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Abstract This paper provides an empirical evidence on the influence of oil price
uncertainty on the real economic activity in Jordan and Turkey during the period
1986:01–2014:12. To measure the effect of uncertainty, the paper combines a bivari-
ate structural VAR with a GARCH-in-mean process that allows oil volatility to affect
the growth of industrial production. Our results indicate that oil market uncertainty
has a negative influence on the industrial output of Jordan and Turkey. For instance,
the increase in one standard error of oil price uncertainty is found to be associated
with a decline of 0.81 and 1.01% in the industrial production of Jordan and Turkey,
respectively.Moreover, consistent with the recent empirical evidence, we find that out-
put growth increases/decreases after a negative/positive oil price shock. These results
imply that sound energy policies that mitigate the effect of oil market uncertainty may
help in stabilizing output in both countries.
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1 Introduction

This paper empirically investigates how shifts in oil price uncertainty influence the
growth rate of real output in Jordan and Turkey. Although the influence of oil price
shocks on the economies of theMiddle East region has been previously discussed, this
paper is different as it concentrates on the influence of oil prices uncertainty on real
economic activity. The paper implements a state-of-art technique in which uncertainty
is simultaneously determined in the model by an integrated GARCH-in-mean process.
This model is recently proposed and used by Elder and Serletis (2009, 2010, 2011)
for examining the direct responses of output growth in developed countries to an oil
price uncertainty shock.

In the literature, many studies concluded that oil price uncertainty causes cyclical
fluctuation in real output.1 For instance, in themodels of Bernanke (1983) and Pindyck
(1991), firms postpone irreversible investment decisions andwait formore information
as a response to greater oil price uncertainty. This results in cyclical fluctuation in
output. Similarly, the models of Kilian and Vigfusson (2011a, b) indicate that the
delay in consumption induced by the increase in oil price uncertainty is another reason
why output changes. Pointing to the same result, Edelstein and Kilian (2009) show
that oil price uncertainty raises ambiguity about jobs and therefore, agents may take
precautionary actions such as reducing consumption and/or increasing savings which
may lead to output changes. Other studies such as Plante and Traum (2011) find that
an increase in oil price volatility leads to higher savings, higher investment, and higher
output, but it also leads to temporarily lower durable goods consumption.

Along the same direction, the recentworks ofKilian andVigfusson (2011b),Alquist
et al. (2011), and Jo (2014) are located. They show that the role of oil price volatility
matters, despite the fact that its effect is limited and cannot explain the vast fluctuations
in real output. They also point out that commonly used measures of uncertainty are
inadequate and they poorly capture uncertainty in the oil market. Another study that
stressed the role of uncertainty is the study of Lee et al. (1995), which emphasizes the
importance of oil volatility in predicting economic activity. In addition to the impor-
tance of price changes, they find incremental predictive information of oil volatility
in forecasting output fluctuation. Ferderer (1997) and Ahmad et al. (2012) establish
the empirical link between oil price uncertainty and sectoral reallocation; further they
demonstrate how uncertainty influences the industrial production growth in the US
economy.

In many of these studies, the analysis of the influence of uncertainty is not unam-
biguous and it took a certain perspective. For instance, in Lee et al. (1995), Ferderer
(1997), and Ahmad et al. (2012) oil prices are exogenously determined to the econ-
omy; hence, their results should be viewed carefully.2 An alternative approach is to
make inference from models that obviously study the role of oil price uncertainty. For

1 The theoretical foundations of the theories of investment under uncertainty and real options at the firm
level are developed by Henry (1974), Bernanke (1983), Brennan and Schwartz (1985), Majd and Pindyck
(1987), Brennan (1990), Gibson and Schwartz (1990), Triantis and Hodder (1990), and Aguerrevere (2009).
2 It is expected for economic activity in large countries to influence the oil market. Therefore, oil is
endogenous and this should be reflected by the model that studies output–oil relationship.
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instance, in the recent papers of Bredin et al. (2011) and Elder and Serletis (2011) the
effect of oil price uncertainty is directly measured in a vector autoregressive model in
which uncertainty is assumed to follow a GARCH-in-mean process. The main contri-
bution of this process is that uncertainty is predetermined within the model instead of
being exogenously defined (see Kilian and Vega 2011). The VAR GARCH-in-mean
model of output growth and oil was implemented on the USA and the G7 countries.
The uncertainty effect on growth was significant in the USA and in four of the G7
countries. These studies find that uncertainty during the recent oil price rally between
2003 and 2008 is low and less disruptive to economic activity than previousmovements
in oil prices.3

In our paper, we adopt the GARCH-in-meanmethodology that is proposed by Elder
and Serletis (2009, 2010, 2011). However, our concentration is shifted to explore the
effect of oilmarket uncertainty in the Jordanian andTurkishmanufacturing production.
These two countries are net importers of oil, and to the best of our knowledge the
analysis of the influence of oil price uncertainty of any country in the MENA region
does not exist.4

Most studies assume that the relationship between oil shocks and macroeconomic
variables is symmetric and that it can be estimated by using linear models (Hamilton
1983; Gisser and Goodwin 1986; Bohi 1991). However, there is some evidence for
asymmetric relationship between oil and output (i.e., output responses differently to
positive and negative oil price shocks). The paper byMork (1989) is one of the earliest
that provided such evidence, but it is followed by many studies that emphasize the
same response of output to positive and negative shocks in oil prices.5

The literature has substantial studies which investigate the reasons of asymmetry in
output response to oil shocks. For instance, Hamilton (1988) suggests that adjustment
costs could lead to an asymmetric response to changing oil prices. Falling oil prices
stimulate the economy, but the cost of adjusting to the fall in prices slows down the
expected economic expansion. In the same way, it may deepen the expected reces-
sion when oil prices rise. Another cause of asymmetry is monetary policy. Bernanke
et al. (1997) indicate that the Federal Reserve Bank (Fed) responds more aggressively
to rises in crude oil prices than it does to falls. Asymmetry may also stems from
precautionary saving (Edelstein and Kilian 2007, 2009) and the irreversibility of the
capital–labor ratio and/or investment (Atkeson and Patrick 1999).6

A particular channel of the asymmetric effect of oil prices on the macroeconomic
variables is uncertainty. If uncertainty is negatively related to output, and then, it
is expected to amplify the negative impact of an increase in the price of oil and to
dampen the positive influence of a decrease in the price of oil (Ferderer 1997). Hence,

3 The same model is used to draw inference on the relationship between oil price uncertainty and the level
of economic activity in Canada by Rahman and Serletis (2012) and in South Africa by Aye et al. (2014).
4 Our analysis is restricted only to these two countries because sufficient data on industrial production
index are unavailable for most of MENA countries.
5 Examples are the works of Mork (1994), Mory (1993), Hamilton (1996, 2003), Brown and Yücel (2002)
and Mehrara (2008).
6 Recently, Kilian and Vigfusson (2011a) and Kilian (2014) provided a comprehensive theoretical discus-
sion on the rationale behind asymmetric responses of real output to oil price shocks.
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uncertainty may cause asymmetry in the response of industrial production to oil price
shocks. Therefore, another contribution of our paper is to investigate asymmetry in
the response of output to positive and negative oil shocks.

The analysis of the influence of oil price uncertainty on the real economic activ-
ity in two Middle Eastern countries, namely Jordan and Turkey, is very relevant.
Unlike most of the MENA countries, Jordan and Turkey are entirely dependent on
imported energy to meet their needs. The energy intensity (i.e., the cost of converting
energy into GDP) for both countries is the highest in the region, and it is signifi-
cantly higher than in developed countries such as the USA and Canada. Therefore,
finding a negative impact of oil price volatility on the two countries’ manufacturing
production could help their governments to inspect an alternative less volatile energy
sources such as coal, natural gas, and nuclear power. Furthermore, to the best of the
authors’ knowledge, this is the first study that examines the influence of oil price
volatility on real economic activity in developing economies utilizing Elder and Ser-
letis (2009, 2010, 2011) framework. Most importantly, unlike most of the existing
literature, this paper also looks into asymmetry in the response of output to oil price
shocks.

Looking ahead, our results indicate that uncertainty has a negative and significant
impact on industrial production of the two countries. The increase in one standard
error of oil price uncertainty is found to be associated with substantial declines of
0.81 and 1.01% in the industrial production of Jordan and Turkey, respectively.7

This emphasizes the importance of taking into consideration the influence of oil
price volatility on projecting economic growth of Jordan and Turkey. The impulse
response functions (IRFs hereinafter) of output to oil price shocks show asymme-
try in the changes of output of both Jordan and Turkey. This result is consistent
with the previous finding that oil price uncertainty is negatively associated with out-
put.8

The rest of the paper is organized as follows. Section 2 presents the GARCH-in-
mean model. Section 3 describes our data set. Section 4 introduces the estimation
results of the model and the empirical analysis. Besides, it provides analysis of asym-
metry based on the graphs of IRFs. Section 5 tests for asymmetric relationship between
industrial production and oil. Finally, we provide some concluding remarks in Sect. 6.

2 Methodology

To achieve the goals of our paper, we follow Elder and Serletis (2009, 2010, 2011) by
employing a bivariate structural VARwith multivariate GARCH-in-mean. This model
is a dynamic structural system which consists of a linear function of the relevant
vector variables plus a conditional variance of oil that affect the conditional mean.
Contrary to the two-step procedures, this methodology estimates all the parameters

7 Turkey is more sensitive to oil price uncertainty shocks compared to Jordan because of its higher oil
intensity in terms of the amount of oil consumption needed to produce a unit of its GDP.
8 If oil volatility has a negative effect, then the impulse response of output is asymmetric. This point has
been raised to us thankfully by one of the referees.
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simultaneously; as a result, it generates internally consistent estimates which avoids
the “generated regressor” problem. We can write the VAR for the conditional mean
as follows9:

Byt = C + A1yt−1 + A2yt−2 + · · · + Apyt−p + Λ(L) H1/2
t + εt for 1 ≤ t ≤ T,

(1)

where yt is a vector of endogenous variables at time t , i.e., real growth rate of indus-
trial production index and the real growth rate of oil price. dim (B) = dim (Ai ) =
(N , N ) , εt |ψt−1 ∼ i id N (0, Ht ), Ht is diagonal, Λ(L) is a matrix polynomial in the
lag operator, ψt−1denotes the information set at time t − 1, which includes variables
dated t − 1 and earlier, p is the lag length, and T is the sample size.10 The term
Λ(L) H1/2

t captures the real effect of oil price uncertainties on industrial produc-
tion index. The orthogonalized structural innovations (Ft−1) in our model, which are
related to the choice of N (N − 1) /N free parameters in the matrix B, are assumed to
be independently normally distributed: εt |Ft−1 ∼ N (0, Ht ). Additionally, the struc-
tural disturbances, εt , are assumed to be conditionally uncorrelated. To ensure the
identification of the structural responses, we impose a necessary and sufficient num-
ber of identification restrictions on matrix B. The most common way to perform this
task is to execute zero restrictions through the Cholesky decomposition, exactly as
in a conventional structural VAR model. Following the identification procedure of
Elder and Serletis (2010) and Bredin et al. (2011), we restrict the B matrix so that
the real industrial production index growth responds instantaneously to innovations
in the growth of the real oil price but not the opposite. By following this approach, we
succeeded to estimate one free parameter in matrix B for a bivariate VAR.

In the above-mentioned specification, we measure oil prices volatility by the con-
ditional standard deviation of the structural innovations, H1/2

t . As such, H1/2
t is a

measure of the conditional standard deviation of the 1 month ahead of oil prices; as a
result, it measures the effect of oil price uncertainty shocks on the conditional mean
of yt . The influence of oil price volatility on the industrial production index can be
measured by the coefficient matrix Λ(L). Specifically, a negative and significant ele-
ment inΛmeans that oil price volatility tends to adversely affect industrial production
index. This term also captures any potential asymmetry in the influence on output due
to oil price shocks. If Λ(L) is negative, then the positive and negative unanticipated
oil price shocks increase uncertainty in the oil market and consequently depress output
growth in the short run (Elder and Serletis 2009, 2010).

9 The discussion and the notations contained in this section are largely derived from Elder and Serletis
(2010, 2011).
10 The theoretical literature, however, does not provide any definitive guideline for choosing appropriate
level of lag length in a VAR model. However, Hamilton and Herrera (1983, 1996, 2004), Hooker (1996),
and Jiménez-Rodríguez and Sánchez (2005) argue that a lag length of 4 quarter (12months) is sufficient to
capture the dynamic impacts of oil price shocks on real activity. Consequently, we use the long lag of 12 as
is common with prior empirical literature (i.e., Herrera et al. 2011, 2015; Kilian and Vigfusson 2011a, b),
although our results are robust to alternatives lag length.
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For the specification of the conditional covariance in Ht , we use a bivariate version
of the GARCH model, introduced by Engle and Kroner (1995), which can be written
as:

ht = Cv +
q∑

i=1

Fiηt−i +
r∑

j=1

Gjht−j (2)

where ηt−i = vec
(
εt−i έt−ι

)
, h = vec (Ht ) , εt ∼ H1/2

t zt , zt ∼ N (0, I ), Fi and G j

are N × N with matrices with Cv being an upper triangular to ensure positive defi-
niteness of Ht .11

Elder (2004) and Elder and Serletis (2010) suggest a modified version of this model
to reduce the number of variance function parameters. They adopt a common identify-
ing assumption in the structural VAR, and they also assume a zero contemporaneous
correlation of structural disturbance; the covariance matrix, Ht becomes diagonal and
we can write the structural variance function as follows:

diag (Ht ) = Cv +
q∑

i=1

Fidiag(ηt−i ) +
r∑

j=1

G jdiag(ht− j ) (3)

The simple specification in Eq. (3) allows the conditional variance to be a function of
one lag of its squared errors as well as one lag of its own conditional variances, and
thus, parameter matrices Fi and Gi are diagonal as well.

The bivariate GARCH-in-mean VAR model, given by the conditional mean equa-
tion in (1) and conditional variance equation in (3), is estimated simultaneously by the
full information maximum likelihood (FIML) method as described by Elder (2004).
The procedure involves maximizing the following log likelihood function:

logLT (θ) =
T∑

t=1

lt (θ) (4)

where LT is the sample likelihood function and θ = (B,C, A1, A2, . . . , Ap,Λ, F,

andG) is a vector of structural parameters,

lt (θ) = − (N/2) log (2π) + (1/2) log |B|2 − (1/2) log |Ht | − (1/2)
(
έt H

−1
t εt

)

(5)

To yieldmaximum likelihood estimates, Eq. (4)maximizes numericallywith respect to
the structural parameters using the Broyden, Fletcher, Goldfarb, and Shanno (BFGS)
algorithm method.

With the multivariate GARCH-in-mean VAR, we can also analyze the dynamic
effects of a shock to one variable in the system on the conditional forecast of another

11 Based on the Schwartz Information Criterion, we choose a lag length of q = r = 1 in Eq. (2).
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variable by carrying out the IRFs. Following Elder (2003), the IRF for structural
MGARCH-in-mean VAR can be represented as12:

∂E
(
y j,t+k |εi,t , ψt−1

)

∂εi,t
=

k−1∑

τ=0

[
ΘτΠ0 (F + G)k−τ−1 l1

]
+

(
Θk B

−1
)
l0 (6)

where l0 = ∂εt
∂εi,t

is an N × 1 vector with εi,t in the i th spot and 0s elsewhere, Θ is the

moving average representation of the VAR process, Π0 = B−1Λ, F, and G are the
parameter matrices from the multivariate GARCH. The second term on the RHS of
Eq. (6),

(
Θk B−1

)
l0, captures the effect of a shock εi,t on the conditional forecast of

y j,t+k , and the first term (ΘτΠ0 (F + G)k−τ−1 l1) captures the effect of conditional
volatility on y j,t+k .13 Standard error bands for IRFs are then constructed based the
Bayesian Monte Carlo simulation technique by utilizing the maximum likelihood
estimates of the model’s vector of parameters and its variance–covariance matrix.

3 Data

To investigate the influence of oil price uncertainty on real output growth, we use
monthly data on oil price and industrial production indices of Jordan and Turkey.14

The sample covers the period that extends from January, 1986, to December, 2014.15

The industrial production index is used to proxy real output.16 The data of the indus-
trial production is collected from the International Financial Statistics (IFS) that is
published by the International Monetary Fund (IMF). The spot price of Brent crude
oil is used as a proxy for the world oil price level.17 Brent crude oil price is widely
being used as the benchmark for oil pricing from regions such as Europe, Africa, and
theMiddle East. It is useful to mention that it is highly correlated with other alternative
measures of crude oil prices, such as the West Texas Intermediate (WTI).18 Nominal
Brent crude oil price data are collected from the ThomsonReuters Datastream and then

12 For more details of this approach (see Elder 2003, 2004).
13 Note that the impulse response functions in this model are able to capture potentially asymmetric
responses to oil price shocks (Elder and Serletis 2009, 2010).
14 Authors who used the industrial production include: Bernanke et al. (1997), Lee andNi (2002), Hamilton
and Herrera (2004), Rahman and Serletis (2011), Serletis and Istiak (2013), Baumeister and Peersman
(2013), Aye et al. (2014), Donayre and Wilmot (2015), and Herrera et al. (2015) among others.
15 The sample is selected on the basis of the availability of data of the industrial production index.
16 In some previous literature, the scale of economic output is measured by real gross domestic production
(GDP) on quarterly basis (see, i.e., Rahman and Serletis 2012; Kilian and Vigfusson 2014). However, time
series for quarterly GDP data is only available from 1999 and 2003 for Jordan and Turkey, respectively.
Therefore, in this paper we use the industrial production index to proxy real GDP.
17 Very similar results were obtainedwhen using Texas Intermediate crude oil as a benchmark for oil prices.
18 Over our sample period, we find that the correlation coefficient between WTI and Brent oil prices is
0.9864.
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Table 1 Summary statistics

Mean SD Skewness Kurtosis J-B ARCH (4)-LM

A. Summary statistics

Growth real oil price −0.11% 4.82% 0.03 5.37∗∗∗ 417.34∗∗∗ 9.13∗∗
(0.81) (0.00) (0.00) (0.04)

Growth industrial
production (Jordan)

0.10% 3.28% 0.00 0.81∗∗∗ 9.54∗∗∗ 14.98∗∗∗
(0.99) (0.00) (0.01) (0.00)

Growth industrial
production (Turkey)

0.15% 2.73% −0.34∗∗ 1.58∗∗∗ 42.87∗∗∗ 18.72∗∗∗
(0.01) (0.00) (0.00) (0.00)

B. Dickey-Fuller unit root test

t̂μ t-statistic tests

Growth real oil price −18.73∗∗∗
Growth industrial
production (Jordan)

−7.29∗∗∗

Growth industrial
production (Turkey)

−19.34∗∗∗

At 1% significant level, the critical value of the Augmented Dickey–Fuller test for a unit root is −2.87.
ARCH-LM: Autoregressive Conditional Heteroskedasticity Lagrange Multiplier test statistic for ARCH
effects with four orders, which is asymptotically distributed as χ2 (4) under the null hypothesis of no
ARCH effects. The lag length is selected based on SBIC criterion. P values are in parentheses
***Denotes significance at the 1% level
**Denotes significance at the 5% level

divided by the US CPI extracted from IFS to get the inflation-adjusted real prices.19

To get stationary time series, we transform each series by taking the logarithmic first
differences, so that each variable is expressed in terms of continuously compounded
growth rate.

Table 1 reports the summary statistics of growth rates of the two industrial produc-
tion indices and of the oil price. The two countries have a positive average monthly
industrial production over the sample period. Standard deviations are centered on 3%
except for the oil price, which stands roughly at a higher level and it is around 4.82 %.
All data series display skewness and excess kurtosis; thus, the Jarque–Bera statistics
reject the null hypothesis of normality for all variables. Moreover, the LM-ARCH test
indicates that ARCH effect is significant for all data series.

We estimate our model by using logarithmic first differences of the real oil price
and the industrial production indices. To check for the absence of unit roots in each
series, we use a Dickey–Fuller unit root in which the null is a unit root without drift,
while the alternative is a stationary autoregressive with no constant and time trend.
The optimal lag length is determined by the Schwartz Information Criterion (SIC).
All testing results are presented at the bottom of Table 1. In all variables, the null

19 Very similar results were obtained when denominating the oil price in the country-specific consumer
price index, which was obtained from the IFS. We also got similar results when the nominal price of oil
was used.
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Fig. 1 Monthly real prices of crude oil and returns, 1986:1–2014:12

hypothesis of a unit root is rejected at the 1% significance level, and thus, we conclude
that oil returns and industrial production growth rates are stationary.

Figure 1 plots the monthly real oil price returns and conditional variance during the
sample period.20 Besides, it displays big changes in real oil price during certain periods.
For example, the collapse of OPEC cooperation in early 1986 led to oil overproduction
and significant drops in oil prices. The global recession during this period has also
contributed to the low prices of oil. The price of the barrel went to as low as $10
by the mid of 1986. With the decrease in oil prices, uncertainty as measured by the
conditional volatility has jumped during this period. Similarly, during the first Gulf
War in 1991, oil prices had also seen large swings and the level of uncertainty in the
oil market was almost the highest seen during the last three decades. The oil volatility
stayed at a relatively low level during the period that extends from 1993 to 1998; then,
it peaked in 1998, 1999, and 2000 following the Asian crisis. The oil market volatility
also increased substantially in 2002 and 2003 as a result of the strikes that swept
Venezuela and the eruption of the second Gulf War in the Middle East. Finally, Fig. 1

20 We estimated conditional volatility of real oil price using AR(1)–GARCH(1,1) model.
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Fig. 2 Industrial production index (solid lines) and crude oil price conditional variance (symbols lines),
1986:1–2014:12

shows a pronounced increase in volatility during the recent global financial crisis that
started late in 2007 and extended until 2009 and beyond.21

Figure 2 plots the oil price uncertainty in blue and the industrial production of
each country in black. It shows that the timing and magnitude of the effect of the oil
uncertainty on the industrial production indices are rather similar in the two countries.
Further, Fig. 2 reveals that an increase in oil price uncertainty precedes economic
downturns as measured by the industrial production index. Additionally, it displays
that peaks of uncertainty in oil prices are typically leading to drops in the industrial
production index in the two countries.

4 Results and discussion

Weestimate the bivariateGARCH-in-meanVAREqs. (1) and (3) simultaneously using
the full information maximum likelihood (FIML) method. The purpose is to assess
whether oil price volatility affects real output growth. We follow the argument of
Hamilton and Herrera (2004), Edelstein and Kilian (2007), Elder and Serletis (2010),
andKilian andVigfusson (2011a, b) and estimate ourmodelwith 12 lags usingmonthly
data.22 The above-mentioned authors suggest that oil price shocks influence real output

21 For more detailed information about oil price history, see Kilian (2009) and Hamilton (2013).
22 We also test the lag length using the AIC, FPE, and HQC information criteria. All suggest that 12 lags
are sufficient to summarize the dynamics of the system.

123



Oil price uncertainty and real output growth: new… 1611

Table 2 Model specification test—Schwarz criterion (SBIC)

VAR Bivariate MGARCH
VAR

Jordan 3817.78 3769.33

Turkey 3543.11 3510.67

‘VAR’ refers to the homoscedastic VAR, the Bivariate MGARCH VAR given by Eqs. (1) and (2) with εt ∼
N(0, Ht ) with the diagonal elements of F and G unrestricted. Under this criterion, the better fit model is
the one with the smallest value of SBIC

Table 3 Coefficient estimates for the variance function of the bivariate MGARCH VAR

Country Equation Conditional variance Constant εt (t − 1)2 Hi j (t − 1)

Jordan Real oil price H11 (t) 9.10∗∗∗ 0.37∗∗∗ 0.00

(7.32) (3.95) –

Industrial Production H22 (t) 0.03∗∗∗ 0.04∗∗∗ 0.96∗∗∗
(3.01) (13.38) (14.12)

Turkey Real oil price H11 (t) 9.80∗∗∗ 0.65∗∗∗ 0.00

(6.32) (3.90) –

Industrial Production H22 (t) 1.54∗∗∗ 0.58∗∗∗ 0.10∗∗
(5.82) (3.75) (1.57)

The table presents the parameter estimates for the free elements in diagonal covariance structure of F
and G from the structural VAR with bivariate GARCH-in-mean given by Eqs. (1) and (2) with εt ∼
N (0, Ht ). Parameters violating the non-negativity constraint necessary in the VECH are restricted to zero.
Optimization is performed using the BFGS algorithm. Asymptotic t-statistics are in parentheses
***Denotes significance at the 1% level
**Denotes significance at the 5% level

within one-year lag length. Hence, they recommended taking at least one-year lag in
the VAR model.

To ensure that our model captures the important features of the data, we calculate
the Schwarz information criterion (SIC) of our bivariate GARCH-in-mean VAR and
then we compare it to a homoscedastic VAR. We report the comparison results in
Table 2. They show that the bivariate GARCH-in-mean VAR model better fits the
sample than its conventional homoscedastic counterpart.

Table 3 reports the estimated coefficients of the conditional variance equations for
each of the two variables in the two countries. The estimates clearly show that ARCH
and GARCH coefficients are statistically significant in the industrial production index
equation for both countries. The ARCH coefficients are also significant in the oil
equation. These results provide further support to the validity of the GARCH-in-mean
VAR framework. It is also important to note that the ARCH term is the only significant
coefficient in the oil volatility equation across the two regressions. This suggests weak
time-persistence behavior in the conditional volatility process of oil prices.23

23 This conclusion is consistent with the findings of Elder and Serletis (2010, 2011) and Aye et al. (2014).
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Table 4 Coefficient estimates on real price volatility in real industrial production equation

Coefficient on oil price
conditional volatility
H11 (t)1/2

Jordan −0.03∗∗∗
(−5.82)

Turkey −0.04∗∗∗
(−4.89)

Table presents the estimated parameter measuring the direct impact of conditional oil price volatility on
industrial production index. The reported results are from the free elements in diagonal covariance structure
of A from the structural VARwith bivariate GARCH-in-mean given by Eqs. (1) and (2) with εt ∼ N (0, Ht ).
H11 (t)1/2 represents the conditional volatility of oil price measures. Asymptotic t-statistics are in paren-
theses
***Denotes significance at the 1% level

To measure the effect of uncertainty on real output growth, we report the point
estimates of the coefficient of H11(t)1/2 with asymptotic t-statistics in parentheses in
Table 4. This parameter represents the coefficient of the conditional volatility of real
oil price changes in the real output growth mean equation. We find a negative and
statistically significant coefficient of H11(t)1/2 across the two countries. The values
of the coefficients for Jordan and Turkey are −0.03 and −0.04, respectively.24 These
calculations indicate that unanticipated oil price shocks whether positive or negative
will tend to increase the conditional standard deviation of oil. This increase will ulti-
mately depress output growth in the short run. This finding conforms very well with
the results of Elder and Serletis (2010, 2011), Rahman and Serletis (2012), Bredin
et al. (2011), and Aye et al. (2014) who find that the oil price volatility negatively
influence the aggregate economic activity of Canada, USA, G-7 countries, and South
Africa. This is also in accord with the findings of Ferderer (1997) who finds that it is
oil price volatility rather than oil prices that causes much damage to economic activity.
One conventional explanation of these results is that increased oil price volatility may
delay investment by raising uncertainty (Bernanke 1983; Dixit and Pindyck 1994) or
it induces costly sectoral reallocation of resources (Kilian and Vigfusson 2011a, b)
that depress economic activity.

We estimate how oil price volatility influence output changes by assuming shocks
to the conditional standard deviation of oil returns. We seek from this estimation to
get more economic interpretation of our results. As a result, we follow Elder (2004),
and we take the sample standard deviation of oil price conditional volatility, which is
26.88 in our case, as the average shock magnitude. Then, we estimate the effect on
real output growth by multiplying it with the estimated coefficient H11(t)1/2. One-
unconditional-standard-deviation shock to oil price uncertainty reduces the growth
rate of output within 1month by approximately 0.81 and 1.01% in Jordan and Turkey,

24 For a robustness check, we re-estimated the model for a sample that excludes the recent global financial
crises. Results have not changed. Still the influence of uncertainty is negative and highly significant. The
coefficientswith the t-statisticswere−0.03 (−3.44) and−0.03 (−3.69) for Jordan andTurkey, respectively.
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respectively. These calculations show that oil price uncertainty has quite large effect
on the real economic activity of oil importer countries in the Middle East.

We clearly observe that the negative effect of oil price uncertainty on the industrial
production index growth rate in Turkey is stronger and more persistent than in Jordan.
This result may be partially explained by the higher energy intensity and the lower
diversification of energy sources of Turkey.25 According to the data published by the
World Bank in 2013, Jordan’s oil intensity at constant purchasing power parities is
9.9%comparedwith 11.6% for Turkey. Thismeans that Turkey is less energy-efficient;
therefore, its industrial production is more sensitive to oil price uncertainty than the
industrial production of Jordan.

Hence, we conclude that Turkey’s output is more affected by oil price shocks.
Another explanation for Turkey’s more sensitivity to the uncertainty in the oil mar-
ket can be attributed to its undiversified energy sources compared to Jordan. The
Herfindahl–Hirschman (HH) index which measures the extent of diversification is
found to be around 71.1 and 82.0% for Jordan and Turkey, respectively. This sug-
gests that Jordan uses more energy alternatives than Turkey, which justifies why its
industrial production is less affected.26

The difference in energy price policies between Jordan and Turkey may also pro-
vide additional explanation of these results. For instance, Jordan has traditionally
pursued a stabilization price policy through subsidizing petroleum products. This pol-
icy action has kept domestic fuel prices around a constant level. The policy has also
smoothed variation in the prices of domestic petroleum products.27 This energy pol-
icy has reduced domestic oil uncertainty and its influence on macroeconomic growth.
However, in the recent years in which the government budget faces serious fiscal
deficits, Jordan has removed all fuel subsidies. Instead, the government has adopted
in 2012 a monthly price adjustment mechanism whereby international oil prices are
reviewed monthly. The new domestic prices are then regularly determined according
to an explicit formula.

In contrast, the domestic petroleum products prices in Turkey are determined in the
free market, which is closely linked to international crude oil prices and without any
government interventions. The domestic petroleumproducts’ prices are subject to high
variation that corresponds to world oil price volatility. Moreover, other than changes

25 Oil intensity is measured as the oil consumption needed to produce one unit of GDP. Energy diversifi-
cation is defined as diversification of energy sources. Following the empirical literature (e.g., Löschel et al.
2010), we use the Herfindahl–Hirschman (HH) index to measure diversification energy sources. This index
is equal to the sum of the squares of the fractional share of each source (standardized in energy units).
The more energy diversification of energy sources, the lower is the value of the index. We use six energy
sources in calculating the HH index: crude oil, natural gas, coal, hydropower, nuclear power, and other
forms of renewable energy (geothermal, solar, wind, wood, and waste electricity generation). The data on
share in total energy consumption of each energy source were retrieved from the US Energy Information
Administration (http://www.eia.gov/opendata/).
26 Note that energy diversification is more helpful in mitigating the negative influence on output when
prices and price volatilities of different energy sources are weakly correlated.
27 The budget deficit due to the oil subsidy scheme has been always covered by foreign aid from Saudi
Arabia and other oil-rich Arab countries.
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Fig. 3 IRF to one-standard-deviation positive and negative shocks to the real oil price changes. A note:
The graphs display IRFs of the industrial production index growth (GIP) to one-standard-deviation shocks
in oil price changes (solid line) from bivariate MGARCH-in-mean VAR. One-standard-error bands (dashed
lines) are generated by Monte Carlo simulation technique based on 1000 repetitions

in world oil prices, the Turkish Lira fluctuations against the US dollar, in which the
world crude oil price is denominated, play a role in determining the domestic petroleum
products’ prices. This generates another explanation of why the relationship between
world oil volatility and real output in Turkey is stronger and more persistent compared
to Jordan.28

The above-mentioned results provide evidence that oil price uncertainty has sig-
nificant effects on real economic activity for oil importer countries in the Middle
East region. The volatility in the oil market increases uncertainty and discourages
investment in the oil sector.

To better understand the dynamic impact of oil price shocks on real economic
activity with the presence of uncertainty, we calculate the IRFs by simulating the
maximum likelihood estimates of the model’s parameters as indicated in Sect. 2.
Figure 3 reports the 12month ahead IRFs of the industrial production growth to positive
and negative oil price shocks (the soiled line).29 In the VAR model, we choose a 12-

28 Currently, Jordan is adopting the pegged exchange rate regime. The Jordanian Dinar is pegged to the
US dollar. Turkey is adopting a floating exchange rate regime.
29 Note that similar results are obtained when we use 6- and 24-month forecast horizon. These results are
only available from the authors upon request.
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month lag length for three reasons. First, Hamilton and Herrera (2004) show that
short lag length might conceal the response of economic activity to oil shock as the
influence may show up with a lag. Second, to improve the robustness of the results
of the nonlinear VAR models, it is necessary to include sufficiently long lags. Finally,
we choose a lag order of 12 months in order to be able to compare to the literature
as most studies have used 12 lags (Elder and Serletis 2009, 2010, 2011; Rahman and
Serletis 2012; Aye et al. 2014).30

As mentioned previously, we choose the size of the shock to equal to the annualized
unconditional standard deviation of the change in the price of oil. The one-standard-
error bands are the dashed lines in Fig. 3, and they are constructed from 1000
replications as is common in the literature. In the figure, the X-axis represents the fore-
cast horizon and the Y -axis represents the responses of industrial production growth
to oil price shocks.

The first column of Fig. 3 reports the response of industrial production to a positive
oil price shock for each of the two countries. The IRFs display that an unexpected
upward shock in oil prices would result in an instantaneous drop in the growth rate
of the industrial production. The shock induces a slower growth rate by about 30–40
basis points following 1month in both Jordan and Turkey. The effect is statistically
significant at all horizons. Again, the relatively higher efficiency use of oil and the
higher diversification of energy sources in Jordanmay explain why Turkey’s industrial
production index is more responsive to unexpected shocks.

It is also observed that the response of real output to a positive oil price shocks
reaches its peak after 1month; then, it is followed by substantial reversals that wipe
partially those increases within 2months and finally output becomes stable after the
lapse of 4months. This response function holds true for both Jordan and Turkey.

These results are in linewith the previous findings of Elder and Serletis (2009, 2010,
2011), Rahman and Serletis (2012), Bredin et al. (2011), and Aye et al. (2014), who
account for the influence of uncertainty. They find that oil shocks tend to immediately
reduce GDP growth in Canada, USA, G-7 countries, and South Africa.

Figure 3 also reports the IRFs of the industrial production growth to a dynamic
negative oil price shock. It is obvious that a negative oil price shock tends to have a
statistically significant effect on the industrial production. Besides, it increases growth
by about 40 and 30 basis points after 1month in both countries. Again, the response
reaches its peak after about 1month, then it is followed by a substantial decrease, after
that the industrial production grow for about 2months. Finally, it becomes stable after
the lapse of 4months.

Finally, we compare the response of the industrial production to positive and neg-
ative oil price shocks without multivariate GARCH-in mean effects.31 Figure 4 plots
the impulse response functions for both the homoscedastic VAR and the multivariate
GARCH-in-mean VAR of each country. The solid line represents impulse responses
from the multivariate GARCH-in-mean VAR, whereas the dashed line represents the

30 Herrera et al. (2015) also argue that the standard lag selection criteria such as the Bayesian Information
Criterion (BIC) do not work well for nonlinear models and may yield misleading results in small samples.
31 That is, we restrict the coefficient on oil price uncertainty to zero, which effectively eliminates the
multivariate GARCH-in-mean term from Eq. (6).
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Fig. 4 IRF with and without multivariate GARCH-in-mean. A note: The graphs display IRFs of
Homoscedastic and multivariate GARCH-M VARs. The solid line represents impulse responses from the
multivariate GARCH-in-mean VAR, whereas the dashed line represents impulse responses from the con-
ventional homoscedastic VAR. The graphs are generated by Monte Carlo simulation technique based on
1000 repetitions

impulse responses of a conventional homoscedastic VAR. The figure shows that the
dynamic pattern associatedwith themultivariateGARCH-in-meanVAR is very similar
to those of the homoscedastic VAR. This suggests that the multivariate GARCH-in-
mean VAR is an appropriate speciation model for capturing the influence of oil price
uncertainty on the real economic activity of the two Middle Eastern countries.

5 Robustness

To investigate the robustness of our results, we regress industrial production on lagged
industrial production, lagged oil and oil volatility as follows:

�ln (I P) = c + β1�ln (I Pt−1) + β2�ln (Oilt−1) + ΛĤoil (t) + ε1t (7)
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Table 5 Coefficient estimates in OLS regressions

Jordan Turkey

�ln(I P) �ln(Oil) �ln(I P) �ln(Oil)

c 0.01 0.01 0.03** −0.02

(0.61) (0.17) (2.22) (0.91)

�ln(I Pt−1) −0.31*** 0.10 −0.58*** 0.12

(−5.98) (1.01) (−13.20) (0.77)

�ln(Oilt−1) −0.02** 0.16** −0.02*** 0.34**

(3.24) (2.11) (3.99) (2.51)

Ĥoil(t)
1/2 −0.03*** – −0.07*** –

(4.04) (5.50)

R2 0.29 0.02 0.43 0.03

Correlation between ε̂1t , ε̂2t 0.02 (p = 0.87) 0.09 (p = 0.54)

Dependent t test (t = 0.94, Pr(|T | > |t |) = 0.34) (t = 1.48, Pr(|T | > |t |) = 0.13)

These are the parameter estimates of regressions as given by Eqs. (7) and (8)
�ln(I P) and �ln(Oil) are growth rate of industrial production and oil price returns, respectively
Ĥoil (t)

1/2 denotes the conditional volatility of the oil price measured by GARCH model. The dependent t
test determines whether there is a statistically significant difference between fitted residuals from Eqs. (7)
and (8) (i.e., whether the fitted residuals are independent or related). Absolute asymptotic t-statistics are in
parentheses
***Denotes significance at the 1% level
**Denotes significance at the 5% level

�ln (Oil) = c + β1�ln (I Pt−1) + β2�ln (Oilt−1) + ε2t (8)

where Ĥoil (t) is the measure of oil price uncertainty that is extracted from a univariate
GARCH (1, 1) model. The estimated parameters of the two equations are included
in Table 5. The parameter estimates in the table that corresponds to oil volatility
are negative and significant in both countries. The table also shows that Turkey’s
industrial production is more responsive to oil volatility compared to Jordan.32 The
parameter estimates are also close particularly for Jordan. These results coincide with
our previous findings.

The sample estimates of the structural errors in the previous two equations are used
to test for any potential interdependence. Table 5 shows that the correlation between
the estimated errors is negligible and therefore we may conclude that the underlying
assumptions of the multivariate GARCH-in-mean model of Elders and Serletis are not
unreasonable.

An extension that allows greater interaction in the volatility model is the bivariate
GARCH-in-mean VAR with a BEKK (1, 1, 1) variance specification of Engle and
Kroner (1995) and Kroner and Ng (1998). This model can be used as an alternative

32 Note that getting the fitted volatilities from the structural VAR with multivariate GARCH also produce
similar results.
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approach to study the influence of oil price uncertainty on real output growth.33 In this
model, the conditional mean equation of the industrial production index growth rates
and the real price of oil can be written as:

yt = μ +
p∑

i=1

Ψi yt−1 +
k∑

i=0

∅i ht−i + εt , (9)

εt |Ωt−1 ∼ (0, Ht ) , Ht =
[
h11.t h12,t
h21,t h22,t

]

where Ωt−1 is the information set available at time t − 1, and

μ =
[

μ1

μ2

]
; Ψi =

⎡

⎣ψ
(i)
11 ψ

(i)
12

ψ
(i)
21 ψ

(i)
22

⎤

⎦ ; ∅i =
⎡

⎣φ
(i)
11 φ

(i)
12

φ
(i)
21 φ

(i)
22

⎤

⎦ ;

ht =
[
h11,t
h22,t

]
; εt =

[
ε1,t

ε2,t

]

The conditional variance matrix is specified as:

Ht = ĆC + B́Ht−1B + Áεt−1εt−1A (10)

where C , B, and A are 2 × 2 parameters matrices. The C matrix is lower triangular
and it ensures the positive definiteness of Ht−1.34 In the above model, the primary
parameter of interest is φ

(i)
21 in the conditional mean equation, which measures the

effect of oil price uncertainty on the growth rate of the industrial production index.
The estimated values of this coefficient are −0.36 (with a p value of 0.00) and −0.69
(with a p value of 0.00) for Jordan and Turkey, respectively. These results reconfirm the
previous findings in Tables 4 and 5 of our paper. Thus, we conclude that our findings
are robust to the alternative approaches.

6 Conclusion and policy implications

In this paper, we explore the impact of oil price uncertainty on real output levels
in the Jordanian and Turkish economies during the period 1986:01–2014:12. The
two countries are working hard to improve the performance and standards of living
for their own people. However, the increase in oil prices is an obvious obstacle to
their development process. The value of oil imports in both countries has grown

33 Note that given the weak dependence of structural breaks, we expect tiny values in the off-diagonal
locations of the volatility matrices of the BEKK and hence similar results. A drawback of this model is that
it complicates the interpretation of the structural shocks. This point has been raised to us thankfully by one
of the referees.
34 Equations (9) and (10) are jointly estimated using quasi-maximum likelihood procedure.
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exponentially since 2000, and the oil bill consumesmuch of their governments’ budget.
Therefore, the response of output to changes in oil volatility is expected to be negative
and significant.

Our paper is a first attempt to measure the influence of oil price uncertainty on the
industrial production of Jordan and Turkey. We have also looked into the difference
of the responses of industrial output to positive and negative oil shocks.

We used a bivariate structural VAR in which uncertainty is endogenous and prede-
terminedwithin themodel.Our results indicate that oil price shocks have a negative and
significant effect on aggregate real economic activity in Jordan andTurkey. The estima-
tion of themodel’s parameters shows that one-unconditional-standard-deviation shock
to oil price uncertainty reduces the growth rate of real output within 1month by 0.81
and 1.01% in Jordan and Turkey, respectively. The IRFs show that negative/positive
oil shocks lead to drop/increase in the industrial production of both countries. In line
with the recent evidence from developed countries, we find similar magnitude of influ-
ence of negative and positive oil price shocks and in both countries. These results are
important for simulating output growth in Jordan and Turkey conditional on vari-
ous scenarios of volatility in the oil market. They are also helpful in forecasting the
influence of oil shocks on the industrial production in both countries.

Over all, we suggest energy policies that contribute to the economic stability and
reduce the adverse effect of oil volatility on economic growth. These policies may
include incentives for vehicles to economize on fuel consumption and for factories
to improve the efficiency of their power plants that are fired by diesel or fueled oil.
These incentives can be in the form of tax savings for lower energy consumption.
Diversifying energy sources by using alternatives such as renewable energy is also
helpful in reducing the influence of oil market uncertainty.

It may also help to increase the countries’ strategic oil reserves. This can be done,
for instance, by issuing new mandates that require the private sector to hold additional
energy reserves. Hedging energy exposure in sensitive industries by using derivatives
also increases the flexibility of the economy to oil price shocks. Finally, oil price
stabilization policies such as providing subsidies and/or tax reductions are costly, but
it is helpful in stabilizing the economy and insulating it against oil shocks.
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