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A B S T R A C T   

Socioeconomic indexes are widely used in public health to facilitate neighborhood-scale analyses. Although they are calculated with high levels of precision, they are 
rarely reported with accompanying measures of uncertainty (e.g., 90% confidence intervals). Here we use the variance replicate tables that accompany the United 
States Census Bureau’s American Community Survey to report confidence intervals around the Yost Index, a socioeconomic index comprising seven variables that is 
frequently used in cancer surveillance. The Yost Index is reported as a percentile score from 1 (most affluent) to 100 (most deprived). We find that the average 
uncertainty for a census tract in the United States is plus or minus 8 percentiles, with the uncertainty a function of the value of the index itself. Scores at the extremes 
of the distribution are more precise and scores near the center are less precise. Less-affluent tracts have greater uncertainty than corresponding more-affluent tracts. 
Fewer than 50 census tracts of 72,793 nationally have unusual distributions of socioeconomic conditions that render the index uninformative. We demonstrate that 
the uncertainty in a census-based socioeconomic index is calculable and can be incorporated into any analysis using such an index.   

1. Introduction 

Socioeconomic indexes are widely used in the social sciences, 
particularly in the field of public health, and particularly where 
neighborhood-level distinctions are of interest (Carlson et al., 2021; 
Deas, Robson, Wong, & Bradford, 2003; Mehaffey et al., 2020; Patel 
et al., 2016; Lopez-De Fede et al., 2016; Webb et al., 2017). One such 
index is the Yost Index, developed from a factor analysis of seven vari
ables or combinations of variables from the American Community Sur
vey (ACS) of the United States Census related to household income, 
poverty, rent, house value, education, employment type and employ
ment status (Yost et al. 2001; Yu, Tatalovich, Gibson, & Cronin, 2014). 
Most of its applications have been in cancer surveillance (Abdel-Rah
man, 2019; Li et al., 2021; Rajeshuni et al., 2020; Ross et al., 2017; 
Swords, Mulvihill, Brooke, Firpo, & Scaife, 2020), and it is endorsed by 
the Surveillance, Epidemiology and End Results (SEER) program of the 
National Cancer Institute (National Cancer Institute, 2021). 

The Yost Index is reported as a percentile score from 1 (most affluent) 
to 100 (most deprived). This level of precision has been criticized as 
potentially unwarranted, especially given that associated measures of 
uncertainty (e.g., 90% confidence interval) are rarely, if ever, reported 
(Donegan, Chun, & Griffith, 2021; Jung, Thill, & Issel, 2019; Logan 

et al., 2020; Spielman, Folch & Nagle 2014). The lone article we iden
tified that focused on quantitative measures of uncertainty in derived 
census measures was by Napierala & Denton (2017), which used the 
margins of error published by the census to simulate the distribution of 
measures of racial segregation. Other papers have focused on methods 
for assessing which variables belong in an index (Spielman et al., 2020), 
comparisons between indexes (Temam et al., 2017), the degree to which 
area-based indexes match individual-level data (Bryere et al., 2017), and 
the choice of geographic scale (Schuurmann, Bell, Dunn, & Oliver, 2007; 
Cabrera-Barona, Wei, & Hagenlocher, 2016; Cebrecos, Domí
nguez-Berjón, Duque, Franco, & Escobar, 2018). With respect to deter
mining which variables belong in an index, there is a divergence of 
opinion between using more objective approaches like factor analysis 
and principal components analysis and more subjective approaches like 
expert opinion (Spielman et al., 2020). In general, these papers have 
found substantially different results between indexes and within indexes 
when contributing variables and their weights are modified. There have 
also been several papers critiquing the concept of a socioeconomic index 
itself and how one can know that it is measuring the conditions it claims 
to measure (Gordon, 1995; Deas, Robson, Wong, & Bradford, 2003). The 
present paper is not concerned with these issues but rather simply with 
the problem of calculating a confidence interval around an established 
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measure using the variance replicate tables that accompany the ACS. 
Our method is adaptable to any other index derived from the ACS. 

2. Theory and calculation 

We make use of the variance replicate estimates (VREs) which 
accompany the ACS (United States Census Bureau, 2020). The VREs 
consist of 80 replications of the data and are published for the most 
frequently used ACS tables. The variance and margin of error are ob
tained by comparing the 80 replicate values to the official estimate using 
the formulas: 

Variance=
4
80

∑80

i=1
(Replicatei − Estimate)

2
(1)  

Margin of Error (at 90% confidence)= ± 1.645
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Variance

√
(2) 

The above formulas yield the exact margins of error that accompany 
the ACS data. They can also be used to find margins of error for derived 
variables, such as the medians and ratio measures used in the con
struction of the Yost Index, as well as the Yost Index itself. The rationale 
behind the formulas is given by Fay (1989) and Judkins (1990). In brief, 
each replicate involves randomly assigning half of the observations 
within each stratum of the data a weight of 1, one-quarter of the ob
servations a weight of approximately 1.7, and one-quarter of the ob
servations a weight of approximately 0.3. The measure of interest is then 
calculated, and the process is repeated 80 times. The mean square dif
ference of all the replicate estimates is then directly proportional to the 
variance by Equation (1). The method is computationally more efficient 
than jackknife and bootstrap methods, a consideration that was impor
tant at the time the method was first developed. A detailed technical 
explanation is given in Chapter 12 of the ACS Design and Methodology 
manual (United States Census Bureau, 2014). 

3. Material and methods 

We obtained the variance replicate estimates at the census tract level 
for the fifty states, the District of Columbia, and Puerto Rico for 
2015–2019 for the seven tables listed in Table 1. For the tables corre
sponding to the education, employment, and occupation variables we 
were able to follow the formal definitions published by the National 
Cancer Institute’s SEER Program exactly (National Cancer Institute, 
2021). For the poverty table, we used the percentage of households 
below the poverty level rather than the percentage of households below 
150% of the poverty level, as the latter variable was not available in the 
VRE tables. For the income, rent, and house value variables, we derived 
the medians from the strata provided as they are not reported directly. 
This was achieved first by finding the stratum in which the median 
household fell, then interpolating within the stratum, assuming a uni
form distribution. For example, in a calculation of median household 
income, if there were 4001 people in a particular census tract, we 
identified the census tract in which the 2000th person fell. Further 
suppose this was the $50,000 to $59,999 stratum and that this stratum 
included the 1900th through the 2200th persons. The 2000th person, 
being at the one-third position within this stratum, is assigned the cor
responding income of $53,333. 

This approach for calculating the median of stratified data is the 

same as that used by the Census Bureau, but with the benefit of access to 
its raw survey data, the Census Bureau uses much finer strata (United 
States Census Bureau, 2019). As a consequence, our calculated medians 
differ modestly from published values. For example, the median abso
lute difference in median household income between our values and the 
census values is 1% and the mean absolute difference is 3%. Some large 
differences occur within the uppermost income category, which in the 
publicly available data is top-coded as $250,000 and above but which 
the Census Bureau reports with ranges from $250,000 to over $1 
million. These large differences are not important for our purposes as 
once they are converted into ranks they all fall well within the top 1% of 
median household incomes nationally. 

We removed census tracts with fewer than 30 households due to 
measurement unreliability. This value corresponds roughly to a mini
mum population size of 100 that has been used previously (Diez Roux 
et al., 2001) given an average household size of about 3 (United States 
Census Bureau, 2021). We opted to use a household-based criterion as it 
also filters out tracts consisting of group quarters such as prisons and 
college dormitories where people do not live in households and socio
economic measures are unreliable, if collected at all. A total of 72,793 
census tracts met this definition out of 74,001 for which any data are 
reported. This captures 99.9% of the total United States population 
using the population for whom poverty status is determined as the 
denominator. 

The factor analysis method we employ requires measurements for 
each of the component variables. One limitation of this approach is that 
over 1200 census tracts (about 1.7%) do not contain measures of both 
housing value and rent, either because all residents surveyed were 
homeowners or all residents surveyed were renters. To remedy this issue 
we combined the two measures into a single housing measure by stan
dardizing the values and either taking their average or using the single 
measure that was available. We also used a single measure when either 
the number of renters or number of homeowners was below 30, treating 
that number as unreliable. 

Each of the resulting six variables was ranked from 1 to 72,793 such 
that a rank of 1 corresponded to the highest socioeconomic position. For 
tied values, the average rank was assigned. A maximum likelihood factor 
analysis was performed on the ranks using the psych package in R 
(Revelle. psych, 2021). The ranks serve to standardize the data which 
varies by orders of magnitude between and within variables (Baxter, 
1995; Conover & Iman, 1981). The first principal component, which 
explained 60% of the variance in the data, was retained for each census 
tract. The factor weights were similar to those previously reported in 
similar analyses, where median household income accounts for about 
half of the total weight and the variables collectively account for the 
other half (Boscoe et al., 2021; Yu et al., 2014). The resulting factor 
scores were grouped into percentiles with a value of 1 again corre
sponding to the highest socioeconomic position and a value of 100 the 
lowest. 90% confidence intervals around the index values were then 
calculated using the formulas presented above. We elected to abide by 
the Census Bureau practice of computing and reporting the 90% confi
dence intervals rather than the more common 95% confidence intervals. 
For the sake of readability, we have limited discussion of the technical 
details here and refer the reader to the published code (Boscoe et al., 
2021). 

4. Results 

The mean margin of error at the 90% confidence level for the 72,793 
census tracts was 8.2, meaning that a typical census tract can be thought 
of as having a Yost index that is precise to about plus or minus 8 points 
(Fig. 1). The interquartile range was 5.5–10.5. At the extremes, 10 tracts 
had a margin of error greater than 40, 49 tracts had a difference greater 
than 30, and 452 tracts had a difference of 0. All but one of the tracts 
with a difference of 0 had a Yost index of either 1 or 100; the exception 
had a Yost index of 3. 

Table 1 
Census tables used in the construction of the yost index.  

B15002 Sex by educational attainment for the population aged 25 years and older 
B17001 Poverty status by sex by age 
B19001 Household income 
B23025 Employment status 
B25063 Gross rent 
B25075 Value (of house) 
C24010 Sex by occupation for the civilian employed population 16 years and older  
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To illustrate these relationships further, we focused on Chatham 
County, Georgia, which contained a census tract (tract number 101.01) 
with a 90% confidence interval which spanned nearly the entire range of 
values, from 2 to 100. Fig. 2 depicts the point estimates of Yost index 
rank and their 90% confidence intervals for each of 69 census tracts in 
this county. The results are mapped in Fig. 3, with the left map showing 
the point estimates and the right map showing the margins of error. (The 
two tracts labeled as having insufficient data comprise Hutchinson Is
land, a nearly uninhabited island in the Savannah River that is primarily 
used for industry and, more recently, recreation. The island was well- 
populated prior to its conversion to heavy industry during World War 
II and its original census tract designations have never been altered). 

Results for the entire United States are summarized in Fig. 4. Each 
Yost Index position on the x-axis represents 727 or 728 census tracts. The 
black horizontal lines correspond to the median margins of error, the 
gray boxes to the interquartile ranges, and the whiskers to 1.5 times the 
interquartile ranges. The margins of error are seen to be related to the 
Yost Index itself, with values as high as 11 near the middle of the dis
tribution and close to 0 at either extreme. The plot is also skewed such 
that the margins of error are greater among the less-affluent relative to 
the corresponding position among the more-affluent. The peak margins 
of error are for a Yost Index of 56. 

5. Discussion 

The Yost Index is precise to within one decile for 71% of census tracts 
in the United States and precise to within two deciles for 99% (Fig. 1). 
While these results seem reasonable, they are not ignorable. Past studies 
that have ignored this error are at risk of having overstated the rela
tionship between socioeconomic status and the health outcomes of in
terest. Given the magnitude of the margin of error, there is no danger of 
misclassifying a highly affluent neighborhood as middle-class, a middle- 
class neighborhood as poor, and so on, as a result of sampling error. But 
the idea that fine gradations can be made between neighborhoods with 
similar characteristics through a percentile-based index is not supported 
by our results. 

For a small handful of tracts, as in tract 101.01 in Chatham County, 
Georgia which stood out in Figs. 2 and 3, the Yost Index is not infor
mative at all. This tract along the Savannah River is dominated by heavy 
industry. The small resident population is divided between a poor, 

primarily African-African community on its western edge and a recent 
upscale, mixed-use development along the river. This development, 
known as the Eastern Wharf, did not exist when the tract boundaries 
were last defined in conjunction with the 2010 census. Consequently, 
roughly half of this tract has low SES values and roughly half has high 
SES values, with little in between. In the variance replicate estimates, 
the median person randomly falls in either group, rendering the medians 
highly unstable, which carries through to the Yost Index. This represents 
not a shortcoming of the index, but rather a reflection of a highly het
erogeneous environment that is atypical of census geographies. While 
situations like this are rare, with only 0.07% of the census tracts in the 
entire nation having a margin of error wider than three deciles, without 
consideration of uncertainty it is not possible to know where they are 
and have the ability to exclude them from analyses. 

The uncertainty of the Yost Index was seen to be associated with the 
index itself, with values near the middle of the distribution being the 
least precise and values at the extremes being the most precise. This 
arises for two reasons: first, the definition of a percentile itself is vari
able. For example, the fifth percentile of median household income 
ranges from approximately $130,100 to $136,400 while the fiftieth 
percentile ranges from $59,200 to $59,800 and the ninety-fifth 
percentile ranges from $26,800 to $28,300. A given amount of sam
pling error matters more in the middle of the distribution where there 
are larger numbers of similar values. In addition, there are many more 
ways for a multi-variable index to come up with a value near the middle: 
all contributing variables can have ranks near the middle, or a mixture of 
high, middle, and low ranks can average to a rank in the middle. For 
values near the extremes of the distribution, in contrast, the ranks of the 
contributing variables cannot exhibit much variation, by definition. The 
visible skewness in Fig. 4, indicating that less-affluent tracts have more 
uncertainty than corresponding more-affluent tracts, is consistent with 
survey research that routinely finds lower response rates among poorer 
populations (Spielman et al., 2014). 

Some data limitations may have impacted our results. These include 
the minor adjustments we had to make to the Yost Index to accommo
date the variance replicate estimates: the use of the poverty rate rather 
than 150% of the poverty rate, calculating medians from strata less 
precise than those used by the Census Bureau, and combining the two Fig. 1. Cumulative distribution plot of the margin of error for 71,570 United 

States census tracts. 

Fig. 2. Distribution of Yost Index values and 90% confidence intervals for 69 
census tracts in Chatham County, Georgia. One tract has confidence intervals 
which span nearly the entire range. 
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housing variables into a single measure prior to the factor analysis. In 
addition, the variance replicate estimates are intended to be used within 
a single sample universe, such as population aged 16 and over or 
households. The seven tables used as inputs to the Yost Index use seven 
different universes. Consequently, the covariances between these tables 
are likely lower than what they would be if they were all from the same 
universe. Collectively these adjustments yield less-precise estimates 
than would be obtained if we had unfettered access to the raw ACS data, 
hence our results are likely conservative. 

6. Conclusion 

As we have shown, the uncertainty in a census-based socioeconomic 
index is calculable and can be incorporated into any analysis using such 
an index. While the process is not mathematically complex, the use of 
the many VRE tables makes the calculation labor-intensive, and so we 
have made our results available for direct download from a data re
pository, along with the R code used to generate the index values and all 
figures (Boscoe et al., 2021). 
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