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How Much Slack Is in the Labor Market? 
That Depends on What You Mean by Slack
Murat Tasci and Randal Verbrugge

Estimates of labor market slack can diverge a great deal depending on how slack is defi ned. We calculate slack 
using fi ve different concepts that all focus on a single labor market indicator, the unemployment rate. We show that the 
estimates all provide useful—but different—information. We argue that choosing the best measure of slack depends 
on the question being asked. If the question is, “Has the unemployment rate reached its longer-run normal level?” then 
our answer is, “Almost.” But signifi cant uncertainty surrounds the estimates; and others may wish to consider additional 
labor market indicators.
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In the statement released after its July meeting, the Federal 
Open Market Committee (FOMC) noted a “signifi cant 
underutilization of labor resources,” which is to say that 
there is “slack” in the labor market. How much slack is 
open to debate. There are different ways to measure slack, 
and they don’t always give the same answer. Indeed, some 
of these differences are refl ected in the minutes of that same 
FOMC meeting:

Participants generally agreed that … labor market 
conditions had moved noticeably closer to those 
viewed as normal in the longer run. Participants 
differed, however, in their assessments of the 
remaining degree of labor market slack and how to 
measure it.

In this Commentary, we revisit the issue of labor market 
slack, focusing on a single labor market indicator, the 
unemployment rate. Using this single indicator, slack in the 
labor market means that the unemployment rate is above its 
longer-run normal level. But there are many different ways 
to measure this longer-run level and hence many different 
estimates of slack. 

We examine fi ve different approaches to measuring the 
longer-run level of unemployment and provide some leading 
estimates of slack associated with each approach. We 
demonstrate that these different estimates have implied very 
different answers about the amount of slack in the labor 
market at various times. There is considerable uncertainty 
surrounding the estimates, so we cannot draw sharp 
conclusions about the amount of slack, or about differences 
between slack estimates. A forecasting exercise confi rms 
that the various estimates provide useful—though different—
information. 

We draw several conclusions. Like Rogerson (1997) and 
Svensson (2012), we conclude that different concepts of 
“long-run normal” are far from equivalent and are actually 
suited to different uses.1 Hence, “Is there signifi cant slack 
in the labor market?” is a poorly-posed question, because 
“slack” has alternative defi nitions. If the question is “Has 
the unemployment rate reached its longer-run normal 
level?” then—examining the estimates that derive from the 
appropriate concepts—our answer is: “Almost.” 
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Defi ning Slack
To assess the current degree of slack, some economists 
argue that it is important to take account of a number 
of different variables simultaneously. However, in this 
Commentary, we take a narrow view and restrict attention to 
what is arguably the single most prominent measure of the 
state of the labor market, the unemployment rate. 

Using the unemployment rate as the labor market indicator, 
slack is defi ned as a current unemployment rate that is 
above the longer-run normal level of the rate. We denote 
this hypothetical normal level by un*t . Specifi cally, labor 
market slack equals the percentage point difference between 
the current unemployment rate and its normal level; in 
equation form, slack = unt – un*t  . In this notation, un 
denotes the unemployment rate level, the asterisk denotes 
the fact that the long-run normal level is a hypothetical level, 
and the subscript t stands for “time period.” We specify un* 
at a particular time because this hypothetical level might not 
be constant over time. For example, perhaps un*t  was 
6.5 percent in December 2012, but by July 2014 it had 
moved to 5.5 percent. 

Five Different Ways to Measure Normal 
Given that  un*t  is a hypothetical construct, there are a 
number of different methods for estimating it. We compare 
fi ve and demonstrate that the choice of method can matter a 
lot. Estimates using each approach are plotted in fi gure 1.

Trends in Job Flows
One recent approach to measuring the longer-run 
normal level of the unemployment rate looks at trends 
in labor market fl ows. The modern theory of search 

unemployment recognizes that the unemployment rate 
depends on underlying labor market fl ows both into 
and out of unemployment. The idea is that the level 
of the unemployment rate is like the level of water in a 
pond: its level depends upon how fast water is rushing in 
and how fast water is rushing out. In the same way, the 
theory of search unemployment predicts that the long-
run unemployment rate is a function of long-run trends 
in infl ows and outfl ows. A prominent recent study using 
this approach is Tasci (2013). He estimates  un*t  with the 
underlying trends in these fl ow rates.

Flexible Wage Counterfactual in a Sticky-Price Model 
A second recent approach involves creating a particular 
type of theoretical sticky-price model of the economy and 
then estimating it. In such models, wages and prices are 
“sticky,” meaning that they cannot respond immediately to 
shocks. As a result, the unemployment rate in the models 
is often different from the hypothetical level un*t , the 
level that the unemployment rate would have been (under 
current conditions), had prices and wages instead been 
able to respond immediately to shocks. This level un*t  
can be considered the “long-run normal level” of the 
unemployment rate. In a prominent recent paper which 
conducts such analysis, Gali, Smets, and Wouters (2012) call 
this  un*t  the “fl exible wage counterfactual.” In their model, 
labor market slack is part of the wage infl ation Phillips curve, 
rather than the price infl ation Phillips curve. Their estimate 
of un*t  is quite volatile relative to the other un*t  estimates we 
consider. 

Figure 1. Six Different Estimates of un* 

Sources: Congressional Budget Offi ce; Ashley and Verbrugge (2014); 
Beauchemin and Zaman (2011); Gali, Smets, and Wouters (2012); Stella and 
Stock (2012); Tasci (2013).

Figure 2. Six Different Estimates of Slack

Sources: Congressional Budget Offi ce; Ashley and Verbrugge (2014); 
Beauchemin and Zaman (2011); Gali, Smets, and Wouters (2012); Stella and 
Stock (2012); Tasci (2013).
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Type of slack term 
in model

Core CPI 
infl ation

Unemployment 
rate change

One year 
ahead

Two 
years 
ahead

One year 
ahead

Two 
years 
ahead

No slack term 0.23 0.32 0.93 2.92

Stella/Stock 0.33 0.58 0.68 1.50

CBO-style 0.32 0.54 0.72 1.79

Ashley/Verbrugge 0.15 0.31 0.63 1.97

Gali/Smets/Wouters 0.28 0.43 0.69 1.60

Tasci 0.32 0.58 0.62 1.23

Beauchemin/Zaman 0.33 0.61 0.76 2.06

Estimating Unobserved Components 
A third approach to measuring the longer-run normal level 
of the unemployment rate involves unobserved components 
modeling. The basic assumption in this approach is that an 
economic time series is composed of four unobserved parts: 
a trend part, a cyclical part, a seasonal part, and a random 
noise part. The economist observes only the sum of the four 
parts. Econometric techniques can be used to split the series 
into its four component parts and produce an estimate of 
each. When used in the context of the unemployment rate, 
the trend estimate at time t is sometimes used as the estimate 
of the long-run level  un*t . A prominent recent example 
comes from Stella and Stock (2012). 

Forecasting 
A fourth approach to measuring the longer-run normal 
level of the unemployment rate involves forecasting. 
In this approach, a forecast of the long-run level of the 
unemployment rate is taken as the estimate of un*t . A notable 
recent forecasting model is presented in Beauchemin and 
Zaman (2011). 

Infl ation 
A fi fth approach to measuring the longer-run normal level 
of the unemployment rate is probably the oldest approach 
of the fi ve we consider and relies on the connection between 
infl ation and labor market slack. The core idea here is that 
weak price or wage growth indicates the presence of slack in 
the labor market. 

If the idea seems unfamiliar, it may help to recognize 
that it is usually presented differently: infl ation falls 
when unt is above un*t , and it rises when unt is below un*t. 
This relationship is a central part of the theory of the 

expectations-augmented Phillips curve, introduced in the 
late 1960s. The level un*t  was originally termed the “natural 
rate of unemployment” and was taken to be the long-run 
normal level of the unemployment rate—and the only 
feasible target for monetary policy. In later theory, this un*t  
concept was termed the NAIRU (nonaccelerating infl ation 
rate of unemployment). Here is the defi nition given by 
Joseph Stiglitz (1987): 

The NAIRU is … the rate of unemployment 
consistent with an unchanging infl ation rate. 
When unemployment is below the NAIRU, there 
is pressure for the infl ation rate to rise; contrarily, 
when unemployment is above the NAIRU, there is 
pressure for the infl ation rate to fall.

Stiglitz also argued that the NAIRU should instead be called 
the NIIRU (nonincreasing infl ation rate of unemployment). 
This is because “accelerating” infl ation is now almost 
certainly impossible in OECD countries, given the way that 
monetary policy is conducted in them. 

Perhaps the most prominent NIIRU estimate is that of the 
Congressional Budget Offi ce (CBO). For decades, the CBO 
has produced periodic estimates of the NIIRU based on 
ordinary linear regression of infl ation and unemployment 
data (with some control variables). 

Ashley and Verbrugge (2014) take a different approach, 
and estimate the NIIRU via a frequency decomposition 
of unemployment rate movements. The idea behind 
their approach is that movements in the unemployment 
rate can be thought of as consisting of some transitory 
movements and some persistent movements. The 
transitory movements will be more variable, or “higher-

Figure 3. Stella/Stock Unemployment Trend Estimate and 
the 90 Percent Confi dence  Interval 

Source: Stella and Stock (2012).
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frequency,” and the persistent movements will be less 
variable or “lower-frequency.” We might expect that the 
most persistent movements—say, those that are likely going 
to stick around for four years or more—will not have any 
infl uence on infl ation. Such lower-frequency movements in 
the unemployment rate are taken as the estimate of un*t  , the 
NIIRU, in this approach. 

Different Estimates of un*t   and Slack
These estimates often disagree. As can be seen in fi gure 1, at 
times the differences are quite large. During the early 1980s, 
for example, the estimates of un*t  differed by as much as 
4 percentage points! Similar divergences are visible 
following the Great Recession.

These differences translate into different answers to the 
question of how much slack there is in the labor market. In 
fi gure 2, we plot the implied estimates of labor market slack. 

The slack estimates also vary widely at times. Consider the 
end of 2010. Two estimates suggested about 4 percentage 
points of slack (Stella/Stock and the CBO), and two others 
indicated about 3½ percentage points of slack (Tasci and 
Beauchemin/Zaman); all of these indicated that slack was 
trending downwards. Another estimate suggested about 
2½ percentage points of slack (Gali/Smets/Wouters), 
though it had slack generally trending upwards. One estimate 
indicated a complete absence of slack (Ashley/Verbrugge). 

Currently, all of the measures indicate that slack—as 
measured by the unemployment rate alone—has greatly 
diminished since the beginning of the Great Recession. 
While the precise amount of remaining slack does differ 
between estimates, all basically agree that there is little 
slack remaining in the labor market. But is this conclusion 
trustworthy?

Uncertainty about un* Estimates
When an economist attempts to estimate un*t  from economic 
data, he or she will assume that some exact or “true 
value” of un*t  exists, based on its defi nition. But there is 
always uncertainty surrounding the statistical estimate of 
un*t . Statistical uncertainty is unavoidable. It stems from 
randomness in the world, from measurement errors in 
the underlying data, and so on. The estimate of un*t  will 
probably lie above or below its true value. In some cases, 
statistical analysis is also able to approximate the accuracy of 
the estimate—for example, the probability that the estimate 
is at least one percentage point too high. But in other cases, 
it is not possible to quantify how accurate a given estimate 
is; one must rely upon informed judgment.

When statistical analysis is able to provide an approximation 
of the degree of uncertainty, estimation results are often 
reported along with a range of values within which, on a 
statistical basis, the true value is likely to fall. For example, 
an economist might report a “90 percent confi dence 
interval” for her estimate of un*t  as 4.9 percent to 6.3 per-
cent, or alternatively, the economist might write “with 
90 percent confi dence, the true level of un*t   = 5.6% ± 

0.7%.” If the confi dence interval or range of values is 
small, then the estimate is quite precise, and the amount of 
uncertainty is low; but if the confi dence interval is large, 
then the amount of uncertainty is large. 

The statistical techniques that give rise to the Stella/Stock 
estimates of the trend in the unemployment rate also 
generate confi dence intervals for the estimate. In fi gure 
3, we plot the Stella/Stock estimate of the unemployment 
trend over time, along with the upper and lower bound of 
the 90 percent confi dence interval. As can be seen, there is 
considerable uncertainty about the trend estimate.

Confi dence interval estimates covering the entire time 
period are not as readily available for all of the other 
estimates of un*t . But the estimates that are available 
are similar to Stella/Stock. For instance, in 2005:Q4, 
the 90 percent confi dence interval around the long-run 
unemployment rate estimated by Beauchemin and Zaman 
(2009) was 4.1 percent to 6.9 percent. The confi dence 
intervals for the NIIRU estimated by Staiger, Stock, and 
Watson (1997) for both 1984:Q1 and 1994:Q1 exceed 
2 percentage points. 

The substantial amount of uncertainty surrounding each 
estimate of un*t  means that we cannot be completely sure 
about the level of slack remaining in the labor market. 
Similarly, we cannot be completely sure that the measures 
are really different from each other. Perhaps they are all 
essentially interchangeable, with each yielding roughly the 
same information? And since they are so uncertain, perhaps 
they actually don’t tell us very much about the state of the 
labor market?

Different Forecasts
Next we conducted a forecasting exercise to assess whether 
the different slack estimates convey useful information. We 
used a simple forecasting model to construct infl ation and 
unemployment rate forecasts using each of the alternative 
estimates of slack. Then we compared the accuracy of the 
forecasts made with the different estimates using the mean 
squared forecast error over the period 1995-20112; more 
accurate forecasts yield smaller mean squared forecast errors. 
Presumably, if different concepts and estimates convey the 
same information, they should deliver forecasts that are 
roughly identical in terms of accuracy. If a given forecast is not 
improved by including a given estimate, then we can conclude 
that this estimate does not provide helpful information.

Our forecasts are all based on linear models. We forecast 
one-year-ahead and two-year-ahead core CPI infl ation using 
a constant, two lags of four-quarter core CPI infl ation, 
and the slack term (lagged one quarter). We forecast the 
one-year and two-year change in the unemployment rate 
using a constant, three lags of quarterly changes in the 
unemployment rate, the slack term (lagged one quarter), 
and the lagged slack term squared.3 Only data available in 
a particular time period are used to produce forecasts of the 
future, so that we re-estimate each forecasting model for 
1995:Q1, 1995:Q2, and so on.4
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Table 1 lists forecast errors. Since forecast errors are 
different, we can conclude that the different slack measures 
lead to different forecasts.5 Regarding infl ation, in nearly 
all cases, the inclusion of a slack measure actually worsens 
forecast accuracy. There is one exception: including the 
Ashley/Verbrugge slack measure produces a signifi cant 
forecast improvement one year ahead, though only a 
slight forecast improvement two years ahead. Regarding 
the unemployment rate, things are quite different: while 
the estimated errors are much larger, the inclusion of 
any of the slack measures signifi cantly improves forecast 
accuracy for both the one-year and two-year change in the 
unemployment rate. Still, there are signifi cant differences 
in forecast accuracy. Both one year ahead and two years 
ahead, including the Tasci slack measure yields the best 
forecast accuracy. 

Since the various estimates lead to very different forecasts, 
this implies that the estimates are not interchangeable. 
Instead, each must convey different information—albeit in 
an imprecise way. Since one or more estimates improve 
forecast accuracy, this implies that these estimates—while 
inaccurate—nonetheless convey useful information.

Has Slack Been Eliminated?
The seemingly simple question of how much slack is in the 
labor market is not so easy to answer. Even when we focus 
exclusively on the unemployment rate as the sole measure 
of the state of the labor market, slack estimates can differ 
greatly. How then does one decide which one to use? And 
how confi dent can one be in the answer?

One should choose a slack estimate whose underlying 
concept best corresponds to the precise question being 
asked. And if there are multiple such estimates, one could 
use other evidence, such as forecasting evidence, as a means 
of choosing between them. For instance, if one is chiefl y 
concerned about infl ationary pressures arising from current 
labor market conditions, a NIIRU measure of slack is 
preferable. Our evidence suggests the Ashley/Verbrugge 
NIIRU estimate is superior to the CBO’s, and a look at it 
suggests that there is little infl ationary pressure from current 
labor market conditions.

We think much interest currently focuses on a somewhat 
different question, one more like this one: “Has the 
unemployment rate reached its longer-run normal level?” 
Two of the concepts discussed above are potentially well-
suited to this question: the labor-market-fl ows-based 
approach and the fl exible-wage-counterfactual approach. 
We see in fi gure 1 that these estimates of the long-run 
unemployment rate corresponding to these concepts do not 
always agree. However, at present, they do agree. Both give 
essentially the same answer: “Almost.”

Since we have focused on the unemployment rate as our 
sole measure of the state of the labor market, we cannot 
claim to have shown that slack in the labor market has 
been eliminated. And even considering the unemployment 
rate alone, we found signifi cant uncertainty surrounding 

our estimates of slack. But it is possible to overstate the 
degree of uncertainty too. The fact that each of the slack 
estimates yielded a signifi cant forecast improvement at 
the two-year horizon implies that each conveys useful 
information. And the fact that these disparate slack 
estimates—which were constructed using a variety of 
underlying data sources—are currently so close to one 
another is fairly strong evidence that the unemployment 
rate has nearly reached its long-run level.

Footnotes
1. Svensson (2012) distinguished between “measures of 
resource utilization” that affect infl ation with measures 
of the “sustainable unemployment rate.” He argued that 
only a measure of the sustainable unemployment rate is 
appropriate to select as a monetary policy target variable. 

2. As we are forecasting the infl ation rate and the 
unemployment rate one year ahead and two years ahead, 
the forecasts themselves cover the period 1997-2013.

3. This specifi cation follows Knotek and Terry (2009).

4. For infl ation forecasts, we actually produce forecasts of 
an “infl ation gap,” which is actual four-quarter core CPI 
infl ation minus the Survey of Professional Forecasters’ long-
horizon expected CPI infl ation rate, the latter taken one 
quarter prior to the beginning of those four quarters. 

5.  Note that in addition to producing an unemployment 
trend estimate, Stella and Stock (2012) also produce a 
separate (and fairly accurate) infl ation trend estimate. 
Similarly, in addition to producing an implied slack 
estimate, Tasci (2012) also produces a separate and 
internally consistent (and fairly accurate) forecast for the 
unemployment rate. We are not making use of these other 
estimates here, since we simply wish to take different slack 
estimates “off-the-shelf” and see how interchangeable they 
are from this forecasting perspective.
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