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Abstract

I explore the magnitude and heterogeneous effects of menu costs on pricing
dynamics. To do so, I develop a dynamic discrete choice model of a firm facing
menu costs when adjusting prices, using methods from industrial organization. I
obtain descriptive evidence that is consistent with the model using scanner data
from grocery stores in the US. I then estimate the model and find that the menu
cost is substantial, amounting to 7.2% of overall retail profit at the average-sized
retailer. When applied to a high-inflation scenario, the model generates an in-
crease in both frequency and magnitude of price changes. In addition, as the
menu cost varies little with the retailers’ size, smaller retailers face a higher bur-
den of the menu costs. Being unable to adjust prices frequently, they exhibit
earlier and more pronounced responses to anticipated cost increases.
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1 Introduction

Menu costs—the frictions firms face when adjusting prices—are a leading explanation
for the widely observed price rigidity. Such rigidity is a powerful mechanism that am-
plifies demand shocks, including monetary policy shocks, affecting output (Nakamura
and Steinsson 2013, Blanco et al. 2024b). Beyond the general prevalence of sticky
prices, research has documented substantial heterogeneity in the degree of rigidity
across firms, depending on their size and market power (Gertler and Gilchrist 1994,
Ottonello and Winberry 2020). Understanding the magnitude of menu costs and how
these costs differentially shape the behavior of firms of varying sizes is therefore es-
sential not only for effective price stabilization but also for broader economic policy
design.

In this paper, I examine the trade-offs that firms face when adjusting prices in
response to demand and cost conditions and derive implications for price dynam-
ics. I employ industrial organization research methods to explore the magnitude and
heterogeneous effects of menu costs in a specific setting, the consumer packaged
goods (CPQG) retail sector. Leveraging institutional knowledge of this sector and high-
frequency detailed price and sales data, I estimate the value of menu costs and how
these costs vary with retailer size.

I develop a dynamic discrete choice model of retail price setting with menu costs.
The model has a finite dynamic structure in which a firm chooses an initial retail
price.! Over time, the chosen price may become suboptimal due to stochastically
evolving demand and marginal cost states, both governed by first-order Markov pro-
cesses. In each period, the firm decides whether to maintain the existing price or ad-
just it. Although price updates are permitted in any period, doing so requires paying
the menu costs, which generates price rigidity while the state variables are changing.

I apply the model to the consumer packaged goods (CPG) retail sector, a large
industry that supplies households with thousands of daily-use products. This sector
is particularly well-suited for the analysis because it provides rich, high-frequency
scanner data on prices and sales. Moreover, the existing research literature offers
valuable insights into its institutional background (e.g., Anderson and Fox 2019),
which helps in structuring the theoretical model. For example, annual planning cycles
are common in the sector, with contracts taking effect at the beginning of the year.

From the broad set of consumer packaged goods, I focus on prices and sales of

1. The firm maximizes the joint surplus, which is allocated between the manufacturer and the re-

tailer according to a contractual rule. The specific mechanism of surplus division lies beyond the scope
of this study.



oatmeal. This category is particularly suitable for the analysis because it is dominated
by a single manufacturer, the Quaker Oats Company, which allows me to abstract
from complex dynamic oligopolistic interactions and focus on the magnitude of menu
costs. Moreover, Quaker’s widespread presence across retail chains enables me to
study how these costs vary with retailer size. The analysis concentrates on changes in
non-promotional prices, which I recover from observed weekly average price data.? I
find that in 73% of cases, prices are adjusted at most once per year. The timing of price
changes across different geographic markets within the same retail chain is highly
correlated, consistent with centralized decision-making at the chain level. Finally, I
document that retailers with higher sales volumes update prices more frequently.

The estimation of the theoretical model parameters proceeds in two steps. First,
I estimate a logit demand model for Quaker products as a function of the company’s
flagship products and calculate demand shifters. Identification of menu cost relies
on the difference in expected discounted profits of the firm with the existing price
vector and with the optimal price vector. I exploit variation in oatmeal sales across
different retail chains to analyze the relationship between the retailers’ size and the
menu costs, as it might be more costly to update the prices at larger retailers. The
marginal cost, on the other hand, is imputed from the value of the price chosen in
a market when a price is updated. The model is then estimated using a maximum
likelihood approach following Rust (1987).

Estimation results indicate that the menu costs are substantial, amounting to
7.2% of the annual profit generated at an average-sized retail chain. However, I do
not find evidence that the magnitude of menu costs differs based on the retail chain
size. As a result, the ratio of menu cost to payoff is smaller for larger retail chains,
which leads to more opportunities to recover the menu cost. Therefore, the prices
are updated more often at larger retail chains, leading to less rigid pricing behavior
compared to smaller chains. Additionally, menu costs result in a lower probability of
observing price adjustments close to the retail contract renewal time.

In a counterfactual simulation, I analyze a high-inflation scenario in which the
firm’s marginal cost increases by a constant monthly rate. The firm can observe the
marginal cost at the start of each month, but does not expect further cost increases.
Compared to a low-inflation scenario, this experiment generates an increase in both
the magnitude and frequency of price changes. This result is relevant for macroe-

conomic research, as the standard menu cost models cannot generate simultaneous

2. As promotional schedules are set at the start of the year and vary little from year to year, this
variation of prices is not as informative about the market conditions (Anderson and Fox 2019).



increases in both the magnitude and frequency of price changes.

Next, I simulate a one-time permanent increase in marginal cost, comparing sce-
narios in which the shock is unexpected versus anticipated. When the shock is an-
ticipated, the timing of price adjustments varies systematically with retailer size. On
average, smaller retailers raise prices two to three months before the cost increase
takes effect, whereas larger retailers typically raise prices after the shock occurs. Be-
cause smaller firms have limited opportunities to adjust prices, they use available
chances to increase prices, even in advance of the shock. They also exhibit larger
price increases relative to the baseline (no cost shock) than larger retailers. These
earlier and stronger responses to anticipated cost shocks are consistent with empir-
ical evidence in the macroeconomic literature, beginning with Gertler and Gilchrist
(1994).

Finally, I examine the welfare implications of reducing menu costs. Lower menu
costs increase overall welfare, with firms’ profits benefiting the most due to more
frequent price adjustments. More frequent adjustments allow prices to better match
demand, which also generates a modest improvement in consumer welfare, even
though the direct burden of menu costs falls on firms.

This research contributes to several strands of the economic literature. First,
it adds to the work on estimating menu costs using micro-level data. Early studies
relied largely on direct observations of the price-setting process within stores (e.g.,
Levy et al. 1997, Zbaracki et al. 2004). A smaller literature has employed dynamic
discrete choice models with (S, s)-type rules® to estimate menu costs. For instance,
Slade (1998) uses retail price and sales data on saltine crackers in a small town,
while Aguirregabiria (1999) estimates a dynamic model incorporating inventory costs
and menu costs for a Spanish retail chain. However, both studies treat promotional
pricing as equivalent to regular price changes, which may lead to underestimating
menu costs. Stella (2014) instead estimates bounds on menu costs using multiple
specifications and inequality restrictions. The present paper advances this literature
in several directions. I incorporate institutional features of the consumer packaged
goods sector when developing the model. I restrict attention to changes in regular
(non-promotional) prices, since promotional schedules are pre-planned and vary little
across years. Moreover, because price changes across markets belonging to the same
retail chain exhibit a strong positive correlation, I model pricing decisions at the retail-
chain level. Finally, by exploiting data from multiple retail chains, I provide point

3. First introduced in Barro (1972), this rule implies that adjustments occur when a key met-
ric—such as the real price—falls below s or rises above S.



estimates of menu costs and document how their magnitude varies systematically
with retailer size.

Second, this paper relates to the literature on micro-level price adjustment, which
has documented the prevalence of “uniform” prices across broad geographical areas
(e.g., DellaVigna and Gentzkow 2019, Gagnon and Ldpez-Salido 2020, Arcidiacono
et al. 2016, Tabanakov, Goli, and Chintagunta 2024, Hitsch, Hortacsu, and Lin 2019).
Non-promotional retail prices are highly sticky and show limited responsiveness to
both demand and cost shocks. For example, Gagnon and Lépez-Salido (2020) and
Basker and Noel (2009) find that retail prices react only modestly to demand shocks
such as natural disasters or competitor entry. Similarly, Butters, Sacks, and Seo
(2022) show that local cost shocks often trigger delayed adjustments that occur at
the chain level rather than in the directly affected region. Other studies highlight sys-
tematic pricing patterns, such as the prevalence of price endings in 9 cents (Knotek II
2024) and adjustments in round-number increments (Conlon and Rao 2020). This
project contributes to this literature by showing that the probability of price changes
varies systematically with the timing of retail contract renewal.

Third, this research connects to the literature on heterogeneous firm responses to
economic shocks. Beginning with Gertler and Gilchrist (1994), a long line of studies
has documented that firms’ reactions vary systematically with characteristics such as
size, market power, and age (e.g., Crouzet and Mehrotra (2020), Duval et al. 2024).
A large body of work seeks to rationalize this heterogeneity. For example, Ottonello
and Winberry (2020) show that firms with higher default risk tend to respond more
strongly to demand shocks, while Hsieh and Rossi-Hansberg (2023) and Ganapati
(2025) demonstrate how large fixed investments in technology and capacity shape
firms’ differential reactions. This paper contributes to this literature by highlighting
how the relative importance of menu costs influences pricing decisions across firm
sizes. Since menu costs vary little with retailer size, smaller retailers—who face fewer
opportunities to adjust prices—respond earlier and more sharply to cost shocks than
their larger counterparts.

The rest of the paper is organized as follows: Section 2 describes the empirical
context, data processing, and motivating evidence; Section 3 presents the theoretical
model featuring menu costs; and the following section explains the estimation strat-
egy and results. The counterfactual exercises are reported in Section 5, and the final
section concludes.



2 Data and Background

2.1 Empirical Context
2.1.1 Institutional Features

I apply a dynamic discrete choice model of pricing to the consumer packaged goods
(CPG) sector. The CPG sector is a major part of the economy, supplying most of the
products that households consume on a daily basis, from food to personal care items.
Beyond its economic significance, it offers exceptionally rich, high-frequency data on
prices and sales at the product level.

A common practice in this sector is joint annual planning between the manu-
facturers and retailers (Anderson and Fox 2019). The retail plans are finalized at
the beginning of each year, specifying agreed-upon retail prices, promotional calen-
dars, and other terms and conditions. While firms retain the option to adjust re-
tail prices as market conditions evolve during the year, doing so entails substantial
costs—including the replacement of shelf tags, as well as administrative and logisti-
cal expenses. As a result, mid-year price adjustments are relatively rare.

Prices of individual products in the CPG sector typically consist of a stable “base"
price combined with temporary price promotions. The frequency and depth of pro-
motions reflect the retailer’s pricing strategy—for example, “hi-lo pricing” versus
“everyday-low-price”, and are determined at the start of the year. Promotional sched-
ules vary little from year to year and are finalized well in advance; for instance, pro-
motional plans are typically locked in 12-16 weeks before the promotion starts (An-
derson and Fox 2019). Although economic research has often regarded promotions
as equivalent to price adjustments, in practice, they represent pre-planned activities
rather than flexible responses to contemporaneous market conditions.

2.1.2 Quaker Oats Company

As the analysis in this paper centers on the magnitude of menu costs, I abstract from
modeling dynamic oligopolistic competition. Instead, I focus on a specific product
market—oatmeal—which is characterized by a dominant manufacturing firm. As of
2018, Quaker was the largest oatmeal producer in the United States, accounting for
approximately 70% of oatmeal volume sold in grocery stores. The company has a
long history: the Quaker trademark was first registered in 1877, and in 1888, Quaker
joined six other American oat millers to form the American Cereal Company, which
was renamed the Quaker Oats Company in 1901 (The Quaker Oats Company 2025).
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Over the subsequent decades, Quaker expanded its product portfolio to include break-
fast cereals, snacks, and grits, while continuing to hold a dominant position in the U.S.
oatmeal market.

Understanding the oatmeal production process is essential for identifying instru-
mental variables for oatmeal prices. The production begins with the purchase of
raw oats from farmers, followed by cleaning and sifting using specialized machinery
(How Products Are Made 2025). The oats are then softened through steaming and
separated from their hulls. Next, the oatmeal is cut or rolled into flakes and roasted
to enhance flavor and texture. The final steps involve measuring, vacuum-sealing,
and packaging the product for distribution. Most of Quaker’s oatmeal is processed
in Cedar Rapids, Iowa, which hosts the largest oat mill in the world (Cedar Rapids
Tourism Office 2025).

2.2 Data Processing

The empirical analysis in this paper is based on the NielsenIQ Retail Scanner (RMS)
data for oatmeal, specifically the “Cereal — Hot” product module within the “Grocery”
department. The RMS data provides weekly store-level observations on average trans-
action prices and quantities sold for each Universal Product Code (UPC). Combining
the sales of each UPC to calculate the total sales in each market is straightforward.
However, identifying the prices and markets involves several challenges.

Price data at the UPC level is essential for analyzing price rigidity, as it enables
precise tracking of changes in “base” (non-discounted) prices. However, the sheer
number of oatmeal products in the sample renders structural model estimation com-
putationally infeasible. Aggregating UPCs to the brand level is not a suitable alter-
native, since doing so risks conflating genuine price changes with shifts in the mix
of UPCs sold within a brand. To address this, I focus on the Quaker Oats Company’s
flagship products—the 42-0z Old Fashioned and 42-oz Quick Oats. These two items
are the company’s top sellers nationally, together accounting for more than half of
total oatmeal sales. Moreover, the prices of other Quaker products tend to move
proportionally with those of these flagship products.

Second, a single retail chain can operate thousands of stores and employ an area-
based pricing strategy, which is in line with Tabanakov, Goli, and Chintagunta (2024).
The prices at multiple stores belonging to the same retail chain in a given area tend to
be uniform, and identifying these areas helps to significantly increase computational
efficiency. To do this, for each retail chain, I find the stores with high price similarity



and group them into clusters. To measure similarity in price movements, I compute
the Euclidean distance between the weekly prices of the Quaker’s flagship products
at each pair of stores, a and b:

T 2

DiStab = Z(pat — pbt)2 (1)

t=1

Using these pairwise distance values, I apply Ward’s minimum variance method
(Kaufman and Rousseeuw 2009) to perform hierarchical clustering. This approach
iteratively merges the pairs of stores that result in the smallest increase in within-
cluster variance.* Although the clusters are identified solely based on price data, the
stores within each cluster tend to be concentrated in distinct geographical areas. I
define each of these areas as a separate market for the retail chain. As the stores are
clustered for each retail chain separately, the geographical market borders of different
retail chains do not necessarily coincide.

After forming store clusters for each retail chain, I observe that prices within
a cluster are highly similar but exhibit some small variation. This variation arises
because the Retail Scanner data reports weekly average prices, which can fluctuate
depending on the timing of promotional events. For example, if a promotion begins
midweek, the share of products sold at the discounted price can vary from store to
store, leading to small differences in weekly average prices. Since the objective is
to identify changes in non-promotional prices, it is important to filter out this noise.
Therefore, within each market (retailer—area pair), I select the store with the highest
total oatmeal sales to represent the price in the area.’

Finally, I combine weekly data into a monthly frequency, and for standardization,
item sizes are converted into the number of oatmeal portions based on the standard
serving size indicated on Quaker Oats packaging: one portion is defined as 1.41
ounces (equivalent to 0.5 cup) of dry oatmeal.® With these filters, I obtain weekly
price and sales data from 2011 to 2018 for 21 different retail chains.

4. I use the linkage function with the “ward” method from the scipy.cluster.hierarchy module
in Python.

5. To further ensure consistency, I impose several additional restrictions on the selected stores. First,
the store must have continuous data coverage throughout the sample period. Second, I exclude stores
that underwent ownership changes, as such transitions lead to significant shifts in pricing strategy.
Finally, I omit retail chains that rely heavily on frequent or coupon-based discounts, as their pricing
patterns tend to be particularly noisy.

6. Unit prices are calculated by dividing the reported price by prmult, which records the number of
units in a pack.



2.2.1 Identifying Base Price Changes

The NielsenlQ RMS database reports the weekly average transaction price of each
product without distinguishing between regular and promotional periods. As a result,
the time series graph of a product price at a given store exhibits a stable baseline (base
or regular price) and periodic drops due to price promotions. After each promotion,
the prices generally return to the baseline levels, and the base prices often remain
stable for longer than a year.

As shifts in the underlying regular prices are the main focus of this paper, it is
essential to recover them from the transactional price data. For this, I first identify
periods with price promotions following Mansley (2022). A period is labeled as a
promotional period if it meets the following criteria:

DPnt < TEI{]jll?i}.fT}{kpnt—T} AND DPnt < TEI{?%%T}{kpnt—I-T} (2)

Here, p is the weekly average transactional price of the product in market n at period
t. T stands for the maximum allowed discount length in weeks, and £ € [0,1] is a
multiplier that controls the sensitivity of the filter. For instance, if £ = 0.95, changes
with a magnitude higher than 5% of the price will be considered as discounts. In
the following analysis, I set 7" = 9 to identify the price promotions up to 9 weeks in
length.” I also set k& = 1 to identify any temporary price drop as a price promotion.

I assume that prices observed during non-promotional periods are equal to the
base prices and that they remain unchanged during the promotional events.® With
this assumption, I recover the base prices from the observed store-level weekly av-
erage pricing data (green line in Figure 1). For the remainder of the paper, I define
a price update as a change in the base (non-discounted) price, excluding temporary
discounts from the analysis of price changes for the reasons outlined in Section 2.1.1.
I also create an indicator variable showing the periods when the base price shifts oc-

obs 9
cur, a;, .

I aggregate the weekly prices into a monthly frequency by choosing the last

7. The majority of observed price promotions last no more than five weeks. However, some promo-
tions are relatively shallow in depth but persist for longer durations. These extended promotions are
likely driven by coupon-based discounts or membership-specific pricing.

8. The NielsenIQ RMS data occasionally records isolated price spikes that last for a single week.
These are not treated as changes in base prices, as they are not accompanied by corresponding drops
in sales volumes. Such anomalies are likely due to recording or processing errors and are excluded
from the analysis.

9. Although the price changes are implemented at the end of the calendar year, such adjustments
are unlikely to happen precisely on December 31st. In practice, price changes can occur several days
before or after the end of the year. To account for this, I treat any price change observed after December
20th as an "end-of-year price change" and move it to January of the following year.



Figure 1: Example of Recovered Base Prices
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Notes: The graph visualizes the base prices (green) recovered from the weekly average
transactional prices (blue) with simulated product data in a hypothetical market. The
blue line shows that the average weekly price can have short-term drops due to price
promotions but exhibits a steady level reflecting the "base" price that can remain un-
changed for several years.

observation of each month.

2.3 Demand Estimation

The utility function of consumer i at market n at time ¢:

n + Bpgnt + vDentgns + Eqnt + €qine, i q =1
Ugint = (3)
Eqints ifg=0
Here, ¢ = 1 denotes Quaker’s oatmeal and ¢ = 0 is the outside option not to pur-
chase Quaker’s oatmeal, p,, is the price of Quaker’s flagship product per portion,
and Dent,, is the weighted average (by volume of oatmeal sold) percentage price
promotion of the Quaker products, and «,, captures market-level fixed effects.

The market sizes are calculated following the procedure employed in Miller and
Weinberg (2017) with population data obtained from the U.S. Census Bureau'®, I
find the share of all Quaker’s oatmeal products, si,, in market n at time ¢. The
total volume of oatmeal sold by Quaker is represented by the volume of the flagship

10. Available at https://www.census.gov/data/datasets/time-series/demo/popest/2010s-counties-
total.html



Table 1: Demand Regression Results

OLS 2SLS

Constant -1.4

(0.07)
Price -0.09 -9.34

(0.28) (1.1)
% Discount 3.65 4.53

(0.15) (0.2)
N 4884 4884
Adjusted R? 0.422 0.433
Market-level Effects Yes

Notes: The table shows results of logit estimation of the relative market share of Quaker
based on $ base price (per portion) of the flagship product and average percentage
price promotions observed for Quaker products. The difference between the OLS and
2SLS estimates suggests endogeneity issues mitigated by the instrumental variables
approach. Table A.1 in Appendix A shows the first-stage estimation results.

products scaled up to match the sample average of Quaker’s market share in each
market. Assuming that €., follows Type I Extreme Value distribution, I estimate the
following model:

Sin
In <£) = ay, + Bpime + yDenting + Eine (4)

Sont

Table 1 shows the results of OLS and 2SLS regressions of Equation (4). The price
parameter estimated by 2SLS suggests that the price elasticity of Quaker’s oatmeal
demand is around -1.9 in a median-sized market. The results of the first-stage regres-
sion of base prices on the instrumental variables, along with descriptions of the data
sources, are presented in Table A.1 in the Appendix.

As noted in Section 2.1.1, price promotions are determined at the beginning of
the year and cannot be adjusted frequently in response to short-term fluctuations.
Based on this, I treat the discounts as an exogenously determined variable. In con-
trast, since prices are endogenously determined, I employ an instrumental variable
approach to address potential endogeneity. I use cost shifters as instruments, includ-
ing the price of oats; retail electricity price in the industrial sector in Iowa; wages
in the food manufacturing sector in lowa, where Quaker processes the majority of
its oatmeal; commercial sector wages in the geographic areas where the retail store
is located, and prices of diesel and cardboard. In addition, I incorporate Hausman-
type instrumental variables (Hausman 1994), which are valid under the assumption
that marginal cost shocks are common across markets. This is a reasonable assump-
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tion in this context with a focus on a single manufacturer. Using the results of 2SLS
estimation, the demand shifter is calculated as:

A S1n A
oy = In (%) — Bpint (5)

— Sint

For the structural estimation of the supply-side model, the demand shifter d,,, in (5) is
discretized into two bins for each market: low (below the mean base price observed
in the market) and high (above the market average). Each bin is assigned a value that
equals the median of d,,; within the bin. Based on the observed transitions in demand
states over time, I compute the corresponding demand transition probabilities for
each market.

2.4 Motivating Evidence

This section presents descriptive statistics from the data sample. I find that price
changes are infrequent and are more commonly observed at the beginning or middle
of the year. I then employ a reduced-form approach to document a positive relation-
ship between the frequency of price changes and sales.

2.4.1 Descriptive Statistics

Figure 2 displays the distribution of annual price changes implemented by retail
chains. In most cases, prices are adjusted at most once per year: 37% of observations
involve a single price change, while 36.1% show no price change at all within the
year. The prices at a given retailer tend to remain stable for extended periods, often
spanning several months to multiple years. On average, a retailer makes 1.14 price
changes per year, and the monthly probability of a price change varies considerably
across retailers, ranging from 1% to 19.1%.

Although price levels may vary across different geographical areas that belong
to the same retailer, the timing of price adjustments appears to be centralized at the
whole retail chain level. For a given chain, I find a strong positive correlation in
the timing of price changes across the different areas identified in Section 2.2. This
pattern does not hold, however, for retail chains with distinct banner names that
are owned by the same parent company, suggesting that pricing decisions are made
independently for each retail chain.

Figure 3 presents the distribution of dollar amounts for price changes, condi-
tional on a price update. Price adjustments commonly occur in increments of 10

11



Figure 2: Number of Price Changes per Year
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Notes: The figure shows the number of price changes in a year at a single retail chain.
The numbers are based on the 9-year sample of 21 retail chains.

Figure 3: Distribution of Observed Price Changes
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Notes: The figure presents the distribution of price change magnitudes, conditional on
a price adjustment taking place. The observations are at the retail chain and geographic
area level.

cents, consistent with findings in the retail pricing literature such as Conlon and Rao
(2020).
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Figure 4: Price Change Probability by Months
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Notes: The chart displays the monthly frequency of base price changes throughout the
year. Each observation is at the retail chain level, where a price update in any geo-
graphic market is treated as a pricing decision made by the entire chain. The numbers
are based on the data of 21 different retail chains over the period of 9 years.

Figure 4 shows the monthly frequency of price changes observed in the sample.
The beginning of the year is the most common period for price adjustments, with
approximately 15.8 percent of all observed price changes occurring in January. This
pronounced spike is consistent with findings from the marketing literature on pricing
practices in the consumer packaged goods retail sector (Anderson and Fox 2019). Ad-
ditionally, price updates are more likely to occur in the middle of the year, particularly
between July and October.

Another notable observation is that price changes appear to be more elaborate
depending on the size of the retail chain. At a small local retailer, prices of various
Quaker product groups tend to be updated simultaneously by the same magnitude.
For instance, prices of all Quaker products are increased by 20 cents. In contrast, at a
larger national retail chain, although the prices are updated simultaneously, the price
changes can vary across products: while prices of some products are reduced, others
remain unchanged or are increased. Although a detailed investigation of the mech-
anisms is beyond the scope of the present study, it represents an intriguing direction
for future research.
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Table 2: Regression Results

Number of price changes Number of non-January

per year price changes

@y (2) 3) 4)
Constant 1.02 1.03 0.85 0.86

(0.15) (0.16) (0.19) (0.15)
Volume 0.006 0.005 0.005 0.005
(mln.)

(0.001) (0.001) (0.001) (0.001)
N 189 189 189 189
R? (Overall) 0.02 0.02 0.02 0.02
Time Effects - Yes - Yes

Notes: The table reports the results of a panel regression examining the relationship
between the number of price changes for Quaker’s flagship product at a retail chain
(per year) and the annual volume of Quaker products sold at the retailer (measured
in millions of portions sold per month). I find a positive and significant relationship
between the sales volume and the total number of price changes observed in a year
(Columns 1-2) and the number of mid-year price changes (Columns 3-4). Standard
errors are clustered at the retail chain level.

2.4.2 Motivating Regressions

In this section, I examine whether the varying frequency of price updates is associated
with the size of retail chains. It is possible that adjusting the price at a larger retailer
where the manufacturer generates higher revenue yields more gains. Using panel
data covering 21 retail chains over a nine-year period between 2011 and 2018, I
regress the number of observed annual price changes for Quaker Oats Company’s
flagship oatmeal products on the sales volume of Quaker products.

Table 2 shows a statistically significant positive relationship between the num-
ber of portions sold and the frequency of price changes in a year (Columns 1-2). I
then focus specifically on price changes occurring outside of January (Columns 3-4),
which reflect the mid-year pricing decisions. I also find a statistically significant pos-
itive correlation between sales volume and the frequency of mid-year price changes.
These results support the claim that decisions to update prices depend on the revenue
Quaker receives from a retail chain.
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3 The Model

I develop a formal model of price setting in the presence of menu costs.!! A manufac-
turer and retailer are choosing a retail price to maximize the joint surplus from the
sales at a retail chain.!? As the retail contracts are created and renewed on an annual
basis, according to research literature on the consumer-packaged goods retail sector,
the model has a finite dynamic structure with 12 periods, each representing a month.

At the start of the year, a vector of retail prices is chosen for the different markets
the retail chain operates in. The market is defined as a retail chain and geographical
area combination. As the year progresses, the chosen retail prices can diverge from
the optimal level due to stochastic demand and marginal cost. Each month, the firm
has an option to update the price, but to do so, it must pay a fixed menu cost.!® 1
assume that the cost of price updates is fixed across time and does not depend on
the magnitude of the price changes. However, menu costs may vary across different
retailers depending on characteristics of the retail chain, such as the total volume
of products sold. This formulation allows for heterogeneity in contractual frictions
across retailers, which can influence the frequency and timing of within-year price
adjustments.

Each retail market is characterized by distinct demand states and their associated
transition probabilities. The marginal cost reflects both the manufacturer’s and the
retailer’s costs and is assumed to be identical across all markets. This assumption
is reasonable given the presence of a single manufacturer. The realizations of the
stochastic states are observed by the firms at the beginning of each period, and any
price updates take effect immediately.

3.1 Dynamic Problem

The retailer operates as a monopolist in N different markets, each with a different
size, demand states, and associated transition probabilities. At the start of every
period, a manufacturer and retailer pair can observe the vector of demand states in

11. Menu costs in the model include various types of costs that can occur when adjusting retail prices:
physical cost of changing price tags, as well as administrative and logistical costs.

12. The joint surplus is then split between the manufacturer and retailer following a pre-determined
rule, which is beyond the scope of this paper.

13. The model assumes that price adjustments made at the time of contract renewal, at the beginning
of the year, do not incur additional costs. However, in practice, changing prices, even at the start of
the planning period, can involve some costs, such as updating price tags and revising retail plans. This
cost can be included in an extended version of this model and estimated by leveraging the observed
frequency of price updates in January.
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each market d; = (dy, ..., dn;) and the marginal cost mc;, which is the same in all the
markets. The joint payoff from sales 7; is given as:

m(dy,me, p,) = Z(pnt - mCt)S(Pmt, dnt) M, (6)

n

where p,; is the price in market n, mc is the marginal cost, which I assume is con-
stant across markets, and quantity sold is decomposed into market share of the firm,
S(Pnt, dnt), and the market size, M,,. Following the consumer utility function in (3),
the market share of the manufacturer s(p,;, d,.;) is

dyt + BPnt

— _mt T FPnt 7
1+ dnt + Bpn )

$<pnt7 dnt)

The retail contract must be renewed and initial retail prices selected at the start
of a year (t = 1). During this time, the firms solve the following problem to set the
initial retail prices p; = (p11, ..., pn1):

H})&lxle(dl, mcy, Py) (8

Starting from February, the firms, need to decide whether to keep the current

prices or update them by comparing the current retail price vector p, = (pi¢, ---, Pnt)

to the optimal vector p; = (pj,, ..., Pi¢). For each price update, the firms are required

to pay the menu cost F'C' that depends on a vector of retailers’ characteristics X, such

as the volume of product sold, number of stores, or number of employees. The value
function can be written as follows:

V;f(db mcy, pt) = max{ ZT(dta mcg, Pt) + BEV;+1(dt+17 mciqq, pt), (9)

If keeping the current price

max([7(d;, mer, p) + BEVia (diar, mesn, p)] = FO(X,) +e |

N J/

TV
If updating the price

Here, ¢, is the difference between two Type I extreme value shocks ¢,(1) for price
adjustment case and ¢,(0) for keeping the old price vector: ¢; = €;(1) — ¢/(0).
This decision-making is repeated every month until the year ends in December.
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3.1.1 Backward iteration

This dynamic problem is solved using backward iteration starting from the last period
(t = 12). At this time, the firms have only one month’s worth of profit to consider:

‘/;f(dtamcbpt) = max{ﬂ-(dhmct)pt)a (10)

Vi (a=0;d¢,mct,p,)
£l me ) — RO+

Vi (a=1;d¢,mee,py)

Here, Vi(a = j;d:, mc, p,) is the deterministic part of the value function conditional
on choice of action j € 0,1. The value function for each month from February to

November can be rewritten as:

Vi(dy, mey, py) = maX{VQ(a = 0;d;, mey, p,), 1D

‘/;(Cl = ]-a dtvmctapt) + Et}

4 Estimation

There are 5 parameters to be estimated: marginal cost transition probabilities, Prob,,.,
Proby,.nn, and rg, r1, r2 from the following function of menu cost:

FC =19 +7rX, + Ry X? (12)

Here, X, is the volume of oatmeal sold at a given retail chain, measured in 100
thousands. I set the discount rate to § = 0.997 which corresponds to 0.96 annual
discount rate. The sample for the estimation of the supply model consists of monthly
data of 21 retail chains, covering the period from January 2011 to January 2018.

4.1 Methodology

The prices in each market are split into three bins: low, medium, and high. The values
of price and demand grids can differ from market to market. The marginal cost grid
is fixed with two values: low and high ($0.08 and $0.1 per portion, with an average
price per portion observed of $0.16). Demand states d?* and transition probabilities
for each market are obtained from the demand estimation in Section 2.3.
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The parameters of the supply model are estimated using a Maximum Likeli-
hood approach following Rust (1987). Starting with a guess of the parameters § =
{Pfobmc,”, Pfobmc,hh,fo, 7 T2}, I solve the dynamic program for each retailer using
backward iteration described in Section 3.1.1. Next, employing the approach in Sec-
tion 4.2, I impute mc for periods when a price change is observed. For the rest of the
periods, I find B marginal cost paths with the highest probability of occurring, con-
ditional on the current guesses Pv:obmc,” and Pfobmc,hh. With the imputed marginal
cost, I calculate the conditional choice probabilities:

= W(a:j;jt)

CCPy(i;0) = S Vi) (13)

Here, 1, contains the state variables for the retail-level dynamic problem and ¢; in (10)
and (11) is the difference between two Type I extreme value shocks ¢,(1) for the price
adjustment case and ¢,(0) for keeping the old price vector. Next, the log-likelihood is
calculated as:

log L = Z Z a?ff Z Proby log (C’C’Plft(dfbs, mCm)) (14)
tf b

+ Z Z(l — a‘;ff)z Prob, log(l — C’CPlft(dfbs, mcbt)>
t b

Here, a?’f is the action observed at retailer f at time ¢, with ajff = 1 corresponding
to the choice of adjusting the prices, and ajf;s = 0 means the old price vector was
kept. Additionally, b € B is the probability rank of a marginal cost path at the periods
when the price changes were not observed, Prob, is the probability of this marginal
cost path. Then, the parameter guesses are updated, and this process is iterated to
maximize the log-likelihood until convergence.

4.2 Simplification for Marginal Cost Estimation

To pin down the marginal cost given the model parameters, I compute the retailer’s
optimal price vector at each point on the marginal cost grid. I then identify the
marginal cost value that generates a predicted price closest to the observed price.
During this step, a fine price grid is essential for distinguishing between different
marginal cost values. However, increasing the size of the price grid for the retailer-
level problem would make the estimation computationally infeasible. Since the re-
tailer operates across multiple markets, a large price grid increases exponentially with
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the number of markets. For instance, if each market has a grid of length H, the size
of the price state space of the retailer would become H”.

To address this challenge, I introduce a simplifying assumption that preserves
computational efficiency. When a price change is observed, I assume the new price
reflects a forward-looking decision, taking into account that any further within-year
adjustment would incur an additional menu cost. I assume that this menu cost is
sufficiently large such that the observed price is chosen to maximize the expected
discounted profit until the remainder of the year. This assumption is supported by
the data, which shows that multiple mid-year price changes for the same product-
market are extremely rare. This may reflect the substantial burden associated with
the price adjustment process and suggests that firms set their prices with the intention
of maintaining them throughout the year.

This assumption allows us to consider the market-level decision separately, as the
new price p, is the optimal price for the market until the end of the year. The state
variables in each market are the current price p,;,, demand state d,;, and marginal
cost mc;. The value function in market n at period ¢:

Vnt(pn,t—la i, mCt) = rg*ax Tt + BE[Vn,t—i-l(p;ta dn,t—i—la mCt+1)} (15)
nt
The return function in the market is:

Tt = S(pr dnt) (pZt - mCt) (16)

Here, s(p},, d,:) denoting the market share of the product. As each market-level prob-
lem is considered separately, a large price grid does not overly burden the computa-
tion. I chose a grid with 200 points between the minimum and maximum observed
per-portion prices. At this level of grid detail, I can map each observed price change
to a point on the marginal cost grid. I assume that the observed p??** was chosen as:

*0bs

Py = argmax 5(p;t7 leZS) (p,’;t - mCt) + 8K [Vn,tJrl(p:usa dp 41, mct+1)] (17)

Then, I can find the marginal cost value that produces p?, closest to p***. If prices

nt

have changed in several markets simultaneously, I average across them to impute the
marginal cost: mc"™ = % Here k € K and K is the total number of markets

with price changes at ¢.
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Table 3: Dynamic Model Parameter Estimates

Estimate Std. Error

P’f‘Obmc’ll 0.77 0.37
PT’Obmqhh 0.78 0.35

To 2.75 0.115

T 9.35 x 107 12.1 x 1074

) 4.61 x 107¢ 8.34 x 1076

Notes: The table presents the parameters of the structural model estimated using
monthly data for 21 retail chains for the period between January 2010 and Jan-
uary 2018. The Nelder-Mead algorithm was used to minimize the negative of the
log-likelihood. The Hessian matrix was approximated numerically for the calcula-
tion of standard errors.

4.3 Identification

Marginal costs and the menu costs are identified from distinct sources of variation in
the data.

The menu cost parameter r( are identified from the difference in expected profits
with current and optimal price vectors. The menu costs can vary across retailers,
but are constant over time. I drop the first months of each year as the prices can
be adjusted during these periods at no additional cost. In other months, I compute
the difference between (i) the expected discounted profit from retaining the existing
price vector and (ii) the expected profit with the optimal price vector that maximizes
returns throughout the end of the year. The profit differences can be associated with
the observed decisions to adjust prices or not. Additionally, I use variation in oatmeal
sales volume across retail chains to identify r; and 7.

The marginal cost transition parameters are identified using the observed chosen
price level. Given a parameter guess, I impute marginal cost when a price change is
observed assuming the price was chosen as profit maximizing until the end of year.
For the periods without price changes observed, I find B number of marginal cost
paths with the highest probabilities of occurrence and use the probabilities of these
paths to weight the likelihood.

4.4 Estimates and Implications

The results of the estimation of parameters of the structural dynamic model are pre-
sented in Table 3. The estimates of r(, r;, and r, imply that the magnitude of menu
costs for changing prices at an average-sized retailer is $275.5 thousand, which is
around 7.2% of the variable profit generated at this retailer. However, due to high
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standard errors of r; and ry, the null hypothesis that the menu costs do not depend
on the volume of product sold cannot be rejected.

4.5 Discussion

4.5.1 Price Adjustment Timing

The model with menu costs captures the variation in the likelihood of price adjust-
ments based on the time relative to the contract renewal. Figure 4 shows that in the
data sample, price adjustments occur more frequently either in January or around the
middle of the year, during the summer. This model can explain the higher probability
of price updates in the middle of the year through two distinct factors.
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Figure 5: Monthly Profit and Value Function
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Notes: Panel (a) displays the monthly joint profit (in $ millions) of the manufacturer and
retailer under two different pricing scenarios. The blue line with circular markers represents
the profit obtained using prices that are optimal given the current month’s stochastic state
realizations. The dashed gray line depicts the joint profit calculated with the price set at
the beginning of the year. Panel (b) shows the increasing difference in monthly profits
(in $ thousands) with the optimal price and the January-set price. The gray shaded area
shows the decreasing value function. Both panels are based on simulated averages from
1,000 replications of the dynamic model (12,000 months in total). These simulations use
stochastic state transitions and retailer characteristics calibrated to resemble those of an

average retailer.

First, due to the Markovian nature of demand and marginal cost states, selected

22



Figure 6: Distribution of Price Changes by Months
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Notes: The graph shows the distribution of price changes by months (excluding Jan-
uary). The probability of observing a price change has an inverted-U shape, with higher
probabilities in the middle of the year. The values are based on simulated averages from
1,000 replications of the dynamic model (12,000 months in total). The simulations use
stochastic state transitions and retailer characteristics calibrated to resemble those of
an average retailer.

prices are relatively close to the optimal prices shortly after the retail contract renewal
in January. Therefore, the firms have less incentive to update prices at this time.
As the year progresses, however, the chosen prices begin to diverge more from the
evolving optimal price levels. Firms choose to update the prices when the deviation
becomes sufficiently large to justify the menu costs. Panel (a) of Figure 5 illustrates
this by comparing profits under two scenarios: with optimal prices (solid blue line)
and with prices chosen in January (dashed gray line). Panel (b) shows the difference
in profits between these two pricing strategies. This difference is zero in January and
increases throughout the year, exceeding $5,000 by December. *

On the other hand, since this dynamic problem is finite and ends in December,
the expected discounted value of future profit is highest in January and declines as
the year progresses, as shown by the gray area in Panel (b) of Figure 5. This implies
that the remaining time to recover the menu cost becomes shorter, reducing the in-
centive to update the price. Instead, the firms can decide to wait until the start of the
following year to reset the prices without the penalty of menu cost. Due to this effect,

14. To protect the confidentiality of retailers, the demand states, transition probabilities, and retailer
sizes used in the simulations are calibrated to approximate those of an average retailer.
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there are fewer price adjustments close to the year-end.

Figure 6 shows the simulated monthly distribution of price changes. In line with
the incentives explained above, there are fewer price changes observed after January
and towards December.

4.5.2 Retailer Size and Frequency of Price Changes

The estimation results in Section 4.4 indicate that the menu costs vary little with
the volume of product sold at a retail chain. Consequently, the ratio of menu cost
to revenue declines with retail chain size. Manufacturers are more likely to recover
this cost when adjusting the prices at larger retail chains where they generate higher
profits. The decrease in the relative importance of menu costs leads to a positive
correlation between the market size of the retailer and the number of price updates
observed in a year.

Figure 7 shows that the ratio of the menu cost to variable profit declines non-
linearly as market size increases. This arises because the menu costs increase little
with market size, while profits increase linearly, holding demand parameters constant.
As a result, in sufficiently large markets, the share of the menu costs in total profit
approaches zero.

However, the ratio of the price adjustment cost to profit close to 0 does not
necessarily lead to price updates occurring in every period. When the frequency of
the price updates increases, the marginal gain from each update falls. As both demand
and marginal cost states follow Markov processes, when the price is optimized by the
forward-looking firm, it tends to remain close to the optimal level in the following
periods. Reoptimizing prices that are already close to optimal will incur the same
magnitude of menu costs but yield fewer gains.

Figure 8 shows a concave relationship between the variable profit and the fre-
quency of price changes. This implies diminishing marginal profit gains from addi-
tional price updates. Taken together, the declining importance of menu costs with
retailer size and the diminishing marginal benefits of price adjustments produce an
approximately linear relationship between retailer size and the frequency of price
changes.

Figure 9 illustrates the near-linear relationship between retail chain market size
and the simulated number of price updates per year. Both the total number of price
changes (blue line) and the number of mid-year price changes (gray dashed line)
increase with market size. The rise in total price changes is primarily driven by more
frequent mid-year updates, indicating that larger retailers tend to update prices more
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Figure 7: Menu Costs and Profit.
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Notes: The graph shows the relationship between the retailer’s market size and the
manufacturer and retailer’s joint surplus on the left vertical axis. The black dashed line
shows the share of the estimated menu costs in the joint surplus (the right axis). The

values and transition probabilities of the demand shifter were chosen to match those of
the average retailer.

often during the year. In contrast, the number of price changes occurring at the

beginning of the year, depicted by the vertical gap between the two lines, does not
appear to depend on the retailers’ size.

5 Counterfactual Exercises

5.1 Low and High Inflation

Economic literature has been documenting changes in both magnitude and frequency
of price changes during high and low inflation periods (e.g. Gagnon 2009, Nakamura
and Steinsson 2008). However, the standard menu cost models used in macroeco-
nomic research struggle to generate these two changes simultaneously (Blanco et
al. 2024a).

I run a simplified inflation experiment with an exogenously increasing marginal
cost. In this simple scenario, the marginal cost grows at a constant rate each month.
The firm can observe the marginal cost at the start of the period, but does not expect
further increases.

Figure 10 shows the number of price changes per year and the magnitude of
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Figure 8: Frequency of Price Changes and Profit
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these changes increases as the growth rate of marginal cost is raised. The marginal
cost growth rate of 2% per month (annual growth rate 26.8%) results in 20% more
frequent price adjustments per year. At the same time, the magnitude of price changes
also increases from $0.43 to $0.56. This means that although the prices are changed
more frequently, the changes are also larger in magnitude. This result is relevant to
macroeconomic literature as it can generate results not available in standard menu
cost models.

5.2 Anticipated Cost Shocks

I explore the effect of cost shock anticipation for small and large retail chains. I
consider a scenario in which the marginal cost grid permanently increases by 30 cents
(equivalent to 1 cent per portion of oatmeal) in the middle of the year.

The anticipation of the shock leads both retailers to set initial prices higher in
January. However, the difference is significantly larger for the smaller retailers. More-
over, smaller retailers increase their prices further 2-3 months before the shock occurs.
Panel (a) of Figure 11 shows that when anticipating a permanent marginal cost in-
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Figure 9: Number of Price Changes per Year
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Notes: The graph depicts the average simulated number of price changes per year as
a function of retail chain market size. The blue line with circular markers represents
the average number of all observed price changes, while the dashed gray line captures
only mid-year price changes, excluding updates made at the beginning of the year. The
values and transition probabilities of the demand shifter are calibrated to match those
observed for the average retailer. Price change frequencies are computed from 1,000
simulations of the dynamic model.

crease, a smaller retailer starts raising their prices well before the shock. As they are
constrained in their capacity to change the prices often, they adjust their price if they
receive a positive € shock from Equation (9) even if it happens before the shock takes
place.

Even after the permanent cost shock occurs, the difference in average prices
between the anticipated and unanticipated cases remains more pronounced for the
smaller retailer. This pattern reflects the limited flexibility of smaller firms, which
have fewer opportunities to update their prices. As a result, in most cases, the small
retailer is unable to respond to an unanticipated cost increase before the end of the
calendar year.

This is consistent with empirical evidence of the heterogeneous reactions of firms
of different sizes, beginning with Gertler and Gilchrist 1994, which highlight that
smaller firms exhibit larger price reactions compared to large firms in response to
cost increases, resulting in them being squeezed out of the market (Bagaee, Farhi,
and Sangani 2024).
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Figure 10: Cost Increase and Price Changes
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Notes: The chart shows the number of price changes per year (left vertical axis) and
the standard deviation of price changes (right vertical axis) when the marginal cost
is increasing at a constant rate each month. For instance, in the baseline case, the
marginal cost growth rate is 0, and the average-sized retailer adjusts the prices once
per year on average, and the standard error of prices is $0.43. Both the magnitude and
frequency of price changes increase as the rate of marginal cost growth is faster. The
graph shows the average of 200 simulations of the dynamic problem (2400 periods).

5.3 Welfare Effects of Menu Costs

I examine how a reduction in price adjustment costs affects social welfare. I lower
the menu costs for an average-sized retail chain from the estimated baseline level and
examine the implications for firms’ profit and consumer surplus.

As menu costs decrease, firms have more financial capacity to optimize their
prices more frequently. Joint surplus of the manufacturer and retailer is calculated as
the difference between the retail price and marginal cost, multiplied by quantity sold,
and summed up across all markets the retailer operates in:

M

Tt = Z(pnt - mCt)Qnt (18)
n=1
Column (6) of Table 4 shows that the firms are changing prices more frequently. As
a result, firms’ net surplus (after paying the menu costs) is increasing, as shown in
Column (7). With greater flexibility to update prices, firms can capture a larger share
of the surplus when menu costs are lower.
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Figure 11: Effect of Marginal Cost Increase
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Notes: The graphs show retail prices at retailers of different sizes with anticipated
and unanticipated permanent cost shocks. The marginal cost grid increases by $0.3
per package (approximately 1 cent per portion) in June. Panel (a) shows that for the
smaller retailer (with a market size equal to 1 million portions of oatmeal per month),
Panel (b) shows the prices set by a large retailer with a market size of 20 million
portions per month. The graphs show the average price of the flagship product across
250 (3000 months) Monte-Carlo simulations of the dynamic model.

Consumer surplus is calculated following Small and Rosen (1981) and is reported
in Column (3) of Table 4. At first, consumer welfare increases as retail prices are
adjusted more frequently and better match demand conditions. However, lowering

29



the menu costs further is not beneficial for consumers, as the firms can extract more
consumer surplus through more flexible pricing.

Table 4: Welfare Effects of Lowering Menu Costs

% of Est.  Consumer : Num. of .. A Net

Menu Cost Menu Cost  Surplus ACS  Profit Price Changes Net Profit Profit
ey (2) (3) C)) (5) (6) (7) (8)

275.5 1.0 2934.2 3343.8 0.5 3202.8

206.6 0.75 2949.4  15.1 3344.8 0.6 3210.5 7.7
137.7 0.5 2991.2  57.0 3347.0 0.8 3235.5 32.7
68.9 0.25 2969.4 35.1 3350.2 1.2 3264.8 62.0

0 0 2884.5 -49.8 3354.6 1.8 3354.6 151.8

Notes: The table reports welfare outcomes under varying levels of menu costs. The top row corresponds to
the baseline case, where the menu cost is set to its estimated value of $275.5 thousand for an average-sized
retail chain. Columns (1) and (2) present the absolute value of the menu cost and its proportion relative to
the baseline, respectively. Column (3) reports the average annual consumer surplus (in thousands of dollars),
calculated following Small and Rosen (1981) and summed across the markets the retail chain operates in.
Column (5) shows the joint annual profit of the manufacturer and retailer (also in $ thousands), while Column
(6) reports the average number of price adjustments per year. Column (7) presents the joint profit net of menu
costs. Columns (4) and (8) display the differences in consumer surplus and net profit compared to the baseline
case. All figures are based on 250 simulations of the dynamic model (3000 periods).
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6 Conclusion

In this paper, I develop a model of pricing in the presence of menu costs. I apply
the model to the U.S. consumer packaged goods (CPG) retail sector and estimate the
parameters using a detailed dataset on oatmeal prices and sales from grocery store
chains. The results indicate that menu costs are substantial but vary little with retailer
size. Consequently, prices are adjusted more frequently at larger retail chains. The
model also explains the lower probability of price changes close to the retail contract
renewal time.

Counterfactual exercises reveal how menu costs can lead to more frequent and
larger price adjustments during periods of high inflation. Prices at smaller retail
chains exhibit greater sensitivity to cost increases. Furthermore, when cost increases
are anticipated, smaller retailers tend to start adjusting their prices earlier than larger
ones. These findings are relevant to macroeconomic literature on price rigidity and
heterogeneous responses of firms of different sizes to shocks.

Lowering the menu costs enables firms to update prices more frequently, increas-
ing their profitability. However, low menu costs are not beneficial for consumers as
firms can extract more consumer surplus through more flexible pricing.
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Appendix

A First-stage demand regression

Table A.1: First-stage estimation results

Stage 1 of 2SLS

Oats price -1.95
(8.92)
Electricity price 0.05
(0.02)
Diesel price 0.001
(0.153)
Cardboard price -0.001
(0.002)
Wages (commercial) -0.01
(0.03)
Wages (food production) -0.006
(0.1
Hausman IV 0.81
(0.08)
% Discount 0.0329
(0.01)
N 4884
F 37.2
Market-level Effect Yes

Notes: The table shows OLS regression results of $ price of oatmeal per portion
on instrumental variables. Data on oats prices ($ per gallon) were obtained from
Macrotrends commodity price series. Monthly retail electricity prices (in $ per kWh),
in the industrial sector in Iowa, were sourced from the U.S. Energy Information Ad-
ministration (Link to recreate the dataset: Electricity Data Browser). Historical weekly
U.S. No. 2 diesel retail prices (in $ per gallon) were obtained from the U.S. Energy
Information Administration website. Diesel prices, reported by the Petroleum Admin-
istration for Defense Districts (PADD), were merged with the designated market areas
(DMA) defined by Nielsen. Weekly price data were converted to a monthly frequency
by retaining the final weekly observation of each month. Producer price index for pulp,
paper, and allied products was used as a cardboard price proxy and sourced from the
FRED database (U.S. Bureau of Labor Statistics 2025). Average weekly wage data (in
$ thousands) for private food manufacturing in Iowa and retail trade for all U.S. states
were obtained from the Quarterly Census of Employment and Wages published by the
Bureau of Labor Statistics (Available at the BLS website).
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B Test of Conduct

I compare the performance of the model with menu costs against a more conven-
tional model with flexible pricing using a non-nested testing approach. The testing
procedure follows Backus, Conlon, and Sinkinson (2021), which is based on Berry
and Haile (2014), and is used to differentiate between a pair of structural models.
The null hypothesis that both models of supply side perform equally well is tested
against the alternative hypothesis that one of the models performs better than the
other. The test checks which model produces an unobserved marginal cost that better
satisfies an orthogonality condition between the exogenous product characteristics z;.
The exogenous characteristics include variables that affect demand but are excluded
from marginal costs v;, as well as those affecting both demand and marginal costs z;,
and that affect marginal cost but not demand w,.

First, Berry and Haile (2014) assumes that marginal cost equals marginal rev-
enue (or the generalized residual):

mcj = 1/]] (Stapt7D(zt)) (Bl)

Here, s; denotes market shares, p, observed prices, and D(z;) the demand system.
This is extended by Backus, Conlon, and Sinkinson (2021) to marginal cost equals
the difference between the prices and markup 7} (s, p;, D(z;)) implied by the model:

model

Mmcjr = Pjt — 1; (St7 P: D(Zt)) (B.2)

Then, the marginal cost is characterized by the exogenous product characteristics,
assuming an additively separable unobservable term:

mcjr = hg(xj, wit) + wj (B.3)

The conditional moment restriction is as follows:

Then, the test statistic is calculated as follows:

=2 (Q') - Q) ®.5)

g

Here, 7 is the firm markups implied by a given model, and ()(n) is a GMM objective
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a

of the test defined as a function of markups. T is the standard error of Q(n!) —
Q(n?). Rivers and Vuong (2002) shows that T follows a standard normal distribution.
Therefore, at the 5% significance level, the null hypothesis is rejected if |T'| > 1.96. If
T < —1.96 we conclude that Model 1 is preferred, and if 7" > 1.96, we conclude that
Model 2 is closer to the truth.

Backus, Conlon, and Sinkinson (2021) choose the following form of the GMM
objective:

Q0 = (5 S edqe)’ (8.6)

Here, An*? = n! — n? is the difference between markups implied by Model 1 and
Model 2. &, is a part of the marginal cost which is not explained by the exogenous
product characteristics and &7\12 are the fitted values of the following regression on
exogenous characteristics of all products in the market z,:

Ant? = g(z,) + e (B.7)

Next, I use the base prices and demand shifters to impute marginal cost for the
model with flexible pricing (Model 2). In this model, the firm can update the price
without incurring a menu cost. I assume that the manufacturer uses the demand

specification described in Section 2.3. The manufacturer’s problem in Model 2 would
be:

max AS(Pmsty ) (Dt — M) (B.8)

Then, the marginal cost is imputed based on the first-order condition:

1
MCt = Pmt — 77— (B.9)

5 (1 - Sm,t)

For empirical implementation of the test, I use data for the variables v, that affect
demand but are excluded from the marginal cost: BLP-style instrumental variables
(Berry, Levinsohn, and Pakes 1995) that are the sum of the price of all products not
produced by Quaker, and the number of all oatmeal products (distinct UPC) sold in
the market. I also include the average percentage of price promotions observed in the
market. For the variables that affect the marginal cost but are excluded from demand
wy, I use the input cost data described in Table A.1, such as price of oats, electricity,
wages, and diesel, as well as Hausman-style instrumental variables.

I first regress the marginal cost implied by the two models on all exogenous
product characteristics that affect marginal cost to get the unobserved portion of the
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marginal cost. I find the standard error of Q(n') — Q(n*) by block bootstrapping
with 1000 blocks with 12 elements (months) each. The test statistic is calculated as
T = —9.08. Therefore, I conclude that Model 1 with menu costs performs better than
the model with flexible pricing at 1% significance level.
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Figure C.1: Lag Between Marginal Cost Increase and Price Response
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Notes: The graph shows the lag (in months) between the time of the marginal cost
increase (from the low to high state) and the price increase by the retail chains’ size.

The numbers are based on 500 Monte-Carlo simulations of the dynamic model for each
value of the market size.

C Marginal Cost Pass-Through Timing

In this counterfactual exercise, I examine how the timing of marginal cost changes
can lead to different speeds of pass-through to the retail prices. Suppose that a year
starts and the retail prices are set when the marginal cost is in a "low" state. Keeping
the demand shock unchanged, I deterministically increase the marginal cost to the
"high" state at different months of the year, starting from February.

Figure C.1 shows that if the marginal cost increases in February, on average, it
will take a smaller retailer 8 months to adjust the price, while it will take around
6.7 months for the large retailer to update the price. As larger retailers can update
their prices more frequently, as explained in Section 4.5.2, it is not surprising that
they require less time to adjust the price. The 45-degree line in the figure shows the
number of months a retailer would have to wait until the beginning of next year, when
the retail contract would be renewed and the prices can be reset without incurring
the menu costs.

Figure C.1 also shows that the marginal cost rises occurring later in the year are
followed by increasingly prompt price adjustments. Two underlying mechanisms lead
to this effect. First, marginal cost increases during summer have a higher probability
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Figure C.2: Probability of Waiting Until Next Year
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Notes: The graph shows the share of simulations when the marginal cost increase is
not followed by the same-year price update. The data is based on 500 Monte-Carlo
simulations of the dynamic model for each market size.

of triggering a price update. Second, as cost shocks occur closer to year-end, the firms
often defer price changes until the start of the following year, when retail contracts
are renewed. For example, when a marginal cost increase occurs after August, retail
prices are, on average, not adjusted within the same calendar year.

Figure C.2 illustrates the behavior described above and shows the probability of
postponing a price change to the following year. The probability of deferring the price
update increases sharply for shocks occurring later in the year. For instance, when a
cost shock occurs in November, 86% of cases result in the retailer waiting until the
new year to adjust prices. This tendency to delay is less pronounced among larger
retailers, particularly when cost shocks arise in the first half of the year.
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