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Objectives. We estimated the effect of community and school district resources
on the identification of children with autistic disorder.

Methods. Latent growth curve regression models were applied to school
district–level data from one large state.

Results. The rate of identification of autistic disorder increased on average by
1.0 child per 10000 per year (P<.001), with statistically significant district varia-
tion. After adjustment for district and community characteristics, each increase
in decile of school revenue was associated with an increase of 0.16 per 10000 chil-
dren identified with autistic disorder. The proportion of economically disadvan-
taged children per district was inversely associated with autistic disorder cases.

Conclusions. District revenue was associated with higher proportions of chil-
dren identified with autistic disorder at baseline and increasing rates of identifi-
cation when measured longitudinally. Economically disadvantaged communi-
ties may need assistance to identify children with autistic spectrum disorders
and other developmental delays that require attention. (Am J Public Health. 2005;
95:125–130. doi: 10.2105/AJPH.2003.023077)
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one-on-one instruction, and intensive behav-
ioral interventions.3,34–36

Despite the fact that ASDs can be identi-
fied in children as young as 18 months,37 a
large majority of these children are not identi-
fied until they are of school age.38–40 Unless
parents exhibit distress or proactively discuss
their concerns with pediatricians, physicians
are often slow to recognize disorders in chil-
dren or miss them altogether, even when
signs and symptoms are apparent.41–44 Even
when parents do express concern, recognition
and referral are often delayed. For example,
Howlin and Moore found that although the
average age of diagnosis was 6 years, parents
generally expressed concern about related
problems much earlier.39 Glascoe found that
the identification of developmental disorders
is usually delayed to the point that the school
system—as opposed to the health system—
identifies 70% of children with developmen-
tal delays.38 Palfrey and colleagues found that
when identification of more polymorphous
phenotypes such as ASDs was delayed, the
proportion identified by the school system
was closer to 80%.43 In their large-scale prev-
alence study of ASDs, Yeargin-Allsopp and
colleagues found that more than 75% of chil-

dren with ASDs were identified through the
school system.2

Clearly, schools play an important role in
identifying children with developmental disor-
ders such as ASDs; however, their methods
of identification are suboptimal. For example,
Yeargin-Allsopp found that in one metropoli-
tan area, 18% of children who qualified for a
diagnosis of ASDs according to study criteria
were receiving special education services but
had not been recognized as having ASDs by
the school.2 There is little research, however,
on the characteristics of schools and school
systems that are associated with timely recog-
nition and provision of services for children
with ASDs. In their study of all 50 states,
Lester and Kelman found that state policies
were highly predictive of rates of identified
learning disabilities, whereas state sociodemo-
graphic characteristics were not.45 They ac-
knowledged, however, that it is difficult to
summarize the sociodemographic characteris-
tics of an entire state, a factor that may have
influenced their results. They also pointed to
the need for more fine-grained analysis.

One possibility is that school districts with
greater resources are more effective at identi-
fying and providing services to children with

Autistic spectrum disorders (ASDs) are a dis-
abling continuum of disorders affecting 2 to 4
of every 1000 live births.1,2 The core set of
defining features includes deficits in verbal
and nonverbal communication and restricted
and repetitive patterns of behavior.3,4 The
prevalence of ASD appears to be greater than
previously thought, at least in part owing to
improved ascertainment.5

The etiology of ASDs is uncertain. As yet,
the disorders can be defined only by a set of
specific behaviors.6 Twin studies have pro-
vided evidence of a strong genetic compo-
nent, and multiple genetic loci have been
identified, but no association with specific
phenotypes has been established.7 Specific
environmental factors, such as maternal ru-
bella, also have been associated with ASDs.8

Other potential causes of ASDs, such as
diet,9–11 gastrointestinal pathology,12 chemical
imbalance,13 and vaccines,14–19 have been
posited but remain controversial. Evidence
for a dysfunction of the neuroimmune com-
plex is mounting, but it requires more investi-
gation into specific mechanisms.20–24 The
association between ASDs and parenting
practices25 has been completely discredited,
and the association with socioeconomic
status26–30 is largely viewed as spurious.

Successful behavioral interventions have
been developed that improve language and
socialization skills and decrease stereotyped
and self-injurious behavior among children
with ASDs.31 In part to ensure that they re-
ceive these services, but primarily to ensure
that they receive the “free, appropriate edu-
cation” to which they are entitled, children
with ASDs are eligible for special education
services through the Individuals With Dis-
abilities Education Act.32 ASDs were identi-
fied as a separate disabling condition quali-
fying children for special education in
1990.33 Special education services, available
for children from birth to age 21, can in-
clude participation in specialized classrooms,
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ASDs. Services for children with ASDs are
often costly and can represent a considerable
drain on related resources.46,47 The US De-
partment of Education reports that there are
considerable inequities in both revenues and
special education spending by district across
the United States.48 To our knowledge, there
is no research that examines how these dis-
trict characteristics influence the recognition
of and provision of services to children with
special needs.

The current study used data from one
large state to examine differences in the pro-
portion of children identified with autistic dis-
order and the rate at which they were identi-
fied, as a function of school district resources.
We focused on autistic disorder rather than
the spectrum of disorders because autistic
disorder represents the most severe and phe-
notypically distinct end of the spectrum,49

and is therefore the most reliably and validly
diagnosed.50,51

METHODS

Data Source and Sample
Administrative data from the Texas Educa-

tion Agency (TEA) for school years 1994/
1995 to 2000/2001 were analyzed. Data
and data description are available at the TEA
Web site (http://198.214.99.202). In compli-
ance with the Texas Education Code, the
Public Education Information Management
System contains data necessary for the legisla-
ture and the TEA to perform their legally
authorized functions in overseeing public ed-
ucation. The database consists of student de-
mographics, student academic records, and
school personnel, financial, and organizational
information. Numbers of autistic disorder
cases per district were obtained by special re-
quest from the TEA. Data were from all
1040 school districts that were in existence
for the total study period. These districts rep-
resented approximately 4 million children en-
rolled in grades kindergarten through 12.

Measures
Diagnosis of autistic disorder was abstracted

from the school record for each year of the
study period. Diagnoses were made by quali-
fied special education psychologists employed
by the TEA or by psychologists or medical

doctors outside the TEA system. While diag-
noses were not standardized, there is consid-
erable evidence that diagnoses of autistic dis-
order are made with good reliability and
specificity in the field.50–52 Autism rates for
each district were obtained by calculating the
ratio of the total number of autistic children
to the total enrolled in that district for a spe-
cific school year.

District and population resources, as de-
scribed in each of the variables listed below
(in italics), were calculated as of the 1994/
1995 school year. In response to concerns
that resources may have shifted over the
course of the study period, comparisons were
made for each year of the study period. Re-
sults suggest that 70% of districts remained
within the same decile of resources over the
course of the study. An additional 28.4%
varied by ±1 decile, suggesting relative stabil-
ity over the course of the study.

District revenue included budgeted revenue
from all local, state, and federal sources, ex-
cept for receipts from the sale of bonds and
other revenues budgeted in the capital proj-
ects fund. When capital projects are excluded,
this amount includes only funds budgeted to
be spent on students. Deciles of revenue were
calculated from these data. This variable is in-
tentionally unadjusted for the number of stu-
dents per district to avoid the assumption that
amounts spent on students in large districts
are comparable to those spent on smaller dis-
tricts. We appropriately adjusted for district
wealth and student population in the multi-
variate analysis.

Average teacher salary was calculated as the
total salary of teachers divided by the num-
ber of full-time-equivalent teachers. The total
salary amount was base pay only; any supple-
ments were excluded.

District population wealth was calculated as
the district’s total taxable property value in
1994 as determined by the Comptroller’s
Property Tax Division (CPTD), divided by the
total number of students in the district in
1994/1995. Property value was determined
by the CPTD as part of its annual study,
which attempts to present uniformly ap-
praised property valuations statewide. The
CPTD value is calculated by applying ratios
created from uniform independent appraisals
to the district’s assessed valuations.

Racial composition was accounted for by
the proportion of White children enrolled in
schools within each district.

Total number of students was calculated as
all enrolled students as of October 28, 1994,
in grades prekindergarten through 12, who
attended at least 1 day of school for that
school year. Statewide, 6975 students, or
0.2% of all students, were enrolled in but
never attended school.

Proportion of economically disadvantaged
students was calculated as the percentage of
students who were eligible for free meals
under the National School Lunch and Child
Nutrition Program, reduced-price meals under
the National School Lunch and Child Nutri-
tion Program, or other public assistance.

Proportion of students enrolled in special ed-
ucation was calculated as the number of stu-
dents enrolled in special education divided
by the total number of students enrolled in
each district.

Number of teachers per student was calcu-
lated as the total number of students divided
by the total number of full-time-equivalent
teachers.

Analyses
A structural modeling approach employing

latent growth curve modeling (LGCM) was
used to determine the rate of change in autis-
tic disorder over the 7-year period. This rate
of change was then regressed onto indepen-
dent variables of interest. LGCM is a well-
documented strategy for modeling change
over time.53 In contrast to standard autore-
gressive models, which estimate the intradis-
trict change between each year of the study,
LGCM estimates the full trajectory of change
across each district’s measurement points.54

The parameters of interest are the intercept,
which provides an estimate of the proportion
of children diagnosed with autistic disorder at
baseline, and the slope, which provides an
estimate of the trajectory of change in that
proportion over time. The variances of the in-
tercept and slope are also of interest because
they indicate whether there is heterogeneity
among the slopes across districts. Variation
in the intercept or slope indicates the extent
to which there are differences among districts.
We estimated the model by using maximum
likelihood methods with AMOS software.55
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TABLE 1—Baseline Descriptive Statistics for School Districts (n=1040): Texas, 1994/1995
School Year

Variable Median Mean SD Minimum Maximum

District revenue, $ millions 4.56 17.4 52.2 0.1 966.7

No. of students 856 3535 10 753 13 202 363

White students, % 72 65.6 26.25 0 100

Economically disadvantaged students, % 44.6 45.4 18.42 0 100

No. of schools 3.0 6.2 14.32 1 263

Schools receiving special education, % 13.0 13.7 4.53 0 37

Teacher salary, $ 27 063 27 271 2294 19 580 35 515

No. of students per teacher 13.6 13.39 2.89 4.3 57.54

District wealth, $ 134 102 219 606 364 870 0 6 130 479

Note. For an explanation of how the variables were calculated, see Methods section.
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FIGURE 1—Rates of child autism in Texas school districts from 1994 to 2001, by unadjusted
decile of district resources.

In addition to the χ2 test,56 we used 2
common test statistics to assess LGCM good-
ness of fit: the root mean square error of ap-
proximation and the comparative fit index.
A root mean square error of approximation
of 0.05 or less indicates a close fit to the
data.57,58 A comparative fit index below
0.95 suggests model misspecification, while
values from 0.95 to 1.0 indicate adequate to
excellent fit.59

RESULTS

Table 1 provides summary statistics of the
variables used in the analysis. There was
considerable variation in most variables. A
comparison of the medians, means, and
ranges suggests that with regard to district
revenue and wealth, as well as number of
students, schools, and students per teacher,
there were a few outlying districts with large
values that skewed the distribution of these
variables. For example, the mean district rev-
enue was $17.4 million, with a range of
$100000 to $966.7 million.

Results of the LGCM demonstrate that in
school year 1994/1995, the average propor-
tion of children identified with autistic disor-
der was 2.5 per 10000 (P < .001). The rate
of identification of autistic disorder increased
on average by 1.0 child per 10000 per year
(P < .001). The LGCM also showed that
there was significant variability associated
with both the baseline and rates of change
over time (P < .001 and P < .01, respectively),
indicating that the rates of autism at baseline

and the change over time differed signifi-
cantly across counties. The latent growth
model demonstrated an adequate fit to the
data, with a comparative fit index of 0.99
and a root mean square error of approxima-
tion of 0.06.

Figure 1 depicts the rate of identified cases
of autistic disorder over the course of the
study period, as a function of decile of district
revenue. Over the course of the study, those
districts within the highest (10) and second
highest (9) revenue deciles experienced more
than a 300% increase in rates of identifica-
tion. Rates of change among deciles 4

through 8 were relatively indistinguishable.
Deciles 1 and 3 experienced almost no
change in the rate of identification of autistic
disorder, whereas decile 2 experienced a dou-
bling in the rate of identification. By the end
of the study period, deciles 9 and 10 had
rates of identification that were far greater
than those of districts in the lower deciles of
revenue. The statistical difference between
the slope trajectories across deciles was tested
by a χ2 difference test. The slopes of deciles 9
and 10 were significantly different from each
other (P<.0001) and from those of the other
deciles. While deciles 1 and 3 were not sig-
nificantly different from each other, they were
statistically different from the other deciles
(P<.001). There were no significant differ-
ences between deciles 2, 4, 5, 6, 7, and 8.

Table 2 shows the results of the LGCM.
Three separate models are presented. In the
first, the rate of change was regressed onto
district revenue. In the second, it was re-
gressed onto revenue and community charac-
teristics, and in the third, other school char-
acteristics were added as well. Model 1
shows the positive direct effect of district rev-
enue on the rate of change in autistic disor-
der. District revenue accounted for 9% of the
variance in the rate of change. Model 2
shows the additional contribution of commu-
nity characteristics, which accounted for an-
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TABLE 2—Regression Models (Coefficient and P Value) Predicting Rate of Change in Autism
Among Children in Texas School Districts

Revenue and Revenue, District 
District Community Community, and Other 

Revenue Only Characteristics District Characteristics

District revenue, deciles 0.164 <.001 0.165 <.001 0.151 <.001

District wealth . . . . . . 0.000 .612 0.000 .310

% of economically disadvantaged students . . . . . . –0.018 <.001 –0.018 <.001

% of White students . . . . . . –0.002 .620 –0.001 .851

Teacher salary, $ thousands . . . . . . . . . . . . –0.001 .860

Total no. of students, hundreds . . . . . . . . . . . . 0.002 <.001

% of students in special education . . . . . . . . . . . . –0.005 .932

No. of students per teacher . . . . . . . . . . . . –0.049 .074

Proportion of high schools in district –0.862 .008

Variance (R2 ), % 9.0 14.5 18.2

Note. Boldface indicates that the regression coefficient is a significant predictor.

other 5.5% of the variance in the rate of
change. In this model, the percentage of eco-
nomically disadvantaged children was in-
versely related to the increase in the propor-
tion of children identified with autistic
disorder, and the predictive value of district
revenue remained relatively unchanged. In
model 3, both associations remained signifi-
cant after adjustment for other school district
characteristics (average teacher salary, total
number of students, percentage in special ed-
ucation, and student/teacher ratio). Among
the school characteristics entered into the
model, only the total number of students in
the district was directly associated with the
rate of change in autistic disorder.

To address the concern that smaller dis-
tricts had a greater proportion of schools
that were high schools, we adjusted the mul-
tivariate analysis to include this proportion
as a covariate. The coefficient between rev-
enue and the rate of change in ASDs was
unaffected (β = .151, SE= .03, P < .001).
There was a significant inverse association
between the proportion of schools in a dis-
trict that were high schools and rate of autis-
tic disorder.

DISCUSSION

The results of this study suggest that the in-
crease in the identification of children with
autistic disorder in Texas closely paralleled

nationwide trends.60,61 Our findings also sug-
gest that school district resources, as mea-
sured by district revenue, are associated with
an increased rate of identifying children with
autistic disorder. This association remained
after adjustment for a variety of school dis-
trict factors. Districts with more students also
had a higher rate of identification of children
with autistic disorder on average, while those
with a higher proportion of economically dis-
advantaged students had lower rates of iden-
tification on average.

By the end of the study period, there was
considerable variability in the prevalence of
children with recognized autistic disorder
across districts. Among districts in the top
decile of revenue, 21 children per 10000
were diagnosed with autistic disorder, while
among districts in the lowest decile, the diag-
nosis rate was 3.5 children per 10000.

Limitations
At least 4 study limitations should be con-

sidered. Perhaps most important, the true
community district-level prevalence of autistic
disorder—as opposed to the treated preva-
lence—is not certain. Small area variation in
this prevalence would quite probably affect
the proportion of children in each district
identified with autistic disorder. Recent epi-
demiological studies suggest no difference in
the prevalence of autistic disorder across a
variety of factors, including race, ethnicity,

and socioeconomic status.2 It is possible, how-
ever, that parents of children with this disor-
der may move into districts with greater re-
sources, inflating the prevalence for those
districts. This in and of itself would be an im-
portant finding, since it suggests that districts
with less revenue are not meeting the needs
of these families.

A second limitation is that district and
population resources measured in 1994 may
have changed over time, affecting the ob-
served association of resources and rise in
diagnosed autism. The potential effect of this
limitation is ameliorated, however, by the
fact that the overwhelming majority of dis-
tricts either remained within the same decile
level of resources or changed by only one
decile level.

Third, it should be emphasized that this is
an ecological study that precludes interpre-
tation at the individual level. We have used
aggregate units (e.g., district-level data) in
this analysis to investigate differential rates
of change in autism at the district level. It
follows that individual data are required to
make a better case for the suggested conclu-
sion that resource-poor districts inade-
quately address a valid demand for ASD
services. Further study of ASDs and service
inequalities would require collecting addi-
tional data about family, child, and specific
school characteristics. This research suggests
the need to incorporate multilevel modeling
strategies to better understand variation at
all levels of analysis, both at the individual
and the district level.

Finally, these results are from one state and
therefore may not be generalizable to other
parts of the country, especially given that reg-
ulations regarding funding for autism-related
services may vary from state to state.

Implications
Despite these limitations, there are impor-

tant implications related to these findings. It
is likely that district revenue is an accurate
proxy for funds spent on students. Because
these analyses adjusted for the number of stu-
dents in the district, revenues reflected per-
pupil spending. Districts with higher rates of
per-pupil spending had prevalence rates of di-
agnosed autistic disorder that approached the
known community prevalence rates. The rate
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of increase in diagnosis in these districts sug-
gests that the proportion will continue to rise.

On the other hand, districts that spent the
least amount per student were serving very
low proportions of children diagnosed with
autistic disorder, with rates of change that did
not appear to be approaching the known com-
munity prevalence any time in the near future.
The fact that this finding was not altered by
the inclusion of the total number of children
receiving special education services suggests
that in districts with greater revenue, children
with autistic disorder are diagnosed and enter
the special education system differently than
other children with special needs. Because the
effect of district revenue on the rates of diag-
nosed autistic disorder did not vary as a func-
tion of measures of community economic
status, it is likely that the schools and school
policies play a specific role in identifying these
children, regardless of the resources of the
families whose children are enrolled.

There are also implications related to the
fact that the proportion of economically dis-
advantaged students in a district had an inde-
pendent effect on the rates of diagnosed
autistic disorder. Although rigorous studies
have found no association between higher
socioeconomic status and ASDs, researchers
have noted that families with greater eco-
nomic resources are more likely to obtain
treatment and other services for their chil-
dren.26–30 Families with fewer economic re-
sources may interpret their children’s behav-
ior in a way that does not lead to medical
intervention. For example, Bussing and col-
leagues found that families’ willingness to
apply a medical label to their children’s atten-
tion deficit/hyperactivity symptoms varied
as a function of socioeconomic factors.62

Even when families are aware of their chil-
dren’s disorder, they may lack the resources
to advocate with schools for appropriate ser-
vices. Wildin and Barnett pointed specifically
to the morass of organizational and legal ac-
tions in Texas that must occur for children
with special needs to receive appropriate edu-
cational services.63 Other researchers have
also pointed out the complexity of laws gov-
erning special education and the difficulties in
interpreting rights and responsibilities.64

Districts with more students had on aver-
age greater rates of children diagnosed with

autistic disorder. Student population may be a
proxy for urbanicity and access to academic
health settings where there is a greater famil-
iarity with developmental delays. It may also
be that a critical mass of students is required
for standardized service provision to be put
into place. For example, schools may not initi-
ate a classroom specifically devoted to the
needs of children with ASDs unless they have
identified enough children with the disorder.
Such resources, once they are available, may
in turn facilitate more identification.

A final implication relates to the finding
that districts with a higher proportion of
schools that were high schools had lower
rates of children diagnosed with autistic disor-
der. It may be that even when children are
diagnosed with and receive services for ASDs
in elementary and middle school, those ser-
vices are not continued into the high school
years. Although further study with school-
level data is required to test this hypothesis,
the potential lack of services for adolescents
with ASDs has important implications for
service planning.

Further research is needed to determine
which revenue and spending patterns are
associated with improved ascertainment. In
the meantime, it is important to consider
providing resources to poorer districts and
economically disadvantaged communities
to help them identify children with ASDs
and other developmental delays that require
attention.
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