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Abstract

This paper investigates the effect of shocks in global climate policy uncertainty (CPU) on the prices
of commodities. In the spirit of |Baker et al.| (2016)), we construct country-level CPU indexes based
on newspaper coverage frequency, from which we extract a global factor. We specify a nonlinear au-
toregressive distributed lag (NARDL) model that incorporates asymmetric dependencies both in the
long-run equilibrium relation and short-run dynamics, estimated using a recently advanced two-step
procedure. We apply our methodology to monthly prices of futures contracts on six primary commodi-
ties over the period 1996-2020. We find evidence of a stable, long-run relationship between each of the
price series, global CPU, and a set of macroeconomic control variables. Furthermore, heterogeneous
price responses to changes in uncertainty are observed across the commodities, as well as asymmetries
in the short-term and longer term. A forecasting exercise reveals that our approach generates more
accurate price predictions than important benchmark models in the medium to long term. Moreover,
we demonstrate the statistical value of the novel NARDL estimation approach. The results highlight
the relevance of climate-related regulatory uncertainty as a source of risk in commodity markets and

suggest that investors may hedge their overall position through strategic commodity allocation.
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1 Introduction

Climate change is one of the most pressing issues of this century, affecting people, economies, and the envi-
ronment around the world. Moreover, its effects are becoming increasingly apparent. Recent reports from the
Intergovernmental Panel of Climate Change (IPCC) highlight the danger of human-induced climate change,
stressing that the world will face catastrophic consequences unless global greenhouse gas (GHG) emissions
are eliminated within the next thirty years (IPCC, |2018)). Albeit to varying extents, the developments in
each economic sector have been and will continue to be influenced by climate change. From an investment
perspective, this has important implications. For instance, physical threats such as floods or droughts may
directly impact assets or distribution chains, whereas climate-related regulatory changes could have profound
repercussions for entire industries. Of all asset classes, commodities are most directly affected by climate
change and its associated uncertainties, and commodity allocations may thus be hurt by unintended exposure
to this underlying risk factor. For investors and financial institutions participating in commodity markets,
identification of such a factor and estimation of its dynamic relationship with commodity prices is therefore
essential. Consequently, thorough knowledge regarding both components is required to manage the financial

risks from climate change and potentially exploit differences across commodities.

Following the seminal work of |Sharpe| (1964) and |Lintner| (1965), that introduces the capital asset pricing
model, a long string of literature has emerged that relates the prices and returns of financial assets to systemic
risk factors. The ongoing search for relevant risk factors has resulted in a broad range of proposed measures.
In this regard, macroeconomic variables have attracted particular attention. Generally, such variables are
deemed to represent market-wide forces, thereby constituting sources of investment risk (Chen et al.l [1986).
While traditionally primarily confined to studies on real economic activity, partly due to the global financial
crisis of 2008 uncertainty measures have gained more prominence in asset valuation. For example, [Pastor and
Veronesi (2012)) and Brogaard and Detzel (2015 employ the index of economic policy uncertainty (EPU) of
Baker et al.| (2016) to help explain cross-sectional variation in stock prices. More recently, several studies have
researched the links between commodity markets and various measures of uncertainty. Specifically, [Tan and
Ma, (2017)) investigate the price response of primary commodities to changes in uncertainty using a measure
of macroeconomic uncertainty, whereas Bilgin et al| (2018]) also adopt the EPU index to examine the same

relation. Overall, these studies provide ample evidence of the pertinence of uncertainty in financial markets.

With respect to climate change, uncertainty stems from multiple sources, such as the possibility of extreme
weather events or potential sudden changes in regulations, technology, and consumer tastes (Engle et al., [2020)).
The economic implications for commodities of these uncertainties and the respective risks have previously been
analyzed by a number of studies. For instance, Reilly et al.| (1994) adopt a policy simulation approach to assess
changes in the spot prices of agricultural commodities under different climate scenarios, reflecting uncertainty
concerning climate developments and adaptation strategies. Here, they illustrate considerable heterogeneity

in the price responses across scenarios. Furthermore, Brunner| (2002)) finds a significant impact of the El
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Nifio—Southern Oscillation—which is a recurring climate pattern whose dynamics are substantially altered by
climate change—on the prices of non-oil primary commodities. In a more recent study, Diffenbaugh et al.
(2012) evaluate the sensitivity of corn price volatility to changes in climate volatility, emphasizing particular
sensitivity in the presence of a biofuels mandate. Yet, examinations of the link between commodities and
uncertainty surrounding climate-oriented actions of governments, who have a crucial role in tackling climate
change, are limited. Moreover, the existing studies mainly focus on isolated events or employ scenario-based

approaches. As such, they do not account for market-wide risk factors underlying commodity markets.

In this paper, we investigate the dynamic relationship between the prices of primary commodities and
global climate policy uncertainty (CPU), related to government responses to climate change. In the context of
commodities, as indicated by [Engle et al.| (2020), potential climate-related policy measures are especially rele-
vant to investors. Namely, in order to address climate change we should focus on mitigation—that is, reducing
greenhouse gas emissions—and adaptation, meaning to prepare for unavoidable consequences (IPCC| [2014).
Both of these require decisive political action and are strongly connected with commodity markets. On the one
hand, primary commodities like energy and industrial commodities have significant GHG footprints. For these
commodities, environmental policies such as the Clean Power Plan proposed by the Obama administration
in 2015 or carbon taxation schemes may cause negative demand shocks. In fact, climate policy actions could
render entire fossil fuel reserves redundant, leading to so-called stranded assets (Caldecott et al., 2016]). On the
other hand, commodities are highly dependent on the success of adaptation efforts, particularly agricultural
products. For instance, adaptation policies can help make crops more resilient to climate change, preventing
negative supply shocks in case of extreme weather events. This way, regulatory responses to climate change

pose both risks and opportunities for practitioners.

The fundamental task that arises with uncertainty-based analyses is that of determining an appropriate
measure of uncertainty. Regarding climate policy uncertainty, a few approaches have been suggested in the
literature. Most notably, [Fuss et al.| (2008) and [Yang et al.| (2008), among others, consider a real options
framework, in which uncertainty is modeled in terms of the evolution of COs prices. Simulating carbon
price shocks or possible price paths, a recursive optimization procedure is then used to evaluate investment
opportunities in the electric power sector. Alternatively, [Fried et al|(2021) aim to assess the macroeconomic
impact of climate policy uncertainty in the U.S. by studying how the probability that a carbon tax will be
introduced affects the investment decisions of entrepreneurs, using a general equilibrium model. However, the
present methods depend greatly on the assumptions about the underlying stochastic processes. Additionally,
they focus on the influence of the uncertain arrival of a single carbon-related policy on the behavior of private

investors, thereby hampering analysis over time or comparison across commodity classes, sectors, or countries.

Instead, inspired by Baker et al.|(2016]), we propose to construct a climate policy uncertainty index based on
newspaper coverage frequency. By means of content analysis of newspaper articles, Baker et al. (2016)) create
country-level EPU indexes that reflect both short-term and longer term concerns, related to uncertainty about

the implementation of economic policies and the economic ramifications of policy actions. This time-varying
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measure of uncertainty has become widely used by researchers and practitioners, in part because it enables
continuous monitoring of policy risk and allows for extension to specific types of EPU. For example, Baker
et al.| (2016) develop indexes of trade policy uncertainty and health care policy uncertainty, among others.
In a similar fashion, we augment the array of category-specific EPU indexes with a novel index capturing
(economic) uncertainty regarding the adoption and details of climate change policies. A key advantage of this
approach over current practices is that it encompasses multiple dimensions of regulatory uncertainty, in line
with our aim of establishing a market-wide risk factor. Moreover, we can use the approach to obtain CPU
indexes for a range of countries, from which global uncertainty can be extracted using a multi-level factor
model, similar to [Kose et al.| (2003)). Lastly, the resulting uncertainty factors are directly associated with

climate-related political developments and can be straightforwardly incorporated in a regression framework.

To describe the relationship between commodity prices and climate policy uncertainty, we specify a dynamic
linear regression model that allows us to trace the evolution of prices in response to a shock in uncertainty.
Specifically, our analysis is performed within an autoregressive distributed lag (ARDL) framework (Pesaran,
1997 |Pesaran and Shin, [1995). In this framework, long-run equilibrium relations and short-run dynamics are
modeled simultaneously, consistent with recommendations from related studies. For instance, using an ARDL
model, |[He et al.| (2010)) establish that changes in global economic activity affect the price of crude oil through
both long-run equilibrium conditions and short-run dependencies. Similarly, based on a panel cointegration
test, [Nazlioglu and Soytas| (2012) find a long-run relationship among the price of oil, prices of agricultural
commodities, and the real effective U.S. dollar exchange rate. Compared to alternative methods capable of
dealing with non-stationary time series, which empirical evidence usually suggests commodity prices and most
macroeconomic variables are, the ARDL approach has important benefits. In particular, we can test for the
existence of a cointegrating relation irrespective of whether the exogenous variables are purely I(0), purely
I(1), or a mixture of both (Pesaran et al., 2001)). Contrarily, conventional cointegration techniques used when
employing error correction models (ECMs) require all variables to be integrated of order one, which entails
pre-testing and thereby introduces additional uncertainty into the analysis. Another approach presented in the
literature is to simply transform non-stationary variables to stationary ones, e.g., through first differencing,
such that models like (structural) vector autoregressions are applicable. Nevertheless, as noted by [Engle and

Granger| (1987)), this may disregard valuable long-run information often contained in economic time series.

We extend the model to account for asymmetry in the commodity price responses to positive and negative
changes in policy uncertainty. Namely, literature provides convincing evidence that the symmetry assumed in
the ARDL model may be too restrictive. Generally, the impact of positive uncertainty shocks on economic or
financial outcomes tends to be greater than that of negative shocks (Grier et al., [2004; |You et al.l [2017)). |Shin
et al.| (2014)) demonstrate that such asymmetries can be readily incorporated in the ARDL model by means
of partial sum decompositions of the exogenous variable(s) of interest, highlighting another key feature of the
ARDL-based approach. The resulting nonlinear ARDL (NARDL) model accommodates all combinations of

long-run and short-run (a)symmetry. Moreover, it encompasses numerous regime-switching models like the
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smooth transition or Markov-switching ECM, in which asymmetries are generally limited to the error correction
mechanism. Furthermore, the NARDL framework jointly models cointegration and asymmetric dependencies.
While the NARDL model is estimable in a single step by ordinary least squares (OLS), |Cho et al.[(2020) have
recently stressed that the model exhibits an asymptotic singularity issue associated with perfectly collinear
time trends in the partial sum processes. They derive a two-step estimation procedure in which the long-run
relationship and short-run dynamics are estimated separately, that is both analytically tractable and robust
to serial correlation and endogeneity. Accordingly, besides the single-step approach, in this study we adopt

the two-step estimation approach of |(Cho et al.| (2020)) and assess its statistical implications.

The purpose of this paper is twofold: (1) to examine global climate-related regulatory uncertainty as a
source of risk underlying commodity prices and capture their dynamic relation, and (2) to establish whether
adopting the two-step NARDL estimation procedure of |Cho et al| (2020) can enhance statistical inference.
Thereby, we aim to contribute to two streams of literature. First, in the spirit of Baker et al.[(2016)), we add to
the existing work on asset pricing by developing a novel risk factor for commodities. Second, consulting recent
advances in ARDL modeling, we present the first empirical application of the NARDL estimation procedure

of |Cho et al.| (2020) and demonstrate its validity in a setting with both symmetric and asymmetric regressors.

We apply our methodology to monthly prices of futures contracts on six primary commodities over the
period 1996-2020. In a first stage, we establish the presence of cointegration between each of the price series,
the global level of CPU, and a set of macroeconomic and financial control variables. Following this, we estimate
the corresponding long-run relationships and demonstrate asymmetry in the price responses to positive and
negative changes in uncertainty, as well as heterogeneity in the responses across commodities. For example,
in line with our expectations, we find a strong negative long-run association between CPU and the prices of
oil and gas. For gold this relation is positive, consistent with the notion of gold as a safe haven in times of
market turmoil. Moreover, the response of these commodities to positive uncertainty shocks is stronger than
to negative shocks. Next, we examine the error correction mechanisms and short-run dynamics. The results
indicate that it takes around 4 to 6 months for the commodity prices to correct 50% of any deviation of global
CPU from the long-run equilibrium. Here, the exact patterns of dynamic price adjustment are highly depend
on the commodity. Evaluating the economic value of our methodology by means of a forecasting exercise,
we conclude that the two-step NARDL approach outperforms important benchmark models in the medium
to long term based on forecast accuracy. The two-step approach also performs better than the traditional
one-step approach, which is likely due to the fact that the former yields more precise parameter estimates.
For participants in commodity markets, the findings emphasize the relevance of identification of the systemic
uncertainty factor, as well as knowledge regarding the exposure of individual commodities to this factor. While
political developments need to be closely monitored, investors may limit the overall exposure of their position

to changes in CPU through strategic commodity allocation, that is, beta hedging.

The remainder of this paper is organized as follows. Section [2] introduces the data and elaborates on the

construction of the climate policy uncertainty index. Section [3] outlines the dynamic asset pricing framework
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and the proposed estimation approach. Section [] presents and discusses the results of our empirical study.

Section [5] summarizes and concludes our research. Lastly, Section [6] provides a discussion of the paper.

2 Data

In this section, we discuss the uncertainty index, price data, and macroeconomic variables used in our re-
search. Section [2.]] introduces the measure of climate policy uncertainty and presents both the country-level
indexes and the global index. In Section [2.2] and 2:3] we give an overview of the considered commodities and

macroeconomic control variables, respectively. Lastly, we examine stationarity of the stochastic processes in

Section [2.4]

2.1 Climate Policy Uncertainty Index

2.1.1 Country-Level Indexes

We construct an index of climate policy uncertainty (CPU) that reflects the level of regulatory uncertainty
regarding the adoption and details of climate change policies. For this purpose, we follow the approach of Baker
et al. (2016)), who aim to enhance the understanding of economic and political developments through content
analysis of newspaper articles. Specifically, they create country-level indexes of economic policy uncertainty
(EPU) based on newspaper coverage frequency, utilizing online newspaper databases to search for articles
that contain at least one term in all three EPU categories: the economy, policy, and uncertainty. These
indexes should capture both short-term and longer term concerns, related to uncertainty about when and
which economic policies will be implemented, as well as the economic effects of policy actions. The main
premise of this approach is that newspaper articles reflect public interest and concern regarding particular
topics. At the same time, coverage of scientific subjects by the mass media may influence public perception

and action, for example stressed by Boykoff and Rajan| (2007)) in the context of climate change.

As emphasized by Baker et al.| (2016)), their approach has various desirable features. For instance, it is
readily extended to many countries, allows for analyses over sustained periods of time, and enables near real-
time updating of the uncertainty indexes. Importantly, the newspaper-based method also offers the flexibility
to construct category-specific sub-indexes, such as the index of health care policy uncertainty or the newly
created COVID-induced uncertainty index (Baker et all [2016]|2020). Given the aim of our research, the EPU
index thus provides a useful starting point. Similar to the category-specific EPU indexes developed by [Baker
et al. (2016)), we focus on the subset of EPU articles that also contain terms related to the climate or climate

change. This way, we arrive at the proposed measure of climate policy uncertainty used in our study.

We perform our research in an international setting and are therefore interested in the level of global
climate policy uncertainty. To derive global CPU levels, we first construct monthly indexes for the United
States, United Kingdom, Australia, and China, using newspaper data obtained from the Factiva global news

database. We consider these four particular countries, as they are all members of the G20 with English-
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language newspapers for which the Factiva database offers historical newspaper articles over an extended
period of time. For each country we consider articles in multiple leading newspapers, published between July
1996 and October 2020. Our start date is equal to the first month for which all but two newspapers are
available and the end date is chosen to account for a time lag in the publication of articles. Following the
procedure of Baker et al.| (2016)), in each month we count per newspaper the number of articles that contain
one or more terms in the CPU categories: the economy, policy, uncertainty, and the climate. This count is
then scaled by the total number of articles published in a particular newspaper in each month. Subsequently,
the monthly series of scaled counts are scaled per newspaper to have unit standard deviation from January
2001 to October 2020. Finally, per country we average the standardized scaled counts over the newspapers by

month to obtain the CPU indexes for the United States, United Kingdom, Australia, and China.

The exact search terms for the three EPU categories are derived from Baker et al.| (2016) and the EPU
WebsiteE| The economy, uncertainty, and policy terms—the last of which are country specific—are selected
by Baker et al.| (2016]) based on an extensive human audit study, such that the sum of false positive and false
negative error rates is minimized. Moreover, they demonstrate that the EPU indexes are closely related to
other measures of economic uncertainty like the VIX and do not suffer from political slant which could skew
newspaper coverage, thereby alleviating concerns regarding reliability, accuracy, and bias of the approach. We

augment the collection of search terms with the set of search terms for the climate category that includes

bR RAANAY

“climate,” “carbon,” “emissions,” and “greenhouse,” inspired by the climate change vocabulary of [Engle et al.
(2020)). This vocabulary is based on a broad set of authoritative documents on climate change and indicates
the frequency with which each word or phrase appears, allowing us to identify the most relevant terms. For
more details on the selection of the climate terms, as well as the full set of search terms and newspapers used

in the construction of the CPU indexes, we refer to Appendix [A]

Figure [I] plots the standardized CPU indexes for the United States, United Kingdom, Australia, and China
over the period July 1996-October 2020. As expected, our CPU indexes are moderately to strongly correlated
with the EPU indexes of [Baker et al.| (2016, with correlation coefficients ranging from 0.54 for the U.S. to
0.66 for China. Looking at the trends in the figure, several similarities across the countries are apparent. In
particular, we notice that the levels of uncertainty were relatively low before 2006. After 2006 the four CPU
indexes experienced an increase, driven, among others, by new scientific evidence on the dangers of climate
change, provided for example by the influential fourth IPCC report published in September 2007 (IPCC| [2007)).
Moreover, uncertainty grew further due to unsatisfactory political responses to climate change, exemplified
by the failure of the participating nations to deliver a climate deal during the Copenhagen Climate Change
Conference held in December 2009. In recent years, climate policy uncertainty reached all-time highs for the
U.S., UK., and China. This trend is in line with the growing public awareness of climate change and its the
potential catastrophic consequences (see |Leiserowitz et al.l [2020; | Thackeray et al., 2020} e.g.). Overall, Figure

provides support for the existence of a common factor underlying the country-level CPU indexes.

1See [www.policyuncertainty.com/index.html,
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Figure 1: This figure plots the standardized climate policy uncertainty indexes for the United States, United Kingdom,
Australia, and China over the period 1996:7-2020:10.

2.1.2 Global Index

We intend to extract a global climate policy uncertainty index from the country-level indexes. Namely, we

study prices in international commodity markets, which are not necessarily associated with one particular

country. Instead, commodity prices tend to be driven by global economic forces (Dwyer et al., 2011} [Erten and|

2013)). Being among the first to distinguish between a national and global component of uncertainty,

[Berger et al.| (2017) emphasize that the latter represents an essential independent factor with key international

economic and financial implications. Accordingly, we exploit the observed co-movement of the four CPU

indexes presented above, which is assumed to be driven by an underlying global factor. In particular, similar

to Kose et al.| (2003) and [Berger et al.| (2017)), we specify a dynamic factor model in which the variation in CPU

levels for each country is characterized by two dynamic, latent factors: a world factor and a country-specific
factor. By imposing a multi-level factor structure, the model offers a clear economic interpretation of the

latent factors (Bai and Wang}, [2015]).
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Let CPU;; denote the climate policy uncertainty index for each country ¢ € {1,..., N} and month ¢ €
{1,...,T}, and f}V and fi+ the unobserved world and country-specific factor, respectively. Assuming that the

factors follow a vector autoregressive process of order p, we specify the following dynamic factor model:

1 i
CPUy 4 o B m Mt Mt
. . fre . .
= :|+]: S+ |, where | 1| ~N(0,%,), (1)
CPUN | aN BN YN NNt NNt
Ine
1w 4 1, e’ el
fl,t fl,tfl fl,tf E1,t €1t
S =% ) + 9, _ i ,  where | ~N(0,%), (2)
I fni—1 fNi—p EN EN
with ®4,..., ®, unrestricted matrices of autoregressive parameters and X, and ¥. diagonal covariance matri-

ces. Of particular interest in this system is f}V', capturing the level of global climate policy uncertainty. In
order to estimate the model specified by Equations and , we can write the model in state-space form
and use the expectation-maximization (EM) algorithm to obtain smoothed estimates of the latent factors
(Dempster et al.,|1977)). Relative to maximum likelihood, EM tends to get stuck less often in local optima and
is better suited for estimation in large parameter spaces. However, as the standard EM algorithm is unable
to take parameter restrictions into account, we adjust the algorithm to allow for linear constraints on the

parameter matrices. The derivations and details of the estimation procedure can be found in Appendix [B]

The smoothed estimates of the global uncertainty factor over the period July 1996-October 2020 are
displayed in Figure 2] The graph is annotated with notable CPU-related events that, considering the timing,
likely caused the respective spikes. In line with our previous observations, global climate policy uncertainty
increased rather strongly from 2006 to 2009 and subsided afterwards, before reaching considerable highs in
2016 and 2020. Furthermore, we find various large shocks in the uncertainty index, both positive and negative,
for instance during the period preceding the 2016 United States presidential election. Interestingly, our index
agrees with the World Uncertainty Index of |Ahir et al.| (2018]) that uncertainty levels were at an all-time high
last year. Lastly, we find a moderate correlation of 0.43 of the global CPU index with the WSJ Climate
Change News Index of [Engle et al.| (2020)—which reflects all long-run risks associated with climate change

that are potentially relevant to investors—over the period July 1996-June 2017.

2.2 Commodities

Next, we introduce the data set containing the commodity price series under study. The series are obtained
from Datastream and correspond to monthly settlement prices of a range of nearest to maturity commodity
futures contracts over the period from July 1996 to October 2020. Here, six primary commodities across three

broad classes are considered: light crude oil, natural gas, gold, copper, sugar, and wheat. This selection of
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Figure 2: This figure plots the smoothed estimates of the global climate policy uncertainty factor over the period

1996:7-2020:10.

commodities is determined based on relevance with respect to climate policy uncertainty, importance in global
markets, and data availability. Furthermore, we focus on nearest-to-maturity contracts because of their high
liquidity, which limits market liquidity risk and attracts speculators and investors. The choice of futures instead
of spot prices is motivated by three reasons. First, due to their physical nature, commodity spot markets tend
to be more limited to or dependent on geographies than futures markets. Second, commodity futures prices
converge towards spot prices as the futures contract approaches the delivery month, while commodity investors
primarily participate in futures markets (Gorton and Rouwenhorst), 2006)E| Third, futures markets incorporate
new information more quickly than spot markets. For more details regarding the futures contracts, as well as

time series plots of the commodity prices, we refer to Appendix [C.1]

Given the distinct characteristics of each of the commodities, we expect that the dynamic relationships
between the price series and climate policy uncertainty vary considerably across the commodities. Of the set of
commodities, the energy commodities have the most evident link with climate-related regulatory uncertainty.
For instance, investors may be less drawn towards oil in times of heightened uncertainty regarding carbon
taxes. Gold, on the other hand, is traditionally seen as a safe haven, thereby attracting investments in times
of market turmoil (Baur and Lucey, 2010). By focusing on this cross-section of the commodity market, we
should be able to gain a broad understanding of the impact of climate policy uncertainty on the behavior of

financial investors.

2.3 Control Variables

Previous literature has identified various key drivers of international commodity prices, including factors

related to the traditional forces of supply and demand, as well as financial factors. Accordingly, to isolate the

2The use of nearest futures prices as a proxy for spot prices is common in the literature, e.g., see [Fama and French| (2016)).
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effect of global climate policy uncertainty on the commodities, in this study we aim to control for the main

determinants of commodity prices using a set of five macroeconomic and financial variables.

Specifically, we consider the Kilian index proposed by |Kilian| (2009) with the recent correction of |Kilian
(2019), available from the Federal Reserve Bank of Dallasﬂ This index uses cargo shipping rates to construct
a measure of global real economic activity in industrial commodity markets, which should capture changes in
global aggregate demand for commodities. As demonstrated by Kilian and Zhou| (2018)), the Kilian index is
particularly suitable for modeling commodity markets, relative to alternative measures of global real economic
activity such as proxies for global industrial production. Besides, we include the Morgan Stanley Capital
International (MSCI) World Index (Colemanl |2012; Drachal, [2016]). This index is available from the MSCI
website and consists of a wide range of large- and mid-cap companies across developed market countriesﬁ

Thereby, the index serves as a proxy for the condition of global financial markets.

In addition, we use three control variables obtained from the Federal Reserve Bank of St. Louisﬂ First, as
argued by [Frankel (2006]), among others, (short-term) interest rates positively affect the supply of commodities,
thus influencing commodity prices. Moreover, high interest rates increase the cost of carrying commodity
inventories—i.e., the cost of carry, which is an important concept in commodity futures markets—thereby
reducing the demand for storable commodities. Therefore, we include the 3-month London Interbank Offered
Rate (LIBOR), which is a key benchmark in international monetary markets and impacts financial institutions
and consumers around the globe (Arango et al., 2011)). Second, we consider the nominal effective exchange
rate for the United States, computed as a trade-weighted average of bilateral exchange rates. Namely, changes
in the U.S. dollar exchange rate tend to influence commodity prices through various channels, such as that of
the purchasing power of commodity-exporting countries (Breitenfellner and Cuaresma,, [2008; (Gilbert|, [1989).
Lastly, we aim to control for inflation by incorporating the seasonally adjusted U.S. consumer price index
(CPI). The time series plots of the control variables are presented in Appendix In Appendix we

report descriptive statistics of all variables used in the empirical study.

2.4 Unit Root Tests

Before we turn to the methodological framework, we assess stationarity of all considered time series. Namely,
the appropriateness of any empirical approach is dependent on the exact orders of integration of the variables.
For instance, VAR models require that all series are stationary (Sims|, [1980). While non-stationary variables
can be converted into stationary processes, in the presence of common stochastic trends such an approach
would disregard valuable information on long-run relationships between the variables. In order to establish
the correct direction for the remainder of this research, it is therefore essential to investigate stationarity (see

Shrestha and Bhattal |2018, e.g.).

3See [www.dallasfed.org/research/igrea.
4See www.msci.com/end- of-day-data-search.

5See fred.stlouisfed.org,


www.dallasfed.org/research/igrea
www.msci.com/end-of-day-data-search
fred.stlouisfed.org
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Table 1: Unit Root Tests

Level First Difference

Variable ADF PP KPSS ZA ADF PP KPSS ZA

In oil -1.72 -1.90 0.90*** -4.58 —15.09*** -15.03*** 0.12 —11.45%***
In gas -2.66 -2.60 0.84%%%* —5.57*** —17.53%** —17.58%** 0.07 —12.41%**
In gold -1.84 -1.90 0.64%** -3.43 —20.59*** —20.46%** 0.23 —15.23%**
In copper -1.52 -1.81 0.73%** -3.75 —15.50*** —15.63*** 0.09 -10.28***
In sugar -2.50 -2.64 0.51%** -4.28 —16.47*** —-16.47*** 0.06 —-11.35%**
In wheat -2.90 -2.72 0.58*** -4.63 —-19.07*** -19.28*** 0.10 —-14.13***
CPU -0.73 -1.08 0.27%** -2.81 —20.19*** —19.99%*** 0.25 —11.83***
Kilian -3.35%* —-2.86%* 0.98*** -5.03%* —13.03*** —12.74%%% 0.04 —-12.09%**
In MSCI -2.29 -2.59 0.34%** -3.95 —15.27*** —15.28%%* 0.05 —12.40***
LIBOR -1.65 -1.75 0.34*** -3.12 —12.29*** —12.71%** 0.09 —9.34%**
In FX -1.95 -1.65 0.74%%* -4.11 —11.09%** -10.86*** 0.15 —11.28%**
In CPI -1.20 -1.24 1.05%%* —5.14%* —11.60%*** —-10.38*** 0.27 —12.37%%*

Note. This table reports test statistics for the augmented Dickey-Fuller (ADF), Phillip-Perron (PP), Kwiatowski-Pillips-Schmidt-
Shin (KPSS), and Zivot-Andrews (ZA) unit root test, corresponding to the period 1996:7-2020:10. The tests in levels include only
an intercept for the Kilian index, and both an intercept and trend for the other variables. The lag length for the ADF and ZA
test are specified based on [Schwarz(s (1978) information criterion with a maximum of 12 lags, following the suggestion of |Pesaran
and Shin (1995). For the PP and KPSS test, the lag length is selected with the plug-in procedure of [Newey and West| (1994)
using the Bartlett kernel. ‘In’ indicates that the respective variable is transformed to natural logarithms. ** and *** indicate

significance at a 5% and 1% significance level, respectively.

For this end, various popular parametric tests are used. More precisely, we apply the augmented Dickey-
Fuller (ADF; [Dickey and Fuller} [1981), Phillip-Perron (PP; [Phillips and Perronl [1988)), Kwiatowski-Pillips-
Schmidt-Shin (KPSS; |[Kwiatkowski et al.l [1992)), and Zivot-Andrews (ZA;|Zivot and Andrews} |2002) unit root
test. Under the null hypothesis, the ADF, PP, and ZA test assume that a certain process has a unit root and
is thus non-stationary, whereas the null hypothesis for the KPSS test states that the respective time series is
stationary. In addition, the ZA test is robust to a one-time structural break, while the other tests are known to
have low power in the presence of such a break (see [Perron, [1989, e.g.). Together, the four tests thus provide

us with a thorough understanding of the stationary properties of the time series.

The test statistics are reported in Table[l, computed for both the levels and first differences of all variables.
Generally, the unit root tests agree on the integration order of the series, illustrating that most variables are
stationary after first differencing. A notable exception is the Kilian index, which appears to be integrated of
order zero. Interestingly, contrary to what the other three tests suggest, based on the ZA test we conclude that
the natural gas price and CPI are also stationary in levels. This underlines the importance of accounting for a
structural break in the series when testing for a unit root. Overall, we find evidence that the variables used in
our study are of mixed orders of integration, i.e., I(0) and I(1). This implies that there may exist cointegrating

or long-run relationships among the variables, which we will discuss in more detail in the upcoming section.
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3 Methodology

This section presents the empirical approach used to analyze the dynamic relationship between of each the
commodity price series and global climate policy uncertainty. Section introduces a flexible framework that
allows for simultaneous modeling of long-run relations and short-run dynamics. In Section [3:2} we outline the
proposed estimation procedure. Section [3.3] elaborates on the causal links among the variables under study.

Finally, we discuss the economic value of our methodology in Section

3.1 Dynamic Framework

3.1.1 ARDL Model

To describe the evolution of commodity prices over time, literature has popularized the use of dynamic models
that intend to reproduce some of the characteristics of commodity prices, such as their high degree of persistence
(Deaton and Laroque,|1992)). Here, prices are commonly related to a set of macroeconomic variables that proxy
for market-wide forces. In this context, besides short-run dynamics, numerous studies have pointed out the
importance of taking into account long-run equilibrium relations (see He et all [2010; [Schwartz and Smith)
2000, e.g.). Indeed, the results of the unit root tests suggest that there may exist a common stochastic trend
among each of the commodity price series, the global CPU factor, and the control variables. Given the aim of
our research—i.e., to investigate the impact of a change or shock in global uncertainty on commodity prices—it

is therefore imperative to examine both short-term dependencies and longer-term cointegrating relationships.

We perform our analysis within a simple autoregressive distributed lag (ARDL) framework (Pesaran,|1997}
Pesaran and Shin, |[1995)). The ARDL model specifies a single reduced-form equation that relates the dependent
variable to its past realizations, as well as current and past realizations of a set of regressors. Suppressing
the index for the commodity, let y; be the natural logarithm of the futures price in month ¢t € {1,...,7T}
of one of the commodities introduced in Section [2.2] wu; the global climate policy uncertainty index, and
z = (Kiliang, In MSCI;, LIBOR, In FX;,In CPI;)’ the vector collecting the control variables. The long-run

relationship between the price series and the independent variables is then specified as
yr = o+ Pug + 7'z + e, (3)

with the corresponding unrestricted error correction representation of the ARDL(p, ¢) model given by

—

p—1
Ay = c+ pyr—1 4+ O0us_1 + 021 + Z‘PjAytfj + ) (mjAuj 47 Az ) + ey, (4)
i=1 :

2

<
Il
o

where it is assumed that y; is an I(1) variable and none of the independent variables is I(2). In this model,
the coefficients # and 6, represent the equilibrium effects of the uncertainty index and control variables,
respectively, while p is the speed-of-adjustment coefficient indicating the rate at which the commodity price

converges towards the equilibrium after a change in the exogenous variables. The coefficients of the differenced
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components account for short-run fluctuations not due to deviations from the long-run trend. We can estimate

the model straightforwardly by ordinary least squares (OLS).

Several alternative methods to deal with non-stationary time series have been proposed in the literature
(see[Shrestha and Bhattal [2018) for an overview). For instance, some studies simply transform non-stationary
variables to stationary ones by means of first differencing or by applying the Hodrick Prescott filter to extract
long-term trends and cycles. The analysis then proceeds as in the case of stationary time series, e.g., using OLS
or VAR models to analyze the relationship of interest. However, any information regarding long-run relations
contained in the series is lost when adopting such an approach. If all variables under study are non-stationary,
another option is to test for the existence of such a long-run equilibrium using standard cointegration tests
(Johansen, [1988; |Johansen and Juselius [1990). In case a cointegrating relation is established, the vector
error correction model (VECM) can be derived. Nevertheless, as noted by [Shrestha and Bhatta, (2018), these
cointegration methods and the VECM approach require all time series to be I(1). The evidence of mixed

orders of integration found in Section suggests that they are thus not applicable given our data.

Once the model specified in Equation is estimated, we can employ the bounds testing approach of
Pesaran et al.| (2001) to test for the existence of a long-run cointegrating relationship between y;, us, and z;.
This approach involves two tests on the coefficients of the lagged level terms. First, we use an F-test for the
joint null Hy : p =6 = 6, = 0. As |Pesaran et al.| (2001)) point out, in two degenerate cases significance of
the overall F-test does not imply cointegration. Therefore, as second test the t-statistic of |[Banerjee et al.
(1998) is used for the null hypothesis of no cointegration Hy : p = 0 against the alternative of cointegration
H; : p < 0. This way, we assess whether significance of the F-test is perhaps due solely to the lagged levels of
the independent variables, which would indicate a degenerate lagged dependent variable. To rule of the case
of degenerate lagged independent variables, |Pesaran et al.| (2001) make the assumption that the dependent
variable is I(1). Instead, we augment the bounds testing approach with an F-test on the joint significance of
the lagged independent variables (Hy : § = 6, = 0), in line with the recent suggestion of [Sam et al. (2019).
This additional test allows us to relax the assumption of an I(1) dependent variable, such that we need not
rely on the unit root testing results for the price series. If the null hypotheses of all three tests are rejected,

we conclude that a long-run equilibrium relationship exists among the variables.

The bounds testing approach to cointegration has several key advantages over traditional cointegration
techniques, such as that of Engle and Granger| (1987) and |Johansen| (1988). Namely, as highlighted by
Duasal (2007)), for example, the procedure of Pesaran et al. (2001) can be used regardless of whether the
exogenous variables are purely I(0), purely I(1), or a mixture of both. Moreover, even when the unit root
tests would suggest that the variables are of the same integration order, there is still uncertainty associated
with the specification of integration orders. As long as none of the independent variables is I(2), the bounds
testing approach of [Pesaran et al. (2001)) does not require such pre-testing. Furthermore, ARDL models and
consequently the bounds testing approach allow for varying optimal lag orders of the variables, contrary to

standard VAR~ or VECM-based cointegration methods.
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3.1.2 Nonlinear Dependencies

The model specified in Equation assumes symmetry in the relationship between each of the commodity
price series and the exogenous variables. With respect to climate policy uncertainty, this means that, in
absolute terms, an increase in global uncertainty affects commodity prices in the same way as a decrease
of equal magnitude. Yet, literature provides ample evidence that such a symmetry constraint may be too
restrictive. Generally, the impact of positive uncertainty shocks on economic outcomes tends be greater than
that of negative shocks (Grier et al., [2004; [You et al., 2017)). In this case, a sudden increase in uncertainty

need not be offset by subsequent decreases, such that the effects of positive spikes may be long-lasting.

Within the ARDL framework, |Shin et al. (2014) demonstrate that we can accommodate asymmetries in
both the underlying long-run relationship and dynamic adjustment patterns through partial sum decompo-
sitions of the exogenous variables. The resulting nonlinear ARDL (NARDL) model enables us to examine
potential differences in the impact of negative and positive CPU shocks on the commodity prices. Using the

notation introduced before, we specify the asymmetric long-run relationship as
ye = o+ Bl + BTuy +9'z + e, (5)

where the partial sum processes u;” and u; of positive and negative changes in uy, respectively, are defined as

T T T T
uf = ZA’U,;F = Zmax(Aut, 0) and wu; = Z Au, = Zmin(Aut, 0),
t=1 t=1 t=1 t=1

such that u; = up-+u; +u; . Here, a known threshold value of zero is assumed, enabling economic interpretation
of the modelﬂ In this model, we impose a linear or symmetric impact of the control variables on the commodity
price, which |Shin et al.|(2014])) refer to as partial asymmetry. Namely, the control variables are not the primary
focus and this linearity assumption significantly reduces the dimension of the estimated NARDL models,
thereby facilitating statistical inference. The unrestricted error correction respresentation of the NARDL(p, q)

model associated with the long-run relationship in Equation is given by

Ays=c+pye1 + 07w +07u + 002

p—1 q—1
+ Z 0 Ay + Z (W}Au;ﬁj + 7 Ay + T, Az_j) + e, (6)
j=1 j=0

which is again estimable by OLS.

To establish whether a long-run equilibrium relationship exists between y;, u;, u; , and z;, we can employ
the three tests comprising the bounds testing approach outlined above. Although the control variables enter
the long-run equation in symmetric form, in the remainder of this paper we will refer to this cointegrating
relation as nonlinear. As explained by [Shin et al.| (2014), the idea that the equilibrium relationship may

involve the partial sum components of an exogenous variable rather than the underlying variable itself is

6This decomposition of the global uncertainty factor leads to a split of positive and negative changes in u; of around 50:50.
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closely related to concept of ‘hidden cointegration’ developed by |Granger and Yoon! (2002). In particular,
Granger and Yoon| (2002) argue that the components of economic series—i.e., either the positive or negative
components—may contain valuable information to help understand the dynamic relationship of interest, which

could go undetected when analyzing linear cointegration.

Regarding the models capable of dealing with non-stationary time series, several alternatives are available
to address the issue of nonlinearity (see |Shin et al., 2014)). The most popular of such models are regime-
switching models, such as the smooth transition or Markov-switching ECM (Kapetanios et al.| 2006} Psaradakis
et al., [2004)). However, contrary to these models, the NARDL approach jointly estimates cointegration and
asymmetries. Additionally, in the regime-switching models asymmetries are generally limited to the error
correction mechanism, thereby neglecting nonlinearities in the long-run equilibrium relations. The NARDL
approach, on the other hand, encompasses all four combinations of long-run and short-run (a)symmetry.
Moreover, standard tests can be used to obtain the appropriate model specification. This flexibility is a key

feature of the NARDL model.

3.1.3 Testing for Symmetry

The NARDL model specified in Equation @ is general in the sense that it incorporates both asymmetry in
the long-run relationship and short-run adjustment asymmetry. In fact, based on this model specification we
can distinguish numerous forms of asymmetry, for which we can test in order to determine the appropriate
specification for each commodity (Shin et all |2014)). Regarding the long run, inequality of the coefficients
of uj” and u; in Equation implies asymmetry in the long-run impact of positive and negative changes in
global CPU on the price series. These parameters are often referred to as the long-run multipliers and are
obtained as 8T = —0%/p and 8~ = —07/p. The estimation results of Equation (@ can then be used to

compute the Wald statistic for the null hypothesis of long-run or reaction symmetry Hg : 7 = 3~.

With respect to the short run, we can test for two forms of symmetry: pair-wise symmetry and additive
symmetry. The former implies that for all j = 0,...,q — 1, the short-run parameters 7r;-r and m; are equal.
In this case, the short-run adjustment patterns of a commodity price to positive and negative shocks in
uncertainty will be exactly symmetrical. Since this form of short-run symmetry is rather restrictive, we do not
explicitly test for it. Instead, differences in the lag structures of Au;” and Au; directly indicate asymmetry in
the patterns of adjustment. Additive symmetry, on the other hand, means that positive and negative changes
in an exogenous variable have the same (absolute) summative short-run impact on the dependent variable.
We assess this form of symmetry by means of the Wald test for the null hypothesis Hy : Z?;é 77}' = Z?;é .
If none of the forms of symmetry is rejected, the NARDL model reduces to the linear ARDL model of [Pesaran
and Shin| (1995).
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3.1.4 Cumulative Dynamic Multipliers

To visualize the adjustment patterns over time of the dependent variable to positive and negative shocks in one
of the exogenous variables, [Shin et al.| (2014) evaluate the cumulative dynamic multiplier effects. Similar to
impulse response functions for VAR models, the dynamic multipliers allow us to trace out how each price series
reacts to changes in global climate policy uncertainty. As noted by |Shin et al.|(2014)), the exact adjustment

pattern will depend on the combination of long-run parameters, speed of adjustment, and short-run dynamics.

The cumulative dynamic multiplier effects of u;" and u; on y; are defined as
P h b s h
mjzzﬂz l;r and mgzzﬁzz%ﬂ h=0,1,2,...,
0

Jr —
= ouy = Ouy =

where it holds that m;l" — BT and m; — 7 as h — oo. The dynamic multipliers lj‘ and A, can be
obtained based on the parameters of the levels representation of the NARDL(p, ¢) model, which in turn are
derived from the parameters in Equation @ In particular, the parameters of the lags of y; are equal to
o1 =p+14+p1, 0, =¢;j—pj—1,5=2,...,p—1, and ¢, = —pp_1. The level parameters corresponding to (the
1

lags of) u;” and u; are equal to 0) = 7}, 0} = 6" — ) + =t 05. =7t — 7t

j jfl,j:Q,...,qfl,and@é:fwfl_l,

[ = 4, —. Finally, the dynamic multipliers are determined using the following recursion:
A=Al +dorl y+ . g aAM +oAb 0, I=+,— j=12,...,

with A§ = 0, ¢; = 0 for j < 1, and A} = 0 for j < 0.

3.2 Two-Step Estimation Procedure

As mentioned before, the NARDL model of [Shin et al.| (2014)) specified in Equation @ is estimable by OLS,
after which the long-run coefficients 8+, 37, and « are obtained by a simple transformation of the parameter
estimates. However, by construction, the partial sum decompositions u;” and u; exhibit deterministic time
trends that are asymptotically perfectly collinear. While|Shin et al.| (2014)) have established the efficacy of their
single-step OLS estimator using Monte Carlo simulations, this collinearity introduces a singularity problem

that hampers the development of the corresponding asymptotic theory.

Addressing the asymptotic singularity associated with the single-step estimator, (Cho et al.| (2020) have
recently proposed a two-step estimation framework for the NARDL model, along the lines of[Engle and Granger
(1987). In the first step, the fully modified OLS (FM-OLS) estimator of [Phillips and Hansen| (1990) is used
to estimate the parameters of the long-run relationship, which is robust to both endogeneity of the regressors
and serial correlation. Moreover, the estimator follows a known asymptotic distribution, thereby allowing for
standard inference. Subsequently, the dynamic parameters are estimated by OLS conditional on the long-run
coefficients. A key feature of this approach is that it is analytically tractable, enabling |Cho et al.| (2020) to
derive the limit distributions of the estimators. As indicated by Bahmani-Oskooee et al.| (2020)), because of the

advantages of this novel approach, future research should move towards two-step estimation of NARDL models.
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Therefore, a comparison of the empirical performance of the one-step and two-step estimation approach would

be particularly useful.

Accordingly, we adopt the two-step estimation approach. However, |Cho et al.| (2020)) solely focus on the
cases with £ =1 and k£ > 1 decomposed independent variables, whereas in our analysis we consider both the
decomposed global CPU factor and a set symmetric control variables. For this purpose, we extend the case
with one decomposed or asymmetric variable to also incorporate a set of n variables that enter the model in
symmetric form. The details of the procedure are presented below, largely following the notation of |(Cho et al.

(2020)). For all proofs and more details on the derivations, we refer to|Cho et al.| (2020).

3.2.1 Step 1: Long-Run Parameters
We begin by rewriting the long-run relationship specified in Equation as
Yo = o+ Mg +nue + 9z + e, (7)

where A\ = 87 — 3~ and n = 8~. This transformation resolves the singularity issue resulting from the collinear
time trends in u;” and wu; , thus facilitating inference. Defining the vector ¢; := (1,u;", u¢, 2})’, the parameters

0:= (a,\,n,v") in Equation (7)) are estimated by OLS as
-1

T -l T T
0:=(@,\7,7) = <Z th£> (Z Qtyt> =0+ (Z th£> (Z Qt€t> :
t=1 t=1 t=1 t=1
from which the long-run multipliers are derived as B"’ =)+ 7 and B\ - =1

Next, FM-OLS is used to correct the OLS estimator g for any asymptotic bias caused by endogeneity of
the regressors and/or serial correlation in the residuals €;. Specifically, we follow [Newey and West| (1987) to
obtain a heteroskedasticity and autocorrelation consistent estimate of the covariance matrix associated with
the last component in the expression for g above:

T L T
ey 1 ~ ~
> G+ T > wi > AGe kGt + G-}
t=1 k=1  t=k+1

. (11 F(12) 1

Fen e T
where g, := (Auy, Az), &), wy :=1—k/(1+L), L :=TY* and & := yrafﬁmjfﬁfu; —7'2z;. Furthermore,
to arrive at a consistent estimate of the asymptotic bias v, the following matrix is defined:
N oy #1,2) 1L T
= =72 D G-kl
72,1 =(22) T parSarai]
Here, as illustrated by (Cho et al| (2020), the definition of 7(1:?) is identical to v. The FM-OLS estimator of

the long-run parameters is then given by

T -1,
5:: (aa Aaﬁ? ;V)/ = (Z th2> (Z qtgt - TSV/I}) )
t=1 t=1
where y; := yt—lg(i(l’l))flg(m), Iy i= (Aug, Azp)', v = %(1,2)_171(1,1)(5(1,1))715(1,2), and S := [O(n+1)x2,fn+1]-

Again, a simple transformation yields the estimates of the long-run multipliers: 5* =X+ 7 and B’ =1.



18 Climate Policy Uncertainty in Commodity Markets N.C. Koster

3.2.2 Step 2: Short-Run Parameters

Cho et al. (2020) argue that the estimates of the long-run parameters of the first step are super-consistent,
converging at a rate of T. Therefore, the parameters can be treated as known in the second step, in which the

dynamic coefficients are estimated. To this end, we define the error correction term
._ +ot — /
Et—1:=Y—1 —a—BTu =B u g =7 2,

and rewrite Equation @ in conditional error correction form as

—

p—1
Ay = c+ pes_1 + E 0 Ay—; + (ﬂfAu;j + 7 Auy_; + 7T/Z7jAZt_j) + e;. (8)
j=1 j

Q

<
I
o

The short-run parameters can then be obtained by OLS, since all variables in the equation are stationary.
Particularly, if ¢ := (¢, p, @1, ., Qp—1,Tg s T 5+ -, 7. 4—1)" is the parameter vector corresponding to Equation

and h; the vector collecting the realizations of the regressors, the dynamic coefficients are estimated as
T -,
¢i= <Z hth2> (Z htAyt) :
t=1 t=1

3.2.3 Testing for Symmetry

Lastly, we describe the Wald testing approach developed by [Cho et al.| (2020) to assess the significance of
asymmetries in the long run and short run. Regarding the former, we are interested in the null hypothesis of
symmetry Hy : BT = B~ against the alternative H; : 37 # 8~. Noting that ST — 3~ = ), this is equivalent
to testing H{, : Rjo = r against H] : Rjo # r, with » = 0 and selection vector R; := (0,1,0,01xy,). Given the
FM-OLS estimator g, the corresponding Wald test statistic is computed as

Wi = (Rig—r) (P RQ™R) ™ (Rig — 1),

where 72 := (22 — g@)(RAD)~15012) and Q := Zthl qq;. Because the limit distribution of the FM-OLS
estimator  is mixed normal, W, asymptotically follows a x2-distribution with one degree of freedom under

the null hypothesis.

Similarly, a Wald statistic is constructed to test for additive symmetry of the short-run parameters, where
we consider the null hypothesis Hy : R;( = r against the alternative Hy : Rs( # r. Again, we set r = 0 and

define selection vector Ry := (01 (14p)s L;, —L;, O1xq). Conditional on Z, the test statistic is then given by
W, i=T(Rs( — ) (R,I QT 'R)) "N (R,C — ),

3 1T . . . . . ~ o~
where Q := T3, | €7h;h} is a heteroskedasticity consistent covariance estimator, & := Ay, — ('hy, and

Ti=7"1! Zthl h¢h}. Under the null, W, follows an asymptotic y2-distribution with one degree of freedom.
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3.3 Granger Causality

The methodology introduced in the previous sections focuses on the dynamic relation between the commodity
price series and global climate policy uncertainty. However, it does not address the issue of causality (Granger}
1969). While in a cointegrated bivariate system there must be causality in at least one direction (Engle and
Granger, [1987)), due to the multivariate nature of our analysis, the existence of a cointegrating relation does
not directly imply a causal link between the CPU factor and any of the commodity prices. Moreover, there
may be a causal relation between two time series even in the absence of cointegration. It is therefore essential
to investigate the existence and direction of causality in the relationship between (the partial sum processes of)
the global climate policy uncertainty index and each of the commodity prices. Namely, it is only appropriate
to draw conclusions about the impact of a shock in global uncertainty on the price of a certain commodity
once a causal link from the former to the latter has been established. Without causality, the results of the
empirical analysis should be interpreted in terms of associations, and neglecting this would lead to partial or

misleading conclusions.

In general, testing for Granger causality involves testing zero restrictions on specific coefficients in a VAR
model. However, as emphasized by [Lutkepohl (2005)), the limit distribution of the corresponding Wald statistic
is non-standard in the presence of non-stationary time series. Accordingly, we employ the causality testing
procedure developed by [Toda and Yamamoto| (1995), which is valid irrespective of the integration order of
the considered variables. Moreover, combining the procedure with the concept of partial sum decompositions

allows us to test for asymmetric causal relationships, similar to the approach of Hatemi-J| (2012).

The procedure of 'Toda and Yamamotol| (1995)) consists of two steps. In the first step, we specify a VAR(k)
model in levels including the price g; of one of the commodities, the partial sum processes u;” and u; associated
with the CPU factor, and the control variables z;. The lag length k is chosen according to some information
criterion, increasing the number of lags in case the residuals are serially correlated. Subsequently, the VAR
model is augmented with d,,q. lags, where d,,q. is equal to the maximum integration order found among the

variables in Y; = (v, u;, uy , z)'. Setting p = k + dyaz, we thus estimate the following VAR(p) model:

k p
Y, :ao+ZAth—j+ Z A;Yij + ey 9)
j=1 j=k+1

The causal relationship between the uncertainty factor and y; is then examined using standard tests on the
elements of Ay, ..., Ag. Specifically, if a;; is the ({,7)-th element of A;, we test whether uf Granger causes
y+ by computing the Wald statistic for the null hypothesis of no causality Hy : a1,12 = a2,12 = ... = ax,12 = 0.
Similarly, we are able to test for a causal link from u; to y:, or from y; to u?‘ or u, —that is, reverse causality.
In this procedure, the d,,., additional lags are solely included in the VAR model to ensure that the Wald test
statistics asymptotically follow the usual y2-distribution (Toda and Yamamotol, [1995])
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3.4 Forecasting Exercise

Lastly, to assess the economic value of our research, in this section we outline a simple forecasting exercise.
According to the arbitrage pricing theory of Ross| (1976)), the expected return on an asset can be approximated
by a linear combination of systemic risk factors. Consequently, given climate-related regulatory uncertainty
as a potential source of risk for investors participating in commodity markets, commodity allocations may be
hurt by unintended exposure to the CPU factor. In this case, identification of a relevant climate risk factor
and an accurate understanding of its relationship with commodities should help predict commodity prices and

provide practitioners economic merit.

The goal of this exercise is to examine the accuracy of the commodity price forecasts produced by the
NARDL model, particularly when employing the two-step estimation procedure of |Cho et al.| (2020). Whereas
previously we mainly posed arguments in favor of this procedure related to asymptotic theory, by comparing
these forecasts to those obtained using the conventional one-step NARDL approach we are able to quantify
differences in economic performance. Such a comparison is especially relevant, as the approach of |(Cho et al.
(2020) is a relatively recent advancement and no empirical applications are available yet in the literature. To
evaluate the relative performance of the NARDL-based approaches, we consider two benchmark models: the
random walk (RW) with drift and the linear ARDL model. The former is estimated in levels and sets all
forecasts equal to the last observed value plus a drift term. Despite its simplicity, forecasts produced by the
RW model are generally hard to beat in terms of accuracy (see |Meese and Rogofl, |1983; [Taylor, 1995, e.g.),
thereby serving as an important benchmark in empirical asset pricing. On the other hand, the linear ARDL
model provides a useful benchmark since it allows us to establish whether taking into account the asymmetric

impact of uncertainty shocks yields superior economic performance.

Numerous studies have emphasized that adequate modeling of error correction mechanisms is crucial for
constructing reliable forecasts in cointegrated systems, particularly at medium- and long-term forecasting
horizons (Engle and Granger, |1987; [Hoffman and Rasche, [1996). Accordingly, as our empirical framework
encompasses both short-run dynamics and long-run equilibrium relations, we compute commodity price fore-
casts at various horizons. More precisely, for each commodity we generate pseudo out-of-sample futures price
forecasts for one to twelve months ahead. Here, we compute ex-post forecasts, meaning that actual values
of the independent variables are used instead of predicted values in case the forecasting equation requires
observations of the regressors that fall outside of the estimation period. This choice is motivated by the fact
that our primary objective is to conduct a preliminary investigation of the properties of the competing fore-
casting models. Incorporating predicted independent variables would introduce additional uncertainty into
each forecasting model—except for the RW model—that is not necessarily related to the model itself, and may
therefore distort comparison. Moreover, predicting economic variables such as the 3-month LIBOR and the

U.S. nominal effective exchange rate is a considerable task, that is outside the scope of this study.
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4 Results

In this section, we study the dynamic relation between the monthly commodity futures prices introduced in
Section[2:2]and the global climate policy uncertainty index described in Section[2.1] We present and discuss the
long-run and short-run estimation results in Section [£.1] and [£.2] respectively. In Section [£.3] we examine the
causal links between the variables under study, while Section visualizes the dynamic adjustment patterns.

Finally, in Section we evaluate and comment on the economic implications of our methodology.

4.1 Long-Run Relationships

First, we apply the methods outlined in the previous section to investigate the existence of cointegrating
relationships and determine the associated long-run parameters. The sample period ranges from July 1996 to
October 2020, constituting 7" = 292 monthly observations. The starting point of our empirical analysis is the
general NARDL model, rather than the more restrictive ARDL model. Namely, the former accommodates
all combinations of long-run and short-run (a)symmetry, where the ARDL model is obtained in the special
case of symmetry in both the long run and short run. This way, we are able to test for the correct symmetry
specification for each commodity, instead of running the risk of obtaining misleading linear estimation results

in case the underlying relation is in fact asymmetric (Shin et al.| [2014)).

As discussed in Section the recently developed two-step estimation procedure of |Cho et al.| (2020 is
employed to estimate the NARDL models. For comparative purposes, the models are also estimated by OLS
in the single-step framework adopted by [Shin et al| (2014). With respect to the former, we have modified
the procedure slightly. Specifically, we have extended the case with one decomposed independent variable to
accommodate both asymmetric variables—in the form of the partial sum decompositions u; and u; of the
global CPU factor—and symmetric variables, namely the control variables z;. To examine whether the two-step
estimator and the corresponding Wald test statistics continue to have adequate finite sample performance, we
perform various Monte Carlo simulations. Details on the data generating processes and simulation results are
presented in Appendix [E] In the simulations, a range of values of ¢ is considered to investigate the sensitivity
of the results to the degree of serial correlation. First, we observe that the finite sample bias and mean squared
error of the parameter estimates converge to zero relatively quickly when the sample size increases. This holds
true for all values of ¢, demonstrating the satisfactory performance of the two-step approachm Regarding
the Wald tests, the empirical levels indicate that the test statistic for short-run symmetry is adequately
approximated by a x2-distribution with one degree of freedom, even in limited samples. However, it appears
that the test for long-run symmetry is slightly mis-sized, especially when ¢ is below zero. This observations

is in line with that of [Shin et al|(2014]) and |Cho et al.| (2020), who suggest the use of empirical p-values in

7Similar to|Cho et al.| (2020)), we find that the two-step estimator is considerably more efficient and less biased when FM-OLS
is used in the first step compared to OLS, illustrating the relevance of the endogeneity and autocorrelation robust estimation
approach. Given the primary focus of our study and to conserve space, we do not report simulation results for the case where the

long-run relationship in the first step is estimated by OLS.
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small samples. Lastly, the empirical results for the power of the Wald tests support the consistency of the test
statistics under the alternative hypothesis, approaching 100% for all values of ¢ as the sample size increases.

Altogether, the simulation results demonstrate the validity of the modified two-step estimation procedure.

To determine the final NARDL model specifications, a general-to-specific modeling approach is used
(Hendry, |1995; |Shin et al.,|2014)). While the appropriate lag orders of the regressors in ARDL models are com-
monly specified based on information criteria (see Pesaran et al., [2001} e.g.), the general-to-specific procedure
has important advantages. For instance, suppose that we set the maximum lag order equal to 12, in line with
the general recommendation of practitioners for monthly data (Ivanov et al.|2001)). Then, given the number
of exogenous variables, deriving the optimal lag structure using information criteria would require us to eval-
uate around 12 x 137 ~ 750 million model configurations for each commodity, posing a severe computational
burden. In addition, as pointed out by |[Katrakilidis and Trachanas| (2012]) in the context NARDL models,
including insignificant lags tends make inference less accurate and could lead to noise in the estimation of the
dynamic multipliers. We therefore advocate the use of a general-to-specific approach, where the starting point
is a NARDL model with a maximum lag order of 12 and the dynamic regressor with the highest p-value is
dropped sequentially. Here, we use a 5% unidirectional decision rule and continue until all short-run dynamic

coefficients are significant, resulting in a more parsimonious modelﬂ

Before estimating the long-run multipliers, we focus on NARDL bounds testing for nonlinear cointegration
(Shin et al.l |2014)). That is, we test for the existence of an asymmetric long-run relationship between each of
the price series, the global level of CPU, and the control variables. Here, we include an unrestricted intercept
in the error correction representation of the NARDL model, as in Equations @ and , accounting for a drift
in the commodity price series. The corresponding critical values are obtained from [Pesaran et al.| (2001), who
specify one set of values for the case where the independent variables are purely I(0) and one for the case where
they are purely I(1). Together, these sets provide critical value bounds for the cointegration test that can
be used irrespective of the integration order of the regressors. However, the results of this approach are only
conclusive if the test statistic falls outside of the bounds. Otherwise, they are inconclusive and more details
may be needed regarding the exact orders of integration. Furthermore, because of the dependence structure
between the partial sum processes u; and wu; , the precise number of exogenous variables used to determine
the critical values is unknown (Shin et al.l 2014]). To prevent premature rejection of the null hypotheses, the

partial sums are counted as a single regressor, leading to more conservative testing.

Table [2] presents the statistics of the three tests comprising the bounds testing approach described in
Section as well as the LM statistic of the Breusch-Godfrey test for serial correlation in the residuals. The

8In Section the Zivot-Andrews test suggested a structural break in the natural gas price with break date equal to July
2008, corresponding to the 2008 global financial crisis. To account for this break, we specified a dummy variable taking value
one over the period 2008:7-2008:12 and zero elsewhere. As mentioned by |[Pesaran et al.| (2001)), the inclusion of such a dummy
does not affect the asymptotic theory associated with the bounds testing approach. Nonetheless, the dummy was found to be

insignificant and consequently dropped in the general-to-specific approach.
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Table 2: Bounds Testing for Cointegration

One-Step NARDL Two-Step NARDL

Commodity Fpss tBDM Frpv Xsc IBDM X%
Oil 5.361%** —-6.225*** 5.383%** 12.467 —5.249%** 7.918
Gas 5.636%** —-6.376*** 3.505* 12.723 —5.792*** 11.876
Gold 4.074%* —-4.646%* 4.644%* 13.349 —5.093*** 23.995%*
Copper 4.113** —4.748%* 3.914** 13.762 —4.480** 10.826
Sugar 6.671%F* -6.169*** 7.044%** 6.572 —4.928%* 8.613
Wheat 6.493%** —6.045%** 6.862%** 15.879 —5.24T*** 17.022

Note. This table reports results of the bounds testing approach to nonlinear cointegration proposed by , based
on the single-step estimation approach of and the two-step approach of . Here, we estimate the
NARDL models specified in Equations @ and , using a general-to-specific procedure to arrive at the final model specification.
We set the maximum lag order equal to 12 and sequentially drop the insignificant dynamic regressors, with a 5% unidirectional
decision rule. All equations are estimated including an unrestricted intercept and no trend. Fpgg denotes the F-statistic of

|Pesaran et al.| 42001[), tepm the t-statistic 0f|Banerjee et a1.| (]1998[), Frpy the F-statistic of , and X2SC the LM

statistic of the Breusch-Godfrey test for serial correlation in the residuals up to lag order 12. Critical values of the three bounds

tests are derived from |Pesaran et al.l (]2001')7 where the partial sums uzr and u; are counted as a single regressor, resulting in

more conservative testing. *, ** and *** indicate significance at a 10%, 5%, and 1% significance level, respectively.

results obtained within the one-step and two-step framework correspond to Equation @ and , respectively.
Here, the two-step approach incorporates an error correction term rather than the lagged level terms y;_1,

uzr_l, u;_q, and z_;. Therefore, the two F-tests are not applicable in this framework, as indicated by

|Cho et al (2020). The optimal lag structure of the dynamic regressors is determined using the general-to-

specific modeling approach outlined above. Importantly, the results of the two approaches are consistent.

In particular, based on the Fpgg statistic of Pesaran et al| (2001) we find evidence in favor of a nonlinear

cointegrating relationship between each commodity price series and the independent variables. Moreover,

the significance of both the t-statistic tgpas of [Banerjee et al| (1998) and the F-statistic Fypy of

(2019) in the one-step framework implies an absence of a degenerate lagged dependent variable and degenerate

lagged independent variables, respectively (Sam et all) [2019). This means that the significance of Fpgg is in

fact due to cointegration. The significant tppys statistics in the two-step approach reinforce this conclusion.

Lastly, the X%C’ statistics suggests that in general the residuals are serially uncorrelated, which is an essential

assumption for the validity of the bounds testing approach (Pesaran et al| |[2001). The cointegration results

verify the existence of a long-run equilibrium relationship between the prices of each of the six commodities,
global climate policy uncertainty, and the control variablesﬂ This finding is in line the results obtained by
related studies, who generally conclude that commodity prices and macroeconomic variables co-move in the

long run (see Ahumada and Cornejol [2015; Belke et al.| 2010, e.g.).

9 Although not presented here, interesting to note is that the evidence of long-run equilibrium relations is considerably weaker
when the CPU factor is omitted from the analysis. For instance, for gold the three test statistics of the bounds testing approach

are all insignificant in this case.
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Given the cointegration results, we can proceed with inference on the asymmetric long-run parameters
BT and B~ corresponding to Equation . Within the one-step framework, we follow the general-to-specific
modeling approach outlined above and obtain the long-run multipliers by the transformation discussed in
Section In the two-step NARDL approach, 3~ is estimated directly in the first step and 31 follows
from a linear transformation. The standard errors of the transformed quantities are computed using the
Delta method (Bardsen) 1989)@ The long-run coefficient estimates are presented in Table |3} together with
the Wald test statistic W, for long-run symmetry. Comparing the results of the two approaches, we observe
differences in both point estimates and standard errors. For example, the estimates obtained from the two-step
framework are generally more precise. As observed by |Cho et al| (2020), this is likely due to the fact that
in the one-step approach the long-run multipliers are recovered as ratios. A denominator—that is, the error
correction parameter p—close to zero or a negative covariance between the numerator and denominator could
then result in a loss of precision. Additionally, the discrepancies may be related to the presence of endogeneity
and/or serial correlation, which the two-step approach corrects for. Nevertheless, for most commodities the
signs of the long-run multipliers are equal across the two approaches. One notable exception is wheat, for
which we find negative and significant point estimates in the one-step framework and positive estimates in the
two-step approach. This inconsistency illustrates another advantage of the two-step approach, namely that
the long-run relationship is modeled separately from the short-run dynamics and hence is not affected by the
specified lag structure. Accordingly, for the remainder of the discussion of our empirical analysis we focus our

attention on the two-step approach.

The right-hand side of Table [3] offers various key insights regarding the long-run equilibrium relationships
under study. First, we observe considerable heterogeneity in the responses of the different commodities to
changes in global climate policy uncertainty. As argued by [Gospodinov and Jamali (2018)), given the distinct
characteristics and potential uses of each of the commodities, this is as expected. In particular, we see that
the global CPU index and the prices of both oil and gas are negatively related in the long run. Several recent
studies investigating the impact of different measures of uncertainty on energy commodities have reached the
same conclusion (Huang et al., |2021; Lin and Bail 2021} |Shi and Shen, |2021)). Furthermore, the long-run
relation between the CPU factor and the gold price is positive. This finding is similar to the results of [Bilgin
et al.| (2018) and Huang et al.| (2021), who show a positive response of the gold price to changes in the EPU
index of [Baker et al,| (2016]), consistent with the notion of gold as a safe haven. Moreover, the significance
of W, for oil, gas, and gold indicates asymmetry in the respective long-run relationships. Specifically, the
association between global CPU and the prices of the three commodities is stronger for positive changes
in uncertainty than for negative changes, in line with the observation made in Section regarding the
asymmetric impact of uncertainty shocks on economic outcomes. Concerning the price of gasoline, [Kang et al.

(2019)) also find such an asymmetric response of the price series to policy uncertainty shocks. Contrarily, for

10T particular, in the one-step approach we use that var(3') = p=2[var(6!) + (8")2var(p) + 28 cov(6!, p)], | = +, —, and in the

two-step approach var(8+) = var(}) + var(7j) + 2cov(}, 7).
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Table 3: Long-Run Coeflicient Estimates

One-Step NARDL Two-Step NARDL

Commodity 8* B~ Wi BT B~ Wi

Oil -0.087* 0.004 5.132%%* -0.120%** -0.057** 6.876%**
(0.044) (0.071) (0.043) (0.028)

Gas -0.131** 0.001 6.596%* —0.178%** -0.071** 13.556***
(0.052) (0.085) (0.052) (0.033)

Gold 0.171%%* 0.184%** 0.208 0.107*** 0.087*** 3.159%*
(0.032) (0.052) (0.020) (0.013)

Copper 0.054 0.169** 7.308%** 0.037 0.084*** 6.560%*
(0.041) (0.069) (0.033) (0.021)

Sugar 0.287#%* 0.467%%* 10.052*** 0.100%* 0.158%** 3.314%*
(0.062) (0.102) (0.057) (0.037)

Wheat -0.091** -0.168** 3.786* 0.049 0.059%** 0.274
(0.045) (0.074) (0.035) (0.023)

Note. This table reports estimates of the long-run multipliers 57 and 3~ corresponding to Equation , based on the single-step
estimation approach of |Shin et al.| (2014)) and the two-step approach of |(Cho et al.| (2020). For the former, we follow the general-
to-specific procedure described in Table Furthermore, the Wald statistic W, for the test of long-run symmetry (Ho : B = 57)
is presented, with significance based on asymptotic p-values. Note that in the one-step framework the multipliers 37 and 8~
are given by —01 /p and —0~ /p, respectively, and in the two-step framework by A + 1 and 1. Standard errors are reported in
parentheses, computed using the Delta method—except for the standard error of the estimate of 8~ in the two-step framework,

which is obtained directly. *, ** and *** indicate significance at a 10%, 5%, and 1% significance level, respectively.

copper and sugar we conclude that the long-run price reaction to a decrease in uncertainty is stronger than
to an increase, meaning that predominantly negative CPU shocks result in long-lasting (negative) changes in
copper and sugar prices. Lastly, for wheat the Wald test statistic indicates that the long-run multipliers are not
significantly different from each other, suggesting that long-run symmetry may be imposed. This would reduce
the number parameters to be estimated and could improve estimation precision, which is particularly useful in
small samples (Shin et al.|2014). However, [Shin et al.[(2014) also emphasize that invalid symmetry restrictions
could cause serious model mis-specification. As the results in the table provide some evidence of asymmetry
for wheat and given the size of our sample, we therefore do not specify such a restriction in subsequent steps of
our analysis. Overall, the results demonstrate the importance of accounting for asymmetries in the relationship

between global CPU and the commodity prices, justifying the nonlinear ARDL approach.

4.2 Short-Run Dynamics

Next, we focus on the short-run dynamics between the commodity prices and the independent variables,
conditional on the long-run equilibrium relationships. To this end, we estimate the model specified in Equation
(8), comprising the second step of the two-step NARDL approach. Here, the error correction term ¢; for each

commodity is given by the residuals of the associated long-run equilibrium relationship.



Table 4: Dynamic Coefficient Estimates Two-Step NARDL

Oil Gas Gold Copper Sugar Wheat
Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E.
Const. -0.04 0.01 Const. 0.01 0.01 Const. 0.02 0.00 Const. 0.01 0.01 Const. 0.02 0.01 Const. 0.02 0.01
ECT_1 -0.16 0.03 ECT;-; -0.19 0.03 ECT;~;y -0.17 0.03 ECT,-;y -0.13 0.03 ECT,.; -0.12 0.03 ECT,-; -0.17 0.03
Ayi_1 -0.12  0.05 Ayi—o -0.13  0.056 Ay -0.17  0.05 Ay;_s 0.15 0.05 Ayi—o 0.14 0.05 Ayi_s 0.12 0.05
Ayi_a -0.11  0.05 Au; 0.16  0.07 Ayi_11 0.13  0.05 Auf 0.09 0.04 Auf, -0.06 0.03
Ayi_s 0.15 0.05 Aug g -0.07 0.04 Auf g -0.10 0.04 Auf g 0.19 0.04
Ayi_10 0.11 0.05 Au; 014 005 Au, 0.09 0.04
Aut 0.09 0.04 Au,_, 0.16 0.05
Aujf, -0.09 0.04 Auy g 0.11 0.04
Auf, -0.14 0.04
Auf g -0.10 0.04
Au;_y -0.16  0.06
Auy_, -0.16  0.05
Adj. R? 0.50 0.25 0.35 0.38 0.26 0.32
X3c 7.92 [0.79] 11.88 [0.46] 24.00 [0.02] 10.83 [0.54] 8.61 [0.74] 17.02 [0.15]
et 20.76 [0.19] 12.32 [0.34] 10.99 [0.44] 12.87 [0.38] 15.72 [0.33] 23.62 [0.21]
Xip 5.24 [0.07] 0.63 [0.73] 4.81 [0.09] 4.45 [0.11] 1.04 [0.59] 0.31 [0.86]
X%OR 17.98 [0.00] 1.38 [0.50] 30.87 [0.00] 13.56 [0.00] 1.84 [0.40] 23.65 [0.00]
CUSUM Stable Stable Stable Stable Stable Stable
CUSUMSQ Stable Stable Stable Stable Stable Stable
Ws 1.79 [0.18] 5.35 [0.02] NA 3.75 [0.05] 4.49 [0.03] 9.67 [0.00]

Note. This table reports estimation results of the NARDL model specified in Equation , corresponding to the second step of the two-step estimation approach of |Cho et al.

(2020). A general-to-specific procedure is used to arrive at the final NARDL model specification. Here, we set the maximum lag order equal to 12 and sequentially drop

the insignificant dynamic regressors, with a 5% unidirectional decision rule. ECT is the error correction term associated with the long-run relationship estimated in the first

step and X?’;c’ X% BT X% > and X?\r or denote the LM tests for serial correlation (Breusch-Godfrey), heteroskedasticity (Breusch-Pagan), functional form (Ramsey’s RESET),

and normality (Jarque-Bera), respectively. Furthermore, CUSUM(SQ) denotes the test for stability of the regression coefficients and W is the Wald statistic for the test of
g—1 _+ _ a1

short-run additive symmetry (Ho : =0 T3 = 2j=0 7r;) Asymptotic p-values are reported in brackets for all tests. Lastly, in order to conserve space we do not present the

coefficient estimates for the set of control variables.
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The dynamic estimation results obtained in the second step are presented in Table [} For comparative
purposes, the one-step NARDL results are given in Appendix [D] To conserve space, the coefficient estimates
for the set of control variables are not reported. First, we find that the preferred model specification varies
considerably across the six commodities. For instance, in the NARDL model for oil numerous lags of Au;
and Aw, are significant, implying rich adjustment dynamics, while for gold no such short-run components
are included. These differences highlight the relevance of our flexible general-to-specific modeling strategy.
Furthermore, we see that the estimated coefficients of the error correction terms are close to each other,
ranging from -0.12 for sugar to -0.19 for natural gas. These speed-of-adjustment parameters indicate at
which rate the dependent variable converges towards the long-run equilibrium after a change in the exogenous
variables (Engle and Granger], [1987; |Granger} [1986]). Importantly, since the parameters are between -1 and 0,
we can conclude that for each commodity the equilibrium is stable (Banerjee et al., [1998; |Westerlund, [2007)).
Depending on the commodity, a (permanent) deviation of global CPU from the trend in one period is adjusted
by around 12% to 19% per month in subsequent periods. The time it takes to correct 50% of this deviation—
that is, the half-life—is then approximately 4 to 6 monthleI Compared to the results of |(Greenwood-Nimmo
and Shin| (2013), who study the response of petroleum spot prices to changes in the price of crude oil and find
adjustments toward equilibrium of 29-37% per month, this correction is somewhat slow. On the other hand,
relating the real futures price of oil to a set of economic factors, He et al| (2010) find half-life values close
to ours. Moreover, |Abid (2020) reports similar speed-of-adjustment parameters in his study on the relation
between EPU on exchange rates. This discrepancy may be due to the distinct nature of economic shocks, to
which agents are generally not accustomed such that it takes longer from them to believe a certain shock is
permanent (Brunner et al., |1980)). Lastly, we observe that for most commodities the contemporaneous price
response to changes in uncertainty is zero. The only exception is sugar, for which the results suggest a direct

positive reaction in price following an increase in CPU.

The diagnostic tests presented in the bottom half of Table [4] illustrate that the models are in general
correctly specified. Particularly, at a 5% significance level we find no evidence of heteroskedasticity or mis-
specification of the functional form. Moreover, the cumulative sum and cumulative sum of squares test indicate
stability of the regression coefficients. Finally, we can assess short-run asymmetries based on the Wald test
for additive short-run symmetry and the selected lags of Au;” and Aw; . For natural gas, copper, sugar, and
wheat, the significance of W, provides support for hypothesis of additive asymmetry. For crude oil, on the
other hand, the null hypothesis of additive symmetry is not rejected. However, based on the included lags of
Au;f and Au; we can conclude that the pair-wise form of short-run symmetry suggested by [Shin et al.| (2014)
would not hold. Consequently, the patterns of adjustment of the commodity prices following positive and
negative changes in global CPU will likely differ. The exact patterns of dynamic adjustment—which depend
on the combination of long-run coefficients, speed-of-adjustment parameter, and short-run dynamics—will be

investigated in more detail later on.

1 The half-life values are computed as In(2)/p.
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Table 5: Toda-Yamamoto Test for Granger Causality

Null hypothesis Oil Gas Gold Copper Sugar Wheat
ut —y 15.123** 1.536 1.828 1.974 3.075 4.022
um >y 8.363 0.941 3.355 0.307 2.573 4.129
y —~ut 1.785 3.410 4.791 5.481 1.537 7.712
Yy u” 3.747 5.569 6.111 2.878 3.536 6.068

Note. This table reports the statistic of the Granger causality test developed by Toda and Yamamoto| (1995), similar to the
asymmetric causality approach of Hatemi-J| (2012)). a —/~ b indicates that variable a does not Granger-cause variable b. The
optimal lag order of the VAR model used in the test is determined based on the Akaike information criterion, and we increase
the number of lags until serial correlation in the residuals is resolved. Given the results of the unit root tests presented in Table

dmaz is set to one. ** indicates significance at a 5% significance level.

4.3 Granger Causality

We have established that for each commodity there exists a cointegrating relationship among the variables,
meaning that the system composed of the commodity price, the global climate policy uncertainty index, and
the control variables converges to a long-run equilibrium over time. Yet, in order to make decisive statements
about the impact of changes in uncertainty on prices, we now turn to a discussion on causality. As mentioned
before, in a cointegrated bivariate system there must be causality in at least one direction (Engle and Granger|
1987)). However, the cointegrating relations found in the Section do not directly imply a causal link between

either of the partial sum processes associated with the CPU factor and any of the commodity prices.

Table [5| displays results of the |[Toda and Yamamoto| (1995) test for Granger causality. As before, we do not
report results for the control variables, since these are not of primary interest. For natural gas, gold, copper,
sugar, and wheat, no evidence of a causal relation between the price series and uj‘ or u, is found. This means
that while for these commodities the variables under study move together over time, changes in global climate
policy uncertainty do not induce changes in the prices. Contrarily, the results for oil suggest that there is
a unidirectional causality running from the partial sum process u;" of positive changes in global CPU to the
commodity price. That is, positive uncertainty shocks lead to (negative) changes in the oil futures prices.
On the other hand, no such relationship is observed for decreases in uncertainty. Again, this discrepancy

underscores the usefulness of the NARDL approach.

4.4 Dynamic Adjustment Patterns

Given the NARDL estimation results, we can visualize how each commodity price series adjusts over time to
changes in global CPU. For this purpose, we compute the cumulative dynamic multiplier effects. As explained
before, these dynamic multipliers depend on the combination of long-run and short-run coefficient, as well as

the speed of adjustment.

The cumulative dynamic multipliers associated with a one percent increase and decrease in climate policy
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Figure 3: This figure plots the cumulative dynamic multipliers for each commodity based on the estimation results
presented in Table [d The solid and dashed black lines correspond to positive and negative changes in global climate

policy uncertainty, respectively. The red line represents the asymmetry line.

uncertainty are plotted in Figure[3] corresponding to a shock of around 0.8 times the standard deviation of the
CPU factor. First, the figure illustrates the rich adjustment dynamics across the six commodities, as well as
the asymmetries in both the short-run and long-run. Note that the spikes, for instance apparent in the plots
for natural gas, copper, and wheat, are due to the general-to-specific modeling approach which only selects
significant lags. Of particular interest is the plot for crude oil, for which a causal link was found between
uncertainty and the futures price. Following a positive shock in uncertainty, we initially observe a rather
strong negative price reaction in the first ten months. In subsequent periods, the decline is partly offset. In
the long run, a 1% increase in global CPU leads to a decrease in the (log) futures price of oil of around 0.12%,

ceteris paribus. A 1% decrease in uncertainty is associated with only a 0.06% increase in the oil price in the
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long run. Yet, both effects are statistically significant, as shown in Table |[3] While no causality is found for
the other commodities, the variables under study move together in a long-run equilibrium and the dynamic
multipliers illustrate a clear relation between changes in uncertainty and changes in prices. Thereby, the results

demonstrate the relevance of climate policy uncertainty as a risk factor underlying commodity markets.

From an investment perspective, this poses both threats and opportunities. For example, the observed
asymmetry indicates that the response of futures prices to a positive CPU shock in one period need not
be offset by a negative shock of equal magnitude in a subsequent period and vice versa. Consequently,
participants in commodity futures markets need to be aware of the exposure of their commodity portfolio
to this investment risk. In times of growing uncertainty about climate-related policy actions, the findings
indicate that an allocation dominated by energy commodities may suffer considerably. On the other hand,
in such times investors may protect their wealth by adequate diversification or focusing on other commodity

classes like precious metals.

4.5 Economic Performance

Finally, we assess the economic implications of our empirical approach for investors by means of a forecast-
ing exercise. More precisely, we investigate whether the two-step NARDL approach is able to produce more
accurate commodity price forecasts than the benchmark models detailed in Section [3.4] The economic per-
formance of all models is evaluated over the sub-sample from December 2016 to October 2020 (48 months).
This period is especially interesting as it covers both large positive and negative changes in global CPU, as
illustrated in Figure 2| such that it provides a useful testing environment for the NARDL models. The com-
modity price forecasts are constructed using an expanding estimation window as follows. First, given one of the
commodities, we estimate each model over the period July 1996-November 2016 and compute dynamic one-
to twelve-month-ahead forecasts. For the (nonlinear) ARDL models, in each iteration we adopt the general-
to-specific approach described earlier. We then expand the estimation sample by one month and repeat the
procedure, until the period corresponding to the twelve-month-ahead forecast is October 2020, which is the

end of our sample. This way, we obtain 36 price forecasts for each horizon, model, and commodityE

In Table |§| we present the root mean square percentage error (RMSPE) for the one- to twelve-month-
ahead price forecasts produced by each of the competing models. Here, model NARDL-2ST corresponds to
the two-step NARDL approach where the global CPU factor is omitted. For each model and horizon, we
have averaged the errors over the commodities, similar to an investor holding a portfolio of commodities.
From the figures in the table, we can derive two key observations. First, the results indicate that the random
walk benchmark outperforms the other models in the short run. This is in line with a substantial body of

literature emphasizing that the RW model is a particularly tough competitor (see Famal (1995} [Rossi, (2013

12Note that we study settlement prices of nearest commodity futures contracts. In practice, it will thus not be possible to hold
one particular contract for more than a few months, as they expire. While such considerations are relevant when specifying an

actual trading strategy, the results presented in this section are intended to serve an illustrative purpose.
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Table 6: One- to Twelve-Month-Ahead Forecast Accuracy

Model 1 2 3 4 5 6 7 8 9 10 11 12

ARDL 4.58 5.95 7.50 8.52 9.37 10.25 11.16 11.56 11.99 12.20 12.73 13.18
NARDL-1S 4.71 5.98 7.01 7.66 8.38 9.12 9.95 10.45 10.69 10.35 11.29 11.77
NARDL-2S 4.42 5.58 6.67 7.32 8.16 8.77 9.02 9.25 9.72 9.62 10.10 10.49
NARDL-2S" 4.31 5.79 744  8.45 9.63 11.08 12.26 13.05 13.98 14.73 15.64 16.36
RwW 4.28 4.96 6.54 6.77 8.03 9.58 11.29 11.61 12.39 12.25 12.87 13.50

Note. This table reports the root mean square percentage error (RMSPE, %) for the one- to twelve-month-ahead ex-post out-
of-sample commodity price forecasts produced by the ARDL model, one-step NARDL (NARDL-1S) approach, two-step NARDL
(NARDL-2S) approach, and the random walk (RW) model with drift. Model NARDL-2ST corresponds to the two-step NARDL
approach where the global CPU factor is omitted. The presented figures are averages across the six primary commodities, with
figures in bold indicating the minimum RMSPE at each horizon. Given one of the commodities, we estimate each model over the
period 1996:7-2016:11 and compute dynamic one- to twelve-month-ahead forecasts. We then expand the estimation sample by
one month and repeat the procedure, until the period corresponding to the twelve-month-ahead forecast is October 2020, which

is the end of our sample. This yields 36 forecasts for each horizon, model, and commodity.

e.g.). Second, in the longer term we find that the two-step NARDL procedure yields, on average, the most
accurate forecasts, achieving the lowest RMSPE at horizons of six months or more. While this seems to support
the notion that adequate modeling of the long-run equilibrium in cointegrated systems improves forecasting
power, for instance demonstrated by |Zeng and Swanson| (1998)) in the context of commodity futures prices,
the forecast accuracy deteriorates substantially in case the CPU factor is either omitted from the model or
assumed to have a symmetric impact. Furthermore, there is a slight decline in performance when moving from
the two-step to the one-step NARDL approach, which may be due to the fact that the parameter estimates

obtained in the two-step framework are generally more precise, as we have seen before.

Altogether, the results presented in this empirical analysis highlight the relevance of climate policy un-
certainty as a source of investment risk in global commodity markets. In particular, we demonstrate that
commodity futures prices and global CPU move together in a stable equilibrium over time. Moreover, we
establish that adequate modeling of their rich dynamic relation yields superior economic performance, espe-
cially in the longer run. From an investor’s point of view, the results stress the importance of identification
of climate-related risk factors, as well as knowledge regarding the exposure of individual commodities to these
factors. Both components should be helpful for participants in commodity markets in terms of making portfolio
decisions. At the same time, investors need to be alert to any potential regulatory changes, closely monitoring

relevant political developments.
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5 Conclusion

This paper investigates the dynamic relation between commodity prices and regulatory uncertainty associated
with climate change. The main purpose of our study is to discern how changes in the global level of uncertainty
affect the prices of primary commodities. To address this objective, we construct a novel global climate policy
uncertainty index and specify a nonlinear autoregressive distributed lag model. This model allows us to

simultaneously describe long-run cointegrating relations and short-run dynamics.

We apply our methodology to monthly futures prices on six primary commodities over the period 1996-
2020 and illustrate the asymmetric nature of the relationship between commodity prices and climate policy
uncertainty. For each commodity, we establish nonlinear cointegration between the price series, global CPU,
and a set of economic controls, indicating that the variables converge towards a long-run equilibrium over time.
Here, a deviation from the trend in one period is corrected by around 12% to 19% per month in subsequent
periods. Combining these results with the short-run dynamics, rich patterns of price adjustment to uncertainty
shocks are observed. With respect to causal links, we conclude that there is a unidirectional causality running
from positive changes in global uncertainty to the price of crude oil. In the long run, an increase in CPU
of 1% results in a decrease in the oil futures price of around 0.12%. Lastly, the forecast exercise highlights
the economic benefit of our methodology, particularly in the medium to long term. Importantly, we present
the first empirical application of the NARDL estimation procedure of |Cho et al.| (2020) and demonstrate its
statistical value. The results suggest that we can improve the accuracy of commodity price forecasts when

moving from the conventional one-step to the novel two-step framework.

In conclusion, our study accentuates the dynamic, asymmetric, and commodity-specific dependencies be-
tween commodity prices and climate-related regulatory uncertainty. Thereby, we emphasize the pertinence of
this uncertainty as a source of investment risk in commodity markets. The implications of our findings for
investors are twofold. First, commodity allocations may be hurt by unintended exposure to climate policy
uncertainty. In light of the recent surges in uncertainty and given the strong negative association between
CPU and the prices of oil and gas, this could be particularly the case when a portfolio is dominated by energy
commodities. It is therefore suggested that participants in commodity markets carefully monitor climate-
related political developments. Second, investors may exploit knowledge of the heterogeneous responses of
commodity prices to uncertainty shocks, in order to hedge their overall position to changes in global CPU. For
policymakers, of special significance is the evidence of a causal link from positive CPU shocks to the price of
oil. While more research is needed to unravel the exact mechanisms through which higher global CPU leads
to lower futures prices of oil—perhaps simply by affecting the decision-making process of speculators—the
results indicate that investors and financial institutions may benefit from efforts to control policy uncertainty.

Prompt resolution of climate-related policy issues should thus help safeguard financial stability.



N.C. Koster Climate Policy Uncertainty in Commodity Markets 33

6 Discussion

The current study presents several limitations that should be acknowledged, while it also opens up potential
avenues for future research. First, in the construction of the global CPU index, we assume that the global
level of uncertainty is given by the common factor of four country-level indexes. Although the set of countries
includes the most influential nations, a sample of four is limited. Extending the analysis to additional countries
may make the factor more reflective of worldwide uncertainty. However, this inevitably requires content
analysis of non-English-language newspaper articles, making the selection of relevant (climate) search terms
considerably more challenging. If this problem can be overcome, it would be interesting to construct CPU

indexes for the other members of the G20, for example, as done by [Baker et al.| (2016) for their EPU indexes.

Second, in our analysis we have examined global CPU as a risk factor underlying commodity markets.
Yet, a principal task in asset pricing is distinguishing redundant factors—i.e., factors whose variation can be
explained by other risk factors—from those that actually price assets. Existing literature provides evidence
that the EPU indexes of Baker et al.| (2016) are in fact priced risk factors. For instance, Brogaard and Detzel
(2015) establish that exposure to U.S. EPU is priced in the cross-section of U.S. stock returns. From an
explanatory point of view, a useful direction for further research would thus be to assess whether CPU is a

priced risk factor in commodity (futures) markets, or whether it is spanned by other factors.

Third, in this study we have used settlement prices of nearest futures contracts on six primary commodities.
Generally, these contracts have a time to maturity of only a few weeks, which has various implications with
respect to portfolio management. Specifically, contrary to the assumption implicitly made in our forecast
exercise, holding one particular contract for several months is not possible. One might therefore argue that
this exercise does not evaluate the true economic merit of our methodology, but rather the statistical benefit.
Accordingly, future studies could build on our work by exploiting the findings to implement commodity trading
strategies, while taking into account the peculiarities of commodity futures markets. For example, one could
employ various methods such as the difference- or ratio-adjusted technique to determine rolling futures prices

(Hamilton and Wul, [2015)). Since trading is not our main focus, this is beyond the scope of this study.

Finally, we should note that in parallel with our research, Nam/ (2021)) conducted a study that is connected
to this paper. In particular, Nam)| (2021) investigates the impact of extreme climate events on global commodity
spot markets by analyzing fluctuations in the El Nifio-Southern Oscillation. These fluctuations represent
a form of climate uncertainty and often trigger weather events such as droughts and hurricanes, thereby
impacting physical assets and commodities. While the article would be an interesting reference, both for the
literature review and empirical analysis, it was only just published in the latest issue of Energy Economics.
For this reason, it is not discussed in our main text. Nevertheless, given the focus of Nam/s (2021) study, our

contributions to the literature remain unaltered.
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Appendix A Construction of Climate Policy Uncertainty Indexes

As outlined in Section to construct the CPU indexes for the United States, United Kingdom, Australia,
and China we adopt the newspaper-based approach of [Baker et al.| (2016]). We search the digital archives of
various leading newspapers using the Factiva global news database. This database is particularly convenient,
as it offers a wide range of newspapers and it allows us to filter all published newspaper articles through specific
search queries, restricting search results by newspaper, month, and language, for instance. For an article to
be counted as a CPU article, it should contain at least one term in all three EPU categories—the economy

(E), policy (P), and uncertainty (U)—as well as a term in the climate (C) category.

All term sets are derived from [Baker et al.| (2016)) and the EPU website, except for the C term set, which is

inspired by the climate change vocabulary (CCV) of Engle et al|(2020). In particular, the E term set consists

MW

of “economy” and “economic,” and the U term set of “uncertain,” “uncertainty,” and “uncertainties.” For the

C term set we use the terms from the CCV that are most directly related to climate change, namely “climate,”

W W W

“climate change,” “carbon,” “greenhouse,” “emission,” and “emissions.” Here, we exclude expressions that

involve the word “climate” that are not associated with climate change, such as “climate of uncertainty,”

b

“economic climate,” or “investment climate.” Based on a sensitivity analysis, we concluded that other, less
frequent terms from the CCV such as “temperature” or “energy” were not sufficient to isolate CPU articles.
The country-specific sets of policy terms are presented below. Besides, we specify the set of newspapers con-
sidered in the construction of each CPU index, chosen based on data availability. Unless stated otherwise, the

articles for each newspaper are available over the whole sample period, i.e., from July 1996 to October 2020.

United States
For the United States, the P term set contains “Federal Reserve,” “the Fed,” “deficit,” “deficits,” “Congress,”

W YW

“congressional,” “White House,” “legislation,” “legislative,” “legislature,” “regulation,” “regulations,” and
“regulatory.” The six American newspaper we use are USA Today, the New York Times, the Wall Street
Journal, the Washington Post, the Chicago Daily Herald (available from November 1997), and the Boston

Globe.

United Kingdom
For the United Kingdom, the P term set contains “Bank of England,” “spending,” “policy,” “deficit,” “budget,”
“tax,” and “regulation.” The five U.K. newspapers we use are the Times, the Financial Times, the Guardian,

the Daily Telegraph (available from November 2000), and the Independent.

Australia

For Australia, the P term set contains “Reserve Bank of Australia,” “RBA,” “deficit,” “tax,” “taxation,”

bR NS i

“taxes,” “Parliament,” “Senate,” “cash rate,” “tariff,” “war,” “legislation,” and “regulation.” The five Aus-
tralian newspapers we use are the Australian, the Australian Financial Review, the Sydney Morning Herald,

the Age, and the Canberra Times (available from September 1996).
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China

Lastly, for China we consider a compound filter to select policy-related articles, following |Baker et al.| (2016)).

W 7 W 7 W

Specifically, an article should contain “tax,” “regulation,” “regulatory,” “central bank,” “People’s Bank of
China,” “PBOC,” “deficit,” or “WTO,” or it should contain both “policy,” “spending,” “budget,” “political,”
“interest rates,” or “reform” and “government,” “Beijing,” or “authorities.” Additionally, a Chinese CPU
article should include the word “China” or “Chinese.” The two Chinese newspapers we use are China Daily

and the South China Morning Post.

Appendix B Estimation of Dynamic Factor Model

To obtain smoothed estimates of the unobserved global uncertainty index, we write the dynamic factor model
specified by Equations and in state-space representation as follows. Let y; be the NV x 1 vector of CPU
realizations at time ¢ € {1,...,T}, o the N x 1 vector of constants, and &; the K x 1 state vector collecting
the realizations of the global factor and the country factors from time ¢ up to time ¢t — p+ 1, where p is the lag
order of the VAR model for the latent factors and K = (N + 1)p. Following the notation of [Hamilton| (1994)),

the measurement and state transition equation corresponding to the dynamic factor model are then given by

Y =+ HE + wy, (B.1)
& = F&—1+ v, (B.2)
with & = (f\V, fiy oo [N oo ftVKpH, fit—pt1s---, fNt—ps1)’ and parameter matrices
O - D, B,
B1 Y1
I
H:[Hl 0} . Hi = | ¢ and F =
NxK
By INT N (N1 I
KxK

The elements of w; are assumed to be normally distributed with mean zero and diagonal covariance matrix
R. Similarly, the first N + 1 elements of v; are assumed to be normally distributed with mean zero and
diagonal covariance matrix @), while the remaining elements of v; are exactly zero. In order to achieve unique
identification of this dynamic factor model, the first loading on the world factor and all loadings on the country

factors are set to one, i.e., 51 =y = ... =79n = 1 (see Bai and Wangj, [2015)).

B.1 Kalman Filter and Smoother

We estimate the state vector &; along with its corresponding uncertainty using the Kalman filter and smoother
(see [Hamilton) |1994)). Let éﬂt = E(&|T;) and Py, = var(§|Z;), with Z; = {y1,...,y:} the information set up
to time t. Given «, H, F', R, and @, the prediction step of the Kalman filter is specified as

€t+1|t = Féﬂt, (B.3)

Piy1y = FPF' + P'QP, (B.4)
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where P = [Inj1 O(n41)x(k—N—1)), such that P’QP is a K x K matrix with the top-left part equal to @ and
the other elements equal to zero. Next, we use the observed data y;41 to update our beliefs on the state vector

according to the updating step of the Kalman filter:

ét+1|t+l = ét+1\t + Py H' (HPyyqp H' + R Mypp1 —a— Hét+1|t)u (B.5)

Pii1jev1 = Py — Pt+1|tH/(HPt+1\tHI + R)ilHPt-‘rllt (B.6)

We loop through Equations (B.3) to for t = 0,...,7 — 1. Following [Hamilton| (1994)), the filter is

initialized by setting 51‘0 = 0, which is the unconditional expectation of &, and Pyjg = I x 108.

Given the output of the Kalman filter, we iterate the Kalman smoothing equations backward in time:

ét\T = ét\t + Pt|tFle+11|t(ét+1|T - ét+1\t)a (B.7)
By = Pu  PacE' B (P — Poasir) P Pac B9
Py = Pt+1|TPt:_11‘tFPt\ta (B.9)

fort =T,7 —1,...,0 and where P, ;17 = cov(&, §—1/Zr)-

B.2 Expectation-Maximization Algorithm

To estimate the parameters of the dynamic factor model, the expectation-maximization (EM) algorithm of
Dempster et al| (1977) is adopted. Compared to maximum likelihood estimation, EM tends to converge to a
reasonable area of the parameter space relatively quickly. Moreover, a notable advantage of the EM algorithm

over maximum likelihood is that it gets stuck less often in local optima.

In the first step of the algorithm (E-step), we run the Kalman filter and smoother conditional on some
(initial) values of the model parameters, as outlined in Section In the second step (M-step), the output
from the E-step is used to find analytical expressions for a, H, F', R, and ). The standard EM algorithm,
however, does not account for restrictions on the elements of the system matrices H and F. Therefore, inspired
by Wu et al.| (1996]), the M-step is adjusted in two ways: the expression for H is derived using a Lagrange

multiplier approach and for F' we obtain an expression for the first N 4+ 1 rows, which are unrestricted.

First, we specify the joint density of the data y;.r and states £y.7 as

T
log Ly orl6) o — glogl | = 5 3= (v —a— H) B ( — a — H&)
t=
T 1 I I prH—1
- 510g|Q| -3 t;(ft —F& 1) P'Q™ P& — F&—1), (B.10)

where 6 collects all parameters and a diffuse prior on £; is assumed. Next, we take the expectation of the

log-likelihood conditional on the information set Zy. Using the cyclic property of the trace, we can derive that
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this conditional expectation is proportional to

T 1Z A\ S
B(log LIZr) o — 51oglR| 5 3 (e — o~ Héyr) R™ (e~ — Héyr)
T 12 /. . o R
= loelQl = 5 3 (& — Far) PQTP (Gur — Féiur)
T 1 I
x — 510g|R| - §tr {R_l (Z(yt —a)(yy—a) —DH' — HD' + HCH')}
- %log|Q| - %tr {P'Q~'P(C — BF' — FB' + FAF')}, (B.11)

where we have defined the matrices

N
I
M=

(ét—lT (ét—l\T)l + Pt—lT) )
(éﬂT (ét—llT)l + Pt,t—1|T> )
(éﬂT (ét\T)l + Pt|T> ;

(y: — ) (€t|T),-

~
Il
-

%
Il
M=

~
Il
-

Q
Il
M=

o~
Il
_

-
I
M=

o~
Il
N

Given the expression in Equation (B.11]), we maximize the conditional expectation of the log-likelihood with

respect to «, H, F', R, and @ to obtain analytical solutions for these quantities.

In the first step of the M-step we update the intercept vector a according to the standard EM-solution

1z A
=7 > (yt - H€t|T) , (B.12)
t=1
which is straightforwardly derived by optimizing Equation (B.11]) with respect to a.

Next, consider H, and suppose that the constraints on the elements of H can be written as G -vec(H) = g,
where G selects the fixed elements of vec(H) and g is a vector of zeros and ones. Collecting all terms in the

likelihood function of Equation (B.11)) involving H and rewriting the expression in terms of vec(H) gives

—%tr{R’1 (-DH'— HD'+ HCH')} = % [tr (R\DH') + tr (R-VHD') — tr (R-\HCH')]
- % [Vec (R_lD),VeC(H) + vec (R_lD)/veC(H) — vec(HC)'vec (R_lH)}

= vec (R™1D)" vec(H) — %VGC(H)/ (C®R™") vec(H),

using the properties of the trace. In order to maximize this expression with respect to vec(H), subject to the

constraint G - vec(H) = g, we specify the Lagrangian function as

L(vec(H),\) = vec (R_lD)/ vec(H) — %VGC(H)/ (C® R ") vec(H) — (9 — G - vec(H))',
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with A the vector of Lagrange multipliers. The corresponding optimality conditions are given by

OL(vec(H), \)
(2
OL(vec(H), \)
Ovec(H)

= (g— G -vec(H)) =0,
=vec (R7'D) — (C® R™") vec(H) + G'A

= (C7'®@R)vec (R™'D) —vec(H) + (C™' @ R) G'A
=G-vec (DC™') =G vec(H)+ G (C™' @ R) G'A
=G-vec(DC") —g+G(CT"®@R)G'A=0,

where in the last line we use that G - vec(H) = g, which follows from the first condition. Solving the second
equation for A yields A = (G(C~! ® R)G')"{g — G - vec(DC~1)}, which we plug into the second line of the

second condition to arrive at the solution
vec(H) = vec (DC™ ')+ (C™'®R)G' (G (C™' ®R) G')_l {g—G-vec(DC™")}. (B.13)

Here, the first term on the right-hand side of the equation corresponds to the unrestricted EM-solution.

Similarly, for F' we collect all terms in the likelihood function involving F' and rewrite the expression as

f%u {P'Q"'P(~BF' — FB' + FAF')} = %u{@*l (PBF'P' + PFB'P' — PFAF'P')}

%U{Qﬂ(éﬁu+ﬁéu_ﬁAﬁj}

%@(Q45ﬁ3+u(Q4ﬁ§q_U(QAﬁAﬁﬂ7

where B = PB and F = PF, selecting the first N + 1 rows of both matrices. Taking the derivative of this

expression with respect to F and setting it equal to zero yields the solution

F=BA" (B.14)

Lastly, we update the covariance matrices @ and F' using the diagonal elements of the unrestricted matrices
Q="1" (PCP’ _BF —FB' + ﬁAﬁ’) , (B.15)

R=T"! (zle(yt — &)y —a) — DH' — HD' + HCH') : (B.16)

which can be derived by maximization of the conditional expectation of the log-likelihood function as before.

Together with the Kalman equations of Section Equations (B.12) to constitute one step of the
EM algorithm. The total number of iterations is set to 1,000. In order to identify the global optimum, the
algorithm is run multiple times using random starting values and we select the parameters that yield the highest
log-likelihood. Finally, to facilitate estimation we set lag order p = 1. Importantly, most autocorrelation in

the residuals €V, &1 4,...,éN.4, corresponding to Equation of the dynamic factor model, is eliminated.
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Appendix C Overview Variables

C.1 Commodities

Table C.1: Commodity Futures Contracts

Commodity Exchange Contract size Contract months
Light crude oil, WTT spot Cushing NYMEX 1,000 barrels F-Z
Natural gas, Henry Hub NYMEX 10,000 MMBtu F-Z

Gold, Handy & Harman NYMEX 100 troy ounces G, J,MQ,V,Z
High grade copper, cathode NYMEX 25,000 lbs H K,N, U, Z
Sugar #11 ICE 112,000 lbs H, K, N,V
Wheat composite CBOT 5,000 bushels H,K,N, U, Z

Note. This table presents a description of the commodity futures contracts used in the analysis. For each contract, we provide

the name of the commodity, the futures exchange on which it is traded, the size of the contract, and the delivery months. Here,

NYMEX denotes New York Mercantile Exchange, ICE denotes Intercontinental Exchange, and CBOT denotes Chicago Board

of Trade. The codes for the months are F=January, G=February, H=March, J=April, K=May, M=June, N=July, Q=August,

U=September, V=0October, X=November, and Z=December.
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Figure 4: This figure plots the monthly settlement prices of nearest futures contracts on the six primary commodities

considered in the empirical analysis over the period 1996:7-2020:10.
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C.2 Control Variables

Kilian index, %/100 MSCI World, 1969=100
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Figure 5: This figure plots the five control variables considered in the empirical analysis over the period 1996:7-2020:10.
In particular, we employ [Kilian's (2009) index of global real economic activity, the MSCI World stock market index,
the 3-month London Interbank Offered Rate, the U.S. nominal effective exchange rate, and the U.S. consumer price

index for all urban consumers.
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C.3 Descriptive Statistics

Table C.2: Descriptive Statistics

Variable Obs. Mean Median Min. Max. Std. Dev. Skew. Kurt.
In oil 292 3.851 3.948 2.422 4.978 0.579 -0.395 2.277
In gas 292 1.325 1.276 0.490 2.689 0.465 0.479 2.570
In gold 292 6.567 6.779 5.538 7.572 0.672 -0.211 1.405
In copper 292 0.621 0.924 -0.480 1.531 0.627 -0.456 1.598
In sugar 292 2.485 2.468 1.589 3.428 0.425 0.036 2.425
In wheat 292 6.089 6.122 5.425 7.056 0.357 0.151 2.221
CPU 292 -0.129 -0.512 -1.630 3.597 1.261 1.033 3.471
Kilian 292 0.045 -0.089 -1.588 1.913 0.685 0.684 3.037
In MSCI 292 7.186 7.176 6.604 7.806 0.294 0.102 2.185
LIBOR 292 0.025 0.018 0.002 0.069 0.022 0.545 1.764
In FX 292 4.703 4.721 4.533 4.873 0.091 -0.134 1.739
In CPI 292 5.332 5.362 5.056 5.562 0.152 -0.268 1.762

)

Note. This table reports descriptive statistics of the variables used in the empirical study over the period 1996:7-2020:10. ‘In
indicates that the respective variable is transformed to natural logarithms. Furthermore, the Kilian index is measured as percent
deviation from trend, MSCI as price index (1969=100), LIBOR as percent, FX as index (2010=100), and CPI as price index
(1982-1984=100).



Appendix D Dynamic Coefficient Estimates One-Step NARDL

Table D.1: Dynamic Coefficient Estimates One-Step NARDL

Oil Gas Gold Copper Sugar Wheat
Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E. Var. Coeff. S.E.
Const. -4.99 1.56 Const. -7.31 2.53 Const. 0.28 0.75 Const. -3.74 1.16 Const -2.44 1.55 Const. 3.13  1.36
Ye—1 -0.19 0.03  yi—1 -0.22  0.03  yi—1 -0.15  0.03  yi—1 -0.14 0.02  yi—1 -0.16 0.03  yi—1 -0.19 0.03
uf -0.02 001 u, -0.03 0.01 u, 003 001 wu, 001 001 wuf, 005 001 wuf, -0.02  0.01
Uy_q 0.00 0.01 wu, , 0.00 0.02 1w, , 0.03 0.01 u, 4 0.02 0.01 1w, , 0.07 0.02 wu, , -0.03 0.01
Ayi_y -0.10 0.05 Ay o -0.13  0.05 Ay—x  -0.19 0.05 Ayi_s 0.15 0.05 Auj 0.10 0.04 Auf g 0.21 0.04
Ayi—s 0.19 0.05 Au;_ 44 0.16 0.07 Aul, -0.04 002 Ayn 0.13 0.05 Au/ g -0.11 0.04 Au,_, 0.20 0.05
Ayi_10 0.13  0.05 Auf, -006 003 Auf, -011 004 Au;, 011 004
Ayi_12 0.11  0.05 Au;_y -0.09 0.04 Au,_ 4 -0.17  0.05
Auf 0.09 0.04 Au;, -009 004 Au_, -012 0.05
Auf, -0.10  0.04 Auy 0.16  0.05
Auf, -0.15  0.04
Auf . -0.09 0.04
Ayt -0.11 0.04
Auy_ g -0.17  0.06
Au;_ -0.15 0.05
Adj. R? 0.52 0.23 0.36 0.39 0.33 0.29
Xic 12.47 [0.41] 12.72 [0.39] 3.35 [0.34] 13.76 [0.32] 6.57 [0.88] 15.88 [0.20]
- 24.09 [0.63] 23.49 [0.10] 24.17 [0.19] 46.62 [0.00] 33.83 [0.33] 38.56 [0.02]
Xor 4.49 [0.11] 0.13 [0.94] 2.13 [0.35] 5.15 [0.08] 0.02 [0.99] 0.17 [0.92]
X30R 19.08 [0.00] 4.42 0.11] 62.15 [0.00] 20.40 [0.00] 0.72 [0.70] 21.54 [0.00]
CUSUM Stable Stable Stable Stable Stable Stable
CUSUMSQ Stable Stable Stable Stable Stable Stable
Ws 0.24 [0.63] 5.17 [0.02] 5.93 [0.01] 4.75 [0.03] 0.01 [0.92] 3.38 [0.07]

Note. This table reports estimation results of the NARDL model specified in Equation @, obtained using the one-step estimation approach of |Shin et al.|(2014). A general-
to-specific procedure is used to arrive at the final NARDL model specification. Here, we set the maximum lag order equal to 12 and sequentially drop the insignificant
dynamic regressors, with a 5% unidirectional decision rule. X2SC7 X?{ BT x% > and X?VO g denote the LM tests for serial correlation (Breusch-Godfrey), heteroskedasticity
(Breusch-Pagan), functional form (Ramsey’s RESET), and normality (Jarque-Bera), respectively. Furthermore, CUSUM(SQ) denotes the test for stability of the regression
coefficients and Ws is the Wald statistic for the test of short-run additive symmetry (Hp : Z;é 71';.r = Z;é 7r;) Asymptotic p-values are reported in brackets for all tests.
Lastly, in order to conserve space we do not present the coefficient estimates for the set of control variables.
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Appendix E Monte Carlo Simulation Two-Step NARDL

As discussed in Section in our empirical study we employ the two-step approach of |Cho et al.| (2020)) to
estimate the NARDL model. Here, FM-OLS is used in the first step to estimate the long-run relationship,
whereas the short-run dynamics are estimated by OLS in the second step. While |Cho et al.| (2020) present
derivations and simulation results for the case of k = 1 and k > 1 asymmetric independent variables, our
NARDL model includes both symmetric and asymmetric regressors. Therefore, slight alterations to the proce-
dure of |Cho et al.| (2020) are required. Note that these changes do not affect the asymptotic theory associated
with the two-step procedure. To demonstrate the validity of this approach, we further investigate the finite

sample properties of the estimator and the Wald test statistics by means of simulation.

E.1 Finite Sample Performance Two-Step Estimator

First, similar to|Cho et al.| (2020), we generate data according to the following data generating process (DGP):
Ays = c+pes_1 + oAy 1+t Azl + 1T Axy + TAzZ + ey, (E.1)

where g, 1 ==y 1 —a—BTx | — B2 | — Br_1, Awy = kAw_1 + V1 — K20y, wy = (24, 2)', and (eg, v}) ~
i.i.d.N (03, I3). The parameter values are set to (o, 7,87, 8,¢,p, 0,7, 77, m k) = (0,2,1,0.5,0,—2/3,¢,1,

0.5,0.75,0.5), where ¢ and the sample size T' both take on a range of values as shown in the tables below.

In the two-step estimation approach, we specific the long-run and short-run relationships as
Y =+ A:UQL +nxs+vze+e¢ and Ay =cH pér_1 + Ay + 7T+szr + 17 Ax; + Az + ey,

where & == y; — a — sz“ — Ny — 7z Here, we first obtain @, X, 7, and 4 through FM-OLS, from which we
derive E"’, 3_, and 3 Conditional on &;, the short-run parameters are subsequently estimated by OLS. In
total, the simulation exercise is performed R = 10,000 times, after which we compute the finite sample bias

and mean squared error of the estimated parameters. The results are presented in Table [E.1]

E.2 Finite Sample Performance Wald Statistics

Next, we assess the empirical level properties and power of the Wald tests outlined in Section [3.2.3] Regarding
the long run, we test the null Hy : 37 — 3~ = 0 versus the alternative H; : 37 — 3~ # 0. We use the DGP
specified in Equation and the parameter values listed above, this time setting 37 = 1 (for the levels)
or 8t = 1.01 (for the power). Note that the levels and power are determined by comparing the calculated
test statistics to the critical values of the y2-distribution with one degree of freedom at the 1%, 5%, and 10%

significance levels. The results are presented in Table [E.2]

Similarly, regarding the short run we test the null Hg : 7+ —7~ = 0 versus the alternative Hy : 77—~ # 0.
Again, we simulate data according to Equation (E.1)) and use the parameter values reported in Section
For the empirical levels we set 7™ = 0.5. The results are presented in Table
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Table E.1: Finite Sample Performance Two-Step NARDL Estimation

Bias Mean Squared Error
T 50 100 200 300 500 50 100 200 300 500
p=-050 p -0.012 0.001 0.000 -0.001 0.000 0.042 0.009 0.002 0.001 0.000
BT -0.221  -0.084 -0.030 -0.014 -0.006 0.089 0.015 0.002 0.001 0.000
B~ -0.175  -0.064 -0.025 -0.011 -0.004 0.091 0.013 0.002 0.001 0.000
p -0.157  -0.065 -0.029 -0.016 -0.008 0.043 0.009 0.003 0.001 0.001
© 0.106 0.045 0.019 0.011 0.006 0.018 0.005 0.001 0.001 0.000
T -0.018 -0.005 -0.002 -0.002 0.000 0.051  0.017 0.006 0.004 0.002
nt -0.039  -0.013  -0.004 0.000 0.001 0.145 0.054 0.023 0.014  0.008
T -0.084 -0.027 -0.018 -0.009 -0.005 0.164 0.056 0.023 0.014 0.008
p=-025 f 0.010 0.004 0.001 0.001 0.000 0.030 0.006 0.001 0.000 0.000
BT -0.153 -0.056 -0.017 -0.007 -0.003 0.054 0.009 0.001 0.000 0.000
6~ -0.121  -0.045 -0.014 -0.006  -0.002 0.062 0.009 0.001 0.000 0.000
p -0.136  -0.059 -0.026 -0.015 -0.008 0.036 0.010 0.003 0.002 0.001
© 0.071 0.030 0.011 0.005 0.003 0.013  0.005 0.002 0.001 0.001
T -0.010 -0.004 -0.001 -0.001 0.000 0.042 0.015 0.006 0.004 0.002
Tt -0.030 -0.007 -0.002 -0.001 0.000 0.131  0.051 0.022 0.014 0.009
T -0.065 -0.032 -0.016 -0.007 -0.005 0.143 0.051 0.022 0.014 0.008
@ = 0.00 B8 0.026 0.008 0.002 0.001 0.001 0.022 0.004 0.001 0.000 0.000
gt -0.087 -0.032 -0.008 -0.004 -0.001 0.034 0.005 0.001 0.000 0.000
B~ -0.080 -0.028 -0.007 -0.004 -0.001 0.042 0.006 0.001 0.000 0.000
p -0.124  -0.055 -0.026 -0.016  -0.010 0.032 0.009 0.004 0.002 0.001
® 0.035 0.013 0.005 0.003 0.001 0.009 0.004 0.002 0.001 0.001
m -0.003  -0.002 0.000 0.001 0.000 0.038 0.014 0.006 0.004 0.002
T -0.017  -0.007 -0.003 -0.003 0.000 0.125  0.048 0.021 0.014 0.008
T -0.049 -0.023 -0.012 -0.010 -0.005 0.129 0.049 0.021 0.014 0.008
p=0.25 B8 0.027 0.011 0.002 0.002 0.000 0.019 0.004 0.001 0.000 0.000
gt -0.029 -0.015 -0.004 -0.004 -0.002 0.026  0.004 0.001 0.000  0.000
6~ -0.051  -0.022 -0.005 -0.004 -0.002 0.047 0.006 0.001 0.000  0.000
p -0.096 -0.045 -0.022 -0.014 -0.009 0.023 0.008 0.003 0.002 0.001
® 0.007 0.005 0.002 0.002 0.000 0.008 0.004 0.002 0.001 0.001
m -0.007  -0.001 0.002 0.001 0.001 0.034 0.013 0.006 0.004 0.002
T -0.017  -0.012 -0.006  -0.007  -0.002 0.121  0.049 0.022 0.015 0.008
T -0.036 -0.021  -0.009 -0.008 -0.004 0.127  0.049 0.021 0.014  0.008
¢ =0.50 B8 0.023 0.004  -0.002 0.002 0.000 0.025 0.004 0.001 0.000  0.000
BT 0.023 -0.014 -0.008 -0.008 -0.005 0.035 0.005 0.001 0.000 0.000
6~ -0.041  -0.035 -0.013 -0.010 -0.006 0.078 0.009 0.001 0.000 0.000
p -0.067 -0.024 -0.012 -0.008 -0.005 0.012 0.004 0.002 0.001 0.001
@ -0.011 0.002 0.001 0.002 0.001 0.006 0.003 0.001 0.001 0.000
T -0.008 -0.005  -0.003 0.000 0.001 0.036 0.014 0.006 0.004 0.002
T -0.002 -0.016 -0.011 -0.007 -0.005 0.122  0.050 0.022 0.014 0.008
T -0.041  -0.024 -0.010 -0.007 -0.004 0.129  0.048 0.022 0.014 0.008

Note. This table reports the finite sample bias and mean squared error of the two-step NARDL estimation approach, using
FM-OLS in the first step and OLS in the second step. Here, we vary the degree of autocorrelation ¢ and sample size 7. The
data are generated according to the following process: Ay: = —(2/3)ut—1 + pAys—1 + Aa:;L + 0.5Az, + 0.75Azt + e¢, where
Ut = Yt — 233:r —x; —0.52, Awt = 0.5Aws—1 + V1=0.52v;, wy = (x¢,2t)’, and (et,v})" ~1.i.d.N (03, I3). Results are obtained
using R = 10,000 replications.
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Table E.2: Finite Sample Performance Wald Test for Long-Run Symmetry
T 50 100 200 300 500 1,000 2,500 5,000
Panel A: Levels
@ =—0.50 1% 18.14 14.46 8.90 5.68 3.48 2.28 1.62 1.32
5% 30.70 26.42 18.72 14.66 10.76 8.22 6.76 6.06
10% 38.92 34.92 26.32 21.68 17.56 15.16 12.62 11.90
p=-0.25 1% 15.12 9.90 6.08 4.90 3.78 3.08 1.82 1.78
5% 26.68 21.12 15.08 12.30 11.04 9.34 7.52 6.84
10% 34.70 29.56 21.86 19.14 18.36 15.70 13.78 12.64
@ = 0.00 1% 10.72 6.94 4.24 3.28 3.14 2.10 1.66 1.36
5% 21.86 16.36 11.84 11.12 9.16 7.54 6.60 6.60
10% 29.62 23.60 18.94 18.40 15.58 13.70 12.68 12.00
@ =0.25 1% 8.14 4.86 2.50 2.40 1.80 1.48 1.26 1.14
5% 17.36 13.00 8.36 7.64 7.12 6.08 5.54 5.28
10% 24.56 19.18 14.16 13.30 12.98 11.82 10.62 10.14
@ = 0.50 1% 5.04 2.72 0.70 0.72 0.78 0.50 0.56 0.54
5% 12.56 8.48 4.04 4.34 3.66 3.28 3.50 3.34
10% 19.26 14.12 8.56 9.24 7.80 7.00 7.52 7.14
Panel B: Power
@ =—0.50 1% 18.74 14.82 20.10 38.50 81.98 99.78 100.00 100.00
5% 30.88 26.22 33.88 53.66 89.12 99.94 100.00 100.00
10% 38.98 34.18 42.74 61.80 91.42 99.94 100.00 100.00
©=-0.25 1% 17.14 12.78 20.22 45.44 84.84 99.86 100.00 100.00
5% 28.86 23.62 34.36 59.82 91.40 99.96 100.00 100.00
10% 37.94 31.44 43.16 67.24 93.88 99.96 100.00 100.00
@ = 0.00 1% 11.70 10.26 19.34 44.50 85.04 99.88 100.00 100.00
5% 23.14 21.18 33.80 60.50 91.70 99.96 100.00 100.00
10% 30.56 28.82 43.24 69.02 94.28 100.00 100.00 100.00
©=0.25 1% 8.64 7.52 15.26 40.86 83.94 99.86 100.00 100.00
5% 18.54 16.80 29.74 58.44 91.72 99.96 100.00 100.00
10% 25.62 24.18 39.76 67.42 94.56 99.98 100.00 100.00
@ = 0.50 1% 5.28 3.40 6.78 28.34 76.78 99.68 100.00 100.00
5% 13.32 11.20 19.40 49.22 88.72 99.98 100.00 100.00
10% 21.14 17.96 29.64 60.54 92.50 99.98 100.00 100.00

Note. This table reports the empirical levels and power (in percentages) of the Wald test statistic for symmetry of the long-run

parameters, testing the null Hg : 87 —B~ = 0 versus the alternative H; : 37 —8~ # 0. We employ the two-step NARDL estimation

approach, using FM-OLS in the first step and OLS in the second step. Here, we vary the degree of autocorrelation ¢ and sample

size T. The data are generated according to the following process: Ay; =

—(2/3)ut—1 +pAyi_1 + Azl +0.5Az; +0.75Az2; + ey,

where u; = y; — acj' —x; — 0.5z¢ (Panel A), ut = y; — 1.01:6? — z; — 0.5z (Panel B), Awy = 0.5Aw;_1 + V1 — 0.5%v4,

wt = (¢, 2¢), and (e¢,v}) ~ i.i.d.N(03,I3). Results are obtained using R = 10, 000 replications.
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Table E.3: Finite Sample Performance Wald Test for Short-Run Symmetry
T 50 100 200 300 500 1,000 2,500 5,000
Panel A: Levels
@ =—0.50 1% 4.50 2.38 1.50 1.18 1.26 1.04 1.36 1.18
5% 11.78 8.02 6.00 6.42 5.64 5.18 5.80 4.90
10% 18.28 14.44 11.42 11.66 10.84 9.98 10.72 9.94
p=-0.25 1% 4.16 2.30 1.66 1.04 1.24 0.92 1.12 0.82
5% 11.32 7.74 6.40 5.70 5.20 5.32 5.62 5.08
10% 17.32 13.76 11.78 11.00 9.82 10.30 10.12 10.04
@ = 0.00 1% 4.42 2.36 1.22 1.28 1.88 1.16 1.20 1.14
5% 11.58 8.10 5.60 5.54 6.14 5.20 4.94 4.98
10% 17.32 13.30 10.92 10.84 11.46 9.40 10.00 10.12
©=0.25 1% 3.64 2.26 1.42 1.48 1.00 1.14 1.04 1.14
5% 10.36 7.40 5.94 6.12 4.50 4.96 4.84 5.42
10% 17.30 12.58 11.52 11.36 9.18 10.98 9.54 10.34
@ = 0.50 1% 3.86 2.12 1.42 1.30 1.36 0.94 1.08 0.96
5% 10.38 6.96 6.26 5.92 5.98 5.10 5.20 5.48
10% 16.84 12.82 11.40 10.90 11.02 9.82 10.08 10.90
Panel B: Power
@ =—0.50 1% 12.26 19.76 36.90 52.88 79.22 98.46 100.00 100.00
5% 24.90 36.90 59.42 73.96 92.06 99.72 100.00 100.00
10% 33.88 47.62 69.88 82.76 95.50 99.90 100.00 100.00
©=-0.25 1% 12.14 17.94 36.60 52.58 78.70 98.44 100.00 100.00
5% 24.86 34.50 59.40 74.64 91.80 99.72 100.00 100.00
10% 33.84 45.70 70.68 83.98 95.66 99.88 100.00 100.00
@ = 0.00 1% 12.28 18.56 36.28 51.60 78.82 98.42 100.00 100.00
5% 26.02 36.08 59.12 73.36 91.56 99.78 100.00 100.00
10% 35.54 46.68 70.10 82.48 95.18 99.96 100.00 100.00
©=0.25 1% 11.56 18.52 34.42 52.28 77.74 98.16 100.00 100.00
5% 25.06 35.80 56.96 74.06 91.58 99.70 100.00 100.00
10% 34.16 46.62 68.46 82.46 95.30 99.90 100.00 100.00
@ = 0.50 1% 11.08 18.14 34.50 48.66 77.32 98.40 100.00 100.00
5% 24.08 34.60 56.44 71.98 91.06 99.84 100.00 100.00
10% 33.36 45.80 67.88 81.56 95.28 99.98 100.00 100.00

Note. This table reports the empirical levels and power (in percentages) of the Wald test statistic for symmetry of the short-run

parameters, testing the null Hg : 77 —7~ = 0 versus the alternative H; : 7+ —7~ # 0. We employ the two-step NARDL estimation

approach, using FM-OLS in the first step and OLS in the second step. Here, we vary the degree of autocorrelation ¢ and sample size

T. The data are generated according to the following process: Ay = —(2/3)ut—1 + @Ay_1 + 0.5Ax2' +0.5Az, +0.75A% + et

(Panel A), Ay; =

—(2/3)ut—1 + pAy—1 + A;r:' + 0.5Az, + 0.75Az2; + e; (Panel B), u¢ 1= y¢ — 2;5?' —x; — 0.52¢, Awy

0.5Aw;—1 + V1 —0.5%vs, wy = (w¢,2t)’, and (eg,v;)" ~ i.i.d.N(03,I3). Results are obtained using R = 10, 000 replications.
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