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Abstract

This paper quantifies the contribution of sector-specific supply and demand shocks to
personal consumption expenditure (PCE) inflation. It derives identification restrictions
that are consistent with a large class of dynamic stochastic general equilibrium models
with production networks. It then imposes these restrictions in structural factor
augmented vector autoregressive models with sectoral data on PCE inflation and
consumption growth. The identification scheme allows the study to remain agnostic on
theoretical modeling assumptions yet still gain structural empirical results: sectoral
shocks cannot explain the initial inflation increases that followed the COVID-19 pandemic.
This changed from the end of 2021 onward when shocks originating in non-services
sectors became a major source of the post-pandemic inflation surge.

Topics: Business fluctuations and cycles; Econometric and statistical methods; Inflation and
prices
JEL codes: C50, E31, E32

Résumé

Dans cette étude, nous quantifions la contribution des chocs sectoriels d'offre et de
demande a l'inflation mesurée par l'indice de prix relatif aux dépenses de consommation
des ménages (indice PCE) aux Etats-Unis. Nous déduisons des restrictions d'identification
qui cadrent avec une grande classe de modeles d'équilibre général dynamiques et
stochastiques dotés de réseaux de production. Nous appliquons ensuite ces restrictions
dans des modeles autorégressifs vectoriels enrichis de facteurs intégrant des données
sectorielles sur l'inflation mesurée par l'indice PCE et la croissance de la consommation.
Notre systéme d'identification nous permet de garder une posture agnostique face aux
hypothéses de modélisation théorique et d'obtenir tout de méme des résultats
empiriques structurels. Ces résultats montrent que les chocs sectoriels ne peuvent pas
expliquer les premiéres hausses d'inflation qui ont suivi la pandémie de COVID-19. lls
indiquent toutefois qu'a partir de la fin de 2021, les chocs provenant de secteurs hors
services sont devenus un important facteur derriere la poussée d'inflation
postpandémique.

Sujets : Cycles et fluctuations économiques;, Méthodes économétriques et statistiques;
Inflation et prix
Codes JEL : C50, E31, E32



1 Introduction

Like many other countries, the U.S. experienced a rapid surge in inflation following the COVID-19
pandemic. Annual headline inflation rose from below 2 percent in March 2020 to over 7 percent
by June 2022. Many explanations for this surge point to sector-specific factors, such as supply
chain disruptions or the rebound in consumer demand, which affected some sectors more than
others. However, attributing these shocks to specific sectors does not diminish their broader
economic impact. On the contrary, shocks originating in one part of the economy can spill over
to other sectors, generating effects of macroeconomic relevance. This also raises a key question
in the ongoing policy debate: was the post-pandemic inflation surge driven primarily by supply
shocks or demand shocks? Given that both played a role, analyzing inflation at a sectoral level is
crucial for distinguishing their relative contributions. This distinction is essential for designing
an effective monetary policy response.

Well before the onset of the COVID-19 pandemic, a growing interest emerged in embedding
production networks into macroeconomic models. These models allow economists to analyze
the origin and intricate transmission patterns of economic shocks, including spillovers from
sector-specific shocks. However, most macroeconomic multi-sector studies focus on either how
sector-specific shocks affect real aggregate activity or how aggregate shocks propagate through
the production network and influence aggregate activity and inflation. A smaller and more
recent subset of the literature studies the effect of sector-specific shocks on inflation. Moreover,
quantifications of sectoral shocks typically rely on theoretical modeling choices and calibration.
Few papers provide empirical evidence that does not rely on these modeling specifics, limiting
empirical conclusions due to the risk of theoretical misspecification.

The paper makes two main contributions. First, I address how to obtain robust empirical
quantifications of sectoral supply and demand shocks, thereby limiting the effects from theoret-
ical misspecification. To that end, I develop an identification scheme that is consistent with a
wide array of canonical dynamic stochastic general equilibrium (DSGE) models with produc-
tion networks. The method further ensures that identified sectoral shocks are not conflated
with aggregate shocks. Second, I use this scheme to identify sector-specific supply and demand
shocks in a structural time-series model and gauge their aggregate consequences for inflation,
with a focus on recent years.

The intuition behind the identification scheme is the following. Different model specifications
deliver solutions on how economic shocks propagate through the network and affect prices and
quantities. These solutions reveal very different quantitative effects of sectoral shocks and their
contributions to inflation. However, I show that for a given sector-specific shock, the solutions
are, in many cases, similar with regard to how sectors are relatively affected by sectoral shocks.
For instance, the quantitative implications of a negative supply shock in a specific manufacturing
sector may be very different between a model with fully flexible prices and one with sectoral
heterogeneity in price stickiness. Nevertheless, my theoretical results suggest that both models
exhibit a similar ranking of sectoral price and quantity responses to the supply shock.! I

exploit this robustness in relative responses across models as identification restrictions. This

In other words, different types of models imply cardinal differences in sectoral responses to shocks. These
responses however do not change ordinal ranks across models.



therefore allows me to remain agnostic on the myriad of potential choices for structural modeling
assumptions yet still gain structural empirical results.

My identification strategy delivers novel empirical evidence on the sectoral origins of infla-
tion. In most years, sectoral supply and demand shocks exhibit limited contributions to personal
consumption expenditure (PCE) inflation. The two last high-inflation periods, the Great In-
flation from the 1970s to the mid-1980s and the period following the COVID-19 pandemic, are
both notable exceptions. I find that supply shocks originating in non-services sectors were a
major source of post-pandemic increases in inflation. In fact, shocks to non-services sectors
have never had such strong contributions to inflation in recent U.S. history. The nature of these
contributions does not stem from one sector-specific shock alone, but from many non-services
sector shocks with varying degrees of importance and different dynamics. Aggregating all iden-
tified sectoral shocks—both sectoral demand and supply shocks from services and non-services
sectors—reveals that their contribution to recent inflation was high, though lower than dur-
ing the Great Inflation. This is because sectoral demand shocks had only a limited positive
effect while sectoral supply shocks in the services sector had a significant negative impact on
post-pandemic inflation. On the flip side, all types of sectoral supply shocks contributed to low
inflation prior to the pandemic.

Focusing on the importance of sectoral shocks in recent years, I determine four distinct sub-
periods with different sources of inflation. Initially, between March 2020 and February 2021,
with headline inflation still below 2 percent, negative sectoral supply-side shocks had small, neg-
ligible negative effects on aggregate prices. At the same time, sectoral demand shocks exhibited
substantial negative contributions to inflation. In the second sub-period, from March 2021 to
September 2021, most strikingly, sectoral shocks do not explain the surge in inflation to levels
well above 2 percent. In the third sub-period, commencing October 2021, the importance of
negative supply shocks originating in non-services sectors increased sharply, contributing by
more than 2.5 percentage points to PCE inflation by April 2022 and lasting until around Jan-
uary 2023. Sectoral demand shocks also started to develop increasing demand-pull contributions
in this period. Finally, the fourth sub-period, from February 2023 until the end of my sample
in March 2024, is characterized by a steady decline in the importance of sectoral shocks, as
inflation continued its downturn and began to normalize. It is important to note that there is
still a large scope for potential aggregate positive demand contributions as a source of inflation,
especially in the second and third sub-periods.

To derive these findings, my analysis proceeds in three steps. First, I analyze the propa-
gation patterns of sectoral shocks within a range of popular DSGE model specifications with
production networks. Given the multitude of theoretical models on production networks, I
derive my identification of sector-specific supply and demand shocks from five different specifi-
cations of popular DSGE models. I build in particular on Pastén, Schoenle, and Weber (2024)
and map their model setup to PCE data by distinguishing between intermediate and final goods
producers, similarly to Smets, Tielens, and Van Hove (2019). This paves the way to combine
input-output (I-O) data, based on the North American Industry Classification System (NAICS),
with PCE time series on prices and quantities. The resulting variations of theoretical specifi-

cations, combined with different calibrations, allow me to summarize the network propagation



of sectoral supply and demand shocks in a wide array of theoretical settings. I focus on differ-
ences in sectoral price rigidity that range from a model with fully flexible prices to one with
heterogeneity in price stickiness and labor market segmentation. Unlike most of the existing
literature, which calibrates models using only one year of I-O data, I calibrate each of the five
models using annual data over a 26-year period. This ensures that my results are robust to
changes in the production network over time, which has previously been evidenced by Foerster
and Choi (2017).

In contrast to sectoral supply shocks, sectoral demand shocks are modeled as changes to
the weights in a household’s consumption basket. For instance, a positive shock to motor
vehicles and parts implies a larger weight for this particular category of consumer goods and a
proportional decrease for all other types of consumer goods. Identification of sectoral demand
shocks requires more a-priori theory than identification of sectoral supply shocks. Within the
resulting narrower set of theoretical models, I show that identification of sectoral demand shocks
is still robust to differing calibrations.

In a second step, I show the central insight behind the identification strategy: for many
sectoral shocks, these propagation patterns are robust across models. All model solutions deliver
quantitative responses of prices and quantities in response to sector-specific shocks. For a given
sectoral shock and model, I rank these shock responses across sectors and group them into
clusters that range from highly to weakly responsive. It turns out that for a given sectoral
shock there exist cluster compositions that are consistent across many, sometimes all, of the
different model solutions. This allows identification of the shock without relying on a specific
theoretical model or calibration.

Exploiting this robustness of sector clusters in a third and final step, I identify structural
sectoral supply and demand shocks within Bayesian factor-augmented vector autoregressive
(FAVAR) models. First, I extract factors from sectoral and aggregate monthly PCE inflation
and consumption growth rates, and then I express them in vector autoregressive (VAR) form.
The FAVAR structure and estimation are based on Bernanke, Boivin, and Eliasz (2005); Boivin,
Giannoni, and Mihov (2009) and Stock and Watson (2016).2 T then estimate structural VAR
shocks via heterogeneity restrictions, i.e., for each sector-specific shock, I rank sectoral impulse
responses so that they comply with the respective cluster composition. I implement structural
identification using standard algorithms from the VAR sign restriction literature, in particular
from Rubio-Ramirez, Waggoner, and Zha (2010). The identification method and findings in
this paper relate to various strands of the literature, but they contribute primarily to the still
limited empirical research on how sectoral shocks propagate through the production network
and have an impact on inflation.

The literature has seen a myriad of recent contributions on the supply- and demand-side
causes of post-pandemic inflation for different countries. Most of the empirical work however

focuses on the role of aggregate supply and demand shocks (see e.g., Bernanke and Blanchard

2Other empirical papers using factor or FAVAR methods with a focus on sectoral prices are Madékowiak,
Moench, and Wiederholt (2009); Kaufmann and Lein (2013); Dixon, Franklin, and Millard (2014); De Graeve
and Walentin (2015); Andrade and Zachariadis (2016); Auer, Levchenko, and Sauré (2019); Baribura, Bobeica,
and Martinez Herndndez (2023) and Ha et al. (2024). These contributions, however, do not solve the fundamental
identification problem of disentangling aggregate shocks from sectoral shocks with aggregate consequences.



2024; Giannone and Primiceri 2024) or selective sector-specific shocks, such as energy shocks
(see e.g., Banbura, Bobeica, and Martinez Hernédndez 2023). These papers do not uncover
supply- or demand-side shocks originating within a disaggregated set of economic sectors.? In
general, no consensus exists on the most important inflation drivers of recent years: e.g., Ascari,
Bonam, and Smadu (2024); Banbura, Bobeica, and Martinez Hernandez (2023) and de Santis
(2024) highlight the effect of supply shocks, whereas e.g. Giannone and Primiceri (2024); Ascari
et al. (2024) and Bergholt et al. (2024) stress more the importance of demand-side shocks.? My
results show that on the sectoral level most inflationary pressure originated in goods-producing
sectors. While I do not explicitly identify aggregate shocks, such as those identified in the recent
literature, my approach allows room for their influence.

On the theory side, most papers on production-networks written before the pandemic focused
on how sectoral shocks affect real fluctuations.” Recently, more theory-dependent work has shed
light on how sectoral-shock propagation affects aggregate inflation (see e.g., Pastén, Schoenle,
and Weber 2024; Rubbo 2024; Ruge-Murcia and Wolman 2024; Bouakez, Hoynck, and Rachedi
2024; Comin and Jones 2024; Di Giovanni et al. 2024; Baqaee and Farhi 2022; Guerrieri et al.
2022; Carvalho, Lee, and Park 2021; Smets, Tielens, and Van Hove 2019). These contributions
provide quantitative empirical results on the effect of sectoral shocks on prices, but they do this
by relying on their respective theoretical model. This paper provides empirical estimates on the
effects of sectoral shocks that do not rely on a specific theoretical model.

Identification using heterogeneity restrictions, as introduced by De Graeve and Karas (2014),
has recently been further developed by Amir-Ahmadi and Drautzburg (2021) and Matthes and
Schwartzman (2025) to improve identification of aggregate shocks. De Graeve and Schneider
(2023) impose heterogeneity restrictions to identify sectoral shocks and their impact on indus-
trial production growth. My identification scheme to gain structural sectoral shocks builds on
the novel econometric framework developed in this previous work, but it differs along two ma-
jor dimensions: first, De Graeve and Schneider (ibid.) derive heterogeneity restrictions directly
from I-O data using common network measures, such as Leontief inverses. In the current pa-
per, I motivate and show the robustness of my restrictions across a range of theoretical DSGE
models. Second, identification in this paper is not exclusively based on quantities, but I in-
clude a price dimension in the time series model and identification framework. This allows me
not only to explicitly study sector-specific shocks in a New Keynesian setting where prices are
sticky, but also to exploit for identification that sectors exhibit heterogeneity in price rigidity.
Moreover, identification with quantities and prices delivers a better separation of supply and

demand shocks.

3Brinca, Duarte, and Faria-e-Castro (2021) and Cesa-Bianchi and Ferrero (2021) are also recent empirical
approaches but they do not explicitly disentangle sectoral from aggregate shocks.

4A range of open-economy approaches have also been investigating the effect of mostly aggregate shocks on
the global inflation surge (see e.g., de Soyres et al. 2024; Dao et al. 2024; Ha et al. 2024; Jorda and Nechio 2023).

®Farlier models are Horvath (1998, 2000) and Dupor (1999) and date back to Long and Plosser’s (1983)
seminal contributions. There have been many expositions, theoretical and empirical, on how sector-specific shocks
affect real activity; these include Shea (2002); Foerster, Sarte, and Watson (2011); Gabaix (2011); Acemoglu et
al. (2012); Carvalho and Gabaix (2013); Acemoglu, Akcigit, and Kerr (2016); Barrot and Sauvagnat (2016);
Acemoglu, Ozdaglar, and Tahbaz-Salehi (2017); Atalay (2017); Bagaee (2018); Baqaee and Farhi (2019); Boehm,
Flaaen, and Pandalai-Nayar (2019); Carvalho, Lee, and Park (2021); vom Lehn and Winberry (2021); Arata and
Miyakawa (2022) and Foerster et al. (2022).



A frequently adopted approach in a structural VAR setting is to separate supply from
demand shocks by imposing sign restrictions. The conventional economic wisdom underlying
this identification approach is reminiscent of a simple supply-and-demand analysis: supply
shocks induce quantity and price changes in opposite directions; and, in contrast, demand
shocks move quantity and prices in the same direction. In recent work, Shapiro (2024) classifies
PCE categories as supply- or demand-driven using sign restrictions on individual PCE prices
and quantities. I contribute to this recent empirical strand of the literature by providing an
identification scheme that further allows us to pinpoint the origins of the shocks. A simple
sign restriction approach cannot disentangle the different sources that cause sectoral price and
quantity responses. In my framework, I can determine whether the supply or demand shock
originated in the sector itself or spilled over from another sector.’

While the focus of this paper is on PCE inflation, my empirical model also delivers con-
tributions of sectoral shocks on aggregate PCE consumption growth. My results suggest that
business cycle fluctuations of consumption are somewhat better explained by sectoral shocks
throughout my sample. This paper is therefore also largely in line with the production net-
work literature on the importance of sectoral shocks in explaining real fluctuations, including
De Graeve and Schneider (2023).

The remainder of the paper is structured as follows. Section 2 sketches the theoretical
model setup and derives analytical solutions thereto. A detailed description of the theoretical
model framework is deferred to the appendix. In Section 3, I cluster these analytical solutions
and motivate how sector clusters can serve as identification restrictions. Section 4 outlines the
FAVAR model and implementation of structural identification. Empirical results on the sectoral

origins of inflation and consumption growth are shown in Section 5. Section 6 concludes.

2 Theoretical models

The identification of sectoral shocks in the empirical model draws on insights from established
multi-sector DSGE frameworks. In this section, I first sketch the key features of the model
framework and then outline analytical solutions for different specifications that serve as the
foundation for my empirical identification strategy. The detailed modelling setup is provided in
Appendix A.

My theoretical framework closely resembles Pastén, Schoenle, and Weber (2024), but I
introduce two key modifications. First, I establish a mapping between network I-O data for
NAICS industries and PCE time series data on consumption expenditures. This approach
enables identification of sectoral supply shocks at the producer level without requiring time
series data on producer prices and quantities. Following Smets, Tielens, and Van Hove (2019),
I structure production into two distinct layers: intermediate goods producers (corresponding to
NAICS industries) and final goods producers (assembling PCE consumer goods). Intermediate
goods producers utilize labor and inputs from other sectors to create one of J intermediate goods.

Final goods producers transform these intermediate goods into one of Z consumption categories

5In principle, I am also able to identify whether sectoral price and quantity responses are the result of an
aggregate shock, but the focus in this paper is on contributions from sectoral shocks.



for household consumption. In both production layers, each sector comprises a continuum of
firms producing an intermediate good, j, or a consumption good, z, respectively.

Second, I incorporate two types of sectoral shocks: sector-specific technology shocks affecting
intermediate goods producers similar to Pastén, Schoenle, and Weber (2024), and consumer-
demand shocks that alter the composition of the consumption basket. For instance, a positive
shock to motor vehicles and parts implies a larger weight for this particular category of consumer
goods and a proportional decrease for all other types of consumer goods.

The model features three sources of heterogeneity in production: (i) intermediate goods
producers differ in their input-output linkages; (ii) both intermediate and final goods producers
vary in size; and (iii) both types of producers exhibit different degrees of nominal price rigidity.
My framework explicitly models price pass-through from NAICS-level intermediate goods pro-
ducers to final goods producers, while allowing for divergences between consumer and producer
price dynamics.

Building on this modeling framework, I compile five distinct specifications/calibrations that
reflect common approaches in the literature to model production networks.” Specifically, I derive
analytical solutions for sectoral price and quantity responses to sectoral shocks, which underpin
the empirical identification strategy employed later on in the paper. To obtain closed-form solu-
tions, I adopt Pastén, Schoenle, and Weber’s (ibid.) methodological approach by implementing
several key simplifying assumptions. Variables represented in lowercase notation correspond to
log-linear deviations from the model’s steady state equilibrium.

For instance, sectoral prices for intermediate goods producers (at NAICS industry level) in

response to sectoral supply shocks solve:
pi" = -X"ay, (1)

where a; is a J x 1 vector of sectoral productivity shocks affecting intermediate goods producers,
pi™ is a J x 1 vector of intermediate goods prices, and the multiplier matrix, )/iim, captures how
productivity shocks propagate through the production network. This matrix varies across the
five model specifications, and depends on input-output linkages, price rigidities, and additional
model-specific characteristics.

The first three of the five model specifications assume that the inverse-Frisch elasticity, which
captures the elasticity of labor supply with respect to wages, is zero, ¢ = 0. This shuts down
network propagation of shocks through sectoral segmentation of labor markets. The very first
model specification also fully shuts down any form of price stickiness, assuming that all prices
are fully flexible. Next, I include a model with homogeneous price stickiness, i.e., all producer
prices, pi™, and all consumer prices, p/“, exhibit the same degree of price stickiness.

In a third specification, I assume heterogeneity in price stickiness for producer and consumer
prices using estimates on average price durations from Nakamura and Steinsson (2008) and
Pastén, Schoenle, and Weber (2020).® Finally, the fourth and fifth model specifications assume

heterogeneity in price stickiness and also allow for a positive inverse-Frisch elasticity. This

"In principle, nothing speaks against adding other types of models and specifications to this suite and testing
whether solutions thereto comply with the common network propagation patterns that I exploit for identification
in my empirical model later on.

8More information on sectoral price durations is included in Section 3.3.



activates an additional network propagation channel via upstream effects through wages.

While in all five specifications sectoral productivity shocks have effects on sectoral prices,
sectoral demand shocks require that the inverse-Frisch elasticity is positive, ¢ > 0. The reason
is that with ¢ = 0, sectoral demand shocks have no downstream effects on prices. This is
a well-known result in multi-sector models with constant returns to scale in production and
without heterogeneity in sectoral wages. In these types of models, prices are independent
from the demand side.” By allowing wages to respond to labor demand, via ¢ > 0, sectoral
demand shocks can affect sectoral prices. A positive inverse-Frisch elasticity also allows for
sectoral supply shocks to generate additional upstream effects to their otherwise downstream
propagation through the network.

Departing from log-linearized first-order conditions around the stochastic steady state, I
impose simplifying assumptions to generate analytical solutions for prices, consumption, and

wages. | present these solutions separately for supply and demand shocks.

2.1 Analytical solutions in simplified models: sectoral supply shocks

Abstracting from sectoral demand shocks, this subsection derives analytical solutions in the
presence of sectoral supply shocks, a;¢, with j = 1,...,J. The full set of simplifying assumptions

is the following:

(i) First, the inverse-Frisch elasticity, ¢, is set to zero, which implies that there is no sectoral

segmentation of labor markets in response to shocks. This assumption is lifted later on.

(ii) Monetary policy fully stabilizes nominal GDP growth:

P e =0, (2)

with p{“® referring to aggregate PCE prices and ¢; to aggrgegate consumption.

(iii) A simple information friction models price rigidity. This applies to both intermediate and

final goods producers:

E, , [P]f;

} with probability A;,

Pj; = (3)

P;‘t with probability 1 — A;,

where Pj; is the price for intermediate goods in sector j and Pj, is the respective optimal
price, with \; representing the probability that a firm must set its price before observing

the shocks. Similarly, for final goods producers:

Ei—1 [P with probability A, ,
P, = t—1 [ zt] P Yy (4)
" with probability 1 — A, .

zt

These probabilities are calibrated using estimates on sectors’ average price durations.

9See Acemoglu, Akcigit, and Kerr (2016) for a proof on why sectoral demand shocks—in their case, sectoral
government spending shocks—do not generate effects on prices in such a model.



In addition, I assume that households have log utility: ¢ = 1, where o represents the
coefficient of relative risk aversion.
2.1.1 All simplifying assumptions applied

Assumption (i) implies that the first-order condition for the labor-supply decision simplifies to:
wit =Py + e (5)

where wj; are sector-specific wages. Monetary policy described in (ii) implies that there is a

simple relationship between aggregate consumption and aggregate PCE prices:

pce

Ct = —Pr - (6)

Finally, the information friction assumed under (iii) leads to the following relationships of prices

and marginal costs for both intermediate and final goods producers:

pjt = (1 = Aj)meje (7)

Dzt = (1 - )\z)mczt . (8)

where mcj; and mc,; represent the marginal costs for intermediate and final goods producers,
respectively.

In Appendix D, I show how these assumptions, together with the log-linearized first-order

conditions, allow the following closed-form solutions for sectoral and aggregate prices. Sectoral

prices for intermediate goods producers solve:
pi" = —X"™Ma,, (9)
with
X = [1—6(I— A™)Q] " (T - A™). (10)

The multiplier matrix, }A(im, which maps productivity shocks to intermediate goods prices, takes
the form of a price-rigidity-adjusted Leontief inverse. It augments the I-O matrix, 2, with
matrix A", which is a diagonal matrix including all price-rigidity probabilities, Aj. Parameter
0 represents the share of intermediate inputs in the production function of intermediate goods
producers, and I is the identity matrix. Furthermore, sectoral PCE prices are downstream to

producer prices and hence solve:
Pl = —(I — AP)KX™a,, (11)
while sectoral consumption expenditures are given by:

¢ = [nL+ (1 — )] (I— AP)KX™a, . (12)



Diagonal matrix AP is the final-good equivalent to matrix A", column-vector €, captures
the Z consumption shares, and ¢ is a column vector of ones of the appropriate dimension. The
bridge matrix, K € R%’, with elements k.; maps the J intermediate goods and prices into Z
consumption equivalents. Parameter 7 represents the elasticity of substitution between different

consumption goods. Aggregate PCE prices are then a weighted average of sectoral PCE prices:
PP = —QL (I — AP*)KXa, (13)
from which aggregate consumption directly follows as p!““ = —¢; under assumption (ii).

2.1.2 Allowing for labor market heterogeneity

As in Pastén, Schoenle, and Weber (2024), I next relax the zero assumption on the inverse-Frisch
elasticity, ¢, imposed by assumption (i). In Appendix D, I show that the multiplier matrix,
)A(im, then has the form:

XM =P (I — A™) [I+ (180" . (14)
The composite matrix Pim is defined as:
P = [1-6(1- A™) Q
—(1-0)(I-A™ e (15)
(0 4 67 (T — A7) K — 6,8, (T — AP) K) ] -
where

=(1+6p)I—9¥(1+¢)D'Q'D,

[1- qu 'YD] 4 ¢(1 - ) D'K'Q,,

o7 = [I-yD'Q'D] .2, + on(1 — ¢v)D'K' [Q.Q, - D] ,
0" = [1/1(77 DD + (1 — )D'K'D.K — nI + 69 .

Diagonal matrix D, includes all consumption shares, w,., whereas diagonal matrix D captures
all gross output shares, n;. Parameter v is the share of intermediate use in gross output. While
this solution appears somewhat complicated, it is, as before, just a combination of model pa-
rameters that relates the exogenous variables—i.e., productivity shocks a;;—to sectoral prices,
and hence consumption. The solutions for prices and consumption are then the same as in the

previous section that just use this version of Xim,



2.1.3 Collecting model solutions for sectoral supply shocks

Collecting all solutions for multiplier matrix )A(im, the five model specifications that I use for

identification are then given by the following:

( [1—o60 " for specification (I),
[I —0(I—- _/_sz)ﬂ] - (I- ./_Xim) for specification (II),
X" = = §(I— A™)Q] ™ (T— A" for specification (III) , (16)
(14) with ¢ =1 for specification (IV),
(14) with ¢ =2 for specification (V)

where A" in specification (II) corresponds to a calibration with homogeneous price stickiness
and hence includes a constant parameter, A, on its diagonal. For this case, I also assume that
AP = A"™. The final solutions for sectoral prices in response to sectoral supply shocks are

then given by:

p{" = —X"a, (17)
pl = —XPa, . (18)

Multiplier matrix Xpee corresponds to the five cases such that:

KX for specification (I),
(I— APYKX™  for specification (II),
XPee = (I — APe)KX™  for specification (III), (19)
(I—- Apce)K}A(im for specification (IV),
(I- APCG)K)A(”” for specification (V).

Sectoral consumption is then expressed as:
c: = Xay, (20)
with
X¢ = [nL+ (1 — )] XPee. (21)

Finally, aggregate PCE prices and consumption solve:

o = X, (22
Ct = cheat s (23)

where
XPee = Q;X”ce . (24)

10



2.2 Analytical solutions in simplified models: sectoral demand shocks

Now, abstracting from sectoral supply shocks (i.e., aj; =0 for all j =1,...,J), this subsection
derives analytical solutions in presence of sectoral demand shocks, f,¢, for z =1,..., Z. Other
than for sectoral supply shocks, sectoral demand shocks rely on propagation through labor
markets. I therefore only consider specifications with a positive inverse Frisch-elasticity, i.e.,
¢ > 0. Under simplifying assumptions (ii) and (iii), as well as assuming log utility, o = 1,

sectoral intermediate good prices solve:
Pim = f‘imftv (25)
where the multiplier matrix, f‘im, is derived in Appendix D.3 and is given by:
Fm = P™ (I- A™) (1 -6)@ p(1 — ¢)D'KD.,. (26)
The composite matrix Pim is defined as in the previous supply-shock section.

2.2.1 Collecting model solutions for sectoral demand shocks

As noted earlier, I consider sectoral demand shocks only under specifications (IV) and (V). I

therefore summarize multiplier matrix F*” for the two cases as:

(26) with ¢ =1  for specification (IV),

Fm = (27)
(26) with ¢ =2  for specification (V).
Similarly to productivity shocks, sectoral prices and consumption solve the following;:
i = Bt (28)
e = [(n— 1)eSY, — I FPees,, (29)
where
~ (I- Apce)Kf‘im for specification (IV),
FPee = N (30)
(I — APe¢)KF*™ for specification (V).
Aggregate prices then solve, using the respective multiplier matrix FPe for the two cases:
o = P, (31)
where
Free = Q/Free (32)
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Finally, note that the total change of sectoral consumption is equal to consumption plus the

consumption demand shocks, ¢; + f;, which implies the following multipliers:

Ct + ft = i_ﬁ(;fft s (33)

where
Fe= [(n — 1), — nI] FPee (34)
Fol =14 F°. (35)

Aggregate consumption is then equal to:
Ct = Q’Cct + Q/Cft s (36)

where Q.f; = 0.

3 Identification

In this section, I introduce a framework to identify sectoral supply and demand shocks. I
first motivate the identification strategy using simple, stylized examples and then present the
more structural clustering approach and its results that deliver the final set of identification

restrictions.

3.1 Sector-shock rankings in example economies

Take a generic three-sector economy, described by the following quantities:

04 0.3 0.3
Q=104 05 01| , £.=1]02 03 0.5], (37)
0.2 0.7 0.1

where € is the I-O coefficient matrix and €. the vector of consumption shares. I further
assume, for sake of simplicity, that the inverse-Frisch elasticity is zero (¢ = 0) and that the
bridge matrix, K, is the identity matrix.! Moreover, I consider only sectoral supply shocks,
aj¢, in this example. The solution of sectoral intermediate and PCE prices, as implied by the

results of the previous section, are then equal to:

p/ = —Xima, (38)
Py = —X"a,, (39)

with the multiplier matrices given by:
X = [1—§(I— A™)Q] " (T - A™), (40)

'0A bridge matrix, K, that is the identity matrix implies that every final goods firm produces its final (PCE)
good using one intermediate good exclusively.
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XPee = (I — APee)XI™ (41)

In response to sector-specific shocks, the multiplier matrix, che, contains the relevant price
responses of PCE categories in the corresponding columns. For instance, a positive sector-2
shock would imply that a9 > 0 and a1y = asz = 0. The relevant price responses are then
contained in the second column of XPee. Ranking these responses indicates which PCE category
responds most strongly to the sector-2 supply shock. In the following, I show that these sector
rankings are fairly robust across model specifications.

Figure 1 illustrates the robustness of sector rankings across a few different cases: I compare
the values of XP° under fully flexible prices with three differing calibrations regarding sticky
prices. Panel la contrasts the economy with flexible prices to one with homogeneous PCE and
intermediate price rigidity. Fully flexible prices are equivalent to setting AP = A = 0,
whereas homogeneous PCE and intermediate price rigidity imply that the diagonal elements
of AP and A" are equal to constants AP, \™ € (0, 1), respectively. Here, I set the average
price duration for all prices equal to one month, which implies frequencies of AP = \i" =
1 — (1 —exp(~1/1) = 0.37. Despite the introduction of price stickiness, all rankings are exactly
the same as under flexible prices. The reason is that homogeneous price rigidity scales the
multiplier matrices Xim and Xpee by a constant factor but leaves the sector rankings unchanged
in this example. The numbers in parentheses in Figure 1 refer to the actual multiplier values
for the flexible and sticky price economies, respectively. While rankings stay the same, the
introduction of sticky prices leads to overall smaller multipliers. This is consistent with the
notion that price stickiness reduces the pass-through of economic shocks.

The second calibration, shown in Panel 1b, introduces heterogeneity in price stickiness.
Here, I assume that the second intermediate good sector has more rigid prices than all other
prices by setting the average duration to 4 months, which implies \i™ = 0.78. In this case,
sectoral rankings change for a sector-1 shock but only at ranks 2 and 3. Increasing the degree of
stickiness for sector 2’s intermediate prices switches the relative importance of sectors 2 and 3
as downstream customers for sector 1’s materials. Under flexible (and homogeneously sticky)
prices, sector 2 responds relatively more strongly than sector 3 to supply shocks originating in
sector 1. The reason is that sector 1 is a more important direct input supplier for sector 2 than
for sector 3, as wy 2 > wy 3. This also translates, in absence of heterogeneous price rigidities, to
overall larger responses in sector 2 compared to 3, given all direct and indirect network effects.
Increasing the frequency of price changes in sector 2 then switches the importance of sectors 2
and 3 as downstream customers of sector 1. Sector 2’s prices now change less than those in
sector 3, whose prices are more flexible. Even though the ranking of sector 1 changes at ranks 2
and 3, the first rank is not affected. The largest response to a sector-1 shock is observed in
sector 1 itself, across both calibrations. Furthermore, note that the remaining rankings for
shocks originating in sectors 2 and 3 remain unchanged across the two calibrations.

Finally, Panel 1c introduces an additional layer of heterogeneity by increasing the average
price duration for sector 3’s PCE prices to 6 months, i.e., i = 0.85. Compared to the previous
example, the introduction of additional price rigidity for sector 3’s PCE prices balances out the

higher rigidity of sector 2’s intermediate prices and leads to an overall ranking for sector-1
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Figure 1: Sectoral supply shocks in example economies — flexible versus sticky prices
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(b) Heterogeneous intermediate price rigidity: A\*™ = [0.37,0.78,0.37], AP* = [0.37,0.37,0.37]

Sector-1 shock Sector-2 shock Sector-3 shock
2 X29(0.29,0.0086) -~ X255 (0.58,0.0086) -~ X2%(0.14,0.007) -~
s 3 e 3 ° 7 3 e
a - - e - -
b 2 2 2 e @ X
< -7 X57(0.39,0.022) -7 X75(0.39,0.02) -7 X7%(0.24,0.046)
S 1 . 1 o 1 PR
n .-7 XP(1.4,0.46) .-7 X% (1.5,0.15) L-7 XEY(1.1,0.1)
s | ? | s | i | | s | i | |
1 2 3 1 2 3 1 2 3
Flexible prices Flexible prices Flexible prices

(c) Heterogeneous intermediate & PCE price rigidity: \“™ = [0.37,0.78,0.37], \P*¢ = [0.37,0.37, 0.85]

Notes: The figure plots sector-shock rankings against two different models. Multiplier matrices are
based on the example economy described by equation (37). Numbers in parentheses are the actual
values of the multiplier matrix XP¢¢. The first number corresponds to the value for the flexible-price
economy and the second to the respective sticky-price economy.

shocks that is the same as for the flexible economy.

However, the ranking for a sector-2 shock changes between calibrations. The newly in-
troduced stickiness of sector 3’s prices makes sector 3 respond less to sector-2 shocks than in
sector 1, which has more flexible prices than sector 3, even though sector 2 is a larger input
provider for sector 3 than sector 1, as w32 > w3 1. Crucially, the introduction of heterogeneity
only affects ranks 2 and 3 and not the highest rank: sector 2 has the largest response to sector-2
shocks for all calibrations.

Figure 2 summarizes the effects of the three calibration exercises on the sectoral contributions
to aggregate price responses. The figure ranks the relative importance of the three sectoral
shocks for aggregate prices. Similarly to the sector rankings, homogeneous price rigidity, shown

in Panel 2a, has the same ranking as an economy with flexible prices. In my example setup,
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Figure 2: Aggregate contributions of sectoral supply shocks — flexible versus sticky prices
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(a) Afm \Pee = [0.37,0.37,0.37) (b) \im = 0.78 (c) Ay™ = 0.78,\° = 0.85

Notes: The figure plots sector-shock rankings against two different models. Multiplier matrices are
based on the example economy described by equation (37). Numbers in parentheses are the actual
values of the multiplier matrix X?°¢. The first number corresponds to the value for the flexible-price
economy and the second to the respective sticky-price economy.

shocks to sector 2 have a larger impact on aggregate prices than sector 1 and sector 3. The
introduction of heterogeneity in price rigidity, shown in Panels 2b and 2c, has more severe
implications for aggregate contributions than for the sector rankings. In Panel 2b, the now
stickier intermediate prices in sector 2 mute the importance of sector-2 shocks on aggregate
prices and thereby move sector-2 shock contributions from the first to the last rank. Similarly,
in Panel 2c the introduction of stickier PCE prices in sector 3 reduces the contribution of sector-
3 shocks and switches the ranking again. This example illustrates that identification of sectoral
shocks is robust at sectoral level but not necessarily with regard to the contribution of sectoral

shocks to aggregate prices (and quantities equivalently).

3.2 Sectoral versus aggregate shocks

Figure 3 presents a stylized example on how sectoral and aggregate shocks have different propa-
gation patterns. The setup is described in Panel 3a: a generic sector 1 sells to sector 3, sector 2
sells to sector 4, and both sector 3 and 4 sell to sector 5. Panel 3b then illustrates a solution to
a model, similar to for instance the one presented in Section 2. Any such solution implies that
connections between sectors are weighted and that, due to network effects, there can be indirect
connections between sectors that are not directly connected. For instance, the additional edge
from sector 1 to 5 captures that sector 1 can have an indirect effect on 5 via its connection to 3
and 3’s connection to 5.

Next, let us consider the effects of three supply shocks. The left-side figure of Panel 3c
shows a supply shock originating in sector 1. Given the heterogeneous connections between
sectors, a sector-1 shock has the largest impact in sector 1. The second-most affected sector
is 3, followed by sector 5. In this example, a sector-1 shock has, in absence of any relevant
network connections, no effect on sector 2 or 4. The overall cross-sectional propagation pattern
is summarized in the ranking below. The middle figure of Panel 3¢ considers the cross-sectional
ranking in response to a sector-2 shock. Comparing this ranking from high to low (2, 4, 5, 1, 3)
with that of a sector-1 shock (1, 3, 5, 2, 4) reveals an entirely different propagation pattern.
Due to the heterogeneity in network linkages and the implied heterogeneity in cross-sectional

rankings, it is possible to separate a sector-1 from a sector-2 shock. Finally, the right-hand
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Figure 3: Stylized identification example: 3 shocks, 3 rankings

(a) Example economy

Ranking (values):
2 (1)
4 (0.1)
5 (0.04)

(c) Different shocks imply different rankings

Notes: This is a stylized example illustrating how different shocks, sectoral or aggregate, generally
imply different sector rankings. Panel 3a first sketches a network structure of the example economy
and Panel 3b sketches a stylized model solution capturing both direct and indirect network effects.
The three figures in Panel 3c illustrate three different shocks and their respective cross-sectional
rankings of sectoral responses: first, a shock originating in sector 1, second, a shock in sector 2, and
third, a combination of sector-1 and sector-2 shocks (as an example for a sort of aggregate shock).
All shocks imply different rankings, which illustrates the idea behind the identification strategy in
this paper.

figure in Panel 3c illustrates a combination of a sector-1 and sector-2 shock. The underlying
idea is that aggregate shocks can be considered as a combination of sectoral shocks. The implied
cross-sectional ranking (1, 2, 3, 5, 4) is yet again different to the previous two cases. Intuitively,
by mixing shocks 1 and 2, this joint shock generates its own distinct propagation pattern.

In contrast to this stylized example, these differences in rankings are even more pronounced
in larger economies with more network connections. In the empirical model later on, I do not
explicitly identify aggregate shocks. But my identification, which is based on sector rankings,
ensures that sector-specific shocks are not only disentangled from another, but are also not
conflated with aggregate shocks. De Graeve and Schneider (2023) show that imposing sector
rankings on impulse responses is indeed a powerful identification tool that disentangles sectoral

from aggregate shocks.
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3.3 Theory calibration

Deriving the five supply-side specifications in equation (19) and two demand-side specifications
in equation (30) requires calibration with I-O data and other model parameters.

The input-share matrix, €2, is derived from make and use tables of the Bureau of Eco-
nomic Analysis’s (BEA) I-O accounts for the United States at NAICS classification. I use
annual I-O data for the years 1997 to 2022 to derive §2, consumption weight vector, €., and
NAICS-PCE bridge matrix, K. T compile these matrices for 33 NAICS industries and 72 PCE
categories, respectively. Appendix F.1 presents the derivation of the input-share matrix, €2, and
Appendix F.2 the derivation of the bridge matrix, K.

Estimates for monthly frequencies of producer price changes are based on Pastén, Schoenle,
and Weber (2020). Finally, frequencies of price changes for PCE categories are based on esti-
mates by Nakamura and Steinsson (2008). Their original estimates on frequencies and durations
of price changes are for 19982005 and available for Entry Line Items (ELI). I use the Bureau of
Labor Statistics’ (BLS) concordance tables to transform ELIs to PCE categories. Appendix F.5
provides more details on the procedure.

The following model parameters appear in equations (19) and (30) and therefore require
calibration: I set the elasticity of substitution across sectors/categories, n = 0.5.'' As in
Pastén, Schoenle, and Weber (2024), the elasticity of substitution within sectors/categories is
set to # = 6. The intermediate input share in production, §, depends on the respective I-O data
used for calibration. For every annual I-O calibration, I derive the share of intermediate use in

gross output, ¢, which is used in turn to calibrate § = 1/1%.

3.4 Clustering

The goal of this section is to derive robust identification restrictions based on the model specifi-
cations and calibration presented earlier. As a first step, I remove homogeneous price stickiness
models, as motivated by the exercise presented in Figure 1. Homogeneous price stickiness and
flexible prices lead to the same sector rankings and therefore imply the same identification as-
sumptions. Considering supply shocks, I hence use the remaining specifications (I, III, IV, V)
in a clustering exercise.

I calibrate every specification with annual I-O data from 1997 to 2022. This yields 26
calibrations per specification and hence 104 versions of XPee in total. Similarly, I use the two
specifications (IV, V) for demand shocks, amounting to 52 total versions of Free. The goal of
clustering is to find robust features in XP°¢ (FP°) across its 104 (52) variations. I define matrices
XP° and FP° that rank the columns of multiplier matrices XP¢ and FPe, respectively.

The intuition behind clustering is illustrated in Figures 4 and 5. In these, I visualize two
examples of sectoral supply shocks and their cross-sectional rankings across all model specifi-
cations and I-O calibrations. The bars summarize how often the multipliers for the 72 PCE
category appear at rank 1 through 6 across the 26 calibrations of the respective specification.
Figure 4 shows rankings for a supply shock originating in Transportation equipment. At rank 1,

the bar chart indicates that PCE category 1, New motor vehicles, is the one with the largest

11 use an alternative calibration with n = 1 that yields almost exactly the same composition of clusters that
I use for identification of sectoral shocks. There are only minor differences for a small number of shocks.
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Figure 4: Rankings for Transportation equipment supply shocks
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Notes: This figure summarizes the first six rankings for the sector-specific supply shock that
originates in the given sector. The four models correspond, in this order, to specifications (I/II),
(III), (IV), and (V). For every specification, I consider 26 calibrations based on input-output tables
for the years 1997 to 2022. The bars summarize for the respective specification how often the
multipliers for the 72 personal consumption expenditure category appears at rank 1 through 6 across
the 26 calibrations.

price responses across almost all calibrations and specifications.'? At second rank, and in al-

12See Appendix Table A.7 for PCE indices used in this paper and their respective PCE category names.
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Figure 5: Rankings for Management, administrative and waste services supply shocks
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Notes: See notes to Figure 4.

most all cases, PCE category 10, Sports and recreational vehicles, exhibits the next largest price
responses. A sectoral supply shock originating in the Transportation equipment sector is hence
fairly easy to cluster. A first cluster containing PCE category 1 responds more than a second
cluster, composed of PCE category 10, which in turn responds more than a third cluster with all

remaining 70 PCE categories. Such a cluster composition is consistent with around 99 percent
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of all model specifications and calibrations.

Next, Figure 5 illustrates a counter-example to the previous case. Supply shocks originating
in Management, administrative and waste services do not exhibit a straightforward cluster
structure that holds across model specifications and calibrations. Already at ranks 1 and 2,
different models favor different PCE categories, which makes it challenging to compile a model-
robust cluster composition. I therefore label these types of shocks as infeasible and do not
identify them in the empirical model henceforth. Shocks with a cluster structure similar to the
first two examples are instead labeled as feasible shocks.'?

To determine feasibility for all sector shocks, I use a variety of standard clustering algorithms.
Every algorithm is initialized to deliver three clusters for the given shock. Recall, to identify
a sector-specific shock, the corresponding column of XPee or FPe can be ranked to derive the
relative price (and similarly consumption) responses to the shock. I apply a range of clustering
algorithms, each with numerous calibrations.'* I then check how often a ranking is consistent
with a cluster and select the clustering method with the highest match rate. In other words,
I inspect in how many cases the sector ranking is embedded within the cluster. I find 33
potential sector-specific supply shocks and 72 sectoral demand shocks in my sample. Instead
of identifying sectoral demand shocks for all 72 individual categories, I aggregate to 15 broader
composite categories and consider sectoral-demand shocks for those.

These examples highlight a need for a more formal criterion that sorts sectoral shocks into
feasible and infeasible categories: if a cluster is consistent with more than 70 percent of its
underlying model specifications and calibrations, and, crucially, the cluster composition includes
a combination of unique PCE categories, I label the identified shock as feasible for identification.
All 15 demand shocks exceed this 70 percent threshold, while less than half of the sectoral
supply shocks do. This is not surprising as the cluster for supply shocks needs to match a fairly
wide range of specifications, across (I) to (V). I hence also consider clustering exercises using
narrower sets of model specifications. In a second set, I remove specification (I) (and II) and
only cluster across specifications (III) to (V), i.e., I only use models with heterogeneity in price
stickiness. Similarly, in an even tighter set I only cluster across specifications (IV) and (V),
which corresponds to the same set of model specifications used for the identification of demand
shocks.

One further concern is that some PCE categories are ranked highly for several sector
shocks. These sort of problematic categories include, for instance, Motor vehicle fuels, lubri-
cants, and fluids and Natural gas. Cluster compositions that consist of any of these categories
in their first two clusters exclusively will be conflated with rankings corresponding to other
shocks. I therefore check all clusters against these sets of problematic sectors and make sure
that the final cluster composition includes other price categories that are unique compared to
other shocks’ clusters. If a sector cluster includes only problematic categories in the first cluster,
I also label the shock as infeasible. Table 1 summarizes the final set of clusters that could be

imposed as identification restrictions.

13 Appendix G includes additional illustrations on PCE rankings.
14 Appendix H presents the cluster evaluation in more detail.
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Table 1: Cluster composition of feasible shocks

~

Sectoral supply shocks: X7
Shock PCE categories z Based
() Origin sector Cluster 1 Cluster 2 Cluster 3 on sets
(1) Agriculture, forestry, fishing, and 20 18, 28, 31, 55 Rest (DH—(V)
hunting
(3) Utilities 38, 39 37 Rest (N-(V)
(9) Computer and electronic products 8, 17 Rest 42 (IIDH)—(V)
(10) Electrical equipment, appliance, 5 1,2, 3,8, 25,26, Rest IV)—(V)
and comp. 30, 38, 39
(11) Transportation equipment 1 10 Rest DH-(V)
(12) Furniture and related products 4 2, 25, 26, 38,39  Rest (IV)—(V)
(13) Miscellaneous manufacturing 12 2, 9, 13, 14, 25, Rest (IV)—(V)
26, 28, 38, 39
(14) Food and beverage and tobacco 31 18, 19, 55 Rest (IIn)—(V)
products
(19) Plastics and rubber products 3 6 Rest (IIn)—(V)
(23) Information 63 15, 51 Rest (D-(V)
(24) Finance and insurance 62 60 Rest (DH-(V)
(28) Educational services 68 66 Rest (IID)—(V)
(30) Arts, entertainment, and recre- 50 25, 39, 52 Rest (IV)—(V)
ation
(31) Accommodation and food services 56 36 Rest (DH—-(V)
(32) Other services, except government 45 25, 39 Rest (IV)—(V)

Sectoral demand shocks: F2°°

Shock PCE categories z Based
(2) Origin (composite) category Cluster 1  Cluster 2 Cluster 3 on sets
(1-3) Motor vehicles and parts 1,2 Rest 38, 39 (IV)—(V)
(4-7) Furnishings and durable household 2 Rest 38, 39, 56 IV)—(V)
equip.
(8-12) Recreational goods and vehicles 2 1 Rest (IV)—(V)
(13-17)  Other durable goods 2 Rest 38, 39, 56 (IV)—(V)
(18-20) Food and beverages purchased for 2,31 18, 20, 55 Rest IV)—(V)
off-premises consumption
(21-24)  Clothing and footwear 2 Rest 38, 39, 56 (IV)—(V)
(25, 26)  Gasoline and other energy goods 25 26 Rest (IV)—(V)
(27-32)  Other nondurable goods 2 Rest 38, 39, 56 IV)—(V)
(33-39) Housing and utilities 39 38 Rest (IV)—(V)
(54-56)  Food services and accommodations 56 36, 54 Rest (IV)—(V)
(57-62)  Financial services and insurance 60, 62 57, 58, 59, 61 Rest (IV)—(V)

Notes: The table shows the final set of feasible sectoral supply and demand shocks that could be used for identifica-

tion. Note that for supply-shock rankings, X7, the Shock index refers to sector j of 33; whereas for demand-shock
rankings, F2°°, the index corresponds to the 72 composite personal consumption expenditure (PCE) categories.
In the cluster columns, indices always refer to PCE categories, z. The last column indicates the largest possible
set of model specifications that is robust to the clustering. The algorithm to dertmine feasibilitiy and cluster
compositions is further explained in Appendix H.
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4 Empirical model

Given the set of feasible sector clusters, derived in the previous section, this section presents
the empirical model I use to identify sectoral supply and demand shocks. I first sketch the

reduced-form model and then focus on the implementation of the identification strategy.

4.1 The reduced-form factor-augmented VAR

The estimation of sectoral shocks is based on a reduced-form Bayesian FAVAR model that is

similar to the one we use in De Graeve and Schneider (2023):

T = N LT+ My + with € ~ N(0, R.), (42)
Y s~ [

( t ) — Z bp < tﬂ’) + wy with u; ~ N (0, Qu), (43)
Yt p=1 yt—P

where v; is an M-by-1 vector of observable factors.!?

As in De Graeve and Schneider (ibid.), I estimate a separate model (42)-(43) for every
feasible sector-specific shock. Across these different estimations, the composition of y; changes
depending on the sector-specific cluster composition, introduced in the previous section. All
sectoral PCE consumption growth and sectoral inflation rates that are included in the first
cluster are treated as observable factors. For example, if for a given sector-specific supply shock
the first cluster is composed of PCE category z, then both c, and p, are treated as observable
factors. Other than for sectoral supply shocks, the identification of sectoral demand shocks does
not require that the respective first cluster of consumption and price variables is the same. For
demand shocks, I just treat sectoral price variables included in the first cluster as observable
factors.'® The N,-by-1-vector z; on the left-hand side includes aggregate PCE consumption
growth and inflation rates, as well as all sectoral consumption growth and inflation rates other
than those sectoral variables used as observable factors. I extract the unobservable factors, f{*,
by means of the first K principle components of x;. Factor loadings, A* and AY, correspond to
those unobservable and observable factors, respectively.

The VAR process described by equation 43 has parameters ¢, with P numbers of lags.
Reduced-form shocks, u¢, are associated with the variance-covariance matrix, @, and the mea-
surement errors, €, with the diagonal variance matrix, R.. The model (42) and (43) can be

expressed more compactly in companion form:

X, =AF, + E;, (44)
F,=®F 1+ U, (45)

'5That model is in turn based on Bernanke, Boivin, and Eliasz (2005); Boivin, Giannoni, and Mihov (2009)
and Stock and Watson (2016).

18Tncluding all consumption growth rates in addition to price variables would lead to a large total number of
factors, which may affect the estimation. Appendix Table A.6 provides an overview of the categories included in
the relevant clusters of sectoral demand shocks.
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where

X; = (xéjyé)’, (46)
ft E ft 7yt ) (47)
A= , (48)

Onrxk IM
/ !

F = ( tvft—l?"'aft—P-}—l) ) (49)

Ey = (6:5’ /Mxl)/ ) (50)
Up = (4, Orcpany(p-1)x1) (51)
o=| ve , (52)

Ixvp-1) Oxm(P—1)xKM
A= [N O, 0y (r+0) (P-1)] - (53)

I estimate the model using the two-step estimation procedure introduced by Bernanke,
Boivin, and Eliasz (2005).!” In the first step, principle components are used to estimate the
unobserved factors. I ensure that the unobserved factors do not capture dynamics induced by
the observed factor by following Boivin, Giannoni, and Mihov (2009). In the second step, the
factors are expressed in a reduced-form VAR with priors on parameters chosen as in Koop and
Korobilis (2009).

The identification scheme, presented next, is implemented using the algorithm of Rubio-
Ramirez, Waggoner, and Zha (2010).

4.2 Structural identification using cross-sectional restrictions

The identification setup builds on De Graeve and Schneider (2023) and extends it with regard
to identification based on quantities and prices. 1 implement the sector-shock clusters derived
in previous sections as heterogeneity restrictions in the reduced-form FAVAR models to identify
structural shocks. Identification is based on comparing contemporaneous impulse responses.'®

These are defined in the following way:

rif) =a, (54)
ré) =gl (55)

where a € RETM is an impulse vector that I check against the restrictions. Impulse response
(X) (f)

vector, rq ’, is derived using the factors’ impulse responses, r,’’. I map the latter to the former
via the factor loadings, .
If the resulting impulse response complies with the restrictions, I retain the identified draw.

The identification restrictions depend on the type of variable. For instance, to impose restric-

(X )

tions on sectoral prices, I therefore use a subset of impulse vector, r4 ’, that only includes

A(X)

sectoral prices. I denote this subset of impulse response as 7 ’, which, dependlng on the con-

17See Appendix 1.
8] require only that heterogeneity restrictions hold on impact and do not restrict later horizons.
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Figure 6: Identification of (positive) sectoral supply shocks
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Notes: This illustration shows stylized sectoral impulse response functions of sectoral inflation and
consumption growth rates in response to a positive supply shock originating in a generic sector 1.
Panels 6a and 6b present restrictions that relate variables of sectors included in the first cluster
against all remaining clusters (RI restrictions), whereas Panels 6¢ and 6d illustrate restrictions that
compare adjacent clusters (R2 restrictions). Here, it is assumed that the first cluster assigned to the
shock includes only one PCE category. The dashed lines refer to a corridor imposed by R1
restrictions. SR refers to identification using only sign restrictions.

text, refers to impulse responses of either sectoral inflation or consumption growth rates. For

a given vector f((,X), I compare the sector elements against the restrictions, i.e., fgx)(i), for all

i=1,...,N.

For every sector specific shock, j, I define a strict ranking, ;, as:!?

Yi = (Y14 V25 - - - ING) (56)

where ; corresponds to the respective column of ranked multiplier matrices, XPe or FP. In

addition, a cluster ranking, I';, is defined as:
Fj = (Flj,rgj,...,rgj), s (57)

where G = 3 is the total number of imposed clusters. The individual clusters I'y; for shock j

19Note that in this notation I use index j for a generic shock, which could be either a sectoral supply or a
sectoral demand shock.
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are composed of the strict rankings v;, such that:

L= (ygs e Y0)
Loj = (V2555 Viaj) >

FGj = (V(l(G,1)+1)7ja cee 77lG7j) 5

where [, is an index for the last sector included in cluster g.

Next, I define a few types of restrictions using strict and cluster rankings. I distinguish
here between restrictions that relate variables of sectors included in the first cluster against
all remaining clusters (R1 restrictions) from restrictions that compare adjacent clusters (R2
restrictions). Consider a sector shock that has multiple PCE categories in its first cluster: an

R1 restriction that requires a positive response of those variables is defined as:

min {7} > (7 ()], V=1, N (58)

and equivalently for a negative response:?"

max {ng)(Flj)} < —\f((ZX)(,W)L Vi=1l+1,...,N. (59)
Cluster restrictions of type R2 are defined in the following way, for a positive response:

min {'f’gx)(]fgj)} > max {f‘c(zX)(F(g+1)7j)} , Vg=2,...,(G-1), (60)

and a negative response, such that:?!

max {f’,(lx)(ng)} > min {ng)(F(g+1)7j)} , Vg=2,....,(G-1). (61)

Combining R1 and R2 restrictions for prices and quantities leads to a range of different
identification schemes of varying levels of restrictiveness. Figure 6 summarizes those different
approaches for a (positive) supply shock originating in a generic sector 1. Note that in these
illustrations, I assume that the first cluster includes only one PCE category. Panels 6a and 6b
illustrate two variations of RI-type restrictions. Panel 6a depicts an RI restriction on both
price and quantity variables. The restriction requires that price and quantity in the first cluster
need to have opposite signs and, furthermore, have the largest response among their respective
variable type (in absolute terms). This last requirement is indicated by the two corridors (dashed
lines). In Panel 6b, I illustrate a slightly weaker combination of restrictions. Here, it is only
the quantity variable that adheres to an R1 restriction. Price responses are simply using a
sign restriction. Panels 6¢ and 6d illustrate R2 restrictions for consumption and prices. Note

that, as indicated in the lower panels, it is permitted for some sectoral responses to have the

20 R 1-restrictions for shocks with just a single PCE category in the first cluster are given by 'f'((ZX)(’Ylj) >

|7/:¢(1X>('Yij)| (positive response) and f&m(vu) < 7|7A'1(1X>('y¢j)| (negative response), for all i = 2,..., N.
21 R2-restrictions for strict rankings are simply given by 74~ (vij) > f,(lx)(’y(iﬂ)’j) (positive response) and

fff‘)(w) < féx)(fy(iﬂ),j) (negative response) for all ¢ = 2,..., (N —1).
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Figure 7: Identification of (positive) sectoral demand shocks
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Notes: This illustration depicts different approaches to implement R1- and R2-type restrictions on
sectoral inflation and consumption growth rates in response to a positive sectoral demand shock.
The dashed corridors refer to the corridor imposed by R1I restrictions. No-LB refers to R1
restrictions without imposing a lower bound.

opposite sign compared to the sectoral responses in the first cluster, as long as these responses
stay within the corridor set by the respective R restrictions.

Next, I contrast identification of sectoral supply shocks with sectoral demand shocks. Sec-
toral demand shocks require a modified approach with regards to R1- and R2-type restrictions.
First, I introduce an origin R1 restriction. In this paper, I do not identify sectoral demand
shocks for all 72 PCE categories individually, but for broader categories that are aggregated
using a number of PCE categories. For instance, the first indexed sectoral demand shock relates
to Motor vehicles and parts, which consists of three individual PCE categories (with indices 1,
2, 3). I label these categories as the origin categories. In this case, a positive demand shock
requires that consumption growth in all three PCE categories increases. Since sectoral demand
shocks change the composition of the consumption basket, all other PCE categories are subject
to a negative direct demand effect. Depending on the network structure, some consumption
responses may turn positive, but the majority of “other” responses stays negative. The origin
R1 captures this by stipulating that the least affected origin sector determines the R1 corridor.

All other quantity responses are restricted to stay within this corridor.
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Formally, I define an origin R1 restriction for a positive response as:
min {rgX>(r;?”')} > 1 (i), Vi=loi+1,...,N, (62)
and for a negative response as:
max {TC(LX)(F?M)} < =), Vi=lwi+1,...,N, (63)

where [,,; refers to the index of the last (ranked) origin sector. All ranks of origin sectors are
included in F?”.

Another modification is the no-lower-bound R1 (No-LB R1) restriction, which is somewhat
less restrictive than origin R1 restrictions. This restriction does not impose a lower bound. In
other words, it allows for some sectors that are not part of the first cluster to respond more

than sectors in the first cluster in absolute terms. For a positive response, this is defined as:
min {réX)(Flj)} > (), Yi=lL+1,...,N, (64)
and for a negative response as:

max {T(SX)(FU)} <= (y), Vi=l+1,...,N. (65)

a

Figure 7 illustrates these specific restrictions for sectoral demand shocks. Panel 7a presents
an origin R1 restriction for sectoral consumption, combined with a no-lower-bound R1 restriction
for prices. Panel 7b depicts a case where consumption responses, instead, follow a regular R1
restriction. This could be useful in the following case. Some sectoral demand shocks include
quite a large number of origin sectors. It may therefore be helpful to restrict responses of origin
shocks to the most important ones. The consequence is that the RI corridor tends to be set
wider because it is not defined by the least ranked origin sector. Panel 7c illustrates how an
ortgin R1 for consumption growth works without imposing an additional R2-type restriction.
For demand shocks, I distinguish only between two clusters for consumption variables: origin
sectors versus the rest. For prices, I still impose an R2 restriction but in combination with a
no-lower-bound R1. This is illustrated in Panel 7d.

I impose one final restriction for supply shocks exclusively: a sign restriction on aggregate
inflation and consumption growth. This entails that in response to a positive sectoral sup-
ply shock, aggregate inflation decreases and aggregate consumption growth increases. This is
supported by the analysis underlying the creation of sector rankings in earlier sections.?? In
contrast, I impose no such sign restriction for sectoral demand shocks. The illustrations in
Figure 7 show that on the sectoral level, not all price and quantity responses follow the same
sign. It is crucial, however, that a classical sign-restriction of supply and demand shocks holds
on the sectoral level for origin and/or first-cluster variables: for these specific sectors, prices
and consumption move in opposite directions for supply shocks and in the same direction for

demand shocks.

22 Appendix K provides robustness results, derived without imposing aggregate sign restrictions for sectoral
supply shocks.
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Table 2: Identification restrictions for feasible and successfully retrieved shocks

Sectoral supply shocks: XF Sectoral demand shocks: FP*

(j) RI R2 (2) R1 R2
1) R1cy; RI p. (1*3) Origin R1 ¢y; No-LB R1 p, R2p.
2) Not feasible (4-7) Origin R1 c.; No-LB R1p, R2p.
3) R1cy; RI p. (8712) Origin R1 ¢y; No-LB R1p, R2p.
4) Not feasible (13-17)  Origin R1 c.; No-LB R1p. R2p.
5)  Not feasible (18-20)  Origin R1 c.; No-LB R1p. R2p.
6) Not feasible (21-24)  Origin R1 c.; No-LB R1p. R2p.
7)  Not feasible (25, 26)  Origin R1 c.; No-LB R1p. R2p.
8) Not feasible (27*32) R1c.; No-LB R1 p, R2 p,
9) Ric.; Rlp. (33-39)  Feasible but not successful

10 Rlc.; RIp, (40*44) Not feasible

11 Rlc,; Rl1p. R2c.; R2p. (45-49)  Not feasible

12 R1cy; RI p. (50753) Not feasible

13 Rlc.; RIp. (54-56)  Feasible but not successful

14) Ric.; R1p. (57-62)  Feasible but not successful

15) Not feasible (63-72)  Not feasible

—
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Notes: This table summarizes for all feasible shocks the final mix of R1 and R2 restrictions
used for identification. If a column does not include a ¢, or p., it implies that this variable
type remains unrestricted. Feasible shocks are those that adhere to the feasibility criterion
established in Section 3.4. Feasible but not successful, on the other hand, refers to shocks that
cannot be empirically retrieved.

In order to determine which of these variations in identification restrictions to apply for
a given feasible sectoral shock, I follow the following considerations. For some shocks it is
empirically much harder to find successful draws that adhere to the most restrictive combination
of identification restrictions. Hence, I apply both R1- and R2-type restrictions when possible
but revert to a less restrictive mix, with RI-type restrictions only, when necessary. Table 2

summarizes for all feasible shocks the final restrictions I use for identification of the shock.2?
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For many sectoral supply shocks, an R2-type restriction is too restrictive and no successful
draws were found. But since the category within the first cluster for those sectoral supply
shocks is unique compared to all other feasible shocks, I impose no R2-type restriction and let
the identification rely fully on the R1 restriction.?*

Finally, note that I do not explicitly identify shocks other than the feasible set of sectoral
shocks. This also implies that no aggregate supply or demand shocks are explicitly identified.

4.3 Time series data and FAVAR parameterization

The FAVARs use monthly time series on PCE real quantity and price indices for 72 PCE
categories and aggregates from the BEA from 1959 until March 2024. Many of these PCE series
are affected by outliers. I therefore check for all individual PCE series whether observations
exceed the interquartile range by a factor 5. A value that exceeds this threshold is then adjusted
to the positive or negative value of that very threshold.?

In the FAVAR, I use first differences of log PCE price indices and log real quantity indices.
Following the discussion in De Graeve and Schneider (2023), I impose a total number of factors
that is larger than the typical number of factors used in the literature. My benchmark is to have
that all factors explain at least 50 percent of sectoral consumption growth and inflation rates.
To achieve that, I require 27 unobserved factors, K. Additionally, recall that the number of
observed factors, M, depends on the composition of the first cluster for the respective shocks.
Given this number of factors, I determine the number of VAR lags by Akaike and Schwartz

criteria, which both suggest that one lag is sufficient.

5 Results

This section presents the empirical contributions of sectoral supply and demand shocks to PCE
inflation and consumption growth. I identify sectoral shocks via the scheme summarized in
Table 2.26

My main objects of interest are the sectoral origins that drive business cycle variation of
PCE inflation. Figure 8 illustrates the aggregated median contributions of sectoral shocks to
inflation: I contrast actual observed year-on-year (y-o-y) PCE inflation (red line) with PCE
inflation conditional on only sectoral supply and demand shocks (black line). The differences
between the red and black line comprise all other drivers of inflation that I do not explicitly
identify.2” The colored bars provide a further breakdown into median supply and demand
contributions to PCE inflation. Note that the black line is the median of the sum of all feasible

and successfully identified sectoral supply and demand contributions.?

23 Appendix K includes additional robustness results for alternative combinations of RI- and R2-type restric-
tions.

24Gee Table 1 for the full set of possible clusters that could be imposed as identification restrictions.

25See Appendix F.3 for additional information.

26In Appendix K, I show that the sectoral origins of inflation in recent years is qualitatively robust to several
variations in identification restrictions.

2TThese drivers could be aggregate shocks, which, in principle, I am able identify but, as illustrated in earlier
sections, are not the focus of this paper.

28 These contributions are in addition to the sample mean of inflation, which captures other exogenous compo-
nents of inflation. In this paper, I am interested in business cycle fluctuations; exogenous to my model are, for
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Figure 8: Inflation and its sectoral origins
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Notes: The figure illustrates the aggregated median contributions of all identified sectoral shocks to
inflation. Observed, year-on-year personal consumption expenditure (PCE) inflation is shown in red
and contrasted with PCE inflation conditional on only sectoral supply and demand shocks (in black).

At a bird’s eye view, sectoral shocks explain a sizable portion of the business cycle but leave
ample room for other, non-identified shocks. With regard to a supply-and-demand breakdown,
supply shocks are of much larger macroeconomic relevance than sectoral demand shocks. Recall
that the types of sectoral demand shocks I identify are shocks to changes in consumer demand
composition. Hence, this result by no means rules out that aggregate demand shocks, e.g., fiscal
or monetary policy shocks, have large contributions to PCE inflation.

A key empirical result of this paper is that sectoral shocks exerted substantial (more than
usual) inflationary pressure both during the Great Inflation and in recent years.?? I find that a
major part of PCE inflation originates from sectoral supply sources. However, the importance
and sectoral breakdown of sectoral shocks varied throughout both periods. Panels 8b and 8c

provide an enlarged picture for these two periods.

instance, any long-term drivers of inflation.
29 Appendix J includes similar decompositions for sectoral shocks and consumption growth.
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5.1 Sectoral shocks and post-pandemic inflation

In the wake of lifted COVID-19 lockdowns, the U.S. economy experienced rapid increases of
inflation from the first half of 2021 onward. PCE inflation started its decline around mid-2022.
Comparing these rapid price increases and decreases in the data with inflation conditional on
only sectoral shocks in Panel 8c reveals four distinct sub-periods with changing degrees of
sectoral origins that explain inflation.

In a first sub-period from March 2020 until February 2021, I find that sectoral demand
shocks have had fairly substantial negative contributions to inflation. This is no surprise,
considering the effect the pandemic had on depressing demand in 2020. On the contrary, total
sectoral supply contributions have had small, negligible, negative effects on aggregate prices.
While inflation has been recovering from its initial drop in early 2020, it stayed below the two-
percent objective during this period. I present a more detailed picture on individual sectoral
contributions below, but one important inflationary driver at the time were supply shocks
originating in the FElectrical equipment, appliance and components sector. Overall, inflation
conditional on sectoral shocks increased to levels somewhat above observed PCE inflation. The
residual between the data and conditional series could be explained by negative aggregate
demand shocks that further depressed inflation.

In a second sub-sample that I date from March 2021 until September 2021, negative contri-
butions from sectoral demand shocks receded and turned increasingly positive. Most strikingly,
sectoral shocks cannot explain the sharp increase in actual PCE inflation. With the portion of
inflation stemming from sectoral shocks being small in this sub-period, other factors have to
explain the steep increase in inflation. While my model cannot speak to those factors directly,
a likely candidate are additional aggregate demand-pull factors such as COVID-19 relief spend-
ing. In the wake of the pandemic, the U.S. government issued three stimulus checks to boost
demand: the first check in April 2020, a second in December 2020/January 2021, and a third
in March 2021.

The third sub-period commences in October 2021 and lasted until around January 2023, with
yet again changing sectoral contributions. Sectoral supply shocks became a major driver during
this high inflation period. These supply-shock contributions do not stem from one sectoral
source alone but are distributed across numerous sectors with varying degrees of importance.
As further decomposed in the next sub-section, the most important shocks originated in goods-
producing sectors, for instance in the Transportation equipment, Furniture and related products,
and the Plastics and rubber products sector. On the contrary, sectoral demand shocks developed
relatively small demand-pull contributions. As in the second sub-period, there remains a large
scope for aggregate demand shocks.

Finally, the fourth sub-period from February 2023 until the end of my sample in March 2024
is characterized by a steady decline in contributions from sectoral supply shocks.

Going further back in time, Panel 8a illustrates that such strong inflationary contributions
have not occurred since the Great Inflation concluded in the mid-1980s. There is one excep-
tion: during the Great Recession negative sectoral supply shocks raised prices substantially.
But they did so in anticipation of a dramatic collapse of the overall price level midway through

the recession. Apart from this exception, the results show that overall sectoral shocks had no
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Figure 9: Inflation and its sectoral origins: goods versus services

12%
10%
8%
6%
4%
2%
0%
—2%
—4% | | |
Feb60 Jan65 Jan7l Jan77 Jan83 Jan89 Jan95 Jan0l Jan07 Janl3 Janl9 Mar24

(a) Full sample

12% 12% -
10% |- 10% |-
8% |- 8% |-
6% 6%
4% 4%
N |||||||||||||||\|\|‘|‘|\|||||H\|||||||||II|I|||||||"“| o
2% | I "“”"ul 2%
il
0% 0% i
RIS
—2% | | | | I —2% L | | | | |
Jan72 Jan75 Jan78 Jan81 Dec83  Jull9Mar20 Mar21 Mar22 Mar23 Mar24
(b) Great Inflation period (¢) (Post-)COVID-19 period
I Sectoral supply non-services shocks Sectoral supply services shocks I Sectoral demand shocks
—— PCE inflation —— Inflation conditional on only sectoral shocks

Notes: The figure contrasts observed, year-on-year personal consumption expenditure (PCE)
inflation (in red) with PCE inflation conditional on three different types of sectoral shocks (black
lines). Conditional PCE inflation is based on the aggregated median contributions of all identified
sectoral shocks. Contributions from supply shocks are further decomposed into those from services
and non-services sectors. No such decomposition exists for sectoral demand shocks, which only
originate in non-services sectors. This is because demand shocks for services are found to be not
empirically relevant.

substantial inflationary effects for around four decades. On the contrary, they had mostly neg-
ative contributions to inflation during this era. In particular, prior to the COVID-19 pandemic,
sectoral shocks contributed to the low inflation environment. Given the path that inflation has
taken from the mid-2010s, the inflationary pressure exerted by sectoral supply shocks in recent
years appears all the more striking: from 2018 to September 2022, inflation conditional on only

sectoral shocks changed from about 0 percent to 5.5 percent.

5.2 Decomposing aggregated sectoral shock contributions

The aggregate contributions of sectoral supply and demand shocks, presented so far, already

provide a good overview of the overall sectoral sources of heightened inflation at certain points
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in time. I now provide decompositions of these contributions into smaller subsets.

Figure 9 decomposes the sectoral supply-side drivers of Figure 8 into contributions from
services and non-services sectors.>’ Panel 9c shows that in recent years, services sectors were
mostly subject to positive supply shocks and thereby had negative contributions to inflation.
One explanation could be that certain services sectors have benefited predominantly from lifting
policies imposed to reign in the COVID-19 pandemic in 2020. Removing social distancing
measures and return-to-workplace measures could have had a stronger impact in services-sectors,
whereas inflationary supply-chain disruptions are a phenomenon occurring in goods-producing
industries. Given the pattern of services sector contributions, supply shocks in goods-producing
(and other non-services) sectors had even larger inflationary contributions to aggregate inflation
than Figure 8 suggests. When the first lockdowns were imposed in March 2020, both services
and non-services sectors were subject to negative supply shocks. One hypothesis for this finding
is that many supply and demand shocks related to the pandemic in 2020 were in fact aggregate
or other combined shocks. This would be captured by the residual between the conditional (in
black) and unconditional inflation series (in red). Lockdowns, stay-at-home orders, and other
similar policies affect the whole economy. However, the shocks I identify are specific to the
respective origin sector. The sector-specific contributions I identify in March 2020 and later
months likely capture supply (and demand) factors from these policies that were specific to the
respective origin sectors.

Panel 9b reveals that no such difference between services and non-services supply distur-
bances occurred during the Great Inflation. Both types were subject to negative supply shocks.
Observing this breakdown further in Panel 9a highlights even more so the particular importance
of non-services supply shocks during the pandemic.?! The extent by which these types of supply
shocks drive inflation has never been this high in recent U.S. history, just matched during the
early stages of the Great Inflation.

Figure 10 shows additional 95-percent and standard-deviation percentile bands for the sec-
toral supply-demand and goods-services breakdowns. At standard deviation bands and for

recent years, the figure confirms the timing considerations illustrated above.??

5.3 Which sectors were important sources of post-pandemic inflation?

Figure 11 presents a detailed breakdown of some important individual sector contributions to
PCE inflation in recent years.?> The left panel presents four supply shocks originating in non-
services sectors. These sectors were key drivers in shaping the overall contribution pattern of
sectoral supply shocks presented in Figure 9.

In particular, supply shocks in the Transportation equipment sector match the overall pat-

30Note that no such decomposition is necessary for sectoral demand contributions. While there are several
(potential) sectoral demand shocks for services categories, I cannot uncover any such shocks. The lack of identifi-
able services-sector shocks may be an interesting result in itself. It may be less common for consumers to change
preferences for individual services in contrast to shifting preferences for goods categories.

31Figures 8 and 9 show year-on-year inflation. Alternatively, Appendix Figure A.6 presents contributions for
monthly (annualized) inflation, which provides a better way to date certain contributions.

32 Appendix J includes figures showing the full sample period.

33See also Appendix Figures A.9 to A.13 for all individual contributions of feasible and successfully identified
sectoral shocks.
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Figure 10: Inflation and its sectoral origins with credible intervals
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(c) All sectoral demand shocks
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Notes: The figure contrasts observed, year-on-year personal consumption expenditure (PCE)
inflation (in red) with PCE inflation conditional on three different types of sectoral shocks (black
lines). These conditional inflation series are based on the aggregated median contributions of the
respective set of identified sectoral shocks. Contributions from supply shocks are decomposed into
those from services and non-services sectors. No such decomposition exists for sectoral demand
shocks, which only originate in non-services sectors. This is because demand shocks for services are
found to be not empirically relevant.
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tern of all identified sectoral shocks. While these types of shocks exerted inflationary pressure
throughout early 2023, their overall contributions peaked in 2021. In contrast, contributions
from supply shocks in FElectrical equipment, appliance and components drove up inflation at
the very beginning of the pandemic but were of only little importance during 2021 and early
2022. Most recently, a range of positive supply shocks in this sector pushed down aggregate
inflation. Supply shocks originating in the Furniture and related products sector showed even
stronger contributions to inflation, especially during 2021 and 2022. Finally, supply shocks in
the Plastics and rubber products sector provide yet another type of pattern, illustrating the
overall heterogeneity in sectoral shocks and their impact on inflation: shocks from this sector
had no meaningful contributions up until end-2021, when negative supply shocks started to
contribute substantially to heightened inflation.

The right panel of Figure 11 provides a breakdown of four sectoral supply shocks that ex-
plain the major part of the “services”-drag on inflation, illustrated earlier in Figure 9. When
inflation started to peak in 2021, sectoral shocks in Arts, entertainment and recreation, as well
as Accommodation and food services, offset some of the increases from non-services sectors.
With some delay positive supply shocks in Educational services added further downward pres-
sure on inflation starting in mid-2022. With respect to the former two, both sectors are part
of a customer-facing services industry which particularly benefited from the reopening of the
economy in 2021. While imposing and lifting lockdowns had an effect on large parts of the
economy, the identified shocks for these two sectors likely pick up factors that are idiosyncratic
to each respective sector, at the given point in time. Finally, supply-shock contributions from
Other services, except government was subject to a range of negative supply shocks with par-
ticularly strong effects towards the end of my sample. This sector includes for instance Repair
and maintenance or Personal care services.

While overall, services shocks had an alleviating effect on inflation, it is important to note
that there is still a large scope for aggregate supply and aggregate demand shocks to explain a
significant portion of post-pandemic inflation. For instance, aggregate negative supply shocks
such as labor shortages across many sectors or positive fiscal demand shocks likely explain a
large share of post-pandemic inflation surges. What is evident, however, is that the role that

sector-specific shocks played during this period is more pronounced than during usual times.

5.4 Sectoral sources during the Great Inflation

The origins of recently increasing inflation show some resemblance to those of the Great Inflation.
My results show that, similarly to the post-pandemic period, a substantial source of inflation is
sectoral supply shocks. There are some striking differences, though.

While contributions of sectoral supply shocks originating in non-services sectors are some-
what larger in recent years, the Great Inflation showed larger overall inflationary sectoral con-
tributions. This was also driven by services supply shocks having positive effects and sectoral
demand shocks having stronger contributions than they have had in recent years. Inflationary
contributions from the supply side are unequivocally stemming from negative sectoral supply
shocks; however, the aggregate effects of sectoral demand shocks are ambiguous and differ be-

tween consumer-good categories. As illustrated in Section 2, aggregate contributions of demand
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Figure 11: Key sectoral supply shocks and their contributions to inflation in recent years
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Notes: This figure shows eight sectoral supply shocks with substantial contributions to personal
consumption expenditure (PCE) inflation in recent years. The left-side chart shows four supply
shocks originating in nmon-services sectors and the right-side chart shows four supply shocks
originating in services sectors. For each sector, the median contributions to year-on-year PCE
inflation are shown.

shocks are more dependent on the exact underlying network structure. Sectoral demand shocks
change the composition between PCE categories. An exogenous increase in demand for one
PCE category also entails a shift away from other PCE categories. In some cases this opposite
effect on remaining categories can lead to even larger opposite price effects and overpower price
changes occurring within the origin category.

Sectoral shocks explain the bulk of inflation increases compared to the baseline during the
first peak of the Great Inflation around 1974. While still having large inflationary contributions,
sectoral shocks explain substantially less during the second peak around 1980. Within my model
setup, I cannot speak directly to other factors that explain this residual around this second
inflation peak. However, the results are compatible with other explanations on the sources of
inflation around that time. This includes, for instance, Hazell et al. (2022), who compile novel
U.S. state-level price indices for non-tradeable goods between 1978 and 2018 and estimate the
slope of the Phillips curve. The authors associate a large share of consumer price inflation
increases between 1979 and 1981 to an increase in long-run inflation expectations but also
attribute a share to supply shocks. My results leave room for increases of expectations in the
build up to the 1980 peak but less so around the first peak around 1974.

36



6 Conclusion

This paper provides empirical evidence on the sectoral origins of inflation using an identification
strategy that disentangles sector-specific supply and demand shocks. By deriving identification
restrictions from a broad class of DSGE models with production networks, this approach ensures
that sectoral shocks are not conflated with aggregate disturbances, allowing this method to
determine the origin of a shock and its contributions to inflation.

The findings show that while sectoral shocks were not the leading cause of the initial post-
pandemic inflation increase, they became increasingly influential from late-2021 onward. In
particular, negative supply shocks from non-services sectors played a dominant role in driving
inflationary pressures. Conversely, sectoral demand shocks generally have a more limited impact
on inflation, but this does not rule out the role of aggregate demand shocks, especially during
the post-pandemic inflation surge.

The methodology introduced here offers a framework for further research into inflation causes
and, more generally, into business-cycle determinants. Future work could extend this approach
to examine how sectoral shocks interact with monetary policy responses, particularly in terms

of transmission mechanisms and policy effectiveness.
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Appendices

A Theoretical models

This appendix provides a detailed description of the theoretical modelling framework that un-
derlies the analysis in the main text. I extend Pastén, Schoenle, and Weber’s (2024) multi-sector
model, which encompasses several variants popular in the literature.

As described in the main text, the model features a two-layer production structure with
intermediate goods producers (corresponding to NAICS industries) and final goods producers
(assembling PCE consumer goods). The framework incorporates both sector-specific technology
shocks and consumer demand shocks that alter the composition of the consumption basket. The
model includes three key types of heterogeneities: (i) intermediate goods producers differ in their
input-output linkages; (ii) both intermediate and final goods producers vary in size; and (iii)

both types of producers exhibit different degrees of nominal price rigidity.

A.1 Households

A representative household maximizes utility of consumption and disutility from hours worked:

0 Cl o 1:_90
max E t t J , Al
(ot OZ/B Zg] 1_ (A1)
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J Z
Z WitLje+ Y e+ > Iy + I 1Biy — By = PI°Cy, (A.2)
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J
d Lip<1, (A.3)
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where Wj; are sector-specific wages paid for labor Lj; employed in intermediate goods sector
j =1,...,J. Households receive profits, II;;_1, from intermediate-goods-producing firms and
profits, II.; 1, from final-goods-producing firms, II;;_;. A term with bonds, B; 1, paying
gross interest rate, I;_1, completes the left-hand side of the budget constraint. In absence of
government spending, capital formation, and international trade, aggregate consumption, C},
coincides with gross domestic product (GDP) and the consumer price index, P/, with the

GDP deflator. The aggregate consumption bundle is composed of Z consumption categories:

n
n—1
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Sectoral consumption, C;, corresponds to consumption of goods within PCE category, z. PCE
sectors differ in terms of sector size, which is captured by vector Q. = [wei, .. . ,wcz]/, where
ZZZ:1 we, = 1. Sectoral consumption weights, we., are subject to consumer demand shocks,

f-t, that change the composition of demand. This implies that ZZZ:1 f.t = 0. Consumption



weights correspond to the steady-state ratio of sectoral to aggregate consumption, i.e., w., = %

Sectoral demand, C,;, is standard and equal to:

Pzt o
Czt = Wez W Ct . (A5)
t

On the supply side, aggregating sectoral consumption is done in the following way:

_ |0 L
Czt— Nz CZt(Q) edq ’ (A6)

where C4(q) is consumption of a product of firm g from PCE category z. There is a continuum
of consumption goods produced, where every good is indexed by ¢ € [0, 1] and sorts into one of
the PCE categories, z. More formally, there are Z subsets, {\sz} Z_,, that correspond to the PCE
sector size measure, {w,}Z_;. Note that the elasticity of substitution within sectors/categories,
0, can differ from the elasticity of substitution across sectors/categories, 7.

The aggregate PCE price index is defined as:

: (A.7)

pce _
= [E wez P,

where P,; is the PCE price index of category z. The first-order condition of the household

maximization problem is then equal to:

Ptpce = ]Lﬁcga (A8)
Ciit - Ppce
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As in Pastén, Schoenle, and Weber (2024), labor markets are sector-specific and allow for

different wages. Parameters {gj} _, are calibrated to ensure a symmetric steady state.

A.2 Intermediate goods producers
Intermediate goods firms use labor and inputs from other sectors to produce a good j. The
production function for a firm r € j with sector-specific technology, aj;, is the following:

Yje(r) = €W Li;*(r)M,(r) (A.10)

where § is the intermediate input share in production. Intermediate inputs used by firm r of

sector j, Mj(r) are:
_n_

Z Wl Mm . (A.11)

The aggregator weights, {w;;/ }; js, govern the I-O relationship between intermediate goods firms.

These weights are included in the symmetric I-O coefficient matrix Q@ € R”7, where each row



of the matrix sums to one. An element w;; is the steady-state share for goods from sector j" in
the intermediate input use of sector j. Again more formally, there are J subsets, {3; }3]:1, that
correspond to the size measure for intermediate goods producers, {n; }3]:1, where Zj]:1 n; = 1.

Input use of firm r € j can be further decomposed into input use from a specific sector j':

6
. -1
ij/t(T‘) = [nj,e %\ ij/t(T, T'/)l_édT/] 5 (A12)
\Yj/
which aggregates input uses for firm r of sector 7 from all firms r’ of sector j’.
Optimal demand from a firm 7 in sector j for inputs j’, and more granularly for inputs from

firm 7’ in sector j’, is such that:

-n
P
Mjjri(r) = wjjo <Pjnf> Mj(r), (A.13)
it
1 P (r' -0
Mijn(r, ) = — <JPt()> M,(r). (A.14)
’I?,Jl ]/t

For a sector j, the price index of the intermediate input bundle, P, is equal to:

J 1-n
1—
P]T = E wjj/Pj’tn 5 (A15)
i'=1

where the price for sector j goods is given by:

1
1-6

1 _ )
Pu= o L P} %)dy] . (A.16)
S5

As in Pastén, Schoenle, and Weber (2024), I use a simple information friction to model sectoral
price rigidity, which is introduced in the main text. Alternatively, a model description of a

Calvo pricing problem can be found in Appendix E.

A.3 Final goods producers

The production function for a final goods producer g € z is simply given by:

th(Q) = Mzt(Q) ) (A17)

where the bundle of intermediate goods used by firm ¢ is:

Malq) = | S k2 M(0) 7 | (A.18)

The bridge matrix, K € R%’ with elements k.; maps the J intermediate goods and prices

into Z consumption equivalents. Similarly to intermediate goods producers, the quantity a firm



q € z buys from intermediate goods sector j is equal to:

1
szt(q) = |:nz o szt(%r)l_%dr ) (Alg)

with M;(q,r) being the amount of goods firm ¢ € z buys from a firm r € j. I assume
that the cross-sector and within-sector elasticities of substitution, n and 6, are the same as for

households. The input price for final goods producers, P}, is then given by:
1-m

J
Pl =Y kP . (A.20)
=1

The pricing problem is analogous to intermediate goods sectors.

A.4 Market clearing

Clearing of the bond market implies that B; = 0. Market clearing of final-goods markets entails
that:

L Y,(q)dg = L Cur(q)da, (A.21)
szt = ijYZt7 (A22)

th = Mzt = eZtCzt . (A23)

Given that labor and intermediate goods markets also clear, supply and demand for firm r € j
lead to:

J Z
Vi)=Y / Mjie(r',r)dr’ + ) / M.;¢(q,7)dq, (A.24)
j=173y =173
and on the sectoral level to:
J z
Yie= Y M+ Y M. (A.25)
j'=1 z=1



B Steady state

I provide a selective summary of the models symmetric steady state. Across firms, the steady

state implies:

W; =W, (A.26)
Yi(f) =Y, (A.27)
Li(f) =1L, (A.28)
M;(f) =M™, (A.29)
M. (q) = MPe (A.30)
The symmetry yields that all prices are equal: P’ = P,; = P} = Pj; = P =P. Consump-
tion is equal to:
C, =w:C, A.31)
C.(f) = we.C. (A.32)
Steady-state gross output and intermediate goods sector shares are given by:
J Z
V=3 [ My i+ [ Mesla e, (A33)
j=17Sy 2=179:
J Z
Y= My + S M, (A.34)
=1 z=1
Y = M™ 4+ MPee (A.35)
Steady-state gross output shares, n;, are given by:
J Z
j'=1 z=1
N = (1-¢)[I-9Q]  'KQ., (A.37)
where 1) = w Note that Zzzzl Wezkzj = wej (or K'Qe = Qim) which leads to
J
n; = w Z NnjrWsj 5 + (1 — w)wcj y (A38)
j=1
N = (1—9) [I-Q] ' Qm, (A.39)
where N = [ny,...,ns]’. The share of intermediate use in gross output solves 1) = § %. The

remaining steady-state solutions are not directly relevant for the closed-form model solutions

and are hence not further illustrated here.



C Log-linearized deviations from steady state

This section summarizes the log-linearized first-order conditions around the steady state.?

C.1 Aggregation

Consumption and production of final goods is given by:

Z
Ct = chz (czt + fzt) = mfce, (A40)
z=1
Cyt + fzt = Myt , (A41)
Z
mgce = Z Wez Mzt (A42)
z=1
1
mat = —— | m+(q)dq . (A.43)
cz JG,

Intermediate production is equal to:

J
m" = Z M (A.44)
j=1
1
mj = — | my(f)df (A.45)
nj Jg,
J
mi(f) =D wigmiin(f), (A.46)
J'=
1
mjj't(f) = mjj’t(f7 f’)df/- (A.47)
nj' %j’
Final goods prices are:
Z
pfce = chzpzt = Q,,;Pfce ) (A48)
z=1
J
P = Z kzjpjt » (A.49)
j=1
p;"" = Kp;", (A.50)
where p/“ is a column vector with elements p.¢, and similarly p;""“ has elements pZ;. Inter-
mediate goods prices are given by:
J
p;? = Z Wjj'Pj't (A51)
=
p"" = Qp{", (A.52)

34As noted in the main text, this appendix assumes full Calvo pricing for both intermediate and final goods
producers.



pjt = L pi(F)d

J

where p{™ is a column vector with elements pj;, and similarly p;*™ has elements pf}.

Aggregate and sectoral labor is given by:

C.2 Demand

Demand for consumption goods is equal to:

Cat — . =PV — pat)
czt(q) — ¢zt = 0(pzt — p2e(q)) -

Demand for intermediate goods by final goods producers is given by:
Mzje — Mz = 1(P% — Pit) »
mzjt(q) — mze(q) = n(pZ — pjt) -
Demand for intermediate goods by intermediate goods producers is instead given by:
mjjie — mge = n(Pj; — Pirt) ,

mjie(f) —mje(f) = n(pji — pjn) ,
myjne(f, f) — myjn(f) = 0(pjre — pjre(f)) -

Market clearing conditions at sectoral and aggregate level are expressed as:

J
n;Yjit = ¢ E Wy T Mg 5t + 1 - § kZchzngtv
j'=1

= ymi™ + (1= )mg™ = Ym{™ + (1 = )c;.

C.3 Euler equation and labor supply

The Euler equation is expressed as:

=E[cpa] — o7 i — (B [p155] — 21°) ),

and labor supply is given by:

wjr — P = @l + ocy

(A.53)

(A.54)

(A.55)

(A.60)
(A.61)
(A.62)

(A.63)

(A.64)

(A.65)

(A.66)



C.4 Firms
Intermediate goods firms have the following log-linearized production function:
yje(f) = aje + (1= 0) L5 (f) + dmye(f) - (A.67)
Aggregating this to the sectoral level yields:
yjt = aje + (1 — 6)ljr + omyy . (A.68)
Final goods firms and sectors have the following production functions, respectively:

yzt(‘]) = mzt(Q) s (A69)
yzt(q) = Mgt - (A70)

The efficiency condition at firm and sectoral level are given by:

Marginal costs for final and intermediate goods sectors are, respectively:

mey = ply . (A.73)
meje = (1 — 0)wje + dpiy — aji - (A.74)

Under Calvo pricing, both types of producers set their respective optimal price as:

pzt = (1 - azﬁ)mczt + O‘zﬁEt [P;H.ﬂ ) (A75)
p;'t = (1 — a;B)meje + o BE, [p}}H] ) (A.76)

where sectoral prices are given by:

pat = (1 — az)ply + zpai—1, (A.77)
pjt = (1 — o)pjy + ajpje—1 - (A.78)

C.5 Monetary policy

While the model is solved using a non-essential, simplifying assumption on a monetary policy
rule, the model can also be solved using a standard Taylor rule (see e.g., Pastén, Schoenle, and
Weber 2020)



D Derivations for analytical model solution

In this appendix, I derive solutions to the three model multipliers used in the main text that
are key in generating my sector rankings. The solutions are similar to Pastén, Schoenle, and
Weber’s (2024) but include the two extensions of the main text, i.e., distinguishing between

intermediate and final goods producers, as well as the inclusion of sectoral demand shocks.

D.1 Sectoral supply shocks: all simplifying assumptions applied

I first show a detailed derivation of equation (10). Applying all simplifying assumptions (i) to
(iii) of the main text, I weight prices and marginal costs by the sectors’ respective level of price
stickiness. I set sectoral demand shocks to zero, i.e., f,; =0 for z =1,..., 7). For intermediate

goods producers, prices are given by:

pjt == (1 - )\j)ijt, (A79)
= (1 - )\])(Sp;? - (1 - )\j)a]’t y (A80)

which in matrix form can be written as:
pi" = — [I—6(I—A™)Q] " 1—A"™)a,. (A.81)
Equation (10) is then defined as:
Xim = [T- 61— A™Q] " (T-A™), (A.82)
such that:
pi" = —X"a, . (A.83)

For final goods producers, sectoral prices and multipliers are derived from:

Dzt = (1 - )\z)mczt ) (A.84)
= (1= A:)p (A.85)
which implies:

pi“ = (I— A"*)Kp", (A.86)
= —(I— AP)KX"a, . (A.87)

Aggregate prices are then:
PP = —QL (I — AP*)KX"™a, . (A.88)
Because of the monetary-policy assumption, ¢; = —pl““, aggregate consumption follows immedi-

ately from aggregate prices but can alternatively be expressed as a weighted average of sectoral
consumption, c;:

¢ = QLI — AP KX ™a, . (A.89)



Finally, I derive sectoral consumption from the first-order condition on sectoral consumption

demand (using again that ¢; = —pi“):

Cat P77 = (7" — pat) -

In matrix form and substituting for prices, this gives the following solution for sectoral con-

sumption:
¢t = [T+ (1 — 0] (T— AP )KX™a, . (A.90)

D.2 Sectoral supply shocks: allowing for labor market heterogeneity

In this part, I derive the solutions to key equation (14) of the main text. Allowing a positive

inverse-Frisch elasticity, ¢ > 0, implies that the labor-supply condition is now given by:
Wit = Ct — pfce + QOl]t . (Agl)

In order to solve for sectoral prices as a function of only sectoral productivity shocks and
parameters, we need to solve for wages as a function of consumption, prices, and technology
shocks first.

D.2.1 Sectoral supply shocks: solution for sectoral wages

I use the first-order conditions for Walras’ law, demand relations at sectoral level, and the

steady-state solution for gross output shares:

J Z
Nyt = P Z Wy 55151 Gt + (1 - 77[)) Z kzjwczmzjt ,
j'=1 =1

— m
myrje = My — (Pt — i) »

Mzje = Mz — N(Dje — Pot) 5

pce

Cat = Ct — U(pzt — D )7

J
n; = QZJ Z 1wy g + (1 — QZJ)WCJ' .

=1

Recall the following definitions of prices and consumption:
J
Pﬂ = Z Wi’ Pj't
j'=1
p;"" = Qp;",

J
ph=> kit
7=1

m,pce __ m
| o =Kp;",

10



Z
_ — Q' pPee
= E WezPat = cpt s
Czt = My + fzt = Mzt .

Combining all equations and substituting into Walras’ law implies the following expression (in

matrix form) for sectoral gross output, yy:

=¢D'Q'Dm|" + (1 — ¥)D 'K'Q.c;
+n(l —¢)D7'K' [Q.Q, — D, p}
+ [ynD QDO — I + (1 — ¢v)D'K'D K] p{" .

I then use efficiency and labor supply conditions,

m— . .
Wit _pjt = Myt — l]ta

wijr — Py = pljs + o,
to find expression for mj;, which in matrix form is given by:
im 1 m 1 1 ! pce
m;" = |1+—|w;—Qp;" — —ic; — —12.p; -
¥ ¥ ¥
Using production function and labor supply condition,

yjt = aje + (1 = 0)Lj¢ + omyy
wjr — i = @l + ocy,

as well as the expression for mi™, I get an expression for gross output Yjt, which in matrix form

is equal to:
1 1 1 pee i
vi=|—+0)wr— —wce — —182p;,  —62py" + a;.

The derivations above allow for an expression of sectoral wages, w;, that is dependent only on

sectoral prices, aggregate consumption, and supply shocks:
@,Wt = HCCt + 9506 pee + sz imo_ wag ,
which uses the following composite parameters:

=(1+06p)I-v(1+¢) DD,

[1- 1/1D 'YD] 1+ (1 —¢)D'K'Q,,

[I— D 'Q'D] 2, + on(1 — )D 'K’ [Q.0, — D] ,
0" = [1/1(77 DD + (1 — ¢)D'K'DK — nI +69] .

gpce

11



D.2.2 Sectoral supply shocks: solving for sectoral prices

Given the solution for sectoral wages, we can now solve for sectoral prices: Using the first-order

conditions for marginal costs:

mej = (1 = 0)wj + 5p§’§ — aj,
mcy = pz s
and the information friction given by simplifying assumptions (iii):
pjt = (1= Aj)meje
Pzt = (1 - )\z)mczt y
delivers the following expressions for sectoral producer and consumer prices:
pit = (1= X)) (1 = &)wje + (1 = Xj)oply — (1 = Aj)aje
Pzt = (1 - )\z)py;}; )

or in matrix form:

p™ = (1= 8)(T— A™)w; + 6(1— A™)Q2p{"™ — (- A™)ay;,
P = (1— A™)Kpj"

Then, using the expression for wages, I get the following expression:
T-6(I-A™) Q- (1-0)(1-A") 0"
(67 + 07 (T— A") K — 0,2, (I~ A™)K) | pj™,
=—(I-A"™)[I+¢(1-860"a,+(1-6) (I-A") O [e+p].

Applying simplifying assumption (ii), i.e., ¢ = —p{“, the last term in the expression above

disappears, which yields the final expression for sectoral prices:
p" = ~X'ma, )
where X in key equation (14) is given by:
X" =[1-§(1- A™) Q
—(1-0)(I-A™ 0!

| » (A.92)
(0 4 67 (T — A7) K — 6,8, (T — AP) K) ]

I-A") [T+e(1-86O©""].

The solution for sectoral PCE prices and consumption, as well as aggregate PCE prices and

consumption is then the same as under the model using all simplifying assumptions.

12



D.2.3 Sectoral supply shocks: verification

If I set ¢ = 0, then the composite parameters used for key equation (14) are given by:

- [1-yD'2'D],
:[ —wD 'Q'D] .,
orec = [I— D 'Q'D] .2,

Hzm =0,

and hence
wy = e+ opfe, (A.93)

which implies that Xim ig given by key equation (10).

D.3 Sectoral demand shocks

The derivation of key equation (26) for sectoral demand shocks follows a similar procedure as
for sectoral supply shocks, with a few modifications. Setting sectoral supply shocks to zero (i.e.,
ajr =0 for =1,...,J), and applying simplifying assumptions (ii) and (iii) of the main text, it

can be shown that sectoral wages solve the following expression:
O'wy = Oecy + OFPY + 0ip™ + (1 — 1h)D'KD.f;
where

O =(1+dp)I-4(1+¢)D'QD,

.= [I-yD'QAD] 1+ (1 —¢)DT'K'Q,,

v = [I1—yD QD] 2 + on(1 —¢)D'K' [Q.0, — D] ,
0" = o [Y(n—1)D'ADR + (1 — )D'K'DK — nI + 69 .

Given this expression and other respective derivations similar to those for sectoral supply shocks,

I derive the final expression for key equation (26):
F™m=P™(I-A™)(1-6)0 p(1 —4)D KD, (A.94)
with composite matrix Pim defined as:

P =16 (I A™) Q
—1-8I-A™ 0! (A.95)

o @ K - ) |
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E Alternative DSGE specifications: Calvo pricing

For the identification setup in the main text, I use a simpler information friction that allows
for closed-form derivation of sectoral multipliers. This appendix describes the alternative Calvo

pricing problem. Firm r € j solves the following standard problem:

]I%l:%ii E; Z Qt, t+sOé Pji(r)Yjees(r) = MCjeqs(r)Yers(r)] (A.96)

subject to the market clearing condition, production function, demand schedules, and staggered

price setting:

J Z
Z/ My ji(r',r)dr’ +Z/ M_;(q,7)dq, (A.97)

J'=1"%3 2=1Y 3z
Yji(r) = e LY 5<r>Mf (r), (A.98)
v = (B ([T ) (A.99)
Py = [(1 — ;)P0 + ;P 91] = (A.100)

A Calvo pricing problem for final goods producers follows, analogously.
For full details of the theoretical model setup, including households, intermediate goods

producers, final goods producers, and market clearing conditions, see Appendix A.
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F Data sources

This appendix summarizes cross-sectional input-output accounts as well as time series data used

in the empirical model.

F.1 Input-output data

I use NAICS input-output tables for the years 1997 to 2022 from the make-use framework of the
Bureau of Economic Analysis (BEA). The specification in the main text includes a breakdown
of 33 intermediate goods sectors. For all years, I calibrate the input-output weights matrix, €2,
in the same way as Pastén, Schoenle, and Weber (2024) (see their Appendix for more details):

For a year 7, the make table, MAKFE,, and the commodity-by-industry use table, USE.,

are transformed such that:

SHARE; = MAKE, ©» (I x MAKE;) , (A.101)
REVSHARE, = SHARE, x USE, (A.102)
SUPPSHARE, = [REVSHARE, © (I x USE,)]’, (A.103)

where © is the Hadamard division, SHARE; is the market share matrix, REVSHARE, the
revenue share matrix, and SUPPSHARE; the industry-by-industry input-share matrix. Ma-
trix € in the main text is then calibrated for every year 7 as SUPPSHARE:.

F.2 Bridge table

There are 76 PCE categories included in BEA bridge tables. All items can be identified by
a line number. I remove four of those categories. These include national income and product
accounts (NIPA) line item 46 (Net expenditures abroad by U.S. residents), which does not map to
an intermediate goods producer. I also remove line items 109 (Foreign travel by U.S. residents),
110 (Less: Ezxpenditures in the United States by monresidents), and 111 (Final consumption
expenditures of nonprofit institutions serving households (NPISHs)).

F.3 PCE time series data

I match the 72 PCE categories of the NAICS-PCE bridge matrix with time series data on PCE
prices and real quantity indices. As described in the previous section, no individual time series
for line items 46, 109, 110, 111 are used. Aggregate price and quantity time series, however,
still include these items.

Many of the PCE series are affected by outliers. I therefore check for all individual PCE
series whether observations exceed the interquartile range by a factor 5. A value that exceeds
this threshold is then adjusted to the positive or negative value of that very threshold. Appendix

Figures A.1 and A.2 show some sectors with substantial outlier adjustments.
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F.4 Frequencies of NAICS sector price changes

Estimates for monthly frequencies of producer price changes are taken from Pastén, Schoenle,
and Weber (2020). Based on the authors’ calculations for a breakdown of 58 NAICS sectors, I
further aggregate these frequencies to match the 33-sector-level aggregation used in the main

text.

F.5 Durations of PCE price categories

I use median price adjustment durations from Nakamura and Steinsson (2008). To transform
these durations to PCE categories requires several conversions. Nakamura and Steinsson’s
(ibid.) estimates are available for Entry Line Items (ELI), which I first map to the Bureau of
Labor Statistics’ (BLS) Consumer Expenditure Survey items, i.e., to universal classification
codes (UCC). I then use a second BLS concordance table to map UCC items to the BEA’s PCE
categories. The final durations for PCE categories are weighted averages of the original ELIs.
For PCE sectors where no matching data is available, I set the price duration to the average

duration of available data.
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Figure A.1: Outlier adjustment for some selected consumption growth series
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Notes: This figure contrasts outlier adjusted data with unadjusted data (in month-on-month growth
rates). Many of these personal consumption expenditure (PCE) series are affected by outliers. I
therefore check for all individual PCE series whether observations exceed the interquartile range by
a factor 5. A value that exceeds this threshold is then adjusted to the positive or negative value of
that very threshold.
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Figure A.2: Outlier adjustment for some selected inflation series
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Notes: See notes to Figure A.1.
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G Additional clustering illustrations

Figure A.3 summarizes rankings for another supply shock, one that originates in the Utilities
sector. Inspecting the cross-sectional rankings at ranks 1 and 2 reveals more variation than in
the example in Figure 4 of the main text. However, this sectoral shock still allows for fairly
straightforward clustering: a first cluster with categories 38, Electricity, and 39, Natural gas; a
second cluster with category 37, Water supply and sanitation; and a third cluster including the
remaining 69 PCE categories.

In Figure A.4, I revisit the three earlier examples of sector-specific supply shocks and present
the results of the final clustering exercise. The charts in the left column compare a flexible
price ranking (specification I) with that of heterogeneous price stickiness and labor market
segmentation using ¢ = 2 (specification V). The scatter plot contrasts the rankings across the
two specifications. The red, blue, and black frames correspond to the final clusters, derived
in the clustering exercise described above. If the scatter dots are within the colored frames, it
means that the visualized cluster is consistent with both rankings. Similarly, in the right column,
I contrast calibrations to different years (1997 versus 2012) for specification (V). Comparing the
charts in the first two rows illustrates that the clusters for the first two sectoral supply shocks
are both robust across different model specifications (left column), as well as across calibrations
(right column). The bottom row in Figure A.4 revisits the case of an infeasible shock originating

in Management, administrative and waste services, where no robust cluster can be found.
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Figure A.3: Rankings for Utilities supply shocks
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Notes: This figure summarizes the first six rankings for the sector-specific supply shock that

originates in the given sector. The four models correspond, in this order, to specifications (I/11),

(I11), (IV), and (V). For every specification, I consider 26 calibrations based on input-output tables
for the years 1997 to 2022. The bars summarize for the respective specification how often the
multipliers for the 72 personal consumption expenditure category appears at rank 1 through 6 across

the 26 calibrations.
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Figure A.4: Ranking comparisons across specifications & calibrations
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Notes: The figure shows, for three examples, sector-specific supply shocks and their respective
cluster. If a scatter dot is not within its respective red, blue, or black box, it implies that the cluster
is not consistent across the two depicted specifications/calibrations.
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H Clustering performance

This section provides a more detailed description of the clustering exercise and the number of
criteria that determine feasibility.

Table A.1 presents clustering performance for sectoral supply shocks across specifications (I)
to (V). The last column indicates those methods that deliver the best clustering results. These
methods include k-means (K-mea), k-medoids (K-Med), and hierarchical clustering (Hier), as
well as a simple decision algorithm that I specify based on ranking counts (Init). Finally, the
method Manu refers to manual clustering that is based on a visual inspection of rankings,
presented as in Figures 4 to 5. The Match rate indicates the percentage of the 104 calibrations
that match against the best performing cluster. Table A.2 includes analogous results of demand
shocks’ clustering performance.

I then evaluate each cluster against a set of criteria to determine whether it is suitable
for identification or not. For supply shocks, Table A.3 presents clusters across as set with
specifications (I) to (V), Table A.4 presents a second set with specifications (III) to (V), and
Table A.5 a third set with only specifications (IV) and (V).

The Shock column in Tables A.3 to A.5 indicates the respective supply shock. Bold numbers
signal that the Match rate is larger than 70 percent. Underlined PCE categories in the cluster
columns indicate problematic categories that occur in clusters 1 and 2. These sort of problematic
categories include, for instance, Motor wvehicle fuels, lubricants, and fluids and Natural gas.
Cluster compositions that consist of any of these categories exclusively in their first two clusters
are likely to be conflated with rankings corresponding to other shocks. I therefore check all
clusters against these sets of problematic sectors and make sure that the final cluster composition
includes other price categories that are unique compared to other shocks’ clusters. If a sector
cluster includes only problematic categories in the first cluster, I also label the shock as infeasible.
Finally, the last column shows whether the corresponding ranking for sectoral consumption
growth rates is the same as the price ranking, X2°. If a cluster is not feasible for the given
set, either due to problematic sectors or because the match rate is too low, I consider the next
smaller set of model specifications and repeat the exercise.

Table A.6 presents the cluster results for sectoral demand shocks. In addition to clustering
price rankings, F2, the last column also shows the first cluster of the consumption growth
rankings, I*A‘ﬁ For sectoral demand shocks, price and consumption rankings are generally differ-
ent.

A final criterion that renders a shock infeasible is related to the number of sectoral shocks
included in the first cluster of F2°. If a cluster includes five or more PCE categories, I label
the shock infeasible as well. Having too many categories in the first cluster has implications on
the number of factors used in the empirical model and makes estimation more challenging.

The final set of clusters for feasible sector-specific supply and demand shocks are presented

in the main text in Table 1.
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Table A.1: Clustering performance of supply shocks

(j)  Origin sector Match Best clustering methods
(1) Agriculture, forestry, fishing, and hunting 83.7% K-Mea, K-Med, Hier
(2) Mining 99% K-Mea, Init

3) Utilities 100% K-Mea, K-Med, Init
(4) Construction 52.9% K-Mea, Hier

(5) Wood products 45.2% Init

(6) Nonmetallic mineral products 21.2% K-Med

(7) Primary metals and fabricated metal products 10.6% Hier

(8) Machinery 20.2% Hier

9) Computer and electronic products 54.8% Manu

(10)  Electrical equipment, appliance, and comp. 51% Hier, Init

(11)  Transportation equipment 99% K-Mea, K-Med, Hier, Init
(12)  Furniture and related products 50% K-Mea, K-Med, Hier
(13)  Miscellaneous manufacturing 55.8% Init

(14)  Food and beverage and tobacco products 100% Init

(15)  Textiles, apparel, and leather 47.1% Hier

(16)  Paper and printing 32.7% Init

(17)  Petroleum and coal products 100% K-Mea, K-Med, Hier, Init
(18)  Chemical products 25% K-Mea

(19)  Plastics and rubber products 53.8% K-Mea, Hier, Init
(20)  Wholesale trade 75% K-Mea, Hier

(21)  Retail trade 73.1%  Hier

(22) Transportation and warehousing 48.1% K-Mea

(23)  Information 75% K-Mea, Hier, Init
(24) Finance and insurance 75% Init

(25)  Real estate and rental and leasing 30.8% K-Mea

(26)  Professional, scientific, and technical services 50% Init

(27) Management, administrative and waste services 34.6% Init

(28)  Educational services 56.7% Init

(29) Health care and social assistance 42.3% Init

(30)  Arts, entertainment, and recreation 51% K-Mea, Hier, Init
(31) Accommodation and food services 75% Init

(32)  Other services, except government 39.4% K-Mea

(33)  Government 31.7% Init

Notes:

This table shows clustering performance for sectoral supply shocks across specifica-
tions (I) to (V). The last column indicates those methods that deliver the best clustering results.
These methods include k-means (K-mea), k-medoids (K-Med), and hierarchical clustering (Hier),
as well as a simple decision algorithm that I specify based on ranking counts (Init). A manual
clustering method (Manu) is based on a simple visual inspection of rankings based on visualiza-
tions similar to Figures 4 to 5 of the main text. The Match rate indicates the percentage of the
104 calibrations that match against the best performing cluster. Match rates higher than the
feasibility cutoff of 70 percent are indicated in bold.
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Table A.2: Clustering performance of demand shocks

(2) Origin (composite) category Match Best clustering methods
(1-3) Motor vehicles and parts 100% Hier, Init

(4-7) Furnishings and durable household equip. 100% K-Med, Hier

(8-12) Recreational goods and vehicles 100% K-Mea, K-Med, Hier, Init
(13-17)  Other durable goods 100% K-Med, Hier

(18-20)  Food and beverages purchased for off-premises consumption 100% K-Mea, K-Med, Hier, Init
(21-24)  Clothing and footwear 100% K-Med, Hier

(25, 26)  Gasoline and other energy goods 100% K-Mea, K-Med, Hier, Init
(27-32)  Other nondurable goods 100% K-Med, Hier

(33-39)  Housing and utilities 100% K-Mea, K-Med, Hier, Init
(40-44)  Health care 100% K-Mea, K-Med, Hier, Init
(45-49)  Transportation services 88.5%  Init

(50-53)  Recreation services 100% K-Mea, K-Med, Hier, Init
(54-56)  Food services and accommodations 100% K-Mea, Init

(57-62)  Financial services and insurance 100% K-Mea, K-Med, Hier, Init
(63-72)  Other services 100% K-Mea, K-Med, Hier

Notes: This table shows clustering performance for sectoral demand shocks across specifications (IIT) and (V).
The last column indicates those methods that deliver the best clustering results. These methods include k-means
(K-mea), k-medoids (K-Med), and hierarchical clustering (Hier), as well as a simple decision algorithm that I
specify based on ranking counts (Init). The Match rate indicates the percentage of the 52 calibrations that

match against the best performing cluster.

indicated in bold.
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Table A.3: Clustering evaluation of supply shocks (all specifications)

Shock PCE categories z

() Cluster 1 Cluster 2 (or 3*) Match )A(f,
(1) 20 18, 28, 31, 55 83.7% =
(2) 25, 26, 38, 39 37 99% =
(3) 38, 39 37 100% =
(4) 39 2, 25, 26, 38 52.9% =
(5) 26 25 45.2% =
(6) 6, 25, 26, 39 1,2,3,4,7 31, 38, 69 21.2% =
(7) 6 1,9 10.6% =
®) 5 1,2, 7,8, 10, 25, 26, 38, 39 20.2% =
9) 8, 17 42* 54.8% =
(10) 5 3 51% =
(11) 1 10 99% =
(12) 4 2, 25, 26, 38, 39 50% =
(13) 12 13, 14 55.8% =
(14) 18, 31, 55 19 100% =
(15) 16, 21, 22, 24 23 4T1%  #
(16) 39 25 32.7% =
(17) 25 26 100% =
(18) 25, 26, 27, 30, 39 2,29, 38 25% =
(19) 3 6 53.8% =
(20) 25 2, 26, 31 75% =
(21) 2 1,25, 26 73.1% =
(22) 2, 25, 26, 39, 48, 49 38, 47 481% =
(23) 63 15, 51 75% =
(24) 62 60 75% =
(25) 2, 25, 26, 33, 34, 35, 38, 39, 46 1, 3, 7, 15, 18, 20, 31, 37, 48, 49, 51, 56,  30.8% =

57-62, 63, 72

(26) 39 25 50% =
(27) 39 25 34.6% =
(28) 68 66 56.7% =
(29) 39 25 42.3% #
(30) 50 52 51% =
(31) 56 36 75% =
(32) 45 2, 25, 26, 38, 39, 70 39.4% =
(33) 25 39 31.7%

Notes: This table is used to evaluate the cluster performance of sectoral supply shocks across the spec-
ifications indicated in the title. The Shock column indicates the respective supply shock. Bold numbers
signal that the Match rate is larger than 70 percent. Underlined PCE categories in the cluster columns
indicate problematic categories that occur in clusters 1 and 2. Finally, the last column shows whether the

corresponding ranking for sectoral consumption growth rates is the same as the price ranking, if”e.
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Table A.4: Clustering evaluation of supply shocks (specifications III to V)

Shock PCE categories z

() Cluster 1 Cluster 2 (or 3*) Match )A(f,
(1) 20 18 100% =
(2) 25, 26, 39 38 100% =
(3) 39 38 100% =
(4) 39 2, 25, 26, 38 70.5% =
(5) 26 25 60.3% =
(6) 6, 25, 39 26, 38 53.8% =
(7 25, 39 1,2,6,9, 26, 38 52.6% =
®) 5, 25, 26, 39 1,38 34.6% =
(9) 8, 17 42+ 73.1% =
(10) 5 3 61.5% =
(11) 1 10 100% =
(12) 4 2, 25, 26, 38, 39 66.7% =
(13) 12 2,9, 13, 14, 25, 26, 28, 38, 39 66.7% =
(14) 31 18, 19, 55 100% =
(15) 2, 16, 21, 22, 23, 24, 25, 26, 38,39 1, 3, 4, 8, 9, 12, 15, 17, 18, 19, 20, 27, 28,  34.6% =

29, 30, 31, 37, 48, 49, 55, 56, 60, 62

(16) 25, 26, 39 2, 23, 29, 38 43.6% =
(17) 25 26 100% =
(18) 25, 26, 27, 39 2, 29, 30, 38 64.1% =
(19) 3 6 71.8% =
(20) 25 2, 26, 31 100% =
(21) 2 1, 25, 26 97.4% =
(22) 2, 25, 26, 39, 47, 48, 49 1, 38, 64 70.5%  #
(23) 63 15, 51 100% =
(24) 60, 62 57, 59 100% =
(25) 39 2, 25, 26, 33, 34, 35, 38, 46 59% =
(26) 25, 39 2, 26, 38, 53, 69 38.5% =
(27) 1, 2, 25, 26, 37, 38, 39, 53, 56, 72 31 78.2% =
(28) 68 66 75.6% =
(29) 25, 39 26, 38 52.6% =
(30) 50 52 67.9% =
(31) 56 36 100% =
(32) 45 25, 39 64.1% =
(33) 25, 26, 37, 39 2, 38, 46, 52, 64 51.3% =

Notes: See notes to Table A.3.
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Table A.5: Clustering evaluation of supply shocks (specifications IV and V)

Shock PCE categories z

() Cluster 1 Cluster 2 (or 3*) Match )A(f,
(1) 20 18 100% =
(2) 25, 26, 39 38 100% =
(3) 39 38 100% =
(4) 25, 39 2, 26, 38 100% =
(5) 26 25 20.4% =
(6) 6, 25, 26, 39 38 86.5% =
(7 25, 39 1,2,6,9, 26, 38 78.8% =
(8) 25, 39 1,2,3,5,7,8, 10, 26, 31, 37, 38 71.2% =
(9) 1,2, 8, 17, 25, 26, 38, 39 13, 31 82.7% =
(10) 5 1,2, 3, 8, 25, 26, 30, 38, 39 78.8% =
(11) 1 2, 3, 10, 25, 26, 38, 39 100% =
(12) 4 2, 25, 26, 38, 39 100% =
(13) 12 2,9, 13, 14, 25, 26, 28, 38, 39 100% =
(14) 31 18, 19, 55 100% =
(15) 2, 16, 21, 22, 23, 24, 25, 26, 38,39 1, 4, 12, 20, 29, 31 84.6% =
(16) 25, 39 2, 23, 26, 29, 38 82.7% =
(17) 25 26 100% =
(18) 25, 26, 27, 39 2, 29, 30, 38 96.2% =
(19) 3 2, 6, 25, 26, 38, 39 100% =
(20) 25 2, 26, 31 100% =
(21) 2 1,25, 26 98.1% =
(22) 2, 25, 26, 39, 48, 49 38, 47 96.2% =
(23) 15, 51, 63 2, 8, 11, 25, 26, 32, 38, 39, 65 100% =
(24) 60, 62 25, 39, 57, 58, 59, 61 100% =
(25) 39 2, 25, 26, 33, 34, 35, 38, 46 88.5% =
(26) 25, 39 2, 26, 38, 53 100% =
(27) 25, 39 2, 26, 37, 38 96.2% =
(28) 68 25, 38, 39, 66, 67 100% =
(29) 25, 39 2, 26, 38, 41, 43, 44, 71 100% =
(30) 50 25, 39, 52 94.2% =
(31) 56 36, 39, 54 100% =
(32) 45 25, 39 96.2% =
(33) 25 26, 37, 39 100% =

Notes: See notes to Table A.3.

27



Table A.6: Clustering evaluation of demand shocks (specifications IV and V)

Shock PCE categories z in FF PCE categories z in F¢
z Cluster 1 Cluster 2 (or 3*) Match Cluster 1
(1-3) 1,2 38*, 39 100% 3

(4-7) 2 38, 39*, 56* 100% 6, 7

(8-12) 2 1 100% 9, 10, 11, 12
(13-17) 1 38, 39*, 56* 100% 14, 15, 16
(18-20) 2, 31 18, 20, 55 100% 19

(21-24) 55 38*, 39, 56* 100% 23

(25, 26) 55 55 100% 24

(27-32) 55 38*, 39, 56* 100% 32

(33-39) 55 38 100% 33, 34, 35, 36, 37
(40-44) 40-44, 67, 71 2%, 25%, 26%, 38*, 39*  100% 40, 42

(45-49) Majority 2%, 31%, 38%, 39* 88.5% 46

(50-53) 15, 50, 51, 52, 63 2%, 25%, 26%, 38*, 39*  100% 53

(54-56) 56 36, 54 100% 54, 55

(57-62) 60, 62 57, 58, 59, 61 100% 58, 61

(63-72) 15, 45, 51, 63, 66-68 2%, 25%, 26%, 38*, 39*  100% 64, 65, 69-72

Notes: This table is used to evaluate the cluster performance of sectoral demand shocks across specifi-
cations (IV) and (V). The Shock column indicates the set of personal consumption expenditure (PCE)
categories that are subject to the demand shock. Bold numbers signal that the shock is feasible. In
addition to a Match rate that is larger than 70 percent, feasible shocks cannot include 5 or more PCE
categories in the first cluster. Too many categories in the first cluster has implications on the number
of factors used in the empirical model and makes estimation more challenging. PCE categories marked
with an asterisk in the third column indicate that instead of the second cluster, the third cluster is
shown. The last column shows the first cluster of the consumption growth rankings, fﬁ For sectoral
demand shocks, price and consumption rankings are generally different.
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I Empirical model derivations

The setup of the Bayesian FAVAR model follows the two-step estimation in De Graeve and
Schneider (2023, see their Appendix A) with some differences regarding data and observable
factors. De Graeve and Schneider (ibid.) use only quantity variables and one observable factor.
In this paper, I also allow for multiple observed factors, as well as multiple types of sectoral
variables, i.e., sectoral quantity and price variables. The derivations in De Graeve and Schneider
(ibid.) extend naturally to this.
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J Additional findings

This section provides additional figures for the findings presented in the main text.

J.1 Sectoral shocks and consumption growth

While the focus of the main text is on PCE inflation, my model also delivers contributions
of sectoral supply and demand shocks to PCE consumption growth. These are summarized
in Figure A.7. Panel A.7a shows year-on-year consumption growth and consumption growth
conditional on only sectoral shocks. Comparing these contributions with those for PCE infla-
tion, my results suggest that business cycle fluctuations of consumption are somewhat better
explained by sector-specific shocks throughout the sample. These results are in line with De
Graeve and Schneider (2023), which investigates the sectoral contributions to industrial pro-
duction (IP) growth from the early 1970s until the onset of the COVID-19 pandemic, and finds
that sector-specific shocks, in contrast to aggregate shocks, are the major driver of IP fluctua-
tions. Considering the demand and supply breakdown in Panel A.7b, it is striking that sectoral

demand shocks show an overall stronger contribution to consumption growth than inflation.
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Figure A.5: Inflation and its sectoral origins with credible intervals (full sample)
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(c) All demand shocks

—— PCE inflation — Inflation conditional on respective set of sectoral shocks

- - - 68% credible interval - - - 95% credible interval

Notes: The figure contrasts observed, year-on-year personal consumption expenditure (PCE)
inflation (in red) with PCE inflation conditional on three different types of sectoral shocks (black
lines). These conditional inflation series are based on the aggregated median contributions of the
respective set of identified sectoral shocks. Contributions from supply shocks are decomposed into
those from services and non-services sectors. No such decomposition exists for sectoral demand
shocks, which originate only in non-services sectors. This is because demand shocks for services are

found to be not empirically relevant.
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Figure A.6: Inflation (month-on-month, annualized) and its sectoral origins
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Notes: The figure contrasts observed, month-on-month, annualized personal consumption
expenditure (PCE) inflation (in red) with PCE inflation conditional on three different types of
sectoral shocks (black lines). Conditional PCE inflation is based on the aggregated median
contributions of all identified sectoral shocks. Contributions from supply shocks are further
decomposed into those from services and non-services sectors. No such decomposition exists for
sectoral demand shocks, which only originate in non-services sectors. This is because demand shocks
for services are found to be not empirically relevant.
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Figure A.7: Consumption growth and its sectoral origins
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Notes: The figure illustrates the aggregated median contributions of all identified sectoral shocks to
aggregate consumption growth. Observed, year-on-year personal consumption expenditure (PCE)
growth is shown in red and contrasted with consumption growth conditional on only sectoral supply
and demand shocks (black line).
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Figure A.8: Consumption growth (month-on-month, annualized) and its sectoral origins
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Notes: The figure illustrates the aggregated median contributions of all identified sectoral shocks to
aggregate consumption growth. Observed, month-on-month, annualized personal consumption
expenditure (PCE) growth is shown in red and contrasted with consumption growth conditional on
only sectoral supply and demand shocks (black line).
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Figure A.9: Individual sectoral contributions to month-on-month, annualized inflation (1/5)
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Notes: This figure shows median historical contributions of individual sectoral shocks to
month-on-month, annualized personal consumption expenditure inflation.
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Figure A.10: Individual sectoral contributions to month-on-month, annualized inflation (2/5)
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Notes: See notes for Figure A.9.
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Figure A.11: Individual sectoral contributions to month-on-month, annualized inflation (3/5)
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Figure A.12: Individual sectoral contributions to month-on-month, annualized inflation (4/5)
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Figure A.13: Individual sectoral contributions to month-on-month, annualized inflation (5/5)
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K Robustness to alternative identification schemes

In this appendix, I show that the sectoral origins of inflation in recent years is qualitatively
robust to several variations in identification restrictions.

First, Appendix Figure A.14 imposes an alternative combination of restrictions to sectoral
shocks. Other than the specification in the main text, where a mix of different identification
restrictions is used, Figure A.14 is based on the following consistent scheme. Sectoral supply
shocks are exclusively identified by applying R1 restrictions to ¢, and p,. As in the main text, an
additional sign restriction is applied to aggregate inflation and consumption growth for sectoral
supply shocks. Sectoral demand shocks use an RI restriction on ¢, and a no-lower-bound R1
restriction on p,, as well as an R2 restriction on p,.

Second, Appendix Figure A.15 varies identification of sectoral supply shocks by exclusively
imposing R1 restrictions on ¢, and p,, as well as an R2 restriction on p,. As in the main text, an
additional sign restriction is applied to aggregate inflation and consumption growth for sectoral
supply shocks. Sectoral demand shocks are retrieved using an origin R1 restriction on ¢, and a
no-lower-bound R1 restriction on p,, as well as an R2 restriction on p,.

Finally, Appendix Figure A.16 lifts the additional sign restriction to aggregate inflation and

consumption growth for sectoral supply shocks.
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Figure A.14: Inflation and its sectoral origins: goods versus services with alternative identifica-

tion 1)
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—— PCE inflation

Sectoral supply services shocks
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Notes: This figure reproduces Figure 9 of the main text but with alternative identification
assumptions. Other than the main specification, where a mix of different identification restrictions is
used, this figure is based on the following consistent scheme. Sectoral supply shocks are exclusively
identified by applying R1 restrictions to ¢, and p,. As in the main text, an additional sign
restriction is applied to aggregate inflation and consumption growth for sectoral supply shocks.
Sectoral demand shocks are retrieved using an R1 restriction on ¢, and a no-lower-bound R1
restriction on p., as well as an R2 restriction on p,. The figure itself contrasts observed,
year-on-year personal consumption expenditure (PCE) inflation (in red) with PCE inflation
conditional on three different types of sectoral shocks (black line). Contributions from supply shocks
are further decomposed into those from services and non-services sectors. No such decomposition
exists for sectoral demand shocks, which only originate in non-services sectors. This is because
demand shocks for services are found to be not empirically relevant.
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Figure A.15: Inflation and its sectoral origins: goods versus services with alternative identifica-
tion 2)
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Notes: This figure reproduces Figure 9 of the main text but with alternative identification
assumptions. Other than the main specification, where a mix of different identification restrictions is
used, this figure is based on the following consistent scheme. Sectoral supply shocks are exclusively
identified by applying R1 restrictions to c, and p., as well as an R2 restriction to p.. As in the main
text, an additional sign restriction is applied to aggregate inflation and consumption growth for
sectoral supply shocks. Sectoral demand shocks are retrieved using an origin R1 restriction on c,
and a no-lower-bound R1 restriction on p., as well as an R2 restriction on p.. The figure itself
contrasts observed, year-on-year personal consumption expenditure (PCE) inflation (in red) with
PCE inflation conditional on three different types of sectoral shocks (black line). Contributions from
supply shocks are further decomposed into those from services and non-services sectors. No such
decomposition exists for sectoral demand shocks, which only originate in non-services sectors. This
is because demand shocks for services are found to be not empirically relevant.
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Figure A.16: Inflation and its sectoral origins: goods versus services without aggregate sign
restrictions on sectoral supply shocks
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Notes: This figure reproduces Figure 9 of the main text but without imposing an additional sign
restriction to aggregate inflation and consumption growth for sectoral supply shocks. The figure
itself contrasts observed, year-on-year personal consumption expenditure (PCE) inflation (in red)
with PCE inflation conditional on three different types of sectoral shocks (black line). Contributions
from supply shocks are further decomposed into those from services and non-services sectors. No
such decomposition exists for sectoral demand shocks, which only originate in non-services sectors.
This is because demand shocks for services are found to be not empirically relevant.
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L Index table

Table A.7: PCE sector indices and names

ID PCE Sector ID PCE Sector

1. New motor vehicles 37.  Water supply and sanitation

2. Net purchases of used motor vehicles 38.  Electricity

3. Motor vehicle parts and accessories 39.  Natural gas

4. Furniture and furnishings 40.  Physician services

5. Household appliances 41.  Dental services

6. Glassware, tableware, and household utensils 42. Paramedical services

7. Tools and equipment for house and garden 43.  Hospitals

8. Video, audio, photo., info. proc. equip. & media 44.  Nursing homes

9. Sporting equipment, supplies, guns, and ammun. 45. Motor vehicle maintenance and repair

10.  Sports and recreational vehicles 46.  Other motor vehicle services

11. Recreational books 47. Ground transportation

12. Musical instruments 48.  Air transportation

13. Jewelry and watches 49.  Water transportation

14.  Therapeutic appliances and equipment 50.  Member. clubs, sports cent., parks, theat., mus.
15. Educational books 51. Audio-video, photo., info. proc. equip. services
16.  Luggage and similar personal items 52. Gambling

17. Telephone and related communication equipment 53. Other recreational services

18.  Food and nonalc. bever. purch. for off-prem. cons. 54.  Purchased meals and beverages

19.  Alcoholic beverages purchased for off-prem. cons. 55.  Food furnished to employees

20. Food produced and consumed on farms 56. Accommodations

21. Women’s and girls’ clothing 57.  Financial services furnished without payment
22. Men’s and boys’ clothing 58.  Financial service charges, fees, and commissions
23. Children’s and infants’ clothing 59.  Life insurance

24. Other clothing materials and footwear 60.  Net household insurance

25.  Motor vehicle fuels, lubricants, and fluids 61.  Net health insurance

26. Fuel oil and other fuels 62. Net motor vehicle and other transportation ins.
27.  Pharmaceutical and other medical products 63.  Telecommunication services

28. Recreational items 64. Postal and delivery services

29.  Household supplies 65.  Internet access

30.  Personal care products 66.  Higher education

31.  Tobacco 67.  Nursery, elementary, and secondary schools

32.  Magazines, newspapers, and stationery 68.  Commercial and vocational schools

33.  Rental of tenant-occupied nonfarm housing 69.  Professional and other services

34.  Imputed rental of owner-occupied nonfarm housing 70.  Personal care and clothing services

35.  Rental value of farm dwellings 71.  Social services and religious activities

36.  Group housing 72.  Household maintenance

Notes: This table serves as a reference for indices of personal consumption expenditure (PCE) categories used
in the main text.
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