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Abstract

Since the first oil extraction, we can see in data a downward trend with high fluctu-
ations in real oil prices. This pattern is reasonable once we know that the extraction
process today is far more productive then it was in the nineteenth century. These pro-
ductivity innovations shift the long-run supply curve for oil, with permanent effects.
The fluctuations follow the business cycles which affect the oil price temporarily. Using
long-run restrictions relative to productivity effect we identify a structural vector error
correction model for oil price, US oil production and US industrial production, a system
in which the cointegration rank is one.
The evidence shows that demand-side factors are the most important sources to explain
unpredictable movements in oil prices and production in the short-run. The supply-side
factor, productivity gains due to technological progress, is the most important source
to explain unpredictable movements of the oil prices and production in the long-run.
This work contributes to a better understanding of the oil market dynamics, focusing
on disentangling the short-run and long-run properties.

Keywords: Oil Market, SVECM, Long-run Restrictions, Productivity
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1 Introduction

Since the first oil extraction, the global economy became more dependent on the use of
this primary input for production of manufactured goods and energy. This increased in
the dependence boosted the volume of trades of this commodity until it subsequently
became the major globally traded commodity, in which its prices play a key role in the
design of policies. This fact drew attention of many researchers as its economic impor-
tance became more evident through the years, particularly after the 1970s when sharp
oil price fluctuations had disastrous impacts on the economy. These events helped to de-
velop the general perception that oil price increases are highly correlated with economic
downturns, inflation and unemployment; thus a better understanding of the oil price
dynamics is essential to allow governments to establish the right policies in moments of
price instabilities. In seeking to understand and estimate the role of technology in this
market, we must understand oil price dynamics and identify the shocks underlying its
movements

Despite the recent boom in oil prices, data shows us a downward trend with high
fluctuations in real oil prices. Hamilton (2013) points out that an oil barrel was easily
sold in 1859 at a price that would correspond to almost $500 U.S. 2010 dollars. As
new technologies were introduced to oil production, more barrels were brought into the
market and prices fell to $232 per barrel in 2010 prices. This fact is coherent with
the economic theory, as these technologies were responsible for reducing the costs of
extraction, which permitted the exploration of new production areas. As a result, more
supply of oil became available and its prices fell.

Rich literature on price fluctuations and how these movements affect the economy
has been developed through the years. As different points of view have emerged, it is
quite clear that even nearly 50 years after the 1973/1974 OPEC embargo there is little
consensus about how price innovations affect aggregate macroeconomic variables. To
test the hypothesis that sharp oil price increases are linked with economic downturns,
previous works tested if in fact this relation between oil prices and economic performance
exists or if it is just a coincidence, Rotemberg and Woodford (1996) and Hamilton
(2003), in their works, rejected this hypothesis giving us evidence on the importance
of studying this phenomenon and identifying the shocks that are responsible for price
movements.

In fact, Hamilton (1983,2008,2019) reports that almost all of the post World War II
US recessions have been preceded by a sharp increase in crude oil prices. Some of these
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price shocks were due to oil supply shortfalls with drastic and persistent consequences
to the economy. However, Hamilton (2011) advocates that oil supply disruptions after
2000 are less likely to have the same impact as previously observed in the post war era.
He shows that a sharp increase in prices nowadays would last only a short period of
time as oil production in other regions would increase as a response to price incentives.

Since economic downturns are also followed by policy responses, one might ask
whether US recessionary episodes associated with oil price fluctuations were a conse-
quence of the monetary policy adopted by policymakers in response to the price shocks
or if the oil shocks, per se, were the major cause of poor economic performance. In this
sense, Bernake, Gertler and Watson (1997) produced an influential work to answer this
questions, where they showed that the first four recessions during the 1970s and 1980s
were immediately preceded by a sharp increase in the federal funds rate, being the main
cause of the recessions. Nonetheless, Hoover and Perez (1994) and Davis Haltiwanger
(2001) presented results showing that oil shocks had a great influence on economic
downturns while monetary contraction as a response to the inflation instability had
only a small contribution.

On the other hand, since the work of Deaton and Laroque (1996), demand-side
factors had also gained great attention in the literature. Empirical studies that model
the market for crude oil using a supply-demand framework have reached the conclusion
that demand-side factors have a greater influence explaining price movements. Kilian
(2009), using a structural vector autoregressive (SVAR) with the Choleski decompo-
sition approach, shows that oil price dynamics can be mainly explained by aggregate
demand and speculative demand innovations. Also, Kilian and Lee (2014) and Kilian
and Murphy (2014) are more recent works that explore the relationship between oil
price innovations and speculative shifts, obtaining evidence that speculation played an
important role in price shock episodes during the major oil supply disruption episodes
up to the 1990s. In fact, it is very reasonable to deduce that oil supply disruptions and
speculation are highly correlated, as supply disruptions are usually followed by specula-
tive behavior by the agents as a response to shifts in expectations. However, they find
no evidence that speculative demand shocks influenced most recent price surges of 1990
onwards rather they causes were mainly due to flow demand for crude oil driven by
global business cycles. Hamilton (2009) suggests that, as a matter of economic theory,
speculative trading may cause a surge in real price of oil without any change in oil
inventory holdings if the short-run price elasticity of demand for gasoline is zero.

Most of the works until now have focused on the task of identifying the shocks
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underlying the real price of oil while not answering questions involving long-run rela-
tionships between variables and oil prices. He, Wang and Lai (2010), in their work
based on a supply-demand framework and cointegration theory, find that real future
prices of crude oil are cointegrated with the Kilian (2009) economic index based on
shipping freight rates and that crude oil prices are significantly influenced by Kilian’s
economic index for both long-run and short-run impacts.

On this matter, given some of the evidence that was presented previously, we de-
velop a supply-demand model in which oil sector productivity has a long-run effect on
oil prices, industrial production and oil production. Aggregate demand shocks affect
oil price temporarily following business cycles, but we allow for long-run effects in in-
dustrial production and in oil production, since aggregate demand shocks can lead to
technological progress in the economy.

Our main purpose is to understand the role of the productivity gains due to techno-
logical improvement in the oil sector. We focus on understanding how oil price shocks
are driven giving more attention to its short-run and long-run properties with a iden-
tification based on long-run restrictions in a structural vector error-correction model
(SVECM). By using this methodology, we are able to separate the shocks underlying
the real price of oil in a setup that follows the economic theory that demand-side shocks
have transitory effects on prices and productivity shocks have persistent effects. We
assume that oil sector productivity innovations shift the long-run supply curve for oil
with permanent effects. We decompose the oil price structural shocks in three different
components:

𝑖) An unpredictable movement on US industrial production that is interpreted as an
aggregate demand shocks.

𝑖𝑖) Innovations in crude oil production that are identified as productivity shocks re-
lated to oil production.

𝑖𝑖𝑖) A shock on U.S. crude oil price that we interpret as speculative demand shocks.

The remainder of the paper is organized as follows. In Section 2, we describe
the crude oil market and analyze the influence of OPEC members on the global oil
production. Section 3 we demonstrate the data used in our analyses. Section 4 presents
the econometric framework behind the model developed in this work. Section 5 focuses
on the identification of the structural shocks. Section 6 shows the empirical results
obtained in our model. The concluding remarks are in Section 7.
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2 The Crude Oil Market

Crude oil is the most traded commodity in global markets, thus understanding its
dynamics is crucial for many reasons as presented previously. One particularity of
this market is the presence of various types of crude oil with different characteristics1.
These different types of petroleum used to be traded on the basis of a spot price, but
due its high volatility, it was necessary to create an instrument to reduce risk, which
came in the form of future contracts. In the crude oil market, spot contracts typically
involve the delivery of petroleum in the following purchase month. One-month futures
contracts for these two types are available on Bloomberg. These contracts are taken as
a proxy for the spot prices of crude oil.

For many years before the 2008 global financial crisis, the WTI2 and Brent crude oil
prices were almost the same, with WTI set as the marginal oil price and Brent would
be priced to compete. Since 2011, WTI has been traded at a significant discount rate
to Brent. The latter refers to different oil grades located in the North Sea. Due to
its location, the transportation of Brent oil is easier and cheaper than WTI. Morever,
fluctuations in the premium for Brent to WTI are usually tied to political events in
North Africa and in the Middle East. On the other hand, the former is considered a
better quality crude oil compared to Brent, but due its location in the interior of the
US, there is a high reliance on pipelines and rails for transportation, which considerably
raises the transportation costs compared to Brent crude oil.

Oil as an exhaustible resource could be understood using Hotteling (1931) theory. In
this context, the optimal production path is such that, in equilibrium, prices net of the
marginal cost grow with interest rates. But some characteristics of this market restrain
this from happening. First, technological progress generates capacity for producers to
build deep oil wells, or to obtain oil from sources not available in the absence of this
advance. An recent example is shale oil that is produced from oil shale rock fragments
by pyrolysis. Second, the natural damage caused by oil and its derivatives and its
social appeal can interfere in the direction of the technological progress. Concerns
about the earth’s and humanity’s future can lead to oil free machines, as we see in
electric cars. In other words, producers do not know the future path of oil demand,
and this uncertainty with all previous characteristics, added up to OPEC market power

1The main characteristics that differentiate types of crude oil are: quality of sulphur and high
specific gravity.

2The crude oil generic one month futures contract ticker for the West Texas Intermediate (WTI)
commodity is CL1 and the Brent Crude oil is CO1.
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and production heterogeneity contributes to deviations of the quantity produced from
the optimal path predicted by a theory for exhaustible resources.

Oil supply disruptions play a lesser or unimportant role nowadays than they had
in the 1970s and 1980s. This is quite surprising as it contrasts to the common sense
that links major oil price increases to oil supply shortfalls. Initially, almost all major
oil price fluctuations were related to disruptions of the global oil production as a result
of exogenous political events of instability such as Middle East conflicts and OPEC
embargo episodes3

In figure 5 we can see oil prices from 1970 to 2019. The first thing to note is that
in some dates we can observe that oil price falls sharply. The fall in prices due to
the 2008 economic crisis is the most important in our period of analysis. The sharp
fall in aggregate demand affects oil prices through direct and indirect effect (general
equilibrium forces) reducing oil demand and then oil price. Although economic crisis are
important to explain some fluctuations in oil prices, the main reason for rapid growth
in oil prices historically was oil supply disruptions. Most of those events preceded our
period of analysis.

The first important conflict that affected the global oil market was the Suez Crisis
in 1956 following the conflict between Egypt, Israel, UK and France. The second one,
which is considered the first oil crisis, occured in 1973 when OPEC members declared
an oil embargo on the US, UK, Canada and other countries that supported Israel in
the Yom Kippour War. During this event, the oil prices increased in the last quarter of
1973. The traditional explanation suggests that this was a consequence of a shift in the
oil supply curve to the left along the oil demand curve. An alternative interpretation
of the event that does not focus on the war as an explanation is shown in Barsky and
Kilian (2002)4.

The second major oil crisis that occurred in 1979 was an event marked by the
increase of WTI prices from almost $15.00 in mid-1979 to almost $40.00 in mid-1980.
Hamilton (2003) argues that this surge in prices was caused by the Iranian oil production
shortfall as a consequence of the Iranian Revolution. Moreover, Kilian and Murphy
(2014) stressed that the Iranian Revolution also had an important role as it affected

3See Hamilton (2013) for more details.
4In this work, the authors advocate that the sharp increase in oil prices were a consequence of the

increasing Arab opposition to the Tehran/Tripoli 1971 agreements between oil companies and govern-
ments of oil producing countries in the Middle East. This culminated in the end of the agreements
on 1973, with the oil producing countries such as Saudi Arabia deciding to produce less oil at higher
prices.
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the oil price expectations, which also contributed to the sharp increase in prices.
Hamilton (2003) also points out that a large oil supply disruptions occurred due

to the Iran-Iraq war, which lasted from 1980-88. As Iraq invaded Iran in 1980, it
caused the destruction of Iranian oil producing facilities which reduced significantly
the exports from Iran. However, in this case, no sharp increases in oil prices were
observed; the WTI oil prices increased from $36.00 per barrel in late 1980 to $38.00
per barrel in early 1981. This increase was driven by the oil supply disruption. This
small increase was mainly due to the absence of major shifts in the demand. One
reason for this was the shift in global monetary policy regimes giving more importance
to control inflation pressures by raising interest rates. This episode was mainly led by
Paul Volcker’s decision to sharply raise the US interest rates. Moreover, the previous
major oil crises were responsible for making non-OPEC countries such as Norway and
the United Kingdom respond persistently to higher oil prices by expanding their own
oil production. Due to the fact that it takes considerable time to expand oil production,
only in the early 1980s did these non-OPEC production countries become quantitatively
important. Baumeister and Kilian (2016) showed that the OPEC’s global market share
fell from 53% in 1973 to around 43% in 1980 and 28% in 1985. Therefore, the increase
in non-OPEC oil production during the mid-1980 played a important role in reducing
the prices pressures during the period of 1980-1990s.

The OPEC countries attempted to reverse the decline of oil prices during the 1980s.
This was the only time that OPEC tried to influence prices with agreements to jointly
reduce the oil production in order to raise oil prices. Their efforts later proved fails as
many OPEC-participating countries did not cooperate with the agreements, as can be
predicted by the economic theory of cartels. This event shows that OPEC is unable
to sustain a higher level of oil prices and it helps to understand why the Iran-Iraq war
had little effect on oil prices during the period of 1980-1990s compared to the previous
major oil price crises.

Hamilton (2013) shows in figure 13 that, after the second major oil price crisis the
reduction in the supply of oil by OPEC-member countries was immediately followed
by an increase in the production of other producing areas. For the 1980-1990s period,
the figure shows that oil production returned to its normal levels in 1 or 2 months
after the supply disruptions due to main political event in the Middle East. Given this
evidence in our work we assume that oil supply disruptions have no relevant effect on oil
prices through supply and demand fundamentals. They only affect oil prices through
speculation due to agent expectations.
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3 Econometric Framework

This section describes the theoretical framework behind our model, for this consider a
n-dimensional variable 𝑥𝑡 ∼ 𝐼(1) and a reduced form VAR(p) process:

𝑥𝑡 =

𝑝∑︁
𝑖=1

𝐴𝑖𝑥𝑡−𝑖 + 𝑒𝑡

where 𝑒𝑡 is the reduced form innovation with 𝑉 𝑎𝑟(𝑒𝑡) = Σ𝑒 non diagonal matrix. We can
rewrite this process: 𝐴(𝐿)𝑥𝑡 = 𝑒𝑡 with 𝐴(𝐿) = 𝐼 −𝐴1𝐿− ...−𝐴𝑝𝐿

𝑝, the autoregressive
polynomial.

Using linear transformations, we can rewrite as:

∆𝑥𝑡 = −𝐴(1)𝑥𝑡−1 +

𝑝−1∑︁
𝑖=1

𝐴𝑖∆𝑥𝑡−𝑖 + 𝑒𝑡

where 𝐴𝑖 = −(𝐴𝑖+1 + ... + 𝐴𝑝) for all 𝑖 ≤ 𝑝− 1, and obtain the following VECM
Representation:

∆𝑥𝑡 = 𝛽𝛼
′
𝑥𝑡−1 +

𝑝−1∑︁
𝑖=1

𝐴𝑖∆𝑥𝑡−𝑖 + 𝑒𝑡

where 𝛽 is a 𝑛 × 𝑟 loading matrix, 𝛼 the cointegration matrix 𝑟 × 𝑛, where 𝑟 is the
cointegration rank. The matrix 𝛼 correspond to the normalized cointegration vector
and 𝛼

′
𝑥𝑡−1 = 𝑒𝑐𝑡−1 is the lagged cointegration error. If there is no cointegration in the

system, 𝛼 = 0 and the level 𝑉 𝐴𝑅(𝑝) process turns out to be a pure first difference
𝑉 𝐴𝑅(𝑝− 1) process. In a system with cointegration, we have the 𝑉 𝐴𝑅(𝑝− 1) process
adding the error correction mechanism.

King, Plosser, Stock and Watson (1987) and Stock and Watson (1988) present a
relation between cointegration and common trends. The idea behind their approach is
that there are linear combinations of the series in which these trends are ruled out, i.e.
what is left from these combinations are stationary stochastic processes. Cointegrated
processes in turn are processes that share the same stochastic trend, and the number
of linearly independent trends of the system are the number of trends controlling for
the number of shared trends between the series.

Recalling that 𝑥𝑡 ∼ 𝐼(1), taking the first differences we have that ∆𝑥𝑡 ∼ 𝐼(0),
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therefore we can apply the the Multivariate Wold Theorem:

∆𝑥𝑡 = 𝐶(𝐿)𝑒𝑡 , 𝐶(𝐿) =
∞∑︁
𝑖=0

𝐶𝑖𝐿
𝑖 , 𝐶0 = 𝐼𝑛

Stock (1987) shows that the polynomial matrix 𝐶(𝐿) can be written as 𝐶(𝐿) =

𝐶(𝐼)+∆𝐶*(𝐿), where 𝐶*(𝜆) =
∑︀∞

𝑖=1𝐶
*
𝑖 𝜆

𝑖 absolutely summable and 𝐶*
𝑖 = −

∑︀∞
𝑗=𝑖+1 𝐶𝑗

for 𝑖 ≥ 0.

Therefore, ∆𝑥𝑡 = 𝐶(1)𝑒𝑡 + ∆𝐶*(𝐿)𝑒𝑡, and :

𝑥𝑡 = 𝑥0 + 𝐶(1)
𝑡∑︁

𝑖=1

𝑒𝑖 + 𝐶*(𝐿)𝑒𝑡

that is the multivariate version of the Beveridge-Nelson trend-cycle decomposition5.
Moreover, Johansen (1995) shows another useful representation of a system of cointe-
grated variables, known as the Granger representation6:

𝑥𝑡 = 𝑥0 + Ψ
𝑡∑︁

𝑖=1

𝑒𝑖 + Ψ*(𝐿)𝑒𝑡

where:
Ψ = 𝛽⊥

[︀
𝛼′

⊥(𝐴(1))𝛽⊥
]︀−1

𝛼
′

⊥

𝛽⊥ and 𝛼⊥ are orthogonal complements of 𝛽 and 𝛼, Ψ*(𝐿)𝑒𝑡 =
∑︀∞

𝑗=0 Ψ*
𝑗𝑒𝑡−𝑗 is a sta-

tionary process. The rank of the matrix Ψ is 𝑛 − 𝑟, reflecting the independent trends
in the system.

For our purposes, we are interested in the structural VEC model:

𝐵0∆𝑥𝑡 = −𝐵0𝛽𝛼
′
𝑥𝑡−1 +

𝑝−1∑︁
𝑖=1

𝐵0𝐴𝑖𝑥𝑡−𝑖 + 𝜀𝑡

where 𝜀𝑡 is the structural error, i.e., mutually and serially uncorrelated error,
with 𝑉 𝑎𝑟(𝜀𝑡) = Σ𝜀 = 7𝐷𝑖𝑎𝑔(𝑉1,...,𝑉𝑛), where 𝑉𝑖 = E[𝜀2𝑖𝑡].

5For a more detailed explanation, see Vahid and Issler (2001).
6This results is also known as the Granger Representation Theorem, e.g. Engle and Granger (1987).

See also Hylleberg and Mizon (1989).
7We could, alternatively assume that Σ𝜀 = 𝐼𝑛, and use a complete free matriz 𝐵0.
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Notice that, using reduced form and structural form equations, we find:

𝑒𝑡 = 𝐵−1
0 𝜀𝑡

using this relation in the Granger representation, Engle and Granger (1987):

𝑥𝑡 = 𝑥0 + Ψ
𝑡∑︁

𝑖=1

𝐵−1
0 𝜀𝑖 + Ψ*(𝐿)𝐵−1

0 𝜀𝑡

And, finally

𝑥𝑡 = 𝑥0 + Γ
𝑡∑︁

𝑖=1

𝜀𝑖 + Γ*(𝐿)𝜀𝑡

where we define Γ = Ψ𝐵−1
0 and Γ*(𝐿) = Ψ*(𝐿)𝐵−1

0 .
The matrix Γ is the long-run impact matrix. It captures the long-run effect of the

vector of structural innovations in the 𝑥𝑡 variables.

𝐿𝑖𝑚ℎ→∞
𝜕𝑥𝑡+ℎ

𝜕𝜀
′
𝑡

= Γ

If we want to identify or restrict the effect of 𝜀𝑗 𝑡 in 𝑥𝑖 𝑡+ℎ when ℎ goes to infinity,
we look to the 𝑖𝑗 entry of the matrix Γ.

𝐿𝑖𝑚ℎ→∞
𝜕𝑥𝑖𝑡+ℎ

𝜕𝜀𝑗 𝑡
= 𝛾𝑖𝑗

We set 𝛾𝑖𝑗 = 0 when a structural innovation 𝜀𝑗 has no long-run effect on 𝑥𝑖, and if
this structural innovation has no long-run effect on any variable, then row 𝛾𝑗 = 0. And
if this variable is stationary, that is, has no persistent shock, we set the ith line of the
long-run multiplier matrix to zero 𝛾𝑖 = 0.

4 Structural Model and Identification

In order to study the role of technology in the oil market, through productivity gains, we
classify the key determinant shocks of this market. The need to use a structural model
for the oil market is well illustrated in Kilian (2009). For example, a shock in oil prices
can have different sources with very different consequences. An unexpected economic
boom, causing a positive shift in the oil demand, increasing its prices, is going to affect
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the oil market and macroeconomic variables in a different way then would an increase
in prices generated by speculative movements due to a Middle Eastern oil production
uncertainty.

In our study we disentangle the reduced form oil price innovations into three different
components: 𝑖)shocks to the current global demand for crude oil as a response to
global business cycles that we interpret as aggregate demand shocks; 𝑖𝑖) shocks to the
production of crude oil that we identify as productivity shocks, and 𝑖𝑖𝑖) structural
innovations related to the oil price we identify as speculative demand innovations.

Aggregate demand shocks are shocks that capture fluctuations in business cycles.
These unexpected demand shifts affects oil prices through general equilibrium forces.
This shock capture shifts in the demand for all industrial commodities, in particular,
in crude oil. Moreover, it also captures shifts in demand as a result of the emergence
of new industrial economies such as China and India, for example. In other words, an
economic boom raises aggregate demand (or is caused by it), increasing consumption
and investment and, at last, it affects the main input market of the economy, the oil
market.

Productivity shocks are innovations to the production of crude oil, for example,
the discovery of new production fields and the development of new technologies that
reduce its cost of production. A positive productivity innovations shift the supply curve
of crude oil, increasing quantity, and lowering the price. Therefore, this is the role for
the supply-side in this market on the structural model.

Speculative demand shocks are identified as structural innovations related to oil
prices. These shocks are caused by shifts in the market players’ expectations driven
by fears about future market conditions. Under uncertainty, it can be convenient to
anticipate demand and increase inventories. This acts as insurance against supply
shortfalls. In some magnitude, these shocks can be understood as precautionary demand
shocks. We identify these shocks as residual, once we identify aggregate demand shocks
and productivity shocks.

Over the years, economic literature developed many studies focusing on the role
played by the total factor productivity on economic growth. We consider a structural
model with monthly data for 𝑥𝑡 = (𝑝𝑡, 𝑞𝑡, 𝑖𝑝𝑡)

′, where 𝑝𝑡 is the crude oil real price, 𝑞𝑡 is
the US oil production and 𝑖𝑝𝑡 is the US industrial production for month 𝑡, all variables
are expressed in natural logarithm. The sample period is 1991:01 - 2019:05.
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𝐵0∆𝑥𝑡 = −𝐵0 𝛽𝛼
′
𝑥𝑡−1 +

3∑︁
𝑖=1

𝐵0𝐴𝑖∆𝑥𝑡−𝑖 + 𝐵𝑜𝛽𝑏𝑟𝑒𝑎𝑘𝑡 + 𝜀𝑡

where 𝜀𝑡 denotes the structural innovation, a vector of serially and mutually uncorre-
lated innovations that we have early defined, with E[𝜀𝑡𝜀

′
𝑡] = 𝑉 where 𝑉 = 𝐷𝑖𝑎𝑔(𝑉1,...,𝑉𝑛)

and we control for the economic crisis, a structural break in 2008, that we explore in
section 4.3. With this formulation we have the following relation linking the reduced
form innovations with the structural innovations: 𝑒𝑡 = 𝐵−1

0 𝜀𝑡, in which 𝑠𝑝𝑒𝑐 is the spec-
ulative innovation, 𝑡𝑓𝑝 is the oil sector productivity and 𝐴𝐷 is referred to aggregate
demand innovations. ⎡⎢⎣ 𝑒𝑝𝑡

𝑒𝑞2𝑡

𝑒𝐼𝑃3𝑡

⎤⎥⎦ = 𝐵−1
0

⎡⎢⎣𝜀
𝑠𝑝𝑒𝑐
𝑡

𝜀𝑡𝑓𝑝𝑡

𝜀𝐴𝐷
𝑡

⎤⎥⎦
4.1 Long-Run Restrictions

Galí (1999) was the first to identify technology shocks due their long-run non-neutrality,
using long-run restrictions. In these models, aggregate demand innovations, identified
as business cycles, are assumed to have no long-run effect on product.

The long-run multiplier matrix Γ captures the long-run effect of the structural shocks
in the variables of the system. Following the econometric section, we can make a
hypothesis to restrict elements of this matrix in seeking to identify the system. The
rank of Γ is 𝑛−𝑟, where 𝑟 represent the cointegration rank and the number of transitory
shocks. In the cointegration analysis, we conclude that the cointegration rank is 1 in a
99% confidence level test, using the Johansen procedure.

Considering that our cointegration rank is 1, and thus the rank of the Γ matrix is 2,
which allows us to assume that the speculative demand shock have no long-run impact
on all variables. In other words, we are assuming that speculative demand shocks has
no long effect, i.e. a transitory innovation. Furthermore, we assume that aggregate
demand shocks, have no long-run effect on oil prices.

Let Γ be the long-run effect matrix, defined as:

Γ =
[︁
𝛾𝑠𝑝𝑒𝑐 𝛾𝑡𝑓𝑝 𝛾𝐴𝐷

]︁
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So we set 𝛾𝑠𝑝𝑒𝑐 = 0, and 𝛾𝐴𝐷 = (0, 𝛾23, 𝛾33)
′. With this hypothesis we identify the

model capturing all long-run effects and the short-run effect matrix, which portrays the
contemporaneous relations.

In our setting, speculation is expected to increase oil price temporarily, with no
expressive impact on industrial production, with the hypothesis that the effect on all
variables is zero in the long-run (represented by the first column of Γ. Productivity
innovations in the oil sector are the persistent shock that affects all variables in the long-
run. An increase in productivity is expected to increase oil production, lowering oil price
and increasing industrial production. Aggregate demand innovations are expected to
impose the business cycle movement on oil prices. Yet, to industrial production and to
oil production, we allow long-run effects in seeking to capture economic productivity
gains with long-run non-neutrality.

Γ =

⎡⎢⎣0 𝛾12 0

0 𝛾22 𝛾23

0 𝛾32 𝛾33

⎤⎥⎦
4.2 Identification

Recall that:

𝑥𝑡 = 𝑥0 + Ψ
𝑡∑︁

𝑖=1

𝑒𝑖 + Ψ*(𝐿)𝑒𝑡

where:
Ψ = 𝛽⊥

[︀
𝛼′

⊥(𝐴(1))𝛽⊥
]︀−1

𝛼
′

⊥

and we have the following relation: Γ = Ψ𝐵−1
0

When there is no cointegration in the system, 𝛼⊥ = 𝛽⊥ = 𝐼3 and Ψ = 𝐴(1)−1,
and zero restrictions in the long-run effect matrix decrease one to one the number of
parameters to estimate. But in a system with cointegration this is not true. The reason
is the link between the rank of the matrix Γ and the cointegration rank. When the
cointegration rank is 0 < 𝑟 < 𝑛, we have that the rank of the matrix Γ is 𝑛− 𝑟, and 𝑟

is the number of transitory shocks.
Because we have two shocks with permanent effects and one with transitory, we iden-

tify the transitory shock as the orthogonal complement to the shocks with permanent
effects.
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With this formulation, we return to the setting in which each zero restriction is
an additional linear independent restriction added to identify the structural model.
The restriction 𝛾13 = 0, which captures the absence of long-run effect of an aggregate
demand shock on oil prices, imposes a additional restriction on this shock, compelling
an identifying model.8

4.3 Structural Break and the 2008s crisis

The oil price surge that occurred between 2003 and mid-2008 was a remarkable event
in which oil prices suffered sharp increases.9 In this sense, Hamilton (2009) and Kilian
and Murphy (2014), among others, show in their previous works that this event was due
to an unexpected global economic activity expansion, mainly driven by an increased oil
aggregate demand from Asian countries.

The subsequent period is characterized by a sharp decline in the demand for com-
modities, this epoch is known as the 2008 Financial Crisis. During this time, more
specifically from 2008:M9 onwards, we can observe a large drop in real oil prices10.
Later in 2009, when the fears about financial instability lenened, oil prices recovered
to their pre-crisis levels in which crude oil was traded at the price of US$ 100.00 per
barrel.

This price behavior presents us some evidence of a possible structural breakpoint
in our system. Consequently, we opted to follow Ratti and Vespignani (2016) approach
to model these breaks. To do so, we included dummy variables in the model in order
to capture this phenomenon. In this subsection we test for the presence of structural
breaks using the Chow test, which is the most common test. The results obtained
confirm the presence of structural changes in the data at 5% level for the periods of
2008:M09, 2008:M10 and 2008:M11. Reinforcing our results, in our analysis we also find
that the dummy variable for the period from 2008:M9 to 2008:M11 is also statistically
significant at all usual levels. Following these results, we include the following dummy
variable in all of the analysis presented in this work.

8Lutekepohl (2008) shows that cointegration in the system limits the number of admissible zero
restrictions on the short-run matrix 𝐵−1

0 . The admissible restrictions in the column of this matrix
related to the transitory shocks cannot exceed 𝑟 − 1. In this identification setting, the first column of
the SR matrix cannot have any zero restriction.

9Brent oil prices rose from US$ 32.77 in January 2003 to US$ 132.32 in June 2008. The same
pattern can be observed if we do the same analysis for WTI prices.

10For example, Brent oil prices sharply fell from US$ 132.72 per barrel in June 2008 to US$ 43.44
per barrel in December 2008.
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𝑏𝑟𝑒𝑎𝑘𝑡 =

⎧⎨⎩1, if t = 2008:M09 to 2008:M11

0, otherwise

5 Data

In our investigation all the data used are at monthly frequencies from January 1991 to
May 2019. The starting point of our dataset coincides with a period pointed out by
Issler et al. (2019) as a period well known for an increase in trade and financial openness
of the economy, labelled as Globalization. The oil-price data consists of the global price
of West Texas Intermediate (WTI) crude oil extracted from the FRED database of the
St. Louis FED. In our exercises, we used the natural logarithm of the real price of oil,
which before applying the logarithm the nominal price, data were deflated using US
consumer price index (CPI), also was obtained from the FRED database.

Secondly, we use the US industrial production index obtained from the FRED
database; the series are seasonally adjusted. The series is a good proxy for the eco-
nomic performance of the U.S. economy as it can identify periods of high and low real
economic activity, and consequently, it is a good indicator of aggregate demand.

Finally, we use the U.S. oil production index from the FRED Saint Louis. The series
are seasonally adjusted and as in the previous case we use them as a measure for the
U.S. oil production as it is a good proxy as it can identify periods of changes in crude
oil production.

6 Empirical Analysis

As mentioned in the last section, our main focus is on the period from 1991 onwards.
In this section, we present the main empirical results that are built on the structural
vector autoregressive analysis of the real oil price where we also include the U.S. indus-
trial production and the U.S. crude oil production. Despite the existence of a abundant
literature studying oil price movements, the vast majority of them focused on identi-
fications related to short-run or signal restrictions. Our identification strategy of the
structural model is based on long-run restrictions and we investigate the effects of crude
oil price structural innovations in this setup, disentangling the short-run and long-run
properties.
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6.1 Cointegration Analysis

In this subsection we investigate the cointegrating relations between the variables of
interest. The cointegration relation is estimated and then used as a parameter in the
VEC estimation, based on the superconsistency of the OLS estimator in the cointegra-
tion case. We then impose persistency restrictions to recover the structural model as
described in the last section. All results are in the appendix.

The three series present unit roots evidence. These signs were confirmed by the
application of the Phillips-Peron unit root tests in which the alternative hypothesis is
that the series under analysis is stationary. Results are presented in Table 1, and we
can see that at all usual levels of significance, all series are integrated and their first
differences are stationary.

In order to determine the lag length of the variables in the vector autoregressive
representation, usual unrestricted tests were made in which results are shown in table
2. With these results in hand, in our work we opted to choose a lag length of 3 for each
of the variables in the first difference VAR setup.

Our study focuses on the long-run relationships between the variables using the
SVEC approach. First we need to investigate whether oil prices have cointegration
relationships with the U.S. industrial production index and the U.S oil production
index. Thus, we applied the Johansen procedure to investigate whether the series have
a long-run relationship, sharing the same trend.

The trace and the eigenvalue tests indicate that a cointegration rank of 1 is present
at all usual levels of significance these results were obtained using 3 lags in differences.
Therefore, real WTI crude oil prices are cointegrated with the U.S. oil production index
and the U.S. industrial production index. In other words, these three variables share a
long-run equilibrium relationship.

6.2 Impulse Response Analysis

In this subsection, we investigate how U.S. oil production, U.S. economic activity and
the real price of crude oil respond to the structural shocks of the model presented
previously.

Figure 1 shows the impact of an impulse in the speculative demand shock and the
responses in crude oil prices, U.S. oil production and in U.S. industrial production
respectively. The effect on oil prices is positive and dissipates going to zero in the long-
run. Together with the decrease in the oil production, this effect reflect speculation of
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an increase in prices, that can occur for example by rumors of war in the Middle East
revealing the expectations of higher prices. We found a significant negative effect in the
very short-run, reflecting a high increase in prices in the short-run but the effect goes
rapidly to zero.

Figure 1: Impulse in speculative demand shock
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Figure 2 shows the impulse in oil productivity shock and responses in crude oil
prices, US oil production and US industrial production respectively. The effect of a
productivity shock on oil prices starts positive in the short-run but is negative in the
long-run. In the long-run the productivity gains dominate the short-run increases and
generate a long-run price decreases with persistent effects. The effect of productivity
gains on oil production can be seen in the second graph in Figure 2, this effect is
positive and persistent which reflects the gains of productivity in the sector. Finally,
for industrial production, no significant effects were obtained.

Figure 2: Impulse in oil productivity shock

An unanticipated aggregate demand shock has it effects summarized in Figure 3.
The effect of the shock on prices is positive and highly persistent, but eventually dis-
sipates in the long-run. This evidence corroborates the argument present in Kilian
(2009) that demand-side shocks have persistent positive effects on prices. Recall that
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Figure 3: Impulse in aggregate demand shock

we allow for aggregate demand shock to have persistent effect on U.S. Oil Production
and U.S. Industrial Production. We found evidence that the effect of a positive ag-
gregate demand shock is also positive and persistent on the oil production and on the
industrial production. This might reflect the fact that aggregate demand innovations
may capture global technological progress, which persistently increases the industrial
production and as a consequence the demand for inputs, such as crude oil.
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6.3 Forecast Error Variance Decomposition Analysis

In this subsection we analyze the contribution of the different structural shocks to fluc-
tuations in the system variables by performing a forecast error variance decomposition
analysis. Figure 4 shows the variance decomposition of crude oil prices, U.S. oil pro-
duction and U.S. industrial production. Aggregate demand shocks explain about a half
of the forecast error variance of oil price. Speculative demand shocks explain about
10% of this error. So we have evidence that demand side factor are more important to
explain price variation compared to supply side factors. But we found evidence that
the role of the supply shock through productivity gains explain about 40% of the oil
price variation.

Figure 4: Forecast Error Variance Decomposition for WTI oil price, US oil production
and US industrial production.

In the variance decomposition of the U.S. oil production, speculative shocks have a
large contribution to the variance of oil production in the short-run. Therefore, in the
short-run, are the most important shocks to explain unexpected variation in quantity
produced. For longer horizons, what we can see is that productivity shocks have a
larger effect on oil production. Productivity gains are responsible for reducing costs of
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extraction permanently and therefore having long-run persistent effects on the quantity
produced. The effect of aggregated demand on the oil production is relatively small
compared to productivity shocks, as it is only responsible for a small fraction of the
correspondent forecast error variance of the oil production.

In the forecast error variance decomposition for the U.S. industrial production, it
shows that aggregate demand shocks explain the largest fraction of the industrial pro-
duction variance during the horizon considered. Technology improving oil production
comes in second place having about 10% percent of this fraction. Speculative shocks
have small participation in the variance of industrial production that quickly vanishes
through the horizon of analysis.

7 Conclusion

In this work, we seek to understand the role of the productivity gains in the oil sector
due to technological improvement giving special attention to its short-run and long-run
properties, with identification based on a structural vector error correction model that
allows for long-run and short-run restrictions in the presence of cointegration between
the variables.

This paper investigates the cointegration relationship between oil prices, U.S. oil
production, U.S. industrial production. In a SVEC model setup we analyzed the dy-
namics of the system and the main contribution of this work is its analysis of the
persistent effects of productivity on the other variables present in the system. Our
results shows that productivity shocks have a persistent negative effect on prices and a
positive persistent effect on oil production. Aggregate demand shocks affect oil prices
through general equilibrium forces and generate a fluctuation due to business cycles,
with no long-run effect. We also allowed aggregate demand shocks to have long-run
effects on oil production and on industrial production, and we find that a positive shock
in the aggregate demand has a persistent and significant effect on oil production and
industrial production. These results are consistent with the economic theory as we
interpret that the aggregate demand shock also incorporates the productivity gains in
the industrial non oil producing sector.

The forecast error variance decomposition analysis showed that oil production is
mainly driven by demand shocks in the short-run while in the long-run the productivity
relevance increases, reflecting the importance of these gains in the long-run. Aggregate
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demand shocks explain about a half of the forecast error variance of oil prices and Lippi
and Nobili (2012) found the same result, together with Kilian (2009), where demand-
side shocks explained about 80% of the oil price variation. The decomposition for
the US industrial production shows that aggregate demand shocks explain the largest
fraction of the forecast error variance during the whole horizon considered. Technology
improving oil production comes in second place having a small contribution to the
variance of the forecasting error.

Based on our empirical findings, technology plays an important the role in the
dynamics in the oil market. These productivity gains in the oil sector decrease the
cost of production significantly in the long-run, which is reflected in lower prices and
in higher oil production levels. This implie that to understand oil market dynamics it
is important to include technological progress in the analysis, mainly when looking to
relative long-term horizons.
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Appendices

Figure 5: The evolution of brent oil price, WTI oil price, US industrial production and
the US oil production index, from 1991:01 to 2019:05.

Variable statistic p-value

𝑝𝑡 −2.50 0.37
𝑖𝑝𝑡 −1.72 0.70
𝑞𝑡 0.20 0.99

Table 1: Phillips-Perron Unit Root Tests
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Figure 6: Error Correction term from the cointegration relation estimated for (𝑝𝑡,𝑞𝑡,𝑖𝑝𝑡)

AIC HQ SC

3 3 2

Table 2: Information Criteria - 𝑙(𝑐𝑟𝑢𝑑𝑒), 𝑙(𝑜𝑖𝑙𝑝𝑟𝑜𝑑), 𝑙(𝑖𝑛𝑑𝑝𝑟𝑜𝑑) (differences)

test 10pct 5pct 1pct

r <= 2 | 0.96 6.50 8.18 11.65
r <= 1 | 12.36 15.66 17.95 23.52
r = 0 | 39.61 28.71 31.52 37.22

Table 3: Cointegration Test (Johansen-Procedure) for (𝑝𝑡,𝑞𝑡,𝑖𝑝𝑡), using 3 lags

Period Test Bootstrap p-value 𝜒2 p-value

2008:M09 119.16 0.07 0.00
2008:M10 151.70 0.03 0.00
2008:M11 148.61 0.02 0.00

Table 4: Chow Test for structural break
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Estimated coefficients reduced form:

∆𝑥𝑡 = −𝛽𝛼
′
𝑥𝑡−1 +

3∑︁
𝑖=1

𝐴𝑖∆𝑥𝑡−𝑖 + 𝛽𝑏𝑟𝑒𝑎𝑘𝑡 + 𝑒𝑡

⎡⎢⎣∆𝑝𝑐𝑡

∆𝑞𝑡

∆𝑖𝑝𝑡

⎤⎥⎦ =

⎡⎢⎣−0.025

0.014

0.002

⎤⎥⎦[︁
1.000 0.958 −1.664

]︁⎡⎢⎣ 𝑝𝑐𝑡−1

𝑞𝑡−1

𝑖𝑝𝑡−1

⎤⎥⎦

+

⎡⎢⎣ 0.202 0.081 1.293

−0.031 −0.254 −0.345

0.006 −0.061 −0.061

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−1

∆𝑞𝑡−1

∆𝑖𝑝𝑡−1

⎤⎥⎦

+

⎡⎢⎣ 0.036 0.294 −0.446

−0.011 −0.329 0.029

0.001 −0.072 0.187

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−2

∆𝑞𝑡−2

∆𝑖𝑝𝑡−2

⎤⎥⎦

+

⎡⎢⎣−0.041 0.484 0.232

−0.011 −0.049 −0.315

0.001 −0.026 0.215

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−3

∆𝑞𝑡−3

∆𝑖𝑝𝑡−3

⎤⎥⎦ +

⎡⎢⎣−0.059

−0.025

−0.007

⎤⎥⎦ 𝑑𝑢𝑚𝑚𝑦𝑡 + 𝑒𝑡

Estimated t-values reduced form⎡⎢⎣∆𝑝𝑐𝑡

∆𝑞𝑡

∆𝑖𝑝𝑡

⎤⎥⎦ =

⎡⎢⎣−2.71

4.80

3.02

⎤⎥⎦[︁
𝑁𝐴 2.94 −5.02

]︁⎡⎢⎣ 𝑝𝑐𝑡−1

𝑞𝑡−1

𝑖𝑝𝑡−1

⎤⎥⎦

+

⎡⎢⎣ 3.78 0.43 1.64

−1.76 −4.15 −1.36

1.55 −4.31 2.04

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−1

∆𝑞𝑡−1

∆𝑖𝑝𝑡−1

⎤⎥⎦

+

⎡⎢⎣ 0.66 1.48 −0.56

−0.60 −5.14 0.11

0.20 −4.92 3.20

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−2

∆𝑞𝑡−2

∆𝑖𝑝𝑡−2

⎤⎥⎦

+

⎡⎢⎣−0.77 2.55 0.30

−0.66 −0.80 −1.27

0.38 −1.88 3.78

⎤⎥⎦
⎡⎢⎣∆𝑝𝑐𝑡−3

∆𝑞𝑡−3

∆𝑖𝑝𝑡−3

⎤⎥⎦ +

⎡⎢⎣−2.69

−3.52

−4.24

⎤⎥⎦ 𝑑𝑢𝑚𝑚𝑦𝑡 + 𝑒𝑡
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Structural Estimation:
𝐵0 matrix

𝐵0 =

⎡⎢⎣ 0.0157 0.0198 0.0194

−0.0090 0.0048 0.0015

−0.0013 −0.0008 0.0018

⎤⎥⎦
Estimated long-run impact matrix Γ:

Γ̂ =

⎡⎢⎣0.0000 −0.0233 0.0000

0.0000 0.0246 0.0110

0.0000 0.0002 0.0063

⎤⎥⎦


