For example, studies may
assess varying needs and struggles of individuals with various network themes such as how the
support dynamics and needs of caregivers in “community,” “separate circles,” or “star” network
types differ in Case 1. Additionally, studying the association between personal and contextual
variables with network themes facilitates the development of individualized and tailored interven-
tions. Only a handful of studies assessed the effect of personalized network-building interventions
to help vulnerable individuals expand and build more diverse support networks (Kennedy et al.,
2015; Kennedy et al., 2016; van Asselt-Goverts et al., 2018). Network mapping in combination
with motivational interviews and goal setting and reflection practices have been used to address
social isolation and loneliness in older adults (O’Rourke et al., 2018). Personal network mapping
could be used as a reflective activity to help caregivers optimize their support and information-
sharing networks, activate dormant ties, or revisit unhelpful relations. For example, if studies show
that people who are embedded in a dense family-dominant network (as observed in Case 2) may
benefit from ties to outside individuals, then there might be benefit in developing targeted inter-
ventions to activate and strengthen external/weaker ties (such as colleagues, individuals dealing
with similar issues, etc.). In addition, mapping influential network members provides opportu-
nities to engage network members in the process of care and important decisions. Alternatively,
providing a person’s network map to health care professionals could potentially provide a better
contextual picture of a person’s network of care and support (Young et al., 2019) and influence and
facilitate the achievement of “shared mind” (Epstein & Street, 2011). This is an under-explored
area of research, requiring more attention to the design and tailoring of such interventions.
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6. Conclusion
We proposed a four-step mixed-methods approach to thematic analysis of personal networks. It
involves framing (choosing the focus of the attention, using techniques such as magnification,
aggregation, and graphical configuration of networks) pattern detection (identification of con-
ceptual dimensions, sorting and contrasting of personal networks, and identification of clusters),
labeling (a qualitization process of transforming patterns to meaningful labels), and triangulat-
ing (which involves parallel approaches to further confirm and fine-tune the thematic analysis,
including qualitative interviews, quantitative cluster analyses, or using themes/network types in
predictive modeling). These steps can be followed in an iterative and circular fashion, which is
consistent with fused mixed-methods approach to social networks (Yousefi Nooraie et al., 2020).
Future methodological studies should focus on assessing the usefulness of various techniques
of framing, patten detection, labeling, and triangulation, as well as usefulness of the identified
themes and dimensional scores to predict clinical and behavioral outcomes. Further, a similar
fused mixed-methods approach could be applied outside of network analysis to analyze other
complex graphical presentations, such as radar charts (example in Forbes et al. (2017)), concept
maps, and other graphical tools developed for organizing knowledge and learning (Eppler, 2006;
Novak, 1990).

We believe that our fused mixed-methods approach to thematic analysis of personal networks
expands the under-explored methodology of fused mixed-methods research. We also believe that
a pattern-centered analysis of social networks provides a new perspective to study patterns and
dynamics of personal networks.
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