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Why Is Current Unemployment So Low? ∗

Andreas Hornstein† Marianna Kudlyak‡
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Abstract

Current unemployment, as of 2019Q4, is so low not because of unusually high job
finding rates out of unemployment, but because of unusually low entry rates into unem-
ployment. The unusually low entry rates, both from employment and from out of the
labor force, reflect a long-run downward trend, and have lowered the unemployment
rate trend over the recent decade. In fact, the difference between the current unem-
ployment rate and unemployment rates at the two previous cyclical peaks in 2000 and
2007 is more than fully accounted for by the decline in its trend. This suggests that
the current low unemployment rate does not indicate a labor market that is tighter
than in 2000 or 2007.
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Unemployment has fallen steadily over the past decade and is now at a fifty-year low,

suggesting a tight labor market. Yet, despite this exceptionally low unemployment rate, wage

growth remains moderate. We reconcile the two observations by arguing that the current

low unemployment rate reflects a secular decline in the trend unemployment rate, and that

the current gap between actual and trend unemployment remains within historical bounds.

Unemployment can be low because the rate at which people exit unemployment is high

or because the rate at which people enter unemployment is low. We find that, in contrast

to previous business cycle peaks when unemployment was low because of the high rates at

which people exited unemployment (high job finding rates), current unemployment is low

because of the low rates at which people enter unemployment. Specifically, we attribute the

entire decline in the unemployment rate trend over the last decade to the long-run decline

in the entry rates to unemployment from employment and from out of the labor force. In

addition, the role of the job finding rate in driving the decline in the cyclical component of

the unemployment rate since 2015 is smaller as compared to its role at previous business

cycle peaks.

The unemployment rate at a point in time is well-approximated by a function of the rates

at which people flow (transition) between the three basic labor market states: unemployment,

employment, and out of the labor force (OLF). We construct these flow rates using Current

Population Survey (CPS) micro data and use them to calculate contributions of the flow

rates to movements in the unemployment rate since the mid-1970s.

During expansions, the unemployment inflow rate from employment typically declines

and the unemployment outflow rate to employment (job finding rate) increases. The current

recovery is characterized by an out-sized decline in the inflow rate into unemployment, and

somewhat limited improvement in the outflow rate to employment, which has remained

below its pre-recession peak. Counterfactual exercises confirm that the largest contribution

to the current low unemployment rate comes from the low unemployment inflow rate from

employment, and the second largest contribution comes from the low unemployment inflow

rate from OLF.

We construct a trend of the unemployment rate from the trends of the flow rates. First, we

find that the unemployment rate trend has fallen substantially during the last decade. This

decline in the trend accounts for the entire difference between the unemployment rate during

the previous business cycle peaks of 2000 and 2007 and current unemployment. Second, the

entire decline in the unemployment rate trend can be accounted for by the long-run declines

in the inflow rates to unemployment. Third, in 2019Q4, the estimated unemployment trend

is at 4.4 percent. Comparison of the gap between actual and trend unemployment rates over
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time shows that the recent magnitude of the gap is comparable to that at the past two labor

market peaks, the years 2000 and 2006-07, suggesting no tighter labor markets.

These findings, in combination with the job finding rate accounting for less of the decline

in unemployment than is usual at this late stage of the business cycle expansion, might

help explain moderate wage growth and limited price inflation despite a historically low

unemployment rate.

Our concept of trend unemployment corresponds to the natural rate of unemployment

defined as the unemployment rate that prevails once the economy has fully adjusted to

business cycle shocks. Our estimates are consistent with other recent work. In Hornstein

and Kudlyak (2019) we find a similar decline in the trend unemployment rate, estimated

from state-space models of the unemployment rates and labor force participation rates of

different age-gender-education groups. Tuzemen (2019) finds that ongoing demographic and

technological changes could lower the trend unemployment rate to 4.4 percent by the end

of 2022. Our results on the important role of the long-run decline in the inflow rate for

the secular decline of the unemployment rate trend are consistent with the findings of Tasci

(2012) and Crump, Eusepi, Giannoni and Şahin (2019).

The rest of the paper is structured as follows. Section 1 describes an approximation of

the unemployment rate as a function of the flow rates between labor market states. Section 2

examines which changes in flow rates contribute the most to the current low unemployment

rate. Section 3 constructs an unemployment rate trend from the trends in the flow rates.

Section 4 separates out the contributions of trend and cycle in flow rates to the recent changes

in the unemployment rate. Section 5 concludes.

1 Inflow-Outflow Model of the Unemployment Rate

The unemployment rate changes over time when more or less people flow into unemployment

from other labor market states – employment and out of the labor force – than people flow

out of unemployment to these other states. The flows in and out of unemployment are

determined by the number of people in the different labor market states and the rates at

which they flow between these states. We follow an established approach that accounts for

cyclical and trend changes in the unemployment rate through an analysis of the changes in

the cyclical and trend components of the flow rates, e.g. Shimer (2005). In particular, we use

a feature of relatively high flow rates in the U.S. labor market that allows us to approximate

the unemployment rate path over time through its steady state path implied by the flow

rates.
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We can express changes in unemployment and in employment as functions of inflows

and outflows, which are in turn determined by the stocks of the unemployed, Ut, employed,

Et, and those OLF, Nt, and the rates at which people flow between these states. The

instantaneous change in unemployment is

dUt = λEU
t Et + λNU

t Nt − (λUE
t + λUN

t )Ut (1)

and the instantaneous change in employment is

dEt = λUE
t Ut + λNE

t Nt − (λEU
t + λEN

t )Et (2)

where λAB
t is the flow rate from labor market state A to state B, A,B = E,U,N ;A 6= B.

Equation (1) defines the change in the stock of the unemployed as the inflow from em-

ployment plus the inflow from OLF minus the outflow to employment and OLF. Each flow

is the product of the flow rate from the originating state to the destination state and the

originating stock. Equation (2) does the same for the stock of employed people.

For given flow rates, the labor market has attained a steady state when the inflows and

outflows balance, and the number of people in different labor market states does not change.

In the U.S., labor market flow rates tend to be high enough such that for fixed flow rates the

unemployment rate converges to its steady state quickly (Petrongolo and Pissarides (2008)).

Thus, the unemployment rate, ut, is well approximated by its steady state value, ūt:

ut ≡
Ut

Ut + Et

' ūt ≡
Ūt

Ūt + Ēt

, (3)

where Ūt and Ēt are steady-state values of stocks obtained from equation (1) and equation

(2) when dUt = dEt = 0.1

The steady state unemployment rate can be expressed as a function of the six flow rates

between unemployment, employment and OLF as follows:

ūt =
λEU
t λNU

t + λEU
t λNE

t + λEN
t λNU

t

λEU
t λNU

t + λEU
t λNE

t + λEN
t λNU

t + λUE
t λNU

t + λUE
t λNE

t + λUN
t λNE

t

. (4)

We construct the empirical counterparts of the instantaneous flow rates in equation (4)

using the monthly CPS micro data from January 1976 to December 2019. We match indi-

viduals in adjacent monthly files, and calculate the month-to-month transition probabilities

between labor market states. We then seasonally adjust these monthly flow probabilities,

and calculate instantaneous flow rates from the probabilities using the procedure described

1By definition the stock of OLF, Nt, in equation (1) and equation (2) is total population less those
employed and unemployed, Et and Ut. The steady state values, Ē and Ū , are then proportional to population,
and the steady state unemployment rate depends only on the flow rates in equation (1) and equation (2).
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in Shimer (2012). We convert monthly series to quarterly averages to smooth the data.

We work with the steady state unemployment rate constructed from equation (4) using the

instantaneous flow rates.2

2 Which Flow Rates Best Explain the Current Low

Unemployment Rate

2.1 How the Current Flow Rates Compare to the Past

The unemployment rate declines in expansions because exit rates from unemployment in-

crease and entry rates into unemployment decrease. Currently, exit rates from unemploy-

ment are comparable with their historical levels, but entry rates to unemployment are at

their lowest levels in four decades.

Figure 1 displays the six flow rates between employment, unemployment, and OLF.

Any flow rate represents outflows from one state and inflows into another state. Since our

focus is on the unemployment rate, and since we will argue that the unemployment rate is

mainly determined by the flow rates into and out of unemployment, in the following we will

sometimes talk about inflow rates into unemployment, that is, flow rates from employment

and OLF to unemployment, and outflow rates from unemployment, that is, flow rates from

unemployment to employment and OLF, simply as inflow and outflow rates.

Outflow rates from unemployment to employment (UE) and to OLF (UN) increase in

expansions and decline in recession, and they do not display a noticeable trend, (Figure 1,

panel a). Currently, as of 2019Q4, both outflow rates are not unusually high. In fact, the

UE rate is still below its 2007 peak.

By contrast, inflow rates to unemployment from employment (EU) and from OLF (NU)

decline in expansions and increase in recessions, and they exhibit a noticeable downward

trend, especially the EU rate, (Figure 1, panel b). At the end of 2019, the inflow rates to

unemployment are at their lowest levels for the sample period.

Finally, the flow rates between employment and OLF (EN and NE) impact the unem-

ployment rate indirectly via changes in the stocks of the employed and OLF. These flow

rates are of similar magnitude as the unemployment inflow rates, and like the inflow rates,

they apply to large pools such that the implied flows can be substantial. Similarly to the job

finding rate from unemployment, the job finding rate from OLF (NE) has not yet reached

its pre-recession peak in 2019Q4 (Figure 1, panel c).

2Figure A.1 in the Appendix shows that the actual unemployment rate from the BLS is well approximated
by the implied steady-state unemployment rate.
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Figure 1: Flow Rates between Labor Market States

(a) Unemployment outflow rates (b) Unemployment inflow rates

(c) Flow rates between employment and OLF

Note: Quarterly averages of monthly SA series, 1976Q1 – 2019Q4. Shaded areas represent NBER recessions.
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To summarize, the current unemployment outflow rates are not unusually high, but

the current unemployment inflow rates are unusually low. This suggests that the current

historically low unemployment rate most likely stems from low unemployment inflow rates.

The next section seeks to quantify the contribution of the different flow rates.

2.2 Which Flow Rates Drive Current Unemployment

We construct six counterfactual unemployment rates using equation (4). Each counterfactual

unemployment rate is calculated by holding five flow rates fixed at their sample means and

using the actual time path for the sixth flow rate. This counterfactual exercise provides

insights into how important each flow rate is for movements in the unemployment rate,

similar to an accounting decomposition. It does not, of course, reveal what underlying

economic forces drive the different flow rates.

Figure 2 shows the actual and counterfactual unemployment rates for unemployment

inflow rates in panel (a), unemployment outflow rates in panel (b), and flow rates between

employment and OLF in panel (c). Each counterfactual is labeled by the time-varying flow

rate. All series are shown as deviations from their sample means.

Comparing the counterfactual unemployment rates for 2019 across panels (a), (b) and (c)

in Figure 2, we find that the counterfactual unemployment rates driven by the unemployment

inflow rates from employment and OLF (panel b) show the largest downward deviations from

their means – about 1 percentage point. That is, the largest contributions to the low current

unemployment rate stem from the changes in the unemployment inflow rates.

By comparison, the counterfactual unemployment rates driven by the unemployment

outflow rates to either employment or OLF each deviate approximately 0.5 percentage points

from their means (panel a). This differs from past recoveries. For past business cycle

peaks, the unemployment rate was low mainly because of high job finding rates, that is,

unemployment outflow rates to employment (blue line in panel a).

To summarize, the counterfactual exercises in Figure 2 confirm the conjecture from the

previous section, that the current low unemployment rate stems primarily from historically

low unemployment inflow rates (EU and NU) and not from unusually high unemployment

outflow rates (UE and NE).

We next decompose the unemployment rate into trend and cycle components based on

the trends of the six flow rates. This helps to separate out the contributions of trend and

cycle to the current unemployment rate.
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Figure 2: Actual and Counterfactual Unemployment Rate, Deviations from Sample Mean

(a) Counterfactuals with varying unemployment
outflow rates

(b) Counterfactuals with varying unemployment
inflow rates

(c) Counterfactuals with varying flow rates be-
tween employment and OLF

Note: The counterfactual unemployment rate is constructed using equation (3) by holding five flow rates
fixed at their sample means while using the actual time path for the sixth flow rate. Each counterfactual is
labeled by the time-varying flow rate. The panels display the series in deviations from their sample means,
1976Q1 – 2019Q4.
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3 Trend and Cycle of the Unemployment Rate

3.1 Trend Unemployment from Trend Flow Rates

We construct the trend unemployment rate, utrendt , by replacing the actual flow rates in the

steady state equation (4) with the trend flow rates, λAB,trend
t . Our baseline specification

of the trend flow rates applies the Hodrick-Prescott filter (Hodrick and Prescott (1997);

hereafter, HP) with a smoothing parameter of 105 to the quarterly flow rates.3 4

Figure 1 displays the HP-trends of the actual flow rates between employment, unem-

ployment, and OLF as thin smooth lines. The main takeaway from the flow rate trends in

Figure 1 is that the unemployment inflow rates have been on a downward trend, especially

the inflow rate from employment. By contrast, the trend of the unemployment outflow rates

has remained quite stable throughout the sample period.

Figure 3 plots the unemployment rate, as well as its trend constructed from the flow rate

trends following equation (4), and the cycle, that is, the deviations of actual from trend.

In 2019Q4, the actual unemployment rate, at 3.5 percent, is a little less than 1 percentage

point below its estimated trend at 4.4 percent.

Having estimated the trend in unemployment, we can now decompose the difference in

unemployment between two points in time into the change due to the trend and the remainder

(i.e., “cycle”). Table 1 summarizes the differences in the unemployment rate level, trend,

and cycle between 2019 and the two previous business cycle peaks (2000 and 2007).

The key takeaway from Table 1 is that relative to the previous cyclical peaks in 2000 and

2007 the lower unemployment rate in 2019 is more than fully accounted for by its declining

trend. Specifically, the unemployment rate in 2019 is 0.86 percentage points lower than in

2007, while its trend in 2019 is 1.19 percentage points lower than in 2007. Similarly, the

unemployment rate in 2019 is 0.30 percentage points lower than in 2000, while its trend in

2019 is 0.60 percentage points lower. In other words, the cyclical deviation from trend in

the current labor market is still less than it was in the labor markets of 1999 and 2007.

Of course, our calculation of the current cyclical unemployment rate gap depends on our

definition of the trend. And the future evolution of the unemployment rate will affect the

estimates of the current trend and cyclical unemployment rate. For example, if the U.S.

economy were to enter a recession in the near future and the unemployment rate were to

3This value of the parameter helps alleviate the well-known concerns that the HP filter attributes most
of the end-of-the-sample variation of a time series to the trend, e.g. Shimer (2005). We check the robustness
of our results to alternative definitions of the trend. For this purpose we use larger and smaller values of the
smoothing parameter for the HP filter, and also consider the Hamilton (2018) filter. The results are in the
Appendix.

4For an alternative approach of deriving the trends from the flow rates and using the steady-state rela-
tionship, see Tasci (2012).
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Figure 3: Unemployment Rate, Long-Run Trend and Cycle

Note: The trend is the steady state approximation of the unemployment rate using the trends of the flow
rates. The flow rate trends are calculated using the HP filter with a smoothing parameter of 105. The cycle
is the difference between actual and trend unemployment. Quarterly SA series, 1976Q1 – 2019Q4.
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Table 1: Trend and Cycle in Unemployment in 2019 Relative to 2000 and 2007

Value
Relative 
to 2019

Value
Relative 
to 2019

Value
Relative 
to 2019

2000 3.97 0.30 5.12 0.60 -1.15 -0.30

2007 4.53 0.86 5.71 1.19 -1.19 -0.34
2019 3.67 4.52 -0.85

Actual Trend Cycle

Note: For 2007, the rates are the average over 2006Q4 – 2007Q3. For 2000 and 2019, the rates
are the annual averages of quarterly series.

increase, then our baseline HP-filter would revise up the trend for the current period and

increase the magnitude of the current cyclical gap. For an HP-filter with a larger smoothing

parameter, as discussed in the Appendix, the trend is less sensitive to these kinds of changes

in the underlying data, but this would also apply to trend calculations for earlier episodes

such as 1999 and 2007. Overall, the relative magnitudes of the cyclical gaps in 2000, 2007,

and 2019, remain similar for this alternative trend definition.

3.2 How the Trend Unemployment Relates to u*

How does the concept of the trend in the unemployment rate studied here relate to the

concept of the “natural rate of unemployment”?

A common definition of the natural rate of unemployment (u*) is the unemployment rate

that prevails once the economy has fully adjusted to business cycle shocks. Our concept of

trend unemployment fits with this definition of the natural rate. Another definition relates

the natural rate of unemployment to the Philips curve, and defines it as the unemployment

rate at which inflation does not change.5

Other measures of the natural rate of unemployment that are unrelated to inflation

include the CBO estimate, CBO (2020), or Hornstein and Kudlyak (2019). Both of these

natural rate definitions calculate trend unemployment adjusted for demographic changes,

and they yield trend unemployment estimates for 2019 that are very close to the estimate

in this paper.

In contrast, studies that estimate a Philips-curve based natural unemployment rate typ-

ically find values lower than the one in this paper for the current period (see, for example,

Crump et al. (2019) and a discussion in Petrosky-Nadeau and Valletta (2019)). Since in the

5For example, Crump et al. (2019) distinguish between a long-run u*, the unemployment rate trend
unrelated to inflation, and a short-run u*, the unemployment rate consistent with a non-accelerating inflation
rate.
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recent past inflation has not been very responsive to changes in the unemployment rate, and

since current inflation remains low, Philips-curve based natural rates cannot differ too much

from the actual unemployment rate. The details, however, depend on the modelling of the

inflation expectations and other factors, which Davis (2019) argues are more important for

assessing current and near-term inflation pressures.

4 Contribution of Flow Rates to the Recent Change in

Unemployment

We now evaluate the contributions of the different flow rates to the change in trend unem-

ployment and the cyclical movements of unemployment.

4.1 Contribution to the Trend Unemployment

How much did each flow rate contribute to the fall in the trend component of the unemploy-

ment rate between 2007 and 2019? To answer this question, we construct the counterfactual

trend unemployment rates for 2019 by fixing five flow rate trends at their 2007 level and

allowing one flow rate trend to vary (Table 2, Column 2). We then calculate how much of

the change in the unemployment rate trend between 2007 and 2019 can be accounted for by

each of the flow rate trends. Columns 3 of Table 2 shows the results in percent.

The key takeaway from Table 2 is that between 2007 and 2019, almost the entire decline

in the unemployment rate trend is driven by the decline in the trends of the unemployment

inflow rates, EU and NU.

4.2 Contribution to the Cyclical Unemployment

We now construct the contribution of each of the six flow rates to the cyclical component

of the unemployment rate. This can be constructed for each quarter in our sample. We can

then compare the current period to the previous business cycle peaks.

Figure 4, panel (a) shows the cyclical unemployment rate (which is the difference be-

tween the actual unemployment rate and the estimated trend displayed in Figure 3) and the

contribution of the EU (blue line) and NU (yellow line) to the cyclical unemployment rate.

Panels (b) and (c) show the contributions of the remaining four rates.6

6The contribution of each flow rate to the cyclical unemployment rate is constructed analogous to Section
2. For each flow rate we construct a counterfactual steady state unemployment rate path for which we use
the actual flow rate path of the flow rate under consideration and the trends for the remaining flow rates in
equation (4). The cycle contribution of the flow rate is the difference between the counterfactual and the
trend unemployment rate. Since equation (4) is non-linear, the cycle contributions of the six rates do not
necessarily add up to the overall cyclical unemployment.
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Figure 4: Cyclical Unemployment Rate and Counterfactuals Driven by Different Flow Rates

(a) Unemployment outflow rates

(b) Unemployment inflow rates

(c) Flow rates between employment and OLF

Note: Quarterly SA series, 1976Q1 - 2019Q4.
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Table 2: Contribution of Flow Rates Trends to the Change in the Unemployment Rate
Trend, 2007 and 2019

1 2 3

Estimated trend 5.71 4.52
Counterfactual (5 flow. rates 
trends fixed at the base period, 1 
unfixed):

EU 5.03 57

NU 5.11 51

UE 5.60 9

UN 5.53 15

NE 5.80 -8

EN 5.98 -23

Unemployment trend, pp

2007 2019
Contribution to the change in 
unemployment rate trend, %

Note: For 2007, the rates are the average over 2006Q4 – 2007Q3. For 2000 and 2019, the rates are the annual
averages of quarterly series.

Figure 4 shows that most of the time the job finding rate (UE-flows), and in recessions

also the job-loss rate (EU-flows), are the most important sources of cyclical unemployment

changes.7 Cyclical variations in flow rates that involve movement from and to OLF tend to

contribute less to cyclical unemployment.8 In contrast, at the end of 2019, the role of the

job finding rate in driving the decline in the cyclical unemployment is smaller.

5 Conclusions

To summarize, the current unusually low unemployed rate cannot be attributed to a partic-

ularly high job finding rate, but rather results from unusually low inflow rates into unem-

ployment that reflect a long-run downward trend.

Comparison of the actual and trend unemployment rates over time shows that the recent

gap between them is similar to the gap measured as of the past two labor market peaks

(years 2006-07 and 2000). This suggests that the labor market in 2019 is no tighter than

7For studies of the contribution of inflows and outflows to the dynamics of unemployment see Elsby,
Michaels and Solon (2009), Fujita and Ramey (2009), and Portugal and Rua (2020).

8See, e.g., Shimer (2005) and Shimer (2012).
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during the previous peaks. These findings might help explain moderate wage growth and

limited price inflation despite a historically low unemployment rate.

Our approach accounts for the low unemployment rate through trends in the flow rates,

but we do not explain why flow rates changed. Recent candidate explanations for the decline

in the inflow rates to unemployment include demographic and other structural factors. For

example, Crump et al. (2019) argue that the increase in labor force attachment of females,

the decline in job destruction and reallocation intensity, and the dual aging of workers

and firms drive the long-run decline in the unemployment inflow rate. Pries and Rogerson

(2019) argue that improved match quality is an important driver of the secular decline

in the employment-to-unemployment inflow rate. Population aging, disability and opioid

crisis might explain the trend decline in OLF-to-unemployment inflow rate (Barnichon and

Nekarda (2012), Barnichon and Mesters (2018)).
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Appendix

Figure A.1 displays the actual unemployment rate and the steady state unemployment

rate constructed from equation (4) using the quarterly instantaneous flow rates from Figure

1.

Figure A.2 displays the estimated trend and cycle for the six flow rates for the baseline

HP-smoothing parameter, 105 as in Shimer (2005), as well as results for lower and higher

values of the smoothing parameter - a lower smoothing parameter value of 1,600 (typically

used for quarterly data), and a higher parameter of 106 (a value much higher than typically

used in the literature). For a smoothing parameter of 1,600, we find that the trend is

almost equal to the actual series values in the last few years of the sample. For a smoothing

parameter of 106, the trend is almost linear, and the filter attributes a larger fraction of the

end-of-the-sample variation to the cycle than the baseline filter does.

Figure A.3 displays the estimated trend and cycle for the two flow rates between unem-

ployment and employment, using the Hamilton (2018) filter which is designed to be immune

to the end-of-the-sample issues of the HP-filter. Compared with the HP-filters, the trend

from the Hamilton filter indeed behaves very differently at the end of the sample for the two

series. On the one hand, the Hamilton filter essentially puts the trend at the actual values for

the unemployment outflow rate EU, like the HP-filter with smoothing parameter 1,600. On

the other hand, the Hamilton filter puts the trend consistently above the actual values for

the unemployment inflow rate, whereas the HP-filters with large smoothing parameters put

the trend below the actual data. Finally, throughout the sample, the Hamilton trend differs

substantially from the HP trend: its trend tends to be much closer to the actual values than

the trends from either of the HP-filters. This is consistent with Schuler (2018) who argues

that the Hamilton filter falls short of reproducing the chronology of U.S. business cycles (see

also Hodrick (2020)).

Figure A.4 displays the unemployment rate trends for the alternative filters. The smaller

the HP-smoothing parameter, the larger is the portion of the end-of-sample deviation that

is attributed to trend (panel a). If the filters are applied directly to the unemployment rate

series (black lines in panels a and b), the estimated trends are about 0.3-0.5pp higher than

the trend obtained from using equation (4) after applying the filters to flow rates (blue lines

in panels a and b). At the end of the sample, the trend from the HP filter with a smoothing

parameter 105 and the trend from the Hamilton filter are similar (panel c).

Figure A.5 displays the cyclical unemployment rate deviations from trend for all four

filters. All, but the HP-filter with the 1,600-smoothing parameter, display a noticeable

cyclical gap for 2019Q4 that is of a similar magnitude to the gap at the two previous cyclical

peaks in 2000 and 2007.
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Figure A.1: Unemployment Rate and Its Steady State Approximation

Note: Quarterly NSA series, 1976Q1-2019Q4. Shaded areas denote NBER recessions.
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Figure A.2: Flow Rates, Trend and Cycle

(a) UE

(b) UN

(c) EU

19



(d) NU

(e) EN

(f) NE

Note: Figures show three HP filters with smoothing parameter 1, 600 (HP 1), 105 (HP 2) and 106 (HP 3)
applied to quarterly data, 1976Q1 – 2019Q4.
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Figure A.3: Selected Flow Rates, Trend and Cycle, Hamilton filter

(a) UE

(b) EU

Note: Quarterly SA series, 1976Q1 - 2019Q4.
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Figure A.4: Unemployment Rate and Its Trend, Various Filters

(a) HP-filter trend, from the actual unemployment
rate and from the trends in flow rates

(b) Hamilton trend, from the actual unemployment
rate and from the trends in flow rates

(c) HP-filter with λ = 105 trend and Hamilton trend,
from the trends in the flow rates

Note: Quarterly SA series, 1976Q1 - 2019Q4.
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Figure A.5: Cyclical Unemployment Rate for Various Filters

Note: Quarterly SA series, 1976Q1 - 2019Q4. Shaded areas denote NBER recessions.
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