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Confounding associated with social stratification or other selection processes has been called structural con-
founding. In the presence of structural confounding, certain covariate strata will contain only subjects who could
never be exposed, a violation of the positivity or experimental treatment effect assumption. Thus, structural con-
founding can prohibit the exchangeability necessary for meaningful causal contrasts across levels of exposure.
The authors explored the presence and magnitude of structural confounding by estimating the independent effects
of neighborhood deprivation and neighborhood racial composition (segregation) on rates of preterm birth in Wake
and Durham counties, North Carolina (1999–2001). Tabular analyses and random-intercept fixed-slope multilevel
logistic models portrayed different structural realities in these counties. The multilevel modeling results suggested
some nonsignificant effect of residence in tracts with high levels of socioeconomic deprivation or racial residential
segregation on adjusted odds of preterm birth for white and black women living in these counties, and the
confidence limit ratios indicated fairly consistent levels of precision around the estimates. The results of the tabular
analysis, however, suggested that many of these regression modeling findings were off-support and based on no
actual data. The implications for statistical and public health inference, in the presence of no data, are considered.

confounding factors (epidemiology); multilevel analysis; premature birth; residence characteristics; social class;
social environment

Abbreviations: CI, confidence interval; NDI, neighborhood deprivation index.

Editor’s note: An invited commentary on this article and
a related article appears on page 674, and these authors’
response appears on page 680.

Confounding associated with social stratification or other
selection processes has been called structural confounding
(1, 2). The term ‘‘structural’’ implies that the confounding
results from the social sorting mechanism at work and thus
cannot be overcome by the collection of more data. In
neighborhood effects research, for example, investigators
typically adjust for individual-level covariates (e.g., income,
education, race) in order to make subjects comparable in all
respects except for the neighborhood exposure of interest,
but the more completely a given set of individual-level co-
variates predicts residence in one neighborhood (i.e., the

better one controls for selection into neighborhoods), the
more difficult it is to identify persons in any other neighbor-
hood with the same set of characteristics (3). In other words,
the covariate distributions of the exposed and unexposed
populations do not overlap (1). This means that certain co-
variate strata will contain only subjects who could never be
exposed, a violation of the positivity (4) or experimental
treatment effect (5) assumption. Thus, structural confound-
ing prohibits the exchangeability necessary for meaningful
causal contrasts across exposures (2, 6, 7).

Statistical inferences based on observed data may be
called ‘‘on-support,’’ whereas inferences resulting from cells
for which no data exist, or model-dependent inferences,
have been called ‘‘off-support’’ (8). This paper addresses
structural confounding and how far off-support a typical
modeling exercise may be. Given both the importance of
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and recent attention to neighborhood effects, we do so by
estimating the independent effects of neighborhood depri-
vation and neighborhood racial composition (segregation)
on preterm birth.

MATERIALS AND METHODS

Data sources

Three consecutive years of birth records (1999–2001)
provided information on birth outcomes and individual-level
characteristics for women delivering live singletons in Wake
and Durham counties, North Carolina. Maternal addresses
were geocoded with latitude and longitude values by Geo-
graphic Data Technology, Inc. (Lebanon, New Hampshire)
and assigned to year 2000 US Census tracts. Of the 98.6% of
birth files with complete addresses sent to Geographic Data
Technology for geocoding, 93.2% achieved an exact match
using the company’s methods.

Tract-level data on deprivation and racial composition
were obtained from the 2000 US Census (http://www.
census.gov/). Although respondents could report more than
1 race on the 2000 Census, only about 3% did (9), and for
simplicity, only those reporting 1 race were used for this
analysis. Census data were merged with birth-record data
by means of census-tract Federal Information Processing
Standards codes.

Neighborhood definition

This research was designed to mirror the prevailing
approach to neighborhood effects research. Therefore,
we used census tracts to represent the neighborhood envi-
ronment, both because they are commonly employed in
neighborhood research (10–13) and because they are con-
sidered reasonable approximations of the immediate physi-
cal environment (14).

Outcome definition

Preterm birth was defined as a singleton livebirth occur-
ring at a clinically estimated gestational age of �20 weeks
and <37 weeks with a birth weight less than 3,888 g (15).
Because of the limited numbers of Hispanic births during
the study period (approximately 10% in each county) and
for comparability with previous research, only births to non-
Hispanic black or non-Hispanic white women were used in
this analysis.

Exposure definitions

Racial residential segregation and neighborhood depriva-
tion were the 2 exposures of interest. For simplicity and
comparison with prior work, we represented racial residen-
tial segregation using the percentage of a census tract’s pop-
ulation reporting their race as black in the 2000 Census
(‘‘tract-level percent black’’). We estimated area-level dep-
rivation using the neighborhood deprivation index (NDI).
The NDI, described in detail elsewhere (16), is calculated
using 8 census variables from 5 sociodemographic domains
(poverty, education, employment, housing, and occupation),

empirically summarized using principal components analy-
sis. To avoid imposing any particular functional form on the
relation between the exposures (segregation, neighborhood
deprivation) and the outcome (preterm birth), and in an
attempt to ensure adequate numbers in each exposure stra-
tum, we used county-specific quartiles of census tract-level
percent black and NDI for these analyses. Therefore, while
the specific numeric value of any given quartile will differ
between Wake and Durham counties, the rank ordering of
the quartiles is consistent and correspondent.

Data analyses

Pearson correlations and county-specific race-stratified
tabulations were our main analytic tools, but we also fitted
a multilevel random-effects logistic regression model, with
a fixed slope and random tract-level intercepts. While this is
a 2-stage model, the results from the combined model are
presented here.

ln

 
Pyij

1� Pyij

!
¼ c00 þ c01Zj þ c02Zj þ b1Xij þ l0j:

The race-stratified model predicted a dichotomous preterm
birth outcome for woman i residing in tract j, as a function of
c00 (the grand mean, derived from the distribution of ran-
dom intercepts), c01Zj (representing quartiles of tract-level
neighborhood deprivation), and c02Zj (representing quartiles
of tract-level percent black), adjusted for 1 individual-level
covariate b1Xij (tertiles of maternal education) and l0j (the
tract-specific random deviations). Linear combinations of
the estimated coefficients were also computed. All analyses
were performed using Stata 9.2 (Stata Corporation, College
Station, Texas).

RESULTS

Approximately 5% of birth records were excluded be-
cause of missing values and improper codes, resulting in
31,715 singleton livebirths to non-Hispanic women residing
in Wake and Durham counties between 1999 and 2001.
Black mothers in the study area were younger, less edu-
cated, and less likely to be married than were white women
(Table 1). Both black women and white women residing in
Durham County were younger, less educated, and less likely
to be married than their counterparts in Wake County. Rates
of preterm birth were related to maternal characteristics, as
expected, with black women having 1.5–2 times’ the rate of
preterm birth as white women; preterm birth rates were
generally higher among women residing in Durham County.
As reported elsewhere (13), neighborhood-level percentage
of black residents was positively associated with odds of
preterm birth among both black and white women. Previous
work in this population has also demonstrated that white
women tend to live in the least deprived neighborhoods
while black women tend to live in the most deprived neigh-
borhoods in both Wake and Durham counties (10).

The mean percent black for Durham was 43, as compared
with 22% for Wake County (Table 2). One-quarter of
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Durham County tracts were at least 69% black; the highest
quartile for percent black in Wake County began at 28%
black. For each county, the NDI was standardized to a mean
of 0, but its range was much smaller in Durham County
(�1.5 to 2.7) than in Wake County (�1.3 to 5.0), indicating
that the deprived Wake County neighborhoods were espe-
cially disadvantaged. The correlation between socioeco-
nomic deprivation and racial residential segregation was
high (r ¼ 0.75).

Of the 53 Durham County and 105 Wake County census
tracts (Table 3), either 1 tract or no tracts fell into the highest
deprivation and lowest percent black quartiles (upper right
cells of the table) or into the lowest deprivation and highest
percent black quartiles (lower left cells of the table). In
short, there were almost no poor white tracts or wealthy
black tracts in Durham or Wake county. In further tabular
representations, these tracts were eliminated from consider-
ation; their ‘‘elimination’’ is represented by dashes. The
distribution of tracts across the remaining deprivation and
segregation cells varied, with the bulk of the tract-level

evidence occurring along the positive diagonal, from low
deprivation–low percent black (i.e., the upper left cells rep-
resenting wealthy white tracts) to high deprivation–high
percent black (the lower right cells representing poor black
tracts).

Table 4 shows the mean numbers of women per cell in the
remaining percent black–deprivation categories. We also
provide (in parentheses) the number of census tracts repre-
senting each combination to show the number of contexts
across which the women were distributed in each county. In
general, most white women lived in low-deprivation and
relatively low-percent-black census tracts (NDI1–%BL1
and NDI1–%BL2 cells), while most black women lived in
higher-deprivation and higher-percent-black tracts (NDI3–
%BL4 and NDI4–%BL3 cells) in both Durham and Wake
counties.

While one important strength of regression modeling in
general, and multilevel modeling in this case, is the ability
to borrow strength from adjacent cells to help inform and
smooth over areas of sparse data, some authors suggest that

Table 1. Distribution of Maternal Characteristics by County and Race, Durham and Wake Counties, North Carolina, 1999–2001

Durham County Wake County

White Women (n 5 5,365) Black Women (n 5 4,275) White Women (n 5 16,517) Black Women (n 5 5,558)

No. % % With PTB No. % % With PTB No. % % With PTB No. % % With PTB

Individual-Level Characteristics

Maternal age, years

<20 407 7.6 14.0 690 16.1 16.7 458 2.8 8.7 726 13.1 10.9

20–24 1,002 18.7 6.0 1,308 30.6 14.8 1,700 10.3 7.2 1,583 28.5 11.7

25–29 1,535 28.6 8.0 1,089 25.5 14.9 4,505 27.3 7.4 1,443 26.0 11.4

30–34 1,582 29.5 6.9 782 18.3 12.5 6,288 38.1 6.0 1,125 20.2 13.7

�35 839 15.6 8.1 406 9.5 17.2 3,566 21.6 6.7 681 12.3 15.6

Education, years

>12 3,170 59.5 6.5 1,972 46.3 12.1 13,647 82.8 6.3 2,835 51.2 10.4

12 818 15.4 9.9 1,232 28.9 15.4 2,159 13.1 8.6 1,738 31.4 13.5

<12 1,337 25.1 9.3 1,054 24.8 19.5 685 4.2 8.3 970 17.5 15.9

Marital status

Married 5,119 96.2 8.0 3,886 91.3 16.0 15,072 94.3 6.8 5,046 90.9 12.9

Single 205 3.9 18.5 369 8.7 35.2 908 5.7 13.8 508 9.2 28.0

Area-Level Characteristics

Quartile of percent blacka

%BL1 (low) 1,636 30.5 7.0 304 7.1 12.8 4,820 29.2 6.1 259 4.7 7.7

%BL2 1,866 34.8 7.6 841 19.7 11.3 5,311 32.2 6.8 894 16.1 11.6

%BL3 1,479 27.6 8.2 1,652 38.6 15.0 4,682 28.4 6.8 1,540 27.7 11.2

%BL4 (high) 383 7.1 10.4 1,478 34.6 17.4 1,704 10.3 8.2 2,865 51.6 13.7

Quartile of NDIb

NDI1 (low) 2,328 43.4 7.1 575 13.5 11.8 5,711 34.6 6.1 402 7.2 4.4

NDI2 1,315 24.5 7.5 997 23.3 12.2 6,207 37.6 6.6 1,201 21.6 12.2

NDI3 963 18.0 9.0 1,187 27.8 16.0 3,150 19.1 7.1 1,406 25.3 11.6

NDI4 (high) 758 14.1 8.6 1,516 35.5 17.0 1,449 8.8 8.9 2,549 45.9 13.7

Abbreviations: %BL, percent black; NDI, neighborhood deprivation index; PTB, preterm birth.
a Percentage of black residents in a census tract. The first quartile represents the lowest percentage.
b NDI in a census tract. The first quartile represents the smallest deprivation value.
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each context should contain a minimum number of obser-
vations per context for estimate stability (17). The cells with
italic text in Table 4 represent those with sparse numbers of
observations, defined here as fewer than 30 women per cen-
sus tract context, on average. In further tabular representa-

tions, these cells are excluded from consideration (as
indicated by dashes).

Standard multilevel modeling practice assumes that
individual-level characteristics, such as low levels of educa-
tion, both influence a person’s selection into poor and/or black
neighborhoods and also cause poor health outcomes. On the
basis of this assumption, individual-level covariates are con-
sidered confounders of the relation of primary interest—in
this case, the relation between area-level segregation and/or
deprivation and preterm birth—and are controlled for in the
statistical model. Consistent with this practice, we adjusted
for education here. Table 5 presents the numbers of preterm
births (our health outcome) to women in each category of our
3-level education covariate (more than high school, high
school, and less than high school), for each combination of
segregation and deprivation in Wake and Durham census
tracts. The number of women within each educational level
across which the preterm birth observations are distributed is
provided in parentheses. The number of census tracts across
which these women are distributed, per education stratum, is
available from prior tables.

Generally, in Durham County, most of the preterm births
to white women occurred in the upper left section of the
diagonal, representing the less-deprived and less-black cen-
sus tracts, because these were the neighborhoods in which
most white women resided. Similarly, most of the preterm
births to black women were located in the bottom right
quadrant of the diagonal, corresponding to maternal resi-
dence in the more-deprived and more-black census tracts.
A similar pattern is noted for Wake County, but Wake
County is noteworthy for the more stark distribution of

Table 2. Census Tract-Level Percentage of Non-Hispanic Black Residents and Neighborhood

Deprivation Index Score, Durham and Wake Counties, North Carolina, 1999–2001

Characteristic

Durham County (n 5 53) Wake County (n 5 105)

No. of
Census
Tracts

% or NDI
Score

No. of
Census
Tracts

% or NDI
Score

Percentage of black
residents

Mean %BL
(continuous variable)

43.1 (18.8–65.0)a 21.9 (6.8–28.2)

Quartile

%BL1 (low) 14 4.5–18.8 27 0.7–6.8

%BL2 13 19.2–37.0 27 7.1–15.2

%BL3 13 40.0–65.0 27 15.3–28.2

%BL4 (high) 13 68.6–97.8 27 28.2–92.7

NDI score

Mean NDI score
(continuous variable)

0.0 (�0.8 to 0.6) 0.0 (�0.7 to 0.4)

Quartile

NDI1 (low) 14 �1.6 to 0.8 27 �1.3 to �0.7

NDI2 13 �0.7 to �0.3 27 �0.7 to �0.2

NDI3 13 �0.1 to 0.6 27 �0.2 to 0.4

NDI4 (high) 13 0.8–2.7 27 0.4–5.0

Abbreviations: %BL, percent black; NDI, neighborhood deprivation index.
a Numbers in parentheses, interquartile range.

Table 3. Distribution of Racial Segregation (Number of Census

Tracts per Cella) According to Level of Neighborhood Deprivation in

Wake and Durham Counties, North Carolina, 1999–2001b

County and Quartile
of Percent Black

Quartile of NDI

NDI1 (Low) NDI2 NDI3 NDI4 (High)

Durham County
(n ¼ 53 tracts)

%BL1 (low) 10 2 1 1

%BL2 4 6 3 0

%BL3 0 5 4 4

%BL4 (high) 0 0 5 8

Wake County
(n ¼ 105 tracts)

%BL1 (low) 23 4 0 0

%BL2 3 12 10 1

%BL3 1 8 12 5

%BL4 (high) 0 2 4 20

Abbreviations: %BL, percent black; NDI, neighborhood deprivation

index.
a Cells are defined as the intersection between quartile of NDI and

quartile of percent black.
b Cells with italicized numbers represent those with too few con-

texts (�1 tract per cell) for meaningful comparisons.
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preterm births by level of education, which suggests that few
low-educated white women lived in the least-deprived and
least-black tracts in Wake County.

The literature suggests that 5 outcome observations per
cell—in our case, at least 5 preterm births—represents a suf-
ficient quantity of data for stable statistical inference (18).
The italic numbers represent the tracts we would exclude as
having too few outcome observations per level of education
to produce stable estimates. Note that too few preterm births
in any education stratum within a cell resulted in exclusion
of the entire cell, because these cells violated the positivity
assumption.

Despite the dearth of data revealed in the tabular analyses,
the race- and county-stratified models (Table 6) provided
results for the independent effects of tract-level percent
black and tract-level deprivation and suggested that there
was little effect of tract-level deprivation on odds of preterm
birth for either white or black women residing in Durham
County, after accounting for tract percent black and mater-
nal education. The one exception to the otherwise modest
findings was for white women in the fourth quartile of per-
cent black, where the odds ratio was 1.6 (95% CI: 0.9, 3.0).

Among Wake County white women, however, some sug-
gestion of increased odds of preterm birth appeared in as-
sociation with the fourth quartile of tract-level deprivation
(odds ratio ¼ 1.4, 95% CI: 1.0, 1.9). Increased odds of
similar magnitude were observed for black women in all
but the first quartile of tract deprivation, but these estimates
did not exclude null findings. The results for the association
of quartiles of tract percent black with preterm birth, adjust-
ing for tract-level deprivation and maternal education, were
largely null for women of both races residing in Wake
County, with estimates ranging from 1.0 (95% CI: 0.8,
1.3) to 1.6 (95% CI: 0.9, 2.7).

Given the empty cells highlighted by the tabular explora-
tion, our obtaining seemingly reasonable results from the
multilevel models testifies to the models’ potent capacity to
smooth over areas of data sparseness. We next sought to
explore whether obtaining estimates for the specific cell com-
binations of racial segregation and neighborhood deprivation,
particularly those combinations for which we knew we had
few or no actual observations, was possible and, if it was
possible to obtain the estimates, whether the data scarcity
was represented in the 95% confidence intervals. Table 7
presents the linear combinations estimable from the prior
multilevel model for preterm birth, including both quartiles
of NDI and quartiles of percent black, adjusted for maternal
education category. Italic numbers indicate the cells (geo-
graphic spaces) in which few or no women resided or in
which there was no overlap in the covariate (education) dis-
tribution of exposed and unexposed women. If we compare
the measures of precision using the confidence limit ratio by
dividing the upper 95% confidence limit by the lower 95%
confidence limit, we find little difference in precision be-
tween estimates based on sparse data and those based on
abundant observations. For instance, comparing the Wake
County confidence limit ratios of 1.6 and 3.6 for the NDI1–
%BL4 cell for white and black women, respectively, a cell
that we know to contain zero census tracts, with the confi-
dence limit ratios of 1.6 and 2.8 for NDI4–%BL4 in WakeT
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County (white and black women, respectively), a cell that we
know contains abundant observations, leaves one with the
impression that the estimates are of comparable precision.

DISCUSSION

Themultilevel modeling results suggested a modest but not
statistically significant effect of residence in tracts with high

levels of socioeconomic deprivation on adjusted odds of pre-
term birth for both white and black women living in Wake
County, but no association for women living in Durham
County. Increased odds of preterm birth were also noted for
the effect of residence in tracts with the highest quartile of
percent black for white women living in Durham County,
adjusted for maternal education. The linear combinations of

Table 5. Numbers of Preterm Births and Numbers of Women in Each Combinationa of Racial Segregation and Economic Deprivation, by County,

Race, and Level of Maternal Education, Durham and Wake Counties, North Carolina, 1999–2001b

County, Percent
Black, and Maternal
Educational Level

White Women Black Women

NDI1 NDI2 NDI3 NDI4 NDI1 NDI2 NDI3 NDI4

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

No. of
PTBs

No. of
Women

Durham County

%BL1 (low)

>HS 75 1,287 3 36 — — — — 23 217 — — — — — —

¼HS 19 164 0 12 — — — — 10 47 — — — — — —

<HS 10 85 0 3 — — — — 2 18 — — — — — —

%BL2

>HS 52 699 20 373 11 165 — — 16 196 18 161 18 147 — —

¼HS 6 49 5 84 12 89 — — 13 65 8 84 3 68 — —

<HS 2 34 12 121 20 241 — — 4 28 12 59 3 30 — —

%BL3

>HS — — 26 396 7 91 4 72 — — 55 486 21 152 25 206

¼HS — — 19 149 8 74 5 113 — — 18 146 29 142 34 188

<HS — — 13 137 16 171 22 262 — — 11 52 21 99 30 172

%BL4 (high)

>HS — — — — 3 16 3 16 — — — — 34 222 26 176

¼HS — — — — 0 20 6 53 — — — — 28 163 47 324

<HS — — — — 4 45 24 226 — — — — 27 144 94 445

Wake County

%BL1 (low)

>HS 233 4,003 24 431 — — — — — — — — — — — —

¼HS 22 266 10 52 — — — — — — — — — — — —

<HS 1 41 2 16 — — — — — — — — — — — —

%BL2

>HS 65 984 165 2,601 42 658 — — 6 77 26 281 15 118 — —

¼HS 10 93 37 458 9 123 — — 4 24 28 180 7 59 — —

<HS 0 18 10 152 9 63 — — 0 10 7 68 7 32 — —

%BL3

>HS — — 108 1,678 75 1,352 31 374 — — 24 230 36 406 19 173

¼HS — — 22 262 26 361 20 120 — — 17 105 27 222 16 116

<HS — — 2 59 15 125 3 50 — — 11 51 11 100 5 59

%BL4 (high)

>HS — — 28 401 37 335 35 457 — — 16 163 38 310 97 789

¼HS — — 2 69 5 100 19 196 — — 6 54 16 120 106 787

<HS — — 0 21 3 29 10 94 — — 7 24 5 36 98 573

Abbreviations: %BL, percent black; HS, high school; NDI, neighborhood deprivation index; PTB, preterm birth.
a Cells are defined as the intersection between quartile of NDI, quartile of percent black, and maternal education category (less than high school,

high school, more than high school).
b Cells with italicized text represent those with sparse observations (<5 outcomes per education category); cells with dashes are those

eliminated from presentation based on prior exclusions.
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tract-level deprivation and racial residential segregation indi-
cated that specific arrangements of racial segregation and
neighborhood deprivation are associated with increased risk.
In particular, residence in tracts with the highest quartiles of
neighborhood deprivation, almost irrespective of tract percent
black, was associated with increased odds of preterm birth for
both black women and white women.

The results of the tabular analysis, however, suggested
that many of these regression modeling findings were off-
support and based on no actual data. Of Durham County’s
53 census tracts, zero existed for those combinations repre-
senting low deprivation–high percent black and 1 repre-
sented high deprivation–low percent black. The same
pattern was observed for Wake County’s 105 census tracts,
except that there were zero poor white tracts. After elimi-
nation of cells for which there were too few women deliv-
ering singletons and too few preterm births per stratum of
maternal educational level, out of 16 possible combinations
of racial and deprivation quartiles in each county, 5 Durham
County cells contained minimum numbers of white women
and 6 contained sufficient numbers of black women; the
Wake County tabular analysis resulted in 4 and 8 cells for
white and black women, respectively. In short, we were left
with relatively few cells with which we could examine the
unique contribution of racial segregation and neighborhood
deprivation, adjusted for maternal education, for statistical
or public health inference.

Finding so few cells representing racial and economic
heterogeneity was unexpected. Previous work using these
county-level data have suggested that Durham and Wake
counties are neither particularly affluent nor deprived, but
rather centrally located on the affluence–deprivation contin-
uum (16). Further, while it is well-established that white and
black women live in relatively different socioeconomic en-

vironments, very few census tracts in either Wake County or
Durham County are hypersegregated. Only 10 of Durham
County’s 53 census tracts and 5 of Wake’s County’s 105
census tracts have greater than 80% non-Hispanic black
residents; similarly, only 9 of Durham’s and 38 of Wake’s
tracts have more than 80% non-Hispanic white residents.
These findings suggested that Wake and Durham counties
would be appropriate sociodemographic locations for disen-
tangling the effects of racial segregation from the effects of
neighborhood deprivation and would be comparatively free
of the structural confounding that is likely in more hyper-
segregated areas. The tabular exploration, however, high-
lighted the extent to which structural confounding limits
the data for such inference even in these less-segregated
areas. In light of these results, we suggest that stratified data
analysis should almost certainly precede multilevel model-
ing and that the limitations posed by areas of thin data
should be explicitly noted and discussed.

One possible way to overcome the data sparseness high-
lighted in this study is to use a different quantile, such as
tertiles, for the exposure categorization in stratified analy-
ses. Cutting the data into larger and more heterogeneous
units, however, would probably trade structural confounding
for residual confounding, since changing the categorization
does not change the fact that black and white populations
experience separate and nonoverlapping economic environ-
ments. Although quartiles may not represent the most sub-
stantively meaningful unit of differentiation, they were
chosen for this exercise because they represent what has
been done in other multilevel modeling exercises. Similarly,
census tracts are unlikely to exactly correspond to the salient
neighborhood environment for most women, and much has
been written about the limitations of administrative units
for approximating neighborhoods (19); however, we were

Table 6. Adjusteda Odds Ratios for Preterm Birth According to Census Tract-Level Deprivation

and Percent Black FromMultilevel Logistic Regression Models, by County and Race, Durham and

Wake Counties, North Carolina, 1999–2001

Quartile

Durham County Wake County

White Women Black Women White Women Black Women

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

Tract deprivation

NDI1 1.0 Referent 1.0 Referent 1.0 Referent 1.0 Referent

NDI2 0.8 0.6, 1.2 0.9 0.6, 1.5 1.1 0.8, 1.3 1.6 0.9, 2.7

NDI3 0.9 0.6, 1.4 1.1 0.7, 1.7 1.1 0.8, 1.4 1.4 0.8, 2.5

NDI4 0.7 0.4, 1.2 1.0 0.6, 1.7 1.4 1.0, 1.9 1.5 0.8, 2.6

Tract percent black

%BL1 1.0 Referent 1.0 Referent 1.0 Referent 1.0 Referent

%BL2 1.1 0.8, 1.6 0.8 0.5, 1.3 1.0 0.8, 1.3 1.2 0.6, 2.2

%BL3 1.2 0.8, 1.9 1.1 0.6, 1.9 1.0 0.8, 1.3 1.1 0.6, 2.1

%BL4 1.6 0.9, 3.0 1.1 0.6, 2.0 1.1 0.8, 1.3 1.3 0.7, 2.5

Abbreviations: %BL, percent black; CI, confidence interval; NDI, neighborhood deprivation

index; OR, odds ratio.
a Models included quartiles of both tract deprivation and tract percent black; odds ratios were

adjusted for maternal education category (less than high school, high school, more than high

school).
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trying to replicate how neighborhood effects are typically
modeled in a multilevel context, and we chose the census
tract because it is one of the most commonly employed units
of administrative geography.

Likewise, much of the multilevel model-based research
on neighborhood effects adjusts for individual-level covari-

ates, treating them as confounders of the neighborhood-
health relation (11, 20–23). As documented by other re-
searchers (24, 25), individual-level covariates may function
instead as intermediates between contextual-level exposures
and disease, in which case they should not be included in
statistical models (26). We chose to include individual-level

Table 7. Adjusteda Odds Ratios and Confidence Limit Ratios for Preterm Birth According to

Linear Combinations of Quartiles of Census Tract-Level Deprivation and Census Tract-Level

Percent Black From Multilevel Logistic Regression Models, by County and Race, Durham and

Wake Counties, North Carolina, 1999–2001b

County and
Quartile of

Percent Black

White Women Black Women

NDI1 NDI2 NDI3 NDI4 NDI1 NDI2 NDI3 NDI4

Durham County

%BL1

OR 1.0 0.8 0.9 0.7 1.0 0.9 1.1 1.0

95% CI 1.0, 1.0 0.6, 1.2 0.6, 1.4 0.4, 1.2 1.0, 1.0 0.6, 1.5 0.7, 1.7 0.6, 1.7

CLR 1.0 2.0 2.3 3.0 1.0 2.5 2.4 2.8

%BL2

OR 1.1 0.9 1.0 0.8 0.8 0.8 0.9 0.9

95% CI 0.8, 1.6 0.7, 1.3 0.7, 1.5 0.5, 1.3 0.5, 1.3 0.5, 1.2 0.6, 1.5 0.5, 1.4

CLR 2.0 1.9 2.1 2.6 2.6 2.4 2.5 2.8

%BL3

OR 1.2 1.0 1.1 0.9 1.1 1.0 1.2 1.1

95% CI 0.8, 1.9 0.7, 1.5 0.8, 1.6 0.6, 1.3 0.6, 1.9 0.7, 1.5 0.8, 1.8 0.7, 1.7

CLR 2.4 2.1 2.0 2.2 3.2 2.1 2.3 2.4

%BL4

OR 1.6 1.4 1.5 1.1 1.1 1.0 1.2 1.2

95% CI 0.9, 3.0 0.8, 2.3 0.9, 2.5 0.7, 1.8 0.6, 2.0 0.6, 1.7 0.8, 1.9 0.8, 1.7

CLR 3.3 2.9 2.8 2.6 3.3 2.8 2.4 2.1

Wake County

%BL1

OR 1.0 1.1 1.1 1.4 1.0 1.6 1.4 1.5

95% CI 1.0, 1.0 0.8, 1.3 0.8, 1.4 1.0, 1.9 1.0, 1.0 0.9, 2.7 0.8, 2.5 0.8, 2.6

CLR 1.0 1.6 1.8 1.9 1.0 3.0 3.1 3.3

%BL2

OR 1.0 1.1 1.1 1.4 1.2 1.8 1.7 1.7

95% CI 0.8, 1.3 0.9, 1.3 0.9, 1.4 1.1, 1.9 0.6, 2.2 1.0, 3.2 0.9, 3.0 1.0, 3.2

CLR 1.6 1.4 1.6 1.7 3.7 3.2 3.3 3.2

%BL3

OR 1.0 1.0 1.1 1.3 1.1 1.7 1.6 1.6

95% CI 0.8, 1.3 0.8, 1.3 0.9, 1.3 1.0, 1.7 0.6, 2.1 1.0, 3.1 0.9, 2.7 0.9, 2.9

CLR 1.6 1.6 1.4 1.7 3.5 3.1 3.0 3.2

%BL4

OR 1.1 1.2 1.2 1.5 1.3 2.0 1.9 1.9

95% CI 0.8, 1.3 0.9, 1.5 0.9, 1.6 1.2, 1.9 0.7, 2.5 1.1, 3.6 1.1, 3.3 1.2, 3.3

CLR 1.6 1.7 1.8 1.6 3.6 3.3 3.0 2.8

Abbreviations: %BL, percent black; CI, confidence interval; CLR, confidence limit ratio; NDI,

neighborhood deprivation index; OR, odds ratio.
a Odds ratios were adjusted for maternal education category (less than high school, high

school, more than high school).
b Italicized text indicates the geographic spaces in which few or no women resided or in which

there was no overlap in the covariate (education) distribution of exposed and unexposed women.

Structural Confounding of Preterm Birth Risk 671

Am J Epidemiol 2010;171:664–673

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/article/171/6/664/113094 by Bora Laskin Law

 Library user on 14 O
ctober 2020



covariates in our model because it has become standard
practice, not because we advocate a particular causal struc-
ture. Our findings regarding data scarcity remain relevant to
investigators who choose not to control for individual-level
covariates; as Table 4 demonstrates, estimation of the in-
dependent effects of racial segregation and neighborhood
deprivation is challenged by a lack of poor white and rich
black tracts, even without adjustment for individual-level
education.

Placing these findings in the context of other research is
challenging, because much of the existing neighborhood
effects literature focuses on multilevel models showing the
estimated effects of racial residential segregation or depri-
vation following adjustment for individual-level covariates,
without clarifying the underlying population structure or
causal counterfactuals under study (12, 27). Exceptions ex-
ist, however. In work exploring the effect of neighborhood-
level concentrated poverty on verbal ability, Sampson et al.
(28) were forced to restrict their analysis to black children,
because no white children lived in the most disadvantaged
neighborhoods. Other recent work (29–32) has explicitly
considered the exchangeability assumption and the presence
of structural confounding.

If the findings of this analysis are comparable to the under-
lying social and demographic structure of other areas, struc-
tural confoundingposes a significant threat to epidemiologists’
ability to make sound inferences from multilevel regression
model results, particularly as relates to health disparities and
public health policy. Regression models are useful tools that
use regions for which ample data exist to inform and smooth
over data cells for which data are limited or sparse. Unfor-
tunately, the lines drawn through empty space may be com-
pletely incorrect (33). The utility and appropriateness of these
models, especially when we understand how social stratifica-
tion processes influencemany of the individual- and area-level
features of public health interest, are unclear.

‘‘Solutions’’ to structural confounding are not immedi-
ately apparent. Statistical techniques like bootstrapping can
be used to generate pseudo-populations, thereby enabling
investigators to estimate what the association between an
exposure of interest and a particular health outcome might
look like if real humans resided within these social/
geographic spaces, but such techniques do not change the
reality that some potential locations are not currently popu-
lated. Data collection targeted to sparse levels of exposures
and covariates might be useful, but simply collecting more
data from within the same social structure is unlikely to yield
significant benefit. The key design issue for investigators
attempting to study racial disparities in particular health out-
comes is to identify exchangeable (homogeneous) subjects
across heterogeneous environments. Neighborhood selec-
tion, and the differential neighborhood sorting patterns that
result in structural confounding, is more than a ‘‘nuisance’’
or a special case of individual-level decision-making or con-
founding. Rather, it is part of a social allocation process in
the United States, with its particular history of race relations,
resulting in acute sorting along racial-economic lines that
uniformly disadvantages blacks (34).

Extrapolation beyond existing data is an important statis-
tical function but is a questionable practice for public health

policy, since the accuracy of such extrapolation cannot be
tested (35). Researchers attempting to explore contextual
effects on health should make explicit the underlying data
distribution across the range of exposures and covariates
from which inference will be made, thereby facilitating in-
creased understanding of where the estimates are grounded
and where they are off-support. All models rest on assump-
tions, but causal research, particularly that used to inform
public health policy, will benefit from more explicit identi-
fication and assessment of them.
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