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Introduction

• Information about local demographic processes (births, 
deaths and migration) as well as characteristics (income, 
poverty, education, employment status, household 
occupancy, etc.) are always in demand. 

• Local government agencies, community based research 
organizations, academic researchers and private 
foundations constantly seek reliable and accurate local 
demographic information for some project or grant 
application.

• Indeed the demand for local demographic information 
has increased over the past couple of decades.
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Limitations
• However, researchers and practitioners alike face three 

problems in providing reliable estimates at the local level 
(especially census tract and block group levels).  

• One problem is the effective sample size at subcounty 
(tracts, block groups) levels for many of the demographic 
and housing characteristics of interest.  

• A second problem is the absence of accurate measures of 
error of the estimates, particularly for non-standard 
geographies (neighborhoods, CDPs. Tribal areas). 

• A third factor, receiving renewed attention, is application 
of disclosure avoidance systems employed to protect 
confidentiality.

• The first two of these limitations will be addressed in 
sequence, beginning with  the sample size issue. 4



Effective ACS Sample Size
• The 2000 decennial Census, collected socio-economic and 

housing information on a large sample (1 out of 6 
households or 16.7%) through an instrument known as 
the “Long Form.”  

• The sample size behind the Long Form, was approximately 
47 million households in the 2000 Census. 

• By contrast, for a given year, the ACS has a target sample 
size of 3.5 million of the currently estimated households 
of the United States with a goal of capturing 3.5*5=17.5 
million households across a five year period, but lately the 
ACS yields an effective sample size only about 2.2 million. 

• As Table 1 shows, in 2010 the ACS was based on finalized 
interviews with a little more than 1.9 million households 
or about 4% the size of the sample size yielded from the 
2000 Census.   5



Effective ACS Sample Size
Table 1
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Effective ACS Sample Size
• Moreover, the effective sample size in the 2016 Vintage 1-

year ACS is not much larger, with only approximately 2.3 
million units (households and group quarters combined).

• Of course, for the ACS 2016 5-year data the effective 
sample sizes are cumulated for the years 2012 thru 2016, 
yielding a period sample size of  12,111,425, or 8.9% of all 
housing units estimated to exist in 2016 for the US, about 
half the size of the old “long form.

• The decrease in effective sample size from the Decennial 
“Long Form” to the ACS has brought major consequences 
for achieving reliable estimates at the local area levels of 
geography—e.g. at the tract and block group level.

• And, please note, that effective sample size reported in 
Table 1 is for the entire US, not states or counties or lower 
levels of census geography. 7



Effective ACS Sample Size
Analysts and practioners, working with local data, quickly 
encounter the consequences of effective sample size of the 
ACS in their work--large MOEs for variables of interest.
As an example, consider Table 2 showing estimates of 
housing units and associated margins of error by occupancy 
status from the 2012-2016 ACS for Syracuse NY Tract 19

Table 2
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Effective ACS Sample Size

Looking at Table 2, you can quickly see that the ACS 2012-16 
estimated vacant housing units for tract 19 can be anywhere 
between 30 and 178 or a spread of 148 units.
Moreover, occupied housing units are estimated, with 90% 
confidence, to be anywhere between 1870 and 2066 or a 
spread of almost 200 units.
These are quite dramatic differences in such a small 
geographic area (tract), don’t you agree?  And, I think its 
only going to get worse.
To see why the MOEs are so large, consider the ACS 2012-16 
unweighted sample size for that same Census tract--
illustrated in Tables 3 (next side) for housing units.
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Effective ACS Sample Size
Table 3

So, the ACS 2012-1 estimate of 2072 total HUs in Tract 
19, given above in Table 2 is based on 173 actual sample 
points.  Pretty small!  For block groups, the unweighted 
sample situation is even worse, as shown below.

Table 4
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Suggested Solutions

Typical suggestions given to counter the vicissitudes of small 
sample sizes (yielding large MOEs) are:

1. collapse all or selected categories provided in Census 
ACS summary tables for a given variable, or 

2. combine adjacent (or similarly structured non-adjacent) 
geographies, or 

3. do both.  
I would like to shift now the focus to the second of the 
limitations identified above when working with local data—
accurate estimates as well as improved measures of 
reliability of the estimates (MOEs).
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The MOE Problem
Since the publication of the ACS Handbooks for Data Users in 
2008, users were presented with well worked out procedures for 
producing aggregated counts, percentages, ratios etc. for 
combined geographies or collapsed categories. 
However, the Handbooks’ advice was not well formulated for 
measures of the sampling reliability of these aggregate estimates.
The chief reason was the absence of information of an important 
component for computing the variances of any newly aggregated 
MOE estimates derived from published summary ACS tables.  
To wit, when aggregating counts like total population or total 
housing units, the Handbooks suggested aggregating up the 
counts of selected block groups to achieve an accurate estimate 
of those units for the combined geographies (e.g. tract).
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Census Bureau References

Compass Series ACS Methods Page
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The MOE Problem
The Handbooks suggested, specifically, that the appropriate 
way to compute an estimated MOE for that aggregated 
count was to find the variances of the block groups being 
combined for the variable of interest, say total population, 
add them together, and take the square root.  See formula 1 
below.

Unfortunately, in the absence of information about the 
covariance, the above approximation formula often 
yielded wildly incorrect standard errors and MOEs for the 
aggregated estimate.

(1)
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Bias Due to Missing Term

Moreover, the above approximation formula can produce 
bias in calculation of such Standard Errors, and thereby, in 
the MOEs. See formula 2 below.

The direction of bias on the standard error may be positive 
or negative depending on the sign of the covariance.

(2)
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Bias Due to Missing Term

To illustrate the issue of possible bias, consider aggregating 
total population from the five block groups in the Tract 19 
we have been examining.  The ACS 2012-16 estimates and 
MOEs for each block group are shown in Table 5.

Table 5
Block Group Tot Pop 

Estimate
MOE Variance

1 689 218 17689

2 571 139 7225

3 945 230 19600

4 766 149 8281

5 866 251 23104

Total 3837 453.19 75899
18



Bias Due to Missing Term

For comparison to the computations in Table 5, we note that 
the Census Bureau’s published estimates for tract 19 had a 
total population of 3837 and a MOE for that estimate of 266 
in the ACS 2012-16.

Table 6

Comparing the estimate for the aggregated 5 block groups in 
Tract 19 with the published summary table values for that 
tract, we see that the estimates agree (previous slide). 
Not so for the MOEs (453 vs 266). 19



Bias Due to Missing Term

As mentioned above, the reason for the huge difference 
between these two estimates of MOEs in Tables 5 & 6 is the 
absence of information for the covariances.  
That is, the covariances (the -2cov(Xi,Xj)) couldn’t be 
subtracted from the sum of the variances as shown in 
formula 2 above because of lack of such information. 
Fortunately, the Census Bureau recognized the problem and 
subsequently did three things to correct this problem.
First, they produced what are called replicate variance 
tables for the 2010-14 ACS, the 2011-15 ACS and the 2012-
16 ACS, the later of which I will show in a moment.
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Variance Replicate Tables
Secondly, the Census Bureau produced documentation 
about the variance replicate tables including a document 
showing how to use the tables. 
https://www.census.gov/programs-surveys/acs/data/variance-
tables.html
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New ACS User Handbook
Thirdly, the Census Bureau published a new version of their 
Understanding and Using American Community Survey Data: 
What All Data Users Need to Know in July 2018 which includes at 
least a mention of the variance replicate tables on page 50.
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Variance Replicate Table B01003
Without going into detail about how to use the tables, let 
me show a replicate variance table for total population, 
Table B01003. 
The major point, without getting into the weeds, is that 
employing  replicate variance tables in your research does 
produce the correct MOE values for combined geographies.

Table 7
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Using Variance Replicates
Table 8, below, shows the correct results for the aggregated 
total population estimate and associated MOE for Tract 19 in 
Onondaga computed using the 2012-16 variance replicate 
table B01003. 

Table 8
Block
Group

Total 
Pop

MOE 
BG

VarRep 1 VarRep 2 … VarRep 80 MOE 
Tract

1 689 218 768 725 708
2 571 139 643 674 483
3 945 230 876 825 918
4 766 149 751 777 833
5 866 251 936 862 774
Sum 3837 3974 3863 3716
Diff 137 26 -121
Diff2

18769 676 14641 266.1 24



Using Variance Replicates
The value of having an accurate means of producing 
estimates and MOEs for combined block group geographies 
encourages one to use these techniques for more interesting 
local area analyses.
One example of is combining clusters of block groups into 
neighborhoods or other “nonstandard” geographies.  
Another example could be their use in PSAP work or 
redistricting.
I would like to show some work producing accurate 
estimates of both the total population and MOEs for 
Syracuse’s envisioned 8 TNT neighborhoods.
The next slide shows a spatial delineation of those 
envisioned neighborhoods.   
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Urban Neighborhoods
City of Syracuse and “Tomorrow’s Neighborhoods Today” (TNT)

Syracuse
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Using Variance Replicates
Using the ACS 2012-16 variance replicate table for total 
population, table B01003, both population estimates and MOEs 
were produced for these 8 neighborhoods by combining BGs.
In turn, this allowed us to determine significance of population 
change in these neighborhoods since Census 2010.
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Block Groups with Significant Loss
Another analysis that can be undertaken using this approach 
is to examine variation of changes.  For example, the Census 
Bureau’s Quick Facts, indicatesthe City of Syracuse has lost 
1.2% population between April 1,2010 and July 1, 2017.
As the previous table shows, there is considerable variation in 
population change across different areas of the city.
The Lakefront and Downtown neighborhoods showed 
considerable percentage gains (16.4% and 11.7%).
In contrast, the Westside and Southside neighborhoods 
showed significant percentage losses (-4.4% and -3.7%).
Also, if you are doing a detailed analysis of local areas, you 
could consider which block groups have the highest loss.  The 
next two slides demonstrate that interest. 28



Block Groups with Significant Loss
Geography DEC_10_TotPop ACS_2012-16_TotPop

ACS2012-216 minus 
DEC10 TNT %change

Block Group 1, Census Tract 2, Onondaga 1912 1448 -464 Northside -0.24
Block Group 1, Census Tract 4, Onondaga 1798 1288 -510 Northside -0.28
Block Group 1, Census Tract 5.01, Onondaga 1260 1113 -147 Northside -0.12
Block Group 3, Census Tract 6, Onondaga 1171 1019 -152 Northside -0.13
Block Group 1, Census Tract 7, Onondaga 960 836 -124 Northside -0.13
Block Group 2, Census Tract 7, Onondaga 893 769 -124 Northside -0.14
Block Group 1, Census Tract 9, Onondaga 987 815 -172 Northside -0.17
Block Group 1, Census Tract 10, Onondaga 756 615 -141 Northside -0.19
Block Group 2, Census Tract 17.02, Onondaga 1761 1532 -229 Northside -0.13
Block Group 2, Census Tract 19, Onondaga 689 571 -118 Eastwood -0.17
Block Group 4, Census Tract 19, Onondaga 901 766 -135 Eastwood -0.15
Block Group 1, Census Tract 20, Onondaga 1045 753 -292 Westside -0.28
Block Group 2, Census Tract 21.01, Onondaga 987 836 -151 Westside -0.15
Block Group 1, Census Tract 24, Onondaga 1296 1167 -129 Northside -0.10
Block Group 1, Census Tract 27, Onondaga 690 620 -70 Westside -0.10
Block Group 1, Census Tract 35, Onondaga 1011 878 -133 Eastside -0.13
Block Group 2, Census Tract 35, Onondaga 844 728 -116 Eastside -0.14
Block Group 1, Census Tract 38, Onondaga 1217 940 -277 Westside -0.23
Block Group 2, Census Tract 39, Onondaga 913 631 -282 Westside -0.31
Block Group 3, Census Tract 39, Onondaga 1909 1483 -426 Westside -0.22
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Future Work
1. Allocate population in block groups 

belonging to two or more neighborhoods.
2. Employ the housing unit methodology for 

estimating population in local areas like 
neighborhoods.

3. Explore use of variance replicate weighting 
with variables--occupied housing, 
population per household and population in 
group quarters.
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Questions
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