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Abstract

This paper estimates Okun’s law in the G7 countries and Spain between 1971 and 2020.
It employs different specifications of the model, focusing on the dynamic part of the
relationship. I find that the negative relationship between output and unemployment
generally holds over the selected time period. Nevertheless, Okun’s coefficient varies
significantly across countries. The dynamic version can enlighten the different country
estimations that can be found in the literature. Time lags are used to avoid any possible
misspecification. Several regressions and tests are conducted to account for unit roots,
auto-correlation and structural breaks.
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Testing Okun’s Law in Spain and the G7 countries

1 Introduction

Okun’s law refers to a macroeconomic relationship that relates output and unemployment.

Therefore, it connects the activity level in the labour market and the activity level in the

goods market over a given business cycle. In his publication, Okun (1962) found that a three

percent increase (decrease) in output is related to a one percent decrease (increase) in un-

employment rate. Whereas this relationship was validated by early literature (see (Blackley,

1991)) more recent research has found this relationship to be closer to a two percent in-

crease (decrease) in output resulting in a one percent decrease (increase) in unemployment

rate, which means that variations in unemployment rate to real GDP growth rate are more

responsive.

For a significant period of time, this relationship has attracted a good deal of attention,

not only because of its empirical robustness, but because when combined with the Phillips

curve, the aggregate supply curve is obtained. Furthermore, this relationship may be very

useful for certain macroeconomic policies. For instance, in determining the optimal growth

rate of an economy.

Two different dimensions are commonly discussed in the literature; the heterogeneity of

Okun’s law across several countries and the time-varying aspect. The literature focusing

on the time-varying concept tests whether Okun’s coefficient has decreased on increased

over a certain period of time. Some examples can be found in Knotek (2007) or Lee and

Sinclair (2000). In this context, Okun’s law variations are usually tested over expansionary

and recessionary periods. Knotek (2007) comes to the conclusion that Okun’s coefficient is,

on average, smaller in expansionary periods rather than in recessionary, which means that

unemployment varies in a different way during different business cycles. As stated before,

other studies focus on answering the question of whether all the economies react similarly

to changes in output and unemployment (see Ball et al. (2019)). Usually, these studies

focus on the characteristics of a country’s labour market to understand the heterogeneous
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behaviour of Okun’s coefficient.

A further distinction can be made of the literature that explains the relationship between

output and unemployment rate. A first group estimates Okun’s coefficient using the equa-

tions suggested by Okun (1962), the first difference model and the Gap model. A second

group estimate and augmented production function in which, in the right hand side, a series

of explanatory variables are included (capital productivity or labour, e.g).

This paper focuses on the G7 countries (Canada, France, Germany, Italy, Japan, USA

and UK) and Spain during the last fifty years (1971-2020) using a time series approach. I

decided to include Spain in this study due to its high levels of unemployment over the last

four decades. I will estimate the model using the First difference and Gap model proposed

by Okun (1962). However, I include several lags to both real GDP and unemployment. The

reason for this is to take into account that firms do not react to changes in unemployment and

output in an immediate way, as results are shown after some time. Furthermore, estimat-

ing different versions of Okun’s coefficients may explain the reasons for the heterogeneous

behaviour of Okun’s coefficient.

Many studies focus primarily on the output-unemployment relationship in the short run.

Very few papers opt for a dynamic version of the model, for e.g Ball et al. (2019), who include

two lags of the output term in their model, and even fewer focus on the long run relationship.

Furthermore, these studies focus mainly in the post-war period in the USA, without con-

ducting any further investigation in the European context. On the other hand, Moosa (1999)

shows that the long run effects that cyclical output has on cyclical unemployment differ from

those in the short run.

Contrary to many other studies, this paper includes data from the financial crisis and the

starting months of the COVID-19 crisis, which may have possibly distorted unemployment

and output estimations made prior to these events.

The rest of the paper is organized as follows: Section 2 introduces the versions of Okun’s

law as first stated by Okun (1962) and discusses further extensions made by more recent

literature. Section 3 focuses on the methodology, paying attention on explaining the differ-

ences between stationary and non-stationary variables, spurious regressions and several

methods to de-trend data. Section 4 revises previous empirical literature. Section 5 ex-
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plains the estimation methodology that is followed and describes the data used. Section 6

discusses the results that were obtained and Section 7 summarizes the main findings and

concludes the paper.

2 Okun’s Law: Model variations

Since the seminal paper of Okun (1962) and the well-known assumption that a three per-

cent increase in output is correlated with a one percent decrease in unemployment rate,

a substantial amount of literature has been devoted to the ”Okun‘s law”; how responsive

unemployment rate is to variations in output. This rule has been broadly considered to be

a fair representation of the negative relation between output and unemployment. To begin

with, in his article in 1962, Okun presented two basic equations relating unemployment and

output which, ever since, have been used as a rule of thumb for macroeconomic analysis.

Since then, these equations have been modified and extended by numerous authors with

the objective of improving the equation’s statistical fit and the precision of their foundation.

The first specification suggested by Okun is the First difference model, which stipulates

that the relationship between the observed unemployment rate (ut) and the natural logarithm

of the observed real output (yt) is given by:

∆ut = β0 + β1∆yt + εt (1)

where β0 represents the intercept, β1 is Okun’s coefficient, which measures by how much

variations in output result in variations in unemployment rate, and ε represents the distur-

bance term.

Following the First difference model, Okun specified the Gap model, given by the following

expression:

ut − u∗t = β0 + β1(yt − y∗t ) + εt (2)
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where y∗ is the potential output, while u∗ represents the natural rate of unemployment. As

pointed out by Ball et al. (2019), the error term (εt) captures those factors that alter the output

cyclical unemployment relationship, such as exceptional variations in labour force participa-

tion or productivity. On the other hand, the coefficient β1 represents the level by which firms

will adjust employment when there is a variation in output and the cyclical reaction of the

labour force. This implies that:

et − e∗t = βe(yt − y∗t ) + εet (3)

lt − l∗t = βl(yt − y∗t ) + εlt (4)

where e∗t and l∗t represent the trend values of, respectively, employment and the natural

logarithm of labour force. Thus, the lesser the cyclical response of the labour force is, the

greater the inverse correlation between β1 (from eq (2)) and βe will be.

However, the Gap model presents a considerable problem; no observable data can be

obtained for u∗t and y∗t , which means these two terms need to be estimated. For instance,

Okun suggested maintaining u∗t constant at 4% as a rate of labour utilization and advocated

for an uncomplicated time series trend to measure y∗t . Yet, several authors support different

techniques to estimate u∗t and y∗t . Most of these methods include, among others, determin-

istic techniques like the HP filter (such as Marinkov and Geldenhuys (2007)) or stochastic

decomposition methods, as the Kalman filter (for instance, Silvapulle et al. (2004)). An in

depth explanation of these procedures can be found later on in the paper.

One of the drawbacks that Okun remarked is that the unemployment rate can only be seen

as a proxy variable for insignificant resources that affect losses in output. To settle this

issue, a number of authors (see Gordon (1984)) suggested a new model relating the Gap

model and the production function, considering that the equilibrium level of real output will

be attained once each and every factor reaches its equilibrium level:

yt − y∗t = β0 + β1(ut − u∗t ) + β2(Ht −H∗
t ) + εt (5)
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(Ht −H∗
t ) is a gaps vector between all observable inputs except labour and the equilibrium

level. It is important to bear in mind that when estimating this model, instead of the unem-

ployment rate, real output is used as the dependant variable.

Accounting for the existent time lags in the unemployment-output relationship, a number of

studies (for instance, Weber (1995)) have advocated for the inclusion of dynamics in Okun’s

law and, therefore, rewrite eq. (1) as:

Ut = β0 + β1Yt + β2Yt−1εt (6)

Which is equal to:

Ut = β0 + β1∆Yt + Yt−1(β1 + β2) + εt

Eq (6) makes it possible for the unemployment rate to match a delay in output. The term

β1 captures the effect in the short-run of output on unemployment, while the sum of β1 and

β2 captures the total effect. Respectively, these two terms are known as the short-run and

total Okun effect. Furthermore, when output growth is auto-correlated in a positive way, this

model specification allows for a reduction in the possible bias of the simultaneous equation

for the total effect that output has on unemployment (Sogner and Stiassny (2002)).

Even though specification 6 can be useful to judge whether Okun’s law has suffered several

variations over time, these may have been significantly slow. For instance, labour markets

undergo structural changes that happen at a slow rate. The model assumes all parameters

happen concurrently when affected by a discrete variation when, in practice, the parameters

might vary in their own particular way. To account for this matter, Beaton (2010) suggests

the TVP (Time Variation Parameter) adaptation from eq. (6):

ut = β0(t) + β1(t)∆yt + yt−1(β1(t) + β2(t)) + εt
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which can be written as:

ut = ϕ(t)Xt + εt (7)

The TVPs are jointly accounted for by ϕ(t), while the remaining regressor will be captured by

Xt. Moreover, and according to Sogner and Stiassny (2002), TVPs are expected to follow a

random walk pattern, which can be expressed as:

ϕ(t)t = ϕ(t)t−1 + wt (8)

where wt is expected to be equal to 0.

The TVP specification applies a specific weight to each observation, with those closer to

t having a greater effect than those further away in time. Moreover, it allows to interpret in an

individual way the evolution of each and every term. Hence, it allows to recognize variations

in Okun’s law related with both kinds of changes; short-run and total effects.

Lastly, the Asymmetric dynamic model is an alternative proposed by Silvapulle et al. (2004).

They base their model specification in the distributed time lag model of Weber (1995):

uct =

p∑
j=1

αju
c
t−j +

q∑
j=1

βjy
c
t−j + εt (9)

where the terms ut and yt refer, respectively, to the observable rate of unemployment and

the natural logarithm of output, while unt and ynt refer, respectively, to the natural employment

rate and the natural logarithm of potential output. Thus, cyclical output (yct ) and cyclical

unemployment (uct) can be defined as yct = yt − ynt and uct = ut − unt , respectively.

A limitation of this model proposed by Weber (1995) is that it does not allow for any kind

of asymmetry between cyclical unemployment and cyclical output. To tackle this matter,

Silvapulle et al. (2004) suggest decomposing the term yct into two different terms; yc+t =

yct ≥ 0 and yc+t = yc−t ≤ 0. In their article, they correlate positive and negative output gaps

to upturns and downturns in an economy.

As a result, they suggest the following model with the goal of including the asymmetric
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relationship between cyclical unemployment and cyclical output:

uct =

p∑
j=1

αju
c
t−j +

q∑
j=1

[ϕjy
c+
t−j + λjy

c−
t−j ] + εt (10)

In this case, ϕ refers to the relationship between unemployment and output which is ex-

pected to be negative.

3 Methodology

3.1 Stationary and non-stationary time series

As shown by Richard Harris (1995) models made up of non-stationary variables will most

likely lead to a spurious regression issue. Hence, results obtained from the regression will

suggest that statistically significant relationships can be found between certain variables

when, truly, what the regression shows is a correlation over time rather than a substantial

causal relationship.

For instance, suppose that variable yt is obtained by a first-order autoregressive proce-

dure:

yt = ρyt−1 + ut (11)

If the series is non-stationary, then the variance of yt increases over time, without any

proneness for the time series to return to any value close to the mean. This fact contrasts

with the stationary-first difference model, ∆yt = yt − yt−1. The variance of stationary vari-

ables is finite and, the variables themselves, usually fluctuate around their mean value. A

non-stationary variable can, however, become a stationary variable. To do so, it needs to be

differenced.1

The fact that a variable is stationary or non-stationary depends on whether it has a unit
1Not just by first-differencing, it will depend on the number of unit roots it contains.
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root. For instance, we can rewrite eq. (11) as:

(1− ρL)yt = ut (12)

where yt−1 will be contained in L, the lag term. If the roots of eq. (12) are greater, in absolute

terms, than 1, then then yt is stationary. Hence, for the example shown previously, stationary

requires ρ to be greater than 1 in absolute terms.

A second way to consider stationarity is to look at the different time trends found in

variables. To do so, we add an intercept to eq. (11):

yt = β + ρyt−1 + ut (13)

Which, if ρ = 1, then it can be rearranged as:

yt = y0 + βt +

T∑
j=1

uj (14)

It is observed that yt is not returning a fixed trend (y0 + βt), due to the accumulation of

the random errors term. In fact, in eq.(13) if ρ = 1, then yt will only depend on the sign of β,

and therefore its value will drift downwards or upwards.

3.1.1 Spurious regressions

Spurious correlations show a relationship between variables in a regression, when what is

actually correlated are different time trends. Thus, spurious regressions show a correlation

between independent non-stationary variables.

Richard Harris (1995) explains this fact with a simple equation, where x and y refer to

uncorrelated non-stationary variables:
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yt = β0 + β1x1 + εt (15)

Generally, it should be possible to accept the null hypothesis of β1 = 0. Nonetheless,

due to the non-stationarity of the data, which implies that εt is non-stationary too, any time

series growing tendency leads to the regression model to pick up a certain correlation level,

even though the variables are not correlated.2

In sum, generally there is an issue of incorrectly assuming that there exists a relationship

between unrelated non-stationary variables. This problem builds up when the sample size

increases. We will also account for this later in the paper.

3.2 Alternatives to estimate trends of u∗
tand y∗t

As stated previously, in order to estimate the Gap model, Okun made use of linear trends to

calculate both the natural rate of unemployment and potential output. However, these two

variables are considered to be non-stationary and, using deterministic trends techniques will

most likely lead to misleading results. To avoid this we will test for cointegration.

Moreover, four alternative methods will be discussed next; the HP filter, the BN filter, the

Kalman filter and the Hamilton filter.

3.2.1 HP filter

The HP filter is able to differentiate the cyclical component , αc
t , and the stochastic trend ,α∗

t ,

from a given time series xt. It can be expressed as:

T∑
t=1

[(xt − x∗t )
2 + λ(∆x∗t+1 −∆x∗t )

2] (16)

2The issue of spurious correlation, resulting in a rejection of the null hypothesis, is based on the fact that the F
and the t statistics’ distributions generated by non-stationary time series differ from those generated by stationary
series. With non-stationary series the propensity is to reject the null hypothesis. This tendency increases as the
sample size grows. Richard Harris (1995) mentions the Monte Carlo experiment conducted by Banerjee et al.
(1993), in which he regressed eq. (15) 10.000 times. The results showed that at a 5% significance level, the
probability of rejecting the null hypothesis was of 75.3%
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where the term λ controls for the smoothness of the time series. As a guideline, the author

suggest λ should be equal to 1600 for quarterly data. (bear in mind that xct , the cyclical

component of the time trend, is equal to xt − x∗t ).

Several authors have used this filter in their research papers, see King et al. (1995) or

Giorno et al. (1995) where the HP filter was used to analyze the Philips curve which is

the relationship between unemployment and inflation and to determine certain trends and

cyclical characteristics from data, respectively.

Notwithstanding, this technique has recently received heavy criticism (see Hamilton

(2017) for instance), as it can potentially result in false assumptions. Furthermore, Cogley

and Nason (1995) concluded that the HP filter is able to create business cycles dynamics

from data that does not present such cycles.

3.2.2 BN filter

Another alternative method to transform any given integrated time series - time ordered

observations-into a stochastic trend - one that varies during each run as a result of the

random nature of the process- is the BN filter, proposed by Beveridge and Nelson (1981).

Assuming that xt is an integrated time series and that ∆xt follows a stationary behaviour,

the following model is suggested:

x∗t = xt +

∞∑
i=1

Et(θ0 +∆xt+i) (17)

where Et(xt) is equal to xt. Note that the cyclical factor xct can be calculated as xt − x∗t .

x∗t can be described as the long-run estimation of xt based on the information provided at

period t. For instance, Attfield and Silverstone (1997) made use of the BN filter to estimate

cyclical trends of unemployment an output for the UK.
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3.2.3 Kalman filter

The Kalman filter, according to Lee and Sinclair (2000) is composed by two different equa-

tions:

xk = Axk−1 +Buk + wk−1 (18)

and

zk = Hxk + vk (19)

This implies that each signal value, xk, will be tested through a linear stochastic equation

(eq. 18). xk will be made up of a linear combination of its preceding value, adding a control

signal, uk, whereas wk−1 refers to a noise function.

Eq. (19) shows that zk, a measurement value, can be expressed as a linear combination

of xk, a signal value and a measurement noise. Note that both terms are considered to

follow a normal distribution. Terms H, B and A refer to general form matrices.

The next step is to determine the initial values and the needed parameters. To do so,

there are two different set of equations; Time update and Measurement update.

”Time update” refers to predictions:

x̂−k = Ax̂k−1 +Buk

P−
k = APk−1A

T +Q

While ”Measurement update” refers to corrections:

Kk = P−
k HT (HP−

k HT +R)−1

x̂k = x̂−k +Kk(zk −Hx̂−k )

Pk = (I −KkH)P−
k

x̂k is the prior estimate, while P−
k is to the prior error covariance. In the measurement set
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of equations, x̂k represents the estimation of x at moment k. Pk is, along with x̂k, of much

importance to estimate the future state (k + 1). Thus, as the measurement set of equations

is known as the correction set, we can consider these the ”output” while the time update will

be the ”input”. We will start estimating the time update equations considering k = 0. Next,

we will use those results to estimate the measurement update equations, which outputs at

k, will be the input used to estimate the time update equation for k + 1, following a cycle.

3.2.4 Hamilton filter

The most up to date method discussed in this paper is the Hamilton filter. In his paper Why

you should never use the HP filter, Hamilton (2017) proposed the following model:

yt+h = δ + β0yt + β1yt−1 + ...+ βpyp−1 + vt+h (20)

where p is the amount of lags used in the model. The larger p is, the richer the model will

be, although more parameters need to be estimated.

h refers to the lag that is most probable to be predicted incorrectly. Hamilton states that

in financial and macro time series, the standard time horizon should be two years. Thus, for

instance, if we want to estimate the quarterly business cycle, h should be equal to 8.

An important remark that Hamilton makes in his paper is that ”both h and p must be

multiples of numbers of samples from a single year for a data with seasonality” Hamilton

(2017). Thus, for instance, and following the author’s remarks, for quarterly data p should

be equal to 4, while h should be equal to 8.

Hamilton (2017) highlights two main reasons why the HP filter should not be used:

• The HP filter creates time series with spurious relations that are not based on the data

that is being processed.

• Values filtered at the end of the sample usually show spurious dynamics. In addition,

they differ with those values obtained in the middle of the sample.

He continues stating that the main objective of the HP filter is detrending time series.
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The main example of a time series process that is used to test the effectiveness of the HP

filter is a random walk. Theory suggest that certain economic variables should all follow a

random walk pattern. For instance, see Samuelson (2015) for future prices or Fama (1965)

for stock prices. However, a number of studies have claimed deviations from a random walk

pattern in certain time series. In addition, authors as Balcilar et al. (2015) have claimed that

a random walk is extremely hard to beat and, therefore, for certain time series, there is no

reason to use the HP filter.

Hamilton (2017) theoretically explains his critics, using the cyclical component formula

for the HP filter:

ct =
λ(1− L)3

F (L)
εt (21)

εt follows a random walk pattern, but ct does not. This is, according to Hamilton (2017),

highly predictable. Moreover, F(L) and L are solely dependent on λ, which means that the

patterns of the cyclical component ct rely on the HP filter’s term that control for the smooth-

ness, and it does not reflect any true dynamics of the data sample.

4 Empirical evidence

Since the publication of his seminal paper, Okun (1962), Okun’s law has been tested in nu-

merous occasions by a number of authors. As described previously, authors have modified

and adapted Okun’s original model to test for specific features of a country’s economy. Next,

I will review some examples.

Firstly, I will discuss the asymmetry in Okun’s law. In 2001, Harris et al. (2001) suggested

different reasons why testing for asymmetry would be of much interest: If asymmetry is not

taken into account, it will certainly lead to forecasting inaccuracy. Furthermore, asymmetry

hypothesis rejection would be helpful for stabilization and structural policies and ff the rela-
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tionship between unemployment and output results asymmetric, it may imply that the Phillips

curve may also be asymmetric.

To work with said asymmetry, Silvapulle et al. (2004), tested Okun’s law using data from

the USA for the post-war period and the distributed time lag model (previously discussed).

In their paper they explain that they had two different estimation methods in mind; OLS in

the case that no outliers where found in the response variable or the M-estimators3 in case

there were. Their results suggest that there were outliers in the response variable, which

meant that the estimation methods chosen were M-estimations.

Their results suggest that Okun’s law coefficients for the post-war period in the USA differ

when cyclical output cycles are positive or negative. When the output gap is negative rather

than positive, the return of unemployment to output is stronger, suggesting asymmetry is

present. These results differ from those found in Weber (1995) and Moosa (1999), which

were based in symmetric models.

Beaton (2010) investigated Okun’s law cohesion for Canada and United States using the

previously discussed time varying parameter (TVP) approach. For the United States, he

used data on output and unemployment ranging from the first quarter of 1948 until the sec-

ond quarter of 2009, while for Canada, a shorter period was used, from the first quarter of

1961 until the second quarter of 2009. In order to be able to compare the results obtained

by the TVP model with those that already existed from previous literature, he estimated the

model through the following methods. To begin, he first estimated the model using OLS

estimators. To follow, he tested the stability through a Quandt likelihood ratio (QLRT )4 us-

ing rolling regressions and and a split-sample estimation. Finally, the model was estimated

by TVP and all the results where compared. The results obtained by OLS suggest that

Canada’s short-run Okun coefficients is equal to -0.16, whilst in the long run he obtained a

greater coefficient equal to -0.31. For the United States, results suggest a closer relation-

ship between output and unemployment. According to Beaton (2010), one percentage point
3Robust estimation used in the presence of outliers, when the data does not follow a normal distributions or

in the case of extreme observations
4Alternative version of the Chow test that uses the greatest F-statistic value that is obtained when conducting

an ordinary Chow test on a certain data range
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decrease in output will result in a 0.23% and in a 0.39% increase in the unemployment rate

in the short-run and long-run respectively.

When testing for Okun’s law stability, the author determines that in both Canada and the

United States, Okun’s law has suffered changes over time. The QLTT suggests two struc-

tural breaks, taking place in 1979 and 1985 for Canada and in 1974 and 1983 in the case

of the United States. The author suggests that the cause may well be the oil shocks from

the 1970s. The rolling regression results indicate a similar conclusion. Specifically, in the

case of Canada, from the late 70s until the early 80s,the absolute value of the short-run and

total Okun’s law coefficients increased. In the case of the United States, results point out a

higher volatility in the relationship between output and unemployment rate. This relationship

weakened between the late 60s and early 70s, and became stronger during the second part

of the 70s, 80s and early 90s. Furthermore, referring to the United States, volatility derives

into asymmetry in Okun’s law. Specifically, the response of the unemployment rate to out-

put variations tends to be greater over recessionary periods than over expansionary.TVP

model results, however, suggest that Okun’s law is more stable than the results suggested

by rolling regressions. One of the reasons that the author brings up is the fact that rolling

regressions estimations, as a result of the small sample size used, might overstate the effect

caused by more recent observations. Following the TVP estimation, the author concludes

that an increase in 1% in unemployment will result in a 2.6% and a 2% decrease in output

in Canada and the United States, respectively.

Kim et al. (2014) tested Okun’s law for several East Asian countries over the period 1986-

2011. To do so, they used a time-varying version of the gap and first difference models, as

these are able to capture the time variation parameter of Okun’s coefficient. It is specified

as follows:

yt − y∗t = β0 + β1(yt−1 − y∗t−1) + dtΥ+ β2(t)(ut − u∗t ) + εt (22)

where terms ut, yt, u∗t and y∗t refer, respectively, to the real unemployment rate, output, nat-
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ural rate of unemployment and potential level of output. β2(t) denotes Okun’s time-varying

parameter, the effect that unemployment variation rate has on the variation rate of real output

over time. dt refer to a mx1 vector of dummy variables at time t, while (ut−u+t ) and (yt−y∗t )

refer to the unemployment gap captured by cyclical unemployment and output gap captured

by cyclical level of output, respectively. In order to obtain variables u∗t and y∗t , the authors

used the HP filter discussed in section 3.1.1. To estimate the model, authors used maximum

likelihood estimators, as OLS estimates are inefficient of heteroscedasticity is present.

Other than Singapore, results show a very significant negative relationship between real

GDP and unemployment rate over the whole time period. The authors suggest that this

might be due to different economic situations between countries. In the case of Japan,

when its economy was in an expansion state, small variations in unemployment rate had a

greater impact on the economy in comparison to a recessionary period. In Korea’s case,

Okun’s coefficients follow the same trend as its real GDP. The authors suggest that this is

due to the stability of unemployment in the country. This effect implies that when the econ-

omy goes through a recession, the effect that unemployment has on output is greater than

when it is expanding. On the other hand, Singapore’s and Hong Kong’s Okun’s coefficients

follow unemployment rate trend rather than GDP’s.

Especially among young people, unemployment rates across several European countries

have become a significant issue. Dunsch (2016) analyzes it in Germany and Poland. To

do so, she uses two different estimation methods. Firstly, she regresses the First Difference

model via OLS. Next, she constructs a balanced panel for both Germany and Poland in

order to solve the problem of scarce observations available for OLS estimation. To solve this

panel, least squares dummy variable model (LSDV) is used for Germany and Poland:

∆ujt = β0jAj + βjAjGDPgrowtht + εjt (23)

where Aj is a dummy variable referring to different age groups. Results validate the negative

relationship assumption between unemployment and output in both countries and among all

age groups. Specifically, in the case of both Germany and Poland, it is found that Okun’s
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coefficient is greater, in absolute terms, among young people than for any other age group,

meaning that this age group’s sensitivity to business cycles is larger.

A relevant point that must be discussed is whether Okun’s law is validated for any econ-

omy, no matter whether advanced or developing. Ball et al. (2019) analyze this situation,

using IMF’s World Economic Outlook criteria to determine which economies are considered

advanced and which developing. To check this hypothesis, the authors used both the First

difference model, explained in eq. (1) and the variations of the Gap model explained in equa-

tions (3) and (4). To determine the trend of output, employment and unemployment rate and

labour force, they used the HP filter. After estimating the models, they came to the follow-

ing conclusions: Labour markets appear to be more responsive to fluctuations in output in

developed economies rather than in developing economies. As an example, the variation of

unemployment rate with respect to output is of about -0.2 for developing economies, while

for developed economies is of about -0.4. Moreover, significant heterogeneity is found in

Okun’s coefficient for developing economies, similar to the results fromBall et al. (2013). To

finish, they show that Okun’s coefficients are, on average, approximately half as big in de-

veloping economies as in advanced economies.

To finish, we should ask ourselves if economists are consistently able to predict Okun’s law

coefficients correctly. Pierdzioch et al. (2011) tried to analyze this suggestion using various

sets of data obtained from surveys carried out by the Consensus Economic Inc. These

surveys are conducted in a monthly basis and, therefore, economists’ predictions will be

more uncertain in January and much more precise in December, at the end of the year.

As a result, two estimations are carried out over two different months, January and April.

Assuming that growth rate of real potential output and unemployment rate are constant, the

authors used the following version of Okun’s law, suggested by Moosa (1999):

Et,i[ut+1]− ut = α+ βEt,i[∆yt+1] + εt,i (24)

where Et,i and ∆yt+1 refer to the prediction in time t of economist i and the growth rate in
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year t+1 of real output, respectively. α, the intercept term, is expected to be positive, while β,

the slope coefficient, is expected to be negative. Eq. (24) is estimated by fixed effects, and

via a F-test, it is tested whether the null hypothesis of identical constant for all economists

participating in the survey can be rejected.

Results for the January estimation suggest a negative Okun coefficient, with a very simi-

lar magnitude to the one reported previously by various authors, excluding the United States

coefficient, which is slightly smaller than those reported previously. However, comparisons

of Okun’s coefficients reveal a considerable variation between G7 countries. For instance,

the largest coefficient estimated corresponds to the United Kingdom, -0.34, while the small-

est is found in Japan, -0.11. The fact that the smallest coefficient is found in Japan goes in

line with previous estimations.5. On the other hand, one explanation of the largest coefficient

being found in the United Kingdom may lay on the flexibility of its labour market. Accord-

ing to Moosa (1999), the British labour market is the least regulated labour market of the

European Economic Area (from which the UK was previously part). As a result, it is a very

flexible labour market, which allows employers to reduce or expand their workforce during a

recessionary or booming economic period.

Results from the forecast conducted over the month of April do not differ much. Okun’s

coefficient has, as expected, a negative sign and, with the exception of Germany, is statis-

tically significant in every other country. However, United Kingdom’s coefficient is no longer

the largest. Canada’s, France’s and the United States’ coefficients are bigger in absolute

terms. Japan’s coefficient, on the other hand, is still the smallest.

Figure (1) summarizes the bibliography review:

5See Moosa (1999) or Freeman (2001)
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5 Data description

To test Okun’s law, I have chosen data from the G7 group of countries, as well as Spain. I

believe these 8 countries’ output and labour market are remarkably different, hence it will be

of much interest to test whether Okun’s law holds. Data was extracted from the WorldBank

database and ranges from 1971 to 2020, which will give an approximation of the way in

which Okun’s law has varied over time.

Unemployment data is calculated as the percentage share of total labour force that is

without a job but available for and seeking employment, while output data will be proxied

by the real GDP, in constant 2015 US dollars. Data for both output and unemployment was

modified, and two new variables were obtained; unemp.chg and y.pct.chg, ut − ut−1 and
GDPt−GDPt−1

GDPt−1
∗ 100 respectively.

Table (1) shows a summary of the main statistics of unemployment and the growth of real

GDP from 1971 to 2020. The analyzed group of countries show an average GDP growth

of 2.12%. On average, unemployment rates were 7.99%. However, the trends exhibited by

the group of countries is significantly heterogeneous. For instance, Spain shows is one of

the fastest growing economy on average, 2.3%, but it also shows the highest unemployment

rate, 14.92%. The lowest unemployment rates on average are shown in Japan, 1.2%, while

Spain shows the highest rates on average, 26.09%, peaking during the crisis.

In this paper, I employ time series methods. Okun’s coefficient is estimated by a long-

run relationship model and the gap model proposed by Okun (1962). The gap model is

estimated by its dynamic versions. To do so, first I estimated the model including two lagged

output variables in the right hand side of the model. Then, to the previous model, I also

included two lagged unemployment variables, which account for possible delays int he re-

sponse of cyclical unemployment to output. The GDP trend and natural rate of unemploy-

ment are not observable variables, hence I use the Hamilton filter in order to de-trend the

data. Figure (2) and Figure (3) are two examples that show the real GDP trend and unem-

ployment trend over the last 50 years, calculated using Hamilton filter.
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Figure 2: USA’s GDP Hamilton filer

Own elaboration

Figure 3: French unemployment Hamilton filter

Own elaboration

Before starting with the regressions, I conduct a unit root test on the variables included in

the model. To do so, I use the Augmented Dickey-Fuller Unit Root Test , the Elliot, Rothen-

berg and Stock Unit Root Test and the Phillips-Perron Unit Root Test. Table (2) shows the

results obtained. According to the three tests, the null hypothesis can be rejected for both

variables in most countries at a significance level of 5 %. Therefore, variables are stationary.

The only exceptions are found in the Philips Perron test for Canada, Germany and Spain.

This may be due to missing data.
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6 Empirical results

6.1 Long run relationship

To start, I estimate a long-run relationship between unemployment and output:

Table 3: Long-run estimation
Okun Coeff.

Canada -4.87***
France -1.82*
Germany -2.38***
Italy -1.36**
Japan -1.05**
USA -4.33***
UK -4.78***
Spain -1.98*
Avg Adj. R2 0.401

Note: ”***”,”**” and ”*” indicate
a 1%, 5% and 10% significance
level. Own elaboration.

I find a great heterogeneity between countries, as stated previously, in line with the vast

majority of literature. Coefficients vary from -1.05 in Japan to -4.87 in Canada. All of them

are significant at, at least, 10%. The average R2 is equal to 0.4, which is considerably good.

However, regressing the previous model with structural breaks will help us determine

when and whether there has been an abrupt change in Okun’s coefficient. The standard lin-

ear regression model assumes that variation does not exist among observations. However,

in most cases, variation is present, and it plays a relevant role in time series analysis.

Bai and Perron (1998) suggest two different breakpoints estimation methods; Global

maximization and Sequentially determined breakpoints. In this paper, I use the latter. The

procedure is as follows:

To start, I perform a test of parameter consistency on the full sample. I test for break-

points in each sub-sample, and add a break-point whenever a sub-sample null is rejected.

The procedure is repeated until the maximum specified number of breakpoints is reached.

To finish, a refining is performed to re-estimate breakpoints that may be obtained from a
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sub-sample containing multiple breaks.

For each country, two structural breaks are found. Table (4) shows the years in which

these happened and the Okun’s coefficients estimated during these periods. Okun’s co-

efficients are significantly close to those expected. Japan consistently shows the lowest

coefficients, while the English speaking countries show the highest.

To further show the structural breaks, figure(4a) and figure(4b) show the residuals of the

estimation for the UK and the USA, respectively.
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Figure 4: Structural breaks
(a) Residuals for the UK

Own elaboration.

(b) Residuals for the USA

Own elaboration.

Table 4: Structural breaks estimation
Structural breaks Okun coeff.

T1 T2 α1 α2 α3

Canada 1996 2006 -1.57** -2.16** -2.37*
France 1981 1997 -2.34* -1.95* -1.15**
Germany 1983 2005 -2.78*** -1.77* -1.04*
Italy 1978 2001 -1.57** -2.53* -3.07
Japan 1981 2005 -1.02*** -1.27* -1.57**
USA 1999 2010 -2.68** -3.72* -4.51**
UK 1986 1999 -2.88** -3.59* -4.31***
Spain 1983 2004 -1.51* -2.25*** -3.07**

Note: Table shows values of Okun’s coefficients and years in which there is a
structural break. ”***”,”**” and ”*” indicate a significance level of 1%, 5% and
10%, respectively.Own elaboration.

The negative relationship between output and unemployment is present in every struc-

tural break. For every country, Okun’s coefficient has increased after every structural break,

with the exception of France and Germany. These countries undertook extensive labour

market reforms from 1995 to 2005, which might explain the reason why the coefficient did

not become larger. In fact, one structural break found for Germany happened in 2005 and

for France in 1997, exactly when the reforms were undertaken. This may lead to believe that

these two countries experience jobless growth, the fact that unemployment rate can be low-

ered without any substantial growth in GDP. Moreover, we can find a relationship between
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the average level of unemployment and the estimated Okun’s coefficient: in countries with

a higher unemployment rate, it fluctuates more with respect to variations in output, hence a

higher Okun’s coefficient is obtained, as it is the case of Spain or Italy. In the case of Spain,

a growing Okun’s coefficient may also be explained by the high incidence of temporary con-

tracts. The labour market reforms undertaken in the 80s made it simpler for employers to

employ workers on fixed-term contracts, without any employment protection, which is guar-

anteed for permanent workers. Over the last two decades, this type of contracts have ac-

counted for about a third of Spanish employment. Temporary contracts reduce the difficulty

for firms to adjust unemployment levels when output varies, increasing Okun’s coefficient.

6.2 Gap & Auto-regressive distributed lag Gap model

Secondly, I estimated Okun’s law using the original Gap version proposed by Okun (1962)

in his seminal papers, in which he introduced two lagged output variables:

Ut − U∗
t = α+ β0(Yt − Y ∗

t ) + β1(Yt−1 − Y ∗
t−1) + β2(Yt−2 − Y ∗

t−2) (25)

where Y* and U* are estimated using the Hamilton filter and the β coefficients refer to

the lagged and current value of the output gaps.

Table (5) shows the results obtained by the regression. The fit is considerably good, with an

R2 over 0.35 for all countries except for Canada and the USA. Compared with the previous

model, the average R2 marginally increases to 0.44, while the average Okun’s coefficient is

-0.279.

The same heterogeneity between countries’ Okun’s coefficient is observed when esti-

mating the Gap model. In this case, Okun’s coefficient varies from -0.153 in Japan to -0.401

in the USA.
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Table 5: Gap version of Okun’s law

(Okun´s coefficient)
β0 + β1 + β2

Adj R2

Canada -0.307**
(0.067)

0.296

France -0.265**
(0.203)

0.394

Germany -0.168***
(0.076)

0.613

Italy -0.296**
(0.186)

0.357

Japan -0.153***
(0.076)

0.421

USA -0.401**
(0.127)

0.395

UK -0.374**
(0.042)

0.491

Spain -0.267***
(0.061)

0.563

Note: Table shows estimated coefficients. Stan-
dard error are shown in parenthesis. ”***”,”**” and
”*” indicate a significance level of 1%, 5% and 10%,
respectively. Own elaboration.
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Even though most literature supports the validity of Okun’s law, Okun’s coefficient’ magnitude

vary greatly depending on the model specification, and it seems to vary with time. Hence,

and following Obst (2022), I estimate an auto-regressive lagged gap model, in which I include

the lagged dependent variable as follows:

Ut−U∗
t = α+β0(Yt−Y ∗

t )+β1(Yt−1−Y ∗
t−1)+β2(Yt−2−Y ∗

t−2)+ρ1(Ut−1−U∗
t−1)+ρ2(Ut−2−U∗

t−2)

I tried to keep the model as simple as possible. Hence, I only included two lags of the

dependent variable, the unemployment gap, as well as two lags of the output gap. As I

included lags of the dependent variable, the long run effect will be given by the Long Run

Multiplier (LRM) which can be defined as:

LRM =
∑n

i=0 β̂
1−

∑n
i=0 ρ̂

This model has two main advantages with respect to the previous estimation methods

(Obst (2022)). Firstly, it addresses the issue of serial correlation, unlike the Gap and long-run

relationship estimations. Secondly, it controls, in an indirect way for any other explanatory

variables that might affect unemployment in period t with a delay. The latter, is a widely

discussed issue. Silvapulle et al. (2004), for instance, discussed this fact addressing that

Okun’s law simple version usually presents time variation as a result of various reasons, such

as asymmetric adjustments over different business cycles and to the addition of explanatory

variables to the regression analysis (e.g variations in the labour market). In my estimation

of the model, these factors are indirectly controlled by the inclusion of the lagged effects of

both output and unemployment gaps.

To test for serial correlation, I conducted the Breusch-Godfrey test, as the Durbin-Watson

test is not applicable for this model, as I included lagged values of the dependent variable in

the model. Table (6) shows the results obtained:
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Table 6: Auto-correlation test

Breusch-Godfrey test

Canada 0.3251
France 0.2694

Germany 0.5575
Italy 0.5589

Japan 0.2013
USA 0.6446
UK 0.5720

Spain 0.2013

Note: Own elaboration. Table shows p-values
obtained by the test.

Breusch-Godfrey test uses the following hypotheses:

• H0: There is no auto-correlation at any order smaller than or equal to ρ.

• H1: There is auto-correlation at some order smaller or equal to ρ.

Therefore, from the output, we can conclude that auto-correlation does not exist among

the residuals at any order smaller or equal to ρ = 2.

Once discussed the auto-correlation issue, I can continue describing the results obtained

by the auto-regressive lagged Gap model. Table (7) summarizes the estimation results.The

fit increases substantially compared to the previous model, with an average R2 of 0.60.

Hence, it appears to be a more fair representation of Okun’s law than the basic model. In

general, countries that showed a low R2 in the Gap model, in the auto-regressive model

show a significant higher value, as Canada (0.296 to 0.583) or Italy (0.357 to 0.636). Thus,

an important remark to make is that, even though the Gap model model included two lagged

variables of the output gap, it showed a poorer fit than the auto-regressive Gap model. The

average Long Run Multiplier is barely the same as that obtained in table (5). The average

Okun’s coefficient is -0.258, which indicates a drop of about 0.3% in unemployment if output

increases by 1%. Thus, results are close to the expected size of Okun’s coefficient. On the

other hand, and in line with Kim et al. (2014) and Pierdzioch et al. (2011), Japan shows the
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lowest coefficient (-0.08), while as expected, USA shows the largest coefficient (-0.472) with

a R2 equal to 0.77. These results are significantly similar to those obtained by Ball et al.

(2013), who estimated an Okun’s coefficient oscillating between -0.4 and 0.5, with an R2 of

0.8.

Results indicate that English speaking countries’ unemployment moves rapidly with any

change in GDP. Hence, for policy implications, this group of countries are more likely to

mitigate unemployment enhancing GDP growth through monetary easing or expansionary

fiscal policies. On the other hand, the labour market of countries with a lower coefficient,

especially Japan, are inert and not very respondent to changes in GDP. In the case of Japan,

results lead to believe that Japanese workers have no difficulty in finding a new job when it is

terminated. Therefore, the coefficient might not be as impacted with changes in output and

unemployment. This might be one of the reasons to explain the abnormally low coefficient

obtained. Another explanation, according to Ball et al. (2013), might be Japan’s tradition of

”lifetime employment”, which makes employers hesitant to lay off workers.
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7 Conclusions

Okun’s law is a keystone in macroeconomics. Many studies focus on the output-unemployment

relationship in the short run, while a very limited number of papers opt for a dynamic ver-

sion of Okun’s law model (see Ball et al. (2019)). However, most of these scarce number of

papers focus on the USA. Hence, to study the dynamic version of Okun’s law in European

countries (as well as North American and Asian) is of much interest. Furthermore, contrary

to most of the previous literature, this paper includes data from the global financial crisis

and the COVID-19 crisis, two shocks affecting both output and unemployment. The empiri-

cal analysis conducted in this paper supports the negative relationship between output and

unemployment.

Two of my model specifications use the GDP trend and the natural trend of unemploy-

ment.These are not observable variables, hence a filtering method needs to be used. His-

torically, the BN filter, the HP filter or the Kalman filter have been used to estimate these

variables. However, and following the publication of Hamilton (2017), the Hamilton filter is

the most appropriate filtering method. Thus, this is the method used in this paper to obtain

the real GDP trend and the natural trend of unemployment over the last 50 years.

To address the issues that may arise when analysing time series, I conducted several

tests on the variables included. First, in order to tests the stationarity of the variables, I

conducted three different unit root tests; the Augmented Dickey-Fuller Unit Root Test , the

Elliot, Rothenberg and Stock Unit Root Test and the Phillips-Perron Unit Root Test. After

performing these tests, I concluded that the variables included in the models are stationary.

Furthermore, variables were tested for auto-correlation too. As I included lagged values

of the dependent variable in the auto regressive lag Gap model, I conducted the Breusch-

Godfrey test. Results showed that auto-correlation does not exist among the residuals at

any order smaller or equal to ρ = 2.

Analyzing the results obtained by the regressions, Spain and the G7 countries show

that Okun’s law is an undergoing regularity. Based on the long run estimation, coefficients

lie between -1.05 in Japan to -4.87 in Canada. Nevertheless, the average Okun coefficient

obtained across every country is -2.82, significantly close to the latest rule of thumb originally
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proposed by Okun (1962).

When regressing the previous model with structural breaks, I find that from 1971 to 2020

there have been two structural breaks for every country. Analyzing the evolution of the

coefficient before and after the breaks helps me determine the way in which the labour

market of each country behaves, and sheds some light on the reasons why we observe

such a high heterogeneity between countries.

On average, following a 1% output increase, unemployment decreases by 0.279% based

on the original Gap model, including two output lags, and 0.258% according to the auto-

regressive lag Gap model. Therefore, results hold robust among the various models applied

in this paper and are, quantitatively, notably similar to those obtained by most recent litera-

ture. Furthermore, when analyzing the fits of the models, I find that the auto-regressive lag

Gap model is the most fair representation of Okun’s law, with an average R2 of 0.6. Once

again, this is in line with recent literature, as Obst (2022) suggested. English speaking coun-

tries’ (Canada, USA and UK) Okun’s coefficient estimation is closer to the original finding of

Okun, -0.392, -0.472 and 0.389 respectively while, on the other hand, estimations for Spain,

Japan and France are slightly further from Okun’s estimated values.

To finish, a possible fruitful avenue of future research to find an explanation for the het-

erogeneity of Okun’s coefficient between countries is to refer to the main features of their

labour market. It will be interesting to test whether, for instance, if the amount of tempo-

rary workers has an impact on the country’s Okun coefficient, including variables to capture

this effect. Countries with high Okun’s coefficients (e.g USA) or lower values (e.g Japan)

are specially interesting topics for future research. A further analysis may include different

explanatory variables, as the educational features of the country, for instance, which might

be able to capture the skilled and unskilled unemployment rate variations. Another possible

area of interest for future research may include a sector-based analysis. This could include

an examination of the structural change among different industrial sectors, as a reason that

may explain the heterogeneous behaviour of Okun’s coefficient among countries.
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8 Appendix

8.1 Appendix A: Hamilton filter GDP

Figure 5: Canadian GDP Hamilton filer

Note: No data available for the first 25 years. Own elaboration.

Figure 6: French GDP Hamilton filer

Own elaboration.
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Figure 7: German GDP Hamilton filter

Own elaboration.

Figure 8: Italian GDP Hamilton filter

Own elaboration.

Figure 9: Japanese GDP Hamilton filter

Own elaboration.
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Figure 10: UK’s GDP Hamilton filter

Own elaboration.

Figure 11: Spanish GDP Hamilton filter

Own elaboration.
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8.2 Appendix B: Hamilton filter Unemployment

Figure 12: Canadian unemployment Hamilton filter

Own elaboration.

Figure 13: German unemployment Hamilton filter

Own elaboration.
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Figure 14: Italian unemployment Hamilton filter

Own elaboration.

Figure 15: Japanese unemployment Hamilton filter

Own elaboration.

Figure 16: UK’s unemployment Hamilton filter

Own elaboration.
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Figure 17: USA’s unemployment Hamilton filter

Own elaboration.

Figure 18: Spanish unemployment Hamilton filter

Own elaboration.
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8.3 Appendix C: First difference model

Given that the variables included are stationary, it does not make sense to estimate a first dif-

ference model, as it will be over-differentiated and its variance will become greater. Despite

this fact, below I show the results I obtained:
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