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Abstract

Standard competition models underlying the New Keynesian Phillips curve fail when prices
do not instantaneously clear markets. Notwithstanding, product unavailability is common
in reality. Empirically, I find not only evidence of rationing but also that rationing softens
competition. Particularly, when competitors are more likely to ration, firms exhibit weak-
ener strategic complementarities and higher cost pass-through without losing demand.
Theoretically, I develop a new model of rationing and imperfect competition. Nominal
rigidities prevent firms from clearing excess demand, incentivizing them to ration by re-
jecting buyers. Search frictions clear the market and endogenize competition. When aggre-
gate shocks push the economy into excess demand, rationing increasingly disrupts price
competition, steepens the Phillips curve, and results in persistently high inflation. First,
rationing, particularly by low-price firms, lowers both elasticity and superelasticity, fueling
inflation through higher desired markups and weaker strategic complementarities. Second,
when inflation rises, high-price firms account for a larger share of non-rationing firms. As
buyers switch to more expensive sellers, cost-push shocks arise endogenously regardless of
firms’ pricing decisions. The two mechanisms reinforce inflation, amplifying both the mag-
nitude and intrinsic persistence. Moreover, nonlinearity is not confined to large shocks in
the quantitative DSGE model.

JEL classification: E12, E31, D45
Keywords: Endogenous competition, Inflation, Old Keynesian, Phillips curve, Rationing

1 Introduction

In standard New Keynesian (NK) models, the effect of firm-level price stickiness on the aggre-

gate price level relies on two key ingredients: imperfect price competition (Blanchard and Kiy-
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otaki, 1987) and quasi-Walrasian market clearing (Calvo, 1979).1 In this paper, I relax both as-

sumptions. Firms may ration by restricting quantities, and imperfect competition is shaped by

both price and availability dimensions. The interaction between rationing and imperfect com-

petition turns out to play an important role in shock propagation. As rationing disrupts price

competition, excess demand generates a steep Philips curve and persistently high inflation.

Non-clearing markets have important empirical relevance. During the COVID-19 pandemic,

the U.S. experienced widespread and persistent shortages not seen for decades (Caldara et al.,

2025), and a growing literature documents a strong time-series relationship between inflation

and various measures of shortages (Lamont, 1995, Cavallo and Kryvtsov, 2023, Caldara et al.,

2025, Bai et al., 2024). Shortages are also not limited to the COVID episode. Bils (2016) calcu-

lates an average stockout rate of 4.6% using the CPI micro data between 1988 and 2009. Cavallo

and Kryvtsov (2023) find that online retailers had an average stockout rate of 10% even before

COVID. According to Business Tendency Surveys from Denmark, 10.2% of firms in the service

sector reported labor shortages between 2011 and 2019, while 6.3% of firms in the manufactur-

ing sector reported shortages of labor, materials, or equipment between 1990 and 2019. Going

forward, as rising geopolitical tensions continue to raise trade barriers and disrupt international

trade, shortages may persist, particularly in sectors that rely on complex global supply chains.

New Keynesian models, however, are ill-suited to analyze shortages and rationing. As Barro

(2025) points out, these models extend the excess supply case by imposing market clearing,

and their theoretical coherence deteriorates when excess demand dominates. The strong non-

rationing assumption, as I discuss below, is empirically counterfactual. Even if one sets aside

the theoretical inconsistency and approximates rationing by reducing the number of firms, ex-

isting models remains inadequate. Monopolistic models take market structure as given, while

oligopolistic ones tend to flatten the marginal-cost Phillips curve because higher concentration

always increases strategic complementarities (Wang and Werning, 2022).2 By contrast, several

1In a quasi-Walrasian equilibrium, firms must satisfy all demand at posted prices instantaneously.
2With decreasing returns to scale, lower demand elasticity caused by higher concentration also has a positive

effect on cost pass-through, as derived in (4.5). Numerically, strategic complementarities dominate using the cali-
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recent studies find higher marginal cost pass-through during the COVID period (e.g., Amiti et

al., 2022; Chin, 2023; Gagliardone et al., 2024), whereas none reports evidence of flattening. The

difficulty of incorporating rationing into existing models highlights the need for a new theoret-

ical framework that departs from standard NK models in its treatment of both market clearing

and imperfect competition.

Empirical evidence. I use product-level data from the Indian Prowess database. Relative to

other datasets, Prowess offers a unique panel comprising (i) material input prices and quanti-

ties, (ii) output prices and quantities, and (iii) product-level capacity utilization. Capacity uti-

lization provides valuable cross-sectional variation in supply curves. Data on material inputs

further allow me to investigate how capacity utilization interacts with the cost-price relation-

ship, one of the most important mechanisms behind the Phillips curve.

To test for rationing, I compare the responses of firms with different levels of capacity uti-

lization to industry demand shocks. Similar to Giovanni et al. (2014), I proxy demand shocks

using median sales growth at the 6-digit industry-year level. As expected, high-utilization (low-

capacity) firms experience much smaller increases in output than low-utilization firms. How-

ever, they do not set higher prices relative to their low-utilization peers. Without rationing,

a relative reduction in output must be compensated by a relative increase in price. The data

clearly indicate otherwise. More generally, it is irrelevant for my test whether high-utilization

firms raise prices or not, so long as prices increases fall short of what explains the quantity dif-

ferences under a plausible range of residual demand elasticities. 3

Turning to competition effects, I find that firms react less to prices posted by low-capacity

competitors that are more likely to ration. This is theoretically impossible in standard (i.e.,

non-rationing) Bertrand-Nash models because competitors’ prices are sufficient statistics for

competitive interactions in such models. Moreover, firms in low-capacity industries exhibit

bration in Amiti et al. (2019). Furthermore, changes in rationing are only a few percentage points in the quantitative
exercise in Section 5, too small to generate any significant effect using the nested CES aggregator.

3To overturn my interpretation, one would need to argue that high-utilization firms are subject to unobserved
negative demand shocks or face more elastic demand. Both hypotheses are opposite of the common intuition that
high-utilization firms are indeed more popular firms, and I find empirical support for neither.
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substantially higher cost pass-through without output losses, suggesting that strategic comple-

mentarities are weaker when more competitors are more likely to ration.

The competition test has broader implications than capacity constraints alone. In practice,

firms may restrict quantities, voluntarily or not, in response to a variety of factors. I use capacity

constraints for identification, yet my theoretical mechanism (explained below) also applies to

unexpected disruptions such as delivery delays, inventory stockouts, or supply chain issues. I

leave these extensions for future research.

Model. To incorporate rationing and endogenize competition, I develop a new model that

synthesizes Old and New Keynesian models in a simple search framework. My model is New

Keynesian in the sense that it keeps nominal rigidities and rational expectations as typically

specified in the NK framework. It is Old Keynesian in the sense that firms can ration and do

not commit to satisfying all demand. I further replace monopolistic competition with search

frictions. Similar to many search models, households pay a random fixed cost to find a new

producer randomly. Yet unlike them, matching efficiency is micro-founded and pair-specific.

The probability of forming a successful match depends on (i) the buyer’s reservation price (i.e.,

the maximum price she is willing to pay) and (ii) whether the seller is willing to take on a new

customer. A seller rejects buyers, or ration, when its markup approaches zero. Once a match is

formed, the seller commits to sell any quantity at the posted price.4 Search frictions also give

rise to imperfect competition analogous to the Salop (1979) model: sellers set optimal markups

based on the likelihood that buyers switch to other sellers, which in turn depends on the joint

distribution of prices and rationing probabilities across sellers. This joint distribution therefore

shapes the curvature of the demand curve faced by sellers.

In principle, my model features two distinct measures of aggregate prices. The first is the

consumption price index derived from the CES aggregator. This index is model-consistent,

even though it may not be fully captured by official price statistics. The second measure is

4This is possible because each buyer is measure-zero in the model, so a single buyer’s demand does not affect
firm-level variables. The absence of rationing at the intensive margin greatly improves the tractability of the model
because there is no need to track shadow prices.
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the average posted price across firms. This measure is informative because it directly reflects

firms’ price-setting behavior, but it may temporarily deviate from the true price index following

shocks. I maintain a clear distinction between these two measures throughout the remainder

of the paper.

Firm-level dampening. Mechanically, Old Keynesian firms have an additional control vari-

able, the degree of rationing, compared to New Keynesian firms that can only choose prices.

In NK models, prices serve a dual role—accommodating marginal cost and clearing excess de-

mand. In OK models, firms use rationing to restrict excess demand, which reduces the dual role

of prices. The dual role is particularly salient in models with vertical supply curves (e.g., Boehm

and Pandalai-Nayar, 2022, Comin et al., 2023). In such models, non-rationing firms are com-

pelled to post higher prices to whatever level required to clear excess demand, conveniently

generating sharp price responses to supply constraints. Such a mechanism, while seemingly

intuitive, is unfortunately incompatible with the OK model because firms simply ration when

excess demand rises. At the extreme, they may hold posted prices completely fixed even under

vertical supply curves, which is in stark contrast to NK predictions. Put differently, rationing

dampens firm-level price responses in partial equilibrium.

Industry-level amplification. Of course, many empirical studies document a positive re-

lationship between aggregate posted prices and aggregate supply constraints (e.g., Stock and

Watson, 1999, Boehm and Pandalai-Nayar, 2022). Thus, rationing must lead to more profound

inflationary forces in equilibrium. The first channel operates through household search behav-

ior. As more firms ration, households are less likely to find low-price sellers. More importantly,

it is precisely the low-price competitors that are more likely to ration in equilibrium. This raises

households’ reservation prices and induces them to purchase from higher-price firms. The con-

sumption price rises even when posted prices are completely fixed.

The second channel arises from weakened product-market competition. As reservation

prices increase, firms gain greater market power and charge higher markups. At the same time,
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low-price firms effectively withdraw from price competition by rationing. This reduces strate-

gic complementarities and increases cost pass-through among the remaining firms, consistent

with empirical evidence. Through the lens of the Phillips curve, the former channel shifts the

curve upward, while the latter steepens its slope. Quantitatively, these equilibrium forces more

than offset the attenuating effect of rationing, substantially amplifying both model-consistent

inflation and posted-price inflation.

Endogenous competition further provides a new perspective on price movements when ca-

pacity constraints bind.5 While rationing allows constrained firms to avoid raising posted prices

to clear their idiosyncratic excess demand, industry-wide rationing impedes competition and

incentivizes all firms to post higher prices. Thus, my model predicts a positive correlation be-

tween capacity constraints and posted prices at the aggregate level, without imposing the same

correlation at the firm level.

Nonlinear inflation. Moving from industry equilibrium to general equilibrium, I examine

how rationing affects inflation dynamics in a quantitative model. Following Aruoba et al. (2024),

I calibrate idiosyncratic shocks to match the estimates by Foster et al. (2008). I then discipline

the search cost distribution, assumed to be normally distributed and truncated at zero, using

two moments. First, the empirical estimate of strategic complementarities in Gagliardone et al.

(2023) identifies the dispersion of search costs. Second, the average steady-state markup pins

down their mean. While there is little consensus on the average level of markups, I deliberately

choose a relatively high target—a cost-weighted average of 29%—to emphasize the robustness

of my results. High markups reduce the need for rationing. Consequently, in steady state firms

accept 97.9% of customers, implying an average rationing rate of only 2.1%.

The quantitative model exhibits a pronounced asymmetry that is not confined to large shocks.

Even for moderately sized demand shocks, inflation on impact is nearly 50% higher. Internal

persistence is likewise asymmetric: the autoregressive coefficient of inflation responses is over

5Note that my OK model endogenously restricts capacity when markups approaches zero. Thus, assuming
additional capacity constraints does not create qualitatively new mechanisms in the model, though it may improve
the model’s quantitative performance.
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0.1 higher following positive demand shocks than following negative ones, despite identical

shock persistence. The intuition is that as the price level rises, firms with outdated prices con-

tinue to experience declining relative prices and are more likely to ration. While shocks are

mean-reverting, price levels are not, generating a highly persistent feedback loop between ra-

tioning, relative price gaps, and inflation. Finally, the real wage stagnates after positive demand

shocks even in a flexible wage model as labor demand is capped from above once firms decide

to ration.

The general equilibrium model provides a qualitative account of several salient empirical

patterns observed during the surge in inflation between 2021 and 2023, which have been widely

discussed in both academic and policy circles. First, the asymmetric nature of rationing gives

rise to an asymmetric Phillips curve, consistent with the findings of Benigno and Eggertsson

(2023) and Ball et al. (2022). Second, post-COVID inflation (as well as inflation in the 1970s)

is characterized not only by high levels but also by substantial persistence, consistent with my

model predictions. Even though NK models with menu costs or capacity constraints can match

the magnitude of responses, their shock propagation is typically less persistent. Third, as re-

viewed by Mongey (2025), the post-COVID economy is characterized by surprisingly low real

wages. My model generates high inflation and depressed real wages under excess demand with-

out any wage-price spiral.

Literature. First, the paper contributes to the literature on rationing and non-clearing mar-

kets in macroeconomics, which dates back to Barro and Grossman (1971) and Keynes (1936)

if not earlier.6 Widespread stockouts and delivery delays during Covid renewed interest in ra-

tioning (Holden, 2024; Kharroubi and Smets, 2024; Flynn et al., 2026; Markauskas et al., 2026).

Under monopolistic competition, Holden (2024) quantitatively analyzes how rationing affects

the supply curve and consumer welfare, together with empirical tests for rationing at both mi-

6Many influential studies examined rationing prior to the New Neoclassical Synthesis. To name just a few, see
Carlton (1977), Barro and Grossman (1974), Bénassy (1975), Svensson (1980), and Ohanian and Stockman (1994).
While rationing largely disappears in modern New Keynesian models, it is, however, not unfamiliar in other fields
such as finance (Jaffee and Modigliani, 1969) and industrial organization (Dana, 1999; Dana, 2001; Matsa, 2011;
Conlone and Mortimer, 2013; Amberg et al., 2025; Li, 2026).
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cro and macro levels. Relatedly, Flynn et al. (2026) develop a theoretical model of rationing

where both prices and quantities of monopolistic firms are pre-determined.

I extend their insights and show that rationing alters not only the supply curvature but

also the demand curvature, an effect ruled out by construction in monopolistic settings.7 For

instance, monopolistic models are too stylized to explain why cost pass-through, one of the

key determinants of the Phillips curve, increases when competitors ration. Second, in Holden

(2024) and Flynn et al. (2026), households either forgo the rationed variety or passively accept

the quantity constraint imposed by firms. In reality, households are more likely to visit multiple

stores to circumvent such constraints, and search frictions appear much more realistic in this

regard. Similarly for intermediate goods, search models are widely used to study firm-to-firm

trade (Lenoir et al., 2023).

A closely related body of literature builds on search and matching frictions (e.g., Michaillat

and Saez, 2015). Unlike these models, my model microfounds matching probabilities on firm-

level rationing decisions, which preserves both voluntary and efficient exchange as in Flynn et

al. (2026). By contrast, standard DMP-type models do not feature efficient exchange. Besides,

aggregate matching functions mute the covariance between prices and rationing, an channel

far more important than the average level of rationing itself. Finally, compared to shopping

time models that focus on households (e.g., Kaplan and Menzio, 2016), I demonstrate the im-

portance of rationing and availability on the firm side.

Third, this paper contributes to the vast literature on imperfect competition and New Key-

nesian models (Rotemberg and Saloner, 1986; Rotemberg and Woodford, 1992; Kimball, 1995;

Carlton, 1998). Following recent advances in international trade (Atkeson and Burstein, 2008;

Amiti et al., 2019), there has been renewed interest in incorporating non-monopolistic com-

petition into the NK framework (Wang and Werning, 2022; Alvarez et al., 2023; Gagliardone

et al., 2023; Fujiwara and Matsuyama, 2026). My search model provides a unified framework

7Strictly speaking, residual demand shifts outward when competitors ration in Holden (2024) and Flynn et al.
(2026). However, competition and the Phillips curve slope are determined not by the level but by the curvature of
the residual demand curve.
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where real rigidities endogenously evolves as the economy moves from excess supply to excess

demand, a factor missing from both NK and OK models. Unsurprisingly, different microfoun-

dations lead to different results and policy implications. In my model, lower competition due

to rationing steepens the Phillips curve, amplifies inflationary shocks, but also reduces the sac-

rifice ratio for monetary policy. In NK models, however, lower competition always flattens the

Phillips curve and raise the sacrifice ratio (Wang and Werning, 2022; Fujiwara and Matsuyama,

2026). Moreover, my model identifies a novel negative externality of excess-demand-driven in-

flation: the disruption of price competition (see Carlton, 1982 for an IO perspective). For central

banks, this negative externality introduces a new cost of tolerating high inflation.

Empirically, to my best knowledge, my paper is the first in the macro literature to examine

the competition effects of rationing at the micro level. Few macro papers have taken rationing

seriously at the micro level. One exception is Holden (2024), who astutely tests the quantity

response of retail products that are likely under-priced and finds evidence of rationing. A sep-

arate strand of the literature examines capacity constraints. Both Balleer and Noeller (2023)

and Ahlander et al. (2026) use firm-level data on capacity constraints, substantially extending

earlier sector-level studies such as Boehm and Pandalai-Nayar (2022). Neither directly tests for

rationing, yet both document mixed effects of supply constraints on firm-level prices, casting

doubt on simple Walrasian models. Compared to the prior literature, the unique availability of

all data from inputs to outputs enables me not only to explicitly control for firm-level costs but

also to examine how rationing affects the crucial cost-price relationship.

The final contribution pertains to the non-linearity of the Phillips curve and inflation dy-

namics. A vast number of recent papers attempt to understand this non-linearity through the

functional form of nominal rigidities (e.g., Gagliardone et al., 2024, Blanco et al., 2024a, Blanco

et al., 2024b). Several others study the role of occasionally binding capacity constraints (e.g.,

Comin et al., 2023) and non-linear wage setting (e.g., Benigno and Eggertsson, 2023). Not all

channels necessarily hold once rationing is allowed. In menu cost models, rationing attenu-

ates the cost of underpricing because firms can stop selling when their prices lag far behind the

9



aggregate price level.8 Similarly, rationing reduces the need for higher prices to clear demand

when capacity constraints bind or when the labor supply curve shifts considerably. By contrast,

the endogenous competition channel in my model offers a new source of non-linearity that

reconciles firm-level dampening and industry-level amplification.

The rest of the paper is organized as follows. Section 2 presents the empirical evidence.

Section 3 describes the Old Keynesian model. Section 4 inspects the mechanisms in partial

equilibrium. In Section 5, I calibrate a three-equation version of the Old Keynesian model.

2 Empirical Evidence

Testing for rationing is essentially testing whether firms stay on their demand curves. For exam-

ple, Holden (2024) identifies retail products that are likely underpriced because of sticky prices.

He then tests whether observed quantities increase sufficiently to clear the additional demand

implied by the price gaps. My first test in Section 2.2 complements Holden (2024)’s approach

by identifying ex ante quantity gaps using capacity information, and then I examine whether

subsequent price adjustments are sufficient to clear the quantity gaps.

In Section 2.3 I test whether rationing softens competition. This requires a new empirical

strategy, as rationing can affect competitive pressure without changing standard concentration

measures such as the Herfindahl-Hirschman Index. I therefore extend Amiti et al. (2019) by

examining whether industry-wide rationing, proxied by capacity constraints, changes firms’ re-

sponses to their own cost shocks and competitors’ prices. In Walrasian models, neither effect

should differ because prices are sufficient statistics for competitive interactions. By contrast,

my theory in Section 3 yields distinct predictions that directly speak to the empirical test.

8Without rationing, the cost of underpricing is approximately a quadratic function of the price gap. With ra-
tioning, the cost becomes linear in the price gap, which substantially weakens the incentive to pay menu costs.
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2.1 Data

I use data on Indian manufacturing firms from the CMIE Prowess database. Relative to other

datasets, Prowess uniquely combines information on input prices and quantities, output prices

and quantities, and capacity utilization.9 To the best of my knowledge, Prowess is the only

dataset currently available that provides all three aspects at the product level, which is essential

for my test in Section 2.3. On notation, products, firms, industries, and years are indexed by i ,

f , s, and t , respectively. Industries are defined at the 6-digit product classification level. Details

on data cleaning are in Appendix C.

Output prices and quantities. I define a product as a unique combination of the product

name reported by the producer, the product code, and the company identifier. The unit price

is simply the product-wise sales divided by the product-wise quantity. Then, I take logs and

calculated price changes ∆pi ,t and quantity changes ∆yi ,t . Only manufacturing products are

included.

Capacity utilization. The main variable of interest is called "product-wise installed capacity"

in Prowess.10 I calculate capacity utilization CUraw
i ,t as quantity over lagged capacity in (2.1).

CUraw
i ,t = Production Quantityi ,t

Capacityi ,t−1
. (2.1)

To exclude outliers, I only include observations with CUraw
i ,t between the 5th and 95th per-

centiles. Figure A1 shows the histogram of CUraw
i ,t . While one can observe a clear drop at 100%

as expected, it is not unusual for firms to operate above 100% utilization.

9The disclosure of product-level information was mandatory per the 1956 Companies Act until the general ex-
emption in 2011 (Notification No S.O. 301(E) dated 08/02/2011). As a result, my sample ends in 2011.

10While there might not be standard definition of capacity, the self-reported capacity tends to be extremely sta-
ble. 84.8% of the raw data with non-missing capacity show exactly zero change in capacity, whereas 97.9% (99.8%)
of the observations show absolute changes in capacity below 1% (5%). Changes in capacity are also lumpy. Con-
ditional on having a positive change in capacity, the median increase is as much as 36.8%. Given these patterns,
it is reasonable to think that the "installed capacity" variable, as its name suggests, reflects the constraint due to
pre-determined capital inputs such as the size of the factory or the number of assembly lines. The data coverage
is also high prior to 2011. In the raw data, 52.3% of product-year observations with non-missing sales contain
non-missing capacity, covering 72.2% of total sales in the sample period.
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Next, given the huge sectoral heterogeneity in capacity utilization, I residualize CUraw
i ,t by

removing the average capacity utilization CUind.
s,t weighted by sales at the industry-year level.

ĈUi ,t = CUraw
i ,t −CUind.

s,t , where CUind.
s,t = Weighted Avg. CUraw

i ,t . (2.2)

Importantly, the residualized ĈUi ,t still has considerable product-level heterogeneity, as the

unconditional correlation between ĈUi ,t and ĈUi ,t−1 is as high as 0.76. Consequently, I always

control for lagged ĈUi ,t in the analysis below to separate the cyclical variation within products

from the permanent variation between products.

Sales-to-inventory ratio. Given the importance of inventories (e.g., Bils and Kahn, 2000), I

include the sales-to-inventory ratio as an extension. Inventories are only available at the firm

level, hence I define the sales-to-inventory ratio as the firm-level sales of goods over lagged

inventories.

Invraw
f ,t = Sales of Goods f ,t

Inventories f ,t−1
. (2.3)

Like capacity utilization, a higher Invraw
f ,t generally indicates stronger demand relative to short-

run supply. I remove outliers and residualize Invraw
f ,t as above. Industry-year averages are com-

puted based on the product’s industry rather than the firm’s industry.

Învi ,t = Invraw
f ,t − Invind.

s,t , where Invind.
s,t = Weighted Avg. Invraw

f ,t . (2.4)

Firm-level input price shock (τ f ,t ). Prowess reports the price and quantity of each material

input at the firm level. I closely follow Liu (2025) to construct the firm-level input price shock

from major intermediate inputs, i.e., the top 10% 6-digit product codes ranked by the number of

unique buyers in Prowess. In principle, buyers are more likely to be price takers in these major

intermediate input markets. Empirically, Liu (2025) shows that cost pass-through estimated

using these major intermediate inputs appears highly consistent with results in the literature.
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Define the firm-level price change of major inputs, ∆ρmj
f ,t , as the average price change of all

major inputs weighted by their average purchase amounts between t −1 and t . Next, the firm-

level exposure to ∆ρmj
f ,t is the average expenditure share of major inputs in total variable costs,

approximated by the cost of goods sold (COGS), between t−1 and t . Finally, the firm-level input

price shock, τ f ,t , is the product of ∆ρmj
f ,t and its average expenditure share:

τ f ,t = Avg. Expenditure Share f ,t ×∆ρmj
f ,t . (2.5)

Industry-level demand shock (δs,t ). Similar to Giovanni et al. (2014), I obtain a reduced-form

shock, δs,t , at the industry-year level by calculating the median sales growth (i.e., ∆pi ,t +∆yi ,t )

for each 6-digit industry in each year. The main advantage of this measure is that the treat-

ment is homogeneous across industries, unlike alternative measures such as monetary policy

shocks.11 While I refer to δs,t as an industry-specific demand shock, in principle, it can be an ar-

bitrary combination of synchronized demand, cost, and productivity shocks given its reduced-

form nature. As I will show in Section 2.2, empirical results on prices and quantities are highly

consistent with the demand shock interpretation. Furthermore, I directly observe firm-level

material input costs, which allows for tighter control for cost shocks.

2.2 Product-Level Evidence of Rationing

2.2.1 Empirical Moments

I first plot moments of prices and quantities by capacity utilization. To hold the denominator

fixed, I restrict the sample to observations for which capacity growth is less than 1% in absolute

value. Detailed statistics are reported in Table A1.

First moment. Panel (a) of Figure 1 presents binned scatter plots of average ∆pi ,t and ∆yi ,t

11Monetary policy shocks, while highly exogenous, are likely to affect industries differently. E.g., durable-goods
industries are more sensitive to interest rates. Monetary policy shocks may also have supply-side effects on capital-
intensive industries through the working-capital channel. If such heterogeneity is correlated with capacity utiliza-
tion, the resulting estimates can be severely biased.
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Variable Definition N Mean S.D. Min P10 P25 P50 P75 P90 Max
∆pi ,t Price growth 53,033 0.036 0.229 -0.781 -0.198 -0.058 0.031 0.134 0.277 0.809
∆yi ,t Output growth 53,033 -0.002 0.571 -2.508 -0.530 -0.157 0.035 0.217 0.474 2.565
δi ,t Industry shock 53,033 0.090 0.101 -0.219 -0.021 0.018 0.086 0.158 0.215 0.390
τi ,t Input shock 53,033 0.026 0.094 -0.262 -0.071 -0.017 0.017 0.065 0.137 0.363
∆Capacityi ,t Capacity growth 53,033 0.028 0.088 -0.014 0.000 0.000 0.000 0.000 0.080 0.365

CUraw
i ,t

Raw capacity
utilization

31,041 0.703 0.354 0.148 0.229 0.413 0.685 0.950 1.218 1.396

ĈUi ,t
Residualized
capacity utilization

31,041 -0.135 0.352 -1.181 -0.594 -0.399 -0.145 0.100 0.354 1.057

Înv
raw
f ,t Raw inventory ratio 43,940 5.090 2.231 1.128 2.190 3.320 4.922 6.839 8.444 9.011

Învi ,t
Residualized
inventory ratio

43,940 -0.312 2.002 -7.831 -2.890 -1.640 -0.263 1.005 2.305 7.698

∆p−i ,t Competitors’ price 31,041 0.043 0.096 -0.221 -0.060 -0.012 0.037 0.095 0.160 0.343
∆p̂−i ,t |High CU See (2.8) 31,041 -0.002 0.025 -0.098 -0.026 -0.013 -0.002 0.006 0.021 0.102

Cov
(
∆p−i ,t , ĈU

S.D.
−i ,t

)
i ,t See (2.9) 31,041 -0.009 0.046 -0.226 -0.053 -0.025 -0.007 0.008 0.033 0.181

Notes: The sample corresponds to column (1) of Table 2.

Table 1: Summary Statistics

against the z-score of ĈUi ,t . Each of the 20 bins contains 5% of the sample. Quantity growth

∆yi ,t (red triangle) exhibits a strongly concave relationship with capacity utilization, which is

hardly surprising. Products experiencing falling demand tend to have both low capacity uti-

lization and declining sales, while products operating near full capacity cannot easily expand

output further. Interestingly, the sharp kink occurs right in the middle of the sample, suggesting

that almost half of the products are more or less affected by the residualized capacity measure.

By sharp contrast, the average price growth (black circle) is almost completely unaffected by

capacity utilization at the product level. If demand increases approximately linearly in capacity

utilization, as suggested by quantity changes in the low-utilization region, then prices must in-

crease in the high-utilization region to clear any unsatisfied demand. That prices appear largely

unchanged is a first piece of evidence consistent with rationing.

Second moment. Panel (b) of Figure 1 shows the standard deviations and inter-quartile

ranges of ∆pi ,t and ∆yi ,t for each 5% partition. As capacity constraints become more bind-

ing, quantity adjustments should become less frequent, especially since I restrict the sample to

observations with no change in capacity. Yet in the absence of rationing, smaller quantity fluc-
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(b) Dispersion

Notes: I restrict the sample to product-years in which the absolute change in capacity is below 1%. 20 bins for 82,482 observations. In
panel (b), SD refers to the standard deviation and IQR to the inter-quartile range. The x-axis is the standardized ĈUi ,t .

Figure 1: Changes in Prices and Quantities

tuations should imply larger price fluctuations, provided the stochastic properties of shocks

remain unchanged. Empirically, quantity fluctuations decline as capacity utilization increases.

By contrast, the volatility of price changes, however measured, remains roughly constant. The

absence of elevated price volatility, while difficult to explain under Walrasian market clearing,

is a natural implication of rationing with pricing frictions.

2.2.2 Regression Specification

My formal test for rationing builds on the following double-interaction regression.

Yi ,t =
2∑

m=0

2∑
n=0

βm,nĈU
∗
i ,t−mδs,t−n +

2∑
k=0

βkδs,t−h︸ ︷︷ ︸
Industry demand shock

+
2∑

m=0

2∑
n=0

γm,nĈU
∗
i ,t−mτi ,t−n +

2∑
k=0

γkτi ,t−k︸ ︷︷ ︸
Input price shock

+
2∑

k=0
ηk ĈU

∗
i ,t−k +

2∑
k=1

η′k∆Capacityi ,t−k +Fixed Effects+ϵi ,t , (2.6)

where ĈU
∗
i ,t is normalized ĈUi ,t defined below. Because rationing pertains to the joint behavior

of prices and quantities, I separately estimate (2.6) using∆pi ,t and∆yi ,t as dependent variables.
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Normalization of ĈUi ,t . To facilitate interpretation, I standardize ĈUi ,t before estimating

(2.6). The first measure is the z-score of CUi ,t within the regression sample. The second mea-

sure, which is more robust to outliers, is a centered decile rank of ĈUi ,t . I transform ĈUi ,t into

its decile rank within the sample and recenter the resulting values around zero. The ten deciles

take values −4.5, −3.5, . . ., −0.5, 0.5, . . ., 3.5, 4.5. A one-unit increase corresponds to moving up

one decile, and the median corresponds to zero. I then use this rank measure as a continuous

variable in (2.6), while requires much fewer observations than a fully nonparametric categorical

specification.

Lag controls. Given the potentially persistent heterogeneity in ĈUi ,t , I include lags of all

regressors up to t −2 to isolate the cyclical variation in ĈUi ,t .12 Coefficients are subscripted by

the lag order. For example, β0,0 denotes the interaction between current capacity utilization

and the current industry shock δi ,t .

Industry demand shocks. β0,0 plays a central role in the empirical test. Following a demand

shock, both prices and quantities should increase. In the cross-section, low-capacity products

should further exhibit a negative quantity gap relative to high-capacity products. To clear excess

demand, however, prices of low-capacity products must rise by more to offset this gap. Demand

elasticity then determines the magnitude of the required price adjustment. Therefore, the test

boils down to whether (i) β0,0 > 0 in the price regression and β0,0 < 0 in the quantity regression,

and (ii) their magnitudes are consistent with a plausible demand elasticity.

Input price shocks. The availability of input data in Prowess substantially sharpens my test.

First, the double interaction with the input price shock controls for potential heterogeneity in

firm-level input costs. Second, input price shocks provide a plausible range for the residual de-

mand elasticity through γ0 in the price and quantity regressions. Third, the double interaction

tests whether residual demand elasticity varies systematically across high- and low-capacity

products through γ0,0. Ideally, γ0,0 should be close to zero once sufficient controls are included.

12In Table A2, I compare regressions with and without lag controls using a simplified specification. While both
support the existence of rationing, omitting lag controls tends to overestimate the price response.
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If low-capacity products face more inelastic demand, for example because utilization is cor-

related with product appeal, this would only reinforce the evidence for rationing. Conversely,

more elastic demand poses a threat to identification.

Confounding factors in ĈUi ,t . My identification strategy relies on variation in the tightness

of capacity constraints driven by predetermined capacity levels. In the data, however, observed

capacity utilization reflects substantial heterogeneity arising from differences in production

technologies and product-specific trends. The residualization in (2.2) and the the lagged con-

trols in (2.6) removes industry-year heterogeneity and persistent product-level heterogeneity,

thereby improving the comparability of ĈUi ,t among products.

The remaining confounding factors arise from transitory idiosyncratic shocks entering through

the numerator of (2.1). Idiosyncratic demand shocks raise both prices and quantities, whereas

rationing dampens both. Therefore, if high-utilization is systematically driven by high idiosyn-

cratic demand, the resulting bias would only strengthen the evidence for rationing. Idiosyn-

cratic supply shocks lower prices but raise quantities, and the opposite effects offset each other

in the rationing test.

Fixed effects, clusters, and others. I control for lagged changes in capacity up to t −2 (i.e.,

∆Capacityi ,t−1 and ∆Capacityi ,t−2). Although adding lagged ∆Capacityi ,t nearly doubles the R-

squared of my quantity regressions, it has almost no effect on β’s and γ’s. I include fixed effects

at the product, firm, 6-digit industry, and year levels. Standard errors are clustered by product,

firm, and 6-digit industry. As explained in Appendix C, I also exclude industries with many

outliers or poor data coverage.

2.2.3 Results

Effects of demand and supply shocks. Before estimating (2.6), I first regress ∆pi ,t and ∆yi ,t

separately on the two shocks without ĈUi ,t and its interactions. The results are reported in

columns (1) and (2) of Table 2. Both prices and quantities rise substantially following positive
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(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Tightness Measure Capacity Utilization Sales-to-Inventory Ratio
CU / Inv Normalization Decile S.D. Decile S.D.

∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t

(a) Demand shock

Industry Demands,t (β0) 0.46∗∗∗ 0.56∗∗∗ 0.48∗∗∗ 0.37∗∗∗ 0.49∗∗∗ 0.36∗∗∗ 0.50∗∗∗ 0.46∗∗∗ 0.50∗∗∗ 0.47∗∗∗
(0.05) (0.07) (0.05) (0.08) (0.05) (0.08) (0.07) (0.10) (0.07) (0.10)

ĈU
∗
i ,t × Demands,t (βcu

0,0) 0.00 -0.08∗∗∗ 0.01 -0.22∗∗∗
(0.01) (0.02) (0.04) (0.07)

Înv
∗
f ,t × Demands,t (βi nv

0,0 ) -0.00 -0.07∗∗∗ -0.01 -0.21∗∗∗
(0.01) (0.02) (0.02) (0.05)

(b) Cost shock

Input Pricei ,t (γ0) 0.40∗∗∗ -0.29∗∗∗ 0.44∗∗∗ -0.18∗∗∗ 0.44∗∗∗ -0.17∗∗∗ 0.39∗∗∗ -0.23∗∗∗ 0.39∗∗∗ -0.23∗∗∗
(0.03) (0.04) (0.03) (0.04) (0.03) (0.04) (0.03) (0.05) (0.03) (0.05)

ĈU
∗
i ,t × Input Pricei ,t (γcu

0,0) -0.00 0.01 -0.00 0.06

(0.02) (0.02) (0.04) (0.06)
Înv

∗
f ,t × Input Pricei ,t (γi nv

0,0 ) 0.01 0.03 0.04 0.06

(0.01) (0.02) (0.02) (0.06)

(c) Other variables

ĈU
∗
i ,t (ηcu

0 ) -0.01∗∗∗ 0.11∗∗∗ -0.04∗∗∗ 0.34∗∗∗
(0.00) (0.00) (0.01) (0.01)

Înv
∗
f ,t (ηi nv

0 ) 0.00∗∗ 0.04∗∗∗ 0.01∗∗∗ 0.11∗∗∗
(0.00) (0.00) (0.00) (0.01)

∆ Capacityi ,t−1 -0.00 0.11∗∗∗ -0.10∗∗∗ 1.02∗∗∗ -0.13∗∗∗ 1.20∗∗∗ -0.01 0.14∗∗∗ -0.01 0.14∗∗∗
(0.01) (0.04) (0.02) (0.05) (0.02) (0.05) (0.01) (0.04) (0.01) (0.04)

N 53,033 53,033 23,733 23,733 23,733 23,733 32,782 32,782 32,782 32,782
R2 0.230 0.214 0.278 0.386 0.280 0.410 0.243 0.225 0.243 0.226
Within R2 0.064 0.008 0.098 0.233 0.101 0.262 0.064 0.019 0.064 0.020
Products 8,867 8,867 3,927 3,927 3,927 3,927 5,973 5,973 5,973 5,973
Firms 3,523 3,523 2,097 2,097 2,097 2,097 2,351 2,351 2,351 2,351
6-digit Industries 132 132 75 75 75 75 93 93 93 93

(d) Low-slack products Top Decile 95th Percentile Top Decile 95th Percentile
(β0 +4.5β0,0) (β0 +1.663β0,0) (β0 +4.5β0,0) (β0 +1.657β0,0)

Demands,t 0.49*** 0.01 0.51*** -0.01 0.49*** 0.14 0.48*** 0.12
( 0.08) ( 0.13) ( 0.09) ( 0.15) ( 0.08) ( 0.11) ( 0.07) ( 0.11)

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: Both ĈU
∗
i ,t and Înv

∗
f ,t are standardized, and their units are reported in the header. In all specifications, fixed effects are included

at the product, firm, 6-digit industry, and year levels. Standard errors are clustered by product, firm, and 6-digit industry. In columns
(3)-(4) and (7)-(8), I evaluate the tightness measure at its top decile (ĈU

∗
i ,t = 4.5, Înv

∗
f ,t = 4.5). In columns (5)-(6) and (9)-(10), I evaluate

capacity utilization at its 95th percentile (ĈU
∗
i ,t = 1.663, Înv

∗
f ,t = 1.657).

Table 2: Capacity Utilization and Shock Responses

industry shocks, indicating that δs,t mainly reflects common demand shocks. After a 1% posi-

tive input price shock, prices increase by 0.40% on average while output falls by 0.29%, implying

a residual demand elasticity of 0.73. This estimate is in line with Fujiy et al. (2022), who obtain

similar estimates using Indian firm-to-firm transaction data.13

13An estimate of 0.73 appears much lower than estimates using U.S. retailer data (e.g., DellaVigna and Gentzkow,
2019; Beck and Lein, 2020; Rosenthal-Kay et al., 2024). One reason is that I only include manufacturing firms and
drop all retailers. Fujiy et al. (2022) find that factors such as institution quality and input specificity also affect the
firm-level elasticity.

18



Evidence of Rationing. I then estimate (2.6) and report the results results in columns (3)-(6).

The estimated coefficient β0,0 is indistinguishable from zero in the price regression but signif-

icantly negative in the quantity regression. Following a positive industry shock, low-capacity

(high-utilization) products are no more expensive than other products, despite their substan-

tially constrained supply.

To assess the economic magnitude, I evaluate the response to demand shocks at the top

decile as well as the 95th percentile of the capacity utilization distribution in panel (d) of Ta-

ble 2. When capacity is in the top decile (columns 3-4), quantities increase by merely 0.01%

in response to a 1% industry shock. Prices increase by 0.49%, almost identical to the average

response of 0.48%. Results are similar under the z-score specification in columns (5) and (6),

suggesting that outliers play a limited role. When capacity utilization is at the 95th percentile,

prices increase by 0.51%, while quantities decrease by 0.01%.

What would be the "correct" price response in a standard non-rationing model? Based on

estimates in column (3), the market-clearing price increase required for firms in the top utiliza-

tion decile to absorb excess demand would be:

0.48+ 0.37−0.01

ϵ
,

where ϵ is the residual demand elasticity. The market-clearing price increase would be as high

as 0.97%, based on the reduced-form elasticity of 0.73 estimated in columns (1) and (2). The

estimated price response of 0.49% from the data falls far short of this benchmark, and no plau-

sible demand elasticity can reconcile such a price gap. I interpret this discrepancy as strong

evidence of rationing.

Finally, γ0,0 indicates whether high-utilization products face more elastic demand, which

could potentially invalidate my test. The estimate of γ0,0 is statistically insignificant in both

the price and quantity regressions. Only in column (6) is the coefficient positive, suggesting

potentially more inelastic demand, yet the effect is not statistically significant.
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(1) (2) (3) (4) (5) (6)
∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t

(a) Competitors’ price

∆p−i ,t 0.51∗∗∗ -0.08∗∗ 0.58∗∗∗ -0.10∗∗ 0.54∗∗∗ -0.10∗∗
(0.05) (0.04) (0.05) (0.04) (0.05) (0.04)

∆p̂−i ,t |High CU -0.98∗∗∗ 0.22
(0.15) (0.14)

Cov
(
∆p−i ,t , ĈU

S.D.
−i ,t

)
i ,t -0.30∗∗∗ 0.14

(0.09) (0.09)

(b) Other variables

Input Pricei ,t 0.39∗∗∗ -0.17∗∗∗ 0.37∗∗∗ -0.16∗∗∗ 0.38∗∗∗ -0.16∗∗∗
(0.03) (0.05) (0.03) (0.05) (0.03) (0.05)

∆ Capacityi ,t−1 -0.00 0.12∗∗∗ -0.00 0.12∗∗∗ -0.00 0.12∗∗∗
(0.01) (0.04) (0.01) (0.04) (0.01) (0.04)

N 25,786 25,786 25,786 25,786 25,786 25,786
R2 0.263 0.180 0.273 0.180 0.266 0.180
Within R2 0.092 0.003 0.104 0.003 0.096 0.003
Products 4,128 4,128 4,128 4,128 4,128 4,128
Firms 2,182 2,182 2,182 2,182 2,182 2,182
6-digit Industries 78 78 78 78 78 78

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: In all specifications, fixed effects are included at the product, firm, 6-digit industry, and year levels. Standard errors are clus-
tered by product, firm, and 6-digit industry. ∆p−i ,t denotes the leave-one-out average price change among competitors, weighted by

sales. ∆p−i ,t (High CU) denotes the sales-weighted average price change among competitors with above-median utilization, ĈU j ,t .

Cov
(
∆p−i ,t , ĈU

S.D.
−i ,t

)
i ,t denotes the covariance between competitors’ price changes and the standardized (z-score) utilization rates of

those competitors.

Table 3: Strategic Complementarities and Competitor Capacity Utilization

Results using the sales-to-inventory ratio. In columns (7)-(10), I repeat the analysis but

using normalized Înv f ,t instead of ĈUi ,t . Both ĈUi ,t and Înv f ,t are positively correlated with

short-run quantity constraints, so the interpretation of the coefficients remains unchanged.

Estimates are qualitatively similar: low-inventory firms (high Înv f ,t ) do not increase prices by

more after positive industry shocks, yet they reduce quantities significantly, consistent with

rationing.
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2.3 Effects of Rationing on Competition

2.3.1 Strategic Complementarities

To establish that rationing matters for competition, I first examine whether strategic comple-

mentarities are affected by competitors’ rationing decisions, proxied by their capacity utiliza-

tion ĈU j ,t . My specification is given in (2.7).

Yi ,t =
2∑

k=0
βk∆p−i ,t−h +

2∑
k=0

β̃k Xi ,t−h +
2∑

k=0
γkτi ,t−k +

2∑
k=1

η′k∆Capacityi ,t−k +FE+ϵi ,t (2.7)

Specification. The first term, ∆p−i ,t , is a leave-one-out, sales-weighted average index of

competitors’ price changes. Amiti et al. (2019) show that such an index serves as a first-order

sufficient statistic for competitors’ prices in a broad class of Walrasian models. Competitors are

defined as other products in the same 6-digit industry.

The second term, Xi ,t , captures the interaction between rationing and competitors’ price

changes.14 In the first version, I use Xi ,t = ∆p̂−i ,t |High CU, which is the average deviation from

∆p−i ,t among competitors with above-median utilization ĈU j ,t . The average is weighted by

sales, as defined in (2.8). These high-utilization (low-capacity) competitors are more likely to

ration. If rationing matters for competition, the coefficient β̃ should be nonzero.

∆p̂−i ,t |High CU = ∑
j ̸=i

Sales Share j ,t ×
(
∆p j ,t −∆p−i ,t

)×1ĈU j ,t>Median. (2.8)

In the second version, I define Xi ,t as the sales-weighted covariance between competitors’ price

changes and their capacity utilization, ĈU j ,t , as in (2.9). To facilitate interpretation, capacity

14Qualitatively, specification (2.7) resembles a regression with the interaction term ∆p−i ,t ×CUind.
s,t . Yet all varia-

tion in ∆p−i ,t ×CUind.
s,t is at the industry-time level, making it impossible to isolate unobserved industry trends. In

contrast, Xi ,t constructed from prices and residualized utilization ĈU j ,t exploits the cross-sectional distribution
within industry-years.
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utilization is standardized using its z-score.

Cov
(
∆p−i ,t , ĈU

S.D.
−i ,t

)
i ,t =

∑
j ̸=i

Sales Share j ,t ×
(
∆p j ,t −∆p−i ,t

)× ĈU
S.D.
−i ,t . (2.9)

Similarly, if rationing is irrelevant for competition, the covariance term should have no effect

on outcome Yi ,t . Moreover, as I show later, the covariance specification directly relates to the

theoretical mechanism in Section 4.1.

Finally, I control for supply-side factors, namely the input price shock τi ,t and lagged changes

in capacity. Lags, fixed effects, and clustering follow (2.6).

Results. Table 3 reports the results. In columns (1) and (2), I first run the regressions without

Xi ,t . A 1% increase in competitors’ prices is associated with a 0.51% increase in product i ’s price,

consistent with findings in the literature (Amiti et al., 2019; Albagli et al., 2025). As expected,

output losses are only 0.08%, far smaller compared to the price increase.

Next, I introduce ∆p̂−i ,t |High CU, the average deviation from ∆p−i ,t among high-utilization

competitors. In the price regression in column (3), β̃ = −0.98 and is statistically significant at

the 1% level, indicating that prices are significantly less responsive to competitors that are more

likely to ration. To better interpret the results, consider a simple example in which all com-

petitors have equal weights. Suppose that competitors with below-median utilization do not

change prices, whereas competitors with above-median utilization raise prices by 1%. Then,

∆p−i ,t = 0.5% and ∆p̂−i ,t |High CU = 0.25%. The expected price response of i is therefore 0.58×
0.5%−0.98×0.25% = 0.045%, which is almost completely irresponsive.

In column (5), I instead use the price-utilization covariance and find β̃ = −0.25. The esti-

mate is highly significant at the 1% level, likely because the covariance measure is more refined

and less noisy than a simple binary split.

The empirical finding that firms react less to prices posted by rationing competitors is sur-

prising yet intuitive. It is surprising because it challenges the standard Walrasian result that

prices are sufficient statistics for competitive interactions. Yet it is intuitive in rationing models.
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(1) (2) (3) (4) (5) (6)
CU Normalization Decile

xi ,t −xi ,t−1 xi ,t+1 −xi ,t−1 xi ,t+2 −xi ,t−1

∆p ∆y ∆p ∆y ∆p ∆y

(a) Cost shock

Input Pricei ,t 0.42∗∗∗ -0.27∗∗∗ 0.33∗∗∗ -0.26∗∗∗ 0.22∗∗∗ -0.30∗∗∗
(0.03) (0.05) (0.04) (0.08) (0.04) (0.08)

Industry ĈU
∗
s,t × Input Prices,t 0.01 0.01 0.05∗∗∗ 0.00 0.04∗∗∗ 0.04

(0.01) (0.02) (0.02) (0.02) (0.01) (0.03)

(b) Other variables

Industry ĈU
∗
s,t -0.00∗∗∗ 0.01∗∗∗ -0.00 0.00 -0.00 -0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry Demands,t 0.49∗∗∗ 0.45∗∗∗ 0.43∗∗∗ 0.36∗∗∗ 0.29∗∗∗ 0.42∗∗∗

(0.04) (0.08) (0.05) (0.09) (0.05) (0.09)
∆ Capacityi ,t−1 -0.01 0.16∗∗∗ -0.00 0.12∗∗ -0.02 0.09∗

(0.01) (0.04) (0.02) (0.05) (0.02) (0.05)
N 19,142 19,142 19,142 19,142 19,142 19,142
R2 0.249 0.169 0.342 0.301 0.412 0.418
Within R2 0.085 0.014 0.064 0.008 0.032 0.007
Products 3,070 3,070 3,070 3,070 3,070 3,070
Firms 1,650 1,650 1,650 1,650 1,650 1,650
6-digit Industries 69 69 69 69 69 69

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: In all specifications, fixed effects are included at the product, firm, 6-digit industry, and year levels. Standard errors are clustered
by product, firm, and 6-digit industry. ĈU

∗
s,t is normalized as in Section 2.2.2.

Table 4: Cost Pass-Through in High-Utilization Industries

Once competitors restrict quantities, they effectively withdraw from price competition, render-

ing their posted prices less relevant. The model in Section 3 provides a rigorous microfounda-

tion for this mechanism.

2.3.2 Cost Pass-through

Next, I test whether industry-wide rationing affects firms’ own cost pass-through. Intuitively,

softer competition should make it easier to pass costs into prices. The industry-average capac-

ity utilization (CUind.
s,t in (2.2)) serves as a coarse proxy for industry-wide rationing. To remove

industry-specific permanent heterogeneity in CUind.
s,t , I subtract the industry-level mean in the
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sample period CU
ind.
s .

ĈU
ind.
s,t = CUind.

s,t −CU
ind.
s (2.10)

Specification. Interacting ĈU
ind.
s,t with the input price shock τi ,t yields specification (2.11).

Yi ,t+h =
2∑

m=0

2∑
n=0

βm,nĈU
ind.∗
s,t−mτi ,t−n +

2∑
k=0

βkτi ,t−k +
2∑

k=0
γk ĈU

ind.∗
s,t−k

+
2∑

k=0
ηkδs,t−h +

2∑
k=1

η′k∆Capacityi ,t−k +FE+ϵi ,t (2.11)

As in Section 2.2.2, ĈU
ind.
s,t is normalized using the centered decile rank. To study the dynamics,

I place cumulative price and quantity changes up to two years on the left-hand side and use the

same regression sample for all h ∈ {0,1,2}. I further control for the industry demand shock δs,t

and changes in capacity. Lags, fixed effects, and clustering follow (2.6).

Results. As shown in Table 4, ĈU
ind.
s,t significantly amplifies cost pass-through without reduc-

ing the output, consistent with the hypothesis that rationing softens competition. The effect

emerges after one year, likely reflecting switching frictions, and remains significant two years

later. Quantitatively, a one-decile increase in ĈU
ind.
s,t amplifies the price response by 0.05. For a

product in the top decile, the price response is expected to be higher by 0.05×4.5 = 0.22 after

one year, corresponding to 66% of the average response. Finally, one potential concern is that

ĈU
ind.
s,t could be driven by strong and persistent industry demand rather than idiosyncrasies

of granular competitors. However, this demand-based interpretation is inconsistent with the

finding that ĈU
ind.
s,t by itself has only negligible effects on outcomes.

In Table A3, I additionally interact the input price shock with CU
ind.
s and ĈUi ,t , thereby com-

pleting the full decomposition of raw capacity utilization CUraw
i ,t . Only ĈU

ind.
s,t , which captures

cyclical fluctuations in industry-level capacity utilization, amplifies cost pass-through. Main

estimates are virtually unchanged in Table A3.
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3 A Model of Rationing and Endogenous Competition

Motivated by both the empirical results and the theoretical limitations of standard New Key-

nesian models, I develop a new model in this section. The model allows for rationing while

retaining two key New Keynesian features: nominal rigidities and rational expectations. Be-

cause standard monopolistic and oligopolistic models cannot readily account for my empirical

findings, I further introduce search frictions to endogenize imperfect competition.

3.1 Search Frictions in Goods Markets

I begin by describing the micro-level structure of the economy. Because the search problem is

static within each period, I omit time subscripts unless otherwise noted. In terms of notation,

uppercase and lowercase variables denote levels and logarithms, respectively, unless otherwise

noted.

Sellers (goods producers). Each variety market is populated by a unit mass of sellers (goods

producers). Each seller s sells a single variety i and posts a unit nominal price Ps,i , serving a

continuum of buyers (households). However, sellers do not commit to supplying all buyers

at that price. As discussed in Section 3.3, sellers endogenously choose production limits and

randomly reject potential buyers so that total sales remain within these limits. Let Ωs,i denote

a seller’s probability of acceptance.

I define Fi (P ) and fi (P ) as the cumulative distribution function (CDF) and probability den-

sity function (PDF) of prices posted by sellers in variety market i . However, sellers posting the

same price may choose different acceptance rates. Let Ω̃i (P ) denote the average acceptance

rate among sellers posting price P :

Ω̃i (P ) = E
[
Ωs,i |Ps,i = P

]= ∫
Ωs,i 1Ps,i=P d s∫

1Ps,i=P d s
. (3.1)

Buyers (households). Buyer k aggregates individual goods, indexed by i , using a constant-
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elasticity-of-substitution (CES) aggregator:15

Ck =
[∫

Q
σ−1
σ

k,i di
] σ
σ−1

. (3.2)

For each variety i , the buyer purchases Qk,i units from a single seller in that market. The buyer

searches randomly among sellers until (i) she finds one whose price is below her reservation

price (explained in Section 3.2), and (ii) the seller does not reject her. Once matched, she can

purchase any quantity at the posted price. For tractability, matches last only one period.

Search cost. Searching requires effort, which I model as a non-monetary utility cost below. At

the beginning of each period, buyer k draws an i.i.d. search cost parameter νk,i ≥ 0 for variety i .

The realized search cost is given byΨνk,i , where the exogenous scaling parameterΨnormalizes

search costs, as discussed in Section 3.2. Let V (·) and v(·) denote the cumulative distribution

function (CDF) and probability density function (PDF) of ν, respectively. Sellers know the dis-

tribution of ν, but not buyers’ individual search costs. A buyer can search an unlimited number

of times within each period using the same νk,i .

From the buyer’s perspective, each seller s ∈ [0,1] is characterized by two variables: (i) the

posted price Ps,i and (ii) the probability of acceptance, Ωs,i . Equivalently, 1−Ωs,i is the proba-

bility of rationing by seller s. Buyers know the joint distribution of Ps,i andΩs,i .

Reservation price. As in McCall (1970), I assume that buyer k sets an optimal reservation

price P̄k,i for variety i , given the joint (P,Ω) distribution and her realization of νk,i . In Section

3.2, I derive the optimal P̄k,i , which balances the expected total search cost against the possi-

bility of finding a cheaper seller who accepts new buyers.

To illustrate how the reservation price operates, I compute the probability of forming a

15In theory, households may not want to consume certain varieties when search costs are too high. The implied
love-for-variety in (3.2) is 1

σ−1 , and my calibrated value for σ in Section 5.1 is low enough such that the love for
variety almost always dominates search costs. As a result, households would voluntarily purchase all varieties
even when I endogenize the variety choice. Moreover, empirical evidence on love-for-variety remains extremely
limited. One of the few exceptions is Soloveichik (2022), who finds that the theoretical inflation associated with
stockouts was negligible in 2020 and reached only about 1% in 2021, whereas lockdowns increased theoretical
inflation by roughly 3% in 2020 and reversed it by about 1% in 2021.
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match for a buyer with reservation price P̄k,i in market i :

Gi (P̄k,i ) =
∫ P̄k,i

Ωs,i d s =
∫ P̄k,i

Ω̃i (P )dFi (P ). (3.3)

If no firm rations, the probability of forming a match is simply Pr(Ps,i ≤ P̄k,i ). When firms ration,

the probability of matching with seller s is weighted by Ωs,i to account for the possibility that

the seller refuses to sell. The expected number of searches is then given by the inverse of the

matching probability:

Ni (P̄k,i ) =
[∫ P̄k,i

Ωs,i d s

]−1

. (3.4)

The expected search cost is thereforeΨνk,i Ni (P̄k,i ).

3.2 Households

3.2.1 Static Problem

Two-stage optimization. In the first stage of each period t , households draw search costs and

determine their reservation prices in each variety market. Search costs are scaled byΨi to keep

the utility function close to homothetic. The second stage happens after households match

with sellers. They then choose consumption across varieties and labor supply, conditional on

the prices posted by the matched sellers. Mathematically, the flow utility of household k is given

by

Uk = max
{P̄k,i }

E{Pi }

{
max

{Qk,i },Lk

(C 1−γ
k

1−γ −χL1+η
k

1+η
)}

−
∫
Ψiνk,i Ni (P̄k,i )di , (3.5)

subject to the one-period budget constraint (conditional on the realization of {Pi })

Ek +W Lk =
∫

Pi Qk,i di . (3.6)
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Because reservation prices are chosen before prices are realized, the first term is taken as

an expectation over the joint distribution of {Pi } (i.e. all Pi ). In the second term, I define

Ψi = C−γQi , where C denotes aggregate consumption and Qi denotes average consumption

of good i . Intuitively,Ψi ensures that search costs are proportional to both the marginal utility

of consumption and the quantity consumed of good i . Finally, the household is endowed with

Ek , and W denotes the nominal wage.

Second stage. Conditional on {P̄k,i } and the realization of {Pi }, the consumption price index,

optimal Qk,i , and consumption level are standard:

Pk ({Pi }) =
[∫

P 1−σ
i di

] 1
1−σ

, Qk,i =
( Pi

Pk ({Pi })

)−σ
Ck ({Pi }), Ck ({Pi }) = Ek +W Lk

Pk ({Pi })
. (3.7)

And labor supply is given by Lηk =C−γ
k

χ−1W
Pk ({Pi }) .

First stage. Define P̌i (P̄k,i ) =
∫ P̄k,i Ω̃i (P )PdFi (P )

Gi (P̄k,i )
as the Ω-weighted average posted price among

suppliers whose prices are below the reservation price P̄k,i . Equivalently, P̌i (P̄k,i ) can be re-

written using expected values and covariance:

P̌i (P̄k,i ) = E
[
P | P ≤ P̄k,i

]+ Cov
(
Ω̃i (P ), P | P ≤ P̄k,i

)
E

[
Ω̃i (P ) | P ≤ P̄k,i

] . (3.8)

Assuming symmetric households, the first-order approximation of the optimal reservation price

given νi is

P̄i = P̌i (P̄i )+ Ni (P̄i )

1+ (γ−1)/η
Pνi , (3.9)

where P is the aggregate price index. To focus on the firm block and simplify other blocks as

much as possible, I omit higher order effects in (3.9) and the Euler equation below.
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3.2.2 Euler Equation

Dynamically, household k maximizes the lifetime utility function

Vt (Bk,t−1) = max Uk,t +
β

exp(γξt )
Et Vt+1(Bk,t ). (3.10)

subject to exp(−it )Bt = Bt−1 +Wt Lt −
∫

Qk,i ,t Pk,i ,t di +Πt , where Bt denotes bond holdings, Πt

denotes nominal firm profits, it is the log risk-free interest rate, and ξt is the aggregate demand

shock. Assuming symmetric households, the log-linearized Euler equation is

ĉt = Et ĉt+1 − 1

γ

(
it −Et πt+1 + lnβ

)
+ξt . (3.11)

At the first order, all static choice variables (P̄i , Lt , Qt ) for the average household remain the

same as above.

3.3 Goods Producers

Sellers face a dynamic problem due to nominal rigidities. Because the setup is analogous to

the McCall (1970) model, I further impose idiosyncratic productivity and demand shocks on

producers to ensure a non-degenerate price distribution in equilibrium. All variety markets are

symmetric in equilibrium.

3.3.1 Demand Curve

Consider a seller in market i that sets price Ps,i ,t . Hereafter, I omit the market subscript i , as

each seller serves only a single market. For any Ps,t , let ν∗ ≥ 0 denote the search cost of the

marginal buyer whose reservation price equals Ps,t , i.e., Ps,t and ν∗ satisfy (3.9). The seller

receives match requests from all buyers with search costs above ν∗, and each buyer with νk
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is expected to visit N (νk ) times. The total number of match requests, M(Ps,t ), is therefore:

M(Ps,t ) =
∫
ν∗

N (ν)dV (ν), s.t. Ps,t = P̌ (Ps,t )+ N (Ps,t )

1+ (γ−1)/η
Pν∗. (3.12)

Idiosyncratic demand shock. It is well known that in models with high superelasticity,

implausibly large productivity shocks are required to generate reasonable price distributions

(Klenow and Willis, 2016). In the context of the Kimball aggregator, Aruoba et al. (2024) show

that introducing idiosyncratic demand shocks can generate realistic pricing dynamics. I adopt

their approach and introduce an idiosyncratic demand shock. The idiosyncratic demand shock

ξs,t takes the following form. For seller s that posts Ps,t , the quantity demanded by buyers, Y d
s,t ,

is:

Y d
s,t = Mt

(
Ps,t

exp(ξs,t )

)
Qt (Ps,t ). (3.13)

where Q(·) is the intensive margin defined in (3.7) and Mt (·) is the number of matches defined

in (3.12). I choose the particular function form so that ξs,t changes demand elasticity in exactly

the same way as in Aruoba et al. (2024).16

One can interpret ξs,t as buyers’ misperception about the price distribution. For example,

some buyers overestimate how expensive things are, which raises both their reservation prices.

For sellers matched with these buyers, it is as if they posted lower prices in the matching pro-

cess, resulting in a positive ξs,t .

Elasticity and superelasticity. For the analysis below, I numerically evaluate the demand

16In Aruoba et al. (2024), the derivative of demand elasticity with respect to idiosyncratic demand is the same
as the derivative with respect to a firm’s own price (see p.10). (3.13) also implies the same equality because
∂

∂ps,t
Mt

( Ps,t
exp(ξs,t )

) ≡ − ∂
∂ξs,t

Mt
( Ps,t

exp(ξs,t )

)
. Adding demand shocks on the intensive margin Qt

( Ps,t
exp(ξs,t )

)
makes little

quantitative difference as it does not change the desired markup.
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elasticity ϵs,t and superelasticity ψs,t , defined as

ϵs,t =
∂yd

s,t

∂ps,t
, ψs,t =

∂ ln(ϵs,t )

∂ps,t
, (3.14)

where yd
s,t = ln(Y d

s,t ). In particular, elasticity is the sum of the intensive-margin elasticity and

the extensive-margin elasticity, i.e., ϵs,t =σ+ ∂ms,t
∂ps,t

, where ms,t = ln Ms,t .

3.3.2 Optimal Pricing and Rationing

Production function. Let Cs,t (x) denote the real cost of producing x units at time t for firm s.

In the baseline model, each firm s produces output according to

Ys,t = At As,t L1−α
s,t , (3.15)

where At and As,t denote aggregate and firm-level productivity, respectively. α is the returns to

scale. Firms take the real wage W r
t as given. The real cost function is given by:

Cs,t (Ys,t ) =W r
t

(
Ys,t

As,t

) 1
1−α

. (3.16)

Rationing. Since only a fractionΩs,t of match requests are accepted, total output of seller s is

Ys,t =Ωs,t Y d
s,t . (3.17)

Profit maximization under Calvo pricing. Prices are sticky à la Calvo, with θc denoting the

probability of not resetting. Let x∗
s,t denote the value of x conditional on resetting the price,

while xs,t without the asterisk refers to the case of no reset. The seller’s objective function in
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real terms is given by:

Vs,t (Ps,t−1; As,t ,ξs,t ) = max
Ωs,t ,P∗

s,t ,Ω∗
s,t

(1−θc )
[

Y ∗
s,t P∗

s,t −Cs,t
(
Y ∗

s,t

)+Et βVs,t+1(P∗
s,t ; As,t+1,ξs,t+1)

]
+θc

[
Ys,t Ps,t−1 −Cs,t

(
Ys,t

)+Et βVs,t+1(Ps,t−1; As,t+1,ξs,t+1)
]

, (3.18)

subject toΩs,t ≤ 1, (3.16), and (3.13).

First-order conditions. Let P̃s,t = Ps,t
Pt

denote the relative price posted by seller s. As shown in

Appendix B.2.1, the seller’s optimal relative reset price P̃∗
s,t satisfies:

P̃∗
s,t =

ϵ∗s,t

ϵ∗s,t −1
C ′

s,t (Y ∗
s,t )+β

Et V ′
s,t+1(P̃∗

s,t )

Y ∗
s,t (ϵ∗s,t −1)

, (3.19)

whereas the optimal acceptance rates,Ωs,t andΩ∗
s,t , are chosen such that.

P̃s,t−1 ≥C ′
s,t (Ys,t ) and P̃∗

s,t ≥C ′
s,t (Y ∗

s,t ). (3.20)

That is, firms ration output whenever needed so that marginal cost never exceeds price.

Excess demand versus excess supply. Introducing firm-level rationingΩs,t in (3.17) links the

framework to Old Keynesian models described in Barro (2025). A goods producer faces excess

supply when the constraintΩs,t ≤ 1 binds, i.e., when it would like to serve more customers than

it actually has at the posted price. Conversely, it faces excess demand when the optimal Ωs,t is

strictly below one and the firm actively rations.

Comparison with menu-cost models. One would expect rationing to remain important in

menu-cost models, since rationing weakens the need for faster price adjustments in the first

place. In standard NK settings, firms are willing to pay the menu cost because the opportunity

cost of holding a low price is approximately quadratic in the price gap. For OK firms, by con-

trast, the opportunity cost is approximately linear in the price gap, substantially reducing the

incentive to pay the menu cost.
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3.4 Closing the Model

Monetary policy. I assume a standard Taylor rule it = − lnβ+ϕππt +ϕy ĉt , and πt is the log

change in the consumption price index Pt . ĉt is the log deviation from the steady-state value.

it is the policy rate in log terms.

Symmetric equilibrium. Given realized and expected aggregate variables, the industry equi-

librium is a fixed point of the path of the P-Ω distribution. For the general equilibrium, the

joint P-Ω distribution at any time t is such that the policy function implicitly defined by (3.18),

which themselves depend on the expected path of the P-Ω distribution under rational expec-

tation, reproduces the same expected path. While I do not analytically prove the existence or

uniqueness of the equilibrium, numerically I find that there always exists a unique equilibrium

in my calibrated model.

4 Inspecting the Mechanism

4.1 Demand System

I first examine the demand system in partial equilibrium. The producer’s problem (3.18) implies

a strong link between prices and rationing: low-price firms (low Ps) have the strongest incentive

to ration (low Ωs). From the buyer’s perspective, a high P-Ω covariance mechanically raise the

average price P̌ (ν) in (3.8), altering both the reservation price and the demand curve.

To illustrate this mechanism, I run a partial-equilibrium exercise that fixes the nominal

posted price distribution as well as aggregate nominal spending. Varying the distribution ofΩs

changes buyers’ reservation prices and input costs, leading to a different price of the consump-

tion bundle. For the calibration, I adopt parameter values and the steady-state distribution of

posted prices from Section 5.
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Firm-specific rationing. In the first exercise, I construct the distribution ofΩs using:

Ωs = min

(
1, M̄

Ps
1−α
α

M(Ps)Q(Ps)

)
, (4.1)

whereα= 0.3 and Ps ∼ N (0,σp ). The functions M(·) and Q(·) are defined in (3.12) and (3.7). The

free parameter M̄ pins down the average level ofΩs in industry equilibrium.

Equation (4.1) provides an intuitive approximation to the optimal Ωs implied by (3.16) and

(3.18). I then lower M̄ to move the equilibrium from no rationing (average Ωs = 100%) to high

rationing (averageΩs = 90%). The results are shown by the black lines in panel (a) of Figure 2.

Uniform rationing. For comparison, I also report results (blue lines) obtained under a uni-

form rationing rule. Here, all firms choose the same Ωs . I then compare the two cases while

holding the average acceptance rate constant.

Importantly, the uniform rationing rule is closely related to the aggregate matching function

commonly used in models with product market frictions, such as Michaillat and Saez (2015) and

Kaplan and Menzio (2016).17 Models may differ in details, yet reduced-form matching functions

effectively impose uniform rationing as a function of aggregate market tightness. By construc-

tion, these functional assumptions cannot generate the price-rationing covariance implied by

(4.1) in a micro-founded rationing model.

Prices and quantities. Under firm-specific rationing, the consumption price index rise

sharply with rationing, reflecting higher purchase prices paid by households. As the average

acceptance rate Ω falls from 100% to 90%, the consumption price rises by close to 6%, even

though the posted price distribution remains completely fixed.

The effect is even more pronounced compared to the uniform rationing case. Under uni-

form rationing, the output price rises by only 1% even whenΩ= 90%. The intuition is straight-

forward: with uniform rationing, buyers can still search and find low-price sellers (the second

17While a growing literature studies product market frictions, to my knowledge, I am not aware of any search
model that explicitly analyzes the Phillips curve or marginal cost pass-through at a level comparable to standard
New Keynesian models.
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Figure 2: Effects of Rationing on the Demand System

term in (3.8) is zero), albeit with more search efforts. In contrast, when low Ps also implies low

Ωs , keeping searching is likely futile, so buyers end up accepting much higher input prices and

passing costs fully into output prices.

Note that the extent of average rationing is only weakly related to quantities. In this exercise,

nominal spending is fixed, so changes in quantities simply mirror changes in prices. For the

same level of average rationing, buyers’ willingness to pay can differ dramatically depending on

the P −Ω joint distribution, resulting in large differences in quantities.

Concavity and size dependence. Price responses are moderately concave in the average

Ωs under firm-specific rationing because (4.1) induces a concave covariance between Ps and

Ωs . Economically, this implies that rationing matters not only during episodes of soaring short-

ages, but also in periods with relatively mild and sporadic shortages. In fact, prices respond to

rationing most strongly precisely when rationing first begins to emerge. This explains the rel-

evance of rationing in the absence of large aggregate shocks. The relevance does not hinge on

whether small shocks can materially raise the average level of rationing, which seems rather im-

plausible. Instead, it depends on whether they can trigger rationing at the lower tail of the price

distribution, thereby generating a sufficiently strong P-Ω covariance. With a sufficiently wide

markup distribution, even moderate shocks can affect the covariance through the lower tail,

implying that rationing is not confined to rare episodes associated with large aggregate shocks
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such as COVID.

Elasticity and superelasticity. In the third and fourth columns of panel (a) of Figure 2, I eval-

uate demand elasticity and superelasticity weighted by sales. Under firm-specific rationing,

demand elasticity falls from 3.4 to around 3.05 as average Ωs declines to 90%. By comparison,

under uniform rationing, elasticity declines more modestly to 3.23. That is, firm-specific ra-

tioning nearly doubles the decrease in elasticity. More importantly, firm-specific rationing also

generates a larger decline in superelasticity. As average Ωs falls to 90%, superelasticity drops

from 7.6 to 6.6, compared to 7.05 under uniform rationing. Because real rigidities govern the

slope of the Phillips curve, this reduction interacts with other macroeconomic shocks and am-

plifies inflation in addition to the one-time increase in desired markups.

4.2 Phillips Curve

4.2.1 Contemporaneous Cost–Price Relationship

To focus on the contemporaneous forces, I set β = 0 and study the myopic reset price. Under

this assumption, resetting firms also never ration. Log linearize the myopic reset price:

ˆ̃p∗
s,t =− 1

ϵ−1
ε̂∗s,t +m̂c s,t , where ε∗s,t = lnϵ∗s,t , (4.2)

ϵ is the average steady-state elasticity, m̂c s,t = lnC ′(·)s,t is the marginal cost, and C (·)s,t is de-

fined in (3.16). Equation (4.2) is not yet directly interpretable because ε̂∗s,t itself depends non-

linearly on the reset price ˆ̃p∗
s,t . To obtain a cleaner representation, I partial out the first-order

response of elasticity to ˆ̃p∗
s,t using the superelasticityψ∗

s,t . Define the residual elasticity compo-

nent:

εresi
s,t = ε̂∗s,t −ψ∗

s,t ( ˆ̃p∗
s,t − ξ̂s,t ), (4.3)
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which yields the marginal-cost-based pricing equation

(
1+ ψ∗

s,t

ϵ−1

)
ˆ̃p∗

s,t =− 1

ϵ−1
εresi

s,t + ψ∗
s,t

ϵ−1
ξ̂s,t +m̂c s,t . (4.4)

With decreasing returns to scale, one can further decompose the marginal cost term:

(
1+ ψ∗

s,t

ϵ−1
+ α

1−αϵ
∗
s,t

)
︸ ︷︷ ︸

Real rigidities

ˆ̃p∗
s,t =

α

1−αmresi
s,t − εresi

s,t

ϵ−1︸ ︷︷ ︸
Residual demand

+ exogenous factors, (4.5)

where mresi
s,t = m̂s,t − (ϵ∗s,t −σ)( ˆ̃p∗

s,t − ξ̂s,t ). Exogenous factors include aggregate variables and

idiosyncratic shocks.18

Residual demand. Relative to the textbook Phillips curve, (4.5) features two additional terms,

mresi
s,t and ϵresi

s,t . Mathematically, the former captures log changes in Ms,t in (3.13) orthogonal

to p̃∗
s,t and ξx,t , whereas the latter captures log changes in ϵ∗s,t not explained by p̃∗

s,t or ξx,t .

Economically, the term mresi
s,t reflects a level shift in residual demand due to reallocation from

rationing to non-rationing firms within a product market. As the covariance between prices and

rationing increases, buyers shift toward high-price firms, raising optimal reset prices through

decreasing returns to scale. The second term, εresi
s,t , reflects log changes in residual demand

elasticity (i.e. market power), which arises when rationing competitors effectively drop out of

price competition. A positive mresi
s,t increases marginal cost, while a decline in εresi

s,t raises the

desired markup.

Real rigidities. On the left-hand side are real rigidities micro-founded in search frictions. A

decrease in elasticity ϵ∗s,t or superelasticity ψ∗
s,t unambiguously steepens the Phillips curve up

to the first order. By softening price competition, rationing lowers both elasticity and superelas-

ticity, amplifying inflationary responses to aggregate conditions as well as to residual demand

within the product market.

18Exogenous factors = α
1−α ĉt + ŵ r

t +
(
ψ∗

s,t
ϵ−1 − α(ϵ∗s,t−σ)

1−α

)
ξ̂s,t − 1

1−α âs,t . See Appendix B.3.
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Figure 3: Productivity Shocks in Partial Equilibrium

4.2.2 Dynamic Effects: Productivity Shocks

Next, I evaluate the Phillips curve numerically in partial equilibrium using (3.19) and the full

calibration from Section 5.1. Following the sequence-space approach, any outcome of the firm

block, denoted by x, can be expressed as a function of real demand c, the real wage wr , the

aggregate price level p, aggregate productivity shock a, and aggregate demand shock ξ:

x = F (c,wr ,p,a,ξ). (4.6)
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For this exercise, I fix {c,wr ,p,ξ} and impose different productivity shocks at t = 1. Each pro-

ductivity shock follows an AR(1) process with an autoregressive coefficient of 0.5, and its initial

magnitude ranges from -9% to 9%. The resulting shock paths are shown in the fourth column of

panel (a) of Figure 3. The outcome variables of interest are the consumption price, the average

posted price, and the average acceptance rate.19

Comparison between models. I label my model “OK with Search” in this section. To bench-

mark my model against other models in the literature, I construct three alternative models with

comparable parameters. The first, labeled “NK with Search,” eliminates rationing while pre-

serving the search structure. The second, labeled “NK without Search,” further shuts down

search frictions and corresponds to the standard NK-Calvo model. Note that the second model

has no real rigidities, so I increase its price stickiness θc from 0.7 to 0.79 to ensure comparability.

The third model, labeled “OK without Search,” extends the second by allowing for rationing but

not search frictions. This model captures the core mechanism in monopolistic OK models: be-

cause households cannot search, they must reduce the number of varieties they consume when

firms stop selling. The resulting welfare loss from reduced variety generates a wedge between

the love-for-variety-adjusted consumption price and the average posted price. I show the re-

sponses in my Old Keynesian model in panel (a) of Figure 3 and those in the other three models

in panel (b).

OK vs. NK. For the consumption price, my "OK with Search" model exhibits significant

asymmetry and substantially greater price flexibility than the two NK models, despite sharing

the same parameter values. Following a -9% productivity shock, the consumption price index

jumps by over 4% in the OK model, compared with only 0.4-0.6% in the two NK models. Two

forces drive this large increase in the consumption price index. First, as discussed above, the

consumption price rises mechanically when households are willing to accept higher purchase

prices, even if sellers keep posted prices completely fixed. Second, posted prices rise when

19Given the partial equilibrium nature, the consumption price shown in Figure 3 cannot coincide with the as-
sumed p. Instead, I feed the equilibrium P −Ω distribution into the household’s problem and calculate the ex-
pected unit cost of consumption.
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negative productivity shocks soften price competition and induces greater cost pass-through.

To focus on the pricing behavior, I also plots changes in the average posted price. As ex-

pected, posted prices display asymmetry and greater pass-through following large negative

shocks in my OK model relative to the two NK models. Nonetheless, posted prices in the OK

model exhibit smaller initial responses but greater persistence than the consumption price, es-

pecially after negative shocks. Following a -9% shock, average posted prices initially rise by

about 1%, accounting for only one-quarter of the increase in the consumption price. As the

shock propagates, the consumption price falls quickly, whereas average posted prices remain

elevated. Beginning at t = 3, changes in the average posted price explain the lion’s share of the

variation in the consumption price.

OK vs. OK. Panel (b) of Figure 3 also shows the responses in the "OK without search" model.

Despite the absence of endogenous competition and the difference in magnitude, its LFV-adjusted

consumption price shows remarkably similar asymmetric amplification in the first few quar-

ters. However, several important differences distinguish the two OK models. First, posted price

dynamics in "OK without Search" are nearly identical to those in the two NK models, exhibiting

little amplification or asymmetry. In other words, rationing without search frictions primarily

operates through the unobserved marginal utility of consumption on the demand side, rather

than interacting with the observed posted prices on the supply side.

Second, the intrinsic persistence of price changes differs dramatically. In my “OK with

Search” model, positive price responses are much more persistent than negative price responses,

resulting in a long-lasting asymmetry, particularly in posted prices. In contrast, in the “OK

without Search” model, positive and negative responses of the LFV-adjusted consumption price

eventually become symmetric after five quarters.
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4.2.3 Dynamic Effects: Inflation Shocks

Next, I impose an inflation shock that permanently raises the price level without affecting real

variables. In the notation of (4.6), the shock operates solely through p, while {c,wr ,a,ξ} remain

fixed. Compared with productivity shocks, inflation shocks imply the same cumulative price

adjustment across models, allowing me to focus solely on differences in timing. Moreover, pro-

ductivity shocks are mean-reverting, whereas changes in the price level are permanent. Both

are important to general equilibrium dynamics.

Contemporaneous shocks. Figure 4 shows the responses to contemporaneous inflation

shocks. In panel (a), I introduce a 4% inflation shock. As sticky prices prevent firms from ad-

justing posted prices, the average acceptance rate Ω falls from nearly 98% to 96% in the "OK

with Search" model. The resulting increase in rationing has a profound impact on both the

consumption price and the average posted price (black line in the first two panels). As rationing

raises households’ reservation prices, they switch to more expensive sellers, leading to a rapid

increase in the consumption price despite sticky posted prices. Quantitatively, rationing gener-

ates a nearly 2% consumption price gap between the "OK with Search" model and the two NK

models. As the shock propagates, the peak response of the consumption price exceeds 4.5%,

which is even higher than the 4% initial shock. The “OK without search” model lies between the

“OK with Search” model and the two NK models in terms of the consumption price.

Second, posted prices rise more rapidly in the "OK with Search" model, albeit more slowly

than the consumption price, as rationing softens competition and relaxes real rigidities. The

peak response reaches around 4.2%, also exceeding the 4% initial shock. Relative to the NK

models, rationing generates a posted price gap of 0.5–1% that persists for more than 10 quarters.

By contrast, posted prices in the “OK without Search” model are virtually identical to those in

the two NK models.

By sharp contrast, the three models differ only marginally following a negative inflation

shock of -4% in panel (a). As the price level falls, firms initially experience higher relative prices
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Figure 4: Inflation Shocks in Partial Equilibrium

and engage in less rationing. The resulting increase in availability lowers reservation prices and,

consequently, the consumption price. However, the quantitative differences are very modest.

For posted prices, the differences are almost negligible. The asymmetry after inflation shocks is

even more profound than the asymmetry after productivity shocks in Figure 3.

News shocks. Finally, I examine the timing of responses to anticipated inflation shocks

across models. In Figure A2, I introduce anticipated positive and negative inflation shocks that

materialize at t = 8.

4.3 Discussion

Selection effect and nominal rigidities. The interaction between search frictions and ra-

tioning generates a strong selection effect in Figure 2 reminiscent of Caplin and Leahy (1991),

even with a fixed frequency of price changes. Rather than sticky-price producers self-selecting
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into price adjustments, here buyers select sellers with higher prices due to higher reservation

prices. The ability of my model to circumvent nominal rigidities is qualitatively similar to the

state dependence that characterizes menu-cost models but with important differences. Besides

the difference in mechanisms, state-dependence in the OK model is one-sided in Figure 3 be-

cause rationing is rare during deflationary shocks. The strong asymmetry appears consistent

with the empirical regularity that inflation is highly skewed and deflation is rare.

Market power and real rigidities. My model also generates co-movements between elasticity

and superelasticity that differ from those in other imperfect competition models such as Wang

and Werning (2022) and Fujiwara and Matsuyama (2026). In those models, higher market share

raises market power and lowers demand elasticity, while superelasticity always increases with

market share for empirically plausible values. As a result, greater concentration is always as-

sociated with stronger market power, higher real rigidities, and a flatter marginal-cost Phillips

curve.

By contrast, higher market power in my rationing model coincides with lower superelas-

ticity when rationing intensifies. Notably, real rigidities fluctuate even without large changes

in the cross-section of sales because rationing imposes an upper bound on sales. While mar-

ket concentration can be informative, the model highlights that alternative mechanisms, such

as product market frictions, can be equally important for understanding the macroeconomic

effects of market power.

Observed vs. model-consistent inflation. Differences between the consumption price

and the average posted price in the OK models raise the question of how the model should

be mapped to the data. The Bureau of Labor Statistics does not update weights frequently or

adjust for the love for variety when constructing the price indices. Consequently, it is likely that

the model-consistent inflation differs from the measured inflation. Fortunately, posted prices

still exhibit distinct dynamics in the "OK with Search" model relative to all other models, which

allows me to validate my model empirically using posted price in Section 2.
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Description Variable Value Note
a. Goods Producers
Calvo pricing parameter θc 0.7 Gagliardone et al. (2023)
S.D. of productivity innovations σa 0.0224 Foster et al. (2008)
Persistence of productivity shocks ρa 0.943 Foster et al. (2008)
S.D. of demand innovations σξ 0.0635 Foster et al. (2008)
Persistence of demand shocks ρξ 0.976 Foster et al. (2008)
Steady-state productivity ā Normalizing output to one
Returns to scale 1−α 0.7

b. Other Sectors
Discount rate β 0.99
Frisch elasticity η 2
Labor disutility χ Normalizing wages to one
Risk aversion γ 1.5
Intensive-margin elasticity σ 1.25
Taylor rule (inflation) ϕπ 1.5
Taylor rule (output) ϕy 0.125

Table 5: Externally Calibrated Parameters

5 Inflation Dynamics and Endogenous Competition

This section shows the general equilibrium dynamics in the Old Keynesian model. To focus on

price setting, I abstract from wage stickiness.

5.1 Calibration

To discipline the model, I calibrate it using evidence on U.S. firm dynamics (Aruoba et al., 2024,

Foster et al., 2008) and empirical estimates of strategic complementarities (Gagliardone et al.,

2023, Amiti et al., 2019). Most microeconomic studies rely on data from the manufacturing sec-

tor, even though services account for the majority of output in advanced economies. Relative to

manufacturing firms, service-sector firms adjust prices less frequently and exhibit greater price

stickiness (Nakamura and Steinsson, 2008, Cotton and Garga, 2022). Because the incidence of

rationing increases with price stickiness, this calibration strategy likely provides a lower bound

on the quantitative importance of rationing and endogenous competition.
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Description Target Model Note
a. Targeted Moments
ψ/(ϵ−1) 1.17 1.16 Gagliardone et al. (2023)
Average markup 30% 29.0% Weighted by input costs

b. Model Parameters
µν 0.147 Mean before truncation
σν 0.110 S.D. before truncation

c. Untargeted Steady-State Moments
S.D. of prices 0.176 0.18 in Foster et al. (2008)
AverageΩ 97.9%
Average ϵ 4.59
Average ψ 4.16

Table 6: Internally Calibrated Parameters

5.1.1 Externally Calibrated Parameters

The model is calibrated at a quarterly frequency with a discount factor of β = 0.99. On the

household side, I assume a CRRA utility function with risk aversion γ = 1.5 and set the Frisch

elasticity to η = 2. For the demand aggregator, I choose an intensive-margin elasticity of σ =
1.25.20 A relatively low value ofσ provides additional flexibility in targeting the average markup.

Finally, monetary policy follows a Taylor rule with coefficients ϕπ = 1.5 and ϕy = 0.125.

For idiosyncratic demand and productivity shocks, I use quarterly AR(1) processes to match

the annual persistence and standard deviation reported by Foster et al. (2008). Idiosyncratic

demand shocks, ξs,t , follow an AR(1) process with persistence ρξ = 0.976 and innovation stan-

dard deviationσξ = 0.0635. Idiosyncratic productivity shocks, as,t , follow an AR(1) process with

persistence ρa = 0.943 and innovation standard deviation σa = 0.0225.

Finally, I set the Calvo parameter to θc = 0.7 in line with Gagliardone et al. (2023). I further

set α= 0.3 for the production function in (3.15), consistent with the DSGE literature.21

20The implied love for variety is 1
1.25−1 = 4.

21Empirical evidence suggests that long-run returns to scale in the manufacturing sector are close to unity (Lenzu
et al., 2024, Gagliardone et al., 2023, Eslava et al., 2024). Short-run returns to scale, however, are much less well un-
derstood, as they depend critically on input flexibility and on the elasticity of substitution across inputs. Assuming
constant short-run returns to scale implies infinite firm-level production capacity, which is at odds with observed
capacity utilization. Besides, PMI delivery times exhibit substantial variation even prior to COVID-19, indicating
that input adjustment is far from frictionless.
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5.1.2 Internally Calibrated Parameters

Search cost distribution. Search costs play a central role in the model because they deter-

mine demand elasticity and superelasticity. As in Section 4.1, I assume that search costs follow

a truncated normal distribution with support on R+, characterized by two parameters, µν and

σν.

Two empirical moments pin down the two parameters. First, empirical estimates of strate-

gic complementarities suggest that the ratio ψ
ϵ−1 is close to unity. Following Gagliardone et al.

(2023), I target a value of 1.17.22 Because the model features heterogeneity in both elasticity

and superelasticity, I compute this ratio using sales-weighted elasticity and superelasticity. This

moment primarily identifies the ratio between µν and σν.

Second, I choose the level of µν by targeting an average markup of 30 percentage points,

similar to 29% in Aruoba et al. (2024). Markups are weighted by input costs as explained by

Edmond et al. (2023). Even though many methodological questions remain (see Basu, 2019), a

cost-weighted average of 30% certainly lies towards the higher end of the spectrum.23 I delib-

erately choose a relatively high markup target to demonstrate the robustness of the results, as

higher markups reduce the need for rationing.

Given these two moments, the calibrated search cost distribution implies µν = 0.147 and

σν = 0.110.24 In steady state, the average markup is 29% when weighted by input costs and 33%

when weighted by sales. The average elasticity and superelasticity are ϵ̄ = 4.59 and ψ̄ = 4.16,

implying ψ̄
ϵ̄−1 = 1.16.25

Others. Labor disutility and aggregate productivity are chosen to normalize steady-state

22In their notation, 1−Ω= (
1+ ψ

ϵ−1

)−1. They estimateΩ≈ 0.54, which implies ψ
ϵ−1 ≈ 1.17.

23At probably the highest end, De Loecker et al. (2020) report a sales-weighted average markup of 61%. However,
the corresponding cost-weighted average falls to roughly 35%. Moreover, such a high level appears highly implau-
sible (e.g., Barkai, 2020, Foster et al., 2022, Benkard et al., 2025). Even in De Loecker et al. (2020), the cost-weighted
average markup that accounts for overhead cost never exceeds 10%.

24As I show in Figure A3, high µν reduces elasticity, whereas high σν lowers superelasticity.
25In a NK model with no search frictions, one could compute the marginal-cost Phillips curve slope using

(1−θc )(1−βθc )
θc

(
1+ ψ

ϵ−1

)−1, which is approximately 0.060.
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Figure 5: Steady State Markups and Acceptance Rates

wages and output to one, respectively.

5.1.3 Untargeted Moments in the Steady State

Price dispersion. The model generates a standard deviation of log price levels of 0.176, almost

identical to the empirical estimate of 0.18 in Foster et al. (2008). Note that I solve the model un-

der perfect foresight for technical reasons. The key difference between the deterministic and

stochastic steady states is that price dispersion is wider in the latter, as it increases with the

variance of aggregate shocks. Given the large variance of idiosyncratic shocks in the model, the

additional contribution of aggregate shocks to price dispersion is arguably modest. If price dis-

persion were indeed substantially wider, rationing effects would be even stronger, as illustrated

in panel (c) of Figure 2.

Markup distribution and the acceptance rate. In the steady state, the cost-weighted aver-

age markup is as high as 29% following my deliberately conservative calibration. High markups

tend to undermine rationing and the competition channel. Panel (a) of Figure 5 plots the cu-

mulative distribution function of markups. The 25th, 50th, and 75th percentiles are 8.5% and

29.6%, and 48.8%, respectively. Firms operating at a zero markup account for 9.9% of sales and

13.4% of costs. Zero-markup firms, however, do not necessarily ration aggressively. The average

Ω conditional on a zero markup is 72.9%, while the unconditional averageΩ is as high as 97.9%.
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A 2.1% rejection rate is therefore much lower than the average pre-COVID stockout rate of 12%

reported by Cavallo and Kryvtsov (2023), which is unsurprising given the high markups.

5.2 Numerical Solution

I use the sequence-space Jacobian method to find the exact nonlinear dynamics under perfect

foresight (Auclert et al., 2021). Compared to standard models, the industry equilibrium intro-

duces an additional P −Ω fixed point, which requires more iterations. Fortunately, the firm’s

problem can be solved via the endogenous grid method, which greatly speeds up the iterations.

5.3 Impulse Response Functions

Aggregate demand shocks First, I impose aggregate demand shocks through ξt in (3.11). The

aggregate shock hits at t = 1 and follows an AR(1) process with persistence ρ = 0.5. The initial

shock size ranges from -8% to 8%, as shown on the x-axis of Figure 6. The first panel displays

price changes upon impact as a function of the initial shock size, whereas the second panel

shows cumulative price changes over the first four quarters and over the entire transitional path.

All other panels report average responses of non-price variables over the first four quarters,

while full transitional paths are shown in panel (a) of Figure A4.

Negative shocks. Following negative demand shocks, the model behaves similarly to standard

three-equation New Keynesian models. Rationing is rare, both elasticity and superelasticity

remain nearly constant, and impulse responses are highly linear. An 8% negative shock lowers

the price level by 4% upon impact and by 6% after four quarters.

Asymmetric magnitude. Strong asymmetry emerges when demand shocks turn positive. An

8% positive shock raises the price level by over 6% upon impact and by 12% over four quarters,

almost doubling the effect of its negative counterpart. This amplification is not limited to very

large shocks. The dashed red line extrapolates impulse responses from negative shocks, and

actual inflation diverges immediately as soon as the shock turns positive.
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Figure 6: Impulse Responses Following Demand Shocks

At the core of the asymmetry is the uneven response of rationing. In the model, the average

acceptance rate falls from 98% in steady state to under 93% following an 8% shock, compared

to 99% following a -8% shock. As rationing intensifies, households switch to more expensive

sellers, and both elasticity and superelasticity decline. Not suprisingly, rationing dampens the
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countercyclicality of markups following positive shocks, as seen in the gap between the actual

average markup and the linear extrapolation. The dampening effect is even more salient in the

impulse response function in panel (a) of Figure A4. Markups remain highly countercyclical

after negative shocks, as my model deviates from standard models only during positive shocks.

Asymmetric persistence. In addition to its magnitude, inflation displays a pronounced

asymmetry in intrinsic persistence.26 Both the posted price inflation and the consumption

price inflation are substantially more persistent following positive demand shocks than neg-

ative demand shocks (also see the IRFs in Figure A4). The intuition for asymmetric persistence

is straightforward. Rising price levels continue to lower relative prices for firms with old prices.

Unlike mean-reverting shocks, price gaps persist until the next price adjustment. Even after the

shock has dissipated, firms with large price gaps continue to ration while waiting for the next

reset, generating a highly persistent increase in rationing among low-price firms. Rationing

reinforces inflation, while inflation creates more price gaps. This, in turn, strengthens the in-

trinsic persistence of aggregate inflation.

Real wage. Finally, rationing depresses consumption and real wages. Reduced quantities

supplied by rationing firms lower output and labor demand, while higher prices depress de-

mand through the Taylor rule. Relative to standard flexible-wage New Keynesian models, which

rely heavily on procyclical real wages to drive marginal costs and inflation, my model produces

more amplified inflation dynamics with muted fluctuations in real wages. To an observer ex-

trapolating from wage dynamics in the excess supply regime (negative demand shocks), she

will find a surprising moderation of real wage growth in an overheated economy. She might

also wonder why inflation is persistently high despite the absence of any wage-price spiral in

such an economy.

Aggregate productivity shocks. I repeat the same exercise but with aggregate productivity

shocks. Results are in Figure A5, which largely mirror responses to demand shocks.

26measure persistence by fitting an AR(1) model to the impulse response function.
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6 Conclusions

This paper develops an Old Keynesian model that incorporates rationing and endogenous com-

petition in a search framework. The model generates several results that depart sharply from

standard New Keynesian predictions under excess demand. At the firm level, rationing atten-

uates price responses by giving firms an additional margin of adjustment. In industry equi-

librium, rationing, particularly by low-price firms, softens competition, lowers elasticity and

superelasticity, and raises both the consumption price index and posted prices. In general

equilibrium, inflation becomes intrinsically more persistent due to the feedback loop between

inflation and rationing. High inflation mechanically lowers firms’ relative prices and leads to ra-

tioning; meanwhile, rationing reinforces inflation by raising households’ reservation prices and

softening competition. The resulting asymmetry in both magnitude and persistence is quanti-

tatively important for inflation dynamics in a model calibrated to match firm dynamics data.

Empirical evidence at the product level supports both mechanisms. Products with high ca-

pacity utilization show no differential price response to demand shocks despite evident quan-

tity constraints, while periods of high industry-level utilization amplify price responses without

output losses. Together, these findings suggest that rationing and product-market frictions are

quantitatively important for understanding inflation dynamics.
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Appendix

A Tables and Figures

Capacity ∆ Price ∆Quantity
Decile Median SD IQR Skewness Kurtosis Median SD IQR Skewness Kurtosis

1 3.46 27.87 24.61 -0.01 4.67 -11.55 84.38 77.63 0.24 4.94
2 4.05 27.55 24.23 -0.05 4.81 -4.24 71.83 60.26 0.41 6.15
3 3.89 24.76 21.64 -0.03 5.40 -0.00 62.04 49.54 0.78 7.66
4 4.03 23.13 20.55 -0.06 5.82 0.42 56.97 42.84 0.92 9.08
5 4.06 21.83 19.22 0.05 6.32 2.97 51.85 36.78 1.14 10.75
6 3.97 21.25 18.66 -0.09 6.45 4.22 47.25 32.46 1.02 12.63
7 3.92 19.87 17.59 -0.07 6.87 5.06 44.88 28.44 1.13 14.90
8 3.82 19.87 16.94 -0.24 7.10 5.32 42.83 28.24 1.30 15.24
9 3.97 20.00 17.19 -0.09 7.25 6.88 40.19 25.21 0.98 17.20

10 3.21 20.71 17.41 -0.12 7.00 9.24 41.78 27.86 0.71 15.36

Notes: N = 84,578

Table A1: Empirical Moments Conditional On Capacity Utilization

(1) (2) (3) (4) (5) (6) (7) (8)
Lags N N Y Y N N Y Y
CU Normalization Decile S.D.

∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t ∆pi ,t ∆yi ,t

Industry Demands,t 0.58∗∗∗ 0.43∗∗∗ 0.57∗∗∗ 0.41∗∗∗ 0.59∗∗∗ 0.33∗∗∗ 0.59∗∗∗ 0.23∗∗∗
(0.05) (0.07) (0.05) (0.06) (0.05) (0.06) (0.05) (0.05)

CUraw∗
i ,t × Demands,t 0.01∗∗ -0.06∗∗∗ 0.00 -0.08∗∗∗ 0.05∗∗∗ -0.21∗∗∗ 0.03 -0.26∗∗∗

(0.00) (0.01) (0.01) (0.02) (0.01) (0.03) (0.03) (0.06)
CUraw∗

i ,t -0.01∗∗∗ 0.06∗∗∗ -0.01∗∗∗ 0.10∗∗∗ -0.02∗∗∗ 0.19∗∗∗ -0.04∗∗∗ 0.31∗∗∗
(0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.01) (0.01)

N 23,733 23,733 23,733 23,733 23,733 23,733 23,733 23,733
R2 0.242 0.258 0.250 0.342 0.244 0.269 0.254 0.365
Within R2 0.053 0.073 0.063 0.178 0.055 0.087 0.067 0.207
Products 3,927 3,927 3,927 3,927 3,927 3,927 3,927 3,927
Firms 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097
6-digit Industries 75 75 75 75 75 75 75 75

Low-slack products Top Decile 95th Percentile
(β0 +4.5β0,0) (β0 +1.684β0,0)

Demands,t 0.63*** 0.16** 0.58*** 0.05 0.68*** -0.03 0.64*** -0.22**
( 0.05) ( 0.07) ( 0.05) ( 0.11) ( 0.06) ( 0.06) ( 0.06) ( 0.11)

Standard errors in parentheses∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes:

Table A2: Importance of Lagged Controls
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(1) (2) (3) (4) (5) (6)
CU Normalization Decile

xi ,t −xi ,t−1 xi ,t+1 −xi ,t−1 xi ,t+2 −xi ,t−1

∆p ∆y ∆p ∆y ∆p ∆y

(a) Cost shock

Input Pricei ,t 0.40∗∗∗ -0.16∗∗∗ 0.31∗∗∗ -0.16∗∗∗ 0.20∗∗∗ -0.22∗∗∗
(0.03) (0.04) (0.04) (0.06) (0.03) (0.07)

Industry ĈU
∗
s,t × Input Prices,t 0.01 0.00 0.05∗∗∗ -0.00 0.04∗∗∗ 0.03

(0.01) (0.02) (0.02) (0.02) (0.01) (0.03)

Industry CU
∗
s,t × Input Prices,t -0.01 0.01 -0.02∗∗ 0.03∗ -0.03∗∗ 0.04∗

(0.01) (0.01) (0.01) (0.02) (0.01) (0.02)
ĈU

∗
i ,t × Input Prices,t -0.01 0.00 -0.01 0.01 -0.02 0.01

(0.01) (0.03) (0.01) (0.04) (0.01) (0.04)

(b) Other variables

Industry ĈU
∗
s,t -0.01∗∗∗ 0.02∗∗∗ -0.00∗∗ 0.02∗∗∗ -0.00 0.01∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ĈU

∗
i ,t -0.01∗∗∗ 0.11∗∗∗ -0.01∗∗∗ 0.08∗∗∗ -0.00∗ 0.07∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry Demands,t 0.51∗∗∗ 0.26∗∗∗ 0.44∗∗∗ 0.22∗∗∗ 0.29∗∗∗ 0.30∗∗∗

(0.04) (0.06) (0.05) (0.08) (0.05) (0.08)
∆ Capacityi ,t−1 -0.15∗∗∗ 1.13∗∗∗ -0.10∗∗∗ 0.97∗∗∗ -0.09∗∗∗ 0.87∗∗∗

(0.02) (0.04) (0.02) (0.05) (0.03) (0.06)
N 19,142 19,142 19,142 19,142 19,142 19,142
R2 0.263 0.346 0.348 0.377 0.415 0.458
Within R2 0.102 0.224 0.072 0.117 0.037 0.074
Products 3,070 3,070 3,070 3,070 3,070 3,070
Firms 1,650 1,650 1,650 1,650 1,650 1,650
6-digit Industries 69 69 69 69 69 69

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: In all specifications, fixed effects are included at the product, firm, 6-digit industry, and year levels. Standard errors are clustered
by product, firm, and 6-digit industry. ĈU

∗
s,t is normalized as in Section 2.2.2.

Table A3: Cost Pass-Through in High-Utilization Industries – Extended Version
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Figure A4: Transitional Dynamics After Shocks
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B Model

B.1 Households

B.1.1 Static version

Objective function. I drop the k subscript in this section.

U = max
{P̄i }

E{Pi }

{
max
{Qi },L

(
C 1−γ

1−γ −χL1+η

1+η
)}

−
∫
Ψiνi Ni (P̄i )di , (B.1)

subject to

E +W L =
∫

Pi Qi di . (B.2)

Easy to see that given the reservation price P̄i , the conditional CDF and PDF of Pi ∈ (0, P̄i ] are

Gi (Pi )
Gi (P̄i )

and Ω̃i (Pi ) fi (Pi )
Gi (P̄i )

, respectively.

Second stage. Conditional on {P̄i } and {Pi }, maximizing

(
C 1−γ
1−γ −χL1+η

1+η

)
subject to E +W L =∫

Pi Qi di gives the standard CES cost minization results:

Qi =
( Pi

P ({Pi })

)−σ
C ({Pi }), P ({Pi }) =

[∫
P 1−σ

i di
] 1

1−σ
,

C ({Pi }) = E +W L

P ({Pi })
, L({Pi })η =C ({Pi })−γ

χ−1W

P ({Pi })
. (B.3)

and ∂C ({Pi })
∂Pi

=−C ({Pi })
P ({Pi })

( Pi
P ({Pi })

)−σ, ∂
∂Pi

C ({Pi })1−γ
1−γ =−C ({Pi })−γ Qi

P ({Pi }) .

Importantly, define C (X ; {P−i }) as the Marshallian demand function with Pi = X and all

other P j fixed.

First stage. Expand the first term:

E{Pi } Z =
∫ P̄∞

· · ·
∫ P̄i

· · ·
∫ P̄1

Z Π∞
j=1

(
Ω̃ j (P j )dF (P j )

G(P̄ j )

)
. (B.4)
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Note that the last part the the product of the conditional PDF of all Pi ≤ P̄i in all markets.

Differentiate E{Pi }

(
C ({Pi })1−γ

1−γ

)
with respect to P̄i using the Leibniz rule:

∂

∂P̄i
E{Pi }

(
C ({Pi })1−γ

1−γ
)
= E{P−i }

Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )

[
C (P̄i ; {P−i })1−γ

1−γ − EPi

(
C (Pi ; {P−i })1−γ

1−γ
)

︸ ︷︷ ︸
Average over Pi , given {P−i }

]
. (B.5)

where

C (P̄i ; {P−i })1−γ

1−γ −EPi

(
C (Pi ; {P−i })1−γ

1−γ
)
=

∫ P̄i
[

C (P̄i ; {P−i })1−γ

1−γ − C (Pi ; {P−i })1−γ

1−γ
]
Ω̃i (Pi )

Gi (P̄i )
dFi (Pi ).

(B.6)

Similarly

∂

∂P̄i
E{Pi }

(
L({Pi })1+η

1+η
)
= E{P−i }

Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )

[
L(P̄i ; {P−i })1+η

1+η −EPi

(
L(Pi ; {P−i })1+η

1+η
)]

. (B.7)

Meanwhile,

∂

∂P̄i

∫
ν j Ni (P̄ j )d j = νi

∂

∂P̄i

(
Gi (P̄i )

)−1 =−νi Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )2
. (B.8)

Approximation. Observe that

C (P̄i ; {P−i })1−γ

1−γ −EPi

(
C (Pi ; {P−i })1−γ

1−γ
)

(B.9)

=
∫ P̄i

[
C (P̄i ; {P−i })1−γ

1−γ − C (Pi ; {P−i })1−γ

1−γ
]
Ω̃i (Pi )

Gi (P̄i )
dFi (Pi ) (B.10)

=C (Pi ; {P−i })1−γ
∫ P̄i

[(
C (P̄i ; {P−i })/C (Pi ; {P−i })

)1−γ−1

1−γ
]
Ω̃i (Pi )

Gi (P̄i )
dFi (Pi ) (B.11)
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and

(
C (P̄i ; {P−i })/C (Pi ; {P−i })

)1−γ−1

1−γ ≈ ∂c(Pi ; {P−i })

∂Pi

(
P̄i −Pi

)
(B.12)

C (P̄i ; {P−i })1−γ

1−γ −EPi

(
C (Pi ; {P−i })1−γ

1−γ
)
≈C (Pi ; {P−i })1−γ∂c(Pi ; {P−i })

∂Pi

∫ P̄i (
P̄i −Pi

)Ω̃i (Pi )

Gi (P̄i )
dFi (Pi )

(B.13)

=C (·)1−γ∂c(·)
∂Pi

(
P̄i − P̌ (P̄i )

)
(B.14)

=−C (·)1−γP−σ
i

P (·)1−σ
(
P̄i − P̌ (P̄i )

)
. (B.15)

Similarly,

∂ lnL(Pi ; {P−i })

∂Pi
= ∂l (·)
∂Pi

=−γ
η

∂c(·)
∂Pi

− 1

η

∂p(·)
∂Pi

=−γ−1

η

∂c(·)
∂Pi

(B.16)

1− (
L(P̄i ; {P−i })/L(Pi ; {P−i })

)1−γ

1−γ ≈−γ−1

η

1− (
C (P̄i ; {P−i })/C (Pi ; {P−i })

)1−γ

1−γ (B.17)

So

∂

∂P̄i
E{Pi }

(
C ({Pi })1−γ

1−γ − L({Pi })1+η

1+η
)
=−Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )

(
1+ γ−1

η

)C (·)1−γP−σ
i

P (·)1−σ
(
P̄i − P̌ (P̄i )

)
. (B.18)

And equating the two sides:

E{P−i }−Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )

(
1+ γ−1

η

)C (·)1−γP−σ
i

P (·)1−σ
(
P̄i − P̌ (P̄i )

)=−C 1−γνi Ω̃i (P̄i ) fi (P̄i )

Gi (P̄i )2
. (B.19)

Rearrange:

Ψiνi

Gi (P̄i )
≈

(
1+ γ−1

η

)
E{P−i }

[C (Pi ; {P−i })1−γP−σ
i

P (Pi ; {P−i })1−σ
(
P̄i − P̌ (P̄i )

)]
(B.20)

Ψi Ni (P̄i )

1+ (γ−1)/η
νi ≈

(
P̄i − P̌ (P̄i )

)
E{P−i }

[
1

P ({Pi })

C ({Pi })−γ

Qi ({Pi })

]
(B.21)
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At the first order and assume representative households (P = EP ({Pi })):

Ni (P̄i )

1+ (γ−1)/η
Pνi ≈

(
P̄i − P̌ (P̄i )

)
, (B.22)

P̄i ≈ P̌ (P̄i )+ Ni (P̄i )

1+ (γ−1)/η
Pνi (B.23)

B.2 Firms

B.2.1 Optimal Pricing

Probability of not resetting prices: θc . X ∗ is the value conditional on resetting its price. The

objective function:

Vs,t (P̃s,t−1) = max
Ωs,t ,P̃∗

s,t ,Ω∗
s,t

(1−θc )
[

Y ∗
s,t P̃∗

s,t −Cs,t
(
Y ∗

s,t

)+Et βVs,t+1(P̃∗
s,t )

]
+θc

[
Ys,t P̃s,t−1 −Cs,t

(
Ys,t

)+Et βVs,t+1(P̃s,t−1)
]

, (B.24)

subject to ωs,t = lnΩs,t ≤ 0. The Lagrangian as above with φs,t (φ∗
s,t ) for rationing.

FOCs. Differentiate w.r.t. P̃∗
s,t and normalize by Y ∗

s,t :

0 = (1−ϵ∗s,t )+C ′
s,t

1

P̃∗
s,t

ϵ∗s,t +β
Et V ′

s,t+1(P̃∗
s,t )

Y ∗
s,t

(B.25)

Differentiate w.r.t. Ωs,t (Ω∗
s,t ) as above.

P̃s,t−1 =C ′
s,t +

φs,t

Ys,t
; P̃∗

s,t =C ′
s,t +

φs,t

Y ∗
s,t

(B.26)

Differentiate w.r.t. P̃s,t−1 and normalize by Ys,t :

1

θc

V ′
s,t (P̃s,t−1)

Ys,t
= (1−ϵs,t )+C ′

s,t
1

P̃s,t−1
ϵs,t +β

Et V ′
s,t+1(P̃s,t−1)

Ys,t
(B.27)
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B.3 Analyzing The Phillips Curve

Myopic case. Approximate the optimal reset price around the steady state assuming β= 0:

ˆ̃p∗
s,t = µ̂∗

s,t +m̂c s,t =− 1

ϵ−1
ε̂∗s,t +m̂c s,t , ε∗s,t = lnϵ∗s,t (B.28)

Define εresi
s,t as the change in log elasticity ε̂∗s,t not explained by superelasticity:

εresi
s,t = ε̂∗s,t −ψ∗

s,t ( ˆ̃p∗
s,t − ξ̂s,t ) (B.29)

Then we have

ˆ̃p∗
s,t =− 1

ϵ−1

[
ψ∗

s,t ( ˆ̃p∗
s,t − ξ̂s,t )+ϵresi

s,t

]+ α

1−α (ω̂∗
s,t + ŷd

s,t )− 1

1−α âs,t + ŵ r
t (B.30)

Rearrange and combine with (3.13):

(
1+ 1

ϵ−1
ψ∗

s,t

)
ˆ̃p∗

s,t =− 1

ϵ−1
ϵresi

s,t + 1

ϵ−1
ψ∗

s,t ξ̂s,t + α

1−α (ω̂∗
s,t +m̂s,t + q̂s,t )− 1

1−α âs,t + ŵ r
t (B.31)

=− 1

ϵ−1
ϵresi

s,t + 1

ϵ−1
ψ∗

s,t ξ̂s,t (B.32)

+ α

1−α (ω̂∗
s,t +m̂s,t + ĉt −σ ˆ̃p∗

s,t )− 1

1−α âs,t + ŵ r
t . (B.33)

In industry equilibrium, Ms,t is a function of not only p̃∗
s,t but also the P-Ω distribution. Partial

out the effect of p̃∗
s,t to obtain mresi

s,t :

mresi
s,t = m̂s,t − (ϵ∗s,t −σ)( ˆ̃p∗

s,t − ξ̂s,t ) (B.34)
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Combine. Usually resetting firms are unlikely to ration:

(
1+ 1

ϵ−1
ψ∗

s,t +
α

1−αϵ
∗
s,t

)
ˆ̃p∗

s,t =− 1

ϵ−1
ϵresi

s,t + α

1−αmresi
s,t +

(
ψ∗

s,t

ϵ−1
− α(ϵ∗s,t −σ)

1−α
)
ξ̂s,t (B.35)

+ α

1−α ĉt + ŵ r
t −

1

1−α âs,t . (B.36)

C Data

C.1 Data Cleaning

Imputation. In practice, firms occasionally report sales and quantities for a period other

than 12 months, likely due to changes in the starting/ending month of their fiscal years. I adjust

these observations to a 12-month basis only when no more than three months of data must be

imputed. For example, suppose a firm reports sales from January 2000 to September 2000 and

then from October 2000 to December 2001. I first impute sales for October-December 2000 pro-

portionally using the latter reporting period. I then combine the observed sales from January-

September 2000 with the imputed sales from October-December 2000 to recover annual sales

for 2000. By contrast, if a firm reports sales from January-June 2000 and then from July 2000 to

December 2001, I drop this observation because doing otherwise would require imputing six

months of data.

My specifications require lags of up to two years, which can be potentially be demanding.

To improve sample coverage, I impute missing lagged observations only when both the t−1 and

t+1 values are available. Importantly, imputed observations are used solely to construct lagged

controls and are never used as contemporaneous observations in period t . Consequently, all

dependent variables and key regressors are based exclusively on reported data.

For∆Capacityi ,t , I set missing values to zero. This has negligible effects on regression results.

Decimal points. Occasionally, some decimal points also appear misplaced. I adjust them

using the method in Liu (2025).
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Capacity. Occasionally, the unit of production does not match the unit of capacity. I manually

standardize the units and drop any unmatched observation.

COGS. Since COGS may also include the cost of services and others, I allocate the cost propor-

tionally to sales, i.e., TVCi ,t = COGSi ,t×Sales of Goodsi ,t /Total Salesi ,t . To reduce measurement

errors, I only include shocks when the average expenditure share is between 25% and 110%.27

The median expenditure share in the regression sample is between 75% and 80% across speci-

fications.

Outliers. I drop all observations with |∆pi ,t | > ln3 or |∆yi ,t | > ln3 following Amiti et al. (2019).

C.2 Sample Restrictions

I only use manufacturing output products in the following 2-digit sectors: [27, 57] and [63, 70].

In the capacity utilization regressions, I restrict the sample to observations for which both

product-level and industry-level capacity utilization fall within a normal range.

• Product-level capacity utilization in period t must lie between the 5th and 95th percentiles

of the full-sample distribution conditional on not having large changes in capacity (|∆Capacityi ,t |<1%).

This step excludes products with extreme utilization ratios.

• The 6-digit industry must contain at least 10 products with non-missing utilization rates.

Industry-level utilization is computed using product-level utilization rates winsorized at

the 5th and 95th percentiles. However, I drop industry-year observations for which more

than 50% of products are winsorized.

I use the same procedure for inventory regressions.

Other sample restrictions include:

• Drop observations with extreme contemporaneous changes in capacity (|∆Capacityi ,t | ≥50%),

as such changes deteriorate the quality of the utilization measure. Further tightening this

27As explained in Liu (2025), I allow the upper bound to be above 100% mainly because material expenditure
data appear to have higher quality than COGS data and are unaffected by accounting methods such as FIFO.
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restriction has little effect on the results.

• Drop industries with fewer than 50 observations.

• Drop observations if the input price shock τi ,t covers less than 25% of input expenses.

• Drop observations if the industry shock δs,t covers fewer than 10 products.

Finally, ∆pi ,t , ∆yi ,t , δs,t and τi ,t are winsorized at the 1st and 99th percentiles.

A-15


