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We propose a unique method of nowcasting and forecasting GDP growth based on a forward-looking meas-

ure of unemployment (FLUR) and Okun's law that offers a number of advantages over current leading indicators

of the Swiss business cycle. The following investigation, covering the period from 1991/1 to 2021/4, demonstrates
that our approach outperforms an AR(1) model of GDP growth equally well as the popular Business Cycle Index

of the Swiss National Bank and the KOF Barometer with respect to year-to-year growth, but less so in regard to quar-
ter-to-quarter changes. Our findings suggest that our approach offers a reliable and useful indicator to policymakers
seeking easily compiled information on the current and future course of the Swiss economy at monthly time intervals.
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1 Introduction

Two indexes stand out in a list of leading indicators of the
business cycle in Switzerland: the Business Cycle Index
(BCI) of the Swiss National Bank (SNB) and the KOF
Barometer of the KOF Swiss Economic Institute at the
Swiss Federal Institute of Technology (ETH) in Ziirich.!
Both indicators have much in common. Both focus on
quarterly GDP growth. Both employ state of the art meth-
odologies, utilizing factor models that treat business con-
ditions as a latent variable linked to observable economic
quantities. Both draw from a very broad set of data, the
KOF Barometer incorporating over 200 data series and
the BCI encompassing some 650. And both are released
at monthly intervals, providing timelier information

! See Galli (2018) in regard to the construction of SNB’s BCI and Abberger
et al. (2014) with respect to the calculation of the KOF Barometer.
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on the course of the economy than the quarterly GDP
reports that first appear some two months after a quar-
ter’s end and then only as preliminary estimates.

The strengths of both indicators are offset by certain
weaknesses, however. For one, constructing and updating
the business cycle indicators are quite cumbersome due
to the complexity of the underlying models. For another,
the results rest on a myriad of cross-correlations whose
intertemporal stability is uncertain. And finally, data
underlying the indicators are subject to revisions and are
“noisy” necessitating filtering. Consequently, the values
of the indicators at the near end of the series often fluc-
tuate from one release to the next, creating uncertainties
that detract from the indicators’ gains in timeliness.

In the following study, we propose and develop a novel
business cycle indicator without these drawbacks. Its
computation is straightforward, requiring no more than
spreadsheet calculations. It draws from a single data
source that is not subject to revisions. And its construc-
tion does not rest on historic correlations of uncertain
temporal stability, depending instead on a mathematical
law that always applies, be it appropriate for forecasting
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purposes or not. The approach consists in combining a
forward-looking unemployment rate (FLUR) based on
the mathematical theory of absorbing Markov chains
with Okun’s law to produce a monthly leading indicator
of current and future GDP growth.?

We test the predictive capabilities of our approach over
the sample period from 1991/Q1 to 2021/Q4> by compar-
ing the capacity of our indicator to outperform an AR(1)
model of GDP growth with the ability of SNB’s BCI and
the KOF Barometer to do likewise. This is a commonly
employed approach to test the forecasting capabilities of
competing leading indicators.

Our results indicate that all three indicators outper-
form the AR(1) model equally well in nowcasting and
forecasting year-to-year GDP growth, but that our
approach falls somewhat short in regard to quarter-to-
quarter changes.

Our paper unfolds as follows. Section 2 explains the
construction of FLUR and examines its forecasting abil-
ity with regard to observed unemployment. Section 3
develops the Okun relationship linking FLUR with GDP
growth. Section 4 investigates to what extent our indica-
tor contains statistically significant predictive informa-
tion with regard to GDP growth not captured by the BCI
or the KOF Barometer and presents our nowcasting and
forecasting test results. Section 5 summarizes our find-
ings and suggests avenues for future research.

2 Forward-looking unemployment rate (FLUR)
2.1 Computation
The calculation of the forward-looking unemployment
rate (FLUR) rests on the key insight that the stock of
unemployed at any point in time consists of the remain-
ing members of current and past cohorts of individuals
that entered unemployment. We define U, as the stock
of unemployed at the end of a given period t; N, as the
number of individuals that entered unemployment k peri-
ods prior to period £; and p(k), as the proportion of those
members of the same cohort, still unemployed at the end
of period ¢ — 1, that remain unemployed in period ¢ as
well. p(k), thus represents the single-period continuation
or survivor rate of those individuals that entered unem-
ployment k periods prior to period ¢

Based on the above notation, the observed stock U of
unemployed at the end of a given period ¢ is defined as
follows:

% Kaufmann (2020) also incorporates underemployment data, specifically
short-time work, in a forecast model of economic growth. However, her
focus is narrower than ours as she does not develop a full-blown leading
indicator but simply investigates whether including information on labor
market conditions could have aided in predicting Swiss GDP growth during
the COVID-19 pandemic.

3 Beginning the sample period in 1991 stems from the fact that the KOF
Barometer starts then.
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As the indices clearly indicate, the stock of unemployed
observed at any point in time is principally backward
looking, mainly reflecting past employment opportuni-
ties captured in N and p.

To make (1) forward looking, we replace the historical
values of the size N of entering cohorts and the survival
rates p appearing in (1) with their values in the given
period ¢, yielding

Upx = N¢ - p(0); + N; - p(0); - p(1),
+ N -p0); - p(D) - p(2)y + -+

T =
=N:- Y [[pk); )
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where S(7), represents the survivor function based on the
duration-specific survival rates p(k), prevailing in period
t. T denotes the duration of the longest completed unem-
ployment spell, taken to be 48 months.* In the following,
we measure both elapsed time 7 and calendar time ¢ in
calendar months.

Dividing U,* by the size of the labor force LF, prevailing
in period ¢ yields FLUR.”

L[t* _ Nt

T
FLUR = —0 = ~L.§"s
LF,  LF, 2S5 ®)

=0

The first term in the product appearing to the right
of the last equals sign represents the risk of becoming
unemployed for an average labor-force member and the
second term, the expected duration of the subsequent
spell of unemployment.® That the sum of the values of
the survivor function equals the expected length of a

4 T is set to 48 months as virtually no one remains registered as unem-
ployed any longer. The choice of 48 months is innocuous, however, as the
value of the survivor function in the 47th month equals the product of 48
probabilities (r=0, 1, ..., 47) and hence is close to zero.

> Sider (1985) also suggests calculating the unemployment rate in the man-
ner presented in (3). However, his aim is to estimate the duration of unem-
ployment, equal to the sum appearing in (3), without having to assume that
observed unemployment is always in a steady state as was common at the
time. When observed unemployment is in a steady state, the duration of
unemployment, based on (2), is simply equal to U,/N,. More importantly,
however, Sider overlooks the forecasting potential of (3), which is the focus
of our approach.

© N, the number of new entries into unemployment, is often used as a lead-
ing indicator in the USA. In contrast, FLUR incorporates both new entries
and the expected length of those beginning spells. Hence, it contains more
predictive potential.
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completed spell of unemployment is readily seen by not-
ing that the kth value of the survivor function S(7) equals
the share of cohort members that will experience a kth
month of unemployment. Thus summing across all 7+1
duration intervals of uniform length of one month yields
the total expected time that a cohort member will spend
in unemployment or, equivalently, since the survivor
rates apply just to month ¢, the expected future duration
of completed spells begun in month £.”

Taken at face value, FLUR represents the unemploy-
ment rate that current survivor rates and the rate of entry
into unemployment imply. In so doing, it yields a time-
lier picture of on-going labor market developments than
observed unemployment appearing in (1). At the same
time, however, and based on the mathematical theory of
absorbing Markov chains developed by Kemeny and Snell
(1960), FLUR is also equal to the long-term or steady-
state unemployment rate to which the observed unem-
ployment rate would converge were current survivor
rates and the rate of entry into unemployment to remain
unchanged in the future.® It is in this sense that FLUR is
forward looking despite the fact that it simultaneously
reflects current labor market conditions. And it is this
aspect of FLUR that underlies our approach.’

Calculation of FLUR is straightforward and, given
the data, requires no more than 15 min to compute. It
merely necessitates calculating duration-specific survivor
rates for the unemployed by breaking down the current
month’s stock of unemployed by elapsed spell duration
measured in months. The electronic unemployment
registration system (AVAM) of the State Secretariat for
Economic Affairs (Seco), containing panel data on each
individual who registers at an unemployment office,
serves as our data source. Calculation of the survivor
rates for a given calendar month ¢ proceeds as follows':

7 From a demographic perspective, the expected duration of unemployment
is formally equivalent to life expectancy at birth, which also rests on cur-
rent, albeit age-specific survival rates.

8 See also Sheldon (2020).

® Note, however, that the use of FLUR as a leading indicator in no way
assumes that current survivor rates and the rate of entry into unemploy-
ment will remain unchanged in the future. The constancy assumption
merely serves to explain why FLUR can be viewed as forward looking. In
fact, survivor rates and the rate of entry into unemployment generally
do not remain constant through time but rather fluctuate from month to
month. Were they not to, FLUR would be useless as a leading indicator
since it would not react to cyclical swings.

19 \We correct inconsistencies in individual unemployment histories before-
hand to avoid obtaining survival rates greater than one.
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U(7 - 1),_; represents the observed number of unem-
ployed persons who at the end of calendar month ¢ — 1
had been unemployed for 7 — 1 months, and U(7),
denotes the number of the same individuals still unem-
ployed at the end of the following month ¢ The cal-
culation of survivor rates thus rests on intracohort
comparisons between adjoining months.!! Note that
U(0) and the size N of an entering cohort are equivalent
expressions. Note also that exits from unemployment do
not necessarily imply new hires. This has important pol-
icy implications but need not detract from the nowcast-
ing and forecasting capabilities of FLUR.

As can be seen, FLUR has two advantages over com-
mon business cycle indicators. For one, its construction
is straightforward and does not depend on historic cor-
relations of uncertain temporal stability but rather on
the mathematical laws of absorbing Markov chains that
always hold whether they are appropriate in a certain set-
ting or not. For another, FLUR draws its required infor-
mation from a single data source that is not subject to
subsequent revisions.!?

2.2 Prediction capabilities

Since observed unemployment is known to lag behind
GDP growth, FLUR needs to lead the observed unem-
ployment rate to have any hope of predicting future GDP
growth. In the following, we investigate to what extent
this is in fact the case.

To begin, we explore the causal structure existing
between FLUR and the observed unemployment rate
(UR) employing Granger causality tests. Our findings
appear in Table 1. The P-values listed there indicate that
the assumption of two-way causality cannot be ruled out

1 \We thus ignore unemployment spells that start and end within a calendar
month. The reason, for one, is that such short spells often prove to consti-
tute errors in the data. For another, spells beginning and ending within a
calendar month are not included in the official stock of unemployed, which
is compiled on the last day of a month and is the focus of FLUR.

12 To be exact, (2) is not subject to revisions, but (3) or FLUR is, albeit to
minor changes. These result from the fact that the size of the labor force
(LF) used to calculate the official unemployment rate is only updated offi-
cially at discrete (until 2010 at ten-year) intervals. The last revision occurred
in 2022 and in 2017 before that. To update the labor force between revi-
sions, we simply multiply the size of the labor force by the factor 1.00077
from month to month. 0.077 percent is the average monthly rate at which
the labor force rose from both 1970 and 1990 to the present.
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Table 1 Block exogeneity Wald tests of Granger causality, 1991/
M1-2021/M12

Dependent variable Excluded variable P-value
UR FLUR 1.00E-38
FLUR UR 8.00E—04

Results from a bivariate VAR model with the optimal lag length based on the
Schwarz criterion

The null hypothesis posits that the excluded variable does not Granger cause
the dependent variable. Hence, the lower the P-value, the less likely that the null
hypothesis holds

UR, monthly seasonally adjusted observed unemployment rate; FLUR, monthly
seasonally adjusted forward-looking unemployment rate

1.00
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maximum of 95 percent when FLUR is lagged by five
months or almost two quarters. Since FLUR and UR
share a common mean, 1 — R? (or 5%) corresponds to the
relative mean squared error resulting from forecasting
UR(#) with FLUR(Z — 5).

The results presented in Fig. 1 imply that shifting the
time path of FLUR five months into the future should
yield a close correspondence with the time path of UR.
As Fig. 2 demonstrates this is indeed the case. The time
path of FLUR lagged by five months closely traces out
the time path of the observed unemployment rate, while
managing to predict every turning point correctly.

We extend our investigation of the predictive capa-
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Fig. 1 R?from a simple regression of UR(t) on FLUR(t — x), 1991/M1-2021/M12. UR=monthly seasonally adjusted observed unemployment rate,
FLUR=monthly seasonally adjusted forward-looking unemployment rate, t=calendar month

at commonly accepted levels of statistical significance. At
the same time, however, they show that the direction of
causality running from FLUR to UR is far stronger than
the other way around. Note that Granger causality tests
investigate whether the excluded variable contains infor-
mation affecting the dependent variable not already cap-
tured by the latter. It is only in this sense that two-way
causation cannot be completely dismissed.

To determine at which lag length (x) the current value
of FLUR best predicts the future observed unemploy-
ment rate (UR), we next run a simple regression of UR(Z)
on FLUR(t+x) and follow the time path of R? as the lead
time x of FLUR increases. The results of this endeavor
appear in Fig. 1. As the chart indicates, R? reaches a

bilities of FLUR in predicting future observed unem-
ployment further by repeating the same exercise for the
average duration of completed spells of unemployment.
As pointed out above, the sum appearing in (2) and (3)
corresponds to the expected duration (Dgg) of completed
spells of unemployment begun in a given month ¢. In the
following we compare this value with the observed dura-
tion (D) of completed spells of unemployment ending
in some initially unknown future month ¢+x."*> Demo-
graphically speaking, our analysis corresponds formally

13 Note that Dgg and D do not pertain to a single cohort. This is of no signif-
icance, however, as it is also true of Dgg as a comparison of the indices ¢ and
7in (2) and (4) reveals. Dgg and D are period-specific, not cohort-specific.
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Fig. 2 Time paths of UR(f) and FLUR(t — 5), 1991/M1-2021/M12. UR=monthly seasonally adjusted observed unemployment rate, FLUR=monthly
seasonally adjusted forward-looking unemployment rate, t=calendar month

to investigating whether life expectancy at birth can pre-
dict the future average observed age at death.

We again begin by examining the Granger causal struc-
ture existing between Dgg and D. Our findings appear
in Table 2. As the results indicate, Dgg at best Granger
causes D at a 10% level of significance, whereas the oppo-
site holds true at a far higher level of significance.

Next, Fig. 3 investigates which lagged value of Dy best
reproduces the time path of D in analogy to Fig. 1. The
results show that this is achieved with a Dy lagged by
15 months or roughly five quarters. At this lag length, R*
reaches a maximum of 94%. It seems remarkable how well
the expected duration of beginning spells of unemploy-
ment is able to forecast the average length of completed
spells of unemployment 15 months in advance. The fact
that its long-range forecasting capabilities greatly surpass
those of FLUR implies that shifts in the survivor func-
tion have a more lasting effect on unemployment than
changes in the risk of becoming unemployed.

Next, Fig. 4 presents the fit between the time paths
of D(¢) and D(t — 15). Here again the correspondence is
very high as Fig. 3 would lead one to expect. And once
again our forecast correctly predicts all turning points
15 months in advance, once again an impressive feat.

In concluding, we thus see that FLUR clearly leads
observed unemployment. Consequently, it seems jus-
tified to expect FLUR to have the potential to predict

GDP growth even though observed unemployment lags
behind the latter.

The predictive potential of FLUR is also plausible
from a theoretical perspective. The fact that FLUR leads
observed unemployment means that it predicts the
future level of labor utilization, which, taking supply-side
effects into consideration, should in turn have an impact
on future economic growth.

3 Okun relationship

In order to test the ability of FLUR to predict current and
future GDP growth, we need first to convert FLUR into
GDP. To this end, we turn to Okun’s law, which posits a
negative relationship between changes in unemployment

Table 2 Block exogeneity Wald tests of Granger causality,
1991/01-2021/Q4

Dependent variable Excluded variable P-value
D Dss 6.00E-26
Des D 9.89E-02

Results from a bivariate VAR model with the optimal lag length based on the
Schwarz criterion

The null hypothesis posits that the excluded variable does not Granger cause
the dependent variable. Hence, the lower the P-value, the less likely the null
hypothesis holds

D, observed average length of unemployment spells ending in a given month;
Dss, expected duration of unemployment spells beginning in a given month



Kugler and Sheldon Swiss Journal of Economics and Statistics

1.00

0.90

0.80

0.70

0.60

RZ

0.50

0.40

0.30

0.20

0.10

0.00

(2023) 159:11

5

6

7

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Lag Length (x) in Months

Page 6 of 14

Fig. 3 R*from a simple regression of D(t) on De(t — x), 1991/M1-2021/M12. D=observed average length of unemployment spells ending
in a given month. Dss =expected duration of unemployment spells beginning in a given month. t=calendar month

12
10
v
L
£
c
]
2 3
£
=
-
bo
c
g 6
o
Q.
(7]
T 4
-
29
Q.
g
o 2
0

91 92 93 94 95 96 97 98 99 00 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22

T

T

T

T

T

T

T

T

T

T

T T T T T T T

Month
—D(t) —DSS(t-15)

T

T

T

T

T

T

T

T

T

T

T

T

T

Fig. 4 Time paths of D(t) and Dgs(t — 15), 1991/M1-2021/M12. D=observed average length of unemployment spells ending in a given month.

Dy =expected duration of unemployment spells beginning in a given month. t=calendar month



Kugler and Sheldon Swiss Journal of Economics and Statistics

Table 3 Bai-Perron multiple break tests of Okun equation,
quarter-to-quarter changes, 1991/Q1-2021/Q4
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Table 4 Bai-Perron multiple break tests of Okun equation, year-
to-year changes, 1991/Q1-2021/Q4

Break test F-statistic Scaled F-statistic Critical value Break test F-statistic Scaled F-statistic Critical value
(5% sign. (5% sign.
level) level)

0 versus 1 14.51 29.012 1147 0 versus 1 16.49 32.98 1147

1 versus 2 562 11.24 12.95 1 versus 2 9.78 19.56 12.95

2 versus 3 313 6.27 14.03

Break date: 1999/Q4
Critical values: Bai/Perron (2003)

and real GDP growth. We calibrate our Okun relation-
ship employing the following regression equation'*

¥t — Yi—i = a + B(FLUR; — FLUR;—;) + &, (5)

where y denotes the log of real GDP and ¢ is an zero
expected value error term uncorrelated with the regres-
sor. t denotes quarters. However, depending on the cho-
sen value of i, the changes appearing in (5) can represent
both quarter-to-quarter (i=1) and year-to-year changes
(i=4).1> Further below we test the predictive power of
FLUR with regard to both periodicities and explain why.

Estimation of (5) using quarter-to-quarter changes
for the period 1991/Q1 to 2021/Q4 yields the follow-
ing results, where the figures in parentheses represent
Newey-West ¢-values.

0.434

o — 1.685(FLUR, — FLUR;_1),
Ve=Vt=1= (7245)

(—3.224)

RZ

Break dates: 1999/Q4 and 2008/Q4
Critical values: Bai/Perron (2003)

industrial jobs to service positions (especially in health
and education), where employment is less susceptible
to cyclical swings. For another, Switzerland completely
overhauled its public job placement services in 1996/97
to accelerate job placement and extended the waiting
period for receiving unemployment benefits from 1 week
to 6 months for those individuals (principally persons
exiting the education system) with insufficient contri-
butions to the unemployment insurance system. All of
these events should have weakened the impact (=1/8)
of swings in GDP growth on registered unemployment,
and, indeed, the absolute value of j rises from on average
0.775 in the years 1991 to 1999 to 2.367 between 2000
and 2021 (see Fig. 5 below) leading to a decrease in 1/.

= 0.256, se = 0.908, DW = 2.442

Running the same regression with year-to-year changes
delivers the following findings, where again the figures in
parentheses represent Newey-West ¢-values.

1.697

_ _ — 1.469(FLUR; — FLUR;_4),
Yt—Yt—-4 = (9118)

(—6.446)

R2

Unfortunately, the break model does not suit our out-
of-sample testing procedure we conduct in the next sec-
tion. We need a model that potentially holds for the entire

= 0.595, se = 1.269, DW = 0.636

As both sets of results indicate, we find a statistically
highly significant linear relationship and coefficient
estimates with the expected sign. However, Bai-Perron
(2003) tests of the intertemporal stability of (5) point to
shifts in the coefficients at the end of the 1990s based on
quarter-to-quarter changes (Table 3) and at the end of
the 1990s and during the financial crisis in 2008 based on
year-to-year changes (Table 4).

Various explanations exist to explain the instabil-
ity of the Okun equation in the 1990s. For one, the last
30 years have seen a trend shift in employment from

14 Cf. Okun (1962). Various versions of Okun’s law exist in the literature (cf.
Chamberlain, 2011). Here we employ the so-called difference version.
15 To be clear, ¢ denotes frequency and i periodicity.

sample period. Moreover, it is implausible that a sudden
break occurs in a certain quarter. Instead, it is far more
likely that the coefficients change gradually over time. We
take account of this by modeling the adjustment process
as the following logistic function of calendar time ¢. This
approach offers a high degree of flexibility and necessi-
tates the estimation of just two additional parameters (y;
and y,) to calibrate the logistic function.

o
{l+expln— )]}
n p (6)
{1+ exp[ni(t — )]}
(FLUR; — FLUR;_;) + &

Yt — Vt—i
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Fig.5 Time-varying estimates of the intercept and slope of logistic Okun Eq. (6)

Table 5 presents the results from estimating (6). We
see that, compared to the linear equation, both R?
and the precision of our estimates of @ and j increase
considerably.

Figure 5 shows the time path of the intercept and slope
of the Okun equation based on the estimates appearing
in Table 5. As expected, « and j3 change the most during

the 1990s before converging to their final values.'® The
increasing constancy of the parameters from the 2000s
on implies that our Okun relationship currently pro-
vides a stable basis for translating changes in FLUR into
changes in GDP.

16 As inspecting (5) reveals, & corresponds to the GDP growth rate required
to hold FLUR constant. Hence, not only has FLUR become less reactive to
cyclical swings, it also requires greater growth than in the 1990s to avoid
increasing.
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Table 5 Okun equation with logistically changing coefficients, 1991/Q1-2021/Q4
Parameter / Statistics a B 12 Y2 R? SE Dw
Quarter-to-quarter 049 —274 -0.12 27.0 0.36 0.85 2.59
(Newey-West t-values) (7.37) (—=3.51) (- 2.25) (5.41)
Year-to-year 1.93 -212 -0.12 248 0.74 1.02 0.70
(Newey-West t-values) (10.80) (=9.70) (-252) (8.35)
40%
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Fig.6 Annual and quarterly growth rate of real Swiss gdp, 1990-2021. Source: SNB, revised and seasonally adjusted (X-13) real GDP

4 Comparative performance of our approach

4.1 Exploratory analysis

The first issue arising in a comparative analysis of the per-
formance of leading indicators is the target or reference
series to predict. We choose fully revised as opposed to
real-time GDP as our target because policymakers are
interested in reality, which fully revised figures aim to
reflect, and not in the best estimate of reality in real time,
which many comparative indicator studies seem to pre-
fer. Note that in the case of FLUR the distinction between
real-time and final-release data does not play a role
because unemployment data are not subject to revisions.
That is a decisive advantage that FLUR has over other
leading indicators whose true values remain uncertain in
real time due to possible future adjustments to the data

on which they rest.

The next issue pertains to periodicity. Should growth
apply to quarter-to-quarter or to year-to-year changes?
The advantage of using quarterly growth rates is that they
register cyclical swings sooner than annual growth rates

as Fig. 6 demonstrates in the case of the financial crisis

in 2008/2009 and the pandemic in 2020-2021. On the

other hand, however, quarterly growth rates tend to exag-
gerate yearly growth rates when annualized inasmuch
as their large swings never materialize in the annual
growth rates, which the chart also reveals. In addition,
quarterly changes are subject to seasonal and idiosyn-
cratic effects, necessitating filtering to extract the cycli-
cal and trend effects of interest. Such adjustments have
the drawback that they generally rest on moving aver-
ages, which have difficulty distinguishing seasonal effects
from trend reversals at the near end of data since lead-
ing data are by definition missing at the near end. For this
reason, adjusted data tend to fluctuate from one report
to the next generating uncertainty and detracting from

the gains in timeliness that a higher periodicity offers.

With year-to-year changes, this problem does not arise
because year-to-year differencing tends to eliminate
seasonal and idiosyncratic effects, thereby obviating the
need for further filtering. Given these pros and cons, we
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Fig. 7 Quarterly GDP growth rate and leading indicators, standardized data, 1991-2021. GDP growth and the FLUR-Okun indicator based
on seasonally adjusted data. All monthly indicators are based on quarterly means throughout this paper

choose to base our comparison of the performance of
leading indicators both on quarter-to-quarter and year-
to-year GDP growth rates to increase the robustness of
our results.

We pick the Business Cycle Index (BCI) of the Swiss
National Bank (SNB) and the KOF Barometer as our
basis of comparison as they appear to be the most
established among business cycle leading indicators
in Switzerland. Moreover, both indicators also target
quarterly GDP growth. The two series appear in Fig. 7
along with the quarterly GDP growth rate and our
FLUR-Okun indicator based on (6) and the param-
eter estimates appearing in Table 5. All four series are
standardized to allow comparison. As can be seen, all
three indicators seem to track GDP growth roughly
equally well.

The impression conveyed in Fig. 7 is confirmed in
Table 6, which presents the cross-correlations of the
series appearing in Fig. 7. As the table shows, all three
indicators correlate strongly with quarterly GDP growth
(gGDP), the strongest correlation existing between quar-
terly GDP growth and the SNB leading indicator (SNB-
BCI), followed by the FLUR-Okun indicator and then the
KOF Barometer (KOF Bar). This suggests that the SNB
indicator would outperform the two other leading indica-
tors in nowcasting quarterly GDP growth. The table also

Table 6 Correlation coefficients, 1991/Q1-2021/Q4

gGDP KOFBar  SNB-BCI FLUR-Okun
gGDP 1.000
KOF Bar 0521 1.000
(6.740) -
SNB-BC 0688 0739 1.000
(10.464) (12.114) -
FLUR-Okun 0599 0648 0726 1.000
(8.254) (9.398) (11.664) -

t-values appear in parentheses

indicates that our FLUR-Okun indicator correlates less
with the KOF Barometer than with the BCI of the SNB,
suggesting that our indicator and the BCI share more
common variation.

In a further step, we find that a regression of quar-
terly GDP growth on the three indicators, as presented
below,'fails to find a statistically significant effect of the
KOF Barometer on quarterly GDP growth when paired
with the other two indicators, implying that the KOF
Barometer contains little relevant variation not already
captured by the two other measures.

17 Newey-West t-values appear in parentheses below the coefficient esti-
mates.
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Table 7 Block exogeneity Wald tests of Granger causality,
1991/Q1-2021/0Q4

Dependent variable Excluded variable P-value
gGDP FLUR-Okun 0.0000
FLUR-Okun gGDP 0.0001
gGDP SNB-BIC 0.1272
SNB-BIC gGDP 0.0958
gGDP KOF Bar 0.0765
KOF Bar gGDP 0.0020

Results from bivariate VAR models with lag length based on the Schwarz
criterion

The null hypothesis posits that the excluded variable does not Granger cause
the dependent variable. Hence, the lower the P-value, the less likely the null
hypothesis holds

Table 8 Block exogeneity Wald tests of Granger causality,
1991/Q1-2021/0Q4

Dependent variable Excluded variables P-value
gGDP FLUR-Okun 0.0000
SNB-BCI 0.0000
KOF Bar 0.0000
all 3 0.0000
FLUR-Okun gGDP 0.0268
SNB-BCI 0.0062
KOF Bar 0.0059
all 3 0.0000
SNB-BCI FLUR-Okun 0.0049
gGDP 0.0062
KOF Bar 0.0000
all 3 0.0000
KOF Bar FLUR-Okun 0.0000
SNB-BCI 0.0000
gGDP 0.0004
all 3 0.0000

Results from multivariate VAR models with lag length based on the Schwarz
criterion

The null hypothesis posits that the excluded variable does not Granger cause
the dependent variable. Hence, the lower the P-value, the less likely the null
hypothesis holds

0494 + 0.356- FLUR - Okun,
Ve =Y-1= (0.423)  (2.276)

R* = 0.494, se = 0.754, DW = 2.528
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GDP growth (Table 7), and multivariate models, which
include all four variables (Table 8). Note that the pres-
ence of Granger causality means that one or more given
variables (“excluded variables” in Table 8 and 9) contain
predictive information with regard to a target variable
(“dependent variable”) that is captured by neither the lat-
ter nor the non-excluded variables.

Based on the P-values appearing in Table 7, the
FLUR-Okun indicator appears to have a statistically
more pronounced Granger causal effect on quarterly
GDP growth (gGDP) than the other two leading indi-
cators. Or, to put it differently, only the FLUR-Okun
indicator seems to provide a statistically significant
improvement over an optimally lagged AR forecast
model of quarterly GDP growth.

Combining all three indicators together with quar-
terly GDP growth in a single VAR model (Table 8)
reveals, however, that the other two indicators also
contribute statistically significantly to an AR forecast
model of GDP growth, both taken together (“all 3”) and
individually. The latter result implies that each indica-
tor contains unique statistically significant predictive
information in regard to GDP growth not captured by
the other indicators.

Interestingly, the P-values also indicate that the three
leading indicators are more likely to Granger cause GDP
growth than the other way around, as one would expect
from leading indicators, and, more importantly, that GDP
growth is the least likely to Granger cause our FLUR-
Okun indicator, further underscoring the predictive
potential of FLUR.

4.2 Comparative analysis

In the following, we compare the nowcasting and fore-
casting capability of FLUR with that of the SNB-BCI, the
KOF Barometer and an AR(1) model of GDP growth.
In so doing, we proceed as follows. To begin, we model
FLUR and the two leading indicators as AR(1) processes
as well to place them on equal footing with our GDP
growth model. Bai-Perron tests across the complete
sample period from 1991/Q1 to 2021/Q4 imply that the

0.609 - SNB - BCI; — 0.002 - KOF Bar,
(4.194)

(—0.224)

Finally, we also investigate the causal structure existing
among the three indicators and quarterly GDP growth
using VAR models. VAR models have the advantage that
they offer a more general overall view of casual structures
prevailing among variables. We estimate both bivariate
models, pairing each indicator individually with quarterly

AR(1) specifications are both appropriate and stable.
Next, to translate the nowcasts and forecasts that these
AR(1) processes generate into GDP growth rates, we
make use of bridge equations. Our Okun relationship (6)
serves this purpose in the case of FLUR. For the other
two indicators, we specify simple linear regressions,
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Table 9 RMSE from out-of-sample nowcasts and forecasts of quarter-to-quarter GDP growth, 1998/Q1-2021/Q4

Quarters ahead 0 1 2 3 4

GDP AR(1) 1.538 1.797 1.990 1.819 2421
FLUR-Okun 1.025 1.729 1.746 1.933 2.207
(Diebold-Mariano z-test) (—0.950) (—0.502) (—1.437% (0377) (=0.910)
SNB-BCI 0.828 1.229 1.509 1.207 1.960
(Diebold-Mariano z-test) (= 1.258) (= 1.676%%) (= 2.214%%%) (— 2.688**%) (= 2.126%%%)
KOF barometer 0.993 1.569 1.737 1.585 2.108
(Diebold-Mariano z-test) (=1.097) (—1.354%) (— 1.809*%) (—1.736*%) (—1.936*%)

Estimation period starts in 1991/Q1-1997/Q4 and increases up to 2021/Q4

The Diebold and Mariano (1995) statistic is asymptotically normally distributed under H,

GDP and FLUR-Okun, seasonally adjusted; GDP, SNB-BCl and KOF Barometer, revised figures; RMSE, root-mean-squared error; H,, the difference resulting from
subtracting the RMSE of an AR(1) model of GDP growth from that of the given leading indicator is zero, implying that the leading indicator provides no improvement
over the AR(1) model; H,, the difference is negative, implying that the leading indicator is superior to the AR(1) model

*, %%, *** denote rejection of Hy at the 10%, 5% and 1% level of statistical significance, respectively

Table 10 RMSE from out-of-sample forecasts of year-to-year GDP growth, 1998/Q1-2021/Q4

Quarters ahead 0 1 2 3 4

GDP AR(1) 1.550 2013 2276 2473 2461
FLUR-Okun 1.183 1.800 2.073 2216 2.203
(Diebold-Mariano z-test) (—1.178) (= 1.742%%) (= 2.021**%) (= 1.553%) (= 1.495%)
SNB-BCI 1.218 1472 1.878 2.167 2.389
(Diebold-Mariano z-test) (—1.357%) (—2.106**%) (—2.329%*%) (—1.807*%) (—0.040)
KOF Barometer 1.567 1.774 1.961 2129 2216
(Diebold-Mariano z-test) (0.084) (= 1.107) (= 1.572% (—1.829*%) (= 1.900*%)

Estimation period starts in 1991/Q1-1997/Q4 and increases iteratively up to 2021/Q4

The Diebold and Mariano (1995) statistic is asymptotically normally distributed under H,

GDP and FLUR-Okun, seasonally unadjusted; GDP, SNB-BCl and KOF Barometer, revised figures; RMSE, root-mean-squared error; H,, the difference resulting from
subtracting the RMSE of an AR(1) model of GDP growth from that of the given leading indicator is zero, implying that the leading indicator provides no improvement
over the AR(1) model; H,, that difference is negative, implying that the leading indicator is superior to an AR(1) of GDP growth

*, *x *** denote rejection of H, at the 10%, 5% and 1% level of statistical significance, respectively

which Bai-Perron tests also find to be appropriate and
stable.

That done, we start by estimating AR(1) models for
all four variables as well as bridge equations for each
indicator using an initial sample set from 1991/Q1 to
1997/Q4 and then, beginning in 1998/Q1, calculate
cumulative forecasts for zero to four-quarter horizons.
This exercise is repeated with increasing sample size up
to the last quarter of 2021 resulting in 96 forecast errors
(=24 years x4 quarters) for each variable and horizon.
We then compare the quality of the nowcasts and fore-
casts of the various predictions using the root-mean-
squared error (RMSE) criterion.

To place all indicators on equal footing, one should re-
estimate the BCI of the SNB and the KOF Barometer at
each step in this iterative process. But due to the com-
plexity of the indicators’ construction this is not feasible.
And unrevised vintage series are not available for our
complete sample period, which we wish to keep uniform
for all indicators to allow direct comparisons. Hence,
we are forced to use revised values for these two indica-
tors throughout. Note that this puts them at a decided
advantage since predicting the growth rate of adjusted
GDP using vintage values, as we in effect do in the case
of FLUR, would undoubtedly yield less accurate results.
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The root-mean-squared errors (RMSE) obtained from
our out-of-sample testing strategy based on quarter-to-
quarter changes appear in Table 9. As the table indicates,
RMSE yielded by each of the three leading indicators
is lower than that stemming from the AR(1) quarterly
growth model, with the exception of the FLUR-Okun
indicator three quarters ahead. The largest relative reduc-
tion in RMSE of 38 percent on average is achieved by the
nowcasts. In other words, the forecasts yield smaller rela-
tive decreases in RMSE.

The BCI achieves the best improvement in accuracy
overall, lowering the RMSE across all horizons by 31 per-
cent on average, followed by the KOF Barometer with
a reduction of 17 percent and FLUR with a 10 percent
mean drop. The decreases generated by FLUR are seldom
statistically significant, however.

Table 10 reports our results with regard to year-to-year
GDP growth. To generate year-to-year changes for the
SNB’s BCI and the KOF Barometer, we sum their values
from the previous four quarters.'® As the table indicates,
the relative reduction in RMSE is less than that in the
case of quarter-to-quarter changes amounting to just 13
percent on average overall. The greatest improvement
in accuracy is again achieved by the BCI with a drop in
RMSE on average of 16 percent, followed by FLUR with
a relative decrease of 13 percent and the KOF Barometer
with a decline of 10 percent. We thus see that all indica-
tors perform equally well with regard to year-to-year
GDP growth.

Interestingly, the improvement in accuracy that predic-
tions with FLUR achieve varies little across periodicities,
lowering the RMSE by 10 percent in the case of quarter-
to-quarter growth and by 13 percent in the case of year-
to-year growth, whereas the other two leading indicators
perform far better with respect to quarter-to-quarter
growth. We suspect that this is because these indicators
are calibrated specifically to track quarterly GDP growth,
whereas FLUR is completely open in this respect.

It is also important to note that the performance of the
SNB’s BCI and the KOF Barometer in our study rests on
their revised values. If one were instead to use real-time
values of these indicators to predict adjusted GDP growth
as we in effect do with FLUR, their accuracy would most
likely decrease. Otherwise, it would make little sense to
update the indicators.

18 It is of course well possible that the BCI and the KOF Barometer would
yield different predictions where they specifically tailored to track year-to-
year instead of quarter-to-quarter GDP growth.
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5 Conclusion

In summary, we point out that our analysis has shown
that FLUR leads the observed unemployment rate in
Switzerland by roughly two quarters. This is an impor-
tant result as the observed unemployment rate com-
monly lags GDP growth. Were FLUR to lag GDP growth
as well, attempts to employ it as a leading indicator of
GDP growth would be futile.

Furthermore, we found through VAR modeling and
block exogeneity tests of Granger causality that our
FLUR-Okun indicator contains information that con-
tributes to the prediction of GDP growth and yet is not
captured by the BCI or the KOF Barometer. This under-
scores the potential contribution of our leading indicator.

Finally, we demonstrated by means of a horse race
that the nowcasting and forecasting accuracy of FLUR
exceeds that of an AR(1) process of GDP growth, whether
the latter is measured in quarter-to-quarter or year-to-
year changes. In the latter case, FLUR performs no worse
than the SNB’s BCI or the KOF Barometer. It is only in
respect of quarter-to-quarter changes in GDP that FLUR
falls short. As the performance of FLUR, unlike that of
the other two indicators, varies little across periodicities,
we suspect that the superior performance of the BCI and
the KOF Barometer is due partially to their being specifi-
cally tailored to track quarterly GDP growth.

The superior performance of the BCI and the KOF
Barometer also arises from the fact that we use final-
release values for these indicators. Were we to employ
real-time data for them, their performance would most
likely decline. Otherwise it would make little sense to
recalibrate the indicators when revised figures for the
series on which they are based become available."

The greater accuracy that the BCI and KOF Barom-
eter provide with regard to quarter-to-quarter changes in
GDP must also be weighed against the far greater effort
that the calculation and maintenance of these two indica-
tors entail. Viewed in this way, FLUR offers a huge gain in
efficiency.

In their evaluation of business cycle indicators for the
Swiss economy, Glocker and Kaniovski (2019) list four
requirements that in their mind an ideal business cycle
indicator should fulfill. These consist of (1) a high con-
temporary or leading correlation with the reference
series, (2) timely availability, (3) temporal stability and (4)
a low proneness to revisions. To our mind, FLUR meets
all of these demands. As our VAR findings show, FLUR
exhibits high contemporary and leading correlations with
the reference series, i.e., GDP growth. It is timely given its

19 KOF, for example, revises its Barometer every September after the release
of the previous year’s GDP data by the Swiss Federal Statistical Office,
thereby dropping some variables previously included and incorporating oth-
ers previously left out. See Abberger et al. (2014).
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monthly periodicity in combination with its forecasting
capabilities. It exhibits high temporal stability, resting as
it does on a mathematical law instead of empirical cor-
relations. And the data underlying FLUR, unlike those on
which the BCI of the SNB and the KOF Barometer rest,
are not subject to revisions, being based on administra-
tive records that are not subject to change.

Our paper also opens up avenues for future research.
For one, the finding that our indicator contains informa-
tion that contributes to the prediction of GDP growth
and is not captured by the BCI or the KOF Barometer
suggests that it would be advantageous to incorporate
FLUR in the construction of these leading indicators. It
could also prove to be worthwhile to repeat our horse
race procedure using real-time instead of final-release
values for the BCI or the KOF Barometer in order to
assess the advantages of having a leading indicator not
subject to subsequent revisions. Any finally, it could also
be of interest to compare the performance of FLUR with
the other two leading indicators during the financial and
COVID-19 crises when the demand for timely informa-
tion on economic conditions was at its greatest.

Yet even without the benefits of further research, the
evidence presented in this paper already suggests that
FLUR can provide a useful measure for policymakers
seeking easily compiled and reliable information on the
current and future course of the Swiss economy at short
time intervals.
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