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1 Introduction

The Post-Secondary Employment Outcomes were originally released by Census in March 2018. As discussed
in other publications (Foote et al. [2019]), the earnings data are protected using differential privacy methods.
This protection method is more robust than alternatives, and more accurate than other DP methods, there is
still error induced by the protection system. The purpose of this short technical note is to provide estimates
of the error induced by the protection method.

First, I briefly describe the protection method and how I estimate the errors; more detail is in the PSEO
Technical Appendix.1 Second, I provide estimates of the errors by cell size, since the error induced by the
protection system is closely related to the size of the cell.

Finally, I discuss implications of these errors in using PSEO estimates.

2 Differential Privacy Method and Measuring Error

As described in more detail in the PSEO Technical Appendix, for the graduates in a given cell (institution×
degree level×degree field×graduation cohort×year post-graduation), we count the number of graduates
with earnings in a given histogram bin.2 We add geometric noise to each histogram bin and calculate the
percentiles of the noisy distribution using the histograms. There are 21 possible histogram bins, so noise is
independently added 21 times. While all these noise draws are mean zero, the variance is large to ensure
that individual graduates cannot be identified in the earnings estimates. The variance of the geometric noise
distribution applied to each bin does not depend on cell size, but noise still affects the earnings estimates
most for small cells, since the contribution of noise is proportionately larger when the cell is small.

To provide estimates of the error induced by the protection system, I use the simulated data used in
Foote et al. [2019].3 I treat the earnings percentiles from these simulated data as “true,” and then apply the
protection method 100 times to get an error distribution.

I measure error in two ways for this note. First, I measure L1 error, which is the difference between the
true and protected percentile:

L1error = Truepercentile− protectedpercentile

∗Foote: andrew.foote@census.gov. The analysis, conclusions, and opinions expressed herein are those of the author alone
and do not represent the views of the U.S. Census Bureau. Thanks to Lee Tucker for reviewing an earlier draft, and to
Ashwin Machanavajjhala, Kevin McKinney, and Stephen Tibbets for their important work in the development of PSEO. The
methodology and data described in this document has been approved by the Census Bureau Disclosure Review Board with the
following DRB approval numbers: CBDRB-FY18-103; CBDRB-FY18-204

1https://lehd.ces.census.gov/doc/pseo appendix tech doc.pdf
2The edges of these histogram bins are public knowledge, and available in the PSEO Technical Appendix linked above.
3This data and the protection system code at Foote [2019].
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Table 1: Errors in Median Earnings, by Cell Size
Cell Size Mean Absolute L1 Error Mean Relative Error L1 Error

10th Percentile 90th Percentile
30-50 2596 0.04714 -3584 4054
50-80 1526 0.0273 -2164 2344
80-100 1096 0.02108 -1642 1683
100-200 783 0.01461 -1193 1191
200-300 568 0.00925 -844 852
300+ 344 0.00524 -523 506
Notes: Authors calculations.

Additionally, to get a sense for just how much error is in the average estimate (irrespective of the direction
of the error), I measure the absolute L1 error, which is just the absolute value of the above. Finally, I include
estimates of the relative error, which is the ratio of the absolute L1 error and the true percentile.

3 Error Values

Table 1 shows the distribution of errors by protected cell count for median earnings.4 The first column shows
the absolute L1 error, which is the average value of the error. The second and third columns show the 10th
and 90th percentile of the L1 errors for a given cell size. For the smallest published cells (count of 30-50),
the absolute error is about $2600 on average, with a range of [−3583, 4053] from the 10th to 90th percentile
of earnings. Contrast that with cells with protected counts between 100 and 200, which have an average
error of $780, with a range of [−1192, 1191], which is almost a third as wide.

When considering how the size of the errors compare to the true values, relative errors are particularly
helpful for scale. While the smallest cells have errors that are on average 5% of the true value, that value
halves for the next cell size group, and is just over 2% for cells of 80-100.

4 Discussion

The primary purpose of this note is to provide estimates of errors, so that users of PSEO can keep them in
mind when using the data. In particular, these error estimates are useful when comparing programs, because
while earnings may differ between programs, some of that difference may be because of the protection system.

One omission from the current note, which is planned for a separate technical note, is how hypothesis
testing works when the statistics being measured.
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Table 2: Errors in 25th Percentile Earnings, by Cell Size
Cell Size Mean Absolute L1 Error Mean Relative Error L1 Error

10th Percentile 90th Percentile
30-50 2633 0.06244 -4107 3471
50-80 1590 0.03748 -2351 2224
80-100 1064 0.02646 -1585 1569
100-200 781 0.01926 -1161 1170
200-300 585 0.01283 -939 825
300+ 330 0.00681 -487 521
Notes: Authors calculations.

Table 3: Errors in 75th Percentile Earnings, by Cell Size
Cell Size Mean Absolute L1 Error Mean Relative Error L1 Error

10th Percentile 90th Percentile
30-50 5156 0.07185 -6122 8949
50-80 2841 0.0388 -3878 4488
80-100 1957 0.0275 -2686 3018
100-200 1289 0.0182 -1865 1978
200-300 1007 0.01202 -1463 1467
300+ 597 0.00653 -911 839
Notes: Authors calculations.
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