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Social Influence and the Autism Epidemic1

Ka-Yuet Liu, Marissa King, and Peter S. Bearman
Columbia University

Despite a plethora of studies, we do not know why autism incidence
has increased rapidly over the past two decades. Using California
data, this study shows that children living very close to a child
previously diagnosed with autism are more likely to be diagnosed
with autism. An underlying social influence mechanism involving
information diffusion drives this result, contributing to 16% of the
increase in prevalence over 2000–2005. We eliminate competing
explanations (i.e., residential sorting, environmental toxicants, and
viral transmission) through seven tests and show that information
diffusion simultaneously contributed to the increased prevalence,
spatial clustering, and decreasing age of diagnosis.

INTRODUCTION

Autism is a developmental disorder characterized by impairments in social
interaction and communication, often accompanied by stereotypical or
repetitive behaviors. As there are no definitive biological markers for the
vast majority of cases, diagnosis relies on the recognition of a range of
behavioral symptoms that vary greatly from case to case, that are in-
creasingly heterogeneous, that are more difficult to isolate because age of
diagnosis has declined, and that overlap with those of other childhood
neuropsychiatric disorders. Despite hundreds of studies, we still do not
know why autism incidence increased rapidly during the 1990s (Croen et
al. 2002) or why increased incidence is associated with marked spatial
clustering (Mazumdar et al. 2010). In this article, we identify a central
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mechanism that yields the increased prevalence and spatial clustering of
measured autism and the decreasing age of diagnosis.

Substantial resources flow to families for the treatment of children di-
agnosed with autism—significantly more than for other childhood neu-
ropsychiatric and developmental disorders.2 But in order to secure these
resources for their children, parents have to recognize the behavioral
symptoms of autism, identify and reach a physician capable of identifying
autism, and learn how to navigate the complex world of state develop-
mental service departments, school systems, and other service vendors.
Obviously, this knowledge is achieved, not ascribed. Anecdotal evidence
indicates that one of the ways in which parents learn how to navigate
the world of autism is from other parents (Grinker 2007). In other areas
of health and medicine, the influence of community-based interpersonal
social networks on individuals’ recognition and response to the onset of
symptoms has been well documented (see Pescosolido and Levy [2002]
and Rogers [2003] for reviews). It follows that parental awareness of
autism and knowledge about strategies to secure resources for their chil-
dren is likely to depend strongly on social interactions within the local
social networks in which families are embedded (Pescosolido 1992). These
social networks arise out of focal points for interaction that are centered
in neighborhoods—from close neighbors to neighborhood parks, stores,
and preschools (Feld 1981; Feld and Grofman 2009).

In this article, we show that children living in very close proximity to
a child previously diagnosed with autism are significantly more likely to
be diagnosed with autism than are comparable children who lack such
exposure.3 This fact could arise from four main sources: from shared
toxicants, through the diffusion of a virus, as a by-product of neighbor-
hood selection, or through the diffusion of information about autism

2 It is estimated to cost about $3.2 million to provide care for a person with autism
over his or her lifetime, and caring for all people with autism in the United States
costs roughly $35 billion per year. When only school costs are considered, the average
per-pupil expenditures for people with autism was $18,000, compared with $12,500
for other special education students (GAO 2006).
3 Children in our sample are diagnosed with autism between the ages of two and six,
and they live with their parents when this occurs. Consequently, one could alternatively
say that parents of children age two to six living in very close proximity to other
parents with a child in the same age range previously diagnosed with autism are
significantly more likely to have their children diagnosed with autism than are com-
parable parents who lack such exposure. The mechanism under study in this article
focuses on parental interactions, not interactions among children, and the formulation
we use—children living in close proximity to other children—is selected for brevity of
expression.
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through social networks.4 First, an environmental toxicant could be as-
sociated with increased risk of autism, and so a shared toxicological en-
vironment could create similar risks to children living near one another.
This would be an environmental effect, if present. Second, the effect could
be caused by the diffusion of a virus that was associated with autism
either directly or indirectly by altering maternal immune response during
pregnancy (Ashwood and Van de Water 2004), the period most important
to neurological development (Grandjean and Landrigan 2006). Indepen-
dent of the specific mechanism, this would be a viral effect, if present. A
third mechanism could be compositional—specifically, known risk factors
for autism may cluster within neighborhoods through selection dynamics.
If parents at greater risk for a child with autism selected a particular kind
of neighborhood to reside in, selection would account for the microlevel
spatial clustering of autism. In fact, residential selection and sorting mech-
anisms do induce clustering on many risk factors for autism—this is the
case for socioeconomic status, parental age, and access to health-care
resources—all of which structure residential choices and are associated
with autism (Massey and Denton 2001; Morenoff 2003; King and Bearman
2009b).5 Finally, meeting children with autism and having discussions with
parents of children with autism could lead parents (of children not di-
agnosed with autism) to observe behavioral symptoms consistent with
autism, to learn how to effectively identify and reach a physician, and to
learn how to access and subsequently navigate services and service agen-
cies. If these dynamics were at play, this would be a social influence effect.

There is widespread recognition in everyday circles that the measured
prevalence of autism has increased dramatically over the past two de-
cades. Nationwide, the prevalence of autism has increased from 4 cases
per 10,000 people in 1989 to 67 cases per 10,000 people in 2000 (Ritvo et
al. 1989; CDC 2007). In California—where autism prevalence is lower
than the national average—the number of autism cases handled by the
California Department of Developmental Services increased 634% be-
tween 1987 and 2003 (California Department of Developmental Services
2003). Whether these increases signify an “epidemic” or an “epidemic of
discovery” (Grinker 2007) can be debated, but what is not really debatable
is that the increase in autism incidence is very large, people now think
about autism as part of the developmental landscape, and information

4 Also for the sake of brevity, we use the term “virus” throughout this article to refer
to any infectious agent (e.g., bacteria, protozoa) that could be spread between persons
in close proximity.
5 If information exchange is a core mechanism by which autism diagnoses diffuse across
persons—as we show here—then these risk factors (many of which are not associated
with a clear mechanism for “getting under the skin”) could be purely artifactual, which
we suspect to be the case.
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about autism treatments and causes is now widespread.6 It is perhaps
simple enough to say that beyond the stratospheric discussions of aca-
demics, autism increasingly appears in the everyday life of American
families. Every hour in the United States, three children are diagnosed
with autism.

Consequently, disentangling these competing accounts—whether the
increase in measured prevalence, the spatial clustering of autism cases,
and the shifting distribution of case severity arise from social influence,
toxicological change, or viral transmission—is more than a simple intel-
lectual exercise. In this article, we design a data structure and a series of
critical tests to disentangle these explanations. To anticipate the main
finding, our observations are consistent with a social influence process
and inconsistent with other explanations.

Diagnostic Ambiguity, Increased Attention, and the Difficulty of
Getting a Diagnosis

In the absence of unambiguous markers for autism, diagnosis is based
primarily on the recognition and interpretation of behavioral symptoms.
As autism incidence has increased, the behavioral symptoms associated
with an autism diagnosis have become increasingly heterogeneous (Eyal
et al., in press). As Eyal and others have noted, the increasing hetero-
geneity of autism is encoded in a series of diagnostic changes built into
the very idea of a spectrum. In the present context, symptoms vary widely
across the autism spectrum and overlap markedly with other neurode-
velopmental disorders.7 Making sense of the role that increasing hetero-
geneity—and diagnostic expansion—of autism has played in increasing
prevalence has become a cottage industry. King and Bearman (2009a)
show that roughly 25% of the increased caseload in California arises from
diagnostic change on the mental retardation (MR) pathway—specifically,
the accretion of autism diagnoses yielding autism-MR comorbidity. More
difficult is the estimation of the role that diagnostic expansion has played
on the less severe side of the spectrum.8 A disproportionate share of the
increased autism caseload in California (the setting from which our data

6 A Google search of “autism treatments” returns more than 2 million results, “autism
rates” returns over 4 million, and “autism” returns over 15 million.
7 In this article we consider only autism, not “autism spectrum disorders,” which also
include pervasive developmental disorder, not otherwise specified (PDD-NOS), As-
perger’s syndrome, and Rett’s disorder. Even within this more limited diagnostic frame-
work, symptom heterogeneity is marked.
8 We use the two concepts of “severity” and “functioning” as interchangeable here.
Thus, low severity is associated with high functioning, and vice versa.
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are drawn) arises from the tails of this distribution, most markedly on
the high-functioning tail.

If two decades ago the boundary between MR and autism was the most
blurred, this is now the case for the highest-functioning autism, which
diagnostically overlaps most with other disorders on the autism spec-
trum—PDD-NOS and Asperger’s syndrome—as well as learning disor-
ders more generally. Even where considerable scientific care is exercised
across multiple assessment tools, diagnostic ambiguity on the high end is
striking. Charman et al. (2009, p. 1236), for example, report that “within
our own study where all design and methodological factors are invariant,
our prevalence estimates varied by up to 4.5 times from the strictest to
the least demanding set of diagnostic criteria.” Thus, for both those on
the MR-autism border and those in the highest-functioning range, finding
the right diagnostician and accessing the right service providers are likely
strongly related to the probability of acquiring an autism diagnosis.

Children diagnosed with autism who have severe disability are more
similar to those whose primary diagnosis is (etiologically unknown) MR.
In our data, the symptom-expression overlap can be observed by noting
that the assessment scores for autism symptoms at first diagnosis for
individuals with only an MR diagnosis completely envelop those for in-
dividuals with a full-syndrome autism diagnosis. As with the high-func-
tioning end of the distribution, differential diagnosis between autism and
MR can be difficult, particularly in young children. Overlapping severity
scores (from observation of behavioral symptoms) at first diagnosis be-
tween autism and MR confirm the shady boundary for those children
whose MR—should it be diagnosed—is of unknown etiology. The fact
that diagnosis on the border can be difficult is compounded by differential
attention dynamics associated with MR and autism and differential ben-
efits arising for children with autism relative to those with MR (Goffman
1963; Link and Phelan 2001). While autism was highly stigmatized before
the 1970s, with increasing attention this situation appears to have changed
radically.

We know very little about the process by which autism diagnoses are
obtained, other than from a scattering of autobiographical accounts and
selective parent surveys. All of these, however, suggest that diagnoses can
be excruciatingly difficult to obtain.9 For instance, one decade-old survey
found that upon first consultation, parents of children with autism were
three times more likely to be told that there was “no problem [with their
child]” than to be given a diagnosis (Howlin and Moorf 1997). In the 10
years since that survey was administered, the situation has improved for

9 This could be a product of selection. Those who had an easy time would have less
interesting accounts and so less motivation to tell them.
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older children whose presentation at first diagnosis is most severe, which
suggests that the community and school-based ascertainment regime is
able to identify and secure treatment for children most affected by autism
(Howlin and Asgharian 1999; Eyal et al., in press). These developments
notwithstanding, parents of younger children whose presentation is less
clear rely on information from other parents as their most effective guides.
For example, one mother of young twins residing in California reported,
“My neighbor gave me the name of the only doctor in [town name deleted]
who would give my son an autism diagnosis” (personal correspondence,
February 10, 2008). This sentiment was echoed in numerous parent-based
autism support groups.

If parents now seek information to more efficiently secure a diagnosis
of autism, the historical pattern was the obverse. For several decades after
its initial identification in 1943, autism was thought to be the by-product
of the response of children to the double bind of cold and ineffective
parenting, a view initially promoted by Kanner (1949) and later by Bet-
telheim (1967) with the imagery of the “refrigerator mother.” Throughout
the 1950s and 1960s, whole generations of American parents of children
with autism suffered stigmatization (Bettelheim 1967). As noted earlier,
conversely and simultaneously, MR was losing much of its stigma as a
powerful advocacy movement took hold and garnered a wealth of re-
sources for people with MR. In this regard, MR advocates pioneered a
resource niche for people with developmental disabilities. Between 1948
and 1966, the number of children with MR in public school classrooms
increased by a factor of five because of the political and administrative
success of MR advocates in securing special education classes (Trent 1994).
In 1973, the Rehabilitation Act, a precursor to the Individuals with Dis-
abilities Education Act, guaranteed the right to an appropriate education
for people with a recognized disability, which included MR but not autism.
In addition, Medicaid and Medicare coverage, Supplemental Security In-
come, and a guarantee of services were secured (Eyal et al., in press).
While MR advocates were making progress in securing rights and benefits
for people with MR, virtually no resources were available to individuals
with autism. Autism was not excluded by omission—rather, MR advocates
worked hard to ensure that autism was disqualified from federal legis-
lation (Sullivan 1979).

With hindsight, we can recognize that autism was increasingly destig-
matized through the mobilization efforts of Bernard Rimland and the
National Society for Autistic Children (NSAC), whose work refuted psy-
chogenic theories of autism and set the stage for the research program
that would identify autism as a neurological disorder (Dolnick 1998).
Deploying mounting empirical evidence, NSAC was able to ensure that
autism was recognized in the Developmental Disability Act reauthor-
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ization. In the decades to follow, two processes already underway were
sewn up, allowing the autism and MR stigmas to reverse. First, autism
was successfully reclassified from a severe emotional disorder to a de-
velopmental disability. Second, resources directed to autism research and
treatment and care for individuals with autism expanded radically, fueled
both by increasing autism prevalence and an expanding advocacy effort.
For example, in 2006, the revenue raised by the largest autism advocacy
organization was nearly 10 times the funding reaped by the largest in-
tellectual disability organization, despite the higher prevalence of MR
($33 million vs. $3.4 million; National Center for Charitable Statistics
2008). In the research world, CDC funding of autism activities increased
from $2.1 million in 2000 to about $16.7 million in 2005 (GAO 2006), and
National Institutes of Health funding for autism increased more than
fourfold, from $22 million in 1997 to $108 million in 2007 (Nature 2007).
In contrast, total public financial support for MR increased only 16%
between 2000 and 2004 (Braddock 2007).

The relative destigmatization of autism and the enhanced resources
devoted to understanding autism etiology, treatment, and education meant
that parents who in the 1960s and 1970s may have deployed their re-
sources to avoid a stigmatized autism diagnosis no longer needed to do
so.10 In fact, facing likely strong incentives for an autism diagnosis, parents
seeking to provide benefits to their children would have reason to deploy
their resources for an autism diagnosis. But having resources and knowing
how to deploy them are two different things. Here we provide evidence
that knowledge diffuses through local social networks, enabling parents
to effectively deploy resources, including but not limited to finding (and
collaborating with) physicians whose diagnostic practices are long known
to be influenced by patient understandings (cf. Freidson [1961] for the
classic argument).

Spatial Distance and Social Interactions

Social interactions are strongly conditioned by the spatial distance be-
tween individuals (Festinger, Schachter, and Back 1950; Haynes 1974;
Gonzalez, Hidalgo, and Barabasi 2008). In this context, the relevant in-
teractions are between parents of young children and other parents of
young children, where conversation turns to shared interests such as child

10 The strong positive association of autism (during the period of increasing prevalence,
1992–2000) with socioeconomic status (King and Bearman 2009b), coupled with the
increasingly negative socioeconomic status gradient for MR (arising from differential
abortion rates for fetuses identified as chromosomally damaged through amniocentesis),
has led to a relative stigma reversal and a consequent decline in the rate of MR
diagnoses.
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development, pediatricians, sleep deprivation, and the like. Parents meet
other parents at schools, shops, playgrounds, and other focal points, the
vast majority of which are rooted in local communities (Fischer 1982;
Huckfeldt 1983; Campbell and Lee 1992; Guest and Wierzbicki 1999;
Small 2009).11 As a consequence, the movement of persons in their ev-
eryday life (not counting the commute to work, which can involve sig-
nificant distance) tends to be highly spatially restricted. As a recent large-
scale study reports, human movement is characterized by a predominance
of short-distance travel (Gonzalez et al. 2008). This feature of human
activity fundamentally shapes our patterns of social interactions. There
are reasons to expect that neighborhood interactions are important to
parents with young children, net of the general finding that many inter-
actions occur in delimited spatial context: observational data strongly
suggest that parents of small children associate with other parents of small
children at greater than expected rates. The typical distance that parents
travel with their young children is limited. In the epicenter of our study
area—Los Angeles, California—the vast majority (85%) of adults define
their neighborhood to be an area that is within a 15-minute walk from
home (approximately one kilometer to 0.68 miles), and having children
is negatively associated with the size of the neighborhood reported (Sastry,
Pebley, and Zonta 2002). Focal meeting points can typically be found
within one to two kilometers in California: the median distance to the
nearest playground or local park or preschool is 0.7 kilometers, and the
distance to the nearest pediatrician is 1.1 kilometers (see table 1). Given
the spatial structuring of interactions, if information about autism is flow-
ing through interpersonal networks, close proximity to a child with autism
should increase the likelihood of information diffusion (Rogers 2003).

Disentangling Social, Viral, Environmental, or Compositional Causes of
Spatial Clustering

The tails of the autism severity distribution have increased the most pre-
cipitously. Specifically, holding the 1992 severity distribution constant, we
can observe that the proportion of children scoring above the first decile
of the 1992 distribution has more than doubled, moving from 10% (a
mathematical truism) to 22%. Likewise, the bottom decile of the severity
distribution has increased 60% over the same period, covering the birth
cohorts of 1992–2003. Consequently, any account of the mechanism by
which autism prevalence has increased needs to explain simultaneous

11 As any reader who has had small children knows from experience, the friendship
networks of adults are increasingly filled up with the parents of their children’s friends.
This arises because of both common interests and common schedules (Winship 2009).
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TABLE 1
Spatial Distribution of Focal Points in California

Median Distance Interquartile Range

Playground or local park . . . . . . . . . . . . . . .7 (.4) .0–1.1 (.0–.7)
Preschool . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .7 (.4) .4–1.1 (.2–.7)
Pediatrician . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.1 (.7) .6–2.0 (.4–1.3)

Note.—Values are given in kilometers, with miles in parentheses. Median distances were calculated
between the children’s homes and their nearest playground or park, preschool, and pediatrician.

growth on both sides. This requirement is challenging. If a single mech-
anism were at play, it would have to operate disproportionately on the
tails of the distribution and not on the middle. While this requirement
does not rule out toxicants, viruses, or compositional effects, it raises the
stakes for each of the explanations competing with information diffusion
and sets up a series of tests—the results of which can point in one or
another direction as the most likely.12

A social influence dynamic should drive autism diagnoses for children
at both extremes of the severity distribution. For parents with children
on the border of an autism-MR diagnosis, we expect that exposure to
children (and their parents) with autism—who are perceived as having a
greater chance for recovery and have greater access to resources and
services—should be associated with a decreased likelihood of a sole MR
diagnosis and an increased likelihood of an autism-MR diagnosis. With
respect to the less severe tail of the distribution, social influence should
play a significant role in diffusing information about symptoms, services,
and access. The same information that helps parents understand how to
secure the most advantageous opportunities for their children on the low-
functioning tail of the distribution should operate to lead parents to obtain
an autism diagnosis—rather than a diagnosis of PDD-NOS or the like—
on the less severe side of the distribution. In sum, social influence is most
likely to be observed for high- and low-functioning individuals, where
interpretation of symptoms is most difficult, ascertainment from service
agencies without parent agency is most unlikely, and knowledge of service
systems and pediatricians is most important. In this regard, a social in-
fluence effect should be stronger for younger children (age 3) than for
those who are school-age (ages 5–6), both because of the more ambiguous
symptom presentation and the absence of institutional ascertainment.

12 Here we are not suggesting that autism has a single cause—the disorder is complex
and heterogeneous, and multiple drivers are likely operating. Our focus is to identify
a central mechanism that can explain a significant component of the increased prev-
alence, the observation of spatial clustering, and the identification of increased risk of
a subsequent autism diagnosis given residence near a child with autism.
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In contrast, the sociological null hypothesis—that microlevel spatial
clustering of autism arises as an unintended by-product of residential
sorting dynamics—does not make a prediction with respect to the prob-
ability of diagnosis and severity. If the proximity finding were driven by
selection dynamics, spatial clustering would be uninformative, and in-
dividual-level risk factors for autism would be dispositive. We show that
controlling for known individual-level and community-level risk factors
for autism does not mitigate the increased probability of acquiring an
autism diagnosis associated with living very close to a child with autism.
Thus, our findings are not consistent with a compositional effect. They
suggest, conversely, that the social characteristics seen as associated with
autism for which there is no known mechanism are by-products of local
diffusion dynamics.13

Falsifying the idea that spatial clustering of autism is the simple by-
product of residential sorting, however, does not help clarify whether the
clustering of autism is associated with a localized environmental toxicant
or the diffusion of a virus. Both toxicants and viruses could operate at
the microlevel of the close neighborhood, and in fact we would expect
virus diffusion to have a significant geographical foundation since viral
transmission most routinely involves person-to-person contact (Klovdahl,
Graviss, and Muser 2002). Turning to toxicants first, it is possible that a
single toxicant could act largely on the tails of the severity distribution,
but it is not likely. Environmental toxicity mechanisms do not have clear
predictions concerning differential effects by severity; a single toxicant
with such differential effects, operating at very local geographic scales,
has not been identified for other developmental disorders.14 More prob-
lematic for an environmental toxicity account is the fact that the rela-
tionship we find between proximity and subsequent transition to autism
is observed across a wide variety of neighborhoods—from those primarily
agricultural to those primarily suburban, where the mix of toxicants pre-
sent are quite different.

At first glance, viruses are more challenging, since they are passed from
person to person through social contact, the same mechanism by which

13 It is also the case that neighborhood selection dynamics likely operate at spatial
resolutions larger than the effect we observe—under 0.5 kilometers, which in a sub-
urban setting is roughly 10–20 homes (the size of a large cul-de-sac). For parents,
neighborhood selection operates on administratively salient units such as elementary
school catchment boundaries or school districts, both of which are much larger than
0.5 kilometers (Saporito and Lareau 1999).
14 Assuming that genetic susceptibility is distributed randomly across space and that
toxicity decreases with distance from the source of toxicity, we should expect similarity
of symptoms within rings of toxicity. This is also the expected pattern for a social
influence dynamic.
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information is diffused. But a virus is very unlikely to cause a reduction
of MR, so the negative impact of residing very close to a person with
autism on the probability of a sole MR diagnosis cannot be ascribed to
the operation of a virus. And as with an environmental toxicant, there is
no reason to think that the effect of a virus would concentrate on the
high-functioning tail of the severity distribution. Viruses and toxicants,
all things equal, should express themselves across the severity spectrum.

In summary, it is difficult to disentangle local social influence from local
environmental causation, but it is not impossible. Here we design a series
of tests to identify mechanisms that can disentangle environmental and
viral dynamics from social influence. By focusing on the microcontexts
in which parents and children interact, we identify the mechanism by
which social influence results in new diagnoses. Because knowledge about
autism diffuses through local networks and increases the probability of
diagnosis, local network dynamics are shown to be associated with the
neighborhood clustering of autism (net of selection), the decreasing age
of diagnosis, and the increased prevalence of autism.

Road Map

As noted earlier, alternative explanations to social influence that can gen-
erate an association between the proximity to a child with autism and
subsequent diagnosis with autism need to be considered. In order to rule
out compositional causation, we control for the effects of a range of var-
iables measuring individual sociodemographic status and parental risk
factors, autism service and advocacy organizations, pediatricians, and
access to health-care resources. In order to eliminate the effect of unob-
served variables, we then turn to a fixed-effects model. While environ-
mental toxicity and viral mechanisms may explain the positive relation-
ship between proximity and subsequent autism diagnosis, it is unlikely
that they would lead to a change in the probability of a sole MR diagnosis.
We thus consider the effects of close proximity to an individual with
autism on the transition to sole MR. We show that proximity reduces sole
MR diagnoses. The flip side of this argument is that the proximity effect
should be particularly strong for a comorbid autism-MR diagnosis. We
show that it is the case.

We then consider the severity of autism symptoms. A social diffusion
process is more likely to affect nonsevere autism at first evaluation. In
contrast, mechanisms based on the self-selection of high-risk parents to
neighborhoods, environmental toxicity, and viral spread do not have clear
predictions concerning such differential effects by severity. Our analyses
show that the proximity effect is strongest for nonsevere autism cases.
Using propensity score matching, we further show that when two children
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displayed the same level of autism symptoms, the one who lived closer
to a child with autism was more likely to be subsequently diagnosed with
autism, while the other was more likely to be diagnosed with sole MR.

We then consider age of diagnosis. Early diagnosis is believed to lead
to better treatment outcomes, but it is also more difficult, given the greater
variation in the level of development at a young age (Committee on
Children with Disabilities 2001; Rutter 2006). Parents who have better
access to information are more likely to ensure an early diagnosis than
are those without access to information. As for the case of nonsevere
autism, a proximity effect should matter most for early diagnoses, while
it should be less important at a later developmental stage and when the
child has entered the school system. This turns out to be the case.

The social diffusion of information should lead to similar referral
sources (Granovetter 1995; Fernandez, Castilla, and Moore 2000), and we
show that children who were diagnosed with autism were more likely to
have the same referral source as their nearest neighbor with autism. There
are no reasons why environmental toxicants or viruses should yield hom-
ophily of referral sources or should lead equally severely affected children
to two different diagnoses depending on how far their nearest neighbor
with autism lived.

Finally, we consider two additional tests that assess the robustness of
the underlying social influence mechanism we identify. First, we conduct
an “edge analysis” that allows us to exploit the fact that for some families,
the nearest neighbor with autism resides in a different school district.
Controlling for all of the individual and school district factors that are
associated with autism ascertainment, we compare these families with
families whose nearest neighbor with autism resides within the same
school district. Environmental toxicants should be largely insensitive to
social boundaries like school districts, but social influence should not be.
We find that while parents’ proximity to a child within their school district
increases the chances that their child will be diagnosed with autism,
equally close proximity across districts has no effect.

Second, we assess the sensitivity of social influence to duration of con-
tact that arises from residential proximity. Movers into (and out of ) com-
munities should be less sensitive to social influence than stayers should,
all things being equal. We consider how residential mobility affects ex-
posure to children with autism (either because a child with autism moves
and becomes a closest neighbor to a new child or because a family moves
and is closer to a child with autism). As expected, duration of exposure
is positively associated with increased risk of a subsequent autism diag-
nosis.

While our analyses do not prove that information diffusion yields au-
tism diagnoses, the results are consistent with that hypothesis, hold across
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a series of robustness checks, and are consistent with a well-documented
body of research that identifies a similar mechanism across a wide variety
of lay responses to health problems (Pescosolido and Levy 2002). Infor-
mation diffusion therefore provides a parsimonious account for three im-
portant observations: the spatial clustering, the earlier diagnoses, and the
increased prevalence of autism. Finally, anticipating a central question to
be considered later, the population attributable fraction associated with
the dynamic we identify in this article is 16%. Another way of thinking
about this is that if this mechanism were absent, we would observe, at
the least, a 16% decline in the autism caseload. We return to this issue
in the discussion section, where we consider what piece of the pie social
influence plays in the increased prevalence of measured autism.

DATA AND METHODS

Study Population

To examine the effect of the proximity to a child with autism on the
chance of subsequent diagnosis, we need a longitudinal data set with
detailed information on the geographical location of a large number of
very young children. Such data are extremely rare. Our sample rests on
children born in California who have a younger sibling. From 1997 on-
ward, California’s Birth Statistical Master Files contain the mother’s
address at the birth of the child. Address at birth does not allow us to
infer where a child grew up. However, for children with younger siblings,
we can infer the residential location for those who reside at the address
reported on the younger full sibling’s birth record. If the two addresses
are different—that is, the family has moved—a child’s location in the
intervening years cannot be pinned down. Yet for those families who have
not moved between the two births, we have an uninterrupted observation
window on the elder children with information on residence.

To locate the full siblings of our sample, we exact matched mother’s
date of birth, the father’s date of birth, and the first letter of the mother’s
maiden name from among the 5,900,923 California birth records of chil-
dren born between 1997 and 2007. These addresses were geocoded to the
point level with ArcGIS 9.2 software (ESRI, Redlands, Calif.). This gen-
erated 1,284,525 potential sibling groups consisting of 2,830,148 children.
Among these sibling groups, 533,244 of the eldest children were born at
the same address as that of their next full sibling. A person-year data set
was constructed for all these children who had no change in address.

The data set was time censored at the birth of the next sibling—the
time after which residential location cannot be ascertained. In our sample,
all autism diagnoses are made between the ages of two and six years for



American Journal of Sociology

1400

children born in 1997 or after. Hence, we defined years in which the child
was younger than two and older than six as years when the child was
not “at risk,” and these children were excluded from the sample. Thus,
children born in 2004 and after were too young for an autism diagnosis
by 2005, the last full year for which the diagnostic data were available.
Similarly, children whose next sibling was born before they turned one
year old were also excluded, as they could not have been diagnosed with
autism within the observation window. When the observations with miss-
ing data are excluded (26,851 person-years; 4.2%), the final data set has
304,310 children, or 953,622 person-years from 2000 to 2005.

We also have data on every child in California who was diagnosed
with autism and was provided services through the California Department
of Developmental Services (DDS). These data identify residence at first
diagnosis and severity at first diagnosis. Individuals served by the DDS
are evaluated on a yearly basis. If they move from one residential location
to another over the course of the study period, we capture those move-
ments. Thus, for all children with autism served by the DDS (estimated
to be roughly 85% of all children with autism in California, or roughly
44,000 individuals), we have precise geocoded addresses (see Croen et al.
(2002).15 These children are those whose autism diagnosis is considered
to create an increased probability of an autism diagnosis for those residing
in very close proximity, through the social diffusion of information about
autism and autism services via interpersonal networks. For those children
who were born after 1991 and could be matched to the birth master files
(180%), we also have their zip code at time of birth.

We linked the DDS data to the sibling sample described above by
probabilistically matching on first, middle, and last name; date of birth;
race; zip code at birth; and sex. Potential mismatches were manually
verified. The linkage rate was above 80% for all birth cohorts in this
study. The majority of the DDS clients not linked to the birth master files
were born outside California. The binary dependent variable was then
constructed to indicate whether a child in the sibling sample was first
given an autism diagnosis by the DDS during a particular year. The same
procedure was used to generate the year during which an MR diagnosis
with no known etiology was given. Severity scores at first diagnosis were
constructed from the DDS’s Client Development Evaluation Reports
(CDER) and were age standardized.

15 The estimation was based on a comparison between the DDS data and California’s
special education database. The case definition of autism in the special education
database is unclear and is likely to have included children that do not meet the full-
syndrome criteria (i.e., those who have Asperger’s or PPD-NOS). Thus, the 85% cov-
erage estimate is likely to be conservative.
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Statistical Analysis

Discrete event history analysis was used to investigate whether proximity
to a child with autism affects one’s likelihood of being subsequently di-
agnosed with autism (Box-Steffensmeier and Jones 2004). We estimate
the likelihood of being diagnosed with autism during year t with the
following model:

pijtln p a � bD � gW � vX � dZ ,� � �(t�1)i tik ik tjk( )1 � pijt

where equals the probability that child in school district will bep i jijt

diagnosed with autism during year , given that he or she has not alreadyt
been diagnosed with autism. The terms , , , , and are logistica b g v d

regression parameters to be estimated.16 The term is child ’s prox-D i(t�1)i

imity to the nearest child with autism during the previous year ( ).t � 1
In our data, spans 1999–2004. The term is child ’s values ont � 1 W itik

time-varying attributes during year that are likely to affect the chancek t
of a diagnosis. The term is child ’s values on individual-level at-X i kik

tributes that are time invariant. The term is child ’s values on time-Z i ktjk

varying school-district-level factors. The reported confidence intervals are
robust to nonindependence due to repeated measures from the same child.

Our key outcome variable is whether a child was diagnosed with autism
during a particular year (year ). Information on autism diagnosis wast
based on data between 1992 and 2005 from the DDS in California. As
noted previously, the DDS provides services to the majority of patients
with autistic disorder (International Classification of Diseases, 9th Re-
vision, Clinical Modification [ICD-9-CM] code 299.0). Individuals diag-
nosed with other developmental disorders, including Asperger’s disorder,
childhood disintegrative disorder, Rett’s disorder, and PDD-NOS, are in-
eligible for services and are therefore not included in this study. There
are also individuals who, in the absence of a diagnosis for autism, do not
receive services from the DDS. Parents thus have a strong incentive to
secure an autism diagnosis in order to best provide resources for their
children. As mentioned above, whether a child has full-syndrome autism
and the year of diagnosis were determined by probabilistically linking the
birth master files to the DDS data.

We then model the odds of an autism diagnosis during year with thet

16 Unbiased estimates were obtained using the Stata program ReLogit, which uses a
weighted least-squares correction method (Tomz, King, and Zeng 1999) to overcome
the fact that the relative paucity of autism cases compared with noncases leads to an
underestimation of cases when a maximum-likelihood estimator is used (King and
Zeng 1999).
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proximity to the nearest child with autism during year as the pre-t � 1
dictor. The one-year lag ensures that the proper causal order is retained—
information diffusion requires that contact precede the diagnosis. We also
ensured, by comparing parental information, that the nearest neighbor
identified was not a full or a half sibling. To further ensure that relatives
were excluded, children whose nearest neighbors with autism were within
zero meters in distance are excluded from the analysis (all distances are
Euclidean distances calculated using ArcGIS 9.2). For the categorical
analysis that we report, proximity was categorized into six groups (1–250
meters, 251–500 meters, 501 meters–1 kilometer, 1.01–2 kilometers, 2.01–
5 kilometers, and over 5 kilometers). The modal group was 501 meters–
1 kilometer and was chosen as the reference category. The natural log-
arithm of the raw distance was calculated to serve as a continuous mea-
sure. For ease of interpretation, the logged distance was reverse coded
before it was entered into a regression (i.e., ), so that larger0 � ln (distance)
values indicate closer proximity.

We include the following individual- and community-level variables to
control for exogenous factors that may increase both the likelihood of
autism diagnosis and the proximity to a diagnosed child. Year dummies
controlled for the effect of the increasing prevalence of autism. Age dum-
mies controlled for the effect of the duration of a child in the person-year
data set, which is censored by the birth of the next sibling. Three-year-
olds were chosen as the reference category, as three is the most common
age at first diagnosis. We also controlled for the key known sociodemo-
graphic risk factors for autism—sex, maternal age, and socioeconomic
status (Croen et al. 2002; Reichenberg et al. 2006; King and Bearman
2009b). Socioeconomic status was measured by mother’s education (in
years) and by whether prenatal care and the birth were paid for by Medi-
Cal (California’s health welfare system). To control for the effect of access
to health-care resources, we also calculated the distances to the nearest
DDS office, pediatrician, and autism advocacy organization. The DDS
has 21 regional centers that provide services to residents in different areas
in California. Data on the locations of all pediatric practices from 2001
to 2004 were geocoded to the point level. Addresses for autism advocacy
organizations were obtained from public registries.17 The distances to these

17 We searched the IRS Business Master Files from the National Center for Charitable
Statistics (2008) for all organizations that identified “autism” as their primary code
under the National Taxonomy of Exempt Entities. To identify less formal organizations,
which may not have requested tax-exemption status, we conducted exhaustive Internet
searches and conducted an online survey. We surveyed 68 organizations, of which 42%
responded, and asked them to name other autism advocacy organizations they worked
with in California. For organizations with local chapters, each chapter was recorded
as its own entity.
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health-care resources were logged and reverse coded to measure proximity
to the respective services. We selected school districts to be our neigh-
borhood-level unit. Compared with other administrative boundaries like
zip codes or census tracts, school districts are more relevant to families
with young children, shape selection into neighborhoods, and have a stron-
ger impact on the structure of social interactions. The perceived quality
of schools is one important factor for parents’ decisions about where to
raise their children, and economists have shown that properties in a good
school district are worth more (e.g., Bogart and Cromwell 1997; Black
1999). As noted earlier, we further tested the relevance of school districts
to the structure of social interactions by partitioning our sample into
children whose nearest neighbor with autism was from (a) the same and
(b) a different school district. If school districts do structure interactions
between parents, we should expect a stronger proximity effect associated
with a child with autism from the same district than that associated with
a child with autism from a different district.

To control for the effect of urbanicity, the density of the zero- to nine-
year-old population in each school district in year (1999–2004) wast � 1
calculated on the basis of the 2000 census and the ESRI Sourcebook data
(ESRI 2002–4).18 The ESRI annual sourcebooks contain population es-
timates for the zero- to nine-year age range projected from the census
data (see ESRI [2007] for details). We interpolated and extrapolated the
ESRI and 2000 census data for the years in which data were unavailable
(1999 and 2001). The age zero to nine population density was logged
before it was entered in the model. Logged median income in the school
district, also calculated from the census and ESRI data, was used to
control for the effect of neighborhood-level resources. In short, known
risk factors for autism that are likely to be meaningfully spatially dis-
tributed and institutional variables that could be associated with increased
ascertainment are controlled for in our models.19

It is possible that factors unobserved in our data can lead to residential
sorting. If such omitted variables are also associated with the probability
of an autism diagnosis, they can cause a spurious relationship between
proximity and autism diagnosis. One straightforward solution is to use a

18 The Los Angeles unified school district was further partitioned into eight subdistricts
based on the district’s local boundaries.
19 There are other known risk factors for autism—prematurity, breech birth, twin birth,
and, for a small subset of cases (less than 10%–15%), genetic markers (Durkin et al.
2008). There is no reason to think that these characteristics of the child shape residential
choices of parents, and so they are not included in the analyses.
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fixed-effects model. Here, we test such a model at the school district level.20

By including fixed effects, we controlled for the effect of self-selection into
school districts based on non-time-varying characteristics. Only the data
with variation in the outcome variable—school districts with at least one
child from the sample diagnosed with autism—could be used in the fixed-
effects model. As this analysis is a comparison within school districts, we
constrained a child’s nearest neighbor with autism to be someone from
the same school district, and a separate set of distances were calculated.
Subsequently, we observe whether school districts structure interaction
by conducting an edge analysis.

As noted previously, if a social diffusion process is operating, we should
expect proximity to a child with autism to also lead to a lower likelihood
of being diagnosed with sole MR (of unknown etiology). Therefore, we
consider whether a child was diagnosed with sole MR during year ast
a second outcome variable. The DDS provides services to the majority
of people with MR, and the same record-linkage procedure was used to
determine the year a child was diagnosed with MR (of unknown etiology)
without autism. We excluded cases of MR with a known etiology (e.g.,
Down syndrome) because the diagnosis would have been unambiguous
and the social diffusion process should be irrelevant. We then examine
the effect of proximity on an autism-MR diagnosis and expect that the
effect is stronger than that on a sole autism diagnosis.

To test the effect of proximity to children with autism on differential
diagnosis between autism and MR, we matched the children who were
diagnosed with autism in our sample with those who were diagnosed with
sole MR and had the same severity of autism symptoms. We then com-
pared the matched groups’ mean proximity to other children with autism
in the year before their diagnosis. If a social diffusion mechanism is op-
erating and is given the same level of severity, we should expect the group
who received an autism diagnosis to have been closer to other children
with autism before the diagnosis than the group who received the MR
diagnosis.

Furthermore, diagnosis of higher-functioning autism is more likely to
depend on access to diagnostic resources and awareness of symptoms.
Thus, we expect that proximity to children with autism has a stronger
impact on the likelihood of being later diagnosed with higher-functioning
autism. We constructed an age-standardized severity score that measures

20 There are problems associated with using a fixed-effects model in this study. The
first is that the fixed effect also eliminates at least part of the effect of social interactions
taking place within the school district. The second problem is that, conceptually, the
social interaction effect we believe to be present should be most stark when we compare
districts with and without children with autism, but fixed-effects models exclude those
districts with no cases of autism, and hence our estimation is likely quite conservative.
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performance in social interaction, communication, and repetitive behav-
iors. All DDS clients were evaluated for symptoms of autism at intake to
assess their eligibility for services. Our severity measure was based on
nine items recorded on the CDER diagnostic and evaluation instrument
at the time of intake. Items on the social dimension included peer inter-
action, interaction with nonpeers, friendship formation, friendship main-
tenance, and participation in social activities. These items were equally
weighted and combined to form a scale; Cronbach’s alpha ranged from
0.86 for the 1992 birth cohort to 0.85 for the 2000 birth cohort (Bland
and Altman 1997). The communication scale was similarly constructed
from three items: word usage, receptive language, and expressive language
(Cronbach’s alpha was 0.84 in 1992 and 0.77 in 2000). A single CDER
item measured repetitive and stereotyped behavior. These three dimen-
sions were then equally weighted and combined to form a global score
that ranges from 0 to 100, where higher scores mean higher function and
lower scores mean more severe autism symptoms. Since function tends
to rise with age, particularly on the communication scale, we adjusted
scores by transforming them into standard deviation units and mean
centering by age when the CDER was completed. Thus, scores measure
how severe a child’s symptom presentation was at intake compared with
those of other children the same age. The same event history model is
then used to assess whether the transition rate to autism varies for children
assigned to the most severe 20% and the least severe 20%. We focus our
central attention on the tails of the distribution, where we expect to ob-
serve the least (most severe) and the greatest (highest functioning) evidence
of social influence underlying the spatial diffusion of diagnoses.

As with high-functioning autism overall, symptom presentation is am-
biguous among the very young. We expect the proximity effect to be a
stronger predictor of early (at age 3) than of older (at ages 4–6) diagnosis.
We then look directly at the information diffused. If the proximity effect
is indeed due to a diffusion of information, we should observe a similarity
between the referral sources. To test this, we compared the referral source
of those children diagnosed with autism in our sample with the referral
source of their nearest neighbor with autism. Finally, we examine whether
the effect of proximity was modulated by the duration of contact by using
information on the residential mobility of the children with autism and
a supplementary data set of children who had moved between their own
birth and their next sibling’s birth.
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Fig. 1.—Prevalence of autism by birth cohort for children ages three to six in California,
1992–2000.

RESULTS

Figure 1 shows that the prevalence of autism increased rapidly over the
birth cohorts between 1997 and 2003. Tables 2 and 3 provide descriptive
statistics on our sample and the variables. Of the children born in 2000
in this sibling sample, 0.41% were diagnosed with autism. This is slightly
lower than the prevalence rate of 43 per 10,000 among all children born
in California in 2000, as reported in figure 1. The small discrepancy is
probably due to the fact that two known risk factors for autism—parental
age and, during the period of increasing prevalence, socioeconomic
status—are associated with single-child families. The difference in the
rates is small, however, suggesting that our sample does not seriously

underestimate prevalence; nevertheless, an only child with autism would
not be in our sample, and we can only make inference to children who
reside in the same location at birth and diagnosis. We return to these
issues when considering limitations.

Social Influence and Spatial Distribution of Autism

We first consider the effect of logged proximity to the nearest child with
autism on the probability of an autism (and MR) diagnosis in the sub-
sequent year. For each condition, we estimated five models. Model 1
controls for the effects of the proximity categories only; model 2 adds the
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TABLE 2
Descriptive Statistics of the Sample

N % Mean SD

Birth cohorts:
1997 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55,308 18.17
1998 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66,876 21.98
1999 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45,284 14.88
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44,430 14.60
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39,063 12.84
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32,876 10.80
2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20,473 6.73

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156,042 51.28
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88,871 29.20
Mother’s years of education . . . . . . . . . . . . . . . . . . . . . . . . . . . 13.0 3.4
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27.9 5.4
Distance to nearest DDS center in 2000,

in meters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21,229.0 15,927.2
Logged distance to nearest DDS center . . . . . . . . . . . . . . 10.0 .9
Distance to nearest advocacy organization in 2000,

in meters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17,447.8 24,456.7
Logged distance to nearest advocacy

organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9.2 1.1

Note.— children; mean number of years of observation p 3.13.N p 304,310

age and year categories; model 3 adds the individual correlates—gender,
mother’s age at her child’s birth, mother’s years of education, and whether
birth was paid by Medi-Cal; model 4 adds logged zero- to nine-year-old
population density and logged median household income in the school
district; and model 5 adds the measures of health-care resources (logged
proximity to the nearest DDS office, logged proximity to the nearest pe-
diatrician, and logged proximity to the nearest autism advocacy organi-
zation). Full model results are reported in table 4.

When the effects of all other variables are controlled for, logged prox-
imity has a statistically positive effect on the probability of subsequent
autism diagnosis ( ; ). In figure 2A, we graphically rep-OR p 1.26 P ! .05
resent the effect of logged proximity on subsequent autism diagnosis es-
timated from the full model. The hollow circles indicate the proportion
of children diagnosed with autism during year in bins of 20,000 person-t
years sorted by the raw distance to the nearest child with autism. The
position on the X-axis indicates the average distance of that particular
bin. The probability predicted by the logged proximity model follows the
data closely. Close proximity (less than one kilometer) is associated with
the greatest increase in the probability of being diagnosed with autism.

As the effect of a logged variable cannot be interpreted directly, we
also report the results on proximity as a categorical variable. All odds



American Journal of Sociology

1408

TABLE 3
Descriptive Statistics of the Time-Varying Variables

N % Mean SD Range

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 374,737 39.3
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 321,633 33.7
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158,724 16.6
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69,334 7.3
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29,194 3.1

Distance to the nearest child
with autism in year :t � 1

1–200 m . . . . . . . . . . . . . . . . . . . . . . 108,402 11.4
201–500 m . . . . . . . . . . . . . . . . . . . . 272,107 28.5
501 m–1 km . . . . . . . . . . . . . . . . . . 295,189 31.0
1–2 km . . . . . . . . . . . . . . . . . . . . . . . . 176,053 18.5
2–5 km . . . . . . . . . . . . . . . . . . . . . . . . 63,711 6.7
Over 5 km . . . . . . . . . . . . . . . . . . . . 38,160 4.0

Distance to the nearest child
with autism, in meters . . . . 1,340.4 3,842.7 1.1 to 154,658.6

Logged distance to the nearest
child with autism . . . . . . . . . 6.5 11.1 .1 to 12.0

Age 0–9 population density in
school district per square
mile . . . . . . . . . . . . . . . . . . . . . . . . . 246.5 281.1 .3 to 1421.1

Logged age 0–9 population
density in school
district . . . . . . . . . . . . . . . . . . . . . . 4.8 1.5 �3.5 to 7.3

Median household income in
school district, in $ . . . . . . . . 47,067.6 20,267.7 1,997.4 to 179,550.2

Note.— person-years.N p 953,622

ratios (ORs) are relative to the reference category of 501 meters–1 kilo-
meter. These results are graphically reported in figure 2B. The 95% con-
fidence intervals (CIs) from model 1 and model 5 are shown. In figure
2B, we can observe that residing in close proximity to a child diagnosed
with autism increases one’s chance of being diagnosed with autism in the
subsequent year. Compared with children who are 501 meters–1 kilometer
away from their nearest neighbor with autism, those in close proximity
(1–250 meters) to a child with autism have a 42% higher chance of being
diagnosed with autism in the subsequent year. Proximity of 201–500 me-
ters increases the chance by 22%. In contrast, being farther away from
a child with autism reduces the chance of a diagnosis. Although the last
three categories were all significantly associated with the decrease (�21%,
�36%, and �49%), there were no statistically significant differences
among these three categories. This is consistent with the results in figure



Fig. 2.—Effects of proximity to the nearest child with autism on subsequent diagnosis
of autism and MR.
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2A, which shows that the effect of proximity is strongest within one ki-
lometer, followed by a flat tail.

Figure 2B also graphically shows that the positive effect of proximity
is robust after controlling for a range of variables. The individual-level
control variables have the expected effect on autism diagnosis as shown
in table 4. Specifically, the chance of autism was highest at age 3 and
then decreased with age; and the year variables showed an increasing
trend, reflecting the rising prevalence of autism. Males are five times more
likely to be diagnosed with autism than females are. Mother’s age and
mother’s years of education had a positive effect, and having Medi-Cal
pay for the birth had a negative effect. These results are consistent with
the positive relationship between socioeconomic status and autism di-
agnosis reported in the literature. Turning to the community-level vari-
ables, we observe that the population density of zero- to nine-year-olds
increases the chance of diagnosis. The effect of logged median household
income property values is positive but statistically insignificant. Proximity
to the nearest DDS office, pediatrician, and autism advocacy organization
is also insignificant. Overall, we observe that the proximity effect remains
and, in some instances, is amplified in the presence of controls for risk
factors at multiple levels of observation.

Because the prevalence of autism is rising, proximity to the nearest
child with autism has increased over time simply because there are more
children with autism. It is possible that the underlying time trends might
have led to a spurious relationship between proximity and the chance of
autism diagnosis that cannot be completely eliminated by the year dum-
mies. Specifically, since more children have autism, all children without
autism live closer to a child with autism at the end of our observation
period than they did at the start. Since autism prevalence is increasing,
this could lead us to mistakenly attribute the cause of increased prevalence
to proximity. To rule out this possibility, we year mean centered our prox-
imity measure and report the results in table A1 in the appendix. The
year-mean-centered proximity has a positive and statistically significant
effect on the subsequent diagnosis of autism. The effect can be directly
compared with the effect of proximity that is standardized across all years
reported in the first column of table A1 (i.e., no adjustment is made for
the underlying time trend), as they both have standard deviations as their
units. The effect parameter estimate is almost identical. Hence, the effect
of proximity on subsequent diagnosis is not an artifact of time.

Another potential confounder is population density. Separate models
fitted to areas with high (top 50%) and low (bottom 50%) population
density are shown in table A2, and the effect of proximity is significant
in both models, indicating that the effects we observe are robust to ur-
banicity. This finding suggests that, unless a toxicant responsible for au-
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tism is equally present in rural and urban areas, the environmental ar-
gument is not supported by the evidence at hand. Table A3 reports the
results of the fixed-effects model. The fixed effect and the time-varying
population density control for all variability in population density between
school districts. It shows that the effect of logged proximity remains pos-
itive ( ). Because the fixed-effects model also controls for the var-P p .06
iability in local toxicity and unobserved non-time-varying factors asso-
ciated with self-selection into school districts, it suggests that the proximity
effect is unlikely to be the result of localized toxicants and residential
sorting.

Social Influence and Spatial Distribution of MR and Autism-MR

In figure 2C, we consider the impact of residence on subsequent diagnosis
of MR. Full model results are reported in table 4. As predicted, the effect
of proximity runs in the opposite direction for MR diagnosis. Compared
with children 501 meters to one kilometer away from the nearest child
with autism, close proximity (1–250 m) significantly reduces the chance
of being diagnosed with MR in the subsequent year (�28%; ).P p .05
No statistically significant differences in the likelihood are observed for
the other distance categories, suggesting that negative social influence
operates strongly at very local scales.

If social influence is operating on the autism-MR border, the reduction
in sole MR diagnosis associated with proximity should be accompanied
by an increased probability of autism-MR diagnoses. Table A4 reports
the effect of logged proximity on subsequent autism-MR diagnosis. As
predicted, proximity is strongly predictive; the odds ratio associated with
a one-unit increase in logged proximity is 1.39 ( ), as compared toP p .05
the odds ratio of 1.26 for all autism cases (table 4).

The effect of social influence on the differential diagnosis of autism is
clearly illustrated when we compare children who received different di-
agnoses with the same level of severity of autism symptoms. In our data,
the range of autism symptoms in children with solely an MR diagnosis
enveloped that of children diagnosed with autism. This allows us to con-
struct samples of children with similar severity for autism symptoms but
who were diagnosed with MR (of unknown etiology). Propensity score
matching was used to generate matched pairs with an almost identical
functioning score (within 0.1 SD of the propensity score). There was a
match to all children with autism. We then compared the mean distance
to the nearest child with autism in the year before diagnosis between the
two groups. Given the same level of autism severity, the group who re-
ceived an autism diagnosis resided 574.6 meters closer to the nearest
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neighbor with autism before diagnosis than did those who received a sole
MR diagnosis ( ; ).t p �2.36 P ! .05

Specifically, proximity to a child with autism should have a particularly
strong influence on comorbid cases, as they clearly locate on the autism-
MR border. We thus compared the mean proximity between those who
received a sole MR diagnosis and those who received a comorbid autism-
MR diagnosis, again matched on autism severity. Those who received an
autism-MR diagnosis were 806 meters closer to the nearest neighbor with
autism before diagnosis than were those who received a sole MR diagnosis
( ; ).21 The difference in proximity is similar to the mediant p �2.06 P ! .05
distance to the nearest local park in our sample.

In other words, among two children with the same expression of symp-
toms, the one closer to another child with autism was more likely to be
diagnosed with autism or autism-MR, while the other was more likely to
be diagnosed with sole MR. This result is consistent with the idea that
there is significant social influence on the differential diagnosis between
MR and autism.

Social Influence and Severity of Autism Symptoms

We now consider the impact of social influence on high-functioning au-
tism. In figure 3, we report the effect of a one-unit increase in logged
proximity on low-functioning (lowest 20%) to high-functioning (highest
20%) autism. The full model results are reported in table 5. Figure 3
shows that proximity has a stronger effect on high-functioning autism
than on severe autism. While the effect of proximity has a strong effect
on the odds of a child being diagnosed with high-functioning autism (40%
for a one-unit decrease in logged distance for the highest-functioning 20%),
it has a weaker impact for the most severe cases (16% for a one-unit
decrease in logged distance for the most severe 20%). This is consistent
with our expectation that the social diffusion process is operating partic-
ularly strongly at the high-functioning border.

As with the observation of a stronger proximity effect on high-func-
tioning autism than on low-functioning autism, we expect the proximity
effect to differ by age of diagnosis since symptom presentation is more
ambiguous for young children and parental knowledge is of greater im-
portance for early diagnosis. As children age, institutional ascertainment
mechanisms—for example, the school system—render parental resources
less important. Table A5 shows that this is the case: a one-unit increase
in logged proximity is associated with a 31% increase in the odds of being

21 Adding the remaining individual-level variables to the propensity score matching
yields a significant difference of 415.5 meters ( ; ).t p �2.53 P ! .05
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Fig. 3.—Effect of logged proximity on severe to less severe autism

diagnosed with autism at age three; its effect drops to 15% if the diagnosis
was made after age three.

Homophily on Mode of Referral

If information diffusing from the nearest neighbor with autism contributes
to subsequent diagnosis, one should expect similarity in the mode of re-
ferral to the DDS between children diagnosed with autism and their
nearest neighbor with autism. The DDS reports the mode of referral for
only a very small proportion of its caseload. While there are no obvious
selection issues, the small number of observations suggests that caution
should be exercised in drawing inferences. This caveat aside, table 6
reports the mode of referral of the children diagnosed with autism in our
sample and that of their nearest neighbor with autism. Strong homophily
is found in referral mode, as revealed by the positive relationships on the
main diagonal ( ; ; ). Since DDS regional centers2x p 24.00 df p 9 P p .004
could be associated with differential outreach (and hence ascertainment),
we control for center catchment areas and observe that the finding is
robust.



TABLE 5
Effect of Logged Proximity to Nearest Child with Autism on Severe

and Less Severe Autism

Low-
Functioning

20% 21%–80%

High-
Functioning

20%

OR 95% CI OR 95% CI OR 95% CI

Logged distance to nearest
child with autism
(reverse coded) . . . . . . . . 1.17� (.99–1.38) 1.27* (1.16–1.39) 1.40* (1.19–1.66)

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . .04* (.01–.11) .03* (.02–.05) .05* (.02–.12)
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00 1.00
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . .76 (.52–1.11) .63* (.5–.79) .77 (.53–1.12)
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . .62 (.35–1.10) .37* (.24–.55) .54� (.29–1.01)
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . .34� (.11–1.07) .41* (.22–.76) .41 (.13–1.31)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . 1.06 (.51–2.19) 1.15 (.78–1.71) 1.52 (.71–3.22)
2002 . . . . . . . . . . . . . . . . . . . . . . . 1.12 (.54–2.32) 1.39� (.95–2.02) 1.71 (.83–3.55)
2003 . . . . . . . . . . . . . . . . . . . . . . . 1.29 (.64–2.59) 1.25 (.85–1.84) 1.35 (.64–2.85)
2004 . . . . . . . . . . . . . . . . . . . . . . . 1.67 (.86–3.24) 1.50* (1.03–2.2) 2.09* (1.02–4.28)
2005 . . . . . . . . . . . . . . . . . . . . . . . 2.38* (1.23–4.62) 1.54* (1.05–2.25) 2.05� (.98–4.29)

Male . . . . . . . . . . . . . . . . . . . . . . . . . 3.97* (2.66–5.91) 5.11* (3.98–6.56) 5.16* (3.34–7.96)
Mother’s years of

education . . . . . . . . . . . . . . . . . 1.04 (.99–1.09) 1.10* (1.06–1.15) 1.06� (1.00–1.13)
Mother’s age at birth . . . . . . 1.06* (1.03–1.10) 1.06* (1.04–1.08) 1.10* (1.07–1.14)
Birth paid by Medi-Cal . . . . .84 (.52–1.35) .94 (.7–1.26) .51* (.28–.94)
Logged age 0–9 population

density . . . . . . . . . . . . . . . . . 1.19* (1.02–1.39) 1.12* (1.02–1.22) 1.10 (.93–1.32)
Logged median household

income . . . . . . . . . . . . . . . . . .81 (.59–1.12) .89 (.73–1.08) 1.03 (.77–1.37)
Logged distance to nearest

advocacy organization
(reverse coded) . . . . . . . . 1.00 (.84–1.20) 1.07 (.96–1.19) .99 (.82–1.19)

Logged distance to nearest
DDS center (reverse
coded) . . . . . . . . . . . . . . . . . . 1.08 (.87–1.33) 1.02 (.92–1.14) 1.21� (.96–1.52)

Logged distance to nearest
pediatrician (reverse
coded) . . . . . . . . . . . . . . . . . . 1.19� (1.00–1.42) .99 (.89–1.1) .96 (.8–1.15)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate0 � ln (distance)
closer proximity.

� .P ! .10
* .P ! .05
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TABLE 6
Homophily of Mode of Referral of Nearest Child with Autism in Year t � 1

Self/Family Physician/Hospital School Others Total

Self/family . . . . . . . . . . . 11.6 (4.4) 6.2 (�2.2) 2.4 (�2.3) 4.3 (�.1) 24.6
Physician/hospital . . . 11.6 (�2.1) 19.2 (1.7) 10.0 (1.1) 8.1 (�.7) 48.9
School . . . . . . . . . . . . . . . . 2.4 (�1.3) 4.3 (.2) 3.0 (1.2) 2.2 (.0) 11.9
Others . . . . . . . . . . . . . . . . 3.2 (�1.1) 5.1 (.0) 2.7 (.0) 3.5 (1.2) 14.6
Total . . . . . . . . . . . . . . . . . . 28.9 34.9 18.1 18.1 100

Note.—Values are given as total percentages, with adjusted residuals in parentheses. A positive ad-
justed residual indicates that the observed count is greater than the expected count, and vice versa.

pairs; , , .2N p 370 x p 23.9984 df p 9 prob p 0.004

Influence within and across School District Boundaries

It is possible to capture the salience of school districts for structuring
interaction by exploiting the fact that some people live on the edge of a
district.22 In a model controlling for all other individual- and school-level
district variables, we first consider the effect of distance for families re-
siding in the same school district by asking whether children living less
than 500 meters from a child with autism, compared with those children
whose nearest neighbor with autism was 501 meters to one kilometer
away, are substantially more likely to be diagnosed with autism in the
subsequent year. This turns out to be the case, as can be seen in table 7
( ; ). In contrast, compared with the same referenceOR p 1.36 P p .001
category, a child who lived within 500 meters of a child with autism from
a different school district had no increased risk of being diagnosed with
autism in the subsequent year ( ; ). It makes sense thatOR p 1.03 P p .912
social influence operates only within meaningful social boundaries; for
those families with elder siblings, shared school districts provide both the
opportunity and the material for social interaction. In addition, infor-
mation shared—to the extent to which it is salient for navigating public
resources that may be allocated through schools—is more accurate. Be-
cause environmental factors such as toxicants should not be affected by
school district boundaries, such edge effects provide further support to
the social interaction mechanism described in this article. Note as well
that a potential competing hypothesis—that the operative mechanism at
play is influence flowing through physician referral networks—would be
inconsistent with the result we observe since referral systems are typically
based on distance or insurance carrier (Beltramini and Sirsi 1992). Neither
foundation overlaps with school districts, except to the extent to which

22 We thank one of the AJS reviewers for suggesting that we try to exploit the edge
effect in this study.



TABLE 7
Effect of Proximity on the Likelihood of Subsequent Autism Diagnosis

among Children Whose Nearest Neighbor with Autism Was from (A)
the Same or (B) a Different School District

(A) Same
School

District
( )N p 849,992

(B) Different
School District

( )N p 103,472

OR 95% CI OR 95% CI

Proximity categories:
1–500 m . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.36* (1.14–1.62) 1.03 (.58–1.85)
501 m–1 km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
1–2 km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .76* (.59–.98) .79 (.45–1.38)
2–5 km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .66 (.42–1.04) .39* (.16–.94)
Over 5 km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .33 (.08–1.34) .31* (.12–.83)

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .03* (.02–.05) .07* (.02–.18)
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .66* (.55–.80) .83 (.50–1.38)
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .41* (.30–.57) .68 (.30–1.53)
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .33* (.19–.56) .24 (.03–1.76)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.14 (.81–1.60) 1.58 (.68–3.67)
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.42* (1.03–1.96) 1.23 (.50–3.01)
2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.25 (.90–1.73) 1.68 (.71–3.97)
2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.65* (1.20–2.27) 1.46 (.58–3.65)
2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.82* (1.33–2.50) 1.76 (.70–4.42)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.62* (3.79–5.64) 8.06* (4.03–16.11)
Mother’s years of education . . . . . . . . . . . . . . . 1.08* (1.05–1.11) 1.12* (1.03–1.22)
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . 1.07* (1.05–1.09) 1.07* (1.03–1.12)
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . .83 (.65–1.06) .96 (.49–1.87)
Logged age 0–9 population density . . . . . . . 1.11* (1.03–1.19) 1.19 (.95–1.49)
Logged median household income . . . . . . . . .91 (.78–1.06) .92 (.60–1.41)
Logged distance to nearest advocacy

organization (reverse coded) . . . . . . . . . 1.03 (.94–1.12) 1.17 (.91–1.51)
Logged distance to nearest DDS center

(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . 1.08 (.98–1.19) 1.06 (.80–1.40)
Logged distance to nearest pediatrician

(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . 1.01 (.93–1.10) 1.10 (.87–1.39)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate0 � ln (distance)
closer proximity. Fifty-two percent of group A and 41% of group B lived in the high-population-
density (top 50%) school districts.

* .P ! .05
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the physicians’ practice is built from parent referrals arising from parents’
social networks bounded by school district.

Stayers and Movers

We first consider situations in which the focal child—the one at risk for
an autism diagnosis—is a stayer and the nearest neighbor with autism is
a mover. Our analytical strategy so far has treated potential exposure in
each year as independent. If the proximity effect we observe is caused by
social interaction, it follows that prolonged and repeated interactions are
likely to be associated with a higher increase in the likelihood of subse-
quent autism diagnosis. In contrast, if a shared toxicological environment
induced the proximity effect, it follows that as long as both children were
exposed to the same environmental hazard—especially in utero or in the
early stages of development—the length of time parents could potentially
interact with each other would not matter. More prosaically, it ought to
be the case—if the social influence mechanism is operating—that children
who lived near the same neighbor with autism in consecutive years would
have a higher chance of being diagnosed with autism than would those
children who lived near a neighbor with autism who subsequently moved
away. In contrast, the environmental toxicant argument predicts that no
differences should be observed in these two groups of children. To test
these two alternatives, we examine the effect of two-year lagged proximity
on autism diagnosis in groups of children who were (1) the same distance
to a child with autism in both years, (2) a shorter distance in year t � 1
than in year , and (3) a greater distance in year than in yeart � 2 t � 1

.t � 2
As shown in figure 4, residing in close proximity to a child with autism

within the past two years has no effect on subsequent autism risk if the
neighboring family with autism moved away. In contrast, residing in very
close proximity (less than 250 meters) has a statistically significant effect
when the nearest neighbor with autism did not move away. The significant
positive effect is also observed in the group who had a shorter distance
to a child with autism in year than in year . This group oft � 1 t � 2
children consists of those whose nearest neighbor with autism had moved
closer, those who had a new neighbor with autism move into their close
proximity, or those who had a neighbor in closer proximity receive an
autism diagnosis in year .23t � 1

23 It is also the case that more recent proximity has a stronger effect than temporally
distal proximity. This result is consistent with social influence and inconsistent with
a toxicant or virus, since the effect of the toxicant and/or virus should be stronger in
utero or in early development—life stages temporally more distal from diagnosis.
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Fig. 4.—Effect of two-year lagged proximity on autism diagnosis in year t by whether
the child was (1) the same distance to the nearest child with autism in the two consecutive
years, (2) a shorter distance to the nearest child with autism in year than in yeart � 1

, and (3) a longer distance to the nearest child with autism in year than in yeart � 2 t � 1
.t � 2

We now turn to considering situations in which the focal child—the
child at risk for an autism diagnosis—is a mover. To study this context,
for children who had different addresses at birth and at their next sibling’s
birth, we built a cross-sectional data set for the year in which the next
sibling was born.24 Children who were diagnosed with autism before or
in the year in which their next sibling was born and those out of the two-
to six-year-old age range were excluded from the analysis. This leaves a
total of 336,608 children with a mean age of 3.7 years who had moved
from their location at birth to a new location before they could have
received an autism diagnosis. For this population, we fitted a logistic
regression model to estimate the probability of receiving an autism di-
agnosis in the years after their next sibling’s birth, up to 2006. The key
independent variables are continuous and categorical proximity to a
neighbor with autism in the year of their next sibling’s birth. We further
partitioned the mover sample into two groups based on the distance they
moved, defining as short-distance movers those whose families moved less

24 We cannot build a longitudinal data set because we cannot be certain when the
family moved during the time between the two births.
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than seven kilometers, which is the median of all observed moves. Results
of this analysis are reported in table 8.

Table 8 shows that even for children whose family moved to a location
in close proximity to a child with autism, that proximity has a positive
effect on their subsequent odds of obtaining an autism diagnosis. The
effects were positive and statistically significant in both the continuous
and categorical models (first two columns). Further dividing the sample
into short-distance and long-distance movers shows that the effect is not
due to short-distance moving. As can be seen from the last two columns,
children who had moved more than seven kilometers between their birth
and their next sibling’s birth (and are therefore more likely to have been
exposed to a different set of environmental factors than their current
neighbors) were still more likely to be diagnosed with autism after living
in close proximity to a child with autism.

Estimate of Effect Sizes

To provide some idea of the relative importance of the social influence
mechanism we identify in generating the increasing prevalence of autism,
we calculated the population attributable fractions (PAFs) of residing in
close proximity and other demographic variables. The PAF is commonly
defined as the reduction in incidence if the population had not been ex-
posed to a risk factor (Rockhill, Newman, and Weinberg 1998).25 It can
be estimated by the formula , where pc is thePAF p pc(RR � 1)/RR
percentage of cases exposed to a risk factor and RR is the relative risk
ratio estimated from multivariate regression. This formula provides un-
biased estimates even when exposures to the risk factors are noninde-
pendent (Steenland and Armstrong 2006). To obtain the RRs, we fitted
the event history model using a log-binominal model (McNutt et al. 2003),
and we used a categorical proximity variable (whether the child lived
within a 50-meter radius from a child with autism) and categorical var-
iables for mother’s education (whether the mother graduated from college,
defined as 16 or more years of education) and mother’s age at the time
of birth (whether ! 35 years).26

Table 9 reports the PAFs. According to this model, if none of the pop-

25 Obviously, the counterfactual condition is never observed, and the estimation method
ignores endogeneity and complexity in any causal chain of events. That said, PAFs
are useful for comparing the effect sizes of different factors under the current model
specification.
26 We used the log-binominal model for direct RR estimates, although given the rare
occurrence of autism (! 10%), odds ratios are very close approximations. In fact, the
estimates from the log-binominal model are almost identical to those from a logistic
regression model.



TABLE 8
Effect of Proximity to a Child with Autism on Subsequent Autism

Diagnosis for Children Who Moved between Their Birth and the Birth of
their Next Sibling

All Movers
( )N p 333,608

Short-
Distance
Movers

( )N p 169,967

Long-
Distance
Movers

( )N p 163,641

OR 95% CI OR 95% CI OR 95% CI OR 95% CI

Logged distance to
nearest child
with autism
(reverse
coded) . . . . . . . . 1.12* (1.06–1.19)

Proximity
categories:

1–500 m . . . . . . . . 1.22* (1.07–1.40) 1.22* (1.01–1.47) 1.22* (1.01–1.48)
501 m–1 km . . . . 1.00 1.00 1.00
1–2 km . . . . . . . . . . .90 (.76–1.08) .82 (.63–1.06) .98 (.77–1.23)
2–5 km . . . . . . . . . . .85 (.65–1.11) .89 (.59–1.35) .82 (.58–1.16)
Over 5 km . . . . . . .86 (.59–1.26) .80 (.39–1.65) .88 (.56–1.38)

Age:
2 . . . . . . . . . . . . . . . . . 1.00 (.84–1.19) 1.00 (.84–1.19) .94 (.73–1.20) 1.06 (.84–1.34)
3 . . . . . . . . . . . . . . . . . 1.00 1.00 1.00 1.00
4 . . . . . . . . . . . . . . . . . .96 (.83–1.11) .96 (.83–1.11) .91 (.74–1.12) 1.01 (.83–1.24)
5 . . . . . . . . . . . . . . . . . .61* (.50–.74) .61* (.50–.74) .66* (.50–.86) .57* (.43–.75)
6 . . . . . . . . . . . . . . . . . .34* (.25–.48) .34* (.25–.48) .27* (.16–.45) .42* (.27–.65)

Year:
2001 . . . . . . . . . . . . . .82� (.65–1.03) .82� (.65–1.03) .84 (.60–1.16) .80 (.58–1.11)
2002 . . . . . . . . . . . . . 1.03 (.82–1.28) 1.02 (.82–1.28) .86 (.62–1.18) 1.18 (.87–1.61)
2003 . . . . . . . . . . . . . .88 (.70–1.11) .88 (.70–1.10) .89 (.65–1.23) .86 (.62–1.19)
2004 . . . . . . . . . . . . . .94 (.75–1.17) .93 (.74–1.16) 1.02 (.74–1.39) .84 (.61–1.16)
2005 . . . . . . . . . . . . . .82� (.66–1.04) .82� (.65–1.03) .82 (.59–1.14) .81 (.59–1.12)

Male . . . . . . . . . . . . . . . 4.90* (4.20–5.72) 4.90* (4.21–5.72) 4.92* (3.95–6.14) 4.89* (3.94–6.05)
Mother’s years of

education . . . . . 1.07* (1.06–1.08) 1.07* (1.06–1.08) 1.06* (1.04–1.08) 1.08* (1.06–1.09)
Mother’s age at

birth . . . . . . . . . . 1.00* (1.00–1.01) 1.00* (1.00–1.01) 1.00 (1.00–1.01) 1.01* (1.00–1.01)
Birth paid by

Medi-Cal . . . . . .76* (.66–.88) .76* (.66–.88) .68* (.56–.83) .87 (.71–1.06)
Logged age 0–9

population
density . . . . . . . 1.10* (1.05–1.15) 1.10* (1.05–1.15) 1.09* (1.01–1.16) 1.11* (1.04–1.18)

Logged median
household
income . . . . . . . .93 (.79–1.09) .93 (.79–1.10) .93 (.73–1.17) .92 (.73–1.16)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate closer0 � ln (distance)
proximity.

� .P ! .10
* .P ! .05
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TABLE 9
Population Attributable Fractions (PAFs) of Proximity and

Socioeconomic Variables

Proportion
Population
Exposed

Proportion
Cases

Exposed (pc)

Adjusted
Risk Ratio

(RR)
Adjusted

PAF

Proximity 1–500 m . . . . . . . . . .40 .52 1.44 .16
Mother graduated from

college . . . . . . . . . . . . . . . . . . . . . .32 .44 1.25 .09
Mother’s age over 35 at

time of birth . . . . . . . . . . . . . . .10 .22 2.04 .11
Birth paid by Medi-Cal . . . . .30 .17 .57 -.13

Note.—RRs were estimated by a log-binominal event history model. Estimates were also adjusted
for the effect of age; year; gender; logged proximity to the nearest pediatrician, DDS office, and
autism advocacy organization; age 0–9 population density in school district; and median income in
school district.

ulation lived in very close proximity to a child with autism—within a
500-meter radius—there would have been a 16% reduction in autism
incidence. The effect of proximity is greater than the effect of the mother’s
age at the time of birth. Specifically, if all mothers were younger than 35
at the time of birth, we would observe an 11% decrease in incidence.
Likewise, the effect is greater than parental education (if no mothers have
a college degree, we would observe a 9% reduction in incidence). In
contrast, removing the effect of Medi-Cal would have increased incidence
by 13%. Obviously, Medi-Cal is not protective for autism: poverty simply
means that the likelihood of diagnosis is reduced, and so equalizing all
health care—so that everyone had better health care—would be associated
with an increase in diagnoses.

The counterfactual logic implied in the PAF allows us to assess the
relative importance of a factor, but it is not a prescription for social policy.
We cannot return to a time when Daniel Boone would be happy—when
all mothers had children before they were 35, when no mothers or fathers
went to college, and when everyone had a lot of elbow room. The findings
reported in this article are agnostic with respect to the question of whether
children with autism are now more likely to be identified or whether
children are “overdiagnosed.” But they are not agnostic to the question
of what accounts for a large component of the increased prevalence of
autism. To this question, it is quite clear that social influence plays a
significant role, accounting for a greater fraction of the increased prev-
alence of autism than maternal age, socioeconomic status, and all of the
known genetic determinants of autism (to date, no single gene has been
associated with more than 1%–2% of all autism cases, although Liu,
Zerubavel, and Bearman [2010] find evidence consistent with the idea



American Journal of Sociology

1424

that de novo mutations associated with increased parental age enhance
risk for autism).

DISCUSSION

One does not “catch” autism from someone else, yet a social diffusion
process contributes significantly to the increased prevalence of autism.
We observe a strong positive effect of proximity to other children with
autism on the subsequent chance of diagnosis, robust to a range of in-
dividual- and community-level controls in both urban and less urban
areas. In addition, close proximity to a child with autism was inversely
associated with the likelihood of subsequent sole MR diagnosis, while it
correlated strongly with the chance of autism-MR diagnosis. Proximity
also increases the chance of autism rather MR diagnosis given the same
level of severity in autism symptoms. Social influence arises strongly for
high-functioning cases of autism. The effect of proximity is also more
prominent in younger children, when diagnosis is more difficult and pa-
rental resources are more important. Children who were diagnosed with
autism have a similar mode of referral as that of their nearest neighbor
with autism before their diagnosis. All of these findings are consistent
with a mechanism of social diffusion of awareness of the symptoms and
the benefits of treatment and are inconsistent with competing explana-
tions.

Social influence also accounts for the observed spatial clustering of
autism. Such clustering could be caused by local environmental toxicants,
the diffusion of a virus, or residential selection, but it is hard to see how
a toxicant could cause a reduction in MR diagnoses, operate in all types
of communities (urban or rural), and affect most strongly the high-func-
tioning end of the severity distribution. The same is true for a virus. The
fixed-effects model we consider rules out residential selection on non-time-
varying characteristics as a significant driver of the patterns we observe.
Despite the findings from the fixed-effects model, it remains possible,
however, that the effect of proximity is spuriously caused by some un-
observed factors that are associated specifically with higher-functioning
autism and that are nonrandomly distributed within school districts. The
most likely candidates are socioeconomic factors. The inclusion of indi-
vidual- and community-level measures of socioeconomic status, however,
was associated with little change in the effect of proximity, and in some
instances it amplified the effect we observed.

But if people do not catch autism (which they do not), social diffusion
dynamics can affect the chance of a diagnosis. Our finding on the negative
effect of proximity to children with autism on subsequent sole MR di-
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agnosis provides a new way to understand the dynamics of diagnostic
substitution. Explanations based on self-selection of high-risk parents into
neighborhoods, viruses, or environmental toxicity would not predict such
findings. One might expect that the availability of health-care resources
would positively influence the probability of diagnosis for autism—as
additional resources should lead to better recognition of symptoms in-
dependent of a social diffusion process (Mandell and Palmer 2005; Palmer
et al. 2005). As with variables capturing socioeconomic status, proximity
to health-care resources—in contrast to expectation—did not have any
noticeable impact on the likelihood of diagnosis. This suggests the im-
portance of spatially localized person-to-person contact in affecting par-
ents’ decisions to seek out processional help. This has implications for
policies aiming at equalizing access to treatments for all parents and
communities.

Attention to the structure of social interaction has greatly enhanced our
understanding of the diffusion of contagious diseases from the common
cold to sexually transmitted diseases (Barthélemy et al. 2005; Watts et al.
2005; Riley 2007). A growing body of evidence has also documented the
importance of the social interaction structure on largely behaviorally
driven conditions such as obesity (Christakis and Fowler 2007). The cur-
rent study illustrates that social structure and the interactions that arise
from shared foci can have an enormous impact on a childhood disorder
that many believe is largely genetically determined and thereby comple-
ments a long tradition of theory and research that has identified the critical
role of networks in shaping individual health decisions (Clausen and Yar-
row 1955; Pescosolido and Boyer 2010).

This study has limitations. First, our data arise from California. Because
the DDS provides services only to children with autism and not to children
diagnosed with disorders on the autism spectrum, the importance of an
autism diagnosis for parents striving to secure resources for their children
is amplified. The steep and sudden cliff creates incentives that may not
be present in other contexts, but pressure to do anything to help children
is likely widespread and not limited to the California context. As Judith
Rapoport of the National Institute of Mental Health told Grinker (2007,
p. 131), “I’ll call a kid a zebra if it will get him the educational services
I think he needs.” Still, the structure of service provision in California
creates enormous pressure on autism diagnoses in ways that make infer-
ence to the national context—with respect to the population attributable
fraction—difficult. Our data are also limited to families who have more
than one child and are not movers. We can observe that families with
multiple children who move within the window of our study are not
significantly different from those who do not move, but families with one
child are quite different from families with more children. This also means
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that assessing the effect size of the diffusion mechanism is difficult and
that inferences can be safely made only for families with multiple children.

Finally, we are unable to completely rule out environment or viruses
as causes of the specific spatial patterns we observe. What is possible—
and perhaps most likely—is that an initial environmental shock gave rise
to a slight increase in autism, inducing the social influence cascade de-
scribed in this article. If this is the case, then identifying the toxicant
responsible will be more difficult, since simple correlation to current case-
load may be misleading. For an environmental toxicant or virus to be
solely responsible for the results we report in this article, it would have
to be present at a local scale in all kinds of neighborhoods, from manu-
facturing centers to agricultural regions, from urban areas to rural com-
munities, and in suburbs both close to the sea and deep inland; be causally
related to autism only for the least severely affected individuals and be
positively related to fewer (not more) diagnoses of MR; lead to the same
mode of referral to the DDS; work for younger kids more than older kids;
and operate at the most microscopic levels of interaction. There surely
could be such a virus or such a toxicant, but the parsimonious explanation
involves neither and points strongly to the diffusion of information op-
erating at a local scale for cases where diagnosis is most difficult and for
individuals whose children would most benefit from a diagnosis of autism
versus MR, thus inducing a decline in MR diagnoses. In contrast, social
influence makes sense of the increased prevalence, declining age of di-
agnosis, and spatial clustering of autism.



APPENDIX

TABLE A1
Effect of Year-Mean-Centered and Study Period–Mean-Centered Logged

Proximity to Nearest Child with Autism on
Subsequent Autism Diagnosis

Year Mean
Centered

Study Period
Mean

Centered

OR 95% CI OR 95% CI

Logged distance to nearest child with autism
(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.27* (1.18–1.37) 1.28* (1.18–1.38)

Age:

2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .03* (.02–.05) .03* (.02–.05)

3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00

4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .68* (.57–.81) .68* (.57–.81)

5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .44* (.33–.60) .44* (.33–.60)

6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .33* (.20–.55) .33* (.20–.55)

Year:

2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00

2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.24 (.90–1.69) 1.20 (.88–1.64)

2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.48* (1.09–2.00) 1.40* (1.03–1.89)

2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.40* (1.03–1.91) 1.29� (.95–1.76)

2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.80* (1.34–2.43) 1.64* (1.21–2.21)

2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.03* (1.51–2.73) 1.82* (1.35–2.45)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.86* (4.02–5.88) 4.86* (4.02–5.88)

Mother’s years of education . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.08* (1.05–1.11) 1.08* (1.05–1.11)

Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.07* (1.05–1.09) 1.07* (1.05–1.09)

Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .84 (.66–1.05) .84 (.66–1.05)

Logged age 0–9 population density . . . . . . . . . . . . . . . . . . . 1.13* (1.05–1.21) 1.13* (1.05–1.21)

Logged median household income . . . . . . . . . . . . . . . . . . . . .90 (.78–1.04) .90 (.78–1.04)

Logged distance to nearest advocacy organization
(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.04 (.96–1.13) 1.04 (.96–1.13)

Logged distance to nearest DDS center (reverse
coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.07 (.98–1.17) 1.07 (.98–1.17)

Logged distance to nearest pediatrician (reverse
coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.02 (.94–1.10) 1.02 (.94–1.10)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate closer0 � ln (distance)
proximity.

� .P ! .10
* .P ! .05
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TABLE A2
Effect of Logged Proximity to Nearest Child with Autism on Subsequent

Autism Diagnosis, by Urbanicity

Urban
( )N p 480,524

Less Urban
( )N p 472,940

OR 95% CI OR 95% CI

Logged distance to nearest child with autism
(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.23* (1.11–1.37) 1.29* (1.17–1.42)

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .03* (.02–.06) .03* (.02–.07)
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .63* (.50–.80) .76* (.58–.98)
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .45* (.31–.66) .44* (.28–.70)
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .43* (.24–.77) .20* (.06–.62)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.49� (.98–2.26) .90 (.55–1.46)
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.52* (1.01–2.29) 1.28 (.82–2.01)
2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.43� (.94–2.18) 1.15 (.74–1.81)
2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.69* (1.12–2.56) 1.56* (1.01–2.42)
2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.09* (1.38–3.16) 1.52� (.98–2.35)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.80* (3.73–6.17) 4.92* (3.68–6.58)
Mother’s years of education . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.09* (1.05–1.13) 1.08* (1.03–1.13)
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.08* (1.05–1.10) 1.06* (1.04–1.09)
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .88 (.67–1.16) .70 (.46–1.09)
Logged age 0–9 population density . . . . . . . . . . . . . . . . . . . 1.28* (1.07–1.53) .98 (.86–1.13)
Logged median household income . . . . . . . . . . . . . . . . . . . . .96 (.72–1.28) .92 (.76–1.12)
Logged distance to nearest advocacy organization

(reverse coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.03 (.91–1.17) .99 (.87–1.13)
Logged distance to nearest DDS center (reverse

coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.07 (.94–1.22) 1.03 (.90–1.18)
Logged distance to nearest pediatrician (reverse

coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .99 (.89–1.10) 1.02 (.90–1.16)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate closer0 � ln (distance)
proximity. Urban and less urban samples are defined as those above and below the median age zero to
nine population density.

� .P ! .10
* .P ! .05
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TABLE A3
Effect of Logged Proximity to Nearest Child on Subsequent Autism

Diagnosis, Estimated from Fixed-Effects Model

OR 95% CI

Logged distance to nearest child with autism (reverse
coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.09� (1.00–1.18)

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .03* (.02–.05)
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .67* (.56–.80)
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .43* (.32–.58)
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .32* (.19–.53)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.24 (.90–1.72)
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.49* (1.04–2.14)
2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.40� (.99–1.98)
2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.68* (1.24–2.28)
2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.89* (1.39–2.57)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.94* (4.07–5.99)
Mother’s years of education . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.08* (1.04–1.11)
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.07* (1.05–1.08)
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .82� (.65–1.03)
Logged age 0–9 population density . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.63 (.14–19.16)
Logged median household income . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.28 (.44–3.73)

Note.—One in 371 school districts ( ) was dropped because all outcomes wereN p 168,585
negative. The remaining number of groups was 236 ( ). All logged distances wereN p 749,571
reverse coded (i.e., ). Larger values indicate closer proximity.0 � ln (distance)

� .P ! .10
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TABLE A4
Effect of Logged Proximity to Nearest Child with Autism on

Subsequent Comorbid Autism-MR Diagnosis

OR 95% CI

Logged distance to nearest child with autism (reverse
coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.39* (1.01–1.92)

Age:
2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .00� (.00–.04)
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00
4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.09 (.60–1.99)
5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.77 (.56–5.63)
6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .97 (.08–11.61)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.16 (.51–2.64)
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.01 (.43–2.38)



2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .97 (.40–2.35)
2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.63 (.65–4.11)
2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.14* (1.44–11.91)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .75 (.40–1.41)
Mother’s years of education . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.06 (.96–1.16)
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.05� (1.00–1.10)
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.20 (.59–2.42)
Logged age 0–9 population density . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.03 (.81–1.32)
Logged median household income . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.17 (.72–1.90)
Logged distance to nearest advocacy organization (reverse

coded) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.02 (.80–1.30)
Logged distance to nearest DDS center (reverse coded) . . . . . . . . .85 (.67–1.08)
Logged distance to nearest pediatrician (reverse coded) . . . . . . . . 1.12 (.82–1.53)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate0 � ln (distance)
closer proximity.

� .P ! .10
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TABLE A5
Effect of Logged Proximity to Nearest Child with Autism on

Subsequent Autism Diagnosis, by Age of Diagnosis

Age 3 at
Diagnosis

Older than
Age 3 at

Diagnosis

OR 95% CI OR 95% CI

Logged distance to nearest child with au-
tism . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.32* (1.2–1.44) 1.15* (1.01–1.31)

Year:
2000 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.00 1.00
2001 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.12 (.80–1.58)
2002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.28 (.92–1.78) 1.05 (.68–1.62)
2003 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.25 (.89–1.74) .84 (.54–1.30)
2004 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.72* (1.25–2.36) .92 (.60–1.41)
2005 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1.86* (1.35–2.56) .97 (.63–1.51)

Male . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.72* (3.74–5.95) 5.22* (3.70–7.39)
Mother’s years of education . . . . . . . . . . . . . . . . . . . 1.09* (1.05–1.13) 1.07* (1.02–1.12)
Mother’s age at birth . . . . . . . . . . . . . . . . . . . . . . . . . . 1.07* (1.05–1.09) 1.07* (1.04–1.10)
Birth paid by Medi-Cal . . . . . . . . . . . . . . . . . . . . . . . . .84 (.62–1.12) .82 (.56–1.19)
Logged age 0–9 population density . . . . . . . . . . . 1.12* (1.03–1.23) 1.14* (1.01–1.28)
Logged median household income . . . . . . . . . . . . .85� (.71–1.02) 1.03 (.81–1.31)
Ln distance to nearest advocacy org. . . . . . . . . 1.01 (.91–1.12) 1.04 (.90–1.21)
Ln distance to nearest DDS center . . . . . . . . . . . 1.06 (.95–1.19) 1.12 (.94–1.33)
Ln distance to nearest pediatrician . . . . . . . . . . . 1.00 (.91–1.11) 1.06 (.91–1.23)

Note.—All logged distances were reverse coded (i.e., ). Larger values indicate0 � ln (distance)
closer proximity.

� .P ! .10
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