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Developments in Aggregate Relational Data

Abstract

Aggregate relational data (ARD) on relationships between individuals and subpopulations have been informa-
tive for studying egocentric network size, assessing segregation in contact with subgroups, and estimating
the size of unlisted groups. Despite their wide range of applications, ARD survey questions are difficult to
answer, making them prone to considerable measurement error. Additionally, the data generated by these
questions can be challenging to model and analyze, necessitating various assumptions about the nature of

acquaintanceship with subgroups.

This dissertation consists of three chapters addressing the following research questions about the quality of
ARD and strategies for modeling these data: 1) What are the properties of models for analyzing ARD? 2)
How can we evaluate the fit of ARD models to the observed data? 3) How reliable are ARD survey items
and the network size measure obtained by combining them? We highlight key findings related to each of
these questions. In addressing the first question, we found that under some conditions, simpler and more
sophisticated modeling specifications yield identical estimates for quantities of interest, such as network and
subgroup prevalence. Analysts might opt for the simplest alternative to prevent unnecessary extra variance

that could arise from including redundant parameters.

Our endeavors to answer the second question showed that a stepwise approach to model augmentation
that considers models progressively, from simpler to more complex, can reveal novel insights into the
effects of different model assumptions. This approach enables a more nuanced perspective on patterns of
acquaintanceship with subgroups compared to the typical procedure adopted in the ARD literature, which
primarily focuses on parameter estimates from a single model. For example, we demonstrated that subgroups
with similar levels of a statistic commonly used to summarize the extent of segregation in contact with

subgroups — overdispersion — can exhibit vastly different distributions of reported connections.

Finally, the third chapter shows that measurement error in individual ARD items is severe, with reliability
estimates falling below the standard adequacy threshold of 0.70. Measurement errors at the item level likely
affect quantities derived from ARD models, leading to less precise and potentially biased estimates. We

illustrated this for network size, whose reliability is also below that threshold.
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Introduction

Aggregate relational data (ARD) provide information about relationships between individuals and subgroups
within a population, such as persons named Michael or employed as car mechanics. ARD survey questions
ask respondents to report the total number of relationships they have with persons in such subpopulations
and, as such, are colloquially known as “how many Xs?” items, where X denotes the subpopulation of
interest. Typically, some relatively weak relationship — often acquaintance or “knowing”! — is used as the
lower threshold for having a tie to someone within a subpopulation. These questions are usually studied
together with census data or other official statistics about the total membership of such subgroups within the

population.

ARD have proven informative in several social science applications. These include assessing the size (degree)
of a subject’s egocentric network and its variation within a population (e.g., Hofstra et al., 2021; Lubbers et
al., 2019), the extent of segregation in access to subpopulations (e.g., DiPrete et al., 2011), and estimating
the unknown size of hidden or unlisted subpopulations, such as those at high risk of HIV (e.g., Feehan et al.,

2016; Teo et al., 2019).

Although ARD survey questions have many applications, they can be difficult to answer. Since subjects
are unlikely to remember the exact counts of their contacts in different subpopulations, they must rely on
(possibly flawed) strategies for retrieving this information from memory within the short time frames allowed
by survey settings. Moreover, the data these questions generate can be challenging to model and analyze,
requiring various assumptions about the nature of acquaintanceship with subgroups. Issues about the quality
of ARD and strategies for modeling these data motivate the present dissertation, which consists of three

chapters that address the following research questions:

1) What are the properties of models for analyzing ARD?
2) How can we evaluate the fit of ARD models to the observed data?

3) How reliable are ARD survey items and the network size measure obtained by combining them?

To explore these questions, we use data from ARD surveys collected in different countries. The first is a
widely referenced study conducted by McCarty et al. (2001) between 1998 and 1999 in the United States
containing reports about 29 subpopulations based on first names, occupations, and other attributes. The
second data set comes from the Chilean Longitudinal Social Survey (ELSOC), a panel study led by the
Centre for Social Conflict and Cohesion Studies (COES) following a sample of adults in Chile. In 2016, 2018,

1One common definition of “knowing” is “... you know the person and they know you by sight or by name; you can contact
them in person, by telephone or by mail; and you have had contact with the person in the past two years” (Killworth et al.,
2003, p. 143).



and 2021, the survey included ARD items about contact with 25 subpopulations of varying characteristics.
While we rely on these two data sets for the bulk of the research, some additional analyses use data from a
special module in the Spanish National Barometer, a survey conducted monthly by the Spanish Center for
Sociological Research. The module, administered between December 2014 and January 2015, included ARD

items about 14 first-name subpopulations.

The first chapter presents analytical derivations and empirical results using real and simulated data to
illuminate conceptual issues about existing ARD models that have been hitherto overlooked. It also
introduces a novel model incorporating respondent covariates to assess the determinants of segregation in
contact with subpopulations. We can classify ARD models in increasing order of complexity based on their
assumptions about the processes shaping connections to subgroups. The most basic and restrictive ARD
model assumes that subjects have the same probability of knowing members of a subgroup (i.e., random
mixing), with this probability set to the subgroup’s fraction in the population (i.e., proportionality). It also
assumes that subjects can accurately report those contacts (i.e., no recall errors). More complex models relax
these assumptions by modifying existing parameters in the basic specification or introducing new ones. By
adopting a stepwise approach to model augmentation that considers models progressively, from simpler to

more complex, we reveal novel insights into the effects of different model assumptions.

For example, we demonstrate that, under some conditions, simpler and more sophisticated models yield
identical estimates for some quantities of interest. Nonetheless, more parsimonious alternatives can lead to
more precise estimates because they avoid unnecessary additional variance produced by unneeded parameters.
Furthermore, the empirical illustration shows that we can use the model with covariates to decompose
the overall level of segregation in contact with a subpopulation into a component attributable to observed
characteristics and a residual component, thereby providing substantive texture to the so-called “barrier
effects” responsible for segregation. Using ELSOC data on ties to occupational categories, we show that
while respondent covariates help account for a considerable portion of the segregation in contact with Higher

Service occupations, they play a limited role in explaining segregation for low-status occupations.

Like the first chapter, the second also takes an incremental approach to model augmentation. It does so,
however, to examine the fit of ARD models to the observed data, an issue seldom discussed in the literature.
We propose a workflow for goodness-of-fit assessments of these models, which starts with a basic model,
identifies its limitations, modifies its parameters or augments it with new ones, and repeats these steps until
reaching a final set of candidate models. This process involves formal statistical tests and graphical checks

drawn from the toolkit of Bayesian model fit evaluations.



Our goodness-of-fit assessments indicate several subpopulation types, categorized based on how well different
modeling specifications reflect the distributions of reported contacts within them. Among the key patterns our
diagnostics identify is the unusually high frequency of reports of exactly one acquaintance (relative to what
would be expected under standard ARD models) in some subgroups, particularly small ones and occupational
categories. We attribute this to the fact that respondents tend to enumerate individual contacts in small
subgroups (McCarty et al., 2001), which makes reports about them more susceptible to acquiescence and
satisficing biases that can increase the proportions of single-tie responses. Additionally, occupations may be
disproportionately likely to elicit such responses because it is common for people to know just one person in
certain occupations (e.g., a dentist whom one visits for occasional checkups). To account for the excess of
one-contact reports, we introduce a one-inflated negative binomial model, which offers a more satisfactory fit

to the observed data than existing ARD models.

The third chapter investigates the quality of ARD through reliability assessments. Reliability concerns the
consistency or repeatability of measurement across measurement occasions. While approaches to evaluating
reliability in cross-sectional design exist, the issue of consistency /repeatability is inherently longitudinal. We
exploit the three-wave design of the ELSOC, the only existing longitudinal survey that, to our knowledge,
includes ARD items, to study the reliability of individual items and the measure of network size obtained by
combining them. To accomplish this, we employ the Quasi-Markov Simplex Model (QMSM). With three or
more occasions of measurement, this reliability assessment method is able to relax the assumption of constant

true score required by test-retest approaches for only two occasions.

In addition to providing reliability estimates for individual ARD items, we adapt the QMSM to measure
the reliability of network size. This involves a methodological innovation that combines standard ARD
models with the QMSM within a Bayesian hierarchical framework. We show that the reliability estimates for
the individual items and the network size measure are below the conventional 0.70 threshold of adequacy,
indicating that measurement error is pervasive. Analyses that do not account for measurement error may

produce biased estimates and faulty confidence intervals.

For most of its history, egocentric network research has concentrated on subsets of personal networks, such
as individuals one discusses important matters with or those they go to for various forms of social support.
Aggregate relational data represent a special kind of network data because they allow researchers to gain
insight into acquaintanceship networks that include all of those known to a person, via both weak and strong
ties. However, this uniqueness introduces novel methodological and analytical challenges that sociological
research has only recently started to address. By illuminating fundamental issues about models for analyzing

ARD and the quality of these data, we hope this dissertation will contribute to the growing body of ARD



research.



1 Novel Insights into the Properties of Models for Analyzing

Aggregate Relational Data

1.1 Introduction

While many models are available for analyzing ARD, researchers often gravitate towards more sophisticated
ones without fully considering how their results differ from those yielded by simpler options. Evaluating
ARD models progressively, from simpler to more complex, can help reveal the impact of different model
assumptions and encourage more judicious use of these models. Maltiel et al. (2015) adopt this strategy
to assess the performance of a set of models for gauging the size of unknown subpopulations. Baum and

Marsden (2023) use it to study how different data treatments fare under increasingly complex specifications.

This chapter outlines a sequence of increasingly complicated models for analyzing ARD, augmenting a basic
Random Degree Model step by step. It offers analytical derivations and empirical evidence that shed new
light on how model assumptions shape estimates of social structural features that can be studied using ARD
— subgroup prevalence, network size, and the level of segregation in contact with subpopulations. We show
that some quantities are unaffected by different assumptions; others are impacted in ways that have been
overlooked. In addition to unveiling new properties of already-existing models, we introduce a model that
incorporates information about respondent characteristics, expanding ARD’s utility for studying issues of
inequality in access to subpopulations. The chapter is, therefore, motivated by the twofold objectives of
calling attention to important but neglected conceptual features in standard ARD models and providing new

tools for applied researchers interested in using ARD to investigate segregation.

We first consider three standard ARD models: Random Degree, Group Prevalence, and Barrier Effects.
The Random Degree Model assumes that each subject has the same probability of knowing members of
a subpopulation (i.e., random mixing) and that this probability equals the subgroup’s fraction within the
population (i.e., proportionality). The Group Prevalence Model relaxes the proportionality assumption,
positing that the probability that a tie involves a subpopulation, while identical across subjects, may differ
from the subgroup’s relative size. It does so by estimating a subgroup prevalence parameter for each
subpopulation. This parameter is indicative of how many relationships involve a subgroup, rather than how
many persons it includes. The Barrier Effects Model permits departures from both the random mixing and
proportionality assumptions. Under this model, individual people have varying propensities to form ties
to a subgroup, which average to the subpopulation’s prevalence level. We then present a new model that

augments the Barrier Effects Model by including respondent covariates. This decomposes the overall level



of segregation in contact with a subgroup into a portion attributable to observed characteristics and an

unexplained component.

The following section presents an overview of these different modeling strategies, emphasizing how augment-
ing models with additional parameters can relax assumptions about the processes shaping contact with
subpopulations and provide fresh perspectives on the mechanisms of acquaintanceship formation. Next, we
enrich these initial insights by dissecting the effects of different assumptions. We use two strategies to achieve
this: first, we rely on mathematical derivations to establish results that hold regardless of the characteristics
of specific data sets; then, we analyze data from two ARD surveys to present findings that depend on the

data in use, including an application of the Barrier Effects Model with covariates.

Beyond clarifying conceptual features in ARD models, our results also have practical implications. They
demonstrate, for example, that simpler and more sophisticated models yield identical estimates of network
size and subgroup prevalence under some conditions. Hence, researchers may find it sensible to choose the
most parsimonious alternative to avoid unnecessary additional variance in estimates of the quantities of
interest created by the presence of unneeded parameters. This strategy can be particularly valuable with
small sample sizes. Suppose, for example, that an analyst is interested in estimating subgroup prevalence.
As demonstrated below, the Group Prevalence and Barrier Effects models lead to identical point estimates.
The latter, however, introduces significantly more estimation uncertainty because it includes overdispersion
parameters. Therefore, the analyst may opt for the “simpler” specification underlying the Group Prevalence

Model to obtain more precise estimates.

Finally, our empirical illustration demonstrates that the Barrier Effects Model with covariates can reveal
interesting insights into the determinants of segregation in contact with subgroups. For the data on contact
with occupational categories studied here, it shows that while covariates explain a considerable portion of the
barrier effects in ties to Higher Service occupations (e.g., lawyers and CEOs), they do little to account for

segregation in contact with other occupations, such as store salespeople and office cleaners.

1.2 Overview of models for analyzing ARD

We begin with an overview of a set of models for making inferences from ARD. Throughout, we assume data
from n respondents on their contacts with K subpopulations, letting y;x denote respondent ¢’s number of ties

to the k' subpopulation.

The first model (Random Degree) assumes that 1) the probability that a contact is in a subpopulation

equals the fraction of individuals from that subgroup within the full population (proportionality) and that



2) this probability is identical for all members of the population (random mixing) (Killworth et al., 1998).
The second model (Group Prevalence) relaxes the proportionality assumption by replacing the subgroup
proportion with a subgroup prevalence parameter (explained below); it maintains random mixing, however,
because the probability of contact with a subgroup (now given by the prevalence parameter) remains identical
across individuals. The third model (Barrier Effects) accommodates departures from both proportionality and
random mixing by retaining the prevalence quantity from the previous model while adding a barrier effects
parameter that captures the overall level of segregation in contact with a subpopulation. The fourth and final
model augments the previous one by incorporating information about respondent demographic/socioeconomic

characteristics, allowing us to identify the determinants of the barrier effects.

All models implicitly assume that subjects have perfect knowledge about whether their contacts belong
to subpopulations. Violations of this assumption are known as transmission errors (Killworth et al., 2003;

McCarty et al., 2001; McCormick et al., 2013).

1.2.1 Random Degree Model

Assuming proportionality and random mixing, we propose to model data on the number of contacts with
subpopulation k via a Poisson likelihood with rate parameter d; (i’s degree) times my, (the fraction of the

population in subgroup k):?

yir ~ Poisson(d;my) = Poisson(exp(a; + log(myg))). (1.1)

In the equation above, my equals the ratio Ny /T, where the numerator N}, is the size of subpopulation k and
the denominator T is the entire population size; both N and T are obtained from official statistics data. We
define the degree parameter on the log scale (a; = log(d;)) to facilitate comparisons with the other models

discussed below.

The probability mass function for the Poisson distribution yields the following probability that a subject has

x contacts in the k' subgroup:

p(yin =) = (dimk)xe};[!)(—dimk> _ (exp(ay; + log(mkn)xe);}!o(—exp(ai + log(mk)))_ (12)

Positing that connections to members of different subgroups are independent, conditioned on network size,

2A binomial likelihood is also a plausible option (Killworth et al., 1998; Maltiel et al., 2015); results under the Poisson and
binomial specifications are similar, however (Baum and Marsden, 2023).



we can write the likelihood of respondent #’s vector of responses to the K items, y; = (yi1, Yi2, - - -, Yik ), 88

p(yiles) = H (exp(a; + log(my)))**exp(—exp(a; + log(mi)))

I~ (1.3)
!

Estimation of ARD models often adopts a Bayesian approach by combining the observed data (modeled
via the likelihood function) with information from prior studies or other beliefs to yield inferences about
unknown quantities (e.g., Maltiel et al., 2015; Zheng et al., 2006) The “updated” knowledge is summarized
in posterior distributions of parameters that weight the prior information and the observed data in inverse

proportion to the level of uncertainty about each.

One piece of information often incorporated into these models is prior knowledge of the degree distribution
within the population, which has been shown to follow a Log-Normal distribution in various data sets across
the globe, including the United States (McCarty et al., 2001), Brazil (Salganik et al., 2011), and Ukraine
(Paniotto et al., 2009). This prior regularizes degree estimates for respondents who report no contacts in
any ARD subpopulation and those who say they have numerous ties to every subgroup. For example, under
maximum likelihood estimation, the network size estimate for the former group is negative infinity (Killworth
et al., 1998). Assigning a network size of zero to these observations is substantively implausible because
no one answering a survey, recluse as they might be, knows no one at all. The prior ensures that degree
estimates for such observations are small enough to reflect their reports — but not unrealistically so, given

what we already know about the degree distribution in the population.

The prior takes the form of a Normal distribution assigned to the log-transformed degree parameter «; (or,

equivalently, a Log-Normal distribution assigned to the non-transformed parameter d;):

a; ~ Normal(piq, 02).

Following Zheng et al. (2006), we additionally assume non-informative uniform prior distributions for the

hyperparameters u, and o,, with the latter lower-bounded at zero.

When subjects are randomly drawn from the population and, therefore, independent of one another, we
obtain the likelihood for the full sample by taking the product of (1.3) across i = 1,...,n. Bayes’s Theorem
ensures that the posterior probability distribution for the parameters, our primary target of inference, is
proportional to the overall likelihood multiplied by the priors: Posterior o< Likelihood x Prior. This completes

the Random Degree Model, as Maltiel et al. (2015) call it.



1.2.2 Group Prevalence Model

The next model relaxes the Random Degree Model’s proportionality assumption by allowing the prevalence
of subpopulations to vary. For this, it replaces the known subpopulation proportion my with by, a subgroup
prevalence parameter that must be estimated. While Zheng et al. (2006, p. 412) refer to this as the Null
Model, we call it Group Prevalence Model to emphasize this new parameter as the model’s most prominent

feature. by is defined as

B
by, = Fk’ (1.4)

where B is total degree of the population (i.e., the sum of the network sizes across all individuals), and By
is the total number of relationships involving subpopulation k only. Hence, by represents the proportion of
ties in the population involving subpopulation k. The Random Degree Model sets by, = my. In the Group
Prevalence Model, if by, > my, members of k are involved in more relationships than average, which might
arise if k is particularly gregarious (e.g., an occupation involving frequent interaction with others, such as
secretaries). If, by contrast, by < my, k is especially reclusive (e.g., individuals with a medical condition that

prevents them from actively coming into contact with others).

The likelihood under the Group Prevalence Model is similar to that under the Random Degree Model,

excepting the replacement of k’s relative size, my, with its prevalence, by, in Equation (1.1):

yir ~ Poisson(d;by) = Poisson(exp(a; + Bi)). (1.5)

d; and «;, as before, are the non-transformed and log-transformed degree parameters; 5y is the log-transformed

group prevalence parameter, i.e., 8 = log(bg).

Unfortunately, including by induces an indeterminacy because the «; and § parameters in the likelihood
(1.5) are determined only up to their sum, allowing us to add any constant C to all {«;} and subtract it from
all {8} without changing the likelihood (Zheng et al., 2006, pp. 413-414). Some renormalization adjustment
is necessary to resolve this issue. Zheng et al. (2006) propose choosing C' such that the sum of the prevalence
parameters for a subset of subgroups is constrained to align with the sum of their subpopulation proportions.
This rests on the assumption that these subgroups are about as prevalent, on average, as a typical individual
in the population. While this is unwarranted for subgroups that are exceptionally sociable or isolated, it is
plausible for first name subpopulations (DiPrete et al., 2011). Zheng et al. (2006) argue, additionally, that

the subset should comprise subpopulations thought to be less prone to “recall bias” undermining subjects’



ability to accurately report contacts in particular subgroups (McCarty et al., 2001). Based on previous
research showing that respondents tend to underreport ties to larger subpopulations (Killworth et al., 2003),
Zheng et al. (2006) select a set of small (low my) first names as the subset.> The constant C' is described by
the equation below:

> b

kER

>omk |

kER

C =log

where R is the subset of small subgroups, and b}*" is the raw (unnormalized) prevalence parameter for
subpopulation k.
The renormalized log-transformed prevalence parameter, 5,7, equals the raw log-transformed prevalence

parameter, 5;*", minus C:

renorm; __ Qraw
& =0 —C.

Using the definition of C' and the fact that ;*" = log(b}"), we can rewrite the expression above as:

> b

kER
Iienorml — log(bzaw) _ log
> mg
kER
b S my,
~ log kER
- ra
> b
kER
But since the renormalized prevalence parameter, b, "™ equals exp(/5;""™1), we have
p p A q PPy s
biaw Z my,
kER
renormi __
by = 72 e (1.6)
k
kER

Summing both sides of this equation across the subgroups in R leads to the following constraint:

SO = my (1.7)

kER kER

The prevalence values for subpopulations outside the subset can vary freely. This chapter follows the Zheng et

al. (2006) renormalization approach for some results. For others, it uses a different constraint recommended

3The authors also include an adjustment factor to account for the fact that the rarest names in their data are female, and
people tend to have more acquaintances with those of the same sex as them. For the sake of simplicity, this chapter ignores this
additional adjustment.
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by Laga et al. (2023) and Baum and Marsden (2023), which requires that the proportionality proposition

hold, on average, across all subgroups in the data — instead of only a subset:

K K
3 premerme = 3y, (18)
k=1 k=1

This implies that the renormalized prevalence parameter under constraint (1.8) is given by

K
raw
D™ D ey Mk
K raw :
> k1 Ui

prenormz _
k

(1.9)

As with the Random Degree Model, the log-transformed degree parameters are assigned Normal priors. The
Group Prevalence Model also assumes Normal distributions for the {8}, with hyperparameters p13 and og
following non-informative uniform priors. We complete the model by multiplying the overall likelihood for

the sample by these priors.

1.2.3 Barrier Effects Model

We now consider a model that augments the Group Prevalence Model by permitting individual-level variations
in propensities to form ties to subgroups, which are known as “barrier effects” (DiPrete et al., 2011; McCormick
et al., 2013; Salganik et al., 2011; Zheng et al., 2006). This model thus accommodates departures from both
proportionality and random mixing. Hereafter, we refer to it as the Barrier Effects Model, using the same

label as Maltiel et al. (2015).4

To model barrier effects, Zheng et al. (2006) specify the rate parameter for the Poisson likelihood as the
product of three terms: d;bgg;r. Two of these are the degree (d;) and subgroup prevalence (b;) parameters
from the Group Prevalence Model. The other, g;, is new: it governs barrier effects by controlling person ¢’s
relative propensity to know members of subpopulation k. It is formally defined as

_ Vi/d;
Gik = bk )

where d; and by are defined as before, and v;; describes the expected number of contacts respondent ¢ has
in k. In other words, g;; represents a ratio of proportions: the fraction of ties to k& within i’s egocentric
network divided by the fraction of ties involving the subgroup in the population network. If g;; equals one,

the numerator and the denominator are the same, and respondent 7 is no more likely than an average person

4Zheng et al. (2006), who first introduced the model, called it “Overdispersed” to highlight the presence of an overdispersion
parameter (explained below) accounting for nonrandom mixing.
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in the population to know members of k. If g;; exceeds (is less than) one, the respondent has a higher (lower)
propensity to have contacts in k than an average individual. g;; thus captures variations in individual-level

propensities to form ties to k.

The addition of g;; to (1.5) leads to the following updated likelihood:

Yir ~ Poisson(d;byg;r) = Poisson(exp(a; + Bk + vix)), (1.10)

where 7,1 is the log-transformed g¢;; parameter (v;x = log(g:x)), and the other terms are defined as before.

A challenge in this model is that it includes more quantities than can be estimated, since there exist n x K
individual-level propensity parameters for data on K subpopulations from n observations, together with other
parameters already introduced. By specifying a gamma prior for the {g;;}, however, one can integrate out
their log-transformed versions, 7;x, from (1.10), yielding a compound negative-binomial likelihood (Zheng et

al., 2006, p. 413):

yir ~ NegBin(mean = exp(«a; + Bi), overdispersion = wy,). (1.11)

Equation (1.11) subsumes barrier effects under a single subgroup-level parameter wy, allowing an analyst to
estimate {a; } and {8} without estimating the individual-level parameters. wy is known as the overdispersion
parameter since it scales the variance of y;x: V [yix] = wiE [yix]. Higher wy values imply more variation in
the distribution of ties to people in k than would be expected under random mixing. If wy equals one, its
lower bound, everyone has the same propensity to know members of k, and the model reduces to the Group

Prevalence Model.

The Barrier Effects Model imposes the same priors for the {o;} and {8} as the Group Prevalence Model
does. Furthermore, it assigns a uniform prior on the interval from zero to one to the inverses of the {wy},
constraining the overdispersion parameters to lie in the range (1,00). Again, to complete the model, we
multiply these priors by the overall likelihood for the sample. Note that the renormalization issue involving

«; and [y, discussed above for the Group Prevalence Model, remains here.

1.2.4 Barrier Effects Model with Covariates

The fourth and final model retains the specifications from the Barrier Effects Model but includes information
about respondent characteristics in the likelihood. Despite the potential of such a regression-like approach to

studying ARD, analysts have only recently started to include covariates in ARD models (Baum and Marsden,
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2023; Laga et al., 2023; Teo et al., 2019). Teo et al. (2019) and Baum and Marsden (2023) adopt this
strategy to augment the Random Degree and Group Prevalence models, respectively. Laga et al. (2023) add
independent variables to a model accounting for correlated acquaintanceship patterns between subpopulations
in an effort to improve estimates of size of unlisted groups. Below, we incorporate covariates into the Barrier

Effects Model to uncover the determinants of segregation in contact with subpopulations.

We start by decomposing the 7, term in (1.10) into two components, A;x and €;x:

yir ~ Poisson(exp(a; + 7 + ik + €ik))-
——
Yik
We substitute 7 for B because, as explained in Section 1.4.2, p;, = exp(my) is not interpretable as the
subgroup prevalence parameter, which is defined as the ratio of the total number of relationships involving
subpopulation & to the sum of the network sizes across all individuals (Equation (1.4)). In the expression
above, \;; is a linear function of L covariates, i.e., \jp = E{;l 011 X1i, where Xj; is respondent i’s value on

[th covariate’s weight on the barrier effects for subgroup k that are

the I*" covariate, and &;;, represents the
attributable to observed characteristics. €;; captures residual barrier effects. As in ordinary least squares
regression, we assume that €;; is uncorrelated with A;;. Using a procedure similar to the one above for the

baseline (no covariates) Barrier Effects Model, we marginalize the likelihood over ¢;;; by assigning a gamma

prior to the residual barrier effects. This yields the following compound distribution:

L

Yir ~ NegBin (mean = exp <o¢i + T + Z (5llei> , overdispersion = wk) , (1.12)
1=1

where wj, is a subgroup-level parameter describing residual barrier effects after accounting for observed charac-
teristics. Like the baseline Barrier Effects Model, the covariate-augmented version requires a renormalization

adjustment — here, this involves the parameters a; and 7.

In Equation (1.12), all covariates (including indicator variables) are mean-centered so that barrier effects
associated with them can be understood as mean-0 departures from a propensity to know someone in a
subpopulation under the baseline Barrier Effects Model (Baum and Marsden, 2023; Laga et al., 2023).
Following Teo et al. (2019), we assume normal priors for the regression coefficients {d;;}, with zero means
and standard deviation parameters governed by gamma priors.> The other parameters retain their priors

from the previous models.

The decomposition of a quantity (here, the overall barrier effects) into a component explained by observed

5More details are available in Teo et al. (2019) and its accompanying supplementary material.
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characteristics and an unexplained component has been a long-standing practice in sociological research.
Perhaps the most popular decomposition method is the Kitagawa-Oaxaca-Blinder (KOB) partition (Blinder,
1973; Kitagawa, 1955; Oaxaca, 1973) of the mean disparity in an outcome (e.g., wealth) between two groups
(e.g., black-white) into a portion that can be accounted for by differences in explanatory variables and a

residual fraction.

We adapt McCormick et al’s (2010, p. 66) metric of standardized difference to quantify the extent to which

covariates explain the overall level of segregation in contact with a subpopulation:

prop Wk — Wy,
= —7, 1.13

In the equation above, wy, is the overdispersion parameter from the baseline Barrier Effects Model. wy, is
the residual overdispersion from the Barrier Effects Model with covariates. wy ° compares these quantities
to assess the importance of the explanatory variables. When wj, equals wy, w} ¥ becomes zero, implying
that the variables do not contribute to explaining segregation in contact with subgroup k. When wj, reaches
its lower bound of one, wr " also equals one, meaning that the variables account for the entirety of barrier

effects.

1.2.5 Summary and research plan

Table 1.1 summarizes several properties of the models we will study in this chapter. So far, we have only
covered the assumptions column. The following sections will explore differences and similarities across
models in their estimates of several quantities of interest — namely, subgroup prevalence, the network size

distribution, and overdispersion.
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Model

Assumptions

Estimates of Quantities of Interest

Subgroup

Prevalence (by)

Network Size (d;)

Distribution

Overdispersion (wy)

Random Degree ¢ Random mixing =my Guided by data =1
o Proportionality
Group Prevalence o Random Mixing Guided by data =1

« Relaxes proportionality

Shifted by a factor of
Z::1 ki
ST

distribution under the Ran-

relative to the

dom Degree Model

Barrier Effects

« Relaxes random mixing

« Relaxes proportionality

Identical to estimate under
the Group Prevalence Model,
given the same renormaliza-
tion constraint. The estimate

of b, under both models is
N

2151 yfk

Zz:ld1

e Same mean as the distribu-
tion under the Group Preva-
lence Model, given the same
renormalization constraint

o Individual degree estimates

depend on @y,

Guided by data

Barrier Effects

with Covariates

e Same as Barrier Effects
Model

e Models segregation in
terms of observed covariates

and residual barrier effects

The pp = exp(m,) parame-
ter in this model is not in-
terpretable as the subgroup
prevalence parameter since it
does not represent the ratio
of the total number of rela-
tionships involving subpopula-
tion k to the sum of the net-

work sizes across all individu-

als. Instead, the estimate of py.
S i
Y e (307, e Xa)

estimate the subgroup preva-

is . To

lence parameter from this
model, we can use the plug-

in estimate of the expression

Z;l dipr eXP(ZIL:1 5chzz)
o

d,
i=1""

Varies depending on associa-
tions between covariates and
counts in individual subpopu-

lations

Varies depending on associa-
tions between covariates and
counts in individual subpopu-

lations

Table 1.1: Summary Table

The most basic model, Random Degree, rests on the proportionality and random mixing assumptions. The
Group Prevalence Model relaxes the proportionality assumption by replacing each subgroup’s relative size in
the population with a prevalence parameter. The Barrier Effects Model relaxes random mixing by adding a
set of subpopulation-level overdispersion parameters to the previous model. Finally, the Barrier Effects Model

with covariates can reveal the determinants of barrier effects by incorporating information about respondent
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characteristics.

From this point forward, we will study several overlooked questions about how different modeling specifications
influence estimates of subgroup prevalence, network size distribution, and overdispersion. The sections below
examine each of these quantities successively, starting with the third column of Table 1.1 and moving down
through its rows. We then repeat this approach for the fourth and fifth columns. This exercise aims to answer

the following questions:

1) How do subgroup prevalence estimates differ across models?
2) How do the network size distributions differ across models?

3) How does adding covariates to the Barrier Effects Model affect estimates of overdispersion?

We rely on novel analytical derivations and empirical results to answer these questions. The former primarily
conceive the models under a maximum likelihood estimation framework, disregarding the priors from Bayesian
models. Analyses not shown here indicate that our claims remain largely unaffected by the vague priors of

ARD models. The empirical segments investigate data from two ARD surveys described in the next section.

1.3 Data

To compare the degree estimates under the Group Prevalence and Barrier Effects models (the third row
under the fourth column of Table 1.1), we examine data from a survey collected by McCarty et al. (2001).
We choose this data set because it has featured prominently in much ARD-based research and contains

information on many subpopulations of varying overdispersion levels.

To explore the Barrier Effects Model with covariates, we examine data from a Chilean survey that includes
reports about several occupational categories (we will explain the significance of this shortly) and information

on numerous respondent covariates.

1.3.1 McCarty et al. (2001) survey

We study the version of the McCarty et al. (2001) data made available on Harvard Dataverse by Feehan and
Salganik (2016). The corresponding official statistics data on the subpopulation sizes are also drawn from
this source. We assume a total population size of 280 million, the approximate U.S. population at the time
the surveys were conducted (US Census Bureau, 2021). These data combine two separate surveys collected
between 1998 and 1999 in the United States, yielding a total of 1,370 respondents (for details, see McCarty
et al., 2001). They contain reports about 29 known-size subpopulations based on first names, occupations,

health conditions, and other attributes. We restrict the analyses below to the 1,268 subjects who provided
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complete data about their numbers of contacts with people in all subgroups. Assessing the same data, Zheng
et al. (2006) top-coded all responses above 30 at 30 to prevent unusually large reports of contact frequencies

from unduly affecting results. Our analyses, however, use the original reports for pedagogical purposes.

1.3.2 ELSOC survey

To investigate the effects of adding covariates to the Barrier Effects Model, we examine data from the Chilean
Longitudinal Social Survey (ELSOC), a panel study conducted by the Centre for Social Conflict and Cohesion
Studies (COES) that follows a sample of adults in Chile.

Except for 2020, COES has collected data every year since 2016. In 2016, 2018, and 2021, the survey included
ARD items about contact with 25 subpopulations based on four first names, thirteen occupations, and other
attributes.® The survey measured the number of ties to subgroups using the following response categories: 0,
1, 2-4, 5-7, 8-10, 11-15, and 16+4. This ordinal structure with categories comprising ranges of counts requires
that the likelihood component of ARD models be adapted accordingly; Appendix A provides the details on

how this is accomplished. We restrict our analyses to the 2016 wave.

This section focuses on the subset of occupations, a special type of ARD subpopulation that plays an essential
role in the social capital literature (Baum and Marsden, 2023). Researchers have collected extensive data on
contact with them via position generator (PG) instruments (e.g., Lin et al., 2001; Lin and Erickson, 2008;
Stockmann et al., 2020). In its typical format, a PG instrument asks respondents if they are connected to
someone in an occupation, or not. Among examples of such data in nationally representative surveys are
the 30-item PG included in the Survey of Social Networks of the Dutch (e.g., Flap and Vélker, 2008) and
the 10-item PG in the 2017 International Social Survey Programme’s Social Networks and Social Resources

module, administered in 30 countries (Sapin et al., 2020).

The ELSOC is among the few surveys employing a non-dichotomous structure to assess contact with
occupations.” Baum and Marsden (2023) demonstrate analytically and empirically that, with dichotomous
data, we lack enough information to estimate the overdispersion parameter in the Barrier Effects Model.
Hence, the ordinal structure of the ELSOC instrument may enable fresh methodological and substantive

insights that are unattainable with the dichotomous data collected via typical PG instruments.

The use of ARD models to study PG-related questions may prove productive to the study of social capital.
Lin (2001) develops a theoretical framework to explain social capital access based on contact with occupations,

arguing that access is determined by an individual’s position in a hierarchical social structure, which is,

6The official statistics data on the sizes of these subpopulations were provided by one of the authors of Contreras et al. (2019).
7Another exception appears in Enns et al. (2008).
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in turn, determined by the person’s initial position, human capital, and sociodemographic characteristics.
Researchers in this tradition typically combine the PG data with information about occupations, such as
their prestige or socioeconomic index, to create several social capital measures. These include the upper
reachability (the maximum score of any occupation to which the respondent has access), the range of scores

for accessed occupations, and the extensity (the number of occupations within the subject’s network).

These social capital measures de-identify the occupations by combining information about them, which may
mask heterogenous patterns of inequality in access to them. For example, a conventional analysis of inequality
in social capital access would regress the extensity measure on predictors proposed by Lin (2001), such as
those listed below. This makes the implicit assumption that these predictor variables affect contact with each
occupation in the same way (e.g., no heterogeneity exists in how education shapes access to lawyers and taxi
drivers). By instead using the Barrier Effects Model with covariates to study segregation in contact with

individual occupations, we may reveal novel patterns of inequality in access to social capital.

Following previous research on social capital in Chile (Contreras et al., 2019; Otero et al., 2021), we measure

the components of Lin’s (2001) theory using the following variables:

1) Initial position: highest educational level achieved by the respondent’s parents (no high school, high
school, and higher education).

2) Human capital: highest educational level achieved by the respondent (no high school, high school, and
higher education).

3) Current position: for currently employed respondents, their job’s Erikson, Goldthorpe and Portocarero
(EGP) class code (Erikson et al., 1979; Erikson and Goldthorpe, 1992). This could be higher service,
lower service, intermediate, or manual. Unemployed respondents are assigned to a separate category.

4) Sociodemographic characteristics:®

o Age: young (between 18 and 34 years old), middle-age (35-64), and old (65+).

e Indicator for whether the respondent is male.

o Indicator for whether the respondent lives with a partner (either a spouse or a cohabitant).
e Number of children: none, one, two, and three or more.

e Indicator for whether the respondent lives in the Santiago Metropolitan Region.

The original sample consisted of 2,927 individuals. The analyses below consider the 2,687 respondents with

complete ARD on all occupations and all covariates.

8The ELSOC included an indigenous identification variable only in later waves (from 2017 forward). Descriptive statistics for
the 2017 measurement show that 89% of the respondents did not identify with any indigenous group, 8% with the Mapuche, and
the rest of the sample with other groups.
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1.4 Estimates of subgroup prevalence under different models

We now examine how different modeling specifications affect estimates of subgroup prevalence, demonstrating
the results in the third column of Table 1.1. Because the Random Degree Model fixes the subgroup prevalence
values at the known subgroup proportions {my}, we only compare the estimates under the Group Prevalence
Model and the two variants of the Barrier Effects Model. Although the results in this section rely primarily on
mathematical derivations, we refer to data-contingent findings at the end of Section 1.4.1 and when discussing

the Barrier Effects Model with covariates in Section 1.4.2.

1.4.1 Subpgroup prevalence estimates under Group Prevalence and baseline Barrier Effects

models are identical, given the same renormalization constraint

Suppose that we already have network size estimates and have stored them in a vector of length n (the sample
size): (dh e 7dAn) Our goal is to find the prevalence estimate for subgroup k that maximizes the probability
of observing this vector of degree estimates and the information elicited by the ARD instrument — i.e., data

on reports for k from the n respondents, (y1k, ..., ynk). This is the MLE of the subgroup prevalence, by.

Both the Group Prevalence and the baseline Barrier models assume that the expected number of ties from
subject ¢ to subgroup k equals czibk, i’s estimated network size multiplied by k’s prevalence. This is the
mean of both the Poisson (1.5) and Negative-Binomial (1.11) distributions governing the data under the two
respective models. We may convey this mathematically as E[ylk@] = d;bi using the expectation operator.
By the law of total expectation, the marginal mean of y; across subjects is Ely;x] = E[]E[yzk\zflﬂ It follows
that the MLE of bx under both models is the value satisfying the following relationship in the sample:

Zi]\il Yik _ Zi\; Ciibk

n n ’

which, in turn, implies

N
pMLE _ Zz;l Yik (1.14)
Zi:l d;

Equation (1.14) gives the prevalence estimate for subgroup k as the ratio of the sum of contacts in k across
subjects to the sum of degree estimates within the sample, consistent with the theoretical definition in (1.4).
Importantly, the estimate is unaffected by subgroup k’s overdispersion parameter, so the Group Prevalence

and Barrier Effects models yield identical l;l,:/ILE for any subgroup, given the same set of network size estimates.

We now apply the rationale above to a Bayesian setting. Bayesian estimation proceeds via simulation by
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drawing parameter values from approximate distributions such that they eventually converge to the target
posterior distributions (Gelman et al., 2013). Suppose the simulation consists of S iterations. Each iteration

AL A5 The superscript “raw” indicates that these are the

draws S degree values for subject i:
unnormalized parameters (recall that the indeterminacy in the Group Prevalence and Barrier Effects models
affects both the subpogroup prevalence and degree parameters). The renormalization adjustment happens at

the end of each draw. A plausible point estimate for subject i’s network size is the mean of the S posterior

draws — i.e., the posterior mean:

ZS draw,s
1

C’i\yaw _ s=1
i

S

We similarly obtain the posterior means for all model parameters.

Excepting the limited influence of deliberately diffuse information induced by the priors, the relationship

between the point estimates under a Bayesian framework will also follow Equation (1.14):

N
brow = 7213:1;“ . (1.15)
Zi:l diraw

Let us use the subscripts “gpm” and “bem” to refer to the estimates from the Group Prevalence and Barrier

Effects models, respectively. Equation (1.15) implies a linear relationship between Af)i‘;"nyk and 52?)“&1,;61

N N N

§ __ jraw § jraw __ jraw § Jraw
Yik = bbem,k X dbem,i - bgpm,k X dgpm,i

i=1 i=1 i=1

N Jraw
= Lraw _ Zi:l dgpm»i Braw
bem,k — Z]\] Czraw gpm,k-

i=1 "bem,s
To simplify the notation, let
N
. (Zi_ldg;ﬁ;,i)
=l =— |-
2i=1 e s

So,

fraw 7raw
bem,k — c X bgpm,k'

We now use the “renorm” label in the superscript to distinguish the renormalized parameters from their raw
counterparts. Suppose we have selected a subset G of subgroups for the renormalization constraint, across

which the proportionality assumption will hold, on average. Then, the renormalized subgroup prevalence is
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given by the following equation, a generalization of Equations (1.6) and (1.9) for an arbitrary adjustment

involving any subset G:

B S my,
Brenorm . keG
k» - ~
raw
> by

keG

raw

But since we have seen above that by,

Pt b pm x Mmultiplied by a constant, we have

7raw
e X by kD0 my
frenorm __ keG
bem,k —
c X Z braw

Dypm.k 2 Mk (1.16)

__ 7renorm
gpm,k *

In other words, the Group Prevalence and Barrier Effects models yield the same adjusted subgroup prevalence

parameters, given the same renormalization constraint.

As mentioned in the introduction, however, the Barrier Effects Model introduces estimation uncertainty
through the inclusion of overdispersion parameters. This additional variance reduces the precision with which
the subgroup prevalence parameters are estimated. We found that the ratio of the posterior means of the
prevalence parameters under the Group Prevalence and Barrier Effects models using the McCarty et al.
(2001) data set, i.e., gf;ﬁrgl / bhem.k » Tanges from 0.975 to 1 across the 29 subgroups in the data, indicating
virtually identical estimates except for the influence of simulation error. Yet, the lengths of the 95% credible

intervals for these prevalence parameter estimates under the Barrier Effects Model are 1.12 to 3.5 times larger

than those under the Group Prevalence Model due to the additional estimation uncertainty.

1.4.2 Subgroup prevalence under the Barrier Effects Model with covariates

The pi = exp(my) parameter in the Barrier Effects Model with covariates (Equation (1.12)) is not interpretable
as the subgroup prevalence parameter. This is because adding covariates to the Barrier Effects Model
affects the mean of the negative binomial distribution in Equation (1.12). In particular, we now have that
E[yzk@, Xl = ciipk exp (Zle &lei). Based on the rationale explained at the beginning of Section 1.4.1,

the estimate of p; (assuming we already have network size estimates) is

21



N
A Z¢:1yik
Pr= = - :
doimpdiexp (YL, 0Xis

The expression does not represent the ratio of the total number of relationships involving subpopulation % to
the sum of the network sizes across all individuals, the definition of subgroup prevalence (Equation (1.4)).
Since Zil Yik = Zi\;l Jiﬁk exp (Zlel &lei), we can use the plug-in estimate of the following expression

to estimate the prevalence parameter under the Barrier Effects Model with covariates:

Zil\il dipy, exp (Zle Sllei)

k= N
Zi:l di

Note that p; will equal Ek when Zle SlkX 1 = 0. While mean-centering all covariates ensures that this holds,
on average, across respondents, the linear predictor values for individual subjects may deviate from zero. As
a result, pr and by, will typically differ. However, we found that the difference is minor using the ELSOC data.
We renormalized the [ parameter (under the baseline Barrier Effects Model) and 7, (under the Barrier
Effects Model with covariates) across all subpopulations in the data. The posterior means {Bk} from the
baseline model are highly correlated with the posterior means {p)} from the covariate-augmented model.
Additionally, the ratios {bx/pr} range from 0.93 to 1.18, indicating that {b} and {p;} have essentially the

same scale.

1.4.3 Summary

Under both the Group Prevalence and Barrier Effects models, the expected number of contacts in subgroup
k for subject i is the product of i’s network size and k’s prevalence. It follows that the best estimate of
prevalence under the two models is the ratio of the sum of ties to k across respondents, (Zil yik), to the
total degree of the sample, (Zf\; dAl) The indeterminacy in the likelihood functions of the models requires
that the subgroup prevalence and degree parameters be adjusted using some renormalization constraint.
Given the same constraint, the Group Prevalence and Barrier Effects models obtain identical subgroup
prevalence estimates. The py = exp(m) parameter in the Barrier Effects Model with covariates is not
interpretable as the subgroup prevalence parameter because it does not represent the ratio of the total
number of relationships involving subgroup k to the sum of the network sizes across all individuals. To

estimate the prevalence parameter from this model, we can use the plug-in estimate of the expression

(vazl sz]ak exp (Zlel &lei))/(Zi\;l CZZ> .

22



1.5 Network size distributions under different models

Next, we compare the network size distributions under different models (fourth column of Table 1.1). Recall
that the subgroup prevalence parameter in the Group Prevalence Model induces an indeterminacy requiring a
renormalization adjustment. We first use analytical derivations to assess the impact of different adjustments
on the degree distribution. We then rely on empirical results to study the distributions under the two versions

of the Barrier Effects Model.

1.5.1 Impact of different renormalization constraints on the network size distribution

We start by deriving the maximum likelihood estimator (MLE) of the degree parameter dyam,; for subject
¢ under the Random Degree Model. The MLE finds the value that maximizes the likelihood (1.3) — the
expressions below consider the parameters on the original scale instead of their logarithmic transformations.

For mathematical tractability, we work with the log-likelihood:?

Z Yik 10g rdm, zmk Z drdm Mg — Z log yzk

k=1

To calculate the MLE (hereafter denoted by dMLE. ), we take the partial derivative of the expression above

rdm,i

with respect to drqm,i, set the result to zero and solve for the degree parameter:

K Vin K
0= Z CiMlLE ka

rdm,i k=1 (1.17)
o JMLE _ Zk:l Yik
rdm,i K .
D1 Mk

Note that the estimator (1.17) is identical to the one Killworth et al. (1998, pp. 38-39) devised as an

approximation to the MLE under a binomial likelihood for the data.

Suppose that we already have subgroup prevalence estimates and have renormalized them under some
constraint — Equations (1.7) or (1.8), for example. We refer to the adjusted quantities as {bi"°"™}. Then,
the estimator for the degree parameter under the Group Prevalence Model is similar to (1.17), except that

byener™ replaces my, in the denominator:

S by Vi
CZMLE _ k=1 Yik

gpm,i — 2521 [;zenorm . (1.18)

9Because the logarithm is a monotonic function, the maximum of the likelihood and its log-transformed version occurs at the
same value.
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To compare the network size estimates, we focus on the ratio

IMLE
dgpm,i
JMLE :

rdm,i

Substituting (1.17) and (1.18) into the expression above yields:

IMLE K K
dgpm,i o Zk:l Yik Zk:l Yik
- K 7 K
B S S, -
1% .
_ k=™

TSR
Equation (1.19) shows that the degree estimate from the Group Prevalence Model is equal to that from the
Random Degree Model scaled by a factor of 25:1 myg / 25:1 l;ﬁf“"”n, that is, the sum of the subpopulation
proportions divided by the sum of the prevalence estimates. Because this factor applies to each individual
degree estimate, the whole network size distribution is shifted by the same value. The factor will increase as

more subgroups are what Baum and Marsden (2023, p. 50) call under-selected (i.e., with my > Bff“o”“).

We now consider the specific case of constraint (1.8), which assumes proportionality to hold, on average,
across all subpopulations. Here, Eiil prenor™ equals Zszl my, so the ratio in Equation (1.19) becomes 1,

implying that the degree estimates under the two models are identical.

Finally, we make some remarks on selecting a renormalization constraint. If analysts view the indeterminacy
in the Group Prevalence Model merely as a technical problem that prevents identifiability, choosing constraint
(1.8) is sensible because it ensures maximal contiguity with the Random Degree Model. If, by contrast,
researchers are willing to incorporate beliefs about subgroup characteristics into the analyses (e.g., their
average degree or susceptibility to recall errors), adopting constraint (1.7) might be appropriate. In short,
constraint (1.8) is the safest and perhaps more easily defensible option. It is important to note, however, that
an implication of (1.19) is that choosing a constraint is inconsequential for studying gregariousness in relative
terms since any renormalization only rescales the degree distribution. The rank-order of the degree estimates

across respondents is identical under different constraints.

As no closed-form solution exists for some relevant questions about comparing ARD models, we now turn to

empirical results that demonstrate other important patterns.
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1.5.2 Comparing network size estimates under the Group Prevalence and Barrier Effects

models

We now turn to the McCarty et al. (2001) data to compare the degree estimates under the Group Prevalence

and Barrier Effects models. Table 1.2 displays the descriptive statistics for the distributions of posterior

mean network sizes under the models using the renormalization across all subpopulations.'®

Table 1.2: Comparing Group Prevalence and Barrier Effects Models: Descriptive Statistics for Posterior
Mean Network Sizes

Descriptive Statistics Group Prevalence Barrier Effects

10t Percentile 102 132
25t Percentile 150 185
Median 243 268
Mean 325 326
75" Percentile 399 390
90t Percentile 630 578

First, note that the Group Prevalence and Barrier Effects models yield similar mean network sizes (325.44 and
325.61), with the small differences owing to random fluctuations in the estimation. This follows from Equation
(1.16). Since the two models yield identical subgroup prevalence estimates, given the same renormalization
constraint, the sum of the renormalized network sizes within the sample (and, consequently, the mean network

size) is also identical under the models:

N
E __ frenorm § renorm renorm § : renorm
Yik = bbem,k dbem i gpm k dgpm i

Zrenorm drenorm _ renorrn drenorm
bem,k bem,i T Ybem,k gpm,i
N
§ : renorm __ § renorm
dbem i dgpm it
=1

The percentiles differ considerably, however. In particular, the lower percentiles under the Barrier Effects

Model lie to the right of their Group Prevalence Model counterparts, whereas the top percentiles lie to the

10Choosing a subset of subgroups for the renormalization is innocuous when comparing the degree distributions under the
Group Prevalence and Barrier Effects models. Recall that the renormalization adjustment consists of subtracting a constant
from the log-transformed prevalence parameter and adding the same constant to the log-transformed network size. Hence, if a
renormalization involving a subset of the subgroups in the data scales the prevalence parameters based on the renormalization
across all subgroups by a factor of by "™ /b}°"°"™2 it will scale the degree parameters by the reciprocal of that factor,
b2 /5, OTM We saw, however, that the renormahzed prevalence parameters are identical under the two models (Equatlon
(1 16)); as a result, so are the scaling factors.
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left. This implies that the degree distribution under the Barrier Effects Model is more concentrated than

that under the Group Prevalence Model.

Inspecting the observations whose degree estimates differ the most under the models reveals interesting
patterns. The Barrier Effects Model obtains estimates for these subjects that are about 1/5 to 1/3 the size
of their Group Prevalence Model counterparts. In the most extreme case, a respondent with an estimated
network size of 653 under the Group Prevalence Model is estimated to know only 139 individuals using
the Barrier Effects Model. All the subjects whose estimated degrees are much smaller under the Barrier
Effects Model exhibit a similar response profile: they have few or no acquaintances in most subgroups but
numerous contacts concentrated in a single subpopulation. The most extreme subject, for example, has no
ties to nineteen of the twenty-nine subgroups, one tie to eight, two to one, and 95 to one (widows). We
are not concerned here with why this person knows so many widows — e.g., whether they live or work
at a nursing home or simply exaggerated the report. Rather, these patterns motivate us to compare how
changes in contact frequencies with individual subpopulations affect network size estimates under the Group
Prevalence and Barrier Effects models. Why does knowing 95 widows suggest a large network under the

Group Prevalence Model but a much smaller one under the Barrier Effects Model?

Let us first return to Equation (1.18), which gives the MLE of network size under the Group Prevalence
Model. We are interested in learning how respondent i’s degree estimate grows with the number of contacts
in a subgroup [ (y;;), holding constant contact frequencies with other subpopulations.!! We can rewrite that

equation as follows:

g;l Yik 1
e + ( ) "

e S

The equation above implies a linear relationship between y; and the degree estimate under the Group
Prevalence Model. The relationship follows a line with an intercept equal to the sum of reported contacts
across all subgroups other than [ divided by the sum of the prevalence estimates across all subgroups,

<Z Yik (Zszl ngnorm) , and a slope equal to the reciprocal of the sum of the prevalence estimates
k#l

across all subgroups, 1 / (Zszl gzenorm) .

Deriving the MLE is not as straightforward for the Barrier Effects Model, so we use a simulation exercise

instead. Suppose we have a response profile in which the reported number of ties to each subgroup equals the

11To simplify the illustration, we assume that changes in y;; do not affect the estimated subgroup prevalence parameters. We
expect the effect to be small in a data set with a moderately large sample since we only change the acquaintanceship volume
within a single subpopulation for an individual respondent.
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median contact frequency for that subgroup in the sample.!? We consider different values for the number
of contacts in a particular subpopulation while keeping the reports for the other 28 subgroups unchanged.
For each value, we maximize the likelihood (1.11) using numerical methods to find the optimal network size,
given the response pattern. We set the overdispersion levels to the posterior means obtained from the Barrier
Effects Model. We also fix the prevalence estimates for all subgroups at the mean value of the renormalized
parameters based on the constraint involving all subgroups. We do this to isolate the relationship between

overdispersion and network size.!?

We study four subpopulations: Stephanies, Nicoles, Jennifers, and Native Americans. The first three are
predominantly white (Rosenman et al., 2023) female names that were particularly common choices of baby
names in the 1980s (Social Security Administration, 2022).14 In other words, we have little substantive basis
to expect that having few or numerous contacts with each of these names should affect the estimated network
size in markedly different ways. Their estimated overdispersion levels range from slightly over 1 (Stephanies;
@y, = 1.09) to slightly over 2 (Jennifers; &y, = 2.03), with that for Nicoles in the middle (@, = 1.49). The last
subgroup, Native Americans, has the highest overdispersion level under the Barrier Effects Model in the data
set (W = 12.79). Figure 1.1 shows how the estimated network size varies as we change the acquaintanceship

volume in each of these subpopulations while fixing the contact frequencies with the other 28 subgroups.

12We choose this response profile for pedagogical reasons only; our conclusions apply to other profiles.

13The conclusions remain unaffected when using each subgroup’s estimated prevalence value instead. As with the illustration
for the Group Prevalence Model, we assume that changes in acquaintanceship volume within a particular subpopulation for a
single respondent do not affect the estimated subgroup prevalence parameters, which is plausible for a moderately large sample.

At the time of the survey, Jennifers comprised a larger segment of the American population (0.4%) than Stephanies (0.18%)
and Nicoles (0.13%) — the proportions for all three names, however, were considerably smaller than those for the largest names
in the data, which represented more than 1% of the population. Nonetheless, as mentioned above, our analyses control for
subgroup prevalence.

27



350 1
3251
N .
D 3001 Subpopulation
= Segregation Level
S
% — Stephanies (& = 1.09)
_ﬁ 275 - = Nicoles (@ = 1.49)
% - Jennifers (& = 2.03)
£ -—- Native Americans (& = 12.79)
n
Ll 250 1
225 1
200 1

Number of Contacts in Subpopulation

Figure 1.1: How Changes in the Number of Contacts in Individual Subpopulations Affect Estimated Network
Size, Holding Reports for Other Subgroups Constant

For all four subgroups, the respondent’s estimated network size is 199 when the respondent has no tie to
the subpopulation; it rises to 210 when a single acquaintance is present.'® Thereafter, the degree estimate
increases with acquaintanceship volume at a decreasing rate. The rate at which it decreases rises with the
estimated overdispersion level. In the most extreme case, whether someone knows 2 or 20 Native Americans
(the most overdispersed subgroup) matters little for the estimated network size, which quickly reaches a
plateau of 211-214. By contrast, the relationship between network size and acquaintanceship volume is
somewhat close to linear for Stephanies: whereas having 2 Stephanies in one’s personal network leads to an
estimated degree of 220, having 20 is associated with a network of size 360. These patterns suggest that high

reports of contacts with well-mixed (low &y) subgroups contribute much more to overall network size than do

15The fact that the starting points of 0 and 1 yield identical estimated network sizes across the four subgroups examined is a
feature of the particular response profile used for the illustration. We found that this does not necessarily hold for other profiles.
Our main results, however, concern the growth patterns in network size with gradual increases in the number of contacts in
an individual subgroup, holding constant contact frequencies with other subgroups, and how these differ depending on the
subpopulation’s overdispersion level. These patterns are not contingent on that coincidence and apply regardless of a subject’s
response profile.
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similarly high reports for highly segregated (high @) subgroups.

We now return to the example of the subject who knows 95 widows. This subgroup has an estimated
overdispersion of 6.86, the third highest in the McCarty et al. (2001) data. With such a high @, having
few or numerous ties to widows matters little for the respondent’s estimated network size under the Barrier
Effects Model. By contrast, each additional acquaintance in this subgroup contributes linearly to the overall

degree estimate under the Group Prevalence, leading to a sizeable estimate.

We conclude with some remarks on the substantive implications of the findings above. Having numerous ties
to a highly segregated subpopulation, such as Native Americans, may not necessarily indicate gregariousness;
instead, it may reflect a subject’s unusual propensity to connect to this subgroup. The Group Prevalence Model
fails to account for this, therefore overestimating network size. Nonetheless, the impact of acquaintanceship
volume within a subgroup on the estimated degree can be highly sensitive to the subgroup’s overdispersion
level under the Barrier Effects Model. Identical counts of ties to subpopulations with similar characteristics
can lead to markedly different outcomes if these subgroups exhibit even slightly different overdispersion levels.
This is the case for the three female names studied in the illustration. Whereas being acquainted with 10
Stephanies corresponds to an estimated degree of 291, knowing 10 Jennifers results in an estimate of 235 — a
difference of 56. The discrepancy increases to 115 (360-245) when we set the number of contacts with each
name to 20 while fixing the reports about the other 28 subgroups at their median contact frequencies in the

sample.

1.5.3 Network size distribution under the Barrier Effects Model with covariates

We now turn to the ELSOC data to examine the network size distribution under the Barrier Effects Model
with covariates. Table 1.3 compares the distributions of posterior mean network sizes under the baseline and
covariate-augmented Barrier Effects models. While the bottom percentiles are similar, we observe a leftward
shift in the distribution under the model with covariates relative to that under the baseline model, starting
at the median and extending through the 75" and 90" percentiles. The covariate model also yields a lower

mean. The individual-level Pearson correlation between the degree estimates under the two models is 0.91.
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Table 1.3: Comparing Barrier Effects Model With and Without Covariates: Descriptive Statistics for Posterior
Mean Network Sizes (ELSOC Data)

Descriptive Statistics Baseline Covariate

10" Percentile 60 60
25t Percentile 94 95
Median 172 156
Mean 230 205
75t Percentile 287 259
90" Percentile 456 403

To illustrate how network size estimates under the Barrier Effects Model with covariates change depending
on the associations between covariates and counts in individual subpopulations, we will consider two subjects
with identical response profiles. Both report knowing between 2 and 4 CEOs of large companies, but no one
in the other 12 occupational categories. These respondents’ estimated network size is 49 under the baseline
model. Under the covariate model, however, their network sizes become 33 and 67. To understand why one
subject’s size estimate decreases whereas the other’s grows when we incorporate covariates, let us start by
analyzing the posterior means and 95% credible intervals for the regression coefficients {d;,} (Equation (1.12))

for CEOs in Table 1.4. The Supplementary Material includes the results for all occupations.

Men (relative to women), highly educated people (relative to those who only have a high school diploma),
those employed in service occupations (relative to those in intermediate occupations), and individuals whose
parents achieved higher education (relative to those whose parents only have a high school diploma) have
significantly more ties to CEOs. For example, controlling for network size, subgroup prevalence, and other
covariates, highly educated respondents are expected to know exp(0.431) = 1.54 times more CEOs than high

school graduates.

Remarkably, the two respondents who report knowing between 2 and 4 CEOs but no one in other occupations
have virtually opposite sociodemographic profiles. One (hereafter referred to as Respondent 1) is a highly
educated man employed in a Lower Service occupation whose parents attained a high school diploma. This
profile makes the respondent advantageously positioned to know CEOs and individuals in other Higher
Service occupations, such as lawyers and professors (see the results in the Supplementary Material). The
other subject (Respondent 2) is a currently unemployed woman who, like her parents, has not completed high

school. Someone with this profile will likely be extremely isolated from contact with occupational groups.
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Table 1.4: Posterior Means and 95% Credible Intervals for Regression Coefficients (Contact with CEOs)

Variable CEO
Age
(Ref=Middle-Aged)
Young -0.069
[-0.216, 0.086]
-0.109
Old [-0.304, 0.102]
Sex
(Ref=Female)
0.279
Male [0.152, 0.411]
Lives with a Partner
(Ref=No Partner)
0.029
Partner [-0.100, 0.159]
Number of Children
(Ref=Two)
None -0.020
[-0.190, 0.154]
-0.120
One [-0.281, 0.042]
0.064
More than three 20.099, 0.211]
Region
(Ref=Other)
. . . 0.119
Santiago Metropolitan Region [-0.006, 0.244]
Education
(Ref=High School)
. -0.504
No High School -0.675, -0.331]
. . 0.431
Higher Education [0.278, 0.581]
Class
(Ref=Intermediate)
. . 0.360
Higher Service [0.140, 0.582]
. 0.182
Lower Service [0.014, 0.357]
-0.148
Manual [-0.332, 0.025]
Unemployed -0.360

Parental Education
(Ref=High School)

No High School

Higher Education

[-0.522, -0.189)]

-0.401
[-0.542, -0.253]
0.260
[0.093, 0.421]
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Against all odds, however, Respondent 2 reports a moderate number of connections to CEOs, an occupation

typically restricted to individuals with profiles similar to that of Respondent 1.

To explain why the degree estimates change from the baseline to the covariate model, we draw an analogy to
the concepts of explained and suppressed associations from standard regression. Suppose we have a bivariate
regression of a dependent variable Y on an explanatory variable X;. Now suppose we have controlled for
an additional variable, Xs. We will compare the estimated coefficient for X; across the two models. If the
coefficient becomes smaller after controlling for Xo, we say that Xy partly explains the bivariate association
between Y and X;. If, by contrast, the coefficient becomes larger, we say that Xo suppresses the relationship

between Y and X;.

Here, the baseline Barrier Effects Model plays the role of the bivariate regression from the example above,
whereas the covariate model is analogous to the model including X,. The covariates partly explain Respondent
1’s estimated network size under the baseline model. In other words, the respondent’s acquaintanceship
volume with CEOs stems less from their sociability (captured by their degree) than their predisposition
to form connections to this occupation, given their sociodemographic profile. By contrast, Respondent 2’s
profile makes it highly unlikely they would know any CEOs. For them to know several, as they report,
they must compensate with gregariousness what they lack in sociodemographic characteristics facilitating

acquaintanceship with members of this occupation.

1.5.4 Summary

The renormalization adjustment necessitated by the presence of subgroup prevalence parameters in the
Group Prevalence Model shifts the degree estimates from the Random Degree Model by the factor given
in Equation (1.19). Researchers sometimes lack a basis for selecting subgroups with average prevalence
and limited susceptibility to recall errors for the renormalization subset. In such cases, renormalizing the
parameters across all subgroups in the data (constraint (1.8)) appears to be a sensible approach (e.g., Baum
and Marsden, 2023; Laga et al., 2023), which might be regarded as a default in the absence of methodological
and theoretical grounds for an alternative adjustment. For this particular renormalization, the derivations
above demonstrate that network size estimates from the Group Prevalence Model are identical to those from

the Random Degree Model, rendering the choice between the models inconsequential for estimating degree.

To assess how overdispersion levels affect network size, we studied how changes in acquaintanceship volume
within individual subpopulation impact network size estimates, holding constant contact frequencies with
other subgroups. Network size grows linearly with acquaintanceship volume for all subgroups under the

Group Prevalence Model, meaning that the model treats reports indiscriminately across all subgroups when
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estimating network size. By contrast, the degree estimate rises at a decreasing rate with acquaintanceship

volume under the Barrier Effects Model, with this rate depending on the subgroup’s overdispersion level.

Finally, the network size estimates under the Barrier Effects Model with covariates change depending on the
associations between covariates and counts in individual subpopulations. Our empirical illustration discussed
two respondents who, despite presenting an identical response profile on the ARD instrument (and, therefore,
identical degree estimates under the baseline Barrier Effects Model), had vastly different degrees under the

covariate model because of their almost opposite sociodemographic profiles.

1.6 Estimated overdispersion levels under the Barrier Effects Model with and

without covariates

The final section before the conclusion compares the estimated overdispersion levels under the Barrier Effects
Model with and without covariates (fifth column of Table 1.1). These analyses draw on data from the ELSOC

on contact with occupational groups.

By comparing the overall overdispersion levels from the baseline Barrier Effects Model to the residual
overdispersion from the covariate model (“residual” because it is the overdispersion left after accounting
for covariates), wy *" (Equation (1.13)) can help us assess the role of covariates in explaining segregation
in contact with occupations. Figure 1.2 shows the posterior means and 95% credible intervals for the
overdispersion parameters under the two variants of the Barrier Effects Model, as well as the estimated w} "
for each occupation, computed by plugging the posterior mean values of wjy, and wj, into Equation (1.13). We

have arranged the occupations from highest to lowest &} °P.
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Figure 1.2: Posterior Means and 95% Credible Intervals for Overdispersion Parameters under Barrier Effects
and Covariate-Based Models (ELSOC Data)

Education strongly determines contact with all Higher Service occupations (lawyers, professors, CEOs, doctors,
and accountants). Parental education and EGP class are also important predictors of ties to these groups.
The patterns seen in Table 1.4 for CEOs largely represent those observed for other Higher Service occupations
(see the Supplementary Material). As a result, the covariates explain a considerable portion of the segregation

in contact with these occupations, as indicated by the relatively high @ " values.

By contrast, the covariates do little to account for segregation in contact with occupations in other EGP
classes. Exceptions include car mechanics and secretaries. Sex differences explain a significant fraction of
the segregation with the former since men have many more connections to car mechanics than women (1.52
times more, controlling for other variables). By contrast, highly educated people know considerably more
secretaries than those with only a high school diploma (1.54 times more, adjusting for other covariates).
This is not particularly surprising since secretaries act as “gatekeepers” or brokers of organizations where
highly educated people work (Héllsten et al., 2015). Contact with them is often an intermediate step toward

members of Higher Service occupations.
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1.6.1 Summary

To motivate the utility of the Barrier Effects Model with covariates for studying segregation in contact with
subgroups, we have engaged with social capital literature in Lin’s (2001) tradition. We have shown that using
ARD to investigate individual subgroups can unveil new findings about heterogeneous patterns of inequality
in access to occupations. These insights are unavailable when we rely exclusively on the usual social capital
measures of reachability, range, and extensity, which assume away heterogeneity by combining information

across occupational groups.

It is also important to reemphasize that dichotomous data collected via traditional PG instruments do
not contain sufficient information to estimate the Barrier Effects Models (Baum and Marsden, 2023). Our
empirical illustration demonstrates that researchers using these instruments have much to benefit from
changing the response format to a count or ordinal (as in the ELSOC) structure. Although Baum and
Marsden (2023) raise a similar point, they do not show an application of ARD models for investigating

occupations, as we have done here.

1.7 Conclusion

This chapter has adopted a stepwise approach to model augmentation to reveal novel insights into the
properties of ARD models. It has demonstrated that analysts may lose sight of the effects of different model
assumptions by opting to fit more sophisticated models without comparing them to simpler alternatives. For
example, it is common for researchers to use the Barrier Effects Model to study the size of acquaintanceship
networks and the levels of segregation in contact with various subpopulations (e.g., Contreras et al., 2019;
DiPrete et al., 2011; Gelman and Margalit, 2021; Zheng et al., 2006). This is reasonable, given that this
model relaxes important assumptions about the processes shaping connections to subgroups — namely,
proportionality and random mixing. Proportionality states that the probability that an acquaintance belongs
to a subpopulation corresponds to the fraction of individuals from that subgroup within the population.

Random mixing posits that the probability of contact with a subpopulation is identical across individuals.

Yet, these assumptions carry different implications, which we could only identify by considering the models
progressively, from simpler to more complex. We started with a basic Random Degree Model that assumes
both proportionality and random mixing. We then proceeded to a model that relaxes proportionality but
retains random mixing, called the Group Prevalence Model. Next, we relaxed both assumptions in the Barrier
Effects Model. Finally, we investigated the determinants of segregation in contact with subgroups by adding

respondent covariates to the Barrier Effects Model. Relying on analytical derivations and empirical findings,
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we summarize the results in Table 1.1, which states the assumptions underlying our models and outlines their

implications for estimating subgroup prevalence, the network size distribution, and overdispersion.

In addition to clarifying conceptual features in ARD models, the results in this chapter have practical
implications. They show that, under some conditions, the choice between simpler or more sophisticated
specifications is inconsequential for estimating network and subgroup prevalence. Indeed, researchers may
find it reasonable to opt for the most parsimonious alternative to avoid unnecessary additional variance

created through the inclusion of unneeded parameters.

Suppose, for example, that a researcher is interested in studying subgroup prevalence. As discussed in
Section 1.4.1, although the Group Prevalence and Barrier Effects models yield identical estimates, the latter
introduces considerably more uncertainty due to the addition of an overdispersion parameter — we expect
that this becomes more severe as the sample size decreases. Therefore, the analyst may favor the Group

Prevalence Model for greater precision, even though it represents a “simpler” specification.

Finally, our Barrier Effects Model with covariates may prove valuable for researchers planning to use ARD to

investigate segregation issues from a substantive standpoint.
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2 Assessing the Goodness of Fit of Models for Analyzing Aggregate

Relational Data

2.1 Introduction

As shown in the first chapter, many models exist for analyzing ARD. However, approaches to assessing their
goodness of fit are seldom discussed. Goodness-of-fit assessments compare model-generated and observed
data and are the most fundamental way to evaluate a model (Gelman and Hill, 2007). Acknowledging this
gap, Laga et al. (2023) recently recommended several model-checking strategies for ARD research in their
supplementary material. Their work was preceded by Zheng et al’s (2006) and Park’s (2021) use of graphical
checks to examine a model’s fit to the observed distributions of responses to ARD items. To our knowledge,
Park (2021) is also the first to employ model comparison metrics (e.g., leave-one-out cross-validation, discussed

below) in the ARD literature.

These works, however, use goodness-of-fit assessments primarily to validate a single, sophisticated model that
simultaneously relaxes various assumptions about social phenomena. This paper adopts a stepwise approach
to model augmentation instead, evaluating models progressively, from simpler to more complex. This strategy
allows us to pinpoint where violations of model assumptions occur and reveal novel methodological and

substantive insights about patterns of acquaintanceship with different subpopulations.

We propose a routine for checking and comparing ARD models grounded in established practices from
regression diagnostics (Fox, 2020) and Bayesian model fit evaluation (Gelman et al., 2013). Our contributions
are introducing novel model-checking tools and, more importantly, developing an iterative workflow for

examining ARD models and their assumptions, which consists of the following steps:

1) Start with a basic model.

)

2) Identify the model’s limitations.

3) Modify existing parameters or augment the model with new ones.
)

4) Repeat steps 2) and 3) until reaching a final set of candidate models.

The routine above may be familiar to those who have employed goodness-of-fit assessments in other contexts,
such as regression analysis (Fox, 2020) or exponential random graph modeling (Hunter et al., 2008). It
promotes a systematic approach to modeling decisions, where adding model complexity is only warranted
when deficiencies in a simpler setup are well understood. This chapter shows how the ARD literature can

benefit from integrating this workflow as a standard practice.

We begin with an overview of a set of standard ARD models: Random Degree, Group Prevalence, and
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Barrier Effects (see also the chapter on model properties). The Random Degree Model assumes that each
subject has the same probability of knowing members of a subpopulation (i.e., random mixing) and that this
probability equals the subgroup’s fraction within the population (i.e., proportionality). The Group Prevalence
Model relaxes the proportionality assumption, positing that the probability of a tie to a subpopulation, while
identical across subjects, may differ from the subgroup’s relative size. It does so by estimating a subgroup
prevalence parameter for each subpopulation. Mechanically, the random mixing assumption underlying the
Random Degree and Group Prevalence models implies a Poisson distribution for the data. The Barrier Effects
Model permits departures from both the random mixing and proportionality assumptions by incorporating
an overdispersion parameter via a negative binomial distribution while retaining the prevalence parameter
from the previous model. Under the Barrier Effects Model, individual people have varying propensities to

form ties to a subgroup, which average to the subpopulation’s prevalence level.

Next, we present two interconnected strategies for evaluating these models: model comparison based on
leave-one-out cross-validation and model checking via posterior predictive checks. We then illustrate our
workflow using a data set commonly studied in the ARD literature. Our goodness-of-fit assessments reveal
several subpopulation types, categorized based on how well different modeling specifications capture the

distributions of reported contacts within subgroups.

While proportionality and random mixing are suitable for modeling connections to some subpopulations
(particularly moderately common first names), the distributions for others (e.g., the rarest and most common
names) violate proportionality while retaining the plausibility of random mixing. This occurs because reports
about rare names tend to be over-recalled (potentially due to acquiescence response bias), whereas reports
about the most common names are affected by under-recall (Killworth et al., 2003). Still, other subpopulations
are statistically overdispersed (as indicated by the Barrier Effects Model’s overdispersion parameter) but
not necessarily segregated since large numbers of individuals report moderate numbers of ties to them,
and relatively small proportions report extreme acquaintanceship volumes (no relationship at one end and
numerous connections at the other). This indicates limited segregation in access to these subgroups — despite
their moderately high overdispersion levels. Finally, some segregated subgroups displaying high proportions
of reports of extreme acquaintanceship volumes also exhibit unusually high proportions of reports of exactly
one acquaintance. These include occupational categories, in which it is typical for people to know just one

person (e.g., a dependable car mechanic who is a longtime acquaintance).

We propose two new modeling specifications to address the shortcomings suggested by the goodness-of-fit
assessments of existing models. The first accommodates both under- and overdispersion — in contrast to the

Barrier Effects Model, which can only accommodate the latter. The second modifies the Barrier Effects Model
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using a one-inflated negative binomial distribution to account for the excess of single-tie reports discussed in

the previous paragraph.

This chapter focuses on ARD models for estimating features of the social structure — namely, network
size, subgroup prevalence, and the level of segregation in contact with subpopulations. We do not consider
methods for assessing the accuracy of predictions about the sizes of unlisted subgroups. We refer readers

interested in these issues to the aforementioned supplementary material of Laga et al. (2023).

2.2 Overview of standard ARD models

We begin with an overview of a set of standard models for making inferences from ARD. Throughout, we
assume data from n respondents on their contacts with K subpopulations, letting y;; denote respondent ¢’s

number of ties to the k" subpopulation.

Since we have already offered an in-depth discussion of the Random Degree, Group Prevalence, and Barrier
Effects models in the chapter on model properties, below we emphasize what these models imply for the

distributions of ties to subgroups, leaving most technical details to that chapter.

2.2.1 Random Degree Model

The Random Degree Model assumes that 1) the probability that a contact is in a subpopulation equals the
fraction of individuals from that subgroup within the full population (proportionality) and 2) this probability
is identical for all members of the population (random mixing) (Killworth et al., 1998). Based on these
assumptions, it proposes to model data on the number of contacts with subpopulation & via a Poisson

likelihood with rate parameter d; (i’s degree) times my, (the fraction of the population in subgroup k):

yir ~ Poisson(d;my) = Poisson(exp(a; + log(myg))). (2.1)

We define the degree parameter on the log scale (a; = log(d;)) to facilitate comparisons with the other models

discussed below.

The model will successfully fit the observed distributions of responses to the ARD items when a subpopulation’s
prevalence (i.e., the extent of its presence in a personal network) aligns with its relative size within the
population. This assumption is violated when a subgroup is more or less gregarious, on average, than a
typical individual in the population or when report biases are present. For example, Killworth et al. (2003)

argue that respondents under-recall contacts in large subgroups. If this is indeed the case, the Random
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Degree Model will likely overpredict the proportion of subjects reporting numerous connections to these
subpopulations. The following segment discusses an alternative specification that may mitigate these issues

by relaxing the Random Degree Model’s proportionality assumption.

2.2.2 Group Prevalence Model

The next model relaxes the Random Degree Model’s proportionality assumption by allowing the prevalence
of subpopulations to vary. For this, it replaces the known subpopulation proportion m; with by, a subgroup
prevalence parameter that must be estimated. While Zheng et al. (2006, p. 412) refer to this as the Null
Model, we call it Group Prevalence Model to emphasize this new parameter as the model’s most prominent

feature.

The likelihood under the Group Prevalence Model is similar to that for the Random Degree Model, excepting

the replacement of k’s relative size, my, with its prevalence, by, in Equation (2.1):

yir, ~ Poisson(d;by) = Poisson(exp(a; + Bk)). (2.2)

d; and «;, as before, are the non-transformed and log-transformed degree parameters; [y is the log-transformed
subgroup prevalence parameter, i.e., f; = log(by). The prevalence parameters {b;} differ from the subgroup
proportions {my, } when subpopulations are more gregarious or isolated, on average, than the typical individual
in the population or when reports on contact with them suffer from some form of bias, such as recall errors

(Zheng et al., 2006).

As discussed extensively in the chapter on model properties, incorporating the subgroup prevalence parameter
induces an indeterminacy because the a; and Sy parameters in the likelihood (2.2) are determined only up to
their sum, allowing us to add any constant to «; and subtract it from S5 without changing the likelihood
(Zheng et al., 2006, pp. 413-414). Some renormalization adjustment is thus necessary to resolve this issue.
Zheng et al. (2006) propose one that constrains the prevalence parameters for a subset of subgroups to
align with their subpopulation proportions. This rests on the assumption that these subgroups are about
as popular, on average, as a typical individual in the population. While this is unwarranted for subgroups
that are exceptionally sociable or isolated, it is plausible for first-name subpopulations (DiPrete et al., 2011).
Zheng et al. (2006) argue, additionally, that the subset should include subpopulations thought to be less
prone to recall bias. Based on previous research showing that respondents tend to underreport ties to larger
subpopulations (Killworth et al., 2003), Zheng et al. (2006) select a set of small (low my,) first names for the

subset. The constraint can be described by the equation below:
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where R is the subset of rare names. This implies that b;*°™, the renormalized parameter, equals

bR S my,
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where b'®" is the raw (unnormalized) parameter.

We will discuss further implications of this renormalization procedure in later sections of the chapter.

2.2.3 Barrier Effects Model

We now consider a model that augments the Group Prevalence Model by enabling individual-level variations in
propensities to form ties to subgroups, which are known as “barrier effects” (DiPrete et al., 2011; McCormick
et al., 2013; Salganik et al., 2011; Zheng et al., 2006). This model thus accommodates departures from both
proportionality and random mixing. Hereafter, we refer to it as the Barrier Effects Model, using the same

label as Maltiel et al. (2015).

As explained in the chapter on model properties, the Barrier Effects Model includes a g;; parameter controlling
person ¢’s relative propensity to know members of subpopulation k. To avoid the need for estimating each of
the n x K {g;1} parameters, Zheng et al. (2006) assume that they follow a gamma prior, integrating these
parameters out of the likelihood. This yields a compound negative binomial likelihood (Zheng et al., 2006, p.
413):

Yik ~ NegBin(mean = exp(«; + Bi), overdispersion = wy,). (2.4)

Equation (2.4) subsumes barrier effects under a single subgroup-level parameter wy, dispensing with the need
to estimate the individual-level parameters. wy is known as the overdispersion parameter since it scales the
variance of y;x: V [y;x] = wiE [yix]. Values of wy above 1 imply more variation in the distribution of ties to
people in k£ than would be expected under random mixing. If wy equals one, its lower bound, everyone has

the same propensity to know members of k, and the model reduces to the Group Prevalence Model.

Particularly relevant to goodness-of-fit assessments is understanding how w; affects the distribution of

responses. Zheng et al. (2006, p. 413) note that the likelihood (2.4) implies the following relationship:
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In other words, as wy, increases from 1 (its value in the Group Prevalence Model), the probability that i
knows exactly one person in k relative to the probability that they know no one decreases. More generally,
overdispersion makes it less likely that the subject will have a low or moderate number of ties to the subgroup

while increasing the chances that they will have zero or numerous connections.

To illustrate this idea, Figure 2.1 compares the probabilities of having 0, 1, between 2 and 4, and 5 or
more acquaintances in a subgroup under the Group Prevalence Model (computed using the probability mass
function implied by Equation (2.2)) to the corresponding probabilities under the Barrier Effects Model with
varying wy, values (computed using the probability mass function implied by Equation (2.4)), holding constant

network size and subgroup prevalence.

Group Prevalence Barrier Effects Barrier Effects
(0 =1) (wx =3) (wx =5)
0.6 1
0.4 1
2
E
8
o
o
0.2
0.0 1
0 1 2-4 5+ 0 1 2-4 5+ 0 1 2-4 5+

Figure 2.1: Probabilities of 0, 1, Between 2 and 4, and 5 or More Acquaintances Under Group Prevalence
Model and Barrier Effects Model with Varying wjy Values

The overdispersion parameter is equivalent to 1 under the Group Prevalence Model, implying that all subjects
have the same probability of knowing members of the subgroup. The probability of no ties under this model

is 0.31. It rises to 0.53 and 0.63 as wy, increases to 3 and 5, respectively, under the Barrier Effects Model.

42



While the probability of knowing 5 or more people in k is very low (less than 0.01) when barrier effects are
absent, it becomes 0.06 and 0.08 as overdispersion grows. In turn, we see gradual declines in the probabilities

of having exactly one or between 2 and 4 connections to the subpopulation as we increase wy.

To summarize, then, overdispersion makes it less likely that subjects will report low to moderate numbers of
contacts in a subgroup while increasing the chances of extreme acquaintanceship volumes (no ties at one

extreme and numerous connections at the other).

2.2.4 Fitting models under a Bayesian framework

We fit each model under a Bayesian framework, obtaining posterior distributions as the product of the
likelihood functions (Equations (2.1), (2.2), and (2.4)) by prior probability distributions for the parameters.

See further details about these priors in the chapter on model properties.

The structure of ARD is a matrix y with dimension n x K, with a number of rows equal to the sample size n
and a number of columns equal to the number of subpopulations K. Let y;x, yi+, and yx denote a cell, a
row, and a column of this matrix, respectively. y;x is a single data point capturing subject i’s reported number
of contacts in subgroup k; y;+ represents i’s set of responses to the ARD instrument, (y;1, 2, - .-, ¥ix); and

Yk is the vector (yix, Yok, - - -, Ynk) containing reports about the k*" subgroup from the n respondents.

We rely on computational algorithms based on Markov Chain Monte Carlo (MCMC) methods to evaluate
the posterior distributions of ARD models. These draw values of parameters sequentially (with the current
draw depending on the previous one, hence the process’s Markovian aspect) from approximate distributions
and adjust them such that they eventually converge to the target posterior distribution (Gelman et al., 2013).

We let 81 ...0° represent the S draws of the parameter vector from the posterior distribution (denoted by
p(0]y)).*°

The parameters for the Random Degree Model are all contained in the n-dimensional vector a of degree
parameters, & = (ay,ag,...,a,).7 The parameter vector for the Group Prevalence Model includes, in
addition to a, the K-dimensional vector 8 of group prevalence parameters, 8 = (81, fo, ..., k). Finally,
the vector for the Barrier Effects Model consists of the parameters from the previous model as well as the

K-dimensional vector w for the overdispersion parameters, w = (w1, wa, ..., wk).

16To prevent the simulation’s starting values from unduly influencing the results, we begin counting the draws only after a
specified number of early iterations, known as the “warm-up” period.

17The parameter vector also includes the hyperparameters governing the normal priors for the degree parameters. However,
because these “nuisance parameters” (Gelman et al., 2013, p. 63) are of secondary importance to our analyses, we do not
mention them explicitly here. We treat the hyperparameters in the the Group Prevalence and Barrier Effects models similarly.

43



2.3 Goodness-of-fit assessments for ARD models

The following segments present several strategies for comparing and checking ARD models. Section 2.3.1
discusses a model comparison method based on leave-one-out cross-validation. Section 2.3.2 introduces the
posterior predictive distribution (PPD), on which we rely to perform various goodness-of-fit assessments
(i.e., strategies for comparing model-generated and observed data). A first use of the PPD is to evaluate
model fit for the overall distribution of responses to ARD items (Section 2.3.3). We accomplish this through
formal statistical tests (Section 2.3.3.1) and graphical checks (Section 2.3.3.2). Another use of the PPD is
identifying outliers, defined here as subjects with unusual response patterns to the ARD instrument (Section

2.3.4). Finally, Section 2.3.5 presents a systematic workflow for assessing the goodness of fit of ARD models.

2.3.1 Comparing models using leave-one-out cross-validation

Because different models may have completely different parameters, comparing them requires a uniform
quality standard. A commonly used benchmark is a model’s ability to predict future (i.e., out-of-sample) data.
This is the motivation underlying such metrics as the Akaike Information Criterion (AIC, Akaike, 1974).'®
Several of these, however, including AIC, assume the existence of a point estimate obtained via maximum
likelihood estimation, preventing their applicability to Bayesian models, which draw inferences using posterior
distributions of parameters rather than point estimates. To address this, researchers have developed novel
metrics that fully consider posterior distributions. These include the Widely Applicable Information Criterion
(WAIC, Watanabe, 2010) and leave-one-out cross-validation (LOO-CV). While Watanabe (2010) demonstrates
that WAIC is equivalent to LOO-CV as the sample size grows to infinity, Vehtari et al. (2017) show that
LOO-CV is more robust than WAIC for sample sizes encountered in real-world settings. Therefore, we employ

LOO-CV throughout this chapter. Below, we explain how we can use it to compare ARD models.

We start by partitioning the ARD matrix into n x K independent (conditioned on the parameters) data
points, {yix}, capturing every subject’s report on contact with every subpopulation. Next, we split the data
set into training and holdout sets, with the latter emulating future (out-of-sample or yet-to-be-collected)
data. The training set is the subset of the data to which we fit our model, and the holdout set is the subset
on which we evaluate the model’s predictive accuracy. LOO-CV concerns the special case where a single
data point constitutes the holdout set while the remaining n x K — 1 data points form the training set.

It assesses how accurately a model run on the training set can predict the data point in the holdout set

18 Although AIC and the Bayesian Information Criterion (BIC, Schwarz, 1978) are often treated as alternatives for the same
objective, they estimate different target quantities. BIC approximates the marginal (i.e., with the parameters integrated out)
probability density of the data under the model to estimate the posterior probability of the model given the data — an aspiration
some researchers consider to be of limited applicability (Gelman et al., 2014, 2013; Weakliem, 1999). AIC, by contrast, seeks to
estimate how accurately a model can predict data yet to be collected (see Gelman et al. (2014) for a review).
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(hence “leave-one-out”), repeating this procedure n x K times (each time assigning a different data point to
the holdout set). The final measure is a combined score that summarizes the predictive accuracy across all

iterations of the procedure.!?

In particular, we need to compute the logarithm of the leave-one-out predictive density for each holdout data
point (denoted by yholdeout) given the training set (denoted by y_;): log (p(y?,é’ld‘mt\y,i)). We do this via
simulation. The training set has an associated posterior probability distribution for the parameter vector 6:
p(0ly_;). Let 8" ...0" represent S draws from this distribution. We then compute the likelihood of yz}-l,fldom
given the is™® draw for the parameter vector, producing S likelihood values associated with the data point:

oldout |9z1)

p(yilk oldout | 9%5’)

ey p(y?k . Next, we average these values across the S draws and take the logarithm

of the result. This is our simulated value of log (p(y?,f

ld0‘“|y,i)). We repeat this procedure n x K times,
each time using a different data point as the holdout set. The actual LOO-CV metric is the sum of these
quantities across the n x K data points, multiplied by -2 (this last step defines the metric on the deviance

scale, as is typical with model comparison metrics). We interpret the LOO-CV similarly to AIC: the lower its

value, the higher a model’s predictive accuracy. Thus, the “best” model has the lowest LOO-CV value.

Evaluating the LOO-CV through the method outlined above is computationally demanding since it requires

fitting the model n x K times. This is, in principle, achievable for very small data sets but can become

impractical for moderately sized ones. Fortunately, importance ratios allow us to estimate the LOO-CV using

the results of a single simulation based on the complete data set (i.e., one not divided into training and holdout

sets), obviating the need to refit the model numerous times. This shortcut approximates p(yheld°ut|y_;) as
holdout

a weighted average of the likelihood values of ¥} given 6%, the s'® parameter vector draw from the

posterior probability distribution based on the complete data, where the weights are the importance ratios.

In their “raw” form (Gelfand et al., 1992), the importance ratios are unstable because they may have high
or infinite variance, leading researchers to develop more stable alternatives (Ionides, 2008; Vehtari et al.,
2017). Our analyses use the Pareto smoothed importance sampling introduced by Vehtari et al. (2017), which
regularizes the weights by fitting a generalized Pareto distribution to the upper tail of the raw importance

ratios (refer to the original article for technical details).

19Partitioning the data into n x K data points is possible because we assume that ties to members of different subpopulations
are independent, given the parameter vector. We also assume that respondents are independent. As a result, the sample
likelihood is the product of the likelihood values of n x K independent data points. In principle, we can perform either cell-
or row-wise partitions of the data and use LOO-CV to assess how well models predict a future cell or row (an out-of-sample
subject’s vector of responses to the ARD instrument). A row-wise partition may be, in fact, more practically valuable in ARD
research. Unfortunately, the method used in LOO-CV, importance sampling (discussed in the text), becomes impractical in
higher dimensions (Vehtari et al., 2017). For example, we ran into severe diagnostic issues when trying to perform LOO-CV
for the Random Degree Model based on a row-wise partition of the data. The estimated shape parameters for the generalized
Pareto distribution were above the recommended threshold of 0.5 for most observations, indicating high or infinite variance for
the importance ratios and, therefore, unreliable estimates (see Vehtari et al. (2017, p. 1416) for more details). This led us to
adopt a cell-wise partition to construct the LOO-CV metric.
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2.3.2 Posterior predictive distribution

Although the LOO-CV offers a helpful summary of model performance, it cannot reveal the sources of
deficiencies in a poorly fitting model. To obtain granular assessments that may point to targeted remedies, we
turn to posterior predictive checks based on the posterior predictive distribution (PPD). The PPD describes
the replicated data that we could have observed if the model and the parameter values producing the actually
observed data were reproduced (Gelman et al., 2013; Lynch and Western, 2004). This process involves a

two-step procedure, which we illustrate below for the Random Degree Model.

Recall that the parameter vector for the Random Degree Model contains the degree parameters for the
n respondents, & = (a1, s, ...,a,). To generate the PPD, we obtain S draws of this vector via MCMC
simulation: a!...a® (step 1). We then create a replicate of i’s report on their number of ties to subpopulation
k at the simulation’s s*® iteration: y;,"°. For this, we substitute «f (the s'' draw of i’s degree) into the

sampling distribution of the data (i.e., the likelihood) described by Equation (2.1) and randomly recover a

value from it (step 2).

Each iteration thus generates n x K replicates simulating every respondent’s report about every subgroup.
Together, these constitute a replicate of the full data set, from which, in turn, we can extract replicates of
Vit and yik, the rows and columns of the ARD matrix. We can readily adapt this procedure to the Group
Prevalence and Barrier Effects models using their respective augmented parameter vectors and sampling

distributions (Equations (2.2) and (2.4)).

2.3.3 Model fit to the overall distribution of responses

2.3.3.1 Test quantities Why is the PPD a valuable model-checking tool? If a model fits the data well,
the model-generated replicates should resemble the observed data — equivalently, the observed data should
look plausible under the PPD (Gelman et al., 2013; Lynch and Western, 2004). Large discrepancies between
observed and simulated data indicate potential shortcomings in the model. Formal tests using the Bayesian

equivalent of p-values (called posterior predictive p-values) allow us to compare replicated and observed data.

We first define a test statistic describing some aspect of the data. We refer to it as T'(y) or T'(y"P) depending
on whether it represents a function of the observed or replicated data, respectively. One statistic of interest
in the context of ARD research is the proportion of respondents reporting some number of contacts in a
subpopulation (for example, 0, 1, between 2 and 4, and 5 or more contacts, as in the empirical illustration
below). For each replicate of the vector y,j storing reports about the k' subpopulation from the n

respondents, we compute the proportions of reports for each response category (“07, “17, “2-4” and “547).
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The posterior predictive p-value yields the proportion of replicated data sets whose test statistics are as

extreme or more extreme than the test statistic for the observed data:

Ppost = P (T(y*P) > T(y)ly) - (2.6)

Dpost Values near zero or one suggest large discrepancies between model-generated and observed data, inviting
alternative specifications. For example, Equation (2.6) allows us to answer the following question: given
S simulated proportions of subjects reporting no contacts in subpopulation k (a value for each replicated
data set), what is the probability that these values are greater than or equal to the observed proportion of
respondents saying they have no ties to k in the actual data set? Values near zero indicate that the simulated
data sets have considerably fewer proportions of zero responses than the observed data. Conversely, values
near one indicate much larger proportions of zero responses across the simulated data sets. We can use ppost

to compare simulated and observed proportions for any other response category.

2.3.3.2 Graphical checks An alternative method for comparing model-generated and observed data
is through visual inspections, the primary model-checking approach in the ARD literature (Laga et al.,
2023; Park, 2021; Zheng et al., 2006). For this, we recover the means of the S simulated proportions for
each response category (e.g., “07, “17, “2-4” and “547) and enclose them in 95% credible intervals (i.e.,
the intervals within which 95% of the proportions lie). We then construct a graph displaying bars whose
heights represent the observed proportions of subjects answering in each category. Each bar, in turn, has
an associated error bar describing the credible interval. Successful model fit requires that the bar heights
and the error bars intersect since this would indicate that the 95% credible interval includes the observed
proportion. This would be accompanied by a posterior predictive p-value between 0.025 and 0.975. The
empirical illustration relies on bar graphs extensively; see Figure 2.3, for example (we will discuss it in depth

shortly).

2.3.4 Identifying subjects with unusual response patterns via marginal predictive checks

The previous section proposed ways to verify whether a model fits the overall distribution of responses to
ARD items. Next, we propose a strategy for identifying individual subjects who exhibit atypical response
patterns. This procedure draws on case-level diagnostics in regression analysis (Fox, 2020) and can suggest

observations that may unduly influence model results.

Marginal predictive checks detect subjects with unusual response patterns (Gelman et al., 2013, pp. 152-153).
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As before, we compare simulated and observed data via the Bayesian equivalent of p-values. This time,
however, we focus on the simulated response distributions for each respondent rather than on a test statistic
summarizing a particular aspect of the data. That is, we compare the replicates of the rows of the ARD
matrix capturing ¢’s set of responses to the instrument, yﬁp7 with their observed counterparts, y;. For this,
we must be attentive to the discrete nature of the data. Gelman et al. (2013) recommend using mid p-values

in such cases, which offer practical and theoretical advantages over the standard p-value for tests involving

discrete data sets (Agresti, 2007, pp. 15-16). These are defined as:

. 1
Pt = p (yiP < yitly) + =p

rep
5P (

Yl =vyitly) - (2.7)

p™id values near zero or one indicate subjects with unusual response patterns under the model (i.e., outliers).

We illustrate the computation of (2.7) with a simple example. Suppose we have data from respondent ¢ on
contact with three subpopulations (A, B, and C). ¢ reports having 0, 1, and 2 acquaintances in A, B, and C,
respectively (these are i’s observed responses, y;4 ). Further, a simulation has generated three replicates of i’s

response vector. Table 2.1 displays the results.

Table 2.1: Computing Marginal Posterior Predictive P-Value: Illustration

Simulated
Responses
Observed
Subgroup 1%t Draw  2"d Draw 3" Draw
Responses
0 1 1 0
1 1 2 0
2 2 2 1

To calculate the p (y;" < yi+|y) component of Equation (2.7), we count the number of simulated values
smaller than the observed responses. We have no such values for subgroup A, one for B (at the third draw
since 0 < 1), and one for C (at the third draw since 1 < 2). Therefore, the proportion of replicated values
smaller than their observed counterparts is p (yﬁp < yi+|y) = 2/9, where the denominator 9 represents the

total number of replicates (three simulations for each of the three subpopulations).

Next, to compute the p (y;¥ = yi+|y) component of (2.7), we count the matches between replicated and
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observed values. We have one such value for subgroup A (at the third draw), one for B (at the first draw),
and two for C (at the first and second draws). Hence, the proportion of the total number of replicates

representing matches is p (y;3 = yi+|y) = 4/9.

Finally, we combine the two components to determine the mid p-value (2.7): 2/9+ 1/2 x 4/9 = 0.44.

2.3.5 Workflow

We propose an iterative workflow to assess the goodness of fit of ARD models, emphasizing what violations
of different model assumptions can reveal about patterns of acquaintanceship with subpopulations. We start
with an overall assessment of model performance using leave-one-out cross-validation. We then proceed
to more targeted analyses based on posterior predictive checks, which allow us to identify the sources of

deficiencies in different models.

A poor fit of the Random Degree Model to the distribution of reported connections to a subpopulation
could stem from violations of the proportionality or random mixing assumptions, or possibly other reasons

(suggested below). We will test these possibilities one at a time.

The Random Degree Model fixes the probability of a tie to a subgroup at the value of the subpopulation
proportion. A logical approach to addressing its shortcomings would be to allow this probability to be
estimated from the data instead. The Group Prevalence Model accomplishes this by replacing the known
subgroup proportion with an unknown subgroup prevalence parameter. Given this added flexibility, one can
reasonably expect that the Group Prevalence Model will fit the data at least as well as the Random Degree
Model does.

While relaxing the proportionality assumption, the Group Prevalence Model maintains the random mixing
assumption from the Random Degree Model. From a mechanical perspective, this implies that both models
use a Poisson distribution for the data, assuming that the mean and variance of the distribution of counts
for a subpopulation are identical (i.e., equidispersion). These models, therefore, may fail to fit the data
appropriately under violations of equidispersion. The Barrier Effects Model allows for nonrandom mixing by
modeling the data through a negative binomial likelihood, which accommodates overdispersion (a variance

greater than the mean).

The Barrier Effect Model cannot account for underdispersion (i.e., a variance lower than the mean), however.
Zheng et al. (2006, p. 421) acknowledge this limitation, noting it as a possible reason why the model

underpredicts the proportion of individuals who have one or few acquaintances within certain subgroups.

After illustrating the use of different goodness-of-fit assessment tools, we propose two new modeling specifica-
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tions in Section 2.5.6 to address the shortcomings of the Random Degree, Group Prevalence, and Barrier
Effects models. We first introduce a model that accommodates both under- and overdispersion. We then
modify the Barrier Effects Model using a one-inflated negative binomial distribution to model the excess of

one-acquaintance reports observed for some subgroups, such as occupational categories.

Our iterative workflow allows researchers to pinpoint which assumptions are problematic — proportionality,
random mixing, or overdispersion — for modeling acquaintanceship with particular subpopulations. We
miss these insights when we only consider the fit of the most complex model — the one relaxing the
most assumptions. This is consequential because violations of different assumptions reveal different social
phenomena. Let us illustrate this idea with an example. Suppose the Random Degree Model does not
adequately capture the distribution of reported connections to a subgroup while the Group Prevalence Model
does. Although access to the subpopulation is not particularly segregated, violation of the proportionality
assumption suggests that the subgroup may be unusually isolated or gregarious, or perhaps reports about
it tend to suffer from some form of bias. In short, violations of random mixing indicate variations in
individual-level propensities to know members of subgroups; violations of proportionality suggest subgroup-
level characteristics affecting report patterns across respondents. Figure 2.2 summarizes the proposed workflow
in a flowchart. The outer loop illustrates that the iterative process is applied to each subgroup in the data,

revealing patterns of acquaintanceship with it.
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Figure 2.2: Workflow flowchart

2.4 Software implementation

Different MCMC algorithms exist for sampling from posterior distributions (see Gamerman and Lopes (2006)
for a comprehensive overview; Lynch (2007) for an introduction targeted at social science audiences). Our
analyses use the Hamiltonian Monte Carlo procedures available in the probabilistic programming language

Stan (Carpenter et al., 2017), which offer considerable gains in computational efficiency over traditional

algorithms like

The program includes functions for assessing convergence of the MCMC chains. Among other measures, it

provides the Bayesian Fraction of Missing Information (BFMI), the effective sample size, and R diagnostics.

Gibbs sampling and Metropolis-Hastings (Gelman et al., 2013; Kruschke, 2015).
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The results presented below are based on S = 4,000 draws from the simulated posterior distribution after
a specified warm-up period. Values of all of the diagnostic measures indicate that the simulations have
converged satisfactorily. We select a random (without replacement) subset of size 1,000 from those draws to

build the posterior predictive distribution, in order to accelerate the computation process.

Once the user codes the model into the computing environment, Stan runs the algorithm automatically,
generating posterior draws for each parameter. These can then be passed to the corresponding likelihood
function for the model (Equations (2.1), (2.2), and (2.4)) to obtain the PPD, as explained in Section 2.3.2.
To estimate the LOO-CV for a model, the user must store each of the n x K factors forming the overall
likelihood for the sample as a vector in Stan and pass the model object generated by the software to the

functions of the loo package in the programming language R (see Vehtari et al. (2017, p. 1418) for details).

2.5 Empirical illustration

The empirical illustration examines a data set collected by McCarty et al. (2001), which has featured
prominently in much ARD-based research (Maltiel et al., 2015; McCormick et al., 2010; Zheng et al., 2006).2°
These data combine two separate surveys collected between 1998 and 1999 in the United States, yielding a
total of 1,370 respondents (for details, see McCarty et al., 2001). They contain reports about 29 known-size
subpopulations based on first names, occupations, health conditions, and other attributes. We restrict the
analyses below to the 1,268 subjects with complete data on all subgroups. The subpopulation proportions
assume a total population size of 280 million, the approximate U.S. population at the time the surveys were
conducted (US Census Bureau, 2021). Assessing the same data, Zheng et al. (2006) top-coded all responses
above 30 at 30 to prevent unusually large reports of contact frequencies from unduly affecting results. Our
analyses, however, use the original reports for pedagogical purposes, which will soon become clear in the

empirical illustration.

2.5.1 Outline

We first use the LOO-CV metric to compare the Random Degree, Group Prevalence, and Barrier Effects
models. While this can offer an overall assessment of model performance, it cannot reveal specific sources of
deficiencies. The sections that follow, therefore, rely on posterior predictive checks for an in-depth examination
of each model. We compare the observed and predicted proportions of subjects reporting zero, exactly one,

between 2 and 4, and 5 or more contacts in a subpopulation (denoted by “07”, “17, “2-4” and “5+7).2!

20We study the version of these data made available on Harvard Dataverse by Feehan and Salganik (2016). The corresponding
official statistics data on the subpopulation sizes are also drawn from this source.

21The McCarty et al. (2001) ARD contain 1,268 x 29 = 36, 772 data points. 48% of these are zeros, 20% are ones, 22% are
between 2 and 4, and 10% are greater than or equal to five.
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The goodness-of-fit assessments focus on a subset of six subgroups — three names and three subpopulations
based on other attributes. The names are Christina, David, and James. The other subgroups are people with
diabetes, commercial pilots, and victims of vehicle accidents in the past year. Each subgroup represents a
distinct subpopulation type, defined by how well different modeling specifications reflect the distributions
of reported contacts. Because this subset captures common trends observed across most subpopulations
in the data set, restricting our analyses to it allows us to be comprehensive without overwhelming readers
with information on all subgroups. Nonetheless, the concluding segment describes how the remaining
subpopulations map onto the categories represented by the six “signature” subgroups. Additionally, readers

interested in results for all subpopulations can refer to the Supplementary Material.

After identifying outliers under the Random Degree Model via marginal predictive checks, we compare this
model’s performance with that of the Group Prevalence Model. We apply the same comparative approach to
the Barrier Effects Model, assessing it against the previous models. Finally, we propose novel specifications

that address the limitations identified in existing models.

2.5.2 Model comparison using LOO-CV

Table 2.2 displays the estimated LOO-CV values for the Random Degree, Group Prevalence, and Barrier
Effects models using the McCarty et al. (2001) data. As explained above, the interpretation of this statistic
follows the same logic as AIC: the lower the value, the “better” the model (i.e., the more accurately it predicts

future data).

Table 2.2: Model Comparison Based on Leave-One-Out Cross-Validation (McCarty et al. Data)

Model LOO-CV

Random Degree 167647.7
Group Prevalence 141851.4
Barrier Effects 107029.1

We observe substantial reductions in LOO-CV as we augment the Random Degree Model with a subgroup
prevalence parameter, leading to the Group Prevalence Model, and the latter with an overdispersion parameter,
resulting in the Barrier Effects Model. This indicates that the Barrier Effects Model has the best predictive

accuracy.??

22Vehtari et al. (2017, p. 1427) propose a standard error for the difference in estimated LOO-CV between two models to
assess if the difference is statistically significant. We found that the differences between the LOO-CV values for all pairs of
models in Table 2.2 are significant.
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However, examining the LOO-CV on its own is of limited use. By aggregating information across the 29
subgroups in the data to create a single metric of model performance, LOO-CV masks specific sources
of deficiencies in the models. A more targeted analysis based on posterior predictive checks can help us
understand what violations of different model assumptions reveal about patterns of acquaintanceship with

particular subpopulations.

2.5.3 Posterior Predictive Checks: Random Degree Model

2.5.3.1 Model fit to the overall distribution of responses Section 2.3.3 introduced two comple-
mentary ways of assessing model fit to the overall distribution of responses to ARD items: via posterior
predictive p-values and graphically. Table 2.3 shows the posterior mean proportions (i.e., the mean value of
each proportion across replicated data sets) and observed proportions (i.e., the value observed in the actual
data set) of reports for each response category (“07, 17, “2-4” and “5+") for the six select subpopulations,

together with the corresponding posterior predictive p-values computed using Equation (2.6).

Figure 2.3 offers a visual comparison of the simulated and observed distributions. The heights of the bars
represent the observed proportions; each bar, in turn, has an associated error bar describing the 95% credible
interval for the simulated proportions, centered at the posterior mean value. Satisfactory fit requires that
a bar height and the corresponding error bar intersect. This would also be accompanied by a posterior

predictive p-value between 0.025 and 0.975 in Table 2.3.
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Table 2.3: Random Degree Model: Posterior Predictive P-Values for Select Subpopulations (McCarty et al.
Data)

Response Category

Subgroup Quantity 0 1 2-4 5+
Names
Christina Observed Proportion 0.392 0.322 0.255 0.031

Posterior Mean Proportion 0.699 0.225 0.076 0.001
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.155 0.210 0.441 0.194
Posterior Predictive P-Value (1.000) (0.000) (0.384) (0.954)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.097 0.153 0.426 0.324
Posterior Predictive P-Value (0.000) (0.000) (0.968) (1.000)

Other Subpopulations
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.598 0.267 0.132 0.003
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)

Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.042 0.080 0.321 0.557
Posterior Predictive P-Value (0.000) (0.000) (0.000) (1.000)

Vehicle death  Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.950 0.048 0.002 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
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* Some error bars are very narrow, making visualization difficult. The 95% credible intervals for the "5+" response category
for Christinas, commercial pilots, and victims of vehicle accidents are [0.0000,0.0024], [0.0000, 0.0055], and [0.0000, 0.0000],
respectively. The Random Degree Model never predicts that someone knows 5 or more victims of vehicle accidents because this
subgroup represents only 0.016% of the American population. The interval associated with the "2-4" category for this subgroup

is similarly narrow: [0.0000,0.0048]. None of these intervals includes the corresponding observed proportion shown in Table 2.3.

Figure 2.3: Random Degree Model: Observed and Simulated Distributions of Reports for Select Subpopulations

(McCarty et al. Data)

We will discuss one subpopulation at a time, starting with the names and proceeding to the subgroups based

Response Category
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on other attributes. The Random Degree Model drastically overpredicts the proportions of subjects reporting
no ties to Christinas. The posterior mean proportion of zero reports across the replicated data sets is 0.699,
1.78 times larger than the corresponding observed proportion of 0.392 (Table 2.3). The posterior predictive
p-value (ppost) of 1 implies that all simulated proportions are larger than the observed value. Conversely,
the model underpredicts the proportions of responses in the remaining categories (“1”, “2-4”, and “5+"),
with the 0 p-values indicating that no simulated proportion exceeds the corresponding observed proportion.
Further corroborating the inadequate fit is the fact that none of the bar heights in Figure 2.3 intersects the

corresponding error bar.

We observe the opposite pattern for the name James, with the Random Degree Model overestimating the
proportions of “54+” reports while underestimating the proportions of subjects reporting no relationships or
exactly one tie to the subgroup. Only the 95% credible interval for the “2-4” category includes the respective

observed proportion (ppost = 0.968).

By contrast, the Random Degree Model captures the distribution of ties to Davids reasonably well, with
the 95% credible intervals for the “2-4” and “5+4” response categories covering the corresponding observed
proportions (the posterior predictive p-values are 0.384 and 0.954, respectively). While the actual values for
the “0” and “1” response categories, 0.128 and 0.247, are not contained in the credible intervals [0.1379, 0.1740]
and [0.1860,0.2335], they lie relatively close to the interval bounds (see also Figure 2.3). In brief, among the
first-name subpopulations, the proportionality and random mixing assumptions are plausible for modeling

contact with Davids but not with Christinas and Jameses.

We now turn to the subpopulations based on other attributes. We first note that the model fit pattern for
victims of vehicle accidents resembles the one discussed above for the name Christina. That is, the Random
Degree Model severely overpredicts the proportion of subjects reporting no contacts in this subgroup. The
posterior mean proportion of 0.950 exceeds the observed proportion of 0.742 by a large margin, yielding an
associated posterior predictive p-value of 1. At the same time, the model underpredicts the proportions for
the remaining categories, producing 0 p-values. None of the 95% credible intervals includes the respective

observed values.

Next, the pattern for people with diabetes is similar to that for Jameses, with the Random Degree Model
overestimating the proportion of respondents with 5 or more ties to this subpopulation. The posterior mean
proportion of 0.557 is 3.4 times larger than the observed proportion of 0.162. The model also underestimates
the proportions of reports of lower contact frequencies. The 95% credible intervals for all response categories

fail to cover the corresponding observed proportions.
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Finally, the Random Degree Model underpredicts the proportions of subjects with extreme acquaintance
volumes (no contact at one end and 5 or more relationships at the other) with commercial pilots. The
posterior predictive p-values for these response categories are 0. Meanwhile, the model overpredicts the
proportions of respondents reporting low to moderate numbers of acquaintances (“1” and “2-4”) in this

subgroup, yielding 1 p-values.
To summarize, the Random Degree Model fails to provide a satisfactory fit for all non-name subpopulations.

The shortcomings identified in the fit of the Random Degree Model to the distributions of ties to the six
subgroups may be due to violations of proportionality, random mixing, or some other reason. We will explore

these possibilities one at a time, first augmenting the model with the subgroup prevalence parameter.

2.5.3.2 Using marginal predictive checks to identify subjects with unusual response patterns
Before proceeding to the goodness-of-fit assessments for the Group Prevalence Model, we will illustrate the
use of marginal predictive checks for identifying outliers under the Random Degree Model — defined here as
subjects whose patterns of responses to the ARD instrument are unusual. We use Equation (2.7) to assign a
marginal posterior predictive p-value to each respondent. Table 2.4 shows the descriptive statistics for the

p-value distribution across all subjects.

Table 2.4: Random Degree Model: Descriptive Statistics for Marginal Posterior Predictive P-Values (McCarty
et al. Data)

Descriptive )
mid
prow
Statistics
Min. 0.222

25" Percentile  0.480
Median 0.508
Mean 0.501
75" Percentile  0.533
Max. 0.677

Most of the distribution is concentrated around reasonable values (near 0.5), as indicated by the interquartile
range of 0.533-0.480. Since unusual subjects have p-values close to either extreme, we will inspect those with

the minimum and maximum p-values of 0.222 and 0.677.

The respondent presenting the minimum p-value reported numerous contacts in a single subpopulation but
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few or none in others. In particular, they knew 80 Native Americans, four Michaels, only one person in 6
subgroups, and no one in the remaining 21. The extreme contact frequency with Native Americans leads

6" percentile of the degree distribution.

to an estimated network size of 560, putting the subject at the 8
Recall that the Random Degree Model assumes that the proportion of members of a subgroup within an
egocentric network corresponds to the subgroup’s fraction within the population. Given the respondent’s

large estimated network size, the model predicts relatively high reports across all subgroups despite the small

observed reports, resulting in the small marginal posterior predictive p-value.

At the other extreme, the subject with the maximum p-value reported seven ties to each of the 29 subpop-
ulations. Their estimated network size was 1,264, placing them at the 98" percentile of the distribution.
For the Random Degree Model to estimate seven members of a subgroup in the respondent’s network, the
subgroup must constitute about 0.5% of the population (7/1,264). Because most of the subpopulations in
the McCarty et al. (2001) data (20 of the 29) are smaller than that, the model underestimates the subject’s

connections to most subgroups — hence the somewhat large p-value.

In their analyses of the McCarty et al. (2001) data, Zheng et al. (2006) top-coded all responses above 30
at 30 to prevent unusually large reports of contact frequencies from unduly affecting results.??> They also
excluded the subject who reported knowing seven persons in all subpopulations. The marginal predictive
checks here, therefore, validate their decisions. Our goodness-of-fit assessments use the original data for
pedagogical purposes, illustrating a systematic approach to detecting atypical behavior in the data, which
researchers may find helpful for analyzing their own data sets. Since the marginal predictive checks did not

indicate major problems, we omit them for the other models.

2.5.4 Comparing Random Degree and Group Prevalence models: Model fit to the overall

distribution of responses

Following the proposed workflow (see Figure 2.2), we now evaluate the Group Prevalence Model. Table 2.3
displays the posterior mean proportions and posterior predictive p-values for it. Figure 2.4 compares the

performance of the Random Degree and Group Prevalence models.

Note that the goodness-of-fit assessments here do not assume any particular choice of constraint (Equation
(2.3)) for the renormalization adjustment. Since the latter adds a constant to the degree parameters and
subtracts it from the subgroup prevalence parameters without changing the likelihood, different adjustments

generate the same predictions about the data distribution.

23In additional analyses not shown here, we found that the distribution of marginal posterior predictive p-values remains
largely unchanged when responses are top-coded at 30.
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Table 2.5: Group Prevalence Model: Posterior Predictive P-Values for Select Subpopulations (McCarty et al.
Data)

Response Category

Subgroup Quantity 0 1 2-4 5+
Names
Christina Observed Proportion 0.392 0.322 0.255 0.031

Posterior Mean Proportion 0.384 0.296 0.291 0.029
Posterior Predictive P-Value (0.282) (0.029) (0.997) (0.286)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.146 0.200 0.443 0.211
Posterior Predictive P-Value (0.968) (0.000) (0.431) (1.000)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.153 0.206 0.442 0.198
Posterior Predictive P-Value (0.000) (0.017) (0.999) (0.964)

Other Subpopulations
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.542 0.283 0.170 0.006
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)

Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.157 0.210 0.442 0.190
Posterior Predictive P-Value (0.014) (0.282) (0.508) (0.998)

Vehicle death  Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.639 0.252 0.108 0.001
Posterior Predictive P-Value (0.000) (1.000) (0.278) (0.000)
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* The 95% credible intervals for the "5+" response category for Christinas, commercial pilots, and victims of vehicle accidents

under the Group Prevalence Model are [0.0203,0.0370], [0.0024, 0.0095], and [0.0000, 0.0039], respectively. Only the interval for

Christinas includes the corresponding observed proportion.

Figure 2.4: Comparing Random Degree and Group Prevalence models: Observed and Simulated Distributions

of Reports for Select Subpopulations (McCarty et al. Data)

The Group Prevalence Model is largely successful in capturing the distributions of reported ties to the
first-name subpopulations. 6 of the 12 (four response categories per name) 95% credible intervals cover the

corresponding observed proportions; the observed values for the other categories lie just outside the intervals.
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It outperforms the Random Degree Model for Christinas and Jameses, and does equivalently well for Davids.

The subgroup prevalence parameters {b} deviate from the subgroup proportions {my} when subpopulations
are more gregarious or isolated than average or when reports on contact with them suffer from some form of
bias, such as recall errors. We saw above that although the Random Degree Model provides a satisfactory
fit to the distribution of reported connections to Davids, it overpredicts the proportion of zero reports for
Christinas and the proportion of “5+” reports for Jameses. Assuming that individuals named Christina or
James tend to be as popular, on average, as the typical individual in the population (a plausible assumption
for first-name subpopulations), the discrepancy in the fit between the Random Degree and Group Prevalence

models for these names may suggest report biases.

James is the largest name subpopulation in the data, accounting for 1.4% of the American population. A
possible account of why the Random Degree Model overestimates the proportions of reports of 5 or more
connections for this name is that respondents tend to under-recall members of large subgroups. Participants
in McCarty et al’s (2001, p. 33) focus groups reported that gauging the number of acquaintances in large
subpopulations was difficult within the short time frames allowed for answering the survey questions.?*
Killworth et al. (2003) later proposed a formal cognitive model to explain underreporting patterns, which
states that the relationship between the expected and actual number of acquaintances known in a subgroup

follows a square root power law. According to this model, for example, if the actual number is 7, the expected

number reported is 3; if the actual number is 12, the expected number reported is 4.

Killworth et al. (2003) also raised the possibility that respondents might over-recall members of small
subpopulations. Given that Christina is the second smallest name in the data, representing 0.1% of the
population, this may explain why the Random Degree Model overpredicts the proportions of subjects
reporting no connections to this name. However, the authors do not propose a mechanism for this pattern.
We argue that this may relate to acquiescence response bias in survey questionnaires, a tendency to agree

with statements regardless of content (Baron-Epel et al., 2010; Kam and Meyer, 2015; Krosnick, 1999).

Subjects in McCarty et al’s (2001, p. 34) focus groups often estimated the number of acquaintances in large
subpopulations and attempted to enumerate individual contacts in small ones. Some respondents may report
exactly one acquaintance upon failing to recall anyone during the enumeration process because they are
reluctant to offer a negative answer (here, a report of zero ties) to the survey question. Indeed, Table 2.5
and Figure 2.4 show that the observed proportion of one-contact reports for Christinas (0.322) exceeds the

posterior mean proportion across simulations (0.296), with the 95% credible interval barely including the

24The authors report that respondents spent 15 seconds on each ARD item, on average.
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observed value (ppost = 0.029). Later, we will introduce a one-inflated negative binomial distribution that
allows us to formally test the probability of an excess of single-tie reports beyond what would be expected
under a standard probability distribution. The results there suggest that rare names are disproportionately

likely to elicit reports of exactly one acquaintance.

Recall that the joint presence of the degree and subgroup prevalence parameters in the likelihood under the
Group Prevalence Model induces an indeterminacy, the solution to which involves a renormalization adjustment
that constrains the prevalence parameters for a subset of subgroups to align with their subpopulation
proportions (Equation (2.3)). Zheng et al. (2006) recommend that subgroups for the subset be selected on two
criteria: they should be 1) about as popular, on average, as a typical individual in the population and 2) robust
against recall errors. As discussed above, proposition 1) is reasonable for first-name subpopulations (DiPrete
et al., 2011). To address assumption 2), Zheng et al. (2006) argue that rare names are less prone to recall
bias — as opposed to large subgroups, for which respondents tend to underreport acquaintances (Killworth
et al., 2003). This rationale, however, overlooks potential over-recall patterns for small subpopulations, as
observed for Christinas. A data-driven approach to forming the subset that satisfies those two conditions
involves assessing the fit of the Random Degree Model to the distributions of reported relationships with
first-name subpopulations and selecting the names with the best fit. For the McCarty et al. (2001) data,
these are moderately large names — in addition to David, other candidates are Christopher, Michael, and

Robert.

The renormalization constraint for the Group Prevalence Model scales the degree distribution from the
Random Degree Model by a factor determined by the choice of subpopulations for the adjustment subset.
While the scale of the degree distribution may change considerably depending on constraint choice (Equation
(2.3)), different constraints yield identically ranked degree estimates across respondents. If analysts view the
indeterminacy in the Group Prevalence Model merely as a technical problem that prevents identifiability,
renormalizing the prevalence parameters across all subgroups in the data (instead of only a subset) may be
the safest and perhaps most easily defensible option since it ensures maximal contiguity with the Random

Degree Model. Laga et al. (2023) and Baum and Marsden (2023) recommend this approach.

Shifting our attention to the subgroups based on other attributes, we find that the Group Prevalence Model
successfully captures the distribution of reported connections to people with diabetes, considerably improving
the fit over the Random Degree Model. We discuss some mechanisms that may explain why this subgroup’s
prevalence parameter (by) differs from its relative size in the population (my). First, individuals with diabetes
might be, on average, less inclined to attend social gatherings compared to the general population due

to considerations related to their health condition. Alternatively, transmission errors shaping respondent
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awareness of the membership status of their contacts in subgroups may affect reports (Killworth et al., 2003;
McCarty et al., 2001; McCormick et al., 2013). Killworth et al. (2003, pp. 151-152) note that subjects may

not know about the health condition of acquaintances who have not disclosed their diabetes diagnosis.

Finally, although it appears to improve over the Random Degree Model, the Group Prevalence Model offers
a poor fit to the distributions of ties to commercial pilots and victims of vehicle accidents, in both cases
underpredicting the proportions of “0” and “5+4” reports. Augmenting the Group Prevalence Model with a
parameter that inflates the probabilities of extreme responses may mitigate these issues. Equation (2.5) and
Figure 2.1 show that this is precisely the impact of the Barrier Effects Model’s overdispersion parameter on

the distribution. The next step of our workflow (Figure 2.2) assesses this model’s fit to the data.

2.5.5 Comparing Random Degree, Group Prevalence, and Barrier Effects models: Model fit

to the overall distribution of responses

Table 2.6 presents the posterior mean proportions and posterior predictive p-values under the Barrier Effects
Model. Figure 2.5 compares its performance to that of the Random Degree and Group Prevalence models,
displaying the posterior mean estimate of the overdispersion parameter yielded by the Barrier Effects Model

at the top of the bar chart for each subgroup.
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Table 2.6: Barrier Effects Model: Posterior Predictive P-Values for Select Subpopulations (McCarty et al.
Data)

Response Category

Subgroup Quantity 0 1 2-4 5+
Names
Christina Observed Proportion 0.392 0.322 0.255 0.031

Posterior Mean Proportion 0.423 0.261 0.284 0.033
Posterior Predictive P-Value (0.974) (0.000) (0.980) (0.631)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.173 0.187 0.414 0.227
Posterior Predictive P-Value (1.000) (0.000) (0.025) (0.999)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.211 0.189 0.381 0.219
Posterior Predictive P-Value (0.960) (0.000) (0.090) (0.999)

Other Subpopulations
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.720 0.128 0.121 0.031
Posterior Predictive P-Value (0.970) (0.000) (0.997) (0.997)

Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.261 0.183 0.339 0.217
Posterior Predictive P-Value (1.000) (0.000) (0.000) (1.000)

Vehicle death  Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.734 0.148 0.108 0.010
Posterior Predictive P-Value (0.304) (0.816) (0.350) (0.668)
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under the Barrier Effects Model are [0.0233, 0.0428], [0.0200, 0.4441], and [0.0040, 0.0167], respectively. The intervals for Christinas

and victims of vehicle accidents include the corresponding observed proportions.

Figure 2.5: Comparing Random Degree, Group Prevalence, and Barrier Effects models: Observed and

Simulated Distributions of Reports for Select Subpopulations (McCarty et al. Data)

The Barrier Effects Model captures some aspects of the distributions of reported ties to first-name sub-
populations less aptly than the Group Prevalence Model. In particular, it tends to slightly overpredict the

proportions of subjects reporting extreme responses (“0” and “5+7). 6 of the 12 (four response categories
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per name) 95% credible intervals under the Group Prevalence Model cover the corresponding observed
proportions, compared to 4 under the Barrier Effects Model. Despite the posterior predictive checks, the
Barrier Effects Model yielded a lower LOO-CV (54437.3) than the Group Prevalence Model (56380.3) in
a data set restricted to the first-name subpopulations. Still, relying solely on the LOO-CV values can be
misleading because some subgroups, such as James (W, = 2.14), may simultaneously present non-negligible
estimates of overdispersion and weak evidence of segregation (i.e., low proportions of reports of extreme
acquaintanceship volumes and relatively high proportions of reports of low to moderate numbers of ties).
Gelman et al. (2013) recommend posterior predictive checks be used jointly with model comparison metrics —
and always with the particularities of a research problem in mind. For ARD-related research, complementing
the parameter estimates with visual checks of the data seems crucial, as we further illustrate below in our

analyses of the non-name subpopulations.

The Barrier Effects Model also overestimates the proportions of “0” and “5+” reports in the distribution
of ties to people with diabetes.?’ This finding is somewhat surprising because this subgroup’s estimated
overdispersion (@ = 2.83) exceeds that of victims of vehicle accidents (@, = 2.28), for which the Barrier
Effects Model provides far better predictions than the Group Prevalence Model.?6 To understand it, we must
distinguish overdispersion, a statistical parameter, from segregation in contact with a subgroup, which is
characterized by elevated proportions of individuals displaying extreme acquaintanceship volumes (no ties at

one end and numerous connections at the other).

By assuming a particular functional form for parameters describing respondents’ relative propensities to form
connections to subgroups (i.e., a gamma prior), the Barrier Effects Model integrates them out of the original
Poisson likelihood, generating a compound negative binomial likelihood that includes an overdispersion
parameter. This parameter captures segregation in contact with subgroups by pushing the probability
mass toward the ends of the distribution (see Figure 2.1). The Barrier Effects Model accurately captures
distributions of reports where higher estimated overdispersion parameters are accompanied by increased
proportions of subjects reporting extreme acquaintanceship volumes. This is the case for victims of vehicle
accidents?” and many other subgroups in the data set (we will expand the discussion to the remaining

subpopulations in the concluding segment), which is consistent with the drastic reduction we observe in

25The 95% credible intervals under the Group Prevalence Model cover the corresponding observed proportions for the “1” and
“2-4” categories. The observed value for the “0” category, 0.179, lies just outside the [0.1376,0.1776] interval. Similarly, the
observed proportion of respondents in the “5+4” category, 0.162, is somewhat close to the lower bound of the [0.1730,0.2085]
interval.

26The 95% credible intervals across all response categories for victims of vehicle accidents cover the corresponding observed
proportions under the Barrier Effects Model. By contrast, only the interval for the “2-4” category includes the observed value
under the Group Prevalence Model.

270One possible reason why contact with victims of vehicle accidents is segregated is that young men, the sociodemographic
group more likely to be responsible for car crashes (Williams and Shabanova, 2003), are more likely to know people like them.
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LOO-CV from the Group Prevalence to the Barrier Effects models (Table 2.2).

Some subgroups, however, may be overdispersed but not segregated since their high &, values are coupled
with high proportions of subjects reporting low to moderate numbers of connections (and comparatively low
proportions of “0” and “5+” reports) — as seen in the distribution of reported ties to people with diabetes.
The Barrier Effects Model overpredicts the proportions of extreme reports for these subpopulations. While
few subgroups in the data set have this characteristic (most exhibit some pattern of segregation; see the
concluding segment and Supplementary Material), these findings highlight the importance of combining

analyses of parameter estimates with visual inspections of the data.

Alternatively, the overdispersion observed for some subgroups may be an artifact of the Barrier Effects
Model since the negative binomial distribution is limited to modeling overdispersion. Indeed, Zheng et al.
(2006, p. 421) raise the possibility that the underprediction of reports of one or few relationships for some
subpopulations under the Barrier Effects Model — as we observe for the “1” category for commercial pilots
and “2-4” category for people with diabetes — might stem from underdispersion (distributions where the
variance is lower than the mean). To our knowledge, ARD research has yet to formally assess this hypothesis,

leading us to undertake this task below.

2.5.6 New modeling specifications

Following the stepwise approach to evaluating ARD models proposed in Figure 2.2, we compared the basic
Random Degree Model to the more flexible Group Prevalence Model. By doing so, we learned that while
the random mixing assumption is appropriate for modeling contact with the first-name subpopulations, the
proportionality assumption may lead to overpredictions of reports of zero connections for rare names and of
reports of numerous ties to common names. We argued that the overestimation of “54” reports for Jameses
likely originates from under-recall patterns for large subpopulations, as discussed in Killworth et al. (2003).
However, potential mechanisms behind the overestimation of zero reports for Christinas are not readily
available in the existing literature. We hypothesized that it might relate to acquiescence bias (Krosnick,
1999): subjects who cannot recall any acquaintance with rare names during the enumeration process of
information retrieval preceding the provision of an answer (Sudman et al., 1996; Tourangeau et al., 2000)
may be reluctant to say they have no ties at all, which would be perceived as a “negative” answer in this
context. We will formally test this conjecture below using a one-inflated model that quantifies the excess of

one-acquaintance reports relative to what would be anticipated under a standard probability distribution.

Next, comparing the Group Prevalence and Barrier Effects models allowed us to identify subgroups for which

the Group Prevalence Model offers a better fit than the Barrier Effects Model despite their relatively high
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overdispersion levels. This is because the overdispersion in the distributions for these subpopulations is not
followed by elevated proportions of subjects with extreme acquaintanceship volumes, as predicted by the
Barrier Effects Model. An analysis that only considers the estimated wj parameters without comparing the
distributions generated under different models would fail to discover that the Group Prevalence Model is
more apt to capture the distribution of reported ties to people with diabetes than the Barrier Effects Model,
given that access to this subpopulation is somewhat evenly distributed. Instead, it would conclude (somewhat
misleadingly) that access to this subgroup is more segregated than to victims of vehicle accidents, given
its higher @ value. An iterative workflow like ours, which employs graphical checks in combination with
statistical tests and inferential analyses of parameters, enables a more nuanced investigation of patterns of
acquaintanceship with subpopulations compared to focusing only on estimated parameter values, as is typical

in the ARD literature.

An alternative account of the poor fit of the Barrier Effects Model to distributions with high proportions
of reports of low to moderate numbers of acquaintances (“1” and “2-4”) is that these distributions are, in
fact, underdispersed rather than overdispersed. If this is true, the estimated overdispersion level observed
is an artifact of the negative binomial distribution’s inability to accommodate underdispersion. Hence, the
next step in our workflow (Figure 2.2) proposes introducing a modeling specification that accommodates

underdispersion.

The workflow also recommends trying an alternative specification if the underdispersed model leads to an
inadequate fit. One possibility is accounting for the excess of one-acquaintance reports. We have hypothesized
the risk of acquaintanceship bias inflating the proportion of such reports, but substantive reasons may also
be at play. Zheng et al. (2006, p. 421) conjecture, for example, that some occupational categories are
disproportionately likely to elicit reports of exactly one connection since it is common for people to know just

one member of the occupation.

Consider car mechanics, for example. Individuals may only visit a mechanic when they encounter car trouble
or for regular maintenance like oil changes. This occasional need means that many car owners might only
know one mechanic whom they trust and revisit sporadically, leading to many single-tie reports for this
subgroup. We may simultaneously observe segregation in access to this occupation, with numerous subjects
reporting either no ties (e.g., those who do not own cars) or multiple connections (e.g., those working in
vehicle maintenance). By contrast, individuals who interact with secretaries, for example, are often part
of business or office settings where they encounter multiple members of this occupational group through
various administrative tasks and office functions. It is plausible that people are likely to either have no direct

connections to any secretary (e.g., those working outside office environments) or be acquainted with several
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through office work.2®

We will formally assess the excess of one-acquaintance reports via a one-inflated negative binomial distribution,

explained in greater depth shortly.

2.5.6.1 Modeling underdispersion The most common approach to accommodating underdispersion in
count data involves extending the Poisson distribution to include a parameter that can accommodate both
overdispersion and underdispersion. Several methods exist for this purpose, including the Conway-Maxwell-
Poisson distribution (Conway and Maxwell, 1962; Shmueli et al., 2005), Consul and Jain’s (1973) Generalized
Poisson distribution, and Efron’s (1986) Double Poisson distribution. We opt for the latter because it is
more tractable than alternatives while yielding largely similar results (see Pustejovsky (2023) for a helpful

discussion and illustration).

Efron (1986) introduced the double exponential family based on the Poisson distribution (hereafter referred
to as the Double Poisson distribution) to model the variance independently of the mean, thereby relaxing the
original Poisson distribution’s equidispersion constraint. We use the distribution’s probability mass function

to model ARD:

bl = ) = 2 e (exp(_.x)xm> (expu)uik)m 2
x: T

where ;5. represents respondent i’s number of ties to the k*" subpopulation, p;;, is the mean of the distribution

(i, = exp(a; + Bi), as with previous models), and ¢ controls the dispersion:

Hi
Vyir] = ?:-30

Hence, ¢y, values greater than 0 and less than 1 indicate overdispersion (V [y;x] > E [yix]), values greater than

1 indicate underdispersion (V [y;x] < E [y;x]), and a value of 1 indicates equidispersion (V [y;x] = E [y:x])-

28The McCarty et al. (2001) data only contain information about two occupational groups: commercial pilots (one of the
subgroups studied in the empirical illustration) and postal workers. Nonetheless, analyses of the 2016 wave of the Chilean
Longitudinal Social Survey (ELSOC) (not shown here), which gathered reports from respondents on their contact with thirteen
occupations (including car mechanics and secretaries), support the hypothetical scenario described in the text. While the
95% credible interval for the single-tie response category under the Barrier Effects Model includes the observed proportion for
secretaries (0.1809 € [0.1611,0.1928]), it does not include the observed proportion for car mechanics (0.2441 ¢ [0.1775,0.2088]).

29In its initial formulation, the Barrier Effects Model proposes individual-level parameters governing respondents’ relative
propensities to form ties to different subgroups. It then integrates these parameters out of the likelihood by assuming that
they follow a gamma distribution. This subsumes barrier effects under a subgroup-level parameter that controls the extent
of overdispersion in the distribution. By contrast, the Double Poisson distribution models underdispersion directly, without
departing from the individual-level parameters. While this specification may still be valuable for capturing statistical features of
the distributions of reported connections to subgroups, it lacks the conceptual jump from micro-level variations in individual
propensities to know members of subgroups to a macro-level subgroup characteristic, which the Barrier Effects Model formulates
explicitly.

30Efron (1986, p. 715) notes that while the mean and variance values of the distribution are approximations, they are "highly
accurate."

70



Figure 2.6 compares results under the Barrier Effects and Double Poisson models, presenting the posterior
mean estimate of the dispersion parameter yielded by the latter (QASk) at the top of the bar chart for each
subgroup. The Supplementary Material includes the posterior mean proportions and posterior predictive

p-values for all subpopulations.
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* The 95% credible intervals for the "5+" response category for Christinas, commercial pilots, and victims of vehicle accidents

Response Category

Christinas and commercial pilots include the corresponding observed proportions.

Figure 2.6: Comparing Barrier Effects and Double Poisson models: Observed and Simulated Distributions of
Reports for Select Subpopulations (McCarty et al. Data)

The (Ek values for all six subgroups are lower than 1, indicating overdispersion. Indeed, the reciprocal of
(/#Ek, 1/ (Ek, is typically close to the corresponding @y value from the Barrier Effects Model. The largest

discrepancies are for commercial pilots (1/ or = 2.62 vs. Bj, = 3.72) and victims of vehicle accidents
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(1/ (;Aﬁk = 1.31 vs. @y = 2.28). The only subgroups in the data for which this model suggests underdispersion
(see Supplementary Material) are women who adopted a child in the past year ((Ek = 1.02) and individuals
who committed suicide in the past year (qgk = 1.37). Nonetheless, evidence of underdispersion for the former

is inconclusive since the 95% credible interval for ¢y, [0.9443,1.105], includes 1.

The Double Poisson Model seems to fit the observed data for the first-name subpopulations and people with
diabetes as well as the Barrier Effects Model does. However, it considerably underpredicts the proportions of
subjects reporting no ties to commercial pilots and victims of vehicle accidents. Comparing the LOO-CV
under the two models further corroborates that accommodating underdispersion does little to improve the fit
(and indeed, it might worsen it in some aspects): the LOO-CV for the Double Poisson Model, 117214.1, is

higher than that for the Barrier Effects Model, 107029.1.

In brief, the distributions of reported ties to the subpopulations in the McCarty et al. (2001) data set do not
appear to be underdispersed. The following section attempts to model the excess of single-tie reports by
modifying the Barrier Effects Model. In doing so, it retains this model’s ability to accommodate overdispersion
while explicitly accounting for the fact that some subpopulations may be unusually likely to elicit reports of
exactly one tie to them. As discussed above, this could originate, for example, from acquiescence response
bias in survey questionnaires and particular features of some subgroups, such as occupational categories,

where it is typical to know a single member of the category.

2.5.6.2 A One-Inflated Negative Binomial Model To accommodate the excess of single-tie reports,
we will use a model based on a mixture of two distributions: one generates reports of exactly one acquaintance,
and the other yields count values via a negative binomial distribution, some of which may also be ones. In
other words, this model represents a one-inflated negative binomial distribution that produces one-contact
reports via two distinct mechanisms; as such, it allows us to assess the probability of observing more ones than
would be anticipated under a standard negative binomial distribution. This strategy relates to zero-inflated
count models (Lambert, 1992), which accommodate the presence of “structural” zeros generated beyond the

usual random process of a count distribution, such as Poisson or negative binomial.

It is important to note that, despite the mechanical similarities between the proposed specification and the
widely used zero-inflated models, they are designed for different purposes. Lambert (1992) introduced the
latter to address situations where it is virtually impossible to observe values greater than zero on a count
random variable. For example, in modeling the number of defects in manufacturing equipment, the author
notes that well-aligned equipment rarely shows any defects, resulting in an abundance of zeros. The idea

of “structural ones” does not translate directly to ARD because individuals are not typically constrained to
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have a single acquaintance in a subgroup. Still, a one-inflated negative binomial model can help us identify
subpopulations exhibiting unusually high proportions of single-tie occurrences, whether for substantive (e.g.,
unique patterns of acquaintanceship with some occupational groups) or methodological (e.g., acquiescence

bias) reasons.

The one-inflated negative binomial distribution has the following probability mass function:

7, + (1 — 7 )NegBin(1|mean = exp(«; + Bk ), overdispersion = wy), ifx = 1,
p(yik =) =
(1 — 7 )NegBin(z|mean = exp(«; + S ), overdispersion = wy,), ifz # 1,

where 7y, is the probability of “extra ones” (beyond what would be expected under a conventional negative
binomial distribution) for subgroup k, and NegBin(z|mean = exp(«a; + fi),overdispersion = wy) is the
probability mass function of the negative binomial distribution defined in Equation (2.4), evaluated at some

x value.
Define p;;, = exp(a; + fi) for the sake of simplicity. We can show that the one-inflated negative binomial
distribution has the following mean and variance:

E [yir] = mx + (1 — m) ik (2.8)

Viyik] = (1 — mp) [T + pan(wi — 27 + parmie)] -
When 7, equals zero, the model reduces to a standard negative binomial distribution. When wy, equals 1, it
reduces to a one-inflated Poisson distribution. We can no longer interpret wy, as scaling the variance of y;y,

as in the Barrier Effects Model, because the variance is now also influenced by .

Figure 2.7 compares the goodness of fit of the Barrier Effects and One-Inflated Negative Binomial models,
with the posterior mean estimate of the 7, parameter yielded by the latter displayed at the top of the bar
chart for each subpopulation. The Supplementary Material presents the posterior mean proportions and

posterior predictive p-values for all subgroups.
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* The 95% credible intervals for the "5+" response category for Christinas, commercial pilots, and victims of vehicle accidents
under the One-Inflated Negative Binomial Model are [0.0249, 0.0489], [0.0215,0.0463], and [0.0040, 0.0174], respectively. The

intervals for Christinas and victims of vehicle accidents include the corresponding observed proportions.

Figure 2.7: Comparing Barrier Effects and One-Inflated Negative Binomial models: Observed and Simulated
Distributions of Reports for Select Subpopulations (McCarty et al. Data)

The probability of “extra ones” for commercial pilots, 0.12, is tied with that for people on kidney dialysis
as the second highest across all subgroups in the data, behind only the 7y, for Christophers (0.14). These

subpopulations are followed by Kimberlys (0.11), postal workers, and Christinas (the latter two with 75 ~ 0.09).
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Further examination showed a negative correlation between the sizes of subgroups and their 7, values (Pearson
correlation of -0.39) — for example, the subpopulation of individuals on kidney dialysis is the fifth smallest
in the McCarty et al. (2001), representing only 0.06% of the American population. The correlation was

particularly negative among first-name subpopulations (Pearson correlation of -0.75).

These findings corroborate that rare subpopulations and occupational categories are unusually likely to elicit
single-tie reports. We have conjectured that this may be due to acquiescence response bias in reports about rare
subgroups and particular patterns of acquaintanceship with some subpopulations like occupational categories,
where it is common to have only one contact. Distributions of ties to occupations may simultaneously exhibit
segregation — with numerous reports of zero contacts at one extreme and multiple acquaintances at the other
— and unusually high (relative to a standard probability distribution) proportions of single-tie reports. The
zero reports are from individuals lacking access to that occupational category, possibly because of financial
or material constraints. The reports of multiple connections are perhaps from those in the same category
or similar occupations. Finally, the one-contact reports are from respondents at neither extreme, including

those who come into contact with the occupation sporadically to use its services.

Compared to the Barrier Effects Model, the One-Inflated Negative Binomial Model considerably improves
the fit to the distributions of reported ties to Christinas and commercial pilots, the two subgroups with the
largest 7 values among the six studied in the empirical illustration. The LOO-CV value yielded by the
One-Inflated Negative Binomial Model (106403.2) is lower than that for the Barrier Effects Model (107029.1),

indicating a higher predictive accuracy.

2.6 Discussion and conclusion

Our incremental approach to goodness-of-fit assessments, depicted in Figure 2.2, has enabled fresh insights
into patterns of acquaintanceship with subpopulations. We started with a basic Random Degree Model resting
on proportionality and random mixing assumptions and augmented it by gradually relaxing these assumptions.
We evaluated the fit of each model against the distributions of reported connections to subgroups to determine
the appropriateness of assumptions for modeling contact with them. Analyses focused exclusively on a single

model overlook that violations of different model assumptions reveal different social phenomena.

Violations of the random mixing assumption suggest variations in respondent-level propensities to know
members of the subgroup, implying that access to it is segregated; violations of the proportionality assumption
indicate subgroup-level characteristics — such as popularity or features heightening the risk of biased reports

— affecting report patterns across all respondents. Yet, other signs of poor fit, such as the underprediction of
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single-tie occurrences under standard probability distributions, may point to different phenomena altogether.

Our iterative process revealed heterogeneous acquaintanceship patterns across subpopulations. Table 2.7
summarizes our findings, categorizing the six subgroups examined in the empirical illustration according to

how well different modeling specifications reflect the distributions of reported ties to them.

Subgroup Type Characteristics
Names
David Well-selected Random mixing and proportionality assumptions are plausible for

modeling contact with the name

Christina Over-selected e Access to the name is evenly distributed across respondents
e Violation of the proportionality assumption suggests that reports
about the name may suffer from over-recall issues (possibly driven by

acquiescence response bias)

James Under-selected e Access to the name is evenly distributed
e Violation of the proportionality assumption suggests that reports
about the name may suffer from under-recall issues (possibly because

respondents underestimate the number of ties to large subgroups)

Other Subpopulations
Vehicle death  Segregated Overdispersion captures segregation in access to the subgroup (i.e.,
numerous reports of zero contacts at one extreme and multiple ac-

quaintances at the other)

Segregated
Comm. pilots o Overdispersion captures segregation in access to the subgroup

with excess ones
e Subpopulation also exhibits unusually high (relative to a standard
probability distribution) proportions of single-tie reports (possibly

because of acquiescence response bias or unique patterns of acquain-

tanceship involving the subgroup)

Overdispersed
Diabetes e« Overdispersion does not capture segregation in access to the

but not segregated
subgroup
e The Barrier Effects Model overestimates the proportions of reports
of zero and multiple connections to it

e The Group Prevalence Model fits the distribution of reported ties

more aptly than the Barrier Effects Model

Table 2.7: Summary of Subgroup Types
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We divide the first-name subpopulations into three types: well-, over-, and under-selected. The well-selected
group consists of moderately large names for which the Random Degree Model offers an adequate fit, implying
that the random mixing and proportionality assumptions are plausible for modeling contact with them.
In addition to Davids (subgroup proportion: 0.0102), this subset includes Christophers (0.0045), Michaels

(0.114), and Roberts (0.0136) (see Supplementary Material).

The over-selected group comprises rare names for which the Random Degree Model overpredicts the proportions
of zero reports. In addition to Christinas (subgroup proportion in the population: 0.0013), it includes
Jacquelines (0.0010), Christinas (0.0013), Nicoles (00013), Stephanies (0.0018), Kimberlys (0.0023), Anthonys
(0.0031), and Jennifers (0.0040). We hypothesized that this finding relates to acquiescence response bias:
respondents who recall contacts in rare subgroups via enumeration may be reluctant to report zero contacts

when they fail to remember any.

The under-selected category includes large names for which the Random Degree Model overpredicts the
proportions of “5+” reports. This pattern is particularly pronounced for Jameses (subgroup proportion:
0.0144) in the McCarty et al. (2001) data. This result is consistent with research showing that respondents

tend to under-recall members of large subpopulations (Killworth et al., 2003).

This categorization of first-name subpopulations into well-, over-, and under-selected may hold implications
for future research. In response to the indeterminacy precipitated by the joint presence of the degree and
subgroup prevalence parameters, Zheng et al. (2006) propose a renormalization adjustment that constrains
the prevalence parameters for a subset of subgroups to align with their subgroup proportions. The authors
recommend selecting subgroups for the subset that are 1) about as popular, on average, as a typical individual
in the population and 2) robust against recall errors. Hence, they propose a subset of rare names since
first-name subpopulations are neither particularly isolated nor gregarious, on average, and small subgroups
are less prone to recall bias (as opposed to large subpopulations, for which subjects tend to under-recall
acquaintances). This rationale, however, overlooks that respondents may over-recall relationships in small

subgroups.

A data-driven approach to determining the renormalization subset involves assessing the fit of the Random
Degree Model to the distributions of reported connections to first-name subpopulations and selecting the
names with the best fit. These “well-selected” names, such as David in the McCarty et al. (2001) data set,
seem to satisfy the above conditions for inclusion in the subset. Although the scale of the degree distribution
may change substantially contingent on the choice of subpopulations for the renormalization constraint

(Equation (2.3)), different constraints yield identically ranked degree estimates across subjects. Some authors
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(Baum and Marsden, 2023; Laga et al., 2023) suggest renormalizing the prevalence parameters across all
subgroups in the data to ensure maximal contiguity with the Random Degree Model. Indeed, the chapter on
model properties demonstrates that the Group Prevalence Model using this renormalization leads to network

size estimates identical to those produced by the Random Degree Model.

Turning to the subpopulations based on other attributes, we separate them into three categories: segregated,
segregated with excess ones, and overdispersed but not segregated. Subpopulations in the first two categories
exhibit elevated proportions of reports of zero and numerous connections, a pattern captured by the Barrier
Effects Model’s overdispersion parameter. However, some segregated subgroups may also display an excess of
single-tie reports. The One-Inflated Negative Binomial Model improves the fit to their distributions over the

Barrier Effects Model.

Note that the Barrier Effects Model tends to underpredict the proportions of one-contact reports for most
subgroups to a greater or lesser extent. In addition to commercial pilots, postal workers, and people on
kidney dialysis, which we mentioned above, other subgroups with relatively high 7; values (i.e., probabilities
of “extra ones” beyond what would be expected under a standard negative binomial distribution) include
people who opened a business in the past year (7 = 0.0917), Native Americans (7 = 0.0868), widows
(7 = 0.0769), women who adopted a child in the past year (7 = 0.0678), and men in state or federal prisons

(T = 0.0667). The remaining subpopulations have 7 values lower than 0.05.

High proportions of single-tie occurrences may indicate interesting sociological phenomena. Some subgroups,
such as occupational categories, may be unusually likely to elicit such reports because it is common for
people to know just one of their members. As discussed above, acquiescence response bias may be an
alternative mechanism driving excess ones. Cognitive interviews using “think-aloud” protocols (Willis, 2004)

can illuminate these issues by uncovering respondent strategies for answering ARD items.

The overdispersed but not segregated category comprises subgroups whose non-negligible estimates of
overdispersion (W) from the Barrier Effects Model are accompanied by high proportions of moderate (“2-4”)
reports. The Barrier Effects Model overpredicts the proportions of subjects reporting extreme acquaintanceship
volumes (“0” and “5+” reports) with these subpopulations, with the Group Prevalence Model providing a
more satisfactory fit. In addition to people with diabetes (& = 2.83), this category includes women who

gave birth in the past year, which also has an estimated overdispersion of 2.83.

Analyses focused only on the estimated parameter values from a single model risk masking heterogeneous
acquaintanceship patterns across subpopulations. For example, Zheng et al. (2006, p. 417) attribute the

low to moderate overdispersion levels of the subpopulations of people with diabetes, recent mothers, and
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dialysis patients to the fact that they “are broadly distributed geographically and through social classes.
However, despite their similar overdispersion levels, these subgroups exhibit vastly different distributions of
reported connections. Our iterative workflow, which combines visual inspections of model fit with analyses of

parameter estimates, can illuminate these nuances.

As explained above, the distributions for people with diabetes and recent mothers are overdispersed but
not segregated. By contrast, the distribution of ties to dialysis patients is segregated with excess ones (see
Supplementary Material). Given the higher prevalence of kidney diseases among older people (Levey et al.,
2015) and people’s tendency to interact with others like themselves, it seems likely that older people know
more individuals on kidney dialysis. We further hypothesized that acquiescence response bias may explain

the excess of one-acquaintance reports for this subgroup, given its rarity in the population.

The subgroup of twins (see Supplementary Material) is somewhat unusual as its low overdispersion (&g = 1.70)
is comparable to the values observed for first-name subpopulations, and its model fit behavior mirrors that of
under-selected names. In particular, while the Random Degree Model overestimates the proportions of “5+”

reports for this subpopulation, the Group Prevalence Model provides an adequate fit.

It is important to keep in mind that the results in this chapter do not necessarily hold in all data sets. In
analyses not shown here, we found that the Random Degree Model fits the distributions for the 14 names in
ARD from a survey administered between December 2014 and January 2015 as part of a special module of
the Spanish National Barometer (Lubbers et al., 2019) about as well as more complex specifications. The
LOO-CV values for the Random Degree, Group Prevalence, and Barrier Effects models using this data set
were 82173.4, 81129.5, and 80780.7, respectively. We believe that this finding stems from this survey’s strategy
for selecting first-name subpopulations for the ARD-eliciting instrument. Lubbers et al. (2019) chose names
that represent a “scaled-down” version of the population — i.e., the joint distribution over relevant traits
(age and sex, in this case) among the set of names was a small-scale representation of the Spanish population.
For example, if 10% of the entire population consisted of women aged between 35 and 55, then 10% of the
population represented by the selected names also fell within the age range of 35 to 55. McCormick et al.
(2010, pp. 66-69) demonstrate mathematically and via a simulation exercise that this condition suffices for

the Random Degree Model to yield results that resemble those of nonrandom mixing models.

Finally, although our stepwise approach to goodness-of-fit assessments allowed us to reveal novel insights into
patterns of acquaintanceship with different subgroups, researchers are often interested in employing a single
ARD model to obtain network size estimates. Here, it seems reasonable to select the model with the best

predictive accuracy (lowest LOO-CV) — of course, with the caveat that this model may not successfully
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capture the distributions of reported ties to some subgroups in the data. The One-Inflated Negative Binomial
Model yielded the lowest LOO-CV among the models analyzed. Nonetheless, because the interpretation of
its mean and variance (Equation 2.8) is not straightforward due to the inclusion of the 7 parameter, we still

recommend the Barrier Effects Model for this purpose.
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3 The Reliability of Items and Measures for Aggregate Relational

Data

3.1 Introduction

Despite their wide range of applications, ARD questions can be difficult to answer. For example, while
subjects in a focus group reported understanding the question statement relatively well, they relied on different
strategies for retrieving counts of contacts in different subpopulations from their memories (McCarty et al.,
2001, pp. 33-34). In particular, they tended to estimate the number of acquaintances in large subpopulations
and enumerate those in small ones. Reliance on these strategies can result in erroneous reports, especially in
a typical survey setting where answers are developed within short time frames. In the same study, McCarty
et al. (2001, p. 31) found that, on average, subjects spent 15 seconds on each ARD item. Therefore, in
reference to Tourangeau et al’s (2000) four-stage response process (comprehension, recall, judgment, and
response mapping), one can argue that challenges in the recall stage can lead to considerable measurement
errors in ARD items. However, the exact extent of these errors remains largely unknown. Our study seeks to

address this gap.

Failure to account for measurement error can produce biased estimates and faulty confidence intervals. Within
a regression framework, for example, measurement error in the independent variable can bias regression
coefficients, and measurement error in the dependent variable can inflate standard errors. In the context of
ARD-related research, measurement error at the item level could affect estimates of the quantities derived
from ARD models and their precision. These include acquaintanceship network size, the levels of segregation

in contact with subgroups, and the sizes of unlisted subpopulations.

Reliability studies quantify measurement error by assessing the consistency or repeatability of measurement
across occasions (Alwin, 2007). While methods for evaluating reliability in cross-sectional designs exist, such as
multitrait-multimethod matrices (Campbell and Fiske, 1959), longitudinal designs are optimal for addressing
questions of repeatability since they can more realistically assume the independence of measurement errors

(Alwin, 2021).

This chapter aims to quantify the extent of random measurement error in individual ARD items and the
network size measure obtained by combining them. To accomplish this, we will use several reliability

assessment methods and propose a new one that allows us to measure the reliability of network size.

The simplest way to assess reliability using panel data is by correlating measures of the same variable between

two occasions. These are known as test-retest designs. Unfortunately, they suffer from two significant
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shortcomings: 1) they are typically conducted within short time frames, making them susceptible to memory
effects (Rettig and Blom, 2021), and 2) they cannot separate measurement error affecting reliability from true
change in a measure (Tufis et al., 2023). The extent of change in true score refers to stability, the “persistence
of individual differences over time in some population of interest” (Alwin, 1994, p. 139). Researchers can
avoid memory effects and disentangle reliability and stability by exploiting a design with three or more
measurement occasions separated by lengthy intervals (two years are typical; see discussion below) via the

Quasi-Markov Simplex Model (QMSM, Alwin, 2007; Heise, 1969; Wiley and Wiley, 1970).

Most ARD surveys adopt a cross-sectional design, gathering data from a sample of respondents at a single
point in time. Recently, however, the Chilean Longitudinal Social Survey (ELSOC) asked the same set of
participants questions about their contacts with several subpopulations based on names, occupations, and
other attributes in 2016, 2018, and 2021. This chapter leverages this survey’s longitudinal design to examine

the reliability of individual ARD items as well as the measure of network size obtained by combining them.

We proceed as follows. We introduce the QMSM for assessing the reliability and stability of individual ARD
items, explaining this model’s logic and assumptions in Section 3.2. We then adapt this model to analyze the
reliability and stability of network size. For this, we combine a standard model for estimating network size
from ARD with the QMSM within a Bayesian hierarchical framework in Section 3.3. This model enables
us to estimate network size and its reliability and stability simultaneously. In Section 3.4, we present an
alternative reliability estimation method based on multilevel models to accommodate the count structure of
ARD items (answers to “how many Xs?” items are non-negative integers). We summarize and compare our
reliability assessment methods in Section 3.5. Next, we discuss our data and measures in Section 3.6 and our
analytical plan in Section 3.7. We report our findings in Sections 3.8 and 3.9. Lastly, we make concluding
remarks in Section 3.10. Appendix B remarks on an incidental finding of over-time growth in network size

revealed by the analysis.

3.2 Quasi-Markov Simplex Model

Reliability refers to the consistency of measures of the same construct across measurement occasions, net of
true score change and memory effects (Alwin, 2021). Classical test theory (Lord and Novick, 1968) assumes
that an observed measure of a random variable Y, call it Y, can be written as the sum of the true unobserved
(latent) score it seeks to capture, T,, and a random error term E,: Y, = T, + E,. Mathematically, reliability
(hereafter denoted by p?) is the proportion of the observed variance accounted for by the true-score variance:

p? =V(Ty)/V(Yy)-
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Two assumptions are often violated in cross-sectional designs for estimating reliability based on multiple
indicators of a concept (e.g., the coefficient of internal consistency «): 1) different indicators assess the same
underlying concept, and 2) measurement errors are independent — to the extent that respondents might be

motivated to provide consistent answers across measures (Alwin, 2007).

A longitudinal design in which the exact same indicator is measured repeatedly can help mitigate these
issues. In its simplest format, known as the test-retest design, it involves measurements on two occasions
and estimates reliability as the correlation between those measurements. However, for this estimate to
equal the proportion of the observed variance explained by the true-score variance (i.e., the reliability),
the measure’s true score is assumed to remain unchanged over time, which is implausible for many survey
measures. Test-retest designs additionally assume uncorrelated measurement errors, ruling out memory
effects. This may also be unrealistic, as the test and retest often occur within days or weeks of each other
(Rettig et al., 2023; Tufig et al., 2023). An alternative approach, known as the Quasi-Markov Simplex Model
(QMSM), can offer more adequate reliability estimates, provided that measurements are available on three or

more occasions separated by lengthy intervals (below, we define what “lengthy” means in this context).

The QMSM assumes that the true score is a linear function of its value at the previous time period — but
not earlier ones; hence its “Markovian” aspect. The exposition below considers the case involving three
measurement occasions (the one most often encountered in research, including the present study), but one

can readily adapt the model to the case involving more than three occasions.

Furthermore, the QMSM assumes that the underlying true construct is continuous. One can use the Pearson
correlation/covariance matrix to fit the model for observed variables measured on a continuous/interval scale
and the polychoric correlation/covariance matrix for those measured on a categorical/ordinal scale (Alwin,
2007, p. 129). With a categorical /ordinal variable, one estimates the reliability not of the variable itself but of
a latent continuous variable that maps onto the observed ordinal categories (Alwin, 2007, p. 135). Different
values on the latent variable translate into specific observed categories depending on whether they fall within
pre-determined thresholds. With cross-sectional data, we must arbitrarily fix the mean and variance of the
latent variable to achieve identification. With longitudinal data, however, we can estimate the mean and
variance of the latent variable by setting the thresholds relating the latent variable to its observed counterpart
to be identical across measurement occasions (Joreskog, 1994). This is the strategy that analysts typically
employ to fit the QMSM for ordinal observed variables (Alwin, 2021), so we follow it in the analyses below.
The issue of scale properties is particularly challenging for ARD items because they have a count/interval
scale (answers to “how many Xs?” items are non-negative integers). We will return to this problem in a later

section.
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Figure 3.1 represents the QMSM in a path diagram. Ovals represent unobserved variables, and rectangles

observed ones.
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Figure 3.1: Path Diagram for the Three-Wave Quasi-Markov Simplex Model

We can write the following measurement model linking the true (77,...,73) and observed (Y7, ...,Y3) scores

at each occasion of measurement:

Yi=T1+En,
Yo =15 + Eo, (3.1)
Y; =135+ Es,

where FE1,..., E3 are the measurement errors capturing the differences between true and observed scores,

assumed to be random and independent of one another across occasions. Setting the regression coefficients

for T} to 1 is necessary to fix the scale of the latent true scores (Bollen, 1989; Cernat, 2015).

With measurements separated by sufficiently large intervals, we can rule out memory of respondent’s answer
to the question on prior occasions as a plausible basis for anticipating the errors to be correlated. Alwin
(2021, p. 121) argues that two-year intervals are sufficient but perhaps not necessary to rule out memory
effects. Researchers have used the QMSM to study the reliability of items in numerous longitudinal surveys
whose waves are spaced by intervals of two or more years, including the American National Election Studies,
the Americans’ Changing Lives study, the Study of American Families, the Health and Retirement Study,
and the General Social Survey (e.g., Alwin, 2021; Hout and Hastings, 2016; Tufig et al., 2023).

A structural equation model connecting the true scores for the three occasions allows for within-individual

change across occasions. It may be written as
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Ty =27y,
Ty = PoaTh + 2o, (3:2)
T3 = P32 + Z3,

where Z;, ..., Z3 are random disturbances affecting true-score change over time. We have thus specified

simple linear regressions of T3 on T3 for t = 2, 3, with f;+_1 as the coefficients. The standardized versions

V[T

W]l] 5t,t1) yield the correlations between the true scores on two occasions.
t

of these coefficients (ﬁ;tl
They are known as stability coefficients (Heise, 1969); the closer they are to 1, the more stability in the true

score, while the closer to 0, the larger the extent of true-score change.

Throughout, we assume that the means of the measurement errors and random disturbances are zero:
E[E:] = E[Z;] = 0. As is typical in regression models, we also assume that the predictors and error
components in the measurement and structural equation models are uncorrelated: E[E,T;| = E[Z;T;—1] = 0.
Finally, assuming away memory effects implies that the measurement errors and random disturbances are

uncorrelated over time: E[E E;_1] = E[Z;Z;_1] = 0.

Next, we derive a series of equations to demonstrate the identification conditions for the QMSM. Substituting

Equation (3.2) into Equation (3.1) yields the reduced form of the measurement model:

Yl - Zl + E17
Yo = (Ba1Th + Z2) + Eo,
Y3 = (832> + Z3) + E3

= [Bs2 (B1T1 + Z2) + Z3) + Es.

We can then write the variances and covariances of the three observed variables in terms of the variances
and covariances of the true scores {T4,7T5,T5}, the errors of measurement {Fi, Fs, E5}, and the random

disturbances {Z1, Zs, Z3}:
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V(Y1) =V(Z1) + V(E) (since T1 = Z; and Cov(Zy, E;) = 0)
V(Y2) =V (BuTi + Za + E»)
= B5,V(Z1) + V(Z5) + V(E») (since Ty = Z; and Cov(T}, Zo) = Cov(T1, Es) = Cov(Zs, E5) = 0)
V(Y3) = V (Bs2f21Th + Bs2Z2 + Z3 + E3)
= B3, [B3,:V(Z1) + V(Z2)] + V(Zs) + V(E3)
Cov(Y1,Y2) = Cov(Zy + Ev, fo1Th + Zs + Es)
= (21Cov(Z1,T1) (other covariances assumed to be zero)
= B21Cov(Z1,Z;) (since Th = Z1)
= BnV(Z1)
Cov(Y1,Y3) = Cov(Z1 + E1, B32021T1 + B32Z2 + Z3 + E3)
= B32821V(Z1)
Cov(Ys,Y3) = Cov(BaTi + Za + Ea, B328a1T1 + 3222 + Z3 + E3)
= B3 B32Cov(T1, T1) + B32Cov(Za, Zo)

= B32 B V(Z1) + V(Z2)] .

Because we have six equations in eight unknowns (the variance of T equals that of Z; ), additional assumptions
must be made in order to achieve identification of all quantities in the model. However, the assumption of
independence of errors alone suffices to identify the wave-2 reliability, po (Tufig et al., 2023, p. 10). To see

this, we start with the definition of reliability:

Note that

V(Ty) = V(B21Th + Z2)

= B5\V(Z1) + V(Zy).

Substituting this expression into the equation for Cov(Ya,Y3) yields

Cov(Ya,Ys) = B2 [B3V(Z1) + V(Z2)]

= (32 V(T7).
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Hence,

V(Ty) = cov(ﬁ);z,yg)'

To solve for 35, note that

Cov(YiYa)  BauV(Z)
Cov(Y1,Y3)  B32B21V(Z1)

_ Cov(Y1,Y3)
Po = Cov(Yy,Ys)

Finally, we can use the results above to solve for ps:

V(Ty)

V(Yz)

~ Cov(Y1,Y2)Cov(Ys,Ys)
 V(Y3)Cov(Y1,Y3)

P2 =

(3.3)

We can also rewrite this expression using correlations instead of covariances:

Cor (Y1, Ys)Cor(Ys, Ys)
P2 = Cor(Y1,Ys)
Identifying the other quantities in the model requires further assumptions — in addition to the independence
of errors. Wiley and Wiley (1970) suggest assuming that the measurement error variance is constant over
time, i.e., V(Eq) = V(E2) = V(E3) = V(E;). Alternatively, Heise (1969) assumes that the reliability
pt = V(T};)/V(Y;) is constant across waves, i.e., p1 = p2 = p3. Making either the Wiley and Wiley (1970)
or the Heise (1969) assumption leads to the same equation for py (Equation (3.3)). Under the Heise (1969)

assumption, this equation holds for p; and p3 as well.

With P representing the number of measurement occasions, Alwin (2007, p. 103) notes that the degrees of
freedom in the QMSM equal 0.5[P(P + 1)] — 2P under either the Wiley and Wiley (1970) or the Heise (1969)
assumption. Hence, when P = 3, the model is just-identified (i.e., it has zero degrees of freedom), and its
assumptions cannot be relaxed. This becomes possible, however, with the degrees of freedom offered by four or
more waves. For example, Cernat et al. (2021) exploit a survey’s five-wave design to allow lag-2 relationships
between the true scores (as opposed to the Markovian lag-1 relationship assumed by the standard model)
and unequal measurement error variance over time (thus relaxing the Wiley and Wiley (1970) assumption of
constant variance). Their findings indicate that relaxing either assumption does little to improve the model

fit for the items studied, supporting the plausibility of these assumptions in the standard model.
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In brief, the QMSM can obtain a reliability estimate for a survey item while taking account of the substantial

change that such an item may undergo between measurement occasions.

3.3 Adapting the QMSM to estimate the reliability and stability of log-

transformed network size

We can use the QMSM to assess the reliability of individual ARD items measured across occasions. However,
one essential application of ARD is combining the items to estimate network size. A straightforward way
to calculate the reliability of network size involves a two-step procedure: first, we use an ARD model (such
as the Random Degree Model discussed below) to estimate network size on each occasion; then, we treat
these estimates as the observed measures in the QMSM. The problem with this approach is that it assumes
that we directly observe network size when, in fact, we estimate it from the data. As such, it pools the
estimation error from the first step with the structural error from the second step, thereby inflating the
total error component in the denominator of the reliability coefficient and biasing the reliability estimate
downward. Section 3.8.2 demonstrates this empirically. We address this issue by conceptualizing network size
as a latent variable in a measurement model within a Bayesian hierarchical framework, which allows us to
simultaneously estimate network size and its reliability and stability. By emphasizing the reliability of an
unobserved construct (here, network size), our method resembles the practice of estimating the reliability of

latent variables underlying observed ordinal variables, as discussed in Section 3.2.

Assume we have ARD from n respondents on their contacts with K subpopulations. Let y;; denote respondent
i’s number of ties to the k" subpopulation. The most basic model for estimating network size from ARD
states that y;;, follows a Poisson likelihood with rate parameter d; (i’s network size) times my, (the fraction of

the population in subgroup k) (Zheng et al., 2006):

yir, ~ Poisson(d;my,) = Poisson(exp(d; + log(myg))). (3.4)

Following Maltiel et al. (2015), we refer to this model as Random Degree Model. In the equation above,
my, equals the ratio Ny /T, where the numerator Ny is the size of subpopulation k& and the denominator
T is the entire population size; both Ny and T are obtained from official statistics data. We define the
network size parameter on the log scale (§; = log(d;)) to exploit the fact that ¢; has been to shown to be
normally distributed within various populations across the globe (including the United States (McCarty et al.,
2001), Brazil (Salganik et al., 2011), and Ukraine (Paniotto et al., 2009)). This accords with the normality

assumption that the QMSM makes about variables. ARD researchers often incorporate this information
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about §; via a prior distribution in a hierarchical model:

yir, ~ Poisson(exp(d; + log(my)))
(3.5)

8; ~ Normal(us, 03),

where the first line is the likelihood defined in Equation (3.4), and the second line is the normal prior
for log-transformed network size. Zheng et al. (2006) additionally assume non-informative uniform prior

distributions for the hyperparameters us and os, with the latter lower-bounded at zero.

In a panel design, we have a network size vector of length P (where, as before, P denotes the number of
measurement occasions) for each subject i: 8; = [0;1,...,d;p]. With my, representing the fraction of persons
in subpopulation k within the population at time period ¢,! the number of contacts that i reports in that

subgroup is modeled by

Yikt ~ Poisson(d;; + log(mygy)). (3.6)

We conceive network size as a latent variable in a model that combines the Random Degree Model with the
QMSM, hereafter referred to as Random Degree-QMSM. To accomplish this, we assume that the parameter
vector §; follows a multivariate normal distribution with the covariance matrix implied by the QMSM (shown
below). The Random Degree-QMSM allows us to simultaneously estimate network size and its reliability and

stability.

Since the Random Degree-QMSM relies on a matrix formulation, we first restate the QMSM for the three-wave

case in matrix form (Alwin, 2007, p. 104). We can rewrite Equations (3.1) and (3.2) using matrices as follows:

Yi1 1 0 Of |T; Ei

Yio 0 1 0| [Tiz| T | Ei

Yi3 0 0 1| |T; Ei3

L L L

Y, A Ti €5

Ti 0 0 0| [Ta Zi

Tio Bor 0 0| [Tia| t|Zi2|>

Ti3 0 B3 O |Ti3 Zi3
—— ————————— e~ N~

Ti B Ti i

where Y; is the vector of observed measures, 7; is the vector of true scores, €; is the vector of measurement

31As explained in Section 3.7, the empirical illustration fixes my; to its value on the first measurement occasion; this
simplification seems defensible with data spanning only five years, as in our case.
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errors, ; is the vector of random disturbances, B is the matrix of regression coeflicients relating the true

scores on two consecutive occasions, and A is the identity matrix.

Recall that, to achieve identifiability, we must assume either identical reliabilities across occasions (Heise,
1969) or equal measurement error variances (Wiley and Wiley, 1970). We identify the model under the latter
because previous research has argued it to be less restrictive than the Heise (1969) assumption (Alwin, 2007,
p. 128; Cernat, 2015, p. 435). Indeed, the Cernat et al. (2021) study referenced at the end of Section 3.2

shows that the constant measurement error variance assumption is generally reasonable.

Hence, assuming that the measurement errors (€;) have equal variances and that €; and the random

disturbances (¢;) follow multivariate normal distributions (Merkle et al., 2021), we have:

7 ~MVN |0, | 0 2 0

Ok
0 0 o%
—_——
Q
0'%1 0 0

GMVNLO L0 of, 0]

0 0 J%S

v

where €2 and ¥ are the covariance matrices of the multivariate normal distributions for 7; and ¢;, respectively.

It follows that the marginal distribution of Y; is also multivariate normal (Merkle et al., 2021):

Y,; ~ MVN(0, v,),

where 3y, is (Alwin, 2007, p. 104):

Sy, =A(I-B) oI -BT) AT + Q.

The parameter vector for log-transformed network size (4;) is the outcome Y; in the Random Degree-QMSM.
In other words, we conceptualize 9; as a normally distributed latent variable, with a true construct underlying

it — similar to the latent variable in the QMSM for ordinal observed variables.

Because d; is a vector, we assign a multivariate normal distribution to it, with covariance matrix 3g,

constructed similarly to ¥y, in the exposition above: X5, = A(I-B) 1¥(I—-BT)"1AT + Q. Note that since
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my: is a known quantity in Equation (3.6), we estimate the mean vector [us1, ps2, s3] for the distribution of

4; from the data, obviating the need to fix it at 0.

Therefore, the Random Degree-QMSM has the following hierarchical structure:

Yikt ~ Poisson(d;; + log(my))

i1 Hs1
0; = |60 ~MVN | |pusa| »Zs: |
di3 K3
with non-informative prior distributions for the hyperparameters. In particular, following Merkle et al. (2021),
we assume normal priors for the regression coefficients in matrix B and gamma priors for the standard
deviation parameters in the covariance matrices 2 and W, thereby constraining the variances to be greater
than zero. In Equation (3.7), the Poisson likelihood allows us to estimate network size from ARD; the

covariance matrix 35, contains the parameters required to assess the reliability and stability of the unobserved

network size measure.

In short, we can use the Random Degree-QMSM to simultaneously estimate network size and its reliability
and stability. As such, the model accounts for estimation error, which would be pooled with the structural
error in the QMSM if we employed a two-step procedure that first fits the standard Random Degree Model

to estimate network size on each occasion and then uses these point estimates to fit the QMSM.

For simplicity, we have modeled ARD using a basic Random Degree Model that assumes that subjects have
equal propensities to form ties to subpopulations. More sophisticated models can relax this assumption,
allowing individual-level variations in propensities to know members of different subgroups, which are known
as barrier effects (DiPrete et al., 2011; McCormick et al., 2013; Salganik et al., 2011; Zheng et al., 2006). We
can readily adapt the proposed model to accommodate barrier effects by changing the likelihood component
(the first line of Equation (3.7)) to, for example, a negative binomial (Zheng et al., 2006) or beta-binomial
(Maltiel et al., 2015) distribution.

3.4 Multilevel models for estimating the reliability of individual ARD items

As explained in Section 3.2, the QMSM can accommodate continuous and ordinal observed variables, assuming
that the true construct is continuous. For ordinal observed variables, we estimate the reliability and stability

of an underlying latent variable whose values map onto the observed ordinal categories.

ARD items, however, have a count/interval scale (answers to “how many Xs?” items are non-negative
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integers). Unfortunately, no established way exists to model the measurement error of count variables within
a structural equation modeling framework.3? Hence, to estimate the reliability of count variables, we now
turn to an alternative approach based on the intraclass correlation coefficients (ICC) from multilevel models
(Gelman and Hill, 2007). We first consider the case involving continuous variables to introduce the model’s
logic and mechanics. We then accommodate count data by repurposing the ICC for multilevel count models

(Leckie et al., 2020) as a measure of reliability.

Note that we emphasize the application of multilevel models for estimating the reliability of individual ARD
items. While one could adopt a two-step procedure for measuring the reliability of network size (by first
estimating network size from an ARD model and then using these estimates in Model (3.8) below), the

empirical illustration employs the simultaneous approach enabled by the Random Degree-QMSM.

3.4.1 Continuous case

Drawing on the psychometric literature’s long-standing practice of using the ICC to measure reliability
(McGraw and Wong, 1996; Shrout and Fleiss, 1979), Hout and Hastings (2016) propose a multilevel modeling
approach as an alternative to the QMSM. They employ it to assess the reliability of survey items in the
2006-2014 General Social Survey panel studies, whose waves were spaced by two-year intervals. The authors
introduce the following multilevel model for a continuous outcome y;; observed for respondent ¢ at time
period t:

yir ~ Normal(ay; + ¢, 02)

(3.8)

a; ~ Normal(pig, 02),
where the «; is a subject-specific intercept capturing individual random effects, and 7; represents time fixed
effects (estimated via time dummy variables). y;; is assumed to follow a normal distribution with mean
a; + v+ and variance 0‘5 representing the within-person variance. The individual random effects «; follow a
normal distribution with mean p, and variance o2 reflecting the between-person variance. That is, «; is
constant across occasions, meaning that the multilevel model cannot accommodate individual-level change in

the true score — an issue we will revisit shortly.

In the multilevel modeling conception of reliability, the “true” variance among respondents is estimated by
o2. Reliability thus equals the ratio of o2 to the total variance, with the latter equal to the sum of the

within-person and between-person variances (Uz +02) — after controlling for time fixed effects. This quantity

320sthus et al. (2021) propose a log-normally distributed latent variable underlying the count observed variable. Values on
this latent variable map onto the observed counts according to pre-determined thresholds, similar to the method used for ordinal
observed variables. While this approach shows some promise as a way to assess the measurement error of count variables within
a structural equation modeling framework, we have yet to see its application in such a context.
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is called the ICC:
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The numerator of the ICC (i.e., the variance of the individual random effects, 02) is equivalent to the
covariance between the outcomes observed for the same individual on two separate occasions: Cov(y;t, yit/).?’?’
If Cov(yit,yirs) equals zero, observations for the same individual are no more similar to each other than
observations between individuals, implying an absence of between-individual variation. If, by contrast,
Cov(yit, yirs) equals the total variance, resulting in an ICC of 1, observations for the same individual
are perfectly correlated, and no within-individual variation exists (Pagel et al., 2011). In other words,
ICCcontinuous captures the proportion of the total variance in the outcome explained by the variation between
individuals, adjusting for time effects. With the latter treated as fixed, ICCcontinuous gives the consistency of
measures across occasions (McGraw and Wong, 1996). Consistency assesses whether measures are correlated
in an additive manner (Koo and Li, 2016).3* Hence, we can view the multilevel modeling approach as an
extension of the test-retest design for associations involving more than two measurement occasions. As such,

it makes no allowance for change in the true score — apart from wave-specific period effects — as the QMSM

does (Kiley and Vaisey, 2020; Tufig et al., 2023).3°

3.4.2 Accommodating count data

We now accommodate count data using multilevel generalized linear models (Gelman and Hill, 2007, Ch. 15).
We will start with a Poisson specification assuming equidispersion (i.e., a distribution where the mean and
variance are equal). Later, we will relax this assumption by allowing for overdispersion (variance greater than
the mean) in a negative binomial model. While our analyses in the empirical section present only the results
from the negative binomial model, this model is best understood in light of the basic Poisson specification

from which it originates.

33To see this, consider Cov(y;¢,yst/) for the case with no time fixed effects: Cov(yit, yit/) = Cov(a; + €54,y + €5¢1), where
€;¢+ and €;;, are the error terms for observations on occasions t and t/. Using the properties of the covariance, we have
Cov(ay + €t, ai + €it/) = Cov(ai, ;) + Cov(ay, €it/) + Cov(ay, €;¢) + Cov(€st, €i¢). Assuming that the individual random effects
are uncorrelated with the the error terms (Cov(ay, €;:) = Cov(ay, €i1/) = 0) and that the error terms for different occasions are
uncorrelated with each other (Cov(e;t, €;t/) = 0), this expression reduces to Cov(ay, a;) = V(a;) = 2. The interpretation is
equivalent when time fixed effects are present, except that we should now account for the fact that we are controlling for these
effects.

34If we treated the time effects as random, the resulting ICC would instead evaluate the extent to which measures across
occasions are identical, yielding an estimate of absolute agreement (Koo and Li, 2016).

35Although the assumption of no individual-level change in the true score might initially seem unrealistic, the stability results
in Section 3.9 suggest that it may not be overly problematic for the individual ARD items in our data set and the network size
measure derived from them. This is because both the items and the network size measure exhibit high stability, and research
shows that reliability assessment methods based on the constant true score assumption yield estimates similar to those from the
QMSM for highly stable measures (Tufig et al., 2023).
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3.4.2.1 Poisson Model Assume we have a count outcome y;; observed for respondent i at time period ¢.
As before, we control for time fixed effects, leading to the following hierarchical model for a Poisson-distributed

outcome (Gelman and Hill, 2007; Leckie et al., 2020):

yit ~ Poisson(Air = exp(a; + )

a; ~ Normal(pig,02),

where, as in the continuous case, a; and ~; are the individual random effects and time fixed effects, respectively.
At is the rate parameter of the Poisson likelihood, modeled as exp(a; + 7¢). Note that a; + v; is also the

mean of the normally distributed outcome in the continuous case.

Obtaining the ICC for this model is not straightforward because the variance of the individual random effects,
o2, does not equal the covariance between the outcomes observed for the same individual on two separate
occasions, as in the continuous case (see the discussion in the last paragraph of the previous section). Leckie et
al. (2020, p. 5) demonstrate that, for the Poisson model, the covariance between the count outcomes observed
for the same individual at two time periods is given by Cov(yi, yit/) = (Elyie|ve])? [exp(c2) — 1]. In this
expression, o2 is the variance of the individual random effects, and E[y;;|y¢] is the mean of y;; conditioned on
the time fixed effects only, with the individual random effects integrated out: E[y;|v:] = exp(pa + 71 + 02 /2).
The authors also show that the total variance in the counts (again, controlling for the time fixed effects)
equals E[y|ve] + (Elyie|ve])? lexp(c2) — 1]. The ratio of these quantities yields the proportion of the total
variance accounted for by the covariance between the outcomes observed for the same individual on two
separate occasions. This is exactly the definition of the ICC introduced in the previous section. Therefore,

we have the following expression for the ICC under the multilevel Poisson model:

(]E[yithtDQ [eXp(U?x) - 1]

ICCPoisson,t = 2 2 :
Elyit|ve] + (Elyie|ve])” [exp(oZ) — 1]

(3.9)

Since the interpretation of ICCpgisson,: is equivalent to that of ICCcontinuous, We may use it as a measure of
reliability for count variables. Note, however, that the dependence of ICCpgisson,t 0N the time fixed effects
through the term E[y;:|v:] implies that we will have P estimated ICC values, where P is the number of time
periods. The empirical section summarizes ICCpojisson,+ as the average of these values, following Leckie et al’s
(2020, p. 9) strategy for addressing the fact that the ICC under multilevel count models depends on covariate

values.36

36In our case, we only have P ICCs because we are controlling solely for the time fixed effects. Generally, however, the model
will yield a distinct ICC for each unit based on its unique combination of covariate values.
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3.4.2.2 Negative Binomial Model As mentioned above, the Poisson distribution assumes that the
mean and variance of the counts are equal. Violations of this assumption happen frequently and usually
indicate the presence of overdispersion (variance greater than the mean). We accommodate overdispersion
by augmenting the Poisson model with an overdispersion random effect, which is a separate quantity from
the individual random effects. We will call it e;;, assuming that its exponentiated form (g;; = exp(eit))
is Gamma-distributed with shape and scale parameters 1/6 and 6, respectively. This implies a mean of 1
and variance 6 for the distribution of g;;. The higher the 0, the greater the overdispersion; when # = 0, no
overdispersion exists, and the model reduces to the Poisson specification. The foregoing implies a hierarchical

model of the form:

yiz ~ Poisson(\;z = exp(a; + v¢) exp(e;t))
ﬁ,_/w_/
it git

a; ~ Normal(pig, 02)

git ~ Gamma(1/6,0),

where ¢;; = exp(a; + ¢) for simplicity. We can write the model in the negative binomial form by integrating
gi out (StataCorp, 2023):
Yit ~ NegBin(r = 1/0, pix = 1/(1 + 0¢s1))

(3.10)

; ~ Normal(ia, 02),

where r and p;; are the number of successes and the probability of success of a negative binomial distribution,

respectively.

Leckie et al. (2020) derive the ICC for the negative binomial model, finding that whereas its numerator is

identical to that for its counterpart under the Poisson model, the denominator now involves the parameter 6:

(Elyielve])® [exp(o2) — 1]

ICCNegBin,t = 5 .
Elyit|ve] + (Elyit|])” [exp(e) (1 + 6) — 1]

(3.11)

The interpretation of ICCnegBin,+ is similar to that of ICCpoisson,¢; that is, it represents the proportion of
the total variance in the counts explained by the between-person variance, controlling for time fixed effects.
As with ICCpoisson,t, ICCnegBin,: is a function of the time fixed effects, so we have P different ICC values;
again, we summarize ICCnegnin,: @s the average of these. Note that because it omits the overdispersion
parameter 6 from the denominator, ICCpoisson,t OVerestimates the reliability — this is especially true for

highly overdispersed count measures (i.e., those with high 6). Therefore, the empirical section only presents
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the ICC estimates under the negative binomial model.

3.5 Comparison of reliability estimation methods

Table 3.1 summarizes the properties and assumptions of the two reliability estimation methods considered in

this chapter — the QMSM and multilevel models.

Model Properties/Assumptions

QMSM o Underlying true construct is continuous

¢ Accommodates true score change by assuming
a lag-1 relationship between true scores across oc-
casions

e Can be used to estimate the reliability and
stability of individual items. It can also be adapted
to estimate network size simultaneously with its
reliability and stability (via the Random Degree-
QMSM)

o Cannot accommodate count observed variables

Multilevel o Reliability equals the intraclass correlation
coefficient
e Only allows for wave-specific period effects on
the true score; does not allow for individual-level
changes in the true score
e Can be used to estimate the reliability of network
size only through a two-step procedure (by first
estimating network size from an ARD model and
then using these estimates in a multilevel model)

¢ Can accommodate count observed variables

Table 3.1: Comparison of Reliability Estimation Methods

The QMSM can accommodate continuous and ordinal observed variables by assuming a continuous underlying

true construct. It allows for individual-level changes in the true score by postulating a lag-1 relationship
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between true scores across occasions. We adapted this model to estimate network size simultaneously with
its reliability and stability, overcoming the need for a two-step approach that first estimates network size
using an ARD model and then uses these estimates in the QMSM. We called the adapted model Random
Degree-QMSM. A drawback of the QMSM is its inability to accommodate count observed variables. This

requires us to treat ARD items as either continuous or ordinal, as explained in Section 3.7 below.

Multilevel models use the intraclass correlation coefficient (ICC) to measure reliability. The ICC gives the
proportion of the observed variance in an outcome accounted for by the between-individual variance. These
models cannot accommodate individual-level changes in the true score since they allow only for wave-specific
period effects. However, they have the advantage of accommodating the count structure of ARD items,
something the QMSM cannot offer. Although we could employ a multilevel modeling approach to measure
the reliability of network size through a two-step process — first estimating network size from an ARD model
and then using these estimates in Model (3.8) — this would overlook the estimation error in network size.
Hence, we choose the Random Degree-QMSM to estimate the reliability of network size in our empirical

illustration.

3.6 Data and measures

We use data from the Chilean Longitudinal Social Survey (ELSOC), a panel study conducted by the Centre
for Social Conflict and Cohesion Studies (COES) following a sample of adults in Chile. Except for the
pandemic year 2020, COES has collected data every year since 2016; it employed a multistage probability
design to select the sample for the first wave. It began with a random sample of Chilean cities, followed by a
random sample of urban blocks from these cities. Next, a random sample of households was selected from
each block, and finally, one individual over eighteen years old was randomly chosen from each household.
The first wave had a response rate of 62.4%, resulting in a sample of 2,927 individuals. The COES collected
data via face-to-face interviews in 2016 and 2018 but shifted to a telephone mode in 2021 because of the

logistical challenges imposed by the COVID-19 pandemic.

In 2016, 2018, and 2021, the survey included ARD items about contact with 25 subpopulations based on
occupations, first names, and other attributes. Of the original sample, 2,229 people were reinterviewed in
2018 (76%); of these, 1,739 also appeared in the 2021 wave. To assess the reliability of an individual item, we
only consider subjects who provided valid responses to that item across all waves.?” The samples of complete

cases (i.e., balanced panels) for different ARD items include between 1,505 and 1,616 subjects (i.e., between

3TWhile listwise deletion is a standard approach to handling missing data for the Quasi-Markov Simplex Model (Alwin, 2007;
Hout and Hastings, 2016), Alwin (2021) discusses alternative strategies, such as full-information maximum-likelihood (FIML).
Based on extensive analyses of numerous data sets, the author (Alwin, 2021, p. 130) concluded that “estimates based on listwise
and FIML approaches yield sufficiently similar estimates to alleviate any concerns about substantial differences.”
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4,515 and 4,848 person-year units), representing 51-55% of the original sample. As shown in Table 3.2 (we
offer an in-depth discussion of this table in Section 3.8), all items about occupations and names have more
than 1,600 subjects with complete data. The only items with samples of complete cases smaller than 1,600
are those about unemployed individuals (1,596) and members of different political parties — Communist
Party (1,537), Christian Democratic Party (1,515), and Independent Democratic Union Party (1,505). For
analyses of the log-transformed network size measure, we further restrict the sample to the 1,425 individuals

with balanced data on all ARD items.

To elicit ARD, the interviewer asked respondents, “Now I will ask you about some of your acquaintances. It
doesn’t matter if they are close to you (family or friends) or not. A person is your acquaintance if you at
least know their first name, and if you could chat with them if you met on the street or at a shopping mall.
Thinking only of people living in Chile, can you tell me, based on the following card and even approximately,
how many people you know are ...7” This question was asked separately for each subpopulation. For 2016
and 2018, it measured the number of ties to subgroups using an ordinal structure with categories representing
ranges of counts: 0, 1, 2-4, 5-7, 8-10, 11-15, and 16+. For the 2021 wave, however, owing to the shift in survey
mode from face-to-face to telephone, the COES used an open-ended count response format, subsequently
recoding the responses to maintain continuity with the previous waves. We recognize this as a significant
limitation of the data. Ideally, items would have been replicated exactly across waves, with information
collected via identical survey modes and response formats (Alwin, 2021). We believe this shortcoming neither
diminishes the value of this survey — the only one available that includes longitudinal ARD — nor that of
our study, the first to use such data to provide insights into the reliability and stability of ARD items and

the network size measure obtained by combining them.

3.7 Analytical plan

We measure the reliability of the individual items using three different approaches, with the first two
representing variants of the QMSM. The first (Ordinal-QMSM) treats the items as ordinal; it assesses the
reliability of the latent variables underlying the observed variables by specifying that the thresholds connecting
the two are identical across occasions (Alwin, 2021; Joreskog, 1994). The second (Continuous-QMSM) recodes
the categories in the closed-ended format (0, 1, 2-4, 5-7, 8-10, 11-15, and 16+) to the values 0, 1, 3, 6, 9, 13,
and 16, respectively, and treats the items as continuous. It thereby assesses the reliability of the outcome itself.
The Ordinal-QMSM seems the superior alternative for our study since QMSM research recommends treating
variables with fewer than ten categories as ordinal (e.g., Alwin, 2021; Tufig et al., 2023). We nonetheless

report the results under both the ordinal and continuous approaches as a robustness check on our findings.
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Additionally, we impose the Wiley and Wiley (1970) assumption of constant measurement error variance to
identify the model, which is arguably less restrictive than the Heise (1969) assumption of identical cross-wave
reliability (Alwin, 2007, p. 128; Cernat, 2015, p. 435). We present the wave-2 reliability because, as explained
in Section 3.2, identifying the wave-2 reliability requires only the independence of errors assumption. Recall
that the wave-2 reliability estimate under the Wiley and Wiley (1970) assumption equals the reliability

estimate under the Heise (1969) assumption.®®

The third approach (Multilevel-NegBin) measures reliability as the ICC (Equation (3.11)) using the multilevel
negative binomial model in Equation (3.10). It adapts the likelihood component of the model (i.e., the
negative binomial distribution for the counts) to accommodate the ordinal structure of the ELSOC data by
partitioning the likelihood for each response category (for details, see Appendix A and Baum and Marsden
(2023)). The multilevel modeling approach provides the most rigorous method of accounting for the ELSOC
data structure; similar to test-retest designs, however, it cannot separate measurement error from true change
(per the discussion in Section 3.4.1). Fortunately, as Section 3.9 will show later, the individual ARD items and
the network size measure derived from them are highly stable, alleviating concerns about the implausibility

of the constant true score assumption for our specific research problem.

We also partition the likelihood to accommodate the ELSOC ARD structure when fitting the Random
Degree-QMSM (Equation (3.7)). We further fix my; in Equation (3.7) to its 2016 value, assuming that the
subgroup proportions did not change substantially in the five years separating the first and third waves of the

survey.>?

We fit the QMSM via the maximum likelihood estimation (MLE) procedure in lavaan, a structural equation
modeling package for the programming language R (Rosseel, 2012). Several researchers have noted that
the QMSM fit via MLE occasionally estimates the variances of the random disturbances to be less than
zero, leading the stability coefficients to exceed the theoretical upper limit of 1 (e.g., Coenders et al., 1999;
Jagodzinski et al., 1987). Different solutions to this problem exist. For example, Tufis et al. (2023, p. 14)
top-code stability values between 1 and 1.15 to 1, removing from analyses those exceeding 1.15. Cernat

(2015, p. 443) adopts a Bayesian estimation framework that constrains the variances to be greater than

38We found that the reliabilities increase over time for most ELSOC items. Using the Ordinal-QMSM approach, for example,
the average wave-1 reliability across the 25 items is 0.46, the average wave-2 reliability is 0.51, and the average wave-3 reliability
is 0.59. Cernat (2015) attributes growth in reliability over time to panel conditioning, a phenomenon where repeated exposure
to survey items causes subjects to adapt their response strategies (e.g., Jagodzinski et al., 1987; Sturgis et al., 2009; Warren and
Halpern-Manners, 2012)

39Using data from the National Employment Survey conducted by the National Statistics Institute of Chile, we found that
the proportions for the occupations remained essentially unchanged from 2016 to 2018. We could not locate data on the 2021
proportions. We note, however, that the sizes of a few subpopulations might have changed considerably during the time between
survey waves. For example, the immigrant population in Chile nearly doubled from 2017 to 2020 due to the massive influx
of Venezuelan and Haitian immigrants (Davis Jr., 2023; Dofia-Reveco, 2022). The statistics data on the sizes of the ELSOC
subpopulations in 2016 were provided by one of the authors of Contreras et al. (2019).
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zero by assuming that they have prior probability distributions with non-negative support (e.g., a gamma
distribution for the standard deviation parameters). The R package blavaan can fit structural equation
models under a Bayesian framework (Merkle et al., 2021). However, the technical challenges that arise for
ordinal variables when using Bayesian estimation (see the concluding segment of Merkle et al. (2021)) made
the computation time required to fit the Ordinal-QMSM for each of the 25 items prohibitive. Therefore, we
present the reliability results obtained via MLE for the two versions of the QMSM in Section 3.8. Following
that, we present the stability results obtained via Bayesian estimation for the Continuous-QMSM in Section
3.9. It is important to note, however, that the key results in our study have proved robust across different

models and estimation strategies.

We fit the multilevel negative binomial model (Equation (3.10)) and the Random Degree-QMSM (Equation
(3.7)) within a Bayesian hierarchical framework in the probabilistic programming language Stan (Carpenter
et al., 2017). The estimates presented for these models are the means of the posterior distributions generated

by Stan’s Hamiltonian Monte Carlo procedures.

We conducted all subsequent analyses in R. As usual in reliability assessments (e.g., Cernat et al., 2021;
Cernat, 2015), we do not seek to generalize our results to the population, so we omit sample weights from

our analyses.

3.8 Reliability results

We begin by summarizing our key reliability results, which we will discuss in greater depth in subsequent
sections. Table 3.2 displays the estimates for the individual ARD items in the ELSOC using different methods
(wave-2 reliability estimates are presented for the two versions of the QMSM), the fractions of the subgroups
within the Chilean population in 2016, the International Socio-Economic Index (ISEI) scores (Ganzeboom
and Treiman, 2003) for the thirteen occupational groups, and the number of complete observations for each
item (as discussed in Section 3.6). We will present the reliability estimates for the network size measure
separately in Section 3.8.2. As explained in Section 3.7, in order to estimate the reliability of network size,

we assume that my; in Equation (3.7) is constant over time, fixing it to its 2016 value.
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Table 3.2: Reliability Estimates, Subgroup Proportions, and ISEI Scores for the ELSOC ARD

QMSM QMSM Multilevel 2016
Subgroup/Network Size ISEI  # Obs.
Ordinal  Continuous NegBin Proportion

Occupations
Professor 0.635 0.525 0.489 0.0023 7 1606
Lawyer 0.562 0.508 0.588 0.0017 85 1606
CEO 0.534 0.403 0.474 0.0017 70 1605
Secretary 0.519 0.412 0.478 0.0133 53 1606
Accountant 0.501 0.437 0.548 0.0062 69 1609
Doctor 0.487 0.444 0.495 0.0014 88 1606
Car Mechanic 0.474 0.413 0.476 0.0055 34 1609
Waiter/Waitress 0.462 0.414 0.355 0.0048 34 1608
Kindergarten Teacher 0.451 0.492 0.461 0.0037 43 1607
Store Salesperson 0.439 0.466 0.317 0.0288 43 1605
Street Vendor 0.391 0.310 0.371 0.0070 29 1605
Taxi Driver 0.387 0.347 0.409 0.0095 30 1607
Office Cleaner 0.378 0.324 0.361 0.0138 16 1604
Mean Reliability 0.479 0.423 0.448

Names
Ignacio 0.556 0.412 0.463 0.0034 1614
Hernan 0.550 0.371 0.414 0.0022 1614
Ximena 0.492 0.373 0.385 0.0022 1612
Viviana 0.487 0.357 0.369 0.0022 1613
Mean Reliability 0.521 0.378 0.408

Other subgroups
Immigrant 0.648 0.431 0.351 0.0071 1610
Mapuche 0.637 0.557 0.485 0.0757 1607
Catholic Priest 0.603 0.395 0.555 0.0002 1616
Communist Party Member 0.602 0.453 0.310 0.0029 1537
Christian Democratic Party Member 0.579 0.387 0.298 0.0018 1515
Independent Democratic Union Party Member 0.568 0.376 0.263 0.0023 1505
Gay/Lesbian 0.541 0.435 0.565 0.0083 1608
Unemployed 0.340 0.293 0.314 0.0347 1596
Mean Reliability 0.565 0.416 0.392

Overall Mean Reliability 0.513 0.413 0.424

In estimating the Ordinal-QMSM reliability for the names Viviana and Hernan, we collapse the "11-15" and "16+" categories
because one of these categories had no observations for one of the waves in the data. A marginal frequency of zero in the

contingency table prevents the successful estimation of the polychoric correlations used for fitting the model.
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Following the standard practice in the reliability literature (Alwin, 2007), we present reliability estimates
under different models in Table 3.2 to evaluate the robustness of our main results across different model
assumptions and data treatments (see Table 3.1 for a summary of the comparisons of our reliability estimation
methods). Nonetheless, each model estimates a different quantity as a measure of reliability, so absolute
comparisons of their estimates may be unwarranted. The Ordinal-QMSM estimates the reliability of a
latent continuous variable underlying the observed ordinal categories. The Continuous-QMSM estimates the
reliability of an observed continuous variable. Finally, the Multilevel-NegBin model measures reliability as

the proportion of the total variance in the counts accounted for the between-individual variance.

None of the models obtains reliability estimates above the conventional 0.70 threshold of adequacy (Nunnally,
1978); the mean reliability values under the Ordinal-QMSM, the Continuous-QMSM, and the Multilevel-
NegBin model are 0.513, 0.413, and 0.424, respectively. The higher average under the ordinal version of the
QMSM relative to its continuous counterpart echoes a standard finding in the reliability literature (Alwin,
2021; Tufis et al., 2023). The reliability of log-transformed network size (d;) under the Random Degree-QMSM,
0.589 (see Table 3.5 below), is higher than the mean reliability values for individual items under different

models but still below the adequacy threshold.

For the occupational items, all models yield higher reliability estimates for items about low-proportion/high-
ISEI occupations, such as professors and lawyers, and lower estimates for items about high-proportion/low-ISEI
occupations, such as taxi drivers and office cleaners. For the name subgroups, all models indicate the item
about Ignacios as the most reliable and the one about Vivianas as the least reliable. Finally, for subpopulations
based on other attributes, all models suggest that the item about the Mapuche (an Indigenous group in Chile)

is one of the most reliable, while the item about unemployed individuals is one of the least reliable.

The following sections interpret the findings above in light of the ARD and reliability literatures, as well as

broader sociological concepts.

3.8.1 Potential correlates of the reliability of individual ARD items

Based on the limited literature on the cognitive processes underlying responses to ARD items, subgroup
proportion is perhaps the first subgroup characteristic that emerges as a potential correlate of the reliability
of these items. Interviewing participants in focus groups, McCarty et al. (2001, p. 34) found that respondents
tended to estimate the number of acquaintances they had in large subpopulations, such as Native Americans
and people named Michael, and enumerate those in small ones, such as gun dealers. Killworth et al. (2003, p.
152) later argued that the estimation strategy underlying responses to ARD items about large subgroups

may lead to underreporting. To explain this pattern, they proposed a formal cognitive model that relates the
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expected and actual number of acquaintances known in a subgroup via a square root power law. According
to this model (Killworth et al., 2003, p. 55), for example, if the actual number known is 7, the expected

number reported is 3; if the actual number known is 12, the expected number reported is 4.

These studies have cemented the idea that reports about small subpopulations are less prone to measurement
error (Zheng et al., 2006), leading us to expect that items about contact with these subgroups are more reliable
than those about large subgroups. We estimate the Spearman correlation between subgroup proportion and
reliability to explore this conjecture. This allows us to determine if items about the smallest subgroups are

the least reliable. Table 3.3 presents the results across all items and broken down by subgroup type.

Table 3.3: Spearman Correlations Between Reliability Estimates Under Different Models and Subgroup
Proportions

Subgroup Type Ordinal-QMSM Continuous-QMSM  Multilevel-NegBin

Occupation —0.637 —0.445 —0.577
Name 0.200 0.400 0.200
Other subpop. —0.095 0.333 0.310
Overall —0.373 —0.025 —0.208

Although the overall correlation is negative across all models, analyses by subgroup type suggest that this
negative correlation is primarily driven by the occupational items. For names and subgroups based on other
attributes, the models yield correlations that are either positive or negligible. Indeed, some patterns contrast
sharply with our expectation that subgroup proportion and reliability should be negatively correlated. For
example, while Ignacio is the most common name in the data, all models indicate that its corresponding
ARD item has the highest reliability among names. Additionally, the models suggest that the item about the
Mapuche is one of the most reliable among subpopulations based on other attributes despite this being the

largest subgroup in the data, representing over 7% of the Chilean population in 2016.

The results in Table 3.3 prompted us to investigate why we observe a negative correlation between subgroup
proportion and reliability for occupational items but not for other subgroup types. We conjectured that
an alternative occupational attribute may confound the association between proportion and reliability. In
addition to its relative size in the population, another prominent feature of an occupational category is its
socio-economic status or prestige. Therefore, we decided to study the relationship between this occupational
dimension and reliability. Many metrics exist to capture an occupation’s status or prestige, such as the

Standard International Occupational Prestige Score (SIOPS, Treiman, 1977), the Sixma-Ultee (S&U) prestige
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(Sixma and Ultee, 1984) score, and the International Socio-Economic Index (ISEI) score (Ganzeboom and
Treiman, 2003); we use the the latter in our analysis because of its widespread application in studies around

the globe, including a recent one that also analyzed the ELSOC (Contreras et al., 2019).

We approached the analysis without strong expectations about the association between occupational status
and reliability. However, sociological theory on the social prominence of members of high-status groups
suggests that ties to these individuals are typically assigned a greater value in everyday interactions than
relationships with members of low-status groups. According to expectation states theory (Berger et al., 1972),
status characteristics influence social dynamics by granting individuals with high status greater authority in
shaping the outcomes of social interactions. This theory can help us understand why Laumann (1966) found
that subjects of all social classes felt more socially close (as measured by their willingness to have individuals
in particular occupations as relatives, close friends, neighbors, etc.) to those in high-status occupations (e.g.,
physicians, professors, and top executives) than to those in low-status occupations (e.g., construction workers,
janitors, and street sweepers). A preference for interacting with people of high social status may make ties
to high-status occupations more memorable to respondents or encourage them to consider these ties more
carefully, thereby reducing measurement errors in reports about these occupations. Hence, if there is any

association between occupational status and reliability, we would expect it to be positive.

To assess the effects of subgroup proportion and ISEI score on the reliability of occupational items, we fitted
regression models with the standardized reliability rank (i.e., the z-scores for the ranks) as the response
variable, and the standardized subgroup proportion rank and standardized ISEI score rank as explanatory
variables. We use the standardized ranks to ensure comparability with the Spearman correlations in Table
3.3. We restrict the analyses presented here to the reliability estimates from the Ordinal-QMSM, but similar

conclusions hold when using estimates from the other models.

The first column of Table 3.4 shows the results from the simple linear regression of the standardized reliability
rank on the standardized subgroup proportion rank — note that the regression coefficient equals the Spearman
correlation in Table 3.3. The second column shows the results from the multiple linear regression of the

standardized reliability rank on the standardized ranks for subgroup proportion and ISEI score.

When controlling for the standardized ISEI score rank, the association between the standardized subgroup
proportion rank and the standardized reliability rank becomes statistically insignificant. In contrast, the
relationship between the standardized ISEI score rank and the standardized reliability rank is significantly
positive. These results suggest that the hypothesis above about the association between the social prominence

of high-status groups and the quality of reports on contact with them may have some merit.
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Table 3.4: Regressions of Standardized Reliability Rank (Based on Ordinal-QMSM Estimates) on Standardized
Subgroup Proportion Rank and Standardized ISEI Score Rank for Occupations

Standardized Reliability Rank

Standardized Subgroup Proportion Rank  —0.637** —0.066
(0.232) (0.232)
Standardized ISEI Score Rank 0.808***
(0.232)

R? 0.406 0.731

*p<0.1; *p<0.05; **p<0.01

Status differences may also help explain why the item about Ignacios is the most reliable among names
despite this subgroup being the most common name in the data set. The item about the other male name,
Hernan, is ranked the second most reliable under the Ordinal-QMSM and Multilevel-NegBin models. While it
ranks third under the Continuous-QMSM, its estimate of 0.371 is nearly identical to that for the item about
Ximenas (0.373). Both are surpassed by the item about Ignacios, which has an estimate of 0.412 under this
model. Additionally, all models indicate that the item about Vivianas is the least reliable among name items.
From the lens of expectation states theory, Ridgeway (2001) posits that status beliefs attributing greater
social significance to men over women heighten men’s visibility in everyday interactions to the detriment of
women. This increased valuation of ties to men may result in respondents providing more reliable reports

about contacts with male names.

Without additional understanding of the cognitive processes individuals undergo when responding to ARD
items — insights that could be obtained through, for example, cognitive interviews based on “think-aloud”
protocols (Willis, 2004) — our discussion of the potential influence of status on recall patterns remains largely
speculative. Indeed, other subgroup characteristics may be associated with reliability. For example, recall
that, among subgroups based on other attributes, all models indicate that the item about the Mapuche (an
Indigenous group in Chile) is one of the most reliable, whereas the item about unemployed individuals is
one of the least reliable. This is noteworthy because the Mapuche and the subpopulation of unemployed
individuals are the two largest subgroups in the data, representing 7.6% and 3.5% of the Chilean population,
respectively. We may attribute this finding to transmission errors affecting respondents’ awareness of the
membership status of their contacts within subgroups (Feehan et al., 2016; Killworth et al., 2003; McCarty
et al., 2001; McCormick et al., 2013). In particular, respondents may be more readily aware of visually
noticeable traits of their acquaintances, such as ethnicity, compared to more fluid characteristics like current

employment status. This increased awareness can enhance the reliability of reports on contact with certain
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subpopulations, such as the Mapuche.

3.8.2 Reliability of log-transformed network size

Next, we evaluate the reliability of log-transformed network size (§;). Table 3.5 shows the estimates across
waves based on the Random Degree-QMSM (Equation 3.7) and the two-step approach, which involves first
using the Random Degree Model (Equation 3.5) to estimate network size for each wave and then using these

estimates in the QMSM to assess reliability.

Table 3.5: Comparing the Reliability Estimates of Log-Transformed Network Size under the Random
Degree-QMSM and the Two-Step Approach

Random Degree

Wave Two-Step
QMSM
1 0.613 0.517
2 0.589 0.501
3 0.596 0.501

The reliability estimates obtained using the Random Degree-QMSM are higher than their counterparts under
the two-step approach. This discrepancy arises because the latter cannot separate the estimation error from
the first step and the structural error from the second. As the errors are pooled, the total error component in

the denominator of the reliability coefficient increases, leading to a lower reliability estimate.

The wave-2 reliability of log-transformed network size under the Random Degree-QMSM, 0.589, is higher
than the mean reliability values for individual items under different models (Table 3.2). To understand this
finding, we note that the network size has an additive scale (Killworth et al., 1998, p. 38). We can show
(see the model properties chapter) that Equation (3.4) implies the following maximum likelihood estimator

(MLE) for network size:

K
JMLE _ > k=1 Yik
MLE

K b
D k=1 Mk
where Zszl my, is a constant equal to the sum of all subgroup proportions. By the invariance property of
the maximum likelihood estimator, the MLE of log-transformed network size, SZMLE, equals the logarithm of

@/ILE, so additivity is implied in the log-transformed measure.

The reliability literature (e.g., Thompson, 2003; Traub, 1994) indicates that the reliability of measures will

increase to the extent that they include more items. Given its additive scale, it is reasonable to expect that
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the reliability of log-transformed network size will be greater than that of individual items.

The following section briefly summarizes the stability results; a more detailed discussion is available in

Appendix B.

3.9 Stability results

Table 3.6 presents the standardized stability coefficients between wave 1 and wave 2 (5 ;) and between wave

2 and wave 3 (33 5) for the individual ARD items and the log-transformed network size measure.
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Table 3.6: Stability Estimates for the ELSOC ARD

Subgroup/Log Network Size By B3

Occupations
Professor 0.984 0.915
Lawyer 0.932 0.980
CEO 0.820  0.986
Secretary 0.981 0.880
Accountant 0.960 0.981
Doctor 0.971  0.978
Car Mechanic 0.975  0.975
Waiter/Waitress 0.982  0.889
Kindergarten Teacher 0.907  0.825
Store Salesperson 0.765  0.797
Street Vendor 0.979  0.964
Taxi Driver 0.955 0.979
Office Cleaner 0.969  0.943
Mean Stability 0.937  0.930

Names
Ignacio 0.938  0.988
Hernan 0.833  0.960
Ximena 0.861 0.956
Viviana 0.760  0.966
Mean Stability 0.848  0.967

Other subgroups

Immigrant 0.969  0.671
Mapuche 0.884  0.983
Catholic Priest 0.972  0.940
Communist Party Member 0.979  0.939
Christian Democratic Party Member 0.907  0.988

Independent Democratic Union Party Member  0.979  0.975

Gay/Lesbian 0.989  0.985
Unemployed 0.933  0.980
Mean Stability 0.951 0.933
Overall Mean Stability 0.927  0.937

Stability of Log-Transformed Network Size 0.858  0.992

Bayesian Continuous-QMSM estimates used for the individual items.

Random Degree-QMSM estimates used for network size.

Results for the individual items are based on the Continuous-QMSM fit via Bayesian estimation. As explained

in Section 3.7, the QMSM fit via maximum likelihood estimation (MLE) occasionally yields negative variances
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for the random disturbances, producing stability coefficients that exceed the theoretical upper limit of 1.4°

Indeed, we found 6 33 ; coefficients and 6 33 5 coefficients greater than 1 when fitting the Ordinal-QMSM via
MLE. This prompted us to follow Cernat’s (2015) advice to fit the model under a Bayesian framework, which
can constrain the variances to be greater than zero by assuming that they have prior probability distributions
with non-negative support. However, the technical challenges associated with ordinal variables when using
the Bayesian approach (Merkle et al., 2021) made the computation time required to fit the model for each of
the 25 items prohibitive. Therefore, we fit only the Continuous-QMSM via Bayesian estimation. Nonetheless,
the coefficients from the Ordinal-QMSM fit via MLE and those from the Continuous-QMSM fit via Bayesian

estimation lead to similar conclusions.

The bottom row of the table displays the stability coefficients for log-transformed network size based on
the Random-Degree QMSM (Equation (3.7)). As detailed in Section 3.3, we employ a Bayesian hierarchical
framework to fit this model, using gamma priors for the standard deviation parameters. This ensures these

parameters remain positive, eliminating the risk of negative variances.

The stability coefficients for most ARD items exceed the threshold Tufis et al. (2023, p. 15) specify for an
item to be considered stable (i.e., greater than 0.82). The least stable items are those about contact with
immigrants (between waves 2 and 3) and store salespeople. From 2017 to 2020, the immigrant population
in Chile nearly doubled, owing to the marked rise of Venezuelan and Haitian immigrants (Davis Jr., 2023;
Dona-Reveco, 2022). It is reasonable to expect that these trends intensified opportunities for contact with
immigrant groups, explaining the considerable true-score change in their corresponding ARD item between

2018 and 2021.

Regarding store salespeople, an argument resting solely on the size of this occupational category (the largest
occupation in the data) seems unwarranted in light of the comparatively high stability values for other large
subgroups, such as the Mapuche and unemployed individuals. Instead, the low stability of contact with store
salespeople likely relates, at least in part, to the transient nature of interactions with this occupation, which
are often brief, context-dependent, and lack the continuity to anchor them firmly in egocentric networks.
This transience leads to greater change in acquaintances over time, as individuals’ shopping behaviors and
interactions with salespeople fluctuate due to various personal and external factors. The large proportion of
store salespeople in the population arguably magnifies these patterns, increasing the likelihood of varied and
casual encounters with this occupational group. This might help explain why contact with an occupation

with similar characteristics but of much smaller size, street vendors, appears more stable.

40Negative variance estimates are not unique to the QMSM; on the contrary, they are a relatively common problem in
structural equation modeling, prompting much research to explore their causes and consequences (e.g., Kolenikov and Bollen,
2012).
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The coefficient estimates from the Random Degree-QMSM in the bottom row of Table 3.6 reveal that the

log-transformed network size measure also exhibits a high stability.

The high stability estimates for the individual ARD items and the network size measure derived from them
assuage concerns about the implausibility of the constant true score assumption underlying multilevel models
(see Section 3.4). This is because research shows that reliability assessment methods resting on this assumption

yield estimates similar to those from the QMSM for highly stable measures (Tufig et al., 2023).

Notwithstanding the high stability of over-time individual differences in relative network size, our analysis
revealed some appreciable rises in absolute network size over time. Appendix B outlines and discusses this

incidental finding.

3.10 Discussion and conclusion

ARD items about the number of contacts respondents have in different subgroups within a population have
proved useful in many applications but are difficult to answer, especially within the short time frames typically
allotted for answering questions in survey settings. While researchers have frequently hypothesized that this
can lead to considerable measurement error, our study is the first to rigorously examine these issues via

reliability assessments of individual ARD items and the network size measure obtained by combining them.

We found that random measurement error is pervasive. Although the additive scale of the network size
measure improves reliability relative to the individual ARD items, the reliability estimates for all items in
our data, as well as for the log-transformed network size measure, fall below the standard adequacy threshold
of 0.70 (Nunnally, 1978). As demonstrated for network size, measurement errors at the item level likely
affect quantities obtained via ARD models, resulting in less precise and potentially biased estimates. Besides
network size, other quantities of interest include the levels of segregation in contact with subgroups and the

sizes of unlisted subpopulations.

Obtaining reliability estimates allows us to mitigate some of the negative consequences of measurement error.
One simple but important example is correcting for attenuation bias (Spearman, 1904). Suppose we are
interested in assessing the effect of log-transformed network size on a social support measure, as in Lubbers
et al. (2019). Assume, additionally, that these variables are measured with some random error. Let X°P
and Y°Ps denote the observed log-transformed network size and social support score, respectively. Then,
we have X°P% = T'x + Ex and Y°" = Ty + Ey, where Tx and Ty are the true measures affected by the
random errors Ex and Fy. The true regression coefficient of social support on log-transformed network

equals "¢ = Cov(Ty,Tx)/V(Tx). By contrast, the observed regression coefficient is given by
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/BObS _ COV(YObS, XObS)/V(XObS)

= COV(TY + Ey,TX + Ex)/V(TX + Ex)

Assuming that the random errors are uncorrelated with all the other terms, this expression becomes

B = Cov(Ty, Tx)/V(Tx + Ex).

In other words, the variance of the random error will create an attenuation effect that biases the observed
regression coefficient toward zero relative to the true regression coefficient. Note, however, that since

Cov(Ty,Tx) = BV (Tx), "¢ and °P° are related to each other through the following expression:

BObS _ 5trueV(TX)/V(TX + Ex).

But V(T'x)/V(Tx + Ex) is precisely the reliability of log-transformed network size, px. Knowing the reliability
allows us to estimate 5%¢ as 3°P% divided by px. In short, we can use the reliability coefficient to correct for

attenuation bias produced by measurement error.

In pursuing our research project, we had to address the fact that network size is an estimated rather than an
observed quantity, as well as the count structure of ARD items, which complicates the reliability estimation
for these items. To address the first problem, we modified the standard model for estimating network size
from ARD by conceptualizing network size as a latent variable in the measurement model proposed by the
Quasi-Markov Simplex Model (QMSM). We called the adapted model Random Degree-QMSM. To address
the second issue, we repurposed the intraclass correlation coefficient for multilevel count models (Leckie et al.,
2020) as a measure of reliability. While we did not develop an ICC analog for count models, we are among

the first to employ it as a reliability metric in survey methodology research.

It is important to note that all findings presented here are specific to the sample of Chilean respondents who
completed the ARD instrument in the ELSOC. We selected this survey primarily because it is the only one
that includes longitudinal ARD. To determine if our results have external validity, additional longitudinal

surveys in other countries, incorporating different sets of items for the instrument, are necessary.

Like any study, ours has limitations. A data-related one, discussed in Section 3.6, involves the change in
survey mode (from face-to-face to telephone) and response format for ARD items (from closed- to open-ended)
between the 2018 and 2021 waves, owing to the logistical challenges imposed by the COVID-19 pandemic.
While we acknowledge that this is not ideal for reliability studies (Alwin, 2021), we believe this limitation

does not undermine the significance of our work, which is the first to provide reliability estimates for ARD
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items and the network size measure obtained by combining them.

A methodological limitation is that the model best suited to accommodate the count structure of ARD
(namely, the multilevel negative binomial model) cannot distinguish true change from measurement error
as the QMSM does. Fortunately, Table 3.6 shows that the individual ARD items in our data and the
log-transformed network size measure derived from them are highly stable, suggesting that the assumption
of constant true score underlying multilevel models may not be too problematic for our study. This is
corroborated by the fact that our key results remain largely robust across different reliability estimation
methods. Future research should nonetheless investigate the applicability of a recently proposed latent
variable formulation for count variables (Osthus et al., 2021) in developing a measurement model for these

variables within a structural equation modeling framework.

Finally, although we quantified the extent of random measurement error in ARD items, more research is
needed to unveil the mechanisms behind systematic biases in responses to these items. Despite important
theoretical work on the nature of recall (Killworth et al., 2003) and transmission (Feehan and Salganik, 2016)

errors, empirical evidence of the sources and consequences of these report biases remains limited.
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Conclusion

The three chapters in this dissertation addressed several questions about the quality of ARD and strategies for
modeling these data. Chapter 1 employed a stepwise approach to model augmentation to uncover new insights
into the properties of ARD models. Chapter 2 adopted a similar incremental method of model evaluation.
However, it focused on strategies for assessing the fit of ARD models to the observed data, introducing tools
for checking and comparing these models. Chapter 3 used reliability assessments to examine the quality of

ARD and the measures obtained by combining individual items.

Chapter 1 showed that analysts risk overlooking the effects of various model assumptions when they choose
to fit more complex models without comparing them to simpler alternatives. The analytical derivations in
this chapter demonstrated that, under some conditions, the decision between simpler or more sophisticated
specifications is irrelevant for estimating key quantities of interest, such as network and subgroup prevalence.
Consequently, researchers might prefer choosing the simplest option to prevent unnecessary extra variance
that could arise from including redundant parameters. This is particularly advisable when sample sizes are

small.

In addition to clarifying conceptual issues about ARD models, Chapter 1 contributed to the social capital
literature based on the position generator instrument, which asks respondents if they know someone in
an occupation and, as such, has a dichotomous format. Using ARD models to analyze a unique data set
containing information about how many contacts subjects have in various occupational categories allowed us
to assess the level of segregation in contact with these occupations — something not enabled by dichotomous
data. We showed that occupations of varying socioeconomic statuses exhibit high levels of segregation. We
further identified the determinants of segregation via a novel model that includes respondent covariates. We
found that while these variables — especially education and class — help account for segregation in contact
with high-status occupations, such as professors and lawyers, they do little to explain segregation in access to

lower-status occupations.

Chapter 2 provided new insights into patterns of acquaintanceship with subpopulations through a step-by-step
approach to goodness-of-fit assessments. Violations of the random mixing assumption suggest variations
in respondent-level tendencies to know members of a subgroup, implying that access to this subgroup is
segregated. Violations of the proportionality assumption indicate that subgroup-level characteristics — such
as popularity or features heightening the risk of biased reports — affect report patterns across all respondents.
Other indications of poor fit, such as the underprediction of single-tie occurrences under standard probability

distributions, may point to entirely different phenomena. This underprediction of one-acquaintance reports
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prompted us to develop a One-Inflated Negative Binomial Model, which improves the fit to the observed data

over existing ARD models.

Our stepwise method enabled a more nuanced perspective on patterns of acquaintanceship with subgroups
compared to the typical approach adopted in the ARD literature, which primarily involves evaluating
parameter estimates from a single model. Using graphical checks to compare different models, Chapter
2 demonstrated that subgroups with similar levels of a statistic commonly used to summarize the extent
of segregation in contact with subgroups — overdispersion — can exhibit vastly different distributions of
reported connections. Analysts can gain a more comprehensive understanding of contact patterns within

subpopulations by combining visual inspections of model fit with analyses of parameter estimates.

Chapter 3 is the first study to provide reliability estimates for individual ARD items and the network size
measure derived from them. This is a relevant effort because, despite long-standing hypotheses by ARD
scholars about the susceptibility of ARD items and measures to measurement error, the extent of this issue

has not been quantified until now.

We discovered that random measurement error is pervasive. While the additive scale of the network size
measure enhances its reliability by comparison with the individual ARD items, the reliability estimates for
all items in our data, as well as for the log-transformed network size measure, remain below the standard
adequacy threshold of 0.70. As shown for network size, measurement errors at the item level are likely to
affect quantities derived from ARD models, leading to less precise and potentially biased estimates. In
addition to network size, these quantities include the levels of segregation in contact with subgroups and the

sizes of unlisted subpopulations.

Estimating the reliability of the individual ARD items and the network size measure required methodological
innovations to address two problems: 1) these items have a count scale not accommodated by conventional
reliability assessment methods, and 2) network size is an estimated rather than an observed quantity. To
address the first issue, we modified a standard model for estimating network size from ARD by conceptualizing
network size as a latent variable within the Quasi-Markov Simplex Model (QMSM) framework. To address
the second issue, we repurposed the intraclass correlation coefficient (ICC) for multilevel count models to
serve as a measure of reliability. Although we did not develop an ICC analog for count models, we are, to our

knowledge, among the first to use it as a reliability metric in survey methodology research.

We now conclude with some directions for future research. Among these is the potential for a more extensive
dialogue between the ARD and survey methodology literatures. For example, researchers can benefit from

more extensive use of cognitive interviews based on “think-aloud” protocols to unveil respondent strategies
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for answering ARD items, which may help pinpoint the sources of systematic biases in responses to these

items. Future studies should also conduct survey experiments to understand the impact of various design

choices on responses. Some relevant questions here are:

)

How does the response format of ARD items influence the reports? Examples of response formats
include the traditional open-ended approach, where subjects are asked how many people they know in
a subgroup; a closed-ended ordinal alternative with categories representing ranges of counts (e.g., 0, 1,
2-4, 54); or a dichotomous format that distinguishes between having no contacts in a subgroup and
having one or more.

Does question order affect reports? For example, are respondents more likely to use rough estimates
rather than recalling individual acquaintances in subgroups when ARD items are placed at the end of a
survey — as a result of fatigue from answering earlier questions?

Does the context of measurement matter? In particular, does the content of earlier questions shape
how subjects retrieve information from their memories about contacts in subgroups? For example,
are respondents who have just answered questions about their relatives more likely to report fewer
acquaintances because they have been conditioned to consider primarily strong ties when responding to

questions about their social relationships?

Other promising research avenues involve collecting new data. Chapter 1 showed that ARD models can

shed light on intriguing questions about segregation in access to occupations. Although position generator

instruments provide much dichotomous data capturing the presence of ties to occupations, limited data exist

on the number of contacts subjects have in occupational categories. Therefore, ARD instruments should

more frequently include items about occupations.

Additionally, we need more longitudinal data from the United States and other countries to understand how

acquaintanceship networks develop over time. The Appendix to Chapter 3 provided evidence that these

networks are rapidly expanding among Chilean respondents surveyed in the ELSOC. Do these patterns hold

in other contexts?

We hope this dissertation has offered a valuable array of novel methodological tools and empirical findings

that can stimulate research on the important questions that ARD enables us to explore.
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Appendix

Appendix A: Adapting the likelihood to the ELSOC data structure

The ELSOC study, which we used to illustrate the Barrier Effects Model with covariates, modifies the count
structure of the typical ARD instrument. It offers interval options to respondents: 0, 1, 2-4, 5-7, 8-10, 11-15,
and 16 or more contacts in a subpopulation. This requires us to adapt the likelihood accordingly, following
the procedure described below and adopted in previous studies (Baum and Marsden, 2023; DiPrete et al.,
2011; Park, 2021; Zheng et al., 2006). We illustrate it for the Random Degree Model, but the same logic

applies to more sophisticated models.

We can use the probability mass function (PMF) described in Equation (1.2) from the main text to derive
the probabilities of different interval ranges. The probability of a range is simply the sum of the probabilities
of the individual values in that range. For example, the probability of reporting between 2 and 4 contacts in

a subpopulation is

p2<z<4)= 24: [(exp(ai + 10g(mk)))””e);1!)(*exp(ai + 1og(mk)))] .

r=2

Generally, the probability of an interval bounded by [ and u is

o<z <u)= Z [(exp(ai +log(my)))"exp(—exp(a; + 1og<mk>>)] |

x!
=l

In a similar vein, if a response format is top-coded at ¢ (t = 16 for the ELSOC), the probability for that

category is one minus the sum of the probabilities of the values less than ¢:

z!

o>t =1- [ti ((exp(ai + log(my)))Pexp(—exp(as + log(mk)))>] |

z=0

For convenience, denote the response categories in the ELSOC by
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1, ifiknows no one in subpopulation k

2, ifiknows exactly one person in subpopulation k

3, ifiknows between 2 and 4 persons in subpopulation k
Wik = 4 4, ifiknows between 5 and 7 persons in subpopulation k
5, ifiknows between 8 and 10 persons in subpopulation &k
6, ifiknows between 11 and 15 persons in subpopulation k&

7, ifiknows 16 persons or more in subpopulation k.

Hence, the likelihood of respondent i’s vector of responses to the K items (denoted by y;) under the Random

Degree Model is given by

p(yilas) = T exp(—exp(ai +log(ms)))

k:wik:1

x I explai+log(my))exp(—exp(a; + log(my)))

kiw;p=2
< I {Z ‘<exp<az—+log<mk>>>yikye§<exp(amog(mk)))‘}
kiw;p=3 \yir=2 - -
T [(ex o; + log(my)))¥i*exp(—exp(a; + log(m |
< I {Z (expls + o)) exp(exples +log(ms)) }
kwir=4 \yix=5 " -
10 r Yik _ . 7
9 {Z (exp(o +logtma) 1 oxp-exp(s + o)) }
kwip=5 \y;ix=8 - -
15
(exp(a; + log(my)))¥* exp(—exp(a; + log(ms)))
: k:wik_ﬁ{yq,kz—ll |: ylk' :|}
| SR> [ (exp(ai + log(my))) ¥+ exp(—exp(a; + log(my)))
Xk:};[ﬂ{l L;o( Yir! ﬂ}

127



Appendix B: Changes in acquaintanceship network size over time

A high stability for the log-transformed network size measure in Tale 3.6 does not necessarily imply a lack of
change in network size at the individual level. Stability under the QMSM refers to the linear relationship
between true scores on different occasions. In Alwin’s (1994, p. 139) words, it reflects the “persistence of
individual differences over time in some population of interest.” Hence, network size may fluctuate at the
individual level and remain stable at the population level. This definition of stability corresponds with the one
used by Morgan et al. (1997) in their study of network change among recent widows, conducted across seven
measurement occasions over a one-year period. Using Antonucci’s (1986) hierarchical mapping technique
to elicit up to fifteen family contacts and fifteen non-family contacts, the authors found a high cross-wave
correlation for network size. This finding was accompanied by a pattern of consistent growth: the average

network size increased from 13.1 on the first measurement occasion to 21.1 on the last.*!

To evaluate how network size changes over time in our data, we compare the posterior mean network sizes for

each wave, as estimated from the Random Degree-QMSM (Equation (3.7)). Table B1 shows the results.

Table B1: Comparing Descriptive Statistics for Posterior Mean Network Sizes Across Waves

Descriptive Statistics 2016 2018 2021

Min. 8 11 12
25t Percentile 63 86 109
Median 114 152 192
Mean 160 204 255
75t Percentile 198 261 316
Max. 2165 2271 4276

We observe a consistent increase in network size, with median values ranging from 114 in the first wave to
192 in the last. The one-way repeated measures ANOVA for log-transformed network size (we transformed
network size to meet the test’s normality assumption) indicates that the changes are highly significant
(F(2,2848) = 279, p-value = 0). The cross-wave correlations extracted from X5, (Equation (3.7)) are 0.515

between waves 1 and 2, 0.588 between waves 2 and 3, and 0.514 between waves 1 and 3.

These results raise the question of whether they are specific to the sample of panel respondents (e.g., due to

41The women in the Morgan et al. (1997) study had become widows within the year preceding the interviews. As such, they
were undergoing a critical transition during the study as they tried to rebuild their networks after losing numerous social ties
previously accessible through their husbands. While these women’s experiences do not represent those of a typical individual in
the population, Morgan et al’s (1997) theoretical account of network expansion may still prove informative in other contexts.
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selection bias from attrition) or reflect a population-level trend of network size growth over time. Fortunately,
the ELSOC collected ARD from a refreshment sample of 1,519 respondents in 2018. Among these, 1,446
provided valid responses to all ARD items. Comparing the estimated network size distribution for this sample
(estimated via the standard Random Degree Model in Equation (3.5)) to the 2018 distribution for the sample
of 1,425 individuals with balanced panel data on all ARD items (i.e., the middle column of Table B1) can

help us gauge the extent of panel effects. Table B2 displays the results.

Table B2: Comparing Descriptive Statistics for Posterior Mean Network Sizes for 2018 Original and Refresh-
ment Samples

Descriptive Statistics Original Refreshment

Min. 11 12
25t Percentile 86 86
Median 152 151
Mean 204 207
75t Percentile 261 254
Max. 2271 4696

The similarities between the distributions are striking. A t-test comparing the means of log-transformed
network sizes indicates no statistically significant difference (#(2869) = —0.438, p-value = 0.661). The
similarities extend to the percentiles, with the only notable difference occurring between the maximum values
(2,271 versus 4,696). These results suggest that network size growth happens both within individuals and at

the population level in these data.

Morgan et al. (1997) attribute network expansion to a combination of two factors: the “awakening” of
previously dormant ties in individuals’ egocentric networks and the active formation of new relationships.
Studying the personal networks of older adults in the National Social Life, Health, and Aging Project
(NSHAP), elicited via a name generator instrument, Cornwell et al. (2014) also identified a pattern of increase
in network size over time, which was accompanied by a decline in emotional closeness to the named contacts.
This was primarily due to the replacement of lost ties with new, weaker ones — as opposed to the weakening

of continued relationships (Cornwell et al., 2014, p. S79).

Unfortunately, aggregate data like ARD do not allow us to assess Morgan et al’s (Morgan et al., 1997)
thesis. This is because we lack data on individual acquaintances, which are necessary to differentiate between

contacts that are not recalled despite being already known to subjects on the previous measurement occasion
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and those representing new ties formed during the interval between waves.

The ELSOC included a name generator in its 2017 and 2019 waves, which asked respondents, “Occasionally,
people talk with others about matters that are important to them. Thinking about the last six months,
who are the people you have communicated with and discussed important matters, either in person or over
the phone?” Participants were permitted to name up to five contacts; interviewers prompted for additional
names if fewer than five were provided. By comparing the change in the size of the network elicited via the
name generator instrument to that observed for the acquaintanceship network obtained via ARD, we can
gain some insight into the plausibility of Cornwell et al’s (2014) “expansion and weakening” argument as a
possible explanation for the patterns in our data. If the argument applies to our data, an expansion of the
acquaintanceship network will not necessarily be accompanied by an increase in the number of individuals

with whom respondents discuss important matters.

Table B3 compares the distributions of the sizes of the network elicited via the name generator instrument in
2017 and 2019 for a sample of 1,328 subjects who had valid responses to this instrument on both occasions,

as well as to the ARD items in 2016, 2018, and 2021.42

Table B3: Comparing Descriptive Statistics for Sizes of Networks Elicited via the Name Generator Instrument
Across Waves

Descriptive Statistics 2017 2019

Min. 1.0 0.0
25" Percentile 20 1.0
Median 3.0 2.0
Mean 3.3 2.4
75 Percentile 50 3.0
Max. 5.0 5.0

We observe a considerable leftward shift in the distribution of network sizes elicited on the second measurement
occasion relative to the distribution for the first wave. The Wilcoxon signed-rank test for paired differences
(appropriate here, given the non-normality of the data) indicates that the differences are significant. Our

findings, therefore, appear to substantiate the “expansion and weakening” hypothesis.

Cornwell et al. (2014) offer two alternative explanations for this phenomenon: one specific to older individuals

42We restrict the sample to these individuals to ensure that the samples generating the results in Tables B1 and B3 are as
comparable as possible. Nonetheless, we found that the same conclusions hold for the entire sample of 2,041 respondents who
provided valid answers to the name generator instrument in 2017 and 2019, regardless of the validity of their responses to the
ARD items.
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and the other broadly applicable across the entire population. The former relates to the transitions experienced
by older people, often characterized by retirement and health decline, which hinder the availability of previously
accessible close ties and compel individuals to seek “weaker” replacements — a hypothesis corroborated
by Suanet and Huxhold (2020). The other account pertains to the advancement of computer-mediated
communication, which has influenced the nature of social interactions in recent years. This phenomenon may
facilitate the formation of weak ties on social media while fostering a decline in the frequency of in-person
and phone conversations — it is worth noting that the ELSOC name generator limits interactions to these

means of communication.

Investigating the determinants of the observed patterns is outside the scope of this study. Although our results
suggest avenues for future research, we must exercise caution in using them to alter our current understanding
of personal networks. A cautionary tale in the network literature involves the widely publicized finding about
the decline in the size of the core discussion networks of Americans between 1985 and 2004 (McPherson et
al., 2006), which was later shown to be at least partly attributable to a methodological artifact (Paik and
Sanchagrin, 2013) — see Marsden et al. (2021, pp. 628-629) for a review of this debate. Nevertheless, an
initial examination of the data and survey questionnaires did not reveal any immediate reasons for concern
about the possibility of an artifact influencing the results for the ELSOC name generator; for example, the

wording and placement of the question were identical in 2017 and 2019.

It is certainly surprising that Chileans’ networks of confidants diminished so markedly in just two years.
This finding contradicts much research on egocentric network data collected via similar name generator
instruments in other countries, which have concluded that the number of elicited alters remains largely
stable between consecutive waves (Marsden and Hollstein, 2023). It is possible that Chilean respondents are
unusually susceptible to panel conditioning. In particular, subjects might intentionally name fewer contacts
after realizing that doing so results in fewer follow-up questions (known as name interpreters) about the

characteristics of the named alters, thus making the interview less burdensome for them.

Regardless of the robustness of the results about confidant networks, we found strong evidence of a consistent
growth in acquaintanceship network size over time, both at the individual and population levels. Future
research should attempt to offer a thorough account of this trend; such studies should assess its causes,
whether it is indeed accompanied by a shrinkage of close-tie networks, and whether it holds outside the

Chilean context.
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Supplementary Material

Table S1: Posterior Means and 95% Credible Intervals for Regression Coefficients

Variable Accountant Car Mechanic CEO Doctor
Age
(Ref=Middle-Aged)
-0.135 0.086 -0.069 -0.287
Young
[-0.260, -0.017] [-0.022, 0.198] [-0.216, 0.086] [-0.418, -0.157]
o 0.031 -0.253 -0.109 0.241
[-0.151, 0.198] [-0.404, -0.105] [-0.304, 0.102] [0.095, 0.404]
Sex
(Ref=Female)
0.051 0.416 0.279 -0.198
Male
[-0.063, 0.159] [0.322, 0.511] [0.152, 0.411] [-0.315, -0.077]
Lives with a Partner
(Ref=No Partner)
0.033 0.025 0.029 -0.085
Partner
[-0.078, 0.147] [-0.074, 0.121] [-0.100, 0.159] [-0.195, 0.031]
Number of Children
(Ref=Two)
-0.135 -0.054 -0.020 -0.128
None
[-0.287, 0.010] [-0.183, 0.079] [-0.190, 0.154] [-0.291, 0.039]
o -0.085 0.132 -0.120 -0.109
ne
[-0.234, 0.057] [0.008, 0.258] [-0.281, 0.042] [-0.252, 0.040]
-0.052 0.090 0.064 -0.077
More than three
[-0.177, 0.077] [-0.024, 0.203] [-0.099, 0.211] [-0.209, 0.044]
Region
(Ref=Other)
0.055 -0.275 0.119 -0.168
Santiago Metropolitan Region
[-0.053, 0.161] [-0.382, -0.173] [-0.006, 0.244] [-0.280, -0.057]
Education
(Ref=High School)
-0.546 0.003 -0.504 -0.435
No High School
[-0.694, -0.387] [-0.112, 0.121] [-0.675, -0.331] [-0.584, -0.280]
0.321 0.104 0.431 0.464
Higher Education
[0.200, 0.448] [-0.011, 0.221] [0.278, 0.581] [0.340, 0.596]
Class
(Ref=Intermediate)
0.201 -0.367 0.360 0.209
Higher Service
[0.001, 0.389] [-0.572, -0.168] [0.140, 0.582] [0.002, 0.413]
0.111 -0.030 0.182 0.121
Lower Service
[-0.034, 0.264] [-0.172, 0.116] [0.014, 0.357] [-0.039, 0.290]
-0.248 -0.056 -0.148 -0.209
Manual
[-0.403, -0.092] [-0.188, 0.070] [-0.332, 0.025] [-0.370, -0.047]
-0.302 -0.192 -0.360 -0.151
Unemployed
[-0.431, -0.162] [-0.303, -0.080] [-0.522, -0.189] [-0.291, -0.014]
Parental Education
(Ref=High School)
-0.221 -0.168 -0.401 -0.156
No High School
[-0.350, -0.097] [-0.283, -0.065] [-0.542, -0.253] [-0.294, -0.023]
-0.007 -0.051 0.260 0.337
Higher Education
[-0.157, 0.144] [-0.192, 0.095] [0.093, 0.421] [0.193, 0.478]
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Table S1: Posterior Means and 95% Credible Intervals for Regression Coefficients (Continued)

Variable Kindergarten Teacher Lawyer Office Cleaner Professor
Age
(Ref=Middle-Aged)
Youn 0.312 -0.116 0.007 0.031
g [0.195, 0.426] [-0.241, 0.013]  [-0.140, 0.157]  [-0.107, 0.166]
Old -0.456 0.154 -0.350 0.045
[-0.622, -0.288] [-0.012, 0.322]  [-0.556, -0.154]  [-0.143, 0.220]
Sex
(Ref=Female)
Male -0.270 0.007 -0.071 -0.039
[-0.372, -0.160] [-0.114, 0.131]  [-0.198, 0.052]  [-0.175, 0.085]
Lives with a Partner
(Ref=No Partner)
Partner -0.007 -0.094 -0.109 -0.063
[-0.117, 0.098] [-0.199, 0.017]  [-0.225, 0.011]  [-0.187, 0.071]
Number of Children
(Ref=Two)
None -0.174 -0.018 -0.172 0.230
[-0.326, -0.015] [-0.165, 0.133]  [-0.344, 0.006]  [0.065, 0.404]
One -0.019 -0.153 -0.128 -0.051
[-0.153, 0.114] [-0.302, -0.001]  [-0.287, 0.040]  [-0.220, 0.119]
More than three 0.081 0.034 -0.013 0.010
[-0.041, 0.197] [-0.093, 0.162]  [-0.155, 0.135]  [-0.158, 0.169]
Region
(Ref=Other)
. . . -0.074 0.017 0.197 -0.024
Santiago Metropolitan Region [-0.184, 0.027] [-0.096, 0.124]  [0.083, 0.313]  [-0.154, 0.099]
Education
(Ref=High School)
-0.225 -0.472 -0.262 -0.647
No High School
o High Schoo [-0.359, -0.100] [-0.624, -0.321]  [-0.409, -0.110]  [-0.827, -0.467]
Hicher Education 0.238 0.520 0.120 0.573
& [0.119, 0.360] [0.402, 0.647]  [-0.032, 0.253]  [0.439, 0.716]
Class
(Ref=Intermediate)
Hicher Service -0.057 0.334 0.186 0.487
g [-0.260, 0.144] [0.128, 0.533]  [-0.052, 0.410]  [0.278, 0.698]
Lower Service 0.043 0.224 0.074 0.305
[-0.108, 0.193] [0.066, 0.388]  [-0.108, 0.242]  [0.125, 0.491]
Manual -0.194 -0.203 -0.052 -0.166
[-0.334, -0.047] [-0.369, -0.044]  [-0.209, 0.102]  [-0.351, 0.015]
Unemploved -0.181 -0.152 -0.437 -0.093
ploy [-0.295, -0.060] [0.287, -0.020]  [-0.585, -0.287]  [-0.242, 0.050]
Parental Education
(Ref=High School)
. -0.172 -0.269 0.005 -0.399
No High School [-0.288, -0.047] [0.394, -0.141]  [-0.128, 0.140]  [-0.543, -0.263]
Hicher Education 0.061 0.378 -0.049 0.234
& [-0.089, 0.201] [0.226, 0.534]  [-0.224, 0.128]  [0.078, 0.392]
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Table S1: Posterior Means and 95% Credible Intervals for Regression Coefficients (Continued)

Variable Secretary Store Salesperson Street Vendor Taxi Driver Waiter/Waitress
Age
(Ref=Middle-Aged)
Young -0.154 0.052 0.271 -0.040 0.239
[-0.270, -0.039)] [-0.059, 0.158] [0.141, 0.395]  [-0.161, 0.083] [0.078, 0.408]
Old -0.029 -0.254 -0.427 -0.154 -0.513
[-0.187, 0.126] [-0.402, -0.108]  [-0.621, -0.250]  [-0.300, -0.001]  [-0.761, -0.288]
Sex
(Ref=Female)
Male -0.045 -0.156 -0.016 0.241 0.214
[-0.141, 0.049] [-0.244, -0.062] [-0.133, 0.107]  [0.139, 0.344] [0.061, 0.362]
Lives with a Partner
(Ref=No Partner)
Partner -0.044 -0.111 -0.109 0.065 -0.136
[-0.142, 0.057] [-0.205, -0.017] [-0.226, 0.008]  [-0.039, 0.162] [-0.279, 0.008]
Number of Children
(Ref=Two)
None -0.057 0.013 -0.052 -0.106 0.099
[-0.200, 0.080] [-0.120, 0.151] [-0.209, 0.104]  [-0.252, 0.042] [0.091, 0.299]
One -0.117 -0.046 0.055 0.074 -0.016
[-0.253, 0.009] [-0.180, 0.078] [-0.095, 0.203]  [-0.059, 0.205] [-0.200, 0.162]
More than three -0.071 0.072 0.009 0.025 0.007
[-0.196, 0.047] [-0.043, 0.181] [-0.123, 0.143]  [-0.087, 0.144] [-0.172, 0.168]
Region
(Ref=Other)
Santiago Metropolitan Region -0.068 -0.238 -0.000 -0.272 -0.146
[-0.171, 0.031] [-0.337, -0.139] [-0.124, 0.126]  [-0.382,-0.172]  [-0.305, 0.003]
Education
(Ref=High School)
No High School -0.575 -0.201 0.081 -0.036 -0.321
[-0.711, -0.442)] [-0.320, -0.085] [-0.059, 0.222]  [-0.163, 0.088]  [-0.497, -0.141]
Higher Education 0.433 0.058 -0.141 0.070 0.039
[0.313, 0.551] [-0.054, 0.172] [-0.286, 0.021]  [-0.052, 0.195] [-0.133, 0.195]
Class
(Ref=Intermediate)
Higher Service 0.191 -0.223 -0.362 -0.342 0.125
[-0.006, 0.382] [-0.413, -0.035] [-0.636, -0.118]  [-0.577, -0.102]  [-0.156, 0.390]
Lower Service 0.063 0.011 0.090 -0.021 0.009
[-0.086, 0.212] [-0.127, 0.166] [-0.072, 0.272]  [-0.170, 0.138] [-0.200, 0.212]
Manual -0.117 -0.191 -0.151 0.135 -0.053
[-0.257, 0.026] [-0.322, -0.058] [-0.299, 0.001]  [0.006, 0.273] [-0.237, 0.135]
Unemployed -0.363 -0.267 -0.304 -0.168 -0.274
* [-0.484, -0.244]  [-0.381,-0.160]  [-0.451,-0.174]  [-0.295, -0.041]  [-0.457, -0.106]
Parental Education
(Ref=High School)
. -0.148 -0.214 0.101 -0.017 -0.264
No High School [-0.263, -0.038]  [-0.325, -0.098] [-0.031, 0.231]  [-0.134, 0.102]  [-0.426, -0.111]
Higher Education -0.012 -0.075 -0.106 -0.081 -0.015
[-0.150, 0.123] [-0.215, 0.060] [-0.278, 0.049]  [-0.249, 0.076] [-0.208, 0.163]
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Table S2: Random Degree Model: Posterior Predictive P-Values for All First-Name Subpopulations (McCarty
et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 5+

Anthony Observed Proportion 0.370 0.299 0.287 0.045
Posterior Mean Proportion 0.462 0.296 0.228 0.013
Posterior Predictive P-Value  (1.000)  (0.410)  (0.000)  (0.000)

Christina Observed Proportion 0.392 0.322 0.255 0.031
Posterior Mean Proportion 0.699 0.225 0.076 0.001
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (0.000)

Christopher  Observed Proportion 0.306 0.350 0.284 0.060
Posterior Mean Proportion 0.359 0.295 0.311 0.036
Posterior Predictive P-Value  (1.000)  (0.000)  (0.989)  (0.000)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.155 0.210 0.441 0.194
Posterior Predictive P-Value  (1.000)  (0.000) (0.384)  (0.954)

Jacqueline Observed Proportion 0.586 0.272 0.132 0.010
Posterior Mean Proportion 0.739 0.203 0.058 0.000
Posterior Predictive P-Value ~ (1.000)  (0.000)  (0.000)  (0.000)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.097 0.153 0.426 0.324
Posterior Predictive P-Value  (0.000)  (0.000)  (0.968)  (1.000)

Jennifer Observed Proportion 0.259 0.297 0.354 0.091
Posterior Mean Proportion 0.392 0.298 0.284 0.026
Posterior Predictive P-Value  (1.000)  (0.538)  (0.000)  (0.000)

Kimberly Observed Proportion 0.361 0.345 0.255 0.039
Posterior Mean Proportion 0.548 0.282 0.165 0.005
Posterior Predictive P-Value ~ (1.000)  (0.000)  (0.000)  (0.000)

Michael Observed Proportion 0.098 0.153 0.464 0.284
Posterior Mean Proportion 0.136 0.192 0.442 0.230
Posterior Predictive P-Value  (1.000)  (1.000)  (0.051)  (0.000)

Nicole Observed Proportion 0.459 0.312 0.202 0.027
Posterior Mean Proportion 0.695 0.227 0.078 0.001
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (0.000)

Robert Observed Proportion 0.120 0.220 0.429 0.231
Posterior Mean Proportion 0.105 0.162 0.433 0.300
Posterior Predictive P-Value  (0.043)  (0.000)  (0.607)  (1.000)

Stephanie Observed Proportion 0.357 0.356 0.261 0.026
Posterior Mean Proportion 0.610 0.263 0.125 0.002
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (0.000)
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Table S3: Random Degree Model: Posterior Predictive P-Values for All Subpopulations Based on Other
Attributes (McCarty et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 54+
AIDS Observed Proportion 0.860 0.078 0.052 0.010
Posterior Mean Proportion 0.801 0.165 0.034 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
Adopted child Observed Proportion 0.792 0.159 0.043 0.006
Posterior Mean Proportion 0.878 0.109 0.013 0.000
Posterior Predictive P-Value (0.000) (1.000) (0.000) (0.000)
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.598 0.267 0.132 0.003
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.042 0.080 0.321 0.557
Posterior Predictive P-Value (0.000) (0.000) (0.000) (1.000)
Dialysis Observed Proportion 0.745 0.177 0.068 0.010
Posterior Mean Proportion 0.832 0.144 0.024 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
Gave birth Observed Proportion 0.198 0.165 0.441 0.196
Posterior Mean Proportion 0.097 0.154 0.426 0.322
Posterior Predictive P-Value (0.000) (0.142) (0.131) (1.000)
Gun dealers Observed Proportion 0.804 0.110 0.069 0.017
Posterior Mean Proportion 0.775 0.182 0.043 0.000
Posterior Predictive P-Value (0.004) (1.000) (0.000) (0.000)
Homicide victim Observed Proportion 0.897 0.062 0.033 0.007
Posterior Mean Proportion 0.969 0.030 0.001 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
Jaycees Observed Proportion 0.781 0.062 0.102 0.054
Posterior Mean Proportion 0.815 0.156 0.029 0.000
Posterior Predictive P-Value (0.998) (1.000) (0.000) (0.000)
Male in prison Observed Proportion 0.710 0.144 0.107 0.039
Posterior Mean Proportion 0.456 0.297 0.232 0.014
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Native Americans Observed Proportion 0.500 0.176 0.202 0.121
Posterior Mean Proportion 0.236 0.259 0.405 0.100
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Opened business Observed Proportion 0.554 0.234 0.186 0.026
Posterior Mean Proportion 0.554 0.280 0.162 0.005
Posterior Predictive P-Value (0.481) (1.000) (0.004) (0.000)
Postal Workers Observed Proportion 0.388 0.242 0.293 0.077
Posterior Mean Proportion 0.484 0.294 0.211 0.011
Posterior Predictive P-Value (1.000) (1.000) (0.000) (0.000)
Suicide Observed Proportion 0.864 0.101 0.032 0.003
Posterior Mean Proportion 0.966 0.033 0.001 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
Twins Observed Proportion 0.292 0.236 0.410 0.062
Posterior Mean Proportion 0.061 0.109 0.376 0.454
Posterior Predictive P-Value (0.000) (0.000) (0.002) (1.000)
Vehicle death Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.950 0.048 0.002 0.000
Posterior Predictive P-Value (1.000) (0.000) (0.000) (0.000)
Widows Observed Proportion 0.388 0.203 0.284 0.125
Posterior Mean Proportion 0.127 0.185 0.441 0.247
Posterior Predictive P-Value (0.000) (0.042) (1.000) (1.000)
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Figure S1: Random Degree Model: Observed and Simulated Distributions of Reports for All First-Name

Subpopulations (McCarty et al. Data)
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Table S4: Group Prevalence Model: Posterior Predictive P-Values for All First-Name Subpopulations
(McCarty et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 5+

Anthony Observed Proportion 0.370 0.299 0.287 0.045
Posterior Mean Proportion 0.332 0.290 0.333 0.045
Posterior Predictive P-Value ~ (0.004)  (0.237)  (1.000) (0.501)

Christina Observed Proportion 0.392 0.322 0.255 0.031
Posterior Mean Proportion 0.384 0.296 0.291 0.029
Posterior Predictive P-Value  (0.282)  (0.029) (0.997)  (0.286)

Christopher  Observed Proportion 0.306 0.350 0.284 0.060
Posterior Mean Proportion 0.309 0.285 0.351 0.054
Posterior Predictive P-Value  (0.577)  (0.000)  (1.000) (0.165)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.146 0.200 0.443 0.211
Posterior Predictive P-Value ~ (0.968)  (0.000)  (0.431)  (1.000)

Jacqueline Observed Proportion 0.586 0.272 0.132 0.010
Posterior Mean Proportion 0.568 0.276 0.151 0.004
Posterior Predictive P-Value  (0.144)  (0.657)  (0.960)  (0.001)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.153 0.206 0.442 0.198
Posterior Predictive P-Value  (0.000) (0.017)  (0.999) (0.964)

Jennifer Observed Proportion 0.259 0.297 0.354 0.091
Posterior Mean Proportion 0.239 0.260 0.403 0.097
Posterior Predictive P-Value  (0.058)  (0.002)  (1.000) (0.825)

Kimberly Observed Proportion 0.361 0.345 0.255 0.039
Posterior Mean Proportion 0.371 0.296 0.302 0.032
Posterior Predictive P-Value  (0.768)  (0.000)  (1.000)  (0.064)

Michael Observed Proportion 0.098 0.153 0.464 0.284
Posterior Mean Proportion 0.094 0.150 0.424 0.332
Posterior Predictive P-Value  (0.307)  (0.374)  (0.000)  (1.000)

Nicole Observed Proportion 0.459 0.312 0.202 0.027
Posterior Mean Proportion 0.433 0.298 0.252 0.018
Posterior Predictive P-Value  (0.046)  (0.124)  (1.000)  (0.005)

Robert Observed Proportion 0.120 0.220 0.429 0.231
Posterior Mean Proportion 0.117 0.174 0.437 0.272
Posterior Predictive P-Value  (0.372)  (0.000) (0.732)  (1.000)

Stephanie Observed Proportion 0.357 0.356 0.261 0.026
Posterior Mean Proportion 0.391 0.297 0.285 0.027
Posterior Predictive P-Value ~ (0.990)  (0.000)  (0.971)  (0.603)
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Table S5: Group Prevalence Model: Posterior Predictive P-Values for All Subpopulations Based on Other
Attributes (McCarty et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 54+
AIDS Observed Proportion 0.860 0.078 0.052 0.010
Posterior Mean Proportion 0.709 0.219 0.071 0.000
Posterior Predictive P-Value (0.007) (0.998) (0.867) (0.000)
Adopted child Observed Proportion 0.792 0.159 0.043 0.006
Posterior Mean Proportion 0.754 0.195 0.051 0.000
Posterior Predictive P-Value (0.000) (1.000) (0.995) (0.000)
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.542 0.283 0.170 0.006
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.157 0.210 0.442 0.190
Posterior Predictive P-Value  (0.014)  (0.282)  (0.508)  (0.998)
Dialysis Observed Proportion 0.745 0.177 0.068 0.010
Posterior Mean Proportion 0.611 0.263 0.124 0.002
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Gave birth Observed Proportion 0.198 0.165 0.441 0.196
Posterior Mean Proportion 0.142 0.199 0.442 0.216
Posterior Predictive P-Value (0.000) (0.998) (0.561) (0.989)
Gun dealers Observed Proportion 0.804 0.110 0.069 0.017
Posterior Mean Proportion 0.657 0.244 0.098 0.001
Posterior Predictive P-Value (0.000) (1.000) (0.999) (0.000)
Homicide victim Observed Proportion 0.897 0.062 0.033 0.007
Posterior Mean Proportion 0.801 0.165 0.034 0.000
Posterior Predictive P-Value (0.000) (1.000) (0.505) (0.000)
Jaycees Observed Proportion 0.781 0.062 0.102 0.054
Posterior Mean Proportion 0.433 0.298 0.251 0.018
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Male in prison Observed Proportion 0.710 0.144 0.107 0.039
Posterior Mean Proportion 0.466 0.295 0.226 0.013
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Native Americans Observed Proportion 0.500 0.176 0.202 0.121
Posterior Mean Proportion 0.156 0.208 0.442 0.194
Posterior Predictive P-Value (0.000) (0.998) (1.000) (1.000)
Opened business Observed Proportion 0.554 0.234 0.186 0.026
Posterior Mean Proportion 0.434 0.298 0.251 0.017
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.015)
Postal Workers Observed Proportion 0.388 0.242 0.293 0.077
Posterior Mean Proportion 0.250 0.265 0.396 0.089
Posterior Predictive P-Value (0.000) (0.980) (1.000) (0.962)
Suicide Observed Proportion 0.864 0.101 0.032 0.003
Posterior Mean Proportion 0.829 0.146 0.025 0.000
Posterior Predictive P-Value (0.003) (1.000) (0.111) (0.000)
Twins Observed Proportion 0.292 0.236 0.410 0.062
Posterior Mean Proportion 0.278 0.276 0.375 0.071
Posterior Predictive P-Value (0.145) (1.000) (0.002) (0.926)
Vehicle death Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.639 0.252 0.108 0.001
Posterior Predictive P-Value (0.000) (1.000) (0.278) (0.000)
Widows Observed Proportion 0.388 0.203 0.284 0.125
Posterior Mean Proportion 0.172 0.220 0.438 0.170
Posterior Predictive P-Value  (0.000)  (0.930)  (1.000)  (1.000)
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Subpopulations (McCarty et al. Data)
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Table S6: Barrier Effects Model: Posterior Predictive P-Values for All First-Name Subpopulations (McCarty
et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 5+

Anthony Observed Proportion 0.370 0.299 0.287 0.045
Posterior Mean Proportion 0.402 0.240 0.300 0.058
Posterior Predictive P-Value  (0.977)  (0.000) (0.823) (0.974)

Christina Observed Proportion 0.392 0.322 0.255 0.031
Posterior Mean Proportion 0.423 0.261 0.284 0.033
Posterior Predictive P-Value  (0.974)  (0.000) (0.980) (0.631)

Christopher  Observed Proportion 0.306 0.350 0.284 0.060
Posterior Mean Proportion 0.357 0.250 0.331 0.062
Posterior Predictive P-Value  (1.000)  (0.000) (1.000) (0.621)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.173 0.187 0.414 0.227
Posterior Predictive P-Value  (1.000)  (0.000)  (0.025)  (0.999)

Jacqueline Observed Proportion 0.586 0.272 0.132 0.010
Posterior Mean Proportion 0.591 0.248 0.157 0.005
Posterior Predictive P-Value  (0.606)  (0.038) (0.984)  (0.016)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.211 0.189 0.381 0.219
Posterior Predictive P-Value  (0.960)  (0.000)  (0.090)  (0.999)

Jennifer Observed Proportion 0.259 0.297 0.354 0.091
Posterior Mean Proportion 0.310 0.223 0.351 0.116
Posterior Predictive P-Value  (1.000)  (0.000)  (0.443)  (0.998)

Kimberly Observed Proportion 0.361 0.345 0.255 0.039
Posterior Mean Proportion 0.391 0.273 0.303 0.033
Posterior Predictive P-Value  (0.968)  (0.000)  (1.000)  (0.135)

Michael Observed Proportion 0.098 0.153 0.464 0.284
Posterior Mean Proportion 0.149 0.147 0.354 0.350
Posterior Predictive P-Value  (1.000)  (0.307)  (0.000)  (1.000)

Nicole Observed Proportion 0.459 0.312 0.202 0.027
Posterior Mean Proportion 0.470 0.260 0.248 0.021
Posterior Predictive P-Value  (0.720)  (0.000)  (1.000) (0.102)

Robert Observed Proportion 0.120 0.220 0.429 0.231
Posterior Mean Proportion 0.176 0.164 0.367 0.293
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (1.000)

Stephanie Observed Proportion 0.357 0.356 0.261 0.026
Posterior Mean Proportion 0.373 0.303 0.303 0.021
Posterior Predictive P-Value  (0.854)  (0.000) (0.999) (0.122)
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Table S7: Barrier Effects Model:
Attributes (McCarty et al. Data)

Posterior Predictive P-Values for All Subpopulations Based on Other

Response Category

Subgroup Quantity 0 1 2-4 54+
AIDS Observed Proportion 0.860 0.078 0.052 0.010
Posterior Mean Proportion 0.865 0.063 0.055 0.017
Posterior Predictive P-Value (0.685) (0.023) (0.999) (0.010)
Adopted child Observed Proportion 0.792 0.159 0.043 0.006
Posterior Mean Proportion 0.799 0.134 0.065 0.002
Posterior Predictive P-Value (0.656) (0.047) (0.660) (0.942)
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.720 0.128 0.121 0.031
Posterior Predictive P-Value (0.970) (0.000) (0.997) (0.997)
Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.261 0.183 0.339 0.217
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (1.000)
Dialysis Observed Proportion 0.745 0.177 0.068 0.010
Posterior Mean Proportion 0.771 0.110 0.097 0.022
Posterior Predictive P-Value (0.944) (0.000) (1.000) (0.995)
Gave birth Observed Proportion 0.198 0.165 0.441 0.196
Posterior Mean Proportion 0.240 0.177 0.342 0.241
Posterior Predictive P-Value (1.000) (0.842) (0.000) (1.000)
Gun dealers Observed Proportion 0.804 0.110 0.069 0.017
Posterior Mean Proportion 0.810 0.092 0.079 0.018
Posterior Predictive P-Value (0.648) (0.047) (0.890) (0.623)
Homicide victim Observed Proportion 0.897 0.062 0.033 0.007
Posterior Mean Proportion 0.899 0.052 0.040 0.008
Posterior Predictive P-Value (0.573) (0.101) (0.864) (0.670)
Jaycees Observed Proportion 0.781 0.062 0.102 0.054
Posterior Mean Proportion 0.779 0.074 0.083 0.064
Posterior Predictive P-Value (0.443) (0.926) (0.017) (0.881)
Male in prison Observed Proportion 0.710 0.144 0.107 0.039
Posterior Mean Proportion 0.728 0.105 0.112 0.054
Posterior Predictive P-Value (0.865) (0.000) (0.679) (0.973)
Native Americans Observed Proportion 0.500 0.176 0.202 0.121
Posterior Mean Proportion 0.551 0.111 0.149 0.189
Posterior Predictive P-Value (0.999) (0.000) (0.000) (1.000)
Opened business Observed Proportion 0.554 0.234 0.186 0.026
Posterior Mean Proportion 0.589 0.179 0.188 0.044
Posterior Predictive P-Value (0.984) (0.000) (0.567) (1.000)
Postal Workers Observed Proportion 0.388 0.242 0.293 0.077
Posterior Mean Proportion 0.459 0.173 0.237 0.132
Posterior Predictive P-Value (1.000) (0.000) (0.000) (1.000)
Suicide Observed Proportion 0.864 0.101 0.032 0.003
Posterior Mean Proportion 0.863 0.097 0.040 0.001
Posterior Predictive P-Value (0.451) (0.354) (0.906) (0.040)
Twins Observed Proportion 0.292 0.236 0.410 0.062
Posterior Mean Proportion 0.324 0.244 0.352 0.080
Posterior Predictive P-Value (0.975) (0.716) (0.000) (0.988)
Vehicle death Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.734 0.148 0.108 0.010
Posterior Predictive P-Value (0.304) (0.816) (0.350) (0.668)
Widows Observed Proportion 0.388 0.203 0.284 0.125
Posterior Mean Proportion 0.448 0.144 0.211 0.197
Posterior Predictive P-Value  (0.999)  (0.000)  (0.000)  (1.000)
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Figure S5: Barrier Effects Model: Observed and Simulated Distributions of Reports for All First-Name

Subpopulations (McCarty et al. Data)
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Table S8: Double Poisson Model: Posterior Predictive P-Values for All First-Name Subpopulations (McCarty
et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 5+

Anthony Observed Proportion 0.370 0.299 0.287 0.045
Posterior Mean Proportion 0.376 0.245 0.322 0.057
Posterior Predictive P-Value  (0.681)  (0.000)  (0.996)  (0.968)

Christina Observed Proportion 0.392 0.322 0.255 0.031
Posterior Mean Proportion 0.410 0.262 0.293 0.035
Posterior Predictive P-Value  (0.885)  (0.000)  (1.000)  (0.785)

Christopher  Observed Proportion 0.306 0.350 0.284 0.060
Posterior Mean Proportion 0.351 0.247 0.337 0.065
Posterior Predictive P-Value  (0.998)  (0.000)  (1.000)  (0.746)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.204 0.179 0.391 0.226
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (1.000)

Jacqueline Observed Proportion 0.586 0.272 0.132 0.010
Posterior Mean Proportion 0.566 0.273 0.157 0.004
Posterior Predictive P-Value  (0.095)  (0.520)  (0.981)  (0.002)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.224 0.179 0.379 0.218
Posterior Predictive P-Value  (0.995)  (0.000)  (0.069)  (0.999)

Jennifer Observed Proportion 0.259 0.297 0.354 0.091
Posterior Mean Proportion 0.308 0.214 0.359 0.119
Posterior Predictive P-Value  (0.999)  (0.000) (0.638)  (0.998)

Kimberly Observed Proportion 0.361 0.345 0.255 0.039
Posterior Mean Proportion 0.393 0.269 0.302 0.036
Posterior Predictive P-Value  (0.986)  (0.000)  (1.000)  (0.304)

Michael Observed Proportion 0.098 0.153 0.464 0.284
Posterior Mean Proportion 0.181 0.136 0.336 0.347
Posterior Predictive P-Value  (1.000)  (0.051)  (0.000)  (1.000)

Nicole Observed Proportion 0.459 0.312 0.202 0.027
Posterior Mean Proportion 0.447 0.273 0.258 0.022
Posterior Predictive P-Value  (0.229)  (0.001)  (1.000)  (0.096)

Robert Observed Proportion 0.120 0.220 0.429 0.231
Posterior Mean Proportion 0.199 0.153 0.355 0.293
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (1.000)

Stephanie Observed Proportion 0.357 0.356 0.261 0.026
Posterior Mean Proportion 0.395 0.289 0.289 0.027
Posterior Predictive P-Value ~ (0.990)  (0.000)  (0.985)  (0.641)
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Table S9: Double Poisson Model:
Attributes (McCarty et al. Data)

Posterior Predictive P-Values for All Subpopulations Based on Other

Response Category

Subgroup Quantity 0 1 2-4 54+
AIDS Observed Proportion 0.860 0.078 0.052 0.010
Posterior Mean Proportion 0.672 0.220 0.107 0.002
Posterior Predictive P-Value (0.003) (1.000) (0.803) (0.000)
Adopted child Observed Proportion 0.792 0.159 0.043 0.006
Posterior Mean Proportion 0.752 0.198 0.049 0.000
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.533 0.227 0.220 0.020
Posterior Predictive P-Value (0.000) (0.995) (1.000) (0.817)
Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.263 0.168 0.341 0.228
Posterior Predictive P-Value  (1.000)  (0.000)  (0.000)  (1.000)
Dialysis Observed Proportion 0.745 0.177 0.068 0.010
Posterior Mean Proportion 0.584 0.231 0.176 0.009
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.299)
Gave birth Observed Proportion 0.198 0.165 0.441 0.196
Posterior Mean Proportion 0.247 0.162 0.340 0.250
Posterior Predictive P-Value (1.000) (0.385) (0.000) (1.000)
Gun dealers Observed Proportion 0.804 0.110 0.069 0.017
Posterior Mean Proportion 0.631 0.233 0.132 0.003
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.000)
Homicide victim Observed Proportion 0.897 0.062 0.033 0.007
Posterior Mean Proportion 0.788 0.173 0.039 0.000
Posterior Predictive P-Value (0.000) (1.000) (0.812) (0.000)
Jaycees Observed Proportion 0.781 0.062 0.102 0.054
Posterior Mean Proportion 0.461 0.209 0.271 0.059
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.723)
Male in prison Observed Proportion 0.710 0.144 0.107 0.039
Posterior Mean Proportion 0.483 0.218 0.258 0.041
Posterior Predictive P-Value (0.000) (1.000) (1.000) (0.623)
Native Americans Observed Proportion 0.500 0.176 0.202 0.121
Posterior Mean Proportion 0.295 0.130 0.252 0.323
Posterior Predictive P-Value (0.000) (0.000) (1.000) (1.000)
Opened business Observed Proportion 0.554 0.234 0.186 0.026
Posterior Mean Proportion 0.467 0.231 0.265 0.037
Posterior Predictive P-Value (0.000) (0.404) (1.000) (0.975)
Postal Workers Observed Proportion 0.388 0.242 0.293 0.077
Posterior Mean Proportion 0.355 0.179 0.308 0.158
Posterior Predictive P-Value (0.010) (0.000) (0.867) (1.000)
Suicide Observed Proportion 0.864 0.101 0.032 0.003
Posterior Mean Proportion 0.857 0.128 0.015 0.000
Posterior Predictive P-Value (0.292) (0.990) (0.000) (0.000)
Twins Observed Proportion 0.292 0.236 0.410 0.062
Posterior Mean Proportion 0.331 0.233 0.351 0.085
Posterior Predictive P-Value (1.000) (0.394) (0.000) (0.998)
Vehicle death Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.629 0.245 0.124 0.002
Posterior Predictive P-Value (0.000) (1.000) (0.849) (0.000)
Widows Observed Proportion 0.388 0.203 0.284 0.125
Posterior Mean Proportion 0.306 0.147 0.283 0.264
Posterior Predictive P-Value  (0.000)  (0.000)  (0.465)  (1.000)
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Figure S7: Double Poisson Model: Observed and Simulated Distributions of Reports for All First-Name

Subpopulations (McCarty et al. Data)
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Figure S8: Double Poisson Model: Observed and Simulated Distributions of Reports for All Subpopulations
Based on Other Attributes (McCarty et al. Data)
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Table S10: One-Inflated Negative Binomial Model: Posterior Predictive P-Values for All First-Name Subpop-
ulations (McCarty et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 5+

Anthony Observed Proportion 0.370 0.299 0.287 0.045
Posterior Mean Proportion 0.382 0.293 0.265 0.060
Posterior Predictive P-Value  (0.773)  (0.372)  (0.076)  (0.988)

Christina Observed Proportion 0.392 0.322 0.255 0.031
Posterior Mean Proportion 0.404 0.314 0.246 0.036
Posterior Predictive P-Value  (0.762)  (0.322)  (0.276)  (0.791)

Christopher  Observed Proportion 0.306 0.350 0.284 0.060
Posterior Mean Proportion 0.322 0.342 0.270 0.066
Posterior Predictive P-Value  (0.860)  (0.337)  (0.198)  (0.765)

David Observed Proportion 0.128 0.247 0.445 0.180
Posterior Mean Proportion 0.165 0.222 0.389 0.224
Posterior Predictive P-Value ~ (0.999)  (0.060)  (0.000)  (1.000)

Jacqueline Observed Proportion 0.586 0.272 0.132 0.010
Posterior Mean Proportion 0.583 0.268 0.143 0.006
Posterior Predictive P-Value  (0.439)  (0.396) (0.820)  (0.055)

James Observed Proportion 0.189 0.229 0.402 0.181
Posterior Mean Proportion 0.207 0.210 0.364 0.218
Posterior Predictive P-Value  (0.932)  (0.116)  (0.010)  (0.998)

Jennifer Observed Proportion 0.259 0.297 0.354 0.091
Posterior Mean Proportion 0.289 0.283 0.311 0.117
Posterior Predictive P-Value  (0.981)  (0.221)  (0.002)  (0.997)

Kimberly Observed Proportion 0.361 0.345 0.255 0.039
Posterior Mean Proportion 0.366 0.339 0.260 0.035
Posterior Predictive P-Value  (0.613)  (0.358)  (0.608)  (0.285)

Michael Observed Proportion 0.098 0.153 0.464 0.284
Posterior Mean Proportion 0.154 0.153 0.346 0.348
Posterior Predictive P-Value  (1.000)  (0.487)  (0.000)  (1.000)

Nicole Observed Proportion 0.459 0.312 0.202 0.027
Posterior Mean Proportion 0.453 0.307 0.216 0.024
Posterior Predictive P-Value  (0.379)  (0.383)  (0.819)  (0.263)

Robert Observed Proportion 0.120 0.220 0.429 0.231
Posterior Mean Proportion 0.174 0.189 0.347 0.289
Posterior Predictive P-Value  (1.000)  (0.037)  (0.000)  (1.000)

Stephanie Observed Proportion 0.357 0.356 0.261 0.026
Posterior Mean Proportion 0.355 0.349 0.273 0.022
Posterior Predictive P-Value  (0.457) (0.343)  (0.792) (0.214)
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Table S11: One-Inflated Negative Binomial Model: Posterior Predictive P-Values for All Subpopulations
Based on Other Attributes (McCarty et al. Data)

Response Category

Subgroup Quantity 0 1 2-4 54+
AIDS Observed Proportion 0.860 0.078 0.052 0.010
Posterior Mean Proportion 0.860 0.082 0.040 0.018
Posterior Predictive P-Value (0.496) (0.374) (0.790) (0.098)
Adopted child Observed Proportion 0.792 0.159 0.043 0.006
Posterior Mean Proportion 0.792 0.154 0.050 0.003
Posterior Predictive P-Value (0.535) (0.657) (0.038) (0.970)
Comm. pilots Observed Proportion 0.689 0.198 0.096 0.016
Posterior Mean Proportion 0.695 0.197 0.075 0.034
Posterior Predictive P-Value (0.624) (0.438) (0.008) (1.000)
Diabetes Observed Proportion 0.179 0.217 0.442 0.162
Posterior Mean Proportion 0.257 0.209 0.319 0.216
Posterior Predictive P-Value  (1.000)  (0.279)  (0.000)  (1.000)
Dialysis Observed Proportion 0.745 0.177 0.068 0.010
Posterior Mean Proportion 0.749 0.176 0.051 0.025
Posterior Predictive P-Value (0.586) (0.467) (0.017) (1.000)
Gave birth Observed Proportion 0.198 0.165 0.441 0.196
Posterior Mean Proportion 0.245 0.182 0.333 0.241
Posterior Predictive P-Value (1.000) (0.923) (0.000) (0.999)
Gun dealers Observed Proportion 0.804 0.110 0.069 0.017
Posterior Mean Proportion 0.805 0.112 0.063 0.020
Posterior Predictive P-Value (0.532) (0.558) (0.244) (0.771)
Homicide victim Observed Proportion 0.897 0.062 0.033 0.007
Posterior Mean Proportion 0.898 0.062 0.031 0.010
Posterior Predictive P-Value (0.525) (0.486) (0.353) (0.754)
Jaycees Observed Proportion 0.781 0.062 0.102 0.054
Posterior Mean Proportion 0.779 0.078 0.080 0.063
Posterior Predictive P-Value (0.450) (0.967) (0.011) (0.847)
Male in prison Observed Proportion 0.710 0.144 0.107 0.039
Posterior Mean Proportion 0.717 0.146 0.084 0.053
Posterior Predictive P-Value (0.665) (0.531) (0.015) (0.964)
Native Americans Observed Proportion 0.500 0.176 0.202 0.121
Posterior Mean Proportion 0.531 0.179 0.120 0.170
Posterior Predictive P-Value (0.957) (0.543) (0.000) (1.000)
Opened business Observed Proportion 0.554 0.234 0.186 0.026
Posterior Mean Proportion 0.568 0.234 0.151 0.047
Posterior Predictive P-Value (0.785) (0.487) (0.003) (0.998)
Postal Workers Observed Proportion 0.388 0.242 0.293 0.077
Posterior Mean Proportion 0.432 0.241 0.200 0.127
Posterior Predictive P-Value (0.994) (0.457) (0.000) (1.000)
Suicide Observed Proportion 0.864 0.101 0.032 0.003
Posterior Mean Proportion 0.863 0.101 0.035 0.001
Posterior Predictive P-Value (0.454) (0.470) (0.706) (0.117)
Twins Observed Proportion 0.292 0.236 0.410 0.062
Posterior Mean Proportion 0.328 0.248 0.343 0.082
Posterior Predictive P-Value (0.991) (0.807) (0.000) (0.995)
Vehicle death Observed Proportion 0.742 0.137 0.113 0.008
Posterior Mean Proportion 0.736 0.150 0.104 0.010
Posterior Predictive P-Value (0.346) (0.859) (0.190) (0.710)
Widows Observed Proportion 0.388 0.203 0.284 0.125
Posterior Mean Proportion 0.429 0.204 0.181 0.186
Posterior Predictive P-Value  (0.995)  (0.522)  (0.000)  (1.000)
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Figure S9: One-Inflated Negative Binomial Model: Observed and Simulated Distributions of Reports for All
First-Name Subpopulations (McCarty et al. Data)
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Figure S10: One-Inflated Negative Binomial Model: Observed and Simulated Distributions of Reports for All
Subpopulations Based on Other Attributes (McCarty et al. Data)
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