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* The problem
* State (and metro) data in the US are subject to substantial revisions

* Example: Illinois employment growth 1n 2015

* Our solution
* Forecast the state employment data by

* Modeling the revision process

* Incorporating external data

* We find

* We can successfully forecast the revisions for most states

* Both components of the model contribute
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State employment data are revised substantially
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Is it possible to forecast big revisions like these? Yes.

* We develop a state-space model that incorporates
* An explicit model of the revision process
* Incorporates releases of closely-related administrative data called the QCEW

* External indicators of state employment growth

* Via a dynamic factor model



A tull timeline of the revision process

Data releases for April 2016

e 15t release 3 weeks after
reference period

e 2nd yelease 1 month
after 15t release

tBenchmarked QCEW 5—7 months

after reference period

* Data benchmarked 5—
13 months after
reference period

Apr 2016

¢ April ends
¢ 1st release ¢ QCEW released
t2nd release
| Jul 2|016 | | Oct|2016 | | Jan '2017 | | Apr12017



QC

EW usually close, 29 release can be quite far
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A state-space model of the revision process

CESPost, = E, AE, = a+ 2 ViBE_; + xie
QCEW, = E, + W, W,=6+Y, A We; + v,
CESRev, = E, + B, By =k +pBi_1 +1;
CESInit, = E, + B, + R, R, = w,

* Spliced series of realtime values for each release version

* Target is E¢, the benchmarked employment value



Standard approach to estimating and evaluating the model

* Estimation
e Maximum likelihood with the Kalman Filter

e Evaluation

* Test out-of-sample forecast of a series’s level

* Sample period: March 2005-September 2017



By itself, the revision model makes a difference

Colorado Nonfarm Payroll Employment
Thousands

2,700

Benchmarked
«— 2nd Release

Revision Model
2,600
2,500
2,400
2,300
2,200 n " u'l

I T I T I T I T I T I
2006 2008 2010 2012 2014 2016



By itself, the revision model makes a difference

Distribution of difference in mean absolute percent errors (Model — 15t Release)
Number of states
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Incorporating external data via a dynamic factor model

CESPOStt:Et AEt=a+ft+Ct ft=9ft_1+8t
Ay =y + Iife + v Vit = YVie—1 + Ui

* Yi¢ (all realtime vintages)
* National CES
* Shift-share CES (based on a state’s industrial composition)
* Household employment from the CPS

* Unemployment Insurance Claims



Incorporating external data helps in most states (before)
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Incorporating external data helps in most states (after)

Colorado CES Employment
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Incorporating external data helps in most states

Distribution of difference in mean absolute percent errors (Model — 15t Release)
Number of states

147 B statistically different from zero Difference in mean
absolute percent error
12 (Model — 1st Release)
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What it we pick a state’s best result?

Distribution of difference in mean absolute percent errors (Model — 15t Release)
Number of states
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Contributions of external data are widespread

Decomposition of Factor for Colorado

Standard Deviations
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Next steps

* Evidence that the lag structure of the factor differs across states

* Should increase the performance gains from the factor model
e Take into account later benchmark revisions?

* Incorporate unstructured datar



