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1 Introduction

Few statistical relationships have been as popular among academics and pol-
icy makers alike as the Okun’s law. Named after Arthur Okun (1963), this
statistical relationship links the change in unemployment rate to GDP growth
showing that on average a 2% to 3% of GDP growth decreases unemployment
by one percentage point. The parsimony, simplicity and empirical regularity
of the Okun’s law are very appealing for policy makers and academics (Smith
1974; Freeman 2000), making it one of the pillars of mainstream economics as
pointed by Blinder (1997).

The aim of this paper is to estimate the Okun’s coefficient for Indonesia
at the district level using a spatial panel data approach. The use of spatial
econometric techniques to compute the Okun’s law allows to calculate the
regional spillovers in the labor and goods markets, and has became a pop-
ular alternative to the more traditional time series, showing that the inter-
action with neighbors in the form of trade, migration and commuting in a
well integrated market is very important to determine the Okun’s coefficient
(Montero Kuscevic 2014; Villaverde and Maza 2021). However, Indonesia’s
regions pose a particular challenge in the definition of neighbors. With more
than 15,000 island, the country is the largest archipelago in the world, having
regions that do not share physical borders among them, and are completely
surrounded by water. This singular geography raises questions about the la-
bor and goods market spillovers, as well as the regional integration within
the boundaries of the country.

This paper makes two contributions to the existing Okun’s literature. First,
it uses a novel approach to define neighboring regions in the Okun’s law con-
text. Traditionally, neighbors have been defined as regions that share a com-
mon physical border such as states in mainland USA. However, for regions
that do not have contiguous borders (for instance metropolitan areas) the def-
inition of neighbor becomes less clear, and researches have to resort to other
methods like k-nearest neighbors within an arbitrary threshold or inverse dis-
tance as a proxy for closeness among regions. In this paper we use a different
approach and create artificial boundaries based on Thiessen polygons. While
our results are country specific, we believe that our methodology opens a
new avenue of research within the Okun’s tradition and could be very useful
within certain type of spatial units such as cities.



. 3

Second, to the best of our knowledge, there is no spatial estimation of
the Okun’s coefficient for Indonesia at the district level. Moreover, we divide
our data into sub-samples for the east and west to account for the existing
industrial differences. Our results show the importance of this division for
policy purposes as it shows that the sensitivity of the unemployment rate
relies on the type of predominant industry.

The remainder of this paper is organized as follows. The next section fea-
tures a literature review highlighting the most relevant findings and specifi-
cation on the Okun’s law. Sections 3 and 4 make an exploratory analysis of
our data and a detailed description of the methodology, section 5 presents the
results while the last section concludes.

2 Related literature

The existing literature in the Okun’s law is vast and diverse, encompassing
different approaches, data sets, countries, and econometric techniques. In his
original paper Okun (1963) estimated the empirical relationship between the
change in unemployment rate and the percentage change in output using
quarterly data for the US over the period 1947-1960. He observed that “For
each extra one per cent of GNP, unemployment is 0.3 points lower” evidenc-
ing the existence of a three to one trade-off between these variables. Initially,
the studies of the Okun’s law circumscribed to time series analysis of an entire
country; but, new developments in the econometric theory as well as longer
data sets enabled researches to estimate this relationship in a variety of al-
ternative specifications most notably panel, spatial, and time-varying coef-
ficients (Kim et al 2021; Elhorst and Emili 2022). In this section we will cat-
egorize the most important findings from an empirical perspective that are
relevant to our research1.

The first category are those studies that follow the original “Okun’s tra-
dition”, that is, a time series analysis on a single country. It is important to
mention that initially, the focus was on the value of the coefficient and the
strength of the relationship (see Tatom (1981); Friedman and Wachter (1974);
Bishop and Haveman (1979)). Eventually, the analysis included the stabil-
ity and asymmetries of the relationship especially during periods of boom
and bust. For instance Knotek (2007); Gordon (2010); Lee (2000); Huang and

1 For a more theoretical approach see Prachowny (1993) and Attfield and Silverstone (1997).
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Chang (2005) noted that the state of the business cycle, the structural changes
and the model specification determine how stable are the coefficients. Other
studies integrated new developments in time series to perform time-varying
and non-linear estimations that generated similar results (Kim et al (2021);
Wang and Huang (2017); Cuaresma (2003). On the other hand we have those
authors who argue in favor of a robust and stable relationship, although they
acknowledge that there might be short-run deviations in the coefficients, they
conclude that there is no structural change in the relationship Sögner (2001);
Ball et al (2013); Economou and Psarianos (2016); Michail (2019).

A subdivision in this time series category is the use of multiple countries
to analyze and compare the responsiveness of unemployment to changes in
GDP among different spatial units. Kaufman (1988); Moosa (1997); Goto and
Bürgi (2021) are good examples of this type of research. In general, their con-
clusions are similar in that the unemployment rate in countries with flexi-
ble labor markets and higher productivity are more responsive to changes
in GDP. Finally, the collection of regional data allowed the analysis of the
Okun’s coefficient for regions within a country. The advantage of using vari-
ables at this level of aggregation is that the institutional differences are min-
imized, as regions share a common monetary system, legal framework and
even cultural aspects; hence, it is easier to focus on other things such as pro-
ductivity. Blackley (1991); Adanu (2005); Villaverde and Maza (2009); Yazgan
and Yilmazkuday (2009); Christopoulos (2004); Kosfeld and Dreger (2006) are
all examples of studies at the regional level. Despite the heterogeneity in their
samples (different countries, time periods and specifications) most of them
pointed at the level of industrialization, local tax policies, and demograph-
ics of the labor force as the main reasons for the observed difference in the
regional Okun’s coefficient.

The second category is panel data which has a few advantages over time
series, namely the increase in the degrees of freedom, the efficiency gains
from pooling, and the possibility to control for omitted variables at the coun-
try (regional) level Baltagi and Griffin (1997); Baltagi et al (2000). In general,
the findings are not substantially different to those found under the time se-
ries methodology. If anything, these studies confirm the existence of a robust
negative relationship between unemployment and GDP, both in the short
run, and the long run (Freeman (2001); Huang and Yeh (2013); de Mendonça
and de Oliveira (2019); Palombi et al (2015); Furceri et al (2020); Boďa and
Považanová (2020))
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The third and last category is the spatial modeling of the Okun’s law. By
explicitly adding spatially weighted variables these studies challenged the
reliability and unbiasness of the Okun’s coefficient when mechanically ap-
plied to regions within a country2. The intuition behind the spatial setup is
simple, in a well integrated labor market, urban unemployment should be
highly dependent on neighboring GDP and unemployment conditions (Mon-
tero Kuscevic (2014)); however, as it is well known, the traditional Okun’s re-
gression does not consider the effects of spillovers from nearby regions; there-
fore, while the Okun’s equation might be appropriate at the country level, it
might not necessarily capture the underlying data generating process at a
regional level. In fact, another reason to explicitly model for neighbors’ con-
ditions is that failing to do so might result in biased ordinary least squares
coefficients as shown by LeSage and Pace (2009).

Most of these studies that fall under the spatial econometric approach co-
incide in at least two findings. First, the existence of a positive and statis-
tically significant spatial correlation coefficient on the unemployment rate;
meaning that, the increase in unemployment in one region is associated with
an increase in unemployment in neighboring regions. Second, the Okun’s co-
efficient drops substantially when neighboring GDP is included in the econo-
metric modeling. Actually, the marginal effect of neighbors’ GDP is as high
(and sometimes even higher) as self GDP on the unemployment rate. These
results provide a new perspective of the relationship between GDP and un-
employment at a regional level (see Azorı́n et al (2017); Elhorst and Emili
(2022); Villaverde and Maza (2021); Almeida et al (2020)).

As shown by Basistha and Kuscevic (2017); Pereira (2014); Palombi et al
(2017) these results are driven by commuting, migration, employment changes
and integration in the market for goods and services3. From a policy perspec-
tive these results show the importance of policy coordination among geo-
graphically close regions.

To summarize, there is a consensus about the importance of the specifi-
cation to determine the Okun’s coefficient; furthermore, a rapidly growing
literature reveals the problems of using the traditional Okun’s approach for
the regional analysis, as it omits neighbor’s spillovers and interaction, this

2 Or even to countries with free labor mobility that are part of a monetary union.
3 There might be other reasons as well. Leguizamon and Montero Kuscevic (2019) show that

regional fiscal policy in the US is influenced by neighbor’s fiscal policies. This might add another
channel of interaction between.
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is especially important in markets with high labor mobility and low cultural
differences. There are certainly many other research avenues to explore in this
relationship, but we will not discuss them due to space limitations4.

3 Data

3.1 Descriptive statistics

Our original dataset consists of the annual unemployment rate and Gross
Regional Domestic Product (GRDP) for 514 districts (kabupaten and kota)
in Indonesia over the period of 2008-2020. The unemployment rate is mea-
sured as the percentage of unemployment to the number of labor force, while
GRDP is measured in constant price of 2010. We compute the change in un-
employment rate and GRDP growth for estimating the non-spatial and spa-
tial Okun’s law. As a result, our final dataset covers the 2009-2020 for the two
variables across 514 Indonesian districts and thus forms a panel of 6168 ob-
servations. We use this dataset to estimate Okun’s law for the total districts.
Then, we subset the dataset into two groups: the west and the east regions. We
follow Hill et al (2008) in defining regions for the west and east. The dataset
for the west regions covers 282 districts and makes a panel of 3384 observa-
tions. On the other hand, 232 districts are included in the dataset for the east
and constitute 2784 observations in a panel form. Both data of unemployment
rate and GRDP are collected from the Central Bureau of Statistics of Indonesia
(BPS in Indonesian acronym).

Table 1 presents the summary statistics of our variables. To closely capture
the dynamics of unemployment-output relationship, we divide the descrip-
tive statistics into three different periods: the entire period (2009-2020), pre-
crisis of COVID-19 pandemic (2009-2019) and crisis period due to the pan-
demic (2019-2020). There are a few points worth mentioning. First, a quick
glance at the table provides an initial conclusion about Okun’s law at the
country and regional levels, that is, the existence of of a negative relationship
between the changes of unemployment rate and output growth. For exam-
ple, during the pre-pandemic period, the average unemployment rate of total
districts declined by 0.25% per year and output grew by 5.83%; while in con-

4 For instance, Marconi et al (2016); Hutengs and Stadtmann (2013); Zanin (2014); Mon-
tero Kuscevic (2020) emphasize the existence of different Okun’s coefficients depending on gen-
der or age groups
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trast, the average unemployment rate surged by 1.16% and output dropped
by 1.06% per year during the pandemic period. Second, as discussed in the in-
troduction, there are noticeable distinction between the west and east regions.
For instance, the average unemployment rate is considerably lower in the
east (4.79%) compared that in the west (5.82%). At the same time, the average
GRDP growth of the eastern regions is substantially higher than the growth
rate in the west (5.86% vis-à-vis 4.75%). This regional comparison signifies the
standard theoretical concept: unemployment is lower in places where GRDP
grows faster. Third, still on the west-east difference, the negative impacts of
the COVID-19 pandemic seem to be more prevalent in the west than in the
east. Unemployment rate increased by 1.48% on average in the west, while
the increment was 0.77% in the east, almost a half of the unemployment rate
upswing in the west. Similarly, the deterioration in output was about three
times larger in the west (-1.51% per year) vis-à-vis in the east (-0.52%). Inter-
estingly, the standard deviation of the output growth in the west is signif-
icantly lower (2.13%) than that in the east (4.11%) during the same period.
These results might be a signal of discrepancies in economic structures across
districts − that shape the dispersed regional impacts of national shocks −
have been greater in the eastern region.

Table 1: Summary statistics

Variable Period Total West East
Mean Std Dev Mean Std Dev Mean Std Dev

U, %
2009-2020 5.36 3.04 5.82 3.03 4.79 2.96
2009-2019 5.34 3.07 5.78 3.05 4.80 2.99
2019-2020 5.55 2.74 6.27 2.76 4.68 2.45

∆U, % pt
2009-2020 -0.13 1.76 -0.13 1.73 -0.14 1.80
2009-2019 -0.25 1.75 -0.28 1.68 -0.22 1.84
2019-2020 1.16 1.26 1.48 1.40 0.77 0.94

∆GRDP, %
2009-2020 5.25 4.07 4.75 2.87 5.86 5.09
2009-2019 5.83 3.63 5.32 2.19 6.44 4.76
2019-2020 -1.06 3.21 -1.51 2.13 -0.52 4.11

Observations 2009-2020 6168 3384 2784

Notes: U and GRDP refer to the unemployment rate and GRDP (output),respectively.
Source: Authors’ calculation.

We also offer preliminary results from an analysis of Okun’s law, as illus-
trated in Fig 1. Overall, the scatter plots show evidence of the Okun’s law
relationship in Indonesia; changes in the unemployment rate are negatively
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connected with changes in output growth. The link applies to all districts, as
well as the western and eastern regions separately. Remarkably, these visual-
izations reinforce the west vs. east distinction: the slope of the Okun is flatter
in eastern regions. More comments will be provided in Section 5 based on the
econometric results.

Fig. 1: Non-spatial Okun’s law.

3.2 Spatial connectivity structure

We first need to define a spatial connectivity structure across Indonesia’s dis-
tricts to conduct both spatial dependence and spatial regression analyses.
This structure, known in the spatial analysis literature as the spatial weight
matrix, defines a neighborhood for each region. For this purpose, different
criteria are available. Geographical contiguity, distance thresholds, inverse
distance, and k-nearest neighbors are among the most commonly used. The
archipelago composition of Indonesia, however, constraints the usage of some
of these criteria. In particular, the geographical contiguity criteria cannot be
directly applied. Consistent with the most recent literature about spatial anal-
ysis in Indonesia (Aginta et al 2021; Miranti and Mendez 2022; Santos-Marquez
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et al 2021), we apply a Thiessen polygon structure to identify each district’s
neighbors. This criterion has the advantage that incorporates both distance
and contiguity to identify the neighbors of each region.

Fig. 2: Identification of spatial connectivity in Indonesia

Figure 2 shows how the spatial connective structure (panel b) has been
defined from the boundaries of a Thiessen polygon (panel a). The dots in the
panels indicate the centroids of each of the 514 districts of Indonesia. Admin-
istrative boundaries (panel b) in Indonesia are not entirely contiguous due to
the presence of islands. Consequently, the Queen contiguity criterion, which
is the most common method for determining geographical neighbors, is not
directly applicable. Using the computational geometry approach described
in Brassel and Reif (1979) and Aurenhammer (1991), it is possible to generate
a completely contiguous new polygon structure (panel a) from the original
administrative boundary centroids. These polygons are created by comput-
ing perpendicular bisectors between every pair of adjacent points. The recent
literature on spatial analysis refers to this connected structure and its con-
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struction framework as the Thiessen polygon approach (Anselin 2020). In the
context of this (derived) polygon structure, it is now possible to identify the
neighbors of each region as those who share a common border or a corner.
Figure 3 also applies the Thiessen polygon approach to identify the spatial
connectivity structure of eastern and western regions separately.

Fig. 3: Identification of spatial connectivity in east and west Indonesia
Notes: The identification of east and west Indonesia is based on the national plan.

4 Methods

4.1 Exploratory spatial data analysis (ESDA)

An ESDA is commonly employed in various spatial analyses to offer an ini-
tial assessment of the nature of spatial dependence observed in the data. In
short, the spatial dependence analysis combines the concept of attribute sim-
ilarity with the concept of locational similarity; that is, assessing how similar
or dissimilar the neighbors of a location are in the attribute being investi-
gated. The global spatial autocorrelation metric summarizes the degree of
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attribute and location similarity or dissimilarity, which is evaluated against
the null hypothesis of a random location. The rejection of this null hypoth-
esis indicates a spatial pattern or spatial structure, which provides further
information about the subject under investigation. Moran’s I statistic is ar-
guably the most widely used measure of global spatial autocorrelation (Cliff
et al 1981). This statistic is essentially a cross product correlation between a
variable and its spatial lag. The spatial lag is computed by means of a spatial
weights matrix W. Therefore, Moran’s I statistic captures the magnitude of
linear association of the value of a variable at one location with the spatially
lagged values, i.e., spatially weighted average of values at neighboring loca-
tions (Anselin 1995). The Moran’s I statistic at a year or point of time t is given
by

It =
N

∑n
i=1 ∑n

j=1 wij

[
∑n

i=1 ∑n
j=1 wij (Xi − X̄)

(
Xj − X̄

)
∑n

i=1 (Xi − X̄)
2

]
(1)

where wij is an element of spatial weight matrix, which contains the infor-
mation about the neighborhood structure between the states i and j. wij is
based on binary relationship; it equals one if i and j are neighbors and zero
otherwise.

4.2 Spatial regression analysis

As previously mentioned, the ESDA is a good starting point to evaluate the
observed spatial dependence in the variables of interest; however, we are
usually looking for a more in-depth understanding of the data generating
process. On this regard, the spatial regression analysis becomes very helpful
and allow us to further scrutinize the spatial interaction observed in the data.
Moreover, it also deals with two types of bias estimates, those associated with
Ordinary Least Squares and those that derive from ignoring the spatial com-
ponent of the true data generating process (i.e. omitted variable bias).

While there are many advantages of the spatial regression analysis, there
are however some caveats that we need to keep in mind, especially when in-
terpreting the estimated coefficients. Let’s take as an example the panel setup
for a standard Okun’s regression:

∆Ui,t = β1 + β2∆gdpi,t + ϵi,t (2)
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Where Ui,t is unemployment rate in province i and period t, gdp is the log
of real gross domestic product, and ϵi,t is a well-behaved error term. The
“Okun’s” coefficient in equation 2 has the standard interpretation. But, in
a well-integrated labor market with low frictions and only marginal mobility
costs, it would be reasonable to expect some sort of regional interaction in the
unemployment rate due to commuting and/or labor migration, generating a
linear relationship of the form:

∆Ui,t = ρW∆Uj,t + β2∆gdp + ϵi,t (3)

The model in equation 3 is known as the Spatial Autoregressive Model (SAR).
It has two main differences compared to the model in equation 2, namely the
coefficient rho -bounded in the (−1, 1) interval- that captures the direction
and strength of spatial correlation in the dependent variable; and the N ×
N row-normalized W weight matrix, usually though not always based on
contiguity. The weight matrix is used to construct the vector W∆U which
consist of the neighbors’ weighted average change in unemployment for each
region in a given period of time.

There are, however, two potential problems with equation 3. The first and
most evident is that OLS estimation will generate biased coefficients due to
the simultaneity in the dependent variable; but, this could be solved by the
use of maximum likelihood estimators. The second problem is the omission
of exogenous spatially autocorrelated variables that could bias our estimates.
In our case, the omission of the spatial interaction in the goods market among
regions could lead to potential bias of the coefficients5. To overcome this prob-
lem LeSage and Pace (2009) suggest the use of a Spatial Durbin Model, which
differs from the SAR model in the inclusion of spatially weighted exogenous
variables and has the following form:

∆Ui,t = ρW∆Uj,t + β2∆gdp + θW∆gdpj,t + ϵi,t (4)

Finally, while the β coefficient resemble those found in a typical OLS regres-
sion, its interpretation is completely different. In fact, it would be meaningless
to interpret the coefficients as they are, and it is needed a further decomposi-
tion to disentangle the direct and indirect effects.

5 These interactions could be due to trade, migration or commuting
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4.2.1 Direct and indirect effect

To understand the interpretation of the spatial coefficients let us rewrite equa-
tion 4 in matrix form and including region and time fixed effects:

∆U = ρWT∆U + β∆gdp + θWT∆gdp + Γt + λi + ϵ (5)

where WT = IT
⊗

W, and Γandλ are region and time fixed effect vectors. It is
easy to see in equation 5 that the variable ∆U is on both side of the equation,
hence, the interpretation of the estimated coefficient in terms of marginal ef-
fects become meaningless. However, we can rewrite 5 to obtain the DGP:

∆U = Z−1 (β∆gdp + θWT∆gdp + Γt + λi + ϵ) (6)

The last paragraph is of paramount importance to understand the inter-
pretation of the coefficients in a spatial setup. We can now define the direct ef-
fect as the average of the main diagonal elements of (IN − ρW)−1 (IN β + θW),
or the change in unemployment rate in a region i given by the change in the
GDP in the same region. By contrast, the indirect effect also known as the
spatial spillovers is the cumulative effect of the change in GDP in region i on
other states. It could be measured by subtracting the direct effect from the
total effect, that is by subtracting the average of the main diagonal elements
from average sum of the rows of (IN − ρW)−1 (IN β + θW).

5 Results

5.1 Exploratory spatial data analysis

In this sub-section we show and discuss our results from ESDA. We first doc-
ument the spatial distribution of unemployment rate and GDP in 2020 as
seen in Fig 4. It is important to note that the division of districts is generated
based on a natural breaks map that groups data using a nonlinear algorithm
to maximize within-group homogeneity, as pioneered by Fisher (1958) and
Jenks (1977). Essentially, this is a one-dimensional clustering algorithm that
determines the break points that produce clusters with the highest within-
group similarity.

Generally speaking, we see a spatial clustering pattern unemployment
rate and GDP at district level; that is, districts that belong to the same group
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are neighbors geographically. For instance, the neighbors of districts with low
unemployment rates generally also have low rate of unemployment. Sim-
ilarly, districts with high level of GDP tend to cluster mostly in the more
industrialised-western regions. All of these indicate that spatial dependence
involves in the data generating process of unemployment and GDP across
Indonesian districts.

As mentioned previously, the magnitude of spatial dependence is gener-
ally implied by the Moran’s I statistic. Therefore, we compute Moran’s I for
unemployment and GDP for each year from 2008 to 2020 using eq. 1. We fur-
ther document the evolution of spatial dependence overtime in Fig 5.

Fig. 4: Spatial distribution of unemployment and GDP
Notes: ADDyourNotesHERE
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Fig. 5: Evolution of spatial dependence
Notes: ADDyourNotesHERE

5.2 Spatial regression analysis

Table 2 presents the results of estimating equation 2 for all the 514 Indone-
sian districts, and show evidence of the the existence of an Okun’s law, that
is, a negative and statistically significant relationship between GDP growth
and the change in unemployment rate. However, the estimated values are
lower than what is usually found for other countries\regions in the empiri-
cal literature; in fact, these results are rather unusual if we consider that the
Okun’s coefficient is in absolute terms around 0.3, hence we need to delve
deeper into the data and explore the reasons behind this low sensitivity of
unemployment to changes in GDP.

Table 2: Okun’s law estimates: Non-spatial panel for all districts

Variables Pooled District Time District
OLS FE FE and time FE

GDP growth (%, yoy) -0.044*** -0.057*** 0.003 0.002
(0.005) (0.006) (0.006) (0.007)

Constant 0.098*** 0.164*** -0.317*** -0.312***
(0.036) (0.041) (0.083) (0.088)

Observations 6,168 6,168 6,168 6,168
Number of districts 514 514 514 514
R-squared 0.010 0.014 0.078 0.079

Notes: The dependent variable is the annual change in the unemployment rate of 514 dis-
tricts during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.
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As previously mentioned, there is a clear difference in per capita GDP be-
tween eastern and western Indonesian regions, besides, the productive struc-
tures are also different, with the East being more rural and agricultural, while
the West being more industrialized and technological-oriented. This is not a
minor issue, because as many authors have shown6, the industrial structure
might affect the coefficient, therefore, we divide our data into these two re-
gions with distinct industrial structure and and re-estimate equation two.

Table 3 presents the estimation of the Okun’s coefficient using only the
eastern (mostly agricultural) districts. While results show a negative relation-
ship between the variables, the coefficients are even lower than before, more
precisely, they are only one third of the coefficients estimated for all the dis-
tricts (see Table 2). Interestingly, when we use data for the western districts
the outcome is completely different. Table 4 shows that the estimated coeffi-
cients for the West are as much as three times higher than the estimates for all
the 512 districts and around eight times higher than those found for the east-
ern provinces and reported in Table 3. These results show that the relatively
low Okun’s coefficients obtained in Table 2 are mostly driven by the eastern
provinces.

Table 3: Okun’s law estimates: Non-spatial panel for East districts

Variables Pooled District Time District
OLS FE FE and time FE

GDP growth (%, yoy) -0.015** -0.020*** 0.007 0.008
(0.007) (0.008) (0.007) (0.008)

Constant -0.045 -0.018 -0.195 -0.200
(0.052) (0.058) (0.124) (0.132)

Observations 2,784 2,784 2,784 2,784
Number of districts 232 232 232 232
R-squared 0.002 0.003 0.060 0.061

Notes: The dependent variable is the annual change in the unemployment rate of 232
districts in the east during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.

The unresponsiveness of unemployment to GDP growth in the East can
be explained by the inelastic labor supply. As pointed by Jayachandran (2006)
agricultural economies with workers close to subsistence tend to have a more
inelastic labor supply; furthermore, for the specific case of Indonesia, Franken-

6 See Blackley (1991); Adanu (2005) among others
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berg et al (2003) presented evidence of an inelastic individual labor supply,
supporting the low coefficients previously reported for the East. Additinally,
agricultural employment as a share of total employment in Indonesia has
been steadily decreasing due to the mechanization of the agricultural fields
from 55% of total employment in the early nineties to 30% three decades later.
Finally, we are not taking into account the possible existence of spillovers
from/to neighboring districts in both the labor and the goods markets. Es-
timating these spillovers with the appropriate spatial models explained in
the previous section could give us a better understanding of the response of
unemployment to GDP growth.

Table 4: Okun’s law estimates: Non-spatial panel for West districts

Variables Pooled District Time District
OLS FE FE and time FE

GDP growth (%, yoy) -0.121*** -0.148*** -0.019 -0.032**
(0.010) (0.011) (0.013) (0.016)

Constant 0.441*** 0.569*** -0.329*** -0.259**
(0.056) (0.062) (0.118) (0.130)

Observations 3,384 3,384 3,384 3,384
Number of districts 282 282 282 282
R-squared 0.041 0.051 0.112 0.114

Notes: The dependent variable is the annual change in the unemployment rate of 282 dis-
tricts in the west during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.

Results in Table five show the estimation of a Spatial Durbin Model (equa-
tion 3) for all the 512 districts. The SDM reveals very interesting features of
the data that are worth mentioning. First, the spatial correlation coefficient
ρ is always positive and statistically significant meaning that regions with a
high unemployment rate are -in average- surrounded by other regions with
a high unemployment rate and vice versa, signaling the importance of the
spatial modeling in a well integrated labor market. Second, the direct effect
is negative and statistically significant showing that -as expected- an increase
in GDP in a given region is followed by a decrease in the unemployment rate
in the same region. Third, the indirect effect is also negative and statistically
significant implying that for any given district, an increase in the neighbors’
average GDP is associated with a decrease in unemployment rate in the said
district. Finally, the total effect, which for our purposes is the real Okun’s co-
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efficient, is also negative and statistically significant, but more importantly, it
is at least twice the size of the coefficient found in table two.

Table 5: Okun’s law estimates: Panel Spatial Durbin Model for total districts

Variables No FE District FE District and time FE
GDP growth (%, yoy) -0.009 -0.011 0.003
WGDP growth (%, yoy) -0.068*** -0.089*** -0.008
ρ 0.241*** 0.226*** 0.142***
Direct effect -0.012** -0.015** 0.003
Indirect effect -0.090*** -0.115*** -0.009
Total effect -0.102*** -0.130*** -0.006

Notes: The dependent variable is the annual change in the unemployment rate of 514 dis-
tricts during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.

Tables 6 and 7 show the results of estimating an SDM for the eastern and
western districts respectively. Just as with table five, the ρ coefficient is pos-
itive and statistically significant, however the spatial dependence is higher
in the West indicating more integrated markets than the eastern districts, a
result that confirms our results in the exploratory data analysis and summa-
rized in figure 5. The total effect is also higher in the western districts corrob-
orating our previous findings that unemployment is more responsive in the
West than in the East. It is remarkable that the Okun’s coefficient for the West
under the SDM is now closer to what is usually found in the literature.

Table 6: Okun’s law estimates: Panel Spatial Durbin Model for East districts

Variables No FE District FE District and time FE
GDP growth (%, yoy) -0.004 -0.005 0.007
WGDP growth (%, yoy) -0.039*** -0.050*** 0.013
ρ 0.157*** 0.148*** 0.035
Direct effect -0.005 -0.007 0.007
Indirect effect -0.046*** -0.058*** 0.014
Total effect -0.051*** -0.064*** 0.021

Notes: The dependent variable is the annual change in the unemployment rate of 232 dis-
tricts in the east during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.

A common result in our estimations is the large size of the indirect effect,
which in fact is always larger -in absolute terms- than the direct effect. This
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apparently odd result is quite common in the spatial Okun’s specifications
and is explained by the systematic interconnection in the labor and goods
markets. In other words, our results indicate that the unemployment rate in
any given district is heavily dependent on the national labor market condi-
tions as well as on the national business cycle.

Table 7: Okun’s law estimates: Panel Spatial Durbin Model for West districts

Variables No FE District FE District and time FE
GDP growth (%, yoy) -0.013 -0.01 -0.003
WGDP growth (%, yoy) -0.120*** -0.145*** -0.068**
ρ 0.273*** 0.256*** 0.179***
Direct effect -0.019 -0.018 -0.005
Indirect effect -0.163*** -0.191*** -0.081**
Total effect -0.182*** -0.209*** -0.086***

Notes: The dependent variable is the annual change in the unemployment rate of 282 dis-
tricts in the west during 2009-2020 period. Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. Source: Authors’ estimates.

6 Concluding remarks

In this study we estimated the Okun’s Law for Indonesian districts over the
period 2009-2020. Given the geographical isolation of the spatial units in the
archipelago, we defined the relevant neighbors using Thiessen polygons in-
stead of the more popular inverse distance. This novelty in an Okun’s setup
allow the use of spatial units that do not necessarily share a common geo-
graphical border such as cities or metropolitan areas.

Overall, our results reveal the existence of an Okun’s relationship in In-
donesian districts. However, when the data is split into eastern and western
districts, the Okun’s coefficient appear to be considerably higher in the more
industrialized western districts than in the more agricultural eastern regions,
providing support to the the hypothesis that agricultural economies have a
more inelastic labor supply.

Additionally, our results using Spatial Durbin Models detected the pres-
ence of a positive spatial correlation in unemployment and a high depen-
dence of unemployment to neighboring conditions. These results have im-
portant policy relevance as they imply the need for policy coordination among
districts.



20 .

References

Adanu K (2005) A cross-province comparison of Okun’s coefficient for Canada. Applied Eco-
nomics 37(5):561–570

Aginta H, Miranti C, Mendez C (2021) Regional economic growth convergence and spatial
growth spillovers at times of covid-19 pandemic in indonesia. In: et al RB (ed) Regional
Perspectives of Covid-19 in Indonesia, IRSA Press, Yogyakarta, chap 3, pp 266–290

Almeida A, Galiano A, Golpe AA, Martı́n JM (2020) Regional unemployment and cyclical sensi-
tivity in Spain. Letters in Spatial and Resource Sciences 13(2):187–199

Anselin L (1995) Local indicators of spatial association—LISA. Geographical analysis 27(2):93–
115

Anselin L (2020) Distance-Band Spatial Weights. URL https://geodacenter.github.io/

workbook/4b_dist_weights/lab4b.html

Attfield CL, Silverstone B (1997) Okun’s coefficient: a comment. Review of economics and statis-
tics 79(2):326–329

Aurenhammer F (1991) Voronoi diagrams—a survey of a fundamental geometric data structure.
ACM Computing Surveys (CSUR) 23(3):345–405

Azorı́n JDB, et al (2017) Output growth thresholds for the creation of employment and the re-
duction of unemployment: A spatial analysis with panel data from the spanish provinces,
2000–2011. Regional Science and Urban Economics 67:42–49

Ball LM, Leigh D, Loungani P (2013) Okun’s law: fit at fifty? Tech. rep., National Bureau of
Economic Research

Baltagi BH, Griffin JM (1997) Pooled estimators vs. their heterogeneous counterparts in the con-
text of dynamic demand for gasoline. Journal of Econometrics 77(2):303–327

Baltagi BH, Griffin JM, Xiong W (2000) To pool or not to pool: Homogeneous versus heteroge-
neous estimators applied to cigarette demand. Review of Economics and Statistics 82(1):117–
126

Basistha A, Kuscevic CMM (2017) The role of spatial gdp spillovers in state-level okun’s law.
Letters in Spatial and Resource Sciences 10(3):353–360

Bishop J, Haveman R (1979) Selective employment subsidies: can okun’s law be repealed? The
American economic review 69(2):124–130

Blackley PR (1991) The measurement and determination of okun’s law: Evidence from state
economies. Journal of Macroeconomics 13(4):641–656

Blinder AS (1997) Is there a core of practical macroeconomics that we should all believe? The
American Economic Review 87(2):240–243
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Sögner L (2001) Okun’s law does the austrian unemployment–gdp relationship exhibit structural
breaks? Empirical Economics 26(3):553–564

Tatom JA (1981) Capital utilization and okun’s law. The Review of Economics and Statistics pp
155–158

Villaverde J, Maza A (2009) The robustness of okun’s law in spain, 1980–2004: Regional evidence.
Journal of Policy Modeling 31(2):289–297

Villaverde J, Maza A (2021) The role of spillovers in okun’s law: Empirical evidence from spain.
Panoeconomicus 68(4):507–530

Wang X, Huang HC (2017) Okun’s law revisited: a threshold in regression quantiles approach.
Applied Economics Letters 24(21):1533–1541

Yazgan M, Yilmazkuday H (2009) Okun’s convergence within the us. Letters in Spatial and Re-
source Sciences 2(2):109–122

Zanin L (2014) On okun’s law in oecd countries: An analysis by age cohorts. Economics Letters
125(2):243–248


