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Abstract
This paper estimates the causal effect of two commodity shocks suggested by the Dutch
Disease hypothesis on the tradable manufacturing sector: giant oil discoveries as a
resource discovery shock, and oil price boom and bust as a commodity price shock.
Using panel analysis, we compare between countries that have discovered giant oilfields
to countries that have not during 1962-2008. Recent literature on the Dutch Disease
indicates a positive impact of oil booms on manufacturing. Our results suggest that the
total manufacturing could benefit from oil shocks, through increased local demand for
manufactured goods resulting from the revenue windfall that was met by increased
demand on imports and local production. However, the main suggestion of these results
is that tradable industries in manufacturing are harmed by the oil shocks in terms of
growth of value added and wages.

This is a preliminary draft submitted to the CSAE 2017 conference. Please
do not cite or distribute without permission of the author.

1

Alsharif: Department of Economics, University of Sussex, email: N.Alsharif@sussex.ac.uk

1

1

Introduction

Oil and gas production has affected producer countries worldwide, many countries
have been affected both positively and negatively by the booms and busts of the past
40 years. A major question in front of the governments is the impact on the
manufacturing sector, as many countries rely on trading manufactured products – a lot
more than services – for long-term growth and productivity. If the tradable sector is
negatively affected, governments begin to get concerned about the potential “Dutch
Disease”, which is a widely used term in the development literature as a leading
mechanism for a “Natural Resource Curse”. The Economist magazine coined the term
in 1977 to explain the gas boom implications on the Dutch economy. The “resource
curse” was first noted by Sachs and Warner (1995, 2001) who show a significant
negative relation between natural resource dependence and growth in GDP per capita.
They also argue that resource abundance squeezes the manufacturing sector, as in the
Dutch disease model. Other studies considered oil rents specifically; Sala-i-Martin
and Subramanian (2003) find a negative relation between oil rents and economic
performance.
The extensive literature on the Dutch Disease ((Krugman, 1987), (Van Wijnbergen,
1984), (Van der Ploeg & Venables, 2013)) is pioneered by Corden and Neary (1982)
who show a decline in manufacturing employment and exports as a result of resource
boom. Three factors can cause this boom: a technology-induced rise in productivity, a
new resource discovery, or a rise in the commodity world price. In this paper, we are
able to cover two of these factors in our empirical strategy, a new resource discovery,
and the rise (and fall) of the commodity world price. Corden and Neary (1982)
distinguish between two main effects of the resource boom on the manufacturing
sector; the spending effect occurs when a sudden rise in the value of the natural
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resource exports raises real income leading to extra spending on services which raises
their prices and leads to adjustments in real exchange rate. That makes exporting nonresource commodities more difficult, and makes competing with imports across a
wide range of commodities harder. Foreign exchange earned from the resource
exports may be used to purchase internationally traded goods, at the expense of
domestic manufacturers of the goods. Simultaneously, domestic resources such as
labor and materials shift to the resource sector, where the resource movement effect
takes place. Consequently, the price of these resources rises on the domestic market,
thereby increasing the costs to producers in other sectors. Eventually, extraction of
natural resources sets in motion a dynamic that gives primacy to two domestic sectors
– the natural resource sector and the nontradable sector, at the expense of more
traditional exports sectors2.
Higher resource revenues accompanied by more income tax revenues might increase
governments’ ability to support the harmed manufacturing sector by better
infrastructure and policies that raises productivity (Michaels, 2011). On the other
hand, higher income might have a stronger impact through the spending effect,
leading labor to move out from the tradable manufacturing sector that is facing high
competitive pressure to industries that meets the high local demand, mainly services
and nontradable manufacturing. Thus, even accepting the core model, the question of
how a resource boom affects the tradable sector is ultimately an empirical one. For
example, Forsyth and Kay (1981) argue that the manufacturing output in the UK has
fallen in the 1970s as the UK started to produce oil at that time. They observed that
manufacturing output has fallen in the UK by 10% whereas it grew in Germany by
10%, as the two are industrial countries. Their adjustment to that difference is the
For more details see (Humphreys et al., 2007), Escaping the Resource Curse (Columbia University Press, 2007) and
van der Ploeg and Venables (2012)
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increase in real national income, depressing the share of manufacturing and probably
increasing the share of local industries to meet the local increasing demand.
In this paper, we estimate the causal effect of two commodity shocks suggested by the
Dutch Disease hypothesis on the tradable manufacturing sector: giant oil discoveries
as a resource discovery shock, and oil price boom and bust as a commodity price
shock. Using panel analysis, we compare between countries that have discovered
giant oilfields to countries that have not during 1962-2008. The methodology is
adapted from Rajan and Subramanian (2011), which evaluates the impact of receiving
foreign aid on the tradable manufacturing sector. We follow Rajan and Subramanian
(2011) in using the dataset provided by the United Nations Industrial Development
Organization (UNIDO); the industrial statistics database, which is derived largely
from industrial surveys. We also follow their exportability classification in assigning
certain manufacturing industries as “exportable” and focusing on them to assess the
impact on the tradable industries within the manufacturing sector.
Oil discoveries will probably lead to higher oil revenues and hence local currency
appreciation. This appreciation would affect local manufacturing firms through three
different channels (Ekholm et al., 2012): first, through the firm’s export sales that
would be harmed by competitiveness. Second, through the firm’s purchases in
imported inputs that would get cheaper. Third, through import competition facing the
firm in the domestic market, as imports get cheaper. Rajan and Subramanian (2011)
paper is based exclusively on poor and developing countries that receive aid.
Therefore, their exportability index is based on labor-intensive industries that fit best
within these countries. Since our data has a wider coverage and includes oil
discoveries in the developed countries as well, we construct another exportability
index, based on the same methodology of Rajan and Subramanian (2011), but fits
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more the manufacturing exports in developed countries which are usually more
capital-intensive. We find it very useful to include the capital-intensive export index,
as manufacturing is getting more technological recently. Rodrik (2013) argues that
there are technological changes in manufacturing itself, which have made the sector
much more capital- and skill- intensive than in the past, reducing both the advantage
of poor economies in manufacturing and the scope for labor absorption in the sector.
We look into the heterogeneity between the two indices on three manufacturing
outcomes provided by the UNIDO dataset: value added, wages and employment. We
choose to expand our outcomes, and not only focus on value added as in Rajan and
Subramanian (2011) in order to be able to track spillovers within the manufacturing
sector itself. Additionally, Allcott and Keniston (2014) suggest that the impact of
resource booms on manufacturing depends on three factors: If local manufacturing
wages rise, if manufacturing is traded or not, and if there are local productivity
spillovers from resources to manufacturing. We are able to test all of these channels in
this paper, with more focus on the tradable industries within manufacturing.
A major concern in our design is whether oil discoveries are exogenous or not. We
test if related economic and political factors could predict discoveries and we do not
find any significant impacts, proving the exogeneity of giant oil discoveries. In
addition to the economic and political variables tested in this paper, one might also
argue that governments or other entities could manipulate the exact timing of the
announcement of a giant oil discovery. Arezki, Ramey, et al. (2015) argue that this is
not plausible in Mike Horn’s dataset3 that we use in this paper, as Horn shows that
these concerns about a possible manipulation have little ground. In addition, they also
argue that Mike Horn’s dataset is immune from such concerns, “as each discovery
3 Horn, Myron K., 2004. Giant fields 1868-2004 (CD-ROM) Datapages Miscellaneous Data Series, Houston (version 1.2,
2004).
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date included in his dataset has been independently verified and documented using
multiple sources which are reported systematically for each discovery date”. We also
address the issue of the possibility that past discoveries could predict future
discoveries. Arezki, Ramey, et al. (2015) show that previous oil discoveries could
have two opposite impacts on the possibility of current and future discoveries. First,
more discoveries could increase discovery costs, declining the likelihood of future
discoveries. Second, and on the other hand, previous discoveries enhance learning
about the geology and therefor increase the chances of future discoveries.
Accordingly, previous discoveries could have any of the noted two impacts. To
control for this uncertainty and for the serial correlation that could arise between
discoveries, we include the number of giant discoveries in each country from t-10 to t1 for each discovery in year t, in addition to the industry, country and year fixed
effects in our empirical design.
Our second commodity shock, the oil prices boom and bust, is described by Bjørnland
and Thorsrud (2016) as a major exogenous element that could potentially affect all
sectors of the economy. We argue that oil prices is an exogenous shock because it is
driven by international prices that can not be controlled by a single country, having in
mind that the oil market in both demand side and supply side is quite big. In this
paper, we will only consider oil price shocks rather than all commodities, as it is the
main variable in our identification.
The literature focuses on two possible channels affecting manufacturing growth
((Ngai & Pissarides, 2004); (Buera & Kaboski, 2009); (Foellmi & Zweimüller, 2008):
first, demand-based reasons which rely on a shift in consumption preferences away
from goods towards services. Second, technological reasons that rely more on rapid
productivity growth in manufacturing than in the rest of the economy. However,
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Matsuyama (2009) finds that the effects of technology and demand shocks depend
crucially on whether the economy is open to trade or not. Hence, our empirical
strategy test if openness to trade could influence the impact of resource booms on
manufacturing. We test for this impact to examine if higher government revenues lead
to better policies that support the tradable manufacturing sector as suggested by
Michaels (2011).
We find a significant negative impact of oil discoveries on the tradable manufacturing
sector. Nevertheless, the impact on employment is ambiguous. The concern appears if
employment is shrinking in the tradable manufacturing and relatively migrating into
the nontradable sector for a number of reasons (Rodrik, 2013):
1. Much of manufacturing is labor-intensive, so it can absorb large amounts of
relatively unskilled workers from the rest of the economy
2. Labor productivity in lagging manufacturing sectors, which is the norm for
developing nations, tends to converge to the frontier as if on an automatic
escalator, at a rate of 2-3% per year. Convergence takes place regardless of the
quality of domestic policies or institutions.

This paper contributes to the literature in the following ways. First, to our knowledge
it is the first paper to test the causal impact of exogenous measures of natural resource
booms on the manufacturing sector in that large scale in time and horizon. The paper
provides a comprehensive analysis of the relationship between resource booms and
activity at the manufacturing industry level in resource-rich economies. Second, our
data covers both developing and developed countries provided by the UNIDO dataset,
where previous papers covered only one country group, or a single country. Third,
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most of the literature analyzing the benefits and costs of resource discoveries on
manufacturing has been theoretical, and there are relatively only few empirical studies
(Bjørnland and Thorsrud (2016)). The standard Dutch disease model in many of
these papers do not account for productivity spillovers between the oil sector and the
rest of the economy, through analyzing the impact on total manufacturing.
To address these issues with empirical evidence, we focus on the tradable
manufacturing industries. Other manufacturing industries could be growing to meet
increasing local demand, as suggested by the literature, and thus could give
misleading results to the Dutch Disease hypothesis. To answer this question in this
paper, we identify two structural shocks: resource boom shock, and commodity price
shock. To the best of our knowledge, this is the first paper to separate and quantify
these two channels on a long panel on an industry level basis.
The rest of this paper proceeds as follows: the following section views related papers
on oil discoveries, structural change and manufacturing growth. Section 3 provided a
brief background and statistics on the two resource shocks used in this paper; oil
discoveries and oil price shocks. Section 4 outlines our empirical strategy. Section 5
presents the main results and discussions. Section 6 concludes.

2

Related literature

The theoretical literature on Dutch Disease has been far more developed than the
empirical literature. Most recent empirical studies test common movements in
manufacturing across countries where they find that the impact of resource booms on
manufacturing is limited if not positive. However, none of these papers accounted for
8

cross-sectional movements and none of them highlighted the impact on the tradable
industries, which is the most related to the Dutch Disease hypothesis. The empirical
strategy in this paper accounts for that.
Ismail (2010) uses sectoral data for manufacturing across countries and finds that oil
price rise shocks depress value added across manufacturing, with more negative
impact in countries with open capital markets. Arezki and Ismail (2013) test the
Dutch Disease on a sample of 32 oil-rich countries from 1992 to 2009 and find that
during an oil boom, fiscal policies have helped to reduce capital expenditure. Harding
and Venables (2013) find that exports of natural resources crowd out non-resource
exports. They claim that in countries with high income and good governance the
impact on non-resource exports becomes greater, as these countries tend to have
higher manufacturing in their non-resource exports.
More recently, Allcott and Keniston (2014) investigate the impact of oil and gas
discoveries on manufacturing in the United States. They argue that resource booms
cause the tradable manufacturing sector to contract due to increased input costs that
are not offset by an increase in demand. However, resource booms boost growth by
increasing total employment and wages. They also argue that manufacturing
employment, output and productivity are all pro-cyclical with resource booms.
Bjørnland and Thorsrud (2016) study productivity spillovers between the booming
resource sector and other domestic sectors, and find that Norway and Australia (two
resource-rich countries) are facing a two-speed economy where services and nontradables are growing in a much faster pace than manufacturing and tradables. They
find that resource booms have a significant and positive productivity spillovers on
non-resource non-tradable sectors in both countries. They also find some differences
between the two countries’ performance after discovery depending on the resource
9

dependency level and the real exchange rate fluctuation. They also find evidence that
increased activity in the technologically intense service sectors, and the boost in
government spending had a positive impact on value added and employment in
Norway. Rajan and Subramanian (2011) tests aid rather than resources as the windfall
and find that aid inflows have systematic adverse effects on a country’s
competitiveness reflected in the lower relative growth rate of tradable industries,
measured by the growth in manufacturing value added. Intuitively, even aid inflows
do cause Dutch Disease.
A few recent papers have included oil discoveries into their specifications aiming to
study the resource curse. Lei and Michaels (2014) find that giant oilfield discoveries
lead to armed conflict. They use giant oil discoveries as a measure for natural
resources, as they argue it is exogenous and could give more reliable results. A related
paper with a different outcome is Cotet and Tsui (2013) where they use discoveries at
all sizes and find no relationship between oil wealth and civil war. They agree with
Lei and Michaels (2014) by arguing that fixed effects model does not estimate the
causal effect of oil on civil war, because oil exploration might be endogenous in that
case. To handle this problem, they extend the analysis to instrument oil wealth by
natural disasters and proven oil reserves. Arezki, Ramey, et al. (2015) follow Lei and
Michaels (2014) by restricting the oilfield discoveries to the giant ones. They claim
that giant oil discoveries provide “a unique source of macro-relevant news shocks”, as
they test the impact of oil discoveries on a number of macroeconomic outcomes using
ARDL model. Arezki, Bhattacharyya, et al. (2015) study the discoveries’ impact on
conflict, Arezki, Ramey, et al. (2015) study the impact on macroeconomic outcomes,
and Smith (2015) studies the impact on GDP growth.
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In the literature investigating productivity growth and structural change, McMillan
and Rodrik (2011) argue that there are large productivity gaps between different parts
of the economy in developing countries, and between different firms within the same
part or industry. These gaps are smaller in developed countries. They acknowledge
that structural change could move into different directions along with the economic
development process. In resource-rich countries particularly, natural resources do not
generate much employment compared to manufacturing and other tradable sectors
which takes structural change into a direction away from productive sectors. In Africa
and Latin America for example, manufacturing and some other modern sectors have
lost employment to lower productivity services and informal activities.
Rodrik (2012) argues that too much of an economy’s resources can get stuck in the
‘‘wrong’’ sectors - those that in the informal sector. Even if resource-rich countries
are doing well in terms of growth coming from the informal or from the non-tradable
services sectors, manufacturing tradables could still be an important phase in these
countries’ growth path. Especially if these countries still have a significant portion of
unskilled labor that could not be working in a high-productivity high-skill service
industry or even a tech-based manufacturing industry. He adds that natural resource
booms can definitely fuel growth, but could also come with many problems: capitalintensity, low labor absorption, and the politics of rents.
Some recent papers examine the growth in the manufacturing sector. Diao and
McMillan (2015) study the overall African economy including both formal and
informal sectors and find that the share of manufacturing exports in total exports is
actually growing, and not primarily depending on natural resource exports. This
increase was driven by range of manufactured exports varying from labor-intensive
activities, like textile and shoe manufacturing, to capital-intensive like oil refining.
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Between 2000 and 2010, the share of manufacturing exports in goods and services
more than doubled from 10% to 23%. They argue that it is more useful to classify
modern economic activities in Africa based on the exportability, as manufacturing
could be in both formal and informal sector, while informal sector is growing rapidly
in Africa and employment rates are increasing there. We take this classification into
consideration in our paper. They add that the informal sector is less dependent on
globalization where productivity is low, while productivity is high in the formal sector
as it is more related to international companies operating across borders. On the
contrary, Rodrik (2016) finds that the manufacturing share in both employment and
real value added is falling in developing countries since the 1980s, with some
exceptions in Asia. Manufacturing typically follows an inverted U-shaped path over
the course of development, but it would rather fall if the country does not have a
comparative advantage.
On the impact of real exchange rate appreciation on local economies, Kenen and
Rodrik (1986) argue that the experience with real exchange volatility has differed
greatly across countries. Plus, this volatility depresses the volume of international
trade. Chatterjee et al. (2013) finds that if real exchange rate appreciates, firms
expand their product scope so their sales distribution across different products
becomes less skewed in response to real exchange rate depreciation. Ekholm et al.
(2012) argues that the extent to which a real exchange rate shock changes the
competitive pressure on a firm is determined by its exposure to trade. Real exchange
rate appreciation shock led to less employment in exportable industries in Norway,
but rise in productivity (and output) due to within-firm improvements or cheaper
imported inputs. The fiercer international competition resulting from real exchange
rate appreciation may affect manufacturing employment by forcing restructuring in
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surviving firms, or triggering the exit of less profitable firms, both increase
productivity (output per worker). The paper also argues that productivity was not
affected in sectors that experienced high import competition; instead it increased in
more exportable industries. Fung (2008) finds that the expansion of scale of
continuing firms induced by real exchange rate appreciation contributes significantly
to productivity growth at the firm level through exploiting economies of scale. As
some firms faced by real exchange rate appreciation shock exit the market, the
continuing firms gain a larger market share and their productivity increase.
Although recent papers on natural resources have provided more convincing
empirical designs and models; the issue of endogeneity is still very plausible. We
argue that the approach we follow in this paper is most likely to be exogenous for
several reasons. First, the fixed effects model controls for any differences in the main
characteristics before and after the giant oil discoveries. Second, we show in the next
section that none of the main country characteristics could predict giant oil
discoveries. Third, we argue that the oil price shock is completely uncontrollable as
the prices are international and the market contains a big number of countries in the
both demand and supply sides. Finally, the empirical design controls for timeinvariant factors present before and after discovery.
To sum up, the related literature suggests that if the exportable manufacturing sector
in resource-rich countries is declining as we find in this paper, while overall growth is
increasing ((Smith, 2015), Allcott and Keniston (2014), and others) this would mean
that growth in resource-rich countries is driven by growth in the informal sector (Diao
& McMillan, 2015) which grows through increasing local demand enhanced by the
spending effect, and does not have a significant share in exports nor gets affected by
globalization (Rodrik, 2016).
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Oil discoveries and oil price shocks:

Oil discoveries:
We use a dataset on oil discovery from Lei and Michaels (2014), which is based on a
dataset by Horn (2003, 2004). Horn reports the date of discovery, the name of the
discovering country, and a number of other variables, for 910 giant oilfields
discovered both onshore and offshore from 1868 to 2003. To qualify as a giant, an
oilfield must have contained ultimate recoverable reserves of at least 500 million
barrels of oil equivalent. To avoid measurement error, Lei and Michaels (2014)
construct an indicator for whether a country is mentioned in the dataset as having
discovered at least one giant oilfield in each given year.
Table 1 shows that discoveries peaked in the 1960s and 1970s, double-digit number
of oilfield discoveries came back in the late 1990s. Of the 910 giant oilfields covered
in Horn (2004), and 782 covered in Lei and Michaels (2014), 364 are used in this
paper to cover the period 1962-2003. This limitation is due to the data availability
offered by UNIDO, where the earliest data available is 1962. However, our data on
manufacturing continues up to 2012 to assess the impacts of discoveries that occurred
during the 2000s in the long run, which is after 8 to 10 years of discovery as we show
in some results.
Table 1: Number of one or more giant oilfield discoveries (from 1962 to 2003), by year

The data contains 364 country-year observations with giant discoveries account for
5.2% of total observations. Table 2 shows that giant oilfield discoveries are rare
events in most countries, country-year pairs with discoveries were most common in
Asia (40%), followed by Africa (17%), Europe (19%), South America (10%), North
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America (9%) and Oceania (5%). The treatment group is countries that have had at
least one giant oil discovery during the study which consists of 64 countries, whereas
the control group is the countries that have never had any giant oil discoveries during

Year
1962
1963
1964
1965
1966
1967
1968
1969
1970

Number of
giant
oilfield
discoveries
9
11
13
16
9
9
9
12
11

Year
1971
1972
1973
1974
1975
1976
1977
1978
1979

Number of
giant
oilfield
discoveries
14
9
11
9
12
10
11
7
9

Year
1980
1981
1982
1983
1984
1985
1986
1987
1988

Number of
giant
oilfield
discoveries
14
6
7
5
6
7
3
4
4

Year
1989
1990
1991
1992
1993
1994
1995
1996
1997

Number of
giant
oilfield
discoveries
7
9
6
8
4
4
9
7
4

Year
1998
1999
2000
2001
2002
2003

Number of
giant
oilfield
discoveries
11
15
12
8
7
6

that time which consists of 72 countries, providing a balanced comparison.
Oil price shocks:
The most significant oil price shocks took place in the 1970s when the Arab oil
exporting countries declared an oil embargo in response to the western support to
Israel against Syria and Egypt at that time. Oil prices quadrupled between 1973 and
1974, and remained high for several years later. Prices hiked again in 1979 in
response to the Iranian revolution. In 1981, oil prices crashed for a number of reasons,
most considerably was oversupply, increasing demand on alternative energy sources
and declining economic activity in developed countries. Prices remained relatively
low until the mid-2000s. Figure 1 shows a graph of oil prices in real US dollars from
1950 to 2011, with vertical lines representing the boom and bust periods.
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Figure 1: oil prices boom and bust periods 1950-2011
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Notes: Oil prices are constant prices of oil in 2000. Red lines represent oil prices shocks, oil boom from 1974-1980,
bust from 1981-1986, and valley from 1987-2001. Data source: M. Ross, Oil and gas data, 1932-2011, Harvard
Dataverse Network, 2013 provided by the QOG Basic Dataset 2015 (Teorell et al., 2015).

We identify the boom and bust periods following the literature4. The boom period is
the years between 1974-1980, the bust period is the years between 1981-1986, we
also add the “valley” period between the years 1989-1995. The data we use for oil
prices is taken from the QOG Basic Dataset (Teorell et al., 2015).
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Empirical strategy:

We use the following equation to assess the impact of giant oil discoveries on several
outcomes, following Rajan and Subramanian (2011):

4 As mentioned in the introduction, we follow several papers by Hamilton (Hamilton, 1983), (Hamilton,

2009), (Hamilton, 2011) among others, (Kilian, 2008) and (Smith, 2014)
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∆ ln 𝑌%&' = 𝛽* 𝐷𝑖𝑠𝑐%' ∗ 𝐸𝑥𝑝𝑜𝑟𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦%& + 𝛽; 𝑋%' + 𝛽= 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦%&'B; + 𝛾& + αE +
ωH + εEJH

(1)

where 𝑌%&' is the outcome of interest for industry i in country c in year t. DiscJH is an
indicator for the discovery of a giant oilfield in country c in year t. Exportability index
is a dummy that takes on a value of 1 for exportable ISIC industries and 0 otherwise5.
XEH is the number of years with discoveries in country c from t-10 to t-1.
𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦%&'B; is the share of industry i in country c as a share of total manufacturing
sector analyzed outcome in the year prior to discovery (t-2). This is included to
control for the possibility of convergence effects. 𝛾& is industry fixed effects, αE and
ωH are country and year fixed effects, and εEJH is the error term. 𝛽* is our main
interest.
The data for industry value added, employment and wages comes from the Industrial
Statistics database (2015) of the United Nations Industrial Development Organization
(UNIDO) (INDSTAT2, 2013) series covering the years 1962-2012. The data are at
the 2-digit level of the International Standard Industrial Classification of All
Economic Activities (ISIC, Revision 3) and are available since 1962. This dataset
offers a number of advantages and disadvantages. The major advantage for the
INDSTAT2 data is the good coverage of countries going back to the early 1960s for
up to 23 manufacturing industries per country. Some papers in the literature use
INDSTAT4 instead, as it provides more disaggregated data at the four-digit level for
up to 127 industries. But in the other hand it covers fewer countries, less time horizon
Rajan and Subramanian (2011) provide a detailed description of exportability indices,
exportability index 1 is described as a dummy that takes a value of 1 if industry i has a ratio
of exports to value that exceeds the industry median value. For each industry, the average
ratio of exports to value added was calculated using a group of developing countries.
Exportability index 2 is a dummy for industries (ISIC 321-324), therefore we follow their
strategy and build another exportability index instead of that, but depending on industries
(ISIC 29-35). For full industry description please see table A-2 in the appendix.
5
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and is spotty for earlier years, making it impractical to work with it for periods that
extend before 1990. In this paper we follow Rodrik (2013) by using INDSTAT2,
which has the advantage of allowing us to increase the country coverage as well as
present results for periods earlier than 1990. Hence, we use INDSTAT2 to build the
exportability indices 1 and 2, through matching the industries with the ones selected
by Rajan and Subramanian (2011) for index 1, and by choosing ISIC industries 15-26
for index 2 as shown in table A-2 in the appendix.
We should note that our data provided by UNIDO does not cover any activities in the
informal sector and microenterprises, which are often excluded from such industrial
surveys. We cannot be certain that the results are applicable on all types of
manufacturing activities, and therefore we only claim that our findings are applied on
the organized formal parts of manufacturing.
Our main measure of manufacturing is the annual growth in value added, following
Rajan and Subramanian (2011). In addition, Rodrik (2016) finds value added as a
measure of manufacturing better than employment share of manufacturing. Data of
value added is provided in current US dollars. We deflate these values using the US
Producer Price Index from the International Financial Statistics (IFS) to get real
values.
In this paper, we are not addressing the impact of giant oil discoveries on local
demand or manufacturing for local consumption. We entirely focus on the tradable
manufacturing sector. Therefor, we further analyze this impact by measuring the real
exchange rate appreciation that follows resource discoveries which could have an
impact on the exportability. Next, we test the role of the country’s openness on the
tradable sectors. These two steps are taken to be able to see if globalization and
openness have any role in this structural change, following Rajan and Subramanian
18

(2011) and Bjørnland and Thorsrud (2016). Hypothetically, we are assuming that if
real exchange rate is appreciated following a giant oil discovery – caused by real
revenues from oil exports in the medium term – the tradables should get more
expensive in the international market compared to similar products from other non-oil
countries. The competition will lead to less demand on the oil country’s tradables and
eventually the production will get negatively affected. In addition, if the country is
more open to international trade, it should be more vulnerable to exogenous shocks
affecting its own exports. For this assessment, we replace the discovery variable in
equation (1) by the openness variable, taken from the PWT dataset.
After that, we test the second exogenous resource shock in our strategy by using the
boom and bust as a test of a price-driven resource shocks. We use the following
equation to assess that impact:
∆ ln 𝑌%&' = 𝛽* 𝐵𝑜𝑜𝑚' ∗ 𝐸𝑥𝑝𝑜𝑟𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦%& + 𝛽; 𝐵𝑢𝑠𝑡' ∗ 𝐸𝑥𝑝𝑜𝑟𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦%& +
𝛽= 𝑉𝑎𝑙𝑙𝑒𝑦' ∗ 𝐸𝑥𝑝𝑜𝑟𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦%& + 𝛽T 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦%&'B; + 𝛾& + αE + ωH + εEJH

(2)

where 𝑌%&' is the outcome of interest for industry i in country c in year t. 𝐵𝑜𝑜𝑚' is an
indicator for being between the years 1974 and 1980, 𝐵𝑢𝑠𝑡' is an indicator for being
between the years 1981 and 1986, and 𝑉𝑎𝑙𝑙𝑒𝑦' is an indicator for being between the
years 1987 and 1995. Therefor, 𝛽* is the average difference in outcome growth rates
in exportable sectors (indices 1 and 2) between treatment and control countries during
the boom period conditional on country, year and industry fixed effects. 𝛽; and 𝛽=
have the same interpretation for the bust and valley periods. Similar to equation (1),
𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦%&'B; is the share of industry i in country c as a share of total manufacturing
sector analyzed outcome two years prior to discovery (t-2). This is included to control
for the possibility of any convergence effects. 𝛾& is industry fixed effects, αE and ωH

19

are country and year fixed effects, and εEJH is the error term. One might argue that the
valley period is almost flat and does not contain any significant shocks. We actually
take advantage of this period to use it as a placebo shock, meaning that oil countries
are expected to perform similar to non-oil countries during that time, as there are no
significant movements in international oil prices. Corden and Neary (1982) suggest
that testing the oil price shock should be applied on oil exporters exclusively, not oil
importers (even if these countries produce oil, where they can benefit from a bust). So
here we take out the oil importers (shown in red in table 2) to be able to compare
between the two shocks. Corden and Neary (1982) argue that the effects of oil price
shock are similar to those of an oil discovery.
Table 2: Treatment group countries, oil price boom and bust:
Country

UNIDO

Country

UNIDO

Albania

Data
Yes

Libya

Data
Yes

Algeria

Yes

Malaysia

Yes

Bahrain

Yes

Mexico

Yes

Bolivia

Yes

Nigeria

Yes

Canada

Yes

Oman

Yes

Columbia

Yes

Qatar

Yes

Ecuador

Yes

Saudi Arabia

Yes

Egypt

Yes

Syria

Yes

Gabon

Yes

Trinidad and Tobago

Yes

Indonesia

Yes

Tunisia

Yes

Iran

Yes

United Arab Emirates

Yes

Iraq

Yes

United States

Yes

Kuwait

Yes

Venezuela

Yes

Notes: Countries in red are not in the main regression; we add them in a separate regression, results are
shown in table A-3.

Before we engage in estimating the average effect it is probably worthwhile analyzing
some country specific trends. In figure 2 we examine the effect of giant oil
discoveries on the 5-year average value added. The countries we choose for this graph
are varied in terms of political backgrounds and economic development. We observe
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value added in exportable industries grows relatively more slowly than for other
industries after giant oil discoveries. The discoveries displayed in these figures are not
necessarily exclusive; there might be more discoveries in other years. However, we
chose to show discoveries 5-10 years apart from each other to be able to calculate the
5-year average in these figures.

Figure 2: value added growth before and after selected giant discoveries in different
countries with various backgrounds
Egypt

Philippines

Electrical machinery
Furniture manufacturing

Food & beverages

Furniture manufacturing
Wearing apparel

Textiles

-.05

0
.05
.1
5-years average of real added value

.15

0

1969-1974 (before discovery)
1975-1979 (after discovery)

.1
.2
.3
5-year average of growth in real value added

.4

1987-1992 (before discovery)
1993-1997 (after discovery)

Bangladesh

Norway
Food & beverages

Furniture manufacturing

Machinery & equips
Machinery & equips

Motor vehicles & trailers

Motor vehicles & trailers

Textiles

-.1

0
5-year average of real added value

-.1

.1

0
.1
.2
.3
5-year average growth in real value added

.4

1975-1980 (before discovery)
1981-1985 (after discovery)

1973-1978 (before discovery)
1979-1984 (after discovery)

Notes: The x-axes report the 5-year average growth in real value added in percentage terms, the y-axes show
selected exportable industries in each country. Data sources: value added data is from UNIDO. Oil discovery data
is from (Lei & Michaels, 2014).

5
5.1

Empirical Results
Specification checks
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Before testing the impact of giant oilfield discovery on manufacturing, we test the
underlying identification assumption – that giant oilfield discoveries are exogenously
timed with respect to underlying economic conditions – by attempting to predict the
discoveries using economic variables. To do that, we estimate a fixed-effects logit
model, where the independent variables are lags of manufacturing measures in
different sectors and other economic variables and the dependent variable is a dummy
variable equal to one in the year of a giant oilfield discovery. As shown in table 3, we
find that the key variables of interest – manufacturing value added and employment –
as well as changes in other economic and political variables do not predict giant oil
discoveries. We assign changes to differences in two years before discovery to be able
to tackle any moves in investments and income that could occur at the beginning or
end of the year prior to discovery.
Table 3: Do political and economic variables predict giant oil discoveries?
(1)
Previous year’s polity2 score

(2)

(3)

(4)

(5)

0.005
(0.020)

(6)

(8)

(9)

4.56e-08
(4.20e-08)
-3.58e-14
(9.60e-14)
-.0105
(.0079)

4 year lagged oil prices

.00402
(.0156)
-0.00006
(0.0001)

Change in income pc
Change in government
expenditure
Change in investments
2672

24448

27063

2092

2130

.0309
(.0216)
384

2256

-0.0174
(0.228)
0.0359
(0.022)
481

-0.0118
(0.0098)

1057

Notes: reported coefficients are from a fixed-effects logit model of the probability of a giant oil discovery
occurring in a given year. Robust standard errors in parentheses. Columns 5 and 6 show the impact of lagged oil
prices on giant oil discoveries, we chose 4 year lag to allow for the time usually taken between exploration and
announcement, however, we did not find any shorter lags significant (3,2,1 years). The only significant oil price
lag is 5-year lag but only at the 10% level, this estimate becomes insignificant if we control for variables in
column 6. Any lag more than 5 years becomes insignificant as well. * p < 0.10, ** p < 0.05, *** p < 0.01

5.2

(10)

1.57e-11
(1.09e-10)

Previous year’s real value
added in manufacturing
Previous year’s employment
in manufacturing
Previous year’s growth

Observations

(7)

-.0331
(.0403)

Baseline specification and results

After explaining our identification strategy, we now examine the model’s first
assumption, that giant oilfield discoveries harm tradable manufacturing. We begin by
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0.0277
(0.0205)
481

examining the impact of discoveries on the manufacturing value added. Columns 1
and 2 of table 4 show the results of estimating equation 1 with year-on-year difference
in the log of total manufacturing value added in industry i in country c over the time
period examined in this paper ranging from 1962-2008 depending on data availability
as the dependent variable, with no interactions with the tradable sectors.

Table 4: Giant oil discoveries and sectoral growth: manufacturing added value
Dependent variable: annual growth rate of value added in industry i in country c (logged)
(1)
Oil discovery

(2)

(3)

0.018**
(0.008)

Oil discovery (t+5)

-0.038***
(0.008)

Oil discovery (t+5) *Exportability index (1)

-0.027***
(0.010)

Oil discovery (t+5) *Exportability index (2)
Giant discoveries (t-10)
Industry share (t-1)
Observations

(4)

0.007***
(0.002)
-0.344***
(0.060)
19125

0.012***
(0.002)
-0.317***
(0.057)
22164

0.010***
(0.002)
-0.317***
(0.057)
22164

-0.018
(0.015)
0.008***
(0.002)
-0.316***
(0.057)
22164

0.054

0.055

0.054

0.054

R2

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation.

Column 1 shows the impact on the same year of discovery t, while column 2 shows
the impact after 5 years of discovery on total manufacturing value added. We choose
t+5 as we consider the oilfield production lag, which is the number of years between
the giant oil discovery announcement and the physical production commencement
that usually takes between 4 to 6 years on average (Arezki, Ramey, et al., 2015).
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On the same year of discovery, manufacturing value added increased by an average
of almost 2 percentage points per year in countries with discoveries faster than in
countries with no discoveries. Interestingly, the number of giant oil discoveries in the
past 10 years continues to have a significant positive impact on value added,
indicating that if a country has more giant discoveries in the past – and intuitively
more resource dependent – the value added growth is positively correlated with more
discoveries. In addition, we also control for the industry j’s value added share in total
manufacturing a year prior to discovery in all columns. We find a consistent pattern
that higher initial share of the tradable industries is correlated with less growth in
value added. The results so far agree with a number of papers in the literature, by
showing that resource abundance has a positive impact on manufacturing. For
example, Bjørnland and Thorsrud (2016) show that value added in manufacturing
industries increase following resource booms, as these industries got boosted by
government spending that was increased through oil revenues. However, our strategy
continues to track the impact in the medium-long run to consider the production lag
mentioned earlier. Column 2 results show that the impact has went in the opposite
direction after five years as growth of value added is now declining by an average of
4 percentage points per year in our treatment group.
The uniqueness of our paper is that we are able to show results based on industry
performance, disaggregating the manufacturing industries by examining the impact on
the tradables, any growth in total manufacturing could be misleading, caused by
increasing local demand, or by government support as shown in the literature.
Therefore, in columns 3 and 4 we disaggregate the manufacturing industries
depending on their exportability following Rajan and Subramanian (2011). Columns 3
and 4 show that value added in the tradable sector grows relatively slower than it does
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in countries with no giant oil discoveries. The impact in column 3 is highly significant
at the 1% level, where it is insignificant but still negative in column 4. The difference
between the two columns is that the groups of industries included in the index
exportability 1 are usually more labor-intensive and more frequent in developing
countries, where industries in exportable 2 index are usually more capital-intensive
and more frequent in developed countries in our sample.
Next, we test if there are other channels that could explain the heterogeneity in
response to oil discoveries between exportability indices 1 and 2. Table 5 reports the
results of equation 1 with a different manufacturing outcome: employment.
Table 5: Giant oil discoveries and sectoral growth: manufacturing employment
Dependent variable: annual growth rate of employment in industry i in country c (logged)
Oil discovery
Oil discovery (t+5)

(1)
-0.010**
(0.004)

(2)

-0.007
(0.005)

Oil discovery (t+5) *Exportability index (2)

Industry share (t-1)
Observations
R2

(4)

-0.009**
(0.004)

Oil discovery (t+5) *Exportability index (1)

Giant discoveries (t-10)

(3)

-0.002
(0.001)
-0.533***
(0.033)
56192
0.04

0.000
(0.001)
-0.442***
(0.029)
63010
0.03

-0.000
(0.001)
-0.442***
(0.029)
63010
0.03

-0.009
(0.009)
-0.000
(0.001)
-0.442***
(0.029)
63010
0.03

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation.

Columns 1 and 2 in table 4 show that total manufacturing employment gets negatively
affected by discoveries, even after five years of discovery. However, both exportable
indices 1 and 2 interactions are also negatively affected but not statistically significant.
So if both exportable sectors were not significantly affected, would this indicate that
other non-tradable manufacturing sectors are the ones negatively affected -
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contradicting the core model of Dutch Disease? We will still investigate the effect on
wages to have the full picture. This result could support the previous findings in the
literature that the governments try to support the tradable sectors through more
spending and investing, by trying to keep the employees in their jobs as much as
possible. Wages will give an additional insight to that effect.
Table 6: Giant oil discoveries and sectoral growth: manufacturing wages
Dependent variable: annual growth rate of real wages in industry i in country c (logged)
Oil discovery (t+5)
Oil discovery (t+10)

(1)
-0.003
(0.006)

(2)

-0.021***
(0.008)

Oil discovery (t+10) *Exportability index (2)

Industry share (t-2)
Observations
R2

(4)

-0.022***
(0.006)

Oil discovery (t+10) *Exportability index (1)

Giant discoveries (t-10)

(3)

0.001
(0.002)
-0.276***
(0.032)
46907
0.054

0.004***
(0.002)
-0.306***
(0.032)
52396
0.056

0.003**
(0.001)
-0.309***
(0.032)
52396
0.056

-0.026**
(0.012)
0.003*
(0.001)
-0.307***
(0.032)
52396
0.056

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation.

The Dutch Disease theory predicts that an oil boom should push up wages in the
economy as a whole, which in turn reduces employment in the non-booming sector.
Columns 3 and 4 of table 6 show that the impact on wages takes some time to get
through as much as 10 years after discovery (we find a negative impact after 5 years
(t+5) of discovery but insignificant coefficients). When examining employment after
10 years, we get significant negative results. We can conclude that the impact on
tradable manufacturing sector wages is generally negative, and becomes more
significantly negative in the medium-long run (after 10 years of discovery) lagging
behind the negative impact on employment and value added. The literature claimed

26

that wages and value added are channels to declining employment figures following
resource booms. Our results bring a different prospective:
First, we argue that declining wages are responding to the declining output in the
tradable manufacturing industries, by taking around extra 5 more years to get the
significant impact. Employment coefficients in both exportable indices are not
significantly affected despite the negative signs. Intuitively, declining output in the
tradable industries could be mainly driven by the real exchange rate appreciation that
normally follows resource windfalls. This leads to higher export prices, and thus to
declining competitiveness in the international markets.
Second, the value added results show that the negative impact is more significant in
tradables within the exportable 1 index. This index contains more labor-intensive
industries that are usually more found in developing countries 6 . Despite the mild
negative impact on the tradables employment figures; the fact that the output is
negatively affected could indicate that manufacturing showed fewer opportunities and
became less attractive for workers, who might have shifted to other parts of the
economy to meet the increasing local demand with probably higher wages. As for the
tradable industries, these wages got negatively affected after around 10 years of
discovery as a result of less demand for these jobs. Figure 3 plots these effects 4 years
before (t-4) and 10 years after (t+10) the discovery shock.

6

Exportable 1 and exportable 2 classifications are not eligible to country group as it is
disaggregated by industries. Industries in both indices could be found in both developing and
developed countries, depending on country and data availability in our dataset.
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Figure 3: Impact of giant oil discoveries on manufacturing growth: in value added,
employment and wages.

Notes: The x-axes report the number of years before or after t, ranging from t-5 to t+10 depending on data
availability. The black lines show the estimated coefficients and the gray lines show the 95% confidence intervals
based on robust standard errors, which are clustered by country. All regressions control for previous discoveries (t1 to t-10) and initial manufacturing share, and include industry, country and year fixed effects. Exp1 indicates
growth in exportable manufacturing industries in group “exportable 1” and Exp2 indicates growth in exportable
manufacturing industries in group “exportable 2”. Details on variable construction can be found in the data section
of the paper.

Following our hypothesis above, as we are assessing the tradable manufacturing
industries, we can test more channels affecting this sector by measuring the real
exchange rate appreciation after resource booms. After that, and following Rajan and
Subramanian (2011) and Bjørnland and Thorsrud (2016), we test the role of the
country’s openness on the tradable sectors, to be able to see if globalization and
openness has a role in this structural change.
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Table 7: real exchange rate appreciation, oil discoveries and oil rents as a share of GDP

Oil discovery (t+8)
Past discoveries (t-10)

(1)
RER appreciation
0.012***
(0.005)
-0.006***
(0.001)

(2)
RER appreciation

Oil rent
Observations
R2

0.000***
(0.000)
44735
0.61

57684
0.68

(3)
Oil rent
2.6e+09***
(3.0e+08)
-4.3e+08***
(6.8e+07)
66746
0.62

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Regressions (1) and (3) control for past discoveries: the number of years with discoveries from t-10 to t-1.
Oil rent data is from the World Bank.

In table 7, the results show that there is a significant positive impact of oil discoveries
on real exchange rate appreciation, as also suggested by the core Dutch Disease
model. We include oil rents (as a result from discoveries) to ensure that most (or all)
discoveries have led to production and rents eventually.
If real exchange rate appreciates in resource countries following resource discoveries,
their export competitiveness could decline. At the same time, imports from other nonresource countries get cheaper. Therefore, government policies can play a major role
in determining and supporting the tradable sector amid real exchange rate
appreciation eras. One reasonable way to test these policies is through the openness
measure. To examine the openness and trade liberty we use openness from Penn
World Table7, which offers a wide range of data in our panel.

7 (PWT 6.3) new versions of PWT do not include openness anymore.
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Table 8: Openness and the tradable sector:

Oil disc*Exportability index (1)
Oil disc*Exportability index (2)
Open* Exportability index (1)
Open* Exportability index (2)

Giant discoveries (t-10)
Industry share (t-2)
Observations
R-squared

Value added (t+5)
(1)
(2)
-0.003
(0.016)
-0.015
(0.022)
-0.000
(0.000)
0.000
(0.000)
0.001
0.001
(0.002)
(0.002)
-0.450*** -0.450***
(0.055)
(0.055)
46002
46002
0.05
0.05

Employment (t+5)
(3)
(4)
-0.024***
(0.009)
-0.028**
(0.012)
0.000*
(0.000)
0.000
(0.000)
-0.002
-0.002
(0.001)
(0.001)
-0.328*** -0.327***
(0.024)
(0.024)
54690
54690
0.04
0.04

Wages (t+10)
(5)
(6)
-0.060***
(0.012)
-0.061***
(0.019)
0.001***
(0.000)
0.001**
(0.000)
0.003**
0.003**
(0.001)
(0.001)
-0.450*** -0.450***
(0.047)
(0.047)
48343
49587
0.06
0.06

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation.

In table 8 we include the openness measure interacted with our exportability indices
following equation 1. We find that the openness interaction coefficients (rows 3 and
4) are mostly insignificant in value added and employment, but highly significant in
wages. More importantly, the oil discovery interactions (rows 1 and 2) are still
keeping the negative signs even after including the openness interactions, giving more
validity to our baseline results.
In more details, columns 1 and 2 show that the value added outcomes affected by
resource discoveries are now both insignificant, compared to table 4 where
exportability 1 was negatively significant. We now turn to employment that was
negatively insignificant in table 6, but columns 3 and 4 in table 8 show that including
the openness interaction has turned oil discovery interactions for both exportability
indices 1 and 2 to be statistically significant, indicating that employment is highly
affected by the resource country’s openness and trade policies whether it exports
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labor-intensive or capital-intensive products. The insignificant coefficients of value
added in table 8 might indicate that the governments are trying to support the tradable
sectors through certain channels of investments and spending, but the workers (as the
labor market is elastic and flexible within one country) might be moving towards
more demanding opportunities in the non-tradable sectors such as non-traded
manufacturing or services, this suggestion agrees with Bjørnland and Thorsrud (2016).
To test this hypothesis we examine the impact on wages, as wages in the tradable
sectors have been negatively affected by oil discoveries in table 6. Columns 5 and 6
of table 8 report the results for wages8. The results show that the coefficients of the oil
discovery interactions are still negative but with higher magnitude after including the
openness interactions.
These results have a number of explanations. First, wages still take time to get the full
impact of resource discoveries even after adding the openness interaction measures.
Wages might need more time to adjust to the new booming sector fitting into the
economy, as production starts after an average of 4-6 years of discovery
announcement, and exporting oil in meaningful amounts might need more 2-3 years.
Second, the demand on labor in the tradable industries is affected by both
international and local demand on the tradable products, the more the country is open
to international trade (measured by openness in this paper) the more the tradable
sector is affected by the world market. These results also support the classic model of
Dutch Disease by Corden and Neary (1982). The interaction with openness actually
increased the magnitude of the negative impact on tradable manufacturing

8 As we noted in table 5 above, the impact after 5 years of discovery is negative but statistically insignificant.

Accordingly, in table 7 we follow table 5 in reporting the results after 10 years of discovery.
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employment and wages. Intuitively, we agree with the core model of Dutch Disease
that the tradable sector is the mostly hurt by resource discoveries.
Our results so far explicitly show that any contractions in the total manufacturing
sector (shown in the tables by the oil discovery variable, without interactions) could
be clearly explained by the contraction in the tradable sector. These results challenge
results in recent papers by Smith (2014), Allcott and Keniston (2014) and Bjørnland
and Thorsrud (2016) where they find a positive impact of resource discoveries on
manufacturing. A major difference in our approach is that we only identify the impact
on the tradable industries, other manufacturing industries might have benefited from
the resource booms through increased local demand, but this is not within the scope of
our paper. Another difference is that some papers focus on manufacturing in
developed countries (Allcott and Keniston (2014) on the United States, Bjørnland and
Thorsrud (2016) on Norway and Australia) or developing countries (Smith, 2014), we
add an additional scope by examining the impact in both developed and developing
countries together while considering the differences in their tradable industries.
Moreover, our estimates show that the decline in wages in the tradable sector came as
result of the decline in tradable sector’s output. This argument contrasts with results
in the literature (Allcott and Keniston (2014) among others) where they argue that
wages is rather a channel for the total manufacturing sector final impact.
5.3

Commodity price shocks: Oil booms and busts

Next, we move to our second measure of resource booms; oil prices booms and busts.
The results are shown in table 9 depending on equation 2. Columns 1, 4 and 7 show
the impact on total manufacturing measures: value added, employment and wages
during the years of boom, bust and valley. Contrary to prediction of the core model of
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the Dutch Disease, the boom did not have any significant impact on any of the total
manufacturing outcomes despite the negative sign in most columns. However, the
bust seems to have more significant negative impact on total manufacturing in
columns 1, 4 and 7. Total value added is affected negatively during the bust, with
exportable industries of index 1 in column 2 growing slower than the exportable
industries of index 2 in column 3 which was growing positively although
insignificantly. This also supports the findings by Rodrik (2016) that the more capitalintensive industries are less vulnerable to external shocks.

Table 9: impact of oil price boom, bust and valley on manufacturing
Value added

Boom

Bust

Valley

Industry
share (t-2)

Observations
R2

Employment

All
manufacturing

Interacted*
Exportability
Index 1

Interacted*
Exportability
Index 2

(1)

(2)

-0.027

Wages

All
manufacturing

Interacted*
Exportability
Index 1

Interacted*
Exportability
Index 2

All
manufacturing

Interacted*
Exportability
Index 1

Interacted*
Exportability
Index 2

(3)

(4)

(5)

(6)

(7)

(8)

(9)

-0.006

-0.011

-0.004

0.014

-0.007

0.029

0.009

-0.004

(0.034)

(0.017)

(0.022)

(0.031)

(0.014)

(0.016)

(0.029)

(0.014)

(0.019)

-0.097***

-0.042*

0.032

-0.096***

0.003

0.009

-0.121***

-0.014

0.003

(0.033)

(0.022)

(0.029)

(0.021)

(0.013)

(0.017)

(0.025)

(0.019)

(0.028)

-0.073*

0.001

-0.007

-0.124***

-0.003

0.005

-0.071**

-0.016

-0.007

(0.039)

(0.022)

(0.027)

(0.028)

(0.014)

(0.023)

(0.032)

(0.017)

(0.025)

-0.491***

-0.496***

-0.491***

-0.308***

-0.308***

-0.307***

-0.311***

-0.310***

-0.312***

(0.097)

(0.097)

(0.097)

(0.046)

(0.046)

(0.046)

(0.060)

(0.060)

(0.060)

12283

12283

12283

12723

12723

12723

12319

12319

12319

0.04

0.04

0.04

0.05

0.05

0.05

0.06

0.06

0.06

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation.

Columns 4, 5 and 6 report the results of manufacturing employment. There is a
significant difference between total manufacturing employment and employment in
the tradable industries. Column 4 shows that total employment is affected negatively
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by all three shocks, the boom has the least magnitude and significance. However, both
exportable indices 1 and 2 are not affected significantly by the shocks.
Columns 7, 8 and 9 report the results of manufacturing wages. Total manufacturing
wages rose during the boom, and slowed down during the bust and valley.
In general, the bust has a stronger and more significant negative impact on
manufacturing than the boom. This could indicate that oil countries tend to support
the manufacturing sector during the boom as they are receiving more oil rents.
One confounding factor with “all manufacturing” coefficients in columns 1, 4 and 7 is
that it includes industries linked to the oil industry and they may be more prominent.
But even with that in consideration, we still find negative coefficients in all three
outcomes despite the fact that the oil boom would probably support oil-related
manufacturing industries as well.
Our results agree with Ismail (2010) in finding that manufacturers in oil-exporting
countries with more open capital markets are more negatively affected by oil prices
shocks, and agrees with Rodrik (2016) who finds that the labor-intensive sector is the
most harmed by globalization, and the most declining sector in manufacturing. We
add to that finding that the labor-intensive sector is also the most hurt by resource
booms especially if the resource country is more open to trade. The reason is that the
share of these labor-intensive sectors in the international market is relatively small
provided by a small number of developing countries. In addition, the competitiveness
of this sector is easily hurt by the real exchange rate appreciation that follows
resource booms, and therefor demand declines on their exports.
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5.4

Robustness checks:

To ascertain that our results are not driven by other factors, and to further tackle the
issue of endogeneity, we subject the main results to several robustness checks and
alternative specifications. First, we use oil reserves as an instrument for oil
discoveries following Cotet and Tsui (2013). The instrument is described by Cotet
and Tsui (2013) as the log of oil reserves data, calculated for each country in any year
by subtracting cumulative production from cumulative discovery (original data
provided by ASPO dataset: the Association for the Study of Peak Oil). Table 10
shows the instrumental variable estimation based on equation 1, after instrumenting
the interaction terms. The results are robust to this specification and to our previous
estimates, indicating that giant oil discoveries have a negative impact on the tradable
manufacturing industries. The interaction term is mostly negative in panels A, B and C
where the outcome variables are value added, employment and wages consecutively.
Second, we follow Bjørnland and Thorsrud (2016) robustness strategy by showing
that the results are robust to using the nominal rather than the real figures for value
added and wages. The results are unchanged, as shown in table A-4 in the appendix.
These results suggest that our main results are not driven by omitted variables and do
not suffer from serious endogeneity concerns.
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Table 10: Oil discovery and the tradable industries:
Outcome in year:

(1)

(2)

Panel A. Value added (t+5)
Discovery*exportability 1

-0.121
(0.270)

Discovery*exportability 2

-0.647
(0.844)

Past discoveries
Manufacturing share (t-1)
Kleibergen-Paap F stat
Stock-yogo critical value
Observations
R

2

0.009

0.017

(0.017)

(0.021)

0.162**

0.177**

(0.076)

(0.079)

25.88

17.75

16.38/5.53

16.38/5.53

12416

12416

0.046

-0.019

Panel B. Employment (t+5)
Discovery*exportability 1

-0.894
(2.189)

Discovery*exportability 2

-3.140
(7.252)

Past discoveries
Manufacturing share (t-1)
Kleibergen-Paap F stat
Stock-yogo critical value

0.051

0.075

(0.129)

(0.178)

-0.290**

-0.116

(0.119)

(0.293)

0.288

0.313

16.38/5.53

16.38/5.53

Observations

53060

53060

R2

-0.330

-2.204

Panel C. Wages (t+10)
Discovery*exportability 1

0.173
(0.222)

Discovery*exportability 2

-0.489
(0.878)

Past discoveries

-0.008

Manufacturing share (t-1)
Kleibergen-Paap F stat
Stock-yogo critical value
Observations
R

2

0.012

(0.011)

(0.019)

-0.232***

-0.213***

(0.031)

(0.059)

27.70

1.303

16.38/5.53

16.38/5.53

44370

44370

0.045

0.022

Notes: All regressions controls for the number of years with discoveries from t-10 to t-1, and country, industry and
year fixed effects. Instrumental variable is the log (oil reserves per capita) and its interaction with exportability
indices 1 and 2 for instrumenting the interaction term (Discovery*Exportability 1 & 2). Data sources:
manufacturing employment is from UNIDO, instruments from Cotet and Tsui (2013). Robust standard errors in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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6

Conclusion

This paper analyzes the effect of two different oil shocks on manufacturing tradable
activity in oil countries, adding to the narrow literature on the empirical evidence of
Dutch Disease theory.
First, we used giant oilfield discoveries as a source of oil boom shock. We were able
to track structural change in the manufacturing sector following giant oil discoveries
and found that manufacturing outcomes in the tradable industries declined
significantly. To get more empirical evidence on the Dutch Disease theory, we also
test for the effect of the oil boom and bust as a resource price shock. During the oil
price boom of the 1970s, tradable manufacturing value added, employment and wages
all did not have any significant changes in oil countries. However, all three were
negatively affected during the bust period in the 1980s, suggesting that the oil
countries were able to support the manufacturing sector during the boom as they were
receiving higher oil rents.
The results taken together suggest that the tradable industries in manufacturing are
harmed by the oil shocks in two ways. First, total manufacturing could benefit from
oil shocks, through increased local demand for manufactured goods resulting from the
revenue windfall that was met by increased demand on imports and local production.
This movement of concentration from the tradable industries to the nontradable
industries within manufacturing harms exports. Second, exchange rate appreciation in
oil countries that follows oil discoveries suggests that exports become less
competitive, and imports become cheaper. The more the economy is open, the more
significant is the negative impact. This suggests that the tradable manufacturing
industries will be harmed by the oil shocks through less demand on its exports in the
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international market, which would lead to further adjustments in the economy, as
suggested by the Dutch Disease theory.
These results empirically support the core Dutch Disease model, the only difference
we find in our results is the declining wages in the manufacturing sector. The core
model suggests that the boom should raise potential welfare and wages in the entire
economy. Finally, by finding that manufacturing growth declines affected by the two
resource shocks used in our paper; the results agree with Corden and Neary (1982)
that the effects of an oil price shock are similar to those of an oil discovery shock in
oil countries.
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Appendix:
Table A-1: Number of years (from 1962 to 2003) with one or more giant oilfield
discoveries, by country (treatment countries)
Country

Years

Country

Years

Country

Years

Former USSR

29

India

5

Albania

1

Iran

24

Algeria

4

Azerbaijan

1

Saudi Arabia

24

Argentina

4

Bangladesh

1

Australia

18

Colombia

4

Cote d'Ivoire

1

Nigeria

17

Congo, Rep.

4

Denmark

1

China

16

Kuwait

4

Ecuador

1

United States

16

Qatar

4

Equatorial Guinea

1

Norway

15

Peru

3

France

1

Indonesia

14

Thailand

3

Gabon

1

Brazil

13

Tunisia

3

Germany

1

United Arab Emirates

12

Bolivia

2

Hungary

1

United Kingdom

12

Brunei Darussalam

2

Morocco

1

Iraq

11

Italy

2

Namibia

1

Libya

11

Kazakhstan

2

New Zealand

1

Mexico

10

Myanmar

2

Papua New Guinea

1

Egypt, Arab Rep.

8

Netherlands

2

Philippines

1

Oman

8

Pakistan

2

Romania

1

Angola

7

Sudan

2

Russia

1

Canada

7

Trinidad & Tobago

2

Spain

1

Malaysia

6

Vietnam

2

Turkmenistan

1

Venezuela

6

Yemen

2
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Table A-2: manufacturing ISIC 2-digit industries:
ISIC
code
15

Industrial sectors

Exportability 1

Food and beverages

1
index

Exportability 2
index
0

16

Tobacco products

0

0

17

Textiles

1

0

18

Wearing apparel

1

0

19

Leather products and footwear

1

0

20

Wood products except furniture

1

0

21

Paper and paper products

0

0

22

Printing and publishing

0

0

23

Coke, refined petroleum products and nuclear fuel

1

0

24

Chemicals and chemical products

1

0

25

Rubber and plastics products

0

0

26

Non-metallic mineral products

0

0

27

Basic metals

1

0

28

Fabricated metal products

0

0

29

Machinery and equipment

1

1

30

Office, accounting and computing machinery

1

1

31

Electrical machinery and apparatus

0

1

32

Radio, television and communication equipment

0

1

33

Medical, precision and optical instruments

1

1

34

Motor vehicles, trailers and semi-trailers

1

1

35

Other transport equipment

1

1

36

Furniture

0

0

37

Recycling

0

0
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Table A-3: the impact of oil boom and bust on manufacturing outputs, including all
oil countries in the dataset (more countries included).
Value added

Employment

Interacted*

Interacted*

Exportability

Exportability

(1)

Index
(2) 1

Index
(3) 2

-0.027

-0.006

(0.034)

Wages

Interacted*

Interacted*

Interacted*

Interacted*

Exportability

Exportability

Exportability

Exportability

(4)

Index
(5) 1

Index
(6) 2

(7)

Index
(8) 1

Index
(9) 2

-0.011

-0.004

0.014

-0.007

0.029

0.009

-0.004

(0.017)

(0.022)

(0.031)

(0.014)

(0.016)

(0.029)

(0.014)

(0.019)

-0.097***

-0.042*

0.032

-0.096***

0.003

0.009

-0.121***

-0.014

0.003

(0.033)

(0.022)

(0.029)

(0.021)

(0.013)

(0.017)

(0.025)

(0.019)

(0.028)

-0.073*

0.001

-0.007

-0.124***

-0.003

0.005

-0.071**

-0.016

-0.007

(0.039)

(0.022)

(0.027)

(0.028)

(0.014)

(0.023)

(0.032)

(0.017)

(0.025)

-0.491***

-0.496***

-0.491***

-0.308***

-0.308***

-0.307***

-0.311***

-0.310***

-0.312***

(0.097)

(0.097)

(0.097)

(0.046)

(0.046)

(0.046)

(0.060)

(0.060)

(0.060)

Observations

12283

12283

12283

12723

12723

12723

12319

12319

12319

R2

0.053

0.053

0.053

0.052

0.052

0.052

0.089

0.089

0.089

All
manufacturing

Boom

Bust

Valley

Industry
share (t-2)

All
manufacturing

All
manufacturing

Notes: all regressions include country, year and industry fixed effects. Robust standard errors clustered at
the country level are reported in parenthesis. ***,** and * denote significant at 1,5 and 10% level.
Exportability index (1) is a dummy that takes on a value of 1 if an industry’s ratio of exports to value added
is greater than the median value and 0 otherwise, from Rajan and Subramanian (2011). Exportability index
(2) is a dummy that takes on a value of 1 for ISIC industries 15-21, and 0 otherwise, author calculation. This
table repeats table 9 but we add Albania, Canada, Columbia, Egypt, Malaysia, Mexico and the United States in
the regression, in addition to the countries included in the main regression shown in table 9.
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Table A-4: Robustness 2: Oil discovery and the tradable industries using nominal
figures for value added and wages
Outcome in year:

(1)

(2)

(3)

(4)

Panel A. Value added (t+5)
Oil discovery

0.019*
(0.010)

Oil discovery (t+5)

-0.026***
(0.010)

Oil discovery (t+5) *Exportability index (1)

-0.024*
(0.013)

Oil discovery (t+5) *Exportability index (2)

-0.011
(0.022)

Past discoveries (t-10)
Manufacturing share (t-1)
Observations
R

2

0.001

0.005*

0.003

0.002

(0.002)

(0.003)

(0.003)

(0.002)

0.140

0.188*

0.189*

0.189*

(0.100)

(0.108)

(0.108)

(0.108)

12118

13537

13537

13537

0.072

0.068

0.068

0.068

Panel B. Wages (t+10)
Oil discovery (t+5)

-0.003
(0.006)

Oil discovery (t+10)

-0.022***
(0.006)

Oil discovery (t+10) *Exportability index (1)

-0.021***
(0.008)

Oil discovery (t+10) *Exportability index (2)

-0.026**
(0.012)

Past discoveries (t-10)

Manufacturing share (t-1)
Observations
R

2

0.003*

0.004***

0.003**

0.003*

(0.002)

(0.002)

(0.001)

(0.001)

0.140

0.188*

0.189*

0.189*

(0.100)

(0.108)

(0.108)

(0.108)

53494

52396

52396

52396

0.076

0.078

0.077

0.077

Notes: All regressions controls for the number of years with discoveries from t-10 to t-1, and country, industry and
year fixed effects. Instrumental variable is the log (oil reserves per capita) and its interaction with exportability
indices 1 and 2 for instrumenting the interaction term (Discovery*Exportability 1 & 2). Data sources:
manufacturing employment is from UNIDO, instruments from Cotet and Tsui (2013). Robust standard errors in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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