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Abstract

We document a new set of salient facts on pricing moments over the life-cycle of U.S.
products. First, entering products change prices twice as often as the average product.
Second, the average size of these adjustments is at least 50 percent larger than the av-
erage price change. We argue that a menu cost model with price experimentation can
rationalize these findings. The firm is uncertain about its demand elasticity under this
setting, but can experiment with its price to endogenously affect its posterior beliefs
which are updated in a Bayesian fashion. As a result, firms face the trade-off between
increasing the speed of learning through price experimentation and maximizing their
static profits. This mechanism can endogenously generate large price changes, without
the use of fat-tailed idiosyncratic shocks, and can replicate the life-cycle patterns we
document. We show quantitatively that the cumulative output effect of an unantic-
ipated monetary shock is 40 percent larger than in Golosov and Lucas (2007). On
impact, selection is weakened as the experimentation motive alters the distribution of
desired price changes and decreases the fraction of firms near the margin of adjustment.
Furthermore, the notion of a product’s life-cycle generates an additional form of cross-
sectional heterogeneity in the frequency of price adjustment. This causes the monetary
shock to be further propagated.
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1 Introduction

The magnitude of the short-run real effects of monetary policy is an issue that has kept
economists debating for decades. After a surge of theoretical frameworks that include a
variety of frictions (including sticky prices), the increasing availability of micro-level datasets
has allowed us to delve deeper into the mechanics of a firm’s dynamic pricing behavior. In
recent years, this has lead to a new set of empirical facts that has enhanced our understanding
of several moments of the pricing distribution and their interconnections.!

Despite new insights of firms’ pricing behavior along several dimensions (e.g. different
sectors, categories or type of outlets), the degree of price heterogeneity along different stages
of the product’s life-cycle has largely remained unexplored. As a result, this dimension of
the data has been almost completely ignored by a broad range of menu cost models. In
this paper, we aim to fill this gap by documenting salient facts on the evolution of products’
pricing moments over their life-cycle, provide a structural interpretation for it and investigate
its implications on monetary non-neutrality in the short run.

It is well known that firms choose different pricing strategies over the life-cycle of their
products. As a result, it has been conjectured that firms might have different objectives
than merely maximizing current profits.? As a result, recognizing and modeling the dynamic
patters of prices at different stages of the product life-cycle is crucial to understand the
underlying pricing objectives of firms and hence aggregate responses of prices to monetary
shocks. This is especially the case since the nature of price changes seems to be important
for its conclusions on the effectiveness of monetary policy.

In this paper, we use a large panel of barcode level data to document salient facts on a
set of pricing moments over the product’s life cycle. We calculate the probability of price
adjustment (excluding sales) and the size of these adjustments at the weekly level as a function
of the product’s age. Our main findings are twofold. First, products that enter the market
see their prices changed twice as often as the average product. Both price increases and

price decreases become more frequent whenever demand becomes more uncertain. Second,

1Some examples are Golosov and Lucas (2007), Nakamura and Steinsson (2008a), Midrigan (2011), Vavra
(2014), and Alvarez and Lippi (2014).

2Previously suggested alternatives for these objectives range from survival, market share leadership, lig-
uidating excess inventories upon exit, customer retention and reputation or opposing and eliminating com-
petitive threats through predatory pricing.

3 An important lesson from the theoretical literature on price-setting is that different types of price changes
have substantially different macroeconomic implications. Price changes motivated by a large difference be-
tween a firm’s current price and its desired price (e.g. Caplin and Spulber (1987)) yield much greater price
flexibility than those where the timing of the price change is exogenous (e.g. Calvo (1983)). Similarly, the
prevalent view in macroeconomics is that, temporary sales do not play a significant role in inflation dynamics
(e.g. Kehoe and Midrigan (2007), Malin et al. (2015)). Recently, however, studies like Kryvtsov and Vincent
(2014) have challenged this view.



the average size of these adjustments is at least 50% larger than the average price change
(i.e. the dispersion of price changes, conditional on adjustment, is higher at entry). Both
the frequency and the absolute size of price adjustment approximately settle three months
after entry to about 5% and 8% per week respectively.* The current class of menu cost
models are completely unable to account for these facts as the entirety of pricing moments
are independent of the age of the product.

We reconcile the class of menu cost models in the spirit of Golosov and Lucas (2007) with
the data by adding price experimentation at the firm-level. When their product is launched,
firms are uncertain about their demand. This uncertainty has two roots. Products either
belong to a basket of easily substitutable goods or to a group in which it is hard to substitute
goods. We assume that a firm is initially unaware to which group its product belongs. Direct
inference over the product’s life-cycle is then obstructed because of demand shocks. As a
result, upon observing a low amount of sales, the firm is unable to distinguish whether this
is because they belong to a group with highly substitutable goods or the realization of the
demand shock was low.

This uncertainty causes a firm to form beliefs in a Bayesian sense about its type after
observing the sold quantity. Our framework features experimentation as a firm is able to
alter its posteriors through the endogenously set price. As a result, the firm faces a trade-off
between maximizing static profits and deviating in order to affect its posteriors in the most
efficient way and acquire more valuable information about its type. At the beginning of its
product’s launch phase, a firm is completely uncertain about its type and hence has incentives
to price experiment in order to gain more information. As the firms learn and obtain sharper
posteriors on their type, incentives for experimentation decline, the dispersion of price changes
decreases, and the model starts converging to a standard Golosov-Lucas type of model.

We show that the price experimentation motive along with the notion of a product life-
cycle allows us to capture two salient features of the data: (1) the life-cycle patterns on the
frequency and absolute size of price changes and (2) the presence of large price changes in
the data. The latter, in particular, has traditionally eluded standard price-setting models
and has been matched by making strong assumptions about the underlying distribution of

idiosyncratic shocks which in turn has important implications on monetary non-neutrality.®

4The patterns at exit are quite different as the frequency and absolute size of price adjustments stay mostly
constant before exit at the product level. Nonetheless, the frequency and depth of sales increase significantly
at exit suggesting that firms attempt to liquidate their inventory before phasing out their products. These
findings are described in more detail in the Appendix.

SMidrigan (2011) documents the existence of large price changes and assumes a fat-tailed distribution
of cost shocks to match the data. As a result, Midrigan (2011) finds real effects of money in the order of
magnitude consistent with those of Calvo-type models. Gertler and Leahy (2008) find a similar result using
Poisson shocks. Karadi and Reiff (2012) who use a version of the framework in Midrigan (2011) but instead
assume a mixture of two Gaussian distributions as the underlying distribution of idiosyncratic shocks, find



Our framework is able to account for all of these facts simultaneously without having to
resort to fat-tailed shocks.

Our framework is most similar to Bachmann and Moscarini (2012). In their model,
however, price experimentation is the only motive for price changes. As a result, such a
framework is not able to account for all the observed regularities in the data. In contrast to
their work, our focus is in studying the pricing behavior of firms after they launch a product
and our framework nests the standard price-setting model to allow firms to keep changing
prices even after firms are almost certain about their type.® In addition, the experimentation
motives in our framework show strong similarities to those displayed in Keller and Rady
(1999) and Mirman et al. (1993). In particular, conditions are developed under which the
firm will find optimal to adjust prices away for the myopically optimal level in order to
increase the informativeness of the observed market outcomes and as a result increase future
profits. We also show that there are two qualitatively different regimes of experimentation,
determined by the signal-to-noise ratio, the discount factor, and the initial beliefs of the firm.
One regime is characterized by extreme experimentation and a discontinuous optimal policy
when the gains of experimentation are larger, the other by moderate experimentation and
smaller deviations from the myopically optimal price.

Furthermore, we show that our proposed mechanism implies that the real effects of money
are significantly larger than predicted by Golosov and Lucas (2007). The experimentation
motive accounts for these results for two main reasons. First, a significant amount of large
price changes are purely due to experimentation making them more orthogonal to aggregate
money shocks. This reduces the measure of marginal firms whose adjustment decisions are
sensitive to nominal shocks, hence weakening the selection effect.” And, second, the notion
of a products life-cycle generates an additional form of cross-sectional heterogeneity in the
frequency of price adjustment. In response to a nominal shock, firms actively learning adjust
their price several times before firms with sharper beliefs adjust their price once. Nonetheless,
only the first price change matters to accommodate the nominal shock. Given that the model
is calibrated to match the average frequency of price changes, the fact that firms who are

certain about their type have on average lower frequency of adjustment significantly delays

real effects closer to those found by Golosov and Lucas (2007). These findings indicate that the results on
the real effects of money are highly sensitive to the underlying distribution of idiosyncratic shocks.

6Bachmann and Moscarini (2012) focus is different as they study how negative first moment shocks induce
risky behavior. In their model, when firms observe a string of poor sales, they become pessimistic about
their own market power and contemplate exit. At that point, the returns to price experimentation increase
as firms “gamble for resurrection”. Our empirical findings indicate however that there is little support for
this behavior in the data.

"The size-distribution of price changes, under experimentation, has higher kurtosis. Alvarez et al. (2014)
show that the kurtosis of the size-distribution of price changes is a sufficient statistic for the real effects of
monetary policy.



the adjustment of the aggregate price level propagating the shock even further.

The remainder of the paper is organized as follows. Section 2 presents the data and
contains the main empirical findings. In section 3, we set up a quantitative menu cost model
that is able to explain the observed facts. In addition, we develop the relevant conditions for
experimentation and described the the experimentation regimes in detail. Section 4 discusses
our results on monetary non-neutrality and compares our results with other models used in

the literature and section 5 concludes.



2 Stylized Facts over Product’s Life Cycle

In this section, we use a large scanner data set to show a new set of stylized facts on products
over their life-cycle. These facts clearly show that the pricing behavior of firms is considerably
different at entry compared to the rest of the product’s life-cycle. We show that at entry the
frequency of price adjustment, the absolute size of price adjustment and the cross-sectional
standard deviation of price changes are higher and settle to their respective averages as the
product matures. Furthermore, the fraction of large price changes, defined as those changes
larger than two standard deviations, is considerably larger at the beginning of the product
life-cycle.

As a result, we hypothesize that these facts can be rationalized with an experimentation

8

motive.® The last part of this section provides additional evidence that is consistent with

the price experimentation motive by exploiting the variation in products’ entry time across

different stores.”

2.1 Data

The life-cycle patterns of products’ prices have typically not been studied much as the re-
quirements on the data are quite stringent. Doing so requires a large panel of products with
information about their entry date and their prices at a high sampling frequency. The CPI
Research Dataset, for example, is only available at a monthly frequency and contains a left-
censored age of the products; many Entry-Level Items (ELIs) are added to the CPI basket
long after first appearing in the market. For this reason, we rely on the IRI Marketing data
set instead which provides 11 years of weekly store data at the store-week-UPC level. A
Universal Product Code (UPC) is a code consisting of 12 numerical digits that is uniquely
assigned to a specific tradeable item.

The data set consists of weekly scanner prices and quantity data of drug stores and grocery

stores across 50 metropolitan areas (MSA) and 31 product categories.' The dataset contains

8Optimal control problems in the presence of an experimentation motive, also known as optimal learning
problems, have been studied in many areas of economics since Prescott (1972). Its application to the theory
of imperfect competition consists of relaxing the assumption that the monopolist knows the demand curve
it faces. The first application of this concept can be found in Rothschild (1974). In his paper, the learning
process is framed as a two-armed bandit problem in which the monopolist experiments with two prices and
eventually settles on one permanently.

9Aghion et al. (1991) show that the benefits from experimentation decrease as adequate information is
acquired. In Easley and Kiefer (1988) and Kiefer and Nyarko (1989), beliefs also converge to a limit such
that learning stops and hence has no additional impact on a firm’s decision-making behavior.

10These product categories include Beer, Carbonated Beverages, Coffee, Cold Cereal, Deodorant, Dia-
pers, Facial Tissue, Photography Supplies, Frankfurters, Frozen Dinners, Frozen Pizza, Household Cleaners,
Cigarettes, Mustard & Ketchup, Mayonnaise, Laundry Detergent, Margarine & Butter, Milk, Paper Towels,
Peanut Butter, Razors, Blades, Salty Snacks, Shampoo, Soup, Spaghetti Sauce, Sugar Substitutes, Toilet



around 2.4 billion transactions from January 2001 to December 2011 representing roughly

! Fach retailer reports

15% of household spending in the Consumer Expenditure Survey.!
the total dollar value of its weekly sales and total units sold for each UPC. Furthermore, it
provides information on whether its good was on sale in a certain week (the so-called ”sales
flag”). This information can then be used to calculate the average retail price in a given

week (inclusive of retail features, displays and retailer coupons) by:

salesmsetj
Pmsctj =

UNIE Sy et
where m, s, ¢, t, and j index markets, stores, product categories, time, and UPC respectively.
Given the properties of the data, we can identify the first appearance of a UPC in a certain

store by exploiting the retail and product identifiers.!?

2.2 Empirical Strategy

We adopt the same conventions as Coibion et al. (2015) to distinguish between regular price
changes and sales. A regular price change is defined as any change in prices that is larger
than one dollar cent or 1% in absolute value (or more than 0.5% for prices larger than $5 in
value) between two periods that neither have a sales flag.

To identify sales, we use the sales flag provided in the data, but our results are robust
to applying the sales filter introduced by Nakamura and Steinsson (2008a).'* The size of a

price change is then calculated as the log difference between the price levels in the current

Tissue, Toothbrushes, Toothpaste, and Yogurt. The dataset is discussed in more detail in Bronnenberg et
al. (2008). See also Coibion et al. (2015), Gagnon and Lopez-Salido (2014), Chevalier and Kashyap (2014)
and Stroebel and Vavra (2014) for applications of the data to macroeconomic questions.

1Tn total, the data covers approximately 170,000 products and around 3,000 stores. Detailed information
about each good, such as brand, volume and size, is also included. We exclude private label items from the
analysis because all private-label UPCs have the same brand identification so that the identity of the retailer
cannot be recovered from the labeling information.

12We provide more details of our methodology to identify new product introductions in the Appendix.

13Specifically, a good is on sale if a price is reduced but returns to its same previous level within four
weeks. Coibion et al. (2015) use two approaches to identify a price spell. The first treats missing values as
interrupting price spells. In the second approach, missing values do not interrupt price spells if the price is
the same before and after periods of missing values. Since the incidence of sales from applying these two
approaches does not significantly differ from the one identified by the sales flag provided in the IRI dataset,
we use the union of sales flags obtained from applying these two approaches and the flag provided in the IRI
data to identify the incidence of sales. Our results are not sensitive to these choices.



and the previous week.!* Thus, we have:

Pmsc ]
Af)msctj = log ( & )

Pmsct— 15

Let a = 1,..., A denote the number of weeks since entry (which we will define as the age
of the product) where a = 1 and a = A denote entry and exit respectively. To assess the
movements of the pricing moments over the life-cycle of a product, we adopt the following

empirical specification:
A
Yiste = Z ¢aD§L5 + 05+ M+ Ve + €jste (1)
a=1

where j, s, t and ¢ index the UPC, store, time period, and cohort ¢ = t — a the product
belongs to respectively. Y. is the variable of interest (i.e. price change indicator, size of
price change, frequency of sales); D, takes the value of one if the product is in its ath week
since entry; 0;, denotes the fixed effects for each product and store whereas \; and v, denote
time and cohort fixed effects respectively. We are interested in ¢, for a = 1,..., A which

represent the impact of the life-cycle of the product on our variable of interest.'®

2.2.1 Pricing Moments over the Products’ Life cycle

Figure 1 plots the coefficients of the age dummies for the first 50 weeks of a product using the
regular price change indicator as dependent variable. As depicted in the figure, the frequency
of price adjustment is almost 4 percentage points higher at entry and takes approximately
20 weeks to settle to its average value. The magnitude of this significantly higher frequency
is best reflected in the expected amount of time it takes for a product to change its price.'6
If we were to maintain the frequency of adjustment at entry, then we would expect a price
change approximately every 12 weeks. This is twice as often relative to the average of 24

weeks that we observe in the data.

14We focus on non-generic products that lasted at least two years in the market and that are sold in at least
20 stores. We do this in order to minimize any type of composition bias that might arise in our calculations
from products that last only a few weeks in the market such as seasonal items.

15Since it is not possible to identify the effect of age holding time and cohort constant due to collinearity,
we estimate equation 1 using two different normalizations. The first assumes that trends appear only in the
cohort effects. In this case, we replaced the time fixed effects with the seasonally adjusted unemployment rate
at the Metropolitan Statistical Area (MSA) level to control for cyclical economic variation. Some examples
of studies using this approach are Deaton and Paxson (1994); De Nardi et al. (2009); Gourinchas and Parker
(2002); Aguiar and Hurst (2008). The second assumes trends appear only in the period effects. In this case,
only the time fixed effects are included in the estimation of equation 1. Our results are not sensitive to the
choice of normalization.

16This is equal to —1/In(1 — f) where f denotes the frequency of price adjustment.



Figure A.4.2 in the appendix decomposes these price changes into increases and decreases.

We find that the frequency of both price increases and decreases is higher at entry.

Figure 1: Frequency of Price Adjustment at Entry
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Note: The graph plots the average weekly frequency of price adjustment of entering products. The y-axis denotes the probability
that the product adjusts prices in a given week and the x-axis denotes the number of weeks the product has been observed
in the data since entry. The graph plots the fixed effects coefficients of equation 1 where we used the regular price change
indicator as dependent variable. Equation 1 is computed controlling for store, UPC and time fixed effects. The calculation uses
approximately 130 million observations and 2.5 million stores X UPC pairs. The standard errors are clustered at the store level.

The underlying data source is the Symphony IRI.

Similarly, figure 2 depicts the results for the absolute size of price changes. During the
first few months, the absolute value of price changes is much larger and almost 5 percentage
points higher than the average which amounts to approximately 10 percent. Figure A.4.2
in the appendix also shows that in this particular case the variation comes from both price
increases and decreases. Not surprisingly, the dispersion of price changes, measured by the
weekly cross-sectional standard deviation is almost 40 percent larger during the first four
months after entry.

Thus, these observations indicate that firms do not only price more often but also in a more
extreme fashion in terms of absolute size during the early stages of their products’ life-cycles.
As a result, we will argue that firm learning is a reasonable mechanism to rationalize our
findings in the data. Whenever firms face some form of uncertainty over their demand curve,
then these firms are ez-ante not able to directly infer the amount of realized sales. As a result,
firms form prior beliefs over those demand parameters that are non-observable. This implies

that changes in price levels of firms’ products can be informative whenever it induces changes



Figure 2: Absolute Value of Price Changes at Entry
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Note: The graph plots the average absolute size of price adjustments of entering products. The y-axis is the absolute value of
the log price change in that week and the x-axis denotes the number of weeks since the product has entered. The graph plots the
fixed effects coefficients of equation 1 where we used the absolute value of the log price change as dependent variable. Equation
1 is computed controlling for store, UPC and time fixed effects. The calculation uses approximately 5.8 million price changes
and 2.5 million stores X UPC pairs. The standard errors are clustered at the store level. The underlying data source is the

Symphony IRI.

in their posterior beliefs. Therefore, deviations from profit-maximizing pricing schemes in
the form of experimentation can be rational under this particular scenario.

An uncertain monopolist upon entry has learned close to nothing. As a result, its in-
centives to gather more information and sharpen its posteriors are at its highest during the
entering stage of its product(s). Whenever prices can affect posterior beliefs, this monopolist
would thus change its prices more often and by larger amounts.

During periods of high levels of experimentation, we should therefore expect to see the
frequency of price adjustment and the dispersion of price changes rise. The theoretical
implications of these class of models are consistent with the life-cycle patterns described in
this section. Furthermore, our findings are consistent with survey evidence by Gaur and
Fisher (2005) who found that, by surveying 32 US retailers, 90% of them say they actually

conduct price experiments.!”

I7An alternative explanation could be penetration pricing. Under this scenario, firms increase long-run
profits by launching a low-priced product to secure market share or a solid customer base. This will then
result in higher future profits as the firm is able to benefit later from the consumer’s higher willingness to pay.
In the appendix, we provide evidence that this strategy does not seem to be consistent with our empirical
findings. First, we do not find any evidence of lower entry prices. Second, we observe larger price decreases
at entry. Lastly and most importantly, the probability of observing consecutive price increases is very low in



2.2.2 Large Price Changes

We now document the patterns of large price changes over the product life-cycle. As those
patterns may vary considerably across products and stores, we follow Alvarez et al. (2014)
and consider a breakdown of the data into “cells”. Each cell is defined by a UPC x city
(MSA) pair. In each cell j, the standardized price change at date ¢ for UPC i is defined as
ziit = (Apjie — pj)/oj where p; and o; are the mean and standard deviation of price changes
in cell j and price changes equal to zero are disregarded.!®

With this definition in hand and the Symphony IRI data, we are able to document how
large price changes are distributed across firms’ ages. Equivalently, we can ask ourselves
the question of whether large price changes are more or less frequent as firms’ products
are longer in the market. Figure 3 shows the distribution of regular price changes larger
than two standard deviations for the first year and a half since the introduction of that
product in the market. The figure shows that, consistent with the empirical prediction of
firm experimentation, we observe a sizeable share of large price changes close to entry.!?

The share of large price changes is considerably larger during roughly the first 10 weeks.
About 25% of the price changes larger than two standard deviations occur during these weeks.
The distribution of large price changes is roughly uniform after that.?’

This has the important implication that idiosyncratic shocks from fat-tailed distributions
(e.g. Poisson shocks in Midrigan (2011)) cannot be used in menu cost models to account for
large price changes. Most of the time, it is assumed that these shocks arrive at a constant
rate.?! As a result, this means that the distribution of large price changes should be indepen-
dent of age. However, this contradicts our findings in figure 3. Most importantly, the absence
of fat-tailed shocks has drastic implications on the degree of non-neutrality in the class of
menu cost models. This is because the selection effect is stronger whenever the mass of firms
on the margin of adjusting is larger. However, this is exactly the case when the distribution

of idiosyncratic shocks hitting firms has lower kurtosis (see Alvarez and Lippi (2014)).

2.2.3 The Case for Active Learning and Price Experimentation

The nature of the IRI Symphony data allows us to perform another test that speaks strongly

in favor of learning and price experimentation by exploiting the variation in products’ entry

our data.

18The upper threshold equals 100xlog(10/3) which is about 120 percent log points.

Y Campbell and Eden (2005) show that extreme prices are relatively young (less than a month old) and
argue that grocers deliberately select extreme prices which they quickly abandon in order to experiment.

20Figure A.4.3 in the appendix shows that our results are not sensitive to the made standardization since
the fraction of non-standardized price changes larger than 30% shows the same pattern.

21This includes the family of Poisson shocks used in Midrigan (2011) and Karadi and Reiff (2012).

10



Figure 3: Fraction of Price Changes Larger than Two Standard Deviations

Density

0 20 40 60 80
Weeks Since Entry

The figure shows the fraction of price changes larger than 2 standard deviations from the mean in a given
category and city as a function of the age of the product. The products considered are those that last at
least two years in the market. Source: IRI Symphony dataset

time across space. We observe the introduction of a specific UPC by a retailer across different
locations (at the MSA level) and at different times. This allows us to test the hypothesis
of whether firms carry forward any information obtained during the first launch to any
subsequent launch of the same product at a different location. If information on consumer
demand is held at the retailer level and they are uncertain about some characteristics of
this demand curve, then we would expect retailers to experiment less frequently and less
aggressively after the first launch of their product.??

To do this, we first divide every UPC xstore pair into two different “waves”. A UPCxstore
pair belongs to the first wave if it was launched by a retailer before the completion of the
first year since the UPC was first introduced in the market. A UPCxstore pair belongs to
the second wave if it was introduced by the same retailer at least one year after the product
was first launched.

Figure 4 shows that products in the first wave have a higher frequency of adjustment at

entry than those in the second wave and shows the same patterns for the absolute size of

price changes. On average, at entry, the size of price changes is 7 percent larger than the

22Implicitly, we are also assuming that markets across space are not completely independent. This implies,
for example, that any information obtained on the local demand of some product in Chicago is at least
somewhat informative for another city such as New York.

11



mean for products in the first wave and only 4 percent larger for products in the second
wave. The size of absolute price changes then converges back to the mean of its respective
wave.? Importantly, these patterns occur for both price increases and decreases. These
figures suggests that retailers, after they launch a product, obtain relevant information about
the local demand they are facing. When they thus launch the product in the second wave,
motives for experimentation are reduced significantly which is exactly reflected in the lower

frequency of price adjustment and smaller absolute size of price changes.

Figure 4: Pricing Moments by Waves
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Note: Panel (a) shows the probability of adjusting prices and panel (b) shows the absolute size of prices changes by waves. Wave
1 represents products that were launched at some location during a period in the first year since the product was introduced
nationally. Wave 2 represents the same products when launched in different stores a year after its national entry. The graphs

shown control for stores, time and product fixed effects.

The remainder of this paper takes these empirical facts as given and assesses the extent
to which they can be generated by standard price-setting models. Given that these facts
strongly suggest that (active) learning is an important component in firms’ pricing behavior,
we aim to structurally interpret these facts through a price experimentation mechanism. In
the next section, we develop a quantitative menu cost model of a firm that faces demand

uncertainty and can obtain more information through its pricing decisions.

23In the appendix, we show that these findings also hold if we condition on the fact that waves should
occur across different cities.
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3 Quantitative Model

Our framework is a discrete time menu cost model in the tradition of Golosov and Lucas
(2007) in which firms face uncertainty on their demand curves. As a result, a firm forms
beliefs over its type which it can alter through price experimentation. Thus, a firm faces a
trade-off between maximizing its static profits and gaining more information about its type
when choosing its price. The price experimentation mechanism is based on Mirman et al.
(1993) and its implementation in general equilibrium is closely related to Bachmann and
Moscarini (2012) (BM henceforth). However, we deviate from BM’s framework by removing
the firm’s fixed costs of production. This eliminates the “gambling for resurrection” effect
which we do not observe in our micro-level data. Furthermore, the moments in the data
indicate that the frequency and absolute size of price changes converge to a fixed level over
time. This indicates that the incentives for price changes are mot solely driven by price
experimentation alone as is the case in BM.?* We deal with these empirical regularities by

adding a menu cost and firm-level idiosyncratic shocks.

3.1 Representative Household

There exists a continuum of differentiated goods consisting of perishable consumption units
or services. A good is indexed by a pair (j, k) where the first index j € J; U Jy denotes the
good’s wariety. Its type is denoted by k € [0, 1].

Goods come in two varieties or baskets: J; and Jy are the groups of specialties and
generics respectively. A group J; is characterized by its Lebesgue measure 7;. Varieties
within the first basket are hard to substitute with each other whereas generic varieties are
mutually substitutable with a relatively high elasticity of substitution. Each good is assumed
to be produced by a single monopolistically competitive producer.

There is a unity mass of identical, fully diversified individuals whose preferences for ag-

gregate consumption C' and work time H are specified by:

H1+§

log(C) R

Total available time is rescaled to unity, thus H represents the fraction of time spent on

working. Consumption C' is a Cobb-Douglas aggregate with shares  and 1 —7, i.e. we have:

c=crey"

24Karadi and Reiff (2012) argue that pricing models which solely feature informational or search frictions
for price rigidity are difficult to reconcile with moments of the distribution for price changes.
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The consumption subaggregates C and Cs in turn are CES aggregators of monopolistically

competitive produced varieties ¢;(k).?” By definition, we get:

(o4}

L g;—1 o;—1
C; = / ayci(k) o dk
keJ;

where 0y > 01 > 1.2° Recall that a good is identified through the index pair (j, k). We will
assume that j is time-invariant whereas consumer’s variety-specific preference shocks a4, are
drawn every period, independently over time and across goods. Draws are the same for all
consumers. Any consumer takes its consumption and labor decisions after observing its taste
shocks ay,.

The inverse Frisch elasticity of labor is denoted by & and y represents the relative disutility
of labor. Consumers elastically supply labor H on a competitive market at wage rate W.
Furthermore, it owns a fully diversified portfolio consisting of assets of all the firms in the
economy. Thus, it receives profits Il from firm ownership.

It is assumed that households have no savings device, thus we completely abstract from
the intertemporal problem.?” As a result, the consumer’s problem is static. We can break
the consumer problem into a sequential one with two stages. In the first stage, the consumer
picks the amount of expenditure allocated to subaggregates C; and its labor supply decision
H. Let us suppose there exist price indices P; such that P;C; + PoCy = S where S denotes
total spending. We will verify later what these indices exactly look like. Then, the problem
reduces to:

1+£ o o
S.t. PlCl + PQOQ =S. (l/)

1 nel=ny _
s, loe (C16y ™) =X
where v denotes the Lagrangrian multiplier corresponding to the budget constraint. Standard
Cobb-Douglas logic implies that a fraction 7 and 1—7 of total income will be spent on baskets
1 and 2 respectively. Thus, we get:

01:_—5 and 02:(1—_—77)5'

1 P2

ZNote that we deviate from BM’s notion of the consumption aggregate in which C7 =1/

/ 7 fol a,lc/ Uicj(k:)"'i_l/ %idkdj. Under this interpretation, a consumption basket consists of a continuum of
continuums. In our context of price experimentation, this is without loss of generality. Our results on firm
experimentation are unaffected as long as the consumer’s demand function is separable in a log-linear fashion.
26This explains our terminology for the basket groups J; and Jy. We assume that o; < o2, hence goods
within J; are harder to substitute. Furthermore, we assume that, within a variety, goods are spread out
equally. Formally, this is denoted by k ~ U|0, 1].
27 Alternatively, we could have assumed that consumers have completely restricted access to capital markets.
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The first order condition with respect to H immediately implies:
YHS = vW

Our Cobb-Douglas specification also tells us that the marginal utility of income is simply
the inverse of total spending, thus we must have v = S~!. By assumption, total spending is
simply the sum of labor income and profits due to firm ownership, i.e. S =WH +1I. As a

result, we obtain:
HE — K;
x WH+11
The implicit solution to the above equation defines the labor supply decision H*(W,II).
Whenever W, x and II are strictly positive, then H*(WW,II) is guaranteed to exist.

The previous derivation showed us that a fraction n and 1 —n of the consumer’s income S
is spent on each basket. Thus, the second stage problem immediately gives us the standard,

downward-sloping CES demand curve.

wn(5)

where n; = n and 1, = 1 — n with some abuse of notation. This result follows whenever we

define the aggregate price index P; as:

. 1/1-0;
P; = ( / akPi(k)l‘”"dk> :
kedJ;

Note that P; is independent of the actual realizations of the demand shocks. Since there is

a continuum of goods within each basket i, we can exploit a law of large numbers.?® This

o 1/1—0;
P = ( / Pi(k)l“”dk;)
keJ;

where our law of large numbers gives us that fol apdk 5 Eq(ax). Then, the previously

implies:

equality follows from the normalization E,(ax) = 1. Without loss of generality, we impose

the structure oy, = exp(F~!(k)) on the preference shocks which will prove to be useful later.

28In particular, we exploit the Glivenko-Cantelli theorem. We employ a similar argument as BM.
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As a result, we can write:

where the last equality follows from the fact that & is uniform on J; for each i € {1, 2}.

3.2 Firms

Firms are characterized by a pair (7, k) and produce in a monopolistically competitive fashion.
Every firm takes consumer demand as given, but does not know whether its variety is part of
the specialty or generics basket, i.e. it does not know whether 7 = 1 or j = 2. It also cannot
observe the realization of the taste shock oy even though it does observe the realized demand
quantity after setting its prices optimally. Intuitively, this is the root of the informational
problem: a firm does not know whether consumer demand is high due to setting low prices
and belonging to the elastic basket (i.e. 0; = 09 > 01) or whether taste shocks for its variety
are simply high. However, realized sales are observable and most importantly informative. As
a result, a firm can update its beliefs in a Bayesian fashion. The firms’ production technology
consists solely of labor and is linear. Lastly, we assume that a firm can exit due to exogenous

reasons. This is given by the death rate §.2°

3.2.1 Information Structure

In contrast to most state-dependent pricing models, firms in our framework set prices under
incomplete information. Any firm (j, k) with j € J; is unaware of the realization of «; and
0;. As a result, a firm might want to deviate from the static profit maximizing price and

experiment to learn more about the price elasticity of its corresponding basket. At any point

29The death rate faced by firms is due to force majeure reasons unrelated to profitability. A plethora of
frameworks work with this assumption at either the product- or firm-level (Bernard et al. (2007) and Melitz
(2003) respectively). Alternatively, we could have ignored the extensive margin at the product-level and used
informational Poisson shocks as in Baley and Blanco (2014). However, we refrain from this for mainly two
reasons. First, the IRI data speaks clearly on product-level entry and exit and its importance on pricing
moments. These characteristics of the pricing distribution is exactly what we are trying to capture. Second,
idiosyncratic shocks from fat-tailed distributions are known to have considerable real effects on monetary non-
neutrality (e.g. Midrigan (2011) and Karadi and Reiff (2012)). Our goal is to assess the effect of firm-level
price experimentation on the effectiveness of monetary policy. We believe our results are more transparent
without the interaction of fat-tailed shocks.
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in time, a firm can observe its amount of sales @Q;(k) after setting some price P;(k).*® For
any variety belonging to basket J;, we obtain:

Qi(k) = oy (P%k)) n;

Obviously, this demand specification is log-linearly separable. We obtain:

log (Q;(k)) = log(a) — ailog (“42) + log(miS) — log(P)

Let non-capitalized letters denote its logged counterpart, then we get:

qj(k) = —oipj(k) + s + (0; — 1)p; + log(n;) + log (o)
= —opj(k) + s+ i + <5

where we defined ¢, = log(ay,) and p; = (0; — 1)p; + log(n;). Note that this specification does
not result into a one-to-one mapping between quantities and prices. Whenever a firm sets a
price p;(k) = log(P;(k)), demand g;(k) can be high for three reasons: (1) the variety belongs
to a basket within which substitution is hard (and therefore market power is high), i.e.
0; = 01, (2) consumers have a strong preference for variety (j, k) due to a high realization
of e or (3) the variety to which j belongs to has only a few competitors (i.e. low ;) so
p; = log(P;) is high and the consumer spends much of her income on goods in basket i.%!
Our quantitative results depend on CES preferences which are used in most of the price-
setting models. However, our results on firm-level price experimentation do not rely on these
type of preferences alone. As long as the demand function is linearly separable after some

uniform transformation, then the results hold.*?

3ONote that we directly imposed goods market clearing at the variety level, i.e. Q,;(k) = ¢;(k) for any pair
(j, k). We will assume that a firm is contractually obliged to deliver the ex-post quantity of demanded goods
to the consumer. This will be made explicit in section 3.2.2. However, a firm sets its price ez-ante before the
realization of the demand shocks.
31To see this in the most transparent way, consider the following simplification. Imagine that a firm
knows its elasticity of substitution o; but does not know the realization of the taste shock aj and hence
oi W

takes expectations over it. As a result, the optimal set price is characterized by Pj*(k) = 7%, Then, we

immediately can deduce P; = (Jj’il %) %1/1_0"’ and p; = 1j6i log(7;) + log (gfjl %) Since o; > 1, it is clear
that p; is strictly decreasing in ;.

32 A subset of frameworks on price experimentation use the linear demand specification directly. Keller and
Rady (1999) demonstrate the potential power of a linear demand curve as they obtain analytical expressions
on a firm’s pricing policy function under incomplete information. However, it is unclear whether this form of
experimentation is reconcilable with the empirical facts found in section 2. Willems (2013) adopts a linear
demand curve in a setting that is akin to ours. However, his setup is unsuitable for the analysis of the
effectiveness of monetary policy as it is not closed in general equilibrium. Furthermore, firms engage in
active learning (i.e. experimentation) under the presence of good-specific habits as individual price volatility
is mainly rooted between the interaction of the active learning motive with the presence of these habits.
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3.2.2 Bayesian Updating

The pair that uniquely identifies a firm is not observed by the firm itself. As a result, its
pricing policy is independent of (j, k) and we can drop this indexing without loss of generality.
Our setup imposes the following timing on the firm’s pricing decisions and the consumer’s

realized demand shock for each period.

1. A firm decides on a price p = log(P) before the realization of the log-demand shock e.
2. The shock ¢y, is realized and the representative consumer decides how much to consume.

3. The firm is contractually obliged to supply exp(q) = exp(—o;p + s + p; + ).

Even though the firm can only observe ¢, the realized quantity sold or its sales are informative.
Given some prior belief A of being a ¢ = o type firm, it can update this prior to some
posterior \'. Let F; denote the distribution of € whenever the firm’s true type is o = o;, then

a simple application of Bayes’ rule gives us:

N =B\ p,q,s)
_ AF (g +owp— 1 — 8)
CAF{(g+o1p— = 8) + (1= N F5(q + 09p — pi2 — 5)
1—AFj(qg+op—pp—s)]""
A Fllg+owp— 1 — s)

= |1+

However, dynamic decision-making requires knowing the evolution of beliefs conditional on a
given state i, where true sales are ¢ = —o;p+ s+ u; +<. The firm rationally anticipates that a
price change will affect the informative quantity it will observe directly after. A price change
in the current period affects a firm’s future beliefs about being in basket 1 conditional on the
true state being . As a result, the firm’s motives are not solely rooted in the maximization of
its static profits as a firm’s pricing strategy can increase the value of its sales’ informativeness.

To illustrate our point as clearly as possible, suppose the true state is © = 1. This implies
that the “sales data” must be generated by ¢ = —o1p + s + p1 + € which is what the firm
does observe. A firm is uncertain about whether its product belongs to basket 1 or 2 though
and cannot observe the log demand shock €. Suppose tomorrow’s realized taste shock is ¢;

whenever a firm believes the state to be j.

Unfortunately, this generates price dynamics that are not consistent with our empirical observations.
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Then, for a prior A\, Bayesian updating gives us:

AF'(e)

AF(e) + (1= N F' (i — po + (02 — o1)p + €)

1_>‘F/(M1_M2+(02_01)p+€) - (3)
A F(e)

bl(A7p7 6) =

= |1+

The term F(e) is straightforward: whenever a firm beliefs to be in state 1 then it thinks that
o =0y and p = uy. As a result, the shock £; only needs to be equal to € to be consistent
with observed log sales q. The last probability term F'(pq — ps + (02 — 01)p + €) requires
some explanation. Whenever a firm beliefs that the state is 2 then it presumes ¢ = g5 and
i = po. However, it still observes ¢ which was generated through ¢ = —o1p + s+ p1 + ¢ (as
the true state equals 1). Thus, the shock €5 needs be such that it is consistent with the true

data generating process as conjectured by the firm. Thus, we require:

—Op+ S+ +erg=—opts+pte
=q

Rearranging for €5 from the first equality, we get €9 = py — s + (02 — o1)p + €. This occurs
with probability F'(e9) = F'(p1 — pe + (02 — 01)p + €) which explains expression (2). A
similar argument can be imposed whenever the true state is i = 2. The Bayesian updating

formula (for believing to be in basket 1) only changes slightly to:

bo(\, p, ) = AF' (g — pn + (01 — 02)p + €)
A (pg — pi + (01 —o2)p+¢) + (1 = N)F'(¢)
11—\ F'(¢) -
A F'(pe =+ (01— o2)p + 5)}

[+

The updating formulas (3) and (4) can be compressed into:

(5)

1= XF'(p; — o + (00 — Ui)p—i-e)}_l

bi )\, , &) = 14
-p.e) { A F'(ps =+ (01 — 03)p +¢€)

which is exactly equal to the posterior B evaluated at the true data generating process for

sales. Thus, we obtain:

bi()\7p7 8) = B(}\,]), —0Oip + S5+ [ + 578>‘
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3.2.3 Speed of Learning

The speed of learning or the sensitivity of any price change on a firm’s posterior belief is

completely captured by the blue term in expression (4):

F'(p; — po + (09 — 0y)p +€)
F'(p; — p1 + (01 —oy)p +¢€)

which is the likelihood ratio under the null of state ¢ being the true one. Recall p; = (o; —

1)p; + log(n;) by definition and suppose i = 1, then we can also write the likelihood ratio as:

Flpy —pa+ (02 —o)p+e)  F'({on =) —p) = (02 = 1)(P, —p) +¢)
F'(¢) F'(e)
_ P (01 = 1By — (02 = )Py + € [1 + #271p])
F'(e)

Intuitively, the price indices p; harbor information on a firm’s competitors as it reflects
the basket’s “average” price. Therefore, a deviation from these averages make sales more
informative as a firm gains additional informative signals on top of the information contained
in the aggregate prices. Note that we only care about the absolute price deviation |p;, — p|,
thus large deviations from the aggregate price indices, be it negative or positive, both provide
much information.

Lastly, note that the impact of prices on posteriors are larger (and hence, more incen-
tives for experimentation) whenever the signal-to-noise ratio (o9 — 01)/0. = Ao /0. is high.

Whenever ¢ = log(a) ~ N(m,c?), we can derive that:

S e O R

The above expression then clearly indicates that firms get more bang-for-buck whenever the

signal-to-noise ratio is high. We will choose a baseline specification for our quantitative
results in which m = 0 and o, is inferred from the data.
3.2.4 Production Technologies

Firms are ex-ante identical but can generate heterogeneous ex-post pricing paths as different
realizations of the log demand shocks induce differently updated posterior beliefs. All firms

have access to a linear production technology in which 1/z units of labor can be transformed
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into one unit of output, i.e. we have:
Yjn(l) =zt

As a result, its marginal costs of production are constant and equal to w/z. Thus, a firm’s

static profits equal:

(P = (P = %) Q(Pra)
= (P — %) g (%)_m %—S

3.2.5 Firm’s Dynamic Pricing Policies under Incomplete Information

A firm chooses a price to determine the trade-off between maximizing current profits and
obtaining more accurate information in the future about its elasticity of demand. Since a
firm cannot observe the realization of the demand shock «;, whenever it has to decide on its
pricing policy, it has to take expectations over ay. Due to our normalization E, (o) = 1, we

obtain a firm’s ez-interim expected profits:

I,(P) = E, [ﬁi(P; ozk)]

P\ " 1,8
-(-9(F) %

Any firm prices while taking aggregate prices, spending and the wage rate as given.** These

variables are determined in general equilibrium and summarized by the aggregate state w =
(P1, Py, W, S) € Q. Its Markov transition density will be denoted by 7 (w';w). This density
can be explicitly derived through the laws of motions for the aggregate price indices P;.
Every firm also carries a belief A about being a type 1 firm. Furthermore, it discounts at the
rate 8 € (0,1).%*

33Tn a world without a need for learning, i.e. the firms knows to which basket J; it belongs, the firm faces
a static problem every period and would ideally like to set its price to maximize its static profits given some
fixed productivity z. This leads to the standard CES mark-up over marginal costs that is observed in many
frameworks as P (z) = ﬁ % This is useful intuitively as price experimentation is bounded in this interval,
i.e. we should expect:

P 2) € [Py (2), P1(2)]

Recall that o7 < 02, thus firms belonging to basket 1 face less elastic demand schedules. As a result, they
have more market power and should set higher mark-ups. The degree of price variability that we observe in
the data can be used to calibrate the parameters o1 and o2 as these two parameters govern the bounds Py
and Py.

34The model implicitly assumes that any firm dies with some exogenous probability 6. It is assumed that
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Furthermore, the firm incurs a menu cost when it decides to change its price: when the
firm endogenously decides on a price P, # P, 1, it has to incur a menu cost of ¥ which is
denoted in terms of labor units. Lastly, we incorporate idiosyncratic productivity shocks
at the firm-level. We assume that the idiosyncratic productivity term z; follows an AR(1)

process:

log(z141) = plog(2¢) + 0¢Gr1 Where (1 ~ N(0,1)

Thus, our framework is a hybrid version of standard state-depending pricing models and
frameworks featuring price experimentation.

As a result, our framework differs from BM in two fundamental ways. First, our framework
features a menu cost rather than a fixed cost of production. This will deliver two features
consistent with our observations of section 2: (1) without a fixed cost of production, our
framework does not feature the “gambling for resurrection” effect as found in BM. We choose
to do this as we do not find any evidence for this effect in our data, (2) a menu cost will
match the empirical frequencies of price changes. This is not featured in the baseline case
of BM in which a firm will eventually learn its type over time but changes its prices every
period in reaction to even the slightest change in observed sales as it is costless to do so.

Second, the incentives for price changes at the later stages of a product’s life-cycle seem
to be better captured by idiosyncrasies. Without idiosyncratic shocks but with a menu
cost present, a firm would have no incentives to change its price as at the late stage of its
product’s life-cycle, most information about its type is already harvested due to earlier price
experimentation. As a result, the gains to obtaining additional information at this stage are
extremely small and never offset by a menu cost. However, we observe that the frequency
and absolute size of price changes at these stages are non-negligible. Thus, we capture these
price changes through standard state-contingent channels by incorporating idiosyncratic cost
shocks and allowing for positive inflation levels.

To allow for inflation, we assume that nominal spending S, = P,C, grows at a constant
rate m > 0:

log(Si41) = log(S:) + 7
We will focus on an equilibrium in which real variables stay constant. This implies that the

aggregate state satisfies w; = w* for some w* € 2 and the transition density collapses to a

mass point at w*. As a result, a firm’s dynamic programming problem is summarized by the

this exogenous death rate is already incorporated in the discount factor 5.
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following Bellman equation:

V(/\7 Z7p—1) = max {VA(/\J Z)? VN(/\7 Zap—l)}

where V() 2) = max (p - )[An 2oL +(1—A)(1_n)ﬁ1—2}%_¢%
+5/\/ /v (N og(£5),€) , 2/, TE2)dF (e)dG (%', )
L B(—N) ///V(bg(/\,log(p%ﬁ),e),z’,HLﬁ)dF(e)dG(z’,z)
VYO0 zpon) = (o1 = ) [+ (-0 - 3
+ B / / LM log(22), €) , L) dF (e)dG (<, 2)
+B(1— 1) /Z//GV(bg(/\,log(ﬁ—;),e), L) AF(e)dG (7, 2)

Recall that a firm does not observe the taste shocks for its specific variety and is not aware to
which basket its good belongs to. As a result, the optimally chosen price must be independent
of k and j. We will define the optimal pricing policy P*(), z) as the maximizer associated
with the value function V4(), 2).

In a menu cost model without experimentation, a price-setting firm would only consider
its static profits and its effect on the continuation value through the price level tomorrow
as changing its price is not costless.*® However, sales are observable and informative. Thus,
a firm can affect its posterior beliefs through its price. This is highlighted by the terms b,
and by in the firm’s continuation value. As a result, the policy function P*(, z) reflects the
optimal deviation from the myopic policy function which summarizes the balance between

sacrificing static profits and sharpening its posteriors beliefs.3¢

35This class of frameworks include standard price-setting models such as Barro (1972), Dixit (1991), Golosov
and Lucas (2007) and Alvarez and Lippi (2014) for example.

36Note that our framework is fundamentally different from most price-setting models with learning. In the
framework by Baley and Blanco (2014), a firm is faced with uncertainty about its productivity. As a result,
the problem can be described as a Kalman-Bucy filtering problem. Information however evolves exogenously:
in their baseline case, these flows are driven by Brownian motions and a Poisson shock. In contrast, our
model considers firms who can affect their set of information. As a result, the flow of information becomes
an endogenous object.
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3.3 Stationary Equilibrium
3.3.1 Aggregate Price Consistency

We assume that every firm starts out with the prior A\, thus firms are ex-ante homogeneous.
However, different realizations of the taste shocks ay, lead to ex-post heterogeneity of a firm’s
prior belief A in the cross-section. Furthermore, firm’s are ex-post heterogeneous due to
different realizations of the idiosyncratic shock in the cross-section. Note there is not only
dispersion in the beliefs A across the firm types but also within firms in each basket. This
dispersion in firms’ beliefs and their idiosyncratic productivity is captured by the cross-

sectional distribution ¢;(\, z) for firms of type i. We previously defined the aggregate price

1
_ 1—0;
P = (/ OékPi(k)l‘”dk)
keJ;

Recall however that the optimal pricing policy P*(], z) is independent from j and k. To

index as:

obtain price consistency in the aggregate, we thus require:

where we applied the normalization fol arpdk = 1 once again.

3.3.2 Labor Market Clearing

The market clearing condition for goods is explicitly incorporated in the firm’s problem, thus
the only remaining factor market to clear is the labor market. The limit £ — oo for the
Frisch elasticity and separable, additive utility in consumption and leisure imply that wages

are proportional to aggregate spending.?” This gives us:

W =wS

37See Golosov and Lucas (2007) who use the same specification for consumer preferences. In their setup,
this implies that wages are proportional to the stock of money. Thus, it grows at the same rate as inflation.
We have a similar proportionality rule as wages become proportional to total spending which grows at the
rate of inflation 7.
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Nominal total spending S equals PC and thus gives us an expression for the real wage rate:
W/P = wC

Given our linear production technology, labor demand is simply characterized by:
2

Hdzz/ k)
kedi <

i=1

Plugging in consumer demand (1), total nominal spending and aggregate price consistency

(5), we obtain:

i _ g [" <f% P\, =) dw,z)) - (f%[P*(M)]” dw(A,z))]

f [P*()‘7 Z)]l_al d¢1<A’ Z) f [P*(/\v z)]l_(m d(pg()\7 Z)

Imposing labor market clearing implies H* = H% = H.

3.3.3 Equilibrium

In the rest of our analysis, we will focus on a stationary equilibrium in which any dying firm
will be immediately replaced by a new firm. The latter will be assigned to be a type 1 firm
with probability Ag which will also serve as its prior upon entry. We simplify the analysis by

normalizing the measure of firms to 1 and organizing the industry composition as follows:
J1 =[0,7] and Jy = (7, 1].

Our restrictions on entry then imply v; = A\g which guarantees a balanced measure of in- and
out-flows at the product-level.*® Whenever nominal total spending grows deterministically
at a rate 7, then there is no aggregate uncertainty. Let W be the economy’s numéraire and

then we can define a stationary equilibrium.

Definition 1 (Stationary equilibrium) A stationary equilibrium is a tuple (W, Py, Py, S)
and a pair of invariant distributions (p1(A, 2), @2(\, 2)) such that real variables are constant.
This entails that:

I. Consumers mazimize utility by consuming varieties c;(k), k € J;, i € {1,2}.

II. Firms engage in optimal pricing strategies and adopt P*(\, z) when adjusting prices.

1I1. Factor markets clear.
38This is equivalent to the balance-of-flows restriction in BM whenever there is no endogenous exit.
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IV. Prices are consistently aggregated.

V. Firms die at the rate 6 and enter the economy as a type 1 firm with probability \g.

In the appendix, we describe the numerical algorithm to solve this framework computation-

ally.

3.4 Characterization of Price Experimentation

To display the price experimentation mechanics as clearly as possible, we will temporarily
strip down the model to its most basic version in which menu costs and idiosyncratic cost
shocks are discarded and there are only two periods. The monopolist does not know the

elasticity of demand is facing but knows that there are two possibilities o1 and o».

TwoO PERIOD SETUP. In the second period, the firm only cares about maximizing myopic
profits. Thus:

N W , p VY AR
‘/2()‘)_%16%3({( — Z> (Anﬁl_m +(1-\)(1 77)?1_02> p}

1 2
= max M(p; \')

peEP

In the first period, the firm must balance between obtaining higher myopic profits and sharp-

ening its posterior beliefs for the next period.

Viho) = M(pi Ao) + 8 {Ao [ Va0 O o) N FE) + (1 2a) [ Vot o), e))dF(sﬂ }

3 3

= max {M(p; \o) + V(p; \o)}

peP

There is no closed form expression for the optimal myopic policy function PM();2) under

iso-elastic preferences. Hence, we will implicitly define this myopic price as:

PM()\) = arg max {AnHl(P) +(1—n)(1 - )\)HQ(P)}

P>0

Nonetheless, it is straightforward to show that, for a given level of z, PM()) is monotonically
increasing in A and can be written as a linear combination of the complete information

optimal prices P (z) and Pj(z). This is formalized in the proposition below.

PROPOSITION 1.  The myopic policy function PM()) is strictly increasing and C in .
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Proof. See Appendix A2.2.1. O

The policy PM()\) would be the optimal pricing function whenever the firm would be unable
to affect its posterior beliefs. A firm is said to price experiment at the belief X if it deviates
from the myopic price PM()).3 This deviation then exactly reflects the firm’s incentive to

gain information at the expense of its current period profits.

Convezity of the value of information. As noted before, a firm chooses its price optimally
to gain information about its type at the expense of its current profits. As a result, it is
obvious that a firm will price experiment if and only if information is valuable. A relatively
large literature has established that this is formally captured by a continuation value that is

convex in a firm’s beliefs.*’ The following lemma establishes this feature.

LEMMA 1. The value function V5()) is convex and C? in \.
Proof. See Appendix Al.1. O

The result is shown explicitly for the two period setup. However, it is easily generalizable
to the infinite period framework. Even though the convexity of V2()) is a fairly trivial point
to show, we discuss it for two reasons. First, to establish sufficient conditions for experi-
mentation, we follow Mirman et al. (1993). In their proposition 1, the convexitity of V5(-) is
mentioned as one of their two sufficient conditions. Informally, the second condition states
that adjustments in prices must be capable of increasing the informativeness of a firm’s sales.

This will be shown in the proof of proposition 2 and discussed more extensively below.

Incentives to experiment. Recall that a firm does not know its type, but is aware of the
fact that its type either has to be ¢ = 01 or ¢ = 03. As a result, a firm sets its price to
identify its elasticity of substitution by “separating” these two possible demand curves as
much as possible. This implies that the price at which the demand curves cross results in
sales that are completely uninformative. It is straightforward to deduce that the expected
demand curves cross if and only if p = exp (%). Let this intersecting price be defined as the
confounding price P. If the firm decides to choose its experimentation policy P*(\) to be
equal to ]3, then we expect that there are no benefits of experimentation in this case. As a
result, a firm’s experimentation policy should coincide with its myopic policy function. This

intuition is formalized in proposition 2.

39A similar definition can be found in Keller and Rady (1999).
40For example, this argument can be found in Aghion et al. (1991).

27



PROPOSITION 2.  Let P = ﬁ—g € (P, Py), then there exists a confounding belief X such
that:

P*(\) = PM(\) = P.

Furthermore, the confounding belief \ s unique up to A € {0,1} and strictly increasing

(decreasing) in Ap (Ao).
Proof. See Appendix A.2.2. O

Bounded price experimentation. A firm would set the standard CES mark up over its marginal

cost under perfect information, i.e. P = Jjjlg for i = 1,2. As a result, it could be
conjectured that a firm sets some price p € [P5, Pf] under its experimentation regime. At
the same time however, prices that are larger in absolute value are more informative as this
induces a larger change in the firm’s posterior beliefs.*! Thus, it is ex-ante unclear whether
the firm’s pricing space should be bounded. We will deal with this problem by imposing
parameter restrictions such that the pricing space under experimentation is bounded. In
particular, proposition 3 will provide a sufficient condition such that P = [Py, Pf]. The

following lemma is used to prove this result.

LEMMA 2.  The marginal expected change in a firm’s posterior belief is bounded in absolute

value, i.e.

|:8bz<)\0, 10g(p), 5)

dlog(p) ‘ €€ f] ‘ < % (/gef log(p)Ac — Ap+ ade(g))

£

where the sign of log(p)Ac — Ap + € is constant for all e € F C R.
Proof. See Appendix A.1.2. O

Intuitively, the lemma states that the expected change in a firm’s posterior beliefs, given some
finite price p, can be bounded. Lemma 2 is mainly technical in nature, but will nevertheless

be extremely useful for the proof of proposition 3 which is stated below.

4IStrictly speaking, a firm’s demand function can be rewritten such that a firm’s pricing experimentation
is interpreted as the pure control of variance of its observation process. In other words, larger price changes
translate in more informative sales signals through the reduction of the noise caused by the demand shocks.
This interpretation of experimentation is also adopted by Moscarini and Smith (2001).
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PROPOSITION 3.  Let 3£ € [P;, Py], then:

— * 2p(0
Lmin = ]'Og(PZ )AU - A/"L - lo;(olg*))AofAu < 0’
1—@(—27>

Oe

_ log(Pl*)Aopr,

Oe

Tmax = 10g(Py)Ac — Ap + 22(0) > 0.
o )

Then, the firm’s experimentation policy has an interior solution, i.e. P*(\g) € (Py, P;) for
all Ao € (0,1) whenever V(1) <V with:

Fo 8 [l (PE) (1=n)(1 = o) (-TI(PY)) 0
N ﬁAO_ —Zmin 7 Lmax .
Proof. See Appendix A.2.3. ([l

A firm’s posterior beliefs are more affected by large prices. Proposition 3 establishes how-
ever that a firm’s experimentation policy is bounded from below and above by the perfect
information extremes. The stated condition in the proposition above basically implies that
the net marginal benefits are strictly positive at p = Py and vice versa for p = P/ and a
natural way to satisfy it is for either IT}(Py) or —II5(P}) to be sufficiently large. This oc-
curs whenever the static profit functions II;(p) for ¢ = 1,2 possess sufficient curvature. The
result in proposition 3 is then intuitive: whenever the curvature of a firm’s profit function is
sufficiently high, deviations from the myopic price become more costly. This is equivalent to
saying that the opportunity costs from experimentation become higher. As a result, a firm

will never experiment in a way that is “too extreme”.

Numerical example. Figure 5 plots the firm’s static profits M (p; o), the continuation value
V(p; \o), and the total payoff M(p; \o) + V(p; \o) as a function of price.*? The dotted lines
at the extremes of the figure depict the optimal prices Py and Pj. Given that M(p;\g) is
a weighted sum of strictly concave functions in p, it is strictly concave and is maximized at
PM()). The concavity of M(p; Ag) illustrate the costs of experimentation as prices far from
PM()\) represent profit losses in the first period.

The gains from experimentation are represented by the continuation value V(p; Ag) which
is convex and its minimum is at the confounding price; the price at which a firms sales are

rendered as completely uninformative.*® In this case, small deviations from the confounding

“2For simplicity, in this example Ao = Y
43The convexity of V(p; \g) reflects back to the second sufficient condition in Mirman et al. (1993) which
states that adjustments in prices must be capable of generating additional information by making a firm’s
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Figure 5: Numerical Example of the Two Period Model
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Note: Static profits M (p; Ag), continuation value V(p; A\o) and total payoff M (p; X\o)+V(p; Ao) at Ao = X. The dotted purple lines

represent the optimal prices P and PF. PM()\g) represents the myopic policy and P*(\g) the policy under experimentation.
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price lead to large gains. This is, the benefits from experimentation are strongly related to
the convexity of V(p; Ag). For example, prior beliefs closer to 0 and 1 lead to less convex
continuation values. This is intuitive as the marginal benefit of information decreases for firms
that are more certain about their type and, as a result, the benefits from experimentation are
reduced. The convexity of V(p; Ag) is also affected by the signal-to-noise ratio. For extremely
large values of o, for instance, the optimal policy converges to the myopic policy. The
convexity of V(p; Ag) will be the most important determinant of the different experimentation
regimes that we discuss below.

Lastly, in this example, the sum of a strictly concave and convex function results in a
function that is double-peaked and whose local maximum is at P*()\g). The figure shows that
the global maximum lies in the interior of P = [P;, P;] which is what is shown in proposition

3. The degree of experimentation is captured by the difference between P*(\g) and P (o).

FExperimentation regimes. The gains from experimentation and strongly related to the con-
vexity of V(p; Ag). This, in turn, is determined by the prior belief, the signal-to-noise ratio,
and the discount factor. The prior belief determines how certain the firm is about its type.
The gains from experimentation are reduced as the firm has more certainty about the elas-

ticity of demand it is facing. The signal-to-noise ratio summarizes the sensitivity of the

sales signal more informative.
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posterior beliefs to price deviations relative to the crossing point. Firms that face extremely
large levels of noise will not find profitable to experiment. And, lastly, the discount factor
indicates who much the firm values the future and, as a result, who much it values infor-
mation. The convexity of V(p; \g) determines the shape of the total payoff function. In our
previous numerical example, the total payoff function was double-peaked because V(p; o)
had enough convexity but this might not always be the case.

The shape of the total payoff determines the experimentation regime.** In our setup,
there are two qualitatively different regimes determined by the shape of V(p; A\g): extreme
and moderate experimentation. Under the extreme experimentation regime, the total payoff
function is double-peaked. As a result, the firm never chooses to price at the confounding
price and P*(\) displays a discontinuity at A = . Intuitively, since the value of information
is minimized at the confounding belief X, the firm has most incentives to change its price at
this specific belief and deviates in a discontinuous fashion. Under moderate experimentation,
the total payoff function is single-peaked and the policy function P*(-) is continuous between
Py and P;.%°

Figure 6: Experimentation Regimes

0 0. 02 03 04 05 06 07 08 08 1 0 01 02 03 04 05 06 07 08 09 1
Belief Belief

(a) Extreme Experimentation. (b) Moderate Experimentation.
Note: Panel (a) shows the extreme experimentation regime and panel (b) the moderate. The gray line depicts the myopic policy
and the purple lines the policy under experimentation. The dotted lines at the top and bottom of the panels indicate the optimal

prices P;" and Pj. The price at which the myopic policy and the experimentation policy cross is the confounding price.

Figure 6 depicts the two experimentation regimes. The thin gray line shows the myopic
policy function PM(\) which is monotonically increasing in A\ whereas the purple line is the
policy function P*(\) under experimentation. Consistent with proposition 3, we observe that
PM()) and P*(\) are bounded from below and above by P; and P; respectively. Under ex-

4The terminology is borrowed from Keller and Rady (1999) who show that different experimentation
regimes could arise in a problem of a seller choosing quantities subject to a randomly changing state
45This will be formalized in a future version of this draft.
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treme experimentation, the policy function shows a discontinuity at the confounding belief.
The firm experiments mostly near \ as it tries to keep the informativeness of its observed
sales as high as possible. Obviously, it can only do this to a limited extend as otherwise the
firm would lose too many static profits. Under the moderate experimentation regime, the
myopic and the experimentation policies coincide at the confounding price P as predicted
by proposition 2. Once the firm updates its posterior closer to the boundaries (i.e. A =0
or A\ = 1), the incentives for experimentation decline again as the firm’s information set
converges to the complete information case. In this case, the myopic and experimentation
policies coincide at A € {0,1}. Hence, the firm would never pay the opportunity costs (i.e.

give up static profits) through experimentation whenever beliefs reach either 0 or 1.1

46BM argue that price experimentation imparts an upward bias in prices though. According to them, a
high price has the benefit of reducing physical sales and hence production costs. This principle goes beyond
iso-elastic preferences. However, we conjecture that this is not always the case. More importantly, this
intuition is extremely sensitive to the underlying calibration. This is illustrated in figure 77 and ?? below
for example.
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4 Quantifying Monetary Non-neutrality with Price Ex-

perimentation

4.1 Calibration and Results

The IRI Symphony data is measured at the weekly level, so we set the model period to be
one week. As a result, the discount factor is set at 8 = 0.96'/°2 which reflects an interest
rate of around 3.8% and incorporates the exogenous exit rate of 0.4% which is directly taken
from the IRI Symphony data at the UPC-store level.

The mean yearly growth rates of nominal and real GDP equal g, = 0.04 and g, = 0.02
respectively. Since there is no long-run real growth in the model economy, we set 7 =
(gn — 9,)'/°2 = 0.00038 as the weekly rate of inflation. Furthermore, standard deviation
of the taste shock o. equals 0.4 which matches the standard deviation of sold quantities
conditional on no price change in the IRI Symphony.*” Lastly, the disutility of labor is
chosen so that aggregate employment is approximately % as we normalized the amount of
time available to the consumer to unity.

The remaining parameters are calibrated to match various micro data moments. There
are seven remaining parameters: two elasticities of substitution (o and o3), prior belief upon
entry Ag, basket division of income 7, fixed menu cost @ and the persistence and standard
deviation of idiosyncratic productivity p and o.. These parameters are calibrated jointly
and are selected to hit eight moments from the data: the average frequency of adjustment,
average size of increases, average size of decreases, the fraction of price changes that are
increases, the frequency of adjustment on the second and tenth week since entry and the

absolute size of price changes during the second and tenth week since entry.

Table I: Internally Calibrated Values of the Model’s Parameters

Description Parameter | Value

Elasticity of Substitution 1 o1 4.7
Elasticity of Substitution 2 09 13.4
Prior Belief at Entry Ao 0.75
Basket Division of Income i 0.36
Fixed Cost Y 0.02
Productivity Persistence p 0.56
Productivity Standard Deviation o 0.05

As is standard in the class menu cost models, the fixed cost of adjustment v will partially

governs the average frequency and size of adjustments. The extent to which price experimen-

4TQOur findings are consistent with the value of 42 percent which is reported in Eichenbaum et al. (2008).
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tation is more present at the beginning of a product’s life-cycle is determined by the amount
of information a firm has at entry summarized by the signal-to-noise ratio (0o — 01)/0. and
the prior belief upon entry A\g which represents the fraction of firms facing elasticity of substi-
tution o;. We assume this parameter to be equal across all entering firms. As the incentives
to experiment decrease, price changes are mainly driven driven by idiosyncratic cost shocks.*®
Thus, the parameters p and o, will have a relatively large impact on the pricing moments at

the later stage of the product life-cycle.

Table II: Moments of Price Change Distribution

Moment Data Model with Learning
Frequency 0.05 0.05
Fraction Up 0.66 0.57
Size Up 0.09 0.09
Size Down 0.07 0.11
Frequency Week 2 0.09 0.09
Frequency Week 10 0.06 0.05
Absolute Size Week 2 0.17 0.17
Absolute Size Week 10 0.11 0.10

Moments Not Targeted

Std. of Price Changes 0.11 0.10
75th Pct Size Price Changes | 0.10 0.11
90th Pct Size Price Changes | 0.18 0.13

Table I shows the model’s best parameters in terms of fitting moments and table II
displays the resulting moments from the framework compared to the data. The productiv-
ity parameters are in line with previous estimates in the menu cost literature. The model
matches the frequency of adjustment and fraction of increasing price changes quite precisely.
The specification for the menu cost v implies that the total adjustment costs in the econ-
omy represent approximately 0.7% of steady-state weekly revenues. The cost conditional on
adjustment is around 1.4% which is in line with the estimates in Zbaracki et al. (2004). The
value of o7 is in the range of values typically used in the menu cost literature. The model
requires somewhat larger oy to induce enough experimentation. Nonetheless, o5 is well within
the estimates of Broda and Weinstein (2010) who compute elasticities of substitution for a
variety of products using data similar to ours.

The model also does a good job of replicating the life-cycle patterns of the frequency of
price adjustment and the absolute size of adjustment qualitatively. Figure 7 shows that in

our simulations entering products are more likely to adjust prices and they do so by larger

48This is seen most clearly from the Barro-Dixit-Stiglitz pricing formula in which the range of inaction is
5\ 1/4
UCw)

characterized by some interval [—p, p|] where p = (6 S
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amounts. This is driven by 1) the size of the signal-to-noise ratio and 2) the overall level of
the elasticities of substitution since firms with lower market power (i.e. high elasticities of
substitution) have higher incentives to get their prices “right” as the opportunity costs of

experimentation (i.e. sacrificing static profits) are higher.

Figure 7: Model vs Data
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Note: The figure shows the results of the model and compares them with the data. We simulate a panel of 1000 firms over 1000
periods and compute both the predicted frequency of price adjustment and the absolute size of price changes over the life-cycle
of a product. The results of the frequency of price changes are shown in panel (a) and those of the absolute size of price changes

are shown in panel (b).

The incentives to experiment also affect the size distribution of price changes by gener-
ating large price changes endogenously. Our calibration matches the standard deviation of
price changes and price changes in the 75th percentile in absolute value without explicitly
targeting them. However, the model under-predicts the prevalence of price changes in the
90th percentile of the size-distribution. Furthermore, the resulting hazard of price changes in
our economy is downward sloping with a hump at short durations. This is not obvious at first
glance and it is the result of two opposing forces. As a result of price experimentation, the
probability of consecutive price changes is larger at entry. As demand uncertainty declines
also does the probability of price adjustment, generating a decreasing hazard rate. This force
is proportional to the number of firms in the economy conducting price experimentation. On
the other hand, the presence of a menu costs make firms less likely to adjust after they reset

their prices, generating an upward sloping hazard rate.

4.2 Implications

Price experimentation has important implications for the transmission of nominal shocks to

the real economy. We perform a counterfactual experiment in which log nominal output
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increases permanently by a size that is comparable to a one week doubling of the nominal
output growth rate. We observe that about 70% of the nominal shock goes into output on
impact. A baseline menu cost model with full information in the spirit of Golosov and Lucas
(2007) features a value of around 60%, i.e. only around 60% of the nominal shock goes into
real output on impact in a model without experimentation.*’

To provide intuition for this result, we follow Caballero and Engel (2007) and decompose

the price response on impact in the class of Ss models into intensive and extensive margins.

Let z4(\) = log (p;’(t/\)> be the difference between a firm’s current price and its desired price,
i.e. the price it will choose as a function of its beliefs conditional on adjusting. x;()) is also
known as the price gap. Let the economy-wide distribution of price gaps be given by f(x,\)
and assume that firms have an adjustment probability that is increasing in their price gap

A(z,2).°Y This implies that inflation will be given by:

T = /x()\)/l(x,)\)f(.r,)\)dxd)\

If there is some unexpected, positive shock AS > 0 to firms’ desired prices, inflation will be

characterized by:
T(AS) = /(:17()\) + AS)A(z + AS, N) f(z, \)dzdA

Taking a first-order Taylor approximation of 7(AS) around AS = 0, rearranging and taking
the limit as AS — 0 gives that the price response on impact equals:

. AT
Jim 2= / A, \) (2, N dad ) + / 2N A(2, N f (1, N dd (8)
= in?tglsive = ex:ernsive

This price response on impact is the sum of two components. First, the intensive margin
gives the inflation contribution of firms’ products whose prices would have adjusted without
the aggregate shock. These firms adjust to the aggregate shock by changing the size of their
adjustment. Equation 8 shows that this margin equals the frequency of adjustment. Second,

the extensive margin captures the strength of the selection effect and gives the additional

49The full information model in this case also features two types of firms (those facing o; and those facing
02) but they do not have uncertainty about their type. This model is calibrated to match the same moments
as the model with learning and features the same fraction of firms of each type.

50To simplify the math, we assume here that a positive shock AS does not affect the firm’s belief. However,
our results reported below do take this effect in consideration as we calculate the extensive and intensive
margins numerically.
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inflation contribution of firms whose decision to adjust is either triggered or canceled by
the aggregate shock. The extensive margin becomes naturally more relevant as the number
of firms on or near the margin of adjustment increases. This is reflected by a relatively
large value for A,(z, A). Furthermore, it is more important whenever the difference between
adjusting and not adjusting is large which is equivalent to a large, absolute price gap |z(A)].

In the Golosov-Lucas model, the ratio of the extensive to the intensive margin is between
4 and 5.°!. On the other hand, since the experimentation motive changes the distribution of
desired price changes, there is a lower mass of firms at the original bounds of inaction. Under
price experimentation, the fraction of firms at the original bounds is smaller. As a result,
the extensive margin becomes less important. This is reflected in our numerical simulations

as the ratio of extensive to intensive margin is approximately 3.

Figure 8: Distribution of Desired Price Changes
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(a) Golosov-Lucas (b) Experimentation
Note: The figure plots steady state desired price change distributions of the Golosov-Lucas model and a model with experimen-

tation. The shaded areas show the price change distribution in response to an aggregate shock.

The intuition of the impact of price experimentation is captured in figure 8. The aggregate
shock decreases each firm’s desired price change and moves the distribution to the left relative
to the inaction band. As shown in the figure, the fraction of firms adjusting prices in response
to the shock in our setup is a lot smaller than in the Golosov-Lucas model. Therefore, despite
the fact that the contribution of the intensive margin is equal in both models, the extensive
margin decreases under a setup with price experimentation. This result is not obvious at
first glance and is the result of two opposing forces. On the one hand, price experimentation
leads to larger desired price gaps |z(\)| which increases the extensive margin. On the other
hand, the desire to experiment with prices pushes firms away from the margin of adjustment

(which is equivalent to a lower A,(x,\)) and hence decreases the extensive margin. In our

5Tn the Calvo model, the extensive margin is zero as there is no selection effect at all in this case.
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calibration, we find that the latter effect is stronger.

In addition to these differences on impact, the half-life of the real response almost doubles
with respect to that of the Golosov-Lucas model. This is because, by introducing the notion
of a product’s life-cycle, we introduced cross-sectional heterogeneity in the frequency of price
adjustment across firms of different ages. Experimenting firms have vastly higher frequencies
of price change. Thus, these firms will adjust their price most likely several times before
firms with sharper beliefs have adjusted their price even once. However, as pointed out by
Nakamura and Steinsson (2008b), all price changes after the first one for the experimenting
firms do not affect output on average because these firms have already adjusted to the shock.
Given that the model is calibrated to match the average frequency of price changes, the fact
that firms who are certain about their type have on average lower frequency of adjustment

significantly delays the adjustment of the aggregate price level after a nominal shock."?

Figure 9: Real Output Response to Nominal Shock
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Note: The figure shows the response of log real output to a 0.00038 increase in the nominal output growth rate. The output
response is shown in the graph as a percent of the nominal shock. The red line depicts the output response in Golosov and
Lucas (2007) with two different types of firms (i.e. o1 and sigmasz) and the blue line the response in a price-setting model with
price experimentation. Both models are calibrated to match the same moments and feature the same fraction of firms of each

type.

As a result, the cumulative effects on real output are larger under demand uncertainty as

52This can be illustrated in a simple Calvo model. In that framework, the degree of monetary-non-neutrality
is convex in the frequency of price changes. If, for example, the overall frequency of price adjustment in the
economy is a convex function of the frequency of price changes of firms experimenting and those certain
about the elasticity they face, heterogeneity in the cross-sectional distribution of firms will amplify monetary
non-neutrality.
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shown in Figure 9. The cumulative increase in log real output to log nominal output shock
of size 0.000381 is approximately 0.002 so that real output is increased by 516% relative to
the size of the nominal shock. This implies that the cumulative output impulse response

increases approximately 40% larger than in the model with full information.

5 Conclusion

In this paper, we documented two novel facts on pricing moments over the life-cycle of
U.S. products and provided a structural interpretation for it through a price experimenta-
tion mechanism. We find that entering products are not only subject to significantly higher
frequencies of price changes (two times higher) but also experience substantially larger ad-
justments (50 percent larger) relative to the average.

To account for these novel set of facts, we use a menu cost model with price experimenta-
tion. We develop the conditions for experimentation and describe the different regimes that
could arise in our context. This approach has two additional benefits. First, the framework
is able to replicate the stylized facts over the life-cycle of products and it generates large
price changes as consistent in the data without the use of fat-tailed shocks. To the best of
our knowledge, our framework is the first to explain all of these facts simultaneously.

Our calibrated framework, which can be interpreted as a hybrid between standard menu
cost models a la Golosov and Lucas (2007) and price experimentation in the tradition of
Mirman et al. (1993) and Bachmann and Moscarini (2012), has important implications for
monetary non-neutrality. Relative to the Golosov-Lucas benchmark, we show that the direct
impact of a nominal money shock is higher. Furthermore, the real effects of nominal shocks
become more persistent as the half-life response is increased by roughly one-fifth and the
cumulative output effect are 40% larger.

While we made significant progress on the quantitative implications of price experimen-
tation in a menu cost model, there are still many areas worthwhile to pursue. In particular,
there is progress to be made on analytically characterizing the conditions that led to the dif-
ferent experimentation regimes. Furthermore, we believe that a sharper characterization on
the decomposition of the price response on impact between intensive and extensive margins is
possible. While we have characterized this decomposition quantitatively, theoretical results
could greatly increase our understanding of the impact of uncertainty on the effectiveness of
monetary policy.

Lastly, it would be interesting to explore the robustness of our results to the type of
experimentation. We have chosen a fairly parsimonious approach to price experimentation.

However, the implications of uncertainty and experimentation through optimal filtering and

39



control problems are also worthwhile to analyze.
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A Appendix

A.1 Proof of Lemmas
A.1.1 Proof of Lemma 1

Proof. Recall that the value function V2(\) is given by:

V() =r;€a7;<{<p— ) (x\npgl F-A —n)lf:;) Ji}

1 2

The function f(A,p) = (p — ¥) <)\77 L=+ (1 -N(1 - )P;:Q> 5 is continuous in (), p) € [0, 1]x
P. The set P = [Py, P{] is furthermore compact. Then, the Theorem of the Maximum implies that

Va(+) is continuous on [0, 1].

Convexity in A follows almost directly. Fix an arbitrary « € [0,1] and A, X € [0, 1]. Let the convex
combination A be defined as o\ + (1 — @)X and define the myopic policy function:

W P 2\ §
PM()\) = arg max ( — ) )\7771 —— + (1 — )\)(1 — 77)217_02 =
pEP z P PQ P

1

Then, we get:
~ - W PM 5\ —0o1 PM X —o9 S
v = (P0y - ) (z\npg?,l =21 - n)IDEL) 5
(P Y (e PO PYA S
+ (1 )<P (A) z)(An P +(1=XN)1-n) i )P

< alh(N) + (1 - a)la(X)

Therefore, we showed Va(aX+ (1 —a)XN) < aVa(X\)+ (1 —a)Va()\) which is equivalent to Va(-) being

convex. O

A.1.2 Proof of Lemma 2

Proof. Let x = log(P)Ac — Ap and ¢ is contained in some set F C R. By construction of the
ex-post belief function b;(\, log(P),e), we obtain:

exp <M> Ac(z+¢e)(1— Xo)Xo

202

ceF (exp( ) (1 — Xo)oe + exp ((z+s) )Ao E>2

dF(e)

|:8bi(/\0, log(P), 5)
© dlog(P)

56]-"”2
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_ Ao / )
02 | Jeer \ exp (%) (1 —=Xg) +exp (%) Ao
exp (52 ) (1- o) .
exp (%) (1 — Xo) + exp (%) o (z +€)dF(e)

<22 ([ le+elar)
€ eEF

where the last inequality follows as the bracketed terms in the second equality are bounded in [0, 1]
and the sign of x 4+ ¢ remains constant on the set F by assumption. This is exactly what we wanted
to show. g

A.2 Proof of Propositions
A.2.1 Proof of Proposition 1

Proof. The Theorem of the Mazimum implies that PM()) is a non-empty, compact-valued and
upper hemi-continuous correspondence. However, the objective function is a weighted average of
strictly concave functions, thus it is strictly concave itself. As a result, PM ()\) must be single-valued.
This implies that P ()\) is not only upper hemi-continuous but continuous.

Appendix A.1 of Bachmann and Moscarini (2012) implies that % > 0 if and only if PM(\) >
PM(0) = Ps for A\ > 0. By construction, this holds for A = 1 as P} > Pj as 09 > 0. Thus, the
inequality must hold as well for large enough A through continuity of PM(.).

Suppose by way of contradiction that for some A > 0, we have that PM()\) = PM(0) instead.
Then for some small A > 0, we must either have PM (X — A) > PM(0), PM(X — A) = PM(0) or
PM(N—A) < PM(0). The first case implies that % < 0 which contradicts the equivalence from
Bachmann and Moscarini (2012). The second case states that PM (X — A) = PM(0) over an open
interval of small strictly positive values of A. However, this cannot be true as the expected profit
function is strictly concave. Whenever PM (X — A) < PM(0), then we must have dpgi()‘) | ey <0
for all £ € (0,)). This implies however that for all £ € (0,)) we have PM(¢) < PM(0) but we

assumed that 1/\1&1 PM(X\) = PM()). Therefore, PM()\) must display a discontinuity at A = 0. This

is the desired contradiction as we showed that P (.) is continuous. Thus, PM()\) > PM(0) must
hold for all \ > 0 and dpgi(/\) > 0 follows. O

A.2.2 Proof of Proposition 2

Proof. Note that this proposition holds for the infinite period model as well. Suppose it is optimal
for the firm to choose P*(A) = P € int(P) for some A € (0,1). We will show now that a firm’s
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continuation value is equal to zero whenever it chooses its price equal to be P. Given some price P

and prior belief )\, a firm’s continuation value is defined as:

BY(P;Xo) = 5()\01515 [V (b1(Ao,log(P),€))] + (1 — Xo)Ee [V (b2(Xo,log(P), €))] >

Recall that a firm faces a trade-off between maximizing current period expected profits and the
value of information (through sharpening its posterior belief). The latter is captured by V(P; Ag).

As a result, a firm’s marginal benefits are defined as:

MoE: [V/(blo\o,10g(P),6))(%1()\0’1%(13)75) 1]

dlog(P) P
HL= M)E. |V (a0, og(P), ) P2 200D

It is straightforward to show that a firm’s posterior belief at the confounding price P equals its

prior, i.e. we have:

for all € € R. Also, the expected change in a firm’s posterior belief at P = P is exactly equal to

Z€ro as:

8()1()\0, 1Og(P)> 5)

B Olog(P)

] = E. [iga — X0)Ao(—1)1=2e

for i € {1,2} as E.[¢] = 0. Therefore, a firm’s expected marginal benefit at P = P reduces to:

] - O
P=P

If it is optimal for a firm to choose P* (X) — P, then it must be equal to PM (X) as there are no

gains from experimentation. Recall that PM(0) = Py, PM(1) = Py and PM(.) is strictly increasing

abl()\(]v IOg(P), 6)

0ba (Ao, log(P),€)
dlog(P) =207

V()P 'E.
pop Olog(P)

Ao

and continuous by proposition 1. Therefore, the confounding price PePis guaranteed to exist.
Furthermore, proposition 1 and the Intermediate Value Theorem imply that there must exist some
X such that PM(\) = P.
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By construction, we have P= %. Proposition 1 implies that PM(.) is strictly increasing. As a

result, it is straightforward to derive that the confounding belief is strictly increasing (decreasing)
in Ap (Ac) as we must have PM(\) = %. O

A.2.3 Proof of Proposition 3

Proof. We will show the case for A\g = % in which 8b1(gﬁ;g)(g1§§3)’£) = —8b2(gi’é}go(g1§§3)’5) holds.?® We want

to derive sufficient conditions such that P*(\g) € int(P) for all Ao € (0,1). This is equivalent to
finding sufficient conditions such that a firm’s expected marginal benefits strictly dominate its cost

counterpart for P = P} and vice versa for P = P5. More specifically, we need to show:

p

oIl () + 2B, {(AoVé(ln(Ao, log(P}), )~

Py
(- Ao>v2’<b2<Ao,1og<P;>,e>>> e o o) P_Pj >0 (A1)
! * /8 ! *
(1= )1 = )(PY) + . [(Aowl(m log(P5), <))~
(- Ao>v2’<b2<xo,log<Pf>,e>>) abi%ﬂjgofjﬁf )9) P_Pj <0 (A2)

which is the first order condition with respect to P in period 1 evaluated at P = Py and P = Py.
We start by finding a sufficient condition for the first inequality A1l. First, note that the sign
of X\oV5(b1(No,1log(Py),e)) — (1 — Ao) V5 (b2(Xo, log(Py),e)) is completely determined by the sign of
b1 (Xo,10g(Py), e) — ba(Xo,log(Py), e) whenever Ao = 5. This is true as Va(-) is convex and therefore
Vy'(+) > 0.

It can be shown that 3 ()\g) < 0 such that bi(Ag,log(Py),e) > ba(Ao,log(Py),e) if and only if

e < —e(Xg).”* Define z = P;yAc — Au < 0, then we have that W’ > 0 if and
P=P}

only if € > —z. Now, denote E; = (—00, —£(\g)), E2 = (—e(Xo), —2) and E3 = (—x,+00). By
construction, it must be that £ U Fs U F3 = R.

The observations above imply that:

0b1 (Ao, log(P),¢)

dlog(P) >0

P=P;

(on2’<b1<Ao,1og<P;>,a>> - >\0)V2/(b2(/\0710g(P§)75)))

53The case for \g > % is extremely similar but less clean. We will include this case in a future draft of this

paper.
54Observe that we have —e(3) = =%, thus —e(\g) < —z whenever )¢ is close enough to 1.
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for € € F». Thus, it is sufficient to show:

B

niolly (Py) + P

E. [ <)\0V2'(b1 (Mo, log(P5),e))—

8[)1 ()\0, log(P), 6)
Olog(P)

(1= M) V4 (b (Mo, log(Py). s>>>

ce k UE3:| >0
P=P;

Observe the following strain of inequalities:

MAIL (P5) + £ V3 (1) 57 (2 + B [ele < —e(Mo)] — Bz [ele = —a] ) <
MAIL (P5) + 5 V3 (1) 5F (2F (=(Xo)) + Ex [ele < —e(Mo)]

—z (1 — F(—x2)) — E: [e]le > —a])

ML (P5) + £ V3(1)5F (Be [z + ele € By] — Ee v+ ¢le € Ey)) <

9b1(Xo,log(P),e)

dlog(p) €€l

> <
]%]EE [(ong(bl(xo, log(P5).€))~

0b1 (Ao, log(P),¢)
Olog(P)

P (75) + £ V3(0) (B

P=P;

0by (>\0 710g(P) 75)

—E. dlog(p)

e € F3

P=P;

nAolly (Py) +

(1= M)V (baho, log (). s>>)

ee FHU E3:|
P=P;

where the weak inequality follows from lemma 2 and the last strict inequality from the fact that

Vy(1) > V5(XN) for any X < 1. This implies that we are done whenever we can show:
NI (P5) + £ VA(1)2F (@ + . [ele < ()] — B. [ele = —a]) > 0

Recall that ¢ ~ N(0,02). Therefore, we can use standard truncation formulas for our conditional

expections. This gives us:

o (=) 1-e(3)
> ) |ty !
o(=22) 1-e(3)
1
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Then, we can frame our first sufficient condition as:

DAL (P5) + £ V3(1) 58 [x - 2(1)?)’)] (B1)

In a similar fashion, we will derive a sufficient condition for A2. Once again, it can be shown
that 3 e(Ag) > 0 such that bi(Ao,log(Py),e) > ba(No,log(Py), ) if and only if € > —e(Ag). Let
y = PfAc — Ap > 0, then for \g = %, we have that e(\g) = 4 < y. By straightforward algebra, it

0by ()‘0 710g(P)a€)

can be deduced that Blog(P)

> 0 if and only if € > —y. Then, denote Ey = (—o0, —y),
P=P;

E; = (—y,—e(\o)) and E3 = (—&(\o), +00) which satisfies E; U E; U E3 = R.

This immediately implies that the following condition is sufficient for A2 to hold:

g

(1= n)(1 = M) (P)) + HE- [(Ao%(blw,1og<P1*>,s>>—

0b1 (Ao, log(P),¢)
Olog(P)

(1 = o) Vs (b2( Mo, log(Py), 6)))

ee by UE3:| >0
P=P;

We derive a similar chain of inequalities as before:

N

(1= n)(1 = X)L (PY) + £ V3(1)9F (v + Ee [ele = —e(Ao)] — Ex [ele < —y])

oz

(1= n)(1 = 2)I(PY) + $=V3(1)9F (v [1 = F(—(0))] + Ex [ele = —(Xo)]

—yF(—y) — Ec[ele < —y]) =
(1 —=n)(1 = )5 (Py) + I%Vé(l)ﬁ—g (Ee [y +¢ele € B3] —E: [y +¢le € Bi]) <

9b1 (No,log(P).€)

(1= (1= M) + £ V(1) (B | 20 cery
P=P;
R, |#00loa(P)e) cc B ><
€ dlog(p) pp;
(1= (L= MI(PD) + 25| (Aot (taCoo, oe(P7). )~
1
6b1()\0 log(P) E)
1 — Ao)VZ (b2 (o, log(P; ) ’ E UE
(1 =XVt lont). ) PR ee B

where the weak inequality follows from lemma 2 and the last strict inequality from the fact that

Vy(1) > V5 (XN) for any X\ < 1. This implies that we are done whenever we can show:
(1 =m)(1 = Ao)I5(PY) + $=V3(1)2F (y + Ec [ele = —e(Xo)] — Ec[ele < —y]) <0

Using the previous finding on expectations of truncated standard normal random variables, the
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latter inequality is satisfied whenever the following condition holds:

(1= n)(1 = M), (P}) + £ VH(1) 22 <y - 2;(%) <0 (B2)

O¢

Whenever we define o, and Zmax as:

B . 20(0
Tmin = 1Og(P2 )AJ - A:u - ( 1051(32*))A0Au) <0,
1-(—2el2 )2 man

Og

* 2p(0
Tmax = 1Og(P1 )AO‘ - A:UJ + q>( log(fl*()iaA,u) > 0.

Og

then, it is clear that B1 and B2 are satisfied whenever V(1) is bounded from above. More precisely,

we get:

Va(l) <V = BUAga min{n/\OHi(P‘;)’ (1 =n) (1 = Ao) (=T15(F})) } . (B)

—Zmin Tmax

Thus, we have shown B = (B1 and B2) = (A1l and A2). However, we concluded in the
beginning of the proposition that P*(\g) € int(P) whenever A1 and A2 hold. This is exactly what

we wanted to show. O

A.3 Numerical Algorithm

PARAMETERS. 3, 0, 01, 02, Ao, m, 8, 0., p and o¢.
NUMERAIRE. W = 1.

ALGORITHM: PSEUDO-CODE.
We assume consumer taste shocks to satisfy ex ~ N(m,s?). As a result, integrals over consumer

taste shocks are approximated using Gaussian quadrature methods. With some abuse of notation,
let the weights and nodes be denoted by {w]GH M - and {CJGH }Jﬂi | respectively.”® The quadrature

j=1
weights and nodes are chosen “optimally”. The nodes {CJGH }é\il are the roots of the Hermite
polynomial Hj(¢) which is defined as Hp(¢) = %exp (—t2 + 2t§) t~M+1d¢ and the weights
are equal to:
GH _ _2MlnyE
Wi = M2H 1 (¢FH)?

We approximate the continuous AR(1) process for idiosyncratic productivity with a finite state

Markov process by following the Tauchen (1986) procedure. The number of Markov states will be

55The superscript stands for “Gaussian-Hermite” quadrature. This is useful to approximate functions of
the form f(z) = exp(—2?) which includes the family of normal distributions.
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denoted by Np. Let the Markov transition density be denoted by M(z;, z;) for 4,5 € {1,2,..., Np}x
{1,2,...,Nr}.

I (initialization). Set P(l), FS, x" and convergence criteria Az, A, > 0. Let the counter k equal
0.

IT (out). Given k, set F]f, ﬁ’; and x*.
III (in). Set H = % and calculate IT* using:

1 1

H" =
XkH+Hk

Then, set S¥ = H + II*. Define the aggregate state as w* = (F]f,?g, Sk,
IV. Solve the firm’s problem by obtaining V' (A, z,p—_1):

V(A z,p—1) = max {VA()\, 2), V() z,p—1)} where

vA<A,z>—mgx<p—>[Anlal+<l—x><1—n>p“’2]1 -
P

P B PR

+B)\ZZM 2in 2 17rwGHV (bl()\,log( 1—{7?

i=1 j=1

)s \/§UaCjGH + Noz) ) %1 HL;T)

50035 Mz ) =GV (ba(M Jog(125), VIoalET + o) s 21, 125)

=1 j=1
01 —02
VO 2p-0) = (1 = 4) [N+ (L= (1= )] b
Nr
+60Y Z Mz, 2) wfHV (b (N Tog(B2), VI0aCE™ + ) 26, F22)

i=1 jfl
ZZM 20, 2) WSV (ba(A og(F22), V20uCFH + 1o ) 20, B22)
=1 j=1

' 1—)\F’(ui—u2+(Uz—Ui)log(P)JrG)yl
th b;(\,1 €)= |1+
wi (A, log(p), €) [ A F(pi — p1 + (o1 — 04)log(p) +¢€)

and p; = (o; — 1)log(P;) + log(n;)

IV. Store the optimal pricing policy function P*(), z) for every (A, z) € [0,1] x Z.

V. SIMULATION. Simulate a panel of N = 50000 firms who use the policy function P*(), z).

SIMULATION INITIALIZATION. The initial distribution ¢; o(A, z) for i = 1,2 is degenerate

at (Ao, 20). For each firm n € {1,2,..., N}, assign it to be a firm of type o, = o1 with
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probability Ag. Set time counter ¢ to zero.

V.a. Given a firm’s belief A\, let firm n set price P*(\, 4, 2n). Generate log sales by
drawing log demand shocks &,,; ~ N (m, s?) through:

Gnt = =00 P (Anty 2n) + pri + 58" + €y

where p; = (0; — 1)log(ﬁf) + log(¢;). Update the firm n’s posterior to:
)\n,t-i-l = B()\n,ta P*()‘n,h Zn)a dn,t, Sk)

Apply exogenous death shocks § for each firm. If a firm exits, then replace it by a new

firm which is assigned to be a type o1 firm with probability A\g. Its prior becomes Ag.

V.b. Calculate @;;4+1(A, 2) for each ¢ = 1,2. Stop the simulation when the distribution
of beliefs settles in both measures of active firms or when the number of simulation

periods exceed some upper bound T > 1, i.e. sup i1 (A, 2) —@ii(N, 2)|] < Ay
Ae(0,1),2€Z
for i € {1,2} and/or t = T. Otherwise, set ¢t := ¢ + 1 and repeat step V.a.

VII. Calculate P, """ with the simulated density ®;(\):

1

1—0;
Pl — (Z P\, 2) 718, (), z)>

A

where @i()\, z) is the empirical cross-sectional probability distribution function of beliefs and

idiosyncratic productivity. Also, calculate the total amount of labor in the economy as:

em, k i Z/\z *( )70',‘~,()\ Z)
Hemr =5 Z [Z/\zP*()\ 2)1=0idy(\, z)]

—=temp —temp

If sup, | P; ?k| < A, and |H — H'**"P| < A_, then stop; otherwise, set ?ler =P,
and P;CH = P;emp. Let x**1 > x* if and only if H — H*™ < 0. Update the counter to

k :=k + 1 and repeat step 1I.

A.4 Empirical Supplement
A.4.1 Identifying New Products

We assume that if a UPC changes, it is likely that some noticeable characteristic of the product has
also change. This is because it is rare that a meaningful quality change occurs without resulting
in a UPC change. The same assumption was made in Broda and Weinstein (2010). Considering

each UPC as a product is, in fact, a very broad definition since it includes classically innovative
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products, line extensions (including quality upgrades), and temporary items (i.e. seasonal). We
find that product line extensions, such as flavor or form upgrades or novelty/seasonal items, are
much more prevalent than new brand introduction. Finally, to minimize the problem that some
UPCs might get discontinued only to have the same product appear with a new UPC, as noted by
Chevalier et al. (2003), we only consider products that lasted at least two years in the market.

Using the UPC identifier and the retailer identifier provided by the data, we determine the
specific week and store in which each product first appeared. We consider as entering products
those that enter the market after January 2002. Since our data starts from January 2001, an
entering product is one that had no observable transactions, in any store across the U.S., for at
least one year. This assumption allows us to avoid including products with left censored age.

Finally, since IRI Symphony used different hierarchical assignments for UPCs starting on 2007,
the data includes some entering and exiting UPCs that might not correspond to new product
introductions. IRI used different product stubs for 2001-2006, 2007, and 2008-2011. A stub is the
hierarchical assignment in the data (i.e. UPCs to brands, brands to vendors, vendors to types of
categories). For example, vendor and parent could change due to merger and acquisition activity,
brand name could have changed from 2006 to 2007, etc.

In addition, for each different product stub, IRI undertook the following actions: i) reorganized
private-label items (i.e. in some categories they break out organic private label), ii) dropped UPCs
that have not moved in the past years, iii) collapsed UPCs into a main UPC to avoid clutter (i.e.
products that came to a store as part of a special promotional code rather than with a standard UPC
code), iv) reorganized categories (i.e. a category migh have increased in scope and as a consequence
suffered an increase in items) and iv) added UPCs that were introduced at the beginning of each
stub. All of these are consistent with changes in the number of entering and exiting UPCs due to
changes in the product stub rather than new product introductions or products being phased out.

To avoid this problem, we only consider products that entered before the first week of 2007.
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A.4.2 Price Increases and Decreases at Entry

Figure 10: Price Index for New Products
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Note: The graph plots a geometric price index for new products. It considers the first year since entry. The expenditure weights

used are at the UPC level and based on the first year of sales of each product. The data source is the Symphony IRI dataset.

Figure 11: Distribution of Entry Prices
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Note: The graph plots the percent difference between the entry price of all new products in our sample with respect to products
of the same size, within the same category, at the store in which they were launched. The data source is the Symphony IRI

dataset.
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Figure 12: Frequency of Price Increases and Decreases at Entry
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Note: The graph plots the average weekly frequency of price adjustments of products entering the market. The y-axis denotes
the probability that the product adjusts prices in a given week and the x-axis denotes the number of weeks the product has
been observed in the data since it entered the market. The graph plots the age fixed effects where we used a regular price
change indicator as dependent variable controlling for store, UPC, and time fixed effects. The blue line indicates the frequency
of positive price adjustments and the red line the frequency of negative price adjustments. The calculation uses approximately

130 million observations and 2.5 million storesx UPC pairs. The data source is the Symphony IRI dataset.

Figure 13: Absolute Value of Price Increases and Decreases at Entry
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Note: The graph plots the average size of price adjustments of products entering the market. The y-axis is the value of the log
price change in that week and the x-axis denotes the number of weeks the product has been observed in the data since it entered
the market. The graph plots the age fixed effects where we used the log price change as dependent variable controlling for store,
UPC, and time fixed effects. The blue line indicates the average size of positive price adjustments and the red line the average
size of negative price adjustments. The calculation uses approximately 5.8 million price changes and 2.5 million storesx UPC

pairs. The data source is the Symphony IRI dataset.
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A.4.3 Large Price Changes (Robustness)

Figure 14: Fraction of Price Changes Larger than 30\%
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Note: The figure shows the fraction of price changes larger than 30% in a given category and city as a function of the age of

the product. The products considered are those that last at least two years in the market. Source: IRI Symphony dataset
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A.4.4 Price Increases and Decreases by Waves

Figure 15: Frequency of Price Adjustment (Positive and Negative)
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Note: The figure shows the probability of price adjustment with respect to the mean for both price increases and price decreases.
Wave 1 represents products that were launched during the first year since the product was introduced. Wave 2 represents the
same products when launched in different stores a year later. The graphs shown control for stores, time and products fixed

effects.

Figure 16: Size of Price Adjustments (Positive and Negative)
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Note: The figure shows the size of prices changes with respect to the mean for both price increases and price decreases. Wave

1 represents products that were launched during the first year since the product was introduced. Wave 2 represents the same

products when launched in different stores a year later. The graphs shown control for stores, time and products fixed effects.
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Pricing Moments by Waves (Different City)

Figure 17: Pricing Moments by Waves in Different Cities
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Note: The figure shows the probability of adjusting prices and the size of adjustment by waves. Wave 1 represents products
that were launched during the first year since the product was introduced. Wave 2 represents the same products when launched

in different stores (located in different cities) a year later. The graphs shown control for stores, time and products fixed effects.

Figure 18: Fraction of Products Launched by Wave
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Note: The figure shows the fraction of products launched in each wave by MSA.
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A.4.5 Entry and Exit Rates at the Product Level

We distinguish between products entering or exiting the market and products being launched or
phased out at each store, where our unit of observation is every UPCxStore pair. We document
a substantial degree of entry and exit of products at both levels.”® This fact was first documented
by Broda and Weinstein (2010) who use data directly collected from consumers to document that
on average 10 percent of household expenditures are on goods that were created in the last year.””
Because their dataset only allows them to observe products households in their sample purchased,
the entry rates that they calculate can be seen as the rate products are adopted or discontinued by
households. Using a scanner dataset collected at the store level offers the advantage of observing,
for the categories available, the entire universe of products for which a transaction is recorded in
a given week. This allow us to get a closer approximation to the actual rate of entry and exit of
products in the market.

We define the entry and exit rates, as well as the rate of creation and destruction, in the same
way as Broda and Weinstein (2010). The entry rate is defined as the number of new products in
period t relative to period s as a share of the total number of products purchased in period . A new
product is one that records at least one transaction in period ¢ in any of the stores in our sample

and that was not sold in any store in period s. The exit rate is defined in a similar way.

# New UPCs(t, s
Entry Rate(t, s) = ZAll UPC’S((t) )

, # Disappearing UPC's(t, s)
Exit Rate(t =
vit Rate(t, s) # AlLUPCs(s)

Creation and destruction are the revenue weigthed analogues of the entry and exit rates. As a
result, net creation can be defined as the difference between creation and destruction and product
turnover as the sum. Table III reports the entry and exit rates for the case in which ¢ and s are one
and five years apart.

The table shows that 15 percent of the UPCs in the market and on average 27 percent of the
products in each store entered in the last year. In addition, approximately 45% of the products
in the market entered in the last five years accounting for 30% of total expenditures. At the store
level, 66% of all products sold were first introduced by the store in the last five years and they
account for more than half of the total revenue of the store. Although the exit rate is very similar
to the entry rate of products, destruction is lower than creation, indicating that consumers spend

more on new products than on products about to exit.

56In order to avoid including products with right censored age, a product exiting the market must have its
last transaction recorded before the last week of 2010, which is one year before the last week in our datset.
In addition, we only consider products that did not exit exactly the weeks when the new product stub was
implemented.

>"Both Bernard et al. (2010) and Broda and Weinstein (2010) document that more than 90 percent of the
product creation observed in the data occurs within existing firms.

60



Table III: Product Entry and Exit

UPC UPC UPCxStore  UPCxStore
Period 5-Year 1-Year (mean) 5-year 1-year (mean)
Entry 0.45 0.14 0.66 0.27
Creation 0.29 0.07 0.47 0.15
Exit 0.42 0.13 0.61 0.25
Destruction | 0.08 0.01 0.39 0.10

Note: Entry rate = Number of new UPCs(t) / Total number of UPCs(t), Creation = Value of new UPCs(t) / Total value(t),
Exit rate = Number of disappearing UPCs(t-1) / Total number of UPCs(t-1), Destruction = Value of disappearing UPCs(t-1)
/ Total value (t-1).

The rate of product turnover indicates that, at any point in time, there is a large amount of
products being launched or being phased out at each point in time. Panel A in table IV shows
that the median duration of a UPCxStore pair is only around two years.”® Panel B shows the
distribution of durations counting the number of observations (weeks with at least one transaction)

since entry. The median UPCx Store pair is sold on approximately 47 different weeks on average.

Table IV: Distribution of Duration by UPCxStore
Panel A: Weeks since Entry
p(1) p(25) p(0) p(75) p(99) Mean  Std
1.03 37.41 96.35 209.54 450.77 134.03 118.94
Panel B: Observations since Entry
p(1) p(25) p(50) p(75) p(99) Mean Std
1.03 16.32 47.12 122.04 369.74 83.12 90.67

Note: The table shows the descriptive statistics of the distribution of duration of a UPC X Store pair. We computed the duration

of each UPCxStore pair and aggregated them to the category level using equal weights. Categories were further aggregated
using equal weights. Panel A shows the statistics for the number of weeks since the products entered. Panel B shows the
statistics for the number of times a product is observed in our data set. A product is observed only if it records a transaction

in a given week and store.

A.4.6 Product Life Cycle
Exit

Figure 19 shows that the frequency of price changes stays mostly constant and decreases only around
1 percentage point near exit. This is the case for both price increases and decreases. Similarly, figure
20 shows that the absolute value of price changes stays close to its average value (around 10%) during

the last weeks of the product existence in the market.

58Gince our dataset ends the last week of 2011 and we are considering products that entered the last week of
2006 at the latest, right censoring is only an issue for products that last more than 261 weeks in the market.
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Figure 19: Frequency of Price Adjustment at Exit
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Note: The graph plots the average weekly frequency of price adjustments of products exiting the market. The y-axis denotes
the probability that the product adjusts prices in a given week and the x-axis denotes the number of weeks a product has left in
the market before exiting. The graph plots the age fixed effects coefficients of regression where we used the regular price change
indicator as dependent variable and we control for store, UPC, and time fixed effects. The calculation uses approximately 130
million observations and 2.5 million storesx UPC pairs. The standard errors are clustered at the store level. The data source is

the Symphony IRI dataset.

Figure 20: Absolute Value of Price Changes at Exit
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Note: The graph plots the average absolute size of price adjustments of products entering the market. The y-axis is the absolute
value of the log price change in that week and the x-axis denotes the number of weeks a product has left in the market before
exiting. The graph plots the age fixed effects coefficients of regression where we used the absolute value of the log price change
as dependent variable and we control for store, UPC, and time fixed effects. The calculation uses approximately 5.8 million

price changes and 2.5 million storesx UPC pairs. The standard errors are clustered at the store level. The data source is the

Symphony IRI dataset.
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