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Abstract5

We identify total factor productivity (TFP) news shocks using standard VAR methodol-6

ogy and document a new stylized fact: in response to news about future increases in TFP,7

inventories rise and comove positively with other major macroeconomic aggregates. We show8

that the standard theoretical model used to capture the effects of news shocks cannot replicate9

this fact when extended to include inventories. We derive the conditions required to generate10

a procyclical inventory response by using a wedges approach. To explain the empirical in-11

ventory behavior, we consider two mechanisms: sticky wages and the presence of knowledge12

capital accumulated through learning-by-doing. Only the latter moves the wedges to quali-13

tatively match the empirical behaviour. The desire to take advantage of higher future TFP14

through knowledge capital drives output and hours choices on the arrival of news and leads15

to inventory accumulation alongside the other macroeconomic variables. The broad-based co-16

movement a model with knowledge capital can generate supports the view that news shocks17

are an important driver of aggregate fluctuations.18
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1 Introduction21

There is substantial evidence that expectations about future total factor productivity (TFP) are22

an important source of aggregate fluctuations (see Beaudry and Portier (2014), and references23

therein). Such TFP news shocks give rise to the observed comovement of aggregate quantities as24

identified in a large body of empirical work on the incidence and effects on news (e.g., Beaudry and25

Portier (2004)). Theoretical business cycle models can explain these findings under fairly general26

assumptions and modeling components (see Jaimovich and Rebelo (2009)) and imply substantial27

explanatory power of news shocks when taken to the data directly (e.g., Schmitt-Grohe and Uribe28

(2012); Görtz and Tsoukalas (2017)).29

In this paper, we extend the news shock literature to account for inventories and show that they30

should take central stage in understanding the implications of news shocks. In the same vein, we31

argue that news shocks are an important component in understanding the behavior of inventory32

investment in addition to the standard mechanisms. Our paper uses inventories as a litmus test33

for the empirical relevance of TFP news shocks and we find these shocks are an important driver34

of aggregate fluctuations. In particular, we develop a new stylized fact and explain this fact in a35

general equilibrium model of inventory investment.36

The news-shock literature has largely ignored inventory investment, which is a component of37

aggregate output and an adjustment margin to shocks that has long been recognized to play a large38

role in explaining aggregate fluctuations (see Ramey and West (1999); Wen (2005)). While in-39

ventory investment is only a small fraction of GDP, it plays an outsize role in contributing to the40

latter’s volatility (see Blinder and Maccini (1991)). Aggregate inventories, in their dual role as in-41

put and output inventories, are also central to business cycle transmission via production networks42

(Iacoviello et al. (2011); Sarte et al. (2015)). Perhaps most importantly from our perspective is43

that inventories have a strategic role in buffering anticipated and unanticipated supply and demand44

disturbances. One might expect that news about such events would move inventories. Moreover,45

they are forward-looking in the sense that storage and acquisition requires planning. The forward-46

looking nature should make them responsive to news – which is precisely what we find.47

Our paper makes two key contributions. First, we identify a new empirical fact in the inventory48

and news-shock literature. Using standard news-shock identification methodology for a structural49
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vector autoregression (VAR) that includes inventories besides other quantity variables, we find that50

in response to anticipated news about higher future TFP, inventories rise on impact along with out-51

put, consumption, investment, and hours worked. This is a robust finding not only for the aggregate52

data, but also across the retail, wholesale and manufacturing sector as well as for finished goods,53

work-in-process, and input inventories. It is also robust across different approaches to identifying54

anticipated technology shocks. The consensus in the literature is that, unconditionally, inventory55

investment is procyclical (e.g., Ramey and West (1999)), whereby we identify a factor that induces56

conditional procyclicality.1 Our findings therefore support the insight from the existing literature57

that news shocks are important drivers of business cycles.58

Our second contribution is to identify the theoretical mechanism by which positive news about59

future TFP generates an expansion of all macroeconomic aggregates, including inventories, which60

is not a priori self-evident. In a conventional neoclassical framework with inventories, positive61

news about future TFP implies a wealth effect. The associated rise in sales of consumption and in-62

vestment goods creates demand, which drives up inventories in order to avoid stockouts. However,63

the associated joint increase in sales and inventories can only be met through higher production.64

This implies rising marginal costs, which provides incentives for firms to partly satisfy higher de-65

mand by drawing down the inventory stock. This is reinforced by an intertemporal substitution66

effect, whereby positive news provides incentives to reduce current inventory stock, but build it up67

again in the future when high productivity is realized and marginal cost is lower.68

We show that the standard news-shock model with inventories cannot explain our robust em-69

pirical finding that the news-driven demand effect dominates the substitution effect. By means70

of introducing general wedges into the standard model we isolate the components for labor sup-71

ply and labor demand that are needed to replicate the empirical facts. We consider two potential72

mechanisms that operate on marginal costs, namely either sticky wages and prices, or knowledge73

capital. We find that the latter is qualitatively and quantitatively more successful. Importantly, the74

response of inventories in our baseline model is consistent with and informative for the response75

of marginal cost.76

The core of our full model is the framework of Jaimovich and Rebelo (2009), which is closely77

1We find that the TFP news shock explains between 47-71% and 47-65% of the forecast error variance in GDP
and inventories, respectively, over a horizon from 6-32 quarters.

2



related to Schmitt-Grohe and Uribe (2012). It includes the trio of particular specifications of pref-78

erences, investment adjustment costs and variable capital utilization, which are features generally79

recognized in the news literature as needed for generating comovement of macroeconomic aggre-80

gates in response to a TFP news shock. We extend this model to include finished goods inventories81

based on the stock-elastic demand model of Bils and Kahn (2000). We then add knowledge capital,82

which can be interpreted as an intensive margin of hours worked, for instance, as the knowledge83

of how to best put to use an hour of work, based on earlier work by Chang et al. (2002), Cooper84

and Johri (2002) and Gunn and Johri (2011).2 We also impose a superstructure of nominal price85

and wage rigidities along the lines of Smets and Wouters (2007).86

The accumulation of intangible knowledge through a learning-by-doing process involving la-87

bor addresses the shortcomings of the standard model in a straightforward manner. Firms acquire88

skill-enhancing knowledge through a learning-by-doing process from experience in production.89

The arrival of news about a future increase in TFP raises the value of knowledge in the present, in-90

ducing firms to increase their labor demand by varying markups in order to accumulate knowledge91

through experience. This has the effect of both contributing to the rise in hours worked, and thus92

production, and of suppressing the rise in the real wage during the initial boom. Consequently,93

the presence of knowledge capital limits the rise in marginal costs and increases the incentive to94

accumulate inventories. More succinctly, the accumulation of knowledge capital allows the news-95

shock-driven demand effect to dominate the substitution effect in production.96

Our findings contribute to the large literature on the role of news shocks as drivers of ag-97

gregate fluctuations. Considerable work has been done on studying mechanisms that generate98

procyclical movements in consumption, investment, and hours in response to TFP news shocks,99

e.g., Jaimovich and Rebelo (2009) and on studying their effects empirically in identified VARs100

and estimated DSGE models, for instance, Barsky and Sims (2012) and Schmitt-Grohe and Uribe101

(2012). The new aspect our paper adds to this literature is the focus on inventories, both in terms102

of their behavior in a VAR with news shocks and in developing a theoretical framework to study103

the empirical results. A large and long-standing literature investigates the empirical relation of104

inventories with macroeconomic fluctuations and the implications of introducing inventories in105

2This includes knowledge about operational processes, handling of machines and materials, and such. See Chang
et al. (2002) for an early application in a neoclassical business cycle model and d’Alessandro et al. (2019) for a recent
application and further discussion.
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theoretical frameworks (see Ramey and West (1999), for a comprehensive survey and critical as-106

sessment). In our theoretical modeling of inventories, we are guided by Bils and Kahn (2000), who107

highlight the unconditionally limited role of intertemporal substitution for variations in inventories108

that is also documented in our work in the context of expectations about productivity.109

Our paper is most closely related to Crouzet and Oh (2016), who introduce inventories into a110

variant of the standard news-shock model of Jaimovich and Rebelo (2009), utilizing a reduced-111

form stockout-avoidance specification. They show that, while this setup can generate positive112

comovement of investment, consumption, and hours in response to stationary TFP news shocks, it113

fails to do so in the case of inventories. The countercyclical inventory movement is then used to114

inform sign restrictions in a structural VAR to identify TFP news shocks. Given the unconditional115

procyclicality of inventory investment and the imposed negative sign restriction on this variable,116

Crouzet and Oh (2016) come to the conclusion that such TFP news shocks are of limited impor-117

tance for aggregate fluctuations. In contrast, we use a standard and widely used VAR methodology118

to identify first the response of inventory movements to news about the growth rate of TFP. The ef-119

fects of these non-stationary shocks have been the focal point of the majority of the news literature,120

such as Barsky and Sims (2011) and Schmitt-Grohe and Uribe (2012). In response to these shocks,121

positive comovement of inventories emerges as a robust stylized fact that we then rationalize in an122

inventory model with a learning-by-doing propagation mechanism.123

The remainder of the paper is structured as follows. Section 2 contains the main empirical124

results. Section 3 introduces the theoretical model used to rationalize the empirical findings. We125

trace out the required modeling elements and transmission mechanisms in general terms. We then126

identify potential specific candidates of which one is knowledge capital. Section 4 concludes.127

2 Inventories and news: Evidence from identified VARs128

2.1 Data and estimation129

We use quarterly U.S. data for the period 1983Q1-2018Q2.3 Our main specification uses non-130

farm private inventories in the VAR. They are defined as the physical volume of inventories owned131

3This choice is guided by the differences in cross-correlation patterns of several aggregate variables in samples
before and after the mid-1980s (e.g., Galí and Gambetti (2009); Sarte et al. (2015)). In particular, McCarthy and Za-
krajsek (2007) document that significant changes in inventory dynamics occur in the mid-1980s due to improvements
in inventory management. In our robustness analysis, we document that our results generally hold for a longer sample.
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by private non-farm businesses and are valued at average prices of the period, which captures the132

replacement costs of inventories.4 Output is measured by GDP, and total hours as hours worked of133

all persons in the non-farm business sector. Investment is the sum of fixed investment and personal134

consumption expenditures for durable goods. Fixed investment is the component of gross private135

domestic investment that excludes changes in private inventories. Finally, consumption is defined136

as the sum of personal consumption expenditures for non-durable goods and services.137

The time series are seasonally adjusted and expressed in real per-capita terms using total pop-138

ulation, except for hours, which we do not deflate. In addition to the quantity aggregates, we also139

use a measure of inflation that we construct from the GDP deflator and a consumer confidence140

indicator that is based on the University of Michigan Consumer Sentiment Index.5 This set of141

variables is standard in the literature, apart from inventories. The consumer confidence measure142

provides forward-looking information that potentially captures expectations or sentiment.6143

Key to identifying the news shock in our baseline identification is a measure of observed tech-144

nology. We follow the convention in the empirical literature and use the measure of utilization-145

adjusted TFP provided and regularly updated by Fernald (2014).7 As a baseline, we identify TFP146

news shocks from the estimated VAR using the max-share method of Francis et al. (2014). This147

approach recovers the news shock by maximizing the variance of TFP at a specific long but finite148

horizon h, but does not move TFP on impact. The latter assumption implies that we impose a zero149

impact restriction on TFP conditional on the news shock. Following Francis et al. (2014) and the150

convention in the literature, we set the horizon h to 40 quarters. All variables enter in levels in line151

with the news shock VAR literature (e.g., Beaudry and Portier (2004); Barsky and Sims (2011)).152

We use Bayesian methods to estimate the VAR with three lags and a Minnesota prior. Confidence153

4In a robustness exercise, we also consider business inventories as an alternative measure for stock holdings. This
second measure differs in how the inventory stock is valued, namely by the cost at acquisition, which can be different
from the replacement cost. In NIPA data, inventory profits and losses that derive from differences between acquisition
and sales price are shown as adjustments to business income. Unfortunately, business inventories are available for
only part of our sample (from 1992Q1). Apart from robustness considerations, the use of business inventories is
appealing since this measure is available at a disaggregated level for different sectors and inventory types, which we
subsequently use to evaluate robustness of our findings.

5This indicator, labeled E5Y, summarizes responses to the following question: “Turning to economic conditions
in the country as a whole, do you expect that over the next five years we will have mostly good times, or periods of
widespread unemployment and depression, or what?” The indicator is constructed as a diffusion index, namely as the
percentage of respondents giving a favorable answer less the percentage giving an unfavorable answer plus 100.

6See, for instance, Barsky and Sims (2012). An alternative measure of forward-looking information is the S&P
500 stock price index. Our results are robust to including the S&P 500 instead of the Michigan consumer confidence
index which we document in the online appendix B.2.

7We use the 2018 vintage, which contains updated corrections on utilization from industry data.
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bands are computed by drawing from the posterior. Since the VAR setup and our baseline news154

shock identification is standard in the literature, we refer the reader to appendix A for further de-155

tails. We first report on the results from the baseline identification and then scrutinize our results156

against using alternative identification schemes proposed in the literature.157

2.2 The empirical response of inventories to a TFP news shock158

Figure 1 shows impulse response functions to a TFP news shock from the baseline identifica-159

tion. It is striking that all activity variables, including private non-farm inventories, increase prior160

to a significant rise in TFP. In response to news about higher future productivity, TFP does not161

move significantly for the first 12 quarters. This pattern extends considerably beyond what is im-162

posed by the zero impact restriction of no movements of TFP in the first period. The TFP response163

peaks toward the end of the horizon.164

In contrast, all quantity variables significantly rise on impact and follow a hump-shaped pat-165

tern. Moreover, the peak response occurs before TFP hits its highest point. Positive comovement166

between output, consumption, investment, and hours over this post-Great Moderation sample in167

response to news has been documented before, for instance by Görtz et al. (2021). We add to these168

previously established stylized facts the behavior of private non-farm inventories. In response to a169

news shock, they rise somewhat on impact and continue to do so in a hump-shaped pattern until170

reaching a peak at about 10 quarters. The change in the stock of inventories, inventory invest-171

ment, is negative afterwards, while its level never falls below the zero line, its starting point.8172

Importantly, the VAR results also reveal that the TFP news shock is a key driver for fluctuations in173

inventories and GDP as it explains between 47-65% and 47-71% of the respective forecast error174

variances over a horizon between 6-32 quarters.9175

We consider a variety of additional specifications to assess the robustness of our findings.176

First, we show in appendix B.5 that the results are robust to alternative specifications for the news177

identification horizon h and also hold in a very small-scale VAR or if other variables are included178

in the VAR system. We also consider longer sample periods for the specification with non-farm179

private inventories, that is, samples starting in 1948Q1 and 1960Q1. These results are reported in180

8We also report a short-lived decline in inflation and an anticipation of the future increase in TFP in the con-
sumer confidence indicator, both of which are consistent with previous findings. The significant increase in consumer
confidence validates our news shock identification and confirms existing literature (e.g. Barsky and Sims (2011)).

9The full set of results from the variance decomposition is reported in the online appendix B.1.
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appendix B.2. We find that the impulse response patterns identified in our baseline specification181

carry over to the two longer samples qualitatively and to a large extent also quantitatively.10
182

2.3 Robustness: alternative news shock identification183

While our baseline max-share identification is widely used in the literature, it crucially relies184

on the observed TFP series. The series we employ is arguably the best measure for TFP available,185

yet it is likely to suffer from a certain degree of measurement error. For this reason, we subject186

our empirical findings above to alternative identifications for news shocks recently suggested in187

the literature. The alternative identification approaches fall broadly into two categories. The first188

relies on Fernald’s TFP series as an observable, but attempts to mitigate any effects of potential189

mis-measurement. The second does not rely on TFP, but uses patents to broadly capture news190

about future technology.191

Kurmann and Sims (2019) argue that the TFP measure is likely to be confounded by business192

cycle fluctuations due to imperfect measurement of factor utilization. This is particularly prob-193

lematic in light of the zero-impact restriction imposed in the baseline identification scheme. For194

this reason, Kurmann and Sims (2019) suggest to recover news shocks by maximising the forecast195

error variance of TFP at a long finite horizon, as in our baseline identification, but without impos-196

ing a zero-impact restriction on TFP. They argue that allowing TFP to jump freely on impact in197

response to the news shock, produces robust inference to cyclical measurement error in the con-198

struction of TFP. Figure 2 shows the impulse responses under the Kurmann-Sims identification.199

Over our considered time horizon, these responses are qualitatively and quantitatively very simi-200

lar to the ones reported from our baseline. Importantly, both identification schemes suggest that201

inventories increase in anticipation of higher future TFP. Even without the impact restriction, TFP202

rises significantly only with a substantial delay.11
203

The second type of alternative identification schemes relies on patents and is independent of204

Fernald’s productivity measure. We follow Cascaldi-Garcia and Vukotic (2020), who argue that205

10A priori it is not obvious at which prices inventories should be measured. Appendix B.3 shows that our finding of
a procyclical inventory response to TFP news shocks is robust to a specification with business inventories. Business
inventories are measured at the cost at acquisition, which can be different from the replacement cost considered as a
measure for private non-farm inventories. The availability of disaggregated data for business inventories allows us to
verify the robustness of our results to inventories in different sectors (manufacturing, wholesale, retail) and of different
types (input, work in process, and final goods inventories).

11Appendix B.4 shows that our baseline results are robust also to other, closely related, identification schemes
proposed by Barsky and Sims (2011) and Forni et al. (2014).
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patents include information about future TFP movements since firms engage in activities to take206

advantage of expected technological improvements or are the originators of such productivity ad-207

vancements. The patent system is designed to reveal such news without the full set of improve-208

ments necessarily being in place. Following the methodology in Cascaldi-Garcia and Vukotic209

(2020) and Kogan et al. (2017) we construct a quarterly aggregate patent series from panel obser-210

vations on patents associated with stock market listed firms in the CRSP database.12
211

We then follow Cascaldi-Garcia and Vukotic (2020) in using this series to identify responses212

to patent-based news shocks in a Bayesian VAR based on a simple Cholesky identification with213

the patent series ordered first. Figure 3 shows impulse responses to this patent-based news shock.214

They are qualitatively consistent with the responses in the baseline specification.13 TFP rises215

significantly only with a delay, even though there is no zero-impact restriction applied. Consistent216

with the findings in Cascaldi-Garcia and Vukotic (2020), activity variables as well as consumer217

confidence rise. We add to their findings by documenting a rise in inventories, which is consistent218

with the evidence based on the other news shock identification schemes considered above. These219

results are interesting on their own as we construct a time series for value weighted patents up220

to 2018Q2, which extends the sample used in Cascaldi-Garcia and Vukotic (2020). Due to data221

limitations at the time they conducted their study, they only show responses for a time horizon up222

to 2010. We conclude that the consistency of all results in this section provides robust evidence223

for the rise in inventories in light of positive news about future technology.224

2.4 The empirical evidence and structural models225

We can summarize our findings at this point as follows. Evidence from an identified VAR226

shows that a news shock signalling higher future productivity leads to an increase and subsequent227

positive comovement of all aggregate variables we considered. The new fact that we document228

in our paper is that this pattern extends to the response of inventories and is broad-based across229

different news shock identification schemes. Why the behavior of inventories follows this pattern230

12Kogan et al. (2017) compute the economic value of a patent based on a firm’s stock-price reaction to observed
news about a patent grant, controlling for factors that could move stock prices but are unrelated to the economic value
of the patent. In particular, they aggregate value weighted patents by taking the sum of all patents issued in a particular
quarter, scaled by aggregate output.

13The two identification schemes result in very similar shock series. When we identify a news shock from a VAR
that corresponds to the one of Figure 3 either with our baseline max-share identification or with the one proposed by
Cascaldi-Garcia and Vukotic (2020), the correlation between the two shock series is 0.985.
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need not be obvious a priori. Conceivably, they could decline initially to satisfy higher demand231

instead of higher production. Moreover, higher TFP in the future reduces the cost of replenishing232

a drawn-down inventory stock. At the same time, firms may increase inventories to maintain a233

desired inventory-sales ratio, which counters this effect. It is along these margins that the success234

of a theoretical model to replicate the empirical findings rests.14
235

Jaimovich and Rebelo (2009) document the elements necessary in a theoretical model to fa-236

cilitate comovement of consumption and investment in response to news about future higher TFP.237

Specifically, they show that a strong increase in utilization and hours worked are key components.238

Positive news stimulates consumption through a wealth and income effect. The latter is driven by239

increased hours worked to raise production in order to satisfy that demand. Similarly, investment240

increases to support the higher capital stock to take advantage of higher future TFP. This reasoning241

is corroborated in our baseline VAR corresponding to Figure 1, where we add additional variables242

one at a time. Selective impulse responses to a TFP news shock are reported in Figure 4.15
243

Figure 4 shows that the inventory-to-sales ratio moves countercyclically in response to a news244

shock. This is a key observation that informs our thinking about a theoretical model. Counter-245

cyclicality of the inventory-to-sales ratio is a necessary condition for comovement of inventories246

with the other macroeconomic aggregates. The literature on inventories often does not only con-247

sider their level but also their change, which provides an indication about inventory investment.248

The figure shows a positive response of inventory investment which is broadly consistent with the249

response of the level of inventories documented in Figure 1. Figure 4 also documents a strong250

increase in capital utilization. The positive hump-shaped response of the real wage is consistent251

with the increase in hours documented in Figure 1. It is also indicative of a hump-shaped increase252

in knowledge capital. In addition to the real wage, we consider two more variables that have been253

14Görtz et al. (2019) construct aggregate measures of debt and equity cost of capital and implied cost-of-capital
measures from firm-level data. In response to a TFP news shock, all measures decline significantly prior to the
realization of higher TFP. We also study the response of various measures of marginal cost to a TFP news shock.
However, none of these measures shows a decline in marginal costs that would point to a strong incentive to run down
current inventories and build up stocks again once the higher productivity is realized. Overall, we find evidence against
a strong negative substitution effect, but support for a strong positive demand effect. This finding serves further to
motivate a demand-enhancing motive for holding more inventories in line with Bils and Kahn (2000).

15The inventory-to-sales ratio is the ratio of private non-farm inventories and final sales of domestic business as in
Lubik and Teo (2012). Utilization is provided by Fernald (2014) and consistent with our utilization-adjusted measure
for TFP. The real wage is compensation of employees, non-financial corporate business, in real per-capita terms. The
change in inventories is the change in private non-farm inventories. Issued patents are obtained from the US Patent and
Trademark Office. The series for intellectual property products is real per-capita nonresidential intellectual property
products available from the Bureau of Economic Analysis.
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considered to understand the response of knowledge capital. Intellectual property products pro-254

vide suggestive evidence for a possible channel of how news propagates and affects the production255

process. Figure 4 shows that intellectual property products rise in response to a news shock, com-256

mensurate with the behavior of other variables considered so far. The same holds for the number257

of issued patents. This suggests that a central component of a news-driven business cycle model258

that is consistent with the empirical evidence could be the accumulation of knowledge, residing259

with households as human capital or embodied in physical capital. In the next section we build a260

theoretical model along the lines suggested by these findings.261

3 Theoretical model262

We now develop a business cycle model to rationalize the findings of the empirical analysis.263

Our baseline framework is the flexible wage and price model of Schmitt-Grohe and Uribe (2012)264

augmented by inventories. Their model uses the particular specification of preferences, investment265

adjustment costs and costly capacity utilization of Jaimovich and Rebelo (2009), which has be-266

come the workhorse framework in the news shock literature. We model inventories as in Lubik267

and Teo (2012), based on the stock-elastic demand model of Bils and Kahn (2000), where finished268

goods inventories are sales-enhancing.269

3.1 Model description270

The model economy consists of a large number of identical infinitely-lived households, a com-271

petitive intermediate goods-producing firm, a continuum of monopolistically competitive distrib-272

utors, and a competitive final goods producer. The intermediate goods firm owns its capital stock273

and produces a homogeneous good that it sells to distributors. This good is then differentiated by274

the distributors into distributor-specific varieties that are sold to the final-goods firm. The varieties275

are aggregated into final output, which then becomes available for consumption or investment. We276

adopt this particular decentralization since it is convenient for modeling finished goods inventories277

by separating the production side of the economy into distinct production, distribution, and final278

goods aggregation phases. The model economy contains several stationary stochastic shock pro-279

cesses as well as non-stationary TFP and IST shocks. In addition to the TFP shocks, we include a280

suite of shocks that are standard in the literature to facilitate estimation that we detail in the online281
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appendix.282

3.1.1 Intermediate goods firm283

The competitive intermediate goods firm produces the homogeneous good Yt with technology:284

Yt = F(Nt , K̃t ;H,zt ,Ωt) = zt (ΩtNt)
αn K̃αk

t (ΩtH)1−αn−αk , (1)

where zt is a stationary exogenous stochastic productivity process, Ωt is a non-stationary exoge-285

nous stochastic productivity process, and H is a fixed factor that allows for decreasing-returns-to-286

scale to Nt and K̃t as in Jaimovich and Rebelo (2009) and Schmitt-Grohe and Uribe (2012).16 We287

assume that the growth rate of Ωt , gΩ
t = Ωt/Ωt−1, is stationary.288

In each period, the firm acquires labor Nt at wage wt from the labor market, and capital services289

K̃t at rental rate rt from the capital services market. It then sells its output Yt at real price τt to the290

distributors. The firm’s profit maximization problem results in standard demand functions for labor291

and capital services, respectively: wt = αnτt
Yt
Nt

and rt = αkτt
Yt
K̃t

. Additionally, we find it convenient292

to define the marginal cost of production for intermediate goods, mct =
wt

MPN t =
wt

αnYt/Nt
, where293

MPNt = FNt is the marginal product of labor. It then follows that the output price τt is equal to the294

marginal cost of production mct .295

3.1.2 Final goods firm296

The competitive final goods firm produces goods for sale St by combining distributor-specific297

varieties Sit , i ∈ [0,1], according to the technology298

St =

[∫ 1

0
ν

1
θ

it S
θ−1

θ

it di
] θ

θ−1

, with νit =

(
Ait

At

)ζ

, and θ > 1, ζ > 0.

where νit is a taste shifter that depends on the stock of goods available for sale Ait . The latter is299

composed of current production and the stock of goods held in inventory.17 We assume that νit300

is taken as given by the final goods producer and At is the economy-wide average stock of goods301

for sale, given by At =
∫ 1

0 Aitdi. The parameters θ and ζ capture, respectively, the elasticity of302

substitution between differentiated goods and the elasticity of demand with respect to the relative303

stock of goods.304

16These authors interpret the fixed factor H as land or organizational capital. A production function that is
homogeneous-of-degree-1 in its inputs of labor, capital services and the fixed factor H introduces decreasing returns
to scale to labor and capital services, thereby allowing for the possibility of a positive increase in the stock value of
the firm in response to TFP news.

17This structure follows Bils and Kahn (2000) and is standard in modeling demand for goods drawn from invento-
ries. It also supports a convenient decentralization of production.
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The firm acquires each variety i from the distributors at relative price pit = Pit/Pt , where Pt =305 [∫ 1
0 vitP1−θ

it di
] 1

1−θ is the aggregate price index. It sells the final good for use in consumption306

or as an input into the production of investment goods. The firm maximizes the profit function307

Πs
t = St−

∫ 1
0

Pit
Pt

Sitdi by choosing Sit , ∀i. This results in demand for Sit for the ith variety:308

Sit = νit p−θ

it St . (2)

An increase in νit shifts the demand for variety i outwards. This preference shift is influenced309

by the availability of goods for sale of variety i, which thereby provides an incentive for firms to310

maintain inventory to drive customer demand and avoid stockouts.311

3.1.3 Distributors312

We close the production side of the model by introducing inventories at the level of the distrib-313

utors. We follow Bils and Kahn (2000) in modeling inventories as a mechanism that helps generate314

sales, while at the same time implying a target inventory-sales ratio that captures the idea of stock-315

out avoidance. Distributors acquire the homogeneous good Yt from the intermediate goods firms316

at real price τt . They differentiate Yt into goods variety Yit at zero cost, with a transformation rate317

of one-to-one. Goods available for sale are the sum of the differentiated output and the previous318

period’s inventories subject to depreciation:319

Ait = (1−δx)Xit−1 +Yit , (3)

where the stock of inventories Xit are the goods remaining at the end of the period:320

Xit = Ait−Sit , (4)

and 0 < δx < 1 is the rate of depreciation of the inventory stock.321

The distributors have market power over the sales of their differentiated varieties. The ith322

distributor sets price pit for sales Sit of its variety subject to its demand curve (2). Each period, a323

distributor faces the problem of choosing pit , Sit , Yit , and Ait to maximize profits:324

Et

∞

∑
t=0

β
k λt+k

λt

[
Pit+k

Pt+k
Sit+k− τtYit+k

]
,

subject to the demand curve (2), the law of motion for goods available for sale (3), and the defini-325

tion of the inventory stock (4). Profit streams are evaluated at the household’s marginal utility of326

wealth λt . Substituting the demand curve for Sit , and letting µa
t and µx

t be the multipliers on the327
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two other constraints, we can then find a representative distributor’s first-order conditions:328

τt = µ
a
t , (5)

µ
x
t = (1−δx)βEt

λt+1

λt
µ

a
t+1, (6)

µ
a
t = ζ pit

Sit

Ait
+µ

x
t

(
1−ζ

Sit

Ait

)
, (7)

Pit

Pt
=

θ

θ −1
µ

x
t , (8)

which are, respectively, the optimal choices of Yit , Xit , Ait , and Pit . The optimality condition (5)329

implies that the cost of an additional unit of goods for sale, τt , is equal to the value of those goods330

for sale, namely µa
t . Since inventories at the beginning of a period are predetermined by the law331

of motion for Ait , a distributor can only further increase its stock of available goods for sale by332

acquiring additional output Yit .333

The optimality condition (6) relates the current value of an additional unit of inventory to the334

expected discounted value of the extra level of goods available for sale next period generated335

by holding inventory. Since any increase in sales results in a reduction in stock holdings, the336

opportunity cost of sales for the distributor is equal to the value of foregone inventory µx
t , which337

can be thought of as the marginal cost of a sale. The marginal cost of sales is thus equal to338

the expected discounted value of next period’s marginal cost of output, since increasing sales by339

drawing down stock in order to forgo production today means that the distributor will need to340

increase production eventually in the future.341

The optimality condition (7) connects the marginal value µa
t of a unit of goods available for342

sale to the value of the extra sales generated by the additional goods available plus the value of the343

additional inventory yield from the unsold portion of the additional goods. We can combine the344

marginal cost expressions (5)-(7) to derive:345

τt = ζ
Pit

Pt

Sit

Ait
+(1−δx)βEt

λt+1

λt
τt+1

(
1−ζ

Sit

Ait

)
. (9)

This equation implies that the distributor chooses Ait , such that the benefit of accumulating goods346

for sale, either via purchasing new production or stocking inventory, is equal to the marginal cost347

of output τt . We will refer to this equation as the distributor’s optimal stocking condition.348

Finally, the optimal pricing choice (8) sets the distributor’s relative price as a constant markup349

over the marginal cost of sales as in a standard flexible price model with imperfect competition,350

but without inventories. The presence of inventories however drives a wedge between the marginal351
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costs of output and of sales to the effect that there is no longer a constant markup between price352

and marginal costs of output, but one that varies with the value of foregone inventory µx
t .353

3.1.4 Further model elements and model solution354

The household and government side of the model economy are standard and follow Schmitt-355

Grohe and Uribe (2012). Further details and derivations are in appendix C.1.1. The non-stationary356

exogenous stochastic TFP process Ωt , with growth rate gΩ
t is given by:18

357

ln
(

gΩ
t

gΩ

)
= ρgΩ ln

(
gΩ

t−1

gΩ

)
+ugΩ

t , with ugΩ

t = ε
0
gΩt + ε

4
gΩt−4 + ε

8
gΩt−8 + ε

12
gΩt−12,

where ε0
gΩt is an unanticipated shock and ε

p
gΩt−p is a news shock that agents receive in period358

t about the innovation in time t + p. Model equilibrium, stationarization and solution method are359

standard and we discuss these in detail in appendix C.2.360

3.2 Understanding inventory dynamics361

We begin our model analysis by examining the response of inventories to TFP news in a362

calibrated version of the model introduced above. Our choice of parameter values is guided by363

the existing literature, where we maintain comparability with Jaimovich and Rebelo (2009) and364

Schmitt-Grohe and Uribe (2012) for the aspects of the news shock mechanism and Lubik and Teo365

(2012) for the inventory component. This calibration is detailed in Appendix C.3 as it is purely for366

illustrative purposes.19
367

Figure 5 reports the impulse responses of key model variables to news about a future per-368

manent increase in TFP that will be realized in 8 quarters as anticipated. With the exception of369

consumption, all macroeconomic variables decline in response to the news. Moreover, after the370

initial drop, inventory declines rapidly over time until the actual realization of the TFP shock.371

Consequently, the response of the major variables in the model is at odds with our VAR-based372

empirical evidence. This finding is corroborated analytically in the following subsections. In ad-373

dition, the figure also illustrates how incorporating inventories in an otherwise standard model can374

alter the dynamics of other model variables, despite a calibration close to that of Jaimovich and375

Rebelo (2009) designed to generate co-movement in consumption, investment and hours-worked376

18We discuss details of the other shock processes in the online appendix, where we estimate the model.
19In Appendix F we estimate a full version of the model including a suite of shocks and all structural mechanisms

that we examine in the main body of the paper.
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in response to news. Therefore, we now examine the key mechanisms of the model to understand377

the behavior and role of inventory holdings. We frame our discussion in terms of demand and sup-378

ply schedules in the model economy’s market for produced output Yt with market-clearing price379

τt , which in the baseline model, is also the marginal cost of production.20
380

Output Demand. We derive the demand schedule from the optimal stocking condition for the381

distributors:382

τt =
ζ

θ

St

At
+

θ −1
θ

=
ζ/θ

1+Xt/St
+

θ −1
θ

= τ (χt) , (10)

where χt =
Xt
St

, and τ ′(·) < 0, and the inventory accumulation equation, formed by combining (3)383

and (4):384

Xt = (1−δx)Xt−1 +Yt−St . (11)

Equation (10) is the key equation governing inventory dynamics in the model. It implies that385

the distributor targets a sales-to-stock ratio St
At

, or equivalently, an inventory-sales ratio, χt =
Xt
St

,386

for a given level of marginal cost of output τt . All else equal, the distributor increases inventory387

holdings with a rise in sales, what may be labelled the demand channel. Similarly, inventory388

holdings are reduced with a rise in current marginal costs, what may be labelled the cost channel.21
389

Equation (11) describes the law of motion of inventory accumulation and shows the two margins390

of adjustment: a given increase in sales St can be satisfied with either a decrease in inventory Xt , an391

increase in output Yt , or some combination (which may involve both an increase in Xt along with392

Yt). The optimality condition embedded in τ (χt) governs the trade-off between these two margins.393

We now define χ(τt) = τ−1 (χt), so that Xt
St
= χ(τt) expresses the optimal stocking condition394

that relates the inventory-sales ratio to a given level of marginal costs τt . Using this in the inventory395

accumulation equation (11) gives:396

Yt = (1+χ(τt))St− (1−δs)Xt−1, (12)

which is downward-sloping in (Yt , τt)-space. The optimal stocking condition combined with the397

20Our analysis is focused on the news phase, which is the range of time defined from t = 1 when the news shock
arrives, to the period t+ p−1, namely one period before TFP actually changes in period t+ p. During the news phase,
there are no changes in non-stationary TFP (and of course, no changes in any shock other than the considered TFP
news shock). Appendix C.4 includes a detailed analytical and descriptive exposition.

21The constant term θ−1
θ

represents the expected discounted value of future marginal costs since θ−1
θ

=

β (1−δx)Et
λt+1

λt
τt+1. Constant expected discounted future marginal costs is an artifact of flexible prices in the base-

line model. When adjusting inventory holdings, the distributor considers both marginal costs today relative to expected
discounted future marginal costs, which can also be described as an intertemporal substitution channel. Since the latter
is constant however, only variation in the former impacts inventory under flexible prices.
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inventory accumulation equation can thus be thought of as a demand curve for Yt . All else equal,398

higher marginal cost implies a lower inventory-sales ratio, and thus lower demand for Yt , as distrib-399

utors seek to run down inventory stock. Similarly, an increase in sales shifts the curve outward and400

raises the demand for Yt as the distributors seek to maintain their sales-inventory ratio by increasing401

their holdings.402

Output Supply. The supply schedule in the market for output is derived from the labor market403

equilibrium condition and the production technology. For ease of exposition, we abstract from the404

income effect in the utility function (γ j ≈ 0) and assume no habits in consumption (b = 0). This405

results in:406

τt = ψ
ξ

αn
Q
− ξ

αn
t Y

ξ

αn−1
t , (13)

where Qt = ztΩ
1−αk
t

(
K̃t
)αk , and ∂τt

∂Yt
> 0 for ξ > αn, so that the curve is upward-sloping for rea-407

sonably elastic labor supply.408

Response to TFP News. The supply and demand schedules for output Yt at marginal cost409

τt are depicted in Figure 6. Arrival of positive news about future TFP implies a wealth effect410

that drives up current demand for consumption. In our inventory framework, this also raises the411

demand for sales of distributors, which shifts their output demand curve (equation (12)) outward412

from D to D′ in Figure 6 as agents increase their demand for newly produced goods. The shift413

in demand puts upward pressure on τt , which would imply a lower inventory-sales ratio via the414

optimal stocking condition. We can see from equation (12) that for a given rise in sales the extent415

of the rise in marginal cost determines whether inventories rise or fall. If the rise in marginal costs416

is large, inventories must fall in order to reduce the inventory-to-sales ratio enough for equation417

(12) to still hold as it becomes more attractive for distributors to draw down stock in the present418

in order to avoid the high current production costs. On the other hand, if the rise in marginal costs419

is small, inventories can still rise along with increasing sales as long as the rise is proportionally420

less than sales such that the inventory-to-sales ratio still falls and (12) holds. In fact, as long421

as marginal costs increase, a countercyclical inventory-sales ratio, which is consistent with our422

empirical evidence in Section 2.4, is a necessary condition for positive comovement of inventories423

with other aggregate quantities.424

Inventory Comovement. We now build on the previous discussion to characterize conditions425
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under which inventory responds procyclically.22 We combine (10) and (11) to eliminate sales St :426 (
1+

1
χ(τt)

)
Xt = (1−δx)Xt−1 +Yt , (14)

such that the output demand equation reads:427

τt = Qd(Yt ;Xt ,Xt−1). (15)

Similarly, we use the capital market equilibrium conditions to eliminate capacity utilization from428

the supply schedule (where qk
t is the price of capital):429

τt = Qs(Yt ;qk
t ,Kt). (16)

We can then use equations (15) and (16) to characterize the dynamics of Xt relative to Yt for given430

values of qk
t and Kt . To gain additional insight, we focus on the linear approximation of the de-431

trended equivalents of these equations around the steady state. We are interested in the conditions432

under which inventory co-moves with output. As such, we wish to isolate the conditions under433

which x̂t > 0 for ŷt > 0, where “hats” denote percent deviations from the detrended stationary434

steady state. Linearizing (15) and (16) and imposing x̂t > 0 for ŷt > 0 yields the inventory comve-435

ment condition (see appendix C.4 for the detailed derivations):436


(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt−
θu

1+θu
εuk̂t +θuq̂k

t −
x
s

1
εx

(1−δx)

gy x̂t−1 < 0, (17)

where ŷt > 0, εx = |χ
′(τ)

χ(τ) τ| and θu =
ξ

αn

αk
1+εu

. This inequality describes the equilibrium response437

consistent with x̂t > 0 for ŷt > 0 in the market for output, conditional on the general equilibrium438

response of q̂k
k, K̂t and x̂t−1. As such, the sign of the expression on the left-hand is a function439

of both the sign of the coefficients, as well as the sign and magnitude of the particular general440

equilibrium response of ŷt , k̂t , q̂k
k, and x̂t−1.441

We provide a detailed discussion of the co-movement condition (17) in appendix C.4, where442

we derive analytic conditions for inventory co-movement to hold. We summarize these results as443

follows. In the initial period t = 1 when news arrives, k̂t = 0 and x̂t−1 = 0. Satisfying the equation444

(17) for ŷt > 0 thus depends only on the sign of the coefficient on ŷt and the sign and magnitude of445

q̂k
t . The coefficient on ŷt measures the relative slope of the output demand and supply schedules and446

22The following discussion is closely related to the theoretical results in Crouzet and Oh (2016). An important
difference is that we focus on non-stationary technology news shocks rather than on their stationary counterparts. The
former has received considerably more empirical support than the latter (see e.g. Schmitt-Grohe and Uribe (2012) and
Görtz and Tsoukalas (2018). We further consider the effect of variations in capital utilization in our analytical analysis
as it is a potentially important factor to facilitate expansions in stock holdings.
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is positive for all realistic values of the pertinent parameters. Initial inventory comovement then447

rests on the response of q̂k
t . As is well known in the literature, with the flow-form of investment448

adjustment costs used in the model, q̂k
t does respond negatively to news of a future rise in TFP.449

However, it is not enough to satisfy condition (17) on its own on impact. Consequently, inventories450

fall for all relevant parameter values.451

During the transition period t = 2 to t+ p−1, a rise in k̂t and x̂t−1 or a fall in qk
t can potentially452

shift the output supply curve enough to relax condition (17). Yet if x̂t−1 < 0 as it is here on impact,453

the x̂t−1 terms actually works in the wrong direction, making the condition more difficult to satisfy.454

Additionally, assuming an expansion where output growth is positive for several periods such that455

ŷt+1 > ŷt , the positive coefficient on ŷt in (17) means that any factors that shift the output supply456

curve have to shift it to overcome the increase in ŷt over time. While movements in k̂t and qk
t offer457

the potential to shift the output supply curve over time, our simulations suggest that these factors458

are not enough, and that their combined effect is overwhelmed by the rise in ŷt .459

We conclude that the baseline model is likely not consistent with inventory comovement.460

Specifically, the respective slopes of the output supply and demand curves do not on their own461

satisfy the inventory comovement condition during the news-period. However, our analysis points462

to the endogenous response of factors that shift either of these curves on impact and in subsequent463

periods. Investment adjustment costs is a possibility, yet our simulations suggest that variation in464

qk
t on its own is unable to satisfy the comovement condition.465

3.3 Uncovering the missing elements: a wedges approach466

We now re-examine the inventory dynamics of the baseline model to understand the potential467

missing elements that would otherwise allow inventory to respond procyclically. The analysis in468

the previous section points towards missing endogenous shifters in the output supply curve. We469

study this aspect by introducing wedges into the model in the spirit of Chari et al. (2007). Such470

wedges can be interpreted as endogenous equilibrium objects that represent deviations of some471

other candidate model in equilibrium from the baseline model.472

The intermediate goods firm produces output according to the production technology (23).473

Consider an alternative model, where the production technology is now given by474

Yt = φ
e
t F(Nt , K̃t ;H,zt ,Ωt) = φ

e
t zt (ΩtNt)

αn K̃αk
t (ΩtH)1−αn−αk ,
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where φ e
t is an efficiency wedge. The firm’s optimal labor demand in the baseline model is given475

by wt
Fnt

= τt , where Fnt = MPNt , while in the alternative model this same condition is:476

wt

φ e
t FNt

=
τt

φ ld
t
, (18)

where φ e
t FNt = MPNt , and where φ ld

t is a labor demand wedge. Consequently, time variation in477

φ ld
t serves as an additional source of shifts in labor demand relative to the baseline model.478

We note that the labor demand wedge φ ld
t affects the optimality condition but not the pro-479

duction technology directly, whereas the efficiency wedge φ e
t enters into both. φ ld

t can thus be480

interpreted as a type of markup, such that a decrease is associated with an increase in labor de-481

mand. On the other hand, an increase in the efficiency wedge φ e
t raises both labor demand and482

goods production. Given our earlier definition of marginal cost of production as mct = wt/MPNt ,483

we can alternatively write equation (18) as φ ld
t = τt

mct
, which highlights the interpretation of the484

labor demand wedge as a markup of the price of output over marginal cost of production.485

Turning to the households, the labor first-order condition in the baseline model is MRSt = wt .486

We introduce a labor supply wedge φ ls
t operating in an alternative model, which implies the labor487

supply condition:488

MRSt =
wt

φ ls
t
,

All else equal, time-variation in φ ls
t serves as an additional source of shifts in labor supply relative489

to the baseline model. As with the labor demand wedge, φ ld
t can be interpreted as a markup, such490

that a reduction in φ ld
t is associated with an increase in labor supply. Labor market equilibrium491

then results in the expression492

MRSt = ΦtτtFNt , (19)

where Φt =
φ e

t
φ l

t
is the overall labor wedge, and φ l

t = φ ls
t φ ld

t is the (combined) labor markup wedge.493

We can now incorporate the wedges into the demand and supply schedules for output. This494

implies the following modified output supply curve:495

τt = ψ
ξ

αn
Φ
−1
t Q

− ξ

αn
t Y

ξ

αn−1
t .

Since ∂τt
∂Φt

< 0, the output supply curve is shifted outwards by a reduction in the labor supply wedge496

φ ls
t , a reduction in the labor demand wedge φ ld

t , or an increase in the efficiency wedge φ e
t . This497

limits the rise in τt for any given increase in sales associated with news and thereby reduces the498

required decline in the inventory-sales ratio from the distributor’s optimal stocking equation (10).499
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Consequently, such changes in the respective wedges increase the possibility that inventories rise500

along with sales.501

Similarly, we can extend the linearized co-movement conditions x̂t > 0 for ŷt > 0 to incorporate502

the wedges. This yields:503 
(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt−
θu

1+θu
εuk̂t +θuq̂k

t −
x
s

1
εx

(1−δx)

gy xt−1−
1+ ξ

αn

1+θu
φ̂

e
t +

θu

1+θu
φ̂

l
t < 0.

(20)

where ŷt > 0.504

The wedges framework highlights the margins required to satisfy the comovement condition505

through either increases in the efficiency wedge φ̂ e
t or decreases in the labour supply and demand506

markup wedges through φ̂ l
t . While there are potentially many different models that could yield507

movement in these wedges, we can isolate two general characterizations of the required movement508

in the wedges relative to the baseline model. First, a wedge should respond on impact in order to509

prevent an initial drop in inventory. Second, the combined effect of the wedges should grow over510

time in order to match the positive growth in ŷt through the expansion and allow inventory to rise511

along with ŷt .512

3.4 Two potential candidates513

We consider two candidate models for generating movement in the labor wedges discussed514

above. The first model uses nominal rigidities; while the second model is based on a specific type515

of a real rigidity. We discuss each in turn, analyzing their impact on inventory dynamics relative516

to the baseline model.517

3.4.1 Nominal rigidities: Sticky wages and prices518

Our first candidate model uses sticky wages and prices to generate endogenous movement in519

the labor wedges. These are natural candidates to examine in our context since they operate by520

ultimately altering markups in the labor market. We introduce sticky prices as in Lubik and Teo521

(2012), whereby we assume that distributors face convex adjustments costs in setting prices. The522

sticky-wage component follows the decentralization of Schmitt-Grohe and Uribe (2012) and Smets523

and Wouters (2007). Finally, we close the model with a standard monetary policy nominal interest524

rate rule. Since these extensions to the baseline model are relatively standard, we discuss them525
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only briefly, leaving the details to appendix D.526

Labor Supply and Output Demand Wedges. The sticky-wage framework results in a time-527

varying markup µw
t between the wage wt paid by the intermediate goods firm and the wage wh

t528

paid to the household, such that:529

µ
w
t =

wt

wh
t
.

The dynamics of µw
t is captured by a wage Phillips curve. In the context of our wedges framework530

in the labor market, the presence of sticky wages corresponds to φ ls
t = µw

t , φ ld
t = 1 and φ e

t = 1.531

The sticky-price framework results in an additional wedge in the output demand side of the532

model. Unlike in the flexible price version, where the markup between the marginal cost of sales533

and price is constant, the distributor’s pricing condition under sticky prices implies that this markup534

is time-varying. This means that the value of forgone inventory, µx
t , which we previously in-535

terpreted as the marginal cost of sales, is no longer constant. As such, this introduces µx
t as a536

time-varying wedge into the firm’s optimal stocking equation:537

τt = ζ pit
Sit

Ait
+µ

x
t

(
1−ζ

Sit

Ait

)
. (21)

Solving for χt =
Xt
St

yields:538

χt = ζ
1−µx

t
τt−µx

t
−1 = χ(τt ,µ

x
t ),

where χτ(t) =
∂ χ(τt ,µ

x
t )

∂τt
< 0 and χµx(t) = ∂ χ(τt ,µ

x
t )

∂ µx
t

< 0. µx
t is equal to the expected discounted539

value of future marginal costs, µx
t = (1−δx)βEt

λt+1
λt

τt+1. The derivative χµx(t) represents an540

intertemporal substitution effect on the inventory decision: all else equal, if marginal costs are ex-541

pected to be lower in the future relative to the present, it is optimal to defer inventory accumulation542

and run down inventory levels today. Compared to the baseline model where we identified a de-543

mand channel and a cost channel to the inventory decision, we can now think about a current and544

expected future cost channel in addition to the demand channel as key transmission mechanisms.545

Introducing sticky prices adds an additional term to the comovement condition, which is now546

given by the following expression in the presence of wedges:547 
(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt−
θu

1+θu
εuk̂t +θuq̂k

t −
x
s

1
εx

(1−δx)

gy xt−1−
1+ ξ

αn

1+θu
φ̂

e
t +

θu

1+θu
φ̂

l
t −µ

x
µ̂

x
t < 0,

(22)

for ŷt > 0. If expected discounted future marginal costs are low relative to today (for instance,548

due to the effect of a future expected increase in TFP), distributors have an incentive to run down549
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inventories in the present. We note that this makes the comovement condition potentially more550

difficult to satisfy.23
551

Response to TFP News. Figure 7 reports the impulse responses of key model variables to552

news about a future permanent increase in TFP that will be realized in 8 quarters as anticipated.24
553

In contrast to the results discussed in section 3.2 for the baseline model, consumption, investment,554

hours, utilization and output now rise on impact and then grow in subsequent periods. Inventories555

increase slightly on impact, however, it falls thereafter as output booms and only rises over the556

following periods.557

From the perspective of our wedges analysis through the lens of our co-movement condition558

(22), sticky wages cause a drop in the labour supply wedge φ ls
t on impact. This shifts the output559

supply curve outward and contains the initial rise in output price τt , thereby allowing inventories560

to increase along with hours and output. In the following periods, however, the rise in Yt drives up561

marginal costs, making condition (22) more difficult to satisfy without further endogenous shifts562

in output demand or supply. In fact, the gradual adjustment of nominal wages over time means563

that wage markups rise back towards their steady-state levels. As a consequence, the effect of the564

labor supply wedge φ ls
t diminishes through the expansion.565

We therefore conclude that the sticky wage and price model only achieves one of the two566

requirements for wedges that we discussed earlier. While sticky wages produce a drop in the labor567

wedges on impact, there is no further sustained decline in either the labor or efficiency wedges568

over the ensuing periods to overcome the rise in marginal costs from the rise in output. Thus,569

inventories fall over time while the rest of the economy booms.570

3.4.2 Learning-by-doing model571

Our second candidate model uses real rigidities to generate endogenous movement in the labor572

wedges. Specifically, we allow for time-variation in the production input H of the baseline model.573

One interpretation of this input is as a type of intangible capital that we refer to as knowledge574

capital. Following Chang et al. (2002) and Cooper and Johri (2002), we assume that this input575

evolves as an internalized learning-by-doing process to capture the idea that agents acquire new576

23We emphasize that the additional µ̂x
t term in (22) is due to sticky prices, not sticky wages. In a version of the model

with sticky wages but flexible prices, the distributor’s pricing condition implies that the markup between marginal cost
of sales and price is constant, as in the baseline model and thus the additional µ̂x

t term would drop out of (22).
24We detail the values of the additional parameters unique to the sticky wage and price model in the Appendix D.3.
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technological knowledge through their experiences in engaging labor in the production process.25
577

Introducing Knowledge Capital in the Baseline Model. We assume that the acquired tech-578

nological knowledge resides with the firm. This has the distinct advantage that relative to the579

baseline model the modification only impacts the specification of the intermediate goods firm.580

The respective firm now produces the homogeneous good Yt using the technology:581

Yt = zt (ΩtNt)
αn K̃αk

t (ΩtHt)
1−αn−αk , (23)

where the stock of time-varying knowledge capital Ht evolves according to:582

Ht+1 = (1−δh)Ht +Hγh
t N1−γh

t , where 0≤ δh ≤ 1, 0≤ γh < 1, νh > 0. (24)

The knowledge capital accumulation (24) nests a log-linear specification for δh = 1 common in the583

literature such as in Chang et al. (2002), Cooper and Johri (2002) and d’Alessandro et al. (2019),584

but also allows for a more general linear formulation for 0 < δh < 1.26
585

The intermediate goods firm’s optimization problem now involves choosing Nt , K̃t and Ht+1 to586

maximize E0 ∑
∞
t=0

β tλt
λ0

Π
y
t subject to the production function and knowledge capital accumulation587

equation, where ΠY
t = τtYt −wtNt − rtK̃t . Relative to the baseline model, the first-order condition588

with respect to Nt is modified and the first-order condition with respect to Ht+1 is new. Defining589

qh
t as the Lagrange multiplier on (24), these are given by, respectively:590

wt = τtα
Yt

Nt
+qh

t (1− γh)
Hγh

t N1−γh
t

Nt
, (25)

591

qh
t = βEt

λt

λt+1

{
(1−αn−αh)τt+1

Yt+1

Ht+1
+qh

t+1

(
1−δh + γh

Hγh
t+1N1−γh

t+1

Ht

)}
. (26)

The presence of internalized knowledge capital in the firm’s technology adds an additional term592

into the firm’s hours-worked first order condition (25) that shifts labor demand. A rise in the593

value of knowledge capital, qh
t , increases labor demand as the firm attempts to increase Ht . Then594

25The idea of learning-by-doing, and in particular skill-accumulation through work experience, has a long history
in labor economics, where empirical researchers have found a significant effect of past work effort on current wage
earnings. Learning-by-doing also plays a key role in growth, e.g., Arrow (1962). The general aspect of learning-
by-doing as a supply-side mechanism that enhances the dynamics of business cycle models is, of course, not new.
Both Chang et al. (2002) and Cooper and Johri (2002) study the propagation properties of learning-by-doing in the
context of business cycle models. Since then various researchers have exploited these properties to help business cycle
models better fit various features of the data. This includes Gunn and Johri (2011), who show how learning-by-doing
can yield comovement of consumption, investment, hours worked, and stock prices in response to TFP news. More
recently, d’Alessandro et al. (2019) extend a standard New Keynesian model with learning-by-doing to account for
the response of various macroeconomic aggregates to a government spending shock.

26In specification (24), knowledge capital is stationary on the balanced growth path due to the stationarity of hours
worked. This implies that the long-run growth path of output is determined by exogenous technological factors only.
This form of knowledge capital can be thought of as an index that conditions on the effect of hours in production over
the business cycle as the firm responds to fluctuations in the exogenous stochastic drivers of growth.
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(26) describes qh
t as a function of the expected discounted value of the marginal product of that595

knowledge capital in production next period and the continuation value of that knowledge capital.596

Knowledge Capital and Labor Wedges. We can write equation (25) as:597

τt

wt/(αn
Yt
Nt
)
=

τt

mct
= 1−qh

t (1− γh)

(
Hγh

t N1−γh
t

wtNt

)
.

Given our definition of the labor demand wedge φ ld
t = τt

mct
it then follows that this wedge in the598

learning-by-doing model is given by:599

φ
ld
t = 1−qh

t (1− γh)

(
Hγh

t N1−γh
t

wtNt

)
. (27)

The presence of knowledge capital drives a wedge between the output price τt (marginal cost600

of output) and the marginal cost of production mct that acts like a markup. When the value of601

knowledge qh
t is high, the firm increases hours-worked in order to increase knowledge, thereby602

decreasing the markup. Similarly, we can derive a modified efficiency wedge:603

φ
e
t =

Yt

zt (ΩtNt)
αn K̃αk

t (ΩtH)1−αn−αk
=

(
Ht

H

)1−αn−αk

. (28)

By virtue of Ht being predetermined in production, the efficiency wedge does not move on impact.604

Rather, it grows over time as the firm accumulates knowledge, shifting the firm’s marginal product605

of labor.606

Overall, the learning-by-doing specification results in two wedges: a labor demand wedge φ ld
t607

which moves on impact with the arrival of TFP news as the firm seeks to ramp-up production and608

reduce its markup; and an efficiency wedge φ e
t , which reflects the gradual increase of knowledge609

in the production function, putting downward pressure on the marginal cost of production.610

Response to TFP News. Figure 8 reports the impulse responses of the learning-by-doing spec-611

ification to the same 8-quarter ahead TFP news shock as considered before.27 Notably, inventories612

now rise on impact and then increase in the ensuing periods along with the other major macroeco-613

nomic variables.28 We can again understand this response through the perspective of our wedges614

27We detail the values of the additional parameters unique to the knowledge capital model in the Appendix E.4.
We estimate the full version of the model featuring both knowledge capital and sticky wages and prices in Appendix
F, where we also compare the sticky wage and price model with knowledge capital to a version without knowledge
capital. The knowledge capital version scores considerably higher on account of the (log) marginal data density.

28Figure 8 shows a relative scale between output and exogenous TFP compared to the VAR-based responses in sec-
tion 2.2. Note however that the TFP shown in Figure 8 is not the model counterpart to that in the VAR-based response
which is based on Fernald’s growth accounting methodology which does not account for intangible capital. Rather,

applying Fernald’s growth accounting methodology to the model corresponds to equation (23) ztΩ
1−αk
t

(
Ht
K̃t

)1−αn−αk
,

which we call measured TFP. The scale of the model-based response of measured TFP is in line with the empirical
responses in section 2.2.
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analysis and the co-movement condition (20) for flexible wages and prices.615

The value of an incremental unit of knowledge, qh
t , depends on the additional future profits616

that it returns for the firm (see the firm’s ht+1 first-order condition, (26)). When news of higher617

future TFP arrives, the firm anticipates that output and profits will be higher in the future relative618

to today. This increases the marginal product of knowledge capital in the future in a manner that619

is complementary to the effect of higher TFP and physical capital. The rise in qh
t shifts the firm’s620

labor demand outwards as it seeks to increase its knowledge capital by using additional labor (see621

the firm’s first-order condition (25)). In effect, the rise in the value of knowledge capital causes622

the firm to increase hours and to lower the markup between the output price τt and the marginal623

cost of production, mct , which reduces the labor demand wedge φ ld
t . This shifts the output supply624

curve outward on impact, which limit the rise in τt and allows inventories to increase along with625

hours and output.29
626

As the firm accumulates additional knowledge capital in subsequent periods, the efficiency627

wedge gradually rises. This offsets the rise in marginal costs over time on account of growing out-628

put demand that shifts the output supply curve increasingly outwards. Consequently, the increase629

in τt over time is limited, which in turn allows inventories to rise along with the other macroeco-630

nomic variables. This efficiency wedge effect thereby allows the co-movement condition (20) to631

be satisfied in the following periods after impact with increasingly higher levels of output.632

Overall, the baseline model with knowledge capital achieves both requirements for wedges that633

are needed to facilitate the rise in inventories: the fast-moving labor demand wedge φ ld
t that falls634

on impact of the news shock, and the sustained rise in the efficiency wedge φ ld
t over the following635

periods, which is needed to overcome the rise in marginal costs from sustained growth in output636

demand.30
637

29The expansion in knowledge capital, which is a key component for the described model dynamics, is consistent
with the empirical evidence on the response of proxies for knowledge capital discussed in section 2.4.

30It is well known that theoretical models struggle to replicate the empirically observed short-lived decline in
inflation documented in section 2.2 (see e.g. Kurmann and Otrok (2017)). While many standard frameworks almost
necessitate inflation to rise to generate an expansion in response to a positive news shock, the presence of knowledge
capital and its dampening effect on the rise in marginal costs allows for an expansion in our model that comes with an
extremely mild increase in inflation. This flat path for inflation is consistent with the VAR-based inflation response,
with the exception that the empirical inflation response shows a short lived decline at the time the news about higher
future technology arrives.
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4 Conclusion638

Our paper makes two contributions to the literatures on news shocks and inventory dynamics.639

First, based on standard VAR identification, we establish robust empirical evidence that an antici-640

pated future rise in TFP raises inventory holdings in the present and induces positive comovement641

with other macroeconomic aggregates. Our evidence corroborates the view that TFP news shocks642

are important drivers of macroeconomic fluctuations. Moreover, it provides an additional dimen-643

sion along which standard inventory frameworks can be evaluated as to their empirical viability.644

This is where our second contribution lies.645

We show that the standard theoretical model used in the news shock literature, augmented with646

a standard inventory framework, cannot explain procyclical inventory movements in response to647

TFP news shocks. We discuss conditions that allow for a procyclical inventory response and648

employ a general wedges approach to show analytically on which margin and in which direction649

the wedges have to operate. This analysis suggest two potential frameworks, nominal rigidities in650

form of sticky wages and prices and a real rigidity in form of an additional factor of production,651

namely knowledge accumulated via learning-by-doing in production. We show that knowledge652

capital is the more likely candidate needed to capture the behavior of inventories.653
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Tables and Figures726

Figure 1: IRF to TFP news shock – including Private Non-Farm Inventories. Sample 1983Q1-
2018Q2. The solid line is the median and the dashed lines are the 16% and 84% posterior bands
generated from the posterior distribution of VAR parameters. The units of the vertical axes are
percentage deviations.

30



Figure 2: IRF to TFP news shock. Kurmann-Sims identification. Sample 1983Q1-2018Q2.
The black solid line is the median response. The shaded dashed lines are the corresponding 16%
and 84% posterior bands generated from the posterior distribution of VAR parameters. The units
of the vertical axes are percentage deviations.

Figure 3: IRF to patent based innovation shock. The solid line is the median and the dashed lines
are the 16% and 84% posterior bands generated from the posterior distribution of VAR parameters.
The units of the vertical axes are percentage deviations.
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from the posterior distribution of VAR parameters. The units of the vertical axes are percentage
deviations.

0 10 20 30 40
-2

0

2

4

6

8
Output

0 10 20 30 40

-4

-2

0

2

4

6

Inventory

0 10 20 30 40

0

5

10
Investment

0 10 20 30 40
0

2

4

6

8
Consumption

0 10 20 30 40
-2

0

2

4

6

8
Hours

0 10 20 30 40
-2

0

2

4

6
Capacity utilization

Figure 5: IRF to 8-period out non-stationary TFP news shock: baseline model
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Figure 6: Supply and Demand curves for Output, Yt , and marginal cost, τt .
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Figure 7: IRF to 8-period out non-stationary TFP news shock: Sticky wage and price model
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Online Appendix (not for publication)727

A Details on the VAR model728

This appendix provides details on the VAR model, the baseline news shock identification and729

prior specifications.730

A.1 VAR-Based Identification of News Shocks731

We consider the following vector autoregression (VAR), which describes the joint evolution of732

an n×1 vector of variables yt :733

yt = A(L)ut . (29)

A(L) = I +A1L+ ...+ApLp is a lag polynomial of order p over conformable coefficient matrices734 {
Ap
}p

i=1. ut is an error term with n×n covariance matrix Σ. We assume a linear mapping between735

the reduced form errors ut and the structural errors εt :736

ut = B0εt , (30)

where B0 is an identification matrix. We can then write the structural moving average representa-737

tion of the VAR:738

yt =C(L)εt , (31)

where C(L) = A(L)B0, εt = B−1
0 ut , and the matrix B0 satisfies B0B′0 = Σ. B0 can also be written as739

B0 = B̃0D, where B̃0 is any arbitrary orthogonalization of Σ and D is an orthonormal matrix such740

that DD′ = I.741

Identification of news shocks in a structural VAR is based on the idea that information about742

future movements of a variable such as TFP, namely news, generally affects outcomes even before743

the shock is realized. At longer time horizons, however, it is likely that the dominant sources of744

movements in TFP are its own anticipated and unanticipated components. This idea can be utilized745

explicitly as an identifying assumption for news shocks. At the same time, a second assumption746

is needed to separate unanticipated shocks from news shocks to TFP. Consistent with Barsky and747

Sims (2011) and Forni et al. (2014), we impose a zero-impact restriction on TFP to recover the748

anticipated component based on the assumption that news does not affect TFP contemporaneously.749

Mechanically, we identify the news shock by finding a rotation of the identification matrix B̃0,750

which maximizes the forecast error variance of the TFP series at some finite horizon. In this, we751

1



follow the Max Share approach of Francis et al. (2014). Specifically, the h-step ahead forecast752

error is given by:753

yt+h−Et−1yt+h =
h

∑
τ=0

Aτ B̃0Dεt+h−τ . (32)

The share of the forecast error variance of variable i attributable to shock j at horizon h is then:754

Vi, j (h) =
e′i
(

∑
h
τ=0 Aτ B̃0De je′jD

′B̃′0A′τ
)

ei

e′i
(
∑

h
τ=0 AτΣA′τ

)
ei

=
∑

h
τ=0 Ai,τ B̃0γγ ′B̃′0A′i,τ

∑
h
τ=0 Ai,τΣA′i,τ

, (33)

where ei denotes a selection vector with one in the i-th position and zeros everywhere else. The e j755

vector picks out the j-th column of D, denoted by γ . B̃0γ is therefore an n×1 vector corresponding756

to the j-th column of a possible orthogonalization and can be interpreted as an impulse response757

vector.758

At a long enough horizon h, variations in TFP are plausibly accounted for by anticipated or759

unanticipated shocks to this variable. We thus write as an identifying assumption that:760

V1,1(h)+V1,2(h) = 1, (34)

where we assume that TFP is ordered first in the VAR system and that the unanticipated and the761

anticipated (news) shocks are indexed by 1 and 2, respectively. We recover the unanticipated shock762

as the innovation to observed TFP. It is therefore independent of the identification of the other n−1763

structural shocks. The share of total TFP variance that can be attributed to this shock at horizon h764

is thus V1,1(h), while the remainder is due to news shocks.765

The Max Share approach chooses the elements of B̃0 to make this restriction on forecast error766

variance share hold as closely as possible. This is equivalent to choosing the impact matrix so that767

contributions to V1,2(h) are maximized. Consequently, we choose the second column of the impact768

matrix to solve the following optimization problem:31
769

argmax
γ

V1,2(h) =
∑

h
τ=0 Ai,τ B̃0γγ ′B̃′0A′i,τ

∑
h
τ=0 Ai,τΣA′i,τ

, (35)

s.t. γγ
′ = 1, γ (1,1) = 0, B̃0 (1, j) = 0, ∀ j > 1.

We restrict γ to have unit length to be a column vector of an orthonormal matrix. The second770

and third constraints impose that a TFP news shock cannot affect TFP contemporaneously. We771

therefore identify a TFP news shock from the estimated VAR as the shock that: (i) does not move772

TFP on impact; and (ii) maximizes the share of variance explained in TFP at a long but finite773

31The optimization problem is written in terms of choosing γ conditional on any arbitrary orthogonalization B̃0 to
guarantee that the resulting identification belongs to the space of possible orthogonalizations of the reduced form.
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horizon h.774

A.2 Specification for the Minnesota Prior in the VAR775

We estimate the VAR using a Bayesian approach. The prior for the VAR coefficients A a

standard Minnesota prior as commonly used in the literature. It is of the form

vec(A)∼ N
(

β ,V
)
,

where β is one for variables which are in log-levels, and zero for hours, the E5Y and inflation.

The prior variance V is diagonal with elements,

V i, j j =


a1
p2 for coefficients on own lags
a2σii
p2σ j j

for coefficients on lags of variable j 6= i

a3σii for intercepts

where p denotes the number of lags. Here σii is the residual variance from the unrestricted p-lag776

univariate autoregression for variable i. The degree of shrinkage depends on the hyperparame-777

ters a1,a2,a3. We set a3 = 1 and we choose a1,a2 by searching on a grid and selecting the prior778

that maximizes the in-sample fit of the VAR, as measured by the Bayesian Information Criterion.32
779

780

B Additional Empirical Evidence781

B.1 Forecast Error Variance Decomposition782

Figure 9 displays the variance shares explained by the TFP news shock.783

B.2 Longer Sample Periods784

Changes in the behavior of inventories that coincide with the onset of the Great Moderation785

have been widely documented in the literature (e.g. McCarthy and Zakrajsek (2007)). This aspect786

motivates our focus on the Great Moderation sample in addition to data availability issues high-787

lighted in the main body. However, it is interesting to evaluate whether the rise of inventories in an-788

ticipation of higher future TFP is present also when considering longer samples. Figure 10 shows789

this is indeed the case for the 1960Q1-2018Q2 sample. The figure reports strong comovement of790

32The grid of values we use is: a1 = (1e-4:1e-4:9e-4, 0.001:0.001:0.009, 0.01:0.01:0.1, 0.1:0.1:1), a2 =
(0.01,0.05,0.1,0.5,1,5). We consider all possible pairs of a1 and a2 in the above grids.
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Figure 9: Forecast error variance decomposition (FEVD) of variables to the TFP news shock.
Sample 1983Q1-2018Q2. Baseline identification. The solid line is the median and the dashed lines
are the 16% and 84% posterior bands generated from the posterior distribution of VAR parameters.

all macroeconomic aggregates, including inventories, several quarters before TFP increases signif-791

icantly. The sample is restricted by the availability of the E5Y. If we use the S&P500 instead we792

can consider a 1948Q1-2018Q2 sample. Figure 11 shows that IRFs based on this sample are qual-793

itatively and largely also quantitatively very similar to the results based on our 1983Q1-2018Q2794

baseline sample and the 1960Q1-2018Q2 sample. Overall, the fact that inventories rise in response795

to a TFP news shock is very robust if our baseline sample is extended.796

B.3 The Response of Inventories across Sectors and Types of Inventories797

This section provides additional evidence on the robustness of the procyclical response of798

inventories established in section 2.2 of the main text.799

Figure 12 reports the impulse response functions of the specification with business inventories.800

By necessity, this sample is shorter as the inventory series and its subcomponents are only available801

since 1992Q1. We consider this alternative specification important as it is not a priori obvious802

at which prices inventories should be measured. The figure shows that the rise in inventories803

prior to TFP is robust when we use the business inventory series. All variables exhibit qualitative804

responses that are very similar to the baseline, although the shorter sample results in somewhat805
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Figure 10: IRF to TFP news shock. Sample 1960Q1-2018Q2. The solid line is the median and
the dashed lines are the 16% and 84% posterior bands generated from the posterior distribution of
VAR parameters. The units of the vertical axes are percentage deviations.

Figure 11: IRF to TFP news shock. Sample 1948Q1-2018Q2. The solid line is the median and
the dashed lines are the 16% and 84% posterior bands generated from the posterior distribution of
VAR parameters. The units of the vertical axes are percentage deviations.
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wider confidence bands. Overall, this specification confirms the comovement of macroeconomic806

aggregates, including inventories, in response to an anticipated TFP shock and prior to the rise in807

TFP itself.808

In the next step, we study the effects of news shocks on inventories in the manufacturing,809

wholesale, and retail sectors, which comprise the overwhelming majority of inventory stocks.810

Figure 13 shows the responses of business inventories in each of these sectors to the aggregate811

TFP news shock. The VAR is estimated by including the sectoral inventories one by one instead of812

the aggregate inventory measure. The sectoral impulse responses exhibit almost identical hump-813

shaped patterns: a rise on impact towards a peak response around 10 quarters before declining814

gradually over the forecast horizon. These results support the finding from the aggregate baseline815

specification in that the expansion of the inventory stock and other variables is broad-based across816

sectors.817

We also dig deeper into the composition of inventory holdings. The two trade sectors, whole-818

sale and retail, hold almost entirely finished goods inventories, while the inventory stock in the819

manufacturing sector is split across finished goods inventories (36%), work in process (30%) and820

input inventories in the form of materials and supplies (34%) over the restricted 1992:Q2 - 2018:Q2821

sample period for business inventories and their components. Figure 14 shows the responses of in-822

ventory types in the manufacturing sector when included one by one in the VAR.33 Finished goods823

and input inventories in the manufacturing sector rise strongly before the realization of anticipated824

higher productivity as in the baseline specification and all other variations considered above.825

Overall, we find the results documented in section 2.2 on the procyclicality of the inventory826

response, conditional on a TFP news shock, are very robust across the considered dimensions.827

B.4 Evidence from Alternative Identification Schemes828

The results in the main body of the paper are generated using the Max-share method proposed829

by Francis et al. (2014). This method is widely used in the literature and identifies a news shock830

as the shock that (i) does not move TFP on impact and (ii) maximizes the variance of TFP at the831

40 quarter horizon. In addition, Section 2.3 provides robustness for our results using the method832

proposed by Kurmann and Sims (2019) that abstracts from the zero-impact restriction, and a patent833

33The responses of the other variables in the VAR are very similar to the ones reported in Figure 12 and are available
upon request.
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Figure 12: IRF to TFP news shock – including Business Inventories. Max Share identification.
Sample 1992:Q1-2018:Q2. The solid line is the median and the dashed lines are the 16% and 84%
posterior bands generated from the posterior distribution of VAR parameters. The units of the
vertical axes are percentage deviations.

Figure 13: IRF of business inventories by sector to TFP news shock. Max Share identifica-
tion. Sample 1992:Q1-2018:Q2. Subplots result from eight variable VARs comprising TFP, GDP,
consumption, investment, hours, inventory measure, inflation, E5Y. The inventory measures were
included one-by-one in the VAR system. The solid line is the median and the dashed lines are the
16% and 84% posterior bands generated from the posterior distribution of VAR parameters. The
units of the vertical axes are percentage deviations.
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Figure 14: IRF of business inventories in the manufacturing sector by inventory type to TFP
news shock. Max Share identification. Sample 1992:Q1-2018:Q2. Subplots result from eight
variable VARs comprising TFP, GDP, consumption, investment, hours, inventory measure, infla-
tion, E5Y. The inventory measures were included one-by-one in the VAR system. The solid line is
the median and the dashed lines are the 16% and 84% posterior bands generated from the posterior
distribution of VAR parameters. The units of the vertical axes are percentage deviations.

based identification proposed by Cascaldi-Garcia and Vukotic (2020).834

This section shows robustness of findings using two alternative approaches. First, the identifi-835

cation scheme suggested in Barsky and Sims (2011) that recovers the news shock by maximizing836

the variance of TFP over horizons from zero to 40 quarters, and the restriction that the news shock837

does not move TFP on impact; second, the Forni et al. (2014) long-run identification scheme,838

which is similar in spirit to the Max Share method. This method identifies the news shock by839

imposing the zero impact restriction on TFP and seeks to maximise the impact of the news shock840

on TFP in the long run. Both are closely related to the baseline and Kurmann and Sims (2019)841

identification in the sense that they also rely on the TFP measure to identify the news shock. Fig-842

ure 15 provides a comparison between the median responses based on the Max share method and843

the methods proposed by Barsky and Sims (2011) and Forni et al. (2014). The median responses844

of the Max Share methodology and the Forni et al. (2014) methodology are virtually indistin-845

guishable and also the median based on the Barsky and Sims (2011) methodology is very similar.846

Importantly, all macroeconomic aggregates, including inventories, rise in response to a TFP news847

shock.848

B.5 Further Robustness Results from the Baseline Identification849

Figure 16 shows the response of inventories from an eight-variable VAR that corresponds to850

Figure 1. When we vary the news identification horizon h, it is evident that the positive response851

of inventories obtained using h = 40 in the main body is robust for h = 20, h = 30, h = 50, h = 60852

and h = 80. For different specifications of h, responses of all other variables are also very similar853
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Figure 15: IRF to TFP news shock. Sample 1983Q1-2018Q2. The black solid line is the median
response identified using the Max-share method. The shaded gray areas are the corresponding
16% and 84% posterior bands generated from the posterior distribution of VAR parameters. The
blue line with crosses (red line with circles) is the median response identified using the Barsky
and Sims (2011) (Forni et al. (2014)) methodology. The units of the vertical axes are percentage
deviations.

to the ones reported in Figure 1 and are available upon request.854

Figure 17 shows that our result on the procyclicality of inventories to a TFP news shock is also855

robust when considering a very small-scale VAR.856

Figure 18 shows IRFs from a VAR that corresponds to Figure 1, but where we replace GDP857

with sales. Overall, the results are very similar to those in Figure 1. Sales rises in response to the858

news shock and increase upon impact more than inventories.859
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Figure 16: Response of inventories to TFP news shock. Baseline identification. The figure
shows the response of private non-farm inventories in the eight-variable VAR in (main body) Fig-
ure 1 for different maximisation horizons h using the baseline Max Share identification. The solid
line is the median and the dashed lines are the 16% and 84% posterior bands generated from the
posterior distribution of VAR parameters. The units of the vertical axes are percentage deviations

Figure 17: IRF to TFP news shock. Baseline identification. The shock is identified using the
Max Share approach in a three-variable VAR. The solid line is the median and the dashed lines are
the 16% and 84% posterior bands generated from the posterior distribution of VAR parameters.
The units of the vertical axes are percentage deviations

Figure 18: IRF to TFP news shock. The shock is identified using the Max Share approach.
The solid line is the median and the dashed lines are the 16% and 84% posterior bands generated
from the posterior distribution of VAR parameters. The units of the vertical axes are percentage
deviations
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C Additional Model Details: Baseline Model860

This appendix section details elements of the Baseline Model not shown in the main text.861

C.1 Model Description: Baseline Model862

C.1.1 Households and Government863

The representative household’s lifetime utility is defined over sequences of consumption Ct864

and hours worked Nt and is given by865

E0

∞

∑
t=0

β
t
Γt

(
V 1−σ

t −1
)

1−σ
, (36)

where 0 < β < 1, σ > 0, and where Γt is a stationary stochastic preference shock process. The866

argument Vt is given by867

Vt =Ct−bCt−1−ψNξ

t Jt , (37)

where868

Jt = (Ct−bCt−1)
γ j J1−γ j

t−1 (38)

is a preference component that makes consumption and labor non-time-separable and is consistent869

with the balanced-growth path in a growing economy. This preference structure, which follows870

Schmitt-Grohe and Uribe (2012) and is based on Jaimovich and Rebelo (2009), nests the no-871

income effect structure of Greenwood et al. (1988) in the limit as the parameter 0 < γ f ≤ 1 tends872

toward zero. The parameter 0 ≤ b < 1 allows for habits in consumption; and ξ > 1 is related to873

the Frisch elasticity of labour supply (and is equal to it when γ j = b = 0).874

The household owns the stock of physical capital Kt . Each period, it rents capital services875

K̃t = utKt to the intermediate goods producers at a rental rate rt , where ut is the utilization rate of876

the capital. The capital stock evolves according to877

Kt+1 = [1−δ (ut)]Kt +mtIt [1−S (It/It−1)] , (39)

where δ (·) is a depreciation function that satisfies δ ′ (·) > 0, δ ′′ (·) > 0 and δ (1) = δk, with878

0 < δk < 1. mt is a stationary exogenous stochastic process and captures the marginal efficiency879

of investment. S (·) is an investment adjustment cost function as in Christiano et al. (2005) with880

S
(
gI)= S′

(
gI)= 0, and S′′

(
gI)= s′′ > 0, where gI is the steady state growth rate of investment.881

The household’s budget constraint is given by:882

Ct +ϒtIt +Tt = wtNt + rtutKt +Πt , (40)

11



where ϒt is a non-stationary exogenous stochastic investment-specific productivity process, Tt883

denotes lump-sum taxes, wt is the real wage and Πt captures collective profits flowing from firms.884

We assume that the growth rate of ϒt , namely gϒ
t = ϒt/ϒt−1, is stationary. Revenues from taxation885

go directly to government spending Gt , where we assume that the budget is always balanced such886

that Gt = Tt . Furthermore, government spending follows the process Gt =
(

1− 1
εt

)
Yt , where εt is887

a stationary stochastic government spending shock.888

The household chooses sequences of Ct , It , Nt , ut and Kt+1 to maximize intertemporal utility889

subject to the constraints above, resulting in standard first-order conditions.890

C.1.2 Stochastic Exogenous Processes891

The model includes six exogenous stochastic processes: a shock to the level of stationary892

TFP (zt), a shock to the growth rate of non-stationary TFP (gΩ
t ), a shock to the growth rate of893

non-stationy IST (gϒ
t ), a marginal efficiency of investment (MEI) shock (mt), a preference shock894

(Γt) and a government spending shock (εt). We assume that these stochastic processes follow895

individually stationary first-order processes and are mutually uncorrelated, given as896

ln
(

ϑt

ϑ

)
= ρϑ ln

(
ϑt−1

ϑ

)
+ eϑ ,t , (41)

for ϑ = {z,gΩ,gϒ m,Γ,ε}.897

We allow for news shocks to both the stationary and non-stationary TFP shocks and assume898

that the innovations in these two stochastic proceses contain both anticipated and unanticipated899

components. Moreover, news signals arrive with horizons of 4, 8 and 12 quarters as is standard in900

the literature (see e.g. Görtz et al. (2021). The innovations are thus given by:901

eϑ ,t =

 e0
ϑ ,t + e4

ϑ ,t−4 + e8
ϑ ,t−8 + e12

ϑ ,t−12, ϑ = {z,gΩ}

e0
ϑ ,t , ϑ =

{
m,gϒ,εt ,Γt

} ,

where e0
ϑ ,t is an unanticipated shock, whereas for p= 4,8,12, ep

ϑ ,t−p is a news shock that agents re-902

ceive in period t− p about the innovation in time t. All innovations are mean zero and uncorrelated903

over time and with each other.904

C.2 Model equilbrium, stationary and solution method: Baseline Model905

In a symmetric equilibrium, Yit = Y ∗t , Ait = A∗t , Xit = X∗t , Pit = P∗t and Sit = S∗t ∀i. It then906

follows that Yt =
∫ 1

0 Y ∗t di = Y ∗t , At =
∫ 1

0 A∗t di = A∗t , Xt =
∫ 1

0 X∗t di = X∗t , Integrating over the taste907
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shifter then yields908 ∫ 1

0
νitdi =

∫ 1

0

(
Ait

At

)ζ

d j =
1

Aζ

t

∫ 1

0
Aζ

itdi = 1,

and hence909

Pt =

[∫ 1

0
νit(P∗t )

1−θ di

] 1
1−θ

= P∗t

and910

St =

[∫ 1

0
ν

1
θ

it S∗t
θ−1

θ di

] θ

θ−1

= S∗t ,

and implying that Pit
Pt
= 1 ∀i.911

The resulting equilibrium model system consists of a symmetric competitive equilibrium as a912

set of stochastic processes {Ct ,Vt , It ,Gt ,St ,Yt ,Nt ,ut ,Jt ,Kt ,Xt ,At ,wt ,rt ,τt ,µ
j

t ,µ
k
t ,λt}∞

t , given initial913

conditions and exogenous stochastic processes, and where µ
j

t , µk
t , and λt respectively denote914

the multipliers on the definition of Jt , physical capital accumulation, and the household budget915

constraint.916

In the following, we list these equations and detail how to transform the non-stationary sys-917

tem, which is driven by stochastic trends, into a stationary counterpart amenable to solution and918

estimation.919
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C.2.1 Equilibrium system920

The equilibrium system is as follows:921

Vt = Ct−bCt−1−ψNξ

t Jt , (42)

Jt = (Ct−bCt−1)
γ j J1−γ j

t−1 , (43)

ΓtV σ
t +µ

f
t γ f

Jt

Ct−bCt−1
= λt +bβEt

{
Γt+1V−σ

t+1 +µ
j

t+1γ j
Jt+1

Ct+1−bCt

}
, (44)

ξ ψΓtV−σ
t Nξ−1

t Jt = λtwt , (45)

rt =
µk

t
λt

δ
′(ut), (46)

ϒtλt = µ
k
t mt

{
1−S

(
It

It−1

)
−S′

(
It

It−1

)
It

It−1

}
+ (47)

+βEt µ
k
t+1mt+1S′

(
It+1

It

)(
It+1

It

)2

,

µ
j

t = −ψΓtV−σ
t Nξ

t +β (1− γ j)Et µ
j

t+1
Jt+1

Jt
, (48)

µ
k
t = βEt

{
λt+1rt+1ut+1 +µ

k
t+1[1−δ (ut+1)]

}
, (49)

Kt+1 = [1−δ (ut)]Kt +mtIt

[
1−S

(
It

It−1

)]
, (50)

Yt = zt (ΩtNt)
αn (utKt)

αk (ΩtH)1−αn−αk , (51)

wt = αnτt
Yt

Nt
, (52)

rt = (1−αk)τt
Yt

utKt
, (53)

At = (1−δx)Xt−1 +Yt , (54)

Xt = At−St , (55)

θ −1
θ

= β (1−δx)Et
λt+1

λt
τt+1, (56)

τt =
ζ

θ

St

At
+

θ −1
θ

, (57)

Gt =

(
1− 1

εt

)
Yt , (58)

Ct +ΓtIt +Gt = St . (59)

In addition, we have laws of motion for the exogenous processes zt , Γt , mt εt , gϒ
t = ϒt/ϒt−1 and922

gΩ
t = Ωt/Ωt−1 as described above.923
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C.2.2 Stationarity and Solution Method924

The model economy inherits stochastic trends from the two non-stationary stochastic processes925

for ϒt and Ωt . Our solution method focuses on isolating fluctuations around these stochastic trends.926

We divide non-stationary variables by their stochastic trend component to derive a stationary ver-927

sion of the model. We then take a linear approximation of the dynamics around the steady state of928

the stationary system.929

The stochastic trend components of output and capital are given by Xy
t = ϒ

α∗−1
α∗

t Ωt and Xk
t =930

ϒ
−1
α∗Ωt , respectively, where α∗ = 1−αk. The stochastic trend components of all another non-931

stationary variables can be expressed as some function of Xy
t and Xk

t . In particular, define the fol-932

lowing stationary variables as transformations of the above 18 endogenous variables: ct =
Ct
Xy

t
,vt =933

Vt
Xy

t
, it = It

Xy
t

, gt =
Gt
Xy

t
, st =

St
Xy

t
, yt =

Yt
Xy

t
, nt = Nt , ut = ut , jt = Jt

Xy
t

, kt =
Kt

Xk
t−1

, xt =
Xt
Xy

t
, at =

At
Xy

t
, w̄t =

wt
Xy

t
,934

r̄t =
Xk

t
Xy

t
rt , τt = τt , µ̄

f
t =

(
Xy

t
)σ

µ
f

t , q̄k
t =

Xk
t (µ

k
t /λt)

Xy
t

, and λ̄t =
(
Xy

t
)σ

λt . In addition, define the two935

additional stationary variables, gy
t =

Xy
t

Xy
t−1

and gk
t =

Xk
t

Xk
t−1

as the growth-rates of the stochastic trends936

in output and capital.937
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The stationary system is then given by:938

vt = ct−b
ct−1

gy
t
−ψNξ

t jt , (60)

jt =

(
ct−b

ct−1

gy
t

)γ j
(

jt−1

gy
t

)1−γ j

, (61)

Γtvσ
t + µ̄

j
t γ j

jt
ct−b ct−1

gy
t

= λ̄t +bβEt
(
gy

t+1
)−σ

{
Γt+1v−σ

t+1 + µ̄
j

t+1γ j
jt+1

ct+1−b ct
gy

t

}
, (62)

kt+1 = [1−δ (ut)]
kt

gk
t
+mt it

[
1−S

(
itgk

t
it−1

)]
, (63)

ξ ψΓtv−σ
t nξ−1

t
ft
λ̄t

= w̄t , (64)

r̄t = qk
t δ ′(ut), (65)

1 = qk
t mt

{
1−S

(
itgk

t
it−1

)
−S′

(
itgk

t
it−1

)
itgk

t
ii−1

}
+ (66)

+βEtgϒ
t+1
(
gy

t+1
)−σ λ̄t+1

λ̄t
qk

t+1mt+1S′

(
it+1gk

t+1

it

)(
it+1gk

t+1

it

)2

,

µ̄
j

t = −ψΓtv−σ
t nξ

t +β (1− γ f )Et
(
gy

t+1
)1−σ

µ̄
j

t+1
jt+1

jt
, (67)

qk
t = βEtgϒ

t+1
(
gy

t+1
)−σ λ̄t+1

λ̄t

{
r̄t+1ut+1 +qk

t+1[1−δ (ut+1)]
}
, (68)

yt = (nt)
α

(
ut

kt

gk
k

)1−α

H1−αn−αk , (69)

w̄t = ατt
yt

nt
, (70)

r̄t = (1−α)τt
yt

ut
kt
gk

t

, (71)

939

at = (1−δx)
xt−1

gy
t

+ yt , (72)

xt = at− st , (73)

θ −1
θ

= β (1−δx)Et
(
gy

t+1
)−σ λ̄t+1

λ̄t
τt+1, (74)

τt =
ζ

θ

st

zt
+

θ −1
θ

, (75)

gt =

(
1− 1

εt

)
yt , (76)

ct + it +gt = st , (77)

gy
t = gΩ

t

(
gϒ

t

)(α−1)/α

, (78)

gk
t = gy

t /gΩ
t , (79)

in addition to the exogenous processes zt ,Γt , mt εt , gϒ
t and gΩ

t .940
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C.3 Illustrative Calibration: Baseline Model941

Our choice of parameter values is guided by the existing literature, where we maintain com-942

parability with Jaimovich and Rebelo (2009) and Schmitt-Grohe and Uribe (2012) for the aspects943

of the news shock mechanism and Lubik and Teo (2012) for the inventory component. In some944

instances, we choose values of parameters to give the Baseline model the best chance of delivering945

procyclical inventory. The calibration is intended for illustrative purposes only. Later we estimate946

the parameters using Bayesian methods, and specify prior values located well within central ranges947

establish in the literature.948

We report the illustrative calibration in Table 1. We set the household’s discount factor β to949

0.9957, which is implied by the real interest rate computed from average inflation and the federal950

funds rate over our sample period. The elasticity of intertemporal substitution is as in Jaimovich951

and Rebelo (2009), σ = 1. The disutility of working parameter ξ is set to 1.1, which implies952

a relatively elastic Frisch elasticity of labor supply of 10 in order to give the a good chance of953

delivering procyclical inventory. Finally, we set γ f , the preference parameter that determines the954

strength of the income effect, to 0.01 based on Schmitt-Grohe and Uribe (2012).955

On the firm side, we set the elasticity parameter in the production function to α = 0.64 as in956

Jaimovich and Rebelo (2009), and the degree ofof decreasing-returns-to-scale (DRS) to labor and957

capital in production, 1−αn−αk, to 0.1, following Jaimovich and Rebelo (2009) and Schmitt-958

Grohe and Uribe (2012). For the parameters related to physical capital, we fix steady-state physical959

capital depreciation at δ = 0.025 and the elasticity of marginal utilization δ ′′k (1)/δ ′k(1) = 0.15.960

There is a wide range of values for this elasticity to be found in the literature. For example,961

Christiano et al. (2005) find estimates of 0.01, while Schmitt-Grohe and Uribe (2012) have 0.34,962

and Smets and Wouters (2007) report 0.54. We choose a value of 0.15 within this range, close to963

the value of 0.25 used in Jaimovich and Rebelo (2009). As with the Frisch elasticity, choose the964

value of this to give the model a good chance of delivering procyclical inventory. Similarly, the965

literature also finds a wide range of values for the investment adjustment cost parameter s′′. Smets966

and Wouters (2007) estimate it to be 5.7, Christiano et al. (2005) find 2.48, and Schmitt-Grohe and967

Uribe (2012) 9.1. We choose a relatively low value of s′′ = 1.3, but as well, show robustness of968

the results to variation in this parameter as part of our inventory comovement analysis.969

The parameters related to inventories are based on the empirical estimates in Lubik and Teo970
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(2012). The inventory depreciation rate δx is set to 0.05. The taste shifter curvature ζ is chosen971

as 0.67 to yield a steady-state sales-to-stock ratio of 0.55, as in Lubik and Teo (2012). The goods972

aggregator curvature parameter θ is set to 6.8, which results in a steady-state goods markup of973

10%.974

Finally, a number of steady-state parameter values are implied by average values in the data,975

such as the (quarterly) steady-state growth rates of GDP gy and the relative price of investment976

(RPI) gRPI , which we find to be 0.43 and −0.58, respectively. We also set the steady-state977

government-spending ratio to output to g/y = 0.18 following Smets and Wouters (2007) and target978

a level of hours in steady state of 0.2, while steady-state capacity utilization is targeted at one. We979

choose the persistence parameters of the TFP shock process ρΩ = 0.95 for the calibration analysis.980

Table 1: Illustrative Calibration: Baseline model

Description Parameter Value

Subjective discount factor β 0.9957
Household elasticity of intertemporal substitution σ 1
Determinant of Frisch elasticity of labor supply ξ 1.1
Habit persistence in consumption b 0.7
Wealth elasticity parameter (GHH/KPR pref) γ f 0.001
Labor elasticity in production αn 0.64
DRS to N and K in production 1−αn−αk 0.1
Elasticity of capacity utilization δ ′′k (1)/δ ′k(1) 0.15
Capital depreciation δk 0.025
Investment adjustment cost s′′ 1.3
Inventory depreciation δx 0.05
Goods aggregator curvature θ 6.8
Taste shifter curvature ζ 0.67
TFP growth process persistence ρΩ 0.4
Steady state government spending over output g/y 0.18
Steady state hours n 0.2
Steady state capacity utilization u 1
Steady state GDP growth rate (in %) gy 0.42545
Steady state RPI growth rate (in %) grpi -.58203

C.4 Conditions governing inventory comovement: Baseline Model981

We examine the key equations of the supply and demand for output and develop analytical982

expressions to characterize the conditions governing inventory comovement. First, to gain insight983

into the connect between τt , inventory and production inputs it is helpful on the demand side to984
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combine (10) and (11) and eliminate sales St , yielding985 (
1+

1
χ(τt)

)
Xt = (1−δx)Xt−1 +Yt . (80)

We focus on our analysis on what we refer to as the “news period”, which is the range of time986

periods defined from t = 1 when the news shocks is received, to the period t + p− 1, one period987

before TFP actually changes in period t + p. As such, during this period, there are no changes in988

stationary or non-stationary TFP (and of course, no changes in IST or any other shock other than989

the news shock). On the supply side, we focus our analysis on the “near-GHH” case with no habits990

in consumption, where ∂MRSt
∂Ct

= ∂MRSt
∂Ct−1

= 0, such that MRSt = MRS(Nt) is a function of Nt only.991

Imposing these restrictions on labor market equilibrium then results in992

MRS(Nt)≈ τtFn(Nt ,utKt), (81)

where the notation F(Nt ,utKt) represents the production function over the news-boom period with993

no shifts in technology, F(Nt , K̃t) = F(Nt , K̃t ;H,z,Ω), and where we have explicitly notated cap-994

ital services K̃t as its component utKt . Utilization ut is in turn defined by the capital services995

equilibrium condition996

FK̃(Nt ,utKt) =
qk

t
τt

δ
′(ut). (82)

Given predetermined capital Kt , (81) and (82) imply a specific value of hours Nt and utilization ut997

for a given value of the ratio qk
t

τt
, which we can interpret as the relative price of new capital Kt+1 to998

homogeneous output Yt .999

As is well known in the news literature based on the work of Jaimovich and Rebelo (2009),1000

the “flow-form” of investment adjustment costs leads to a fall in the relative price of capital qk
t1001

in response to TFP news, thereby lowering the cost of utilization in (82), resulting in a rise in1002

utilization. 34. This in turn results in a rise in utilization From (81) and (82), This rise in ut in turn1003

leads to a rise in Nt , which we can interpret as a utilization-induced increase in labour demand in1004

response to TFP news. Adding inventories however introduces a wedge into this equation through1005

time variation in τt . When the value of output is high - such as when there is when there is an1006

increase in demand for sales St upon receipt of news - the rise in τt both lowers the marginal cost1007

of utilization qk
t

τt
in (82) on top of any drop in qkt , and as well, increases the value of the marginal1008

34See Jaimovich and Rebelo (2009) and Christiano et al. (2007) for in-depth discussions related to this mecha-
nism for models without inventories, and GHH for discussion of a similar margin of adjustment due to exogenous
movements in qk

t .
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product in putting putting upward pressure on ut and Nt .1009

We can then use (81), (82), (14) and the production function Yt = F(Nt ,utKt) to characterize1010

the dynamics of Yt and Xt for given values of qk
t and Kt , without necessarily determining the values1011

of qk
t and Kt consistent with general equilibrium. To do this, we focus on the linear approximation1012

of the de-trended equivalents of these equations about steady state.1013

Beginning with the demand side of output, we have the output demand curve (with sales sub-1014

stituted out) given by1015

(1+
s
x
)x̂t =

1−δx

gy x̂t−1 +
y
x

ŷt−
s
x

εxτ̂t , (83)

where εx = |χ
′(τ)

χ(τ) τ|, and where “hats” denote percent deviations from the detrended stationary1016

steady state. We are interested in the conditions under which inventory co-moves with output. As1017

such, we wish to isolate the conditions under which x̂t > 0 for ŷt > 0.1018

Using (83), this x̂t > 0, ŷt > 0 comovement condition is then expressed as:1019

τ̂t <
1
εx

(
x
s
(1−δx)

gy x̂t−1 +
y
s

ŷt

)
, (84)

where ŷt > 0. Intuitively, all else equal we require a small change in the price of output τt relative1020

to the change in Yt for inventory to comove positively, consistent with our intuitive discussion1021

earlier from the market for output.1022

To understand how τt responds to a change in production, we combine the linearized versions1023

of (81), and the production function F(Nt ,utKt) to get:1024

τt =

(
ξ

αn
−1
)

ŷt−
ξ

αn
αk
(
ût + k̂t

)
, (85)

and then use the linearized version of (82) to replace ut , resulting in the output supply curve,1025

τ̂t =

(
ξ

αn
−1
)
−θu

1+θu
ŷt−

θu

1+θu
εuk̂t +

θu

1+θu
q̂k

t , (86)

where θu =
ξ

αn

αk
1+εu

.1026

The first term on the right-hand side describes the slope of the output supply curve, which1027

is flatter for a higher labor supply elasticity (lower ξ ), a higher elasticity of labor in production1028

(higher αn ), or a higher value of θu stemming from a lower cost of utilization εu. The second and1029

third terms capture the shifts in the supply of output curve due to changes in the capital stock kt1030

and the price of capital qk
t respectively. The shifts from both of these factors are ultimately due to1031

shifts in labour demand: an increase in Kt shifts the marginal product of labour directly, and a fall1032

in qk
t shifts it indirectly through increasing utilization by lowering its cost.1033

20



Combining (86) with the inventory x̂t > 0 inequality condition (84) above yields1034 
(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt−
θu

1+θu
εuk̂t +θuq̂k

t −
x
s

1
εx

(1−δx)

gy x̂t−1 < 0. (87)

where ŷt > 0. This inequality describes the equilibrium response consistent with x̂t > 0 for ŷt > 01035

through the lens of the market for output, conditional on the general equilibrium response of q̂k
k, K̂t1036

and x̂t−1 (recall ŷt > 0). As such, the sign of the expression on the left-hand is a function of both1037

the sign of the coefficients, as well as the sign and magnitude of the particular general equilibrium1038

response of ŷt , k̂t , q̂k
k, and x̂t−1. In principle, one could drill down further into other equations of1039

the model outside of the market for output to characterize the general equilibrium response of k̂t ,1040

q̂k
k, and x̂t−1 and then frame this expression in terms of a potentially large set of parameters across1041

the model. Instead, we think it is more informative to focus only on the block of equations within1042

the market for output, exploiting the dynamic structure of the model to characterize parameter1043

conditions where possible, and reducing the analysis to separate important special cases.1044

C.4.1 Impact period t = 11045

We begin our analysis by focusing on the impact period t = 1 when the news shock arrives.1046

By virtue of x̂t−1 and k̂t being pre-determined, x̂t−1, k̂t = 0 in period 1, and thus these two terms1047

drop out of the condition (87). To understand the respective role played by the various elements1048

in this condition, we proceed in three steps, each case examining a special case of this condition,1049

beginning with the most restrictive, keeping our focus on t = 1 through all the steps.1050

1. No capacity utilization. The first step involves involves assuming very high costs of ca-1051

pacity utilization, approximating a model without variable capacity utilization. We can represent1052

this case with εu → ∞, such that θu → 0, reducing the condition (17) down to a pure parameter1053

restriction of the form:1054

ξ

αn
−1 <

y
s

1
εx
. (88)

This condition says that for inventory to co-move with output on impact in the absence of utiliza-1055

tion, the slope of the output supply curve, represented on the left-hand side, must be less than the1056

absolute value of the slope of the output demand curve, represented on the right-hand side. In other1057

words, given an outward shift in the output demand curve (due to an increase in sales), the price1058

of output τt must rise less than proportionately than output yt . How restrictive is this condition?1059
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We can show that in steady state, 1
εx
= 1−β ∗(1−δx)

1−γ
, where γ can be pinned down to the data through1060

γ = (1+ s
x). For anything other than an unrealistically high inventory depreciation rate, 1

εx

y
s is a1061

very small number, primarily on account of the term 1−β ∗(1−δx). Indeed, for the calibrated case,1062

with γ = 0.55, an inventory depreciation rate of 5%, and y
s = 1.04, 1

εx

y
s = 0.12. In contrast, even1063

for highly elastic labor supply, the slope of the output supply curve will be much larger. Indeed,1064

for ξ = 1.2 and αn = 0.64, ξ

αn
− 1 = 0.88, which is not close to satisfying the positive inventory1065

condition on impact.1066

2. Variable capacity utilization, zero adjustment costs to investment. In the second step we1067

now examine to what extent variable capacity utilization on its own can loosen this condition. We1068

now assume a smaller cost of utilization, such that capacity utilization is variable, but also assume1069

near-zero investment adjustment costs, s′′ ≈ 0. This implies qk
t ≈ 0, such that the cost of utilization1070

is not impacted by variation in the price of capital35. In this case, (17) reduces to1071 (
ξ

αn
−1
)
−θu

1+θu
<

y
s

1
εx
. (89)

As with (88), this equation again compares the slope of the output supply and demand curves.1072

Incorporating utilization now however flattens the output supply curve by the amount through1073

1
1+θu

in the denominator and −θu in the numerator, increasing the range over which the other1074

parameters can satisfy the inequality. Recalling that θu =
ξ

αn

αk
1+εu

, we note that even with a very1075

small cost of utilization represented through εu = 0.01, using the same numbers for the parameters1076

common to the previous step yields θu
1+θu

= 0.32, resulting in the slope of the output slope curve1077

being

(
ξ

αn−1
)
−θu

1+θu
= 0.56, still a sufficient distance from satisfying (90).1078

We conclude from our analysis in the previous two steps that the respective slopes of the output1079

supply and demand curves are unlikely on their own to allow satisfy the inventory comovement1080

condition. Indeed, our analysis above suggests that the coefficient

((
ξ

αn−1
)
−θu

1+θu
− y

s
1
εx

)
> 0 on ŷt1081

in (87) is positive for realistic parameter values.1082

3. Variable capacity utilization, positive adjustment costs to investment. In the third step1083

35Note that in the absence of mechanism (such as investment adjustment costs) which make the capacity utilization
cost time-varying, variable capacity utilization works to effectively amplify the effect of labor in production. Indeed,
as shown in Wen (1998), one can use the utilization optimality condition to substitute out utilization in production,
resulting in a reduced-form production function with increased elasticity to labor, which in our framework here, shows
up as a reduction in the slope of the output supply curve. Finally, note that unlike the the corresponding model without
inventories where hours-worked cannot respond to news without positive investment adjustment costs which increase
utilization, utilization and thus hours can vary in response to news in this model on account of time-variation in τ.
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we now assume that adjustment costs are non-zero, s′′ > 0, giving (17) in the impact period as1084 
(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt +θuq̂k
t < 0 for t = 1. (90)

Relative to (89) where the condition related to the impact of the parameters on the slopes of the1085

supply and demand for output curves, in (90) time-variation in qk
t shifts the output supply curve.1086

In particular, a fall in qk
t due to news shifts the output supply curve outwards, lowering the rise1087

in τt for a given shift in the demand curve due to the increase in sales. The positive coefficient1088

on ŷt in (90) combined with ŷt > 0 means that only a large enough fall in qk
t on impact could1089

potentially satisfy the condition. We investigate this general equilibrium effect through simulation1090

by recording the response of inventory for a range of values of s′′. Figure 19 shows the results of1091

this exercise. As is clear from the figure, changes in s′′ result in different responses of capacity1092

utilization on impact, stemming from the different effect of s′′ on qk
t , however, there is very little1093

effect on the response of inventory on impact. Clearly, variation in qk
t on its own is not enough to1094

satisfy the comovement condition on its own.1095
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Figure 19: IRF to 8-period out non-stationary TFP news shock: baseline model - Sensitivity
to s′′. s′′ = {0.5,1,1.3,2,5,10} (ordered from thin to thick line).

C.4.2 Periods t = 2 to t + p−11096

From period t = 2 to t + p− 1, according to (17), a rise in k̂t and x̂t−1 or a fall in qk
t can1097

potentially shift the output supply curve to enough to loosen the condition. We make several1098

remarks regarding these periods.1099
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First, for xt−1 to help satisfy the condition requires of course that xt−1 > 0. In period 2, this1100

requires that x1 > 0, which we ruled above as unlikely, so for period t = 2 at least, the burden lies1101

with kt and qk
t . Second, assuming a business-cycle like boom whereby output growth is positive for1102

several periods such that ŷt+1 > ŷt , the positive coefficient on ŷt in (87) means that any factors that1103

shift the output supply curve will have to increasingly shift it over time to overcome the increasing1104

rise in ŷt over time.1105

We again investigate this general equilibrium effect through simulation. Periods t = 2 to t = 111106

in Figure 19 show the response of the model for the periods in question. As the simulation shows,1107

the rise and kt and fall in qk
t are not enough to satisfy the comovement condition. Moreover, since1108

inventories fall more and more over time, the rise in ŷt is outpacing the response of these other1109

factors.1110

In summary, our analysis for the baseline model concludes that the respective slopes of the out-1111

put supply and demand curves are unlikely on their own to allow satisfy the inventory comovement1112

condition in any of the periods in the news-period. Instead, the analysis points to the endogenous1113

response of factors that will shift either of these curves on impact and in subsequent periods. In1114

the context of this baseline model, in the impact period, only one factor offers this possibility:1115

investment adjustment costs, yet our simulations suggest that variation in qt k on its own is unable1116

to satisfy the comovement condition. In subsequent periods, k̂t , x̂t−1 and qk
t offer the potential to1117

shift the output supply curve, however, our simulations suggest that these factors are not enough,1118

and that their combined effect is outpaced by the increasing rise in ŷt over time.1119

D Additional Model Details: Sticky Wage and Price Model1120

This appendix section details elements of the Sticky Wage and Price Model not shown in the1121

main text.1122

D.1 Model Description: Sticky Wage and Price Model1123

We introduce sticky prices by following Lubik and Teo (2012), whereby we assume that dis-1124

tributors face convex adjustments costs in setting prices. The sticky-wage component follows the1125

decentralization of Schmitt-Grohe and Uribe (2012) and Smets and Wouters (2007). We add a1126

continuum of monopolistically competitive labor unions, indexed by j ∈ [0,1], and a competitive1127
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employment agency to the baseline setting. Monopolistic unions buy homogeneous labor from1128

households, transform it into differentiated labor inputs, and sell them to the employment agency,1129

which aggregates the differentiated labor into a composite and sells it to the intermediate goods1130

producer. The unions face Calvo-type frictions in setting wages for each labor type and re-set their1131

wage according to an indexation rule when unable to reoptimize. Since this particular decentral-1132

ization of wage stickiness implies that consumption and hours are identical across households, we1133

can continue to refer to a stand-in representative household as with the baseline model. Finally,1134

we close the model with a standard monetary policy nominal interest rate rule.1135

D.1.1 Employment unions and employment agency1136

Our sticky-wage framework follows the decentralization of Schmitt-Grohe and Uribe (2012)1137

and Smets and Wouters (2007). To our baseline model, we add a continuum of monopolistically1138

competitive labor unions indexed by j ∈ [0,1], and a competitive employment agency. Monopolis-1139

tic unions buy homogeneous labor from households, transform it into differentiated labor inputs,1140

and sell them to the employment agency who aggregates the differentiated labor into a composite1141

which it then sells to the intermediate goods producer. The unions face frictions in setting wages1142

for each labor type. The unions face Calvo frictions in setting their wages for each labour type,1143

and re-set their wage according to an indexation rule when unable to reoptimize. Since this par-1144

ticular decentralization of wage stickiness implies that consumption and hours are identical across1145

households, we can continue to refer to a stand-in representative household as with the baseline1146

model.1147

Labor unions acquire homogenous labor Nh
t from the household at wage W h

t , differentiate it

into labor types N jt , j ∈ [0,1], and then sell the differentiated labor it to the employment agency for

wage Wjt . The unions have market power, and can thus choose the wage for each labor type subject

to the labor demand curve for that labor type. The unions face Calvo frictions in setting their wages,

such that each period they can re-optimize wages with probability 1−ζw. A union that is unable to

re-optimize wages re-sets it according to the indexation rule Wjt =Wjt−1π
ιw
t−1π1−ιw , 0≤ ιw ≤ 1,

where πt = Pt/Pt−1 and π is its steady state, and where 0 ≤ ιw ≤ 1. A union that can re-optimize

its wage in period t chooses its wage W ∗jt to maximize

Et

∞

∑
s=0

ζ
s
wβ

s λt+sPt

λtPt+1

[
W ∗jt(Π

s
k=0π

ιw
t+k−1π

1−ιw)−W h
t+s

]
n jt+s,
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subject to the demand curve for N jt .1148

The employment agency acquires each jth intermediate labor type N jt , j ∈ [0,1], at wage Wjt

from the labor unions, and combines the differentiated labor into a composite nt according to

nt =

[∫ 1

0
nνw

jt d j
] 1

νw
, 0 < νw ≤ 1.

The agency sells the composite labor to the intermediate goods producers for wage Wt . The agency

chooses n jt ∀ j to maximize profits Wtnt −
∫ 1

0 Wjtn jtd j, yielding a demand function n jt for the jth

labor type,

N jt =

[
Wjt

Wt

] 1
νw−1

Nt ,

and wage index Wt , given respectively by

Wt =

[∫ 1

0
W νw/(νw−1)

jt d j
] (νw−1)

νw
.

The sticky wage framework results in a time-varying markup µw
t between the wage Wt paid by1149

the intermediate goods firm and the wage W h
t paid to the household, such that1150

µ
w
t =

wt

wh
t
, (91)

where wt =
W h

t
Pt

and wt =
W h

t
Pt

. The dynamics of µw
t is captured by a resulting equilibrium wage1151

Phillips curve derived from imposing equilibrium on the combination of the employment agency1152

and union’s problem.1153

D.1.2 Distributors1154

Distributors now face frictions in setting their prices, and as in Lubik and Teo (2012) , we1155

assume that the ith distributor faces convex adjustments costs in the form κ

2

[
Pit+k

π
ιp
t−1π

1−ιpPit+k−1
−1
]2

st .1156

Each period, the ith distributor then faces the problem of choosing Pit , Sit , Yit and Ait to maximize1157

Et

∞

∑
k=0

β
k λt+k

λt

{
Pit+k

Pt+k
Sit+k− τtYt+k( j)− κ

2

[ Pit+k

π
ιp
t−1π1−ιpPit+k−1

−1
]2

St

}
, (92)

subject to the same constraints as in the baseline model. The distributor’s Yit ,Xit and Ait first-order1158

conditions are the same as in the baseline model, but now the Pit condition is given by1159

(1−θ)
Sit

Pt
−κ

[ Pit

π
ιp
t−1π1−ιpPit−1

−1
] St

π
ιp
t−1π1−ιpPit−1

+βEt
λt+1

λt
κ

[ Pit+1

π
ιp
t π1−ιpPit

−1
] Pit+1St+1

π
ιp
t π1−ιpP2

it

+µ
x
t θ

Sit

Pit
= 0.

(93)

This equation describes the distributor’s optimal choice of price Pit in terms of the marginal1160

cost of sales µx
t and in response to the pricing frictions. The interpretation of this expression1161

is standard, except for the presence of the marginal cost of sales instead of the marginal cost of1162
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output as in a typical model without inventories. Indeed in standard models without inventories,1163

the marginal cost of sales is equal to the marginal cost of output. Here however, the presence1164

of inventories drives a wedge between the marginal cost of output and marginal cost of sales.1165

Thus we can think of there being two additive markups: the markup between marginal cost of1166

production and the marginal cost of sales, and the markup between the marginal cost of sales and1167

the price. The distributor adjusts these two margins jointly through its joint decision of inventories1168

and prices. The optimal stocking condition describes the adjustment of the first markup through1169

inventories; the optimal pricing condition describes the adjustment of the second markup through1170

price-setting.1171

Unlike in the flexible price baseline model where the markup between the marginal cost of1172

sales and price is constant, under sticky prices, the Distributor’s pricing condition implies that this1173

markup is time-varying. This in turn means that the value of forgone inventory, µx
t , which we1174

previously interpreted as the marginal cost of sales, is no longer constant. As such, this introduces1175

µx
t as a time-varying wedge into the firm’s optimal stocking equation,1176

τt = ζ pit
Sit

Ait
+µ

x
t

(
1−ζ

Sit

Ait

)
. (94)

Imposing equilibrium, and solving for χt =
Xt
St

yields1177

χt = ζ
1−µx

t
τt−µx

t
−1 = χ(τt ,µ

x
t ) (95)

where χτ(t) =
∂ χ(τt ,µ

x
t )

∂τt
< 0 and χµx(t) = ∂ χ(τt ,µ

x
t )

∂ µx
t

< 0, and where as in the baseline model, µx
t is1178

equal to the expected discounted value of future marginal costs, µx
t = (1−δx)βEt

λt+1
λt

τt+1. The1179

derivative χµx(t) represents an intertemporal substitution effect on the inventory decision: all else1180

equal, if marginal costs are expected to be lower in the future relative to the present, it is optimal1181

to defer inventory accumulation to the future and run down inventory levels today. Thus compared1182

to the baseline model where we identified a demand channel and cost channel to the inventory1183

decision, we can now think about their being both a current and expected future cost channel in1184

addition to the demand channel.1185

Adding sticky prices as a result adds an additional term to our comovement condition, now1186

given by1187 
(

ξ

αn
−1
)
−θu

1+θu
− y

s
1
εx

 ŷt−
θu

1+θu
εuk̂t +θuq̂k

t −
x
s

1
εx

(1−δx)

gy xt−1−
1+ ξ

αn

1+θu
φ̂

e
t +

θu

1+θu
φ̂

l
t −µ

x
µ̂

x
t < 0,

(96)
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such that if all else equal discounted expected future marginal costs are expected are low relative1188

to today (such as due to the effect of a future expected increase in TFP), Distributors have an1189

incentive to run down inventories in the present, making the comovement condition more difficult1190

to satisfy.36
1191

D.1.3 Monetary Policy Rule1192

We close the model with a standard monetary policy rule where the interest rate, Rn
t , is set by1193

the monetary authority according to a feedback rule,1194

Rn
t

Rn =

(
Rn

t−1

Rn

)ρr
((

πt

π

)φπ

(
Yt

Y ∗t

)φy
)(1−ρr)

eηt , (97)

where ηt is a monetary policy shock, and Y ∗t is level of output that would preside under flexible1195

prices and without wage or price markup shocks.1196

D.1.4 Stochastic Exogenous Processes: Sticky Wage and Price Model1197

Relative to the baseline model, there are three additional stochastic processes in the sticky wage1198

and price model: a wage markup shock (νw
t ), a price markup shock (ν p

t ) and a monetary policy1199

shock ηt . The stochastic processes are thus given by1200

ln
(

ϑt

ϑ

)
= ρϑ ln

(
ϑt−1

ϑ

)
+ eϑ ,t , (98)

for ϑ = {z,gΩ,gϒ m,Γ,ε νw
t ,ν

p
t ,η . The innovations are defined as1201

eϑ ,t =

 e0
ϑ ,t + e4

ϑ ,t−4 + e8
ϑ ,t−8 + e12

ϑ ,t−12, ϑ = {z,gΩ}

e0
ϑ ,t , ϑ =

{
m,gϒ,,εt ,Γt ,ν

w
t ,ν

p
t ,η

}
.

D.2 Model equilibrium, stationary and solution method: Sticky Wage and1202

Price Model1203

In addition to the symmetric equilibrium defined in the baseline model, W ∗jt = W ∗t , N jt = N∗t1204

∀ j. It then follows that Nh
t =

∫ 1
0 n∗t d j = N∗t .1205

In additional to the equilibrium definition for the baseline model, the sticky wage and price1206

model results in an additional set of stochastic processes {µw
t ,µ

x
t ,w

h
t ,R

n
t ,πt}∞

t .1207

36We emphasize that this additional µ̂x
t term in (22) is due to sticky prices, not sticky wages. In a version of

the model with sticky wages but flexible prices, the distributor’s pricing condition implies that the markup between
marginal cost of sales and price is constant, as in the baseline model and thus the additional µ̂x

t term would drop out
of (22).
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The equilibrium system for the sticky wage and price model is the same as that of the base-1208

line model, with the addition of the Distributor’s pricing condition (93), the monetary policy rule1209

(97), the wage markup definition (91), and the standard wage-setting and aggregate wage equation1210

resulting from the sticky wage framework. Additionary, wh
t replaces wt in the household labor1211

first-order condition (45). Stationarity proceeds as with the baseline model, where the nominal1212

interest rate, inflation rate wage markup are stationary.1213

D.3 Illustrative Calibration: Stick Wage and Price Model1214

The illustrative calibration for the sticky wage and price model uses the same calibration as1215

that of the Baseline model, with the addition of the parameters related to the nominal side of the1216

economy, where we choose values consistent with the literature, including those from Lubik and1217

Teo (2012) related to sticky pricing under inventory. Table 2 details these parameter choices.1218

Table 2: Illustrative Calibration: Sticky Wage and Price model - Additional parameters

Description Parameter Value

Taylor rule smoothing ρrn 0.5
Taylor rule inflation φπ 1.5
Taylor rule output φpi 0.05
Price adjustment costs κ 250
Calvo wage parameter ζw 0.8
Price indexation ιp 0.5
Wage indexation ιw 0.5
Steady state wage markup λw 1.1

E Additional Model Details: Learning-by-doing Model1219

This appendix section details elements of the Learning-by-doing Model not shown in the main1220

text.1221

E.1 The labor demand wedge and stock prices1222

We can gain more insight into the labor demand wedge by manipulating (27) to give:1223

φ
ld
t = 1−qh

t (1− γh)

(
Ht+1− (1−δh)Ht

wtNt

)
= 1− (1− γh)

qh
t Ht+1

wtNt

(
1− (1−δh)

Ht

Ht+1

)
. (99)
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Additionally, using the fact that the stock-price value the firm SPt is given by:1224

SPt = qh
t Ht+1, (100)

we can write (99) as:1225

φ
ld
t = 1− SPt

wtNt
ψ

h
t , (101)

where ψh
t = (1− γh)

(
1− (1−δh)

Ht
Ht+1

)
. The labor demand wedge is a function of the ratio of1226

stock prices over the wage bill. Indeed, under the log-linear case of Chang et al. (2002) for δh = 1,1227

ψh
t = 1− γh, and1228

φ
ld
t = 1− SPt

wtNt
(1− γh). (102)

The term SPt
wtNt

acts like a type of “labor Tobin’s Q”. When the value of the firm is high relative to the1229

cost of labour, the firm lowers its markup in order to increase labor and acquire more knowledge.1230

Under the more general case for 0 < δh < 1, the same is true, except that the term 1− (1−δh)
Ht

Ht+1
1231

scales this effect, reinforcing the above when knowledge growth is expected to be high.1232

E.2 The importance of internalization1233

The above learning-by-doing model results in a labor demand wedge φ ld
t that impacts the1234

markup on impact, and a slower-moving efficiency wedge φ e
t that doesn’t move on impact, but1235

gradually impacts the marginal cost of production. Importantly, the labor demand wedge φ ld
t1236

stems from our assumption that the firm internalizes the impact of its use of hours on knowledge1237

in production. To see this, we can consider an alternative set-up that involves external-effects1238

learning-by-doing only, whereby the firm acquires knowledge by the joint-action of other firms1239

through the impact of the average level of labor N̄t presiding in the economy. The production1240

function and knowledge-accumulation equation under such an alternative scenario would then be1241

given by:1242

Yt = zt (ΩtNt)
αn K̃αk

t (ΩtH̄t)
1−αn−αk , (103)

and1243

H̄t+1 = (1−δh)H̄t + H̄γh
t N̄1−γh

t , (104)

where N̄t and H̄t are the economy-wide average levels of labor and knowledge respectively. Since1244

the effect of learning-by-doing is now external to the firm however, the firm’s problem is now1245

essentially the same as in the baseline model, such that the firm chooses Nt and K̃t to maximize1246
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ΠY
t = τtYt−wtNt− rtK̃t subject to the production function, resulting in the standard demand func-1247

tions for labor, wt = αnτt
Yt
Nt

. Only the production technology changes. As such, in the context1248

of our wedges framework in the labor market, the external effects model corresponds to φ ls
t = 1,1249

φ ld
t = 1 and φ e

t = H̄t
1−αn−αk . In contrast to the learning-by-doing model, the external effects1250

learning-by-doing model results only a time-varying efficiency wedge φ e
t . The labor demand1251

wedge φ ld
t and its associated markup are constant.1252

E.2.1 Stochastic Exogenous Processes1253

The stochastic process in the learning by doing model are the same as in the baseline model.1254

E.3 Model equilibrium, stationary and solution method: Learning-by-Doing1255

Model1256

In additional to the equilibrium definition for the baseline model, the sticky wage and price1257

model results in an additional set of stochastic processes {ht ,qh
t }∞

t .1258

The equilibrium system for the learning-by-doing model is the same as that of the baseline1259

model, with the following additions:1260

Ht+1 = (1−δh)Ht +Hγh
t N1−γh

t , where 0≤ δh ≤ 1, 0≤ γh < 1, νh > 0. (105)

and1261

qh
t = βEt

λt

λt+1

{
(1−αn−αh)τt+1

Yt+1

Ht+1
+qh

t+1

(
1−δh + γh

Hγh
t+1N1−γh

t+1

Ht

)}
. (106)

As well,1262

Yt = zt (ΩtNt)
αn K̃αk

t (ΩtHt)
1−αn−αk ,

replaces the baseline model production function (51), and1263

wt = τtα
Yt

Nt
+qh

t (1− γh)
Hγh

t N1−γh
t

Nt
, (107)

replaces the intermediate goods firm’s labour first order condition (52) in the baseline model.1264

Stationarity proceeds as with the baseline model, where now we define q̂h
t =

qh
t

Xy
t

. As described1265

in the main text, Ht is already stationary.1266

E.4 Illustrative Calibration: Learning-by-doing Model1267

The illustrative calibration for the Learning-by-doing Model uses the same calibration as that1268

of the Baseline model, with the addition of the parameters related to learning-by-doing. There are1269
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two parameters related to learning-by-doing in the the model: the exponent on labor in knowledge1270

capital accumulation, ν , and, the depreciation of knowledge capital, δh. We choose a prior of 0.31271

for ν , consistent with values in the literature such as Gunn and Johri (2011), Cooper and Johri1272

(2002) and Chang et al. (2002b). There is little guidance in the literature for the depreciation pa-1273

rameter δh, other than the implicit assumption of 100% depreciation with log-linear specifications1274

of the knowledge capital accumulation equation in the specification of Chang et al. (2002b) and1275

others. We choose a value of 0.2 for δh, reflecting the assumption of a higher depreciation rate of1276

knowledge relative to physical capital, as discussed in the literature on learning-by-doing.1277

F Bayesian Estimation1278

The analysis in the main text shows that in a standard news shock model with inventories,1279

adding knowledge capital acquired through internalized learning-by-doing can generate the neces-1280

sary movement in wedges to yield a positive inventory response alongside an expansion in all other1281

macroeconomic aggregates in response to a TFP news shock. That analysis also shows that while1282

nominal rigidities are not enough on their own, they help with the model’s qualitative performance.1283

We now go a step beyond this analysis and assess the performance of an estimated “full” version1284

of the model. The specification features both knowledge capital and sticky wages and prices and1285

it allows the TFP news shocks to compete with other disturbances found relevant in the literature.1286

We estimate the model using Bayesian methods. The specification of the shock processes,1287

the treatment of observables, and prior choice is standard and close to related studies such as1288

Smets and Wouters (2007) or Schmitt-Grohe and Uribe (2012). We estimate the model over the1289

horizon 1983:Q1 - 2018:Q2, which is the same as in the VAR analysis. We use eight observables:1290

output, consumption, investment, inventories, hours worked, wages, the nominal interest rate and1291

the inflation rate. These are the seven observables of Smets and Wouters (2007) plus inventories.1292

We consider nine stochastic processes: a shock to the level of stationary TFP (zt), a shock to1293

the growth rate of non-stationary TFP (gΩ
t ), a shock to the growth rate of non-stationy IST (gϒ

t ), a1294

marginal efficiency of investment (MEI) shock (mt), a preference shock (Γt), a government spend-1295

ing shock (εt), a wage markup shock (νw
t ), a price markup shock (ν p

t ) and a monetary policy shock1296

ηt . Each exogenous disturbance is expressed in log-deviations from its mean as an AR(1) process,1297

whose stochastic innovation is uncorrelated with other shocks, has zero mean, and is normally1298
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distributed. In addition to the unanticipated innovations to the above shocks, the model allows1299

for anticipation effects for the stationary and non-stationary TFP processes as well as the non-1300

stationary IST processes. Our treatment of anticipated and unanticipated components is standard1301

and in line with the literature. For the processes with anticipated components we include four,1302

eight and twelve quarter ahead innovations. The prior means assumed for the news components1303

imply that the sum of the variance of news components is, evaluated at prior means, at most one1304

half of the variance of the corresponding unanticipated component. In addition to the shocks asso-1305

ciated with the nine key shock processes, we also include an iid measurement error on the resource1306

constraint.1307

F.1 Calibrated parameters and priors1308

We calibrate a subsection of the parameters and estimate the remaining parameters. The cali-1309

brated parameters are summarized in Table 3. These choice and values of the calibrated parameters1310

are standard, consistent with our illustrative calibration, and in general, not key parameters for the1311

inventory comovement capabilities of the model.1312

Table 3: Calibrated Parameters

Parameter Description Value

β Household subjective discount factor 0.996
σL Intertemporal elasticity of substitution 1
Nss Steady state hours-worked 0.2
δ Capital depreciation rate 0.025
α Elasticity of labor in production 0.64
G
Y Steady state government spending-GDP ratio 0.18
λw Steady state wage markup 1.1
u Steady state capital utilization rate 1
θ Goods aggregator curvature 6.8
gy Steady state output growth rate 1.00425
gϒ Steady state growth rate of relative price of investment 0.9942

We report prior distributions and posterior estimates in Table 4. Prior distributions conform1313

to assumptions in Schmitt-Grohe and Uribe (2012) and Smets and Wouters (2007). However, we1314

draw attention to a few key parameters. First, unlike the illustrative calibrations where we pushed1315

some key parameters values to a range that would give the baseline model the best chance of deliv-1316

ering procyclical inventory, in our prior choice we remain agnostic to this and specify prior values1317

located well within central ranges establish in the DSGE literature not concerned with inventory.1318
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In particular: (i) we specify a prior mean of 3 for the disutility of working parameter ξ , implying a1319

Frisch elasticity of labor supply of 0.5 (compared to 10 in the illustrative calibration); (ii) we spec-1320

ify a prior mean of 0.5 for δ ′′k (1)/δ ′k(1), the elasticity of capital depreciation (compared to 0.15 in1321

the illustrative calibration); (iii) we specify a prior mean of 4 for the s′′, the investment adjustment1322

cost parameter (compared to 1.3 in the illustrative calibration). Second, following Schmitt-Grohe1323

and Uribe (2012), we assign a uniform prior over the GHH/KPR preference parameter γ j over the1324

interval (0,1) to keep it largely uninformative as to the importance of TFP news in the posterior1325

estimations, given the importance of this parameter to the comovement capabilities of consump-1326

tion, invest and hours-worked in reponse to TFP news. Third, there are two parameters related1327

to learning-by-doing in the the model: the exponent on labor in knowledge capital accumulation,1328

ν , and the depreciation of knowledge capital, δh. We choose a prior of 0.3 for ν , consistent with1329

values in the literature such as Gunn and Johri (2011), Cooper and Johri (2002) and Chang et al.1330

(2002b). There is little guidance in the literature for the depreciation parameter δh, other than the1331

implicit assumption of 100% depreciation with log-linear specifications of the knowledge capital1332

accumulation equation in the specification of Chang et al. (2002b) and others. We choose a prior1333

of 0.5 for δh, approximately midpoint between the 100% depreciation rate case implied by the1334

log-linear specification and a rate more in line with physical capital depreciation (0.025).37.1335

F.2 Estimation results1336

Broadly speaking, the posterior parameter means are in line with those found in the literature on1337

medium-scale New Keynesian models. The estimated model features a highly elastic labor supply,1338

a weak wealth effect (via Greenwood et al. (1988) preferences) and a typical degree of habit1339

formation. There is a high degree of capital adjustment costs, while nominal adjustments costs1340

(wage and price adjustment and indexation parameters) are reduced relative to the prior and smaller1341

than in comparable New Keynesian settings. This indicates that much of the persistence arises from1342

real rigidities, which is also borne out by the estimates of the shock parameters. Interestingly,1343

despite a choice of prior values that remains relative agnostic to inventory considerations, the1344

resulting posterior means of the parameter values most critical to inventory comovement end up1345

37Overall, the results are relatively robust to alternatively specifying much lower or or higher priors on δh. Com-
pared to a log-linear specification of knowledge capital accumulation, our linear specification (which nests the log-
linear specification) proved to be much more stable under estimation.
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Table 4: Estimated Parameters

Parameter Description Prior Posterior Distribution Prior Prior
Mean Mean 10% 90% Distrib. Std.dev.

γ j GHH/KPR pref 0.5 0.002 0.002 0.0021 unif 0.2878
b Consumption habits 0.7 0.8682 0.8123 0.9268 beta 0.1
ξ Determinant of Frisch elasticity 3 1.0732 1.0593 1.0865 gamm 1
ν Labor in knowledge capital 0.3 0.0547 0.0372 0.072 beta 0.1
δh Knowledge capital depreciation 0.5 0.5053 0.3559 0.6492 beta 0.1
φ ′′k Investment adjustment cost 4 12.8448 7.967 17.65 gamm 1.5
δ ′′k (1)/δ ′k(1) Elasticity of capacity utilization 0.5 0.189 0.0729 0.3111 gamm 0.25
δx Inventory depreciation 0.05 0.0515 0.0488 0.0543 beta 0.0025
ζ Taste shifter curvature 0.67 0.6719 0.6552 0.6879 gamm 0.01
ρrn Taylor rule smoothing 0.5 0.5905 0.5538 0.6283 beta 0.025
φπ Taylor rule inflation 1.5 1.2112 1.1017 1.3144 gamm 0.25
φy Taylor rule output 0.05 0.0252 0.0172 0.0332 gamm 0.01
κ Price-adjustment costs 250 237.1511 195.3579 277.4332 norm 25
ζw Calvo wage parameter 0.75 0.7912 0.7413 0.8429 beta 0.05
ιp Price indexation 0.5 0.5283 0.3859 0.6689 beta 0.1
ιw Wage indexation 0.5 0.2957 0.1674 0.4214 beta 0.1

Parameters relating to stochastic processes:
ρz Stationary TFP shock persistence 0.5 0.8355 0.6398 0.9846 beta 0.2
ρΓ Preference shock persistence 0.5 0.4649 0.2742 0.6503 beta 0.2
ρm MEI shock persistence 0.5 0.8914 0.8654 0.9184 beta 0.2
ρεg Gov’t spending shock persistence 0.5 0.9929 0.9889 0.9971 beta 0.2
ρgΩ Non-stationary TFP shock persistence 0.2 0.3574 0.2934 0.4248 beta 0.05
ρgϒ Non-stationary IST shock persistence 0.2 0.25 0.1541 0.3479 beta 0.05
ρη Monetary policy shock persistence 0.5 0.791 0.7468 0.8352 beta 0.2
ρεp Price markup shock persistence 0.5 0.1141 0.013 0.2153 beta 0.2
ρεw Wage markup shock persistence 0.5 0.465 0.3245 0.6066 beta 0.2
σez Stationary TFP shock SD 0.5 0.1755 0.1119 0.2373 invg 1
σe4

z
Stationary TFP shock (4p news) SD 0.289 0.1195 0.0692 0.1689 invg 1

σe8
z

Stationary TFP shock (8p news) SD 0.289 0.1184 0.0687 0.1665 invg 1
σe12

z
Stationary TFP shock (12p news) SD 0.289 0.1168 0.0696 0.1634 invg 1

σeΓ
Preference shock SD 0.5 13.4991 7.4055 20.0224 invg 1

σem MEI shock SD 0.5 5.9187 3.9918 7.7519 invg 1
σeεg Gov’t spending shock SD 0.5 2.007 1.5797 2.4213 invg 1
σegΩ

Non-stationary TFP growth shock SD 0.5 0.3982 0.2722 0.5199 invg 1
σe4

gΩ

Non-stationary TFP shock (4p news) SD 0.289 0.1711 0.0822 0.2585 invg 1

σe8
gΩ

Non-stationary TFP shock (8p news) SD 0.289 0.1957 0.0921 0.294 invg 1

σe12
gΩ

Non-stationary TFP shock (12p news) SD 0.289 0.3331 0.2329 0.4366 invg 1

σegϒ
Non-stationary ISTC growth shock SD 0.5 0.9072 0.4468 1.3653 invg 1

σeη
Monetary policy shock SD 0.5 0.1472 0.1292 0.1652 invg 1

σeεp Price markup shock SD 0.5 0.1627 0.1378 0.1878 invg 1
σeεw Wage markup shock SD 0.5 0.3683 0.2996 0.4352 invg 1
σemsrt Measure error SD 0.251 0.473 0.4396 0.5 unif 0.144
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being favorable for inventory comovement and relatively close to the illustrative calibration. These1346

parameters include the disutility of working parameter ξ , the elasticity of capital depreciation1347

parameter δ ′′k (1)/δ ′k(1), and the GHH/KPR preference parameter γ j.1348

In terms of model fit, we compare the New Keynesian model with knowledge capital (the “full1349

model”) to a version without knowledge capital. The knowledge capital version scores consider-1350

ably higher on account of the (log) marginal data density (-1303.6 vs -1318.5). While there is an1351

implicit penalty for model complexity, the model with knowledge capital easily overcomes it.1352

In Figure 20, we report the impulse response functions at the estimated median value for all1353

parameters to a news shock, specified as the arrival of news on an anticipated and realized increase1354

in permanent TFP 8 periods out. From this figure it is evident that the estimated model generates1355

responses to an anticipated TFP shock that are qualitatively consistent with the empirical responses1356

reported in Section 2 and those in the illustrative discussion in Section 3.4.2: all macroeconomic1357

aggregates, including inventories, rise in light of news about higher future TFP, fuelled by a strong1358

rise in the accumulation of knowledge capital.38 These results provide evidence in favor of the1359

news shock view of aggregate fluctuations since anticipated technology shocks can in principle1360

replicate the unconditional comovement of output, investment, consumption, hours and inventories1361

observed over the business cycle.1362

38We also investigate the model’s ability to capture the typical behavior in response to other shocks, e.g. to unan-
ticipated TFP shocks.
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Figure 20: IRF to 8-period out non-stationary TFP news shock: Estimated model (Learning-
by-doing + sticky wages and prices)
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