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3. CASE STUDIES USING ACS DATA
Case Study #1: Minnesota State Demographic Center Analysis of Earnings in Urban 
and Rural Areas
Skill Level: Intermediate/Advanced 
Subject: Earnings, Rural-Urban Geographic Areas 
Type of Analysis: Making comparisons across geographic areas 
     Creating custom geographic areas from census tracts 
     Calculating margins of error for derived estimates
Tools Used: Data.census.gov, spreadsheet, U.S. Census Bureau’s Statistical Testing Tool 
Author: Susan Brower, State Demographer of Minnesota

Susan is the State Demographer of Minnesota. She 
wants to study how earnings differ across geographic 
regions of the state. She plans to use a rural-urban 
typology that corresponds to the characteristics of 
individual census tracts.

Susan will use Rural-Urban Commuting Area (RUCA) 
classification codes developed by the U.S. Department 
of Agriculture’s (USDA) Economic Research Service 
(ERS) to examine economic characteristics of 
Minnesota residents living in a range of settings—from 
remote, rural areas to dense, urban cities. RUCA codes 
classify census tracts using measures of population 
density, urbanization, and commuting patterns. Susan 
will aggregate characteristics of residents across the 
state, based on the RUCA code of the census tract in 
which they live. (More information about RUCA codes 
can be found on the ERS Web page on Rural-Urban 
Commuting Area Codes.)16 

16 U.S. Department of Agriculture, Economic Research Service, 
“Rural-Urban Commuting Area Codes,” <www.ers.usda.gov/data 
-products/rural-urban-commuting-area-codes/>. 

Census tracts are roughly equivalent to neighbor-
hoods. They contain 2,500 to 8,000 people per tract. 
Since detailed American Community Survey (ACS) 
1-year estimates are only available for geographic 
areas with at least 65,000 residents, Susan will use 
ACS 5-year estimates, which she will download from 
data.census.gov.

There are roughly 1,300 census tracts in Minnesota. 
Susan will aggregate these tracts into four RUCA-
based areas—Rural, Small Town, Large Town, and 
Urban. She will also estimate how much uncertainty is 
associated with the new estimates she has created.

The U.S. Census Bureau provides a number of formulas 
that can be used to estimate uncertainty, or margins 
of error (MOEs), for estimates that are produced 
from calculations based on published data tables. 
Calculating the estimates of uncertainty will allow her 
to make judgments about whether observed differ-
ences in earnings are real or whether they are within 
the expected variations that result from survey sam-
pling.
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Susan starts her analysis by going to the data.census.gov Web site at <https://data.census.gov>.

• She clicks on “Advanced Search” under the search bar (see Figure 3.1).

Figure 3.1.  Selecting Advanced Search in Data.census.gov 

Source: U.S. Census Bureau, data.census.gov <https://data.census.gov>.
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• Since Susan already knows her desired table ID, she types “B20005” in the first text box directly under the 
Advanced Search heading. B20005 is the table ID for “Sex by Work Experience in the Past 12 Months by 
Earnings in the Past 12 Months (in 2018 Inflation-Adjusted Dollars) for the Population 16 Years and Over.”

• She selects “Geography” to view the geography filters.

• Next, she selects “Tract,” and scrolls to select “Minnesota” from the “Within (State)” filter.

• Susan then checks the box for “All Census Tracts within Minnesota” from the “Within (County)” filter and 
clicks “Search” in the lower right corner (see Figure 3.2).

Figure 3.2.  Selecting a Table and Geographies in Data.census.gov

Source: U.S. Census Bureau, data.census.gov, <https://data.census.gov>.
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• On the next page, Susan clicks “Tables” in the upper left corner.

• Then, she selects “Download Table” under the message that the “table is too large to display” (see Figure 
3.3). 

Figure 3.3.  Downloading a Table From Data.census.gov

Source: U.S. Census Bureau, data.census.gov, <https://data.census.gov>.

• Next, she uses the checkboxes to select the 2015 ACS 5-year data.

• She chooses the File Type “CSV.”

• Then, she clicks “Download” in the lower right corner (see Figure 3.4).

Figure 3.4.  Changing the Survey Year and Choosing a File Type in Data.census.gov

Source: U.S. Census Bureau, data.census.gov, <https://data.census.gov>.
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• Susan selects “Download Now” after the file is prepared (see Figure 3.5).

Figure 3.5.  Downloading the Compressed (ZIP) File

Source: U.S. Census Bureau, data.census.gov, <https://data.census.gov>.

• From the compressed folder, Susan opens the file with “data_with_overlays” shown in the file name. 
Documentation relating to the data table is also included in her zipped file.

• Now that Susan has her data file, she analyzes how earnings vary across the rural-urban areas of her state. 
The USDA publishes 10 primary RUCA codes that delineate census tracts.17 Susan adds these codes to the 
ACS data file that she has sorted by geographic identifier (GEO_ID). 

• Using Excel, Susan “copies” two columns of Minnesota census tract data from the USDA RUCA file—the 
“Primary RUCA Code 2010” and the “State-County-Tract FIPS Code.” (FIPS refers to Federal Information 
Processing Standards.) She then pastes these two columns of data into the ACS data file. 

• To verify that the census tract data from the two files are properly matched in the new file, Susan creates 
a column with the final 11 numbers of the ACS file’s “id” column.18 The last 11 numbers in the “id” column are 
the tract’s FIPS code. Susan then subtracts this new column (FIPS code) from her ACS file from the “State-
County-Tract FIPS Codes” column from her RUCA file. If the rows match, the resulting difference will be zero.

• Susan analyzes earnings for a collapsed version of the RUCA codes. She creates a new column of data with 
four string values: “Urban” for RUCA codes 1–3, “Large Town” for codes 4–6, “Small Town” for codes 7–9, and 
“Rural” for code 10.

17 U.S. Department of Agriculture, Economic Research Service, “Documentation: 2010 Rural-Urban Commuting Area (RUCA) Codes,”  
<www.ers.usda.gov/data-products/rural-urban-commuting-area-codes/documentation/>.

18 The Census Bureau has published detailed instructions for matching these GEOIDs: <https://ask.census.gov/prweb/PRServletCustom 
/YACFBFye-rFIz_FoGtyvDRUGg1Uzu5Mn*/!STANDARD?pyActivity=pyMobileSnapStart&ArticleID=KCP-5651>.
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• The resulting data file now looks like this, with the highlighted cells added from the USDA RUCA file and 

Susan’s subsequent recoding and match verification (see Figure 3.6).

Figure 3.6.  Adding Rural-Urban Codes to Downloaded Data 

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates; and USDA RUCA codes.

• Susan uses “PivotTables” in Excel to aggregate the earnings distribution across census tracts. The PivotTables 
sums the number of males working full-time, year-round by rural, small town, large town, and urban census 
tracts within each earnings distribution category (see Figure 3.7).

• Next, Susan estimates the median earnings of men who work full-time, year-round and live in rural areas. 
The Census Bureau provides guidance on how to interpolate a median from a weighted distribution in its 
Accuracy of the PUMS documentation.19 Susan creates an Excel spreadsheet to estimate a median using the 
method described in the Census Bureau’s documentation. The documentation also describes how to calcu-
late standard errors and confidence intervals for her estimates.20 

19 U.S. Census Bureau, American Community Survey (ACS), PUMS Technical Documentation, Accuracy of the PUMS, <www.census.gov 
/programs-surveys/acs/technical-documentation/pums/documentation.html>. 

20 The method described in this case study to approximate a median estimate will not match medians published in data.census.gov, as the 
published medians are calculated using different and more detailed distributions than are available to users. Also, the approximated MOE of the 
median using this method may underestimate or overestimate the true MOE, due to the limitations of using the PUMS design factor methodology.

Figure 3.7.  Cross-Tabulating Persons Per Income Level and Rural-Urban Category  

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates; and USDA RUCA codes.
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• She repeats these calculations for men’s and women’s earnings in each of her four geographic areas (see 
Figure 3.8).

Figure 3.8.  Calculating a Median From a Weighted Distribution

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates; and USDA RUCA codes.

• When Susan compiles the calculated medians and their standard errors into a single table, she can see that 
median earnings for men in urban areas ($55,064) appear to be higher than the median earnings for men in 
rural, small town, and large town regions of the state. Similarly, urban women’s median earnings ($45,053) 
are considerably higher than those for women living outside of urban areas. To calculate MOEs for the 
approximate median earnings, Susan multiplies 1.645 by the standard error of each median. This creates an 
MOE at the 90 percent confidence level (see Figure 3.9).

Figure 3.9.  Median Earnings for Men and Women in Minnesota by Rural-Urban Location

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates; and USDA RUCA codes.

Median Earnings, Men, Full-Time, Year-Round Workers 
Minnesota: 2011–2015

Median 
earnings

Standard 
error

Margin of  
error (90%)

Male, rural . . . . . . . . . . . $43,838 $302 $498

Male, small town  . . . . . $44,948 $381 $628

Male, large town . . . . . . $45,929 $362 $596

Male, urban . . . . . . . . . . $55,064 $170 $280

Median Earnings, Women, Full-Time, Year-Round Workers 

Median Standard Margin of  

Female, rural . . . . . . . . . $33,476 $288 $475

Female, small town . . . $33,070 $297 $488

Female, large town . . . $34,960 $262 $432

Female, urban . . . . . . . . $45,053 $151 $248
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• Susan then tests whether the calculated differences in median earnings across geographic areas are 
statistically significant. She pastes the estimated medians and MOEs into the Census Bureau’s Statistical 
Testing Tool and learns that, as expected, urban men’s median earnings are significantly different from their 
counterparts in rural areas, small towns, and large towns.21 She also confirms that urban women’s median 
earnings are statistically different from those of women in other areas of the state (see Figure 3.10).

• Figure 3.10.  Statistical Testing Tool for Multiple Estimates (90 Percent Confidence Level)

Source: U.S. Census Bureau, Statistical Testing Tool, <www.census.gov/programs-surveys/acs/guidance/statistical-testing-tool.html>.

Susan uses this analysis to help her convey differences in earnings among residents of rural, small town, large 
town, and urban areas in reports that her office produces for state policymakers. While she will not always report 
the numeric results of statistical tests, knowing which differences are significant helps her know which differences 
she can highlight in her narrative. Conversely, knowing which differences are not statistically significant helps her 
know which differences she should downplay in her reporting. 

An example of a report that was informed by this type of analysis is Greater Minnesota: Refined & Revisited.22 
(This report was produced using 2010–2014 ACS 5-year estimates, so the medians are somewhat different, but 
the results are consistent with what is described here.) This report has been used by policymakers working on 
rural health care initiatives, on Equal Employment Opportunity activities, and by legislators working to create 
policies that align with current economic conditions in different areas of the state.

21 U.S. Census Bureau, Statistical Testing Tool, <www.census.gov/programs-surveys/acs/guidance/statistical-testing-tool.html>.
22 Minnesota State Demographic Center, Greater Minnesota: Refined & Revisited, <https://mn.gov/admin/demography/reports-resources 

/greater-mn-refined-and-revisited.jsp>.
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Case Study #2: New York City, Department of City Planning, Uncertainty in 
Mapping ACS Data

Skill Level: Intermediate/Advanced 
Subject: Uncertainty in Mapping American Community Survey (ACS) Data 
Type of Analysis: Assessment of statistical reliability of ACS maps  
Tool Used: Map Reliability Calculator 
Authors: Joel A. Alvarez, Senior Analyst, NYC City Planning, Population Division; and Joseph J. Salvo, Director, 
NYC City Planning, Population Division

In the summer of 2017, New York City established the New York Works plan—a series of 25 initiatives to pro-
mote the creation of 100,000 new jobs with good wages over the next decade.23 In support of the plan, the 
Department of City Planning (DCP) produced a series of maps informing the public about employment pat-
terns in New York City. In this case study, we walk ACS 
data users through the process we used to assess the 
reliability of map classification schemes when produc-
ing maps for general consumption.

ACS data provide city planners with unique insights 
into the socioeconomic characteristics of local popu-
lations, including information about employment. 
Mapping the data is one way to examine differences in 
employment across geographic areas. However, ACS 
estimates are subject to sampling variability, so reality 
on the ground may differ from survey results.24 Given 
the uncertainty associated with ACS estimates, data 
users should exercise caution when producing maps to 
avoid misrepresenting the characteristic(s) being dis-
played. The following case study provides guidance in 
this regard, demonstrating how we produced statisti-
cally reliable maps of employment and unemployment 
using an online Map Reliability Calculator.25 

Mapping Employment
In support of a mayoral jobs creation initiative, DCP 
was asked to create a series of maps showing the lat-
est information on employment and unemployment. 
One possible approach was to examine administrative 
data from unemployment insurance filings. However, 
this data set excludes many self-employed workers 
and those working “off-the-books,” so we turned to 
the ACS as a more comprehensive source of data on 
local employment patterns.

First, we examined overall employment in New York 
City. Our preference was to produce a map using small 
geographic units, making census tracts ideal. However, 
in New York City, census tracts typically consist of 
only six to eight city blocks and have populations 
of about 3,000 to 4,000. Consequently, ACS 5-year 
estimates for census tracts are based on small sample 
sizes—typically 250 to 300 people surveyed in each 
tract. To ensure that our map was reliable and would 

23 City of New York, New York Works, <https://newyorkworks.cityofnewyork.us/introduction/>. 
24 Sampling variability is the difference between an estimate based on a sample and the corresponding value that would be obtained if the  

estimate were based on the entire population. 
25 Statistical reliability refers to the ability of a measurement tool to consistently produce the same results. When used in reference to the 

ACS, the measurement tool is the survey itself. 

Box 3.1. Establishing a Minimum Reliability 
Threshold for Maps
Subjects covered in the ACS often display mean-
ingful spatial patterning at very fine levels of 
geography. ACS data users may be tempted to 
present these data in maps using the smallest 
available geographic units. However, the reliability 
of ACS estimates typically decreases as units of 
analysis get smaller, because of diminishing sam-
ple sizes. When mapping ACS data, users must 
decide whether to use small geographic areas and 
see all the fine detail, but risk false conclusions 
due to data uncertainty; or to use large, statisti-
cally reliable geographic areas, but risk overlook-
ing the most salient spatial distributions.

This dilemma can be resolved by establishing a 
minimum reliability threshold. Once map quality is 
assured by passing the threshold, ACS data users 
can pursue mapping at the smallest geographic 
area for which reliable data are available. New 
York City’s Department of City Planning (DCP) 
has adopted a threshold of a 10 percent error rate, 
under which a map is considered suitable for gen-
eral use. A 10 percent error rate means that any 
given geographic area would have a 1 in 10 chance 
of being erroneously classed, placing it at odds 
with reality on the ground. This threshold was 
adopted because it matches the Census Bureau’s 
standard of 90 percent confidence intervals. 
Additionally, the DCP standard is to ensure that 
no individual map category has an error rate of 20 
percent or more, so that map users can trust the 
reliability of each respective map class. While this 
is a lower standard than that used for the overall 
map, it helps ensure that even categories with 
relatively few values—and therefore little influence 
on the overall reliability—can still be trusted by 
end users.
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not mislead people into making false conclusions, we tested the preliminary map using an online Map Reliability 
Calculator developed by DCP (see Box 3.1 on Establishing a Minimum Reliability Threshold for Maps).26 

To conduct this analysis of map reliability, we first went to the U.S. Census Bureau’s data.census.gov located at  
<https://data.census.gov> and downloaded data on the employed population aged 16 and older in the civil-
ian labor force, at the census tract level (from Table B23025).27 The data were then imported into a Geographic 
Information System (GIS) to produce a map with seven categories using a natural breaks classification scheme.28 
We then tested the results using the Map Reliability Calculator.

The reliability calculator has three required inputs: 
• The estimates and associated margins of error (MOEs). 
• The number of classes or map categories. 
• The lower limit for each class. 

After inserting this information into the tool, we examined the results and found that our proposed map was not 
reliable (see Figure 3.11). When the reliability calculator marks a set of map categories as “not reliable,” it means 
that 10 percent or more of the geographic areas are potentially misclassified (that is, included in the wrong cat-
egory). In our example, shown in Figure 3.11, the overall reliability of the map was 14.2 percent. This means that 
of New York City’s 2,167 census tracts, more than 300 may have been incorrectly classified. Further, the second- 
and fourth-highest map classes in our proposed map had reliability scores of more than 20 percent. As with the 
overall map, reliability scores for individual map classes tell users the percentage of geographic areas that are 
likely to be misclassified based on the published MOEs. These excessive scores for individual map categories also 
marked our proposed map as too unreliable for general use.  

26 New York City Department of City Planning, Map Reliability Calculator, <https://www1.nyc.gov/site/planning/data-maps/nyc-population 
/geographic-reference.page>. 

27 U.S. Census Bureau, data.census.gov, <https://data.census.gov/>. 
28 A Geographic Information System, or GIS, is an application used for mapping, managing, and analyzing spatial data. Various map classifica-

tion schemes can be employed when creating categories for quantitative data. We used a natural breaks scheme for our employment analysis. 
This scheme maximizes the variance between classes, while minimizing variance within classes. 

Figure 3.11.  Results From Map Reliability Calculator (Seven Class Breaks) 

Note: Estimates with blank margins of error (MOEs) are treated as having MOEs of zero.  

Source: New York City Department of City Planning, Map Reliability Calculator, <https://www1.nyc.gov/site/planning/data-maps/nyc-population 
/geographic-reference.page>.



16   Understanding and Using American Community Survey Data 
16   What State and Local Government Users Need to Know U.S. Census Bureau

One method of improving map reliability is to reduce the number of map classes. Based on this logic, we 
decreased the number of categories in the proposed map to six, but the map was still not reliable. It wasn’t until 
the map was reduced to four categories that it qualified as reliable. Further, to make the categories more pre-
sentable, we rounded the class breaks and checked to confirm that the map was still reliable (see Figure 3.12). 

Figure 3.12.  Results From Map Reliability Calculator (Four Class Breaks) 

Note: Estimates with blank margins of error (MOEs) are treated as having MOEs of zero.  

Source: New York City Department of City Planning, Map Reliability Calculator, <https://www1.nyc.gov/site/planning/data-maps 
/nyc-population/geographic-reference.page>.
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With this evaluation, we were confident that our map provided a relatively reliable depiction of reality on the 
ground and went ahead with its use supporting the mayoral initiative (see Figure 3.13).

Mapping Unemployment
Generally, the relative size of ACS MOEs increases in relation to associated ACS estimates as count estimates 
get smaller. It follows that smaller estimates are often less reliable, in a relative sense.29 Consequently, maps built 
using smaller ACS estimates are typically less reliable than those built using large estimates. We confronted this 
issue when we attempted to map unemployment estimates for New York City, since the unemployed population 
is usually much smaller than the employed population. (The unemployed population is only about one-tenth the 
size of the employed population in New York City.) Because of the relatively large MOEs, we could only produce a 
reliable map of census tracts if we sorted them into two categories—one for tracts with 250 or more unemployed 
persons and one for tracts with fewer than 250 unemployed. While such a map would be informative, we wanted 

29 Because estimates and associated MOEs vary greatly in size, it helps to examine the size of MOEs in relation to estimates to better under-
stand the relative reliability of ACS estimates. ACS analysts often use Coefficients of Variation (CVs) as a measure of relative reliability—making 
it possible to compare the reliability of ACS estimates across different years, periods (1-year vs. 5-year periods), geographic areas, and variables. 
For more information on CVs, see the section on “Understanding Error and Determining Statistical Significance” in Understanding and Using 
American Community Survey Data: What All Data Users Need to Know, <www.census.gov/programs-surveys/acs/guidance/handbooks/general 
.html>.

Figure 3.13.  Map of Employed Population 

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates.
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to give the public a greater understanding of the differences in unemployment across our city. For this reason, a 
higher-order geographic area, Neighborhood Tabulation Areas (NTAs), was evaluated for mapping suitability.

NTAs were created by DCP using aggregates of census tracts that approximate New York City neighborhoods 
and fit perfectly within Public Use Microdata Area (PUMA) boundaries. This geographic area has gained wide-
spread acceptance and use in New York City because of its relative statistical reliability and because New 
Yorkers tend to think in terms of neighborhoods. However, since the Census Bureau does not publish data at the 
NTA level, we needed to calculate new estimates and MOEs aggregating from published, tract-level, unemploy-
ment data.30 Using NTAs, a reliable map of unemployment was produced with four categories—as with employ-
ment, breakpoints were rounded to make the map more presentable (see Figure 3.14). 

30 For more information on calculating MOEs for aggregated count estimates, see the section on “Calculating Measures of Error for Derived 
Estimates” in Understanding and Using American Community Survey Data: What All Data Users Need to Know, <www.census.gov/programs 
-surveys/acs/guidance/handbooks/general.html>. 

Figure 3.14.  Map of Unemployed Population 

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates.
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Mapping Change in Employment
The 2011–2015 ACS data release provided us with our first opportunity to compare two nonoverlapping 5-year 
period estimates (2006–2010 and 2011–2015) based on common population controls derived from the 2010 
Census and, for the most part, common geographic boundaries. Therefore, we wanted to map change in the 
employed population as well. To conduct an evaluation of map reliability, it was necessary to first calculate the 
tract-level changes in employment and calculate the MOEs associated with those changes.31 These calculations 
were quite simple, because we could use the same formula we used when calculating the MOEs for aggregate 
areas: the square root of the sum of the squared MOEs.32 Again, it was our preference to create a tract-level map, 
so we first calculated employment change and associated MOEs for census tracts. Once calculated, estimates 
and MOEs were inserted into the Map Reliability Calculator.

Employment had increased substantially across the city (up nearly 200,000 or 5 percent), so we were surprised 
to find that a reliable tract map could not be produced, no matter how few categories were used. As with the 
map of unemployment, we turned to NTAs, a higher-order geographic area, to see if change could be reliably 
mapped. Change in employment, however, could not pass reliability thresholds using a natural breaks classifica-
tion scheme. Therefore, PUMAs, the next higher order statistical geography, were considered. PUMA employ-
ment estimates and MOEs from 2006–2010 had to be calculated using census tract aggregations (as with NTAs), 
because PUMA boundaries changed in 2012, and 2011–2015 estimates were based on the 2012 boundaries. 

Unfortunately, as with census tracts and NTAs, the PUMA geographic level proved to be unreliable for a natural 
breaks classification scheme.

With no reliable results, we re-examined our calculator analysis for all three geographic areas. Map classification 
schemes that were close to being reliable were manipulated to test whether they could pass reliability thresholds 
with a set of alternate breakpoints. We found that we could produce a reliable NTA map by slightly adjusting the 
breakpoint between the first and second categories of a two-class, natural-breaks map (see Figure 3.15).  

31 The Census Bureau endorses the use of statistical testing to gauge the reliability of change over time. This testing tells users that the direc-
tionality of change has a 9 in 10 chance of being correct. However, to gauge the reliability of the magnitude of change, it is important that ACS 
data users go beyond this basic test and consider the MOE associated with the estimate of change. 

32 For detailed guidance on “Comparing Estimates for Nonoverlapping Periods” see page 4 in the Census Bureau’s “Instructions for Applying 
Statistical Testing to the 2011–2015 ACS 5-Year Data,” available at <www.census.gov/programs-surveys/acs/technical-documentation/code 
-lists.2015.html>. 

Figure 3.15.  Results From Map Reliability Calculator (Two Class Breaks)

Source: New York City Department of City Planning, Map Reliability Calculator, <https://www1.nyc.gov/site/planning/data-maps 
/nyc-population/geographic-reference.page>. 
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Because our lowest map category encompassed both positive and negative change in employment, we chose 
to only emphasize the top category, where change was equal to, or exceeded, an employment increase of 2,000 
(see Figure 3.16).

Figure 3.16.  Map of Change in Employed Population 

Source: Author’s analysis of data from the U.S. Census Bureau, American Community Survey, 5-Year Estimates.
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Conclusion
In producing this series of maps depicting dimensions of employment in New York City, we learned quite a bit 
about producing reliable maps for general use. In creating a tract-level map of employment, we learned that 
map reliability can typically be improved by reducing the number of map categories. Additionally, through the 
production of the unemployment map, we found that map reliability can usually be improved by using higher-
order geographic areas, because the reliability of underlying estimates is improved. Finally, while generating a 
map showing change in employment, we discovered that category breakpoints can be adjusted to make a map 
statistically reliable. 

This was an important lesson, because it is ultimately up to each end user to decide which breaks work best for 
their purposes.

While we decided to use a mix of different geographic types in our maps, others might opt for uniformity in their 
publication summary level. In fact, data users have several different options in mapping ACS data. For example: 

• Choosing different classification schemes, such as equal interval or quantile schemes.

• Selecting fewer map categories to reduce the risk of misclassification.

• Normalizing data using percentages (as opposed to using counts).

• Loosening map reliability standards to gain insight into a very generalized spatial distribution— 
acknowledging that such a map is more prone to error.33  

Regardless of your approach, it is essential that ACS data mappers pursue their cartographic endeavors with a 
full understanding that uncertainty is inherent in all survey data, including ACS data, and will impact the quality 
of maps. It is ultimately up to each end user to decide which standards are most appropriate for their applica-
tions. 

33 The NYC Department of City Planning’s Map Reliability Calculator provides reliability scores so that users can select alternative thresholds if 
they choose. 
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Case Study #3: King County Housing Assessment

Skill Level: Intermediate/Advanced 
Subject: Evaluating Housing Program Participation 
Type of Analysis: American Community Survey (ACS) microdata analysis  
Tools Used: ACS Public Use Microdata Sample File and data.census.gov 
Authors: John Wilson, Assessor, King County, WA, Department of Assessments; Chandler Felt, Demographer, 
King County, WA; and Susan Kinne, Epidemiologist at Public Health-Seattle and King County

John Wilson:
When I became King County (WA) assessor in 2016, 
housing affordability was headed towards a crisis 
level—especially for low-income seniors, disabled vet-
erans, and other disabled individuals. King County has 
2.1 million residents, and real estate values had been 
rising at a double-digit pace annually.

I was curious how many people were enrolled in a 
state-authorized property tax exemption program. It 

 
Chandler Felt:

turned out to be only about 15,000 countywide. That 
number seemed low to me, so I contacted Chandler 
Felt, King County’s demographer.

I asked Chandler, knowing how familiar he was with 
U.S. Census Bureau data, if he knew of any way to 
determine how many people in King County might be 
eligible for the program. Chandler suggested the lat-
est American Community Survey (ACS) data.

As demographer for the county, I turned to the 
Census Bureau’s ACS via data.census.gov.34 I looked 
through the available tables in data.census.gov using 
the 2014 ACS 1-year data set and the 2010–2014 ACS 
5-year data set, but soon realized that the data.cen-
sus.gov tables would not provide the entire list of eli-
gibility criteria for the exemption. The ACS Public Use 
Microdata Sample (PUMS) data set would be required 
to slice our population precisely enough to answer 
the question, and I do not have experience using the 
PUMS data.35 I forwarded John’s request to my col-
league Susan Kinne, Epidemiologist at Public Health-
Seattle and King County, who is a skilled PUMS user.

King County’s senior tax exemption is based on three 
eligibility criteria, all from household data:

• Household tenure = owner (as opposed to renter).

• Age of householder is 62 or older.

• Household income is less than $40,000.

34 Data.census.gov was not available at the time this case study 
was written but is cited here because it is now the primary tool for ac-
cessing ACS data.

35 The ACS PUMS files are a set of untabulated records with infor-
mation about individual people or housing units. The Census Bureau 
produces the PUMS files so that data users can create custom tables 
that are not available through pretabulated (or summary) ACS data 
products.

Using the regular data.census.gov tables, I could only 
report and analyze these criteria two at a time—and 
not very precisely at that. Income by age is available 
for householders aged 65 and over, and the cross 
tabulation of owners by age was likewise for 65-year-
olds. Generating a series of data.census.gov tables, 
I developed a rough estimate that up to 34,000 
households—4.2 percent of the over 800,000 house-
holds in the county—might be eligible as of 2014. 
Assessor John Wilson and I agreed that a more reli-
able estimate was needed, so we asked Susan Kinne 
to conduct a PUMS analysis, using the three eligibility 
criteria listed above.

For this analysis, Susan used data from the 2010–2014 
ACS 5-year PUMS file because it was the most recent 
data available at the time. The 5-year PUMS files are 
multiyear combinations of the 1-year PUMS file with 
appropriate adjustments to the weights and infla-
tion adjustment factors. She chose to use the 5-year 
file because it yields more reliable estimates than the 
1-year file, and she was conducting an analysis for a 
relatively small geographic area and population sub-
group (older homeowners living in King County).
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Here are the steps she took to produce an estimate of the number of homeowners aged 62 and older in King 
County who may be eligible for a property tax exemption:

1. Using data.census.gov (Table S2501), Susan first found an estimate of the total number of occupied housing 
units in King County, WA, in 2010–2014 (808,729) (see Figure 3.17).

2. Using statistical software, she read in the data from the 2010–2014 ACS 5-year PUMS file.36 

3. Next, she used the PUMS Data Dictionary to find the variables she needed to conduct her analysis.37  

4. From her previous work with the PUMS data, she knew that King County was made up of 11 Public Use 
Microdata Areas, or PUMAs, ranging from PUMA 11606 through PUMA 11616. She selected these PUMAs using 
the PUMA10 variable in the data set.38 

5. Next, she selected the PUMS variables and categories she needed to determine the percentage of occupied 
housing units in King County headed by homeowners aged 62 and older. 
a. AGEP (Age) >= 62 
b. RELP (Relationship) = 0 (Household reference person) 
c. TEN (Tenure) = 1 (Owned with a mortgage) or 2 (Owned without a mortgage)

6. A cross-tabulation of these variables showed that approximately 16.2 percent of occupied housing units were 
headed by homeowners aged 62 and older. Applying that estimate to the total number of occupied housing 
units from data.census.gov (808,729) yielded an estimate of about 131,000 occupied housing units headed by 
older homeowners.

7. As a final step, she used the HINCP (Household Income) variable to estimate that among the 131,000 housing 
units headed by older adults, approximately 40,000 (31 percent) had incomes below the $40,000 tax exemp-
tion threshold.  

36 U.S. Census Bureau, American Community Survey (ACS), PUMS Data, <www.census.gov/programs-surveys/acs/data/pums.html>. 
37 U.S. Census Bureau, American Community Survey (ACS), PUMS Technical Documentation, <www.census.gov/programs-surveys/acs 

/technical-documentation/pums/documentation.html>. 
38 PUMAs are special nonoverlapping areas that partition each state into contiguous geographic units. Each contains roughly 100,000 people.

Figure 3.17.  Table of Occupancy Characteristics in King County, Washington: 2010–2014

Source: U.S. Census Bureau, data.census.gov, <https://data.census.gov>. 
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Conclusion
The results suggested that there could be 25,000 low-income homeowners eligible to participate in the tax 
exemption program who were not enrolled (40,000 minus 15,000 currently enrolled).

We set into action an outreach plan to increase enrollment. By reaching into certain neighborhoods with large 
numbers of lower-income homeowners, we were able to increase the number of homeowners applying for the 
program.

After 18 months, the Department of Assessments has brought in nearly 7,500 new applications. That represents 
a nearly 50 percent increase in enrollment.




