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I. Introduction

Commodity prices exhibit recurrent boom-bust cycles with macroeconomic consequences for
inflation, trade balances, and fiscal revenues. The most recent episode began in early 2020 and
culminated in mid-2022, when a broad set of commodities moved sharply and in tandem. Over
this period, the prices of crude oil, wheat, and copper rose by roughly 260%, 150%, and 97%,
respectively, before declining across the board as global growth slowed in late 2022. Episodes of
synchronized commodity price movements, however, are not unique to the post-pandemic period.
In the post—World War II era, at least two other broad-based boom—bust cycles, the 1970s and the
2000s, were characterized by large, widespread increases in commodity price indices followed by

reversals.!

A large literature documents the strong positive correlation between common fluctuations in com-
modity prices and measures of global economic activity (see, for example, Delle Chiaie et al., 2022).
This correlation is informative, but it does not identify the forces behind common commodity-price
movements. These common fluctuations can arise from aggregate-demand shocks, such as synchro-
nized macroeconomic stimulus or a broad shift in the propensity to spend; from aggregate-supply
shocks, such as productivity growth or trade liberalization, which raise commodity prices by in-
creasing the demand for commodity inputs; or from commodity-market shocks, such as shifts in
commodity supply disruptions or storage demand. These forces imply different paths for output and
inflation, and therefore different policy tradeoffs. This motivates the central question of the paper:

which forces drive the common component of commodity-price fluctuations?

We address this question using a two-step empirical framework. First, we estimate a multilevel
dynamic factor model (DFM) for a panel of 35 real commodity prices spanning 1970:M4-2024:M7.
The model decomposes each commodity price growth rate into a global factor that captures comove-
ment across all commodities, group factors that capture comovement within commodity groups, and
idiosyncratic components. Second, we embed the estimated global commodity factor in a structural
factor-augmented vector autoregression (FAVAR) alongside measures of global economic activity
and global inflation. The FAVAR identifies three shocks, all normalized to raise commodity prices
but differing in their output and inflation responses: a global aggregate demand shock, a global
aggregate supply shock, and a commodity-market shock.

The three shocks are identified by sign restrictions on the responses of global activity, global
inflation, and the global commodity price factor. An aggregate-demand shock raises activity and

inflation; an aggregate-supply shock raises activity and lowers inflation; and a commodity-market

ISee Radetzki (2006) and Baffes & Kabundi (2024) for discussions of major commodity price booms in the
post—World War II period.



shock raises inflation and lowers activity. A New Keynesian model with multi-sector commodity
inputs provides the rationale for these restrictions, generating each pattern in turn. A preference
shock raises spending, output, inflation, and the demand for commodity inputs. A productivity
shock outside commodity markets lowers marginal cost and inflation, while the expansion of output
raises commodity demand and prices. Inventory-demand shocks and commodity supply disruptions
raise commodity prices without expanding productive capacity or final demand; the higher cost of
commodity inputs raises marginal cost and inflation, while output falls. The model also implies that
aggregate responses do not separate inventory demand from sector-specific supply disruptions, so
the identified commodity-market shock is interpreted as a composite of disturbances originating

within commodity markets.?

Our first set of results concerns the global commodity factor estimated by the dynamic factor model.
The global factor explains, on average, 12.3% of the variation in commodity price growth over the
full sample, with larger shares for metals and precious metals than for fertilizers and raw materials.
Its average contribution more than doubled across subsamples, from 8.3% in 1970-1999 to 18.6% in
2000-2024. The global factor is associated with measures of global economic activity, but it does not
coincide one-for-one with them, and its largest peaks often occur around major commodity-market
events.

The structural results show that the three shocks sustain the global commodity factor over different
horizons. The response to an aggregate-demand shock peaks within the first year and then unwinds;
the response to an aggregate-supply shock builds over about half a year and is the most persistent of
the three; and the response to a commodity-market shock rises quickly but remains below it after the
first year. This ranking anticipates the historical decompositions, which show that major commodity

booms differ in the shocks that drive the global commodity factor.

Under the identifying restrictions, the 2000s commodity boom, widely described as a “super-cycle”
in the literature, was associated predominantly with a sustained sequence of positive aggregate-
supply shocks.? The post-2020 commodity price surge reflected a changing mix of shocks rather than
a single persistent driver. Aggregate-supply and commodity-market shocks supported prices through
much of the recovery from mid-2020 onward, aggregate-demand shocks remained a drag until late
2021 and then turned positive as the reopening broadened, and commodity-market shocks intensified
around Russia’s invasion of Ukraine. The 1970s boom was shaped primarily by commodity-market
shocks.

2The restrictions identify each shock through the sign of its effects on output, inflation, and commodity prices.
The model’s preference and productivity shocks are illustrative in this sense: other disturbances with the same effects,
including ones the model does not include, are equally admissible.

3Productivity growth, trade liberalization, structural reforms, and rapid industrialization in emerging economies are
possible sources because each can increase demand for commodity inputs. The decomposition does not attribute the
shocks to particular mechanisms, countries, or policies.



The paper makes three main contributions. First, using a large panel of commodities over more than
five decades, we document the global component of commodity-price comovement, its evolution
over time, and the group-specific comovement that remains once the global component is removed.
Second, we decompose the global commodity cycle into aggregate-demand, aggregate-supply,
and commodity-market forces, identifying all three jointly in a single structural framework whose
restrictions are motivated by a New Keynesian dynamic stochastic general equilibrium (DSGE)
model with multi-sector commodity inputs. Third, we use historical decompositions, reported for
the full sample and for major commodity-price episodes, to show how the contribution of each shock

changes over time.

This paper relates to a growing body of empirical work on common movements in commodity prices.
Since Pindyck & Rotemberg (1990) documented comovement among the prices of largely unrelated
commodities, a range of methodologies has been used to investigate the existence and drivers of
common price cycles in commodity markets (see, amongst others, Ai et al., 2006; Cuddington
& Jerrett, 2008; Lescaroux, 2009; Alquist et al., 2020; Baffes & Kabundi, 2023). A number of
studies have applied multilevel dynamic factor models to decompose commodity price variation
into global, sectoral, and idiosyncratic components (e.g., Yin & Han, 2015; Delle Chiaie et al.,
2022; Bilgin & Ellwanger, 2017), while a related strand has explored the macroeconomic drivers
of common commodity price fluctuations using structural vector autoregression frameworks (e.g.,
Byrne, Sakemoto, & Xu, 2017; Charnavoki & Dolado, 2014; Ha, Kose, & Ohnsorge, 2019). Our
contribution is to distinguish aggregate-demand from aggregate-supply forces within the common
commodity cycle and to quantify their changing historical contributions alongside commodity-
market disturbances. This extends the measurement of global and sectoral comovement in Bilgin &
Ellwanger (2017) and Delle Chiaie, Ferrara, & Giannone (2022). It also applies a sign-restriction
scheme close to that of Charnavoki & Dolado (2014), who study a small commodity-exporting
economy, to a broad commodity factor rather than to the crude-oil price studied by Kilian (2009).*

The remainder of the paper is structured as follows. Section II presents the theoretical framework
that motivates the identification of structural shocks. Section III describes the data, the dynamic
factor model, the FAVAR specification, and the estimation strategy. Section IV reports the empirical
results: the estimated global and group factors, the variance decompositions, the impulse responses,

and the historical decompositions for major boom-bust episodes. Section V concludes.

4 Appendix A provides a fuller discussion of the related literature.



II. Theoretical Considerations

A stylized New Keynesian model with multi-sector commodity inputs motivates the empirical
identification strategy.” The model shows that aggregate-demand, aggregate-supply, and commodity-
market disturbances generate distinct responses of output, inflation, and commodity prices. The
preference and productivity shocks below illustrate the first two disturbances, and the inventory-
demand and negative commodity-supply shocks the third. The empirical shocks may also reflect
other disturbances that produce the same responses. Preference and productivity shocks are standard
disturbances in New Keynesian models, while storage and supply disruptions are the disturbances

most commonly studied in the commodity-market literature.6

Production. A continuum of monopolistically competitive firms produce differentiated final goods
using labor and a composite commodity input. Firm j’s production technology is

/(u=1)
Yi(7) = A [ () 0 (1= ) i ) D] T (M

where A, is aggregate total factor productivity (TFP), M;(j) is the commodity input, N;(j) is
labor, « is the commodity cost share, and p is the elasticity of substitution between labor and
commodities. TFP follows a first-order autoregressive process, denoted AR(1), &; = pad;_1 + €7,
where £; = log X; —log X denotes the log deviation of a variable from its steady-state value. A positive
productivity innovation (¢* > 0) raises the marginal product of all inputs, including commodities.
Firms set prices subject to Calvo (1983) staggered price setting, generating a New Keynesian Phillips

curve that links inflation to marginal cost.

Households. A representative household maximizes expected lifetime utility over consumption and
leisure: |
cl° o e

EoZﬁt ﬁr 5 1+‘P

; 2)

where f is the discount factor, o is the coefficient of relative risk aversion, @ is the inverse Frisch
elasticity of labor supply, ¥ > 0 scales the disutility of labor, and &, is a preference shifter that
follows ét Pe ét 1+ 85. A positive preference shock (8,5 > 0) increases the marginal utility of
current consumption, raising aggregate demand and, in equilibrium, output and inflation. Monetary

policy follows a Taylor-type rule that responds to inflation and the output gap.

3The model combines Calvo (1983) price rigidity with the commodity-input and shock-transmission mechanisms
studied by Bodenstein & Guerrieri (2011) and Plante (2014).

%The model is intentionally stylized and is not intended as a quantitative account of global commodity markets. The
online appendix reports the full model derivation and calibration.



Commodity market. Commodity supply is modeled as an upward-sloping schedule,

Q1 = Qexp(Ep"" +141), 3)

where ( is the supply elasticity and Z; captures exogenous commodity supply disturbances. A
negative realization (Z; < 0) reduces commodity supply and raises commodity prices. In practice,
commodity supply disruptions are typically sector-specific, for example, oil production outages due
to conflict or supply management by the Organization of the Petroleum Exporting Countries (OPEC),
weather-related disruptions to agricultural output, or mining strikes. Because energy, metals, and
food enter a constant-elasticity-of-substitution (CES) commodity composite, a sector-specific shock
can move the broad commodity price index, especially when short-run substitution across groups is
limited.

The model also includes a stylized inventory channel. Inventory holders choose commodity stocks
because inventories provide storage services, including precautionary availability and the option to

meet future demand. Desired inventories for commodity group g satisfy
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where v, is a global inventory-demand state, V, , is a group-specific inventory-demand state, and

Ns > 0 is the price elasticity of desired stocks. Actual inventories adjust gradually,

§8J = png,tfl + (1 - ps)fz,’,. (5)

Commodity market clearing is physical: production use plus inventory accumulation must equal

supply,
Qg,t = MgJ "’Ig,ta IgJ = SgJ - (1 - 5S)Sg7t—1' (6)

A positive inventory-demand innovation raises desired stocks, increases current stockbuilding, and

therefore raises commodity prices without directly expanding final demand or productive capacity.

Commodity price equilibrium. The log-linearized equilibrium real commodity price index satisfies
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where p;"" is the real commodity price index, dy is the commodity-demand shifter implied by the
firms’ cost-minimizing input demand, ¥, is output, d, is total factor productivity, mc, is real marginal
cost, 7; is inventory accumulation, 2, is commodity supply, and A is the steady-state share of inventory

accumulation and replacement demand in total physical commodity demand. The denominator



captures the slope of excess demand. Higher substitution between labor and commodities or higher
commodity supply elasticity dampens price responses. The direct productivity coefficient in the
demand shifter is positive when p > 1 and zero at the Cobb—Douglas benchmark (¢ = 1). At that
benchmark, productivity affects commodity prices through the equilibrium responses of output and
marginal cost. The coefficient is negative when u < 1, where complementarity between labor and
commodities can offset the equilibrium expansion in commodity demand; the Monte Carlo exercise
below samples values on both sides of the benchmark. Since output, marginal cost, and inventory
accumulation are endogenous, each structural shock affects commodity prices through several
channels. The shocks are distinguished by their joint effects on output, inflation, and commodity

prices in general equilibrium.

Impulse responses and identifying restrictions. Figure 1 reports impulse responses from the
calibrated DSGE model.” A preference shock raises output, inflation, and commodity prices
together. A productivity shock lowers marginal cost, and the equilibrium expansion of output raises
the derived demand for commodity inputs, so output and commodity prices rise while inflation falls.
Inventory-demand and negative commodity-supply shocks raise commodity prices and inflation
while lowering output. The empirical commodity-market shock combines these disturbances, which
share the sign pattern in columns 3 and 4 of Figure 1.8

The shaded regions in Figure 1 assess sensitivity to calibration choices. Of 500 Monte Carlo
calibrations, 43 percent preserve the aggregate sign pattern over the first four quarters, and the bands
are conditional on that subset.® They show that the model can generate the identifying signs under
these calibrations, not that the signs are independently validated by the data. The quarterly model
motivates the direction of the responses; the monthly FAVAR imposes the signs only from impact

through month 3 and examines longer restriction horizons separately.

III. Data and Methodology

We use a two-step empirical framework. First, a multilevel dynamic factor model decomposes

commodity-price growth into global, group-specific, and idiosyncratic components. Second, a

"The model is solved using Dynare. The online appendix reports the full calibration, parameter ranges, and
implementation details.

8 A sector-specific disruption that moves prices across several commodity groups contributes to the common
component that the global factor captures, while comovement confined to one group is captured by that group’s factor.
The correspondence between the model’s price indices and the estimated factors is interpretive.

A calibration is admissible only if every shock produces the required signs for output, inflation, and commodity
prices in each of the first four quarters. The ranges include values of y below one, where labor and commodities are
complements; the reported bands use the calibrations that satisfy the joint sign restrictions.



structural FAVAR uses the estimated global factor, world industrial production, and global inflation

to identify the shocks driving the global commodity cycle.

III.1 Data

The dataset includes monthly series of commodity prices, global economic activity, and global
inflation. The commodity price panel used in the DFM spans 1970:M4-2024:M7. The common
sample for world industrial production, the global commodity factor, and global inflation is 1971:M1-
2023:M11, which defines the FAVAR estimation period. The commodity price data is obtained
from the World Bank’s Commodity Price database (henceforth, the Pink Sheet). The Pink Sheet
contains data on 55 commodity prices and indices. We exclude series that are either aggregates
or close substitutes of other series to avoid introducing price comovement by construction.!? This
leaves us with 35 commodities, which are divided into 9 distinct groups based on the Pink Sheet’s
classification. The groups include energy, metals, precious metals, fertilizers, grains, food oils,
other foods, beverages, and raw materials.!! All series are deflated using the U.S. Consumer Price
Index for all urban consumers (CPI) published monthly by the Bureau of Labor Statistics (BLS)
and transformed by taking first differences of logs. We measure global economic activity based on
the world industrial production index developed by Baumeister & Hamilton (2019). The global
inflation rate is proxied by the inflation rate for the Organisation for Economic Co-operation and
Development (OECD).

III.2 Dynamic Factor Model

Consider a panel of N commodity price series, each of length 7', which can be categorized into R
distinct commodity groups. Our goal is to model common movements across all series and common
movements within specific commodity groups. Suppose y;; represents the growth rate of the price
of commodity i at time period #. We assume that y;; can be decomposed into three components: (1)
a common global component (or global factor, f, ;) that affects all commodity price series, (2) a
common group component (or group factor, f.;) that affects only commodity prices within group 7,

and (3) an idiosyncratic disturbance, €;,, that only affects an individual commodity price series i.

10For example, we include ‘Logs, Malaysian” but exclude ‘Sawnwood, Malaysian® since the latter is produced by
cutting the logs longitudinally. The two products are vertically linked along the same production chain, so changes in
the price of sawnwood closely follow the fluctuations in the price of logs. Thus, including both series will generate price
comovement by construction. Similarly, we keep one monthly price series for each of the following: crude oil, natural
gas, coffee, tea, soybeans, sugar, and phosphate.

"Table 1 reports all 35 commodities together with their group classification and variance decompositions.



The growth rate of commodity price series i at time period ¢ can, thus, be written as

Yig =boi + bgifer + brifre + Eiy, (®)

wherei = 1,....N,r = 1,...,RwithR<Nandt = 1,...,T. The coefficients b, ; and b,; are
factor loadings that reflect the degree to which fluctuations in y;, can be accounted for by the global
and group-specific factors, respectively. The idiosyncratic disturbance, &; ;, follows an AR(g) process

g = Yi(L)g—1 + Gy 9
where ;(L) is a lag polynomial operator, §;; ~ N(0,0?) and E(¢;: ¢ ) =0foralli# j.

The global and group-specific factors can be collected in the vector F; = [fos, fiss---, fRi]- Fr
follows an AR(p) process such that

Fy = ®(L)F 1 + v, (10)

where ®(L) is a diagonal lag polynomial matrix, v, ~ N(0,6Ig, 1) with 6> normalized to 1 and
E(&ivye) = 0. Since ®(L) is a diagonal matrix, the latent factors evolve independently within
the state equation. Also, since innovations {;; and v,, are contemporaneously uncorrelated, all
comovement in commodity prices is captured by the common factor structure rather than by the

idiosyncratic disturbances.

In the baseline specification, p = 3 and ¢ = 2: each latent factor follows an autoregressive process
of order 3, AR(3), and each idiosyncratic component follows an autoregressive process of order 2,
AR(2).

Identification of Global and Group-specific factors

The factor loadings can be collected in an N x K matrix, B. We impose zero-restrictions on
B to identify global and group-specific factors. For instance, in a 2-commodity case ({i,j} =
{Crude Oil,Copper}), where each commodity belongs to a distinct commodity sector, zero restric-
tions on the loading matrix can be expressed as follows:

bg,i bEnergyJ 0
9

bg,j 0 bMetals,j

where b, ; and b, ; are the loadings for the growth rates in commodity prices for commodities i and j

on the global factor, respectively. On the other hand, bgpergy,i and byzesars,j are the loadings for price



growth rates of commodity i and commodity j on group-specific factors, respectively. Thus, the
growth rate of each commodity price is driven by a global factor that affects all commodity prices,
group factors that affect commodity prices within their respective groups, and an idiosyncratic

disturbance.

This decomposition separates broad comovement across commodity prices from residual within-
group comovement. The zero restrictions on B do not imply that cross-group propagation is absent
in the data. When a sectoral shock, such as an oil market disturbance, moves prices across several
commodity groups, the shared component is captured by the global factor. The group factors then
capture the within-group comovement that remains after this common cross-commodity component

is removed.!?

III.3 Factor-Augmented Vector Autoregression Model

A factor-augmented vector autoregression provides a structural decomposition of the global com-
modity factor estimated by the DFM described by equations (8)—(10). The endogenous vector
contains world industrial production, ¢;, global inflation, 7;, and the estimated global commodity
price factor.

We employ the following general form of a structural FAVAR model

p
Boyt = Z{Bi)’t—i + Wi, (11)

i—
where y¢ is a K x 1 vector that contains the endogenous model variables, w; is the K x 1 vector of
mutually uncorrelated structural shocks, By is the contemporaneous structural coefficient matrix that
provides a description of the contemporaneous relationships among the model variables, B is the
matrix of coefficients and p is the lag length, set to 12 in the baseline. The reduced form errors can

be written as u¢ = By, lwt = Cowy, where Co =B, 1 is the structural impact matrix and

)
U =ye— ) Aiyii, (12)
i=1

12 Appendix D4 assesses this interpretation by re-estimating the model over the same sample with the energy factor
allowed to load on metals and grains prices. The estimated global factor is virtually unchanged: its monthly posterior
median has a correlation of 0.997 with the baseline factor (0.999 for 12-month moving sums), and the commodity-level
global variance shares have a correlation of 0.993 across the two specifications. The zero cross-group restrictions
therefore do not materially determine the estimated common component.

10



A;i =B, lBi and E(upuy) =%, = CoyCy' is the K x K reduced form variance-covariance matrix.
Thus, Cy maps the mutually uncorrelated structural shocks, wy, into the reduced-form innovations.
Since this impact matrix is not uniquely identified from X, we require further identifying restrictions

to estimate C,.

Identification of shocks

We impose sign restrictions on the structural impact matrix Cy to identify a global aggregate
demand shock, a global aggregate supply shock, and a commodity-market shock. The baseline sign

restrictions can be described as follows

Global Aggregate Demand
u? o4 - H ggreg
Global Aggregate Suppl -1
u=|u [=|+ — + W SEEHIESIPPY [ = Cowy =By Wy,
Commodity-Market
u{ + + + Wy Y

where signs are imposed on the elements of the structural impact matrix, Cy = B, !, and all shocks

are normalized to increase the commodity price factor.

The matrix above summarizes the on-impact sign pattern. In the baseline empirical specification,
these restrictions are imposed over horizons 4 =0, ..., 3: for industrial production and the commodity
price factor, the cumulative responses must preserve the required sign from impact through month 3,
while for inflation the point-wise response must preserve the required sign over the same window.
We adopt H = 3 to constrain the initial response paths and assess sensitivity to shorter and longer

horizons separately.!?

These restrictions are motivated by the model in Section II and are consistent with related sign-
restriction studies.!* A positive aggregate-demand shock raises activity, inflation, and commodity
prices together. A positive aggregate-supply shock raises activity and commodity prices but lowers
inflation. A positive commodity-market shock raises commodity prices and inflation while lowering

activity.

The commodity-market shock captures disturbances that originate within commodity markets and
are orthogonal to aggregate-demand and aggregate-supply forces. Examples include precautionary
or speculative storage demand, including shifts associated with geopolitical risk, and sector-specific

13 Appendix C2.1 reports robustness to the impact-only case (H = 0) and to tighter horizons (H = 6,12).

4Charnavoki & Dolado (2014) use a closely related scheme to identify aggregate-demand, aggregate-supply, and
commodity-market disturbances in a small commodity-exporting economy, while Ha, Kose, & Ohnsorge (2019) study
analogous forces behind global inflation.

11



15 As Section II shows,

supply disruptions that spill over to the broad commodity price index.
aggregate sign restrictions cannot separately distinguish demand-side commodity-market distur-
bances from commodity-sector supply disruptions when both imply higher commodity prices, higher
inflation, and lower output. The identified commodity-market shock should therefore be read as
a reduced-form composite of commodity-market-specific forces rather than as a pure commodity

demand or pure supply shock.

III.4 Estimation

Dynamic Factor Model. Equations (8)—(10) form a state-space system, with (8) as the observation
equation and (9)—(10) as the transition equations. We estimate this system in a Bayesian framework
following Kim & Nelson (1998). Inference proceeds by Gibbs sampling, alternating between
draws of the latent factors and draws of the model parameters. The factors are drawn using the
forward-filtering, backward-sampling algorithm of Carter and Kohn (1994), while parameters
without closed-form conditional posteriors are sampled with a Metropolis—Hastings step (see Chib
& Greenberg, 1994; Otrok & Whiteman, 1998).'°

FAVAR with sign restrictions. To construct the structural impulse responses, we follow Rubio-
Ramirez, Waggoner, & Zha (2010). For each candidate rotation, we draw a K x K matrix X
with independent N (0, 1) entries and obtain an orthogonal matrix Q from a sign-normalized QR
decomposition of X, with the diagonal elements of R normalized to be positive. Let P be the
lower-triangular Cholesky factor of the estimated reduced-form residual covariance matrix, so
that PP’ = fu The candidate structural impact matrix is 60 = PQ, which satisfies 606’ = fu
We construct impulse responses from each candidate and retain those satisfying the maintained

sign-and-path restrictions.

We incorporate parameter uncertainty using the diffuse prior and Gaussian—inverse-Wishart posterior
of Kilian & Murphy (2012), without coefficient shrinkage. We draw the VAR coefficients and
residual covariance matrix 600 times and evaluate 300,000 rotations per draw. Figure 4 reports
posterior medians and 68- and 90-percent credible bands under the baseline H = 3 restrictions. The
bands incorporate parameter and rotation uncertainty, conditional on the estimated DFM factor and

its specification.!’

15Storage or speculative demand shifts can raise commodity prices without an immediate increase in current production
demand; see Fattouh et al. (2013).

16 Appendix C1 reports the priors and simulation length.

17 Appendix C2 gives the posterior distributions and treatment of unstable draws. Posterior summaries also depend on
the rotation prior, since a uniform measure over orthogonal matrices does not imply a flat prior over impulse responses

12



For the restriction-horizon comparisons and the representative historical decompositions, we follow
the point-estimate approach of Kilian & Murphy (2014): we hold reduced-form parameters at their
ordinary least squares (OLS) estimates and evaluate 5,000,000 candidate rotations. Evaluating this
many rotations for every posterior draw is not feasible. The decompositions and recovered shock
series use the Fry & Pagan (2011) median-target rotation, the admissible model whose standardized
responses are closest to the pointwise median. This choice preserves the reduced-form covariance

matrix and yields mutually uncorrelated shocks.'®

IV. Results

IV.1 Common Cycles in Commodity Prices

The global factor summarizes the variation common to all 35 commodity prices in the panel. Because
the factor is unobserved and is recovered only from its statistical relationship with observed prices,

what economic variation it represents has to be established rather than assumed.

Figure 2 plots the median of the posterior distribution of the global commodity factor, f, ;, estimated
from the DFM (8) - (10) over the period 1970-2024, together with 68-percent (16th—84th percentile)
and 90-percent (5th-95th percentile) Bayesian credible bands. Panel A reports the factor in 12-
month moving sums (i.e., year-over-year growth rates of the underlying commodity prices), while
Panel B plots the cumulated factor alongside linearly detrended world industrial production, both
standardized to zero mean and unit standard deviation for visual comparability. Panel B provides
a level-like representation of the global commodity price cycle and its co-movement with global

economic activity.'?

Panel A first shows that the 68- and 90-percent credible bands remain narrow throughout the sample
period, indicating limited posterior uncertainty under the maintained DFM specification. Some of
the largest peaks in common commodity-price growth coincide with large oil-price spikes. Oil is
an input into the production and transportation of many commodities, so oil-market disturbances
can generate simultaneous price movements across commodity markets (Baffes, 2007; Bilgin &

Ellwanger, 2017; Alquist et al., 2020). Mechanically, the positive loading on crude oil prices also

(Baumeister & Hamilton, 2015); Appendix C2.2 discusses this limitation and the distinction between sign and magnitude
restrictions.

18 Appendix C3 describes the selection. Appendices D1 and D3 report the near-zero impact bound and the uncertainty
of the historical decompositions across rotations and posterior parameter draws.

19Since the DFM is estimated on month-on-month growth rates, peaks in Panel A correspond to periods of highest
year-over-year commodity-price growth and naturally precede peaks in the price level shown in Panel B.

13



means that an oil-price increase raises the estimated global factor. The crude-oil loading, however, is
0

0.30, which is not unusually large relative to other commodities.>
Panel B relates the cumulated commodity factor to global economic activity. Prior work shows
that common components of commodity prices are closely related to global economic activity
(Alquist et al., 2020; Delle Chiaie et al., 2022). Stronger aggregate activity raises demand for
commodities used as production inputs, putting upward pressure on prices (Kilian, 2009; Alquist
et al., 2020). To examine this relationship visually, Panel B plots the cumulated commodity factor

).2! The two series

(solid line) alongside linearly detrended world industrial production (dashed line
broadly co-move, capturing major business cycle episodes: declines during the 1973-1975 and
early-1980s recessions, the expansion of 2003-2007, the sharp fall during the global financial crisis
and subsequent recovery, the collapse in early 2020 during the COVID-19 recession, and the rapid

rebound in 2021-2022 as global demand recovered.??

However, Panel B also reveals divergences. The commodity factor rises well above world industrial
production during the 1970s oil shocks, outpaces it during the 2000s super-cycle, and surges again
in 2021-2022 while world industrial production remains comparatively subdued. Conversely,
commodity prices decline more sharply than world industrial production during the mid-1980s
and post-2011 commodity price downturns. The global factor increases during the early 1990s
recession, while its decline during the mid-1970s recession and the 2007-09 global financial crisis is
observed with a lag.2> More precisely, the correlations between the global factor and two measures
of global economic activity, the Kilian index and world industrial production, are 0.52 and 0.66,
respectively.”* Thus, changes in global economic activity are a key source of shocks to commodity
markets. However, the global commodity factor is an equilibrium outcome that reflects a mixture of
structural forces, and the strong aggregate correlation with economic activity may mask differences
in the nature and persistence of the underlying shocks, with distinct implications for inflation,

commodity price persistence, and policy responses.

The variance decomposition in Table 1 quantifies how much of commodity-price variation is

associated with the global and group factors. Over the full sample, 1970-2024, the global factor

20For example, the factor loadings for copper, gold, soybeans, and rubber are 0.45, 0.33, 0.36, and 0.48, respectively.
The average factor loading is 0.24 and other than tobacco (for which we estimate a small negative loading), all factor
loadings are positive.

21 Blue-shaded bars in Figure 2 depict U.S. recessions as a proxy for slowdowns in global growth.

22See Kose, Sugawara, & Terrones (2020) for an identification and analysis of turning points of the global business
cycle.

ZFor example, while global growth slowed down during 2007-08, Frankel (2008) observed that “commodity prices
have found their second wind over precisely this period! Up some 25% or more since August 2007, by a number of
indices. So much for the growth explanation.”

24See Kilian (2009) for details regarding the Kilian index; the world industrial production index is from Baumeister &
Hamilton (2019). The correlations are reported for year-over-year growth rates.
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accounts for 12.3 percent of commodity-price variation on average. Its contribution differs sharply
across groups. It accounts for 23.9 percent of metals price variation and 23.4 percent of precious-
metals price variation, compared with 3.5 percent for fertilizers and 4.0 percent for other foods. This
cross-group pattern is consistent with the stronger links between metals demand and global activity;
copper, for example, is often viewed as a barometer of global economic conditions (Hamilton, 2015;
Bernanke, 2016).

The same table shows that commodity-price comovement has increased since 2000. The global
factor accounts for 18.6 percent of commodity-price variation on average over 2000-2024, compared
with 8.3 percent over 1970-1999. The increase is broad-based: the number of commodities for

which the global factor dominates the group factor rises, while the average idiosyncratic share falls.

The group factors capture residual within-group comovement after the global component is re-
moved.?> They matter mainly for selected commodity groups. Over the full sample, the broad-based
within-group criterion is satisfied by precious metals and food oils, for which the group factors
account for 45.4 and 48.1 percent of average price variation, respectively.?® The food-oils result
pertains to a two-commodity group consisting of coconut and palm oil. During 1970-1999, the
criterion is satisfied by energy, metals, precious metals, and food oils, with average group-factor
shares of 38.5, 25.7, 52.7, and 54.7 percent, respectively. During 2000-2024, only precious metals
and food oils satisfy the criterion, with corresponding shares of 40.8 and 41.0 percent. Thus, precious
metals and food oils exhibit group-wide comovement in both subsamples, whereas energy and metals
cease to satisfy the criterion after 2000. Fertilizers, beverages, and many agricultural commodities

remain dominated by idiosyncratic disturbances.

These results show that common cross-commodity variation has become more pronounced since
2000, but they do not identify the structural forces behind the global commodity factor. The next
subsection uses the FAVAR to decompose the global commodity cycle into aggregate-demand,

aggregate-supply, and commodity-market shocks.

25 Appendix Figure 6 reports representative group-factor paths.

26We define broad-based within-group synchronization as an estimated group factor accounting for at least 10 percent
of the variation in the price of each commodity within the group. While the average group-factor share is non-trivial for
metals (22.3 percent) and grains (30.7 percent), these groups do not meet the broad-based criterion because tin (8.6
percent) and rice (0.3 percent), respectively, fall below the 10 percent threshold.
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IV.2 Structural Drivers of the Global Commodity Cycle

The structural results are reported in three parts: the shock series and their relation to externally
identified shocks, the impulse responses of output, inflation, and the commodity factor, and the

historical decomposition of the global commodity cycle.

Structural Shocks. Before turning to the impulse responses, we compare the shocks recovered from
the estimated model with the structural shocks from the oil-market VAR of Baumeister & Hamilton
(2019).27 These comparisons provide supporting evidence rather than uniquely establishing the
source of each shock. The mapping is necessarily imperfect because their shocks are identified
in a crude-oil VAR, whereas our shocks are recovered from a FAVAR for the global commodity
factor. The closest mapping is between the Baumeister & Hamilton (2019) “economic activity”
shock and our aggregate-demand and aggregate-supply shocks, and between their oil-market demand
shocks and our commodity-market shock. The correlations are consistent with this mapping:
computed on the monthly shock series, our aggregate-demand and aggregate-supply shocks correlate
positively with the Baumeister & Hamilton (2019) economic activity shock (r = 0.602 and r =
0.319, respectively), while our commodity-market shock is positively correlated with the combined
Baumeister & Hamilton (2019) oil consumption and inventory demand shocks (r = 0.293). The
commodity-market correlation is lower, as expected, because our shock is identified from a broad
cross-section of commodity prices and captures disturbances beyond crude oil, including storage-

demand and sector-specific supply disturbances.

Figure 3 plots 12-month moving averages of the paired shock series; correlations computed on
these smoothed series are 0.493, 0.555, and 0.282, respectively, as smoothing emphasizes the
lower-frequency comovement visible in the figure. The two macroeconomic shock comparisons
line up more closely around major global downturns and recoveries, while the commodity-market

comparison is more modest.?

Impulse Responses. Figure 4 reports posterior-median responses under the baseline H = 3 re-
strictions, with 68- and 90-percent Bayesian credible bands. The bands incorporate parameter and

rotation uncertainty, conditional on the estimated DFM factor, its specification, and the identifying

2The structural shocks are recovered as &, = éo_ '4,, where €y is the impact matrix of the Fry & Pagan (2011)
median-target model and 4, are the reduced-form VAR residuals. We plot the cumulative series Y';_, é; ; for each shock i
in Appendix Figure 7. These summarize accumulated shock realizations; historical decompositions combine them with
impulse responses to measure contributions to the factor.

28 Appendix D2.2 provides additional details, including subperiod correlations with the Baumeister & Hamilton (2019)
shocks and a supplementary diagnostic comparing the aggregate-supply shock with China’s TFP growth during the
2000s super-cycle.
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restrictions.? Each shock’s responses are divided by its median commodity-factor impact, so the
0

median impact equals one index point rather than one standard deviation.?
The restrictions apply from impact through month 3, at horizons 0:3; the subsequent paths describe
the model’s estimated propagation of each shock.?! Commodity-price increases caused by aggregate-
demand shocks generate a hump-shaped expansion in output and a persistent rise in inflation. The
commodity-factor response peaks within the first year and then gradually unwinds. Aggregate-supply
shocks have a different dynamic profile. Output rises gradually and remains elevated, inflation falls
on impact, reaches its trough after two months, and is close to zero after about one year, and the
commodity-factor response becomes the largest after roughly half a year and remains the most
persistent across the three shocks. This persistence is consistent with the historical decomposition
below, where aggregate-supply shocks account for much of the sustained increase in the global

commodity factor during the 2000s super-cycle.

Commodity-market shocks generate the clearest contrast. Even though all shocks are normalized to
raise commodity prices on impact, the commodity-market shock lowers output and raises inflation,
consistent with a cost-push disturbance. The output decline remains negative throughout the horizon
shown, while the inflation response builds gradually and then levels off. The commodity-factor
response rises quickly and remains positive, but it remains below the response to aggregate-supply
shocks after the first year.3?

Historical Decomposition. While the impulse responses in Figure 4 characterize the average
propagation of each structural shock, commodity cycles are shaped by sequences of shocks of
varying signs and magnitudes. To understand how each shock has contributed to the evolution of
the global commodity price factor over time, we turn to historical decompositions.3? We focus on
three major boom-bust episodes: the 1972—-1975 commodity boom, the 2003-2008 super-cycle and
global financial crisis, and the post-2020 cycle encompassing COVID-19, the recovery, and Russia’s
invasion of Ukraine. These, together with the 1950-51 boom, are among the largest episodes in
post—World War II commodity markets (Radetzki, 2006; Baffes & Haniotis, 2010). Figure 5 presents
counterfactual historical decompositions for each episode, constructed following Kilian & Lewis

29 Appendix D1 compares this unrestricted Bayesian baseline with the explicit near-zero negative impact restriction
and reports the corresponding credible bands for the restricted specification.

30The normalization makes the median profiles comparable across shocks. The same divisor is applied to every draw,
so the bands still reflect variation in the impact across draws.

31Baseline identification uses multi-period sign restrictions over horizons 0:3 months; see Section III.3 and Ap-
pendix C2.1.

$For a discussion of the increasing role of aggregate-demand shocks relative to aggregate-supply shocks and oil-price
shocks in driving global inflation variability, see Ha, Kose, & Ohnsorge (2019).

33 As Kilian & Liitkepohl (2017) emphasizes, neither impulse response functions nor forecast error variance decompo-
sitions are sufficient to assess the role of individual structural shocks in explaining specific historical episodes; historical
decompositions address this limitation directly. Full-sample counterfactual paths are reported in Appendix Figure 9.
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(2011). Since the figure reports the cumulated estimated global factor rather than a commodity price

index, magnitudes are stated in points on the cumulated-factor scale.

The 1972—1975 commodity boom. The first episode covers the commodity price boom of the early
1970s and its aftermath. Figure 5 (top row) shows that, by early 1974, the cumulated commodity
factor had reached approximately 30 points on this scale. During the initial phase of the boom
(1972-1973), aggregate-supply shocks were the primary driver, with positive aggregate-demand
shocks also supporting commodity prices. From late 1973 onward, however, commodity market
shocks became the dominant force. Their cumulative contribution rose steadily, reaching about 14
points by early 1975, the largest contribution among the three shocks. This finding is consistent
with the role of the OPEC oil embargo and commodity-specific supply disruptions, as well as
evidence of speculative or inflation-hedging demand for commodities during this period (see Cooper
& Lawrence, 1975; C. A. Carter et al., 2011). The subsequent decline in 1974-1975 reflected a joint
reversal of aggregate-supply and aggregate-demand contributions, consistent with the recession and
associated slowdown in global activity. Commodity-market shocks remained elevated, preventing
a sharper collapse. By the end of 1975, commodity market shocks still accounted for most of the
remaining increase, whereas aggregate-supply and aggregate-demand contributions had largely

unwound.

The 2003-2008 super-cycle and global financial crisis. The second episode covers the commodity
“super-cycle” of the 2000s and the subsequent collapse during the global financial crisis (GFC).
Between 2003 and mid-2008, the cumulated commodity factor rose from approximately 3 to 42
points (Figure 5, middle row). Under the maintained identification, the boom as a whole was led by
aggregate-supply forces: by the June 2008 peak, the cumulative contribution of aggregate-supply
shocks had risen to about 25 points, accounting for most of the increase in the global commodity
factor. Rapid productivity growth, trade integration, structural reforms, and improvements in
production efficiency in China and other emerging markets are plausible contributors (Zhu, 2012;
Buyuksahin et al., 2016), but the decomposition does not distinguish among them. In the theoretical
model, a positive TFP innovation outside commodity sectors provides one mechanism: it raises
output and the derived demand for commodity inputs, pushing commodity prices upward. Related
studies model this mechanism as a shock to the representative firm’s total factor productivity (see,
for example, Bodenstein & Guerrieri, 2011; Plante, 2014).34

3*More broadly, Buyuksahin et al. (2016) argue that the commodity price supercycle began in the mid- to late 1990s,
coinciding with a series of reforms in China, including its eventual accession to the World Trade Organization in 2001.
Similarly, India’s economic growth during this period has been linked to productivity gains from trade liberalization
(see Topalova & Khandelwal, 2011; Kotwal et al., 2011). See also Baffes & Haniotis (2010), World Bank (2015), and
Alquist et al. (2020) on the role of emerging-market growth in the post-2000 commodity boom.
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At the same time, the distinction between levels and changes matters here. In cumulative-contribution
levels, aggregate-demand shocks remained negative throughout the boom, implying that aggregate-
demand conditions alone would not have sustained the super-cycle. Commodity-market shocks were
not the main driver of the boom, but they contributed to the late-stage increase before the peak. Their
cumulative contribution rose steadily from around zero in early 2006, and they account for much of
the final acceleration into the June 2008 peak, consistent with evidence of speculative activity and
financialization in commodity markets during this period (see Cheng & Xiong, 2014; Caballero,
Farhi, & Gourinchas, 2008).%

Between the June 2008 peak and the February 2009 trough, the commodity factor fell by roughly 20
points. The aggregate-demand and aggregate-supply contributions each accounted for about half
of the decline, while the commodity-market contribution changed little. At the trough, the supply
contribution was still positive and the demand contribution deeply negative. Thus, supply shocks
continued to support the level of commodity prices, even as their reversal drove much of the fall.
The collapse reflects a joint reversal of aggregate-demand and aggregate-supply forces rather than a

commodity-market event.

The post-2020 cycle: COVID-19, recovery, and Russia’s invasion of Ukraine. The third episode
spans mid-2019 through late 2023, covering the COVID-19 recession, the subsequent recovery, and
the commodity price spike triggered by the Russian invasion of Ukraine. On the eve of the pandemic
(February 2020), the cumulated commodity factor stood at approximately 28 points (Figure 5,
bottom row). The initial COVID shock (February—April 2020) reduced the factor by roughly 4
points, with aggregate demand accounting for the larger share of the decline and aggregate supply for
the remainder. Commodity-market shocks, by contrast, were modestly positive during this period,
likely reflecting OPEC+ production cuts that supported commodity prices.

The recovery from mid-2020 through early 2022 was the largest movement in this episode, with
the commodity factor surging to over 45 points by March 2022, its highest level within this episode
(though below the full-sample peak reached in 2011). This rebound was not driven by a single
shock. In cumulative-contribution levels, aggregate-demand shocks remained a drag on the com-
modity factor until late 2021, reflecting the depth of the initial pandemic collapse. Over the same
period, aggregate-supply shocks provided some support, consistent with a partial rebound in global
supply conditions, while commodity-market shocks also supported prices, partly reflecting OPEC+
production cuts. From late 2021 into early 2022, aggregate demand turned positive as the reopening
broadened, while commodity-market shocks intensified sharply around the Ukraine invasion. From
the COVID trough in April 2020 to the March 2022 peak, however, the largest improvement came

3Replacing world industrial production with the Kilian index also yields an aggregate-supply-led boom, but the
commodity-market contribution during 2006-2008 turns negative. Appendix D3 discusses this sensitivity to the activity
measure.
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from aggregate demand, which accounted for roughly four-fifths of the rebound. Commodity market
shocks added a small further contribution, while aggregate-supply shocks made little net contribution
because their earlier positive effect had largely unwound by early 2022.

The subsequent decline from mid-2022 onward was driven by two forces. First, commodity market
shocks reversed sharply, with their cumulative contribution falling from approximately 6 to —2
points as the Ukraine price premium unwound and commodity-specific disruptions eased. Second,
aggregate-demand shocks weakened as the global economy decelerated. Aggregate-supply shocks
no longer supported prices and turned negative through much of 2022 before easing later, consistent
with the fading of the earlier recovery impulse and weaker global industrial momentum.3°

These episode conclusions hold across the admissible models rather than resting on the single
median-target rotation. Aggregate-supply shocks lead the 2003—-2008 increase in most accepted
models, aggregate-demand and aggregate-supply shocks jointly account for the global financial

crisis collapse, and aggregate-demand shocks lead the post-COVID rebound.?’

V. Conclusion

The commodity booms of the 2000s and early 2020s both involved broad increases across many
prices, but they were driven by different shocks. Common movements in commodity prices are
therefore not, by themselves, informative about the forces behind them. To draw the distinction,
we estimate a multilevel dynamic factor model for commodity prices and then embed the estimated

global commodity factor in a structural FAVAR with global economic activity and inflation.

The factor estimates show that the global commodity cycle has become more important since 2000.
The global factor accounts for 12.3 percent of commodity-price variation over the full sample,
rising from 8.3 percent in 1970-1999 to 18.6 percent in 2000-2024. This increase is broad-based
and especially pronounced for metals, and the global share for energy roughly tripled, consistent
with the close connection of industrial commodities to global activity. Group factors capture
additional within-sector comovement in selected markets, but the main increase in cross-commodity

synchronization is associated with the global factor.

36This reading is consistent with contemporaneous commodity-market commentary linking weaker metal demand
after the 2022 peak to concerns about China’s slowdown, especially in property and heavy industry (e.g., World Bank,
2022, 2024). The decomposition does not identify country-specific shocks, so this evidence is suggestive rather than
direct.

37 Appendix D5 assesses historical-decomposition uncertainty over admissible rotations and posterior reduced-form
parameters, conditional on the estimated DFM factor and maintained specifications.
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Under the maintained identification, the 2000s super-cycle is attributed mainly to a sustained
sequence of positive aggregate-supply shocks. These represent broad expansionary, disinflationary
forces; productivity gains, trade integration, and structural reforms are possible sources. The
post-2020 cycle was less persistent and reflected a changing mix of shocks: aggregate supply and
commodity-market forces supported prices during much of the recovery, aggregate demand turned
positive only late in 2021, and commodity-market shocks intensified around Russia’s invasion of
Ukraine before unwinding. Commodity-market shocks help explain sharp movements around peaks
and troughs, but do not by themselves account for sustained global commodity cycles.

Because the two booms were driven by different shocks, they carried different inflation implications.
The 2000s super-cycle was led by expansionary, disinflationary forces whose contribution was the
most persistent in our sample. The post-2020 episode involved a changing mix in which commodity-
market shocks played a larger role, particularly around the invasion of Ukraine, raising inflation
while weakening activity and forcing a choice between stabilizing prices and supporting activity.
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FIGURE 1: DSGE Model: Impulse Response Functions with Calibration Uncertainty Bands

Note: Impulse responses to one-percent structural shocks in the calibrated model of Section II. Column 1: preference
shock (€%). Column 2: productivity shock (€4). Column 3: inventory-demand shock (¢"). Column 4: negative energy
supply shock (—&%F). Solid lines: baseline calibration. Shaded regions: 68 and 90 percent bands computed from the
admissible subset of 500 Monte Carlo calibrations that preserves the model-implied aggregate sign pattern over the first
four quarters. Output and the real commodity price index are in percentage deviations from steady state; inflation is in
annualized percentage-point deviations.

28



Panel A. Global Factor in 12-Month Moving Sums
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FIGURE 2: GLOBAL COMMODITY PRICE FACTOR: 1970:M4-2024:M7

Note: Panel A reports the global commodity price factor in 12-month moving sums (year-over-year growth rates). The
solid line is the posterior median estimated using DFM (8)—(10); dashed envelope lines trace the 68-percent Bayesian
credible band (16th—84th percentile); and lighter dotted envelope lines trace the 90-percent credible band (5th-95th
percentile). Panel B plots the cumulated posterior median of the global factor alongside linearly detrended log world
industrial production (OECD plus 6 non-member economies). Both series are standardized to zero mean and unit
standard deviation over the common sample for visual comparability. Shaded vertical intervals mark periods of oil price
spikes as identified in Hamilton (2009) (amber shading) and U.S. recession periods dated by the National Bureau of
Economic Research (NBER, blue-grey shading).
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FIGURE 3: STRUCTURAL SHOCK COMPARISON WITH BAUMEISTER & HAMILTON (2019)
(12-MONTH MOVING AVERAGE)

Note: 12-month centered moving averages of structural shocks, standardized to unit variance over the overlap sample.
Top: estimated global aggregate demand shock against the Baumeister & Hamilton (2019) economic activity shock.
Middle: estimated global aggregate supply shock against the Baumeister & Hamilton (2019) economic activity shock.
Bottom: estimated commodity-market shock against the Baumeister & Hamilton (2019) combined oil consumption
and inventory demand shocks. The comparisons are diagnostic because the external series do not uniquely validate
the structural labels. The bottom-panel comparison is not exact: the estimated commodity-market shock is identified
from the global commodity factor, while the Baumeister & Hamilton (2019) series is specific to crude-oil demand and
inventory demand. Correlations (7) shown in each panel are computed on the smoothed series plotted; the corresponding
correlations for the underlying monthly series are 0.602, 0.319, and 0.293 (see Section IV.2). Overlap sample: 1975:M2—
2023:M11.
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FIGURE 4: IMPULSE RESPONSES SCALED TO UNIT MEDIAN COMMODITY-FACTOR IMPACT

Note: Posterior-median impulse responses under the baseline H = 3 sign-and-path restrictions. For each shock, all
accepted draws are divided by the posterior-median on-impact response of the commodity price factor, so that the
median normalized commodity-factor impact equals one; individual impacts remain dispersed. The darker and lighter
regions are the 68% and 90% Bayesian credible bands. The 3,277,292 accepted parameter-rotation draws come from
600 posterior parameter draws and 300,000 candidate rotations per draw. The bands combine reduced-form parameter
uncertainty and admissible-rotation uncertainty, conditional on the estimated DFM factor and maintained specifications.

Industrial production and commodity factor responses are cumulated.
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FIGURE 5: COUNTERFACTUAL HISTORICAL DECOMPOSITION: KEY EPISODES

Note: Solid line: cumulated global commodity price factor, reported on the cumulated-factor scale. Dashed line:
counterfactual path without the indicated structural shock. Shaded area: cumulative contribution of the shock. Each row
corresponds to a historical episode; columns correspond to the three structural shocks. Counterfactuals are constructed
following Kilian & Lewis (2011); see Appendix C3 for details.
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TABLE 1: Variance Decompositions for Commodity Prices

1970-2024 1970-1999 2000-2024
Group Commodity Global Group Idio. Global Group Idio. Global Group Idio.
Energy Avg. 8.5 358 556 52 385 563 162 322 51.6
Crude Oil Average 16.7 49 784 8.7 140 773 314 14 672
Coal Australian 8.1 6.8 85.1 1.2 144 843 1538 56 787
Natural Gas Index 0.8 959 33 5.5 872 73 1.3 89.7 89
Metals Avg. 239 223 538 8.1 25.7 66.2 44.7 18.0 372
Aluminum 23.9 19.0 57.1 52 239 70.8 499 13.5 36.6
Copper 334 273 393 164 348 48.8 558 184 2538
Lead 18.1 26.5 553 128 28.1 59.1 305 20.8 48.7
Tin 26.8 86 647 53 11.1 836 509 35 456
Nickel 21.5 109 675 3.6 12.7 83.7 41.6 7.1 513
Zinc 19.7 413 389 54 435 512 398 448 154
Precious Metals Avg. 23.4 454 312 178 52,7 29.6 313 40.8 27.8
Gold 16.8 379 453 222 445 333 136 473  39.1
Platinum 30.5 23.1 464 11.7 52.8 354 477 10.9 415
Silver 22.8 752 20 193 60.7 200 327 643 3.0
Fertilizers Avg. 35 372 593 8.0 357 562 09 384 60.6
DAP 4.1 453 506 83 448 469 0.6 53.2 462
TSP 5.9 90.6 3.5 9.0 89.1 1.9 1.9 824 157
Urea 32 114 854 11.6 74 81.0 0.6 164 829
Potassium Chloride 0.8 1.7 97.6 32 1.7 95.1 0.7 1.7 977
Grains Avg. 10.1 30.7 592 8.6 322 591 146 279 575
Maize 11.4 863 24 9.3 88.8 19 157 80.8 3.5
Rice Thai 5% 2.2 03 975 14 09 977 3.1 0.3 96.6
Wheat U.S. HRW 9.7 16.7 73.6 8.2 169 749 124 16.1 715
Soybeans 17.0 19.5 635 156 224 620 273 145 583
Food Oils Avg. 21.6 481 304 15.0 54.7 303 295 41.0 295
Coconut Oil 19.1 229 580 1338 84.1 22 251 21.0 539
Palm Oil 24.0 733 27 162 254 584 339 61.0 5.1
Other Foods Avg. 4.0 173 787 3.8 191 771 5.0 19.5 755
Banana U.S. 1.0 03 987 07 928 64 1.0 0.3 98.7
Orange 0.4 02 994 08 1.5 977 30 03 96.7
Beef 4.8 05 947 4.1 03 956 4.7 1.0 943
Chicken 1.9 03 978 09 05 986 25 952 23
Sugar World 11.7 853 30 123 04 873 139 0.5 85.6
Beverages Avg. 5.5 30.0 645 6.6 28.0 655 7.7 28.8 63.5
Cocoa 8.5 89.0 25 136 83.0 34 8.0 84.7 13
Coffee Arabica 5.1 05 945 37 03 960 95 1.2 893
Tea Avg 3 Auctions 3.0 04 967 24 06 970 5.6 04 94.0
Raw Materials Avg. 11.2 187 700 7.9 149 772 143 18.2 67.6
Cotton A Index 13.7 02 8.1 7.0 03 927 16.7 0.8 82.6
Logs Cameroon 6.3 05 932 8.1 0.6 913 151 80.9 4.0
Logs Malaysian 1.4 02 984 28 0.8 964 0.6 7.8  91.6
Rubber RSS3 34.4 09 647 209 720 71 374 09 61.6
Tobacco U.S. Import 0.2 920 7.8 0.6 0.7 98.7 1.5 0.5 98.0
Overall Avg. 123 290 587 83 304 613 186 27.1 543

Note: Entries report the percentage of the variance of monthly real commodity-price growth explained by the global
factor, the commodity-group factor, and idiosyncratic disturbances. Bold rows report simple within-group averages;
the final row reports the overall average across all 35 commodities. DAP denotes diammonium phosphate; TSP,
triple superphosphate; HRW, hard red winter wheat; and RSS3, ribbed smoked sheet grade 3 rubber.
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A Literature Review

This paper relates to empirical work on common movements in commodity prices. Pindyck &
Rotemberg (1990) study comovement among largely unrelated commodities and show that their joint
price movements exceed what can be explained by common macroeconomic shocks. They label this
pattern “excess” comovement. The broad commodity-price upswing of the early 2000s renewed
interest in this question, with subsequent work using a range of methods to study the existence
and drivers of common price cycles in commodity markets (see, among others, Ai et al., 2006;
Cuddington & Jerrett, 2008; Lescaroux, 2009; Alquist et al., 2020; Baffes & Kabundi, 2023).

Factor models provide one way to measure commodity-price comovement. They extract a small
number of unobserved factors from a large panel of prices, and the estimated factors summarize
the common variation in the data. Together with the factor loadings, these estimates can be used
to assess the extent of synchronization in commodity price fluctuations. This approach is useful
for large datasets (see Stock & Watson, 1998; Bernanke & Boivin, 2003). When the data have a
natural group structure, multilevel dynamic factor models can separate overall comovement from
within-group comovement.?® This structure is well suited to commodity markets because prices can

be organized into sectors such as energy, metals, and grains.

Only a few studies use multilevel dynamic factor models to account explicitly for sectoral het-
erogeneity in commodity-price comovement. Yin & Han (2015) use a monthly dataset of 24
commodities over 1991-2014 to decompose commodity-price variation into global, sectoral, and
idiosyncratic factors. They find that global and group factors account, on average, for 16.9 and 32.6
percent of commodity-price variation, respectively. Similarly, Delle Chiaie, Ferrara, & Giannone
(2022) extract global and block-specific factors from a monthly dataset of 52 commodities over

1980-2015 and find that one global factor summarizes much of the variation in commodity prices.

A related strand of the literature studies the drivers of common commodity-price fluctuations.
Byrne, Sakemoto, & Xu (2017) estimate global and sector-specific factors using a hierarchical factor
model for 38 non-energy commodity prices over 1974-2014. They include the estimated factors in
factor-augmented vector autoregression (FAVAR) models with selected macroeconomic variables
to study how different shocks affect common movements in non-energy commodity prices. They

find responses to innovations in the global business cycle, real interest rates, and uncertainty, with

BFor example, Kose, Otrok, & Whiteman (2003) use a multilevel dynamic factor model to study business-cycle
fluctuations across 60 countries and 7 regions of the world. Exploiting the block structure of the data, they interpret the
estimated factors as world, region-specific, and country-specific factors. For other applications of multilevel dynamic
factor models, see Jackson et al. (2015), Miranda-Agrippino & Rey (2020), Sarno, Tsiakas, & Ulloa (2016), and Ha et
al. (2017).
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heterogeneous responses across sectors.>” Bilgin & Ellwanger (2017) estimate global and block-
specific factors in a sample of 42 commodity price series over 1981-2017. In line with Delle Chiaie
et al. (2022), they compare the estimated global factor with measures of global economic activity,
including the Baltic Dry Index and global industrial production, and document a positive association
between the global factor and global activity.

B Theoretical Model

This appendix presents a stylized New Keynesian dynamic stochastic general equilibrium (DSGE)
model that motivates the sign restrictions used in the empirical factor-augmented vector autoregres-
sion (FAVAR). Preference and productivity shocks illustrate aggregate-demand and aggregate-supply
disturbances, while inventory-demand and commodity-supply shocks illustrate disturbances origi-

nating within commodity markets. Other mechanisms may produce the same empirical sign patterns.

We work with a representative world economy. Final goods producers use labor and a composite
commodity input, prices are sticky in the Calvo sense, and commodity markets feature upward-
sloping supply and inventories. The model is intentionally stylized and is not meant to provide a full
quantitative account of global commodity markets. Its role is narrower: to provide an economically
coherent benchmark for the qualitative sign patterns used for identification and to provide a compact
interpretation of the global and group factors in the factor model.

B1 Model Environment
B1.1 Households

A representative household maximizes expected discounted utility:

5 C[l*G B XNll'i‘(P
"I-0 1+¢

; (13)

Eo) B
=0

where C; is consumption, N; is labor supply, B € (0,1) is the discount factor, ¢ > 0 is relative

risk aversion, ¢ > 0 is the inverse Frisch elasticity, ¥ > 0 scales the disutility of labor, and & is a

3 0Other studies use related frameworks to examine drivers of common commodity-price movements, but often focus
on a single common factor extracted from a subset of commodity prices (see, among others, Vansteenkiste, 2009;
Lombardi, Osbat, & Schnatz, 2012; Byrne, Fazio, & Fiess, 2013; Poncela, Senra, & Sierra, 2014).
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preference shifter that follows

logé =pelog&_1+&°, & ~N(0,63). (14)

The household budget constraint is
hC+ B =WN;+Ri—1B,—1 + Dy + T, (15)

where P, is the final-goods price level, W; the nominal wage, B; one-period nominal bonds, R, the

gross nominal interest rate, D; firm profits, and 7; lump-sum transfers.

The optimality conditions imply the standard Euler equation and labor supply relation:

_ s P
&G °=BRE, {@Hctﬁ P—t} ) (16)
t+1
W; N?
-t . 17
3

A positive preference shock, & > 0, raises the marginal utility of current consumption, shifts

aggregate demand outward, and increases firms’ demand for commodity inputs.

B1.2 Final Goods Producers

A continuum of monopolistically competitive firms indexed by j € [0, 1] produce differentiated
goods with labor and a commodity composite:

_B
pn—1 | p—1

varM() |, (18)

u—1
u

Y,(j) = A | (1— ) 5N, ()

where A, is total factor productivity, N, () labor input, M, (j) the commodity composite, & € (0,1)
the steady-state commodity share, and p > 0 the elasticity of substitution between labor and

commodities.

Productivity follows
logA; = palogA, 1 +¢', &' ~N(0,07). (19)

A positive productivity shock raises the marginal product of all inputs, including commodities, while

lowering real marginal cost through the supply side of the economy.
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B1.3 Commodity Composite and Supply

The commodity composite is a two-level constant-elasticity-of-substitution (CES) aggregate. At the

upper level,

1 n—1 1 n—1 1 nl}nn1
Y

M, = {wg M." + @M, + oM, (20)
where g € {E,L,F} indexes energy, metals, and food, w, > 0 with Y, 0, =1,and n >0 is the
elasticity of substitution across groups.

At the lower level,

1 me—lfg-T
Mgi=| ), @M, /" ,  g€{E,LF}, 21)
icg,
where .7, is the set of commodities in group g, @, > 0 with };c 7, Wjjg =1, and 1 > 0 is the

within-group elasticity of substitution.

The associated price indices are

1

R = op (P) "+ ar (P) "+ or ()] @2

] o
17
Ph=|Y apP, ™ ., ge{E,LF. (23)

8t
Li€S,

Each individual commodity is supplied according to an upward-sloping schedule:

L (P
Qi = 0i (71> exp(zq,r) exp(uiz), (24)

where Q; > 0 is a supply scale parameter, §, > 0 is the group-specific supply elasticity, zg, a group
shock, and u;; an idiosyncratic shock. The schedule is written for an individual commodity as an
illustration; the implementation specifies supply and market clearing at the group level. The group
shock follows

Zgt = PreZgr—11 StZg, etzg ~ N(0, Gzzg)- (25)

This nested structure also motivates the factor model. Disturbances common to all groups move the

broad index PM, group-specific disturbances move P%,

individual prices. These channels motivate distinguishing global, group-specific, and idiosyncratic

and commodity-specific disturbances move

components in the empirical factor model. The correspondence is interpretive: group disturbances
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feed back into the aggregate index through the CES aggregator, and a movement in a price index is

not equivalent to an estimated factor.

B1.4 Inventories and Commodity-Market Demand

To capture disturbances internal to commodity markets, the model includes commodity inventories.
Inventories provide storage services, such as precautionary availability and the option to meet future

demand. Desired inventory stocks for commodity group g are

S'\;t =Vi+ Vg7t - nSﬁ?,;C (26)

where V; is a global inventory-demand state, V, ; is a group-specific inventory-demand state, and
ns > 0 is the price elasticity of desired stocks. The global component follows

vi=pywii1+¢g', & ~N(0,62). (27)
The group-specific component follows
Ver = PvgVes 1 +8&°, g ~N(0, G&g). (28)
Actual inventory stocks adjust gradually:
Ser = PsSgi—1+ (1 —Ps)Sg- (29)
Physical inventory accumulation is
Iyt = Sgs— (1= 085)Sg1, (30)

where Js is storage depreciation or replacement demand. Accumulation has steady-state value

fg = 855, so its log deviation satisfies

r §g,t - (1 - 6S)§g,tfl
ng = 6S .

€19

Commodity-market clearing is
Qgt =Mgs+1g;. (32)

A positive realization of v; raises desired inventories, increases current stockbuilding, and raises

commodity prices without directly reflecting stronger final demand or higher productive capacity. In
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the empirical model, the identified commodity-market shock should therefore be interpreted as a

composite of inventory-demand and supply disturbances originating within commodity markets.

B1.5 Price Setting and Policy

Final goods are a constant-elasticity aggregate of differentiated varieties with elasticity € > 1, so

firm j faces the demand curve
RG)\ : ™
Y(j) = (T) h, A= {/0 Pz(j)l‘sdj] . (33)
t

Prices are sticky in the Calvo sense. In each period, a fraction (1 — 0) of firms reset prices, while the
remaining fraction 6 keep prices unchanged. A firm resetting at ¢ chooses P*(j) to maximize the

expected discounted value of profits:

(o)

A
max B, Y (6B = (B ()Y, 4y () — Cron (Yira (1) ] (34)
P (j) k=0 At

where A; = &C, /P, is the marginal utility of nominal income. The price index evolves as
P =0P'"F+(1—0)(P)! ¢, and the zero-inflation steady state implies MC = (& — 1) /e.

Taking input prices as given, firms minimize cost subject to (18). Real marginal cost is

1—u M\ 11 ﬁ
(1—05)(%) +a(%> ] , (35)

The model is normalized so that steady-state real input prices are equal, w" = p"" = MC, with

1
MC, = —
'y

MC = (¢ —1)/€ and A = 1. Under this normalization the steady-state commodity expenditure share
equals o.

The associated input demands are

Wi/P \ " Y
N, =(1-— et L
r=(1-a) (MC,-A,) A’ (56)
PM/PI —u Yl‘
M=o |-t—) -—.
=« (MC, -A,) A, 37)

Equations (36)—(37) are firm-level cost-minimizing demands; under Calvo price dispersion they
hold in the aggregate to first order around the zero-inflation symmetric steady state. Equation (37) is
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the key derived-demand relation: commodity demand rises with output and falls with the relative
commodity price. Because input demand is scaled by 1/A,, the effect of productivity depends on 1,
as set out below.

Monetary policy follows a Taylor rule:

H (Pﬂ Yt ‘l)y l_¢R
(ﬁt) (7)] exp(gf), (38)

where I1, = P,/P,_; is gross inflation, ¥; = Y is steady-state output, ¢g € (0, 1) captures inertia,

R, = R'"%R"

¢z > 1 satisfies the Taylor principle, and ¢, > 0 captures the response to the output gap.

B1.6 Market Clearing

Goods market clearing requires
Y, =G, (39)

and each commodity market clears according to (32).

We assume that commodity suppliers and inventory holders are owned by the representative house-
hold, so that their net cash flows, including commodity-sale receipts and expenditures on inventory
acquisition, enter the budget constraint (15) through D;. Extraction and storage are assumed not
to use labor or final goods from (18), so goods-market clearing is ¥; = C; while physical com-
modity flows clear separately through (32). The supply and inventory schedules are reduced-form

specifications rather than solutions to an explicit storage problem.

B2 Log-Linearized Equilibrium

We log-linearize around a zero-inflation steady state. Let £, = log X; —log X denote deviations from

steady state.

B2.1 Dynamic IS Curve

The Euler equation implies
. . 1 . 1/ g
5 =Edin — = (B +— (- ped). (40)
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where y; = ¢, 7, is the deviation of the nominal rate, and 7, = p; — p;_; is inflation.

B2.2 New Keynesian Phillips Curve

Calvo pricing yields
iy = BB Ry + kimcy, (41
with Kk = w. Linearizing (35) gives
mc; = —a; + (1 — a)w; + ap;”’, (42)

where W/ = W, — p; is the real wage and p;"" = p" — p, is the real commodity price. Under the
steady-state normalization above the coefficients are the steady-state cost shares, so the expression
is the first-order linearization of (35) for any u: productivity lowers marginal cost directly, while

higher commodity prices raise it.

B2.3 Commodity Price Dynamics

Linearizing commodity demand (37) gives
dy=di—pup, d =9 (= 1)a+ pme, (43)

where d; collects the demand-side terms. Because input demand in (37) is scaled by 1/A;, pro-
ductivity is input-saving at given output and enters with coefficient (¢ — 1), which vanishes at the
Cobb-Douglas benchmark; marginal cost enters because firms’ input demand rises with the scale of
production costs. Aggregate commodity supply satisfies

g =8p" +, (44)
and market clearing with inventories implies
gr = (1= Ag)ri + Agty, (45)

where Ag is the steady-state share of inventory accumulation and replacement demand in total
physical commodity demand. Combining these expressions yields the equilibrium real commodity
price:

e (1= 2s)di + Asty — %

T = . 46
o T A o
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This equation is central for the identification argument. Commodity prices rise with the demand
shifter d; and with inventory accumulation, and fall with commodity supply. The shifter rises
with output. The direct productivity coefficient is positive when p > 1, zero at the Cobb—Douglas
benchmark, and negative when u < 1. At the benchmark the explicit productivity term in the shifter
vanishes, and the commodity-price response depends on the equilibrium adjustment of output,
marginal cost, and inventory accumulation. The calibrated impulse responses in Figure 1 confirm
that this equilibrium effect is positive. Since output, marginal cost, and inventory accumulation
are endogenous, the shocks are identified by their joint effects on output, inflation, and commodity

prices rather than by any single term in (46).

The aggregate and group price indices satisfy

=Y sebys (47)
14

Pai =Y. SijgPis: (48)
i€g,

where s, and s;;, are steady-state expenditure shares. At the individual level, the nested structure in
(20)—(21) implies the demand relation

thig = di+ (1 — W) B+ (g =) Bei — T B (49)
where ﬁz;r is the real group price index, and 1) and 1, are the across- and within-group substitution

elasticities.

The nested demand system links individual commodity demand to economy-wide conditions and to
relative prices across and within commodity groups. Together with group-specific and commodity-
specific supply disturbances, these channels motivate distinguishing global, group-specific, and
idiosyncratic components of commodity-price variation in the empirical factor model. This corre-
spondence is interpretive rather than an exact mapping from the theoretical model to the estimated

factors.

The log-linearized Taylor rule, with $$°° = ¥, denoting output relative to its steady state, is

Fr = Qi1+ (1 — 9r) (9t + 995F) + €~ (50)
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B3 Shock Transmission and Sign Restrictions

Figure 1 reports impulse responses from the calibrated model for the four disturbances. The
preference, productivity and inventory-demand shocks reproduce the three aggregate sign patterns

used for identification, as described in Section II.

Two features of the commodity-market case are specific to the model. First, a positive commodity
supply shock raises output and lowers both inflation and commodity prices. Because the identified
shocks are normalized to raise commodity prices, such a disturbance enters the decomposition as
a negative realization of the commodity-market shock rather than as a separate shock. Second,
a negative sector-specific commodity supply disturbance, such as an energy supply disruption,
raises commodity prices and inflation and lowers output, which makes it similar to the inventory-
demand shock at the aggregate level. The identified commodity-market shock should therefore be
interpreted as a composite of disturbances originating within commodity markets rather than as a

pure inventory-demand shock.

B4 Calibration

Table 2 reports the baseline calibration used for the impulse-response exercises. The values are
conventional for a quarterly New Keynesian model and are chosen to preserve the sign logic
emphasized in the paper.

Four calibration choices matter most for the qualitative results. First, the commodity share @ = 0.10
keeps the output effect of commodity-market shocks small while allowing input-cost effects to
matter for inflation. Second, we set 4 = 1, implemented in Dynare as 1.001 to approximate the
Cobb—Douglas benchmark without the CES singularity at exactly one. Third, we use 8 = 0.60,
which implies enough price rigidity for productivity shocks to reduce inflation while still allowing
output to expand sufficiently for the derived-demand channel to operate. Fourth, the inventory
parameters imply gradual stock adjustment and positive replacement demand. This keeps the
inventory-demand shock from acting as a one-period demand shift and gives the shock a transparent
physical transmission channel through stockbuilding. The steady-state inventory share follows from
the stock ratio and depreciation, Ag = dsss/(1 + Jdsss), which is about 0.074 at the baseline values.
The labor-disutility parameter y scales the disutility of labor and is set to match the steady-state
labor supply condition. With steady-state output and consumption normalized to one, A = 1, and the
input-price normalization above, steady-state labor is N = 1 — o and y = MC/(1 — &)?, which is
about 0.93 at the baseline values.
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The Monte Carlo calibration exercise underlying Figure 1 draws 500 parameterizations inde-
pendently and uniformly from the following ranges: o € [1,2.5], ¢ € [0.5,2], o € [0.05,0.15],
nel0.8,1.3),e€4,11],0 €[0.4,0.75],n1 €[0.1,0.6], £ € [0.05,0.5], ¢g € [0,0.8], ¢ € [1.1,2.5],
¢y € [0,0.5], pa € [0.85,0.99], pe € [0.5,0.9], py € [0.88,0.995], ps € [0.7,0.95], ns € [0.05,0.3],
Os € [0.04,0.18], s5 € [0.4,1.2], and p, € [0.4,0.9]. Of the 500 draws, 214 satisfy the model-implied
aggregate sign pattern over the first four quarters; the shaded bands in Figure 1 are computed from
this admissible subset. The ranges include values of 1 below one; the reported bands use the
calibrations that satisfy the joint sign restrictions.

C Estimation, Identification, and Decomposition Details

This appendix reports baseline estimation, identification, and decomposition details; robustness and

validation exercises are reported separately in Appendix D.

C1 Dynamic Factor Model: Estimation Details

The state-space system defined by equations (8)—(10) is estimated using the Bayesian approach of
Kim & Nelson (1998).4 The estimation objective is to infer from the observed data: (1) the path of
the common factors F; and (2) all unknown model parameters. The Bayesian approach treats these as
random variables, and inference is based on obtaining the joint and marginal posterior distributions

of all factors and parameters given the observed commodity price data.

Since the joint posterior distribution is not analytically obtainable, we employ Gibbs sampling. The
observation vector at date ¢ is Y;, and Y;.7 denotes the full sample. The Gibbs sampler proceeds
by: (i) drawing from the conditional distribution of the model parameters given the data and the
factors Fy, and then (ii) drawing from the conditional distribution of the factors Fy given the data
and the parameter draws. Conditional on Fy, generating the unknown parameters of the observation
and state transition equations (B, W(L), ®(L), Q) is a standard application of Bayesian linear
regression.*! The AR coefficients are sampled using a Metropolis-Hastings algorithm (see Chib &
Greenberg, 1994; Otrok & Whiteman, 1998). The generation of the factor vector Fy is based on

40The classical approach to state-space modeling, based on maximizing the likelihood function, can be computationally
inefficient in large-scale models. The Bayesian approach based on Gibbs sampling works with smaller components
of the model by drawing from conditional distributions of the parameters (Blake & Mumtaz, 2012). The parametric
state-space approach to estimating factor models also yields more accurate variance decomposition estimates than
methods based on principal component analysis (PCA) (Jackson, Kose, Otrok, & Owyang, 2015).

4lWe collect the AR coefficients from the observation equation in the diagonal lag polynomial matrix ¥(L) and the
error term variance-covariance matrix as E( §/) = Q.
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the multimove Gibbs-sampling (forward-backward) algorithm of Carter and Kohn (1994), which
draws the whole vector from the joint distribution p(Fj,...,Fr | Y}.7) using the Kalman filter and a

backward recursion.*?

The estimation procedure can be summarized as follows:

1. Conditional on F¢, sample B and Q from their posterior distributions.

2. Conditional on F¢ and the loadings, sample the idiosyncratic autoregressive coefficients ¥ (L)

from the commodity-specific residuals.

3. Conditional on Fy, sample ®(L) from its posterior distribution (the state-innovation covariance

is normalized to the K x K identity matrix, I, for identification).

4. Conditional on the state-space parameters, sample F; from its posterior distribution using the

Kalman filter and backward recursion.

5. Repeat the preceding steps until convergence.

Prior specification. The autoregressive coefficients in equations (9) and (10) have Gaussian priors
with zero mean and covariance 0.11, truncated to the stationary region. The factor loadings in
equation (8) have N(0, 1) priors, with the zero restrictions described in Section III.2. The innovation
variances have inverted-gamma priors of the form dy/ )(30, with dy = 0.25% and vy = [0.05T], where
T is the number of observations in the estimation sample.43 The sampler retains 10,000 draws after
a burn-in of 2,500 draws.

Factor orientation and variance shares. The zero restrictions and the normalization of the state-
innovation covariance leave the sign of each factor undetermined. We orient the global factor so that
the loading of the first commodity, crude oil, is positive, and each group factor so that the loading
of the first commodity in the group is positive; the sampler reverses the sign of a factor and its
loadings when the reference loading is persistently negative. Table 1 reports posterior means of the
model-implied variance shares. For each draw, the share attributed to a factor is its squared loading
times the unconditional variance of the factor process, divided by the total implied variance of the
commodity’s price growth. The full-sample and subsample columns are obtained from separate

estimations of the corresponding samples.

#The multimove Gibbs sampling procedure is computationally faster and more efficient than singlemove alternatives
(Kim & Nelson, 1999). For detailed expositions, see Kim & Nelson (1999), Blake & Mumtaz (2012) and Jackson et al.
(2015).

43Results are stable under tighter prior specifications.
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C2 FAVAR: Estimation and Identification Details

Input series. The VAR is estimated on the monthly log growth rate of world industrial production and
the OECD total consumer price inflation rate measured as an annual growth rate, both standardized
to zero mean and unit variance, together with the posterior-mean global commodity factor from the

dynamic factor model, which enters without further transformation.

Posterior distributions. For the reduced-form VAR parameters, we follow the Gaussian—inverse-
Wishart sampling convention of Kilian & Murphy (2012), without coefficient shrinkage. Let
n =T — p denote the number of usable observations and W the d X n regressor matrix, which
contains twelve lags of each of the three variables and a constant, so d = 37. Let A be the ordinary
least squares (OLS) coefficient matrix and ¥, =UU /(n—d) the residual covariance estimate. In
the scale—degrees-of-freedom parameterization, each covariance draw satisfies zﬁ,’) ~ 7 V/(nfu, n),
and the conditional coefficient draw satisfies vec(A(")) | =) Y~ N [VCC (A),(WW) '@ =

We evaluate 300,000 candidate rotations for each of 600 posterior parameter draws. Under
the baseline H = 3 sign-and-path restrictions, 3,277,292 parameter-rotation draws are accepted.
Finite-horizon impulse responses retain unstable coefficient draws. By contrast, the historical-
decomposition uncertainty exercise in Appendix D5 conditions its reported bands and probabilities
on stable models, which account for 98.8 percent of its accepted parameter-rotation draws. Including

the remaining unstable models barely changes the episode probabilities.

C2.1 Multi-Period Sign Restrictions

The baseline identification imposes sign restrictions from impact through month 3 (H = 3, horizons
0:3). Following Kilian & Murphy (2012), who argue that impact-only restrictions may admit
implausible structural models, we assess robustness by comparing this baseline with the impact-only
case (H = 0) and with tighter restriction horizons H = 6 and H = 12. Since industrial production
and the global commodity factor enter the VAR in month-on-month growth rates, we impose the
multi-period restrictions on the cumulative impulse responses for these two variables; that is, the
cumulated growth-rate responses must maintain the required sign at every horizon up to H. This
ensures that the implied level effects on output and the global commodity factor preserve the expected
direction. For inflation, which enters in levels, the restriction is imposed directly on the pointwise

response at each horizon.

In the notation below, IP denotes world industrial production, CF the global commodity factor, and

7 global inflation. The multi-period restriction scheme for horizons 7 =0,...,H is:
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* Global aggregate demand shock: Z?:o O 1(s) >0, Z?:o Ocr,1(s) >0, Og(h) >0 for
allh < H.

* Global aggregate supply shock: Z?:o Orp2(s) >0, Z?:o Ocr(s) >0, Ozo(h) <0 forall
h<H.

« Commodity-market shock: Y ,@p3(s) <0, Y  Ocps(s) >0, Og3(h) >0 for all
h<H.

At H = 0 this reduces to the impact-only benchmark.

Table 3 reports the acceptance rates for H € {0,3,6,12} based on 5,000,000 rotation draws (holding
the VAR parameters at their ordinary least squares, or OLS, point estimates). The baseline H = 3
specification accepts 94,500 draws (1.89%), while the impact-only benchmark accepts 184,433
draws (3.69%). Acceptance rates decline as the restriction horizon tightens beyond the baseline,
but the accepted set remains non-empty even at H = 12, with 37,751 accepted draws. Figure 8
compares the median impulse responses across restriction horizons. The comparison shows how
tightening the restrictions changes the accepted responses. In particular, the inflation response to the
aggregate-supply shock remains negative beyond month 12 under H = 12, whereas shorter restriction
horizons allow a later sign reversal. The informative evidence concerns these responses beyond
the restricted window and the change in acceptance rates; signs within each restricted window are

imposed by construction.

C2.2 Identification Transparency

Implicit prior. As emphasized by Baumeister & Hamilton (2015), sign-restricted VARs are not prior-
free. The sign restrictions define an admissible set of structural models, but posterior summaries
within that set, including median impulse responses, credible bands, and historical decompositions,
depend on the benchmark measure used to draw admissible rotations. The algorithm of Rubio-
Ramirez et al. (2010) uses a uniform measure over orthogonal matrices, which is transparent and

standard but does not imply a flat prior over economically meaningful impulse responses.

The impulse responses reported in Figure 4 integrate reduced-form parameter uncertainty by evaluat-
ing 300,000 candidate rotations for each of 600 posterior parameter draws. Their posterior medians
and 68- and 90-percent credible bands therefore reflect reduced-form parameter uncertainty and
variation across admissible rotations, conditional on the estimated DFM factor and maintained DFM
specification. By contrast, the restriction-horizon exercise in Appendix C2.1 holds the reduced-form

parameters at their OLS estimates in order to isolate the effect of changing the restriction horizon
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from the impact-only case to tighter path restrictions over H = 3,6, 12 months. This comparison

isolates the sensitivity of the response paths and acceptance rates to the duration of the restrictions.

The credible bands in Figure 4 pool all accepted parameter-rotation draws, so parameter draws
with more accepted rotations contribute more observations. The historical-decomposition bands
in Appendix D5 instead use ten accepted rotations per retained parameter draw, which gives those

draws equal weight.

We interpret the reported impulse responses and historical decompositions as summaries under the
benchmark rotation prior, disciplined by the sign restrictions motivated by the theoretical model in
Appendix B. The historical decompositions additionally select a single admissible model using the
Fry & Pagan (2011) median-target rotation, as described in Appendix C3.

We also separate sign restrictions from impact-magnitude restrictions. The baseline specification does
not impose any additional near-zero output-impact bound on commodity-market shocks. Instead,
Appendix D1 treats the near-zero band as a robustness stress test. Imposing —0.10 < @p3(0) <0
leaves only a small subset of admissible Bayesian draws, showing that this additional magnitude
restriction is highly informative. For this reason, we report it as sensitivity evidence rather than as

part of the maintained identification.

C3 Counterfactual Historical Decomposition: Methodology

The historical decompositions in Figure 5 and Appendix Figure 9 follow Kilian & Lewis (2011),
using the baseline H = 3 FAVAR and the Fry & Pagan (2011) median-target model.

To select that model, we minimize the sum of squared deviations from the pointwise median, dividing
each deviation by its standard deviation across the 94,344 accepted OLS rotations. This set comes
from an independent simulation of 5,000,000 candidates and therefore differs slightly in size from
the count reported in Table 3. The target includes all nine variable—shock responses at horizons
0,...,17 in the VAR’s original units, before cumulation or commodity-impact scaling. The first
minimizer is selected in a tie. Unlike an element-wise median of impact matrices, the selected
rotation reproduces the reduced-form covariance matrix exactly and yields mutually uncorrelated

shocks.

Combining its structural shocks and impulse responses gives the date-¢ contribution of shock j to

variable k:
0 _ v
)A)k{t =) O (s) &) (S1)
s=0

where @y ;(s) is the impulse response of variable k to shock j at horizon s, and é; is the identified

structural shock at date 7.
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Because industrial production enters the VAR in growth rates and the global commodity factor
is estimated from commodity-price growth rates, equation (51) first gives a contribution to the
transformed monthly variable. For the cumulated paths in Figure 5 and Appendix Figure 9, we
cumulate both the observed transformed series and the shock contribution:
t . ¢ .
Yo=Y e B0 =Y 50 (52)
=1 =1

b

The counterfactual path “without shock j” subtracts this contribution from the corresponding

observed path:
70D —y,, 719, (53)
For variables plotted in non-cumulated units, the same subtraction is applied directly to yy ;. In all

cases, the exercise removes the realized sequence of one shock type at a time while holding the

realized paths of all other shocks, the estimated VAR coefficients, and the initial conditions fixed.

It does not replace a policy rule or treat the identified shocks as policy instruments, and it does not
allow for the changes in policy rules or expectation formation that could alter the mapping from
shocks to outcomes (McKay & Wolf, 2023). The resulting paths should therefore be interpreted
as historical accounting decompositions rather than predictions of how the economy would have

evolved had those shocks been absent.

D Robustness and Diagnostic Exercises

This appendix reports robustness and diagnostic exercises around the baseline empirical specification.
Appendix D1 examines the on-impact magnitude sensitivity of the commodity-market shock and
reports the corresponding impulse responses with 68% and 90% credible bands. Appendix D2
provides external diagnostic comparisons for the structural shocks and examines the relationship
between the global commodity factor and oil prices. Appendix D3 re-estimates the FAVAR with
Kilian’s index of global real economic activity in place of world industrial production, under the
baseline specification. Appendix D4 re-estimates the dynamic factor model (DFM) while relaxing
the zero cross-group loading restrictions. Appendix D5 evaluates uncertainty in the historical

decompositions across admissible rotations and posterior reduced-form parameter draws.

D1 On-Impact Output Response to the Commodity-Market Shock

The baseline identification restricts the commodity-market shock to have a non-positive contempora-

neous effect on industrial production (®1p 3(0) < 0) and to keep the cumulative industrial production
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response non-positive over horizons 0:3. This restriction is consistent with evidence documenting
that oil and commodity-price shocks depress economic activity on impact. In the structural VAR
literature, Kilian (2009) identifies oil-market-specific demand shocks that reduce U.S. real gross
domestic product (GDP); Peersman & Van Robays (2012) document that oil supply disruptions
generate an immediate decline in real GDP across net energy-importing countries; and Cashin et al.
(2014) find a “long-lived fall in economic activity” in oil-importing economies within a 38-country
and region global VAR, with positive effects in some energy exporters. This evidence motivates the
non-positive short-run output restriction; it does not by itself establish the monthly, global timing

imposed here.

A zero or near-zero impact on economic activity is a natural alternative to the maintained weakly
negative output response. To assess this possibility directly, we estimate the Bayesian H = 3
specification under an explicit near-zero negative band, —0.10 < ®pp3(0) < 0, while keeping the
same path restrictions over horizons 0:3. Industrial-production growth is standardized to unit sample
standard deviation, so the bound permits an impact decline of at most 0.10 standard deviations for
a unit-variance structural innovation. It is imposed before commodity-factor impact scaling and
is not an output-to-commodity-price elasticity. Table 4 compares independent simulations of this
specification and the unrestricted Bayesian sign-and-path benchmark.

The unrestricted median impact is —0.552, with a 5th-95th percentile range of [—0.829, —0.302].
The near-zero band yields 445 accepted rotations, compared with 3,277,292 in the unrestricted
simulation (about 0.014% as many). The restricted median is —0.087, with a 5th-95th percentile
range of [—0.099, —0.052]. Near-zero output impacts are therefore feasible under the H = 3 path
restrictions with parameter uncertainty, but occupy only a small part of the admissible set.

The 445 rotations come from 74 of the 600 posterior parameter draws. Among those 74 draws,
accepted counts range from 1 to 63, with a median of 3; the largest supplies 14.2 percent of the
restricted set. Resampling the 600 parameter-draw blocks, including those with no acceptances,
10,000 times gives approximate Monte Carlo standard errors of 0.0003, 0.0012, and 0.0051 for
the 5th percentile, median, and 95th percentile of the impact response. These estimates describe

precision within the finite simulation and do not rule out unsampled admissible regions.

Figure 10 reports the corresponding responses with 68% and 90% credible bands, conditional on the
estimated DFM factor and maintained specifications. Given the sparse accepted set, especially at its
upper tail, we interpret these bands as a sensitivity diagnostic. The exercise establishes feasibility
under a highly informative magnitude restriction; it does not establish precise tail probabilities or
robustness to alternative priors. We retain the weaker non-positive output-impact restriction in the

baseline.
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D2 External Diagnostic Comparisons

External comparisons assess whether the identified shocks align with related evidence; they do
not establish the source of each shock. This section also examines whether the estimated global

commodity factor mainly reflects oil-price movements.

D2.1 Global Commodity Factor and Oil Prices

Several of the largest peaks in the global commodity factor coincide with known oil price spikes,
raising the question of whether the global factor is primarily capturing energy-driven spillovers
rather than broad macroeconomic forces. To assess this, we report the correlation between the
estimated global commodity factor and crude oil price growth.

The global factor is positively correlated with nominal crude oil price growth, computed over the
dynamic factor model estimation sample, with a correlation of » = 0.45 for month-on-month growth
rates and » = 0.60 for 12-month moving sums. These correlations are expected given that crude oil
is included among the commaodities in the DFM, but they remain well below unity. This indicates
that the global factor captures broad cross-commodity comovement rather than simply serving as an
oil price proxy.

D2.2 Structural Shocks vs. External Series

Section IV.2 and Figure 3 present the principal comparison of the identified structural shocks with

Baumeister & Hamilton (2019). Additional subperiod correlations are reported below.
The correlations are positive in both subperiods.**

Aggregate-supply shock and China’s TFP growth. As a supplementary diagnostic of one possible
productivity component, we compare the aggregate-supply shock with China’s total factor productiv-
ity (TFP) growth from the Penn World Table 11.0 (Feenstra et al., 2015). Since country-level TFP is
available only annually and is not a direct measure of the aggregate-supply forces represented by the

empirical shock, the comparison is necessarily limited. Using annual means of the monthly shocks

44Subperiod correlations (1975-2000 / 2001-2023): aggregate demand against the Baumeister & Hamilton (2019)
economic activity shock: 0.42 / 0.69; aggregate supply against the Baumeister & Hamilton (2019) economic activity
shock: 0.32 /0.33; commodity-market shock against Baumeister & Hamilton (2019) oil demand plus inventory: 0.22 /
0.34. The correlations are similar or larger in the post-2000 period, indicating that the comparison is not driven by a single
subsample. The commodity-market correlations are lower because the comparison pairs a broad commodity-market
shock with oil-specific demand and inventory shocks.
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over 1973-2023, the correlation is modest (r = 0.20), underscoring that the identified shock should
not be interpreted as a direct measure of Chinese TFP. During 2002-2008, the aggregate-supply
shock is positive in five of seven years while China’s TFP grew at an average rate of 4.8% per year.
This correspondence is consistent with productivity growth being one contributor to the super-cycle,

but it does not establish productivity as the unique source of the empirically identified shock.

D3 Alternative Measure of Global Activity

As arobustness check, we re-estimate the FAVAR replacing world industrial production with Kilian’s
index of global real economic activity.*> Because the index is a stationary measure of the global
activity cycle, it enters the VAR in levels, and its sign restrictions are imposed pointwise at each
horizon, as for inflation; all other elements of the baseline specification are retained, including the
12-lag structure, the path restrictions over horizons 0:3, and the Fry & Pagan (2011) median-target
rotation for the historical decomposition. The estimation sample is 1971:M1-2023:M8, the coverage
of the index. Of 1,000,000 candidate rotations, 18,197 satisfy the restrictions (1.8 percent, close to
the baseline acceptance rate).

Figure 11 reports the resulting full-sample counterfactual historical decomposition. The broad
historical interpretation is unchanged. Aggregate-supply shocks remain the dominant contributor
to the 2000s super-cycle, with a cumulative contribution of about 28 points at the June 2008 peak
(about 25 in the baseline), and the collapse during the global financial crisis again reflects a joint
reversal of the aggregate-demand and aggregate-supply contributions. Relative to the baseline, the
late-stage contribution of commodity-market shocks during 2006-2008 is smaller and turns negative

under this variant.

The two activity measures capture different aspects of the global economy. World industrial
production measures quantities produced, whereas the Kilian index uses freight rates to measure
activity in industrial commodity markets and may also reflect shipping capacity, inventories, or
expectations (Kilian & Zhou, 2018; Hamilton, 2021). These differences may help explain the
reallocation between activity and commodity-market shocks, but the exercise does not establish its
cause. Aggregate-supply shocks remain the main contributor to the super-cycle under both measures;
the finer allocation of the 2006-2008 increase between activity and commodity-market shocks is

sensitive to the activity measure.

#Kilian’s index is constructed from shipping costs in commodity markets; see Kilian (2009); Kilian & Zhou (2018).
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D4 Relaxing the Zero Cross-Group Loading Restrictions

The DFM in Section III.2 restricts each group factor to load only within its own commodity
group. These zero restrictions do not rule out cross-group spillovers; they assign broad-based
spillovers to the global factor. We assess whether this assignment materially affects the estimated
common component by allowing the energy factor to load on all metals and grains prices as well
as energy prices, so those ten observation equations add bg ;fr ;. The new loadings receive the
same N(0, 1) prior as the other loadings. Using the exact baseline sample, 1970:M4-2024:M7, and
otherwise identical data transformations, lag structure, factor dynamics, and priors, we estimate four
independently initialized Markov chain Monte Carlo (MCMC) chains, each with 2,500 burn-in and
2,500 retained draws, for 10,000 retained draws in total.

The global component is virtually unchanged (Figure 12). The pooled posterior-median global factor
from the relaxed model has a monthly correlation of 0.997 with the baseline factor and a correlation
of 0.999 in 12-month moving sums (Panel A). Across the four chains, the corresponding correlations
range from 0.979 to 0.996 and from 0.990 to 0.998. The time-series standard deviation of the pooled
posterior median is 98.7 percent of the baseline value. Commodity-level global variance shares have
a correlation of 0.993 across specifications and change by only 0.83 percentage points on average
(Panel B). Average global shares rise from 23.9 to 24.9 percent for metals and from 10.1 to 11.6

percent for grains.

Because the structural FAVAR uses the global factor, this near identity leaves its empirical input
effectively unchanged. We do not re-estimate the FAVAR on the relaxed factor, so the result here
concerns the global factor and its variance contribution rather than the structural estimates. Relaxing
them introduces rotational flexibility in how residual within-group variation is allocated among
the group factors, so we do not interpret the individual added loadings as separately identified
transmission parameters. The relevant result is that the estimated global commodity cycle and its
variance contribution are stable when the restrictions are relaxed. Split R statistics for the global
factor have a median of 1.03 across dates and a maximum of 1.51, so mixing is incomplete at some
dates: the high chain correlations support the stability of the estimated factor path but not accurate

pooled posterior inference at every date.

DS Historical-Decomposition Uncertainty

Figure 5 uses the Fry & Pagan (2011) median-target model. We assess uncertainty across all 94,344
accepted rotations at the baseline H = 3 ordinary least squares estimates, from 5,000,000 candidates

drawn independently of Table 3 (94,500 accepted). We then use 600 posterior parameter draws and
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10,000 candidate rotations per draw, computing contributions with each model’s own coefficients,

covariance matrix, intercept, and residuals.

The posterior exercise accepts 110,342 parameter-rotation models (1.84 percent); 98.8 percent have
stable companion matrices. Table 5 conditions on stability; retaining unstable models barely changes
the episode probabilities. Uncertainty covers reduced-form FAVAR parameters and admissible
rotations, conditional on the estimated DFM factor, maintained DFM specification, and identifying

restrictions.

Figure 13 reports 68-percent and 90-percent credible bands for within-episode contribution changes.
Using ten accepted rotations per posterior draw gives each parameter draw equal weight. Table 5’s

probabilities are nearly identical under equal-draw weighting and pooling all accepted rotations.

The principal historical conclusions are stable. From January 2003 to June 2008, aggregate-supply
shocks are the largest contributor in 83.1 percent of posterior models and have a median contribution
of 23.3 cumulated-factor points, with a 68-percent credible interval of [14.8,31.0]. The median-target
contribution for the same period is 25.7 points, inside that interval. During the June 2008—February
2009 collapse, aggregate-demand and aggregate-supply shocks are the largest negative contributor
in 48.0 and 50.8 percent of models, respectively; commodity-market shocks are largest in only 1.2
percent. From April 2020 to March 2022, aggregate-demand shocks are the largest contributor
in 87.9 percent of models, with a median contribution of 16.2 points and a 68-percent interval of
[9.8,22.4].

In the early 1970s, aggregate-supply shocks are most often largest near January 1974; commodity-

market shocks are largest by January 1975 in 62.0 percent of posterior models.

55



E Additional Figures and Tables
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FIGURE 6: GROUP COMMODITY PRICE FACTORS: 1970:M4-2024:M7

Note: Each panel shows the contribution of the global commodity factor and the group-specific factor to a representative
commodity in each group: crude oil (Energy), gold (Precious Metals), aluminum (Metals), and maize (Grains). All series
are 12-month moving sums. Shaded vertical intervals mark periods of oil price spikes as identified in Hamilton (2009)
(amber shading) and U.S. recession periods dated by the National Bureau of Economic Research (NBER, blue-grey
shading).
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Cumulative Global Aggregate Demand Shock
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FIGURE 7: Cumulative Structural Shock Series, 1972-2023

Note: Cumulative structural shocks Y, é; ; recovered using the impact matrix of the Fry-Pagan median-target rotation
among the accepted sign-restriction draws. Shocks are normalized so that a positive value corresponds to an increase in
the global commodity factor. Vertical dashed lines indicate key macroeconomic events.
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FIGURE 8: Median Impulse Responses Under Multi-Period Sign Restrictions

Note: Median impulse responses for restriction horizons H = 0 (impact-only), H = 3 (baseline), H = 6, and H = 12.

The darker line corresponds to the baseline H = 3 path restriction; the lighter lines report the alternative horizons. All

shocks are normalized to increase the global commodity factor. Industrial production and global commodity factor

responses are cumulated. Based on 5,000,000 rotation draws per horizon with cumulative restrictions on industrial

production and the global commodity factor, and level restrictions on inflation.
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No Global Aggregate Demand Shock
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FIGURE 9: HISTORICAL DECOMPOSITION: GLOBAL COMMODITY FACTOR (FULL SAMPLE)

Note: Solid line: cumulated global commodity factor. Dashed line: counterfactual path showing the evolution of the
factor without each structural shock. Shaded area: cumulative contribution of the indicated shock. Counterfactuals are
constructed following Kilian & Lewis (2011); see Appendix C3 for details.
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Global Aggregate Demand Shock Global Aggregate Supply Shock Commodity-Market Shock
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FIGURE 10: Bayesian Impulse Response Functions with 68% and 90% Credible Bands (Explicit
Near-Zero Negative Impact Bound)

Note: Bayesian impulse responses under the explicit near-zero negative bound —0.10 < Oyp 3(0) < 0 for the commodity-
market shock’s contemporaneous effect on industrial production, while maintaining the H = 3 path restrictions. The
outer band is the 90% Bayesian credible band (5th-95th percentile). The inner shaded region is the 68% Bayesian
credible band (16th—84th percentile). The solid line is the Bayesian median response. The 445 rotations represent
74 posterior parameter draws; the sparse set limits the precision of the bands. Responses condition on the estimated
DFM factor and maintained specifications. All shocks are signed to increase the global commodity factor. Industrial
production and global commodity factor responses are cumulated.
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FIGURE 11: COUNTERFACTUAL HISTORICAL DECOMPOSITION: GLOBAL COMMODITY FACTOR
WITH KILIAN INDEX

Note: Solid line: cumulated global commodity factor under the Kilian-index specification, which retains the baseline
12-lag structure and H = 3 path restrictions, with the index entering in levels and the historical decomposition based on
the Fry-Pagan median-target rotation (Appendix D3). Dashed line: counterfactual path without the indicated structural
shock. Shaded area: cumulative contribution of the shock. Sample: 1972:M1-2023:M8 after lags.
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Panel A. Global Commodity Factor: Baseline vs Relaxed Loadings
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FIGURE 12: RELAXING THE ZERO CROSS-GROUP LOADING RESTRICTIONS: ENERGY FACTOR
LOADS ON METALS AND GRAINS

Note: Results from re-estimating the DFM over the exact baseline sample, 1970:M4-2024:M7, with the energy group
factor allowed to load on all metals and grains prices (Appendix D4). Panel A: posterior-median global commodity
factor from the baseline model (solid) and the relaxed-loadings model (dashed), shown as 12-month moving sums. The
correlation is 0.997 for the monthly factors and 0.999 for the plotted 12-month sums. Across the four independently
initialized MCMC chains, monthly correlations with the baseline range from 0.979 to 0.996. Panel B: commodity-level
global-factor variance shares under the baseline and relaxed specifications; the diagonal denotes equality. The across-
commodity correlation is 0.993, and the mean absolute change is 0.83 percentage points. Metals are shown in blue and
grains in orange.
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FIGURE 13: HISTORICAL-DECOMPOSITION UNCERTAINTY: EPISODE-REBASED CONTRIBU-
TIONS

Note: Each row rebases the contribution of every shock to zero at the beginning of the indicated episode. The solid
colored line is the posterior median, the darker region is the 68% credible band, and the lighter region is the 90% credible
band. The black line is the contribution from the Fry—Pagan median-target rotation used in Figure 5. Posterior bands use
a balanced sample of ten accepted rotations from each reduced-form parameter draw with a stable companion matrix,
under the baseline H = 3 sign-and-path restrictions. Of the 600 parameter draws, 593 are stable, giving 5,930 paths.
Results are conditional on the estimated DFM factor.
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TABLE 2: BASELINE CALIBRATION

Parameter Description Value Source or Rationale
Household
B Discount factor 0.99 Standard (quarterly)
c Risk aversion 1.5 Standard
0} Inverse Frisch elasticity 1.0 Chetty, Guren, Manoli, & Weber
(2011); macro Frisch elasticity near 1
Production
o Commodity cost share 0.10 Energy plus materials share
u Labor-commodity substitution 1.0 Cobb-Douglas limit (numerically set to
1.001)
€ Substitution between varieties 6.0 Steady-state markup of 20 percent
0 Calvo parameter 0.60 Nakamura & Steinsson (2008); about
2.5 quarters
Commodity markets
4 Commodity supply elasticity 0.20 Low short-run elasticity
n Across-group substitution 0.30 Low cross-group substitutability
Ng Within-group substitution 1.50 Disaggregated interpretation only
0,0, Commodity composite shares  0.5,0.3,0.2 Energy, metals, food weights
Ns Desired-inventory price elas- 0.15 Price-inelastic short-run inventory de-
ticity mand
Ps Inventory stock persistence 0.85 Gradual adjustment of inventories
Os Inventory depreciation 0.10 Replacement demand for stored com-
modities
s Inventory stock share 0.80 Inventory stock relative to quarterly in-
put use
Monetary policy
Or Interest rate smoothing 0.50 Moderate inertia
Or Inflation response 1.50 Taylor principle
oy Output-gap response 0.125 Standard Taylor-rule coefficient
Shock persistence
Pa TFP persistence 0.95 Highly persistent
pe Demand-shock persistence 0.70 Moderately persistent
Pv Inventory-demand persistence 0.97 Persistent precautionary and storage de-
mand
Pz Group supply-shock persis- 0.70 Moderately persistent
tence
Pv.g Group inventory-demand per- 0.50 Less persistent than the global motive
sistence

64

Note: The model is calibrated at quarterly frequency. The commodity share is set to 0.10 so that commodity-
market disturbances primarily move commodity prices rather than aggregate output. The inventory parameters imply
gradual stock adjustment and positive replacement demand, so inventory-demand shocks affect prices through physical
stockbuilding rather than a direct shift in production demand. u is implemented in Dynare as 1.001 to avoid the CES
singularity at exactly one; the results are numerically indistinguishable from the Cobb-Douglas limit. The within-group
elasticity 1, appears only in the disaggregated interpretation of the factor structure (Appendix B1.3) and does not enter
the aggregate impulse responses, which treat each commodity group as a single composite.



TABLE 3: Multi-Period Sign Restrictions: Acceptance Rates

Restriction Horizon (H) Accepted Draws Acceptance Rate (%) Total Draws

H = 0 (impact-only) 184,433 3.69 5,000,000
H = 3 (baseline) 94,500 1.89 5,000,000
H=6 64,807 1.30 5,000,000
H=12 37,751 0.76 5,000,000

Note: Number of rotation draws satisfying sign restrictions at all horizons 4 = 0,...,H. Restrictions on industrial
production and global commodity factor responses are imposed on cumulative impulse responses; restrictions on inflation

are imposed on the pointwise response. Total draws: 5,000,000 per horizon.

TABLE 4: Bayesian Restriction on Near-Zero Negative Output Impact Under H = 3

Specification Accepted Draws ~ Acceptance Rate (%) Median On-Impact Output ~ 5th-95th On-Impact Output
Bayesian baseline: H = 3 path restrictions 3,277,292 1.821 —0.552 [—0.829, —0.302]
Bayesian restricted: H = 3 path restrictions 445 0.00025 —0.087 [—0.099, —0.052]

plus —0.10 < @[pg(o) <0

Note: Each row uses an independent simulation with 600 posterior draws and 300,000 rotations per posterior draw. Output
is measured in standard deviations of monthly industrial-production growth per unit-variance structural innovation.
The first row imposes the maintained H = 3 path restrictions without any additional impact-magnitude bound on the
commodity-market shock. The second row conditions the Bayesian posterior on the explicit near-zero negative band
—0.10 < Opp3(0) < 0. The restricted set is non-empty under parameter uncertainty, but its size is 0.0136% of the
unrestricted accepted set. The 445 restricted rotations represent 74 parameter draws (1-63 acceptances each; median 3).

TABLE 5: HISTORICAL-DECOMPOSITION UNCERTAINTY: KEY EPISODE CHANGES

Jan. 2003—Jun. 2008 increase Jun. 2008-Feb. 2009 decline Apr. 2020-Mar. 2022 increase
Shock Median [68% interval] Largest (%) Median [68% interval] Largest decline (%) Median [68% interval] Largest (%)
Aggregate demand 3.5[-1.1,9.3] 35 -9.6[—17.2,-3.6] 48.0 16.2 (9.8,22.4] 87.9
Aggregate supply 23.3[14.8,31.0] 83.1 —10.1[-15.9,-2.4] 50.8 0.4 [—4.2,6.4] 6.4
Commodity market 7.5[2.2,15.3] 13.3 —0.3[—4.4,2.1] 1.2 2.5[-1.3,7.1] 5.8

Note: Contributions are changes in points on the cumulated global-factor scale. Intervals are the 16th—84th percentiles
across accepted posterior parameter-rotation models with stable companion matrices. “Largest” reports the percentage of
models in which the indicated shock makes the largest positive contribution to an increase; “Largest decline” reports the
percentage in which it makes the largest negative contribution. The exercise uses 600 posterior reduced-form parameter
draws and 10,000 candidate rotations per draw under the baseline H = 3 restrictions, yielding 110,342 accepted models,
of which 109,047 are stable. Results condition on the estimated DFM factor.
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