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Figure 8. Goodness-of-Fit Plots: “School 18”

Notes: Th e fi rst row depicts the demographic attribute (DA) model. Th e second row represents the triad closure (TC) model. 
Th e third row represents the full model.
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Hispanic students to be assortative, it appears necessary but not suffi cient that the student 
body is otherwise largely non-Hispanic white.

Goodness of fi t. We present an example of goodness-of-fi t plots for one school in Figure 
8. Each plot compares the observed data to 100 simulated networks (generated from a given 
ERG model and its estimated coeffi cients) for a given network statistic. The three rows 
represent the DA, TC, and full models, respectively; the three columns represent the three 
statistics that we compare. In each case, the dark solid line represents a given statistic from 
School 18, while the boxplots represent the same statistic for the 100 simulated networks. 

The fi rst plot in each row shows the degree distribution, tabulated across all actors in 
the network. By including sociality terms in two of our models, we were in effect modeling 
mean sociality by category; but we did not explicitly consider the full degree distribution, 
one of the most heavily studied features of network data. The second plot in each row rep-
resents the distribution of shared partners (number of friends in common) tabulated across 
all friendship pairs; this provides a sense of the level and scale of clustering. Our GWESP 
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term is a parametric version of this distribution, guaranteed to capture its mean; like degree, 
however, there is no guarantee that our models will fi t the full distribution. The third plot 
considers a higher-order network statistic that is not directly related to any of the model 
terms: the distribution of geodesic distances. Geodesic distances are the pairwise path 
distances between students (friends are distance 1, friends of friends who are not friends 
directly are distance 2, and so on). This distribution can vary substantially across networks 
and is often used to gauge the diffusion potential of a network. 

The school illustrated in Figure 8 typifi es the qualitative trends seen in these plots across 
the schools for our three models. For all schools, the DA model sharply underestimates the 
observed numbers of shared partners; selective mixing is never suffi cient to capture friend-
ship clustering. On the other hand, the TC model rarely captures geodesic distances well, 
generally overestimating the number of people reachable by short (length 2–5) paths and 
underestimating those unreachable or reachable only by long paths. The full model comes 
close to matching all higher-order statistics in some smaller schools. In the larger schools, 
it does not perfectly match the data, but it comes closer to the full set of goodness-of-fi t 
metrics than any partial models. We return to model fi t in the Discussion section.

DISCUSSION
Our analysis of adolescent friendship networks reveals evidence that both selective mixing 
and triad closure operate across a wide range of sociodemographic settings to structure the 
process of mutual friendship formation. These processes interact, generating a complex set 
of effects. The attributes of grade and sex always generate both strong assortative mixing 
and within-category triad closure. The effects of race vary: white, black, and Asian stu-
dents typically exhibit assortative mixing and within-category triad closure, representing 
structural cohesion within their subpopulations, but other categories are more complicated. 
Hispanic students (by far the most numerous of remaining categories) can display random 
(i.e., unbiased) or even disassortative mixing. Even when Hispanics exhibit assortative 
mixing, it is often coupled with a relative lack of within-category triad closure, reducing 
their higher-order cohesion. 

We also fi nd that the higher-order processes governing friendship formation can de-
pend on the school’s overall demographic profi le. For example, the extent of Hispanic 
cohesion appears to be partly shaped by the homogeneity of the school’s non-Hispanic 
population: the more homogeneous the non-Hispanic population, the more cohesive the 
Hispanic friendships. Similarly, the strength of assortative mixing for whites is inversely 
related to their relative share of the student body: the more they are in the minority, the 
more segregated their friendships become. This relation does not hold for blacks: assorta-
tive mixing is strongest for blacks when they compose an intermediate proportion of the 
population. Perhaps blacks are less assortative than whites when they are a small minority 
because this status is familiar to them. 

Although the models we examined reproduce structural features in the observed 
 networks relatively well, the lack of fi t for some features suggests directions for future 
investigation. Chief among these directions is consideration of attribute-specifi c triad clo-
sure. Our method of comparing coeffi cients from two models provided indirect evidence 
that triad closure differs by category, but this could be examined directly with a model 
that includes attribute-specifi c GWESP statistics. Another direction is modeling the prev-
alence of students having no reciprocated friendships. Our models reproduce the observed 
distribution of mutual friendship counts per person surprisingly well, given that they in-
clude only terms for category-specifi c mean sociality. But they consistently underestimate 
the proportion of actors with no reciprocated friendships. One could capture this tendency 
for social isolation with a single term for number of actors of degree 0. This would iden-
tify the cross-school variation in the preponderance of loners beyond that expected and 
may improve other aspects of model fi t, but it would provide little insight into the factors 
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that produce social isolation. Additional models and data could help clarify these factors, 
as well as determine whether some of this reported social isolation actually stems from 
item nonresponse.

The full model also does not capture the social distance structure of the friendship net-
works for larger schools. These networks are more “stretched out” than the models predicted, 
with more actors reachable only by very long paths (as seen in the last panel of Figure 8). 
This may be because we modeled cross-grade ties homogeneously, while the data suggest 
that the greater the difference in grade, the less likely students are to become friends. An 
additional term capturing absolute difference in grade would capture this effect and likely 
improve the fi t to the social distance distribution. Including an effect for mixing by school 
(i.e., across- vs. within-school) for the multischool school groups would also likely help. 

Another area for future work is to also consider unreciprocated friendship nominations. 
It is hard to predict how the structure of such relations would differ from those we observe 
here, but comparing the two in transitivity, for instance, would give us a richer overall pic-
ture of friendship formation. It would also allow for investigation of mutuality and hierar-
chy in networks simultaneously with the processes we have considered here. Moody (2001) 
considered some of these effects for the Add Health data, albeit in the pseudolikelihood 
framework; reexamining those processes using the likelihood methods now available for 
ERG models, while also taking account of missing data, would be an important next step.

One further avenue is to formalize the analysis of the effects of macro-level variables, 
such as network size or composition on ERG model coeffi cients across schools. To do so, 
one could in theory employ hierarchical linear modeling techniques; developing formal 
methods for applying this framework to ERG coeffi cients is an area for future research.

Our modeling goal here was to move beyond network description to uncover the 
generative processes that underlie network formation. We believe that the ERG model-
ing framework offers a general set of tools to aid in this goal, and the Add Health survey 
(with 59 replicate schools) has a unique structure for exploiting these new capabilities. By 
focusing on relatively exogenous personal attributes (race, sex, and grade), we were able 
to identify some of the demographic correlates of friendship formation and to rule out the 
kind of endogenous feedback processes between friendship choices and personal attributes 
found in other contexts. By estimating all models within the relatively small units of 
schools, we were able to get closer to ensuring that all pairs of students are equally able to 
form friendships, so their choices are less confounded by gross heterogeneities in opportu-
nity. By simultaneously estimating effects at the individual, dyadic, and triadic levels, we 
were able to disentangle the effects of each process from the others. This analysis moves 
us closer to quantitatively comparing the strength of effects within and across the levels on 
which student friendship preferences operate. 

What this particular analysis cannot do is provide estimates of actual friendship pref-
erences among students. Part of this is due to the simplicity of the models we examine, 
but the real limitation is data. For example, the strong grade homophily we observe prob-
ably refl ects the opportunity structure of grade-segregated classrooms as much as, if not 
more than, student preferences for friends in the same grade. The patterns of mixing by 
race also refl ect a combination of opportunity and preference, since schools rarely offer 
a full range of potential friends of every race. In general, it is very diffi cult to distinguish 
preference from opportunity in a cross-sectional observational network study (Feld 1981, 
1982; McPherson and Smith-Lovin 1987), though it is worth noting that this limitation is 
not unique to network data. Experimental data are required to observe the preferences that 
guide friendship choice; there, preferences may be revealed by design. The ERG modeling 
tools can be used for analyzing such experimental data, and the coeffi cients would then 
have a simpler preference interpretation.

The ERG modeling framework places the statistical analysis of networks on a solid and 
accessible footing, giving researchers a powerful new tool for understanding the  micro-level 
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processes governing the relational structure of populations. The models can incorporate de-
mographic determinants of social relations, along with a wide range of endogenous network 
processes. The issue of model degeneracy has been identifi ed and analyzed, removing the 
obstacle to full likelihood estimation that hobbled these models for over a decade. And the 
computationally intensive algorithm used for parameter estimation has the benefi t of also 
providing a method for generating simulated networks, both cross-sectional and dynamic. 
Additional issues remain to be solved, such as the handling of missing and sampled net-
work data, but progress is being made on this and other methodological fronts (see Gile and 
Handcock 2006). The result is that population scientists now have a set of general tools for 
inferring from the relational structure of a population the social and demographic processes 
that generated it.
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