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Abstract
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1 Introduction

Understanding the labor market is integral to conducting sound monetary policy. Histori-
cally, the main focus of monetary policy makers has been on two aggregate measures that fo-
cus on labor supply (Goldenberg and Phillips, 2000): the unemployment rate and the change
in non-farm payroll employment. However, neither of these measures are decomposed to a
level to understand the source of change. Starting in 2000, the Bureau of Labor Statistics
(BLS) undertook a new survey that asks firms about hires, separations, and openings in the
Job Openings and Labor Turnover Survey (JOLTS). These three series provide a look at

labor demand in the economy and insight into the source of fluctuations in employment.

Yellen cited changes in hires, quits, and openings as signs of a recovering economy
in an August 2014 speechl] and she included in her labor market dashboard P] openings,
layoffs/discharges and quits as metrics of whether the economy was returning to its long-
run trend. By monitoring these monthly statistics policy makers can discern trends in the
labor market that may not be seen from the aggregate data. According to Groshen (2015)
information on labor demand can provide an early warning of a downturn or upturn in the
economy. Additionally, previous research has used the JOLTS data to calibrate theoretical
models (e.g., search model (Hagedorn and Manovskii, 2008; Hall and Schulhofer-Wohl, 2017}
Kroft et al., 2016) and job ladder model (Moscarini and Postel-Vinay, 2016]), estimate the
Beveridge curve (Crawley and Welch) 2020; Kroft et al., [2016), and understand the cyclical
behavior of labor market measures created using JOLTS (e.g., tightness, churn) (Hagedorn
and Manovskii, 2008 [Hall and Schulhofer-Wohl, 2018} [Lazear and McCue, 2018; Shimer,
2005). The JOLTS data has also been used to study election activity (Baumann et al.

2018)), crime (Baumann and Engelhardt, 2016) and minimum wages (Dube et al., 2016]).

Ihttps://www.federalreserve.gov/newsevents/speech/yellen20140822a.htm

Zhttps://www.bloomberg.com/graphics/2015-yellens-labor-market-dashboard/
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One issue to consider when examining the JOLTS data is that they are revised and
the initial releases (either rst or second release) may not be an accurate picture of the
labor market when compared to the nal data. Therefore, we examine the revisions in
the JOLTS data to ascertain how much con dence policy makers can have in the initial
releases. We have four main ndings and contributions. First, this paper contributes to
the literature by providing an expanded data set for the real-time JOLTS data by collecting
real-time data. These data are collected from the press releases starting in January 2004.
Second, unlike employment, the JOLTS data revisions are not well-behaved as de ned by
(Aruoba, 2008), and most revisions cannot be categorized as news or noise. Third, we have
some evidence that the JOLTS revisions are forecastable indicating that it may be possible
to improve the rst data release. Fourth, these revisions matters for all constructed labor
market measures (vacancy rate, tightness and churn). Churn has been found to have costly
a ects on output during recessions (Lazear and Spletzer, 2012). Therefore, misunderstanding
churn in real time can lead to ine ective policy decisions that negatively a ect output.
Additionally, we should be cognizant of the data vintage being used when evaluating policy
(Orphanides, 2001), exploring the business cycle properties of the data (Hall and Schulhofer-
Wohl, 2018; Lazear and McCue, 2018; Shimer, 2005), and estimating parameters for search

models (Hagedorn and Manovskii, 2008; Hall and Schulhofer-Wohl, 2017; Kroft et al., 2016).

The paper is organized as follows. In Section 2 we discuss revisions in general and the
previous literature that has examined data revisions in macroeconomic time series. Section 3
discusses the data and the important di erences between the Current Employment Statistics
(CES) survey, the source for employment data, and JOLTS. In Section 4 we discuss the
methodology and results of the data properties of the revisions, the information contained

in the revisions, and labor market measures. Finally, Section 5 concludes.



2 Revisions: Description and Literature Review

De ning “revisions' is important to understanding the analysis; the existing literature focuses
on de ning revisions as the di erence between the nal value, de ned as the most recent
release of the data when analysis is undertaken, and the earlier releases by the statistical
agency. Our analysis will focus on three di erent measures of revisions: between the rst
and second releases (one month apart), the rst and nal releases, and the second and nal
releases. There are a variety of reasons data can be revised. Specically for JOLTS, the
revision between the rst and second releases may be due to additional data collected and
changes in the imputations by the BLS. These updated estimates and projections could
be due to non-response adjustments and birth-death model adjustments, which incorporate
data from other surveys, QCEW (Quarterly Census of Employment and Wages) and CES.
The revisions comparing the earlier ( rst or second) release to the nal release could be due
to changes in data review or collection, sample design (e.g., April 2009 there was a change
to how rms were rolled into the sample), alignment with CES (e.g., the 2009 change in the

birth-death model and alignment procedures), and seasonal adjustment.

Many macroeconomic data are revised, which can lead to changes in optimal monetary
policy (Kozicki, 2004; Runkle, 1998) and forecasting (Croushore and Stark, 2001; Stekler,
1967) when considering di erent data vintages or data releases. These revisions can be
quite large as seen in the Sweden and Denmark in 2019 (Rigillo and Bosley, 2019), especially
during turning points (Chauvet and Piger, 2008). Most analysis of data revisions has focused
on the National Income and Product Accounts (NIPA) data (Croushore and Stark, 2003;
Mankiw and Shapiro, 1986} There is a small literature on revisions in the CES payroll

employment data, which nds that nd that the revisions in the payroll employment data

3See research papers listed at the Federal Reserve Bank of Philadelphia that discuss using real-time data
at https://www.philadelphiafed.org/research-and-data/real-time-center/research
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are biased (Aruoba, 2008; Neumark and Wascher, 1991; Stark, 2011) and revisions can be

used to improve the forecasts of new initial releases (Gregory and Zhu, 2008).

3 Data

In this section, we discuss how the JOLTS and CES data are collected. We then explain
how it di ers from the CES data. We conclude this section by noting speci cally the data

we use in our estimation.

The JOLTS data are collected via a monthly establishment survey of approximately
16,000 business establishments each month. Data are collected on job openings, hires, and
separations for the total non-farm sector, private sector and government sectodob open-
ings is a stock variable and notes the number of job openings on the last business day of the
month and requires that work can begin within the next 30 days. Both hires and separa-
tions® are ow measures and measure the number of workers either hired or separated during
the entire month. The data are rst released approximately six weeks after the reference
month (called the preliminary release, which we refer to as the rst release in this paper)
and are seasonally adjusted. The rst release is revised once in the following month (called

the second release in our analysis). Figure 1 shows the rst and nal releases in levels.

The CES survey is a longer running survey with vintage data beginning in April 1955
and surveys approximately 147,000 businesses and government agencies that represent ap-

proximately 634,000 worksites. The data collected are monthly estimates of employment,

“Data are also available by industry and region, but we focus on national non-farm data for this paper.

SWe focus on overall separations due to data availability in the early years of the sample, which includes
quits (voluntary separations initiated by the employee), layo s/discharges (involuntary separations initiated
by the employer) and other separations. When using these data to discern labor market health policy makers
may want to note whether separations are voluntary or involuntary. Preliminary evidence of how revisions
of quits and layo s/discharges behave are available by request from the authors.
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average weekly hours, average hourly earnings and average weekly earnings, but for this
paper we will focus on the employment daté. The data typically are released on the rst
Friday in the month after the reference week, which includes the 12th day of the reference
month. The preliminary ( rst release) data are revised twice: one month after the rst re-
lease (called the second release in our analysis) and two months after the rst release (called
the third release in our analysis). The top panel of Figure 2 shows the rst and nal releases

in levels.

Given the timing of these two survey, the CES data for a particular reference month
are available sooner than the JOLTS data for that month as seen in Figure 3. Both surveys
also have similar response rates. In the case of the JOLTS data, the rst release consists
of approximately 84% sample and the second release consists of approximately 89% sample
in 2018. In the case of the CES data, the rst release relies on a sample of approximately
72% of rms in the survey, rising to 90% by the second release and 93% by the third release
in 2018/ In addition, both have seasonal adjustments and are revised annually due to
benchmark revisions, which can a ect the nal value. The JOLTS data are updated every
year with the March release. This process involves revising the most recent 5 years to re ect

updated seasonal adjustment factors and alignment with CES.

In order to more fully understand the labor market, we examine revisions in the JOLTS
data and compare those results to revisions in the CES employment data. While these

series are not interchangeable, they are closely related as the di erence between hires and

SResults for average weekly hours, average hourly earnings and average weekly earnings are available by
request from the authors.

’See  https://lwww.bls.gov/web/empsit/cesregrec.htm and https://www.bls.gov/osmr/
response-rates’/home.htm for more details. Response rates before October 2008 for the JOLTS
data are available from the BLS upon request. Author's calculations based on monthly response rates.

8While this paper abstracts from benchmark revisions, Haltom et al. (2005) test if the history (previous
benchmarking) of data revisions in the payroll employment data can help explain the changes in the new
benchmark revision.



separations provides a monthly measure of net employment. Net employment calculated
from the JOLTS data may not perfectly match the CES data due to dierences in the
samples and data de nitions. In particular until the March 2009 release there was a large
divergence between the net employment number generated by the two surveys (Davis et al.,
2008). Since 2009 the BLS has worked to more closely align the JOLTS net employment
number with the CES net employment number in order to improve the quality of the hires
and separations data. Every month the BLS undertakes a multiple step process to align the

data without losing the uniqueness of the JOLTS informatiof.

The main impediment until recently with using the JOLTS data in research is that the
data are only available starting from 2000 with the rst release to the public in 2002. The
real-time data are available on the Federal Reserve Bank of St. Louis' ALFRED site starting
in June 2010. To extend the series, we collected the real-time data from the monthly news
release¥ from January 2004 to May 2010. There are no real-time data available before

January 2004 as the news releases begin in February 2004.

In this paper, we use the seasonally-adjusted rst, second, and nal releases, where
nal is data collected in October 2019 with observations through August 2019. Therefore,

our sample period for our analysis is from January 2004 to August 2019.

4 Methodology & Results

We use both the releases and revisions in our analysis. Similar to the previous literature

we transform our data into annualized monthly growth rates and the data (releases) are in

9See https://www.bls.gov/jlt/joltsdivergenceinformation.pdf and https://www.bls.gov/
opub/hom/pdf/jit-20130314.pdf for more details on the alignment process.

10seehttps://www.bls.gov/bls/news-release/jolts.htm
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percentages for the analysis. This previous literature focuses on growth rates to reduce the
problem of re-de nitions of the variable causing persistence in the revisions (Mankiw et al.,

1984).

Table 1 contains summary statistics of the releases in growth ratés.In our sample,
CES employment has been growing over time, which can be seen by the positive means
in the table. Another characteristic to note is that the mean growth rates for JOLTS are
larger in absolute value than for employment, which is expected since employment is a net
value of hires and separations. Additionally, the JOLTS data, which can be interpreted as
a decomposition of CES employment, is more volatile than employment; this volatility is
consistent across releases. Figures 1, 4, and 2, respectively, graph the rst and nal releases
of JOLTS (openings, hires and separations) in levels and growth rates and employment (CES)
in levels and growth rates. These gures conrm the ndings of the summary statistics in

Table 1.

We de ne revisions,r,

rjs;i;t = yf;t yis;t; (4-1)

where for each series, we take the di erence ofy (measured in growth rates) at timet
released inj and s wherej > s . For JOLTS there are two releases (1 and 2) and the nal
release {) which is the release downloaded in October 2019 with data through August 2019;

therefore,j can be 2 orf and s can be 1 or 2. The same is true for the CES, except the

1The real-time data are collected and rst transformed to annualized growth rates before the release
series are created. Growth rates are created usingyi; = ( Y\:—‘l 1) 1200, where the growth rate,y, of
seriesi in time t is created from the series in levelsy .

12This is separate than the BLS produced job openings, job hiring and job separation rate, which are
all normalized by CES employment. Therefore, any revision to these rates can re ect changes to either the
JOLTS data or the CES data. We focus on annualized growth rates to focus on the revisions directly due
to one series.



CES also has a third releas®

The following subsections will rst discuss whether the revisions are well behaved based
on two criteria from Aruoba (2008). Then we will discuss whether the revisions contain
news or noise using three methods previously used in the literature: correlations, standard
deviations, and regressions. In this subsection we will also discuss the importance of the
survey response rates and the potential forecastability of the revisions. Finally, we will
discuss the consequences of revisions by constructing important labor market ow indicators

that are useful for policy makers when assessing the health of the labor market.

4.1 Well-Behaved Revisions

We start by examining the properties of the data revisions. Table 2 shows the summary
statistics of the revisions for JOLTS and CES over the same time period (February 2004 to
July 2019)1* The table contains the summary statistics of the revisions frornfl;i;t (di erence

of nal and rst releases), rh;, (di erence of nal and second releases), andZ,, (di erence

of the second and rst releases). While the CES and JOLTS are measuring di erent labor
market indicators, comparing the two we can see that the JOLTS revisions are much larger
than the CES employment revisions. Additionally, most of the means are positive, indicating
that most of the data are revised upward. For example, for hires there is a 7.36 percentage

point increase between the rst and nal releases on average.

As stated in Aruoba (2008), two properties of well-behaved data revisions are that

revisions should be mean zero and the standard deviation of the revisions should be small.

131n the following analysis we focus on the rst and second releases for the CES data since those align
with the JOLTS data.

4Between January 2004 and June 2010, the press releases (where we collect our data) only contain
openings, hires, quits and total separations. Therefore, we were not able to collect data on discharges in this
time period. The results for quits and discharges are available by request from the authors.
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If the revisions have a zero mean, then the revisions are not systematically revised upwards
or downwards. We follow Aruoba (2008) and de ne small as when the standard deviation of

the revision to the standard deviation of the nal series is less than 0.5.

From Table 2 we can see that therrfl;i;t means for openings, hires, and separations are
all positive and statistically di erent from zero at the 5% level. Forrfz;i;t only the mean for
openings is statistically di erent from zero. In contrast, forr%,, the means for hires and
separations are statistically di erent from zero, but the mean openings is not. Therefore,
while the JOLTS revisions between the rst and nal release are large and statistically
signi cant, this appears to be driven by the revision between the rst and second release
of the data. Additionally, the relative standard deviations ofrfl;i;t and rfz;i;t are considered
large (greater than 0.5), but forrZ,, openings and hires are less than or equal to 0.50
while separations are not. Overall, the JOLTS revisions do not follow the two properties of
well-behaved data revisions and the revision between the rst and second releases plays an

important role in that behavior.

The CES revisions (last row of each block) display a dierent pattern in terms of
magnitude and signi cance. Onlyrii;t is statistically signi cant as seen in Table 2. The
revision means are much smaller - ranging from 0.00 to 0.06. Additionally, the relative
volatility of the revisions are small (less than 0.50). Therefore, the revisions for employment
meet both the criteria of well-behaved revisions when comparing the rst or second release
to the nal. Compared to the JOLTS revisions, the CES employment more often meets the

criteria (Aruoba, 2008) and may be considered well behaved.

4.2 News and Noise

Additionally, we are interested in the information contained in these revisions: do these

revisions primarily contain new information or reduce noise? Following previous literature,



we analyze this question by examining three di erent metrics: correlations, standard de-
viations, and regression analysis (Aruoba, 2008; Croushore and Stark, 2003; Mankiw and
Shapiro, 1986). We also investigate if the survey response rates explain the revision and if

the revisions are forecastable.

4.2.1 Correlations

Mankiw and Shapiro (1986) de ne revisions as \news" if revisions are e cient forecasts
and correlated to the nal data and not the rst release and \noise" if revisions are due to
measurement errors and are correlated to the rst release of the data and not the nal release.
For the JOLTS revisions, much of the data does not t into one of these two categories, as
can be seen in the last three columns of Table 2 and summarized in Table 4 column 4. For
rfl;i;t , We can see that openings is correlated with the nal release, (second to last column),

but not correlated with the rst release, ;; therefore, we can classify it as news. Fanfz;i;t
again revisions to openings can be classi ed as news. Finally, fgr, revisions to openings
and hires can be classi ed as news. In the last row of each block in Table 2, we have the
CES employment revisions. The CES employment revisions can be classi ed as news only

between the rst and second releases{;; .

For openings all the revisionsi(;,, I, and rZ;,) are correlated to the nal release
and seem to be news. Given these results, there seems to be information for policy makers in
real-time (r2;,) from the revisions. However, knowing that the revisions from earlier releases
to the nal release contain news, policy makers may infer that once benchmark revisions are
taken into account, the true state of openings will be revised upward (e.g., if there is a

positive growth in the nal release, we will have an upward revision on average).
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4.2.2 Standard Deviations

Following Croushore and Stark (2003), we can use standard deviations of the releases to
classify revisions as news or noise. If the standard deviations of the releases are increasing
over time then the revisions contain news, and if they are decreasing over time then the
revisions are reducing noise. The standard deviations of the releases (column 5) are in
Table 1 and a summary of the results are in Table 4 column 5. While many of the standard
deviations are similar in magnitude, we test whether the pairwise comparison of the standard
deviations are equal. Table 4 column 5 shows the statistically di erent standard deviations.
We nd that the standard deviation for openings rises with each release and all three of
the openings pairwise combinations are statistically di erent. While the standard deviations
between rst and nal releases for hires are not statistically di erent, when we decompose
that into its two parts, we see that the rst part ( rst and second release) can be classi ed

as news and the second part (second and nal release) can be classi ed as noise. For CES
employment, the standard deviation also rises with each release and two of the employment
pairwise combinations are statistically di erent and classi ed as news. The remainder of the

comparisons are not statistically di erent and cannot be easily classi ed into news or noise.

4.2.3 Regressions

Following Aruoba (2008), we consider two regressions to investigate whether the information

in the revisions is noise or news. The rst regression,

Yo = at 1yl o+ S (4.2)

tests if the information in the later releasey{;t , predicts the earlier releaseg;; . If ;=0and

1 = 1 then the deviations of the earlier release from the later release can be characterized
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as noise. The second regression,
- s jis .
Yie = 2t 2¥ir t it (4.3)

tests if the information contained in the earlier releasey;;, can predict the later release,

y{';t. In this case if , =0 and , =1 then updates of the later release can be characterized
as news implying that new information has been incorporated in the series that was not
available at the time of the earlier release. In other words, the earlier release is an e cient
forecast of the later release. As Aruoba (2008) noted these two alternatives are mutually
exclusive but not exhaustive meaning that it is possible to reject the null of both news and

noisel®

Table 3 contains our results of the news and noise regressions which is also summarized
in the last column of Table 4. First, considering the rst and the nal JOLTS releases
(rst panel in Table 3) under equation 4.2 (noise regression), we are able to reject our
null hypothesis at the 1% signi cance level for all series. Meaning that for openings, hires,
separations, and employment we reject the null hypothesis that the revisions are due to noise.
We also reject the null hypothesis for news (equation 4.3) in all series at the 1% signi cance

level.

For the second and nal releases (second panel in Table 3), again we can reject the null
hypothesis that the revisions are due to news and noise. For the rst and second releases
(last panel in Table 3), we reject the null hypothesis for noise and fail to reject the null
hypothesis for news, so we can classify openings as news. We nd no evidence of news or
noise for the CES employment data. Therefore, similar to Aruoba (2008) who used di erent

data, we do not get a clear indication of whether the revision is news or noise for hires,

5This is particularly likely if the means of the revisions are non-zero as shown by Aruoba (2008).
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separations, and employment.

Based on these three metrics our one consistent nding is for openings where we nd
that revisions to openings contain new& When revisions can be classi ed as news, the
earlier release is an e cient forecast of the later release. Therefore, policy makers may want
to know what determines the revisions or if the revisions can be forecast. First, we explore
whether the survey response rates can provide insight in section 4.2.4 and then we turn to

the forecastability of revisions in section 4.2.5.

4.2.4 Response Rates

Based on these news and noise results, a place to start in the analysis is to consider the
response rates in both surveys. Lower response rates could indicate either news or noise in
the revisions. For example, the lower response rates could lead to news in the revisions if
the rms not responding to the survey are systematic; however, lower response rates can
also contribute to noise if the missing responses are random across rms. Figure 5 shows the
rst and second release response rates of the surveys for CES and JOLTS ddtahe rst
response rate is higher for the JOLTS survey than the CES survey. However, as the CES
response rate rises in the second and third releases, by the end of the sample the response

rate in the third CES release is higher than the response rate in the JOLTS second release.

We explore if the response rate can explain the size of the revisions. Therefore, we
regress the absolute value of the revision between the rst and second release on the level

of the rst response rate and, in a separate regression, on the change in the response rate

18This is robust to a sub-samples analysis based on the date when the BLS instituted procedures to more
closely align the net employment number generated by the JOLTS data to net employment number reported
in the CES. These results are available upon request.

YFor more information seehttps://www.bls.gov/osmr/response-rates/home.htm . Note that the BLS
uses the term preliminary to refer to both the rst and second release of the CES.
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between the rst and second releas®. We nd one statistically signi cant relationship at

the 10% level; for openings, when the second response rate is higher (i.e. when the response
rate rises) there is a larger revision. For all other JOLTS series and the CES employment
series there is no relationship between the size of the revisions and the response fét&sr

3 out of 4 series the response rates are unable to explain the size of the revisions. These
regressions suggest that revisions to openings contain news which is consistent with earlier
analysis. For example, if there are certain sectors which have trouble reporting accurately
the number of openings on the last business day of the month, the BLS may want to consider
revising the method of collecting openings data. For the other series, this suggests that the

survey design and collection are not the source of these revisions.

4.2.5 Forecastability

While the response rates did not contain information to explain the the revisions for hires,
separations, and CES employment, we test if other information can predict the revisions.
Revisions should not be forecastable (Aruoba, 2008), as the statistical agency should be
taking into account all available information into each data release. We conduct ax-post
forecasting exercise to see if a revision can be explained by the rst release in growth rates, a
time trend, monthly dummies to capture seasonality, and lags of the revisions (up to twelve).
Given the way we de ned revisions as relative to the nal release, we are unable to do a
real-time forecasting exercises. The results for JOLTS and CES (Tables 5 and 6), show that
one or two lags were chosen using the BIC. Ftnﬁ;i;t all the regressions had at least the rst
release or lagged revision as a statistically signi cant explanatory variable; fo¢;; only the
employment regression had a statistically signi cant rst release. Interestingly, the small

number of explanatory variables that may help forecast the revision between the rst and

BWe run separate regressions for each of the three JOLTS series and the CES employment series. These
results are available by request from the authors.

9This is robust to including a dummy variable for the government shutdown in October 2013.
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second release suggests that it may be di cult to forecast these series in real-time.

4.3 Labor Market Measures

Ultimately, understanding movements in openings, hires, separations, and employment is
important because these series can be used (along with others ) to construct metrics of labor
market health or ows. These metrics (tightness, vacancy rate and churn) are important
for policy makers to comprehend the current strength (or weakness) of the labor market
(Deutscher, 2019; Moscarini and Postel-Vinay, 2017). In this section, we examine how re-
visions in the underlying JOLTS and CES data a ect the policy makers' ability to rely on

such metrics in real time to gauge the labor market.

4.3.1 Tightness

Labor market tightness is de ned as

tightness = vacancy=unemployment (4.4)

from Gregory et al. (2014), where vacancy is openings in levels from JOLTS and un-
employment is from the CPS (Current Population Survey) in levels (persons). We construct
measures of tightness using the rst, second and nal releases. In order to most accurately
construct the measure, we match the release dates of JOLTS with the CPS, even though CPS
data only contain benchmark revisiong® These tightness measures are graphed in Figure
6 (top). We test if they are statistically di erent and nd that the nal release measure is
statistically di erent from the rst and second release measures. These results are robust

to split sample comparisons before and after the realignment procedure to JOLTS in 2009.

20 Although, the benchmark revisions to the level of unemployment are small (matched with population),
we take these revisions seriously and use the real-time data in the following analysis.
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Therefore, using the rst release of tightness provides similar information about the labor
market as waiting for the second release because they are not statistically di erent. These
earlier releases are statistically di erent from the nal release, highlighting the di culty to

conducting policy in real-time (using the rst or second release).

4.3.2 Vacancy Rate

From Daly et al. (2012), the vacancy rate is de ned as

v = vacancyfemployment+ vacancy) 100 (4.5)

where vacancy is openings in levels from JOLTS and employment is in levels measured
from the CES. Both these data series are subject to revision, as discussed earlier, and we
match the release date of the CES and JOLTS. From Figure 6 (middle) the nal vacancy
rate is more volatile than the earlier releases, and the nal release is statistically di erent
from the rst and second releases, which is robust to splitting the sample before and after
the realignment procedure. However, there is no statistical di erence between the rst and
second release so no new information seems to be available in real time. Similar to tightness,
the earlier releases are statistically dierent from the nal, emphasizing the diculty of

conducting policy in real-time.

4.3.3 Churn

Churn is de ned by Oslund (2016) as

churn = (( hires + separations)=employmen) 100 (4.6)

where hires and separations are the levels of each from JOLTS and employment is in
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levels from the CES. From Figure 6 (bottom) there are clear di erences between the di erent
releases. In this case, each pairwise combination of the measures are statistically di erent
from each other using the full sample and in split sample analysis. The nal release seems to
indicate more churn in the labor market than either the rst or second releases. Since this
measure is combination of three series that are revised it is di cult to determine the source
of the deviation. Therefore, the policy makers may choose to be cautious when using the

rst or second release of churn to analyze the labor market especially around turning points.

21

5 Conclusion

JOLTS is a survey of rms that collects labor market data that may be useful to policy
makers. Little is known about the revisions to these data. Additionally, it is not known if

these revisions are similar to a more watched labor market indicator: employment.

We nd that the JOLTS data are not well behaved as de ned by Aruoba (2008) as
JOLTS revisions are statistically di erent from zero and have large variances. Alternatively,
CES employment appears relatively well behaved during the same sample. We also have
limited information about whether the revisions contain news or noise since most revisions
cannot be systematically classi ed as either news or noise. One exception is the revisions
to openings, which can be consistently classi ed as news. While there is evidence that the
revisions to JOLTS are forecastable, the survey response rate does not explain the revisions.
Therefore, while the survey design is appropriate, there is some room to improve the rst
release of the JOLTS data with information available at the time. Finally, these revisions to
the data matter when considering the vacancy rate, tightness, and churn with the rst and

second releases being statistically di erent than the nal release. In particular for churn,

21Given the data availability, we have only one recession and recovery.
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all the releases are statistically and economically di erent. This poses a problem for policy
makers who are making decisions in real-time given that churn has been found to have
costly a ects on output during recessions (Lazear and Spletzer, 2012). Additionally, these
revisions are important to researchers who are evaluating policy with a di erent data vintage
(Orphanides, 2001) and using these measures to calibrate macroeconomic models (Kroft et

al., 2016; Shimer, 2005).

Given the results of this paper, there are several avenues of future research to pursue.
Given the availability of the JOLTS data, it is di cult to discern whether di erences we
see in the labor market indicators are due to early sampling issues in the JOLTS data or
are indicative of di culty measuring labor market ows during turning points. It may be
possible to disentangle these potential causes if the BLS releases the earlier real-time data
from 2000 or we wait for another business cycle. Additionally, few papers have investigated
the role of benchmark revisions. While benchmark revisions of the NIPA data have been
noted to be large (Croushore and Stark, 2001), they have little e ect in some empirical
examples, such as when identifying monetary policy shocks (Croushore and Evans, 2006).
Another line of future research is conducting a real-time forecasting exercise to examine the

true situation that policy makers face when using revised data.
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