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Abstract

While aggregate shocks account for most business cycle fluctuations, sectoral shocks have become
relatively more important since the 1980s. Previous studies show that sectoral shocks propagate
through industry supply chains. Typically, sectors are defined by similarities in function and/or
market. While some industries have supply chains within their own sector (vertical), others have
supply chains across a number of sectors (horizontal). Similarity in these supply chain characteristics
appear to be a determining factor in how industries comove. Using industrial production data of 82
four-digit NAICS industries over the period 1972 to 2019, this comovement is analyzed in a panel
Markov-switching model incorporating a number of features relevant for sub-national analysis: (i)
industry-specific trends that differentiate cyclical downturns from secular declines; (ii) a national-
level business cycle; and (iii) factors that represent industrial comovement. While national-level
shocks are typically still the most important driver of cyclical fluctuations, endogenously clustering
by industry comovement highlights the role of sectoral shocks.
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1. Introduction

Recent study of the aggregate business cycle is increasingly focusing on the interaction between

its disaggregate components—state (Owyang et al., 2005; Leiva-Leon, 2017), regional (Hamilton &

Owyang, 2012), and even city (Owyang et al., 2008). A portion of this literature has investigated

the interaction and comovements of industries [see Murphy et al. (1989); Cooper & Haltiwanger

(1990); and Kim & Kim (2006) for a survey]. Previous studies have found comovement both within

and across sectors (Christiano & Fitzgerald, 1998; Hornstein, 2000) that is linked to aggregate

(Chang & Hwang, 2015) and state (Carlino & DeFina, 2004) business cycles. However, the role of

this comovement may be changing: Comin & Philippon (2005) attribute the Great Moderation to a

decline in the synchronization of industries, and Camacho & Leiva-Leon (2019) find that industries

have business cycles different from the aggregate.

The literature debates the importance of aggregate versus sectoral shocks for explaining the

business cycle. Foerster et al. (2011), Garin et al. (2018), and Li & Martin (2019) find that

aggregate shocks are more important than industry or sector shocks; Atalay (2017) finds industry

shocks can account for half of aggregate volatility. However, there is little agreement on what

constitutes a “sector.” For example, Garin et al. (2018) estimates a principal component from the

12 sectors that make up the bulk of the aggregate IP index, and Li & Martin (2019) estimate a

factor model from real output for 16 nonfarm private sectors. On the other hand, Foerster et al.

(2011) considers aggregate and industry factors for 117 industries, roughly corresponding to four-

digit NAICS industries. The former papers suggest two levels of comovement: one at the aggregate

level and one at the NAICS sectoral level. The latter paper restricts comovements to the aggregate

level, albeit with multiple factors that could represent sectors.

We reinvestigate industrial comovements allowing a variety of possible correlation structures

at different levels of disaggregation. We consider a model with three types of shocks: (i) an

aggregate binary shock that affects all industries at once; (ii) cluster shocks that affect only subsets

of industries; and (iii) an industry shock. One of the primary differences between our model and

those employed by the rest of the literature on industrial comovement is that we will determine

cluster membership—the sets of industries that comove—endogenously.
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Instead of defining a sector as a NAICS two-digit industry, we allow common fluctuations across

NAICS four-digit industries to form clusters. Thus, we define industrial groupings that maximize

the explained volatility attributed to the cluster level, which is our analog to a sector. Moreover,

because we do not limit our examination to within-NAICS-sector comovements, our model may

suggest whether similarities in industries’ production networks determine their comovements. If

clusters form from industries with within-sector supply chains, cycles may be viewed as being driven

by sector-specific shocks. On the other hand, if clusters form from industries with cross-industry

production networks, cycles may be driven by wide-ranging disruptions in supply chains.

Examining the comovement of industries differs substantially from examining state or regional

comovement [as in Hamilton & Owyang (2012) or González-Astudillo (2019)]. Because the latter

are diversified economies in a common currency zone, they tend to have positive growth rates

during expansions and negative growth rates during recessions. This stylized fact allows routine

identification of the business cycle phases: Expansions occur during periods of positive growth and

recessions occur during periods of negative growth. This means of identification, however, is not

as useful at the industry level because some industries experience long periods of secular decline.

Thus, it is important to characterize both the trend and the cycle terms simultaneously.

We consider industrial production of 82 four-digit NAICS industries over the period 1972 to 2019

to determine (i) whether comovements occur, (ii) whether they are a pervasive feature of the U.S.

business cycle, and (iii) whether they are limited to industries within a single sector or whether they

are determined by industries’ production streams. Our model has a similar hierarchical structure to

Kose et al. (2003) but with endogenously-determined clusters as in Francis et al. (2017). In addition

to these features, each industry has a stochastic trend, an aggregate recession regime that affects

all industries, a connected or clustered component representing the comovement across industries,

and an idiosyncratic autoregressive component.

The previous literature has focused on two types of shocks: aggregate shocks as affecting all

industries simultaneously and idiosyncratic shocks that are specific to industries (Foerster et al.,

2011; Atalay, 2017). Here, we consider an intermediate layer of comovement analogous to the two-

digit NAICS sectoral level (Garin et al., 2018; Li & Martin, 2019) but with endogenously defined
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groupings. While the sectoral characterization assumes that demand shocks create comovement

within a sector or that supply chains are intra-sectoral, our model nests that definition by hav-

ing a national business cycle and idiosyncratic industry shocks, similar to the previous literature,

and allowing for industries to cluster endogenously. This allows for industries to be related to

other industries within their own sector, but also allows for inter-sectoral supply chains or demand

shocks of complementary goods. This is akin to Lee (2010), who found that the synchronization

of international business cycles is due to intra-industry rather than inter-industry trade flows, and

Acemoglu et al. (2012), who found that sector-specific shocks can propagate to other sectors and

lead to aggregate fluctuations.

Similar to Camacho & Leiva-Leon (2019), who use industry employment data, we find that

industries cluster into a few groups that are often similar to industrial subsectors but are sometimes

different. A number of industries experience significant periods of secular decline, albeit with

different timings. Apart from the aggregate business cycle phases, industries cluster together. Some

of these clusters reflect supply chains that are isolated within the sector (motor vehicles); others

are final good industries with similar demand elements (agricultural products). We find that for

most industries the aggregate regime accounts for most of the cyclical variance, similar to Foerster

et al. (2011), Garin et al. (2018), and Li & Martin (2019). However there are industries that behave

similarly to the findings of Atalay (2017) where the “sectoral” or cluster grouping accounts for a

larger portion of the variance.

The balance of the paper is laid out in the following order: Section 2 presents the clustered factor

model with aggregate Markov-switching. Section 3 outlines the estimation technique via the Gibbs

sampler. Section 4 describes the disaggregated industrial production data and industry-specific

characteristics and discusses the results. Section 5 concludes the paper.

2. Model

In many applications investigating cross-series cyclical correlation [e.g., Francis et al. (2017) and

González-Astudillo (2019)] the panels consist of countries or states and the models are estimated

with data transformed into growth rates. Unlike the diversified economies in other studies, some of
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the industries in our sample may experience secular declines over part or all of the sample. Because

these periods of secular decline could be misinterpreted as recessions, we estimate the model in levels.

Each industry’s industrial production (IP) time series has the following components: (i) a trend; (ii)

a national cycle that moves all or most industries at once; (iii) a “connected” component—where

”connected” industries are endogenously determined—that moves industries together outside of the

national cycle; and (iv) an idiosyncratic cycle that accounts for possible AR dynamics outside of

the industrial clusters.

The unobserved components (UC) framework simultaneously estimates the trend and cycle. Let

Ynt denote the log level of industrial production for industry n = 1, ..., N in month t = 1, ..., T that

has two unobserved components, a trend and a cycle. The cyclical component is further decomposed

into two parts:

Ynt = τnt + z̃nt + vnt, (1)

where τnt represents a permanent trend. The transitory cycle is composed of two terms: z̃nt rep-

resents the connected component and vnt represents the idiosyncratic component. The connected

component is correlated across industries and embodies both national and industrial cluster com-

ponents, while the idiosyncratic component allows for possible industry specific cycles. We assume

that shocks to the cycle and trend components are uncorrelated. Additionally, we must make

assumptions about the form of each of these components, which we will expand on below.

While there are a variety of methods to detrend data [see Canova (1998) and McElroy & Wildi

(2020) for an overview], because the timing of secular declines varies across industries, linear or

deterministic trends may not be flexible enough. An alternative to UC is using the Hodrick-

Prescott (HP) filter to pre-filter the data. However, the HP-filter can introduce spurious cycles into

the data (Cogley & Nason, 1995) and the conditions that would make the HP-filter optimal are

rare (Hamilton, 2018). Therefore, we model each industry trend as a random walk with possibly

time-varying drift:

τnt = δnt + τn,t−1 + ent, (2)
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where ent are normally-distributed permanent innovations, ent ∼ N(0, σ2

en). We assume that the

shocks to trend ent are independent across time [i.e., E(entens) = 0 ∀t 6= s and ∀n] and across

industries [i.e., E(emtent) = 0 ∀m 6= n]. To capture industries in secular decline, the sign of the

drift parameter, δnt, is unrestricted. In the baseline model, we assume the drift term is constant,

δnt = δn.

The connected component, z̃nt, from (1) allows for both national business cycle movements and

a common component across clustered industries. Using the language of Francis et al. (2017), we

model the common connected component as a “cluster factor”: Industries that belong to the same

cluster are attached to the same cluster factor, subject to an industry-specific factor loading.

Formally, define a cluster indicator, γnk, where γnk = 1 if industry n belongs to cluster k ∈

{1, ...,K} and γnk = 0 otherwise. Here, K << N represents the total number of clusters. Each

industry n belongs to a single cluster, so that
∑

k γnk = 1. Then, we can write the connected

component, z̃nt, as:

z̃nt = αn

K∑

k=1

γnk[µk0 + µkSt + φk(L)zkt−1 + ukt],

where zkt is the time-t value of the kth cluster factor and αn > 0 is industry n’s factor loading.

We assume that zkt consists of an AR(pz) process with a regime-switching intercept that depends

on an aggregate, discrete state variable, St ∈ {0, 1}. The drift term in the trend equation (2)

requires the normalization of µk0. We impose µk0 = 0 and µk < 0, so St = 1 captures an aggregate

downturn and St = 0 captures an aggregate expansion [see also Kim & Nelson (1999)]. St follows a

first-order Markov-process with constant transition probabilities πji = Pr [St = j|St−1 = i], which

are compiled in a transition matrix Π. The roots of φk(L) = φk1L+ ...+φkpz
Lpz lie strictly outside

of the unit circle and E(u2

kt) = σ2

uk. The innovations to the cluster factors are assumed to be

uncorrelated across clusters and we normalize σ2

uk = 1 ∀ k = 1, ..,K to identify the scale of each z.

We assume no correlation between components [i.e., E(emtunt) = 0 ∀m,n]; this assumption can be

relaxed (Morley et al., 2003) but can result in a volatile trend and a cycle that is mostly noise.

The idiosyncratic component, vnt, from (1) captures the residual industry-specific dynamics and
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follows an AR(pv):

vnt = ρn(L)vnt−1 + ηnt,

where the roots of ρn(L) = ρn1L+ ...+ ρnpv
Lpv lie strictly outside of the unit circle, E(η2nt) = σ2

ηn,

and E [ηntηmt] = 0 for n 6= m and for all t. The latter restriction assumes that any correlation

across the cycles are attributable only to the connected component.

Our model has the flavor of Friedman’s plucking model [see Friedman (1964, 1993) and Dupraz

et al. (2021)], where expansions are periods when the economy is near trend and recessions are

periods when the cycle is “plucked” downward from trend. While the timing of the national down-

turns are common across the industries, how these downturns affect each industry is idiosyncratic,

determined by their common cluster parameter, µk, and the industry-specific factor loadings, αn.

3. Estimation

We estimate the model using the Gibbs sampler [see Gelfand & Smith (1990); Casella & George

(1992); Carter & Kohn (1994)]. This Markov Chain Monte Carlo technique separates the latent

variables and parameters into blocks to be drawn from their conditional posterior distributions,

given the data and other latent variables and parameters.

Collect the cross-sectional components as Yt = [Y1t, ..., YNt]
′, τt = [τ1t, ..., τNt]

′

and vt =

[ν1t, ..., νNt]. Collect the cross-cluster components as zt = [z1t, ..., zKt]
′

. Define Γ as the (N ×K)

matrix of cluster memberships with representative element γnk ∈ {0, 1} as given above. Then, col-

lect the time series of the trend components, τT = [τ1, ..., τT ]; the cluster factors, zT = [z1, ..., zT ];

the idiosyncratic cycle components, vT = [v1, ..., vT ]; and the aggregate regime series, ST =

[S1, ..., ST ].

Let Ψ represent the full set of parameters that includes the drift parameters, δ; the trend

innovation variances, Σe = diag
[

σ2

e1, ..., σ
2

eN

]

; the common recession magnitudes, µ; the regime

process transition matrix, Π; the cluster membership indicators, Γ; the factor loadings, α; the clus-

ter AR coefficients, Φ; the idiosyncratic AR parameters, ρ; and the idiosyncratic variances, Ση =

diag
[

σ2

η1, ..., σ
2

ηN

]

. Recall that we normalized the cluster factor variances, Σu = diag
[

σ2

u1, ..., σ
2

uK

]

=

6



IK . In what follows, Ψ
−x represents the full set of parameters excluding x.

The joint posterior distribution is formed from 5,000 iterations of the sampler after an initial

burn-in of 5,000 iterations.

3.1. Priors

The drift parameter, the recession depth, and all AR coefficients have normal prior distributions.

All innovation variances have inverse gamma priors. The transition probabilities for the aggregate

regime process are assumed to have a Dirichlet prior distribution.

The composition of each cluster is determined endogenously by the similarity in the movements

in the Ynts across industries. We can incorporate additional information by assuming a multinomial

logistic prior for the cluster membership indicator, γnk. Suppose there exists a vector, xnk, of

variables that may influence whether a series n belongs to cluster k. We assess the prior probability

that series n belongs to cluster k as:

Pr [γnk = 1|xnk] =











exp
(

x
′

nk
βk

)

/
[

1 +
∑

exp
(

x
′

nk
βk

)]

k = 2, ...,K

1/
[

1 +
∑

exp
(

x
′

nk
βk

)]

k = 1
, (3)

for n = 1, ..., N and where we have normalized β1 = 0. Note also that the vector, xnk, need not

be composed of the same variables for each cluster k but that the covariates in each xnk must

be time-invariant and industry specific (i.e., not functions of the composition of the clusters or

computed relative to another industry m 6= n). That is, we cannot include in xnk variables such

as the value of inputs flowing from one industry to another nor the value of inputs flowing from

one industry to all other industries in a cluster. As in Hamilton & Owyang (2012) and Francis

et al. (2017), we think of the prior hyperparameters, βk’s, as population parameters signifying the

clusters’ relationships.

Table 1 shows the prior distributions for the model parameters.

3.2. Draw τT , zT ,vT |Ψ,ST ,YT

The latent variables are drawn using the smoothing sampler of Durbin & Koopman (2002) with

the correction outlined by Jarociński (2015). To implement the smoothed sampler, we must cast
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Table 1: Prior Distributions for Estimation

Parameter Prior Distribution Hyperparameter

πi D(π̄1i, π̄2i) π̄ji = 1 for j = 1, 2 and i = 1, 2
µk N(m0,M0) m0 = −2, M0 = 1
φk N(f0, F0) f0 = [0.9, 0]′, F0 = (0.1)2 × I2

αn N(a0, A0) a0 = 1, A0 = 1
βk N(b0, B0) b0 = 03, B0 = diag(0.5, 3, 3)
δn N(d0, D0) d0 = 1, D0 = 1

σen IG
(

ῡen

2 , ζ̄en
2

)

ῡen = 6, ζ̄en = 4

ρn N(r0, R0) r0 = [0.9, 0]′, P0 = (0.1)2 × I2

σηn IG
(

ῡηn

2 ,
ζ̄ηn

2

)

ῡηn = 6, ζ̄ηn = 4

the model in its state space form. The measurement equation is

Yt = Hξt,

whereH =
[

IN , IN , Γ̃,0N×N(pv−1),0N×K(pz−1)

]

, Γ̃ = α⊙Γ, and the state vector is ξt = [τ ′t , v
′

t, z
′

t, v
′

t−1, ...,

v′t−pv+1, z
′

t−1, ...., z
′

t−pz+1]
′. The state equation is

ξt = Λt +Θξt−1 + ωt,

where Λt = [0′

N×1,0
′

N×1, Stµ
′,0′

N(pv−1)×1,0
′

K(pz−1)×1]
′,

Θ =







































IN 0 0 0 0

0 ∆1 0 ∆2 · · ·∆pv
0

0 0 Ω1 0 Ω2 · · ·Ωpz

0 IN 0 0 0

0 0 0 IN(pv−2) 0

0 0 IK 0 0

0 0 0 0 IK(pz−2)







































,
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∆p = diag(ρ1p, ..., ρNp), Ωp = diag(φ1p, ..., φKp) and ωt = [e′t, η
′
t, u

′
t,0

′
N(pv−1)×1,0

′
K(pz−1)×1]

′.

The sampler requires a distribution for the initial state vector ξ0 ∼ N(ξ0|0, P0|0) [see Durbin &

Koopman (2012)]. The initial mean and variance-covariance terms for the stationary series in ξ0

(v and z) are set to the unconditional mean and variance-covariance terms [see Hamilton (1994,

p. 378)]. Because the trend, τ , is nonstationary, the initial values are set using a diffuse prior,

where the trend element in ξ0|0 is set to the initial observation Y0 and the corresponding diagonal

elements of P0|0 to 107.

3.3. Draw ST ,Π|Ψ−Π, τT , zT ,vT ,YT

The draws for the cluster factor dynamics are standard steps for an AR process with Markov-

switching (Kim & Nelson, 1999). Conditional on zT , µ, and Π, the state vector ST can be drawn

using the filter outlined by Hamilton (1989). We initialize the filter with the steady-state probabil-

ities implied by Π: p(S0 = 0) = 1−π11

2−π00−π11

and p(S0 = 1) = 1−π00

2−π00−π11

. The filter is run forward for

t = 1, ..., T to obtain

p(St|zt, ..., z1) =
f(zt|St, zt−1, ..., z1)p(St|zt−1, ..., z1)

f(zt|zt−1, ..., z1)
,

where

f(zt|St, zt−1, ..., z1) ∝ exp

{

−0.5

T
∑

t=1

[zt − µStΦ(L)zt−1]
′[zt − µSt − Φ(L)zt−1]

}

,

p(St|zt−1, ..., z1) =

1
∑

i=0

p(St|St−1 = i)p(St−1 = i|zt−1, ..., z1)

and

f(zt|zt−1, ..., z1) =
1

∑

j=0

f(zt|St = j, zt−1, ..., z1)p(St = j|zt−1, ..., z1).
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We then draw the terminal state ST from p(ST |zT , ..., z1), which is provided by the last iteration

of the forward filter. The remaining states, ST−1, ..., S1, are drawn recursively:

p(St|St+1 = j) ∝ p(St+1 = j|St)p(St|zt, ..., z1),

using a backward smoother (Chib, 1996).

Each of the columns πi = [π1i, π2i]
′ of the transition matrix Π are drawn from their conditional

posterior distribution given by

πi ∼ D(π̄1i +N1i, π̄2i +N2i),

where Nji is the number of transitions from state i to state j in ST and the prior is the Dirichlet

distribution πi ∼ D(π̄1i, π̄2i).

3.4. Draw µ,Φ|Ψ−µ,Φ, τT , zT ,vT ,ST ,YT

Drawing the parameters governing the cluster dynamics is straightforward, conditional on know-

ing the state vector, ST , and cluster factors, zT . We first draw µk for each cluster, then the AR

parameters, Φk = [φk1, ..., φkpz
]′. Let µk ∼ N(m0,M0) be the prior distribution for the “plucking”

parameter. We can then draw µk from its posterior distribution using a rejection sampler to ensure

the identification is satisfied:

µk ∼ N(m1,M1),

where

m1 = M1(M
−1
0 m0 +X ′

µYµk),

M1 = (M−1
0 +X ′

µXµ),

Xµ = [Spz+1, ..., ST ]
′ and
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Yµ,k =













zk,pz+1 −
∑

p φkpzk,pz+1−p

...

zk,T −
∑

p φkpzk,T−p













.

Given the prior Φk ∼ N(f0, F0), we draw the cluster AR parameters using a rejection sampler

to ensure stationarity from

Φk ∼ N(f1, F1),

where

f1 = F1(F
−1
0 f0 +X ′

ΦkYΦk),

F1 = (F−1
0 +X ′

ΦkXΦk),

XΦk =













zk,pz
· · · zk,1

...
...

zk,T−1 · · · zk,T−pz













and YΦk = [zk,pz+1 − µkSpz+1, ..., zk,T − µkST ]
′

.

3.5. Draw Γ, α, β|Ψ−α,β,Γ, τT , zT ,vT ,ST ,YT ,x

The cluster membership indicators in Γ could be drawn industry-by-industry from each respec-

tive conditional posterior distribution as in Frühwirth-Schnatter (2006, Ch. 3). However, we found

this method mixed poorly due to the restriction that clusters are non-empty. Therefore, we opted

to draw the membership indicators for each cluster γk using a Metropolis-within-Gibbs step. At

each Gibbs iteration, we propose a new cluster membership matrix Γ∗ that differs from the previous

iteration’s draw, Γ[i−1], by a single industry n. That is, with equal probability, we either add or

take away an industry from cluster k to get Γ∗. If γ
[i−1]
k is already at the minimum cluster size, a

random industry is added to cluster k. The proposal is then accepted with probability

A = min

[

1,
p(Γ∗|β,x)

p(Γ[i−1]|β,x)

f(Y |Γ∗)

f(Y |Γ[i−1])

q(Γ[i−1]|Γ∗)

q(Γ∗|Γ[i−1])

]

,

11



where p(Γ|β,x) is the prior given by (3),

f(Y |Γ) ∝ exp

{

−0.5
T
∑

t=1

(∆Yt − δ −∆vt − α⊗ Γzt)
′Σ−1

e (∆Yt − δ −∆vt − α⊗ Γzt)

}

and q
(

Γ[i]|Γ[i−1]
)

is the proposal distribution. Because the proposal distribution is symmetric, the

last term in the acceptance probability is equal 1.

After proposing the cluster membership indicators in Γ, the draw for α is straightforward and

can be carried out industry-by-industry. Assuming a prior distribution of αn ∼ N(a0, A0), each

factor loading is drawn using a rejection sampler from its posterior distribution given by

αn ∼ N(a1, A1),

where

a1 = A1(A
−1
0 a0 +X ′

αnYαn),

A1 = (A−1
0 +X ′

αnXαn),

Xαn = [
∑

k
γnk∆zk1

σen

, ...,
∑

k
γnk∆zkT

σen

]′ and Yαn = [∆Yn1−δn−∆vn1

σen

, ..., ∆YnT−δn−∆vnT

σen

]′.

Given the cluster membership indicators in Γ, the draw of the prior hyperparameters β follows

from the data augmentation technique presented in Section 3.2 of Frühwirth-Schnatter & Frühwirth

(2010). To identify the parameters in the multinomial logistic, we set β1 = 0 implying Cluster 1 is

the baseline category. Thus, βk for k = 2, ...,K can be interpreted as the change in the log-odds

ratio relative to Cluster 1.

3.6. Draw δ,Σe|Ψ−δ,Σe
, τT , zT ,vT ,ST ,YT

We draw the drift parameters, δn, and the variance terms in Σe industry-by-industry. Given

the prior δn ∼ N(d0, D0), the posterior distribution is then:

δn ∼ N(d1, D1),
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where

D1 = (D−1

0
+X ′

δnXδn),

d1 = D1(D
−1

0
d0 +X ′

δnYδn),

Xδn = σ−1
en 1T−1 and Yδn = [∆τn2

σen
, ..., ∆τnT

σen
]′. To allow for secular declines in certain industries, we

place no restrictions on the sign of δn.

Given the prior, σ2
en ∼ IG( ῡen

2
, ζ̄en

2
), we draw σ2

en from its posterior distribution given by

σ2

en ∼ IG(
υen

2
,
ζen

2
),

where υen = ῡen + T − 1 and ζen = ζ̄en +
∑T

t=2
(∆τnt − δn)

2
.

3.7. Draw ρ,Ση|Ψ−ρ,Ση
, τT , zT ,vT ,ST ,YT

Given the prior, ρn ∼ N(r0, R0), we draw ρn using a rejection sampler to ensure stationarity

from its posterior distribution:

ρn ∼ N(r1, R1),

where

R1 = (R−1

0
+X ′

ρnXρn),

r1 = R1(R
−1

0
r0 +X ′

ρnYρn),

Xρn =













vn,pv

σηn
· · ·

vn,1

σηn

...
...

vn,T−1

σηn
· · ·

vn,T−pv

σηn













and Yρn =
[

vn,pv+1

σηn
, ...,

vn,T

σηn

]

′

. We implement a rejection sampler to ensure all of the roots for any

draw ρn(L) lie outside the unit circle, and thus vn remains stationary.

Let σ2
ηn ∼ IG(

ῡηn

2
,
ζ̄ηn

2
) be the prior for σηn. The posterior distribution is then given by

σ2

ηn ∼ IG(
υηn

2
,
ζηn

2
),
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where υηn = ῡηn + T − pv and ζηn = ζ̄ηn +
∑T

t=pv+1
(vnt − ρn(L)vnt−1)

2
.

3.8. Choosing the Number of Clusters, Minimum Cluster Size, and Lag Length

We treat the number of clusters, K, and the lag lengths, pz and pν , as model selection issues.

Additionally, if left unrestricted, the proposal density for the cluster membership draw of the

sampler could create empty clusters. While we could set the minimum size of a cluster, nK , equal

to 1, we also do not want to create degenerate clusters (i.e., clusters with only a single member).

Because choosing any minimum cluster size greater than 1 might be arbitrary, we will also treat

this parameter as a model selection issue.

In principle, we could search over all combinations of these four parameters, given a limited

support for each. This would require estimating a very large set of models. Many of the papers in

the unobserved components literature set the number of lags equal to 2—the minimum number of

lags required for the model to be identified [see, for example, Harvey (1985), Clark (1987), Harvey &

Jaeger (1993), Morley et al. (2003), and González-Astudillo (2019)]. In the interest of computational

feasibility, we conduct the model selection exercise hierarchically: We first set pz = pν = 2 and

optimize the number of clusters and the minimum cluster size. Then, based on these values, we

determine the optimal number of lags.

As shown by Kass & Raftery (1995), Bayesian Information Criterion (BIC) provides an asymp-

totic approximation of the marginal likelihood and is relatively easy to compute. We compare the

BIC across models for K ∈ {2, ..., 10} and nK ∈ {2, ..., 10}. Alternative criterion, including Akaike

Information Criterion (AIC) and Deviance Information Criterion (DIC), corroborate our findings

of the optimal cluster size [see Spiegelhalter et al. (2002)]. Then, given the choice of K and nK , we

choose pz and pν from pz ∈ {2, ..., 8} and pν ∈ {2, ..., 6}.

4. Empirical Application

4.1. Data

To estimate our model, we require two different sets of data. First, we require a set of business

cycle indicators. Second, we require a set of cross-sectional covariates to populate the prior on
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cluster membership.

4.1.1. Business Cycle Indicator

While the growth rate of real gross domestic product (GDP) is often used to represent business

cycle fluctuations, the NBER Business Cycle Dating Committee also considers other variables such

as employment and industrial production (IP). Industry-level GDP is available only at a quarterly

frequency back to 2005. Employment can be problematic for identifying turning points. Following

the three recessions of 1990-91, 2001, and the Great Recession, employment recovered slower than

output [see, for example, Jaimovich & Siu (2020)]. These “jobless” recoveries can skew the timings

of the turning points if labor market variables alone are used. In light of these issues, we use monthly,

seasonally-adjusted, industry-level IP. These data are available from the Board of Governors of the

Federal Reserve System.

Monthly industry-level IP is disaggregated to the four-digit NAICS industry level. During the

early-1990s, the standard industry classification changed from the SIC to the NAICS. The two

industry classification systems differ in both the number of industries and how they are classified.

Broad industrial sectors (one-digit) remain essentially unchanged but the three-digit industries

cannot be easily merged. While the SIC classification provides a longer sample (back to 1948), the

NAICS contains industries (e.g., information technologies) that have recently risen in importance.

Our sample includes 82 industries covering the time period 1972:01 to 2019:12. These industries

are listed in the first column of Tables 2 and 3; their NAICS industry designation is listed in the

second column.

4.1.2. Covariate Data for the Prior

The cluster membership indicators determine which industries comove. The prior on each

indicator is logistic, parameterized by covariates that may influence cluster composition. We require

a set of industry-specific characteristics that are time-invariant and can measure the links between

industries. Industry comovement could result from sector-specific shocks that affect industries

within a single NAICS designation or from shocks that affect industries across sectors through

supply chain dependencies. To answer the question posed in the introduction, our covariate data
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Table 2: Parameter Estimates. This table shows median posterior estimates of each industry’s trend drift δn;

magnitude of average aggregate recession αnγnkµk; and the variance decomposition of the cycle component cnt into

the aggregate regime St and cluster-specific shock ukt.

Industry Name NAICS δn αnγnkµk V DCS V DCu

Veneer, Plywood, and Engineered Wood Pro... 3212 0.09 -1.33 0.36 0.17

Other Wood Product 3219 0.05 -1.89 0.6 0.11

Clay Product and Refractory 3271 -0.09 -1.04 0.56 0.1

Glass and Glass Product 3272 0.04 -1.32 0.72 0.13

Cement and Concrete Product 3273 0.05 -1.77 0.63 0.11

Lime and Gypsum Product 3274 0.07 -1.35 0.47 0.08

Other Nonmetallic Mineral Product 3279 0.11 -1.89 0.59 0.11

Iron and Steel Products 3311 -0.03 -3.81 0.67 0.12

Alumina and Aluminum Production and Proc... 3313 0.01 -2.28 0.48 0.09

Nonferrous Metal 3314 -0.04 -1.59 0.55 0.1

Foundries 3315 -0.05 -2.6 0.83 0.15

Hardware 3325 -0.08 -1.91 0.79 0.14

Machine Shops, Turned Product, and Screw... 3327 0.18 -2.3 0.8 0.14

Other Fabricated Metal Product 3329 0.04 -1.73 0.81 0.14

Agriculture, Construction, and Mining Ma... 3331 0.05 -2.19 0.54 0.1

Industrial Machinery 3332 0.02 -1.73 0.51 0.09

Commercial and Service Industry Machiner... 3333 0.19 -0.48 0.48 0.41

Ventilation, Heating, Air-Conditioning, ... 3334 0.04 -2.43 0.64 0.11

Metalworking Machinery 3335 0 -1.89 0.65 0.12

Engine, Turbine, and Power Transmission ... 3336 0.02 -2.14 0.76 0.13

Computer and Peripheral Equipment 3341 1.43 -0.42 0.32 0.29

Communications Equipment 3342 0.74 -1.28 0.6 0.11

Audio and Video Equipment 3343 -0.02 -0.54 0.05 0.05

Semiconductor and Other Electronic Compo... 3344 1.43 -1.96 0.69 0.12

Navigational, Measuring, Electromedical,... 3345 0.37 -1.05 0.64 0.11

Electric Lighting Equipment 3351 -0.02 -1.91 0.7 0.12

Household Appliance 3352 0.04 -2.37 0.52 0.24

Electrical Equipment 3353 -0.02 -1.79 0.79 0.14

Other Electrical Equipment and Component... 3359 0.12 -2.34 0.83 0.15

Motor Vehicle 3361 0.21 -12.79 0.64 0.34

Motor Vehicle Body and Trailer 3362 0.07 -2.87 0.52 0.27

Motor Vehicle Parts 3363 0.18 -5.16 0.58 0.3

Aerospace Product and Parts 3364 0.12 -0.39 0.03 0.27

Ship and Boat Building 3366 0.05 -0.73 0.2 0.04

Office and Other Furniture 3372 0.1 -1.44 0.79 0.14

Logging 1133 0.02 -0.97 0.17 0.08

Sawmills and Wood Preservation 3211 0.06 -1.77 0.43 0.2

Forging and Stamping 3321 0.07 -2.37 0.82 0.15

Cutlery and Handtool 3322 -0.09 -1.59 0.78 0.14

Architectural and Structural Metals 3323 0.08 -1.67 0.79 0.14

are chose to determine whether comovement results from connectedness in an industry’s supply

chain that extends within or across the two-digit sector.

We compute two measures of connectedness within a supply chain: the dollar value of commodi-

ties flowing to other industries either within or across its two-digit NAICS code. We employ the
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Table 3: Parameter Estimates (continued). This table shows median posterior estimates of each industry’s trend

drift δn; magnitude of average aggregate recession αnγnkµk; and the variance decomposition of the cycle component

cnt into the aggregate regime St and cluster-specific shock ukt.

Industry Name NAICS δn αnγnkµk V DCS V DCu

Spring and Wire Product 3326 0 -2.18 0.83 0.15

Coating, Engraving, Heat Treating, and A... 3328 0.21 -2.12 0.82 0.15

Railroad Rolling Stock 3365 -0.05 -0.8 0.53 0.44

Other Transportation Equipment 3369 0.23 -0.91 0.34 0.11

Household and Institutional Furniture an... 3371 0.02 -1.79 0.65 0.3

Medical Equipment and Supplies 3391 0.32 -0.87 0.63 0.11

Animal Food 3111 0.25 -0.07 0.07 0.52

Grain and Oilseed Milling 3112 0.15 -0.04 0.02 0.19

Sugar and Confectionery Product 3113 0.08 -0.94 0.3 0.05

Fruit and Vegetable Preserving and Speci... 3114 0.08 -0.07 0 0.04

Dairy Product 3115 0.09 -0.02 0.01 0.1

Animal Slaughtering and Processing 3116 0.19 -0.03 0.03 0.22

Other Food 3119 0.21 -0.06 0 0.02

Beverage 3121 0.15 -0.28 0.14 0.04

Tobacco 3122 -0.18 -0.54 0.12 0.02

Fabric Mills 3132 -0.11 -1.45 0.62 0.29

Textile and Fabric Finishing and Fabric ... 3133 -0.17 -2 0.64 0.29

Textile Furnishings Mills 3141 -0.08 -1.84 0.61 0.28

Other Textile Product Mills 3149 0.01 -1.57 0.51 0.24

Apparel 315 -0.38 -1.41 0.79 0.14

Leather and Allied Product 316 -0.31 -1.35 0.72 0.13

Pulp, Paper, and Paperboard Mills 3221 0.01 -1.36 0.55 0.25

Converted Paper Product 3222 0.04 -1.32 0.62 0.29

Printing and Related Support Activities 323 0.06 -0.95 0.81 0.14

Petroleum and Coal Products 324 0.07 -0.68 0.32 0.15

Basic Chemical 3251 0.07 -1.71 0.55 0.1

Resin, Synthetic Rubber, and Artificial ... 3252 0.09 -3.2 0.61 0.28

Pesticide, Fertilizer, and Other Agricul... 3253 0.13 -0.68 0.31 0.12

Pharmaceutical and Medicine 3254 0.22 -0.02 0 0.02

Paint, Coating, and Adhesive 3255 0.08 -1.2 0.63 0.11

Soap, Cleaning Compound, and Toilet Prep... 3256 0.13 -0.92 0.49 0.09

Plastics Product 3261 0.25 -2.02 0.77 0.14

Rubber Product 3262 0.01 -1.84 0.61 0.11

Newspaper, Periodical, Book, and Directo... 5111 -0.11 -0.68 0.72 0.13

Bakeries and Tortilla 3118 0.03 -0.35 0.32 0.15

Oil and Gas Extraction 211 0.09 -0.27 0.07 0.67

Metal Ore Mining 2122 0.07 -1.93 0.36 0.06

Nonmetallic Mineral Mining and Quarrying... 2123 0.05 -1.71 0.73 0.13

Support Activities for Mining 213 -0.09 -0.02 0 0.01

Electric Power Generation, Transmission,... 2211 0.18 -0.31 -0.04 0.81

Natural Gas Distribution 2212 0.01 -0.65 -0.02 0.46

Coal Mining 2121 0.01 -0.03 0 0

“make”-“use” tables from the Bureau of Labor Statistics to create an input-output matrix similar

to Caunedo (2020). The “make” table captures what commodity each industry makes or produces;

the “use” table shows the components that each industry uses for production. Specifically, the

17



“make” table collects wnct, the dollar value of commodity c produced by industry n, into a N ×C

output matrix Wt for year t. The “use” table collects ucnt, the dollar value of commodity c used as

an input by industry n, into a similar C ×N input matrix Ut for year t. The input-output matrix,

then, is IOt = [Wt ⊘ (JNWt)]Ut, where JN is a N ×N matrix of ones and ⊘ represents Hadamard

division. Therefore, each entry of the N ×N matrix, IOt, shows how the output in each industry

is used as an input by each other industry in a given year. We normalize the input-output matrix

by the total dollar flow into a given industry to obtain each industry’s relative intermediate impor-

tance: ˜IOt = IOt ⊘ (JNIOt). The “make”-“use” tables are available annually for 205 industries

from 1997 to 2019. We restrict our sample to match the 82 industries available for IP.

Figure 1: Connectedness Measures. This scatterplot shows the two measures of industry connectedness as
constructed from the input-output matrices. Intra-IO measures the percentage of total output of a given industry
that is used as an input to industries within its sector (i.e., industries which have the same two digit NAICS code).
Inter-IO measures the percentage of total output of a given industry that is used as an input to industries outside
its sector.
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We measure within- or intra-industry connectedness (intra-IO) as the sum of the proportions

of a given industry’s output used as an input into other industries with the same two-digit NAICS

code. Conversely, our measure of across- or inter-industry connectedness (inter-IO) is the sum of

the proportions of a given industry’s output used as an input into industries outside its two-digit
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NAICS code. Because the covariates entering the multinomial logistic prior must be time-invariant,

we take the average of each connectedness measure across all of the years for which data is available.

Figure 1 shows a scatterplot of the average connectedness measures for each industry color-coded

by 2-digit NAICS sector. As one might expect, the two covariates are negatively but not perfectly

correlated, as some output from each sector used as final goods is in neither inter-IO nor intra-IO.

4.2. Main Results

Using the method outlined in Section 3, the optimal number of clusters is determined to be

K = 7 with the minimum cluster size restricted to n
k

= 4. Given these values, the optimal

lag length for the cluster cycles is pz = 6 while the optimal number of lags for the idiosyncratic

component is pv = 3. In the following subsections, we present the results based on this model

specification; the subsequent section shows a few representative industries.

4.2.1. Industry Trends

The industry-level trends differentiate our models from Foerster et al. (2011), Garin et al. (2018),

and Li & Martin (2019), and we can identify secularly declining industries. Of particular interest

are industries that experience both increasing and decreasing trends over the period. These periods

could affect the identification of the aggregate regimes, and issues surrounding them might not be

resolved by differencing as in Francis et al. (2017).

The second columns of Tables 2 and 3 show the NAICS four-digit industry code and the third

columns show the estimated drift parameter. Eighteen of the 82 industries have negative mean drift.

Three of these industries—tobacco, newspapers, and railroad rolling stock (consisting of train cars,

etc.)—are not surprising: Demand for these products has been declining for various reasons. Iron

and steel and their related sectors; apparel; and leather may have declining trends because of foreign

competition. Other textile subsectors have small, positive drift parameters. On the other hand,

some high tech industries—computer peripherals, semiconductors, and communications—have steep

upward trends suggested by large, positive drift parameters.

As alluded to above, not all of these industries experience a secular decline over the entire

subsample. For example, newspapers and apparel—both of which we will discuss in more detail
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below—increase or are constant for the initial part of the sample but then decline over the last

20-25 years. In these cases (and others), neither a linear trend nor differencing (or, equivalently,

computing growth rates) would remove the time-varying trend and allow us to identify the cyclical

features. The downward trend in a portion of the time sample could be identified by the filter

as recession periods. The UC framework’s time-varying trends is robust to these partial-sample

downward trends.

4.2.2. Aggregate Recessions

In our model, comovement is influenced by two components: the aggregate recession indicator,

St, and the common cluster cycle, zkt. The aggregate recession indicator drives comovement across

all industries, while the cluster cycle drives comovement between a subset of industries. Industry-

level IP identifies troughs with more precision than it does peaks, which has been noted by Chang

& Hwang (2015). Industries appear to recover simultaneously but fall into recession at different

times. This result motivates our approach of using both an aggregate regime and cluster cycles that

allow groups of industries to experience business cycle fluctuations outside the aggregate cycle.

Figure 2: Aggregate Recession. This figure shows the mean probability of recession for the entire panel of
industries (i.e., St = 1). The gray bars reflect official NBER U.S. recession dates.
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Figure 2 plots the posterior regime probabilities for St, along with the NBER recessions shaded

in grey. With the exception of the 1990-91 and 2001 events, the aggregate regime variable indicates

a recession with posterior probability 1 for all of the NBER recessions in the sample period. The

1990-91 event is identified at an 80-percent posterior probability threshold. Omission of the 2001

event is consistent with Chauvet & Piger (2008) and results from our use of the latest vintage of
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data. Positive data revisions subsequent to the NBER announcement of the 2001 turning points

made identification of the recession less likely. The aggregate regime variable has only one false

positive at the beginning of the sample, which may be a product of the initialization of the sampler

and/or the poor end-of-sample properties of the filter. The dataset does not include the recession

starting in 1969.

Figure 3: Recession Depth. This histogram shows the posterior median for each industry’s recession depth
αnγnkµk. We omit motor vehicles from the histogram due to its extreme value (-13.03).
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Our model also identifies the industry-level depth of recession, αnγnkµk. The fourth columns

of Tables 2 and 3 show the mean depth of the recessions for the cross-section of industries. Figure

3 plots a histogram of the depth of recessions for the various industries. In general, raw materials

sectors experience some of the largest declines in IP (over 4 percentage points for some industries)

during recessions. Other durable goods industries—e.g., household appliances, motor vehicles, and

motor vehicle related industries—also experience large declines during recessions, possibly because

consumers delay these purchases during tough times. Conversely, inelastic demand products such

as food and food products (except sugar and confectionery products, which may be more elastic),

pharmaceuticals and medicine, and energy-related industries experience the mildest recessions.
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4.2.3. Cluster Composition

While the aggregate regime affects all industries, comovement across subsets of industries is

determined by membership in a cluster. While two industries in the same cluster can have different

trends and idiosyncratic cycles, they share a common cluster factor, zkt.

Tables 4 and 5 show the posterior probabilities for the cluster membership indicator, γnk. While

most industries are assigned to one cluster with high probability, a few industries’ cluster member-

ships are not as well identified. For example, pesticide and fertilizer is assigned to Cluster 3 with

52% posterior probability and not assigned to any other cluster with more than 25% posterior prob-

ability. Beverages are assigned to Cluster 1 with 56% posterior probability but are also assigned

to Cluster 6 with greater than 40% posterior probability. Typically, membership ambiguity arises

because an industry has cyclical properties similar to more than one factor, making the likelihood

of being assigned to multiple clusters about equal. Alternatively, an industry may be acyclical or

not well represented by any cluster factor. While our model does not allow single-member clusters,

industries not well represented by any of the K cluster factors will draw loadings close to zero and

have most of their variance explained by their idiosyncratic components.
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Table 4: Cluster Membership. This table displays the posterior probability of cluster membership for each
industry. These probabilities are computed as the average of the draws of γnk across all Gibbs iterations.

Cluster (k)
Industry Name NAICS 1 2 3 4 5 6 7

Veneer, Plywood, and Engineered Wood Pro... 3212 1 0 0 0 0 0 0
Other Wood Product 3219 0 0 0 0 0 1 0
Clay Product and Refractory 3271 0 0 0 0 0 1 0
Glass and Glass Product 3272 0 0 0 0 0 1 0
Cement and Concrete Product 3273 0 0 0 0 0 1 0
Lime and Gypsum Product 3274 0 0 0 0 0 1 0
Other Nonmetallic Mineral Product 3279 0 0 0 0 0 1 0
Iron and Steel Products 3311 0 0 0 0 0 1 0
Alumina and Aluminum Production and Proc... 3313 0 0 0 0 0 1 0
Nonferrous Metal 3314 0 0 0 0 0 1 0
Foundries 3315 0 0 0 0 0 1 0
Hardware 3325 0 0 0 0 0 1 0
Machine Shops, Turned Product, and Screw... 3327 0 0 0 0 0 1 0
Other Fabricated Metal Product 3329 0 0 0 0 0 1 0
Agriculture, Construction, and Mining Ma... 3331 0 0 0 0 0 1 0
Industrial Machinery 3332 0 0 0 0 0 1 0
Commercial and Service Industry Machiner... 3333 0 0 0 0 1 0 0
Ventilation, Heating, Air-Conditioning, ... 3334 0 0 0 0 0 1 0
Metalworking Machinery 3335 0 0 0 0 0 1 0
Engine, Turbine, and Power Transmission ... 3336 0 0 0 0 0 1 0
Computer and Peripheral Equipment 3341 0 0 0 0 1 0 0
Communications Equipment 3342 0 0 0 0 0 1 0
Audio and Video Equipment 3343 0 0 0 0 1 0 0
Semiconductor and Other Electronic Compo... 3344 0 0 0 0 0 1 0
Navigational, Measuring, Electromedical,... 3345 0 0 0 0 0 1 0
Electric Lighting Equipment 3351 0 0 0 0 0 1 0
Household Appliance 3352 1 0 0 0 0 0 0
Electrical Equipment 3353 0 0 0 0 0 1 0
Other Electrical Equipment and Component... 3359 0 0 0 0 0 1 0
Motor Vehicle 3361 0 0 1 0 0 0 0
Motor Vehicle Body and Trailer 3362 0 0 1 0 0 0 0
Motor Vehicle Parts 3363 0 0 1 0 0 0 0
Aerospace Product and Parts 3364 0 1 0 0 0 0 0
Ship and Boat Building 3366 0 0 0 0 0 1 0
Office and Other Furniture 3372 0 0 0 0 0 1 0
Logging 1133 1 0 0 0 0 0 0
Sawmills and Wood Preservation 3211 1 0 0 0 0 0 0
Forging and Stamping 3321 0 0 0 0 0 1 0
Cutlery and Handtool 3322 0 0 0 0 0 1 0
Architectural and Structural Metals 3323 0 0 0 0 0 1 0
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Table 5: Cluster Membership (continued). This table displays the posterior probability of cluster membership
for each industry. These probabilities are computed as the average of the draws of γnk across all Gibbs iterations.

Cluster (k)
Industry Name NAICS 1 2 3 4 5 6 7

Spring and Wire Product 3326 0 0 0 0 0 1 0
Coating, Engraving, Heat Treating, and A... 3328 0 0 0 0 0 1 0
Railroad Rolling Stock 3365 0 0 0 0 1 0 0
Other Transportation Equipment 3369 0.16 0 0.49 0 0 0.34 0
Household and Institutional Furniture an... 3371 1 0 0 0 0 0 0
Medical Equipment and Supplies 3391 0 0 0 0 0 1 0
Animal Food 3111 0 0 0 0 0 0 1
Grain and Oilseed Milling 3112 0 0 0 0 0 0 1
Sugar and Confectionery Product 3113 0 0 0 0 0 1 0
Fruit and Vegetable Preserving and Speci... 3114 0.01 0.97 0 0 0 0.03 0
Dairy Product 3115 0 0 0 0 0 0 1
Animal Slaughtering and Processing 3116 0 0 0 0 0 0 1
Other Food 3119 0.04 0 0 0.52 0.01 0.43 0
Beverage 3121 0.56 0 0 0 0 0.44 0
Tobacco 3122 0.02 0.22 0 0 0 0.75 0
Fabric Mills 3132 1 0 0 0 0 0 0
Textile and Fabric Finishing and Fabric ... 3133 1 0 0 0 0 0 0
Textile Furnishings Mills 3141 1 0 0 0 0 0 0
Other Textile Product Mills 3149 1 0 0 0 0 0 0
Apparel 315 0 0 0 0 0 1 0
Leather and Allied Product 316 0 0 0 0 0 1 0
Pulp, Paper, and Paperboard Mills 3221 1 0 0 0 0 0 0
Converted Paper Product 3222 1 0 0 0 0 0 0
Printing and Related Support Activities 323 0 0 0 0 0 1 0
Petroleum and Coal Products 324 0.93 0 0 0 0 0.07 0
Basic Chemical 3251 0 0 0 0 0 1 0
Resin, Synthetic Rubber, and Artificial ... 3252 1 0 0 0 0 0 0
Pesticide, Fertilizer, and Other Agricul... 3253 0.24 0 0.52 0 0 0.23 0
Pharmaceutical and Medicine 3254 0.03 0.08 0 0.48 0.01 0.4 0
Paint, Coating, and Adhesive 3255 0 0 0 0 0 1 0
Soap, Cleaning Compound, and Toilet Prep... 3256 0 0 0 0 0 1 0
Plastics Product 3261 0 0 0 0 0 1 0
Rubber Product 3262 0 0 0 0 0 1 0
Newspaper, Periodical, Book, and Directo... 5111 0 0 0 0 0 1 0
Bakeries and Tortilla 3118 1 0 0 0 0 0 0
Oil and Gas Extraction 211 0 1 0 0 0 0 0
Metal Ore Mining 2122 0 0 0 0 0 1 0
Nonmetallic Mineral Mining and Quarrying... 2123 0 0 0 0 0 1 0
Support Activities for Mining 213 0.04 0.04 0 0.79 0 0.07 0.06
Electric Power Generation, Transmission,... 2211 0 0 0 1 0 0 0
Natural Gas Distribution 2212 0 0 0 1 0 0 0
Coal Mining 2121 0 0.72 0 0.21 0.02 0.06 0
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Each of the K = 7 clusters has a different number of members. Cluster 6 is the largest, while the

other clusters are smaller—close or equal to the minimum cluster size, n
k
= 4. Thus, the majority

of the manufacturing economy has a common cycle. Figure 4 shows the seven cluster cycles. The

sixth panel is the cluster cycle associated with the largest group of industries. Unsurprisingly, this

factor declines during NBER recessions and—for the most part—rises during expansions. This

cyclical pattern is not entirely attributable to the aggregate regime, which does not tend to switch

at the beginning of NBER recessions. It does, however, suggest that the majority of industries

follow the NBER cycle.

Other clusters have common cycles that differ from the NBER cycle. Many of these also fall—

to varying degrees—during NBER recessions. However, some (e.g., a collection of energy sectors

assigned to Cluster 2) experience fluctuations different from the aggregate but common to the

group. Cluster 4 appears acyclical.

4.2.4. Marginal Effects

The preceding section reviewed how the industries cluster; here, we investigate what factors

influence cluster membership. Determining which factors might influence cluster membership can

help us answer if industry comovement is influenced by similarity in their supply chain characteris-

tics. The prior is logistic, populated by the cluster covariates, xnk, and the prior hyperparameters,

βk, that are estimated jointly with the model parameters. We evaluate how changing an element

of xnk affects the prior probability of cluster membership by computing marginal effects. Marginal

effects are the changes in the cluster membership prior probabilities produced by changes in the

specified element of xnk from one standard deviation below its mean to one standard deviation

above its mean. In this calculation, all other elements of xnk are fixed at their respective means.

Table 6 shows the marginal effects. The two cluster covariates evaluate the effects of differences

in an industry’s supply chain. An increase in intra-IO increases the percentage of that industry’s

production network that lies within its two-digit sector. An increase in inter-IO, on the other hand,

increases the percentage of the industry’s production network that lies outside its two-digit sector.

Industries that have high intra-IO (inter-IO) have more vertical (horizontal) supply chains.
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Figure 4: Cluster Cycles. This figure shows the median posterior draw of the factor zkt for each cluster k. The

gray bars reflect official NBER U.S. recession dates.
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Table 6: Marginal Effects of the Connectedness Measures. This table shows the marginal effects of each
connectedness measure on the prior probability of cluster membership. The marginal effects are computed as the
difference in prior probability when the covariate is one standard deviation above its mean minus the prior probability
when the covariate is one standard deviation below its mean. The numbers indicate the posterior median and bold
indicates the 68% highest posterior density interval does not include 0.

Intra-IO Inter-IO

Cluster 1 -0.06 0.11

Cluster 2 -0.02 -0.02
Cluster 3 0.40 0.20

Cluster 4 -0.31 0.02
Cluster 5 0.13 -0.02
Cluster 6 0.05 0.06
Cluster 7 -0.21 -0.32

An increase in intra-IO raises the prior probability of belonging to Cluster 3, which consists

of industries in the production network for motor vehicles. This result is consistent with Ace-

moglu et al. (2012) and Carvalho (2014), who use the 2008 automotive bailout to illustrate the

interconnectedness stemming from an overlap of suppliers and dealers. They find that any failure

up or down the supply chain can lead to severe production lags for another company and drive

comovements within the production network.

Increases in inter-IO raise the prior probability of belong to Cluster 1, which is mostly composed

of wood, paper, and textile industries that have widespread horizontal production networks. Cluster

7 is comprised of agricultural final goods; thus, shifting their supply chains to more within-sector

or more outside-sector both lower the probability of belonging to these clusters.

Overall, we find that industries often cluster based on similarities in their supply chain characteristics—

industries with vertical supply chains tend to cluster with other industries with similar vertical

supply chains. However, the results are mixed—some industry comovement is not explained by

supply chain similarities, leaving opportunities for future research.

4.2.5. Variance Decompositions

To determine whether aggregate, “sectoral”, or industry shocks are relatively more important,

we compute the percentage of the variance of the cycle component, cnt, attributed to the aggregate
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regime, St, the shock to the cluster factor, ukt, and shock to the idiosyncratic component, ηnt. We

calculate the implied variance decomposition based on the model parameters [see Kose et al. (2003),

Jackson et al. (2016)] and treat the binary variable, St, as a shock. The final two columns of Tables

2 and 3 show the percentage of the total variance of cnt attributed to St and ukt; the remainder is

attributed to the idiosyncratic component.

As one might surmise, the aggregate regime accounts for the majority of the cycle variance for

most of the industries in the largest industry group, Cluster 6. This result is again consistent with

previous studies that argue for the importance of the national shock relative to sectoral shocks. For

most of the industries in our sample, this hypothesis is true. For most of the industries allocated to

the other groups, the cluster factor explains a relatively larger portion of the variance of the cyclical

component. The exceptions are the members in Cluster 2, which are acyclical industries. Because

the clusters are generally smaller than a two-digit NAICS sector, the relative importance of the

cluster factor suggests that, when properly defined, “sectoral” shocks can better explain industry

fluctuations. Industries driven mostly by their idiosyncratic components are often the same as those

assigned with nonzero probability to more than one cluster.

4.3. Industry Examples

Our model combines clustering and aggregate regime components that can summarize a large

panel of data with enough flexibility to differentiate individual idiosyncratic series. Here, we consider

a few of the industries that have particularly interesting historical time series. Figure 5 shows the

decompositions of four industries with various features in their trends and cycles.

The top-left panel shows the trend and cycle for the motor vehicle industry. This industry

exhibits textbook characteristics of the plucking model: The trend drifts upward, and the cycle

shows dramatic declines during NBER recessions.

The top-right panel shows apparel, an industry we mentioned in the discussion above. Apparel

has a flat trend from the beginning of the sample through the mid-1990s, when it began a secular

decline. The timing of the decline is subsequent to the ratification of NAFTA in 1993 and just pre-

dates the normalization of trade relations with China in 2000. Apparel is highly cyclical, consistent
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Figure 5: Industry Examples of Trend-Cycle Decomposition. This figure shows actual IP as well as the

median posterior estimate for the trend component, τnt, and cycle component, cnt, for four select industries. The

gray bars reflect official NBER U.S. recession dates.

with clothing being a good that consumers delay purchasing until the economy recovers.

The bottom-left panel shows another industry we mentioned above: newspapers, periodicals,

books, and directory publishing. The industry has an upward trend from the beginning of the sample

until the late 1980s; the trend flattens out until around 1998 and then begins a secular decline. The

year 1998 is important for the newspaper industry as it marks the first time a significant news story

(the Bill Clinton/Monica Lewinsky scandal) broke first over the internet.

The bottom-right panel shows the trend and cycle for oil and gas extraction. While there are

cyclical features, the two most dramatic movements for the industry occur during large declines in

oil prices in September 2005 and September 2008. In September 2005 there was a peak in oil prices

followed by a decline over the next two months. This peak falls between a peaceful transition of

power in Saudi Arabia (August) and their inclusion in the World Trade Organization (November).

The decline in September 2008 lies between a precipitous decline of oil prices during the Great

Recession, which saw a peak of $133.88 per barrel in June and a trough of $39.09 per barrel in
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February 2009.

Oil and gas extraction also displays unique features in its trend. At the beginning of the

sample, the industry experiences a slight secular decline; around 2006, when production from shale

oil reserves increased dramatically, the trend in oil and gas extraction reversed course, rising for

the balance of the sample.

5. Conclusion

One focus of the analysis of industrial business cycles has been the relative importance of ag-

gregate, sectoral, and industry-specific shocks. A confounding problem that has gone somewhat

unstudied is how to define sectors, the level of aggregation below the nation but above individ-

ual NAICS four-digit industries. Past studies considered two-digit industries with the idea that

comovement is driven by either demand shocks across common sector goods or supply shocks in

production networks contained within the sector.

We use a model that allows us to relax such restrictions by defining clusters of comoving indus-

tries based on their business cycle characteristics. We can then determine whether the comoving

industries are related by their supply chain characteristics—either common intra- or inter-sectoral

production networks. Moreover, constructing sectors based on business cycle fluctuations rather

than on NAICS classifications emphasizes the role of sector-specific shocks in business cycle fluctu-

ations.

We find that some industries cluster based on common supply chain characteristics. In particu-

lar, a group of motor vehicle production industries that share a production network tend to comove.

On the other hand, a group of final goods agricultural industries that do not have prevalent intra-

or inter-sectoral production networks comove. Finally, a large group of industries that belong to

multiple sectors also comove. This last group may be consistent with stylized facts established

previously in the literature that argue that aggregate shocks have become relatively more impor-

tant than sectoral shocks (Foerster et al., 2011; Garin et al., 2018; Li & Martin, 2019). This latter

result may suggest that, when the sectors are properly defined, subnational industry shocks are still

relatively important (Atalay, 2017).
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Our paper motivates a number of potential avenues for future research. First, one could allow the

regime switching process to follow time-varying transition probabilities, as outlined by Kaufmann

(2015), Francis et al. (2019), and Psaradakis & Sola (2021), to investigate the effect of certain policies

or shocks. For example, time-varying transition probabilities could capture the degree to which the

stance of monetary policy influences the aggregate regime. Second, previous studies such as Kim

& Piger (2002), Dueker (2006), Billio et al. (2016), and Liu & Song (2021) find that more than

two regimes are necessary to capture the different phases of the business cycle – usually recession,

low-growth, and high-growth states. This extension could be particularly useful for capturing

extreme downturns, such as the recent recession associated with the COVID-19 pandemic. Lastly,

the regime switching dynamics could be made more general from the aggregate process presented in

our model. The Markov-switching dynamic panel models of Kaufmann (2010), Billio et al. (2016),

Casarin et al. (2018), and Agudze et al. (2021) offer a prospective framework that could capture

industry-specific cycle synchronization while still controlling for stochastic trends when added to

our unobserved components model.
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