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Investigators of social differentials in health outcomes commonly augment incomplete
micro data by appending socioeconomic characteristics of residential arcas (such as median
income in a zip code) to proxy for individual characteristics. However, little empirical attention
has been paid to how well this aggregate information serves as a proxy for the individual
characteristics of interest. We build on recent work addressing the biases inherent in proxies and
consider two health-related examples within a statistical framework that illuminate the nature and
sources of biases. Data from the Panel Study of Income Dynamics and the National Maternal
and Infant Health Survey are linked to census data. We assess the validity of using the aggregate
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measures of general health status and infant mortality. We find a general, but not universal,
tendency for aggregate proxies to exaggerate the effects of micro-level variables and to do more
poorly than micro-level variables at controlling for confounding. The magnitude and direction
of these biases, however, vary across samples. Our statistical framework and empirical findings
suggest the difficulties in and limits to interpreting proxies derived from aggregate census data
as if they were micro-level variables. The statistical framework we outline for our study of
health outcomes should be generally applicable to other situations where researchers have merged
aggregate data with micro data samples.
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1. INTRODUCTION

To overcome limitations in data, researchers commonly augment
micro data with aggregate proxies to measure quantities of interest. If
the micro data set is incomplete, the researcher attributes to each miss-
ing variable a group average derived from the corresponding variable
in an alternative data set. For example, economists have often used
characteristics of a person’s three-digit census occupation as a proxy
for the characteristics of the individual’s job (e.g., Lucas 1977; Olson
1981; Thaler and Rosen 1976; Viscusi 1978). Economists and educa-
tion researchers have used aggregate characteristics of the schools in
an individual’s childhood state or school district to proxy for the char-
acteristics of that person’s particular classroom (e.g., Coleman et al.,
1966; Card and Krueger 1992). Recently, it has become increasingly
common for investigators of health outcomes to augment data sets by
appending individual records with socioeconomic characteristics of res-
idential areas drawn from census data (such as median income in a zip

code) to proxy the individual’s socioeconomic characteristics.

The growing tendency of health researchers to employ this approach
is understandable. Social inequalities in health have been persistent
and well-documented, but they are poorly understood (Preston and
Haines 1991; Antonovsky 1967; Kitagawa and Hauser 1973; Williams
1990; Pappas et al. 1993). A pressing need exists to estimate the con-
tribution of socioeconomic factors to health status and to disentangle
their effects from those of sociodemographic factors, most prominently
race. However, many sources of health data have inadequate individual
socioeconomic information. For example, many investigators of infant
mortality differentials analyze linked birth and infant death certificate
data. The notable strengths of these data are that they are population
data, they offer large numbers of births (and, thus, the power to study
a rare event such as infant death), and they offer the most reliable
information available on important factors such as birthweight. How-
ever, such data do not have reliable socioeconomic information, leading
several researchers to employ aggregate census-based variables to proxy
for individual characteristics (Wise et al. 1985; Gould and LeRoy 1988;
Gould et al. 1989; Collins and David 1990; 1992; Geronimus in press).



Despite increased use of this approach, little empirical attention has
been paid to the question of whether aggregate information is a valid

proxy for micro-level socioeconomic characteristics.

An extensive literature exists on the relationship between coeffi-
cients estimated first on micro level and then on aggregate data (Robin-
son 1950; Theil 1954; Grunfeld and Griliches 1960; Duncan, Cuzzort
and Duncan 1961; Hannan 1991; Hanushek, Rivkin and Taylor 1985),
but little work has been done to analyze the effect of using aggregate
proxies for micro quantities when analyzing micro data. In this study,
we evaluate the use of aggregate measures from the census as prox-
ies for individual socioeconomic information by comparing estimates
based on such proxies to estimates using survey measures in two spe-
cific health-related examples. We build on recent work on the biases
inherent in using proxies when estimating statistical relationships (e.g.,
Bound et al. 1994; Lee and Sepanski 1995) to consider the specific
examples within the context of a statistical framework that enables us

to understand the nature and source of biases involved.

The recent creation of a data set linking census information to mi-
crodata from the Panel Study of Income Dynamics (the PSID-geocode
file) together with a special release of the National Maternal and Infant
Health Survey (NMIHS) that includes geographic identifiers provided
us with a unique opportunity to perform this analysis. We analyze
these data to gauge the validity of using aggregate census informa-
tion to proxy for individual characteristics and also to estimate how
well such proxies serve to control for the confounding effect of socioeco-
nomic factors and sociodemographic covariates on two important health

outcomes: general health status and infant mortality.

2. STATISTICAL FRAMEWORK

We are interested in understanding the relationship between coef-
ficients obtained using micro data versus aggregate proxies for an indi-
vidual’s socioeconomic characteristics when estimating health outcome
equations. We do not intend to imply that micro-level measures offer
the “gold standard” for measuring the full construct of interest or that

any specific socioeconomic indicator (e.g., income or education) offers
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the conceptually pure or complete measure of socioeconomic group. For
heuristic purposes we construct the differences between the two sets of
estimates (those based on aggregate versus micro-level variables) as re-
flecting the biases inherent in using aggregate data as a proxy for the
micro-level data an investigator would have used if it had been avail-
able. However, the algebra we present is valid, independently of this
interpretation. To simplify our exposition of this statistical framework
we discuss a single socioeconomic indicator, but it is straightforward
to generalize the expressions we present to ones that would include

multiple socioeconomic indicators (Bound et al. 1994).

We are interested in estimating the relationship:

vij = AiTij + Pazij + €5 (1)
where i indexes individuals and j indexes identifiable groups (for ex-
ample, j might index occupations or geographic locations). We do
not observe z; directly, but instead observe a proxy for z, z; that
varies across, but not within, groups. In the examples we will analyze,
wij will represent, a health outcome for individual i in location j, zij
some characteristic of the individual (such as race), z; an individual
socioeconomic characteristic (such as family income), and z; an aggre-
gate socioeconomic characteristic, such as the median family income
for those living in the j, location. In some cases, but not all, it may

be appropriate to think of z; as representing the within-group mean of

Zij.
We make the standard assumptions that cov(z,;,c;;) = 0 and cov(z;, €5) =

0. Thus, OLS estimates of equation 1 will give consistent estimates of

81 and B.. In our case, these orthogonality assumptions are partly def-

initional. We are interested in how well estimates using 2z} as a proxy

for z; compare to the estimates we would have obtained had we used

z; itself. For the moment we also assume that cov(z},e;;) = 0 (that the

proxy z; does not itself belong in equation 1).

Imagine the regression of z; on z;; and then the regression of z; on
zi; and z;:
Zij =M% + Vi (2)

z"J' =‘,’; x,'j -+ 7’22; <+ .U:J (3)
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where, by construction, cov(zij,u;) = cov(zij, vj;) = cou(z],v);) = 0. Were
xj perfectly correlated with z7, 4{ would equal 0. More generally, we
would expect that the inclusion of :} in equation 3 would attenuate, but
not eliminate the correlation between z; and z;;. Thus, for example,
in our context, we would expect that even within narrowly defined

geographic areas, whites will tend to have higher incomes than blacks.

If we regress y;; on z;;, the estimated coefficient of z,; is biased:
plim 1 =p1 + fom

If we regress y;; on z;; and 2, the estimated coefficients on z;; and 2} will
also give biased estimates of g and 8. In this case, it is straightforward

to show that

plim A, =81 + 827}

plim B2 =827 .

As long as 7} is smaller in magnitude than ,, including z} in the equa-
tion lessens the bias of §,. However, including z; will not eliminate the
bias on 4, as long as v} # 0. The quantity 1-v}/v, gives the proportional
reduction in the bias on 8, due to including z; as a proxy for z;. Also,

1 — 74 gives the propoftional downward bias on 3,.

So far, we have assumed that cov(z],¢;;) = 0. In many cases this
assumption may not be accurate. If a typical micro-level measure, such
as family income, does not itself completely capture the theoretical
construct of a socioeconomic group, an aggregate variable may act as
a proxy for the omitted components. For example, if over and above
being poor, living in a poor neighborhood matters—then, in a statistical
sense, the geocode variables “belong” in equation 1. This implies that
when we enter the aggregate variable into the outcome equation, the
aggregate may pick up a coefficient in its own right in addition to acting

as a proxy for individual-level information.

If the assumption that cov(z],€;5) = 0 is not valid, there is an addi-
tional source of bias on the estimated coefficients. Imagine the regres-
sion of €ij ON zy4 and Z;»Z

€5 = 512:;j + 62z; + 4. (4)
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If cov(z], ;) #£ 0, then & # 0. Additionally, if 2} and z;; are correlated,
8 # 0. In this case

plim By =By + .7, + 6, (5)
plim Bz =P273 + 62 . (6)

If the partial correlations between the outcome and the individual-
level variable and aggregate proxy have the same sign (i.e., 6, and B,
are of the same sign), as would seem natural in our examples (that
is, both wealthier individuals and residents of wealthier neighborhoods
will be more likely to experience positive health outcomes than both
low-income individuals or those who reside in poor neighborhoods), the
omitted variable bias raises the magnitude of the estimated effect, .
On the other hand, the sign of §, depends on both the sign of the
partial correlation between y;; and z; (i.e., the sign of é;) and the sign
of the correlation between z;; and 2;. In our example, we expect the
probability that a respondent is white to be positively associated with
the median income in a census tract. This, together with the fact that
we expect &, to be positive, implies that we expect §, to be negative,
offsetting some of the bias resulting from the fact that the aggregate

variable is only an imperfect proxy for the micro-level one.

To summarize, there are two sources of bias when using an aggre-
gate measure to proxy for a micro variable. The first, an errors-in-
variables bias, arises since the aggregate variable is only imperfectly
correlated with the micro variable it is representing. The second, an
aggregation bias, arises from the fact that the aggregate variable may
itself be correlated with the residual in the micro-level equation. In
such situations, purely micro-level and purely aggregate-level analyses
produce different results (Firebaugh 1978). While it is not a mathemat-
ical necessity, it is likely that these two biases work in opposite direc-
tions. The fact that the aggregate proxy is only imperfectly correlated
with the micro variable tends to exert a downward bias on the coeffi-
cient on the aggregate proxy and to imply that the aggregate variable
imperfectly controls for potential confounding between the micro-level
socioeconomic factor and other micro-level covariates. On the other

hand, because the aggregate variable is often a proxy for a broader
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construct than the micro-level variable (Hammond 1973}, it picks up a
larger coefficient. This second source of bias is likely to affect not only

the coefficient on the proxy, but also the coefficients on other variables.

It is worth pointing out that equations 5 and 6 hold true not only in
the population, but also in particular samples. Suppose we have data
on both micro and aggregate proxies for z, :™, and z* and data on y
and r. Let g7 and 87 represent OLS estimates of 4, and 3. based on
the micro data y, z, and ™, while 8¢ and 32 represent estimates based

on the aggregate proxy y, z, and z°. Then

By =BT + BT + by

B3 =735 + b2

where ¥4, %4, é; and é, represent the empirical analogues to correspond-
ing population parameters. With data that include both micro and
aggregate variables, we can estimate empirical analogues to equations
1-6. Such estimates allow us to gauge the magnitude of the two biases
in specific cases. Because the magnitude and even the sign of the net
bias depends on a large number of factors, one would not expect results

from a specific case to be directly generalizeable to another.

3. DATA

We have conducted two separate analyses to derive empirical esti-
mates of the biases inherent in using aggregate proxies for micro-level
socioeconomic characteristics in health outcome equations. To gauge
whether results in a specific case are generalizable to another outcome
or alternative data set, we study two outcomes (infant mortality and
general health status), employing two micro-level data sets, the 1985
wave of the PSID and the NMIHS.

3.1 The Panel Study of Income Dynamics

The PSID is an ongoing longitudinal study of the determinants of
family income (Hill 1992; Institute for Social Research 1988). Data
from a representative sample of persons have been collected annually
since 1968. In 1985, over 60 percent of the original set of sample house-

holds remained in the study. Weights have been constructed to account
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for differential attrition as well as for the initial oversampling of some
groups and the expansion over time of the proportion of younger fami-
lies in the sample. Validation studies have documented that analyses of
the PSID yield nationally representative results for blacks and whites
when the sample weights are applied (Duncan & Hill 1989; Becketti
et al. 1988).

We have focused on the self-reported health status among adults
and have used responses to a question asking respondents to rate their
health on a 5-point scale from excellent to poor. While measures based
on these questions are subjective, such measures consistently have been
found to be highly correlated with clinical measures (Maddox and Dou-
glas 1973; LaRue et al. 1979; Ferraro 1980; Mossey and Shapiro 1982)
and to predict subsequent death, health care utilization, and labor
market behavior (Manning, Newhouse and Ware 1982)—often better
than clinical measures do. For convenience we have assumed that the
ordered categorical responses reflect an underlying latent continuous

variable that is distributed normally, with larger values representing

better health.

We restricted the study sample to the men and women from the
original 1968 PSID families who identify themselves as black or white
and who are between the ages of 18 and 64. Using information derived
from the PSID-geocode file on the zip code of the respondent’s current
residence, we matched census information on median family income
and mean educational attainment of the adult population to individual
records. At the zip code level of aggregation, 95 percent of the 1985

PSID respondents were matched.

The PSID-geocode file also contains census tract information for
respondents. Census tracts typically represent smaller and more ho-
mogeneous populations than do zip code areas. Nationally, the typical
zip code contains roughly 25,000 inhabitants, while the typical census
tract contains 5,000. However, rural areas are not always tracted. As
a result, we were able to match only 72 percent of the PSID sample
to 1985 census tract information. Regardless, results based on census

tract characteristics for respondents are similar to results based on zip



code characteristics. We report results only for zip code areas.
3.2 The National Maternal and Infant Health Survey

Understanding the extent to which the association between race
and infant death is confounded by socioeconomic background is a cen-
tral question for investigators of the black/white disparity in infant
mortality. As noted above, data commonly used to study infant mor-
tality differentials are derived from vital statistics registrations, which

include little socioeconomic information.

We analyzed a special release of the 1988 National Maternal and
Infant Health Survey (NMIHS), which, unlike the public access version,
includes geographic identifiers at the zip code level (U.S. Department of
Health and Human Services, 1991). The NMIHS was conducted by the
National Center for Health Statistics (NCHS) to study factors related to
poor pregnancy outcomes. Information was gathered from vital records
.(birth and death certificates) as well as a mother’s questionnaire. We
used data from the live birth and infant death files and restricted the
sample to records with complete data on birthweight, mother’s age,
parity, zip code of residence, household income, and household com-
position. We linked data on individual respondents to aggregate data
(drawn from the 1980 census) on median family income and mean ed-
ucational attainment of the adult population in their zip code areas.
Eighty-seven percent of the NMIHS respondents had valid 1980 zip

codes and were therefore matchable to aggregate census data.

The NMIHS oversampled infant deaths, but we chose not to reweight
the data. Thus, there is a substantially higher fraction of black women
in our sample than we would expect to find in a random sample of the
population of mothers. The oversampling of infant deaths should not
bias estimated logit coefficients (Farewell 1979). However, we used the
within-strata weights provided on the NMIHS to correct for the explicit
oversampling of blacks on the survey as well as nonresponse and other

factors.

Study variables for both the PSID and NMIHS are shown in Table

1. Census STF files contain detailed tabulations of the nation’s pop-



ulation and housing characteristics, offering a range of pieces of infor-
mation from which to construct socioeconomic proxies. We found that
different possible aggregate measures are highly correlated, including
measures based on family income, education, occupation, unemploy-
ment, AFDC receipt, and poverty. We report results here using median
family income in a person’s zip code area as a proxy for actual fam-
ily income, primarily because it is the measure used most commonly
in the relevant health literature. We also report results based on the
mean educational attainment in the person’s zip code area as a proxy

for actual educational attainment.

4. FINDINGS

4.1 The Panel Study of Income Dynamics

Table 2 shows weighted means, standard deviations, and simple
first order correlations between the individual and aggregate variables
used in our analysis of the PSID data. Means for comparable micro and
aggregate variables are usually of similar magnitude. However, there is
substantially less variation in the aggregate variables than in the micro-
level variables, reflecting the fact that aggregate variables represent
averages across individuals. Correlations between aggregate and micro
variables are all in the expected directions. The correlation between
the two aggregate variables is quite high, which suggests that the two
quantitics may represent different indicators of the same underlying

phenomena.

Ultimately, we are interested in the validity of the inferences one
might make using the aggregate variables as proxies for individual char-
acteristics. Table 3 presents regressions of our health measure, first on
demographic variables alone (race, age, and gender), then on demo-
graphic variables and family income or education measured at the indi-
vidual level, and finally, on demographic variables and the log median
family income or the average educational attainment in the person’s
zip code. We also report estimates from models where income and
education measures are included together. When either income or ed-
ucation is entered separately, the coefficient on the aggregate variable

is larger than the one on the corresponding individual variable. At the
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individual level, family income and educational attainment have inde-
pendent explanatory power when both are included in the regression.
In contrast, neither the aggregate income variable nor the aggregate
education variable has much explanatory power after the other has
been included in the regression. Such findings bolster the plausibility
of the suggestion that various aggregate variables may be measures of
the same underlying construct—a construct that may be more global
than those measured by various micro-level variables, which, while cor-
related, are more narrow, focused, or distinct. When looking at the
effect of various socioeconomic proxies on estimated race coefficients,
we see that using aggregate measures in our equations has less impact
than using micro-level measures. The aggregate measures appear less
adequate at controlling for confounding between family income or ed-

ucational attainment and race than micro-level measures.

To understand the sources of the discrepancies between the results
based on micro proxies and those based on aggregate proxies, we esti-
mated empirical analogues to equations 2, 3, and 4. These are presented
in Table 4. These results show that even after controlling for the median
family income or the average educational attainment in a person’s zip
code, a strong association remains between race and individual family
income or education (compare columns 1 and 2 or 4 and 5). As a result,
we would expect to find that the aggregate variables are less adequate
than the correesponding micro variables as controls for the confounding

effect of income on the association between race and health.

The third column of Table 4 gives results from regressing the resid-
val (from the regression of health on family income measured at the
individual level) on the demographic variables and the aggregate income
proxy. The residual is positively correlated with the aggregate variable,
but it is weakly and negatively correlated with the race dummy. The
fact that the aggregate variable is correlated with the residual from the
equation of interest tends to raise the estimated coefficient on the so-
cioeconomic indicator, and to lower the magnitudes of the coefficients
on the sociodemographic variables when an aggregate variable is used

to substitute for a micro-level one.
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The fourth, fifth, and sixth columns of Table 4 show results from
replicating the family income analyses using education variables in-
stead. Here we see that controlling for the mean education in a person’s
zip code area reduces the association between race and education by
roughly 50 percent. At the same time, regressing the residual (from the
regression of health on race and education} on race and aggregate edu-
cation shows the residual to be positively correlated with the education
variable, but negatively correlated with the race variable. Again, we
see the errors-in-variable and the aggregation biases working in oppo-
site directions. By looking back at Table 3, we can see that the net
result—whether we are talking about education or income—is that the
aggregate variable picks up a larger coefficient than the corresponding
micro variable, but it does less well at controlling for the confounding

effects of sociceconomic factors on the association between race and

overall health.

To understand the bias inherent in the simultaneous inclusion of
both aggregate proxies, we have to regress the individual income and
education variables on the aggregate income and education variables.
Results from these regressions are presented in the seventh and eighth
columns of Table 4. Note that in these regressions the association
between race and family income, on the one hand, and between race
and educational attainment, on the other, is virtually as strong when
controlling for both aggregate variables as when controlling for only
one. The last column in the table shows the results from the regression
of the residual {from the regression of health on family income and
education) on both aggregate variables. The residual continues to be
correlated with the aggregate variables. Again, the implication from the
results reported in columns 7, 8, and 9 is that the errors-in-variables

bias works in the opposite direction from the aggregation bias.
4.2 The National Maternal and Infant Health Survey

Means, standard deviations, and correlations for the NMIHS data
are reported in Table 5. Because the NMIHS sample is composed of
mothers, it is a younger population than the PSID sample. The over-

sampling of infant deaths in the sample raises the fraction of the moth-
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ers who are black. However, the correlations between the aggregate

and micro variables in the NMIHS sample are similar to those in the

PSID sample.

Table 6 shows the estimated logistic regression coefficients for the
effect of various factors on infant survival. Here, the coefficient on the
aggregate income variable (0.195) is more than twice the size of that on
the individual income variable (0.081). For education, coefficients based
on aggregate and micro-level measures are similar (0.064 and 0.052),
although the micro-level coefficient is larger in this case. At the same
time, while both micro-level variables appear to control the confound-
ing effects of socioeconomic group and maternal age better than the
aggregate proxies, the aggregate education variable controls the con-

founding of socioeconomic group and race better than the respective

micro variables do.

Changes in logistic regression coeflicients across the various spec-
ifications cannot be decomposed in the way the linear regression co-
efficients can. Still, analogues to equations 2 and 3 provides valuable
information about the differences between the various specifications.
Table 7 reports results from the regression of family income and educa-
tional attainment on demographic and socioeconomic proxy variables.
Including the aggregate proxies has a greater effect on the race coeffi-
cient than on the maternal age coefficient. In fact, there appears to be
little association between race and educational attainment after con-
trolling for age, parity, and mean educational attainment in the zip
code area. This explains why, in this sample, the aggregate education
variable seems to do as well as the individual education variable at con-
trolling for the confounding of socioeconomic group and race. On the
other hand, the coefficient on average educational attainment itself is
substantially less than 1, implying a downward bias on the aggregate
education variable that is only partially addressed by the fact that the
aggregate education variable is associated with infant survival, even

after controlling for the actual education of the mother.

The differences between our results for the PSID and NMIHS with

respect to the education variables are noteworthy. Changing samples
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and outcome variables changed not only the magnitude, but also the
direction of the net “bias” involved when mean education was used as
a proxy for individual education! The difference between the two sets
of results appears to be explained by the fact that the NMIHS sam-
ple is much younger than the PSID sample. Black/white differences
in educational attainment are substantially narrower for more recently
born cohorts. Thus, the raw racial difference in educational attainment
is much smaller in the NMIHS (0.22 years) than in the PSID (1.14
years). As a result, educational differences account for very little of the
black/white differences in outcomes for younger cohorts. Moreover, less
variance in educational attainment among more recent cohorts serves
to lower the coefficient on the aggregate education variable when in-
dividual education is regressed on demographic characteristics and the
aggregate education variable in the NMIHS sample. In any case, the
differences between the two sets of results indicate the variation across
samples in the magnitude and even the direction of the discrepancies
that result from using aggregate variables as proxies for micro-level

characteristics.

5. DISCUSSION

Results from our analyses of PSID and NMIHS data are not neatly
summarized. They highlight the pitfalls of employing aggregate census-
based variables as proxies for micro-level socioeconomic characteristics.
Aggregate proxies tend to exaggerate the effect of individual education
or family income on health outcomes, while not adequately controlling
for the confounding between micro-level socioeconomic characteristics
and other variables of interest, most notably race. However, we have
seen one instance where this is not true. When we estimated the ef-
fect of education on infant survival we found the aggregate variable
picking up a slightly smaller coefficient than the corresponding micro
~ variable, and performing better than the micro variable at controlling
for the confounding effect of socioeconomic group on the association
between race and infant survival. The discrepancy between the PSID
and NMIHS results on education highlights the fact that the differ-
ence between coefficients based on micro and aggregate socioeconomic

proxies depends on both the sample and the variables used.
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Our results suggest the difficulties in interpreting socioeconomic
proxies derived from aggregate census data as if they were micro-level
variables. Inferences must be drawn cautiously. Researchers are on
firmest ground if they interpret such results in a literal way. For ex-
ample, the findings in our examples could be interpreted descriptively
as reflecting health differentials between residents of more- and less-
advantaged areas. However, when this methodology is employed, the

explanations for these differences must remain speculative.

By suggesting that interpretations be literal, we are not suggesting
that, in this context, coeflicients on aggregate variables be interpreted
as “contextual” or “neighborhood” effects. Qur analysis speaks to the
circumstance where the micro-level variable is unavailable and only an
aggregate proxy is included in estimated models. As we have shown,
in such a case it would be problematic to interpret the estimate as a
contextual effect because, in the absence of a micro-level measure, the

aggregate measure picks up individual as well as contextual effects.

Our findings are inconsistent with the conclusion Krieger (1992)
drew from her analysis of a select HMO sample in Northern California—
that aggregate census-based proxies are good substitutes for micro-level
measures of individual socioeconomic characteristics. By obtaining sim-
ilar point estimates of the relative risks of health outcomes by socioeco-
nomic group, whether she used aggregate census-based measures or the
crude individual-level measures available in her data, Krieger demon-
strated the relative usefulness of the aggregate census-based approach
in her study sample. However, our statistical framework and empirical
findings lead us to question whether such findings imply the general va-
lidity of using aggregate census-based measures to proxy for individual
characteristics. Because Krieger’s empirical work was not interpreted
in light of a statistical framework, the nature and source of biases could
not be discussed. Now that we are able to place her results in the con-
text of such a framework, we would argue that finding consistent results

between micro and aggregate variables is the exception, not the rule.

One might expect that aggregate variables based on more narrowly

defined geographic areas—such as census tracts or block groups—would
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be better proxies for micro-level characteristics than ones measured at
the zip code level. However, we were able to replicate the PSID anal-
ysis using census tract data and to obtain qualitatively similar results
to the zip code level analysis. Krieger (1992) compared census tract to
block group level results in her HMO analysis, finding little difference
between the two sets of results. We do not have empirical evidence to
rule out the possibility that block group data for a less select sample
might better represent individual characteristics than census tracts or
zip codes. Pragmatically, census block-level data are rarely available
to researchers and do not exist for rural areas. Qur analysis is consis-
tent with the kind of data available to most investigators—particularly

investigators who have employed the census-based strategy.

Although we have focused on the use of aggregate socioeconomic
proxies for estimating health outcome equations, the framework we have
developed should be generally applicable to other situations where re-
searchers have merged aggregate data into micro data samples. In such
situations, researchers generally are not in a position to use micro data
to validate inferences based on aggregate data. The most conservative
lesson we have drawn from these results is that investigators are ill-
advised to interpret results of regressions based on aggregate variables
as if they were based on micro-level variables. However, the framework
we have presented can be used to guide thinking about the likely direc-
tion of bias in such estimates. In situations where important variation
exists in the relevant independent variables within aggregate units, the
use of aggregate proxies will tend to yield underestimates of the effect
of the micro variable, while inadequately controlling for confounding
effects. However, in cases where the aggregate variable might represent
a broader construct than the micro-level construct, estimates based on
the aggregate data are likely to exaggerate the effect of the micro-level

counterpart on outcomes of interest.

Since Robinson’s classic paper outlining the “ecological fallacy”
(Robinson 1950), researchers have been wary of interpreting estimates
based on aggregate data. The results reported here suggest that this
should be a concern not only in the case where the unit of analysis is an

aggregate unit, but also in the case where the unit of analysis is a micro
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unit and aggregate variables are used to proxy micro-level constructs.
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