ABSTRACT

KIM, JUNYEOB. Three Essays on Commodity Price Cycle. (Under the direction of Barry K.
Goodwin and Daisoon Kim).

My dissertation comprises three essays that mainly study the commodity price cycle and
explore the relationship between the price cycle and economic activity. The first two chapters
focus on the commodity price super-cycle, and on their common factors with economic activity.
The last chapter addresses the price cycle of semiconductors, particularly microprocessor units.

The first chapter explains the super-cycles of commodity prices and investigates the cyclical
relationship between commodity prices and economic activity. This paper utilizes monthly
commodity price data sourced from the World Bank from January 1960 to December 2023,
applying an asymmetric band-pass filter for the periods of 20 to 70 years as suggested by Heap
(2005, 2007). In addition, this chapter employs the vector error correction model (VECM) to
statistically identify the short-run and long-run relationship between commodity prices and
economic activity. Furthermore, it follows the approach of Diebold and Yilmaz (DY Model)
(2012, 2013) to examine the static and dynamic connectedness among commodity prices and
economic activity.

The second chapter examines the common trends and factors of agricultural prices. It has
been recognized that commodity prices tend to exhibit co-movement, and understanding
common trends and factors is an important part of the dynamic movements of commodity
prices. This chapter identifies the nature and number of common trends and factors in non-
stationary commodity prices using the methods recently developed by Barigozzi and Trapani
(2022). Moreover, the common factors are extracted following the approach of Chiaie, Ferrara,
and Giannone (2022), utilizing a large dataset of agricultural prices for the period from 1960 to
2020. This study aims to examine the relationship between the common factor and economic
activities using the Generalized Method of Moments (GMM) estimator, and explores which
variables play an important role in the common factor.

The last chapter focuses on the price cycle of semiconductors controlling for the quality
adjustments. The semiconductor industry is an important market in the United States as it
ranks fifth in terms of export value. This chapter mainly considers microprocessor prices
because they are essential components of computer and communication devices. This chapter
estimates the price index using a Hedonic regression model, controlling for quality adjustments

using Passmark scores, and explores its impact on economic activity.
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CHAPTER

1

COMMODITY PRICE SUPER-CYCLE AND
DYNAMIC CONNECTEDNESS

1.1 Introduction

This paper primarily studies the long-term trends and cyclical patterns in commodity prices
and examines the long-term relationship between commodity prices and economic activity.
Commaodity prices have exhibited long-term cycles, lasting more than a decade, often referred
to as super-cycles. Furthermore, this study examines the connectedness of commaodity prices
across markets over these super-cycles and nds that it becomes more pronounced during
economic shocks, suggesting the existence of a co-super-cycle. A broad set of commodity
prices, seemingly unrelated to each other, has been observed to move together over time
(Pindyck and Rotemberg 1990). Extensive research has explored short-term price uctuations
and co-movement in commodity markets, but studies focusing on long-term commaodity
price cycles and their underlying transmission mechanisms are comparatively limited. Recent
macroeconomic literature emphasizes that such mechanisms, grounded in the concepts of



production networks and rm-level comovement, can be signi cant sources of aggregate uc-
tuations (Acemoglu et al. 2012; Bak and Kim 2025). Understanding these long-term dynamics is
important as commodity price trends last for extended periods, in uencing economic stability,
trade policies, and investment decisions. To Il these gaps, this study examines the dynamics
of super-cycles and their underlying connectedness, providing insights into global economic
trends, given the increasingly signi cant role of commodities in global markets.

Commaodity price trends tend to persist for signi cantly longer periods than those of other
economic variables, being volatile in the short term but trending upward or downward over
the long-run. Their super-cycle is de ned in this paper as an upswing lasting at least 10 and
at most 35 years, meaning a complete super-cycle spans 20 to 70 years. Heap (2005) argued
that a cycle period of 20 to 70 years effectively captures the expansion and contraction of
real commaodity prices, while business cycles typically last between 6 and 32 quarters (Stock
and Watson 1999), indicating their comparatively shorter duration. These price super-cycles
are observed across various primary commaodities, and are closely associated with economic
activity. As commodities are increasingly regarded as nancial assets and inputs in indus-
trial production, understanding these super-cycles is crucial for policymakers, investors, and
commodity-intensive industries. Recognizing the stages of super-cycles is particularly impor-
tant for macroeconomic policy decisions, as they in uence trade terms, exchange rates, and
in ation (Buyuksahin et al. 2016). Analyzing commaodity price super-cycles provides insights
into long-term price dynamics and the transmission of economic shocks.

Super-cycles in commodity prices are primarily driven by global demand shifts, particularly
by industrialization and urbanization. As major economies grow, their industrial expansion
leads to a persistent rise in commodity demand. Heap (2005) suggests that two super-cycles
occurred in the United States between the late 1800s and early 2000s, primarily driven by U.S.
industrialization in the late 1800s and the post-World War Il economic expansion of Europe and
Japan. He emphasizes that China's rapid industrialization in the early 2000s played a central
role, as its economic expansion signi cantly raised demand for metals, energy, and agricultural
commodities. Radetzki (2006) also argues that the commodity boom in the early 2000s was
predominantly driven by the industrialization of China and India and their growing demand for
raw materials. The cycles driven by demand shocks show strong positive correlations among
individual commodities, suggesting that they move together over the long run, while some
commodities may lead or lag others (Cuddington and Jerrett 2008).

This study applies the asymmetric band-pass lter proposed by Christiano and Fitzgerald



(2003) to extract the cyclical components of the super-cycle. Following Cuddington and Jerrett
(2008) and (Erten and Ocampo 2013), a cycle period of 20 to 70 years is used to identify super-
cycles. This paper nds that there are two super-cycles among commodity groups from January
1960 to December 2023. Commodity prices tended to reach the peaks during major economic
activities, followed by a subsequent decline. The OPEC oil price crises in the early 1970s brought
signi cant changes to the structure of the oil market, weakening the oil cartel and allowing
other countries to increase their supply. This led to a substantial rise in oil prices, with the
prices of other primary commodities experiencing similar increases. In the early 2000s, the
rapid industrialization of emerging economies, particularly China, contributed to a signi cant
growth in demand for commodities, causing commaodity prices to rise together.

Commodity prices tend to move in tandem with business cycles. Alquist and Coibion
(2013) and Alquist et al. (2020) examined the key drivers of this co-movement, analyzing
how commodity prices uctuate with macroeconomic conditions. Erten and Ocampo (2013)
showed the super-cycles of non-oil prices in relation to World and OECD GDP, examining
both the short-run and long-run relationships using a Vector Error Correction Model (VEC).
Industrialization and urbanization increase the demand for primary commodities, establishing
a long-run equilibrium with commaodity prices. However, the lag between actual output and
commodity demand can arise due to the investment or trade for the commaodity. To identify
these short-run and long-run relationships between commodity prices and economic activity,
this study also employs the VEC model, following the approach of Erten and Ocampo (2013).

Commodity prices show strong co-movement, which becomes particularly pronounced
during economic shocks. This paper focuses on the dynamic connectedness among commodity
prices and employs the Diebold and Yilmaz (2013) (DY) model to identify a co-super-cycle
among them. Notably, the connectedness tends to intensify during major economic shocks,
such as the 1980s oil crises and the 2009 Great Recession. Amar et al. (2022) capture the
asymmetric connectedness between commodity markets and nd that connectedness becomes
more intense during political and nancial crises, with bullish (increasing) cycles implying
stronger connectedness than bearish (decreasing) cycles. Isleimeyyeh et al. (2021) also show
that connectedness ampli es during crisis periods and that speci c commodities and high-
frequency components predominantly drive connectedness. Previous studies have primarily
focused on short-term connectedness in commodity markets, often overlooking the long-
run dynamics of super-cycles. This paper addresses this gap by extracting the super-cycle
component of commodity price connectedness and identifying the existence of a co-super-



cycle among commodity prices.

This paper contributes to the literature in two key aspects. First, it provides a comprehensive
analysis of commodity price super-cycles across multiple markets and their interactions with
economic activity. Second, it examines the connectedness using the Diebold and Yilmaz (2012)
model, re ecting that the connectedness among commaodity prices intensi es during periods
of economic shocks such as the oil crises of the 1970s and the late 2000s Great Recession. These

ndings highlight the role of economic activity in the commaodity price super-cycle, suggesting
the presence of a co-super-cycle.

1.2 Literature Review

A growing body of research examines the behavior of commodity price cycles as they play a
crucial role in macroeconomic factors, trade, and investment. While an extensive literature
examines short-term uctuations in commodity prices, often in relation to business cycles, the
dynamics of long-term super-cycles have received comparatively less attention. Nevertheless,
some research has provided empirical evidence for their existence. Erten and Ocampo (2013)
identi ed four distinct super-cycles in real non-oil commodity prices since the mid-nineteenth
century, each lasting approximately 30 to 40 years. These cycles were found to be closely linked
to structural changes in global commodity demand (Cuddington and Jerrett 2008; Heap 2005).
Fernandez et al. (2020) estimate the commodity super-cycle using a common permanent
component approach, identifying it as a nonstationary world shock shared across commaodity
prices. Additionally, Buyuksahin et al. (2016) identi ed four commodity price super-cycles

in Canadian data between 1900 and the early 2000s. They emphasized that understanding
these super-cycles is important for Canada's macroeconomic policies, as commaodity price
uctuations have signi cant implications for economic stability and policy decisions. Although
these studies con rm the existence of long-term cycles, the heterogeneity of these dynamics
across different commodity sectors remains largely unexplored. This paper begins to Il that
gap.

The asymmetric band-pass Iter (BP), developed by Christiano and Fitzgerald (2003), has
been widely used to extract super-cycles in commodity prices. Following Cuddington and
Jerrett (2008), who rst applied the BP Iter to metal prices, this methodology has become
a standard approach for identifying super-cycles in the literature (Erten and Ocampo 2013;
Buyuksahin et al. 2016). The BP lter is particularly useful for identifying long-term cyclical



components while lItering out short-term volatility. Following this framework, this paper
applies the BP lIter to extract super-cycles in a broader set of commaodities.

A substantial body of research has examined their relationship with economic activity.
This linkage is central to modern macroeconomics, which, since the seminal work of Long Jr
and Plosser (1983), has emphasized how shocks to individual sectors can propagate through
input-output linkages to drive aggregate business cycles. This literature has evolved from
early work on the impact of oil price shocks on recessions (Hamilton 1983) and the in uence
of commodity price uctuations on exchange rates (Cashin et al. 2004) and terms of trade
(Cuddington and Urzuia 1989), to more recent studies con rming the tight linkage between
commodity prices and macroeconomic conditions (Fernandez et al. 2020; Alquist et al. 2020;
Benguria et al. 2024). Within this framework, a key question is whether these co-movements
are driven by common aggregate shocks or by sector-speci c spillovers (Foerster et al. 2011).
A prominent source of such common shocks is the global nancial cycle, which co-moves
with risk-aversion (VIX) and transmits US monetary policy through global banks' leverage and
cross-border credit ows, thereby constraining monetary autonomy when capital is mobile
(Rey 2015). Erten and Ocampo (2013) extended this line of research by linking commodity
price super-cycles directly to global GDP uctuations. Building on their work, this study also
employs a Vector Error Correction Model (VECM) but departs from their approach in two
critical aspects. First, the analysis covers a more comprehensive set of commaodities. Second,
this study utilizes industrial production as a proxy for economic activity, arguing it offers a
more direct and higher-frequency measure of commodity demand than aggregate GDP.

Since this study examines the super-cycle behavior of a range of commodity prices, it is
closely related to the literature on price co-movement. The growing nancialization of com-
modity markets makes this link to the broader asset pricing literature particularly salient (Tang
and Xiong 2012). Insights from nancial economics suggest that co-movement is a deeply
embedded feature of asset markets, challenging the notion that asset-speci c risks are un-
correlated. For instance, Campbell et al. (2001) document a pronounced rise in rm-level
idiosyncratic volatility relative to market volatility, thereby establishing the growing impor-
tance of asset-speci c risk. Notably, Kalnina and Tewou (2015) provide compelling evidence
that even the idiosyncratic volatility of individual stocks exhibits strong cross-sectional depen-
dence. Furthermore, Herskovic et al. (2016) argue that this interdependence arises from a latent
common factor driving idiosyncratic volatilities across rms. This nding underscores the
importance of understanding interdependence and aligns with the foundational work on com-



modity co-movement by Pindyck and Rotemberg (1990), who rst documented that seemingly
unrelated commodities move together over time due to common macroeconomic in uences.
Beyond these macro drivers, a parallel literature shows how informational cascades can en-
dogenously generate co-movement: sequential, rational herding arises and can be inef cient
(Banerjee 1992). In currency markets, the presence and disclosure of a large trader's position
can coordinate smaller traders and raise the incidence of attacks via signalling (Corsetti et al.
2004). Complementing these mechanisms, recent evidence shows that asset-manager holdings
and portfolio-weight changes have outsized explanatory power for equity price dynamics, with
exchange rates acting as equilibrating forces except for safe-haven currencies (Rey et al. 2024).
A more recent study by Alquist et al. (2020) decomposed the historical drivers of commodity
price uctuations, highlighting the dominant in uence of global macroeconomic forces on
long-term price dynamics. Other studies have further explored the persistence of commod-
ity price co-movement and its implications for global markets (West and Wong 2014). These
studies, however, primarily document the existence of co-movement without fully characteriz-
ing the underlying transmission mechanisms. To illustrate one such nancial channel, Kim
et al. (2024) show that a dominant investor can act as a rst-mover, steering market aggre-
gates via public-information and directional-leadership channels; empirically, their contrarian
ows predict subsequent investor ows, aggregate in ows, stock returns, and exchange-rate
appreciation in emerging markets. Recent macroeconomic literature increasingly points to pro-
duction networks as a critical inter-industry transmission channel, demonstrating how shocks
can propagate through these linkages to drive aggregate uctuations (Acemoglu et al. 2012;
Carvalho 2014). Complementing this perspective, Bak and Kim (2025) identify an important
intra-industry channel, showing that correlated idiosyncratic shocks among rms within the
same industry—termed 'clustered origins—are also a signi cant source of aggregate volatility.
Building on this broad literature that highlights the importance of micro-level interactions, this
paper moves beyond documenting simple correlation by analyzing connectedness, a framework
that empirically quanti es the magnitude, direction, and time-varying intensity of spillovers
across markets. The application of the Diebold and Yilmaz (2012, 2013) framework makes
it possible to identify which commodity groups act as sources versus recipients of systemic
shocks, a crucial step toward understanding the emergence of a “co-super-cycle.”



1.3 Econometric Methods

1.3.1 Data

This study utilizes a comprehensive monthly dataset of commaodity price indices and macroeco-
nomic indicators to examine long-term price relationships and dynamic market connectedness.
The commodity price data, spanning from January 1960 to December 2023, are sourced from
the World Bank Commodity (CMO Pink Sheet). Following the Pink Sheet's classi cation, prices
are aggregated into ten group indices: energy, beverages, oils & meals, grains, other food, other
raw materials, fertilizers, metals & minerals, and precious metals. Table 1.1 presents the compo-
sition of each commodity group index. The weights for each commaodity, shown in parentheses,
are based on its share of world export value as reported in the World Bank's CMO Pink Sheet.
These weights are used to construct a single aggregate price index for each group.

Figure 1.1 plots the real log-price indices for all ten commodity groups and industrial
production. The plots reveal strong visual co-movement, with most commodity series sharing
common long-term cyclical patterns. These patterns are generally characterized by extended
periods of rising prices followed by prolonged downturns. Beyond these long-term cycles, the
plots also show that price volatility appears to be higher during the periods of rising prices.
For a comprehensive view of the data, Appendix A.1 displays the corresponding time series as
monthly growth rates, calculated from their rst differences.

To investigate the relationship between commodity prices and economic activity, this study
incorporates industrial production as a key macroeconomic variable. The dataset includes
industrial production indices for 23 OECD countries plus six major economies, sourced from
Baumeister and Hamilton (2019). The use of monthly data of commodity prices and industrial
production provides a more detailed view of economic uctuations, capturing both short-
term variations and long-term trends. While alternative approaches utilize high-frequency
data to construct measures of realized covariation and correlation (e.g., Barndorff-Nielsen
and Shephard 2004), the monthly frequency employed in this study is better suited for the
analysis of long-horizon super-cycles. This approach enables a more detailed examination
of the interactions between industrial production and commodity markets, supporting the
study's broader analysis of long-term price behavior.



1.3.2 Super-cycle

This study applies band-pass (BP) Itering to identify the super-cycle components in commod-
ity prices. Filtering technigues have been widely used in business cycle research to separate
cyclical components from underlying trends. One of the most commonly applied methods is
the Hodrick-Prescott (HP) Iter (Hodrick and Prescott 1997), which is frequently used to extract
medium-term uctuations in macroeconomic data. However, the HP lIter is highly sensitive

to the choice of the smoothing parameter  , making it dif cult to determine an optimal setting
for different commodities. To address this limitation, band-pass (BP) lters were developed as
an alternative to isolate speci c frequency ranges in economic time series (Baxter and King
1999; Christiano and Fitzgerald 2003). These lters are particularly useful for analyzing cyclical
patterns in both business cycles and long-term super-cycles.

BP Iters decompose time series data into trends and cyclical components, enabling the
isolation of uctuations within a de ned periodicity. Baxter and King (1999) proposed a sym-
metric BP lter that effectively extracts stochastic cyclical components while ltering out
low-frequency trends and high-frequency noise. However, this BP Iter requires a balanced
number of lead and lag observations, resulting in data loss near both the beginning and end of
the sample. To address this limitation, Christiano and Fitzgerald (2003) developed an asymmet-
ric BP lter, which adjusts the estimation approach at the sample edges to retain data across
the full sample. This feature makes the asymmetric BP lter particularly suitable for long-term
commodity price analysis, as it preserves the full dataset.

This study applies the asymmetric BP lter to extract super-cycles in commodity prices.
Although this lter causes phase shifts in the cycles, these shifts are very minor and do not
signi cantly affect interpretation (Christiano and Fitzgerald 2003). By preserving the full dataset
and minimizing data loss, the asymmetric BP lter allows for a more comprehensive analysis
of long-term price movements in commodity markets.

Heap (2005) identi ed long-term cycles in real commodity prices re ecting prolonged
periods of expansion and contraction. Building on this, Cuddington and Jerrett (2008) were
the rstto apply BP ltering to extract these super-cycles, establishing a periodicity of 20 to
70 years for metal prices. Following this pioneering work, the BP Iter has become a standard
approach for identifying super-cycles in the literature (Erten and Ocampo 2013; Buyuksahin
et al. 2016). This study contributes to this literature by applying the methodology to a more
comprehensive set of ten distinct commaodity groups. The selection of the 20- to 70-year range
is grounded in its ability to distinguish super-cycles from shorter business cycles (Stock and



Watson 1999) and its consistency with the historical, industrialization-driven phases identi ed
by Heap (2005). As con rmed by our analysis of alternative cycle durations (see Appendix
A.3), this periodicity best captures the timing of major economic shifts in our data. Because
this study uses monthly data, this annual range is converted to a monthly frequency, and we
therefore apply a BP(240,840) lter to isolate the super-cycle component.

In this study, BP ltering is applied to decompose commodity prices into three distinct
components: (1) a long-term trend ( LR,), (2) a super-cycle component ( SG), and (3) other
short-term cycles ( O C,). The long-termtrend is captured using BP(840, 1 ), isolating variations
that extend beyond 70 years, while the super-cycle component is extracted using BP(240, 840),
corresponding to uctuations lasting 20 to 70 years. Other short-term cycles are captured using
BP(2,240). The dataset is rst adjusted to real terms using the Consumer Price Index (CPI)
from FRED, based on the 1982-1984, and then log transformation is applied to the real price.
Applying the asymmetric BP Iter, commodity prices are decomposed as follows:

In(P,) LR, +SC, +OC,.

where In(P,) denotes the logarithm of the commodity price attime  t. The components are
de ned as follows:

LR, BP(840,1)

SC BP(240,840) (1.1)
OC, BP(2,240).

In addition, the non-trend component (N T,) of the price, which is the total deviation from
the long-run trend, denoted by BP (2,840), is expressed as:

NT, SC,+0C,. (1.2)

The long-run trend component can also be obtained as the residual from subtracting the
non-trend components:
LR, In(P,) SC, OC,. (1.3)

The analysis reveals that all commadity price groups exhibit two super-cycles from January
1960 to December 2023.1 Figure 1.2 presents the extracted super-cycle component for grain

1This result remains consistent across most cases when applying BP(240,720). Similar patterns are also observed



prices. The left panel displays the super-cycle and the non-trend component, while the right
panel shows the log-transformed grain price index alongside its long-term trend. Additional
gures illustrating the super-cycles of all commodity groups can be found in Appendix A.2.

Figure 1.3 extends this analysis by comparing the super-cycle components of multiple
commodity groups with the industrial production super-cycle. The left panel presents the
super-cycles of energy, beverages, oils & meals, grains, and other food, while the right panel
includes timber, other raw materials, fertilizers, metals & minerals, and precious metals. These
results indicate that commodity prices have experienced two distinct super-cycles over the
sample period, consistent with ndings across other commaodity groups. The observed patterns
suggest that commaodity price super-cycles exhibit co-movement.

The industrial production super-cycle also exhibits two distinct super-cycles over the
sample period. However, it tends to lead commaodity price cycles, with peaks in industrial
production generally occurring before peaks in commaodity prices. This pattern suggests that
uctuations in economic activity play the role of a leading indicator of major commodity price
movements. Notably, since the 2000s, the co-movement between industrial production and
commodity price super-cycles has become more pronounced.

Table 1.2 presents a statistical summary of the super-cycle components for all commodity
indices, as well as industrial production, divided into two periods: 1960-1991 and 1992-2023.
The results indicate that the peak in the 1980s and the trough in the 1960s are consistent across
all commodity prices in the rst super-cycle. In the second super-cycle, the peak generally
occurs in the mid-to-late 2000s, while the trough is observed in the late 1990s, showing a similar
cyclical pattern across commodity groups. Notably, industrial production also exhibits two
distinct super-cycles over the sample period, but with a slightly different timing compared to
commodity prices.

The long expansionary phase of this rst super-cycle was underpinned by the post-World
War Il reconstruction of Europe and Japan, which created sustained, long-term demand for
industrial commodities (Heap 2005). The cycle's peak coincides with the 1970s oil crises, during
which OPEC production cuts led to a sharp rise in energy prices, followed by similar surges
across other commodity markets (Hamilton 1983; Kilian 2009). The in ationary pressures
of this period contributed to heightened production costs and speculative trading, further
amplifying price volatility in commodity markets (Barsky and Kilian 2002).

The second peak, observed in the mid-2000s, was driven by the China-led commodity

when using the other CPI, such as CPI = 2015, as well as nominal price indices and individual nominal prices.
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boom, which saw rapid industrialization and urbanization fueling an unprecedented demand
for raw materials (Heap 2005; Erten and Ocampo 2013). This period was further in uenced by
nancialization in commodity markets, as increased investor participation and speculative
activities contributed to signi cant price surges across various commodities (Tang and Xiong
2012).

Table 1.3 presents the Pearson correlation coef cients for the super-cycle components,
providing a statistical measure of their relationship over time. The results indicate that most
commodity super-cycles exhibit statistically signi cant correlations at the 1% level. However,
beverages, fertilizers, and precious metals are not statistically correlated with the broader
commodity super-cycle. Additionally, industrial production exhibits positive and negative
correlations across commodity groups. It has a negative correlation with energy prices and
precious metals, while showing positive correlations with grains and other agricultural com-
modities.

Table 1.2 and Table 1.3 collectively provide robust evidence that commodity price super-
cycles exhibit signi cant co-movement. An examination of the cycle timing in Table 1.2 reveals
a strong temporal synchronization across most commodity groups. The rst super-cycle peak
is consistently observed in the late 1970s to early 1980s, while the second peak clusters in the
early- to mid-2010s. More importantly, the duration between these two peaks—representing a
full cycle phase—falls largely within a 30 to 40-year range for many key commodities (e.g., ap-
proximately 28 years for Energy, 39 years for Grains, and 33 years for Fertilizers). This empirical

nding aligns closely with the 30- to 40-year cycle durations identi ed in the literature by Erten
and Ocampo (2013). This temporal alignment is further substantiated by the Pearson correla-
tion coef cients in Table 1.3, which show statistically signi cant positive correlations among
the super-cycle components of most major commaodity groups, especially among agricultural
and industrial inputs. While some categories like beverages and precious metals exhibit more
idiosyncratic behavior relative to certain commodities, they remain signi cantly correlated
within the broader system. Thus, the combination of synchronized turning points, consis-
tent cycle durations, and strong statistical correlations con rms a profound and persistent
long-term cyclical co-movement among commodity prices.

1.3.3 Vector Error Correction Model

To analyze the short-run and long-run dynamics of commodity prices, this study utilizes
the Vector Error Correction Model (VECM), which accounts for cointegration among non-
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stationary time series. Cointegration analysis plays a crucial role in time-series, as it identi es
long-run equilibrium relationships between variables. Two or more time series data are said to
be cointegrated if they are individually non-stationary at level but exhibit a stationary linear
combination at a lower order of integration 2 (Engle and Granger 1987). Since many commaodity
prices are non-stationary at level but become stationary in rst differences, cointegration
analysis provides an appropriate framework for capturing their long-run relationships.

VECM s particularly useful for capturing both long-run equilibrium relationships and short-
run dynamics when two or more variables are cointegrated. Once cointegration is established,
VECM explains how differences from the long-run equilibrium are gradually adjusted over
time. The general form of the VECM can be expressed as follows:

x X

In(P ()= 1+ ECTq + 1i In(P i )+ 1i IN(X' i )+uy
i=1 i=1
x

In(X ()= ,+ ECT;, + 2; IN(P ¢ )+ 2 IN(X' ¢ )+ Uy

i=1 i=1

(1.4)

The core of this model is the error correctionterm ( EC T, ; ), which represents the deviation
from the long-run equilibrium in the previous period. This term is derived from the cointegrat-
ing equation, which de nes the long-run relationship between the variables. For instance, the
cointegrating relationship between a commaodity price P, and an economic variable X, can be
expressedasin(P,)= o+ 1In(X;)+ e, where g, is a stationary error term. The error correction
term is the lagged value of this error,i.e., ECT,; =In(P,1) o 1In(X;1). Consequently,
the value of EC T, ; indicates the direction and magnitude of the previous period's disequi-
librium. A negative ECT,; implies thatthe commodity price In(P; ; ) was below its long-run
equilibrium level. This term is then incorporated into the short-run dynamic equations.

The symbol  represents the rst-difference operator, which captures short-term changes
in variables by computing the difference between the current month's value and the previous
month's value, i.e., X { =X; X {1 .In(P,) denotes the logarithm of commodity prices, while
In (X;) represents the logarithm of other commodity prices or relevant economic variables.
The coef cient  measures the speed of adjustment toward equilibrium, with a statistically
signicant  indicating that deviations from the long-run equilibrium are corrected over time.
Additionally, the optimal lag length is determined based on information criteria such as the

2Formally, if two or more variables are integrated of order 1, denoted as I(1), but a linear combination of them
is stationary, 1(0), then the series are cointegrated.
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Schwarz Bayesian Information Criterion (SBIC). The signi cance of the coef cients and
provides insights into short-term relationships among variables 3.

VECM effectively captures long-run equilibrium relationships and short-run dynamics,
but it has limitations in analyzing the transmission of shocks across multiple variables over
time. VECM primarily focuses on estimating the adjustment toward equilibrium but does
not explicitly quantify how uctuations in one commodity price affect others dynamically. In
particular, VECM does not fully account for the degree and direction of spillover effects among
commodity markets, which are crucial for understanding systemic interactions.

To address this limitation, this study employs the Diebold and Y Imaz (DY) model, which
extends variance decomposition techniques to analyze the relationships among commodity
markets. The DY model decomposes forecast error variances to quantify the extent to which
price movements in one market in uence others, providing a structured approach to assess-
ing market connectedness. By measuring the contributions of different markets to forecast
error variances, this framework offers a comprehensive perspective on the connectedness of
commodity prices.

1.3.4 Diebold and Y Imaz Model (2013): Connectedness

The DY model is designed to measure both static and dynamic connectedness among com-
modity prices and employs a generalized variance decomposition approach that is invariant
to variable ordering. By decomposing forecast error variances, it quanti es the proportion of a
given variable's forecast error variance that can be attributed to in uences from other variables,
offering insights into market connectedness.

A key advantage of the DY model is its adoption of the generalized forecast error variance
decomposition, developed by Koop et al. (1996) and later re ned by Pesaran and Shin (1998),
which eliminates the reliance on variable ordering inherent in Cholesky decomposition. This
framework facilitates the estimation of directional spillovers, capturing the transmission and
reception of price uctuations across commodity markets. Consequently, the DY model pro-
vides a comprehensive measure of market connectedness, identifying both the sources and
recipients of price variations.

The DY model is based on a vector autoregression framework, where the VEC(p-1) represen-
tation in Equation (1.4) is derived from a VAR(p) model. Let  x; be an N-dimensional covariance
stationary variable that follows a VAR(p) process:

3In VECM analysis, the coef cients ~ and  are often interpreted as short-run adjustments toward equilibrium.
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Xy = i Xei 'y (1.5)

where ", is anindependently and identically distributed error term with zero mean and variance
. The moving average representation of this system is given by:

X = At (1.6)

where N N coef cient matrices A; obey A, = A1 + A, + pAip with Ajan N
N identity matrix and A; = 0 for i < 0. This moving average representation allows for the
decomposition of forecast error variances, which forms the basis of connectedness measures.

Diebold and Yilmaz (2009) initially introduced their connectedness framework using Cholesky
decomposition, which relies on variable ordering. However, to address this issue, they later
adopted the generalized variance decomposition approach (Diebold and Yilmaz 2012, 2013).
This study follows the methodology proposed by Diebold and Yilmaz (2012), using the general-
ized H-step-ahead forecast error variance decomposition developed by Koop et al. (1996) and
Pesaran and Shin (1998), hereafter referred to as the KPPS decomposition.

The generalized variance decomposition matrix, denotedas ~ ;; (H) for forecast horizon H,
is de ned as:

G he
i (H)= —# (1.7)
where isthe covariance matrix of error terms, ;; is the standard deviation of the ith error
term, and g is a selection vector with 1 in the ith position and O elsewhere. This approach
removes the dependence on variable ordering, which is a limitation of standard variance
decomposition methods.

Since each row of the variance decomposition matrix does not necessarily sum to one, it is
normalized as follows:

g _ i
€iH)= PN— (1.8)
P N P N
where elgj (H)=land . eﬂ (H)=N.
Using this normalized variance decomposition, the total connectedness index is de ned
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as:

A 9

el (H)
ij=1

e

CY(H)= 'P‘— 100 (1.9)

9
S
i,j=1
Thisindex measures the proportion of the H-step-ahead forecast error variance thatis explained
by spillovers, providing a summary of market connectedness conditional on the chosen forecast
horizon. The value of H determines the time frame over which spillovers are measured, thus
distinguishing between short-term spillovers and more cumulative long-term effects.

Additionally, Directional Connectedness is de ned as:

P\

j=1,j6=i elj (H)
DC, (H)=-p 8 100, "FROM OTHERS" (1.10)
N 8i(H)
ij=1 1
P
;\1:1 j6=i eji (H)
DC;, (H)=-+F N’ 100, "TO OTHERS" (2.11)
& (H)

i,j=1
These equations measure how much each commodity transmits and receives spillovers
from others. Finally, the Net Connectedness Index is de ned as:

NC/(H)=DC, (H) DC, (H), "NET" (1.12)

This index captures whether a commaodity price primarily transmits or receives in uences
from others. A positive value indicates that the commodity is a net transmitter of spillovers,
whereas a negative value indicates that it is a net recipient.

1.4 Empirical Results

1.4.1 Vector Error Correction

To estimate the Vector Error Correction Model (VECM), itis necessary to examine the stationar-
ity of the time series data. The presence of unit roots affects the validity of the model, as VECM
requires variables to be integrated of the same order. Augmented Dickey-Fuller (ADF) and
Phillips-Perron (PP) tests are conducted to assess whether the commodity price indices and
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industrial production are non-stationary. For the ADF tests, a model with a constant was used.
For the PP tests, the lag length was selected automatically based on the Newey-West procedure,
which resulted in a lag length of 6 for all series. These tests examine the null hypothesis that
each series has a unit root, indicating non-stationarity.

Table 1.4 presents the results of the ADF and PP unit root tests. The ndings indicate that all
variables fail to reject the null hypothesis at the level, suggesting that they are non-stationary.
However, after taking the rst difference, all variables reject the null hypothesis at the 1%
signi cance level, implying that they are stationary at the rst-difference level. This con rms
that all commodity prices and industrial production variables used in this study are integrated
of order one, I1(1).

To examine the long-run relationships between commodity prices and industrial pro-
duction, Johansen's maximum likelihood ratio test is employed. Given that all variables are
integrated of order one, the existence of cointegration implies that these variables share a com-
mon stochastic trend, thereby forming a long-run equilibrium relationship. The test, which
comprises the trace statistic and the maximum eigenvalue statistic, evaluates a sequence of
null hypotheses regarding the number of cointegrating relationships, each corresponding to a
speci ¢ cointegration rank (Johansen 1988, 1991). 4

Table 1.5 and Table 1.6 present the cointegration test results between industrial production
and the ten commodity price groups, as well as between energy prices and the remaining
nine commodity price groups, respectively. Given the extensive number of possible pairwise
cointegration tests, this paper presents only selected results for clarity and conciseness. The
full set of results, including all pairwise combinations among commodity price groups, is also
provided in Appendix A.4.

For each pair of variables, the tables report tests of two sequential null hypotheses: rst,
that the number of cointegrating vectors is at mostzero ( r 0); and second, that it is at most
one (r 1). Forinstance, in the case of industrial production and energy prices, the trace and
maximum eigenvalue statistics for the null hypothesisthat r 0 are 29.13 and 26.84, both
exceeding the 5% critical values of 15.41 and 14.07. This leads to rejection of the null hypothesis
at the 5% signi cance level. However, for the null hypothesisthat r 1, the test statistic is 2.29,
which falls below the critical value of 3.76, indicating that we fail to reject it. This outcome
suggests the existence of exactly one cointegrating vector. In the tables, the asterisk (*) indicates

4If the variables are stationary at the rst difference but do not exhibit cointegration, a vector autoregression
(VAR) model with rst-differenced variables should be applied instead. However, this study primarily focuses on
long-run relationships and therefore does not consider rst-difference VAR models.
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the cointegration rank at which the null hypothesis is rst rejected at the 5% signi cance level,
eitherinthe r Oorr 1row. All cointegration decisions in this study are based on the 5%
signi cance level, and the optimal lag length is selected according to the Schwarz Bayesian
Information Criterion (SBIC). This testing framework is consistently applied across all variable
pairs.

The ndings indicate that industrial production is cointegrated with energy, oils& meals,
grains, other food, fertilizers, metals & minerals, and precious metals at the 5% signi cance
level. By contrast, no cointegration relationship is found with beverages, timber, or other raw
materials. In terms of energy prices, the results indicate cointegration only with metals and
minerals. No signi cant cointegration is found between energy prices and other commodity
price groups, including beverages, oils & meals, grains, other food, timber, other raw materials,
fertilizers, and precious metals. These ndings suggest that commodity prices exhibit relative
neutrality to uctuations in energy prices, consistently re ecting a limited or absent stable
long-term relationship between oil prices and various agricultural commodity prices (Reboredo
2012; Zhang et al. 2010).

Additional results from Appendix A.4 reveal further cointegration among commodity price
groups. Agricultural commodities, including grains, oils & meals, and other food, tend to exhibit
cointegration, re ecting their shared production and consumption cycles. Likewise, metals
& minerals and fertilizers show a cointegrating relationship, potentially due to their comple-
mentary roles in industrial processes. In contrast, beverages, timber, and other raw materials
exhibit fewer statistically signi cant cointegration relationships at the 5% level, suggesting that
their price dynamics may be less systematically linked to other commaodities. The cointegration
tests identify signi cant long-run relationships between industrial production and selected
commodity groups, notably energy, grains, and metals, thus justifying further analysis using
VECM.

Given the cointegration results, a Vector Error Correction Model (VECM) is estimated to
capture both the long-run adjustments and short-term dynamics among the variables. The
presence of cointegration justi es the use of VECM by indicating that deviations from the
long-run equilibrium are transitory and tend to be gradually corrected over time. Speci cally,
the error correction term measures the speed at which variables adjust toward their long-
run relationship following a shock, while the lagged differenced terms provide insight into
short-term interactions across the variables (Hamilton 1994)

Table 1.7 presents the estimation results from the VECM between real industrial production
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and various commodity price groups. In addition, Tables 1.8 and 1.9 report pairwise dynamics
for selected commodity groups—speci cally oils & meals and Grains—in relation to other
commodity price groups. The VECM is estimated only for variable pairs with evidence of coin-
tegration, identi ed using Johansen's trace and maximum eigenvalue tests, while those without
evidence are omitted from the tables. To ensure clarity and ef cient use of space, the com-
plete set of estimation tables—including those involving additional commodity pairings—is
provided in Appendix A.4.1, although their interpretations are discussed in this paper.

The VECM estimation reveals that real industrial production (IP) exhibits statistically sig-
ni cant error correction terms across all cases where cointegration is found, suggesting that IP
consistently adjusts to move back toward the long-run equilibrium with various commodity
price groups. This range suggests that approximately 0.23—0.56% of the deviation from the
long-run equilibrium is corrected per month, implying a relatively slow but stable adjustment
process. This nding highlights the importance of industrial production in sustaining long-run
equilibrium relationships with commodity prices.

Statistically signi cant coef cients on lagged differences of IP imply that past values of
industrial production help predict movements in commaodity prices in the short run, satisfying
the de nition of short-run Granger causality. Speci cally, the coef cients on RInIP are positive
and signi cant in the equations for Grains, suggesting the presence of short-term Granger
causality running from industrial production to these commaodity prices. There is also weak
evidence of short-run Granger causality from industrial production to Qils & Meals at the
10% signi cance level. On the other hand, Energy, Fertilizers, Metals & Minerals, and Precious
Metals do not exhibit statistically signi cant evidence of short-run Granger causality originating
from industrial production, indicating that these commodities are not signi cantly in uenced
by short-term changes in economic activity. Additionally, Other Food exhibits signi cant
negative short-run Granger causality from industrial production, implying an inverse short-
term relationship.

While industrial production shows consistent adjustment toward the long-run relationship,
the corresponding error correction terms in the commodity price equations are also statistically
signi cant in most cases, with the exception of Energy and Precious Metals. This indicates
that these two price groups do not respond meaningfully to deviations from their long-run
relationship with industrial production. In contrast, other commodity groups—Oils & Meals,
Grains, Other Food, Fertilizers, and Metals & Minerals—exhibit statistically signi cant and
negative error correction terms. These results suggest that commaodity prices adjust toward the
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long-run equilibrium, providing further evidence that industrial production plays a leading
role in determining their long-run behavior (Chen et al. 2022; Kilian and Murphy 2014). These
ndings are also consistent with the super-cycle components shown in Figure 1.3, where shifts
in industrial production tend to precede movements in commaodity prices.

The analysis now expands beyond the relationship between industrial production and
commodity prices, focusing instead on the direct interactions among different commodity
price groups. This allows us to explore how commodity markets may directly in uence one
another. In particular, the Vector Error Correction Model (VECM) is employed for pairs of
commodity prices previously identi ed as cointegrated. This approach offers valuable insights
into whether price movements in one commodity group play an important role as leading
indicators or stabilizing factors for others, re ecting underlying price co-movements, supply-
demand linkages, or nancialization within commodity markets.

The VECM estimation results presented in Tables 1.8 and 1.9 report pairwise dynamics
between selected commodity groups—speci cally, Oils & Meals and Grains—and other com-
modity price groups. This approach offers valuable insights into whether price movements
in one commodity group play an important role as leading indicators or stabilizing factors
for others, re ecting underlying price co-movements, supply-demand linkages, or nancial-
ization within commodity markets. As with the Johansen cointegration results, only selected
VECM estimates are presented here, with the full set included in the Appendix A.4.1; however,
comprehensive interpretations of all results are provided in the paper.

For oils & meals, the error correction terms are negative and statistically signi cant at the
1% level in nearly all equations, including those for Beverages, grains, other food, timber, other
raw materials, and metals & minerals. These results suggest that oils & meals prices play a
central role in determining long-run movements across a broad set of commodities. The size of
the adjustment coef cients—ranging from roughly 1.2% to over 4% per month—implies that
deviations from equilibrium are corrected over time. For instance, the relationship between
oils & meals and grains displays relatively larger adjustment coef cients (e.qg., 0.0434 for
oils & meals and 0.0409 for grains), implying that the long-run relationship between oils
& meals and grains is particularly strong among food-related commodities. An exception is
found in the pair between oils & meals and fertilizers, where only the fertilizer equation shows
a statistically signi cant error correction term of 0.0308. This implies that fertilizer prices are
more responsive to long-run deviations, whereas oils & meals do not adjust signi cantly in this
relationship.
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Short-run dynamics are also evident in these results. Lagged differences of RInOilsMeals
are generally positive and signi cant, indicating that past changes in Oils & Meals prices are
associated with short-term movements in other commaodities. Oils & Meals exhibit Granger-
causality with several groups, while short-run feedbacks from other commodities tend to be
weaker and often statistically insigni cant. This asymmetry suggests that Oils & Meals often
lead other commodity prices in the short run.

A similar pattern of long-run association and short-run in uence is observed for Grains,
as shown in Table 1.9. The error correction terms for Grains are statistically signi cant and
negative in all cases except for Fertilizers, indicating that Grains prices adjust over time when
deviating from their long-term equilibrium with Other Food, Timber, Other Raw Materials,
and Metals and Minerals. As with Oils & Meals, relatively large adjustments are observed in
relationships involving food commodities. For example, the adjustment coef cients are 0.0134
for Grainsand 0.0477 for Other Food. In the case of Fertilizers, only Fertilizer prices show a
signi cant adjustment, with an adjustment coef cient of 0.0286. These ndings highlight
the central role of Grains in agricultural markets, where changes in supply and demand are
transmitted across related sectors.

Inthe shortrun, lagged differences in Grains prices are positive and statistically signi cantin
nearly all cases, suggesting that short-term changes in Grains prices are closely associated with
price changes in other commaodities. For example, changes in Grains prices exhibit signi cant
Granger causality with Other Food and Fertilizers, while the effect is less pronounced for Metals
and Minerals. In contrast, feedback effects from these groups to Grains are generally weaker,
with many coef cients being statistically insigni cant.

Tables A.9 through A.14 present additional VECM estimations that identify long-run re-
lationships among the remaining commodity groups, and these results are presented in the
Appendix A.4.1. Beverages, Other Food, and Other Raw Materials exhibit statistically signi -
cant error correction terms with various other groups, although the estimated coef cients are
generally smaller in magnitude. For example, Beverages show signi cant but relatively small
coef cients when paired with commodities such as Grains and Other Raw Materials, while
Other Food shows larger error correction coef cients, particularly in relation to Fertilizers
and Metals and Minerals. Fertilizer prices, in particular, exhibit notable responsiveness to
price movements in a range of other sectors, indicating their sensitivity to broader commodity
market dynamics.

Together, these results emphasize the importance of both Oils & Meals and Grains as

20



leading indicators in commodity markets, in both long-term equilibrium and short-term price
transmission. The consistent statistical signi cance of error correction terms and lagged effects
in the VECM estimations suggests that shocks originating in these agricultural groups tend
to in uence the price dynamics of many other commodity markets. This pattern re ects the
structural roles of grains and oilseeds as key inputs used in food production, animal feed, and
biofuels, which create extensive input-output linkages across the commodity system (Saghaian
2010). These agricultural groups have also been identi ed as important sources of volatility
transmission, particularly during periods of global price instability, reinforcing their central
role in broader market dynamics (Nazlioglu et al. 2013).

The broad presence of signi cant error correction terms and short-run dynamics across a
wide range of commodity pairs indicates that commodity prices tend to move together over
time. This co-movement provides empirical evidence of close linkages across commodity
markets and long-term price adjustments across sectors driven by shared trends and shocks.
These ndings are consistent with the idea of commaodity prices moving together over extended
periods in response to common global factors (Baffes 2007)

Nevertheless, while these VECM results clearly illustrate signi cant pairwise commodity
price integration, the linear structure of the framework presents limitations. In particular,
it does not fully capture the broader and evolving interactions across multiple commodity
markets. Moreover, the results are sensitive to the sample period. For example, energy prices do
not exhibit cointegration with other commodity groups when the analysis begins in 1960, but
cointegration relationships become evident when the sample starts in 1970. The corresponding
VECM estimations for the post-1970 sample are included in Appendix A.4, indicating how
sample choice may in uence the identi cation of long-run relationships. To address these
limitations and better quantify the complex relationships among commodities, the following
analysis employs the spillover index methodology proposed by Diebold and Yilmaz (2012). This
advanced multivariate connectedness framework identi es primary commaodities, quanti es
dynamic spillovers, and deepens understanding of long-term co-movements that characterize
the commodity price super-cycle.

1.4.2 Measuring Commodity Market Connectedness

Understanding the degree of connectedness among commodity prices helps identify whether
markets exhibit a co-super-cycle, characterized by cyclical movements across multiple com-
modity groups over the long term. The Diebold and Yilmaz (2013) connectedness framework
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provides a useful empirical tool to quantify how shocks to one commaodity group spillover
into others. In this framework, static connectedness refers to average connectedness over the
full sample period, whereas dynamic connectedness re ects how these relationships evolve
over time based on a rolling window estimation. Based on this distinction, this paper begins
the empirical analysis by assessing the static connectedness across commaodity groups and
industrial production over the entire sample period.

Table 1.10 reports the static connectedness index across 11 commaodity price groups and
industrial production over the full sample from January 1960 to December 2023. The total
connectedness is 31.7%, indicating that roughly one-third of forecast error variation in any
market is explained by shocks originating outside that market, consistent with evidence on
sizable static connectedness in commodity markets (Diebold et al. 2017). 5 Economically, this
high level of integration implies limited diversi cation bene ts across commodity groups and
a built-in channel for shock transmission. Overall, the static table demonstrates a tightly linked
commodity system, helping to rationalize the well-known co-movement of commodity prices
and motivating a closer examination of directional patterns.

The directional patterns of this connectedness, visualized in Figure 1.4, reveal distinct roles
across groups. Some commodities act as systemic net transmitters of shocks. Fertilizers are
particularly in uential, exhibiting the highest positive net connectedness (19.3%), while other
raw materials and energy also serve as net transmitters—consistent with their roles as critical
inputs for agriculture and broad industrial activity, where cost-push forces propagate through
input—output links (Acemoglu et al. 2012). By contrast, other groups behave as net receivers.
Notably, oils & meals (net = -10.1%) and metals & minerals (net = -7.7%) are signi cant net
receivers despite their high gross spillovers to other markets. Timber and industrial production
likewise absorb more shocks than they transmit, implying heightened sensitivity to external
volatility. These asymmetries in shock transmission underscore the structured nature of the
commaodity network.

However, the static connectedness analysis re ects only average spillover patterns over
the entire sample period and does not capture how these relationships evolve in the long

5The connectedness index based on the 10 commodity price groups—excluding industrial production—is
provided in Appendix A.5.1. This speci cation reveals that connectedness within commodity markets becomes
slightly stronger when industrial production is excluded, increasing from 31.7% to 34.4%. In addition, recent
literature suggests that visualizing connectedness using network graphs can be more informative than tables,
especially in high-dimensional systems. This approach is adopted in Demirer et al. (2018), who use directional
graphs to depict bank connectedness, replacing the term “connectedness table” with “network.” The theoretical
basis for interpreting connectedness measures within a network topology framework is further developed in
Diebold and Y Imaz (2014). A network gure for the 10 commodity groups and IP is presented in Appendix A.5.
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run. To better understand the time-varying nature of these interactions and to investigate

whether commodity price connectedness itself exhibits super-cyclical behavior, this paper
further examines dynamic connectedness. This is achieved by applying a rolling sample window
estimation of the Diebold and Yilmaz (2012) model. This approach allows for identifying time-

varying patterns of connectedness, offering insights into how super-cyclical movements among
commodity prices emerge and shift across different periods.

Figure 1.5 displays the time-varying evolution of dynamic total connectedness among com-
modity prices and industrial production, computed using the Diebold and Yilmaz (2013) model
with a 12-step-ahead forecast horizon and 2 lags. ° To capture long-term cyclical dynamics, the
connectedness is estimated using a 120-month rolling window. The graph reveals a distinct
narrative about the integration of global markets. Periods of major global macroeconomic
stress correspond directly with sharp increases in connectedness. For instance, connectedness
surged to over 60% during the oil crises of the 1970s and the 2008 global nancial crisis. Eco-
nomically, this suggests that in times of crisis, markets do not act independently; instead, a
common, systemic shock induces a correlated response among investors, causing uncertainty
to propagate across otherwise distinct markets. In contrast, the period from the mid-1980s to
the early 2000s exhibits signi cantly lower and more stable connectedness. This suggests that
in the absence of large, systemic shocks, commodity markets tend to be less integrated, with
their prices driven more by sector-speci ¢ supply and demand factors. This pattern provides
strong preliminary evidence for a co-super-cycle, where the underlying structure of market
integration tightens and loosens in response to global economic regimes.

To provide further evidence and examine whether the long-term uctuations in connected-
ness are consistent with co-super-cycles, Figure 1.6 presents the super-cycle components of
dynamic connectedness, extracted using the asymmetric BP(20,70) Iter, alongside selected
commodity prices and macroeconomic indicators, including oils & meals, grains, and industrial
production. Inthis gure, the left y-axis corresponds to the cyclical component of dynamic total
connectedness (solid line) and its non-trend components (dashed line), i.e., the combination
of the super-cycle and shorter cyclical components after removing the long-term trend. The
right y-axis represents the super-cycle components of the log-transformed commodity prices
and industrial production.

The cyclical behavior of dynamic connectedness among commodity prices and industrial

A similar pattern emerges when computing dynamic connectedness among commodity prices, excluding
industrial production. In this case, the minimum connectedness drops slightly below 30, and the maximum
slightly exceeds 65 around 2009. The corresponding graph is provided in the Appendix A.5.2.
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production reveals distinct periods characterized by high and low integration. During periods

of signi cant macroeconomic disturbances, such as the oil crises of the 1970s and the 2008
global nancial crisis, dynamic connectedness notably intensi es. Speci cally, peaks in the
super-cycle component of dynamic connectedness correspond with the peaks in major global
shocks. This higher connectedness during crises suggests an increased synchronization across
commodity markets and industrial activity when confronted with common, substantial eco-
nomic disturbances, consistent with the ndings of Barsky and Kilian (2002), who highlight
the importance of macroeconomic stress in driving cross-market co-movement.

In contrast, periods characterized by relative economic stability or demand-driven gradual
expansions exhibit lower levels of connectedness. In particular, the commodity price boom
during the early 2000s, which was primarily driven by China's rapid industrialization and the
growth in global commodity demand (Cuddington and Jerrett 2008; Heap 2005), did not cor-
respond with a comparable rise in dynamic connectedness. Despite the signi cant rise in
commodity prices during this period, dynamic connectedness remains comparatively mod-
erate, emphasizing the difference between the effects of supply shocks and demand-side
expansions.

These ndings reinforce that dynamic connectedness is not only time-varying but also
exhibits long-term cyclical features that closely capture the super-cycles in commodity prices
and industrial production. Higher connectedness implies that shocks in one market are more
likely to connect with others, indicating increased systemic integration across commodity
groups. In contrast, the more gradual rise in connectedness during the early 2000s re ects a
demand-driven expansion that was less synchronized across markets. This cyclical alignment
af rms the role of connectedness as a structural indicator of commodity market dynamics,
capturing the in uence of underlying macroeconomic forces rather than merely re ecting
short-term market interconnections.

While the total dynamic connectedness index provides a useful measure of cyclical integra-
tion among commaodity groups, it does not reveal the direction of in uence across markets. To
understand the cyclical directional transmission of shocks, it is necessary to decompose the

dynamic connectedness into distinct components: “to others,” “from others,” and “net” contri-
butions using a 120-month rolling window. Speci cally, the “from” connectedness measures
the share of forecast error variance in each group explained by shocks from all others, as shown
in Equation (1.10), while the “to” connectedness captures the share of shocks originating from

each group that affect others, as de ned in Equation  (1.11). The net dynamic connectedness
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is computed as the difference between the “to” and “from” contributions. These capture the
long-run cyclical direction of connectedness dynamics in the transmission of shocks across
commodity markets.

The dynamic “from” connectedness measures the extent to which each commodity group
is in uenced by shocks from other groups over time. Figure 1.7 visualizes how this sensitivity
evolves across the sample period for each commaodity group and industrial production. Higher
“from” connectedness implies that a group tends to act as a net receiver of shocks, particularly
during periods of macroeconomic instability. While the magnitude and timing vary across
sectors, some groups demonstrate persistent increases in “from” connectedness around major
global disruptions, re ecting their exposure to systemic risk. This temporal behavior provides
insight into how certain sectors become more vulnerable depending on prevailing economic
conditions. These patterns help characterize the reactive nature of individual commodity
groups in the broader dynamics of shock transmission across commodity markets.

The dynamic “t0” connectedness measures the extent to which shocks originating from
each commodity group cyclically in uence the forecast error variance of all other groups in
the system. Figure 1.8 illustrates how this outward transmission evolves over time for each
commodity group and industrial production. Elevated “to” connectedness indicates that a
group functions as a net transmitter of shocks, particularly during periods of increased market
interdependence. Although transmission intensity varies across sectors and time, some groups
tend to consistently show pronounced in uence during major macroeconomic disturbances.
This dynamic sheds light on how certain sectors play a central role in amplifying the spillover
effect of shocks across commodity markets.

Building on this perspective, identifying the shifting roles of commaodities as either trans-
mitters or receivers is crucial for understanding co-super-cycles, as it clari es how systemic
shocks are re ected in connectedness across commodity markets and contributes to under-
standing the cyclical synchronization of commodity markets. In light of this, the interpretation
of dynamic net connectedness is emphasized in this study. Figure 1.9 presents the net con-
nectedness, de ned as the difference between each group's "to others" and "from others"
connectedness values. Positive values indicate that a group acts primarily as a net transmitter,
in uencing other markets more than it is in uenced by them, while negative values re ect a
net receiver role, being more responsive to external shocks. Groups that consistently behave
as transmitters tend to have greater systemic in uence within the network, driving broader
commodity co-movements and amplifying cyclical uctuations. This aligns with Antonakakis
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and Gabauer (2017), who interpret persistent net transmitters as variables with greater in-
uence, capturing the overall ‘power’ a variable holds within the connectedness structure.
Thus, examining dynamic net connectedness provides deeper insights into the asymmetric
nature of commodity price linkages and their evolving roles over the long term. This dynamic,
where certain groups act as persistent transmitters, is analogous to ndings in the international
nance literature. For instance, in equity markets, a small number of dominant investors, or
'investment giants,' are known to act as rst-movers whose actions create market direction and
induce co-movement among follower investors (Kim et al. 2024). The persistent transmitter
role of energy in our ndings suggests it may function similarly to a large, visible player whose
price shocks serve as a powerful coordinating signal for other commodity markets (Corsetti
et al. 2004; Rey et al. 2024).

The evolving patterns of dynamic net connectedness reveal that the energy price group has
consistently played a central role in the commodity market network, especially since the early
2000s. This prominent role can be attributed to surging global energy demand, primarily driven
by China’s rapid industrialization. Crude oil price volatility has reinforced the importance of
energy as a key driver of macroeconomic uctuations and cross-market linkages (Hamilton
1983; Kilian 2009). Recent studies further emphasize the structural importance of energy
markets in transmitting shocks across commodity markets. For instance, Ahmadi et al. (2016)
demonstrate how oil price volatility signi cantly affects the volatility of other commodity
markets through dynamic connectedness. Similarly, Balcilar et al. (2021) show that crude
oil futures serve as a central transmitter in the joint connectedness framework, especially
during periods of heightened uncertainty. Following the COVID-19 pandemic, the energy
sector has shown diminished dominance as a net transmitter and increased susceptibility to
global demand uncertainty and nancial shocks.

The Other Raw Materials group exhibits a distinct shift in net connectedness, evolving from
a predominantly net receiver role prior to the mid-1990s to an increasingly prominent net
transmitter thereafter. This group includes commodities such as natural rubber and cotton,
which play critical roles in global manufacturing and industrial supply chains. Baffes (2007)
shows that oil price changes signi cantly affect the prices of rubber and cotton, with long-
run pass-through elasticities of 0.17 and 0.14, respectively. These results suggest that the
growing sensitivity of these commodities to global energy shocks may re ect their deeper
integration into macroeconomic cycles and support their changing role as transmitters of
global shocks. Since the early 2000s, the Other Raw Materials group has increasingly exhibited
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net connectedness patterns similar to those of the Energy group. This convergence highlights
their comparable roles in transmitting global shocks and reinforces the systemic relevance of
raw materials in recent decades.

Fertilizers, strongly interconnected with the energy market due to dependency on petroleum-
based inputs, frequently act as a net transmitter re ecting their importance as essential agricul-
tural inputs. Baffes (2007) emphasizes fertilizers' signi cant pass-through of oil price volatility,
highlighting their systemic role in propagating energy shocks to broader agricultural markets.
This in uence is especially pronounced during periods of surging food prices or disruptions in
agricultural supply chains. However, fertilizers' role as a transmitter is not constant; during
episodes of severe macroeconomic stress—such as the 2008 nancial crisis and the COVID-19
pandemic—the sector has shown a temporary shift toward net receiver behavior, driven by
collapsing demand and input cost volatility.

The Beverages and Other Food groups frequently exhibited net transmitter behavior prior
to 2014, re ecting their episodic in uence on broader commodity markets through price surges
driven by production shocks and supply-side volatility. Historical boom and bust episodes in
coffee, sugar, and meat markets often aligned with global commodity price upswings, indicating
that these commodities at times contributed to wider market movements rather than merely
responding to them (Cashin et al. 2002). However, their role has notably shifted towards positive
net connectedness since 2014, characterized by enhanced volatility spillovers among these
commodities. Recent evidence from Ge et al. (2025) highlights signi cant volatility transmission
in soft commodity futures markets, particularly emphasizing the central role of sugar futures as
a conduit for cross-market risk propagation. These results suggest a rising systemic relevance
of beverages and other food commaodities, in recent years, driven by climate-related supply
disruptions and policy uncertainty.

The Grains group, composed predominantly of staple foods like maize, wheat, and rice,
predominantly behaves as a net receiver throughout most of the sample period. This tendency
suggests that grain prices are more reactive to shocks originating from other markets rather than
transmitting them. Nevertheless, their economic importance remains considerable, particularly
during episodes of food insecurity and biofuel expansion, such as the global food crisis of
2007-2008. During such times, grains may exhibit temporary roles as net transmitters due to
their critical role in both food systems and energy-linked uses like ethanol. Nazlioglu et al.
(2013) examine volatility spillovers from oil to major agricultural commaodities, including wheat
and corn, and con rm the increased vulnerability of grain prices to shocks originating in
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energy markets, particularly after the 2006—08 food price crisis. Additionally, their exposure
to weather shocks and geopolitical risks introduces further complexity in their systemic role
within commodity networks.

Oils & Meals, including soybeans, soybean oil, and palm oil, also primarily function as
net receivers, especially after the 2000s. While they did exhibit transmission roles in earlier
decades—particularly around the 1980s and 1990s during early stages of agricultural market
liberalization 7 and biofuel integration—their role has diminished in more recent periods. This
weakened transmission capacity may be tied to heightened supply chain dependence and
sensitivity to input cost uctuations, notably from fertilizer and energy markets. Saghaian (2010)
emphasizes that oilseed markets remain tightly interlinked with broader commaodity systems,
meaning shocks are often absorbed rather than transmitted outward. These consumption
shifts, along with increasing trade frictions and policy interventions in food markets, may have
increased the vulnerability of Oils and Meals commodities to external shocks and reinforced
their role as net receivers in recent years.

The Metals & Minerals and Precious Metals groups predominantly behave as net receivers,
re ecting their vulnerability to external economic uctuations, particularly during nancial
crises. Precious metals, especially gold, typically viewed as safe-haven assets, exhibit height-
ened sensitivity during economic uncertainty, absorbing systemic shocks rather than propa-
gating them, consistent with Baur and Lucey (2010), who examine gold's role as a hedge and
safe haven during nancial market distress. In contrast, base metals such as copper and alu-
minum—though vital for industrial use—often show limited outward transmission capacity, as
their prices are heavily in uenced by demand-side macroeconomic conditions and inventory
cycles, especially in emerging markets. This is consistent with recent evidence suggesting that,
during systemic downturns, base metals behave more like shock absorbers than transmitters.
Gunay et al. (2024) nd that base metals internalize rather than transmit shocks during left tail
events, re ecting a subdued spillover dynamic in times of heightened stress.

The Timber group demonstrates a noticeable shift from predominantly acting as a net
transmitter before the 2000s to becoming primarily a net receiver thereafter. Prior to the
early 2000s, timber often exhibited positive net connectedness, re ecting periods of robust
construction activities and strong housing market conditions in major economies. Regional
supply constraints in the 1990s, such as federal timber harvest restrictions, also contributed

"The agricultural market liberalization process refers to the removal of protectionist policies such as subsidies
and trade barriers. A key example is the establishment of the World Trade Organization (WTO) in 1995, following
the Uruguay Round negotiations under GATT.
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to this dynamic Wear and Murray (2004). However, following the early 2000s, timber's role
markedly reversed to a net receiver, particularly during the 2007—2009 global nancial crisis,
which triggered a collapse in housing markets and sharply curtailed construction activity. This
downturn severely impacted global timber demand, particularly in North America, where
production and employment in the forest products industry contracted signi cantly (Keegan
etal. 2011).

Industrial Production, functioning primarily as a net receiver in recent decades, highlights
the broader economy’s vulnerability to commodity market disruptions, particularly from energy
and agricultural inputs. Its responsiveness to upstream commodity price volatility—particularly
in inputs like oil and food—has been emphasized in the literature, re ecting the relationship
between commodity price movements and industrial production, which is closely linked to
global demand shocks (Kilian and Zhou 2018). This sensitivity underscores the critical role of
commodity inputs in the production process and emphasizes the broader macroeconomic
vulnerabilities arising from commodity market volatility.

These sector-speci c interpretations collectively reveal the heterogeneity in commodity
market dynamics and their implications for systemic risk and long term economic stability.
Notably, commodity groups such as energy, fertilizers, and other raw materials frequently
emerge as persistent net transmitters, shaping price co-movements across the market. In
contrast, agricultural and industrial inputs such as grains, oils and meals, and metals tend to
absorb rather than transmit shocks, underscoring their vulnerability to upstream volatility.
These asymmetric transmission patterns reinforce the notion of a co-super-cycle, in which
certain commodities consistently lead systemic uctuations while others follow. This nding
is consistent with theories of production networks, which posit that certain sectors act as hubs,
playing a disproportionately important role in propagating shocks throughout the economy
(Acemoglu et al. 2012; Carvalho 2014). The empirical results in this study suggest that the energy
group has played such a hub-like role in the commodity market network, particularly since the
early 2000s. Recognizing this structure is essential for understanding cyclical synchronization in
global commodity markets and for informing risk management strategies, particularly during
periods of macroeconomic stress.
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1.5 Robusthess Check

This section examines the robustness of the main ndings on dynamic connectedness and its
super-cycle component to variations in model speci cations and sample composition. The
analysis considers three dimensions: the forecast horizon used in the generalized forecast error
variance decomposition (FEVD), the length of the rolling estimation window, and the inclusion
or exclusion of major global shock periods. The timing and general structure of connectedness
dynamics appear broadly stable across these speci cations; however, the results also indicate
that global shocks slightly play an important role in shaping the magnitude of the super-cycle
component. These patterns imply that the identi ed super-cycle partly re ects the in uence

of large global shocks, highlighting their importance as drivers of co-super-cycle in commodity
price connectedness.

The robustness of the results to different forecast horizons and rolling window lengths is rst
examined. Figure 1.10 shows the estimated super-cycle component of the total dynamic con-
nectedness index under varying combinations of step-ahead horizons (6, 12, and 24 months)
and rolling window sizes (84, 96, 120, 144, and 156 months) 8. The gray shaded band represents
the range of estimates across these speci cations, while the solid blue line corresponds to
the baseline (Step = 12, Window = 120 months). Across all these variations, the timing and
overall shape of the super-cycle component remain consistent, with only modest differences
in amplitude. Amplitude tends to increase slightly at longer horizons, re ecting the accumu-
lation of indirect linkages over time, whereas shorter windows are associated with greater
high-frequency variation. Longer windows smooth the series and slightly reduce amplitude,
though the the main cyclical structure—two prominent long-run cycles with similar turn-
ing points—is preserved. This consistency suggests that the identi cation of the super-cycle
component is robust to reasonable changes in forecast horizon and rolling window length.

In addition to examining window length and forecast horizon, the analysis investigates
whether differences in amplitude may also re ect the inclusion or exclusion of major global
shock periods. This inquiry is motivated by the observation from Figure 1.10 that super-cycle
amplitude declines markedly when the rolling window length increases beyond 156 months.
As longer windows begin to systematically exclude key shock episodes—such as the rst and
second oil crises—this sharp reduction in amplitude raises the question of whether the decline
is primarily driven by the smoothing effect of larger windows or by the diminished in uence of

8Appendix A.5.3 examines the robustness of the dynamic connectedness index—prior to extracting its super-
cycle component—to variations in rolling sample window and forecast horizon.
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shocks when these periods fall outside the estimation sample. °

To address this question, Figure 1.11 compares super-cycle estimates computed with a
constant rolling window of 120 months, excluding major global shocks from the estimation
sample. The results indicate that removing these shocks modestly lowers the amplitude of the
super-cycle component, while leaving its shape and timing largely unchanged. Importantly, the
reduction in amplitude associated with shock exclusion is less pronounced than the variation
attributable to increasing window length observed in Figure 1.10, suggesting that window
size itself is the dominant driver of amplitude variation. Nevertheless, the fact that amplitude
decreases when shocks are excluded con rms that global shocks play a signi cant role in
amplifying the super-cycle component of dynamic connectedness.

The robustness analysis also extends to individual commodity groups, with a particular
focus on the energy category due to its central role in transmitting global shocks and its
prominence as a net transmitter of connectedness since the early 2000s. Figure 1.12 illustrates
the net connectedness of the Energy group estimated across a broad set of methodological
choices, including rolling window lengths of 120, 144, and 156 months and alternative forecast
horizons (H-step =6, 12, and 24 months). Similar robustness checks were conducted for the Net,
From, and To connectedness measures of other commodity groups, which also exhibit stable
patterns; additional gures are presented in the Appendix. When a shorter rolling window of
96 months is used ( gure not shown), the estimates exhibit excessive volatility and irregular

uctuations, likely due to insuf cient smoothing relative to the persistence of energy market
dynamics and greater sensitivity to short-run idiosyncratic uctuations. By contrast, the results
for longer windows consistently show stable estimates of energy net connectedness, with similar
timing and amplitude of peaks and troughs across speci cations. This stability reinforces the
interpretation that the energy sector has served as a persistent transmitter of shocks over recent
decades and has played a key role in amplifying the super-cycle dynamics in global commodity
markets.

In summary, the robustness checks con rm the central ndings: two major super-cycle
phases in commodity price connectedness and the persistent roles of speci c commodity
groups as net transmitters or receivers of shocks. The timing and overall structure of super-
cycle components remain consistent across speci cations, even when major global shocks are
excluded, underscoring the structural nature of global commodity-market interconnectedness.
Among these groups, the energy sector stands out as a key transmitter, exhibiting remarkably

9See Appendix A.5.3 for additional estimates across window sizes from 84 to 240 months.
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stable patterns of net connectedness across rolling window lengths and forecast horizons.
The persistence of this pattern highlights the importance of energy markets as a persistent
source of ampli cation for long-run connectedness dynamics, particularly in the post-2000
period. This evidence further con rms that global commodity-market interconnectedness and
super-cycle dynamics are robust features of the data, even under alternative speci cations and
after accounting for major global shocks.

1.6 Conclusion

This paper examines the presence of super-cycles in commodity prices and their dynamic
connectedness across different commodity groups and industrial production from January
1960 to December 2023. Employing the asymmetric band-pass Iter, we identify two distinct
super-cycles characterized by long-term upward and downward price movements lasting
between 20 to 70 years. These super-cycles closely align with signi cant global economic
events, such as the oil crises of the 1970s, the China-driven commodity boom of the early 2000s,
and the 2008 global nancial crisis, indicating substantial macroeconomic interdependencies.

Our empirical analysis using Vector Error Correction Models (VECM) demonstrates signi -
cant long-run equilibrium relationships between industrial production and several commodity
price groups, notably energy, grains, oils & meals, fertilizers, and metals & minerals. The results
emphasize industrial production's critical role as both a driver and stabilizer in these com-
modity markets. Further analysis with the Diebold and Yilmaz connectedness model reveals
signi cant directional spillovers, with energy, fertilizers, and other raw materials frequently act-
ing as net transmitters of shocks, particularly during periods of economic stress. These ndings
provide compelling evidence for a co-super-cycle, where certain commodities consistently
lead systemic uctuations while others predominantly absorb these shocks.

Nevertheless, this study has several limitations that are worth noting. Firstly, the linear
nature of VECM restricts its ability to fully capture the complex nonlinear dynamics that may
exist across commodity markets, potentially overlooking intricate interdependencies. Secondly,
the static and dynamic connectedness analyses are sensitive to the choice of sample periods
and rolling window lengths, in uencing the stability and robustness of the ndings. Lastly,
although industrial production is a useful proxy for macroeconomic activity, incorporating
additional macroeconomic and nancial indicators could offer a clearer understanding of com-
modity price co-movements. Future research should address these limitations by employing
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nonlinear models, exploring alternative econometric frameworks, and expanding the range
of macroeconomic variables considered, thus enhancing our understanding of the intricate
dynamics underpinning commodity price super-cycles and their connectedness.
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Table 1.1: The Weights for Each Commaodity Group

Group Commaodities (Weight)

Energy Coal (4.7), Crude Oil (84.6), Natural Gas (10.8)

Beverages Coffee (45.7), Cocoa (36.9), Tea (17.4)

Oils & Meals Soybean (24.6), Soybean Oil (13.0), Soybean Meal (26.3), Palm QOil (30.2), Coconut Oil
(3.1), Groundnut Qil (2.8)

Grains Rice (30.1), Wheat (25.2), Maize (40.7), Barley (4.1)

Other Food Sugar (31.5), Bananas (15.7), Meat (beef 22.0), Meat (chicken 19.2), Oranges (11.6)

Timber Logs (22.1), Sawnwood (77.9)

Other Raw Materials

Cotton (24.7), Natural Rubber (46.7), Tobacco (28.7)

Fertilizers

Natural Phosphate Rock (16.9), Phosphate (21.7), Potassium (20.1), Nitrogenous (41.3)

Metals & Minerals

Aluminum (26.7), Copper (38.4), Iron Ore (18.9), Lead (1.8), Nickel (8.1), Tin (2.1), Zinc
(4.1)

Precious Metals

Gold (77.8), Silver (18.9), Platinum (3.3)

Note: This table presents the composition of the ten aggregate commaodity price indices used in this
study. The value in parentheses is the weight of each individual commaodity within its respective group
index. These weights, used to construct the indices, are based on each commodity's share of world
export value. All classi cations and data are sourced from the World Bank's Commodity Markets
Outlook (CMO) Pink Sheet.
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Table 1.2: Statistical Summary of the Super-cycle of Commaodity Prices

Period: 1960m1-1991m12
Cyclical Variable Obs | Mean Std MinValue | MinDate | MaxValue | Max Date

Energy s 384 | 0.0791 | 0.5469 -0.6235 1966m11 0.9291 1981m7
Beverages;, 384 | 0.0947 | 0.2516 -0.2207 1964m10 0.4723 1980m4
Oils & Meals 4 384 | 0.0709 | 0.1677 -0.2699 1991m12 0.3044 1976m9
Grains s 384 | 0.0825 | 0.1512 -0.2283 1991m12 0.2835 1975m9
OtherFood . 384 | 0.0663 | 0.1333 -0.1476 1991m12 0.2540 1975m11l
Timber s 384 | -0.0206 | 0.0452 -0.1000 1981m8 0.0392 1991m12
O.R.Mat. s 384 | 0.0099 | 0.0774 -0.1070 1991m12 0.1301 1981m11
Fertilizers ¢, 384 | 0.0714 | 0.2024 -0.3881 1991m12 0.3776 1979m9

Metals & Minerals ¢, | 384 | 0.0655 | 0.0842 -0.1865 1991m12 0.1485 1971m12
Precious Metals 4. 384 | 0.1453 | 0.3411 -0.2823 1965m3 0.6497 1982m4
IPsc 384 | 0.0370 | 0.1844 -0.2188 1987m6 0.2929 1970m11

Period: 1992m1-2023m12
Cyclical Variable Obs | Mean Std MinValue | MinDate | MaxValue | Max Date

Energy s 384 | -0.1184 | 0.3376 -0.7058 1995m12 0.3098 2009m9
Beverages;, 384 | -0.0981 | 0.1801 -0.3751 1997m1 0.0891 2016m5
Oils & Meals 4 384 | -0.0282 | 0.1959 -0.3166 1995m7 0.2024 2015m2
Grains s 384 | -0.0385 | 0.1781 -0.2928 1996m8 0.1750 2014m10
OtherFood . 384 | -0.0387 | 0.1209 -0.1983 1997m8 0.1138 2015m12
Timber s 384 | 0.0454 | 0.0775 -0.1172 2023m12 0.1784 2014m1
O.R.Mat. s 384 | 0.0019 | 0.1571 -0.2199 1997m11 0.2217 2013m8
Fertilizers ¢ 384 | -0.0345 | 0.2832 -0.4986 1995m8 0.2787 2012m5

Metals & Minerals . | 384 | -0.0206 | 0.1983 -0.3162 1997m5 0.2422 2012m8

Precious Metals 384 | -0.1380 | 0.3309 -0.6391 1999m1 0.2494 2015m8

IPgse 384 | 0.0187 | 0.0807 -0.1686 1992m1 0.1120 2014m12

Note: The results indicate that all commodity price groups exhibit two super-cycles from January 1960
to December 2023. In the rst super-cycle, the peak in the 1980s and the trough in the 1960s are
consistent across all commodity prices. In the second super-cycle, the peak occurs in the 2010s for all
commaodities except timber, with the trough occurring in the late 1990s. O.R.Mat denotes other raw
materials.
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Table 1.3: Pearson Correlation of Super-cycle Components

Pearson Correlation Matrix (Part 1)

Variable | S Energy.. | Beverages. | OilsMeals. | Grainsg. | Other Food .
IPgc 1.0000

Energy . '(8'_(1)223; 1.0000

Beverageg 0.0533 0.9008* 1.0000

(0.0361) | (0.0157)
0.5994* | 0.6206* 0.8151*

OllsMealsse | (00289) | (0.0283) | (0.0209) 1.0000
. 0.6403* | 0.5504* | 0.7879* 0.9911*
Grainsse | 00278) | (0.0299) | (0.0223) | (0.00a8) | 10000
0.5676* | 0.5808* | 0.8353* 0.9668* | 0.9776*
OtherFood sc | 4.0207) | (0.0294) | (0.0199) (0.0092) | (0.0076) 1.0000

Pearson Correlation Matrix (Part 2)

Variable IPsc Timber ;. | O.R.Mat. | Fertilizers . | Metals.M ;. | PreMetals
P, 1.0000
*
Timber . ((())%33361) 1.0000
0.1108* | 0.3187*
ORMatsc | ¢oseoy | (0.03a2) | 0000
- 0.3675* | 0.0368 | 0.8826%
Fertilizers sc | (0.0336) | (0.0361) | (0.0170) 1.0000
0.5942* | 0.3154* | 0.8153% 0.8921*
MetalsMse | 6.0201) | (0.0343) | (0.0209) (0.0163) 1.0000
-0.0924 | -0.1425* | 0.8082* 0.8007* 0.6472"
PreMetals s | 0.0360) | (0.0358) | (0.0213) | (0.0216) (0.0275) 1.0000

Note: Standard errors are reported in parentheses below the correlation coef cients. * indicate
statistical signi cance at the 1% level. For space ef ciency, variable names are abbreviated as follows:
0O.R.Mat = Other Raw Materials, Metals.M = Metals & Minerals, PreMetals = Precious Metals.
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Table 1.4: ADF and PP Unit Root Test Results

ADF PP

Level | 1st Difference Level | 1stDifference
IP -0.189 -22.165*** -0.509 -23.838***
Energy -1.710 -22.436*** -1.914 -22.351%**
Beverages -1.376 -20.899*** -1.706 -21.078***
OilsMeals -1.715 -18.530*** -2.108 -17.960***
Grains -1.313 -19.137*** -1.753 -19.150%**
OtherFood -1.939 -22.970%** -2.202 -22.838***
Timber -1.313 -19.930*** -2.030 -19.700***
OtherRawMat -1.773 -17.356*** -2.044 -17.388***
Fertilizers -2.463 -24.930*** -2.817 -25.065***
MetalsMinerals -2.065 -20.221*** -2.737 -20.382%**
PreciousMetals -1.247 -21.185*** -1.435 -20.817***

Note: All variables are log-transformed and de ated using the Consumer Price Index (CPI). Augmented
Dickey-Fuller (ADF) and Phillips-Perron (PP) unit root tests are applied to examine stationarity. For the
ADF tests, a model with a constant was used. For the PP tests, the lag length was selected automatically
based on the Newey-West procedure, which resulted in a lag length of 6 for all series. The results
indicate that the null hypothesis of a unit root cannot be rejected for any series in levels, but is rejected
for all series in rst differences. *** denotes statistical signi cance at the 1% level.
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Table 1.5: Johansen Co-integration Test: Industrial Production and Commaodity Prices

Variable Lags Null Trace Stat. 5% Crit. | Max.Eigen 5% Crit.
IP and Energy 4 ro 29.1277 15.41 26.8409 14.07
r 1 2.2868 3.76 2.2868 3.76
IP and Beverages 4 ro 8.5677 15.41 7.7408 14.07
r 1 0.8269 3.76 0.8269 3.76
IP and OilsMeals 4 r o 17.1267 15.41 16.2606 14.07
r 1 0.8661 3.76 0.8661 3.76
IP and Grains 4 r o 19.5771 15.41 18.4141 14.07
r 1 1.1631 3.76 1.1631 3.76
IP and OtherFood 4 r o 33.2354 15.41 31.8959 14.07
r 1 1.3395 3.76 1.3395 3.76
IP and Timber 4 r 0 7.3427 15.41 6.6798 14.07
r 1 0.6630 3.76 0.6630 3.76
IP and OtherRawMat 4 r o 9.4207 15.41 8.9281 14.07
r 1 0.4926 3.76 0.4926 3.76
IP and Fertilizers 4 r 0 23.3695 15.41 22.0568 14.07
r 1 1.3128 3.76 1.3128 3.76
IP and MetalsMinerals 4 r o0 18.3258 15.41 17.8867 14.07
r 1 0.4391 3.76 0.4391 3.76
IP and PreciousMetals 4 ro 18.9330 15.41 16.1035 14.07
r 1 2.8295 3.76 2.8295 3.76

Note: * Indicates the number of cointegrating ranks where the null hypothesis is rejected
at the 5% signi cance level. Real Industrial Production exhibits co-integration with Energy,
OilsMeals, Grains, OtherFood, Fertilizers, MetalsMinerals, and PreciousMetals, but not with
Beverages, Timber, or OtherRawMaterials. The optimal lag length is set to 4 for all cases based
on the Schwarz Bayesian Information Criterion (SBIC) from a range of possible lags from 1 to

a maximum of 10.
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Table 1.6: Johansen Co-integration Test: Energy Prices and Commaodity Prices

Variable Lags Null Trace Stat. 5% Crit. | Max.Eigen 5% Crit.
Energy and Beverages 2 r o 7.2157 15.41 4.2266 14.07
r il 2.9891 3.76 2.9891 3.76
Energy and OilsMeals 2 r 0 14.4977 15.41 10.3599 14.07
r il 4.1378 3.76 4.1378 3.76
Energy and Grains 2 r 0 10.0781 15.41 6.1717 14.07
r il 3.9064 3.76 3.9064 3.76
Energy and OtherFood 2 ro 11.6816 15.41 7.9523 14.07
r i 3.7293 3.76 3.7293 3.76
Energy and Timber 2 ro 12.2125 15.41 9.0386 14.07
r il 3.1739 3.76 3.1739 3.76
Energy and OtherRawMat 2 ro 11.7774 15.41 8.2979 14.07
r il 3.4795 3.76 3.4795 3.76
Energy and Fertilizers 2 r 0 11.9370 15.41 7.9083 14.07
r i 4.0287 3.76 4.0287 3.76
Energy and MetalsMinerals 2 ro 17.2166 15.41 12.7604 14.07
r il 4.4562 3.76 4.4562 3.76
Energy and PreciousMetals 2 ro 14.9969 15.41 12.5739 14.07
r il 2.4230 3.76 2.4230 3.76

Note: * Indicates the number of cointegrat

10.

ng ranks where the nu
at the 5% signi cance level. Energy prices exhibit co-integration with MetalsMinerals, but
not with other variables. The optimal lag length is set to 2 for all cases based on the Schwarz
Bayesian Information Criterion (SBIC) from a range of possible lags from 1 to a maximum of
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Table 1.7: Vector Error Correction for Industrial Production and Commaodity Prices

Variables IP Energy | Variables IP OilsMeals
ECT:1 0.006 (0.001) 0.004 (0.012) ECTy.q 0.003 (0.001) 0.018 (0.006)
IP 1 0.101 (0.035) 0.126 (0.373) IP 1 0.117 (0.035) 0.347 (0.220)
IP s 0.090 (0.035) 0.521 (0.373) IP 5 0.107 (0.036) 0.240 (0.221)
P s 0.236 (0.035) 0.514 (0.372) | IP 5 0.253 (0.036) 0.391" (0.221)
Energy .4 0.005 (0.003) 0.207 (0.037) | OilsMeals ., 0.006 (0.006) 0.406 (0.036)
Energy s 0.002 (0.004) 0.038 (0.037) OilsMeals ., 0.006 (0.006) 0.101 (0.039)
Energy 3 0.000 (0.004) 0.033 (0.037) OilsMeals 3 0.003 (0.006) 0.062* (0.036)
Constant 0.001 (0.000) 0.002 (0.003) | Constant 0.000 (0.000) 0.000 (0.002)
Variables IP Grains | Variables IP OtherFood
ECT:1 0.003 (0.001) 0.016 (0.005) |ECT.; 0.006 (0.001) 0.032 (0.008)
IP 1 0.118 (0.036) 0.442 (0.181) IP 1 0.103 (0.036) 0.431 (0.198)
IP s 0.109 (0.036) 0.038(0.182) IP 5 0.089 (0.036) 0.102 (0.199)
IP 3 0.246 (0.036) 0.016 (0.182) IP 3 0.236 (0.036) 0.179 (0.199)
Grains 0.003 (0.007) 0.353 (0.036) OtherFood ; 0.002 (0.007) 0.195 (0.036)
Grains ., 0.010 (0.008) 0.018 (0.038) OtherFood ., 0.001 (0.007) 0.020 (0.037)
Grains 3 0.009 (0.007) 0.027 (0.036) OtherFood 3 0.004 (0.007) 0.016 (0.036)
Constant 0.000 (0.000) 0.000 (0.001) Constant 0.000 (0.000) 0.000 (0.001)
Variables IP Fertilizers | Variables IP Metals

ECT:1 0.002 (0.001) 0.020 (0.007) |ECT.; 0.003 (0.001) 0.021 (0.007)
IP 1 0.109 (0.035) 0.049 (0.377) IP 1 0.100 (0.035) 0.227 (0.209)
IP s 0.099 (0.035) 0.053 (0.378) IP 5 0.095 (0.035) 0.348 (0.208)
P s 0.243 (0.035) 0.183(0.378) | IP 5 0.245 (0.035) 0.330 (0.207)
Fertilizers 0.003 (0.003) 0.102 (0.037) Metals 0.017 (0.006) 0.289 (0.036)
Fertilizers . 0.000 (0.003) 0.010 (0.037) Metals ., 0.011 (0.006) 0.000 (0.038)
Fertilizers 3 0.003 (0.003) 0.026 (0.037) Metals .3 0.007 (0.006) 0.002 (0.037)
Constant 0.000 (0.000) 0.000 (0.003) | Constant 0.000 (0.000) 0.000 (0.002)
Variables P PreMetals |

ECT:1 0.002 (0.001) 0.002 (0.004)

IP 1 0.113 (0.035) 0.064 (0.224)

IP 5 0.107 (0.035) 0.198 (0.224)

P 3 0.246 (0.035) 0.250 (0.223)

PreMetals 0.003 (0.006) 0.306 (0.037)

PreMetals ., 0.012 (0.006) 0.156 (0.038)

PreMetals . 0.004 (0.006) 0.031 (0.037)

Constant 0.001 (0.000) 0.001 (0.002)

Note: Standard errors are in parentheses. * p < 0.10, p < 0.05,
metals. Metals denotes Metals and Minerals. All results are based on a lag length of 4. The table re-
ports Vector Error Correction estimates between industrial production and commodity price groups.
Variables not reported in the table are excluded due to the absence of evidence for cointegration with
industrial production.
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Table 1.8: Vector Error Correction for Oils & Meals, and Other Commodity Prices

Variables OilsMeals Beverages | Variables OilsMeals Grains

ECT.; 0.025 (0.007) 0.012 (0.005) |ECT.; 0.043 (0.013) 0.041 (0.010)
OilsMeals 4 0.067" (0.039) 0.264 (0.036) OilsMeals 4 0.439 (0.038) 0.117 (0.031)
Beverages 4 0.381 (0.034) 0.038 (0.032) Grains 4 0.089 * (0.047) 0.273 (0.037)
Constant 0.001 (0.002) 0.001 (0.001) Constant 0.001 (0.002) 0.001 (0.001)
Variables OilsMeals OtherFood | Variables OilsMeals Timber

ECT., 0.021 (0.007) 0.038 (0.009) |ECT., 0.013 (0.004) 0.011 (0.005)
OilsMeals .1 0.392 (0.034) 0.066 (0.030) OilsMeals 4 0.385 (0.033) 0.018(0.023)
OtherFood 0.004 (0.041) 0.178 (0.036) Timber 4 0.063 (0.051) 0.326 (0.035)
Constant 0.001 (0.002) 0.000 (0.001) Constant 0.000 (0.002) 0.001 (0.001)
Variables OilsMeals O.R.Mat | Variables OilsMeals Fertilizers
ECT., 0.034 (0.008) 0.011 (0.005) |ECT.; 0.002 (0.004) 0.031 (0.008)
OilsMeals .1 0.399 (0.035) 0.064 (0.021) OilsMeals , 0.382 (0.034) 0.216 (0.056)
O.R.Mat 3 0.018 (0.056) 0.405 (0.034) Fertilizers 4 0.011 (0.022) 0.097 (0.036)
Constant 0.000 (0.002) 0.001 (0.001) Constant 0.001 (0.002) 0.000 (0.003)
Variables OilsMeals Metals |

ECT., 0.016 (0.005) 0.018 (0.007)

OilsMeals 1 0.376 (0.035) 0.041 (0.032)

Metals 0.013 (0.039) 0.302 (0.036)

Constant 0.000 (0.002) 0.000 (0.001)

Note: Standard errors are in parentheses. * p < 0.10, p < 0.05,
Materials. Metals denotes Metals and Minerals. All results are based on a lag length of 2. The sample
period is from 1960m1 to 2023m12. Variables not reported in the table are excluded due to the absence

of evidence for co-integration with Oils & Meals or Beverage prices.
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Table 1.9: Vector Error Correction Results for Grains and Commaodity Prices

Variables Grains OtherFood | Variables Grains Timber

ECT., 0.013 (0.006) 0.048 (0.011) |ECT, 0.008 (0.003) 0.015 (0.006)
Grains 4 0.353 (0.035) 0.077 (0.037) | Grains 4 0.351 (0.034) 0.029 (0.028)
OtherFood ; 0.023 (0.034) 0.187 (0.036) Timber 4 0.012 (0.042) 0.326 (0.035)
Constant 0.001 (0.001) 0.000 (0.001) Constant 0.001 (0.001) 0.001 (0.001)
Variables Grains O.R.Mat | Variables Grains Fertilizers
ECT.y 0.025 (0.007) 0.012 (0.006) |ECT.y 0.001 (0.003) 0.029  (0.008)
Grains 4 0.345 (0.035) 0.043 (0.026) Grains 4 0.346 (0.034) 0.306 (0.069)
O.R.Mat 0.058 (0.045) 0.427 (0.034) Fertilizers 4 0.022 (0.018) 0.090 (0.036)
Constant 0.000 (0.001) 0.001 (0.001) Constant 0.001 (0.001) 0.000 (0.003)
Variables Grains Metals |

ECT:1 0.015 (0.004) 0.017 (0.008)

Grains 4 0.331 (0.034) 0.020 (0.040)

Metals 0.040 (0.031) 0.313 (0.035)

Constant 0.000 (0.001) 0.000 (0.001)

Note: Standard errors are in parentheses. * p < 0.10, p < 0.05,
Materials. Metals denotes Metals and Minerals. All results are based on a lag length of 2. The sample

period is from 1960m1 to 2023m12. Variables not reported in the table are excluded due to the absence
of evidence for co-integration with Grains prices.
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Table 1.10: Static Connectedness Index

Energy Bev. OilMeal Grains OthFood Timber O.R.Mat Fertil Metals P.Metal IP FROM

Energy 70.72 154 1.59 0.25 0.60 0.33 284 1421 470 284 0.3829.29
Bev. 0.52 81.45 5.59 0.88 0.92 0.37 430 131 319 111 0.3618.55
OilMeal 3.37 1.41 47.09 19.59 5.09 0.44 8.70 4.63 4.77 359 13852091
Grains 188 0.03 106 63.23 4.83 0.08 9.57 451 277 197 0.5B36.78
OthFood 1.59 0.48 245 0.81 81.88 0.51 185 029 146 596 2.7218.12
Timber 129 3.17 151 0.59 0.07 85.20 135 0.12 169 491 0.1114.80
O.R.Mat 9.03 1.87 5.27 6.91 4.14 3.77 4932 3.77 8.68 247 4.7550.68
Fertil 3.20 248 0.04 0.18 0.20 1.72 0.20 85.66 0.25 1.43 4.6414.34
Metals 8.61 3.17 5.72 3.23 3.66 0.57 1464 140 4862 412 6.2651.38
P.Metal 199 162 476 4.21 4.53 0.72 6.16 3.14 943 6295 0.5p37.05

P 0.66 312 531 1.16 0.12 0.90 6.54 029 6.80 0.03 75.0824.92
TO 32.15 18.89 42.84 37.80 24.17 9.40 56.15 33.67 43.73 28.43 21.591.71
NET 2.87 034 -10.07 1.03 6.05 -5.40 547 19.33 -7.65 -8.62 -3.3|4

Note: This table presents the static connectedness across 11 commaodity price groups and industrial
production (IP), based on generalized forecast error variance decomposition (GFEVD) with a 12-step-
ahead and 2 lags. Each cell in the 11x11 upper-left matrix represents the contribution of column
shocks to the forecast error variance of the row variable. TO indicates how much a variable transmits
shocks to others, while FROM captures how much it receives. NET is the difference between the two.
Bev. denotes Beverage, O.R.Mat denotes Other Raw Materials, Fertil denotes Fertilizers, Metals denotes
Metals and Minerals, and P.Metal denotes Precious Metal. All values are in percentages. The sample
period is from 1960m1 to 2023m12.
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Figure 1.1: Commodity Prices in Log-Levels by Group

Note: The gures display the historical paths of the real log-price indices for the ten commodity groups
from January 1960 to December 2023. A strong co-movement is visually apparent, with most
commodity price series broadly trending together. Notably, many series exhibit extended periods of
rising prices followed by prolonged downturns.
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Figure 1.2: Super-cycle of Grains

Note: Both gures present the log-transformed grain price index, which was constructed using weights
from the World Bank's Pink Sheet. The left gure illustrates the super-cycle component and the
non-trend component of grain prices from January 1960 to December 2023. The right gure shows the
log-transformed grain price index alongside its long-run trend. An asymmetric band-pass Iter, BP(240,
840), corresponding to 20 to 70 years, was applied to extract the super-cycle component.

Figure 1.3: Super-cycles of all commodity groups and Industrial Production

Note: The gures illustrate the super-cycle components of various commodity groups along with the
industrial production super-cycle. The left panel presents super-cycles for energy, beverages, oils &
meals, grains, and other food, while the right panel includes timber, other raw materials, fertilizers,
metals & minerals, and precious metals. All commodity groups correspond to the left y-axis, while
industrial production corresponds to the right y-axis. Commaodity price super-cycles tend to move
together, while the industrial production super-cycle has shown co-movement with commodity prices
since the 2000s.
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Figure 1.4: Directional Static Connectedness: From Others vs To Others

Note: This gure visualizes the directional static connectedness of each group. The red bars represent
the connectedness FROM OTHERS, indicating the extent to which a variable receives shocks from the
rest of the system. The blue bars represent the connectedness TO OTHERS, capturing how much a
variable contributes to others' forecast error variances. The graph complements Table 1.10 by offering
a more intuitive representation of the relative magnitude of directional spillovers across commodity
groups.
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Figure 1.5: Total Dynamic Connectedness of Commodity Prices and Industrial Production

Note: This gure presents total dynamic connectedness between commodity prices and industrial
production from 1960M1 to 2023M12. The series shows the percentage of 12-step-ahead forecast error
variance in each market explained by shocks from other markets, computed from a VECM with lag
length 2 using a 120-month rolling window and a generalized FEVD. Higher values indicate tighter
cross-market integration and stronger spillovers; peaks coincide with major global shocks such as the
1970s oil crises, the 2008 global nancial crisis, and COVID-19.
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Figure 1.6: Super-cycles of Dynamic Connectedness and Selected Commaodity Prices

Note: This gure illustrates the super-cycles of dynamic connectedness and selected commodity prices,
including oils & meals, grains, and industrial production. All series are extracted using the asymmetric
BP(20,70) Iter. The dynamic connectedness is derived from a 120-month rolling sample window based
on generalized forecast error variance decomposition (GFEVD). This comparison highlights whether
connectedness among commodity prices exhibits long-term cyclical behavior similar to that of the
underlying commaodity prices.
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Figure 1.7: “From” Connectedness by Commodity Group and Industrial Production

Note: This gure displays the time-varying “from” connectedness for ten commaodity price groups and
industrial production (IP) from 1960M1 to 2023M12. The “from” connectedness captures the extent to
which the forecast error variance of a speci ¢ group is explained by shocks from all other groups in the
system. Higher values indicate periods during which the group shows greater sensitivity to external

in uences, highlighting its role as a potential shock receiver in the connectedness. The measures are
computed using a 120-month rolling window and a 12-step-ahead generalized forecast error variance
decomposition (GFEVD). The gray shaded areas indicate periods of major global economic shocks: the
First Oil Crisis (1973M11-1975M12), the Second Oil Crisis (1979M1-1981M12), the Global Financial
Crisis (2007M12-2009M6), and the COVID-19 pandemic (2020M3-2023M12).
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Figure 1.8: “To” Connectedness by Commodity Group and Industrial Production

Note: This gure displays the time-varying “t0” connectedness for ten commaodity price groups and
industrial production (IP) from 1960M1 to 2023M12. The “to” connectedness captures the extent to
which shocks originating from a speci ¢ group contribute to the forecast error variance of all other
groups in the system. Higher values indicate periods during which the group shows stronger in uence
over the rest of the system, highlighting its role as a potential shock transmitter in the connectedness.
The measures are computed using a 120-month rolling window and a 12-step-ahead generalized
forecast error variance decomposition (GFEVD). The gray shaded areas indicate periods of major global
economic shocks: the First Qil Crisis (1973M11-1975M12), the Second Oil Crisis (1979M1-1981M12),
the Global Financial Crisis (2007M12—-2009M6), and the COVID-19 pandemic (2020M3-2023M12).
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Figure 1.9: Dynamic Net Connectedness by Commodity Group and Industrial Production

Note: This gure presents the time-varying net connectedness for ten commodity price groups and
industrial production (IP) from 1960M1 to 2023M12. The net connectedness is computed based on a
120-month rolling sample and a 12-step-ahead generalized forecast error variance decomposition
(GFEVD). The gray shaded areas indicate periods of major global economic shocks: the First Oil Crisis
(1973M11-1975M12), the Second Oil Crisis (1979M1-1981M12), the Global Financial Crisis
(2007M12-2009M6), and the COVID-19 pandemic (2020M3-2023M12). Each panel shows the net
connectedness of a speci ¢ group, de ned as the difference between its “to others” and “from others”.
Positive values (blue) indicate periods during which a group acts as a net transmitter of shocks, while
negative values (orange) re ect periods of net shock reception. This visualization provides insights into
the evolving structural roles of individual commodity groups in the propagation of systemic risk over
long-term cycles.
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Figure 1.10: Robustness Check: Super-cycle Component under Varying Speci cations

Note: This gure illustrates the robustness of the estimated super-cycle component of the total dynamic
connectedness index to variations in rolling window size and forecast horizon. The gray shaded band
represents the range of super-cycle components obtained from different combinations of step-ahead
horizons (Step =6, 12, 24 months) and rolling window sizes (Window = 84, 96, 120, 144, 156 months).
The solid blue line depicts the baseline speci cation (Step = 12, Window = 120 months). The similarity
in cyclical features across speci cations suggests that the estimated super-cycle component is robust to
these variations in model settings.
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Figure 1.11: Super-cycle Component: Full Sample vs Periods Excluding Major Shocks

Note: This gure compares the estimated super-cycle component of the dynamic connectedness index
computed using a 120-month rolling window and a 12-step-ahead forecast horizon. The solid line
shows the estimate where key shock periods—speci cally, the 1st Oil Crisis (1973M11-1975M12), 2nd
Oil Crisis (1979M1-1981M12), Global Financial Crisis (2007M12—-2009M6), and COVID-19 pandemic
(2020M3-2023M12)—are excluded from the sample (i.e., masked as missing data before ltering). The
dashed line represents the baseline estimate using the full sample without exclusions. The exclusion of
these shocks reduces the amplitude of the super-cycle component, suggesting that these major global
shocks signi cantly amplify long-term connectedness cycles in the data.
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Figure 1.12: Energy Net Connectedness to Rolling Window Size and Forecast Horizon

Note: This gure presents a robustness check for the net connectedness of the Energy group across
alternative rolling window lengths and forecast horizons. The gray shaded area shows the range of
estimates obtained from varying the rolling window size (120, 144, and 156 months) and forecast
horizons (Step = 6, 12, and 24 months). The solid blue line depicts the baseline estimate using a
120-month rolling window and a 12-step-ahead forecast horizon. The similar cyclical patterns observed
across speci cations underscore the stability of the estimated net connectedness for Energy
commoaodities. This result highlights the persistent role of the Energy sector as a net transmitter of
shocks and its contribution to amplifying long-term cycles in global commodity connectedness.
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CHAPTER

2

TESTING AND IDENTIFICATION OF
COMMON TRENDS AND FACTORS IN
AGRICULTURAL PRICES

2.1 Introduction

It has long been recognized that agricultural prices tend to be more volatile than other basic
commodity prices. These prices often move independently of one another but it has also been
recognized that commaodity prices tend to exhibit what Pindyck and Rotemberg (1990) termed
as “excess co-movement” in prices. This co-movement has been evaluated within the context
of cointegration and commodity “super cycles.” Policy relevant questions underlie the extent
to which common factors, which may be latent, tend to drive underlying movement in prices.
For example, price stabilization considerations and overall price risk management through
subsidized revenue insurance may give consideration to the co-movement of agricultural prices.
The nature and number of common trends in nonstationary price data also has important
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implications for understanding the evolution of commodity prices as well as their dynamic
movements. Further, the existence of such trends may be relevant to forecasts of future prices
across the agricultural complex.

This paper utilizes the recently developed methods by Barigozzi and Trapani (2022) for
determining the nature and number of common trends in nonstationary data. These methods
identify common factors that may have both stochastic and deterministic linear trends to test
for the existence of common trends. The tests determine the dimension of a set of common
trends, which may be stationary, nonstationary, or characterized by linear deterministic trends,
based on the number of unbounded (spiked) eigenvalues in a scaled covariance matrix formed
by the price data. We apply this approach to 39 commaodity prices, including primary variables
such as crude oil, corn, wheat, and soybeans, sorghum, rice, sourced from the Commaodity
Research Bureau (CRB), and nd evidence of at least one common factors.

This study investigates common trends and factors for a large group of monthly cash
agricultural prices and utilize a comparable set of economic variables that tend to be associated
with the common factors. In this segment of the analysis, a range of potential relevant economic
variables is considered, including the index of industrial production, real exchange rate, real
interest rate, an index of industrial prices (the S&P 500 index), the balance of payments, the
CPI, an aggregate rainfall index, an aggregate temperature index, oil prices, and the VIX index
of economy-wide volatility. We follow the dynamic factor model approach proposed by Chiaie,
Ferrara, and Giannone (2022), which decomposes prices into common factors, block-speci ¢
factors, and idiosyncratic factors. We then relate the global factor to the set of economic
variables in order to determine whether (and which) variables play an important role in driving
common factors in agriculture prices.

This is accomplished using a Generalized Method of Moments (GMM) estimator, with
lagged prices serving as instrumental variables to ensure the estimates are robust to poten-
tial endogeneity. This approach is used to examine the in uence of a comprehensive set of
economic variables, which are categorized into three key channels: global demand (e.g., the
Kilian index and OECD industrial production), supply shocks (e.g., aggregate precipitation
and temperature indices), and nancial conditions (e.g., the Federal Funds Rate and the VIX
index of market volatility). The methods of Delle Chiaie et al. (2022) also allow for a variance
decomposition to quantify the contribution of each factor to price movements and to identify
crop-speci ¢ shocks that are unrelated to aggregate factors.

The contribution of this paper is twofold. First, the extracted global factor is shown to act
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as a robust proxy for global economic activity, in uenced signi cantly by both demand-side
pressures and shiftsin nancial market conditions. Second, we demonstrate that a commodity's
sensitivity to this global factor—measured by its squared factor loading—is systematically
linked to its market fundamentals, particularly its stocks-to-trade ratio. This relationship is
not static; it becomes notably stronger and statistically signi cant in the post-2000 period,
suggesting a structural shift in how global forces are transmitted to individual commodity
prices. These ndings not only con rm the central role of global demand in driving commodity
prices but also highlight the increasing importance of market tightness as a determinant of a
commodity’s exposure to common shocks.

The paper proceeds as follows. Section 2.2.1 describes the data and grouping. Section 2.2.2
sets out the dynamic factor framework and estimation. Section 2.3 rst applies the Barigozzi
and Trapani (2022)) testing procedure for large panels of nonstationary series to determine both
the number and the type of common components. We then study cross-sectional heterogeneity
in squared factor loadings, including decade-by-decade diagnostics tied to stocks-to-trade
measures. Section 2.4 concludes with implications for risk management, monitoring, and
forecasting in agricultural and broader commodity markets.

2.2 Emprical Analysis

2.2.1 Data

This study compiles a comprehensive dataset of 39 commodity spot prices spanning the period
from January 1960 to January 2020 at a monthly frequency. The primary source for commodity
prices is the Commodity Research Bureau (CRB) Statistical Yearbooks and the CRB InfoTech CD.
In addition, for several commodities where CRB coverage was incomplete or unavailable, data
were supplemented using the World Bank's Commodity Market Outlook (CMO) Pink Sheet.
Speci cally, prices for London Metal Exchange (LME) metals—including aluminum, nickel,
lead, copper, tin, and zinc—along with sorghum, Brent crude oil, U.S. natural gas, and barley,
are drawn from the World Bank database. !

Commodities are grouped according to the block structure summarized in Table 2.1. The
energy block contains 3 commodities; agriculture-related blocks comprise 21 commodities,
further subdivided into foodstuffs (8 commodities) and grains and oilseeds (9 commodities);

1A complete list of these commodities and their descriptions is provided in Appendix B.1, Table B.1.
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the industrial commaodities block contains 5 commodities; livestock and meats includes 4 com-
modities; the metals block comprises 6 commodities; and the precious metals block includes 4
commodities. Precious metals are increasingly recognized as nancialized commodities due to
their integration with global nancial markets, making their inclusion relevant for examining
the relationship between commodity prices and nancial market conditions. Table 2.2 details
the individual commodities assigned to each group.

2.2.2 Model

This paper employs a dynamic factor model (DFM) with a block structure, following the ap-
proach of Delle Chiaie et al. (2022), to analyze the co-movement of commaodity prices. The
foundational assumption of a DFM is the existence of a few latent common factors that drive
the dynamics of a large time-series dataset, allowing for the extraction of common trends.
The seminal work of Stock and Watson (2002) demonstrated how to extract such common
components from a large number of predictors. This general framework has been extended to
incorporate a block structure, which distinguishes between global and group-speci ¢ sources
of co-movement. Kose et al. (2003), for instance, apply such a structure using country-speci ¢
factors to model the dynamics of international business cycles. 2

Let p;; denote the rst-difference logarithm of the price for commodity i attime t.Each
series is decomposed into a global factor, block-speci ¢ factors, and an idiosyncratic compo-
nent:

pic = i+ f7+ ijgjt TVit, (2.1)
j=1

where ftG is the global factor, which is the primary focus of this study, and the factor loading i
measures the sensitivity of each commodity price to this global factor. Similarly,  g;; represents
the factor specic to block j, with ;; as its corresponding loading. The block structure is
imposed by constraining  ;; to be zero if commaodity i does not belong to block . Finally, v;; is
the idiosyncratic component, capturing price movements unique to commodity i.

To capture the persistence inherent in commodity price data, the model speci es a dy-
namic structure for each of its latent components. The global factor, the block factors, and the
idiosyncratic term are each assumed to follow an autoregressive process of order one (AR(1)).

Speci cally, the global factor evolves according to ftG = f tGl + u,, each block factor follows

2While Kose et al. (2003) use the term "country factor" rather than "block factor," the underlying concept of
modeling group-level co-movement is analogous to the approach used here.
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git = j9t1 *! ji,andtheidiosyncratic componentis modeledas V;; = Vi1 + j;.Inthese

processes, the parameter and ; represent the degree of persistence for each respective

i
component, while u,! ;;,and ;; are zero-mean, white-noise error terms representing new
shocks or innovations attime t.

The model parameters and latent factors are estimated using a quasi-maximum likelihood
approach implemented via the Expectation-Maximization (EM) algorithm, following Doz et al.
(2012) and Doz et al. (2011). The process is initialized using Principal Component Analysis; the
principal components of the data serve as initial estimates of the common factors, which in
turn allows for an initial estimation of the parameters (e.g., factor loadings) via OLS regression.
Following this initialization, the algorithm iterates between two steps until convergence. First,
in the expectation (E-step), the Kalman smoother is used to update the estimates of the latent
factors, ftG and g;; , given the current set of parameters. Second, in the Maximization (M-step),
the model parameters—including the factor loadings i and ;;—are re-estimated using OLS,
conditional on the updated factor estimates from the E-step. This iterative procedure ensures

that the nal estimates of the factors and parameters jointly maximize the likelihood function.

2.3 Empirical Application

2.3.1 Extract Common Factor

As a preliminary step to specifying the model, the number and nature of common trends within
the dataset are determined. While foundational work by Bai and Ng (2002) and Bai (2004)
provided methods for identifying common factors in large stationary and non-stationary
panels, this paper employs the more recent testing procedure developed by Barigozzi and
Trapani (2022) (hereafter, the BT test), which is speci cally designed to distinguish between
common linear and stochastic trends in large, non-stationary datasets.

Application of the BT test to the panel of 39 commodity prices yields precise estimates for
the underlying factor structure. The results identify one common factor with a linear trend
(f; =1), indicating a shared, deterministic time trend across commodity prices. Furthermore,
the test nds one common stochastic trend ( f, = 1), which captures the persistent impact of
common random shocks. Together, these two non-stationary components are found to drive
the long-run co-movement in the dataset. The test also identi es eight stationary common
factors (5 = 8), suggesting the presence of signi cant common cyclical dynamics separate from
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the long-run trends. This detailed decomposition strongly motivates the use of the dynamic
factor model to disentangle these distinct sources of price variation. 3

Following the identi cation of the underlying factor structure, the global factor (f tG) is ex-
tracted from the panel of 39 commaodity prices using the quasi-maximum likelihood estimation
procedure described in the Model section. To provide an initial economic interpretation of this
latent variable, this section visually compares the estimated global factor against key indica-
tors of global economic activity. All macroeconomic activity and nancial market indicators
are transformed into annual log changes in order to facilitate a direct comparison of growth
dynamics.

Figure 2.1 plots the extracted global factor alongside two established indices for global
real economic activity to characterize its economic properties. Panel (a) displays the factor
against the industrial production index for OECD countries and six major emerging economies
(OECD+6 IP), while Panel (b) compares it with the Kilian (2009) index of global real economic
activity, which is speci cally designed to capture global demand for industrial commodities. A
remarkable positive co-movement is apparent in both panels, as the global factor successfully
captures the signi cant turning points of the global business cycle, including the sharp, syn-
chronized downturns during the 1970s oil crises, the pronounced global economic expansion
from 2002 to 2008, and the subsequent dramatic collapse during the 2008 Great Recession.

This empirical relationship provides compelling evidence that the extracted global factor
serves as a robust proxy for the uctuations in global aggregate demand that drive commodity
price co-movement. While this relationship with indicators of real activity establishes the
factor's primary economic interpretation, commodity prices are also known to be sensitive to

nancial market conditions. The analysis therefore extends this examination to key nancial
variables to explore these additional dimensions of the global factor.

Figure 2.2 shows that the relationship between the global factor and the U.S. Federal Funds
Rate is not constant over time. In some periods, the two series generally move in opposite
directions. This inverse relationship is consistent with the conventional effects of monetary
policy, where higher interest rates are associated with a contraction in economic activity and
thus a decline in the global factor. In other periods, however, the series exhibit a positive
correlation. This typically occurs when both commodity markets and the Federal Reserve are
responding to the same underlying economic shock. The 2008 Great Recession provides an
example of this positive association, where the sharp economic contraction led to a decline in

3Detailed results of the BT test, including the parameters used, are reported in Appendix B.2.
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both the global factor and the Federal Funds Rate. This demonstrates that the global factor
re ects both the stance of monetary policy and the broader economic conditions that drive
central bank policy and commodity demand.

2.3.2 Statistical Analysis

Motivated by the empirical regularity of co-movement between the extracted global factor and
key macroeconomic indicators, this section proceeds to a formal statistical analysis to identify
the primary economic drivers of this common component. The investigation is structured
around two principal economic channels consistently highlighted in the literature: demand
and nance. Demand-side pressures are evaluated using measures of global economic activity,
such as the Industrial Production (IP) index and the Kilian index , while nancial market
conditions are captured by variables including the Federal Funds Rate, the S&P 500, and the
VIX.

The econometric approach begins with Ordinary Least Squares (OLS) estimates, which
provide descriptive benchmarks for the linear relationships between the global factor and
the economic determinants. To address potential endogeneity arising from simultaneity and
measurement error, a Generalized Method of Moments (GMM) speci cation is subsequently
employed. This speci cation uses lagged variables as instruments for potentially endogenous
indicators. The number of instruments is deliberately limited to mitigate the risk of over tting.
The GMM estimates are reported with Heteroskedasticity and Autocorrelation Consistent (HAC)
standard errors. To facilitate a direct comparison of growth dynamics, all determinant variables
are transformed into annual log changes. The subsequent analysis presents the regression
results for supply, demand, and nancial determinants, comparing ndings from the OLS and
GMM speci cations to provide a robust assessment of their respective impacts on the global
commodity factor.

Table 2.3 presents the estimation results for the impact of supply-side factors, speci cally
precipitation (Rain) and temperature (Tem), on the global commodity factor. The OLS esti-
mates in columns (1) and (2) show that precipitation has a negative and statistically signi cant
effect on the global factor at the 5% level. This result supports the view of rainfall as a positive
supply shock, as greater precipitation increases agricultural supply and consequently lowers
the common price factor. To address potential endogeneity, a GMM speci cation using lagged
variables as instruments is also employed. The GMM results, shown in columns (3) and (4),
con rm that the negative effect of precipitation remains robust and statistically signi cant at
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the 5% level. Notably, the magnitude of the GMM coef cient is substantially larger in absolute
terms than the OLS estimate, which suggests that endogeneity may be causing an attenuation
bias in the OLS results, leading them to understate the true impact of the supply shock. In con-
trast, the temperature variable is not statistically signi cant in either speci cation. Collectively,
these results provide strong empirical evidence that precipitation is a signi cant exogenous
driver of the common factor in global commodity prices. 4

Table 2.4 presents the regression results examining the impact of demand-side factors on
the global commodity factor, using the IP index as the primary proxy for global economic
activity. The central nding from this table is the positive relationship between industrial
production and the global factor. Across all speci cations, both OLS (columns 1-4) and GMM
(columns 5-8), the coef cient on the IP index is positive and statistically signi cant at the
1% level. Consistent with a broad literature exempli ed by Baumeister and Hamilton (2019),
this nding supports the view that an expansion of economic activity increases the derived
demand for raw materials, thereby placing upward pressure on the common component of
commodity prices. The Consumer Price Index (CPI) shows a positive and signi cant effect in
the OLS models, but its signi cance is notably weakened (column 6) or lost entirely (column 7)
in the GMM speci cations, suggesting the OLS result may be biased by endogeneity. The U.S.
real effective exchange rate (USREER) is not statistically signi cant in any model, indicating
a limited role for the exchange rate channel. In contrast, the price of Brent crude oil exhibits
a strong, positive, and highly signi cant coef cient in both OLS and GMM models (columns
4 and 8), even when controlling for broad economic activity. This highlights the unique and
substantial in uence of energy prices as a distinct driver of the overall commaodity price factor.

Table 2.5 further investigates the role of demand-side drivers by using the Kilian Index, a
more targeted proxy for global economic activity in commodity markets. Corroborating the
previous results, the Kilian Index is positive and highly signi cant at the 1% level across all
speci cations, which underscores the role of aggregate demand as a primary determinant.
Notably, while the CPI coef cient is signi cant in the OLS models, it is no longer statistically
signi cant under the GMM speci cations. The USREER remains statistically insigni cant,
whereas the Brent crude oil price continues to be a positive, signi cant, and independent
driver. This nding is robust across both demand speci cations and is consistent with the

4The main nding of a negative GMM estimate for precipitation is robust to several alternative speci cations.
For example, the coef cient remains negative and statistically signi cant in a model using simple annual changes
in place of log-changes. However, when precipitation is de ned as an anomaly from its 1981-2010 mean, its
statistical signi cance is lost.
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work of Delle Chiaie et al. (2022), who also identify a distinct role for energy prices. In sum, this
analysis not only con rms the central role of global demand but also strengthens the argument
that real economic activity, rather than general in ation, is the primary driver of co-movement
in commodity prices.

Table 2.6 evaluates the in uence of key nancial market variables on the global commodity
factor. The results indicate that monetary policy, proxied by the federal funds rate, is a signi -
cant driver. The coef cient on the FedFunds rate is negative and statistically signi cant across
all OLS and GMM speci cations, which is consistent with the theory that tighter monetary
policy dampens economic activity and investment, thereby reducing demand for commodities
(Frankel 2006). Financial market risk sentiment, measured by the VIX, also emerges as a robust
determinant. The inclusion of the VIX, for which data is available from January 1990, sub-
stantially reduces the sample size for the relevant speci cations. Despite the smaller sample,
the VIX has a consistently negative and signi cant coef cient in both OLS and GMM models,
indicating that heightened market uncertainty and risk aversion are associated with a decline
in the common commodity factor (Creti et al. 2013). In contrast, the effect of the broader equity
market appears less robust. While the S&P 500 index is positive and highly signi cant in the
OLS models, its statistical signi cance weakens substantially and is ultimately lost in the GMM
speci cations. This suggests that the strong positive correlation observed in OLS may not
re ect a direct causal link, but rather that both markets are driven by common underlying
economic conditions that are better controlled for in the GMM setting. Finally, the U.S. balance
of payments (BOP) does not show a signi cant relationship with the global factor. Collectively,
these ndings highlight that U.S. monetary policy and nancial risk sentiment are robust
channels through which nancial conditions in uence global commaodity prices.

In summary, the statistical analysis reveals that the common factor in commodity prices
is driven by an interaction of supply, demand, and nancial determinants. While con rming
the primacy of demand-side shocks, this study contributes by demonstrating that supply and

nancial factors also play a signi cant and non-negligible role. Speci cally, precipitation as

a supply proxy, U.S. monetary policy, and nancial market uncertainty are all shown to be
robust drivers. This expanded view suggests that while demand may be the dominant force, a
comprehensive understanding of the common factor requires accounting for these additional
transmission channels.
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2.3.3 Analysis of Squared Factor Loadings

The squared factor loading provides a quantitative measure of how strongly each commodity
price responds to the global factor. Before examining these squared values ( ?) in detail, itis
important to note that the underlying factor loadings ( i) are positive for all 39 commodities.
This nding con rms a positive co-movement between each price and the common driver,
consistent with the factor's interpretation as a proxy for global demand. The analysis proceeds
using the squared loading, 2, because it has a direct interpretation as the share of variance
in a commodity’s price attributable to the global factor. This transformation enables a direct
comparison across commodities, as a higher value indicates that the global factor explains a
larger portion of a commodity's volatility.

To further enhance interpretability, each factor loading is scaled by the standard deviation
of the corresponding series prior to squaring, and the result is shown in Figure 2.3. This adjust-
ment ensures that differences in inherent volatility do not distort the magnitude of squared
factor loadings across commodities. The results reveal pronounced variation across commodity
groups: soybean, soybean meal, and wheat record some of the largest squared factor loadings,
re ecting their strong sensitivity to global demand and supply shocks. Precious metals, partic-
ularly silver, also exhibit sizable values, consistent with their simultaneous function as both
commodities and nancial assets. By contrast, several foodstuffs show relatively low squared
factor loadings, suggesting that local or idiosyncratic conditions predominantly shape their
price dynamics. Collectively, these patterns indicate that while the global factor in uences
markets broadly, its explanatory power differs substantially across them. °

This study also employs a decade-by-decade estimation strategy to capture long-term
structural changes in the relationship between individual commodities and the global fac-
tor. The full sample (1960:01-2020:01) is partitioned into six non-overlapping decades on a
monthly basis: 1960s = 1960:01-1969:12; 1970s = 1970:01-1979:12; 1980s = 1980:01-1989:12;
1990s = 1990:01-1999:12; 2000s = 2000:01-2009:12; and 2010s = 2010:01-2020:01. Within each
sub-sample, squared factor loadings are re-estimated under the same model speci cation to
maintain consistency across periods.

Figure 2.4 presents the resulting decade-speci c estimates. The common y-axis scale
facilitates comparison across panels, while only the top 15 commodities are labeled in each
decade for readability. The results reveal pronounced shifts: agricultural grains dominate in the

SFor completeness, squared factor loadings are also normalized such that their sum equals 100, which allows
interpretation as percentage contributions. The corresponding gure is reported in Appendix B.3.
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earlier decades, whereas energy and metals become increasingly prominent in the 2000s and
beyond. By following these changes systematically, the methodology links shifts in squared
factor loadings to evolving patterns in trade, production, and global demand conditions.

The decade-by-decade estimation of squared factor loadings provides a framework for
linking global price co-movements with underlying market fundamentals. Squared factor
loadings are not mechanically determined by quantity variables, but examining their decade-
speci ¢ averages alongside loadings offers indirect evidence of how integration with global
forces evolves over time. While the analysis does not imply causality, the results suggest that
periods of expanding trade or shifts in supply conditions are often associated with stronger
sensitivity to the global factor, re ecting deeper market integration. To examine this mechanism
systematically, the subsequent analysis relates decade-speci ¢ squared factor loadings to ratios
of stocks to trade ows across all major commodity groups, thereby providing a consistent
measure of how trade dependence and inventory conditions shape exposure to global forces.

The energy block provides a clear illustration of the link between market fundamentals
and sensitivity to the global factor. Given the historical signi cance of U.S. dependence on
foreign crude oil and the role of imports in integrating the domestic natural gas market with
international ows, the stock-to-import ratio serves as a particularly salient indicator of market
tightness. Periods when inventories are large relative to imports tend to coincide with lower
sensitivity to the global factor, whereas tighter inventory positions are associated with higher
loadings. This inverse relationship is illustrated in Figure 2.5, which displays decade-speci ¢
squared factor loadings alongside the corresponding stock-to-import ratios for crude oil (panel
a) and natural gas (panel b). This pattern supports the interpretation that when reliance on
international ows is high and domestic inventories are low, creating tighter market conditions,
prices become more sensitive to common global shocks. Conversely, this nding implies a pos-
itive relationship between the import-to-stock ratio and SFLs; these alternative speci cations
are presented in Appendix B.3 to con rm this interpretation.

The analysis of the grains block reveals a similar dynamic to the energy sector, in which
the ratio of inventories to trade ows is central to understanding variations in global factor
sensitivity. Figure 2.6 plots the decade-speci c loadings against ratios of ending stocks to
trade variables for ve major grains. For corn and wheat, which re ect their signi cant role
as primary U.S. agricultural exports, exposure to international market conditions is most
effectively captured by the ending-stocks-to-exports ratio. This measure displays a pronounced

6Certain commodities may be more sensitive to characteristics other than trade or inventory ratios. Details are
provided in Appendix B.3.
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inverse relationship for both grains: periods when domestic inventories are high relative to
export demand consistently coincide with lower SFLs.

A similar inverse relationship is observed for the remaining grains, though the speci c trade
variable used in the denominator re ects their distinct market structures. For barley (panel c),
where both imports and exports constitute signi cant channels of international exposure, the
stocks-to-trade-volume ratio provides a comprehensive measure, and this ratio broadly tracks
swings in factor loadings. By contrast, for oats (panel d) and rice (panel €), where reliance on
imports is the dominant source of integration with global markets, the stocks-to-imports ratio
serves as the most relevant indicator. Both ratios exhibit a clear inverse alignment with their
corresponding SFLs. Taken together, these ndings indicate that, regardless of whether global
integration operates through exports, imports, or total trade, tighter inventory conditions
consistently amplify the sensitivity of U.S. grain prices to the global factor. For completeness,
commodity-speci ¢ measures that more precisely capture these mechanisms—such as feed-
and-residual-use to total supply ratios for corn and wheat—are presented and discussed in
Appendix B.3.

Turning to oilseeds, Figure 2.7 shows the relationship between squared factor loadings
and the ratio of ending stocks to trade volume for soybeans, soybean meal, and cottonseed
meal. For soybeans and soybean meal-both heavily traded internationally—periods of lower
ending stocks relative to trade activity are associated with higher squared factor loadings,
indicating that price sensitivity to global conditions intensi es when inventories are tight.
Because imports are negligible in these markets, trade volumes (dominated by exports) serve
as the principal measure of international exposure. Cottonseed meal, by contrast, accounts for
a much smaller share of world trade, with most production consumed domestically. Its squared
factor loadings are therefore lower on average than those of soybeans and soybean meal, but
the series nevertheless exhibits broadly similar decade-to-decade movements, suggesting that
even commodities with limited external exposure can move in tandem with global factors
when domestic fundamentals are strained.

Cocoa and coffee present a distinct pattern driven by their unique supply structure within
the U.S. market. As domestic production of both commaodities is negligible, nearly all consump-
tion is satis ed by foreign supply, making the ratio of total use to imports the most relevant
indicator of global integration. As shown in Figure 2.8, periods of heightened reliance on
these imports generally align with higher squared factor loadings for both commodities. This
structural dependence means that U.S. prices are inherently exposed to shocks in producing
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countries and shifts in global demand. The observed co-movement is therefore consistent with
the interpretation that greater trade exposure, particularly when driven by a lack of domestic
production capacity, ampli es a commodity's sensitivity to the global factor.

For the industrial commodities of cotton, sorghum, and wool, the ratio of ending stocks
to trade volume appears to be a key market indicator, similar to its application for oilseeds,
as illustrated in Figure 2.9. The predominant pattern is a direct relationship where inventory
ratios and SFLs tend to move in the same direction. The broadly similar dynamics of sorghum
and cotton, both of which follow this co-movement trend except for a single deviation, can
be interpreted through their shared market characteristics. Both are exposed to international
markets: cotton serves as a primary input for the global textile industry, while sorghum is a
major export feed grain heavily in uenced by demand from Chinain recent decades. In contrast,
the U.S. wool market has a stronger domestic orientation and is less integrated globally. This
domestic focus is consistent with wool's low and stable SFLs, suggesting it is less susceptible to
broad global shocks.

The analysis of the metals group reinforces the nding that sensitivity to the global factor is
systematically linked to the balance between domestic inventories and international trade. For
most industrial metals, the U.S. market is heavily reliant on foreign supply, making imports the
most critical component of their trade dynamics. Consequently, the stocks-to-imports ratio
is employed as a consistent indicator of market tightness for all six LME metals, as shown in
Figure 2.10. This ratio is constructed using total stocks for aluminum and tin—de ned as the
sum of all reported public and private inventory categories—while standard stock levels are
used for the other metals. Across the majority of the group, a clear inverse relationship emerges,
whereby decades with higher inventory levels relative to import reliance tend to correspond
with lower SFLs.

This inverse pattern is particularly evident for aluminum, copper, lead, and zinc (panels a,
b, c, and f). For these foundational industrial metals, periods of constrained domestic supply,
re ected by lower stock-to-import ratios, are associated with a heightened sensitivity to the
global factor. The dynamics for nickel and tin (panels d and e) are less uniform. While they also
broadly follow the inverse trend, their SFLs sometimes exhibit distinct movements, potentially
re ecting several factors, including more volatile demand from rapidly evolving industrial sec-
tors and a greater susceptibility to market-speci ¢ shocks. These variations highlight that while
the stock-to-import ratio serves as a robust general indicator for the metals group, idiosyncratic
demand shocks can also play a signi cant role. Further analysis of these commodity-speci ¢ dy-
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namics, including the positive co-movement with inverted import-to-stock ratios, is available
in Appendix B.3.

The precious metals block is characterized by a dual role as industrial inputs and nancial
assets, a feature central to understanding their link with the global factor. Figure 2.11 assesses
this link using two complementary measures: the level of U.S. imports (panels a—c) and the
ratio of imports to primary production (panels d—f). Across all three metals, periods of greater
import reliance coincide with higher squared factor loadings, indicating heightened sensitivity
to global shocks. The import-to-production ratios reinforce this result by showing that stronger
dependence on foreign supply is systematically associated with greater exposure to the global
factor. The evidence suggests that the nancial dimension of precious metals—where demand
as a store of value and hedge against uncertainty varies with global conditions—ampli es their
co-movement with the common factor, complementing their industrial use.

To explore the cross-sectional dimension of this relationship and track its evolution, Fig-
ure 2.12 plots a cross-section of commodities for each decade, with the decade-average stocks-
to-trade variable on the x-axis and the corresponding squared factor loading on the y-axis. The
black dashed line in each panel represents a simple OLS t, included to summarize the linear
tendency in the cross-section rather than to identify a structural relationship. For accurate
interpretation of the gure, several methodological details are important. The 1960s panel uses
a unique y-axis scale, while the panels from the 1970s to the 2010s share a common range of
y 2[0,8] to facilitate comparison. As a consequence of this common scale, a few high-leverage
observations are excluded from the plots to better visualize the central tendency of the majority
of commodities. Notably, in the 1970s panel, soybean meal ( 17.6), soybean ( 12.0), and
cottonseed meal ( 15.8) lie above the axis limit, as does cottonseed meal ( 11.5) in the 1980s
panel. Additionally, oats is excluded from the 1970s analysis as an outlier.

A negative slope is consistent with the premise that tighter markets, re ecting lower stocks
relative to trade, are associated with higher loadings. The tted slopes in the 2000s and 2010s
are statistically signi cant, whereas those in earlier decades are weaker. This observation
is consistent with a tendency for commaodities with lower stocks-to-trade ratios to be more
strongly associated with higher squared factor loadings in the post-2000 period, suggesting that
market tightness became a more prominent feature in explaining cross-sectional differences
in global factor sensitivity.

Taken together, the decade-by-decade analysis provides compelling evidence that a com-
modity's sensitivity to the global factor is systematically related to observable market funda-
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mentals. A central nding emerges from the investigation. For a majority of commodities,
ratios of inventories to international trade ows serve as a key indicator of their exposure
to global shocks. This pattern is remarkably consistent across highly distinct groups. In the
energy, industrial metals, grains, and oil seeds blocks, tighter market conditions, as indicated
by lower stock-to-trade ratios, are systematically associated with higher squared factor load-
ings. Even for precious metals and foodstuffs, where direct stock-to-trade measures are less
applicable, proxies for global integration such as import reliance show a similar dynamic. While
this stock-to-trade framework is broadly applicable, the analysis also highlights important
heterogeneity. For instance, the most relevant trade channel, whether imports, exports, or total
trade volume, varies across commaodities, re ecting their unique market structures. Overall,
the consistent prevalence of these stock-to-trade ratios across such diverse markets con rms
their fundamental role as a primary channel through which global forces are transmitted to
individual commodity prices.

2.4 Conclusion

This study investigates the common forces driving commaodity price co-movement using a
large panel of monthly prices from 1960 to 2020. By employing recently developed econometric
techniques, the analysis moves beyond simply documenting co-movement to provide a more
granular understanding of its nature and determinants. The initial application of the Barigozzi
and Trapani (2022) test reveals a rich factor structure, identifying not only a common stochastic
trend but also a deterministic trend and a signi cant number of stationary cyclical components
that underlie the dynamics of the 39 commodities. The primary global factor extracted from a
dynamic factor model is shown to be a robust proxy for global economic conditions, correlating
strongly with established measures of global demand, such as the Kilian index and OECD
industrial production, as well as nancial market variables, including U.S. monetary policy and
risk sentiment proxied by the VIX index. The formal GMM analysis con rms that these demand
and nancial channels are signi cant drivers of the common component in commaodity prices,
with supply-side factors like precipitation also playing a measurable role.

A complementary cross-sectional perspective links heterogeneity in exposure to observable
market fundamentals, with market tightness emerging as a key organizing principle. Squared
factor loadings rise systematically when inventories are low relative to trade ows, a pattern
that recurs across energy, industrial metals, grains, and oilseeds; a similar dynamic is also
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evident for precious metals and import-dependent foodstuffs, for which import-reliance serves
as a comparable proxy. The decade-by-decade panels show that this association strengthens
and becomes statistically signi cant in the 2000s and 2010s, consistent with deeper trade
integration, evolving storage technologies, and changing policy regimes. While the tted lines
in these panels primarily summarize cross-sectional tendencies rather than identify a structural
effect, their consistency—supported by robustness checks with alternative within-decade
representatives and rolling windows—points toward a durable relationship between market
tightness and global-factor sensitivity.
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Table 2.1: Block Structure

Global Blocks Sub-blocks Commodity Group  Number

All commodities

Energy 3
Non-Energy
Agriculture
Foodstuffs 8
Grains&Oilseed 9
Industrial 5
Livestock&Meats 4
Metals 6
Precious Metal 4
Total 39

Note: The table illustrates the block structure of commodity groups based on the

CRB's data guide. The Agriculture group can be further decomposed into more de-
tailed groups, Foodstuffs and Grains&QOilseed. The Energy block includes Crude oil
brent, propane and natural gas. The Precious Metal block includes gold, silver, palla-
dium and platinum.

Table 2.2: Commodity Group Assignments

Group Name No. Lists

Energy 3 crudeoilbrent, naturalgas, propane

Agriculture — Foodstuffs 8 buttergradea, cocoa, coffee, ourhardwinter, lard, milkclass3,
orangejuicefrozen, sugarll

Agriculture — Grains & Oilseed 9 barley, corn, cornoilwet, cottonseedmeal, oatswhiteheavy,

ricerough2, soybean, soybeanmeal, wheatchicago
Industrial 5 cottonnybot, hideheavynative, lumber, sorghum, wool64s
Livestock & Meats 4  broilerchicken, cattlelive, hogslive, porkbelliesfrozen
Metals 6 aluminum, copper, lead, tin, nickel, zinc
Precious Metals 4  gold, palladium, platinum, silver

Total 39
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Table 2.3: OLS and GMM Regression: Supply Factors

OLS GMM

1 2 (3 (4)
GlobalFactor GlobalFactor GlobalFactor GlobalFactor

Rain -0.0293 -0.0307 -0.184 -0.237
(0.0133) (0.0133) (0.0894) (0.0961)
Temp. -0.0719 -0.214
(0.0496) (0.325)
Constant 0.0313 0.0368 0.0924 0.127
(0.359) (0.359) (1.110) (1.142)
N 709 709 708 708

Note: All variables are expressed as annual log changes. Columns (1)—(2)
present OLS estimates, and columns (3)—(4) show GMM estimates. HAC
robust standard errors are reported in parentheses. Temperature and
precipitation data are from the NOAA National Centers for Environ-
mental Information (NCEI). Signi cance levels are denoted as follows:

p <0.10, p<0.05,and p<0.01.

72



Table 2.4: OLS and GMM Regression: Demand Factor with IP

oLS
(1) 2 (3 (4)
GlobalFactor GlobalFactor GlobalFactor  GlobalFactor
IP 1.437 1.506 1.855 1.167
(0.0815) (0.0782) (0.109) (0.0756)
CPI 0.894 0.577
(0.108) (0.135)
USREER 0.0816
(0.0543)
Crude Brent 0.107
(0.00801)
Constant 4,566 8.057 7.386 4,373
(0.398) (0.567) (0.616) (0.356)
N 708 708 505 708
GMM
() (6) (7) (8
GlobalFactor GlobalFactor GlobalFactor  GlobalFactor
IP 1.466 1.513 1.843 1.184
(0.238) (0.200) (0.250) (0.179)
CPI 0.821 0.477
(0.327) (0.315)
USREER 0.0280
(0.142)
Crude Brent 0.104
(0.0165)
Constant 4.667 7.821 7.024 4.413
(1.002) (1.525) (1.652) (0.709)
N 707 707 504 707

Note: All variables are expressed as annual log changes. Panel A reports
OLS estimates and Panel B reports GMM estimates. HAC standard errors
are in parentheses. IP denotes the OECD+6 Industrial Production index
from Baumeister and Hamilton (2019). USREER denotes the U.S. real ef-
fective exchange rate and begins in 1979. Signi cance levels: p < 0.10,
p <0.05, p<0.01.
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Table 2.5: OLS and GMM Regression: Demand Factor with Kilian Index

OoLS

(1)
GlobalFactor

2
GlobalFactor

®)

GlobalFactor

(4)

GlobalFactor

Kilian Index 0.0926 0.0887 0.0792 0.0620
(0.00662) (0.00683) (0.00747) (0.00681)
CPI 0.295 0.347
(0.134) (0.159)
USREER 0.0923
(0.0621)
Crude Brent 0.102
(0.00990)
Constant 0.00518 1.149 1.893 0.738
(0.355) (0.631) (0.662) (0.336)
N 625 625 505 625
GMM
(5) (6) (7) (8)
GlobalFactor GlobalFactor GlobalFactor GlobalFactor
Kilian Index 0.0919 0.0898 0.0827 0.0542
(0.0140) (0.0145) (0.0130) (0.0164)
CPI 0.147 0.162
(0.411) (0.491)
USREER 0.0421
(0.163)
Crude Brent 0.122
(0.0374)
Constant 0.00693 0.567 1.285 0.881
(1.044) (1.879) (1.956) (0.933)
N 624 624 504 624

Note: All variables are expressed as annual log changes. Columns (1) to (4) report
OLS estimates and columns (5) to (8) report GMM estimates. HAC standard errors
are in parentheses. Kilian Index denotes the index of global real economic activ-
ity from Kilian (2009). CPI denotes the consumer price index. USREER denotes
the U.S. real effective exchange rate and begins in 1979. Crude Brent denotes the

Brent crude oil price. Signi cance levels:
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Table 2.6: OLS and GMM Regression: Financial Factors

OLS

1)

GlobalFactor

@)

GlobalFactor

®)

GlobalFactor

FedFunds 0.0187 0.0192 0.0190
(0.00458) (0.00501) (0.00498)
SP500 0.152 0.150
(0.0322) (0.0316)
VIX 0.0523 0.0538
(0.0141) (0.0137)
BOP 0.0109
(0.0252)
Constant 0.0165 1.640 1.611
(0.357) (0.553) (0.548)
N 708 384 384
GMM
(4) (5) (6)
GlobalFactor GlobalFactor GlobalFactor
FedFunds 0.0199 0.0200 0.0199
(0.00945) (0.00843) (0.00992)
SP500 0.163 0.160
(0.0970) (0.122)
VIX 0.0779 0.0798
(0.0291) (0.0311)
BOP 0.0104
(0.0706)
Constant 0.0212 1.751 1.718
(1.081) (1.303) (1.658)
N 707 383 383

Note: All variables are expressed as annual log changes.
Columns (1) to (3) report OLS estimates and columns (4) to (6)
report GMM estimates. HAC standard errors are in parenthe-
ses. FedFunds denotes the effective federal funds rate. SP500
denotes the S&P 500 index. VIX denotes the CBOE Volatility In-
dex. BOP denotes the U.S. balance of payments relative to GDP.

Signi cance levels: p <0.10,

p <0.05, p<0.01.
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Figure 2.1: Global Factor and Economic Activity

(a) Global Factor and OECD+6 Industrial Production (IP)

(b) Global Factor and Kilian Index

Note: The gure plots the extracted global factor (right axis) against two indexes for global real
economic activity (left axis). The OECD+6 IP index, sourced from Baumeister and Hamilton (2019),
aggregates industrial production from OECD member countries plus six major emerging economies
(Brazil, China, India, Indonesia, Russia, and South Afsica). The Kilian Index is sourced from Kilian
(2009). For comparability, the global factor and the IP index are shown as annual log changes, while the

Kilian Index is in its original level.



Figure 2.2: Global Factor and Federal Funds Rate

Note: The gure plots the extracted global factor (right axis) against the U.S. Federal Funds Effective
Rate (left axis). The nancial series is transformed into annual log changes to facilitate comparison with
the global factor. The Federal Funds Rate is sourced from FRED.
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Figure 2.3: Squared Factor Loadings of Commodities, 1960-2020

Note: The gure reports squared factor loadings for each commodity over the period 1960-2020. Higher
values indicate that a larger share of the commodity's variance is explained by the global factor. Grains
such as soybean, soybean meal, and wheat exhibit particularly high squared factor loadings,
underscoring their sensitivity to global demand and supply shocks. Precious metals, especially silver,
also stand out, re ecting their dual role as both commodities and nancial assets. By contrast,
commodities such as butter or oats show relatively low squared factor loadings, suggesting that local or
idiosyncratic conditions dominate their price dynamics.
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Figure 2.4: Decade-by-Decade Squared Factor Loadings

Note: Each panel displays the squared factor loadings ( iz) by commodity within a given decade,
ordered consistently across panels. The common y -axis scale facilitates visual comparison over time.
The panels highlight the shifting importance of commodity groups: grains are prominent in earlier
decades, while energy and metals gain traction in the 2000s and 2010s. For readability, only the names
of the top 15 commodities are shown in each panel.
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Figure 2.5: Energy (Crude Oil and Natural Gas) : Stocks-to-Imports Ratios

(a) Crude oil stocks-to-imports ratio (b) Natural gas stocks-to-imports ratio

Note: The gure presents the stock-to-import ratios for crude oil (a) and natural gas (b). Each panel
overlays the decade-average ratio (left axis) with decade-speci ¢ squared factor loadings (SFL) (right
axis). The underlying quantity data, measured in quadrillion British thermal units (Btu), are from the
U.S. Energy Information Administration (EIA).
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Figure 2.6: Grains: Ending-Stocks-to-Trade Variables Ratios

(a) Corn: stocks/exports (b) Wheat: stocks/exports (c) Barley: stocks/trade volume

(d) Oats: stocks/imports (e) Rice: stocks/imports

Note: Each panel displays decade averages of an ending-stocks-to-trade-variable ratio (left axis) with
decade-speci ¢ SFL (right axis). A broadly inverse relationship is observed across all ve commaodities.
All quantity data are obtained from the United States Department of Agriculture (USDA).
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Figure 2.7: Oilseeds: Soybeans, Soybean Meal, and Cottonseed Meal

(a) Soybeans: ending stocks / (b) Soybean meal: ending stocks (c) Cottonseed meal: ending
trade volume / trade volume stocks / trade volume

Note: Each panel shows decade averages of ending-stocks-to-trade-volume ratios (left axis) with
decade-speci ¢ squared factor loadings (right axis). The left, middle, and right panels correspond to
soybeans, soybean meal, and cottonseed meal, respectively. Decades with lower ending stocks relative
to trade activity correspond to higher squared factor loadings, indicating that price sensitivity to global
conditions tends to be greater when inventories are more constrained. All data are obtained from the
United States Department of Agriculture (USDA).

Figure 2.8: Foodstuffs: Cocoa and Coffee

(a) Cocoa: total use / imports (b) Coffee: total use / imports

Note: Each panel overlays decade averages of the total-use-to-imports ratio (left axis) with
decade-speci ¢ squared factor loadings (right axis). The left panel corresponds to cocoa and the right
panel to coffee. For these commodities, which are almost entirely imported into the U.S., this ratio
captures the degree of reliance on foreign supply relative to domestic consumption. Data are from the
USDA.
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Figure 2.9: Industrial Commodities: Sorghum, Wool, and Cotton

(a) Sorghum: ending stocks / (b) Wool: ending stocks / trade  (c) Cotton: ending stocks / trade
trade volume volume volume

Note: Each panel display decade averages of ending-stocks-to-trade-volume ratios (left axis) with
decade-speci ¢ squared factor loadings (right axis). The left, middle, and right panels correspond to
sorghum, wool, and cotton, respectively. The underlying annual quantity series are measured as follows:
sorghum in million bushels, wool in million clean pounds, and cotton in million 480-Ib bales. All
guantity series are from the USDA.
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