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Abstract

We use quarterly micro data on capacity utilization among Swedish manufacturing firms
to show that idiosyncratic factors are more important than aggregate influences in explain-
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unpredictable, however. A newsvendor model of optimal capacity predicts that higher de-
mand uncertainty lowers expected capacity utilization, especially for high-markup firms. We
find support for these predictions in data containing firm-specific, forward-looking measures
of uncertainty: firms facing high uncertainty on average have seven percentage points lower
capacity utilization than firms facing low uncertainty; among high-markup firms, the differ-
ence is nine percentage points.
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A line of macroeconomic research has explored how aggregate fluctuations both shape and

are shaped by average capacity utilization (see, e.g., Greenwood, Hercowitz and Huffman, 1988,

Michaillat and Saez, 2015, and Kuhn and George, 2019). Much less work has explored the

determinants of capacity utilization at the microeconomic level, where capacity decisions are

actually made. This knowledge deficit is sharpened by the fact that across-firm variation in

capacity utilization far outweighs time-series fluctuations in its aggregates. We show below that

firm fixed effects explain almost half the variation in capacity utilization, whereas industry-time

fixed effects account for only a sixth.

This paper sheds new light on capacity-utilization decisions at the firm level. We demonstrate

the cross-sectional variation in utilization is not simply unobserved heterogeneity or a reflection

of noisy shocks realized after capacity decisions have been made. Firms deliberately hold idle

capacity on average, and for measurable microeconomic reasons. More specifically, we show

firms’ capacity-utilization levels fall as they face more demand uncertainty, and the more so the

higher their markups are.

We establish these findings in three steps. We begin by using quarterly micro data from

Sweden’s largest business survey—covering Swedish manufacturing firms’ capacity utilization

over the period 2010Q1–2024Q1—to document three stylized facts about capacity utilization

at the firm level: (i) most firms routinely operate below full capacity, (ii) the main reason

for operating below full capacity is “insufficient demand,” and (iii) the variation in capacity

utilization across firms and over time is predominantly idiosyncratic.

We then formulate a newsvendor-style model (Arrow, Harris and Marschak, 1951) to gener-

ate testable predictions about this capacity utilization variation. The newsvendor model is tra-

ditionally formulated in terms of inventory decisions, but can easily be translated into a model

of optimal capacity. The key element in this class of models is that firms must make capacity

(or inventory) decisions before demand is realized. They therefore face a trade-off: if chosen

capacity turns out to be too low relative to realized demand, an opportunity cost arises ex post

due to foregone profits from demand the firm cannot satisfy; if capacity turns out to be too high,

on the other hand, profits are hurt by the cost of maintaining unused capacity. Rather than

focusing on capacity per se, we focus on expected capacity utilization, the analog of the expected

share of inventories sold in the standard newsvendor model.

We derive two key testable predictions from the model. First, firms facing higher demand

uncertainty operate with lower capacity utilization in expectation. This result has been demon-

strated previously by Butters (2019) using a newsvendor model with fixed markups. We gen-
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eralize Butters’ result by embedding it in a price-setting capacity model. This lends itself to

our second testable prediction: demand uncertainty’s effect on expected capacity utilization is

stronger for firms with higher markups. Higher markups increase the opportunity cost of unmet

demand and hence shift the optimal capacity cutoff toward upper-tail demand quantiles.1 We

are not aware of any study that has derived or tested this prediction before.

The final step of our analysis takes the model’s predictions to the data. We use the aforemen-

tioned microdata, which comprise not only information about firms’ capacity utilization, but also

a firm-level measure of perceived, forward-looking demand uncertainty, which is critical when

testing the predictions of the newsvendor model. The uncertainty measure is based on firms’

answers to the survey question, “Predicting the future development of our business situation

is currently...,” to which there are four possible answers: easy, fairly easy, fairly difficult, and

difficult.

Our results show the classic newsvendor framework explains patterns in capacity uti-

lization at the firm level very well, both cross-sectionally and within firms over time. Even

while controlling for contemporaneous demand shocks and other relevant firm conditions,

along with firm and time fixed effects, firms’ capacity utilization levels when they find it

difficult to predict the future are, on average, seven percentage points lower than when

they find prediction easy. This difference corresponds to almost 40 percent of the mean idle

capacity in the sample. We also find the negative effect of demand uncertainty on capacity

utilization is significantly stronger for firms with higher markups, whether markups are es-

timated using the production approach of De Loecker and Warzynski (2012) or as EBIT margins.

Related literature. Beyond work already discussed, our study mainly relates to three strands

of literature. The first is on capacity utilization, which has largely focused on the consequences

of capacity constraints and idle capacity for macroeconomic dynamics. A seminal contribu-

tion here is Fagnart, Licandro and Portier (1999), who develop a dynamic general equilibrium

model where firms make forward-looking decisions that imply less than full capacity utilization

in response to demand uncertainty. This forms the conceptual framework for later empirical

research, for example, by Boehm and Pandalai-Nayar (2022), who tie capacity utilization to

industry supply curves in US data, and Balleer and Noeller (2024), who use German firm-level

data to examine how price responses to monetary policy shocks depend on capacity utilization.

These and other papers in the literature focus on how the response of prices and quantities to

1The interaction prediction holds under quite general conditions, but not universally. Proposition 4 gives the
necessary and sufficient local condition.
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various shocks depends on capacity utilization, taking the latter as given. Our contribution is to

provide evidence on how firms make capacity decisions in the first place.2

Second, we augment the literature on newsvendor models by showing this class of models

is useful not only for studying inventories, but also for understanding how manufacturing firms

make capacity decisions. Moreover, while newsvendor models are central in operations manage-

ment, that literature overwhelmingly consists of theoretical contributions (see, e.g., Qin et al.,

2011, and DeYong, 2020). By documenting that higher demand uncertainty is associated with

lower capacity utilization, and especially so for high-markup firms, we provide empirical support

for key implications of newsvendor models that are not well established in the literature.

Finally, our findings relate to the literature examining the effect of uncertainty on the amount

and timing of investment through mechanisms such as irreversibility, adjustment costs, risk

aversion, and mode of competition (see Hartman, 1972; Abel, 1983; Caballero, 1991; and Dixit

and Pindyck, 1994, for early influential work, and Bassi, Rasul, Veroux and Vitali, 2026 for

a recent study that also explicitly tracks uncertainty-related investment’s connections to labor

utilization). We instead focus on the idea that uncertainty affects the kind of investments firms

undertake through their interaction with capacity constraints.

1 Stylized Facts About Capacity Utilization at the Firm Level

The stylized facts presented in this section are based on micro data from Konjunkturbarometern,

the most important business and household survey in Sweden (Konjunkturinstitutet, Various

years). We describe Konjunkturbarometern in detail in section 3.1 below.

Fact 1 A majority of firms routinely operate below full capacity, even outside of recessions

The average capacity utilization of Swedish manufacturing firms hovers between 80 and 85

percent in normal times, and fewer than 15 percent operate at full capacity in an average period

(Figure 1, Panels A and B). Hence, most firms routinely operate with meaningful idle capacity,

even outside recessions. Both average capacity utilization and the share of firms operating at full

capacity are markedly procyclical; for example, the share of firms operating at full capacity went

below seven percent during the Great Recession, but above 25 percent during the post-pandemic

2See also Sun (2025), who calibrates a macro model with inattentive consumers to show capacity competition can
lead to chronic excess capacity, creating a role for demand shocks in business cycles. Also related is Butters (2020),
whose empirical work examines capacity utilization in hotels and airlines. He finds higher demand variability is
associated with lower average capacity utilization among hotels, where adjusting capacity involves substantial costs,
but not among airlines, where capacity adjustment is less costly.
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recovery period.

Fact 2 “Insufficient demand” is the main reason for operating below capacity

The most common reason firms report for not operating at full capacity is “insufficient demand,”

which typically accounts for almost two-thirds of the cases when firms operate below capacity

(Figure 1, Panel C). The second-most common reason is shortages of intermediate inputs (Panel

D), around 17 percent of cases. Insufficient demand thus outstrips other reasons for operating

below full capacity by a wide margin. During the COVID-19 pandemic, however, half of firms

operating below full capacity cited a lack of intermediate inputs (compared to 20 percent cit-

ing insufficient demand), reflecting the importance of supply-side shocks in the manufacturing

output decline during the pandemic.

Fact 3 The variation in capacity utilization across firms and over time is mainly idiosyncratic

The cross-sectional dispersion in capacity utilization at any given moment is large. Panel E

of Figure 1 shows kernel density plots of firm-level capacity utilization in three quarters: one

with positive GDP growth (2018Q2) and two when GDP growth was negative (2013Q1 and

2020Q2). Panel F shows the corresponding density plot for industry-quarter demeaned capacity

utilization, where industries are defined at the five-digit level. Most of the across-firm dispersion

remains after demeaning, implying utilization varies substantially even within narrowly defined

industries. Indeed, the standard deviation of quarter-industry demeaned capacity utilization is

12.3, compared to 15.2 for the quarterly demeaned series.

We use regressions to assess the extent to which various factors explain the observed

variation in capacity utilization. The results are reported in Table 1. Columns (1) and (2)

show time fixed effects and interacted industry-time fixed effects explain 4.5 and 17.2 percent,

respectively, of the variation in utilization. Hence, macro shocks and industry-level shocks ac-

count for a small part of the dispersion in firm-level capacity utilization. On the other hand, the

R2 from regressing capacity utilization on firm fixed effects is 0.45 (column 3). Time-invariant

firm characteristics thus account for almost half of utilization dispersion. Finally, industry-time

and firm fixed effects jointly account for 54 percent of the variation; the remaining 46 percent is

therefore due to some combination of time-varying firm characteristics and other time-varying

factors at group level, like location-specific shocks.

Taken together, our stylized facts demonstrate most firms deliberately operate with idle capacity,
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Figure 1: Capacity utilization over time and across firms
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This figure reports descriptive statistics on capacity utilization at quarterly frequency among Swedish manufacturing
firms. Panel A plots the average capacity utilization and Panel B the share of firms that operate at full capacity in
each quarter. Panel C plots the shares of firms that operate below full capacity for demand and non-demand related
reasons, respectively, while Panel D provides a further breakdown of the non-demand reasons. The series shown in
Panels A–D are deseasonalized. The bottom two panels are kernel density plots of capacity utilization (Panel E) and
industry-quarter demeaned capacity utilization (Panel F), respectively, in three quarters: one in which GDP growth
was positive (2018-Q2) and two in which GDP growth was negative (2013-Q1 and 2020-Q2).
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Table 1: Accounting for the variation in firm-level capacity utilization

Dependent variable: Capacity utilization (CUi,t)

(1) (2) (3) (4)

Time FE Industry-time
FE

Firm FE Industry-time
and firm FE

R2 0.045 0.172 0.452 0.543

Number of obs. 9,325 9,325 9,325 9,325

This table shows the R2s obtained when regressing firm-level capacity utilization (CUi,t) on different sets of fixed
effects. Industries are defined at the level of five-digit SNI/NACE codes. Firms and industry-quarters with fewer than
12 observations are excluded from the estimations.

and the amount of idle capacity they maintain is primarily determined by idiosyncratic factors.3

In what follows, we develop and test the hypothesis that firms choose their expected capacity

utilization based on the demand uncertainty they face.

2 A Newsvendor Model of Expected Capacity Utilization

To formalize the link between capacity choice and uncertainty, we build a newsvendor-style

model (Arrow, Harris and Marschak, 1951) in which the firm chooses both price and capacity

before demand is realized. Relative to the fixed-markup benchmark in Butters (2019), we allow

an ex-ante price choice (Raz and Porteus, 2006). This lets the model speak directly to markup

heterogeneity. The model delivers two main predictions that map directly into our empirical

analysis: higher demand uncertainty lowers expected capacity utilization, and that effect is

stronger for higher-markup firms.

2.1 Setup and the capacity rule

Consider a risk-neutral firm that sells a single product over one period. At the start of the period,

it chooses a posted price p and effective capacity K before demand is realized. After demand D

is drawn, sales are

y = min{D,K}. (1)

3Versions of Facts 1 and 2 have been noted previously by, for example, Boehm and Pandalai-Nayar (2022) and
Sun (2025), but we are not aware of any prior work documenting Fact 3.
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HereK is effective capacity over the planning horizon: the maximum output the firm can deliver

given its equipment, staffing, organization, and operating plan. Installing capacity costs c > 0

per unit. In our baseline model there is no additional variable production cost.4

Let FD(· | p, θ) denote the conditional cdf of demand, where θ indexes the uncertainty state.

Expected profits are

Π(p,K; θ) = pE[min{D,K} | p, θ]− cK. (2)

For a given posted price,

E[min{D,K} | p, θ] =
∫ K

0
[1− FD(x | p, θ)] dx, (3)

so the first-order condition for capacity choice is

p [1− FD(K
∗(p, θ) | p, θ)] = c. (4)

Define the Lerner-index form for the markup

α(p) ≡ 1− c

p
=
p− c

p
, p > c, (5)

which is also the well-known critical fractile as in Arrow, Harris and Marschak (1951).

Proposition 1 (Capacity is a demand quantile) Under the regularity conditions in Ap-

pendix B1, for any fixed p > c the capacity problem is strictly concave, and the optimal capacity

satisfies

K∗(p, θ) = QD(α(p) | p, θ) , (6)

where QD(u | p, θ) ≡ F−1
D (u | p, θ) is the conditional demand quantile function.

This is the standard newsvendor logic: the firm sets capacity at a demand quantile by trading

off the cost of carrying one more unit of capacity against the opportunity cost of missing out on

one more unit of demand in high-demand states. Panel A of Figure 2 illustrates the cutoff rule.

4Appendix B7 adds a constant per-unit production cost m. The main structure is unchanged, except the relevant
markup index becomes the contribution-margin fractile αm(p) = 1− c/(p−m).
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Figure 2: Capacity choice, uncertainty, and expected utilization
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Panel A illustrates the quantile cutoff rule: the firm sets optimal capacity K∗ at the α-quantile of demand, where
α = (p− c)/p. Panel B plots expected utilization in the lognormal case using (19) for four markup states. Utilization
declines with uncertainty, and the decline is steeper at higher markups. Panel C maps the region in (α, σ)-space where
the local interaction in (20) is negative. The shaded area labeled Uασ < 0 is the region in which the uncertainty
effect is stronger at higher markups; the wedge labeled Uασ > 0 shows where the interaction becomes positive.

2.2 Multiplicative demand and expected utilization

To keep the joint price-capacity problem tractable, assume demand takes the multiplicative form

D = d(p) ε, (7)

where d(p) is the deterministic demand scale with d′(p) < 0, and ε > 0 is a demand shifter.

Let Q(·; θ) denote the quantile function of ε. This specification is useful because price scales the

whole demand distribution, while θ governs the distribution of the shock. Proposition 1 then

implies

K∗(p, θ) = d(p)Q(α(p); θ) . (8)

Define expected capacity utilization at the optimum as

U(p, θ) ≡ E[min{D,K∗(p, θ)} | p, θ]
K∗(p, θ)

. (9)

Using the quantile identity E[min{ε,Q(α; θ)} | θ] =
∫ α
0 Q(u; θ) du + (1 − α)Q(α; θ), expected
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utilization can be written as

U(p, θ) = U(α(p), θ) =

∫ α(p)
0 Q(u; θ) du

Q(α(p); θ)
+ [1− α(p)] . (10)

It is convenient to set

R(α(p), θ) ≡
∫ α(p)
0 Q(u; θ) du

Q(α(p); θ)
, U(α(p), θ) = R(α(p), θ) + (1− α(p)). (11)

The term 1 − α(p) is the probability capacity binds. The term R(α(p), θ) is the contribution

of nonbinding states to expected utilization, scaled by installed capacity. The key tractability

gain from our multiplicative demand assumption is that the scale term d(p) cancels from the

utilization ratio. Once capacity is chosen optimally, price matters for utilization only through

the markup state α(p).

The firm still chooses price and capacity jointly. Substituting the capacity rule into profits

reduces the joint choice problem to a price choice:

max
p>c

pd(p)

∫ 1−c/p

0
Q(u; θ) du. (12)

Appendix B1 gives conditions guaranteeing existence and a convenient sufficient condition for

uniqueness. For our empirical work, the important point is straightforward: the endogenous

price choice enters utilization only through the markup index α(p). For the same reason, in

what follows we write α for the induced markup state whenever doing so creates no confusion.

2.3 Comparative statics: uncertainty, markup, and their interaction

Three comparative statics deliver the model’s empirical predictions.

Proposition 2 (Higher uncertainty lowers expected utilization) Fix a markup state α ∈

(0, 1). Suppose the move from θL to θH is a mean- and median-preserving dispersive increase

in the distribution of ε.5 Then

U(α, θH) ≤ U(α, θL). (13)

The proof, in Appendix B2, nests the fixed-markup utilization result in Butters (2019). The

5Formally, the two distributions have the same mean and median, and their quantile spreads satisfy

Q(v; θH)−Q(u; θH) ≥ Q(v; θL)−Q(u; θL)

for all 0 < u < v < 1.
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intuition depends on the cutoff quantile. When α ≥ 1/2, higher uncertainty raises the relevant

demand quantile, so capacity rises relative to expected sales and utilization falls. When α < 1/2,

the cutoff quantile can instead fall, but lower-tail demand realizations fall more relative to the

cutoff, so the expected-sales-to-capacity ratio still declines.

Proposition 3 (Higher markup lowers expected utilization) On any region whereQ(α; θ) > 0

and the relevant derivatives exist,

Uα(α, θ) = −R(α, θ) ∂α logQ(α; θ) < 0. (14)

Higher-markup firms thus choose deeper buffers against high demand realizations and op-

erate with more slack capacity on average.

We next characterize the local condition under which the uncertainty effect in Proposition 2

becomes stronger as markups rise. This condition is the model counterpart of the uncertainty-

by-markup interaction we test below.

Proposition 4 (Local uncertainty-markup interaction) The local cross effect of markup and de-

mand uncertainty on expected capacity utilization is negative, i.e.,

Uαθ(α, θ) ≤ 0, (15)

if and only if the following local tail-shape condition holds:

∂αθ logQ(α; θ)︸ ︷︷ ︸
slope of endpoint response

≥ ∂α logQ(α; θ)︸ ︷︷ ︸
local tail slope

∂θ logQ(α; θ)−
∫ α
0 Q(u; θ) ∂θ logQ(u; θ) du∫ α

0 Q(u; θ) du︸ ︷︷ ︸
endpoint–lower-quantile response gap

 . (16)

See Appendix B3 for the formal proof and regularity conditions. Condition (16) describes

when the uncertainty effect on expected utilization becomes stronger as markups rise. A higher

markup raises the optimal cutoff quantile, so the firm chooses capacity for more extreme de-

mand states. The left-hand side of (16) measures how the proportional response of this cutoff

quantile to uncertainty changes as the cutoff moves outward. The bracketed term compares that

cutoff response with the sales-weighted average response of the lower quantiles that determine

expected sales, and the local tail slope scales this gap.

The intuition is made clearest by comparing nearby markup states. If the proportional sen-

sitivity of upper quantiles to uncertainty rises sufficiently as the cutoff moves outward, then
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uncertainty raises the capacity target more strongly for the higher-markup firm. Expected uti-

lization falls more at the higher markup when this stronger capacity response exceeds the corre-

sponding change in expected sales. The condition is therefore local and distribution-dependent:

the negative uncertainty-markup interaction holds when the upper-tail response to uncertainty

steepens enough relative to the expected sales response. 6

Our data capture discrete variation in forward-looking demand uncertainty with cross-firm

heterogeneity in markups. The natural empirical counterpart to Proposition 4 is therefore a

finite-difference comparison across uncertainty and markup states, rather than the total deriva-

tive of utilization along a single firm’s optimized markup path. Let θH > θL denote two uncer-

tainty states and αH > αL two markup states. Under the regularity conditions in Appendix B4,

[
U(αH , θH)− U(αH , θL)

]
−
[
U(αL, θH)− U(αL, θL)

]
=

∫ αH

αL

∫ θH

θL

Uαθ(a, ϑ) dϑ da. (17)

Corollary 5 (Mapping to the empirical interaction) If Uαθ(a, ϑ) ≤ 0 for all (a, ϑ) ∈ [αL, αH ]×

[θL, θH ], then [
U(αH , θH)− U(αH , θL)

]
−
[
U(αL, θH)− U(αL, θL)

]
≤ 0. (18)

Corollary 5 is the model analogue of the uncertainty-by-markup interaction estimated in the

data. It says that the utilization gap between high- and low-uncertainty firms is more negative

among high-markup firms when the local interaction condition in Proposition 4 holds through-

out the relevant rectangle of markup and uncertainty states. The mapping is ordinal rather than

literal: the empirical markup measures need not coincide exactly with α(p), but should rank

firms by the value of serving an additional unit of demand in high-demand states.

2.4 A lognormal illustration

The two-dimensional comparative-statics logic stated in Proposition 4 can be worked out explic-

itly for a broad class of positive-support demand-shock specifications. In particular, when log ε

belongs to a location-scale family like the normal, logistic, or Gumbel, the model yields analo-

gous expressions for expected utilization and the uncertainty-markup interaction. We focus on

the lognormal here for a clean visual illustration.

6Appendix B8 illustrates why the interaction result is stated locally rather than globally and gives a quantile-family
counterexample for which Uαθ(α, 0) > 0. It also provides an attenuation result: if the shock has finite mean and
unbounded upper support, then U(α, θH)−U(α, θL) → 0 as α ↑ 1. Thus, even when the interaction is negative over
empirically relevant markup ranges, differences across uncertainty levels attenuate in the extreme upper tail.
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When ε is lognormal with uncertainty parameter σ, its quantile function is

Q(α;σ) = exp{ν(σ) + σzα}, zα ≡ Φ−1(α),

where the location term ν(σ) drops out of utilization. Utilization then has the closed form

U(α, σ) = eσ
2/2−σzαΦ(zα − σ) + (1− α), (19)

and the interaction condition becomes

Uασ(α, σ) ≤ 0 ⇐⇒ 1 ≥ σ

[
zα − σ +

ϕ(zα − σ)

Φ(zα − σ)

]
. (20)

Appendix B6 derives (19)–(20).

Panels B and C of Figure 2 visualize the model in the lognormal case. Panel B makes the

two core predictions visible: utilization falls with uncertainty, and the decline becomes steeper

as markup rises. Panel C, in turn, shows that the negative-interaction region covers most of

the relevant parameter space, with the positive region confined to combinations of very high

markups and very high uncertainty.

3 Demand Uncertainty and Capacity Utilization in the Data

3.1 Data and sample

Data sources. We test the model’s predictions using data from two sources. The first is the

aforementioned survey Konjunkturbarometern, conducted by the National Institute for Economic

Research (henceforth the NIER) since the 1950s. NIER is a government agency operating in-

dependently under the Ministry of Finance; its principal responsibility is to support Swedish

economic policymakers by producing forecasts and economic analyses. Konjunkturbarometern

is monthly, but several questions necessary for our analysis are only asked in each quarter’s last

month. We therefore treat our data as quarterly and only use observations corresponding to the

quarter’s final month. The data spans 2010Q1–2024Q1.

The survey covers almost all sectors in the economy. Firms with at least 100 employees

are always included, while smaller firms are selected through random sampling stratified by

sector and size class.7 A new sample is drawn each year, so smaller business units stay in the

7Strictly speaking, the unit of observation is the business unit (verksamhetsenhet), comprising production units
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sample for at least four quarters but may disappear after that. Around 5,800 firms are included

in the survey annually, but they are not legally required to respond. The response rates on

the questions we use are between 47 and 51 percent, similar to comparable surveys in other

countries (see, e.g., Ropele, Gorodnichenko and Coibion, 2024).

Our second data source is Serrano, an annual firm-level panel containing the universe

of incorporated firms in Sweden (Dun & Bradstreet, 1998–2021). Serrano contains detailed

accounting data plus information about, among other things, firms’ industries, locations, and

ages. We use Serrano to compute markups and assign five-digit industry codes to our sample

firms. We link the Serrano and NIER data using the unique identifier (organisationsnummer)

belonging to every Swedish firm.

Sample composition and characteristics. Our analysis sample contains all manufacturing

firms responding to the NIER survey and covers 2021Q2–2024Q1. We restrict the sample pe-

riod because one question critical for our purposes—namely, how uncertain firms are about the

future—was only introduced into the survey in 2021Q2. We drop observations with missing val-

ues for any variable in our empirical model to ensure a consistent sample across specifications.

These restrictions leave us with 6,603 observations across 953 firms.8

Table A1 in Appendix A provides descriptive statistics for firms responding to the survey in

2021Q4. The median firm is 36 years old, has 393 million SEK in annual sales, 251 million

SEK in total assets, and 133 employees (the USD/SEK exchange rate is around 10). The corre-

sponding means are substantially larger due to the skewness of the firm size distribution; the

average firm is 44 years old, has 1.6 billion SEK in sales, 2.0 billion SEK in total assets, and 297

employees.

within a firm that operate in the same industry. Only about one percent of surveyed firms have multiple business
units, however, so in those cases we aggregate the data to the firm level using the modal response to multiple-choice
questions and the mean response to numeric questions.

8To assuage external validity concerns given this short panel, we show in Appendix C that the results are quali-
tatively similar if we instead estimate the effects of demand uncertainty on capacity utilization using an alternative
firm data set from Statistics Sweden that covers a longer period. That data’s drawback is that we do not directly
observe firms’ subjective, forward-looking uncertainty, as in the NIER data. We must instead rely on a statistically
derived industry-level proxy for demand uncertainty.
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3.2 Empirical model

We examine the relationship between capacity utilization and demand uncertainty using the

following model:

CUi,t = ηi + ψj,t +

4∑
k=2

βk · 1{DUi,t = k}+Ω ·Xi,t + εi,t. (21)

The dependent variable, CUi,t, is the capacity utilization reported by firm i in the NIER survey

in period t.9 DUi,t—our measure of firms’ perceived, forward-looking demand uncertainty—is a

categorical variable recording firm i’s period-t response to the following NIER survey question:

“The future development of our business situation is currently... easy to predict / fairly easy to

predict / fairly difficult to predict / difficult to predict.”10 ηi and ψj,t are firm and industry-period

fixed effects, respectively. (We include different sets of fixed effects in different specifications

below.) The coefficients of interest are the βk, which capture the conditional average difference

in capacity utilization between firms in uncertainty bins 1 and k, where bin 1 corresponds to the

answer “easy to predict.” We cluster standard errors by firm.

The vector Xi,t includes two key controls. The first is contemporaneous output growth,

measured using firms’ responses to the following question in the NIER survey: “Our produc-

tion volume has in the past three months... increased / not changed / decreased.” We include

this control because we are interested in estimating the effect of demand uncertainty on firms’

expected capacity utilization, but our dependent variable measures firms’ realized capacity uti-

lization.11 By controlling for firms’ contemporaneous output growth, we partial out the influence

of realized demand and supply shocks on a firm’s capacity utilization and can consequently in-

terpret βk as the effect of demand uncertainty on a firm’s choice of expected capacity utilization.

The second key control is expected output growth in the near future, measured using firms’

responses to the question: “We expect our production volume in the coming three months to...

increase / not change / decrease.” We include this control to avoid confounding variation in

uncertainty with variation in point estimates of future outcomes. In some specifications, we

9We exclude the roughly one percent of observations where reported capacity utilization equals zero or is over
100 percent.

10One may argue for lagged demand uncertainty as an explanatory variable, as firms may take time to adjust
capacity to shocks. A common assumption in the literature is capacity adjustments take three months (Sun, 2025),
suggesting a one-quarter lag. We nevertheless use contemporaneous demand uncertainty because our data is a
rotating panel, so we lose over 20 percent of observations when lagging the explanatory variable. That said, our
results are robust to using the one-quarter lag of demand uncertainty (see Table A2 in Appendix A).

11More precisely, CUi,t is the empirical analog of realized utilization, yi,t/K∗
i,t, with yi,t = min{Di,t,K

∗
i,t} as in

equation (1). The model predictions concern expected utilization U(p, θ), defined in equation (9).
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also include two inventory-related controls constructed on the basis of firms’ responses to the

questions: “Our inventory of raw materials is currently... too large / just right / too small” and

“Our inventory of finished goods is currently... too large / just right / too small.”

Figure A1 in Appendix A provides descriptive statistics for capacity utilization, demand un-

certainty, contemporaneous output growth, and expected output growth. Responses to the ques-

tion about how difficult it is to predict the firm’s future business situation are on average dis-

tributed as follows: 2.3 percent respond it is easy, 26.6 percent fairly easy, 53.3 percent fairly

difficult, and 17.8 percent difficult.

3.3 The effect of demand uncertainty on capacity utilization

We report the estimation results in Table 2, beginning with a stripped-down model including

only demand uncertainty and industry-time fixed effects as independent variables.12 Capacity

utilization decreases monotonically with demand uncertainty. Firms that find their future busi-

ness situation fairly difficult and difficult to predict, respectively, have on average 6.1 and 9.5

percentage points lower capacity utilization than firms that find it easy. The difference between

firms that find it easy and fairly easy is 1.5 percentage points, but this gap is not statistically

significant. These differences are economically meaningful. Average capacity utilization in the

sample is 83.4 percent. Hence, the difference between firms in the easy and difficult categories

amounts to 57 percent of mean idle capacity (0.095/0.166).

We next add contemporaneous output growth to the controls to ensure our results are not bi-

ased by realized demand or supply shocks. This leads, as shown in column (2), to slight declines

in the magnitudes of the coefficient estimates for the answers fairly difficult and difficult, but

the estimates remain statistically and economically significant. The conditional average capacity

utilization difference between firms in the easy and difficult categories is now 7.0 percentage

points, or 42 percent of mean idle capacity in the sample. The estimates for contemporaneous

output growth are informative in their own right. Utilization among firms with falling output

in the past three months is 9.8 percentage points lower than among firms whose output did not

change. Firms whose output increased, meanwhile, have 2.9 percentage point higher average

capacity utilization. These values are sensible and indicate our output-growth proxy does a good

job of controlling for contemporaneous shocks.

The results reported in the following two columns are from estimations in which we further

12Industries are defined by five-digit SNI/NACE codes, and we assign the most recently observed industry code in
Serrano to each firm.
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Table 2: The effect of demand uncertainty on capacity utilization

Dependent variable: Capacity utilization (CUi,t)

(1) (2) (3) (4) (5) (6) (7)

Predicting the future development of our business situation is currently... [Omitted category: Easy]

–Fairly easy –0.015 –0.018 –0.020 –0.018 –0.018 –0.028* 0.006

(0.016) (0.015) (0.015) (0.015) (0.011) (0.016) (0.012)

–Fairly difficult –0.061*** –0.050*** –0.053*** –0.049*** –0.043*** –0.059*** –0.004

(0.016) (0.015) (0.015) (0.015) (0.012) (0.018) (0.013)

–Difficult –0.095*** –0.070*** –0.072*** –0.069*** –0.065*** –0.081*** –0.017

(0.018) (0.017) (0.017) (0.017) (0.013) (0.019) (0.014)

Our production volume has over the past three months... [Omitted category: Not changed]

–Increased 0.029*** 0.034*** 0.032*** 0.027*** 0.033*** 0.023***

(0.005) (0.005) (0.005) (0.003) (0.005) (0.004)

–Decreased –0.098*** –0.094*** –0.088*** –0.068*** –0.072*** –0.059***

(0.007) (0.007) (0.007) (0.004) (0.005) (0.007)

We expect our production volume over the next three months to... [Omitted category: Remain the same]

–Increase –0.021*** –0.021*** –0.010*** –0.019*** –0.005

(0.005) (0.005) (0.003) (0.005) (0.004)

–Decrease –0.017** –0.014** –0.002 –0.001 –0.009

(0.007) (0.006) (0.004) (0.005) (0.007)

Industry × time FE Yes Yes Yes Yes No No No

Firm and time FE No No No No Yes Yes Yes

Inventory controls No No No Yes Yes Yes Yes

Number of obs. 6,603 6,603 6,603 6,603 6,603 3,946 3,613

Number of firms 953 953 953 953 953 788 772

R2 0.294 0.360 0.363 0.375 0.701 0.753 0.736

This table reports estimation results for the regression specified in (21). The industry-time fixed effects are con-
structed based on five-digit SNI/NACE codes. The estimation sample in column (6) comprises firms that either
operate at full capacity or operate below capacity because of “insufficient demand,” while the sample in column
(7) comprises firms that either operate at full capacity or operate below capacity for non-demand related reasons.
Standard errors are clustered at the firm level in all regressions. *, **, and *** denote statistical significance at the
ten, five, and one percent levels, respectively.
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augment the model with controls for expectations about future output growth (column 3) and

current inventory levels (column 4). Including these controls does not meaningfully affect the

coefficients of interest.

In column (5), we substitute firm and time fixed effects for the industry-time fixed effects.

This substantially increases R2, from 0.38 to 0.70, but the coefficient estimates hardly change.

The relationship between demand uncertainty and expected capacity utilization therefore also

exists within firms over time. The estimates indicate that when firms find their future business

situation fairly easy, fairly difficult, and difficult to predict, respectively, they have on average

1.8, 4.3, and 6.5 percentage points lower capacity utilization than when they find predicting it

easy.

The results in the final two columns address a potential concern with our measure of demand

uncertainty. Namely, the survey question refers to firms’ “business situation,” a rather broad

concept that could be interpreted as covering not just demand conditions but also supply-side

factors. We address this by estimating our model on two subsamples of firms: one contains firms

that either operate at full capacity or operate below capacity because of “insufficient demand”

(column 6), while the other comprises firms that either operate at full capacity or operate below

full capacity for non-demand related reasons (column 7).13 If our findings above reflect demand-

related uncertainty, we should only find a significant effect in the former group, because there is

no reason to expect demand uncertainty to explain utilization differences driven by non-demand

reasons. Reassuringly, the estimates in column (6) are statistically significant and somewhat

larger in magnitude than the prior estimates, while the estimates from the placebo test in column

(7) are close to zero and statistically insignificant.

3.4 The role of markups

We now turn to the second main prediction of the newsvendor model: demand uncertainty’s

effect on capacity utilization is stronger for firms with higher markups. We examine markups’

role using cross-sectional heterogeneity analysis. We estimate (21) separately for firms with high

and low markups and test whether the effect of demand uncertainty differs across the groups.

We estimate markups following the production function approach proposed by De Loecker

and Warzynski (2012) (see Appendix D for details) and classify firms in the top (bottom) tercile

of the markup distribution as high-markup (low-markup) firms. We sort firms based on their

13Firms can report multiple reasons for operating below full capacity. We assign a firm that operates below full
capacity to the column (6) sample if at least one provided reason is insufficient demand and otherwise to the column
(7) sample.
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Figure 3: Heterogeneity in the effect of demand uncertainty on capacity utilization
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This figure reports the estimates of βk obtained when estimating equation (21) on samples comprising low-
markup/low-EBIT margin firms (blue diamonds) and high-markup/high-EBIT margin firms (red squares), respec-
tively; see the main text for details on how firms are sorted into the respective groups. All estimations use the
baseline version of equation (21), which is the same specification as used in column (5) of Table 2. The vertical bars
represent 95-percent confidence bands, computed based on standard errors clustered at the firm level. The p-values
are from two-sided tests of the null hypothesis that a given βk does not differ between the two groups.

average markups during the five years preceding our sample (2016–2020) to ensure the sorting

is not influenced by contemporaneous shocks that might also affect firms’ capacity utilization.

We plot the estimation results graphically in Panel A of Figure 3. The blue diamonds are the

βk estimates obtained using the low-markup firms sample, while the red squares correspond to

estimates for high-markup firms. Capacity utilization declines monotonically and substantially

with uncertainty among high-markup firms. The difference between firms that find it easy and

difficult to predict their future business situation is 8.9 percentage points. Among low-markup

firms, on the other hand, there is no relationship between uncertainty and capacity utilization.

The differences between the respective low- and high-markup subsample βk estimates are sta-

tistically significant at the 5 percent level in all three cases.

There is some debate about the accuracy of markups measured using the production ap-

proach.14 For the sake of robustness, we redo the analysis while sorting firms based on their

EBIT margins instead of estimated markups. EBIT margins have their own issues as a measure

(see, e.g., De Loecker, Eeckhout and Unger, 2020), but offer an independently derived markup

metric. The results, reported in Figure 3 Panel B, are qualitatively similar, though the differ-

ences between the subsamples’ respective βk estimates are no longer statistically significant.

The qualitative parallels nevertheless suggest our findings are not sensitive to the precise way

14See Bond, Hashemi, Kaplan and Zoch (2021) and De Ridder, Grassi and Morzenti (2026), for example.
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we estimate markups.

The results reported in Figure 3 thus confirm the newsvendor model’s prediction that de-

mand uncertainty has a larger effect on expected utilization for firms with higher markups.

These results also speak to the concern that realized demand shocks could drive our main re-

sults. Had (unobserved) firm-level demand shocks caused the negative association between

demand uncertainty and capacity utilization, we would have also observed a negative relation-

ship among low-markup firms. This is not what the data show, however.

4 Concluding Remarks

Firms’ amount of idle capacity has a history of prominence in macroeconomics, where estimates

of aggregate capacity utilization and the output gap are key inputs in the policy-making process

(see, e.g., Corrado and Mattey, 1997). We instead emphasize there is much cross-sectional

variation in capacity utilization and its changes, and we document that much of this is a rational

response to demand uncertainty. Loosely speaking, whereas the previous literature has focused

on the macroeconomic consequences of capacity constraints and idle capacity, we focus on the

microeconomic question of how firms make capacity decisions in the first place. We find a

straightforward newsvendor model does quite well in explaining the considerable amount of

across-firm variation in expected capacity utilization.

While our focus is on explaining the firm-level variation, we conclude with some reflections

on what our results may imply for aggregate capacity utilization and suggest avenues for future

research. One observation is that in our class of models, higher uncertainty leads to more excess

capacity in expectation. This excess capacity uses resources but can be seen as insurance against

surplus losses from stock-outs. Evaluating the net welfare cost of this insurance is a complex

task, as one should also account for the lower risk of rationing for these firms’ customers. Still,

with average slack above 15 percent, there is clearly scope for quantitatively important effects.

Furthermore, the fact that the relationship between demand uncertainty and capacity utilization

is stronger for firms with high markups points to a possible additional distortion of market power

when uncertainty is high: not only is there deadweight loss from higher prices, but also the costs

of maintaining unused capacity.

Finally, some observers have pointed to a decline in capacity utilization in the U.S. over

recent decades (see, e.g., Pierce and Wisniewski, 2018; Gahn, 2020; and Bohr, 2024). Our re-

sults suggest one possible explanation for this is increases in markups and uncertainty. Growing
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markups have been found by, among others, De Loecker, Eeckhout and Unger (2020). And when

it comes to uncertainty, it seems plausible that rapid technological change and the intensified

international competition facing manufacturing firms (see, e.g., Autor et al., 2020) have made

predicting demand more difficult. The set of measures capturing the uncertainty faced by firms

is rapidly expanding (see e.g. Baker, Bloom and Davis, 2016; and Altig et al., 2022) and can be

used to further examine the drivers of changes in aggregate capacity utilization.
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Appendix A. Additional Tables and Figures

This appendix provides additional tables and figures referred to in the main text of the pa-

per. Table A1 presents descriptive statistics for those of our sample firms that responded to the

NIER survey in 2021Q4; Figure A1 presents descriptive statistics on the key questions in the

NIER survey; and Table A2 estimation results for a version of equation (21) in which the main

explanatory variable (demand uncertainty) is lagged by one quarter.

Table A1: Descriptive statistics for sample firms (2021Q4)

Mean Pct. 25 Median Pct. 75 SD N

Sales (MSEK) 1,604 149 393 983 6,371 579

Total assets (MSEK) 1,957 84 251 727 14,101 579

Number of employees (FTEs) 297 57 133 253 712 579

Age (years) 44 27 36 60 27 579

Cash holdings/Total assets 0.078 0.000 0.016 0.117 0.118 579

Liabilities/Total assets 0.643 0.521 0.659 0.783 0.188 579

EBIT margin (EBIT/Sales) 0.075 0.031 0.068 0.130 0.155 579

Markup (2016–20 average) 1.183 1.014 1.113 1.259 0.358 449

This table provides descriptive statistics for those of our sample firms that responded to the NIER survey in 2021Q4.
The variables are constructed based on data from Serrano for the fiscal year 2021.
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Figure A1: Descriptive statistics on key survey questions

.65

.7

.75

.8

.85

.9

.95

1

1.05

2021q2 2021q4 2022q2 2022q4 2023q2 2023q4

Mean
25th percentile
75th percentile

 A. Capacity utilization

0

.1

.2

.3

.4

.5

.6

.7

Sh
ar

e 
of

 re
sp

on
de

nt
s

2021q2 2021q4 2022q2 2022q4 2023q2 2023q4

Easy Fairly easy
Fairly difficult Difficult

 B. Predicting our future business situation is...

0

.1

.2

.3

.4

.5

.6

.7

Sh
ar

e 
of

 re
sp

on
de

nt
s

2021q2 2021q4 2022q2 2022q4 2023q2 2023q4

Increased Not changed
Decreased

 C. In the past three months,
 our production volume has...

0

.1

.2

.3

.4

.5

.6

.7

Sh
ar

e 
of

 re
sp

on
de

nt
s

2021q2 2021q4 2022q2 2022q4 2023q2 2023q4

Increase Not change
Decrease

 D. In the coming three months,
 we expect our production volume to...

Panel A plots the mean of the capacity-utilization variable in the NIER data, along with the 25th and 75th percentiles,
in each quarter of the sample period. Panel B shows the proportion of respondents in each quarter that answered
easy, fairly easy, fairly difficult, and difficult to the question about the difficulty of predicting the firm’s future business
situation. Panels C and D show the corresponding proportions for the questions about output growth over the past
three months and expectations about output growth over the coming three months, respectively.
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Table A2: The effect of lagged demand uncertainty on capacity utilization

Dependent variable: Capacity utilization (CUi,t)

(1) (2) (3) (4) (5) (6) (7)

Predicting the future development of our business situation is currently... [Omitted category: Easy]

–Fairly easy –0.018 –0.016 –0.015 –0.015 –0.021** –0.037** –0.004

(0.019) (0.018) (0.017) (0.017) (0.011) (0.014) (0.014)

–Fairly difficult –0.055*** –0.044** –0.044** –0.042** –0.039*** –0.057*** –0.015

(0.019) (0.018) (0.017) (0.017) (0.012) (0.017) (0.014)

–Difficult –0.087*** –0.065*** –0.064*** –0.062*** –0.066*** –0.078*** –0.030*

(0.021) (0.019) (0.019) (0.019) (0.013) (0.018) (0.016)

Our production volume has over the past three months... [Omitted category: Not changed]

–Increased 0.028*** 0.033*** 0.032*** 0.029*** 0.038*** 0.025***

(0.006) (0.006) (0.006) (0.004) (0.007) (0.004)

–Decreased –0.100*** –0.095*** –0.089*** –0.070*** –0.070*** –0.063***

(0.008) (0.008) (0.007) (0.005) (0.006) (0.008)

We expect our production volume over the next three months to... [Omitted category: Remain the same]

–Increase –0.022*** –0.022*** –0.008** –0.013** –0.007*

(0.006) (0.006) (0.004) (0.006) (0.004)

–Decrease –0.021*** –0.017** –0.004 –0.004 –0.007

(0.007) (0.007) (0.004) (0.005) (0.008)

Industry × time FE Yes Yes Yes Yes No No No

Firm and time FE No No No No Yes Yes Yes

Inventory controls No No No Yes Yes Yes Yes

Number of obs. 5,134 5,134 5,134 5,134 5,118 2,856 2,768

Number of firms 915 915 915 915 810 606 617

R2 0.294 0.364 0.367 0.381 0.717 0.783 0.755

This table reports estimation results for a modified version of the regression specified in (21), in which the main
explanatory variable is lagged by one quarter instead of entering contemporaneously. The industry-time fixed effects
are constructed based on five-digit SNI/NACE codes. The estimation sample in column (6) comprises firms that
either operate at full capacity or operate below capacity because of “insufficient demand,” while the sample in
column (7) comprises firms that either operate at full capacity or operate below capacity for non-demand related
reasons. Standard errors are clustered at the firm level in all regressions. *, **, and *** denote statistical significance
at the ten, five, and one percent levels, respectively.
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Appendix B. Model Details

This appendix states the assumptions used in Section 2, proves the main-text results, and records

the extensions and limits that matter for interpretation.

B1 Assumptions, the capacity rule, and the reduced price problem

For each posted price p > c and uncertainty state θ, demand is nonnegative and integrable. The

conditional cdf FD(· | p, θ) is continuous and strictly increasing on the support relevant for the

optimum, and the corresponding quantile function QD(· | p, θ) is continuously differentiable

wherever derivatives are taken. Under multiplicative demand, d(p) > 0, d′(p) < 0, d(·) is

continuous on [c,∞), and pd(p) → 0 as p→ ∞.

A sufficient condition for an interior capacity choice is strictly positive support, FD(0 | p, θ) =

0. More generally, the interior quantile rule applies whenever

p [1− FD(0 | p, θ)] > c.

If this fails, the boundary choice K∗(p, θ) = 0 is optimal. The main text works on the interior

region, which is the case relevant for the empirical interpretation.

A useful identity for expected sales follows from the fact that, for nonnegative demand,

min{D,K} =

∫ K

0
1{D ≥ x} dx.

Taking expectations and applying Tonelli’s theorem gives

E[min{D,K} | p, θ] =
∫ K

0
Pr(D ≥ x | p, θ) dx =

∫ K

0
[1− FD(x | p, θ)] dx. (B1)

Proof of Proposition 1. Substituting (B1) into profits gives

Π(p,K; θ) = p

∫ K

0
[1− FD(x | p, θ)] dx− cK. (B2)

Differentiating with respect to K,

ΠK(p,K; θ) = p [1− FD(K | p, θ)]− c. (B3)

Because FD(· | p, θ) is increasing, ΠK is strictly decreasing in K, so the capacity problem is
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strictly concave on the interior region. The first-order condition therefore yields

FD(K
∗(p, θ) | p, θ) = 1− c

p
≡ α(p),

and since FD(· | p, θ) is continuous and strictly increasing,

K∗(p, θ) = QD(α(p) | p, θ) . (B4)

That proves Proposition 1.

Under multiplicative demand, D = d(p)ε, so optimal capacity becomes

K∗(p, θ) = d(p)Q(α(p); θ) , (B5)

where Q(·; θ) is the quantile function of ε. Expected sales at that optimum are

E[min{D,K∗(p, θ)} | p, θ] = d(p)

[∫ α(p)

0
Q(u; θ) du+ (1− α(p))Q(α(p); θ)

]
. (B6)

Substituting (B5)–(B6) into profits and using c = p(1 − α(p)) yields the one-dimensional price

problem

max
p>c

pd(p)

∫ 1−c/p

0
Q(u; θ) du. (B7)

Equivalently, writing p = c/(1− α),

Πr(α, θ) =
c

1− α
d

(
c

1− α

)∫ α

0
Q(u; θ) du. (B8)

As α ↓ 0, the integral vanishes, so Πr(α, θ) → 0. As α ↑ 1, the integral is bounded above by

E[ε | θ] < ∞, while the prefactor equals pd(p) → 0 by assumption. Hence Πr extends contin-

uously to [0, 1] with zero endpoints and therefore attains a maximum. Because the objective is

strictly positive at any interior α when demand has positive support, at least one maximizer is

interior.

A convenient sufficient condition for uniqueness is that, for each θ, both

α 7→ log

[
c

1− α
d

(
c

1− α

)]
and α 7→ log

(∫ α

0
Q(u; θ) du

)
are concave on (0, 1), with at least one strictly concave. Then log Πr(α, θ) is strictly concave, so

the maximizer is unique.
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Any interior price optimizer also satisfies

0 = (pd(p))′
∫ α(p)

0
Q(u; θ) du+ pd(p)Q(α(p); θ)αp(p), αp(p) =

c

p2
. (B9)

We do not use (B9) in the empirical mapping, but it clarifies how a higher posted price trades

off the usual direct revenue effect against the larger capacity buffer induced by a higher markup

state.

B2 Utilization, uncertainty, and markup

A second useful identity is

E[min{ε,Q(α; θ)} | θ] =
∫ α

0
Q(u; θ) du+ (1− α)Q(α; θ). (B10)

To see this, write

E[min{ε,Q(α; θ)} | θ] = E[ε1{ε ≤ Q(α; θ)} | θ] +Q(α; θ) Pr(ε > Q(α; θ) | θ) ,

and then change variables from the realization of ε to its cumulative-probability index u =

Fε(ε; θ) in the first term. Dividing (B10) by Q(α; θ) gives

U(α, θ) =

∫ α
0 Q(u; θ) du

Q(α; θ)
+ (1− α). (B11)

Define

I(α, θ) ≡
∫ α

0
Q(u; θ) du, R(α, θ) ≡ I(α, θ)

Q(α; θ)
, U(α, θ) = R(α, θ) + (1− α). (B12)

Proof of Proposition 2. Fix α ∈ (0, 1) and write

QL(u) ≡ Q(u; θL), QH(u) ≡ Q(u; θH), h(u) ≡ QL(u)−QH(u).

A mean- and median-preserving dispersive increase implies that h is decreasing on (0, 1), that

h(1/2) = 0, and that

∫ 1

0
h(u) du =

∫ 1

0
QL(u) du−

∫ 1

0
QH(u) du = E[ε | θL]− E[ε | θH ] = 0.
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Define

qj ≡ Qj(α), xj ≡
∫ α

0
Qj(u) du+ (1− α)Qj(α), Uj ≡

xj
qj
, j ∈ {L,H}.

We need to show UH ≤ UL.

Case 1: α ≥ 1/2. Since h is decreasing and h(1/2) = 0, one has qH ≥ qL. Also,

xL − xH =

∫ α

0
h(u) du+ (1− α)h(α).

Because h is decreasing, h(u) ≤ h(α) for all u ∈ [α, 1]. Hence

∫ 1

α
h(u) du ≤ (1− α)h(α).

Using
∫ 1
0 h(u) du = 0,

0 =

∫ α

0
h(u) du+

∫ 1

α
h(u) du ≤

∫ α

0
h(u) du+ (1− α)h(α) = xL − xH .

So xH ≤ xL. Since also qH ≥ qL > 0,

UH =
xH
qH

≤ xL
qH

≤ xL
qL

= UL.

Case 2: α < 1/2. Now qH ≤ qL. Rewrite utilization as

1− Uj =

∫ α
0 [qj −Qj(u)] du

qj
.

Because h is decreasing and u < α, we have h(u) ≥ h(α). Therefore

qH −QH(u) = qL −QL(u) + h(u)− h(α) ≥ qL −QL(u)

for every u ∈ (0, α). Integrating and using qH ≤ qL gives

1− UH =

∫ α
0 [qH −QH(u)] du

qH
≥

∫ α
0 [qL −QL(u)] du

qL
= 1− UL.

Hence UH ≤ UL.

The two cases together prove Proposition 2.
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Proof of Proposition 3. Using (B12),

Rα(α, θ) =
Q(α; θ)2 − I(α, θ)Qα(α; θ)

Q(α; θ)2
= 1−R(α, θ)

Qα(α; θ)

Q(α; θ)
.

Subtracting one gives

Uα(α, θ) = −R(α, θ) ∂α logQ(α; θ). (B13)

Quantiles are increasing in their probability index, so Qα(α; θ) > 0 and therefore Uα(α, θ) < 0.

That proves Proposition 3.

B3 The interaction term and the two-dimensional comparative statics

Proof of Proposition 4. Differentiate (B12) with respect to θ:

Rθ(α, θ) =

∫ α
0 Qθ(u; θ) du

Q(α; θ)
− I(α, θ)Qθ(α; θ)

Q(α; θ)2
.

Using Qθ = Q∂θ logQ and R = I/Q gives

Uθ(α, θ) = R(α, θ)

[∫ α
0 Q(u; θ) ∂θ logQ(u; θ) du∫ α

0 Q(u; θ) du
− ∂θ logQ(α; θ)

]
. (B14)

This is the fixed-markup uncertainty effect written as a comparison between the uncertainty

sensitivity of the endpoint quantile and the weighted-average sensitivity of the lower quantiles.

Now differentiate (B13) with respect to θ:

Uαθ(α, θ) = −Rθ(α, θ) ∂α logQ(α; θ)−R(α, θ) ∂αθ logQ(α; θ).

Substituting (B14) yields

Uαθ(α, θ) = −R(α, θ)

{
∂αθ logQ(α; θ)

+ ∂α logQ(α; θ)

[∫ α
0 Q(u; θ) ∂θ logQ(u; θ) du∫ α

0 Q(u; θ) du
− ∂θ logQ(α; θ)

]}
. (B15)

Because R(α, θ) > 0, rearranging (B15) gives the condition in (16). That proves Proposition 4.
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B4 Mapping to the empirical interaction

Corollary 5 is the model analogue of the uncertainty-by-markup interaction estimated in the

data. It says that the utilization gap between high- and low-uncertainty firms should be more

negative among high-markup firms. The mapping is ordinal rather than literal: the empirical

markup measures need not coincide exactly with α(p). What matters is that they rank firms by

the value of serving one more unit of demand in high-demand states. Firms with more to lose

from stockouts respond to uncertainty by carrying more slack capacity.

Proof of Corollary 5. If Uαθ(a, ϑ) is integrable on [αL, αH ]× [θL, θH ], then iterated integration

gives

[
U(αH , θH)− U(αH , θL)

]
−
[
U(αL, θH)− U(αL, θL)

]
=

∫ αH

αL

∫ θH

θL

Uαθ(a, ϑ) dϑ da. (B16)

If Uαθ(a, ϑ) ≤ 0 throughout that rectangle, the double integral is nonpositive as well. That

proves Corollary 5.

Nothing in this mapping requires solving for the total response of the optimized markup

α∗(θ). The empirical interaction corresponds to the finite difference in (B16), which is why

Section 2 focuses on state-space comparisons across markup and uncertainty bins rather than

on the derivative of one firm’s optimizer.

B5 A broader positive-support class

It is useful to record a broader class of positive-support demand shocks for which the main

objects in Section 2 take a similar form. Suppose the quantile function of ε can be written as

logQ(α; θ) = ν(θ) + θs(α), θ > 0, s′(α) > 0.

Equivalently,

Q(α; θ) = exp{ν(θ) + θs(α)}.

This specification is automatically consistent with the multiplicative demand system D = d(p)ε

with ε > 0. It covers the lognormal case and, more generally, any case in which log ε belongs to

a location-scale family. For example,

s(α) = Φ−1(α) (normal), s(α) = log

(
α

1− α

)
(logistic), s(α) = − log(− logα) (Gumbel).
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From the definition of R(α, θ),

R(α, θ) =

∫ α
0 Q(u; θ) du

Q(α; θ)
=

∫ α

0
eθ[s(u)−s(α)] du,

so expected utilization becomes

U(α, θ) =

∫ α

0
eθ[s(u)−s(α)] du+ (1− α).

Thus the level term ν(θ) drops out of utilization, just as the scale term d(p) drops out under

multiplicative demand in the main text.

The derivatives entering Proposition 4 are

∂α logQ(α; θ) = θs′(α), ∂θ logQ(α; θ) = ν ′(θ) + s(α), ∂αθ logQ(α; θ) = s′(α).

The weighted-average term in the local interaction condition becomes∫ α
0 Q(u; θ) ∂θ logQ(u; θ) du∫ α

0 Q(u; θ) du
= ν ′(θ) +

∫ α
0 eθ[s(u)−s(α)]s(u) du∫ α

0 eθ[s(u)−s(α)] du
.

Substituting into the condition in Proposition 4, the common term ν ′(θ) cancels, so the local

interaction condition reduces to

Uαθ(α, θ) ≤ 0 ⇐⇒ 1 ≥ θ

[
s(α)−

∫ α
0 eθ[s(u)−s(α)]s(u) du∫ α

0 eθ[s(u)−s(α)] du

]
.

This shows that the sign condition in Proposition 4 is not specific to the lognormal case. In

this broader class, the sign is governed by the weighted gap in the display above between the

capacity-determining quantile response, s(α), and the lower-quantile average response, scaled

by θ. The lognormal worked example in the next subsection is therefore a transparent special

case rather than a knife-edge one.

B6 The lognormal illustration

Let

Q(α;σ) = exp{ν(σ) + σzα}, zα ≡ Φ−1(α). (B17)
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Because the location term ν(σ) cancels from utilization, the normalization of mean demand is

irrelevant for the formulas below. Then∫ α

0
Q(u;σ) du =

∫ α

0
exp{ν(σ) + σΦ−1(u)} du

= exp{ν(σ)}
∫ zα

−∞
eσzϕ(z) dz

= exp{ν(σ) + σ2/2}
∫ zα

−∞
ϕ(z − σ) dz

= exp{ν(σ) + σ2/2}Φ(zα − σ). (B18)

Dividing (B18) by Q(α;σ) and using (B11) yields

U(α, σ) = eσ
2/2−σzαΦ(zα − σ) + (1− α), (B19)

which is equation (19) in the main text.

To obtain the interaction condition, specialize (16). Here

∂α logQ(α;σ) = σ ∂αzα, ∂σ logQ(α;σ) = ν ′(σ) + zα, ∂ασ logQ(α;σ) = ∂αzα.

The common scale term ν ′(σ) cancels from the bracketed difference in (16). For the weighted-

average term, ∫ α
0 Q(u;σ) ∂σ logQ(u;σ) du∫ α

0 Q(u;σ) du
= ν ′(σ) + σ − ϕ(zα − σ)

Φ(zα − σ)
. (B20)

Substituting (B20) into (16) and canceling the positive factor ∂αzα gives

Uασ(α, σ) ≤ 0 ⇐⇒ 1 ≥ σ

[
zα − σ +

ϕ(zα − σ)

Φ(zα − σ)

]
, (B21)

which is equation (20) in the main text.

B7 Extensions

A constant per-unit production cost. Suppose each unit sold also requires a constant variable

production cost m, so expected profits become

Πm(p,K; θ) = (p−m)E[min{D,K} | p, θ]− cK, p > m+ c. (B22)
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The capacity first-order condition is now

(p−m) [1− FD(K | p, θ)] = c,

so the relevant state variable becomes

αm(p) ≡ 1− c

p−m
. (B23)

Hence the capacity rule remains quantile-based:

K∗
m(p, θ) = QD(αm(p) | p, θ) . (B24)

Under multiplicative demand,

K∗
m(p, θ) = d(p)Q(αm(p); θ), Um(p, θ) =

∫ αm(p)
0 Q(u; θ) du

Q(αm(p); θ)
+ [1− αm(p)] , (B25)

and the reduced price problem becomes

max
p>m+c

(p−m)d(p)

∫ αm(p)

0
Q(u; θ) du. (B26)

So the mathematics of the baseline is unchanged; what changes is the interpretation of the

markup state.

Additive demand. Now suppose demand is additive rather than multiplicative:

D = d(p) + ε, d′(p) < 0. (B27)

Assume d(p) + ε ≥ 0 almost surely and K∗
A(p, θ) > 0 on the region of interest. Since FD(K |

p, θ) = Fε(K − d(p); θ), the capacity rule becomes

K∗
A(p, θ) = d(p) +Qε(α(p); θ). (B28)

At that optimum,

UA(p, θ) =
d(p) +

∫ α(p)
0 Qε(u; θ) du+ [1− α(p)]Qε(α(p); θ)

d(p) +Qε(α(p); θ)
. (B29)
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Holding M = d(p) fixed and writing Q(α; θ) = Qε(α; θ),

∂αUA(M,α, θ) = −
[
αM +

∫ α
0 Q(u; θ) du

]
Qα(α; θ)

[M +Q(α; θ)]2
< 0. (B30)

So the basic markup effect survives.

The fixed-markup uncertainty effect also survives on an economically relevant region. Define

Uε(α, θ) ≡
∫ α
0 Q(u; θ) du

Q(α; θ)
+ (1− α),

so that

UA(M,α, θ) =
M + Uε(α, θ)Q(α; θ)

M +Q(α; θ)
.

For fixed M , this expression is increasing in Uε and decreasing in Q because

∂UA

∂Uε
=

Q

M +Q
> 0,

∂UA

∂Q
=
M(Uε − 1)

(M +Q)2
≤ 0.

By Proposition 2, Uε(α, θH) ≤ Uε(α, θL). And when α ≥ 1/2, dispersive order with common

mean and median implies Q(α; θH) ≥ Q(α; θL). Therefore

UA(M,α, θH) ≤ UA(M,α, θL) for α ≥ 1

2
. (B31)

What is lost is the clean reduction to a two-dimensional state space indexed only by markup and

uncertainty. Under additive demand, the level term M = d(p) enters utilization directly, so the

interaction becomes a property of (M,α, θ) rather than just (α, θ).

B8 Limits and scope

Why there is no global sign theorem. The local interaction need not be negative everywhere. A

simple counterexample is

Q(α; θ) = α+ θ
√
α. (B32)

Then

U(α, θ) =
α2/2 + (2/3)θα3/2

α+ θ
√
α

+ (1− α),

so differentiating first with respect to θ and then with respect to α gives

Uαθ(α, 0) =
1

12
√
α
> 0. (B33)
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A blanket global sign claim would therefore be too strong.

Attenuation in the extreme upper tail. If E[ε | θ] <∞ and Q(α; θ) → ∞ as α ↑ 1, then

R(α, θ) =

∫ α
0 Q(u; θ) du

Q(α; θ)
→ 0, U(α, θ) = R(α, θ) + (1− α) → 0. (B34)

The numerator in R(α, θ) stays bounded by E[ε | θ], while the denominator diverges. Hence for

any two uncertainty levels θH > θL,

U(α, θH)− U(α, θL) → 0 as α ↑ 1. (B35)

Even when the interaction is negative over empirically relevant markup ranges, differences

across uncertainty levels must therefore attenuate in the extreme upper tail.

Scope of the model. These limits do not weaken the role the model plays in the paper. The

point is not to claim a universal sign theorem. It is to provide a disciplined link between forward-

looking demand uncertainty, markup heterogeneity, and planned slack capacity. The model is a

theory of ex ante price choice and ex ante capacity choice under demand uncertainty. It is not

a model of within-period scarcity pricing after the demand shock is realized. That timing is the

one that fits the empirical application.
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Appendix C. An Alternative Test of the Effect of Demand Uncertainty

on Capacity Utilization

Our main test of the effect of demand uncertainty on capacity utilization relies on data from

the National Institute for Economic Research’s survey Konjunkturbarometern. The benefit of

using these data is that we can measure subjective, forward-looking uncertainty at the firm level

directly based on firms’ responses to the survey question about how difficult it is to predict their

future business situation. The drawback of the NIER data, however, is that the panel is rather

short, which raises a question about the external validity of the baseline results.

In this appendix, we therefore estimate the effects of demand uncertainty on capacity uti-

lization using an alternative data set from Statistics Sweden, which covers a much longer time

period (1998Q1-2023Q1). The drawback of the Statistics Sweden data is that we do not directly

observe firms’ subjective, forward-looking uncertainty, and instead have to rely on a cruder

industry-level proxy for demand uncertainty in the estimations; this is why we use the NIER

data in the main part of the paper. The longer time period covered by the Statistics Sweden data

nevertheless makes these data useful for probing the external validity of our baseline results.

C1 Data

The alternative data set is the micro data underlying the aggregate industrial capacity utilization

series produced by Statistics Sweden, the official Swedish statistics agency (Statistics Sweden,

1998–2023). Statistics Sweden collects these data through a quarterly industrial capacity uti-

lization survey (Industrins kapacitetsutnyttjande) conducted at the business-unit level. The unit

of observation is the business unit, as in NIER’s survey (see section 3.1). The survey covers busi-

ness units in the mining and manufacturing sectors with at least 50 employees.C1 We aggregate

the data to the firm level, since fewer than two percent of the firms in the data have multiple

business units in a given period.

The capacity-utilization data is an unbalanced panel at quarterly frequency spanning

1998Q1-2023Q1. There are 91,263 observations distributed across 2,987 firms, comprising

two main variables. The first is capacity utilization, defined as the ratio between a firm’s ac-

tual production level and full production capacity. Full production capacity, in turn, is defined

C1More specifically, the sampling procedure involves including the largest business units in an industry and then
moving down the size distribution until the included business units jointly account for 95 percent of the industry’s
sales. Since 2009, however, only business units with at least 50 employees are asked about capacity utilization. To
ensure that we have a consistently defined sample over time, we drop firms with fewer than 50 employees in the
years before 2009.
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as the maximum level of production that the firm can achieve with its current machinery and

normal staffing under currently prevailing production methods. Respondents are instructed to

disregard seasonal factors like vacations and to consider working hours that “may be deemed

normal” when assessing their production capacity. This implies, for example, that firms should

not revise estimated capacity downwards when furloughing workers, but should do so after lay-

ing off staff permanently. The survey also specifies reported utilization may exceed 100 percent

if a firm employs overtime labor.

Second, firms reporting capacity utilization levels below 100 percent are asked why. They

select one or several of the following pre-specified options: lack of high-skilled workers, lack of

other workers, lack of intermediate inputs, insufficient demand, production disturbances, and

other reasons.

C2 Empirical model

Our alternative test of the relationship between capacity utilization and demand uncertainty is

based on the following model, which follows the baseline model closely:

CUi,t = β ·DUj(i),t + γ · ei,t +Ω ·Xi,t−1 + αi + ψt + εi,t. (C1)

The dependent variable, CUi,t, is the average capacity utilization reported by firm i in Statistics

Sweden’s survey during year t.C2 ei,t is firm i’s realized demand shock in period t, defined as the

residual from the following first-order autoregressive model for sales growth:

∆yi,t = ρ ·∆yi,t−1 + µi + λj,t + ei,t, (C2)

where ∆yi,t is firm i’s sales growth between periods t − 1 and t, µi is a firm fixed effect, and

λj,t is an industry-year fixed effect. Demand uncertainty, DUj(i),t, is in turn measured as the

inter-quartile range of ei,t in firm i’s five-digit SNI/NACE industry j in year t, which is similar

to how Bloom et al. (2018) measure productivity uncertainty.C3 Xi,t−1 is a vector comprising

the following time-varying firm controls measured in year t− 1: total assets in logs, the number

of employees in logs, age (number of years since incorporation) in logs, and the ratios of cash

C2The capacity-utilization data is aggregated from the quarterly to the annual level to match the annual frequency
of the demand-uncertainty measure.

C3We choose the inter-quartile range as our dispersion measure because it corresponds closely to dispersive or-
derings, which our theoretical predictions are based on. We exclude observations belonging to industry-year cells
with fewer than 12 firms from the estimations, since a dispersion-based measure like DUj(i),t requires a minimum
number of observations to make sense.
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holdings to total assets, liabilities to total assets, and EBIT to sales, respectively. αi and ψt,

finally, are firm and time fixed effects. Standard errors are two-way clustered at the firm and

industry-year levels.

The coefficient of interest is β, which captures the percentage point change in capacity

utilization following a one-unit increase in demand uncertainty. We assess the magnitude of the

estimated effects as −β · σDU/
(
1− CU

)
, which corresponds to the estimated increase in idle

capacity relative to the sample mean following a one standard-deviation increase in demand

uncertainty.

C3 Results

The results are presented in Table C1. Column (1), which reports the results when estimating

(C1) without time-varying firm controls, shows that a one-unit increase in demand uncertainty is

associated with a statistically significant decrease in capacity utilization of 3.3 percentage points;

hence, a one-standard-deviation increase in demand uncertainty (0.122) leads idle capacity to

increase by 0.4 percentage points, which corresponds to 3.5 percent of mean idle capacity in

the sample (12 percent). This estimate is robust to augmenting the model with the additional

firm-level controls collected in Xi,t−4, as shown in column (2).

In the final two columns of Table C1, we report results from estimations of (C1) on two

subsamples of firms: one comprising firms that either operate at full capacity or operate below

capacity because of “insufficient demand” (column 3), and one comprising firms that either

operate at full capacity or operate below full capacity for non-demand related reasons (column

4). The motivation is the same as for the corresponding tests in the main part of the paper: if our

baseline finding indeed is explained by demand uncertainty, we should only find a significant

effect in the former group, because there is no reason to expect demand uncertainty to explain

variation in capacity utilization driven by, say, production disruptions or insufficient access to

intermediate inputs. The estimation reported in column (4) thus amounts to a placebo test. The

results turn out in line with expectations. The estimate of β that we obtain when dropping firms

that operate below capacity for non-demand reasons is statistically significant and similar in

magnitude to the baseline estimate (column 3), whereas the estimate we obtain when dropping

firms that operate below capacity for demand reasons is smaller and statistically insignificant

(column 4).
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Table C1: The effect of demand uncertainty on capacity utilization

Dependent variable: Capacity utilization (CUi,t)

(1) (2) (3) (4)

DUj(i),t –0.033*** –0.030*** –0.029*** 0.001

(0.011) (0.010) (0.011) (0.012)

ei,t 0.094*** 0.112*** 0.115*** 0.033***

(0.007) (0.008) (0.008) (0.007)

Firm and time fixed effects Yes Yes Yes Yes

Time-varying firm controls No Yes Yes Yes

Adjusted R2 0.501 0.510 0.575 0.442

Number of observations 22,272 21,867 17,890 9,248

Number of firms 2,371 2,348 2,199 1,495

−β̂ · σDU/
(
1− CU

)
0.033 0.030 0.029 –0.001

This table reports estimation results for the regression specified in (C1). The set of time-varying controls comprise
one-year lags of total assets in logs, sales in logs, employment in logs, firm age in logs, and the ratios of cash to total
assets, liabilities to total assets, and EBIT to sales, respectively. The estimation sample in column (3) comprises firms
that either operate at full capacity or operate below capacity because of “insufficient demand,” while the sample in
column (4) comprises firms that either operate at full capacity or operate below capacity for non-demand related
reasons. Observations belonging to industry-year cells with fewer than 12 firms are excluded from the estimations.
The number in the bottom row is the estimated effect of a one-standard deviation increase in demand uncertainty on
capacity utilization, expressed as a share of mean idle capacity in the sample. Standard errors are two-way clustered
at the firm and industry-year level, respectively, in all regressions. *, **, and *** denote statistical significance at the
ten, five, and one percent levels, respectively.

C4 Comparing the estimates

In closing, let us compare the estimates reported in Table C1 with the baseline estimates reported

in Table 2 in the main part of the paper. The two sets of estimates are qualitatively similar:

higher demand uncertainty is in both cases associated with lower capacity utilization. The effect

estimates reported in Table C1 are, however, an order of magnitude smaller than the baseline

estimates. The likely reason for this is that the latter are based on a quite precise measure of

firms’ subjective, forward-looking uncertainty, whereas the alternative estimates are based on

an industry-level proxy.

More specifically, our NIER data indicate that variation in subjective uncertainty at the firm
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level, to a large extent, is idiosyncratic: when we regress dummies corresponding to each of

the four possible responses to the question about how difficult it is to predict the firm’s future

business situation on industry-period fixed effects, we obtainR2s between 0.20 and 0.24. Hence,

industry-level factors explain only a small part of the variation in firm-level uncertainty. Our

alternative estimates are thus likely to suffer from attenuation bias, which pulls the coefficient

estimates towards zero. That the alternative estimates have the right sign and are statistically

significant nevertheless suggests that our baseline results are not specific to the time period

covered by the NIER data. This alleviates the concern that the external validity of our baseline

results is limited because of the shortness of the sample period.
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Appendix D. Measuring Markups

We estimate the markups used in Section 3.4 of the paper using the production-function ap-

proach proposed by De Loecker and Warzynski (2012). In what follows, we describe in more

detail how we implement their method using our data.

We estimate markups using annual financial accounts data from Serrano, which span the

years 1998-2021 (see Section 3.1). Serrano comprises the universe of incorporated Swedish

firms, but we restrict the sample used for the markup estimation to firms above a size threshold.

The reasons are that (i) Serrano includes a very large number of firms that are considerably

smaller than the smallest firms in our sample, and (ii) production functions may differ across

firms of different sizes. Estimating markups using all firms in Serrano would therefore risk

making the estimates less precise. More specifically, we exclude firm-year observations for which

total assets, sales, or employment fall below the first percentile of the respective distributions

among the firms in our sample. We thus drop firm-years with sales below 25.0 million SEK, total

assets below 14.2 million SEK, or a number of employees below 18.

We compute the markups using Rovigatti’s (2020) Stata module markupest. For the

production-function estimation, we follow Levinsohn and Petrin (2003) and Ackerberg, Caves

and Frazer (2015). We use value added as the measure of output, the book value of physical

capital (buildings, land, and machinery) as a state variable, labor costs as a free variable, and

the value of intermediate input purchases as a proxy variable. All variables are deflated using

producer price indices defined at the level of two-digit SNI/NACE codes. We conduct the es-

timation at the level of five-digit SNI/NACE codes and only include observations belonging to

industries with at least 250 observations. The mean and median number of observations per in-

dustry in the estimations are 744 and 501, respectively, whereas the mean and median number

of firms per industry are 77 and 47, respectively.

We report descriptive statistics on the resulting markup estimates in Table A1 in Appendix A.
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