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The importance of socioeconomic position, measured
at multiple levels (e.g., individual, household, area) and
across the life course, for studying health disparities is now
well recognized (1–7). Our multilevel study (8) reported that
individual-based socioeconomic measures (IBSMs) and
area-based socioeconomic measures (ABSMs) together cap-
ture birth weight inequalities that otherwise would have
been missed by considering one or the other. We found ad-
ditionally that, in the absence of IBSMs, the bulk of birth
weight disparities captured by ABSMs was approximately
similar to that which would have been captured by IBSMs
(8). Geronimus (9) critiques these findings, in part, by
(mis)interpreting our study as an examination of how well
ABSMs serve as ‘‘proxies’’ for IBSMs, even though we
explicitly conceptualized ABSMs as capturing some impor-
tant mix of individual- and area-level influences on health,
thereby providing valuable information on socioeconomic
disparities in health (8). In this rejoinder, we elaborate on
the fundamental distinctions between our respective ap-
proaches to analyzing socioeconomic disparities in health.

MODEL CONCEPTUALIZATION: SINGLE-LEVEL OR
MULTILEVEL?

Geronimus conceptualizes a model whereby the IBSM
is the sole determinant of birth weight (y) of child i in
area j, such that yij ¼ b0 þ bxIBSM

ij þ e0ij (9). Given that
xIBSM
ij is unobserved and that only the area-level mean

ð�xIBSM
j Þ is measured as a ‘‘proxy’’ for the unobserved IBSM,

Geronimus predicts the likely magnitude of b̂ð�xIBSM
j Þ re-

lative to b̂ðxIBSM
ij Þ; since �xIBSM

j is simply a mathematical

function of xIBSM
ij (i.e., an aggregation of educational at-

tainment of the individual mothers in the census tracts
who happened to give birth that year). In contrast, our study
conceptualizes the following multilevel model (10–14):

yij¼ b0 þbxIBSM
ij þbXABSM

j þu0jþ e0ij ð8Þ;

which results in fundamental conceptual and methodologi-
cal differences between our respective approaches. First, we
considered ABSM ðXABSM

j Þ and IBSM ðxIBSM
ij Þ as two in-

dependent variables with both predicting birth weight, as
opposed to ABSM’s being a ‘‘proxy’’ for IBSM (10, 12,
15). Second, we defined ABSMs based on the population
of all individuals living in that census tract and not just the
population of mothers, i.e.,XABSM

j , and not simply �xIBSM
j . Un-

like the approach of Geronimus, where ABSMs are simply
an aggregated function of the IBSM, our ABSMs carry
additional information about the socioeconomic conditions
in the area above and beyond the socioeconomic position of
the individual mothers. Figure 1 illustrates this point by
plotting the ‘‘partial ABSM’’ (i.e., proportion of mothers
with a given educational attainment) and the ‘‘true ABSM’’
(i.e., proportion of all the adult population with a given
educational attainment). Finally, the distinction in our re-
spective approaches is amplified by our explicit specifica-
tion of a multilevel model (i.e., modeling multiple levels of
variation in birth weight) (16, 17), which is in contrast to the
model of Geronimus that anticipates that there is only a sin-
gle (individual-level) source of variation in birth weight.
Indeed, in our models, we considered three levels of varia-
tion (individual, block groups, and census tracts) and found
independent effects of the IBSM and the ABSM, measured
at block group and census tract levels, with the effects asso-
ciated with block group– and census tract–poverty and
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block group– and census tract–less than high school being
statistically different (p ¼ 0.01 and p ¼ 0.09, respectively)
in separate models.

ABSMs: CONTINUOUS OR CATEGORICAL?

Geronimus argues that modeling the ABSM as a continu-
ous predictor (0–100 percent), with linear assumptions,
would result in a substantially larger ABSM effect com-
pared with IBSM effect. Consequently, Geronimus claims

that our finding that, in the absence of IBSMs, ABSMs ap-
proximated or provided a ‘‘conservative’’ estimate of birth
weight inequalities is incorrect. The reason that this will
occur is simply due to comparing birth weights in areas
where 0 percent of the population, for instance, has less than
a high school education with areas where 100 percent of the
population has less than a high school education. In Massa-
chussetts, in 1990, of the 5,531 census tracts with nonmiss-
ing information on poverty (comprising 99.8 percent of the
state’s total of 5,543 census tracts), only 1 percent (n ¼ 13)
had a poverty level of 0 percent, and only 0.1 percent (n¼ 1)
had a poverty level of 100 percent; similarly, only 14 census
tracts had a percentage of less than high school education
equal to zero, and only one had 100 percent, making the
interpretation of a 0–100 percent contrast highly abstract, if
not meaningless. Geronimus is correct in observing that
there is no inherent correspondence between the individual
categories ‘‘college graduates’’ and ‘‘less than high school
education’’ with the ABSM categories ‘‘<15 percent’’ and
‘‘40 percent or more’’ with less than a high school edu-
cation, with respect to comparability of the socioeconomic
gradient. However, there is even less inherent correspon-
dence of the individual education categories with the 0 per-
cent and 100 percent contrast that Geronimus recommends.
Indeed, a more systematic approach would be to compare
extreme categories of IBSMs and ABSMs such that they
encapsulate a constant proportion of the population. This
approach is similar to the relative index of inequality that
was originally developed to compare social class gradients
over time, given the changing population proportions cap-
tured in the most extreme categories of hierarchy (18). We
find that approximately 75 percent of the population was
located between the extreme categories used for both our
individual-level maternal education measure and the census

FIGURE 1. Scatterplots of census tracts showing the proportion of
college graduates of all adults aged �25 years and the proportion of
college graduates of mothers who gave birth (A) and the proportion
of the population with less than a high school education of all adults
aged �25 years and the proportion of mothers with less than a high
school education who gave birth of all mothers who gave birth (B),
Massachusetts, 1990.

FIGURE 2. Scatterplot of census tracts showing the proportion of
college graduates of all adults aged �25 years and the proportion
below poverty, Massachusetts, 1990.
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tract-level ‘‘percentage of adults aged 25 years or more with
less than a high school education’’ (using midpoint interpo-
lation to approximate the cumulative distribution function),
thereby suggesting that our choice of categories for com-
parison is more appropriate than the extreme 0–100 percent
comparison. Furthermore, comparisons of IBSM and ABSM
effects have to recognize the ‘‘shape’’ of their association
with health outcome, which if nonlinear (1, 2, 6, 12, 15), as
partially substantiated by our results, makes the use of con-
tinuous measures (modeled as linear effects) particularly
problematic.

ABSMs: SAME OR DIFFERENT?

Geronimus accuses us of overinterpreting the differences
in the effect estimates observed for the college education
ABSM and those observed for poverty and less than high
school education ABSMs, arguing that these are essentially
interchangeable. As mentioned in our study (8), there are
a priori grounds to anticipate that the college education
ABSM (a marker for affluence) need not simply be the
opposite of the less than high school education or poverty
ABSM (a marker for disadvantage), especially in terms of
the mechanisms and processes that the two may generate to
influence health (19, 20). As figure 2 shows, areas with low
poverty can have very different ranges of the proportion of
the population with a college education and vice versa; thus,
specificity of socioeconomic measures (IBSM or ABSM)
matters. Geronimus incorrectly states that we avoid report-
ing the socioeconomic differentials in the low birth weight
by college education ABSM (refer to figure 1 of the original
study (8)).

SOCIAL DISPARITIES IN HEALTH: ETIOLOGIC OR
SURVEILLANCE RESEARCH?

Geronimus (9) disregards research on quantifying and
monitoring socioeconomic disparities in health that has no
etiologic component. Indeed, by documenting multilevel in-
fluences (individual and area) on birth weight, we highlight
the somewhat artificial distinction between monitoring/
surveillance research and etiologic research. Answering mon-
itoring questions on who, in what type of places, are at the
greatest disadvantage for health, besides being important
in itself, posits important etiologic questions, such as if
ABSM effects are substantial, then what does it tell us about
the processes that generate individual- and area-based dispar-
ities in health, or are ABSM and IBSM effects synergistic/
interactive or are they independent of one another? We con-
cur with the recommendation of Geronimus to encourage
efforts to improve data collection and monitoring at the in-
dividual level. However, we do not find this effort to be in-
compatible with use of ABSMs that is facilitated through
geocoding of the health events obtained from public health
data. From a practical perspective, it is important to note that
the lack of IBSMs (not to mention the quality of these mea-
sures, including missingness) in many public health surveil-
lance databases is likely to continue. Within this context, we
view the use of ABSMs as complementing, not supplanting,

any efforts to improve collection of IBSMs in public health
surveillance data (4, 15, 21–23).

Notwithstanding the dismissive tone of Geronimus’ cri-
tique (9), the field of population health is adequately poised
for a constructive discussion on the science of studying
ABSMs (4, 10, 12, 24).

ACKNOWLEDGMENTS

S. V. Subramanian is supported by National Heart, Lung,
and Blood Institute Career Development Award 1 K25
HL081275 from the National Institutes of Health.

Conflict of interest: none declared.

REFERENCES

1. Braveman PA, Cubbin C, Egerter S, et al. Socioeconomic
status in health research: one size does not fit all. JAMA
2005;294:2879–88.

2. Galobardes B, Shaw M, Lawlor DA, et al. Indicators of socio-
economic position (part 1). J Epidemiol Community Health
2006;60:7–12.

3. Kawachi I, Subramanian SV, de Almeida Filho N. A glossary
for health inequalities. J Epidemiol Community Health 2002;
56:647–52.

4. Krieger N, Chen JT, Waterman PD, et al. Painting a truer pic-
ture of US socioeconomic and racial/ethnic health inequal-
ities: the Public Health Disparities Geocoding Project. Am J
Public Health 2005;95:312–23.

5. Krieger N, Williams D, Moss N. Measuring social class in US
public health research: concepts, methodologies, and guide-
lines. Annu Rev Public Health 1997;18:341–78.

6. Lynch J, Kaplan G. Socioeconomic position. In: Berkman L,
Kawachi I, eds. Social epidemiology. Oxford, United King-
dom: Oxford University Press, 2000:13–35.

7. Subramanian SV, Kubzansky LD, Berkman LF, et al. Neigh-
borhood effects on the self-rated health of elders: uncovering
the relative importance of structural and service-related neigh-
borhood environments. J Gerontol B Psychol Sci Soc Sci 2006;
61:S153–60.

8. Subramanian SV, Chen JT, Rehkopf DH, et al. Comparing
individual- and area-based socioeconomic measures for the
surveillance of health disparities: a multilevel analysis of
Massachusetts births, 1989–1991. Am J Epidemiol 2006;164:
823–34.

9. Geronimus AT. Invited commentary: using area-based socio-
economic measures—think conceptually, act cautiously. Am J
Epidemiol 2006;164:835–40.

10. Blakely T, Subramanian SV. Multilevel studies. In: Oakes M,
Kaufman J, eds. Methods for social epidemiology. San Fran-
cisco, CA: Jossey Bass, 2006:316–40.

11. Subramanian SV. Multilevel methods, theory and analysis. In:
Anderson N, ed. Encyclopedia on health and behavior. Thou-
sand Oaks, CA: Sage Publications, 2004:602–8.

12. Subramanian SV. The relevance of multilevel statistical mod-
els for identifying causal neighborhood effects. Soc Sci Med
2004;58:1961–7.

13. Subramanian SV, Duncan C, Jones K. Multilevel perspectives
on modeling census data. Environ Plan A 2001;33:399–417.

14. Subramanian SV, Jones K, Duncan C. Multilevel methods
for public health research. In: Kawachi I, Berkman LF, eds.

Response to ‘‘Think Conceptually, Act Cautiously’’ 843

Am J Epidemiol 2006;164:841–844



Neighborhoods and health. New York, NY: Oxford University
Press, 2003:65–111.

15. Krieger N, Chen JT, Ebel G. Can we monitor socioeconomic
inequalities in health? A survey of U.S. health departments’
data collection and reporting practices. Public Health Rep
1997;112:481–91.

16. Raudenbush S, Bryk A. Hierarchical linear models: applica-
tions and data analysis methods. Thousand Oaks, CA: Sage
Publications, 2002.

17. Goldstein H. Multilevel statistical models. London, United
Kingdom: Arnold, 2003.

18. Pamuk ER. Social class inequality in mortality from 1921 to
1972 in England and Wales. Popul Stud (Camb) 1985;39:
17–31.

19. Brooks-Gunn J, Duncan G, Kato P, et al. Do neighborhoods
influence child and adolescent behavior? Am J Sociol 1993;
99:353–95.

20. Morenoff JD, Sampson RJ, Raudenbush SW. Neighborhood
inequality, collective efficacy, and the spatial dynamics of
homicide. Criminology 2001;39:517–60.

21. Friedman DJ, Hunter EL, Parrish RG. Shaping a vision of health
statistics for the 21st century. Washington, DC: Department of
Health and Human Services Data Council, Centers for Disease
Control and Prevention, National Center for Health Statistics,
and National Committee on Vital and Health Statistics, 2002.

22. Ver Ploeg M, Perrin E, eds. Eliminating health disparities:
measurement and data needs. Panel on DHHS Collection of
Race and Ethnicity Data. Washington, DC: National Acade-
mies Press, 2004.

23. US Department of Health and Human Services. Healthy
People 2010: conference edition. Vols 1 and 2. Washington,
DC: US Government Printing Office, 2000.

24. Kawachi I, Subramanian SV. Neighborhood influences on
health. J Epidemiol Community Health 2006 (in press).

844 Subramanian et al.

Am J Epidemiol 2006;164:841–844


