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Abstract

We identify total factor productivity (TFP) news shocks using standard VAR methodol-
ogy and document a new stylized fact: in response to news about future increases in TFP,
inventories rise and comove positively with other major macroeconomic aggregates. We show
that the standard theoretical model used to capture the effects of news shocks cannot replicate
this fact when extended to include inventories. We derive the conditions required to generate
a procyclical inventory response by using a wedges approach. To explain the empirical in-
ventory behavior, we consider two mechanisms: sticky wages and the presence of knowledge
capital accumulated through learning-by-doing. Only the latter moves the wedges to quali-
tatively match the empirical behaviour. The desire to take advantage of higher future TFP
through knowledge capital drives output and hours choices on the arrival of news and leads
to inventory accumulation alongside the other macroeconomic variables. The broad-based co-
movement a model with knowledge capital can generate, supports the view that news shocks
are an important driver of aggregate fluctuations.
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1 Introduction

There is substantial evidence that expectations about future total factor productivity (TFP) are
an important source of aggregate fluctuations (see Beaudry and Portier (2014), and references
therein). Such TFP news shocks give rise to the observed comovement of aggregate quantities as
identified in a large body of empirical work on the incidence and effects on news (e.g., Beaudry and
Portier (2004)). Theoretical business cycle models can explain these findings under fairly general
assumptions and modeling components (see Jaimovich and Rebelo (2009)) and imply substantial
explanatory power of news shocks when taken to the data directly (e.g., Schmitt-Grohe and Uribe
(2012); Gortz and Tsoukalas (2017)).

In this paper, we extend the news shock literature to account for inventories and show that they
should take central stage in understanding the implications of news shocks. In the same vein, we
argue that news shocks are an important component in understanding the behavior of inventory
investment in addition to the standard mechanisms. Our paper uses inventories as a litmus test
for the empirical relevance of TFP news shocks and we find these shocks are an important driver
of aggregate fluctuations. In particular, we develop a new stylized fact and explain this fact in a
general equilibrium model of inventory investment.

The news-shock literature has largely ignored inventory investment, which is a component of
aggregate output and an adjustment margin to shocks that has long been recognized to play a large
role in explaining aggregate fluctuations (see Ramey and West (1999); Wen (2005)). While in-
ventory investment is only a small fraction of GDP, it plays an outsize role in contributing to the
latter’s volatility (see Blinder and Maccini (1991)). Aggregate inventories, in their dual role as in-
put and output inventories, are also central to business cycle transmission via production networks
(Iacoviello et al. (2011); Sarte et al. (2015)). Perhaps most importantly from our perspective is
that inventories have a strategic role in buffering anticipated and unanticipated supply and demand
disturbances. One might expect that news about such events would move inventories. Moreover,
they are forward-looking in the sense that storage and acquisition requires planning. The forward-
looking nature should make them responsive to news — which is precisely what we find.

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

and news-shock literature. Using standard news-shock identification methodology for a structural



vector autoregression (VAR) that includes inventories besides other quantity variables, we find that
in response to anticipated news about higher future TFP, inventories rise on impact along with out-
put, consumption, investment, and hours worked. This is a robust finding not only for the aggregate
data, but also across the retail, wholesale and manufacturing sector as well as for finished goods,
work-in-process, and input inventories. It is also robust across different approaches to identifying
anticipated technology shocks. The consensus in the literature is that, unconditionally, inventory
investment is procyclical (e.g., Ramey and West (1999)), whereby we identify a factor that induces
conditional procyclicality.! Our findings therefore support the insight from the existing literature
that news shocks are important drivers of business cycles.

Our second contribution is to identify the theoretical mechanism by which positive news about
future TFP generates an expansion of all macroeconomic aggregates, including inventories, which
is not a priori self-evident. In a conventional neoclassical framework with inventories, positive
news about future TFP implies a wealth effect. The associated rise in sales of consumption and in-
vestment goods creates demand, which drives up inventories in order to avoid stockouts. However,
the associated joint increase in sales and inventories can only be met through higher production.
This implies rising marginal costs, which provides incentives for firms to partly satisfy higher de-
mand by drawing down the inventory stock. This is reinforced by an intertemporal substitution
effect, whereby positive news provides incentives to reduce current inventory stock, but build it up
again in the future when high productivity is realized and marginal cost is lower.

We show that the standard news-shock model with inventories cannot explain our robust em-
pirical finding that the news-driven demand effect dominates the substitution effect. By means
of introducing general wedges into the standard model we isolate the components for labor sup-
ply and labor demand that are needed to replicate the empirical facts. We consider two potential
mechanisms that operate on marginal costs, namely either sticky wages and prices, or knowledge
capital. We find that the latter is qualitatively and quantitatively more successful. Importantly, the
response of inventories in our baseline model is consistent with and informative for the response
of marginal cost.

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

'We 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.



related to Schmitt-Grohe and Uribe (2012). It includes the trio of particular specifications of pref-
erences, investment adjustment costs and variable capital utilization, which are features generally
recognized in the news literature as needed for generating comovement of macroeconomic aggre-
gates in response to a TFP news shock. We extend this model to include finished goods inventories
based on the stock-elastic demand model of Bils and Kahn (2000). We then add knowledge capital,
which can be interpreted as an intensive margin of hours worked, for instance, as the knowledge
of how to best put to use an hour of work, based on earlier work by Chang et al. (2002), Cooper
and Johri (2002) and Gunn and Johri (2011).> We also impose a superstructure of nominal price
and wage rigidities along the lines of Smets and Wouters (2007).

The accumulation of intangible knowledge through a learning-by-doing process involving la-
bor addresses the shortcomings of the standard model in a straightforward manner. Firms acquire
skill-enhancing knowledge through a learning-by-doing process from experience in production.
The arrival of news about a future increase in TFP raises the value of knowledge in the present, in-
ducing firms to increase their labor demand by varying markups in order to accumulate knowledge
through experience. This has the effect of both contributing to the rise in hours worked, and thus
production, and of suppressing the rise in the real wage during the initial boom. Consequently,
the presence of knowledge capital limits the rise in marginal costs and increases the incentive to
accumulate inventories. More succinctly, the accumulation of knowledge capital allows the news-
shock-driven demand effect to dominate the substitution effect in production.

Our findings contribute to the large literature on the role of news shocks as drivers of ag-
gregate fluctuations. Considerable work has been done on studying mechanisms that generate
procyclical movements in consumption, investment, and hours in response to TFP news shocks,
e.g., Jaimovich and Rebelo (2009) and on studying their effects empirically in identified VARs
and estimated DSGE models, for instance, Barsky and Sims (2012) and Schmitt-Grohe and Uribe
(2012). The new aspect our paper adds to this literature is the focus on inventories, both in terms
of their behavior in a VAR with news shocks and in developing a theoretical framework to study
the empirical results. A large and long-standing literature investigates the empirical relation of

inventories with macroeconomic fluctuations and the implications of introducing inventories in

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.



theoretical frameworks (see Ramey and West (1999), for a comprehensive survey and critical as-
sessment). In our theoretical modeling of inventories, we are guided by Bils and Kahn (2000), who
highlight the unconditionally limited role of intertemporal substitution for variations in inventories
that is also documented in our work in the context of expectations about productivity.

Our paper is most closely related to Crouzet and Oh (2016), who introduce inventories into a
variant of the standard news-shock model of Jaimovich and Rebelo (2009), utilizing a reduced-
form stockout-avoidance specification. They show that, while this setup can generate positive
comovement of investment, consumption, and hours in response to stationary TFP news shocks, it
fails to do so in the case of inventories. The countercyclical inventory movement is then used to
inform sign restrictions in a structural VAR to identify TFP news shocks. Given the unconditional
procyclicality of inventory investment and the imposed negative sign restriction on this variable,
Crouzet and Oh (2016) come to the conclusion that such TFP news shocks are of limited impor-
tance for aggregate fluctuations. In contrast, we use a standard and widely used VAR methodology
to identify first the response of inventory movements to news about the growth rate of TFP. The ef-
fects of these non-stationary shocks have been the focal point of the majority of the news literature,
such as Barsky and Sims (2011) and Schmitt-Grohe and Uribe (2012). In response to these shocks,
positive comovement of inventories emerges as a robust stylized fact that we then rationalize in an
inventory model with a learning-by-doing propagation mechanism.

The remainder of the paper is structured as follows. Section 2 contains the main empirical
results. Section 3 introduces the theoretical model used to rationalize the empirical findings. We
trace out the required modeling elements and transmission mechanisms in general terms. We then

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

2 Inventories and news: Evidence from identified VARs

2.1 Data and estimation

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

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

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., Gali 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.



by private non-farm businesses and are valued at average prices of the period, which captures the
replacement costs of inventories.* Output is measured by GDP, and total hours as hours worked of
all persons in the non-farm business sector. Investment is the sum of fixed investment and personal
consumption expenditures for durable goods. Fixed investment is the component of gross private
domestic investment that excludes changes in private inventories. Finally, consumption is defined
as the sum of personal consumption expenditures for non-durable goods and services.

The time series are seasonally adjusted and expressed in real per-capita terms using total pop-
ulation, except for hours, which we do not deflate. In addition to the quantity aggregates, we also
use a measure of inflation that we construct from the GDP deflator and a consumer confidence
indicator that is based on the University of Michigan Consumer Sentiment Index.> This set of
variables is standard in the literature, apart from inventories. The consumer confidence measure
provides forward-looking information that potentially captures expectations or sentiment.®

Key to identifying the news shock in our baseline identification is a measure of observed tech-
nology. We follow the convention in the empirical literature and use the measure of utilization-
adjusted TFP provided and regularly updated by Fernald (2014).” As a baseline, we identify TFP
news shocks from the estimated VAR using the max-share method of Francis et al. (2014). This
approach recovers the news shock by maximizing the variance of TFP at a specific long but finite
horizon A, but does not move TFP on impact. The latter assumption implies that we impose a zero
impact restriction on TFP conditional on the news shock. Following Francis et al. (2014) and the
convention in the literature, we set the horizon 4 to 40 quarters. All variables enter in levels in line
with the news shock VAR literature (e.g., Beaudry and Portier (2004); Barsky and Sims (2011)).

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

“In 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.

SThis indicator, labeled ESY, 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.

"We use the 2018 vintage, which contains updated corrections on utilization from industry data.



bands are computed by drawing from the posterior. Since the VAR setup and our baseline news
shock identification is standard in the literature, we refer the reader to appendix A for further de-
tails. We first report on the results from the baseline identification and then scrutinize our results

against using alternative identification schemes proposed in the literature.

2.2 The empirical response of inventories to a TFP news shock

Figure 1 shows impulse response functions to a TFP news shock from the baseline identifica-
tion. It is striking that all activity variables, including private non-farm inventories, increase prior
to a significant rise in TFP. In response to news about higher future productivity, TFP does not
move significantly for the first 12 quarters. This pattern extends considerably beyond what is im-
posed by the zero impact restriction of no movements of TFP in the first period. The TFP response
peaks toward the end of the horizon.

In contrast, all quantity variables significantly rise on impact and follow a hump-shaped pat-
tern. Moreover, the peak response occurs before TFP hits its highest point. Positive comovement
between output, consumption, investment, and hours over this post-Great Moderation sample in
response to news has been documented before, for instance by Gortz et al. (2021). We add to these
previously established stylized facts the behavior of private non-farm inventories. In response to a
news shock, they rise somewhat on impact and continue to do so in a hump-shaped pattern until
reaching a peak at about 10 quarters. The change in the stock of inventories, inventory invest-
ment, is negative afterwards, while its level never falls below the zero line, its starting point.?
Importantly, the VAR results also reveal that the TFP news shock is a key driver for fluctuations in
inventories and GDP as it explains between 47-65% and 47-71% of the respective forecast error
variances over a horizon between 6-32 quarters.’

We consider a variety of additional specifications to assess the robustness of our findings.
First, we show in appendix B.5 that the results are robust to alternative specifications for the news
identification horizon /4 and also hold in a very small-scale VAR or if other variables are included
in the VAR system. We also consider longer sample periods for the specification with non-farm

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

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.



appendix B.2. We find that the impulse response patterns identified in our baseline specification

carry over to the two longer samples qualitatively and to a large extent also quantitatively.'?

2.3 Robustness: alternative news shock identification

While our baseline max-share identification is widely used in the literature, it crucially relies
on the observed TFP series. The series we employ is arguably the best measure for TFP available,
yet it is likely to suffer from a certain degree of measurement error. For this reason, we subject
our empirical findings above to alternative identifications for news shocks recently suggested in
the literature. The alternative identification approaches fall broadly into two categories. The first
relies on Fernald’s TFP series as an observable, but attempts to mitigate any effects of potential
mis-measurement. The second does not rely on TFP, but uses patents to broadly capture news
about future technology.

Kurmann and Sims (2019) argue that the TFP measure is likely to be confounded by business
cycle fluctuations due to imperfect measurement of factor utilization. This is particularly prob-
lematic in light of the zero-impact restriction imposed in the baseline identification scheme. For
this reason, Kurmann and Sims (2019) suggest to recover news shocks by maximising the forecast
error variance of TFP at a long finite horizon, as in our baseline identification, but without impos-
ing a zero-impact restriction on TFP. They argue that allowing TFP to jump freely on impact in
response to the news shock, produces robust inference to cyclical measurement error in the con-
struction of TFP. Figure 2 shows the impulse responses under the Kurmann-Sims identification.
Over our considered time horizon, these responses are qualitatively and quantitatively very simi-
lar to the ones reported from our baseline. Importantly, both identification schemes suggest that
inventories increase in anticipation of higher future TFP. Even without the impact restriction, TFP
rises significantly only with a substantial delay.!!

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

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

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).

T Appendix 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).



patents include information about future TFP movements since firms engage in activities to take
advantage of expected technological improvements or are the originators of such productivity ad-
vancements. The patent system is designed to reveal such news without the full set of improve-
ments necessarily being in place. Following the methodology in Cascaldi-Garcia and Vukotic
(2020) and Kogan et al. (2017) we construct a quarterly aggregate patent series from panel obser-
vations on patents associated with stock market listed firms in the CRSP database.!?

We then follow Cascaldi-Garcia and Vukotic (2020) in using this series to identify responses
to patent-based news shocks in a Bayesian VAR based on a simple Cholesky identification with
the patent series ordered first. Figure 3 shows impulse responses to this patent-based news shock.
They are qualitatively consistent with the responses in the baseline specification.!> TFP rises
significantly only with a delay, even though there is no zero-impact restriction applied. Consistent
with the findings in Cascaldi-Garcia and Vukotic (2020), activity variables as well as consumer
confidence rise. We add to their findings by documenting a rise in inventories, which is consistent
with the evidence based on the other news shock identification schemes considered above. These
results are interesting on their own as we construct a time series for value weighted patents up
to 2018Q2, which extends the sample used in Cascaldi-Garcia and Vukotic (2020). Due to data
limitations at the time they conducted their study, they only show responses for a time horizon up
to 2010. We conclude that the consistency of all results in this section provides robust evidence

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

2.4 The empirical evidence and structural models

We can summarize our findings at this point as follows. Evidence from an identified VAR
shows that a news shock signalling higher future productivity leads to an increase and subsequent
positive comovement of all aggregate variables we considered. The new fact that we document
in our paper is that this pattern extends to the response of inventories and is broad-based across

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

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.

3The 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.



need not be obvious a priori. Conceivably, they could decline initially to satisfy higher demand
instead of higher production. Moreover, higher TFP in the future reduces the cost of replenishing
a drawn-down inventory stock. At the same time, firms may increase inventories to maintain a
desired inventory-sales ratio, which counters this effect. It is along these margins that the success
of a theoretical model to replicate the empirical findings rests.!#

Jaimovich and Rebelo (2009) document the elements necessary in a theoretical model to fa-
cilitate comovement of consumption and investment in response to news about future higher TFP.
Specifically, they show that a strong increase in utilization and hours worked are key components.
Positive news stimulates consumption through a wealth and income effect. The latter is driven by
increased hours worked to raise production in order to satisfy that demand. Similarly, investment
increases to support the higher capital stock to take advantage of higher future TFP. This reasoning
is corroborated in our baseline VAR corresponding to Figure 1, where we add additional variables
one at a time. Selective impulse responses to a TFP news shock are reported in Figure 4.1

Figure 4 shows that the inventory-to-sales ratio moves countercyclically in response to a news
shock. This is a key observation that informs our thinking about a theoretical model. Counter-
cyclicality of the inventory-to-sales ratio is a necessary condition for comovement of inventories
with the other macroeconomic aggregates. The literature on inventories often does not only con-
sider their level but also their change, which provides an indication about inventory investment.
The figure shows a positive response of inventory investment which is broadly consistent with the
response of the level of inventories documented in Figure 1. Figure 4 also documents a strong
increase in capital utilization. The positive hump-shaped response of the real wage is consistent
with the increase in hours documented in Figure 1. It is also indicative of a hump-shaped increase

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

14Gortz 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).

SThe 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.



considered to understand the response of knowledge capital. Intellectual property products pro-
vide suggestive evidence for a possible channel of how news propagates and affects the production
process. Figure 4 shows that intellectual property products rise in response to a news shock, com-
mensurate with the behavior of other variables considered so far. The same holds for the number
of issued patents. This suggests that a central component of a news-driven business cycle model
that is consistent with the empirical evidence could be the accumulation of knowledge, residing
with households as human capital or embodied in physical capital. In the next section we build a

theoretical model along the lines suggested by these findings.

3 Theoretical model

We now develop a business cycle model to rationalize the findings of the empirical analysis.
Our baseline framework is the flexible wage and price model of Schmitt-Grohe and Uribe (2012)
augmented by inventories. Their model uses the particular specification of preferences, investment
adjustment costs and costly capacity utilization of Jaimovich and Rebelo (2009), which has be-
come the workhorse framework in the news shock literature. We model inventories as in Lubik
and Teo (2012), based on the stock-elastic demand model of Bils and Kahn (2000), where finished

goods inventories are sales-enhancing.

3.1 Model description

The model economy consists of a large number of identical infinitely-lived households, a com-
petitive intermediate goods-producing firm, a continuum of monopolistically competitive distrib-
utors, and a competitive final goods producer. The intermediate goods firm owns its capital stock
and produces a homogeneous good that it sells to distributors. This good is then differentiated by
the distributors into distributor-specific varieties that are sold to the final-goods firm. The varieties
are aggregated into final output, which then becomes available for consumption or investment. We
adopt this particular decentralization since it is convenient for modeling finished goods inventories
by separating the production side of the economy into distinct production, distribution, and final
goods aggregation phases. The model economy contains several stationary stochastic shock pro-
cesses as well as non-stationary TFP and IST shocks. In addition to the TFP shocks, we include a

suite of shocks that are standard in the literature to facilitate estimation that we detail in the online

10



appendix.
3.1.1 Intermediate goods firm

The competitive intermediate goods firm produces the homogeneous good Y; with technology:
Y, = F(Ni, K Ho 2, Q) = 20 (QuN:) ™ K™ (Q,H) '~ %, (1)
where z; 1s a stationary exogenous stochastic productivity process, £; is a non-stationary exoge-
nous stochastic productivity process, and H is a fixed factor that allows for decreasing-returns-to-
scale to N; and 15 as in Jaimovich and Rebelo (2009) and Schmitt-Grohe and Uribe (2012).16 We
assume that the growth rate of €, gf2 = Q;/Q,_1, is stationary.
In each period, the firm acquires labor N; at wage w; from the labor market, and capital services
K, at rental rate r; from the capital services market. It then sells its output Y; at real price 7; to the
distributors. The firm’s profit maximization problem results in standard demand functions for labor

and capital services, respectively: w; = o, 1,1% and r; = akr,%. Additionally, we find it convenient
1

to define the marginal cost of production for intermediate goods, mc; = 377 = where

Wi
oY, /Ny
MPN, = Fy, is the marginal product of labor. It then follows that the output price 7; is equal to the

marginal cost of production mc;.
3.1.2 Final goods firm

The competitive final goods firm produces goods for sale S; by combining distributor-specific

varieties Sy, i € [0, 1], according to the technology

11 e Jer Ay ¢
S, = [/ vis,? di] . with vy = (A—) , and  6>1,0>0.
0 t

where V;; is a taste shifter that depends on the stock of goods available for sale A;;. The latter is
composed of current production and the stock of goods held in inventory.!” We assume that v;
is taken as given by the final goods producer and A; is the economy-wide average stock of goods
for sale, given by A; = folAi,di. The parameters 6 and { capture, respectively, the elasticity of
substitution between differentiated goods and the elasticity of demand with respect to the relative

stock of goods.

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 p; = P;/F;, where P, =

[ fol v,~,Pl-t_9di] = is the aggregate price index. It sells the final good for use in consumption

or as an input into the production of investment goods. The firm maximizes the profit function
I =S, — fol %’S i+di by choosing Sj;, Vi. This results in demand for S;; for the ith variety:

Sit = VP °St. 2)

An increase in V;; shifts the demand for variety i outwards. This preference shift is influenced

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

maintain inventory to drive customer demand and avoid stockouts.
3.1.3 Distributors

We close the production side of the model by introducing inventories at the level of the distrib-
utors. We follow Bils and Kahn (2000) in modeling inventories as a mechanism that helps generate
sales, while at the same time implying a target inventory-sales ratio that captures the idea of stock-
out avoidance. Distributors acquire the homogeneous good Y; from the intermediate goods firms
at real price 7;. They differentiate Y; into goods variety Yj; at zero cost, with a transformation rate
of one-to-one. Goods available for sale are the sum of the differentiated output and the previous

period’s inventories subject to depreciation:
Aip = (1—6¢) Xip—1 + Yir, (3)
where the stock of inventories X;; are the goods remaining at the end of the period:
Xit = Air — Sits @)
and 0 < O, < 1 is the rate of depreciation of the inventory stock.
The distributors have market power over the sales of their differentiated varieties. The ith

distributor sets price p;; for sales Sj; of its variety subject to its demand curve (2). Each period, a

distributor faces the problem of choosing pj;, Si, Yz, and Aj; to maximize profits:

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

o ok Ak | Ptk
E Y B = | == Siak — ik |
=0

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

wealth A,. Substituting the demand curve for Sj, and letting  and p* be the multipliers on the

12



two other constraints, we can then find a representative distributor’s first-order conditions:

o= M, &)
x A

o= (1- )ﬁEr L, (6)
. S S;

W= L +uf< CA—) (™
Pil _ 9 X

Ft - 6_1“1‘7 (8)

which are, respectively, the optimal choices of Y, Xj;, Aj;, and P;. The optimality condition (5)
implies that the cost of an additional unit of goods for sale, 7;, is equal to the value of those goods
for sale, namely p;*. Since inventories at the beginning of a period are predetermined by the law
of motion for A;, a distributor can only further increase its stock of available goods for sale by
acquiring additional output Y.

The optimality condition (6) relates the current value of an additional unit of inventory to the
expected discounted value of the extra level of goods available for sale next period generated
by holding inventory. Since any increase in sales results in a reduction in stock holdings, the
opportunity cost of sales for the distributor is equal to the value of foregone inventory p*, which
can be thought of as the marginal cost of a sale. The marginal cost of sales is thus equal to
the expected discounted value of next period’s marginal cost of output, since increasing sales by
drawing down stock in order to forgo production today means that the distributor will need to
increase production eventually in the future.

The optimality condition (7) connects the marginal value u/ of a unit of goods available for
sale to the value of the extra sales generated by the additional goods available plus the value of the
additional inventory yield from the unsold portion of the additional goods. We can combine the

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

N B (R ©)

This equation implies that the distributor chooses A;;, such that the benefit of accumulating goods
for sale, either via purchasing new production or stocking inventory, is equal to the marginal cost
of output 7;. We will refer to this equation as the distributor’s optimal stocking condition.

Finally, the optimal pricing choice (8) sets the distributor’s relative price as a constant markup
over the marginal cost of sales as in a standard flexible price model with imperfect competition,

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

and marginal costs of output, but one that varies with the value of foregone inventory L.
3.1.4 Further model elements and model solution

The household and government side of the model economy are standard and follow Schmitt-
Grohe and Uribe (2012). Further details and derivations are in appendix C.1.1. The non-stationary

exogenous stochastic TFP process €;, with growth rate gfz is given by:!8
Q Q
8\ _ 811 @ . &0 4 8 12
In (g—g) = ng In g_'Q' —}—u, s with u; = 8ggt+£th74+eng_8+8th712,
where sggt is an unanticipated shock and 8; %) is a news shock that agents receive in period

t about the innovation in time 7 + p. Model equilibrium, stationarization and solution method are

standard and we discuss these in detail in appendix C.2.

3.2 Understanding inventory dynamics

We begin our model analysis by examining the response of inventories to TFP news in a
calibrated version of the model introduced above. Our choice of parameter values is guided by
the existing literature, where we maintain comparability with Jaimovich and Rebelo (2009) and
Schmitt-Grohe and Uribe (2012) for the aspects of the news shock mechanism and Lubik and Teo
(2012) for the inventory component. This calibration is detailed in Appendix C.3 as it is purely for
illustrative purposes.'?

Figure 5 reports the impulse responses of key model variables to news about a future per-
manent increase in TFP that will be realized in 8 quarters as anticipated. With the exception of
consumption, all macroeconomic variables decline in response to the news. Moreover, after the
initial drop, inventory declines rapidly over time until the actual realization of the TFP shock.
Consequently, the response of the major variables in the model is at odds with our VAR-based
empirical evidence. This finding is corroborated analytically in the following subsections. In ad-
dition, the figure also illustrates how incorporating inventories in an otherwise standard model can

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

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

18We discuss details of the other shock processes in the online appendix, where we estimate the model.
9In 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 understand
the behavior and role of inventory holdings. We frame our discussion in terms of demand and sup-

ply schedules in the model economy’s market for produced output ¥; with market-clearing price

T;, which in the baseline model, is also the marginal cost of production.20

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

distributors:

cs, 6—1 (/6 -1
“Sea e T i+x/s 6 (x), (10)

where ); = %, and 7/(-) < 0, and the inventory accumulation equation, formed by combining (3)
and (4):
Xt:(l_éx)thl'i_Yt_St- (11)

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

X
S

the distributor targets a sales-to-stock ratio i—’t, or equivalently, an inventory-sales ratio, }; =
for a given level of marginal cost of output 7;. All else equal, the distributor increases inventory
holdings with a rise in sales, what may be labelled the demand channel. Similarly, inventory
holdings are reduced with a rise in current marginal costs, what may be labelled the cost channel.?!
Equation (11) describes the law of motion of inventory accumulation and shows the two margins
of adjustment: a given increase in sales S; can be satisfied with either a decrease in inventory X;, an
increase in output ¥;, or some combination (which may involve both an increase in X; along with
Y;). The optimality condition embedded in 7 ();) governs the trade-off between these two margins.

We now define (%) = 77! (), so that )S%’ = x(t,) expresses the optimal stocking condition

that relates the inventory-sales ratio to a given level of marginal costs 7;. Using this in the inventory

accumulation equation (11) gives:
Y =0+x(%)S —(1—68)X_1, (12)

which is downward-sloping in (¥;, 7;)-space. The optimal stocking condition combined with the

200ur analysis is focused on the news phase, which is the range of time defined from # = 1 when the news shock
arrives, to the period # + p — 1, namely one period before TFP actually changes in period ¢ 4+ 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.

2IThe constant term % represents the expected discounted value of future marginal costs since % =

B(1—6,)E; ’1’/{:1 T;+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 Y;. All else equal,
higher marginal cost implies a lower inventory-sales ratio, and thus lower demand for Y}, as distrib-
utors seek to run down inventory stock. Similarly, an increase in sales shifts the curve outward and
raises the demand for ¥; as the distributors seek to maintain their sales-inventory ratio by increasing
their holdings.

Output Supply. The supply schedule in the market for output is derived from the labor market
equilibrium condition and the production technology. For ease of exposition, we abstract from the
income effect in the utility function (y; ~ 0) and assume no habits in consumption (b = 0). This

results in:
[7 apn 1
T=y=—0, ™Y, ) (13)

where Q; = ZIQ,I % (K,)ak , and g—;ﬁ > 0 for & > a,, so that the curve is upward-sloping for rea-
sonably elastic labor supply.

Response to TFP News. The supply and demand schedules for output ¥; at marginal cost
T, are depicted in Figure 6. Arrival of positive news about future TFP implies a wealth effect
that drives up current demand for consumption. In our inventory framework, this also raises the
demand for sales of distributors, which shifts their output demand curve (equation (12)) outward
from D to D' in Figure 6 as agents increase their demand for newly produced goods. The shift
in demand puts upward pressure on 7;, which would imply a lower inventory-sales ratio via the
optimal stocking condition. We can see from equation (12) that for a given rise in sales the extent
of the rise in marginal cost determines whether inventories rise or fall. If the rise in marginal costs
is large, inventories must fall in order to reduce the inventory-to-sales ratio enough for equation
(12) to still hold as it becomes more attractive for distributors to draw down stock in the present
in order to avoid the high current production costs. On the other hand, if the rise in marginal costs
is small, inventories can still rise along with increasing sales as long as the rise is proportionally
less than sales such that the inventory-to-sales ratio still falls and (12) holds. In fact, as long
as marginal costs increase, a countercyclical inventory-sales ratio, which is consistent with our
empirical evidence in Section 2.4, is a necessary condition for positive comovement of inventories
with other aggregate quantities.

Inventory Comovement. We now build on the previous discussion to characterize conditions
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under which inventory responds procyclically.”> We combine (10) and (11) to eliminate sales S;:

1
I+—— | X, =(1-6,) X1+ Y, 14
( ?C(%)) ( J % (19

such that the output demand equation reads:
T = Q' (Vs X, X,1).- (15)
Similarly, we use the capital market equilibrium conditions to eliminate capacity utilization from

the supply schedule (where ¢F is the price of capital):

T = Q' (Visq;, Kr). (16)
We can then use equations (15) and (16) to characterize the dynamics of X; relative to ¥; for given
values of ¢* and K;. To gain additional insight, we focus on the linear approximation of the de-
trended equivalents of these equations around the steady state. We are interested in the conditions
under which inventory co-moves with output. As such, we wish to isolate the conditions under
which £; > 0 for y; > 0, where “hats” denote percent deviations from the detrended stationary
steady state. Linearizing (15) and (16) and imposing X; > O for y; > 0 yields the inventory comve-
ment condition (see appendix C.4 for the detailed derivations):

(5-1)-0
n u 1 0 A 1 (1-9
AP, - £uk[+9uc}f—f—u)€,_l <0, (17)

1+6, se. | 1+, se &

where J; > 0, & = |))C(/((’:)) 7| and 6, = O% lff’;u. This inequality describes the equilibrium response
consistent with X; > 0 for y; > 0 in the market for output, conditional on the general equilibrium
response of c}i, K; and %_1. As such, the sign of the expression on the left-hand is a function
of both the sign of the coefficients, as well as the sign and magnitude of the particular general
equilibrium response of y;, lAct, c}’,ﬁ, and £;_.

We provide a detailed discussion of the co-movement condition (17) in appendix C.4, where
we derive analytic conditions for inventory co-movement to hold. We summarize these results as
follows. In the initial period ¢ = 1 when news arrives, k, = 0 and £,_; = 0. Satisfying the equation

(17) for y; > 0 thus depends only on the sign of the coefficient on J; and the sign and magnitude of

G¥. The coefficient on §; measures the relative slope of the output demand and supply schedules and

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
Gortz 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 then
rests on the response of g¥. As is well known in the literature, with the flow-form of investment
adjustment costs used in the model, §* does respond negatively to news of a future rise in TFP.
However, it is not enough to satisfy condition (17) on its own on impact. Consequently, inventories
fall for all relevant parameter values.

During the transition periodt =2tof+ p—1, arise in k; and £,_, or a fall in qf‘ can potentially
shift the output supply curve enough to relax condition (17). Yetif X;_; < O as it is here on impact,
the &, | terms actually works in the wrong direction, making the condition more difficult to satisfy.
Additionally, assuming an expansion where output growth is positive for several periods such that
Vi1 > Vs, the positive coefficient on y; in (17) means that any factors that shift the output supply
curve have to shift it to overcome the increase in y; over time. While movements in k; and qf offer
the potential to shift the output supply curve over time, our simulations suggest that these factors
are not enough, and that their combined effect is overwhelmed by the rise in y;.

We conclude that the baseline model is likely not consistent with inventory comovement.
Specifically, the respective slopes of the output supply and demand curves do not on their own
satisfy the inventory comovement condition during the news-period. However, our analysis points
to the endogenous response of factors that shift either of these curves on impact and in subsequent
periods. Investment adjustment costs is a possibility, yet our simulations suggest that variation in

g~ on its own is unable to satisfy the comovement condition.

3.3 Uncovering the missing elements: a wedges approach

We now re-examine the inventory dynamics of the baseline model to understand the potential
missing elements that would otherwise allow inventory to respond procyclically. The analysis in
the previous section points towards missing endogenous shifters in the output supply curve. We
study this aspect by introducing wedges into the model in the spirit of Chari et al. (2007). Such
wedges can be interpreted as endogenous equilibrium objects that represent deviations of some
other candidate model in equilibrium from the baseline model.

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

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

Y, = 9FF (N Kt H 21, Q1) = 07 (QuiNy) * R (QuH)' %%
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where @/ is an efficiency wedge. The firm’s optimal labor demand in the baseline model is given

by 2t = 1,, where F,, = MPN;, while in the alternative model this same condition is:
Wy (%
—— = =, (13)
¢teF Nt tld

where ¢¢Fy; = MPN,, and where ¢/¢ is a labor demand wedge. Consequently, time variation in
ld serves as an additional source of shifts in labor demand relative to the baseline model.
We note that the labor demand wedge ¢)tld affects the optimality condition but not the pro-
duction technology directly, whereas the efficiency wedge ¢¢ enters into both. ¢/¢ can thus be
interpreted as a type of markup, such that a decrease is associated with an increase in labor de-
mand. On the other hand, an increase in the efficiency wedge ¢/ raises both labor demand and
goods production. Given our earlier definition of marginal cost of production as mc,; = w;/MPN;,
we can alternatively write equation (18) as ¢/¢ = e which highlights the interpretation of the
labor demand wedge as a markup of the price of output over marginal cost of production.
Turning to the households, the labor first-order condition in the baseline model is MRS; = wy.
We introduce a labor supply wedge ¢ operating in an alternative model, which implies the labor

supply condition:

MRS, = =L,
t

All else equal, time-variation in (pjs serves as an additional source of shifts in labor supply relative
to the baseline model. As with the labor demand wedge, ¢)tld can be interpreted as a markup, such
that a reduction in ¢/¢ is associated with an increase in labor supply. Labor market equilibrium
then results in the expression

MRS; ¢ITIFN),‘7 (19)

where ®; = ¢f is the overall labor wedge, and ¢! = ¢/*¢/? is the (combined) labor markup wedge.

l

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

implies the following modified output supply curve:

g _£ <
o=y
n

B’L}

Since pron

< 0, the output supply curve is shifted outwards by a reduction in the labor supply wedge
/s, a reduction in the labor demand wedge ¢/, or an increase in the efficiency wedge ¢¢. This
limits the rise in 7; for any given increase in sales associated with news and thereby reduces the

required decline in the inventory-sales ratio from the distributor’s optimal stocking equation (10).
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Consequently, such changes in the respective wedges increase the possibility that inventories rise
along with sales.
Similarly, we can extend the linearized co-movement conditions x; > 0 for y; > 0 to incorporate

the wedges. This yields:

£ >_9 £

0 ooy 1) 0, o x1(1=6) 1+ . 0, 4

~ |- ek, + 0,48 — = — - " §e <0.
116, se, | T Tqe, BT T S T 1+9u¢t+1+8u¢‘

(20)
where y; > 0.

The wedges framework highlights the margins required to satisfy the comovement condition
through either increases in the efficiency wedge (ﬁf or decreases in the labour supply and demand
markup wedges through (ﬁ,’. While there are potentially many different models that could yield
movement in these wedges, we can isolate two general characterizations of the required movement
in the wedges relative to the baseline model. First, a wedge should respond on impact in order to
prevent an initial drop in inventory. Second, the combined effect of the wedges should grow over
time in order to match the positive growth in ¥, through the expansion and allow inventory to rise

along with ;.
3.4 Two potential candidates

We consider two candidate models for generating movement in the labor wedges discussed
above. The first model uses nominal rigidities; while the second model is based on a specific type
of a real rigidity. We discuss each in turn, analyzing their impact on inventory dynamics relative

to the baseline model.
3.4.1 Nominal rigidities: Sticky wages and prices

Our first candidate model uses sticky wages and prices to generate endogenous movement in
the labor wedges. These are natural candidates to examine in our context since they operate by
ultimately altering markups in the labor market. We introduce sticky prices as in Lubik and Teo
(2012), whereby we assume that distributors face convex adjustments costs in setting prices. The
sticky-wage component follows the decentralization of Schmitt-Grohe and Uribe (2012) and Smets
and Wouters (2007). Finally, we close the model with a standard monetary policy nominal interest

rate rule. Since these extensions to the baseline model are relatively standard, we discuss them
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only briefly, leaving the details to appendix D.
Labor Supply and Output Demand Wedges. The sticky-wage framework results in a time-
varying markup (" between the wage w; paid by the intermediate goods firm and the wage w

paid to the household, such that:

W_Wf
M = —
Wi

The dynamics of u,” is captured by a wage Phillips curve. In the context of our wedges framework
in the labor market, the presence of sticky wages corresponds to ¢/ = ", ¢/¢ =1 and ¢ = 1.
The sticky-price framework results in an additional wedge in the output demand side of the
model. Unlike in the flexible price version, where the markup between the marginal cost of sales
and price is constant, the distributor’s pricing condition under sticky prices implies that this markup
is time-varying. This means that the value of forgone inventory, u*, which we previously in-
terpreted as the marginal cost of sales, is no longer constant. As such, this introduces () as a

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

Sit . Sit
=Cpy— 1-C— ). 21
Tt CpltAit + ( CAiz) (21)

Solving for y; = g%’ yields:

-
= — l = T X
Xt CTt_,u[x X( l‘nut)v
where x;(t) = axg—’ft“’x) < 0and yxu(r) = ax((f—;tf’x) < 0. pf is equal to the expected discounted

value of future marginal costs, i = (1— &) ﬁEtZ’TT'T,H. The derivative ),«(t) represents an
intertemporal substitution effect on the inventory decision: all else equal, if marginal costs are ex-
pected to be lower in the future relative to the present, it is optimal to defer inventory accumulation
and run down inventory levels today. Compared to the baseline model where we identified a de-
mand channel and a cost channel to the inventory decision, we can now think about a current and
expected future cost channel in addition to the demand channel as key transmission mechanisms.
Introducing sticky prices adds an additional term to the comovement condition, which is now

given by the following expression in the presence of wedges:

s >_9 4

Qp u y 1 A eu 2 o X 1 (I_SX) 1+05_ e 9'4 2l XAX

N L kit 0,45~ P -
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(22)
for y; > 0. If expected discounted future marginal costs are low relative to today (for instance,

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

Response to TFP News. Figure 7 reports the impulse responses of key model variables to
news about a future permanent increase in TFP that will be realized in 8 quarters as anticipated.?*
In contrast to the results discussed in section 3.2 for the baseline model, consumption, investment,
hours, utilization and output now rise on impact and then grow in subsequent periods. Inventories
increase slightly on impact, however, it falls thereafter as output booms and only rises over the
following periods.

From the perspective of our wedges analysis through the lens of our co-movement condition
(22), sticky wages cause a drop in the labour supply wedge ¢/ on impact. This shifts the output
supply curve outward and contains the initial rise in output price 7;, thereby allowing inventories
to increase along with hours and output. In the following periods, however, the rise in Y; drives up
marginal costs, making condition (22) more difficult to satisfy without further endogenous shifts
in output demand or supply. In fact, the gradual adjustment of nominal wages over time means
that wage markups rise back towards their steady-state levels. As a consequence, the effect of the
labor supply wedge ¢/ diminishes through the expansion.

We therefore conclude that the sticky wage and price model only achieves one of the two
requirements for wedges that we discussed earlier. While sticky wages produce a drop in the labor
wedges on impact, there is no further sustained decline in either the labor or efficiency wedges
over the ensuing periods to overcome the rise in marginal costs from the rise in output. Thus,

inventories fall over time while the rest of the economy boom:s.
3.4.2 Learning-by-doing model

Our second candidate model uses real rigidities to generate endogenous movement in the labor
wedges. Specifically, we allow for time-variation in the production input H of the baseline model.
One interpretation of this input is as a type of intangible capital that we refer to as knowledge
capital. Following Chang et al. (2002) and Cooper and Johri (2002), we assume that this input

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

23We emphasize that the additional {1 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 fI;* term would drop out of (22).

24*We 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.?’

Introducing Knowledge Capital in the Baseline Model. We assume that the acquired tech-
nological knowledge resides with the firm. This has the distinct advantage that relative to the
baseline model the modification only impacts the specification of the intermediate goods firm.
The respective firm now produces the homogeneous good Y; using the technology:

Y, =z (QuN:) * K (QHy ) '~ %% (23)
where the stock of time-varying knowledge capital H; evolves according to:
Hoyi=(1—8)H,+H"N""  where 0<8& <1, 0<yp<l1, v,>0. (24
The knowledge capital accumulation (24) nests a log-linear specification for 8, = 1 common in the
literature such as in Chang et al. (2002), Cooper and Johri (2002) and d’ Alessandro et al. (2019),
but also allows for a more general linear formulation for 0 < §, < 1.26

The intermediate goods firm’s optimization problem now involves choosing N, K, and H;ito
maximize Ey Y %Hf subject to the production function and knowledge capital accumulation
equation, where Hf =1Y; —wN;, — r,I?,. Relative to the baseline model, the first-order condition
with respect to N; is modified and the first-order condition with respect to H; is new. Defining

g"" as the Lagrange multiplier on (24), these are given by, respectively:

1=
Yo H/"N,
= Gt 1—y) 25
Wy t N, +q/(1—m) N, (25)
h 1*7}:

A Yo H" N
q = BE; (1= 0w — )G+ gy [ 1= 8+ p (26)

A’t+l Ht+1 Ht

The presence of internalized knowledge capital in the firm’s technology adds an additional term
into the firm’s hours-worked first order condition (25) that shifts labor demand. A rise in the

value of knowledge capital, g/, increases labor demand as the firm attempts to increase H;. Then

2 The 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.

261n 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 q? as a function of the expected discounted value of the marginal product of that
knowledge capital in production next period and the continuation value of that knowledge capital.
Knowledge Capital and Labor Wedges. We can write equation (25) as:
T T

’)/h 1_7/11

T T Y /i
Y, t h N,
Wt/(anﬁ,) mcy Wi lVy

Given our definition of the labor demand wedge ¢/¢ = m%z it then follows that this wedge in the

learning-by-doing model is given by:

HIYhNtl i
WtNt

The presence of knowledge capital drives a wedge between the output price 7; (marginal cost

(= 1-q/(1-m) (27)
of output) and the marginal cost of production mc; that acts like a markup. When the value of
knowledge g” is high, the firm increases hours-worked in order to increase knowledge, thereby

decreasing the markup. Similarly, we can derive a modified efficiency wedge:
, Yt Hz 1—o0y,— oy
¢ = 2 (QN,)* Etock (.QIH)F(X”*O‘" = (ﬁ) . (28)
By virtue of H; being predetermined in production, the efficiency wedge does not move on impact.

Rather, it grows over time as the firm accumulates knowledge, shifting the firm’s marginal product
of labor.

Overall, the learning-by-doing specification results in two wedges: a labor demand wedge ¢)tld
which moves on impact with the arrival of TFP news as the firm seeks to ramp-up production and
reduce its markup; and an efficiency wedge ¢/, which reflects the gradual increase of knowledge
in the production function, putting downward pressure on the marginal cost of production.

Response to TFP News. Figure 8 reports the impulse responses of the learning-by-doing spec-
ification to the same 8-quarter ahead TFP news shock as considered before.?’ Notably, inventories
now rise on impact and then increase in the ensuing periods along with the other major macroeco-

nomic variables.”® We can again understand this response through the perspective of our wedges

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.

Z8Figure 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,

1—0y—0o
applying Fernald’s growth accounting methodology to the model corresponds to equation (23) thtl ~% % ‘

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.

The value of an incremental unit of knowledge, ¢/, depends on the additional future profits
that it returns for the firm (see the firm’s 4, first-order condition, (26)). When news of higher
future TFP arrives, the firm anticipates that output and profits will be higher in the future relative
to today. This increases the marginal product of knowledge capital in the future in a manner that
is complementary to the effect of higher TFP and physical capital. The rise in qf’ shifts the firm’s
labor demand outwards as it seeks to increase its knowledge capital by using additional labor (see
the firm’s first-order condition (25)). In effect, the rise in the value of knowledge capital causes
the firm to increase hours and to lower the markup between the output price 7, and the marginal
cost of production, mc;, which reduces the labor demand wedge ¢/¢. This shifts the output supply
curve outward on impact, which limit the rise in 7; and allows inventories to increase along with
hours and output.?’

As the firm accumulates additional knowledge capital in subsequent periods, the efficiency
wedge gradually rises. This offsets the rise in marginal costs over time on account of growing out-
put demand that shifts the output supply curve increasingly outwards. Consequently, the increase
in 7; over time is limited, which in turn allows inventories to rise along with the other macroeco-
nomic variables. This efficiency wedge effect thereby allows the co-movement condition (20) to
be satisfied in the following periods after impact with increasingly higher levels of output.

Overall, the baseline model with knowledge capital achieves both requirements for wedges that
are needed to facilitate the rise in inventories: the fast-moving labor demand wedge ¢/ that falls
on impact of the news shock, and the sustained rise in the efficiency wedge ¢/? over the following
periods, which is needed to overcome the rise in marginal costs from sustained growth in output

demand.’?

2The 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.

301t 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 Conclusion

Our paper makes two contributions to the literatures on news shocks and inventory dynamics.
First, based on standard VAR identification, we establish robust empirical evidence that an antici-
pated future rise in TFP raises inventory holdings in the present and induces positive comovement
with other macroeconomic aggregates. Our evidence corroborates the view that TFP news shocks
are important drivers of macroeconomic fluctuations. Moreover, it provides an additional dimen-
sion along which standard inventory frameworks can be evaluated as to their empirical viability.
This is where our second contribution lies.

We show that the standard theoretical model used in the news shock literature, augmented with
a standard inventory framework, cannot explain procyclical inventory movements in response to
TFP news shocks. We discuss conditions that allow for a procyclical inventory response and
employ a general wedges approach to show analytically on which margin and in which direction
the wedges have to operate. This analysis suggest two potential frameworks, nominal rigidities in
form of sticky wages and prices and a real rigidity in form of an additional factor of production,
namely knowledge accumulated via learning-by-doing in production. We show that knowledge

capital is the more likely candidate needed to capture the behavior of inventories.
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Tables and Figures
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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.
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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.
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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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Figure 4: IRF to TFP news shock. Max Share identification. Subplots result from VARs
comprising TFP, GDP, investment, hours, inflation and one of the plotted variables above at a time.
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 5: IRF to 8-period out non-stationary TFP news shock: baseline model
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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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Figure 8: IRF to 8-period out non-stationary TFP news shock: Learning-by-doing model

34



	Introduction
	Inventories and news: Evidence from identified VARs
	Data and estimation
	The empirical response of inventories to a TFP news shock
	Robustness: alternative news shock identification
	The empirical evidence and structural models

	Theoretical model
	Model description
	Intermediate goods firm
	Final goods firm
	Distributors
	Further model elements and model solution

	Understanding inventory dynamics
	Uncovering the missing elements: a wedges approach
	Two potential candidates
	Nominal rigidities: Sticky wages and prices
	Learning-by-doing model


	Conclusion
	Bibliography

