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[bookmark: objective]Objective
Error for small-area geography data can be very high. For example, data on the poverty rate from 2014-2018 ACS has a 15% coefficient of variation (CV) or below for only 105/1126 census tracts in Louisiana. How can we address this issue in order map the most accurate data possible?
[bookmark: background]Background
In 2012, Ben Horowitz (then a TDC employee) evaluated methodologies for smoothing ACS data (by block group) within New Orleans. His analysis concluded that averaging ‘true’ neighboring census tracts’ data from the 2007 - 2011 ACS produced estimates that were closer to 2010 Census data for the same geographies than three other methods. ‘True’ neighbors are only those neighbors that actually touch; i.e., are not separated by a body of water.
There are some concerns about directly applying this methodology to the project at hand, our statewide, maps:
1. Identifying true neighbors statewide would likely be labor-intensive.
2. The error of the final measurements wasn’t evaluated in this method, and we won’t have current decennial data to compare our smoothed estimates to.
Tools exist in R and other software to apply different forms of smoothing to geographic data.
Empirical Bayes smoothing shrinks estimates towards the overall average. Small-population geographies will be more affected by this method, as they are more likely to be spurious outliers.
Spatial average smoothing is the same method Ben used - each tract’s smoothed estimate is an average of its raw data with all of its neighbors’ raw data.
One researcher, Spielman, developed an interesting algorithm that perfoms what he calls “regionalization” - the smaller geographies are aggregated one unit at a time until that new region passes a user-defined reliability threshold, such as a CV of <= 15%. Open source code of the algorithm is available, but implementing it is tricky.
An example of how this problem is sometimes addressed given that accurate data rarely exists for small-area geographies is discussed in another paper by Spielman: “[O]ne way to overcome variable-level uncertainty in the ACS is to focus on a composite of multiple variables, rather than examining individual variables independently. This “contextual” approach has a long tradition in the social scientific literature, extending to the early twentieth century." I point this out not to suggest that we give up on reporting single small-area statistics but to show that this is a difficult and long-standing problem with no easy solution.
At the Population Division of NYC planning, maps are colored according to bins (e.g. 0 - 5% poverty; 5 - 10% poverty, etc.) that are tested for their reliability with an interesting tool. Taking into account the MOE of each measurement within the bin, a reliable map is one in which 10% or fewer of the measurements might actually fall outside of their bin. Unfortunately, when I input our LA tract-level poverty data, Having 2 breaks (so 3 categories) was considered reliable only if I filtered out tracts with a CV <=30%. That is to say, this approach may be better suited the urban data.
Another approach is one we’ve discussed before: use shading/patterns to show reliability of each geography’s measurement with an overlay on the map.
Let’s look at two of the methods discussed above for tract-level poverty data. First, we look at the raw data and its MOE at the state level and in New Orleans (so we can consider the data in the context of our own local knowledge). Then we see the same geographies with the Empirical Bayes’ smoothing and the simple average smoothing, as well as the difference between these smoothed estimates and their raw counterparts. Finally,we see the impact that simple average smoothing has on the data’s error.
I recommend opening the document in two separate windows so you can keep the raw data maps handy for comparing.
## Reading layer `tl_2010_22_tract10' from data source `C:\Users\jenna\Documents\covid-19\inputs\tl_2010_22_tract10\tl_2010_22_tract10.shp' using driver `ESRI Shapefile'
## Simple feature collection with 1148 features and 12 fields
## geometry type:  MULTIPOLYGON
## dimension:      XY
## bbox:           xmin: -94.04335 ymin: 28.85513 xmax: -88.75839 ymax: 33.01954
## geographic CRS: NAD83
[bookmark: raw-data]Raw data
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[bookmark: Xe31617f5f3ee4ba4dd1e83b60fd20b3db66ad0c]Another way to look at the effect of the smoothing method:
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[bookmark: conclusion]Conclusion
Actually measuring the error of the output of these methods is not a well-documented area of this research, as far as I saw. However, it’s easy enough to do ourselves!
The improvement was huge - 65% of tracts saw a decrease of 10 percentage points or more from their raw CV to their smoothed CV using the simple averaging method. However, about 90 tracts still have CVs >=15%. One possibilty is that we combine methods - we map smoothed values with pattern over tracts that are less reliable. We could also just drop the ~8% of tracts that don’t meet the 15% cutoff.
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Simple average of neighboring tracts smoothed poverty rate
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Simple average of neighboring tracts smoothed poverty rate
(same legend as others)
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Simple average of neighboring tracts smoothed poverty rate
(own legend. to show greater detail)
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