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Abstract
Multilevel models are increasingly used in sociology and other social sciences
to analyze variation of tie outcomes in egocentrically sampled network data,
particularly in studies of social support. Existing research assumes that the
personal networks in the data do not overlap (i.e., they do not have actors in
common), which makes standard hierarchical models suitable for analysis.
This assumption is unrealistic in certain sampling designs, including the case
of egos sampled from higher level groups or via link-tracing methods. We
describe different types of ego-network overlap and propose a method to
detect overlapping actors and analyze the resulting data with cross-classified
multilevel models. The method is demonstrated with an application to
research on personal networks and social support among Hispanic immigrants in rural U.S. destinations. Overlap detection and modeling result in
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better model fit, more correct partition of tie variation among different
sources, and the ability to test new substantive hypotheses.
Keywords
egocentric networks, social networks, social support, migration, generalized
linear mixed models, mixed-effects models, hierarchical models

Introduction
Egocentric or personal network research designs are increasingly popular in
sociology and other social sciences. Egocentric approaches have been traditionally used to investigate local social structures around focal individuals
and offer unique advantages in the study of social relationships, including the
ability to capture ties across diverse social contexts, more viable and less
costly data collection methods, and potential generalizability of findings to
large populations through probability sample surveys (Crossley et al. 2015;
McCarty et al. 2019; Perry, Borgatti, and Pescosolido 2018).1 The recognition of these advantages has led to growing interest in methods that bridge
egocentric and sociocentric approaches in network analysis, leveraging egonetwork data for studies of macro-level relational patterns (Perry et al.
2018:305–307). To date, most research on this issue has focused on the
application of statistical models conceived for sociocentric networks, such
as exponential random graph models, to egocentrically sampled data (e.g.,
Krivitsky and Morris 2017). This article considers a different approach to the
problem: the analysis of tie characteristics and outcomes in whole networks
emerging from the overlap among egocentric networks. We expand on the
well-established literature using multilevel statistical models for the analysis
of social ties in egocentric networks and show how a relatively simple
extension of this statistical framework to nonhierarchical models can effectively accommodate overlapping ego-network data.
We focus on the typical case of egocentric data resulting from personal
network surveys in which the respondent (ego) is asked to provide a list of
direct social contacts (alters) according to a given definition of relationship,
such as people who discuss “important matters”, provide certain types of
social support or know and interact with the respondent on a regular basis
(Marsden 1990; McCarty et al. 2019). Personal network data often include
information about both ties between the ego and the nominated alters (ego–
alter ties) and ties among the alters (alter–alter ties) as reported by the ego
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(alters are not directly observed). In this article, the term tie refers to
ego–alter ties, unless otherwise specified.
Ego-network data are inherently multilevel, with alters and ties clustered
within egos. Multilevel modeling of egocentric data was first proposed by
Snijders and colleagues (1995) to analyze variation in ego–alter tie outcomes
as a function of characteristics of ties, alters, egos, or egos’ social contexts.
This modeling approach has since been successfully applied to a wide variety
of research questions across different fields in the social and health sciences.
To the best of our knowledge, however, all existing personal network studies
based on the multilevel statistical framework have used hierarchical models,
making the fundamental assumption that no (or negligible) overlap exists
among the personal networks in the data (Snijders et al. 1995; van Duijn, van
Busschbach, and Snijders 1999).
This article considers the question of how to model egocentric data when
the no-overlap assumption is not realistic. Overlap among egocentric networks occurs when the same egos or alters belong to multiple networks in the
data. While many egocentric designs avoid network overlap by randomly
sampling respondents (egos) from sufficiently large populations, nonnegligible overlap is likely to occur whenever respondents are clustered in higher
level groups such as families, schools, or residential blocks (e.g., Campbell
and Lee 1992; de la Haye et al. 2012; Tucker et al. 2009) or are recruited
through some form of link-tracing sampling (e.g., Lubbers, Molina, and
McCarty 2007; Snijders et al. 1995).
We examine different types of overlap, illustrate a method for overlap
detection after data collection, and propose to use cross-classified multilevel
models (Goldstein 2010a) to analyze social ties in overlapping ego networks.
These models can be viewed as a simplified version of the p2 network model
(van Duijn, Snijders, and Zijlstra 2004), although the p2 model was developed to explain tie formation in sociocentric networks, while our method
aims to explain variation in tie characteristics in egocentric networks. Our
approach is demonstrated with an application to data on personal networks
and social support among Hispanic immigrants in rural U.S. destinations. We
find that the proposed method offers important analytical and substantive
advantages, including a more realistic identification of sources of variation in
social tie outcomes, the ability to test new substantive hypotheses, and a
better fit of models to the data.
The article starts by introducing the use of multilevel regression models
for personal network analysis in the social and health sciences. The data and
Variables section presents the data and variables used in this study. The
method section describes different possible types of ego-network overlap
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and defines the hierarchical and nonhierarchical multilevel models that can
be used to accommodate them. Results from the estimation of these models
on our data are reported and discussed in the Results and Discussion sections.

Hierarchical Models for Personal Networks
Personal networks have been extensively used in the social and health
sciences to capture ego-centered social contexts or “personal communities”
(Chua, Madej, and Wellman 2011), and study a wide variety of substantive
topics, including social support (Drouhot 2017 Walker, Wasserman, and
Wellman 1993; Wellman and Wortley 1990), social isolation (Marsden
1987; McPherson, Smith-Lovin, and Brashears 2006; Paik and Sanchagrin
2013), migration and immigrant incorporation (Lubbers et al. 2007; Vacca
et al. 2018; van Tubergen 2014), and health behaviors and outcomes (Cornwell and Laumann 2011; Perry and Pescosolido 2012; Valente et al. 1997).
A substantial and growing portion of personal network research has used
hierarchical multilevel models to explain variation in characteristics or outcomes of social ties. In this framework, (1) the units of analysis are the ego–
alter ties or the alters (level 1), (2) the units of analysis are clustered within
egos or ego networks (level 2), and (3) the dependent variable measures a
characteristic of ego–alter ties or (more rarely) alters. Multilevel modeling of
egocentric networks has been applied to the study of an exceptionally wide
array of topics, including mental health and health-related help seeking
(Perry and Pescosolido 2015), migration (de Miguel Luken and Tranmer
2010; Lubbers et al. 2010; van Tubergen 2015), sexually transmitted diseases
(Hoover et al. 2016; Kennedy et al. 2013), urban studies (Mok, Wellman, and
Carrasco 2010; Völker and Flap 2007), and more. The study of social support
and social capital is one of the areas that have benefited the most from this
method, typically with hierarchical generalized linear models used to analyze
variation in categorical measures for the amount or type of support provided
by a social tie (e.g., de la Haye et al. 2012; Martı́, Bolı́bar, and Lozares 2017;
Wellman and Frank 2001).
An important reason for the increasing success of hierarchical modeling
for personal networks is the flexibility of this approach, which can be adapted
to a host of research questions involving different actors, processes, and
levels. Hierarchical regression can model any alter- or tie-level outcome as
a function of characteristics of individuals (egos and alters), dyads, social
relationships, and broader social contexts (as operationalized by ego networks), as well as cross-level interactions between characteristics of individuals and social contexts.
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Hierarchical models, on the other hand, assume a data structure in which
each lower level unit belongs to one and only one higher level unit. In personal
network analysis, this means that two fundamental assumptions must be met
for hierarchical models to be suitable (Snijders et al. 1995; van Duijn et al.
1999): (A1) The data obtained from different egos are independent and (A2)
the egocentric networks in the data do not overlap, that is, no individual (or a
negligible number of individuals) belongs to multiple ego networks. A1 guarantees that the ego-level random effects posited by the model are independently distributed, such that there is no correlation between ties belonging to
different egos. A2 ensures that each alter or ego–alter tie belongs to one ego
only, so that the data structure can be conceptualized as hierarchical.
We argue that these two assumptions are not plausible in at least two
scenarios, which are common to different types of egocentric research designs.
The first is the case in which egos are themselves grouped into social groups
such as families, schools, or organizations; the second is the case in which egos
are recruited through some form of link-tracing sampling (Heckathorn and
Cameron 2017). In both scenarios, the egos are likely to share common group
effects (e.g., effects of families, schools, or network subgroups), implying that
the data from different egos are not independent (in contrast with A1). While a
hierarchical structure could still account for the clustering of egos by extending
the data hierarchy to a third level (e.g., the level of families or schools), a more
problematic issue for the plausibility of hierarchical models is that, in both
scenarios, the egos are likely to interact with each other, to be part of each
other’s personal network, and to share common alters, resulting in nonnegligible overlap between ego networks (in contrast with A2).
The method proposed here to accommodate departures from A1 and A2
consists of two steps: (1) determining the overlap between ego networks after
data collection, by matching alters and egos across different networks and (2)
estimating cross-classified multilevel models on the resulting data. The first
step is motivated by the fact that egocentric designs usually treat different
ego networks as separate and do not include a mechanism to automatically
identify network overlaps during the data collection stage: Respondents are
interviewed separately, possibly at the same time, and normally eliciting a
free list of alters from each rather than providing a predefined roster of names
(Crossley et al. 2015; Marsden 1990; McCarty et al. 2019).

Data and Variables
We use data from a survey on social isolation and mental well-being among
Hispanic immigrants in U.S. rural new destinations. Although Hispanics are
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the fastest growing ethnic group in nonmetropolitan U.S. counties, Hispanic
immigrants in American rural areas tend to be at high risk of social isolation
and poor social support (Lichter 2012). Part of a broader community-based
participatory research, the personal network survey that generated our data
took place in three North Florida counties with vast farmland and scattered
residences (Mao et al. 2015). A major aim of the research was to describe the
level and variation of social support and to identify the main factors associated with effective exchange of support in the Hispanic community of
interest.
Survey participants were first-generation Hispanic immigrant parents who
lived in any of the three counties and their children. Following communitybased participatory principles, the research team recruited respondents by
advertising the project during community events, particularly in local churches
and schools, and by obtaining referrals from community advisory board members and other study participants. The final sample comprised 30 families, each
including a father, a mother, and an adolescent child. Only data from fathers
and mothers (60 respondents) are analyzed in this article. Of the 30 couples, 27
were from Mexico, 2 from El Salvador, and 1 from Guatemala.
The survey included standard individual questions about sociodemographic characteristics and migration history. It then collected personal network data with the following name generator: “Please list 20 significant
people in your life. Think of all the people who are important for you.”2 The
question generated 20 alters for each ego, resulting in 1,200 nominated alters
(and 1,200 ego–alter ties) overall. Standard name interpreters were also
included, such as questions about each alter’s age, sex, and type of relationship with the respondent. Finally, alter–alter ties in each personal network
were collected by asking the respondent to evaluate the likelihood of two
alters knowing each other, for each pair of alters that had been nominated.
In the data produced by this survey, egos are clustered within higher level
groups (families), and part of the sample is recruited through link tracing.
Both the scenarios mentioned in the previous section occur, which invalidate
assumptions A1 and A2 required for hierarchical models: Egos are not independent and their personal networks are likely to overlap.

Dependent and Explanatory Variables
Our dependent variable is a characteristic of the social ties between egos and
alters: a measure of the social support that an immigrant (ego) obtains from a
tie with a “significant person” (alter) she indicated as part of her personal
network. We focus, in particular, on financial aid, one of the most common
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operationalizations of instrumental help in the social support literature (Song,
Son, and Lin 2011; Walker et al. 1993). For each alter they had nominated,
respondents were asked if they normally contact that person when they have a
financial problem. Answers were provided on a five-point scale (never, rarely,
sometimes, most of the time, and always) and the variable was dichotomized,
so that a tie is considered as supportive (yi ¼ 1) if ego reports contacting alter
for financial help “sometimes” or more. The goal of the analysis is to identify
predictors of supportive ties and assess their association with support provision. We include predictors in the following four categories:
i.

Characteristics of the tie or the ego–alter dyad: (1) family tie:
whether the alter is a member of ego’s immediate or extended family; (2) sex similarity: whether alter and ego are of the same sex.
After the ego-network overlap is detected, a third dyad-level variable
is constructed: (3) reciprocal nomination, whether alter has in turn
nominated ego in his or her own personal network of significant
people. Tie- or dyad-level variables are indicated as xk;i (k indexes
the variable, i indexes the ego–alter tie).
ii. Characteristics of the ego: (1) sex; (2) age in years; (3) number of
years that ego has been in the United States. Once the personal
network overlap is detected, a fourth ego-level predictor is added:
(4) ego popularity (indegree): the number of other survey respondents who have nominated ego in their personal network. Ego-level
predictors are indicated as zq;egoðiÞ (q indexes the variable, egoðiÞ is
the ego who nominates tie i).
iii. Characteristics of the alter: (1) sex, (2) age in years, and (3) egonetwork degree: The alter’s degree in the ego network of the respondent who nominated that alter.3 After detection of the ego-network
overlap, we add (4) alter popularity (indegree): The number of other
respondents who nominated that alter in their personal network.
These variables are indicated as wp;altðiÞ (p indexes the variable,
altðiÞ is the alter who is nominated in tie i).
iv. Characteristics of the personal network. These are the contextual
versions of each tie-level and alter-level predictor: (1) the number
of family members in the personal network, (2) the number of
women in the network, (3) the average age of alters in the network;
and (4) the average degree of alters in the network (a measure of
overall ego-network connectedness proportional to density). These
variables are observed at the same level as the egos; therefore, they
are also indicated as zq;egoðiÞ .
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It should be noted that the units of analysis (i) in the following models are
all existing ties, representing nominations as a significant person; and the
dependent variable (yi) is a binary characteristic of existing ties. This is an
important difference from models of tie formation in sociocentric networks,
in which the units of analysis are all (connected and unconnected) dyads and
the dependent variable represents the existence of a tie in the dyad.4

Research Hypotheses
We illustrate the method by testing the following three sets of hypotheses
about determinants and variation of social support. The first set (Hypotheses 1)
exemplifies typical hypotheses considered in standard hierarchical modeling
of social support in nonoverlapping egocentric data. These are included here
to show how such hypotheses remain easily testable in a nonhierarchical
framework with overlapping data, preserving comparability with existing
hierarchical analyses. The second set (Hypotheses 2), by contrast, illustrates
hypotheses that can only be examined by detecting and modeling egonetwork overlap. The third set (Hypotheses 3) includes a class of hypotheses
that exist in standard hierarchical studies of personal networks but are
expanded and become substantively more interesting in nonhierarchical
analyses.
Hypotheses in the first set propose that the likelihood of support provision
is affected by characteristics of the relationship between two individuals,
with support being more frequently provided by family members (Walker
et al. 1993; Wellman and Wortley 1990) and in sex homophilous relationships (Herz 2015; Martı́ et al. 2017; McPherson, Smith-Lovin, and Cook
2001):
Hypothesis 1a: Family ties are more likely to provide financial
support.
Hypothesis 1b: Sex similarity between ego and alter increases the
likelihood of financial support.
The second set of hypotheses posits that structural properties of individuals and ties in the whole underlying population network influence the
likelihood of support exchange. We hypothesize that reciprocal ties (two
individuals mutually nominating each other as a significant person) lead to
more frequent exchange of support (Plickert, Côté, and Wellman 2007;
Wellman and Frank 2001), and that more popular actors, who receive more
nominations from others, tend to both provide more and receive less
support:
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Hypothesis 2a: Ties are more likely to provide financial support when
they are part of reciprocal nominations.
Hypothesis 2b: Alter’s popularity (indegree) is positively associated
with provision of financial support.
Hypothesis 2c: Ego’s popularity (indegree) is negatively associated
with provision of financial support.5
According to the third set of hypotheses, the clustering of ties within egos,
families, and alters affects the likelihood of support provision, above and
beyond the amount of tie variation that is explained by tie-level, ego-level,
alter-level, and network-level explanatory variables:
Hypothesis 3a: Egos differ significantly in their overall likelihood of
obtaining support from their contacts.
Hypothesis 3b: Families differ significantly in the overall likelihood
that their members obtain support from their respective contacts.
Hypothesis 3c: Alters differ significantly in their tendency to provide
support through each of their ties.
Hypothesis 3a is concerned with potential support receivers (egos) and is
implied in all multilevel analyses of social support using egocentric data. The
cross-classified models presented here make this type of hypothesis substantively more interesting, extending it to families (Hypothesis 3b) and potential
support providers (Hypothesis 3c), and thus allowing for comparisons
between different individuals and groups (i.e., levels of tie clustering) as
sources of support variation. Hypothesis 3c is of particular interest in this
study, because, when supported, it justifies the use of cross-classified models
to predict tie variation in personal networks.

Method
Types and Multilevel Representations of Ego–Network Overlap
We examine three overlap scenarios that may occur with egocentric data: no
overlap, alter–alter overlap, and ego–alter overlap (Figure 1). These are
described using classification diagrams and a multilevel classification notation (Goldstein 2010b) in which level 1 units (ties) are indexed as i and
higher level units are indicated as ego(i), fam(i), and alt(i): Three classification functions returning the ego, family, and alter associated to tie i,
respectively.
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A

B

C

D

Figure 1. Different types of personal network overlap: (A) no overlap, (B) alter–alter
overlap, (C) ego–alter overlap, and (D) ego–alter overlap with clustering of egos in
groups. Small gray nodes are alters nominated by one ego only, small white nodes are
alters nominated by multiple egos. See Figure 2 for corresponding unit and classification diagrams.

In the simplest scenario, no overlap occurs between either egos or alters in
different personal networks (Figure 1A). This is the case of egocentric data
generated by random sample surveys of large populations (e.g., Burt 1984;
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B

C

D

Figure 2. Unit and classification diagrams for the four types of network overlap in
Figure 1. Labels indicate egos (e.g., E1), ties (e.g., t4), alters (e.g., a13) and egos’
families (e.g., F2).

Cornwell and Laumann 2011; Mollenhorst, Volker, and Flap 2014), in which
any two egos are very unlikely to know each other or share the same contacts.
In these data, each directed tie i is hierarchically nested into one and only one
ego (egoðiÞ), with the same ego being associated to multiple ties (i.e., nominating multiple alters). Furthermore, there is a one-to-one correspondence
between ties and alters, in that each tie i is sent to one and one only alter
(altðiÞ), and each alter altðiÞ receives one and only one tie i. Most existing
multilevel studies of ego networks assume this hierarchical structure in the
data (Figure 2A).
In the alter–alter overlap scenario, only alters (not egos) from different
personal networks can overlap (Figure 1B). Multiple egos can nominate the
same alter, but egos cannot nominate each other. In typical ego networks of
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personal acquaintances, this type of overlap implies intransitivity in social
ties (two egos sharing the same social contacts but not knowing each other)
and is unlikely to occur. Nonetheless, this overlap scenario may result from
the definition of the networks under study or from limits in the data available
about respondents. A situation of alter–alter overlap, for example, may be
found in studies of two-mode personal networks, in which egos and alters
belong to different modes or roles and ties are not possible within the same
mode: For instance, ego networks of patients (egos) nominating doctors
(alters) who have visited them, or parents (egos) nominating childcare providers (alters). If the egos are socially close they may nominate the same
alters, but they cannot by definition nominate each other. Alternatively, when
nominations between egos are logically possible, the alter–alter overlap may
still occur due to data limitations: If limited information is available about
respondents (e.g., because of research ethics reasons), the data may only be
sufficient to match alters with each other, but not egos. In this case, while not
ideal, the alter–alter overlap is the closest possible approximation for the
actual, full overlap among personal networks.
In alter–alter overlap data, each tie i is still nested into one and one only
ego (egoðiÞ), as well as one and one only alter (altðiÞ). However, in contrast
with the no-overlap data, the same alter (e.g., altðjÞ in Figure 1B) can receive
multiple ties from multiple egos, eliminating the one-to-one correspondence
between ties and alters. Because multiple ties can now be attached to the
same alter, multilevel models need to account for the clustering of ties into
alters in addition to their clustering into egos (Figure 2B). Both alters and
egos are higher level groupings of ties, but they are not hierarchically nested
into each other: The same ego can send ties to multiple alters, and the same
alter can receive ties from multiple egos. The resulting data structure can be
accommodated by cross-classified multilevel models in which ties are separately nested into egos and alters.
In the third scenario, the ego–alter overlap (Figure 1C), certain alters are
recognized as some of the survey respondents. The same individual (e.g.,
ego(l)) can now be both an ego and an alter; and certain ties (e.g., k in
Figure 1C) are sent to an alter who is also an ego in a different personal
network. This generates the multilevel structure in Figure 2C, in which ties
are still nested within the two crossed classifications of egos and alters, but
some individuals (e.g., E4) appear in both the ego classification and the alter
classification. Such data can be analyzed using the same cross-classified
multilevel models that are applicable to the alter–alter overlap data.
Finally, a further source of dependence between ties may be the existence
of higher level groups, such as families or schools, to which the egos belong
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(Figures 1D and 2D). Indeed, such higher level clustering of respondents may
be the main source of social closeness between them, and the reason why
their personal networks overlap. This type of data can be analyzed using
cross-classified models with a further classification (here, families) in which
the egos are nested.

Detecting the Network Overlap
The ego-network overlap is detected after data collection by matching alters
and egos from different interviews. The matching algorithm uses the following attributes: first and last name, sex (“male” and “female”), ethnicity
(“Hispanic” and “not Hispanic”), and age (continuous integer). We determine that two network actors are the same person if all of the following
conditions are met:
i. They have exactly the same first and last name.
ii. They have the same sex.
iii. They have the same ethnicity.
iv. Their age difference is three years or less.6
We first obtain the alter–alter overlap data by matching alters (not egos)
from all collected personal networks. This reduces the original list of 1,200
nominated alters to a set of 710 unique alters including 245 overlapping
alters who are nominated by multiple respondents. We then reconstruct the
full, ego–alter overlap by matching both alters and egos from different personal networks, adopting the same four matching criteria.7 The ego–alter
overlap reduces the original set of 60 egos and 1,200 alters to 745 unique
actors: 25 overlapping egos (respondents who are matched to alters nominated by other respondents), 35 nonoverlapping egos, and 685 alters (who are
not survey respondents, including 227 overlapping alters). Online Supplemental Material (which can be found at http://smr.sagepub.com/supplemen
tal/) provides more details about the matching algorithm and the overlap
detection results. For overlapping alters, multiple values of the same attribute
(e.g., alter age) are reported by multiple respondents: These are aggregated
by assigning the modal or mean attribute value to the alter. As for overlapping egos, different values of the same attribute may be self-reported by
ego herself and reported by other egos who nominated her. We trust selfreports more than reports by others; therefore, ego is always assigned her
self-reported attribute value.
The 60 personal networks in the data constitute a sample from the underlying full network of strong ties (personally significant relationships as
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elicited by the survey) in a small population of Hispanic immigrants living in
three close North Florida counties.8 Thus, the whole networks generated by
the alter–alter and the ego–alter overlaps can be regarded as approximations
of an underlying whole network of “significant” ties in the community under
consideration. Both egos and alters acquire specific structural properties in
these approximated networks. However, these are sampled networks in
which only 60 actors (a fraction of the total 770 and 745 network actors,
respectively) are interviewed to collect their social ties. This means that the
three whole-network structural measures used in the following analyses (tie
reciprocity, alter indegree, and ego indegree) are calculated on networks with
missing nodes and ties. Recent literature on network sampling coverage (see
Smith, Moody, and Morgan 2017, for a review) provides evidence that
indegree is not strongly affected by missing network data, so we assume the
ego and alter indegree measures calculated on the approximated networks to
be a valid proxy for ego’s and alter’s popularity in the full network.9 As for
tie reciprocity, it should be kept in mind that our reciprocal nomination
binary variable only flags reciprocal nominations among interviewed actors.

Building Cross-classified Multilevel Models for Overlapping Ego
Networks
The three types of ego-network overlap introduced above can be represented
by different hierarchical and nonhierarchical multilevel models. These are
described here with equations including tie-level variables (xi), ego-level
variables (zegoðiÞ ), and alter-level variables (waltðiÞ ).10 We estimate a sequence
of increasingly comprehensive multilevel logistic models with increasingly
realistic data on overlapping personal networks (Figure 3). The sequence
represents a progression toward “better” models, in that successive models
include more random effects, accounting for more possible sources of dependence between ties. The sequence is also a progression toward “better” data
(no overlap, alter–alter overlap, and ego–alter overlap), in two senses: (1)
successive data sets track the overlap between ego networks more completely, thus yielding a more precise distribution of ties among the higher
level groups represented by alters and (2) successive data sets reconstruct
alter attributes with higher accuracy: In the overlap data sets, attribute values
for overlapping alters are replaced first by aggregations of reports from
multiple respondents (alter–alter overlap, M3 and M4 models), then by values self-reported by those respondents who are matched to alters (ego–alter
overlap, M5 models). Importantly, the level 1 units of analysis in the different data sets are exactly the same 1,200 ties, allowing us to use the deviance
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Figure 3. Sequence of fitted models. Better models have a more comprehensive
random-effect structure, including more possible sources of variation. Better data
reconstruct network overlap with higher accuracy.

information criterion (DIC) to compare the different models. For each model,
we estimate a variance components version (a) with no predictors (Goldstein
2010b:19) and a random-intercept version (b) with tie-level, ego-level, and
alter-level predictors.
We start with model M1 to represent the simplest case of no overlap
between personal networks. A hierarchical logistic model is sufficient in this
case, limited to the two nested levels of ties and egos:
logitðpi Þ ¼ b0i þ b1 xi ;
b0i ¼ g00 þ g01 zegoðiÞ þ uegoðiÞ ;
uegoðiÞ *N ð0; s2ego Þ:
where pi  Pðyi ¼ 1Þ is the probability that tie i provides support, and xi
may represent a characteristic of tie i (e.g., frequency of contact between ego
and alter) or of its corresponding alter (e.g., alter’s age). The random parameter b0i can take up a different value for each egoðiÞ, depending on ego (i)’s
characteristic zegoðiÞ , and on the ego-level residual uegoðiÞ . This residual captures any respondent (or ego network) heterogeneity that may systematically
affect the overall probability of receiving support but is not observed or
explicitly included in the model. M1 assumes that egos or networks can only
affect the overall level of received support (b0i ), while the strength of association between tie or alter characteristics and the likelihood of support (b1 )
remains constant across all egos. Alternatively, a random coefficient for b1
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may be assumed to model a situation in which the association between tie or
alter characteristics and support likelihood changes as a function of ego or
network characteristics and random effects.
Models M2 and M3 are still hierarchical but account for egos being nested
in higher level groups (families). The same model with family random
effects is fitted to the no-overlap data (M2) and to the data reconstructing
the alter–alter overlap (M3):
logitðpi Þ ¼ b0i þ b1 xi ;
ð2Þ

ð3Þ

b0i ¼ g00 þ g01 zegoðiÞ þ uegoðiÞ þ ufamðiÞ ;


ð2Þ
uegoðiÞ *N 0; s2ego ;

ð3Þ
ufamðiÞ *N 0; s2fam :
ð3Þ

The family random effect, ufamðiÞ , is assumed to affect the overall probability of support, while the association between tie, dyad, or alter characteristics and the likelihood of support (b1 ) remains constant across all egos
and families. As usual in hierarchical models, random effects from different
ð2Þ
ð3Þ
levels are assumed to be independent (covðuegoðiÞ ; ufamðiÞ Þ ¼ 0).
When the alter classification is included, the cross-classified models M4
and M5 can be estimated using data from the alter–alter overlap (M4) or the
ego–alter overlap (M5):
logitðpi Þ ¼ b0i þ b1 xi ;
ð2Þ

ð3Þ

ð4Þ

b0i ¼ g00 þ g01 zegoðiÞ þ uegoðiÞ þ ufamðiÞ þ g02 waltðiÞ þ ualtðiÞ ;


ð2Þ
uegoðiÞ *N 0; s2ego ;

ð3Þ
ufamðiÞ *N 0; s2fam ;
ð4Þ

ualtðiÞ *N 0; s2alt



In cross-classified models with ego and alter classifications, tie variables
and alter variables pertain to different levels of analysis and are indicated
with different symbols (xi and waltðiÞ , respectively). Model M4/M5 includes
ð2Þ

ð3Þ

an ego random effect (uegoðiÞ ), a family random effect (ufamðiÞ ), and an alter
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ð4Þ

random effect (ualtðiÞ ). Unlike in model M2/M3, not just potential support
recipients (egos) and their families, but also potential support providers
(alters) are hypothesized to affect the likelihood of a social tie being supportive. Here, the standard assumption of cross-level independence between
random effects means, in particular, that ego and alter effects are assumed
ð2Þ
ð4Þ
not to be correlated (covðuegoðiÞ ; ualtðiÞ Þ ¼ 0).
We use variance partition coefficients (VPC; Goldstein 2010b) to quantify
the proportion of response variation that is attributable to each level (egos,
families, and alters). For the ego level, VPCego is the proportion of total
variation in the response variable (on the logit scale) that can be attributed
to systematic differences between respondents. Assuming a logistic threshold
model derivation, in variance components and fixed-slope models like those
presented here, VPCego can also be interpreted as the intraclass correlation
(ICC) of the latent propensity variable for the ego level (Guo and Zhao 2000;
Snijders and Bosker 2012:304), that is, the correlation between the latent
propensity to provide support of two ties attached to the same ego. The same
logic applies to VPCfam and VPCalt for the family and alter levels,
respectively.
All models in this article are fitted using Markov chain Monte Carlo
methods with the MCMCglmm R package version 2.29 (Hadfield 2010).
Online Supplemental Material (which can be found at http://smr.sagepub.
com/supplemental/) provides more details about the estimation method.

Results
Variance Components Models
We begin by estimating the variance components models M1a to M5a
(Table 1). Results for M1a predict the average immigrant (ego) to have a
0.12 probability (logistic(1.99)) of receiving financial support from a social
tie. Yet a substantial amount of variation occurs between different egos, with
43 percent of the total variance in tie supportiveness (on the logit scale)
originating from systematic differences between them (Table 2). This result
provides preliminary evidence in favor of Hypothesis 3a (significant
between-ego differences in overall likelihood of support), in line with usual
findings from hierarchical modeling of personal networks.
The addition of the family classification in M2a does not improve model
fit (DIC) and, consistently, the family-level variance is not estimated as
significantly different from zero. Substantively, this suggests that while ties
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2.13 (0.73)
0.31 (0.42)

[1.25, 3.85]a

[0.91, 3.59]a
[0, 1.2]

CI
[2.54, 1.57]a

3.25 (1.27)
0.48 (0.64)
1.63 (0.84)
848.40

1,196 (1)
60 (19.9)
30 (39.9)
707 (1.7)
Mean (SE)
2.48 (0.36)

[0.99, 5.65]a
[0, 1.9]
[0.18, 3.22]a

CI
[3.17, 1.74]a

N (Avg. N Ties per Unit)

M4a/M5a

Note: N ¼ 1,196. Credible intervals (CI) calculated as highest posterior density intervals. Models M2a/M3a and models M4a/M5a have the same
specification and are fitted to the same model matrix. DIC ¼ deviance information criterion.
a
CI does not include 0.

904.76

Mean (SE)
2.00 (0.25)

1,196 (1)
60 (19.9)
30 (39.9)

N (Avg. N Ties per Unit)

M2a/M3a

CI
[2.47, 1.54]a

N (Avg. N Ties per Unit)

Levels
Ties
1,196 (1)
Egos
60 (19.9)
Families
Alters
Estimation results
Mean (SE)
Intercept
1.99 (0.24)
Variance components
Egos ðs2ego Þ
2.45 (0.73)
Families ðs2fam Þ
Alters ðs2alt Þ
DIC
904.75

Multilevel Structure

M1a

Table 1. Variance Components Models. Ties Are Level 1 Units
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Table 2. Variance Partition Coefficients for Models in Tables 1, 3 and 4.
Variance Components Models

Full Models

Levels

M1a

M2a/M3a

M4a/M5a

M1b

M2b

M3b

M4b

M5b

Egos
Families
Alters

.43

.37
.06

.37
.06
.18

.42

.34
.09

.34
.09

.33
.10
.28

.32
.11
.33

Note: Models M2a/M3a and models M4a/M5a have the same specification and are fitted to the
same model matrix. The VPC values can be interpreted as intraclass correlation coefficients for
the continuous latent variable in a threshold model. VPC ¼ variance partition coefficients.

from the same person (ego) are correlated in terms of their tendency to
provide support (ICC ¼ 0.37, Table 2), the same is not true for ties from
the same family: against Hypothesis 3b, partners in the same family are not
systematically more similar, in terms of likelihood of receiving support from
their social contacts, than any two people from different families.
The clustering of ties within alters is modeled in M4a and M5a.11 This
results in a positive estimate for the alter-level variance, indicating that a
significant similarity is observed between ties to the same alter in terms of
likelihood of support provision (in line with Hypothesis 3c). Ties that connect the same alter to different egos are correlated in their tendency to
provide support, with 18 percent of the total tie variation in the logit of
financial support occurring between alters. Egos and alters, rather than families, emerge as the groupings that most significantly account for variation in
tie supportiveness. Model M4a/M5a also shows a substantially better data fit
than the two previous variance components models, with the DIC dropping
from about 905 to 848.40.

Full Models
The full models M1b to M5b appear overall consistent in the estimation of
fixed effects and in the identification of significant determinants of financial
support (Tables 3 and 4). In all models, family relationships are significantly
and strongly more likely to provide support (Hypothesis 1a), and sex homophily in supportive relationships is confirmed (Hypothesis 1b).
The cross-classified models M3b to M4b (alter–alter overlap) and M5b
(ego–alter overlap) enable the test of hypotheses concerning the position of
alters and egos in the approximated underlying whole network. Such
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Table 3. Full Models: M1b and M2b.
M1b
Variables

Mean (SE)

Fixed effects
Intercept
5.16 (0.55)
Tie/dyad predictors
Family relationship
3.73 (0.38)
Ego and alter of
0.55 (0.23)
same sex
Reciprocal nomination
Ego predictors
Sex: Female
1.77 (0.69)
Ageb
0.04 (0.04)
Years in United
0.04 (0.05)
Statesb
Popularityb
Alter predictors
Sex: Female
0.30 (0.22)
Ageb
0.07 (0.01)
Ego-network
0.08 (0.04)
degreeb
Popularityb
Network predictors
Count family
0.02 (0.04)
membersb
0.16 (0.08)
Count womenb
Average alter ageb 0.05 (0.08)
Average degree in 0.05 (0.07)
ego networkb
Variance components
2.43 (0.81)
Egos ðs2ego Þ
Families ðs2fam Þ
Alters ðs2alt Þ
DIC
702.9

M2b
CI

Mean (SE)

CI

[6.26, 4.11]a 5.19 (0.56) [6.25, 4.06]a
[3.04, 4.51]a
[0.12, 0.99]a

3.74 (0.38) [3, 4.47]a
0.55 (0.23) [0.1, 0.99]a

[0.51, 3.22]a
[0.04, 0.12]
[0.05, 0.14]

1.81 (0.67) [0.5, 3.15]a
0.03 (0.04) [0.05, 0.11]
0.05 (0.05) [0.04, 0.16]

[0.14, 0.73]
[0.05, 0.09]a
[0.01, 0.16]a

0.31 (0.23) [0.15, 0.76]
0.07 (0.01) [0.05, 0.09]a
0.09 (0.04) [0.01, 0.17]a

[0.1, 0.07]

0.01 (0.05) [0.1, 0.09]

[0.32, 0]
[0.21, 0.11]
[0.18, 0.09]

0.17 (0.08) [0.34, 0.02]a
0.04 (0.08) [0.21, 0.11]
0.04 (0.07) [0.18, 0.1]

[1.17, 4.09]a

1.96 (0.82) [0.47, 3.5]a
0.57 (0.74) [0, 2.03]
702.73

Note: Ties (N ¼ 1,169) are level 1 units. Credible intervals (CI) calculated as highest posterior
density intervals. DIC ¼ deviance information criterion.
a
CI does not include 0.
b
Variable centered around its mean.

hypotheses are exemplified here by Hypotheses 2a and 2c. Fitted to the ego–
alter overlap data, M5b can incorporate a binary variable that flags ego–alter
dyads in which both ego and alter have nominated each other as a significant
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Fixed effects
Intercept
Tie/dyad predictors
Family relationship
Ego and alter of same sex
Reciprocal nomination
Ego predictors
Sex: Female
Ageb
Years in United Statesb
Popularityb
Alter predictors
Sex: Female
Ageb
Ego-network degreeb
Popularityb
Network predictors
Count family membersb
Count womenb

Variables

M3b
CI

CI

2.52 (1.03) [0.59, 4.62]a
0.05 (0.06) [0.06, 0.17]
0.08 (0.08) [0.06, 0.24]

0.55 (0.39)
0.10 (0.02)
0.11 (0.06)
0.05 (0.09)

1.82 (0.68) [0.46, 3.14]a
0.03 (0.04) [0.05, 0.11]
0.05 (0.05) [0.05, 0.15]

0.31 (0.23)
0.07 (0.01)
0.08 (0.04)
0.02 (0.05)

0.01 (0.05) [0.1, 0.09]
0.17 (0.08) [0.34, 0.01]a

0 (0.07) [0.14, 0.14]
0.25 (0.13) [0.5, 0.01]a

[0.19, 1.33]
[0.06, 0.15]a
[0, 0.24]
[0.13, 0.24]

5.41 (1.06) [3.43, 7.55]a
0.97 (0.38) [0.25, 1.72]a

[0.12, 0.76]
[0.05, 0.09]a
[0.01, 0.17]a
[0.08, 0.12]

Mean (SE)

M5b
CI

[0.19, 1.47]
[0.06, 0.16]a
[0, 0.26]
[0.12, 0.32]

[0.6, 5.15]a
[0.07, 0.19]
[0.08, 0.26]
[0.6, 0.41]

(continued)

0 (0.08) [0.16, 0.16]
0.28 (0.14) [0.57, 0.02]a

0.61 (0.43)
0.11 (0.03)
0.12 (0.07)
0.08 (0.11)

2.78 (1.17)
0.06 (0.07)
0.09 (0.09)
0.11 (0.25)

6.02 (1.22) [3.71, 8.37]a
1.12 (0.41) [0.35, 1.93]a
3.59 (1.79) [0.24, 7.24]a

7.67 (1.59) [10.78, 4.69]a 8.58 (1.83) [12.2, 5.27]a

Mean (SE)

M4b

3.77 (0.37) [3.05, 4.51]a
0.57 (0.23) [0.15, 1.02]a

5.27 (0.58) [6.44, 4.19]a

Mean (SE)

Table 4. Full Models: M3b to M5b.
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b

Mean (SE)

M3b
CI

5.08 (3.11) [0.73, 11.1]a
1.84 (2.4) [0, 6.45]
5.55 (3.6) [0, 12.36]
606.42

CI

4.14 (2.39) [0.69, 8.63]a
1.32 (1.82) [0, 4.87]
3.87 (2.75) [0, 9.26]
635.92

Mean (SE)

0.04 (0.13) [0.3, 0.23]
0.07 (0.12) [0.32, 0.15]

CI

M5b

0.04 (0.12) [0.29, 0.2]
0.07 (0.1) [0.27, 0.14]

Mean (SE)

M4b

Note: Ties (N ¼ 1,169) are level 1 units. Credible intervals (CI) calculated as highest posterior density intervals. DIC ¼ deviance information criterion.
a
CI does not include 0.
b
Variable centered around its mean.

0.04 (0.09) [0.21, 0.13]
Average alter age
Average degree in ego networkb 0.04 (0.07) [0.18, 0.11]
Variance components
Egos ðs2ego Þ
2.03 (0.87) [0.51, 3.67]a
Families ðs2fam Þ
0.57 (0.74) [0, 2.02]
Alters ðs2alt Þ
DIC
704.12

Variables

Table 4. (continued)
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person. The coefficient estimate for this variable provides evidence in favor
of Hypothesis 2a (tie reciprocity encourages support exchange), indicating a
high, significantly positive effect of reciprocal nominations on the likelihood
of each tie providing support. Hypothesis 2b (more popular alters are more
likely to provide support) is assessed using alter indegree from data on both
the alter–alter overlap (M3b to M4b) and the ego–alter overlap (M5b).
Hypothesis 2c (more popular egos tend to receive less support) refers instead
to ego indegree, which can only be measured in the ego–alter overlap data
(M5b). Our analysis does not find evidence for either hypothesis, with the
estimated credible intervals for the fixed effects of alter popularity and ego
popularity including zero.
In terms of sources of tie variation, the full models confirm the general
picture obtained from the variance components models. Unexplained variance in tie supportiveness is primarily attributed to ego random effects
(Hypothesis 3a). By contrast, the hypothesis of a significant family random
effect (Hypothesis 3b) is not supported by either the variance components or
the full version of the models. As for the alter random effect (Hypothesis 3c),
the variance components model accounting for network overlap (M4a/M5a)
offers clear evidence of significant alter effects and within-alter correlation
of tie supportiveness. In the full models (M4b and M5b), the estimated alter
variance components are comparable to the ego variance components in
terms of magnitude, but they also have a relatively higher standard error,
resulting in credible intervals that include 0. In terms of VPC (Table 2), egos
and alters are the two classifications that account for most unexplained tie
variation (28 percent and 33 percent of the variation in M4b and M5b,
respectively), showing that alters have an impact on the likelihood of their
ties providing financial support. However, in the full models, the effect of the
alter clustering may be explained away by the inclusion of alter characteristics such as age and ego-network degree, which have a significant impact on
support likelihood.12
Overall, the five full models agree on the direction and significance of
fixed effects on financial support. The addition of the family random
effect (M2b vs. M1b) and the use of more accurate data on alter attributes extracted from the alter–alter overlap (M3b vs. M2b) do not substantially affect fixed effect estimates. On the other hand, the pattern of
generally higher estimates (in absolute value) for fixed effect coefficients
and variance components in M4b to M5b compared with M1b to M3b is
an artifact of the addition of significant fixed and random effects in
successive models and should not be interpreted substantively (Snijders
and Bosker 2012:307). Importantly, while the random effect variance
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estimates increase in M4b to M5b vis-à-vis M1b to M3b, the VPCs
maintain approximately the same values.
Detecting and modeling personal network overlap has a clearly positive impact on model fit, even when using the DIC to take into account
the effective number of model parameters. While the DIC remains
approximately constant in M1b to M3b, the statistic is reduced from
704.12 to 635.92 when the alter classification is correctly modeled
(M4b vs. M3b), even though M4b includes exactly the same fixed effects
as M3b. Model fit is further improved (DIC decreases from 635.92 in
M4b to 606.42 in M5b) when the same cross-classified model is estimated with more realistic data incorporating the ego–alter overlap, allowing for the addition of predictors such as nomination reciprocity and ego
popularity.13

Discussion
Our analysis points to three main benefits from recognizing and modeling the
overlap among personal networks as a cross-classified multilevel data
structure:
i. Correct identification and measurement of the contribution of alters
to tie variation.
ii. Ability to test new substantive hypotheses based on whole-network
variables that become observable when the overlap is detected.
iii. Better fit of the models to the data, resulting in more reliable parameter estimates and model predictions.
These benefits do not require new data or new models; rather, they are
obtained by detecting the overlap in existing data and by fitting relatively
well-known statistical models that can be readily estimated with available
software.
Cross-classified models for ego-network overlap allow researchers to
quantify the contribution of alters to tie variation, a variance component
that is necessarily ignored if the overlap is disregarded. In studies of
social support, this means recognizing and assessing the importance of
potential support providers and of the way in which ties are distributed
among them (e.g., different dimensions of centrality of support providers), in determining the likelihood, intensity, or frequency of support.
While standard hierarchical models for personal networks imply an
emphasis on potential support recipients (egos), the ability to quantify
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B

Figure A1. Whole networks resulting (A) from the alter–alter overlap and (B) from
the ego–alter overlap. Gray circles are alters. Numeric labels are egos (red ¼ female,
blue ¼ male); numbers indicate ego’s family ID. Alter–alter ties as reported by egos
are not shown.

the importance of support providers (alters) enables researchers to better
study the role of surrounding communities, social environments, and
networks in shaping support structures and processes. This is particularly
relevant to sociologists’ central interest in environmental and contextual
factors that affect social support, above and beyond the individual characteristics of support recipients (House, Umberson, and Landis 1988;
Walker et al. 1993).
The models presented in this article also extend the range of substantive
hypotheses on tie outcomes, and on social support in particular, that may be
tested using personal network data. In addition to the usual microlevel
hypotheses on characteristics of ties, dyads, egos, alters, and personal networks, cross-classified models for overlapping ego networks can incorporate
meso-level hypotheses concerning the properties of individuals and groups in
the broader, underlying whole network approximated with the overlap. Our
hypotheses on reciprocity, ego popularity and alter popularity provide some
examples. The expanding literature on network sampling coverage (Smith
et al. 2017) may help to identify conditions under which ego-network overlap
leads to higher or lower bias in the sociocentric measures that are used to test
hypotheses of this type.
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Other Statistical Approaches to the Analysis of Overlapping Personal
Networks
Statistical models for tie formation in sociocentric networks, such as the
multilevel social relations model (Snijders and Kenny 1999), the p2 model
(van Duijn et al. 2004) and exponential random graph models (ERGMs;
Robins et al. 2007), could also be fitted to overlapping personal network
data. The targets of inference and research hypotheses implied by such
modeling approaches, however, are substantially different from those considered in the multilevel framework proposed in this article. Tie formation
models for sociocentric data predict the presence or absence of ties, with their
primary targets of inference being aspects of network structure (e.g., transitivity and reciprocity) or attribute distribution (e.g., attribute homophily) that
explain tie existence. In the approach demonstrated here, on the other hand,
interest does not focus on the presence or absence of ties and on the network
structural tendencies and actor attributes that explain them. Instead, the focus
is on a characteristic of all ties that are present (e.g., the frequency of social
support provided by each tie), and on the attributes of ties, actors, or broader
social contexts that explain variation in this characteristic.
The cross-classified models presented in this article can be viewed, in
particular, as a simpler version of the p2 model, with the ego and alter random
ð2Þ
ð4Þ
effects (uegoðiÞ and ualtðiÞ ) corresponding to the “attractiveness” and
“productivity” residuals, respectively (cf. residuals Ai and Bi in van Duijn
et al. 2004:238), and with no parameter explicitly included for tie reciprocity
(r) and for the correlation between ego and alter effects.14 Random effects
for egos and alters are not incorporated in ERGMs; thus, these models cannot
be used to estimate ego-level and alter-level variances.
Compared to models for sociocentric networks, the approach introduced
in this study has several advantages for the analysis of overlapping egocentric data has several advantages. First, multilevel models are widely
familiar in the social sciences, can be fitted using various software solutions,
and are fairly easy to understand and interpret for analysts who are well
acquainted with other applications of multilevel analysis. In particular, the
cross-classified multilevel framework can easily accommodate nonbinary
categorical and count outcomes observed on ties, without significant modifications. Second, the estimation of cross-classified multilevel models is less
computationally intensive compared to more sophisticated models for network data. As a consequence, the multilevel approach is more easily applicable to large collections of ego networks, including hundreds or thousands
of nodes, as are commonly generated by personal network surveys. Third, the
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use of multilevel models preserves comparability with the many existing
(hierarchical) multilevel analyses of nonoverlapping personal networks.
Fourth, the estimation of multilevel models returns measures that clearly
apportion the total tie variation between different sources, including alters,
egos, and groups of egos (e.g., families). Research questions involving multiple sources of variation in tie-level outcomes are the distinctive focus of
multilevel models for network data (Snijders 2016). Moreover, these models
are extremely flexible in terms of the contextual factors they can represent as
random effects, which include egos, personal networks, alters, and groups of
egos or alters (potentially derived from network structure, as in Tranmer,
Steel, and Browne 2014).
While this article used data from a standard personal network survey,
applications of the method proposed here need not be limited to this research
design but can be extended to other types of data as well. A recent body of
research on network sampling from hard-to-reach immigrant populations, for
example, examines overlapping egocentric lists of social contacts in a
bounded group to reconstruct the underlying whole network of a hidden
population (Merli et al. 2016; Mouw et al. 2014; Verdery et al. 2017).
Cross-classified multilevel models can be applied to such data to analyze
variation in characteristics of social ties in the hidden population, while
accounting for the overlap between lists of alters.

Conclusions
This article proposed a method to extend the increasingly popular multilevel
modeling framework for egocentric network data to the case of overlapping
personal networks. We explored different types of network overlap and the
cross-classified multilevel models that can accommodate the resulting data
structures. The method was demonstrated using real data from a typical
personal network study, which was not originally designed to identify and
analyze network overlap. This choice aimed to reproduce the common
scenario in which the overlap has to be recognized ex post in the data.
Furthermore, this approach has the benefit of preserving the complexity of
real-world data, illustrating the practical issues involved in real applications
in which network overlap is likely, and highlighting data characteristics that
may limit the ability to accurately detect overlaps. On the other hand, the
approach taken in this article is unable to compare results to some form of
ground truth, such as the values of model parameters that are known to have
generated the data. Future research could further test our method within a

28

Sociological Methods & Research XX(X)

data simulation framework that allows for comparison with ground-truth
metrics and parameters.
Other modeling approaches can be explored for the analysis of overlapping ego networks, including models originally designed for sociocentric
network data. The choice between different classes of models should be
primarily guided by the targets of inference of the study. The multilevel
framework is preferable if research questions and hypotheses are concerned
with variation in outcomes or characteristics of existing ties, and its different
sources at different contextual levels; sociocentric network models are more
suitable for inference about tie formation and various structural patterns of
dependence among ties. Data characteristics may also inform the choice
between models. In general, a higher level of overlap between personal networks brings the data closer to sociocentric networks and their more complex
structures of tie dependence: This would be an argument in favor of adopting
models for sociocentric data rather than standard multilevel models. On the
other hand, when the degree of overlap between ego networks is relatively
low (which is likely the case in most personal network research designs), the
advantages of the nonhierarchical multilevel framework seem to outweigh its
limitations. Future research on personal networks, and future efforts to bridge
egocentric and sociocentric methods, would benefit from studies comparing
these different approaches as applied to egocentric data with various degrees
of overlap.
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Notes
1. The expressions personal network and egocentric (or ego centered) network have
largely been used as synonyms in the sociological literature (Marsden 1990;
Wellman 2007), and we adhere to this practice in this article.
2. Setting a fixed number of alters in egocentric questionnaires (20 in this case) is a
recommended practice to avoid recall biases with free list name generators, like
the one used in this survey (McCarty et al. 2019:90-91). Our name generator
tended to primarily elicit strong (“significant” and “important”) ties. Compared
to other studies of strong or core personal communities, which are typically
limited to small ego networks of 10 or fewer alters, the higher number of required
alters in this study aimed to capture strong ties in different foci of activity
(family, school, work, etc.).
3. This is the number of an ego-network’s alter–alter ties that are incident on alter i
in consideration. It can also be seen as the number of social contacts that alter i
has in common with the ego who nominated i. Note that this measure is calculated on alter–alter ties, while ego popularity and alter popularity are calculated
on ego–alter ties.
4. If the dependent variable was the existence of a nomination in a dyad, then
structural measures calculated on the nomination network (such as ego and alter
indegree) would be endogenous to the models. This problem, however, does not
apply to the models presented in this article.
5. The argument for Hypotheses 2b and 2c is that individuals who are more likely to
give and less likely to ask for support (e.g., because they possess better resources
or altruistic predispositions) tend to develop social attractiveness and become
part of more people’s personal networks. This leads to higher popularity (indegree) for alters who provide more support and for egos who receive less support.
6. We do not require exact age match because alters’ age is reported by respondents,
therefore prone to errors.
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7. An additional exclusion criterion is set here, whereby an ego cannot be matched
to any alter in that ego’s own personal network. In addition, an ego can only be
matched to alters, but not to other egos.
8. The three counties are within 50 miles from each other and had between 830 and
1,990 Mexican residents and between 1,080 and 3,600 Hispanic residents according to U.S. Census data from 2010 (three years before the survey).
9. The literature on network sampling coverage has mostly focused on standard
sociocentric data rather than overlapping egocentric data. However, this literature analyzes whole networks with missing nodes that are similar to those generated by overlapping egocentric data.
10. Family-level variables are not available in our data and not included in the
models, but they could be incorporated if present. To simplify equations, only
one variable is shown for each level (ties, egos, and alters), but multiple variables
at each level are actually included in the fitted models.
11. M2a and M3a are effectively the same variance components model fitted to the same
data matrix. Although the M2 models are estimated on the no-overlap data and the
M3 models on the alter–alter overlap data, this only implies a difference between
M2b and M3b (the full models), but not between M2a and M3a. This is the case
because the only differences between the M2 data (no overlap) and the M3 data
(alter–alter overlap) are (1) a different distribution of the same ties among alters and
(2) different values for the alter attributes. However, M2a and M3a are not affected by
difference (1) because they do not include alter random effects, and by difference (2)
because they do not incorporate alter attributes as predictors. Similarly, M4a and M5a
are the same variance components model fitted to the same data because they have the
same random-effect structure and do not incorporate alter attributes.
12. Furthermore, the higher standard errors of the alter-level variance estimators
(compared to the ego-level variance estimators) might be due to the lower average number of level 1 units (ties) per alter (1.7 ties per alter vis-à-vis 19.9 ties per
ego on average). Data sets with a higher degree of overlap among personal
networks, resulting in more ties per alter, are likely to enable a more precise
estimation of alter random effects and their variance.
13. Interestingly, M4b and M5b achieve a better fit despite using a smoothed version
of some predictors: compared to the no-overlap data (M1b and M2b), in the
overlap data (M4b and M5b), the alter-level predictors are smoothed and have
lower variance because they are averages or modal values of the original
attributes.
14. This is the correlation between individuals’ tendency to send and to receive ties
(here, to obtain and to provide support). In cross-classified multilevel models, an
approach to examining this association involves estimating alter-level and egoð4Þ
ð2Þ
level residuals for each actor (ualtðiÞ and uegoðiÞ ) and measuring their sample

Vacca et al.

31

correlation. This issue, however, is only relevant if there is a substantial number
of network actors who occupy both the role of ego and alter: A number that is
likely to be high in sociocentric data, but lower in overlapping egocentric data (it
is about 3 percent in the illustrative data used here).
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