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Introduction

Social Network Analysis (SNA) is a scientific area focused on the study of relations. Using 

SNA, we can model and analyze these relations to understand how they influence attitudes, 

experience, or behavior—and subsequently health. The growing interest in SNA in health 

research is not surprising, as many health processes are inherently relational. Consider the 

spread of a contagious disease through close social or environmental contacts, the sharing of 

health information with friends or family, or the likelihood that a teenager adopts the risky 

health behaviors of peers. SNA provides unique approaches to study the impact of social 

relationships, and the environmental contexts in which social interactions occur, on these 

and other health processes in a way not afforded by traditional methods.

Previous research has described associations between features of social and built 

environments—such as population density, diversity of land use, and urban design—and 
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social network structures (Cabrera and Najarian, 2015; Boessen et al., 2018). The combined 

impact of the environment and social networks has been shown to affect health behaviors, 

such as physical inactivity and gang violence (Papachristos et al., 2013; Josey and Moore, 

2018). These studies support Carpiano’s resource-based theory of social capital for health in 

which structural characteristics of a neighborhood and its surrounding areas, or “structural 

antecedents,” lay the groundwork for the actual or potential resources rooted in social 

networks (Carpiano, 2006). From these social networks, positive or negative resources can 

be received to impact health and well-being (Carpiano, 2006).

Understanding of network-based data is of particular importance in research on the health 

environment. There is increasing focus on the dynamic interplay of interpersonal, social, 

and environmental influences on health. In addition to modeling relational health processes, 

SNA lends itself to exploration of these multilevel influences on the determinants and 

spread of health and disease. In SNA, health behaviors and outcomes may be modeled as 

emergent properties of the larger network system to gain a unique understanding of social 

influences on health and disease. SNA approaches have been applied to several domains 

of health research including epidemiology and public health (Smith & Christakis, 2008), 

health organizational behavior (Merrill et al., 2007, 2008, 2010, 2012), healthcare quality 

and safety (Brewer et al., 2018; Effken et al., 2011), and health services delivery (Provan et 

al., 2010).

Traditional research approaches focused on social influences on health attempt to predict 

health outcomes based on attribute data, i.e., characteristics or behaviors of individuals or 

groups within one’s social sphere. Established survey instruments on social connections 

assess only limited relational data such as an individual’s number, type, or quality of 

relations overall (Chang et al., 2018; Cohen et al., 1997). Network-based data tells us 

something inherently different than general measures of social support or social capital 

obtained through non-network attribute or relational data. SNA instead focuses on the 

structure of an individual’s web of relationships, in addition to specific features of each 

relationship, and how they can affect health outcomes.

Applying SNA methods to research on the health environment requires understanding of 

network-based terminology, and strengths and limitations of analytic approaches. There are 

two primary types of social networks. Sociocentric, or whole networks, include all members 

of a bounded network (e.g., all students in a school) and the exhaustive web of relations 

between them. Egocentric, or personal networks, take the perspective of an individual actor

—termed ego—who identifies their own connections—termed alters—and the relationships 

between these alters. It is often more feasible in public or population health research 

to collect egocentric network data using traditional epidemiologic sampling approaches. 

Therefore, the focus of this manuscript will be on the analysis of egocentric networks.

There is a small but growing collection of studies utilizing egocentric network methods 

in health research. Egocentric network methods have been applied to sexual and HIV 

transmission risk behaviors (Felsher & Koku, 2018; Kennedy et al., 2012; Latkin et al., 

2011; Li et al., 2011; Morris et al., 2010), violence perpetration and victimization (Bond & 

Bushman, 2017; Haynie et al., 2006), substance use and smoking behaviors (Huang et al., 
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2014; Li et al., 2012; Takagi et al., 2020; Valente & Vlahov, 2001), depression and mental 

health (Child & Lawton, 2020; Lam et al., 2017), contraceptive use (Valente & Saba, 1988), 

obesity (Christakis & Fowler, 2009; Hruschka et al., 2011), health promoting behavior (Flatt 

et al., 2012; Kennedy-Hendricks et al., 2015; O’Malley et al., 2012), dental health (Pullen 

et al., 2018), healthcare utilization (Adams et al., 2015; Cheong et al., 2013), and healthcare 

coordination (McGhee Hasrick et al., 2018).

While there are some common measures frequently used in modeling the impact of 

egocentric social networks on health outcomes, there is no standard approach to egocentric 

network modeling in health research, which impacts rigor and reproducibility. This guide 

provides an overview of social network concepts and terminology and outlines best practices 

to standardize and strengthen future research on the health environment utilizing egocentric 

network methods.

Concepts and Terminology

For health environment researchers aiming to incorporate Social Network Analysis (SNA) 

approaches into their research, we present a limited review of guiding SNA principles and 

a glossary of network-based terminology (see Table 1). For a comprehensive introduction 

to social network theory and analysis, interested readers may wish to consult the following 

sources (Altman et al., 2018; Carrasco et al., 2008; Hawe et al., 2004; Hogan et al., 2007; 

Luke & Harris, 2007; Scott, 2017; Valente, 2010; Wasserman & Faust, 1994; Wellman & 

Frank, 2001).

Representing Social Network Data

In SNA, data is collected to identify actors and the relational ties between them. Actors 

and their relational ties exist within networks. Actors are individual entities such as people, 

groups, or organizations. An ego is the focal actor of interest, from whose perspective 

the network is conceptualized, and alters are all of the other actors within the network. 

Relational ties are the connections between actors (i.e. ego-alter and alter-alter connections). 

Relational ties may carry characteristics of the relationship such as the strength (e.g., 

emotional closeness, level of trust, frequency of communication), type (e.g., friends, co-

workers, kin), direction (e.g., mutual, unreciprocated), or function (e.g., health information 

sharing, financial support). Actors and their relational ties exist within networks. Once 

relational data is collected within a network, it can be recorded in a square actor by actor 

matrix (see Figure 1a). Using SNA software, a matrix of relational data may be represented 

visually as graphs for further exploration and analysis (see Figure 1b). Actors and relational 

ties are displayed in network graphs as nodes and links respectively.

Units of Measurement within Social Network Analysis—Social network measures 

may be determined for expanding units of the network, from an individual actor to the 

network as a whole. Individual measures identify the position or role of a single actor within 

a network. Individual measures of position (e.g., degree, betweenness) or role (e.g., isolate, 

bridge) can help to understand the likelihood that an actor receives or transmits information, 

behavior, or disease. Network measures describe the structure of all actors and relational ties 

within the network as a whole (e.g., density, centralization) to make inferences about the 
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experiences of network members. Depending on the research question of interest, network 

measures can be calculated from the perspective of the individual actor and/or the network.

Unique Concepts for SNA in Health Environment Research—Social Network 

Analysis (SNA) allows for unique approaches to study the determinants and spread of health 

and disease within populations and environments. In health research, social networks are 

vehicles through which people can pass ideas (e.g., health attitudes, norms, information), 

support (e.g., social or financial support, collaboration), resources, health behaviors, health 

services, and the disease itself. Generally, relational ties, also known as network links, 

can be thought of as channels for the transfer or flow of elements (e.g. ideas, support, 

resources, behaviors, pathogens) between actors (Wasserman & Faust, 1994). Three primary 

categories of network properties can help to understand these transfers as they relate to 

health and disease: access, brokerage, and social influence. An understanding of these 

network properties and the associated health processes is needed to guide measure selection 

in SNA as detailed below.

Best Practices for Modeling Egonetworks and Health Outcomes

Step 1: Model Selection

Regression is a broad collection of statistical models that allow the researcher to estimate 

how a response variable changes as a function of other variables, and to assess the 

statistical significance of such differences. Regression-based approaches are frequently 

used to examine the relationship between a social network exposure and a health outcome 

using egocentric network data. Consistent with statistical modeling in general, the type of 

regression depends on the classification of the main outcome variable being used in the 

analysis. For example, if the main outcome variable is binary, then a logit or probit model 

may be appropriate. If the main outcome variable is a count, then a Poisson or negative 

binomial model may be appropriate. Researchers should be mindful of study design (e.g 

clustered sampling) and select regression models suited to the data structure.

Network models such as exponential random graph models (ERGMs) and multiple 

regression quadratic assignment procedures (MRQAP) may be better suited for analyzing 

sociocentric networks. There is recent literature on the use of ERGMs to analyze egocentric 

network data using advanced statistics and programming (Box-Steffensmeier et al., 2018; 

Krivitsky & Morris, 2017). For the purposes of this manuscript, we seek to assist health 

researchers who may not have a rich background in network science and will therefore focus 

on regression-based approaches.

Step 2: Social Network Exposure Variable(s) and Selection Considerations

Network properties can be broadly organized into three overarching categories pertinent 

to health outcomes: access, brokerage, and social influence. We suggest health researchers 

select access, brokerage, and/or social influence as the primary exposure(s) of interest based 

on the primary research question and postulated links between social network properties 

and the health outcome of interest. We present an overview of metrics for assessing these 
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network properties and propose best practices for social network measure selection within 

each category.

Access.—Measures of access broadly serve to predict how likely an actor is to receive 

or transmit any element, including health information, resources, and services. Access 

measures are typically individual measures of centrality, the prominence of an actor within a 

network as determined by how extensively connected that actor is to other network members 

(Table 2). Centrality measures of access include degree and closeness. Degree is the total 

number of actors directly connected to the ego. Degree captures the popularity or activity of 

an ego. Actors with high degree are directly connected to more other actors, and therefore 

have greater access to information, support, or resources. Closeness is the inverse sum of 

the distance in links connecting the ego to all other actors in the network. Alters with high 

closeness can rapidly interact with all other actors and are less likely to rely on intermediary 

actors to quickly access their network.

To summarize, actors with more ties to other actors, or shorter paths connecting them to 

other actors, have greater access. Bond & Bushman (2017) applied measures of access to the 

study of violence among adolescents to test the theory that violent behaviors are transmitted 

along ties in a social network—much like a contagious disease. Adolescents were more 

likely to display violent behaviors when they had easier access to observed violent behaviors 

through direct ties (i.e., greater degree) or shorter path connections (i.e., greater closeness) to 

violent peers, with measurable but waning associations up to four degrees of separation.

Brokerage.—Measures of brokerage identify actors that are likely to be influential due 

to their positions along key paths of transmission, acting as gatekeepers or conduits of 

information or disease. Measures of brokerage include betweenness and the number of 

structural holes. Betweenness is the extent to which the ego connects pairs of other actors 

by falling on the shortest path between these actors. Egos with high betweenness may 

be thought of as intermediaries that control, or broker, the flow of elements between the 

actors that they connect. Because of their position on many shortest paths, egos with high 

betweenness will also be frequently exposed to any elements transmitted along these paths.

Structural holes are a special form of brokerage where an ego is a member of two 

groups (e.g., work and family groups) that are not connected except for through the ego. 

An egocentric network with structural holes will allow the ego greater access to novel 

information or resources from the unconnected groups. In addition, the ego may have more 

freedom to act autonomously without the check of a highly interconnected network. For 

example, an ego can act one way with work colleagues and another way with family without 

the awareness of the other group.

To summarize, an actor in a high brokerage position may act as a gatekeeper along paths 

between many other actors, sit in a highly trafficked position, or bridge two or more 

otherwise unconnected components. Measures of brokerage have been used to study the 

network-based transmission of infectious diseases including HIV (Christley et al., 2005; 

Gyarmathy et al., 2014). High brokerage actors were more likely to contract HIV themselves 

due to greater exposure as a result of their high traffic positions (i.e., high betweenness). 
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High brokerage actors were also key to community spread of HIV as a result of their 

bridging positions between otherwise unconnected components (i.e., spanning of structural 

holes).

Social influence.—Social influence is a process by which an ego is impacted by their 

alters, who are also connected to and influenced by others. Measures of social influence can 

estimate the extent to which an ego’s beliefs, behaviors and/or disease states are a function 

of the ego’s connection to other individuals. Social influence measures can be calculated for 

the network as a whole and include measures of cohesion, the interconnectedness of actors 

within a network. The primary cohesion measure, density, captures whether an egocentric 

network is close-knit. Density is the number of links present in a network divided by all 

possible links which could exist. Network size and density are often negatively correlated; as 

size increases, density decreases.

Social influence can also be approximated through network-level measures of link strength 

and direction including average link strength, reciprocity, and transitivity. Average link 

strength is the network-level mean of link strength, a value measure assigned to a link based 

on the intensity, duration, or frequency of contact. Based on the research question of interest, 

various prompts can be used to obtain ego-reported ratings of link strength and direction 

for each relationship during data collection. Links may be unidirectional from alter to ego 

(e.g., Does this alter give you health advice?), unidirectional from ego to alter (e.g., Do you 

give this alter health advice?), or bidirectional. Reciprocity is the percentage of links in a 

network that are bidirectional. Strong or bidirectional links can be assumed to exert greater 

forces of social influence. Determining link direction also allows for identification of triads 

and measurement of transitivity, which is reviewed in other literature (Faust, 2006; Snijders, 

2011).

Finally, social influence can be captured using network similarity measures to account 

for the extent to which an ego is similar to their alters. Network similarity can be 

operationalized as the proportion of the ego’s alters that share a certain characteristic. If 

an alter attribute is binary, for example any lifetime tobacco use, it is useful to calculate 

the proportion of alters within an ego network with that attribute. If an alter attribute is 

a continuous measure, for example body mass index, it is useful to calculate a mean and 

standard deviation if normally distributed or a median and interquartile range if not normally 

distributed.

To summarize, actors within close-knit networks or actors connected by strong or reciprocal 

links will experience greater social influence. Actors within networks where many other 

actors share similar characteristics will also experience greater social influence. Social 

influence may be beneficial if the social force transmitted is social support or social capital. 

Social influence may also be detrimental to health. Situations of high social influence make 

it more challenging for an actor to adopt or maintain behaviors opposite of its network—the 

network equivalent of peer pressure. Lam et al., (2017) evaluated the role of measures of 

social influence on depression among Appalachian women and displayed the dichotomy 

of social influence. Women in close-knit networks (i.e., high density) of social support 

had decreased odds of depression, while women within highly similar networks (i.e., high 
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network similarity) with regards to unhealthy behaviors (e.g., smoking) had increased odds 

of depression.

Step 3: Covariate Selection: Sociodemographic and Health Characteristics

Similar to traditional regression modeling, researchers can select covariates based on the 

literature. For example, having dental insurance is associated with increased personal use 

of dental services. Therefore, models that describe dental utilization often control for dental 

insurance. In the absence of data, theory and model diagnostics should be used to guide the 

selection of covariates that are relevant to the health outcome. These variables may be on the 

individual-, family-, community- and country- level.

Step 4: Covariate Selection: Social Network Characteristics

In addition to serving as the main exposure variable of interest, network measures can 

also be covariates. When examining the impact of social networks on health outcomes, 

such as the impact of brokerage on acquiring a disease, the researcher will need to use 

both knowledge from previous literature and theory related to the health outcome in 

order to determine which social network measures should to be included as exposures or 

covariates. Failure to include relevant network measures as covariates can lead to model 

misspecification. Researchers can run the regression model with and without network 

variables to test whether the inclusion of network variables impacts the model. The field 

of health and social networks has progressed from early studies that only controlled 

for individual-level covariates to more recent advances in social network modeling that 

highlight the importance of also including social network covariates (Merrill et al., 2015). 

We recommend the best practice of including social network covariates into social network 

models moving forward.

Many measures of access, brokerage, and social influence are impacted by network size. As 

a general rule, all other network measures depend on network size mathematically, so this 

measure affects all other network measures. It is therefore best practice to include network 

size as a covariate in analytic models.

There should be a rationale for including or excluding each network covariate in the analytic 

model. In addition to network size, there are three main categories of network variables to 

consider as model covariates: centrality, cohesion, and similarity measures. The inclusion 

of each category of social network covariates should be based on whether the category is 

perceived as a driver of the health outcome. For example, models of health outcomes that are 

dependent on contact, such as contagious diseases, may choose to include network size and 

cohesion measures. Researchers should use theory to guide which variables are relevant to a 

particular health outcome in the absence of previous social network literature.

When choosing model covariates, the network covariates must not only be consistent with 

previous literature and theory, but also be statistically rigorous. For example, controlling 

for both total degree and betweenness may not be statistically rigorous due to collinearity. 

Centrality and cohesion measures may be highly correlated, so we recommend the best 

practice of checking for collinearity. If a researcher prefers not to select one centrality 
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measure, more than one centrality measure can be combined, for example, by using factor 

analysis.

Step 5: Analytic Considerations

There are a number of analytic issues to consider depending on the sampling approach and 

specifics of the network data. We will outline a few common topics to consider during data 

analysis. The selection of network measures may be influenced by both the number of egos 

in the study and the size of each ego network. For example, if many ego networks are small 

(i.e., each network having fewer than three alters) we advise against using betweenness or 

density because it may be difficult to discriminate between ego networks.

One of the many assumptions underlying regression models is that participants are 

independent (Rothman et al., 2008). Non-independence can become increasingly complex in 

ego network analysis. Network data can involve egos that have relationships with the same 

alters (Smith, 2012), or the egos themselves could be linked (Illenberger et al., 2011). If 

independent egos A and B both list person C as an alter, then any network calculation for A 

will no longer be independent from B. Additionally, the characteristics of the alters, or alter 

and ego, may not be independent (Wellman, 2007).

As with non-network studies, non-independence can also arise from clustered sampling. 

Specific regression models (e.g. linear mixed models and generalized estimating equations) 

can be employed to model egocentric network exposures and health outcomes in clustered 

studies. These models account for the inherent similarities between participants within a 

given cluster (e.g. school) and can be applied similarly to how they are used with non-

network-based exposures.

Researchers continue to work on how to avoid or counter the effects of such lacks 

of independence in regression-based ego network analysis. Generally, the strengths, 

availability, and familiarity with regression-based approaches outweigh this limitation, and 

favor regression-based modeling. We recommend noting and discussing this as a limitation 

when relevant.

Finally, this manuscript is focused on network data at one time point. Dynamic panel 

network data requires advanced considerations about metric stability over time (Benham-

Hutchins et al., 2018) beyond the scope of these recommendations.

Examples

To illustrate the best practices described in the manuscript, we applied the five-step process 

to examine whether social influence is associated with child dental utilization (see Figure 

2 and Table 3) (Pullen et al., 2018; Fisher-Owens et al., 2007). We chose two social 

network exposure variables of social influence to illustrate how the same research question 

can be approached using different network exposure variables. In the first example, we 

examined whether more network similarity on dental utilization among a mother’s alters 

is associated with improved dental utilization for her child. In the second example, we 

examined whether less network density in a mother’s social network is associated with 
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improved dental utilization for her child. Geography and the built environment can affect 

whether the mother’s alters have access to dental care and the density of the mother’s 

social network. In these simplified examples, we performed adjusted logistic regressions 

controlling for 4 individual- and family-level covariates and 4 network covariates.

Discussion

Health researchers are increasingly recognizing the impact of social relationships on health 

outcomes, including the combined impact of the environment and social networks on health. 

Over the past two decades, there has been a greater focus on applying Social Network 

Analysis (SNA) in health research to better understand how individuals’ health outcomes 

can be affected by their social networks, to develop network-informed interventions, 

and to open new avenues of research based on network modeling. We developed this 

guide to foster both conceptual understanding as well as practical application for SNA 

in health environment research. It is meant to both provide experienced researchers with 

standardized methodologies that can be translatable and reproducible, as well as encourage 

new researchers who are unfamiliar with SNA to develop high quality analyses in health 

and the environment. By outlining the steps from model selection, to selecting exposure 

variables and covariates, through analytic considerations, we wanted this process to feel 

familiar to traditional health researchers while simultaneously offering the concepts, metrics, 

and analyses that SNA affords.

It is imperative that high quality modeling adheres to best practices that produce 

generalizable and reproducible results. Researchers must also have a clear understanding 

of how and why social network methods can expand beyond classic social influence factors 

(e.g., behaviors or perceived support), and utilize social network data that emphasizes 

the importance of relationship structures and how they can affect the individual’s unique 

position in the network. We believe this guide and example highlight that delineation and 

clarify how SNA can provide a different insight into health research.

Social network research has impacted both health services and policies. SNA can also be 

used to inform interventions that are methodologically rigorous and result in improved 

health outcomes (Valente, 2012). For example, peer educators were identified to train their 

social network of drug or sex partners on reducing HIV risk behaviors (Latkin et al., 2009) 

and student-nominated opinion leaders were able to successfully lead tobacco prevention 

programming in high schools (Valente et al., 2003). These, and other studies, apply concepts 

that we have discussed (e.g., social influence) and leverage social networks to positively 

impact health outcomes. There remains significant room to advance SNA informed public 

health interventions by promoting standardized SNA approaches which conform to best 

practices for modeling social network exposures and health outcomes as outlined here 

(Shelton et al., 2009). For example, social network analysis can be used to optimize the 

design of health organizations or health facilities to improve health outcomes and patient 

safety (Effken et al., 2011; Benham-Hutchins et al., 2018; Brewer et al., 2018). Many of the 

concepts and theories in this field of work are still evolving; we hope this review is a timely 

introduction to the application of SNA in health research, particularly related to the health 

environment.
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Figure 1. 
Illustration of Social Network Measure Definitions and Analytic Terminology. A. Ego 

Network Matrix of Ties. B. Graphic Representation of the Ego Network Matrix. The ego is 
labeled EGO and is demarcated with a ring around the node. Nodes beginning with A - such 
as A1, A2 and A3 - are alters. The arrows symbolize directed relationships, with a two-sided 
arrow indicating a reciprocal relationship. Links with greater width indicate greater link 
strength. This ego network has the following descriptive network characteristics: Size = 4, 
Density = 3, Out Degree = 3, In Degree =2, Density = 4/6 = 0.67, Triad = Ego-A2-A3.
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Figure 2. 
Illustration of the Association between Social Influence and Child Dental Utilization Using 

Two Egocentric Social Influence Exposure Variables: Network Similarity and Network 

Density. A,B. Network visualization of network similarity between dental utilization among 

mothers’ alters and dental utilization for the mother’s child. Network similarity is defined as 
the proportion of alters who saw a dentist in the past year (filled blue circle) and depicted 
for four mothers whose child had dental utilization in the past year (A) compared to four 
mothers whose child did not have dental utilization in the past year (B). Each network 
image is for a hypothetical mother, or ego, who is denoted with a double circle. In this 
hypothetical example, mothers with child dental utilization had more dental utilization 
among their connections (greater network similarity) compared to mothers with no child 
dental utilization (Mean alter dental utilization 80% and 62%, respectively). C,D. Network 

visualization of maternal ego network density and dental utilization for the mother’s child. 

Ego network density is the percentage of all possible relationships within each mother’s 
social network and is illustrated for four mothers whose child had dental utilization in 
the past year (C) compared to four mothers whose child did not have dental utilization in 
the past year (D). Each network visualization depicts the links, or connections, between 
alter nodes for a hypothetical mother, or ego, who is not visualized. The width of the link 
indicates the link strength between alters. In this hypothetical example, mothers with child 
dental utilization had less connected networks (lower network density) compared to mothers 
with no child dental utilization (Mean density 0.52 and 0.88, respectively).
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Table 1.

Glossary of Social Network Analysis Terminology

Term Definition Example

Basics of Social Network Analysis

Actor A network member that is a distinct individual entity such as a 
person, group, or organization
Also termed Agent

  Ego The focal actor of interest within an egocentric network from whose 
perspective all relational ties are defined

In Figures 1B, 2A and 2B, the ego is indicated 
by the double circle node E.

  Alter All others within an egocentric network to which the ego has a 
relational tie

In Figure 1B, the three alters are indicated by 
the single circle nodes A1, A2, and A3. In 
Figures 2A and 2B, alters are indicated by a 
filled or empty circle.

Relational Tie A relationship or connection between actors in a network. Relational 
ties may be formal (e.g., receives funding from) or informal (e.g., is 
friends with) and may carry characteristics of the relationship.

Network The set of all actors and the relational ties among them

Sociocentric 
Network

A network consisting of the relational ties among all actors in a 
single, bounded community.
Also termed Whole Network

A researcher may construct a sociocentric 
network of a school by asking all students to 
identify other students with whom they are 
friends and mapping these friendship relations.

Egocentric 
Network

A network defined from the perspective of a single focal actor of 
interest. This includes relational ties connecting the selected actor of 
interest (ego) to all known others (alters) with whom a relationship 
exists. The relational ties between all alters within the network are 
also included as defined from the ego’s perspective.
Also termed Personal Network.

A researcher may construct an egocentric 
network by asking current smokers (egos) to 
identify all of their alters who they talk to 
about quitting smoking. Next, the egos are 
presented with each pair of alters that they 
talk to about quitting smoking and asked if 
the alters talk to each other. In this way, 
an egocentric smoking cessation information 
network is constructed for each ego in the 
sample.

Representing Social Network Data

Matrix Numerical display of the relations between all pairs of actors within a 
network. May be binary (“0” for no tie, “1” for tie) or valued within a 
range (“1” for weakest tie to “5” for strongest tie).

Figure 1A displays the actor by actor matrix 
used to construct the network graph in Figure 
1b. Notice that the relations are represented 
with values ranging from 0 to 2, where 
increasing numbers indicate stronger ties.

Graph Visual model of a network including all actors (as nodes) and 
relational ties (as links)

Figure 1B displays the network graph 
constructed from the corresponding matrix in 
Figure 1A

Node The graphic representation of an actor within a network.
Also termed Point or Vertex

In Figure 1B, all circles (labeled E, A1, A2, 
and A3) are nodes.

Link The graphic representation of a relational tie within a network. Links 
may represent characteristics of the relational tie such as the strength 
or direction of the connection.
Also termed Line, Tie, Arc, or Edge

In Figure 1B, all lines between nodes are links. 
Notice that increasing strength is represented 
by line width and direction is represented by 
single or double-headed arrows. The link from 
E to A1 is unidirectional. The link between E 
and A2 is bidirectional.

Path Route connecting a pair of nodes within a network graph along the 
ties between them and including any intermediary nodes

Length The number of links contained within a path

Distance The length of the shortest path between any pair of nodes
Also termed Geodesic Distance

Units of Measurement within Social Network Analysis

Individual A single node

  Isolate A node which has no connections to any other node
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Term Definition Example

  Bridge A link which serves to connect what would otherwise be disconnected 
nodes or subgroups of nodes

Subgroup Any subset of nodes and the links between them in which all nodes 
are connected directly or indirectly by at least one link
Also termed Component

  Dyad Two nodes and the possible links between them In Figure 1B, nodes E-A1 form a dyad

  Triad Three nodes and the possible links between them In Figure 1B, nodes E-A2-A3 form a triad

Entire Network All nodes and ties within the analysis

Unique Concepts for Social Network Analysis in Health Research

Access The ability of an actor to receive or transmit an element (e.g., 
ideas, support, resources, health behaviors, health services, disease) 
as facilitated by its direct and indirect connections to other actors in 
the network

Brokerage The ability of an actor to influence or be influenced by elements as a 
result of their position along key paths of transmission

Social Influence The process by which an actor is influenced by the network due to 
the characteristics and structure of the actors and ties to which it is 
connected

Note: Definitions adapted from Wasserman & Faust, 1994; Hawe et al., 2004; Altman et al., 2018
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Table 2.

Network Measure Definitions

Network 
Measure Definition Example

Size The total number of nodes in a network In Figure 1B, the network size is 4.

Centrality Measures of the prominence of a node within a network as 
determined by how extensively connected that node is to other 
nodes within the network

Degree The total number of nodes directly connected to the ego In Figure 1B, the degree is 3.

 In degree The sum of the connections leading to an ego from their alters In Figure 1B, the in degree is 2.

 Out degree The sum of the connections leading from an ego to their alters In Figure 1B, the out degree is 3.

Closeness The inverse sum of the distance in links connecting the ego to 
all other nodes in the network

Betweenness Extent to which the ego connects pairs of other nodes by 
falling on the shortest path between these nodes

Structural holes Gaps between two nodes without a direct connection and 
which have nonredundant other connections

Cohesion Interconnectedness of nodes within the network

Density The number of links present in a network divided by all 
possible links which could exist in the network

In Figure 1B, there are 4 links present out of 6 possible 
links. There is no direct link between A1-A2 or A1-
A3. The density is 4/6 or 0.67. In Figure 2C and 2D, 
the number of links present is divided by the possible 
number of links for each of the 8 mothers. In Figure 2C, 
for Mom 1, this is 5/10 or 0.50.

Link strength A value measure assigned to a link based on the reported 
intensity, duration, or frequency of contact between the two 
nodes

In Figures 1B, 2C and 2D, wider lines indicate greater 
link strength. In Figure 1B, the Ego-A1 and Ego-A2 
links have weaker link strength and therefore thinner 
lines compared to the Ego-A3 and A2-A3 links.

Reciprocity The percentage of links in a network that are bidirectional In Figure 1B, 2 out of 4 links are bidirectional. The 
reciprocity is 1/2 or 0.50.

Transitivity The probability that two nodes connected to a common node 
are also connected directly themselves

Network 
similarity

The proportion of an ego’s alters that share a characteristic of 
interest

In Figure 2A and 2B, the network similarity measure 
is the proportion of mothers’ connections who saw a 
dentist in the past year, which is the summed number of 
connections who reported visiting a dentist divided by 
the total number of connections. In 2A, for Mom 1, this 
is 4/5 or 0.80.

Note: Definitions adapted from Wasserman & Faust, 1994; Hawe et al., 2004; Altman et al., 2018
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Table 3.

Example of Best Practices for Modeling Egocentric Social Network Data and Health Outcomes to Examine 

the Association Between Two Social Influence Variables, Network Similarity and Network Density, On Child 

Dental Utilization.

Best Practice Step Example #1: Network Similarity Example #2: Network Density

1. Model Selection The main outcome variable was child dental utilization in the past year (yes/no). Because the main outcome variable 
was binary, we used a logistic regression model.

2. Social Network 
Exposure Variable(s) 
& Selection 
Considerations

In this example, we chose a network similarity measure 
to describe social influence, operationalized as the 
proportion of mothers’ alters who saw a dentist in the 
past year.
• We hypothesized that mothers with more dental 
utilization in their social networks would have a greater 
odds of child dental utilization compared to mothers 
with less dental utilization in their social networks.
This research question was rooted in the phenomenon of 
cultural norms, such that mothers with a cultural norm of 
routine dental care among their alters would experience 
social pressure to conform and take their children to a 
dentist.

In this example, we chose a network density measure 
to describe social influence, defined as the percentage 
of all possible relationships within each mother’s social 
network.
• We hypothesized that mothers with few friendships 
among their connections (less dense networks) would 
have a greater odds of taking their child to a dentist 
compared to mothers whose friends were all friends with 
each other (more dense networks).
This research question was rooted in the phenomenon 
that non-redundant relationships can be beneficial 
because they avoid social pressure to perform undesired 
health behaviors within an insular environment and 
allow for a greater variety of ideas that influence dental 
health-seeking behaviors for children.

3. Covariate Selection: 
Sociodemographic & 
Health Characteristics

Sociodemographic and health covariates were selected based on previous literature about child dental utilization: 
child age, child dental insurance, child oral health status, mother’s education and family income (Pullen et al., 2018; 
Fisher-Owens et al., 2007).

4. Covariate Selection: 
Social Network 
Characteristics

Mothers’ network covariates were selected based on theory related to the exposure variable and child dental 
utilization (Pullen et al., 2018; Fisher-Owens et al., 2007):
1. network size (count),
2. network link strength (continuous mean relationship strength score from 1 to 10, divided by 10),
3. network child dental knowledge (continuous proportion of alters with high dental knowledge),
4. network dental trust (continuous proportion of alters who trust dental providers).

5. Analytic 
Considerations

We examined multivariable models for collinearity.
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