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Abstract

Health inequalities persist, in part, because people in socioeconomically advantageous positions 

possess resources to avoid new health risks when medicine advances. Although these health 

decisions rarely occur in isolation, we know less about the specific role of networks. We examine 

whether social capital mediates the relationship between individual educational attainment and 

decisions about a medical advance: H1N1 vaccination during pregnancy. Building on prior work 

that defines social capital as the resources of network members, we examine two mechanisms 

through which social capital may affect health decisions, facilitating information flow and exerting 

influence. Using egocentric network data collected from 225 pregnant women during the 2009-10 

H1N1 pandemic, we measure social capital as the proportion of networks that are college-educated 

H1N1 discussants (information flow) and the proportion of college-educated H1N1 supporters 

(influence). Findings reveal that college-educated women knew more college-educated H1N1 

discussants and supporters. Further, both measures of social capital predicted higher probabilities 

of vaccination, with the latter mechanism emerging as a particularly strong predictor. Our findings 

provide evidence that health decisions are shaped by individual resources as well as social capital 

available through network ties, offering a unique perspective of the ways that social networks 

contribute to producing, and potentially reproducing, unequal health.
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1. Introduction

Understanding the persistence of socioeconomic inequalities in health requires that we 

examine the specific processes that generate them (Link and Phelan, 1995; Lutfey and 

Freese, 2005; Glied and Lleras-Muney, 2008; Chang and Lauderdale, 2009; Hernandez, 

2013). These socioeconomic inequalities in health persist, in part, because people in 

socioeconomically advantageous positions possess the resources necessary to avoid newly 

identified health risks when medical research advances (Link et al., 1998). As medicine 

advances and people learn about new health hazards (e.g., a new cancer screening test), 

those in more favorable social positions may have more concern about their health, have 

better access to new health information, and have the means to adopt advantageous health 

behaviors. For example, socioeconomic differences have emerged or widened across a wide 

array of health behaviors and outcomes following medical advances, particularly by 

educational attainment (Link et al., 1998; Frisbie et al., 2004; Lichtenberg and Lleras-

Muney, 2005; Glied and Lleras-Muney, 2008; Price and Simon, 2009; Polonijo and 

Carpiano, 2013; Yang et al., 2014), as educational attainment has both direct (e.g., ability to 

access and process health information) and indirect (e.g., higher income) benefits (Hummer 

and Hernandez 2013).

Given that information about new health hazards may prompt or accentuate socioeconomic 

inequalities in health, we investigate the role that social networks play in this process. In 

other words, when faced with a new health hazard we posit that whom you know matters 

(Song 2010:479). To understand the role of social networks we focus on social capital. We 

examine whether social capital mediates the relationship between individual educational 

attainment and decisions about a medical advance developed to avoid a new health hazard. 

Building on prior work that defines social capital as the resources of network members 

(Song 2011; Lin 2001), we examine two specific mechanisms through which social capital 

may affect health decisions (Lin, 2017), by (1) facilitating the flow of health information 

and/or (2) exerting influence on health decisions. Prior research supports the notion that 

social capital mediates the relationship between individual social or socioeconomic factors 

and health (Moore, Stewart, and Teixeira 2014; Song 2011; Song, Pettis, and Piya 2017). 

Through interpersonal interactions, network members serve as lay health consultants, 

directly influencing health or medical decisions (Friedson, 1960; Pescosolido, 1992), 

providing individuals with information that influences subjective beliefs, or exerting 

normative influences on their health behaviors (Kohler et al., 2001; Umberson et al., 2010). 

Yet, we know less about the specific role that networks play in contributing to 

socioeconomic inequalities in health when new health information becomes available 

(Carpiano et al., 2008; Song et al., 2010), for example, when people face new health 

hazards.

Our example is H1N1 vaccination among pregnant women during the H1N1 pandemic, and 

we use survey interviews collected from 225 prima gravida (first time pregnant) women. We 

operationalize social capital as resources available to women through their personal 

networks. Specifically, we enumerate networks using a name generator, and measure social 

capital using name interpreter data on alter educational attainment and attitudes about H1N1 

vaccination. We then test whether social capital mediates the relationship between ego 
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educational attainment and H1N1 vaccination when holding health care access constant. 

Specifically, we measure social capital as the proportion of the network that is well-educated 

(i.e., completed a college degree) and (1) with whom individuals discussed H1N1 

vaccination (i.e., flow of health information) or (2) supported H1N1 vaccination during 

pregnancy (i.e., influencing health decisions).

In the sections that follow, we begin by describing how medical advances, or newly 

identified health hazards, can act as a catalyst for inequalities in a new health behavior. Next, 

we delineate how the networks in which individuals are embedded may mediate 

socioeconomic inequalities in health processes. We then describe our dataset and 

methodological approach, which we use to (1) affirm that there was an educational gradient 

in vaccination behavior and (2) test whether network members’ resources operate by 

facilitating the flow of information and influencing vaccination behavior. Our findings offer 

evidence that, when responding to a new health hazard, people’s decisions are shaped both 

by their own resources as well as the resources of their network ties. Specifically, we find 

evidence that being embedded in a network composed of a higher proportion college-

educated H1N1 vaccine supporters is a strong predictor of vaccination. In this way, our 

example merges and extends our current theoretical perspectives on the fundamental 

association between socioeconomic status and health, and identifies the important role of 

social capital in producing, and potentially reproducing, unequal health.

2. Background

2.1 Social Networks and the Emergence of Socioeconomic Inequalities in Health 
Following Medical Advances

For over a century, scholars have observed remarkably persistent social inequalities in 

health, across an array of socioeconomic measures (Kitagawa and Hauser, 1973; Feldman et 

al., 1989; Elo and Preston, 1996). People who are socioeconomically advantaged, who 

possess more flexible resources—defined as knowledge, money, prestige, and beneficial 

social connections that are adaptable within a variety of situations—are consistently able to 

avoid health hazards. These social conditions represent a fundamental cause of 

socioeconomic inequalities in health because they correspond to access to resources that 

affect a broad range of health outcomes (Link and Phelan 1995). Conditional upon disease 

preventability, social inequalities perpetuate socioeconomic inequalities in health by 

enabling socioeconomically advantaged people to avoid health risks and delay mortality 

(House et al., 1994). As a result, new health knowledge or medical technology often 

precipitate the emergence of social inequalities in health. As health knowledge emerges and 

medical technology advances, flexible resources enable some to avoid newly discovered 

health hazards, resulting in a social gradient in health behaviors and outcomes (Link et al., 

1998).

Among available flexible resources, educational attainment is often key. Learned 

effectiveness enables people to expand cognitive abilities, develop communication skills, 

and build confidence for problem-solving (Mirowsky and Ross, 2003). This process 

enhances individuals’ abilities to decipher, understand, and react to new health information 

following medical advances, resulting in a higher level of health literacy and health 
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consciousness to make informed decisions to protect their health (Nutbeam 2008: 2073) For 

example, educational differences in health behaviors and outcomes emerged or were 

exacerbated following advances in cancer screening and treatment (Link et al., 1998; Glied 

and Lleras-Muney, 2008); the development of new pharmaceutical drugs (Lichtenberg and 

Lleras-Muney, 2005; Price and Simon, 2009); and the availability of new vaccines (Polonijo 

and Carpiano, 2013).

Health decisions or problems rarely occur in isolation, though, instead prompting people to 

activate their social connections as they seek help (Perry and Pescosolido, 2015). In this 

sense, health decisions are a process, an episode, rather than a single choice (Pescosolido, 

1992). An array of evidence supports the claim that the people we know affect how we 

behave. Social ties influence health (Durkheim, [1897] 1979; House et al., 1988) and 

decision-making about health (Pescosolido, 1992; Umberson et al., 2010; Liu et al., 2010). 

Beyond individual resources, it is networks that may contribute to unequal health behaviors 

and health outcomes (Link and Phelan, 2002; Phelan et al., 2004). Yet, as Carpiano and 

colleagues (2008: 251) describe, “although beneficial social connections are implicated in 

the underlying mechanisms of fundamental causes [of unequal health],” they have been 

relatively understudied as a mechanism generating socioeconomic inequalities in health. 

There are notable exceptions, including studies that have examined whether social 

connections serve as a mechanism generating health inequalities. Song and colleagues 

(2017) found that the average educational attainment of alters, along with athletic identity, 

mediated the relationship between an individual’s educational attainment and their body 

weight rating. This finding further affirms prior research by Song (2010) that the 

occupational prestige of alters mediated the association between social factors and 

psychological distress. In a third study, Moore and colleagues (2013) also found that social 

capital acted as an intervening mechanism between individual educational attainment and 

health (i.e., self-rated health, physical activity, and hypertension). These more recent studies 

lend further weight to the idea that social connections play an important role in generating 

health inequalities, and merit further investigation into their role when people react to a 

newly identified health hazard or medical advance.

We address this need by examining the role of social networks when medical advances 

prompt the emergence of educational inequalities in health behaviors. Social networks offer 

access to social capital. Although a range of social scientists offer different perspectives on 

social capital (Lin 1999; Bourdieu [1983] 1986; Coleman 1990; Putnam 2000), we define it 

as the range of collective resources that alters possess, which are available to people in their 

networks (Lin, 2001, 2017; Carpiano, 2006; Song et al., 2010). Social capital may affect 

health through a range of mechanisms (Lin 2001), potentially generating health inequalities 

(Song, Frazier, and Pettis 2018). In a recent review, Song and colleagues describe a range of 

mechanisms through which these network members’ resources can affect health positively, 

ranging from influencing macro-level health policies to biological responses such as 

boosting the immune system (see Song, Frazier, and Pettis 2018 for full review). We 

examine two specific mechanisms through which social capital as network members’ 

resources may affect health decisions (Lin, 2001; Song et al., 2010), by (1) facilitating the 

flow of health information from well-educated alters and (1) exerting normative influence 

from well-educated alters.
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First, possessing more social capital may facilitate the flow of information about a new 

medical advance (Song et al., 2010; Lin, 2017). Prior work by Song and Chang (2012) 

provides evidence that social capital represents a resource that stratifies the way people learn 

new health information. They found that being embedded within networks with a higher 

proportion of well-educated people is predictive of more active searches for health 

information from more diverse sources, net of individual educational attainment and other 

sociodemographic resources. Possessing more social capital makes individuals both more 

active as health information seekers, and more adept at mobilizing social ties and making 

use of diverse resources to which they have access (Song & Chang, 2012). We theorize that 

the combined effect of possessing more social capital in the form of well-educated alters and 
being in networks with a greater flow of information about a new health hazard will result in 

more beneficial health decisions.

Second, with regard to health decisions, social capital as network members’ resources (Song 

& Chang, 2012) may operate by exerting normative influences that impact how they 

perceive, manage, and make decisions about their health (Pescosolido et al., 1998), including 

decisions about newly identified health hazards. As described, network ties directly 

influencing health decisions (Friedson, 1960; Pescosolido, 1992), providing information and 

exerting normative influences on their health behaviors (Kohler et al., 2001; Umberson et al., 

2010). In this way, being linked to highly educated alters or embedded in a highly educated 

network may enhance their ability to avoid a new health hazard. For example, seminal work 

by Christakis and Fowler (2008) found that individuals were themselves more likely to quit 

smoking when highly educated friends stopped smoking. This suggests that highly educated 

networks or alters may be more successful at influencing friends, and that, at least for certain 

behaviors, these processes differ for those embedded in more educated networks. Thus, 

women may directly benefit from being embedded within more highly educated networks 

that socially influence them, even though they may know little or nothing about the benefits 

of the behavior. Again, we theorize that the combined effect of possessing more social 

capital in the form of well-educated alters and being in networks with a greater amount of 

(beneficial) normative influence about a new health hazard will result in more beneficial 

health decisions.

2.2 H1N1 Influenza Vaccination Among Pregnant Women

Using H1N1 influenza vaccination among pregnant women as an empirical example of a 

medical advance (i.e., in response to the risks of H1N1 prenatal infection), we conceptualize 

network member’s resources as the proportion of their network with a higher level of 

educational attainment. We then examine whether the flow of information and social 

influence from networks with a higher proportion of well-educated alters mediate the 

relationship between women’s educational attainment and vaccination decisions. The 2009 

H1N1 influenza pandemic emerged in Mexico in the spring, garnering significant media 

attention. Clinicians quickly identified pregnant women to be particularly vulnerable to 

respiratory complications induced by infection (MMWR 2009). In the U.S., between April 

and August 2009, there were 788 confirmed cases of H1N1 among pregnant women. Half of 

these women were hospitalized, 115 were treated in intensive care units, and 30 died (Siston 

et al., 2010). When the H1N1 vaccine became available in November 2009, pregnant women 
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were placed on the priority list to receive it because they were at high risk of adverse 

maternal and neonatal outcomes if infected (CDC, 2011).

This example offers a number of benefits. First, the relatively swift spread of the H1N1 

pandemic resulted in the H1N1 vaccine being available during a concentrated period of time, 

making it a unique opportunity to observe how people react to a new health hazard. Second, 

pregnant women were placed on the priority list to receive the new H1N1 vaccine when it 

became available. Third, the women who are the focus of this study had access to prenatal 

care and insurance to pay for the vaccine, helping to rule these out as barriers to vaccination.
1 Fourth, women were frequently embedded within networks through which they received 

advice and opinions about their prenatal behaviors. Finally, participants in this study were 

pregnant for the first time, meaning that their decisions would not be influenced by prior 

pregnancies. These benefits allow us to hold constant many potential barriers to vaccination, 

and prior decision-making about prenatal health behaviors, and focus on the ways that 

education and social capital as network members’ resources operate to influence vaccination 

behavior.

2.3 Hypotheses: The Role of Social Networks on Decision Making about a Medical 
Advance

Our innovative example and data allow us to test specific processes through which social 

networks operate when people make a decision about a medical advance. We begin by 

testing a series of hypotheses. Given that socioeconomic inequalities are a fundamental 

cause of health inequalities (Link and Phelan 1995), we anticipate a similar association 

between personal education and vaccination behavior. As described, educational attainment 

affords an array of flexible resources, enhancing learned effectiveness, health literacy, and 

health consciousness. We expect that the availability of the H1N1 vaccine prompted an 

educational gradient in H1N1 vaccination.

Hypothesis 1: Compared to those who did not complete college, women will have a 

higher probability of being vaccinated if they completed a college degree.

Next, we test whether personal education operates indirectly through social capital, by 

providing information and exerting influence from well-educated alters. Personal 

socioeconomic status, in this case educational attainment, can be converted into social 

capital through three pathways (Bourdieu [1983] 1986; Lin 2001; Song 2010; Song et al. 

2017). These pathways help explain how social capital mediates the relationship between 

personal education and decisions about vaccinations. First, possessing a college degree 

affords women more opportunities to interact with others who also possess a college degree; 

a higher socioeconomic status allows for more structural opportunities for these types of 

encounters. Along these lines, college-educated women will be more able to engage in social 

networking, again resulting in more opportunities to interact with college-educated alters. 

Finally, due to homophily, college-educated women will be more likely to socialize with 

other similarly educated alters.

1If women were uninsured when they became pregnant then they qualified for the state Medicaid program, which paid for prenatal 
care and the vaccine.
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We propose two hypotheses to test whether social capital mediates the association between 

personal education and vaccination behavior.

Hypothesis 2: The proportion of college-educated H1N1 discussants in personal 

networks will mediate the relationship between personal education and H1N1 

vaccination.

Hypothesis 3: The proportion of college-educated H1N1 supporters in personal 

networks will mediate the relationship between personal education and H1N1 

vaccination.

Specifically, we expect that having a higher proportion of college-educated alters in their 

personal networks will lead to a greater amount of (accurate) information about the 

substantial risks associated with H1N1 infection during pregnancy. This will be due, in part, 

to the fact that women with college degrees are better able to mobilize their social ties, who 

possess diverse resources, when they need to make a health decision. Likewise, we expect 

that having a higher proportion of college-educated alters in their personal networks will 

influence them to receive the vaccine because well-educated alters understand the substantial 

risks of H1N1 infection during pregnancy. For instance, a woman’s sister—who is a 

physician—might warn her that the H1N1 vaccine is particularly important for pregnant 

women, influencing her to be vaccinated. Of note, building upon prior work on social capital 

and social influence, this study offers a unique empirical test of the way that the network 

resources available to people is associated with an important health decision. In this way, it 

offers important theoretical insights about the ways that network processes contribute to 

socioeconomic inequalities in health. In the sections that follow we describe our data and 

analytic approach.

3. Data and Methods

3.1 Research Design

Health Information and Behaviors during Pregnancy Study.—The Health 

Information and Behaviors during Pregnancy Study (HIBPS) is an original study designed to 

assess prenatal health behaviors among prima gravida women (women who are pregnant 

with their first child); it combines a quantitative component and two qualitative components 

(not included in this analysis). Women were sequentially enrolled from four health clinics in 

one of two large, urban Midwestern cities over the course of thirteen months, yielding a final 

sample size of 225, and 1,290 social network ties. Enrollment began the month that the 

H1N1 influenza vaccine became available to pregnant women (November 2009). 

Participants were included if they were over the age of 18, prima gravida, under 27 weeks 

pregnant, and spoke English, regardless of whether their pregnancy was planned or not.2 

During their pregnancies, they followed the standard prenatal protocol for care, which 

included an initial nurse intake visit and follow-up visits, of increasing frequency, with an 

obstetrician or midwife.

2Women were enrolled up through their second trimester to include those who lacked access to care during their first trimester, and 
they also qualified if they had previously experienced an elected or spontaneous abortion (i.e., miscarriage).
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Women completed a 20-minute survey interview, the HIBPS questionnaire, which included 

questions from the Behavioral Risk Factor Surveillance System (BRFSS; CDC, 2009), the 

Pregnancy Risk Assessment Monitoring System (PRAMS; Gilbert et al., 1999), the National 

Health Interview Survey (NHIS; National Center for Health Statistics, 2009), and the Kenya 

Diffusion and Ideational Change Project female questionnaire (KDICP; Kohler et al., 2001). 

Three obstetricians and obstetrics residents reviewed the questionnaire prior to collecting 

data, and it was pre-tested on 30 women from the clinics. Approximately 68 percent of 

eligible women agreed to participate and most were interviewed in-person by a trained 

survey interviewer, although they were also given the option to complete the interview over 

the phone. These modes ensured more reliable social network data compared to a written 

survey.3

3.2 Measures

H1N1 Vaccination.—The CDC, the American Medical Association, and the American 

Congress of Obstetricians and Gynecologists all uniformly recommended that pregnant 

women receive the H1N1 influenza vaccine during the 2009-2010 and the 2010-2011 flu 

seasons (ACOG 2010). For the duration of the HIBPS data collection, pregnant women were 

strongly encouraged by all of their health care providers to receive the H1N1 influenza 

vaccine, and were assured that the H1N1 vaccine safety level was equivalent to the annual 

influenza vaccine. The HIBPS questionnaire included a modified question from the 2009 

NHIS, which asks about influenza vaccination: “Have you had the H1N1 or ‘swine’ flu 

shot? This shot protects against the H1N1 or “swine” flu.” We coded vaccinations 

dichotomously (vaccinated = 1; not vaccinated = 0).

Education.—The HIBPS measure of education level is based on a question from the 2009 

NHIS, coded as a dichotomous measure: less than a bachelor’s degree (i.e., less than a high 

school degree, General Educational Development test, high school degree, Associate’s 

degree or some college) and Bachelor’s degree or higher (i.e., master’s degree, professional 

degree or doctoral degree).4

Network Measures.—The HIBPS questionnaire included a modified name generator and 

name interpreters (Knoke and Yang, 2008; Perry, Pescosolido, and Borgatti 2018), which we 

use to create network measures. The name generator prompted respondents to list their 

egocentric social network—specifically, their pregnancy discussion networks. Questions 

were adapted from the Kenya Diffusion and Ideational Change Project (Kohler et al. 2001), 

which aims to examine the role of social networks in changing attitudes related to family 

planning in Kenya. Women were asked, “[w]ho do you talk to about your pregnancy?5 

When listing alters—members of their pregnancy discussion networks—all women were 

asked twice if there was “anyone else,” and they were able to list up to 20 alters. Women 

then answered a series of questions (name interpreters) for each alter they listed, of which 

385 percent completed the survey in-person and 15 percent completed it by phone.
4Results were consistent after sensitivity analysis that included a linear specification of education. A minority of women may not have 
completed their schooling at the time of the survey, but results were consistent when excluding this small subset of women under age 
22. Results were similar using a three category measure of education (i.e., graduate/professional degree, college degree, less than 
college degree), but we dichotomize the variable to maintain adequate cell sizes.
5All women, except two, named at least one person in their pregnancy network. These two women were excluded from the analyses.
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we focus on three: (1) “[w]hat is___’s education level?” (1 = less than high school, 2 = high 

school graduate, 3 = some college, 4 = college graduate, 5 = graduate or professional 

degree); (2) “[h]ave you had any discussions with___ about getting the H1N1 flu shot during 

your pregnancy?” (yes, no); and (3) “[d]o you think this person agrees with receiving the 

H1N1 flu shot during pregnancy? (agrees, disagrees, don’t know).”

We then constructed measures to test our hypotheses. Using (1) and (2) above, we calculated 

the proportion of women’s H1N1 networks that were college educated H1N1 discussants 

(Hypothesis 2).

Number of college educated H1N1 discussants
Total number in network

= Proportion of college‐educated H1N1 discussants in personal network

We used (1) and (3) to calculate the proportion of their entire network that was both college 

educated and H1N1 supporters (Hypothesis 3).

Number of college educated H1N1 supporters
Total number in network

= Proportion of college‐educated H1N1 vaccine supporters in personal network

For each, sensitivity analysis using categorical variables divided into quartiles revealed 

substantively identical results.

There are two important caveats. First, there were two types of missing data. Women did not 

have full information for every alter (within-network missing data). Out of 225 women, 13 

were unsure about the educational attainment of one of their alters (i.e., 13 alters out of 

1,290 included in the analysis). Women were less certain about their alters’ opinions about 

being vaccinated during pregnancy: 70 percent were missing data for at least one alter. This 

within network missing data was set to missing prior to generating all network-level 

variables. Excluding within-network data may bias the results if there were systematic 

differences between the alters included or excluded in the network percent totals; thus, 

women may not have an accurate representation of the opinions of those in their entire 

network. Yet, in-depth interviews with a stratified random subset of 39 respondents revealed 

that their perceptions of their alters’ opinions were most salient, and they rarely speculated 

about their alters’ opinions. What mattered for women was their perception of the opinions 

of their partners, friends, relatives, and health care providers. Additionally, 34 women did 

not know any of their alters’ opinions about being vaccinated during pregnancy. A chi-

square test revealed that the women who did not know whether any of their alters agreed or 

disagreed about H1N1 vaccination did not significantly vary by education level (p = 0.56).

Second, similar women may have a higher propinquity due to any number of social, cultural, 

or educational factors (Haas, 2010).6 Using a name generator requires that women select a 

6In-depth interview results with women and their health care providers, as well as 14 months of observation in clinic waiting rooms, 
indicate that the participants did not befriend each other at the health clinics.
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specific pregnancy social network—people with whom they discuss their pregnancy. Thus, 

the HIBPS data are not designed to isolate the selection processes that may influence health 

behaviors. Rather, the results presented here represent the association of specific social 

network processes with vaccination behaviors net of pregnancy network selection processes.

Control Variables.—We control for age and race/ethnicity (1 = white non-Hispanic; 0 = 

other/minority). Although women were under 27 weeks pregnant when they participated in 

the HIBPS survey interview, and 65 percent were under 20 weeks pregnant, we include a 

measure accounting for the number of weeks pregnant the woman was at the time of the 

survey for the HIBPS analysis. We also control for network size.

3.3 Analytic Strategy

The hypothesized pathways were estimated using a Bayesian structural equation modeling 

(BSEM) approach. Bayes is a full-information estimator that minimizes sample loss and bias 

due to multivariate missingness by using all available data. Like comparable estimators (e.g., 

FIML), it generates unbiased parameter estimates and standard errors when variables are 

missing at random (MAR or MCAR; Asparouhov and Muthén, 2010a, 2010b). Moreover, 

compared to commonly used frequentist estimators that rely on large-sample theory (e.g., 

ML or WLSMV), Bayesian estimation is more computationally efficient and often offers 

better performance with small samples and when missing data are present (Asparouhov and 

Muthén 2010a; Muthén and Asparouhov 2012). All models were estimated using default 

(aka “non-informative”) priors specified in Mplus 7.4. The default priors are designed to 

minimize the effects of the prior distribution on posterior estimates while maximizing model 

convergence, which permits complex modeling while producing likelihood-driven results 

that are comparable to those generated by frequentist alternatives (see Asparouhov and 

Muthén 2010a, 2010b).7

The analysis proceeded with three separate BSEM models corresponding to each of the three 

study hypotheses. The first model regressed H1N1 vaccination on education and exogenous 

control variables to assess whether there was an educational gradient in H1N1 vaccination. 

The second and third models, respectively, regressed H1N1 vaccination on education, 

controls, and one of the two network mechanisms (Model 2: proportion college-educated 
H1N1 discussants; Model 3: proportion college-educated H1N1 supporters). These models 

also simultaneously regressed the respective network mechanism on education and controls, 

which permitted formal tests of mediation hypotheses.

Distal outcome models predicting H1N1 vaccination were modeled using binary probit 

regression. Mediator-as-outcome models predicting network mechanisms (Models 2 and 3) 

were treated as continuous normal variables and modeled with linear regression. Indirect 

effects of education on H1N1 vaccination via network mechanisms were estimated using the 

7A few interpretational differences between BSEM and classic SEM are noteworthy. First, BSEM point estimates (e.g., 
unstandardized regression coefficients) represent the median of the posterior distribution, which itself is a function of both the 
observed data and the default prior distribution. Second, BSEM credibility intervals have a more straightforward interpretation than 
classical confidence intervals: given the data and priors, there is a 95% probability that the true parameter falls within a reported 
credibility interval (aka, highest density interval or HDI). Third, the one-tailed posterior p-value in BSEM also has a more 
straightforward interpretation compared to a classic p-value: given the data and default priors, it is the probability that the true 
parameter is equal to zero or in the opposite-signed direction of the point estimate.
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conventional product-of-coefficients approach (see Hayes, 2013). The estimated path 

coefficients are conditioned on control variables; paths from control variables to each 

endogenous variable and covariances among exogenous covariates were included in the 

model but only summarized in figures and not included in tabled results. In general, results 

and discussion focus on the unstandardized probit estimates from portions of the BSEM 

models predicting H1N1 vaccination, with select estimates from these models transformed 

into the predicted probability metric to aid interpretation of results.

4. Results

4.1 Descriptive Statistics

In Table 1, we present descriptive statistics for each of these variables. About half (53.4 

percent) of respondents were vaccinated (Table 1), which was comparable to the national 

rate (Ding 2011). Of note, respondents were more highly educated than the average pregnant 

woman: 40 percent completed a master’s, professional or doctoral degree. This distribution 

provides an opportunity to observe how social processes occur at the higher end of the 

educational distribution, among women with relatively high levels of social capital. As a 

point of reference, in 2010 approximately 35 percent of U.S. females ages 25-34, within one 

standard deviation of the mean age of HIBPS respondents, completed a college degree or 

higher; the average was slightly higher in the Midwestern state where the HIBPS took place, 

where approximately 43 percent of women completed college (U.S. Census, 2018). Women 

were about 30 years old, they tended to be non-Hispanic white (67.9 percent) and at the time 

of the survey interview they were about 19 weeks pregnant.

With regard to women’s social networks, on average women listed 5.7 alters with whom 

they discussed their pregnancies (pregnancy discussion networks); two reported no alters, 

and only 13 percent listed 10 alters or more. To provide additional information, not listed in 

Table 1, women tended to report discussing their pregnancy with females (70 percent of their 

networks), family members (60 percent of their networks), friends (80 percent of their 

networks), and health care providers (40 percent of their networks; categories not mutually 

exclusive). Among alters listed, about 1 in 3 had a child in the past ten years or were 

currently expecting. The mean level of education within networks was 3.9 (standard 

deviation 0.7) on a 5 point scale (described above). Women discussed H1N1 with about 34 

percent of their networks, and about 55 percent of their networks were college-educated 

H1N1 discussants. If they knew their alters’ opinions, on average women reported that 81.2 

percent agreed with H1N1 vaccination during pregnancy. They reported that about 52 

percent of their network was college-educated and supported H1N1 vaccination during 

pregnancy, on average.

4.2 Bivariate patterns

In Figures 1 and 2, we show the bivariate relationships between our social network measures 

and vaccination behavior. Both figures show a similar pattern: the higher the proportion of 

network members who are both college-educated and either H1N1 discussants or H1N1 

vaccine supporters, the higher the proportion of respondents vaccinated. Among respondents 

reporting that none of their network was college-educated, nor had they discussed it with 
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anyone, a greater proportion was not vaccinated (0.61). Conversely, among respondents 

reporting that 75-100% of their network was college-educated H1N1 discussants, a greater 

proportion (0.83) were vaccinated. The pattern is even clearer for the measure reflecting the 

proportion of college-educated H1N1 vaccine supporters in personal networks. If 

respondents reported that none of their network was college-educated, nor did anyone 

support H1N1 vaccination, a greater proportion of them were not vaccinated (0.81). This 

ratio was flipped among those whose networks were comprised solely of college-educated 

vaccine supporters, who nearly all received the vaccine (0.93).

4.3 Structural Equation Models

Model 1 (Educational Gradient).—The first panel in Table 2 presents path estimates 

from a model assessing whether there was an educational gradient in H1N1 vaccination 

decisions in this sample of prima gravida women, net of controls. Consistent with 

Hypothesis 1, results show college-educated respondents were more likely to report 

receiving the H1N1 vaccination. In the probit metric, college education is associated with a .

48 increase (b=.48, p=.01, 95% CI [.09, .92]) in the z-score of the latent continuous variable 

representing the probability of H1N1 vaccination. However, the pseudo-R2 statistic indicates 

that only approximately 9% of the explainable variance in the underlying continuous latent 

vaccination variable was accounted for by education and controls (R2=.09, 95% CI [.02, .

17]), suggesting the likely existence of other unobserved sources of heterogeneity in 

vaccination decisions.

For a more intuitive interpretation of the magnitude of this association, we used the MODEL 

CONSTRAINT command in Mplus 7.4 to calculate discrete marginal effects (ME) of 

college education on the predicted probability of H1N1 vaccination at the mean or baseline 

values of exogenous covariates.8 According to Model 1, at covariate means/baselines, 

college education is associated with approximately a 19 percentage-point increase in the 

predicted probability of vaccination (ME=.19, p=.01, 95% CI [.02, .54]). This predicted 

difference is close in magnitude to the mean difference in vaccination rates observed across 

education groups in the data, as 37.0% of respondents without a college degree were 

reportedly vaccinated compared to 57.1% of respondents with a college degree (diff = 20.1).

Model 2 (Information Flow).—The second panel in Table 2 presents path estimates from 

a model assessing whether group differences in exposure to vaccine-related information 

from highly educated social network members mediate the educational gradient in H1N1 

vaccination decisions. These estimates are also displayed in a path diagram in Figure 3. 

Consistent with Hypothesis 2, results show that the proportion of college-educated H1N1 

8Marginal effects in probit regression were calculated as follows:

ME = ϕ(a + BX) ∗ bk

where ME is the discrete marginal effect of college education on the probability of vaccination at the mean or baseline of covariates, ϕ 
is the cumulative normal distribution function, a is the model intercept or the negative outcome threshold in Mplus, BX is a vector of 
regression slopes and covariates set to mean or baseline values (i.e., for a non-Hispanic white woman who is under 35 years old, has a 
college degree, is 18.9 weeks pregnant, and reports 5.7 network alters), and bk is the probit regression coefficient for college 
education.
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discussants in participants’ personal networks mediates the association between education 

and H1N1 vaccination. In the probit metric, college education is predicted to indirectly 

increase the z-score of vaccination probability by .10 via the information flow network 

mechanism (b=10, p=.02, 95% CI [.00, .27]). However, these results also suggest college 

education is directly associated with a 0.39 increase in the z-score of vaccination probability, 

net of controls and the information flow network mechanism (b=.39, p=.02, 95% CI [.02, .

89]). Overall, inclusion of this network mechanism into the model predicting H1N1 

vaccination resulted in a modest increase in pseudo-R2, with education, controls, and 

information flow accounting for about 17% of the explainable variance in the underlying 

continuous latent vaccination variable (R2=.17, 95% CI [.07, .29]).

Despite observing support for Hypothesis 2, an examination of the magnitude of the indirect 

and direct effects in Model 2 calls into question the extent to which the educational gradient 

in vaccination decisions is explained by differences in college educated and non-college 

educated respondent’s access to information from highly educated social network members. 

According to Model 2, at covariate means/baselines, college education is predicted to have a 

small discrete marginal indirect effect (MIE) via the proportion of college-educated H1N1 

discussants network mechanism equating to approximately a three percentage-point increase 

in the predicted probability of vaccination (MIE=.03, p=.02, 95% CI [.00, .11]). In contrast, 

the discrete marginal direct effect (MDE) of college education at covariate means/baselines 

is notably larger, with college education directly accounting for about a 13 percentage-point 

increase in the predicted probability of vaccination (MDE=.13, p=.02, 95% CI [.00, .50]).

Model 3 (Normative Influence).—The relatively large direct effect, contrasted with the 

small indirect effect of education on vaccination observed in Model 2, suggests that there are 

other mechanisms beyond network information flow. It may be that health-related decisions 

are more responsive to the normative influence from educated alters. Hence, the third panel 

in Table 2 presents path estimates from a model assessing whether the educational gradient 

in H1N1 vaccination decisions reflects group differences in exposure to support for 

vaccination among highly educated alters. These estimates are also displayed in a path 

diagram in Figure 4.

Consistent with Hypothesis 3, results from Model 3 show that the proportion of college 
educated H1N1 vaccine supporters in personal networks mediates the association between 

education and H1N1 vaccination. In the probit metric, college education is predicted to 

indirectly increase the z-score of vaccination probability by .35 via the normative influence 

network mechanism (b=.35, p=.01, 95% CI [.03, .66]). Inclusion of this network mechanism 

into the model predicting H1N1 vaccination resulted in a sizeable increase in pseudo-R2, 

with education, controls, and normative influence accounting for about 45% of the 

explainable variance in the underlying continuous latent vaccination variable (R2=.45, 95% 

CI [.29, .57]).

Still, based on results from Model 3, it is unclear whether education is directly associated 

with vaccination after accounting for network influence. Specifically, college education is 

associated with a 0.23 predicted increase in the z-score of the probability of vaccination net 

of controls and the normative influence network mechanism (b=.23, p=.20, 95% CI [−.27, .
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80]). However, the one-tailed p-value indicates a 20% chance that the true direct effect is 

zero or negative, which exceeds conventional statistical significance thresholds.

Examination of discrete marginal effects on predicted probabilities calculated from Model 3 

provide additional clarity. First, the discrete marginal indirect effect of college education via 

the normative influence network mechanism at covariate means/baselines is equivalent to an 

approximately eight percentage-point increase in the predicted probability of vaccination 

(MIE=.08, p=.01, 95% CI [.00, .33]). In contrast, the discrete marginal direct effect of 

college education at covariate means/baselines is smaller, with college education directly 

accounting for about a five percentage-point increase in the predicted probability of 

vaccination (MDE=.05, p=.20, 95% CI [−.05, .36]). While this estimate does not surpass 

conventional alpha thresholds for statistical significance, a small sample size results in low 

statistical power and low precision, as indicated by wide credibility intervals. Taken 

together, these results suggest the education-vaccination association is substantially (if not 

wholly) mediated by the normative influence network mechanism.

Sensitivity Analysis.—Finally, we conducted sensitivity analyses to assess the 

consequences of alternative coding decisions for our social capital and information flow/

normative influence measures. In the Appendix A, we show results when we modeled the 

proportion of respondents’ networks that (1) had a college degree (i.e., social capital as 

network members resources), (2) with whom they discussed the H1N1 vaccine (i.e., 

information flow), and (3) supported H1N1 vaccinations during pregnancy (i.e., normative 

influence). In Model A, we show how personal education indirectly increased the z-score of 

vaccination probability by .25 via (1) (b=.25, p=.01, 95% CI [.02, .53]) and directly 

increased the z-score by .29 (b=.29, p=.12, 95% CI [−.26, .83]). The next two models 

replicate this with the network measures (2) and (3). In contrast to Model A, Models B and 

C reveal that respondent education indirectly increased the z-score of vaccination probability 

by .01 (b=.01, p=.42, 95% CI [−.11, .11]) and .04 (b=.04, p=.36, 95% CI [−.26, .29]) for the 

measures of network discussion and normative influence, respectively. Models B and C also 

show respondent education directly increased the z-score of vaccination probability by .50 

(b=.50, p=.02, 95% CI [.01, 1.02]) and .56 (b=.56, p=.02, 95% CI [.04, 1.18]) net of network 

discussion and normative influence, respectively.

Based upon existing theoretical frameworks of social capital and health (Lin 2001; Song 

2011; Song et al. 2017), we include a full model with measures of social capital and its 

mechanisms in Appendix B. Specifically, we test whether (1) the proportion of H1N1 

discussants in respondent’s networks (i.e., information flow), and (2) the proportion of 

H1N1 supporters in respondent’s networks (i.e., normative influence) further mediate the 

effect of social capital.

Consistent with patterns reported above, we find that the association between respondent’s 

education and vaccination decisions is mediated by the proportion of respondents’ networks 

that had a college degree. However, this association appears direct rather than indirect. To 

explain, respondents with higher education and more educated networks were more likely to 

choose H1N1 vaccination, but seemingly not due to differences in network information flow 

or normative support for vaccination. Moreover, despite finding support for an indirect 
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pathway linking education to vaccination via the proportion of network college-educated, 

the proportion of college-educated supporters once again emerged as the strongest predictor 

of vaccination decisions.

Results using these alternative measures of network mechanisms are presented for 

transparency purposes. In the following discussion, we focus on results from models 

employing our preferred measures, which combine network education with network 

discussion/influence processes. The preferred measures reflect our theoretical expectations 

that one’s educational attainment indirectly influences health decisions by simultaneously 

structuring the educational levels (i.e., social capital) of one’s network as well as the 

information flow and normative influences experienced within one’s network. Results seem 

to bear out these expectations, as the best-fitting model for explaining vaccination behavior 

is Model 3 of Table 2, which includes the combined network education and normative 

influence mechanism (pseudo-R2 = .45, 95% CI [.29, .57]).

There are two reasons why we do not use the results from our appendices as our primary 

analytic strategy. First, based upon supplementary analyses of our stratified random subset 

of survey respondents we found evidence that women were particularly swayed by highly 

educated alters who supported vaccination. Compared to those without a college-degree, 

women who had completed college described more conversations with highly educated 

vaccine supporters (e.g., a friend in health care who warned them to be vaccinated). Second, 

our data afford the relatively unique opportunity to examine whether alters were both 
college-educated and vaccine supporters. This allows us to isolate the exact individuals 

described in the in-depth interview analysis. Finally, in additional analyses (not shown) we 

found that the proportion of college-educated H1N1 alters who oppose the vaccine did not 

mediate the association between personal education and vaccination. This analysis provides 

further evidence that it is not solely the proportion of network college-educated that 

mediates the relationship between personal education and vaccination.

5. Discussion

Findings from a range of studies support the idea that medical advances generate 

socioeconomic inequalities in health (Link et al., 1998; Glied and Lleras-Muney, 2008; 

Miech, 2008; Chang and Lauderdale, 2009), underscoring the importance of marshaling 

individual flexible resources for health decisions. Although there is evidence to support the 

idea that the networks in which people are embedded play a role in generating these 

socioeconomic inequalities in health (Pampel et al., 2010; Freese and Lutfey, 2011; 

DiMaggio and Garip, 2012), the process is not entirely clear (Carpiano et al., 2008; Song et 

al., 2010), especially when making decisions about a new health hazard. Building on prior 

evidence that social capital as network members’ resources mediate the association between 

socioeconomic status and health (Moore et al. 2014; Song 2011; Song et al. 2017), we 

specifically address this gap asking: Do social network processes mediate socioeconomic 

(i.e., educational) inequalities in health decisions about a new health hazard? Based on social 

capital theory, we hypothesize that social capital mediates the relationship, facilitating the 

flow of information and exerting influence on health decisions.
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Using H1N1 as an empirical example, we test these hypotheses empirically. As discussed, 

this example is ideal because (1) the pandemic created the opportunity to observe how 

people react to a new vaccine, (2) pregnant women were on the vaccine priority list, (3) 

women had access to prenatal care and insurance to pay for the vaccine, and (4) these 

women were embedded within networks that socially influenced their decisions. As 

anticipated in our first hypothesis, individual educational attainment was positively 

associated with H1N1 vaccination. Education, and the multitude of other benefits it affords, 

serves a type of flexible resource to be tapped in the face of health decisions and new health 

hazards.

In our next hypotheses, we examined whether the combined effect of being embedded in 

networks with more social capital (i.e., well-educated) and (1) more information flow about 

H1N1 vaccinations or (2) more support of prenatal H1N1 vaccinations (i.e., normative 

influence), would mediate this education-vaccination relationship. We theorized that 

possessing more social capital (i.e., well-educated networks) and being embedded in 

networks with a greater flow of information about a health hazard would be beneficial for 

health decisions. Indeed, we found that the proportion of college-educated H1N1 discussants 

partially mediated the education-vaccination relationship (Hypothesis 2). Likewise, we also 

hypothesized that the proportion of college-educated H1N1 supporters would represent an 

important mechanism. In contrast to our results for Hypothesis 2, the proportion of college-

educated H1N1 supporters substantially, if not entirely, mediated the relationship between 

education and H1N1 vaccination (Hypothesis 3). Moreover, including the social capital and 

normative influence network measure improved the model fit statistics considerably 

compared to prior models.

In addition to their own resources, being connected to other well-educated supporters may 

offer a host of additional resources that shape their likelihood of adopting this new medical 

advance. Put simply, our findings reveal that well-educated women tend to have well-

educated alters who support the use of a new vaccine against a pandemic. It may be that 

having more educated alters leads to more active searches for health information (or more 

alter directed conversations), which may partly explain educational differences in 

vaccination behavior. Ultimately, though, normative influence from well-educated alters is 

the stronger mechanism since it more substantially (if not wholly) mediates the influence of 

individual educational attainment on vaccination behavior. In this way, well-educated alters 

may directly influence vaccination uptake by encouraging the use of vaccines. They may 

also indirectly affect vaccination behavior, as embeddedness in a network of well-educated 

vaccine supporters might normalize and promote the acceptability of the vaccine. 

Importantly, if we solely focus on individuals’ own education, we miss important network 

mechanisms that help explain why more educated women decide to receive vaccinations 

than do their less educated counterparts.

5.1 Theoretical Implications, Limitations, and Opportunities for Future Research

How do these findings contribute to our understanding of the mechanisms generating 

socioeconomic inequalities in health? Using a carefully designed study, our example extends 

our current theoretical perspective on the way socioeconomic status operates through social 
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capital to generate health inequalities. These findings speak to a range of literatures from 

fundamental cause theory to the effect of social capital on health. We describe three 

theoretical contributions that emerge from this study. First, we offer an example 

demonstrating that social capital mediates the relationship between individual educational 

attainment and vaccination behavior. These findings align with prior work that social capital 

is one mechanism through which socioeconomic inequalities generate unequal health 

(Moore et al. 2014; Song 2011; Song et al. 2017). Second, building on prior social capital 

theory (Lin 2001), we tested two hypothesized mechanisms through which educational 

attainment is associated with a health behavior: information flow and social influence. Our 

evidence points to the latter mechanism, specifically influence from well-educated alters, as 

a particularly important determinant of H1N1 vaccination. As described, this matches 

evidence from qualitative interviews, in which women described trusting the advice of well-

educated family members who were in the health care field, for example.

Finally, our study design and empirical example afford us the opportunity to isolate these 

processes when people react a new health hazard – the H1N1 pandemic. Building on prior 

evidence that information about new health hazards prompts the emergence of 

socioeconomic inequalities in health (Gortmaker and Wise, 1997; Link et al., 1998; Frisbie 

et al., 2004; Lichtenberg and Lleras-Muney, 2005; Glied and Lleras-Muney, 2008; Chang 

and Lauderdale, 2009; Price and Simon, 2009; Polonijo and Carpiano, 2013; Yang et al., 

2014), these findings yield new insights about the role of social networks in the face of a 

new health hazard. Under these circumstances, people rely on more than their own resources 

when responding to a new health hazard – their decisions are also shaped by the social 

capital at their disposal. This finding sheds light on the ways that social capital as network 

members’ resources contribute to socioeconomic inequalities in health, and, importantly, 

illustrates ways that embedded network resources contribute to producing (or reproducing) 

unequal health. Two other advantages of this study are noteworthy. Due to the study design, 

we were able to isolate decisions about a new health behavior among women pregnant for 

the first time and we were able to hold access to health care constant.

Beyond our specific empirical example, it is likely that networks operate similarly when 

people face other health hazards and have new tools at their disposal following medical 

advances. That is, networks may represent a key impetus for the adoption of health 

behaviors based on medical advances among educated, affluent people (Valente 1998) and, 

likewise, may be a salient factor in perpetuating socioeconomic inequalities in health. 

Moreover, our findings resonate with prior work suggesting that health decisions rarely 

occur in isolation (Perry and Pescosolido, 2015; Pescosolido, 1992), and they suggest that 

social networks play a key role in helping people manage the uncertainty of health 

information based on newly discovered health hazards.

Although the current study provides a unique perspective of the role of social networks in 

contributing to educational differences in vaccinations, it is not without limitations. First, 

arguably, assessing the creation of a health inequality requires differences in morbidity and 

mortality outcomes. Although the current study does not directly assess H1N1 infection or 

morbidity among pregnant women, other evidence points to inequalities in morbidity. Doyle 

and colleagues (2013) found Floridian women with less education were more likely to 
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contract H1N1. Nationally, among pregnant women who became infected, over 75 percent 

were admitted to the ICU, with many experiencing severe and sometimes fatal maternal and 

neonatal outcomes (CDC, 2011). In combination, these findings suggest the existence of 

educational inequalities in H1N1 outcomes.

Second, although most women were able to provide information about alters in their 

networks, they were unable to provide complete information for everyone. Nonetheless, the 

results remained robust across sensitivity analyses employing a variety of coding strategies 

to account for missing network data. Moreover, results from in-depth interviews confirmed 

that women focused on the information they had in hand, or even avoided discussing the 

vaccine with untrustworthy alters.

Future research examining how social networks prompt the emergence of educational 

inequalities in health behaviors following new medical advances might improve upon the 

present study in the following ways. First, data that include information about social 

position, social networks, health behaviors or outcomes are rare, particularly those related to 

a medical advance. In this light, using multiple methods, particularly ones that incorporate a 

qualitative approach that allows researchers to inquire directly about health decisions, 

provides a valuable perspective to understand how networks contribute to the ways social 

inequalities are generated and maintained. Triangulating interviews would further strengthen 

researchers’ capacity to understand network processes – for example, interviews with a 

partner (Moen and Hernandez, 2009) or health-care providers (Hernandez, 2013). Second, 

future research on the role of network mechanisms in socioeconomic inequalities in health 

need to account for the fact that people do not weigh influence from others equally. Asking 

respondents who influences their health decisions would be a valuable way to explore 

network mechanisms and the ripple effect they have across networks (Umberson and 

Montez, 2010). Third, in developing and testing a theoretical framework to understand how 

social connections can serve as a flexible resource, it is imperative to emphasize the negative 

consequences of social connections. Future research should draw from an array of research 

on the negative consequences of social ties for health behaviors (Umberson et al., 2010; 

Pampel et al., 2010) to understand how networks may impede healthy decisions, and how 

these processes may occur with differing frequency depending on educational attainment (or 

social position). Finally, future research should utilize available data to examine the flow of 

information and decisions about new medical advances (Valente 1998).

Ultimately, the findings presented here reinforce the notion that socioeconomically 

advantaged people disproportionately benefit from a wide array of resources, a process that 

is particularly visible after a medical advance. By testing the role of social capital and 

network processes, we elucidate one way that beneficial social connections serve as a 

flexible resource, in addition to individual educational attainment. As an empirical example 

of this process, this study pushes the boundaries of our understanding of the multitude of 

factors that are at play when people make health decisions and how those decisions 

accumulate to produce unequal health. Given the complexity of network processes, these 

findings invite further research on the processes that generate and perpetuate socioeconomic 

inequalities in health.
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Appendix

Appendix A.

Associations between Network Mechanisms and H1N1 Vaccination Decision

Est. [95% HDI] (SD) P-Value (Pseudo)R2

Supplementary Model A: Network Social Capital

 education → vaccination .29 [−.26, .83] (.27) .12
.14 [.04, .25]

 proportion of network college-educated → vaccination .90 [.07, 1.64] (.40) .01 *

 education → proportion of network college-educated .29 [.20, .37] (.05) .00 * .27[.17, .37]

 education → proportion of network college-educated → 
vaccination (indirect)

.25 [.02, .53] (.12) .01 *

Supplementary Model B: Network Discussants

 education → vaccination .50 [.01, 1.02] (.27) .02 *
.16[.06, .32]

 proportion of network H1N1 discussant → vaccine .83 [.29, 1.32] (.27) .00 *

 education → proportion of network H1N1 discussant .01 [−.13, .12] (.06) .42 .06 [.01, .12]

 education → proportion of network H1N1 discussant → 
vaccination (indirect)

.01 [−.11, .11] (.06) .42

Supplementary Model C: Network Influence

 education → vaccination .56 [.04, 1.18] (.30) .02 *
.43 [.27, .55]

 proportion of network vaccine supporting → vaccination 1.83 [1.33,2.27] (.26) .00 *

 education → proportion of network vaccine supporting .03 [−.14, .15] (.08) .36 .04 [.01, .09]

 education → proportion of network vaccine supporting 
→ vaccination (indirect)

.04 [−.26, .29] (.14) .36

NOTES: N = (maximum) 223. Table entries are probit estimates from Bayesian structural equation models specifying 
default priors in Mplus 7.4. “Est.” is the effect estimate, or the median of the Bayesian posterior probability density. 95% 
highest posterior density interval (HDI) is in brackets. “SD” is the posterior standard deviation of the estimate. “P-Value” is 
the one-sided Bayesian posterior probability, given the data and default priors, that the true effect is equal to zero or in the 
opposite direction than that observed.
*
Asterisk indicates 95% credible interval does not contain zero.

Rows with one arrow represent direct effect estimates; rows with multiple arrows represent indirect effect estimates. Paths 
from control variables {number of weeks pregnant, race/ethnicity, advanced maternal age, and network size) to endogenous 
variables and covariance among exogenous covariates are also estimated but not presented here. Each Bayes model 
matched the data well, with posterior predictive p-values ranging from .27 to .50 (PPP > .05 indicates good fit).
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Appendix B.

Coefficients from MultipleSerial Mediation Models Predicting H1N1 Vaccination Decision

Est. [95% HDI] (SD) P-Value (Pseudo)R2

Supplementary Serial Mediation Model 1: Network 
Discussants

 education → vaccination .20 [−.25, .77] (.25) .11

.18 [.07, .28]
 proportion of network college-educated (M1) → 
vaccination

.81 [.04, 1.52] (.40) .01 *

 proportion of network H1N1 discussant (M2) → 
vaccination

.78 [.28, 1.31] (.27) .00 *

 education → proportion of network H1N1 discussant 
(M2)

−.01 [−.14, .14] (.07) .41

.06 [.02, .14]
 prop. college-educated (M1)→ proportion of network 
H1N1 discussant (M2)

.05 [−.13, .25] (.09) .29

 education → proportion of network college-educated 
(M1)

.29 [.22, .36] (.04) .00 * .27 [18, .35]

 education → proportion of network college-educated 
(M1) → vaccination (indirect)

.22 [.01, .46] (.12) .01 *

 education → proportion of network H1N1 discussant 
(M2) → vaccination (indirect)

−.01 [−.13, .12] (.06) .41

 education → prop. college-educated (M1) → prop. 
discussant (M2) → vaccination (indirect)

.01 [−.03, .06] (.02) .11

Supplementary Serial Mediation Model 2: Network 
Influence

 education → vaccination .22 [−.20, .82] (.26) .11

.44 [32, .53]
 proportion of network college-educated (M1) → 
vaccination

.86 [.00, 1.70] (.43) .02 *

 proportion of network vaccine supporting (M2) → 
vaccination

1.82 [1.41, 2.38] (.23) .00 *

 education → proportion of network vaccine supporting 
(M2)

−.01 [−.17, .17] (.09) .44

.04 [01, .10]
 prop. college-educated (M1)→ proportion of network 
vaccine supporting (M2)

−.08 [−.13, .33] (.11) .21

 education → proportion of network college-educated 
(M1)

.29 [.21, .36] (.04) .00 * .27 [18, .35]

 education → proportion of network college-educated 
(M1) → vaccination (indirect)

.23 [.00, .48] (.13) .02 *

 education → proportion of network vaccine supporting 
(M2) → vaccination (indirect)

−.03 [−.30, .32] (.16) .44

 education → prop. college-educated (M1) → prop. 
supporting (M2) → vaccination (indirect)

.05 [−.08, .19] (.06) .21

NOTES: N = (maximum) 223. Table entries are probit estimates from Bayesian structural equation models specifying 
default priors in Mplus 7.4. “Est.” is the effect estimate, or the median of the Bayesian posterior probability density. 95% 
highest posterior density interval (HDI) is in brackets. “SD” is the posterior standard deviation of the estimate. “P-Value” is 
the one-sided Bayesian posterior probability, given the data and default priors, that the true effect is equal to zero or in the 
opposite direction than that observed.
*
Asterisk indicates 95% credible interval does not contain zero.
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Rows with one arrow represent direct effect estimates; rows with multiple arrows represent indirect effect estimates. Paths 
from control variables (number of weeks pregnant, race/ethnicity, advanced maternal age, and network size) to endogenous 
variables and covariance among exogenous covariates are also estimated but not presented here. Each Bayes model 
matched the data well, with a posterior predictive p-value equal to .833 for both models (PPP > .05 indicates good fit).
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Highlights

• Personal and network resources afford unequal chances to avoid new health 

risks.

• We examine whether social capital mediates the education-H1N1 vaccination 

link.

• Personal education stratifies access to college-educated H1N1 supporters.

• Knowing more college-educated vaccine supporters predicts vaccination.

• Network processes contribute to producing, and reproducing, unequal health.
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Figure 1. 
Bivariate Relationships between Social Capital/Information Flow and H1N1 Vaccination 

Decision
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Figure 2. 
Bivariate Relationships between Social Capital/Normative Influence and H1N1 Vaccination 

Decision
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Figure 3. 
Relationships between Education, Social Capital and Information Flow, and Vaccination 

Decision (Model 2, Hypothesis 2)
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Figure 4. 
Relationships between Education, Social Capital and Normative Influence, and Vaccination 

Decision (Model 3, Hypothesis 3)
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Table 1.

Education, Demographic, Social Relationship, and Behavioral Measures from the Health Information and 

Behaviors during Pregnancy Study (HIBPS)

%/Mean (SD)

Vaccinations

 Percent receiving H1N1 influenza vaccine 53.4

Educational degree

 Individual Educational Attainment

  High school degree or less 8.9

  Some college or associate’s degree 12.5

  Bachelor’s degree 38.8

  Master’s degree 24.1

  Professional degree (MD, JD) 5.8

  Doctoral degree (PhD) 9.8

Network Measures

 Proportion of network…

  …college-educated 75.2

  …H1N1 vaccine discussant 33.8

  …H1N1 vaccine supporter 81.2

  …college-educated and H1N1 vaccine discussant 54.7

  …college-educated and H1N1 vaccine supporter 52.0

 Network size 5.7 3.4

Demographic

 Age 29.9 5.3

 Percent of advanced maternal age women 16.4

 Race/Ethnicity

  Non-Hispanic White 67.6

  Non-Hispanic Black 5.4

  Non-Hispanic Other 21.5

  Hispanic 5.8

 Number of weeks pregnant 18.9 6.4

43

Note: N = 223 for all except age, advanced maternal age, and number of weeks pregnant (N = 221) and H1N1 vaccine supporter (N = 189). See text 
for more details about the social network measures.
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