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Abstract

We empirically identify the effect of inflation on relative price
distortions, using a novel identification approach derived from
sticky price theories with time or state-dependent adjustment
frictions. Our approach can be directly applied to micro price
data, does not rely on estimating the gap between actual and flex-
ible prices, and only assumes stationarity of unobserved shocks.
Using the micro price data underlying the U.K. CPI, we docu-
ment that suboptimally high (or low) inflation is associated with
distortions in relative prices. At the level of individual prod-
ucts, the marginal effect of inflation on relative price distortions
is highly statistically significant and aligns well with theoretical
predictions. In the cross-section of products, the variance of price
distortions comoves positively with aggregate inflation over time.
In contrast, overall cross-sectional dispersion fails to comove with
inflation over time. We show that it is predominantly driven by
movements in the dispersion of flexible prices.
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1 Introduction

The monetary models employed in academia and central banks assert
that too high (or too low) rates of inflation give rise to distortions in
relative prices. The asserted price distortions drive many of the trade-offs
and policy prescriptions of monetary models, e.g., the recommendation
to implement low and stable inflation rates.! Despite its centrality in
monetary theory, there exist no structural empirical evidence validating
the notion that inflation has a distorting impact on relative prices.

This gap forms the focal point of our investigation. We first derive
a novel theory-consistent empirical approach that allows estimating the
marginal effect of inflation on relative price distortions. Subsequently, we
apply this methodology to the micro price data underpinning the U.K.
Consumer Price Index. We document that inflation is associated - at
the level of individual products - with economically significant amounts
of price distortions, in line with what sticky price theories predict. Fur-
thermore, in the cross-section of products, price distortions turn out to
covary positively with aggregate inflation over time.

Documenting the relationship between inflation and relative price
distortions proved challenging and the present paper makes progress on
a number of fronts.

First, it is challenging to recover inflation-induced distortions in rel-
ative prices from actual price observations. To see why, let p;; denote
the relative price actually charged for product j in period ¢, and pj, the
corresponding flexible relative price.” The price gap gap;; due to price
setting frictions is then given by

Inpj;; = Inpj, + In gapy,, (1)

and price distortions for product j are conveniently summarized by the
variance of the product-specific gaps over time:*

dist; = Var(In gap;.).

Monetary models postulate that the price distortions (dist;) depend on
inflation, but empirically documenting this relationship is challenging:
while the actual relative price in equation (1) can be observed, the flexi-
ble relative price is unobserved, so that the price gap remains also unob-

ISee, for instance, Woodford (2003), Gali (2015), Adam and Weber (2019) or
Archarya, Challe and Dogra (2023).

2The flexible relative price is the price that would be charged for product j in
the absence of price setting frictions. It may itself be distorted, e.g., due to market
power.

3We discuss the variance of price gaps in the cross-section of products below.



served.? In fact, we formally show in the paper that the flexible relative
price and thus the price gap cannot be identified from actual relative
prices, whenever the flexible price contains a stationary stochastic com-
ponent.

Given this difficulty, the previous literature does not attempt to iden-
tify how price gaps depend on inflation (Wulfsberg (2016) and Naka-
mura, Steinsson, Sun and Villar (2018)), instead highlights the difficul-
ties associated with empirically recovering price gaps.®

An important contribution of the present paper is to show that the
marginal effect of inflation on price distortions, i.e., how dist; varies with
inflation, can be identified from observed actual prices, even though the
level of the price gaps (gap;:) are not identified. This is feasible because
the variance of the flexible relative price p, in equation (1) is independent
of inflation, so that the variance of the actual relative price Var(lnpj)
is informative about the variance of price gaps, i.e., price distortions.

We show that time and state-dependent pricing models make iden-
tical predictions (up to a second-order approximation) about how the
marginal effect of inflation on price distortions can be estimated from
observed actual prices: in a first step, one computes residual price varia-
tion around the life-cycle trend of a product’s actual relative price time
series. In a second step, one relates this residual variation - in the cross-
section of products - to a measure of inflation.’ This structural approach
is valid without restrictions on the behavior of the cross-sectional distri-
bution of flexible prices over time.

A second challenge with identifying the relationship between inflation
and relative price distortions is that sticky price theory implies that a
marginally higher inflation rate can either increase or decrease relative
price distortions. The direction of the effect depends on whether the
observed inflation rate, InIl, lies above or below the optimal inflation
rate, InII}, for product j ." Existing work tends to ignore this issue and
often assumes that the optimal inflation rate is zero. Yet, the optimal
inflation rate differs from zero for most products and has been found to
vary systematically in the cross-section of products (Adam and Weber

41n rare cases, additional information about marginal costs and the desired mark-
up is available, which identifies the flexible relative price and thereby the price gap.
Eichenbaum, Jaimovich and Rebelo (2011) estimate price gaps for supermarket goods
using such information, but do not analyze how inflation affects price distortions.

°See section IV.A in Nakamura et al. (2018).

6More precisely, it needs to be related to a measure of suboptimal inflation, as we
explain in the next paragraph.

"If the optimal level of inflation lies above (below) the observed level of infla-
tion, then marginally higher rates of inflation decrease (increase) price distortions,
according to sticky price models.



(2022), Adam, Gautier, Santoro and Weber (2022)).

To address this issue, the present paper considers price distortions
generated by suboptimal inflation (InIl — In IT%), i.e., by the difference
between observed and the product-specific optimal level of inflation. We
thus obtain estimates of the marginal effect of suboptimal inflation on
relative price distortions.

A third challenge this paper addresses is that it is generally difficult
to establish a causal relationship between inflation and price distortions
by exploiting variation in aggregate inflation over time: outside hyperin-
flationary episodes or periods with large energy price shocks, aggregate
inflation tends to move only slowly over time, so that movements in
inflation are often hard to distinguish from a slow-moving time trend.®
As a result, trends in price dispersion over time might either reflect the
trend in inflation or others trends which operate concurrently but are
unrelated to inflation, e.g., a secular change in the variety of products
over time.

Our empirical approach overcomes this identification issue by exploit-
ing cross-sectional variation in the product-specific optimal inflation rate
InTI} during a period in which aggregate inflation IT was relatively sta-
ble in the U.K. economy. Variation in the optimal rate II} in the cross-
section of products j is driven by product-specific fundamentals, such
as the different rates of productivity progress or a different evolution of
monopoly power over time. According to sticky-price theory, such cross-
sectional heterogeneity in product-specific fundamentals is unrelated to
inflation and thus induces quasi-exogenous variation in the gap between
actual and optimal inflation, (In [T—In Hj), that we be exploit to estimate
the causal effects of suboptimal inflation on price distortions.

Addressing these three challenges, we show that suboptimal inflation
causes relative price distortions in the U.K. economy. Specifically, we
find that price distortions at the level of individual products depend on
the squared value of suboptimal inflation, in line with the theoretical pre-
dictions of time or state-dependent pricing models. The squared value
of suboptimal inflation has the sign predicted by theory and is statisti-
cally significant in 94% of the expenditure categories underlying the U.K.
consumer price index. It also has surprisingly high explanatory power
across individual products within the typical expenditure category. And
in line with the underlying sticky price theories, the distortionary effects
of suboptimal inflation are estimated to be stronger in the presence of
stronger price rigidities.

Having established that suboptimal inflation gives rise to price dis-

8To avoid the possibility that our results are driven by energy price or other special
shocks, we exclude the Covid and post-Covid period from our analysis.



tortions over time at the level of individual products, we turn consider-
ation to the dispersion of prices in the cross-section of products. Cross-
sectional price dispersion has been the point of departure for much of
the earlier literature.

We show that cross-sectional dispersion of actual relative prices,
Vari(Inp;.), is strongly increasing over the sample period (1996 - 2016).
Interestingly, cross-sectional price dispersion increases despite the fact
that U.K. inflation displays no time trend and only moderate fluctua-
tions.

To explain why overall cross-sectional price dispersion fails to covary
with inflation in the data, let p;ftdet denote the deterministic component
of a products’ flexible relative price and p}*-ft“h its stochastic component.
We then obtain from equation (1)

Var'(npy) = Var' (npi™) + Var' (Inpj” + Ingapy) . (2)

We show that the deterministic component of the flexible price p* ¢t can

t

be identified in the data and that its cross-sectional variance, Var; (In p;ftdet),
accounts for 99% of observed dispersion of actual prices Var’/(Inp;,). It
also explains the overwhelming part of the observed increase in the cross-
sectional dispersion of actual prices.

According to sticky price theory, the last term on the right-hand-
side of equation (2), which accounts for about 1% of the dispersion of
actual prices, should vary with inflation. In fact, we show that inflation-
induced movements in the last term reflect exclusively inflation-induced
movements in cross-sectional price distortion Var?(In gap;;).” Specifi-
cally, the theory implies that Var’(In gap;;) should increase with infla-
tion, provided the optimal inflation rate II7 lies below observed inflation
for most products.

This is what we find: Viar? (In gap;;) comoves positively with inflation
over time with a correlation equal to +0.67 that is statistically signifi-
cant at the 1% level. Cross-sectional price distortions thus increase with
inflation over the sample period. And we show that this positive comove-
ment is predominantly driven by products with a low optimal inflation
rate II7, as predicted by the underlying sticky price theories. We also
compute an upper and lower bound on the contribution of inflation to
cross-sectional price dispersion. Doing so, we find that the peak contri-
bution of inflation to the cross-sectional standard deviation of price gaps,

Std’ (In gap;.), ranges between 3.8% and 5.0% over the sample period.

9Note that Vari(In p;tdet) is - by definition - independent of inflation. We show
that the covariance Cov’ (ln prstoch

it ,In gapjt) also does not depend on inflation, ac-
cording to sticky price theory.



Our finding that an increase in aggregate inflation leads to an increase
in cross-sectional price distortions in the U.K. aligns well with key as-
sumptions made in monetary models and should thus increase confidence
in the economic relevance of key policy recommendations derived from
these models, e.g., the desirability of targeting low and stable inflation
rates. It also aligns well with recent findings in Ascari, Bonmolo and
Haque (2022), who show that high inflation rates are associated with a
loss in the economy’s output potential. Relative price distortions are one
source of potential output losses associated with high inflation rates, as
emphasized in the literature the infers price-induced misallocations aris-
ing from product specific mark-ups (Baqaee, Farhi and Sangani (2022),
Meier and Reinelt (2022)).

The paper is also related to Alvarez, Beraja, Gonzalez-Rozada and
Neumeyer (2019) who estimate a nonlinear relationship between the
cross-sectional dispersion of prices and inflation using data from Ar-
gentina. They find that cross-sectional price dispersion responds only
weakly to inflation for inflation rates below 10%, but rises strongly for
higher rates and eventually levels off. Relatedly, Sheremirov (2020)
uses supermarket scanner data for the U.S. and documents how lo-
cal cross-sectional price dispersion correlates with local inflation over
time.!? Instead of estimating a reduced-form relationship between the
cross-sectional dispersion of prices and inflation over time, our struc-
tural approach calls for estimating across-time dispersion of prices at
the level of individual products and relating it to a product-specific mea-
sure of suboptimal inflation.

Section 2 illustrates the empirical approach developed in this paper
using the simplest possible setup. Section 3 introduces the full theory
and shows how sticky price models with time or state-dependent pricing
frictions imply a regression approach that allows estimating the causal
effect of suboptimal inflation on product-level price distortions. Section 4
introduces the U.K. micro price data and section 5 presents our baseline
empirical results and a large number of robustness exercises. Section
6 presents a more involved estimation approach that allows to relax
some of the identifying assumptions underlying the baseline approach.
Section 7 discusses the decomposition of cross-sectional dispersion of
actual prices and the comovement of cross-sectional price distortions
with inflation over time. A conclusion briefly summarizes.

10Sara-Zaror (2022) extends the empirical approach of Sheremirov (2020) and doc-
uments that cross-sectional price dispersion strongly rises with the absolute deviation
of inflation from zero, with the relationship becoming flatter for larger inflation rates.



2 The Approach in a Nutshell

This section illustrates how one can empirically identify from micro price
data the marginal contribution of suboptimal inflation on price distor-
tions. The approach differs from the one pursued in Nakamura et al.
(2018), who proposed considering the absolute size of price changes as a
proxy for relative price distortions. We show that this proxy can some-
times provide misleading signals about the relationship between inflation
and relative price distortions.

In our baseline approach, identification is achieved by considering a
set of products for which (i) price stickiness and (ii) the shock process
driving the idiosyncratic component of the flexible price is homogeneous
across products.!! One can then exploit variation in the optimal inflation
rate across products to identify the marginal effect of inflation on price
distortions. This holds true even if the actual inflation rate is constant
over time.

To provide a simple example, suppose that idiosyncratic shocks are
simply absent, so that the flexible relative price evolves deterministically,
and that prices get adjusted in regular intervals every N > 1 periods
(Taylor (1979)).12 Consider product j, which is a physical object or
service sold in a specific location.!® The flexible optimal relative price
pj; = Pj;/ P of product j is the price the firm would like to charge in
the absence of any price setting frictions and evolves deterministically
according to

Inpj, =Inp; —t-Inll}, (3)

where p is a product-specific intercept and II; a product-specific time
trend, capturing differences in marginal costs (or other factors) across
products. Finally, suppose gross inflation is constant and equal to II.
In this setting, the optimal inflation rate for product j is given by
InTl = InII} because the relative price then gets eroded at the desired
rate In II7: the nominal price for product j can remain constant, so that
price setting frictions do no matter for tracking the desired relative price.
When InIl > InTl} (InIl < InII}), the relative price gets eroded too
quickly (slowly). As a result, adjustments of the nominal price have to
be made to correct for the ‘wrong’ trend induced by inflation during non-
adjustment periods. Due to price stickiness, these adjustments occur

1These assumptions can be releaxed further, as we show in section 6.

12These assumptions are special because they allow identifying the flexible price
from micro price data, which fails to be true under the more general assumptions
considered later on, but useful for illustrating the approach.

130bjects or services that are sold in different locations are treated as different
products. The same holds true when an existing product gets substituted by a new
product.



only occasionally, so that suboptimal inflation leads to deviations of the
relative price from the flexible relative price.

Figure 1 illustrates the situation. It depicts the flexible relative price
In p, for three products (j = 1,2, 3), for which the flexible relative price
falls at rate II7 < II; < II;. Assuming that actual inflation II is equal
to IIj, the flexible relative price of product 1 coincides with the sticky
relative price Inpj;, so that there are no relative price distortions. For
product j = 2, inflation is too low, which means that the relative price
falls insufficiently during non-adjustment periods. To compensate for
this effect, it becomes optimal to choose a relative price that is lower
than the flexible price in adjustment periods, to reduce the gap between
the sticky and the flexible relative price over the lifetime of the sticky
price. Suboptimally low inflation thus leads to a deviation of the sticky
relative price from the flexible relative price. This deviation is even
stronger for product j = 3, which has a higher optimal inflation rate and
- in adjustment periods - a relative price that is even further below the
flexible relative price. A larger gap between inflation and the optimal
inflation rate thus gives rise to larger deviations of the sticky relative
price from the flexible relative price.

Since symmetric arguments apply when inflation is higher than op-
timal inflation, it is easy to verify that the variance of the gap; between
the sticky relative price around its time trend, i.e., the price distortion
for product j, is a function of the square of suboptimal inflation:!*

Var(gap;) = ¢+ (InIl — InII})? (4)

where
C:N~(N—1)-(N+1) 50
12
depends positively on the degree of price stickiness N > 1.

An important insight developed in this paper is the fact that the
relationship between suboptimal inflation and price distortion in equa-
tion (4) can actually be estimated using micro price data because (i) the
product-specific optimal inflation rate II} is identified by the time trend
in the sticky relative price, see figure 1, and (ii) price distortions, i.e.,
the gaps between the actual and the flexible price, are identified by the
residuals of a regression of actual prices on a time trend, as illustrated in
figure 1. Thus micro price data suffices to test whether price distortions
vary with suboptimal inflation rates, i.e., whether ¢ > 0, as predicted by
sticky price theory.

While property (ii) fails to be true when the flexible price also de-
pends on unobserved idiosyncratic shocks, we show in the next section

14See appendix A for a proof.
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Figure 1: Relative price trends and price gaps

that the presence of such shocks only requires adding a constant to equa-
tion (4). This holds true even when considering more plausible pricing
setting frictions, such as Calvo or menu-cost frictions.

Interestingly, using the absolute size of price changes as a measure
of relative price distortion can lead to misleading conclusions about the
relationship between relative price distortions and suboptimal inflation.
The absolute size of price changes may respond to inflation in a setting
where price distortions fail to do so and it may fail to respond to inflation
in a setting where relative price distortions do indeed respond.

To see the first point, consider the example discussed above. The ab-
solute size of log nominal price changes per unit of time is simply a func-
tion of price stickiness and suboptimal inflation and equal to V- ‘H —II; |
In the limit where prices become fully flexible (N — 1), the absolute size
of nominal price changes is thus given by !H — Hj‘ and varies one-to-one
with the gap between actual and optimal inflation. The absolute size of
price changes thus suggests a relationship between suboptimal inflation
and relative price distortions, even in a setting where prices are fully
flexible and price distortions absent.!?

This contrasts with the detrended residuals u proposed in figure 1:

15This argument holds not only in the cross-section of goods, but equally applies
in the time dimension when considering the effects of a change in the steady-state
inflation rate II for the price distortions present at the level of some product with
optimal rate II7.



in the limit with flexible prices, relative prices follow the dotted lines in
the figure, so that the residuals u are all equal to zero. Their variance
will thus not covary with suboptimal inflation in the cross-section of
products. In fact, for the limit N — 1, the coefficient ¢ in equation (4)
converges to zero: one arrives at the correct conclusion that suboptimal
inflation does not lead to relative price distortions.

For the case with sticky prices, the absolute size of price changes may
actually fail to respond at all to changes in suboptimal inflation, even
in a setting where price distortions do change with suboptimal infla-
tion. Appendix presents an example with sticky prices and idiosyncratic
shocks where this is the case and where the detrended residual variance,
Var(u;), again accurately capture how relative price distortions vary
with suboptimal inflation.

3 Inflation and Price Distortions: Theory

This section uses sticky price theory to derive a regression equation that
allows identifying the marginal effect of suboptimal inflation on price
distortions using micro price data. The regression approach turns out
to be independent (to a second-order approximation) of whether price
adjustment frictions are of a time-dependent or state-dependent nature
and can be directly applied to micro price data. An attractive feature
of our approach is that it does not require imposing any assumptions on
the behavior of the cross-sectional distribution of flexible prices.

We will consider the price setting problem of a firm facing a demand
structure that closely matches the implicit demand structure underlying
the way how the U.K. Office of National Statistics (ONS) aggregates
prices across products. In particular, aggregate consumption C} is made
up of Z different expenditure items (in the language of the ONS), where
an expenditure item z € {1,...,Z} is a narrow product category, e.g.,
"Flatscreen TV, 30-inch display" or "CD-player, portable". Expendi-
ture items contains a large range of individual products j € [0, 1] with
item-level consumption C}; being given by a Dixit-Stiglitz aggregate of

individual products 7,
L, \ o
C., = ( / o dj) , (5)
0

where Cj; denotes the consumed physical units of product j in item z
in period t and # > 1 the elasticity of substitution between products
within the item. Aggregate consumption is given by

Z

Co=1](C", (6)

z=1
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where 1, > 0 denotes the (ONS) expenditure weight for item z, with
ZZZZI 1, = 1. With this setup, demand for product j in item z is given

by 0 1
o szt B Pzt B
O]zt - ¢z < Pzt ) ( Pt ) Ot> (7)

1

where the item price level is defined as P,; = ( fol lezzedj) " and the

z=1 Y=
Individual products are produced using a constant returns-to-scale

production function

. . Z P wz
aggregate price level is defined as P, = H (—”) .

gt gzt
where for simplicity L,,; denotes labor input and A, the level of produc-
tivity common to all producers of products in item z at time t.'° G,
is a product-specific factor capturing idiosyncratic productivity compo-
nents that are deterministic from the perspective of the firm, while X,
is a stochastic idiosyncratic productivity component. In equilibrium,
the quantity of products consumed C.; must be equal to the quantity
produced Y,
Firms can freely adjust inputs but face frictions for adjusting prices.
Section 3.1 considers time-dependent price-setting frictions, while section
3.2 presents the case with state-dependent pricing frictions.!”

Lj.t, (8)

3.1 Time-Dependent Price Setting Frictions

The price setting problem. Consider some product j which is a
physical object or service sold in a specific location over time. Otherwise
identical objects or services that are sold in different locations are treated
as different products in our approach. The same holds true whenever an
existing product gets substituted by a new product.

Let p;.t = Pj./P. denote the relative price charged for product j,
where P;.; denotes the nominal product price and P,; the price index
for products in expenditure item 2. Similarly, let p},, denote the flexible
relative price, i.e., the price the firm would like to charge for product j
in period t in the absence of price setting frictions. The flexible price

16The setup can be generalized to include also capital in production, but this will
not provide any additional insights as long as one has constant returns to scale jointly
in all inputs.

1"Deriving analytic results for a unified setup with time and state-dependent ad-
justment frictions (Calvo plus) is analytically difficult, as both price setting frictions
require imposing slightly different assumptions for the shock process Xj..
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can differ from the (socially) efficient relative price.'"® Given the demand
structure introduced above, appendix D.1 derives the following second-
order approximation to the nonlinear optimal price setting problem with
Calvo price adjustment frictions:

lglpa_x _Et Z(azﬁ)l (lnpjzt - Zln Hz - 1np§zt+i)2 ) (9)
Izt i=0

where the parameter 8 € (0,1) denotes the firm’s discount factor, o, €
(0,1) the Calvo probability that the price cannot be adjusted in the
period, and II, the gross inflation rate in this item. The firm’s relative
price in period t + ¢ is given by Inp;.; — ¢InIl;, which shows that the
reset price Inp;.; chosen by the firm gets eroded over time by inflation,
as long as prices fail to adjust. Deviations of the firm’s relative from its
flexible optimal price Inp},, ., give rise to profit losses that are quadratic
in the size of the deviation.

The dynamics of the flexible price. A key object of interest in
problem (9) is the flexible relative price p;,,. This price is observed
by the firm but not by the econometrician. We consider the following
general stochastic process:

Inpj,, =Inp;, —t-Inll;, +Inw;,. (10)

The term In pj}, is an unobserved product fixed-effect that is drawn at the
time of product entry from some arbitrary and potentially time-varying
distribution. It is a stand-in for unobserved location-specific effects such
as difference in the level of marginal costs, wages, rents, service or quality
components of the product. It also captures the presence of product and
location-specific flexible price mark-ups.

The variable IT7, in equation (10) captures a product-specific time
trend in the relative price and also denotes the product-specific optimal
inflation rate, as discussed in section 2. It is drawn at the time of product
entry from an arbitrary distribution that may also depend on time. The
trend in relative prices may reflect a product-specific rate of productivity
progress, induced for instance by learning-by-doing effects, or product-
specific marginal cost trends induced by trends in wages or rents that
are specific to the particular location where the product is sold. It is
well-known that the strength of these effects varies across products!? and

18This may be due the presence of product-specific monopoly mark-ups. In the
special case, where desired monopoly mark-ups are identical across products or simply
absent, the frictionless relative price is equal to the efficient relative price.

19 Adam and Weber (2022) document this for the U.K and Adam, Gautier, Santoro
and Weber (2022) for France, Germany and Italy.
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we will exploit the variation in IT}, below to identify the distortionary
effects of inflation. We consider a linear time trend in relative prices
because the relative price dynamics of newly introduced products are
well-approximated by a linear trend.?’ Yet, in our empirical analysis we
shall also consider nonlinear time trends.

Finally, there is an idiosyncratic stochastic component In z ., in equa-
tion (10), which captures idiosyncratic fluctuations induced by changes
in productivity or service components at the product level. The absence
of a common component in these shocks is justified on the grounds that
the left-hand side of equation (10) features the log relative price, thus
absorbs common components in the nominal price (at the level of a
narrowly-defined expenditure category). The stochastic process govern-
ing these idiosyncratic components is assumed to be the same for all
products within a narrowly-defined expenditure category and satisfies
the following restriction:

Assumption 1: Idiosyncratic shocks Inz,,; are stationary and Markov.

Assumption 1 effectively rules out that idiosyncratic shocks Inx;,
follow a random walk. This seems innocuous because our data strongly
reject a random walk in Inz;,;, as shown in appendix C.2! We can thus
normalize idiosyncratic shocks so that E[lnz;,.] = 0.

Note that the cross-sectional distribution of flexible prices in expen-
diture category z is allowed to vary over time in important ways, even
when abstracting from idiosyncratic shocks: (i) for a given set of prod-
ucts, heterogeneity in the relative price trends II7, induces changes in the
cross-sectional distribution of the flexible relative prices; (ii) as products
exit and enter the market, newly entering products may have different
product-specific intercepts pj, and time trends II7, than exiting prod-
ucts. Since the parameters (p;,II7,) of newly incoming products are
drawn from arbitrary time-varying distributions, the setup imposes no
restrictions on the evolution of the cross-sectional distribution of flexible
relative prices over time.

The optimal reset price. Considering the limit 7 — 1, the optimal
reset price In p?%; solving problem (9) is given by*

Qa

lnp;ﬁ = (Inp},, —Inzj.) + (1 ) (Il —InTI5.) + f(20), (11)

_az

20Gee figure A.XI in the November 2018 working paper version of Argente and Yeh
(2022), which depicts the relative price dynamics of newly introduced products using
scanner data.

21This finding does not depend on assuming Calvo frictions.

22Gee appendix D.1 for a derivation.
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where

f(xj) = (1 — a,)E} Z a,Inm;,y;. (12)
i=0

The first term on the r.h.s. of equation (11), In p,, —Inz;.;, captures the
deterministic component of the flexible price (10). The second term cap-
tures the effects induced by deviations of actual inflation InII, from the
product-specific optimal inflation rate InII7,. The last term in equation
(11) captures effects due to the presence of time-varying idiosyncratic
components. Equation (12) shows that it is the expected value of the
idiosyncratic shock over the lifetime of the price that matters for this
component.

Only the second term on the r.h.s. of equation (11) depends on
inflation. If actual inflation exceeds optimal inflation (InIl, > InIT},),
then the reset price gets pushed up to compensate for the suboptimally
high rate of future erosion of the relative price during periods in which
the price does not adjust. The opposite is true if actual inflation falls
short of optimal inflation (InII, < InII}, ).

Importantly, the optimal reset price In p?’;ﬁ is equal to the expected
value of the flexible price over the expected lifetime of the price. There-
fore, an initial period in which relative prices lie above (below) the flex-
ible price is followed - in expectation - by a period in which the relative
price falls short (exceeds) of the flexible price. This explains how -
according to the theory - deviations of inflation from its optimal level
induce additional dispersion of prices around the flexible level. This ef-
fect is stronger if prices are more sticky: for a given deviation of inflation
from its optimal level, reset prices react by more, the higher is the degree
of price stickiness ().

The dynamics of the actual relative price. While equation (11)
determines the optimal reset price in periods where prices adjust, the dy-
namics of the actual relative price for product j in expenditure category
z are given by

lnpjzt = gjzt(lnpjzt—l —In Hz) + (1 - gjzt) lnp?ﬁ) (13)

where &;,; € {0,1} is an iid random variable capturing periods with
price adjustment (;,; = 0 with probability 1 — «,) and no-adjustment
(£;2+ = 1 with probability a.). In periods in which the price does not
adjust, the relative price falls with inflation.

It also follows from equation (13) that the actual relative price in-
herits the product-specific time trend present in the optimal price pgﬁ,
which in inherits the trend from the flexible price p;,,, see equation (11).
We show next that the variability of the actual price Inp;.; around this
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trend is a function of (i) the deviation of inflation from its optimal level,
and (ii) the idiosyncratic shocks Inz;,;. This insight turns out to be
key for identifying the marginal effects of suboptimal inflation on price
distortions.

The first-stage regression. The first step in estimating the marginal
effect of inflation on price distortions consists of running OLS regressions
of the form

Inp;.. =Ina;, — (Inb;,) - t + u;z, (14)

which regress the relative product price on a product-specific intercept
and time trend. To simplify the exposition, we abstract from small
sample issues and focus on population regressions.” Regression (14) is
of interest for two reasons. First, the coefficient estimates deliver®!

—

*
Ina;, — Inpj,

by, — InII%,, (15)
which shows that the regression allows recovering the deterministic com-
ponents of the flexible relative price, i.e., the intercept term pj, and the
product-specific optimal inflation rate IT},. Since the actual relative
price follows - in terms of its level and time trend - these deterministic
dynamics, the effects of price distortions must be contained in the resid-
uals of regression (14). In fact, these residuals are the second reason
why regression (14) is of interest. They are asymptotically given by

ay

Uzt = &gt (Ujze—1— (I TL=InTI5 )+ (1=Ejat ) (f (2520) 41

—a,

(16)
where §;.; = 0 captures periods in which the price gets adjusted and
;2 = 1 captures periods without adjustment, and where f(z,) is de-
fined in equation (12). We next discuss the properties of the the regres-
sion residuals (16).

The level of price distortions is not identified. Due to price stick-
iness (a, > 0), the regression residuals w;,; in (16) fail to be very in-
formative about the idiosyncratic shocks, as previously emphasized by
Nakamura, Steinsson, Sun and Villar (2018). The underlying intuition
is straightforward: in periods where prices do not get adjusted, they
reveal no new information about idiosyncratic shocks; and in periods,
where prices get adjusted, their adjustment gives considerable weight

23Small sample effects are discussed in detail in appendix F.
24See appendix D.3 for a formal derivation.
25See appendix D.4 for a derivation.
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to expected future values of the idiosyncratic shock, particularly when
prices are sticky, see equation (12).

Due to the influence of expected future shock values, the information
that becomes available upon a price adjustment, i.e. the term f(z;.)
defined in equation (12), fails to identify the underlying process of idio-
syncratic shocks Inz;.,. Appendix B proves the following result:

Proposition 1 In the presence of price stickiness, observed pricesInpj.,
fail to identify the process for idiosyncratic shocks Inx;.:. Consider, for
example, a stationary discrete N -state Markov process for f(x;.¢). It can
be generated either by a stationary Markov processes for Inx;,, with N
states or an infinite number of different Markov processes with M > N
states, where M 1is arbitrary and where M — N states in the M-state
process are not states in the N -state process.

Intuitively, different fundamental processes for Inz;.; give rise to
identical processes for f(z,.:), because they imply the same conditional
expectations in equation (12). Since the process for Inz;,; cannot be
identified from observed prices, it is impossible to estimate ‘price dis-
tortions’, i.e., the gap between the actual and flexible price. This may
explain why the literature has to date not come up with an estimate of
how price distortions responds to (suboptimal) inflation.

It is worth emphasizing that the result in proposition 1 applies more
generally to the case where Inx;.; is non-stationary but still contains
some stationary component, e.g., when Inz;.; is the sum of a ran-
dom walk process Iny;.; plus an independent stationary Markov process
Inz;,;. We then have f(Inz;,;) =Iny,.. + f(Inz;.), so that the process
In z;,; and thus Inz,,; can again not be identified, even if the process for
Iny;.+ could be perfectly recovered from the data.

One way to deal with the identification problem is to bring in addi-
tional information. This is the strategy pursued in Eichenbaum, Jaimovich
and Rebelo (2011) who exploit information on marginal costs in super-
markets to identify price distortions (but do not analyze how they de-
pend on inflation). Yet, information on marginal costs is only rarely
available.

An alternative approach to handle the identification problem is to
impose additional identification assumptions. This is the approach pur-
sued in Baley and Blanco (2021) and Alvarez, Lippi and Oskolkov (2022),
who show that the distribution of price distortions can be recovered from
observed price changes, whenever In z ., is a pure random walk, i.e., does
not contain stationary shock components. With a random walk, we have
f(2;2¢) = Inxj,, so that the size of innovations between price reset times
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identifies the innovation variance of the random walk. Yet, the hypoth-
esis of a pure random walk in Inx;,; is strongly rejected in our data, as
we show in appendix C.

We now show that it is simply not necessary to identify the level of
price distortions to estimate the marginal effects of suboptimal inflation
on price distortions. We discuss this point in the next subsection.

Second-stage regression: the marginal effect of suboptimal in-
flation. While the level of price distortions cannot be identified from
observed prices, the theory predicts that the marginal effect of subop-
timal inflation on price dispersion can be identified. In fact, equation
(11) highlights that any non-zero gap InIl, — In IT;, generates front-
loading of prices upon price adjustment times, as captured by the term
T (InIl, — InTI7,). Likewise, during non-adjustment periods, a gap
between actual and optimal inflation leads to a drift in the gap between
actual and flexible relative prices. Both of these features contribute to
increasing the variance of the regression ;. in the first-stage regression
(16).

Therefore, the variance of first-stage residuals satisfies the following
relationship:2

Proposition 2 The variance of the first-stage residual in equation (14)
s given by
Var(uj) = v, +c, - (Inll, —In H;Z)Z, (17)

where the intercept

v, = Var ((1 —a,)Ey Zai In IL‘jzt+z‘) (18)

1=0

is a function of the idiosyncratic shock process Inx;,; and the price stick-
iness parameter o, and

Q
(1—a,)?

(19)

Cz

The intercept term v, in equation (17) contains both efficient price
components, e.g., the presence of idiosyncratic fundamental shocks, and
price distortions that arise due to price stickiness, see equation (18).
In particular, price stickiness causes the loading on the current idiosyn-
cratic shocks to be too low relative to the flexible price case. Without
additional information, it is impossible to further decompose to what ex-
tent v, reflects efficient or inefficient forces, which is precisely the feature

26Gee appendix D.4 for a derivation.
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preventing identification of the level of price distortions from observed
actual prices. The second term on the r.h.s. of equation (17) captures
the effects of suboptimal inflation on price distortions. According to the
theory, the coefficient ¢, is an increasing function of the degree of the
Calvo price stickiness parameter «,.

Equation (17) is a second-stage regression equation and a key equa-
tion we shall exploit in the present paper. It uses the residual variance
from the first-stage equation (14) as left-hand side variable, and the gap
between the (item-level) inflation rate II, and the product-specific opti-
mal inflation II}, as right-hand side variable, where II?, is also identified
by the first-stage regression, see equation (15). Equation (17) implies
that the marginal effect of suboptimal inflation on price distortions can
be estimated using a cross-section of products for which price stickiness
and the process driving idiosyncratic shocks are the same. (A more gen-
eral estimation approach allowing for heterogeneous price stickiness and
heterogenous idiosyncratic shock processes is derived in section 6).

Appendix F describes in detail the two stage estimation approach
that allows estimating the coefficient c,. It shows that the second-stage
estimate for c, is biased towards zero, due to the presence of first-stage
estimation error. The second-stage estimate of ¢, thus provide a lower
bound of the true marginal effect of suboptimal inflation on price distor-
tions. Since we are interested in rejecting the null hypothesis of inflation
not creating price distortions (Hy : ¢, = 0), this works against our main
finding.

The next section briefly shows that the results derived thus far are
not specific to the case with Calvo frictions, but also apply in a setting
with menu-cost frictions.

3.2 State-Dependent Price Setting Frictions

We now present a model with state-dependent pricing. To be able to
get closed-form solutions, we consider a continuous-time setup and a
slightly more restrictive process for the idiosyncratic shocks. Within
this setup, we derive continuous-time analogue to proposition 2. The
firm’s objective (9) becomes:

[e's) o0
{szhAIIllna;;zi}?il - /t e (lnijHS - lnp;2t+8)2 o ; e
(20)
The parameter p > 0 is the discount rate, 7;.; are the random adjustment
times and k. is the cost paid at the times of adjustment. As with time-
dependent frictions, the firm’s relative price in period 7;.; + s is given by

Inp;.,,.. — sInll, between adjustment periods, reflecting relative price
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erosion due to inflation.

The flexible relative price In p},, follows a continuous-time analogue
of (10) with an additional restriction on the idiosyncratic process In z;,
namely that it assumes values from a finite grid {Inxy,,...,Inzy,} and
switches from grid point ¢ to grid point j with Poisson intensity )\fgj.”

Appendix E shows that under p — 0 and for sufficiently small ad-
justment cost r,,%® the OLS regression (14) recovers the exact same
coefficients as in the time-dependent model. Furthermore, the variance

of residuals depends on product-specific suboptimal inflation:
Var(uj.) = Var(lnz,)+cM (In1l, —In H;fz)2 +O((In HZ/H;Z)4), (21)

where the intercept is again a function of the idiosyncratic shock process,
the quadratic term depends on suboptimal inflation, and O((InIL, /II},)*)

denotes a fourth order approximation error. The coefficient ¢M¢ is now
a function of the shock process parameters \;X = Z;\;l At

1

MC=F [ < 2] .
()‘zz)

If \¥ is constant across states, then

1

cMC (22)

z Az

where A, is equal to the adjustment frequency (again up to a fourth
order approximation error O((InII,/ H;fz)4)) and thus can be directly
estimated from the data. The coefficient ¢M¢ differs slightly from the
one in the discrete time setup with Calvo friction, see equation (19), for
which A, = 1 — .. This is so because multiple price adjustments can
happen per unit of time under continuous time modeling. Notice also
that the coefficient ¢M¢ does not depend on the menu cost ., under the
maintained assumption that menu costs are small enough. Differences in
k. have only fourth order effects in equation (21). This is the reason why
equation (21) now holds only up to a fourth-order approximation error,
while it was exact in the Calvo setup (given the quadratic approximation
to the firm objective), see equation (17).

Perhaps surprisingly, the results obtained from the state-dependent
model are (to the consider order of approximation) virtually the same
as for the time-dependent model.

2TThe restriction is very mild because we do not impose any assumption on the
switching intensities. Even though we are ruling out all processes with continuous
paths, we can still approximate them well with a sufficiently fine grid.

28Note that we do not consider a limiting case x, — 0, instead our result holds for
all k, < & for some & > 0.
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4 Micro Price Data and Empirical Product Defin-
ition

In our empirical analysis, we use the micro price data underlying the
official U.K. consumer price index (CPI). The advantage of using CPI
micro price data is that it covers a wide range of consumer expenditures.
Moreover, the UK CPI data display quite strong relative price trends and
significant variation of these trends across products.?? This is essential
for our identification approach, which relies on cross-product variation
in relative price trends.*”

We consider about 20 years of micro price data (February 1996 to
December 2016), which is obtained from the Office of National Statis-
tics (ONS). The data are monthly and classified into narrowly defined
expenditure items (e.g., flat panel TV 33inch, men’s shoes trainers, veg-
etarian main course, etc.). Given the sample selection described further
below, we consider 1071 different expenditure items and 15.5 million
price observations over the sample period.

A product within an item is a sequence of price observations for a
particular object or service sold in a particular store. Otherwise identical
objects or services that are sold in different locations will thus be treated
as different products in our empirical approach. The same holds true
when a product in a specific location and expenditure item gets substi-
tuted by a new product: so-called ‘comparable’ and ‘non-comparable’
substitutions will be treated as separate products. This allows us to ac-
count for location and product specific components in the most flexible
way.

We then estimate the first-stage equation (14) for every product in
the sample and estimate the second-stage equation (17) at the level of
the expenditure item 2z = 1, ....1071, considering all products j belonging
to the item, i.e., we estimate

—

Var(uj.) = v, + ¢, - (lnﬁz/\ﬂjz)2 +¢€5. (23)

where @‘(ujzt) is the variance of first-stage residuals of product j in

item z and InlIl,/ IT;, the corresponding first-stage estimate of the gap
between the item-level inflation rate and product-specific optimal infla-

29Gee Adam and Weber (2022) who estimate the optimal aggregate inflation rate.for
the U.K. from relative price trends.

30For these reasons, micro price data is more attractive for our analysis than su-
permarket scanner data, which covers fewer product categories and also contains
many categories, e.g., food, for which relative price trends tend to be less strongly
pronounced.
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Total number of price quotes used 15.4 million

mean median min max
Number of products per item 726 560 50 3,201
Number of price quotes per item | 14,415 10,763 407 73,313

Table 1: Basic product and price statistics

tion.?! Estimation of equation (23) delivers 1071 estimates c., one for

each expenditure item. We focus in our analysis on the item-level rather
than on the aggregate level because doing so increases the chances that
our two key identifying assumptions (identical degrees of price rigidity
& identical stochastic processes driving idiosyncratic shocks) are satis-
fied. These assumptions will be relaxed in section 6, where we consider
a more demanding estimation approach.

The data methodology follows the one used in Adam and Weber
(2022), who provide further details. Starting from the raw micro price
data, we delete products with duplicate price observations in a given
month®? and also delete all price observations flagged by ONS as “in-
valid.” Furthermore, we split observed price trajectories for ONS product
identifiers, whenever ONS indicates a change in the underlying product,
i.e., a comparable or non-comparable product substitution, and when-
ever price quotes are missing for two months or more. This conservative
splitting approach insures that we do not lump together products that
might in fact be different. It leads to a refined product definition that
we use to compute relative prices by deflating nominal product prices
with a quality-adjusted item price index.

We only include expenditure items for which the item price index,
computed from our micro price data, replicates the official item price
index provided by ONS sufficiently well. This leads to a selection of
1093 expenditure items from the 1233 contained in the raw data. Fur-
thermore, we only consider products with a minimum length of six price
observations after eliminating sales prices from the sample.>> We ac-
count for outliers by eliminatingt\he 5% of products with the highest

values for @“(ujzt) and for (InTI./IT%,)* within each expenditure item.

31See appendix F for details of the estimation approach, including arguents showing
why two-stage estimation approach only biases the coefficient ¢, towards zero, i.e.,
against finding a role for suboptimal inflation on inefficient price dispersion.

32Duplicate price quotes can arise because the U.K. Office of National Statistics
(ONS) does not disclose all available locational information underlying the data, so
that in rare cases we cannot uniquely identify the product price.

33We identify sales prices using the sales flag recorded by the ONS price collectors.
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Figure 2: Descriptive statistics: first-stage regression

We then consider all expenditure items containing at least 50 products.*
This leads us to the 1071 expenditure items that we use in our empirical
analysis.>® Table 1 reports basic statistics on the number of products
and price observations per item. Given our approach, the average num-
ber of price observations per product is equal to 20 monthly observations
and the average number of price changes per products is equal to 2.

4.1 Descriptive Statistics of the Regression Inputs

This section presents key descriptive statistics about the variables enter-
ing the first and second-stage regression equations. Since we run these
regressions for more than one thousand expenditure items, we report
the distribution of key moments of the variables of interest in the cross-
section of items.

The left column in figure 2 depicts the distribution of the mean and
standard deviation of the length of product life. For most items, the
mean product length ranges between 10 and 30 months, which is long
enough to estimate an intercept and slope parameter in our first-stage.

34We also eliminate expenditure items for which the estimated residual variances
are zero for all products. The latter occurs when prices never adjust within an item,
which is the case for less than a handful of items capturing administered prices.

35Not all these items are present throughout the sample period, as expenditure
items get added and removed. For the average year, we have 503 expenditure items.
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Figure 3: Descriptive statistics: second-stage regression

The bottom left panel in figure 2 highlights that there is a considerable
amount of variation in the length of product lives within each item. We
exploit this feature below to present estimates that are based on products
whose price can be observed for at least 12 or 25 months (instead of 6
in our baseline) .

The top right panel in figure 2 reports the distribution of the mean R?
values of the first-stage regression (61) across items. For most items, the
intercept and time trend tend to capture on average between 30% and
50% of the observed variation in relative prices. The remainder of the
variation goes into the regression residual, the variance of which enters
our second-stage regression. The bottom right panel in figure 2 depicts
the distribution of the mean autocorrelation of these residuals. The
autocorrelation is significantly below one, showing that the assumption
of a random walk is implausible given our data.3°

The top left panel of figure 3 reports the mean standard deviation
of the regression residual across items.?” For most items, the average
standard deviation ranges between 2% and 4%. The standard deviation
of the standard deviation of residuals is shown in the bottom left panel

36See appendix C for formal tests of the random walk hypothesis, which are based
on price observations form price adjustment periods.

3"We report moments of the non-squared variables entering the second-stage re-
gression to increase readability of the figures.
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Figure 4: Baseline results from estimating equation (23)

of figure 3. It highlights that there is a considerable amount of variation
in the left-hand side variable of our second-stage regression, which is
desirable.

The top right panel in figure 3 depicts the distribution of item-level
means of the suboptimal inflation rate.?® For the vast majority of items,
the average suboptimal inflation rate lies between +0.5% per month.
The lower right panel in figure 3 shows the within-item standard devia-
tion of suboptimal inflation. The cross-product variation is significant,
with a standard deviation ranging between 1/3 and 2/3 of a percent on
a monthly basis in most items. This shows that our second-stage right-
hand side variable also displays a considerable amount of variation.

5 Price Distortions at the Product Level: Empiri-
cal Results

This section reports our estimates of the coefficient ¢, in equation (23),
which captures how suboptimal inflation distorts relative prices. To in-
crease chances that our key identifying assumptions (identical degrees of
price rigidity and identical stochastic processes for idiosyncratic distur-
bances) are satisfied, the estimation is carried out separately for each of
the 1071 U.K. expenditure items in our sample. Section 6 presents an
alternative estimation approach that allows relaxing these assumptions.
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5.1 Baseline Results

Figure 4 presents our baseline estimation outcome. The left panel de-
picts the distributions of the estimated coefficients c,, obtained from
estimating equation (23) for each expenditure category z. We find that
97% of the estimated coefficients are positive, in line with the predictions
of sticky price theories. The right panel in figure 4 depicts the distrib-
ution of ¢-statistics: 94% of the estimates have a t-statistic larger than
two, 82% a t-statistic larger than five, and only 1% of the coefficients
have a t-statistic below minus two. Figure 4 thus provides overwhelm-
ing support for the notion that suboptimal inflation gives rise to price
distortions at the product level. Row 1 in table 2 reports further details
of the regression outcome.

Interestingly, the median adjusted R? value of the second-stage re-
gression (23) is 15%. Suboptimal inflation is thus not only statistically
significant but also explains a sizable part of the cross-product variance
of first-stage residuals within each item.?® This is the case despite the
fact that first-stage estimation error likely contributes to unexplained
variance on the left-hand side of the second-stage regression (23).

The point estimates for ¢, are not only positive and statistically
significant, but also quantitatively large: the average point estimate is
close to 12. It implies that a monthly inflation rate that lies 1% above (or
below) its optimal level®” increases the standard deviation of first-stage
residuals by 3.5 percentage points.*!

Since first-stage estimation error causes the second-stage estimates
of ¢, to be biased towards zero, we refrain here from a further quan-
titative interpretation of the point estimates. Section 7 will assess the
quantitative importance of relative price distortions using directly the
(unbiased) first-stage residuals.

Sticky price theories suggest that the coefficient ¢, is determined by
the adjustment rate for prices, see equations (19) and (22). We can thus
compute the price adjustment rate implied by any given coefficient esti-
mate and see how it covaries (in the cross-section of items) with the ac-
tual price adjustment rate measured directly from price data. Inverting
equation (19) to solve for the regression-implied share of non-adjusting

38See appendix H for information on the cross-sectional distribution of the product-
specific optimal inflation rate II7,.

39Recall that item-specific constants do not contribute to the R? values of the
second-stage regressions (23).

40The 1% number corresponds roughly to a 2 standard deviation variation for the
typical item, as the standard deviation of suboptimal inflation ranges between 1/3%
and 2/3% per month for most items, see the lower right panel in figure 3.

#1The predicted increase in the variance is 0.12% = 12 - (0.01)? and the reported
3.5% number is the square root of 0.12%.
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Figure 5 presents a scatter plot with the regression-implied o, (x-axis)
and the share of non-adjusters «, measured directly from the data (y-
axis). The two measures display a strongly positive correlation equal to
+0.5. This shows that price distortions are larger for items featuring
lower price-adjustment rates, as predicted by sticky price theory. How-
ever, the vast majority of items lie above the 45-degree line depicted in
figure 5, while theory predicts the two measures to align along this line.
A downward bias in the regression-implied value for a, can arise from
downward bias in our estimated coefficients c,, which emerges due to
first-stage estimation error, see appendix F.

Overall, our baseline results provide strong support for the notion
that suboptimal inflation distorts relative prices. The next section ex-
plores the robustness of this finding.

42We perform the inversion only for items with strictly positive estimated c,, which
is true for 97% of items. The other root of the polynomial is larger than one and can
be ruled out. In the discrete-time setup, the adjustment rate is equal to 1 — .. For
the continuous-time setup, we can recover the adjustment rate as A, = —Ina, and
obtain very similar results.

26



SOSIDI9X9 SSoU)SIIGOL puk UOIjeUWI)}So 9UI[oskq S9U0IIMO0 QOmeOMwwaﬁH G °19q%l,

Le %S¢ 67°G 8TV | %0T %0L % %l %16 OJI[ Jrey «ad soSueyp ootd g < | GT
L9 %0T 61°F 8E'E | %6V %98 UT %0 %L6 oJI[ Jrey «ad sodueyd otd 1 < | §T
Qﬁ% mpOS@O.HQ \ﬁgo
7QT %1z | Te€ CTe€ | %06 %L6 BT %0 %66 sjonpoxd 1y | €T
ﬁommmOhwwm uoﬁﬂ.ogm QMSGMB
6F %ET | LETT | 281 | %19 %88 %I %0 %26 %0¢ < onrea-d yym - | g
€9 %eT | 60°TT 'L %L9 %06 %0 %0 %L6 %0T < onfea-d yym - | T
1599 %ﬁﬁ@ﬁum UQ@MH
7QT %TT €6 79 | %8L %&6 %I %0 %26 o8e)s 48T IeauruoN | 0T
meam Gm._” ®>mu~w§h®ﬁ<
89T %ZT | 90°€T | 9.8 | %USGL %6 %I %0 %86 soourd sores epnpuy | 6
G %¢e IS0T | 229 | %¥PT  %ES %V %0 %G8 sogueyo oord Teurou < | Q
78 %G 7L 99 %0E  %IL % %0 %16 sogueyp ooud [eurwiou g < | L
L8 %CT | L6°LT | THET | %T9 %SS  %T %0 %66 suorjearssqo ooud 7 < | 9
9T %CT | 66°CT | TLTT | %SL %26 %I %0 %86 suorjeatosqo ooud g1 < | ¢
i syonpoad ATuo 3uis)
QOmuowﬁwm @.?ENQ.H@ﬁ{«
LT %9T | TT'9T | TVIT | %EL %E6 %I %0 %86 0> mm:\ Trut ‘o
LT %91 | 70T | TI'S | %89 %68 %I %0 %L6 0 < %Ir/71ur ‘42
“meQOEGOO pgoﬁﬁmnﬁw@uswﬁm w
7'G1 %0 91'¢- | 120 %8 %9T  UFT %I %eS "SI UO uorjyegur parenbs AuQ | ¢
7Qr %WLT | FOTIT | €8 | %¥L %06 %I %0 %96 "SI 0) ULIDY IRDUI[ PPV | ¢
Owﬁwm —UEN ®>maﬁﬁz®ﬁ<
A %CT | G8TIT | 188 | %28 %¥6 %I %0 %.L6 ourppseq | |
(sworqrur) ¢+< gt< &> ¢ (0 <)
'sqo ootid | A1 [pe 5] ) 1R)S-7 YIM sojewnyse jurod
Jo "ON URTPOIAl | URSTN | URIPOIN D s91eWII)SO JO OIS aan1sod Jo oreyg uoryeoymadg | moy

27



Coefficient v’ t-statistic v’

100 60F
40t
50
20
0 0
02 01 0 01 02 10 0 10

Figure 6: Robustness to adding a linear term (equation (24), estimates
for ¢, are reported in table 2)

5.2 Robustness of Baseline Approach

We now explore the robustness of our baseline results. The outcomes
of all robustness exercises are summarized in table 2, which also reports
the baseline outcome.

Adding Linear Terms. Sticky price theories predict that only the
squared deviation of inflation from its optimal level should explain the
variance of first-stage regression residuals. In particular, the linear gap
between actual and optimal inflation should have a zero coefficient when
added to the right-hand side of equation (23). Once can test this overi-
dentifying restriction and run regressions of the form

Var(uj.) = v, + 0! - InTL/IT, + e, - (InTL /)2 + g5, (24)
to check whether the coefficients v! are indeed approximately equal to
zero and whether the estimates for ¢, remain unaffected by the presence
of the linear term.

Figure 6 reports the distribution of the estimated v! (left panel) and
the associated distribution of ¢-statistics (right panel). In line with sticky
price theory, the estimates for v! are tightly centered around zero and
often statistically insignificant. Row 2 in table 2 shows that estimates
for ¢, are hardly affected by the presence of a linear term, again in line
with what sticky price theory suggests.

Inflation versus Suboptimal Inflation as Regressor. It turns out
to be important for our empirical results that the right-hand side of
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equation (23) features the squared value of suboptimal inflation rather
@a\n simply the squared value of inflation. To illustrate this point, let
InIl,(j) denotes the average item-level inflation rate prevailing over the
lifetime of product j and consider the following alternative formulation
of the second-stage regression

Var(uj.) = v, + ¢, - (InIL ()2 + €, (25)

which counterfactually assumes that the optimal inflation rate equals
zero for all products.

Row 3 in table 2 shows that outcomes differ radically from the base-
line: (i) about half of the point estimates for ¢, are then positive with
the other half being negative; (ii) 60% of the coefficients are statistically
insignificant, and (iii) the R? value of the regression drops almost to
zZero.

This shows that one would wrongly conclude that inflation is not
associated with price distortions, if one assumes product-specific opti-
mal inflation to be equal to zero, as suggested by textbook sticky price
models. This finding also highlights that the baseline findings are pre-
dominantly due to differences in the product-specific optimal inflation
rate II7, in the cross-section of products j within an item z.

Positive versus Negative Deviations from Optimal Inflation.
We now explore whether the direction of the deviation from optimal
inflation makes a difference for observed price distortions. In particular,
when InIl,/ II7, < 0, then nominal prices have to fall to keep relative
prices at their desired level, while nominal price have to increase when
InlL,/ II5, > 0. If price rigidities depend on the direction of the price
adjustment, then positive versus negative deviations from the optimal
inflation rate generate price distortions of different strength. We can
test whether this is the case by estimating the baseline equation (23)
using coefficients that depend on the sign of the deviation:

@(ujzt) = Uz+<cj T )(lnﬁ;z)? +Ejats

{lnﬁzﬁ;w} +c, -1

{InII. /I, <0}

where Iy, is an indicator function that is equal to 1 if = is true and zero
otherwise.

Row 4 in table 2 shows that one obtains similar outcomes in terms of
the share of positive point estimates and for the statistical significance of
the estimates, independently of the sign of the deviation. Yet, the mag-
nitude of the two coefficients differs notably: the mean and median esti-
mate for ¢* is significantly smaller than the corresponding numbers for
¢~ . Price distortions are thus smaller when firms have to increase prices
to counteract the effects of suboptimal inflation. This suggests that
downward rigidity of prices is somewhat stronger than upward rigidity.
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Reducing First-Stage Estimation Error. One possible concern
with the baseline estimation approach is that first-stage estimation er-
rors are large and might lead to substantial attenuation in the second
stage or perhaps even to spurious results. We address these concerns
by selecting products for which estimation errors are likely going to be
smaller. We do so in two ways.

First, we select products with a higher minimum number of price ob-
servations, i.e., 12 or 24 monthly price observations instead of 6 observa-
tions in the baseline approach. This allows for a more reliable estimation
of the optimal inflation trend II7, and the rate of suboptimal inflation.
The regression outcomes are reported in rows 5 and 6 in table 2. While
results barely change in terms of the share of positive coefficients ¢, and
their statistical significance, the magnitudes of the mean and median
estimate increases considerably relative to the baseline. This suggests
that first-stage estimation error indeed causes a considerable downward
bias in the second stage estimates for c,.

In a second approach, we use the number of nominal price changes
a selection criterion for including products in the regressions. The idea
behind this approach is that we would like to exclude products with
only few price changes, so as to avoid that the variation of residuals
in the cross-section of products is purely driven by whether or not a
price change is observed over the product lifetime. To this end, we
perform the second-stage regression using only products with 2 or more
price changes and a regression using only products with 4 or more price
changes. Rows 7 and 8 in table 2 show that one obtains again a very
large number of positive point estimates and high statistical significance
levels, albeit less strongly than in the baseline. Also, the R? value of
regression falls to about one half or one-third of the baseline level and
the magnitudes of coefficient estimates decline relative to the baseline.
Despite this, support for the notion that suboptimal inflation distorts
relative prices remains very strong.

Including Sales Prices. Our baseline estimation removes all sales
prices from the sample, mainly because the underlying sticky price theo-
ries typically do not model sales. Row 9 in table 2 shows that our results
are robust to including sales prices into the estimation.

Nonlinear Time Trends/Testing for Breaks in Time Trends.
Our baseline approach allows for a linear time trend in relative prices
in the first-stage regression equation (14). Since the presence of nonlin-
ear time trends may be source of concern, we recompute the first-stage
residuals allowing also a quadratic time trend and then use the resulting
residuals in our second-stage regression (23). Row 10 in table 2 reports
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the regression outcomes. We obtain again a very high number of positive
point estimates and very high levels of statistical significance.

An alternative approach to deal with potential non-linearities in rel-
ative price trends is to test for trend stability. To this end, we run a
Chow test for trend stability in the first stage regression, using the first
and second half of product life. We exclude in the second stage all prod-
ucts with p-value for the null hypothesis of no trend break below 10%
or 20% .*3 The estimation outcomes are reported in rows 11 and 12 of
table 2and hardly change compared to the baseline.

6 Exploiting Within-Product Variation

This section explores an alternative estimation strategy that allows to
significantly relax key identifying assumptions underpinning the base-
line estimation approach. The strategy consists of exploiting within-
product variation and can deal with settings in which idiosyncratic shock
processes and price rigidities both differ across products within the same
expenditure item. It thus addresses key concerns one might have with
the baseline approach but comes at the cost of increased second-stage
attenuation bias.

The key idea underlying the alternative approach consists of splitting
the sample life of products into two equally long subsamples and to ex-
ploit variation in the inflation rate over time across the two subsamples.
Specifically, let InIl;;; — InIl}, denote the suboptimal inflation rate of
product j in item z in the first half of product life and Inll;,» — InTI7,
the suboptimal rate in the second half.**

Consider first the case with Calvo frictions: equation (17) then ap-
plies separately in the first and in the second half life of each product.*’
This allows taking - for each product j in item z - the time differences
across the product half lives, which delivers

VCLT’l (szt> - Var2(ujzt>
=c,((InI;,; — In H;Z)2 — (InTl,,5 — In H;Z)z), (26)

where Vary(u;j.:) and Varg(u;.¢) denote the residual variances in the
first and second half of the product lifetime, respectively.’® The key

13 As is well-known, the Chow test is oversized in small samples (Candelon and
Liitkepohl (2001)), i.e., it rejects the null hypothesis of no-trend-break too often in
small samples when the null hypothesis is true. This is not a problem here, as it only
increases the strictness of selecting products featuring for a constant trend.

44 The suboptimal rates can be estimated using equation (62) in appendix F sepa-
rately for the first and second half of product lifetime.

45This assumes that the change in inflation are not anticipated, which is the case
whenever changes in inflation are unpredictable.

46These are estimated using the same regression as in the baseline approach.
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feature of equation (26) is that it eliminates the constant present in the
baseline regression specification (17). This allows testing whether the
coefficient ¢, = o/ (1 — )? in equation (26) is positive without re-
quiring that idiosyncratic shock processes are identical across products.
Moreover, when the Calvo adjustment frequencies «;, € [0, 1] also vary
across products within the same expenditure item, then the OLS esti-
mate ¢, of the coefficient ¢, in equation (26) will recover the average
price distortion across products, i.e.,

(1— O‘Zj)2]

provided the product-specific coefficients a;./ (1 — ;.)* display condi-
tional mean independence from the regressor in (26).1” Under this con-
dition, one can allow for product-specific idiosyncratic shock processes
and product-specific price stickiness, but still test whether (on average
across products within an item) suboptimal inflation distorts relative
prices.

The within-product estimation approach generalizes the baseline ap-
proach, but the second-stage (26) will likely feature stronger right-hand
side measurement error: one now has to estimate (in the first stage) how
suboptimal inflation changes over the product life, rather than just the
level of suboptimal inflation. One can thus expect increased second-stage
attenuation bias in the estimated coefficient c,.

Next, consider the case with menu cost frictions, for which similar
arguments apply. Taking differences across the first and second half
of product life using equation (21), one obtains (up to a second-order
approximation) again equation (26), but with the regression coefficient

E[e]=E

now given by ¢, = E[l/ ()\fg)?], where A\ is the switching intensity
in the i-th idiosyncratic state of the idiosyncratic shock process. The
regression coefficient is now independent of the menu-cost parameter
K, so that the estimation approach (26) remains valid in a menu-cost
setting in the presence of product-specific menu-costs.*® If the expected
switching intensities E[1/ (A )2 (7)] also differ across products j within
the same item, but display conditional-mean independence from the
regressor in equation (26), then OLS estimation of equation (26) again

47See appendix G for a proof and further details.

48 Heterogeneity in adjustment costs has only fourth order effects on the variance
of first-stage residuals. This is also true in the baseline approach with menu cost
frictions.
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Figure 7: Aggregate cross-sectional price dispersion and inflation

recovers the average distortion coefficient

E[e)=E

7

(AEG))’
As with Calvo frictions, one can thus test whether suboptimal inflation
distorts relative prices without having to assume that products have iden-
tical menu costs and identical processes governing idiosyncratic shocks.
And as with Calvo frictions, the test requires checking whether c, in
equation (26) is positive.

Row 13 in table 2 reports the outcomes from estimating equation
(26). It shows that results are even stronger than in the baseline case:
99% of the estimated coefficients are now positive and the share of sig-
nificantly positive coefficients is also higher than in the baseline. Yet,
the point estimates are now considerably smaller, which is likely due to
increased attenuation bias.

To document that these results do not emerge because there is a
price change in one product half-life but not in the other half life, rows
14 and 15 in table 2 repeat the within-estimation approach using only
products that have at least 1 or at least 2 nominal price changes per
half life. One then still obtains very strong support for the notion that
suboptimal inflation is associated with relative price distortions.
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7 Understanding Cross-Sectional Price Dispersion

The analysis focused thus far on price distortions over time at the level
of individual products. This section shifts focus and considers the cross-
sectional dispersion of prices at a given point in time and its comovement
with inflation over time.

The top panel in figure 7 depicts an aggregate measure of cross-
sectional price dispersion. The aggregate measure is constructed by com-
puting first the cross-sectional variance of relative prices, Var’(Inp;..),
for each item z and in each year. Item-level variances are then aggre-
gated across items using expenditure weights. The figure shows that the
cross-sectional dispersion of prices has increased by more then 50% over
the sample period. At the same time, aggregate inflation, depicted in
the bottom panel of figure 7, displays no clear time trend.

At first glance, this suggests that inflation is not associated with
price dispersion in the cross-section of products. Yet, this conclusion
turns out to be wrong: we show that the increase in cross-sectional price
dispersion over time, depicted in the top panel of figure 7, is due to an
increase in the dispersion of flexible prices over time, which masks an un-
derlying positive relationship between inflation and cross-sectional price
distortions. Higher inflation is thus associated in the data with higher
cross-sectional price distortions, even though it displays no relationship
with cross-sectional price dispersion over time.

Section 7.1 shows how one can decompose cross-sectional price dis-
persion into a component capturing identifiable components of the flex-
ible price distribution and a remainder, whose variation over time iden-
tifies variation in price distortions over time. Section 7.2 uses this result
to analyze (i) the relationship between cross-sectional price distortions
and inflation at the item level and (ii) the relationship between aggre-
gate inflation and an expenditure-weighted average of item-level cross-
sectional price distortions. Section 7.3 documents that the increase in
cross-sectional price dispersion is almost fully accounted by an increase
in the dispersion of flexible prices. It also derives quantitative bounds
on the amount of cross-sectional price distortion generated by inflation
over the sample period.

7.1 Decomposing Cross-Sectional Price Dispersion

From the sticky price theories analyzed in section 3, it follows that the
price of product j in expenditure category z evolves over time according
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t049

Inpj. = Inpj, —InITj, - ¢ + ey, (27)

where the residuals u;,; have mean zero, are independent across j and
z, and have variance over time equal to

Var(uj) = v, + ¢, - (Inll, —In H;Z)Q. (28)

We are now interested in decomposing the cross-sectional variance of
prices, denoted by Vari(Inp,.;), of the products j present at some time
t in some item z. In particular, we would like to evaluate how this
measure of cross-sectional price dispersion depends on the item-level
inflation rate II,.

Suppose there is a unit mass of products j in item z and that each
month a share of products randomly exits the sample and gets replaced
by newly sampled products. In general, newly sampled products may
have different characteristics than the products that leave the sample,
so that the distribution of product characteristics {p;,, I}, } may change
over time.”"

Appendix H shows that time variation in the cross-sectional distrib-
ution of optimal inflation rates {II7, } is minor. This allows restricting
consideration to a setting with a time-invariant cross-sectional distri-
bution of optimal inflation rates. Specifically, we assume that upon
product entry, the optimal inflation rate II7, is an iid. draw from
{111, 112, .. T127}, where IT1¥ is chosen with probability mi > 0 for
i=1,..,] and > ,m’ = 1.

In contrast, the distribution of estimated intercepts {p;,} strongly
moves with time in the data. To account for this, we allow for arbi-
trary time variation in the cross-sectional distribution of intercepts for
newly incoming products.’’ Given this setup, we derive the following
decomposition result:*?

Proposition 3 Let Vari(-) denote the variance in the cross-section of
products j. The cross-sectional variance of relative prices in expenditure

#9Gee equation (53) in appendix D.3 for the case with Calvo frictions and equation
(54) in appendix E for the case with menu costs.

0We assume that upon the time of entry, the residual Ujy is drawn from the
stationary residual distribution for products with characteristics (p;?Z,H;fZ). This
is justified by the fact that newly sampled products in our data typically do not
represent truly new products, instead products that are newly sampled by the Office
of National Statistics.

I The covariance between the distribution of intercepts {p}*z} and optimal inflation
rates {II7,} is also left unrestricted.

2See appendix I for the proof.
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category z at time t is then given by
Var'(Inpj.) = Var'(Inp}, — In1L, - t) + Var’ (uj..), (29)

where . '
Var! (uj.) = v. + ¢, - B/ [(In 1, — InII},)?]. (30)

Equation (29) decomposes the cross-sectional price dispersion into
two components. The first component, Var/(Inp}, —InII¥, - t), captures
identifiable elements of the flexible price distribution that are determin-
istic from the viewpoint of an individual product j. We can identify
this component using our first stage estimates of (a;., b;,) from equation
(14). The second component in equation (29), Var/(u;,), is given by
(30) and depends on the constant v,, which captures variation induced by
stochastic components of the flexible price, and ¢, - E/[(InII, — In 1T, )],
which captures price distortions induced by inflation.??

The decomposition in proposition 3 holds at each point in time in a
setting where steady-state inflation II, is constant. Yet, the decomposi-
tion also applies in a setting where inflation is slowly changing over time.
For instance, suppose that inflation changes from year to year according
to a random walk, with inflation being equal to II,; in year t. Price set-
ters then expect future inflation to be equal to the current inflation rate
I1.;, so that our steady-state pricing results continue to apply. And since
the vast majority of prices have adjusted over the course of a year, the
cross-sectional dispersion of prices at the end of each year will depend
largely only on the inflation rate II,; prevailing during year ¢t. Equation
(30) thus provides a theory-implied relationship linking (yearly) infla-
tion rates II,; to the cross-sectional distribution of first-stage residuals
Var?(u;,;) at the end of the year.

Depending on the distribution of optimal inflation rates, an increase
in I1,; can lead to either an increase or a decrease in price distortions: if
average optimal inflation rate (EY[IT},]) lies below actual inflation, then
price distortions are predicted to increase with inflation. The opposite is
true if the average optimal inflation rate lies above actual inflation. Using
our our first-stage residuals, we can estimate Vard(u;,;) as Var? ()
and test whether the predicted relationship with inflation is actually
present in the data.’® We investigate this issue in the next section.

3In the absence of price stickiness, we have ¢, = 0 so that price dispersion does
not depend on inflation.

4 The estimated first-stage residuals Uj.¢ are unbiased but contaminated with mea-
surement error. To the extent that measurement error does not vary over time,
Var? () will correctly capture the time variation of Var? (u;.¢).
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Figure 8: Correlation between inflation and price distortions at the item
level

7.2 Inflation and Cross-Sectional Price Distortions
over Time

The present section investigates the comovement between inflation and
cross-sectional price distortions over time. It considers first comovement
at the level of expenditure items and then comovement at the aggregate
level, i.e., for the expenditure-weighted average across items.

7.2.1 Item Level Results

This section test whether the correlation over time between the item-level
inflation rate Il.; and the cross-sectional price distortion, as measured
by Var?(i;,), behaves in line with the predictions of proposition 3

To test this prediction, we compute the correlation between II.; and
Vari(;,,) over time, using all items z for which we have at least three
years of data.’® The top panel in figure 8 depicts the resulting distribu-
tion of correlations across items, using all correlations with a p-value less
or equal to 10%. The bottom panel depicts the distribution of p-values.?
Figure 8 shows that there are significantly positive and significantly neg-
ative correlations, but more positive than negative ones.?”

Proposition 3 implies that positive (negative) correlations emerge
whenever optimal average inflation (E7[II%,]) lies above the average ac-

55 This is the case for 696 expenditure items.

56206 of the 696 correlations have p-values smaller than 10%.

5TThis result is robust to choosing tighter p-values, e.g., a value of 5%, or to
considering all correlations, independently of their p-value.
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Figure 9: The relationship between average optimal minus actual infla-
tion (y-axis) and the correlation between inflation and cross-sectional
price distortions (x-axis)

tual inflation rate in the item. Figure 9 shows that this is indeed the
case: it depicts the outcome of a regression of the gap between optimal
and actual inflation on the correlation and its square. The regression line
behaves in line with the predictions of proposition 3. This is particularly
true for the statistically significant parts of the regression line.®

7.2.2 The Expenditure-Weighted Average Item

We now consider an economy-wide measure of cross-sectional price dis-
tortions and its comovement with aggregate inflation. In particular,
we aggregate the cross-sectional item-level variances Var! (), consid-
ered in the previous section, across items using item-level expenditure
weights. According to equation (30), time-variation in this measure re-
flects time variation in cross-sectional price distortions.

Figure 10 depicts the resulting aggregate cross-sectional distortion
measure together with the aggregate inflation rate.”® Unlike aggregate
price dispersion, which is trending upward, see figure 7, aggregate price
distortions do not show much of a time trend. In addition, aggregate

>8This continues to be true when restricting consideration to a linear regression or
when including a third order term into the regression. The coefficient on the third
order term is not statistically signficant.

" Note that aggregate inflation is also an expenditure-weighted average of item-
level inflation rates. Figure 10 displays annual dispersion and annual inflation to
remove within-year seasonalities in price dispersion and inflation. Both measures are
computed as a 12 month average of monthly dispersion and monthly year-over-year
inflation rate.
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Figure 10: Aggregate inflation and aggregate cross-sectional price dis-
tortions

price distortions covary positively with aggregate inflation: the correla-
tion between both measures is equal to +0.67 and is significant at the
1% level. This shows that higher aggregate inflation rates are associated
with larger amounts of cross-sectional price distortions in the data.

Importantly, this result is not driven by outliers in the distribution of
first-stage residuals. For instance, results are similar when removing the
2.5% highest and 2.5% lowest residuals in each item before computing the
variance of first-stage residuals. Likewise, computing instead a robust
dispersion measure leads to very similar outcomes.%

Proposition 3 predicts that the positive correlation between aggregate
inflation and cross-sectional price distortions is driven by products for
which the optimal inflation rate II}, lies below the actual inflation rate.
This theoretical prediction can again be tested. To do so, we group in-
dividual products according to their optimal inflation rate. Specifically,
we consider the 1/3 of products with the highest and the 1/3 of products
with the lowest optimal inflation rate in each expenditure item and then
recompute price distortions for these two sub-groups.®!

The top group of products has an (unweighted) average optimal in-
flation rate that varies between +2.75% and +5.0% over time, which
roughly covers the range in which actual inflation moves. The bottom
group, however, has a deeply negative optimal inflation rate that ranges

80Following Nakamura et al. (2018), we computed the interquartile range (IQR)
of first-stage residuals at the level of each expenditure item and then use the
expenditure-weighted median to aggregate across items. This leads to very simi-
lar conclusions.

61We split products within each expenditure item, rather splitting products across
all items combined, to avoid that results are driven by compositional effects. As
is well-known, the average optimal inflation rates varies systematically in the cross
section of items.
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between —6% and —9% over time. According to the theory, this group
should display a strong positive correlation between price distortions and
inflation over time. In contrast, the top group should display no or only
a weak correlation with inflation.

This is indeed what we find: for the top group, the correlation be-
tween inflation and price distortions is weaker (+0.38) and only mar-
ginally significant (p-value of 0.09); for the bottom group, the correlation
is strongly positive (+0.69) and highly significant (p-value of 0.001). In
line with sticky price theory, the positive correlation between inflation
and inefficient price dispersion at the aggregate level is thus driven by
products with optimal inflation rates that lie below actual inflation.

7.3 Bounds on Price Distortions and Changes in
the Dispersion of Flexible Prices

This section derives upper and lower bounds on the amount of relative
price distortions due to inflation over the sample period and discusses
the drivers of the upward trend in aggregate price dispersion in the top
panel of figure 7.

Proposition 3 implies that the (aggregated) variance of first stage
residuals represents an upper bound on the amount of price distortions
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that is due to inflation.? The upper bound of the variance reached in

figure 10 is approximately 2.5-1073. Therefore, absent any flexible price
dispersion, price distortions gives rise to a standard deviation of prices
of at most v/2.5-1073 = 5% . While this is quantitatively large, price
distortions account only for about 1% of aggregate price dispersion.

A lower bound on the maximum contribution of inflation to price
distortions over the sample period is given by the min-max range of
the variance of first-stage residuals, as the time-varying component is
- according to the theory - solely due to inflation. This range is ap-
proximately equal to 1.5 - 1073 in figure 10 and implies (in the absence
of flexible price dispersion) that inflation would induce variation in the
standard deviation of prices of up to v1.5-1073 = 3.87% over time.
Again, this appears sizable in absolute terms.

Aggregate price dispersion, however, is overwhelmingly driven by
price dispersion that is also present under flexible prices. Figure 11 de-
picts the aggregate price dispersion, previously shown in the top panel
of figure 7), together with the dispersion of the identifiable components
of the flexible price dispersion (the expenditure-weighted item level vari-
ances Var/(Inp}, — InIIf, - t) from proposition 3).

Figure 11 shows that the identifiable component of flexible price dis-
persion accounts for the vast majority of aggregate price dispersion and
also closely tracks it over time. Since time variation in the distribution
of optimal inflation rates (In1I7,) is very limited, virtually all time-series
variation is due to time-series variation in the cross-sectional dispersion
of the intercepts (Inp3,).%

This shows that time series variation in aggregate price dispersion
is to a large extent driven by time series variation in flexible price dis-
persion, which strongly rises over time. The increase in flexible price
dispersion may reflect a number of economic forces, such as a widening
cross-sectional distribution of mark-ups, productivities, or unobserved
product qualities/variety. The large increase in flexible price dispersion
over time is also the predominant reason why aggregate inflation fails to
covary with aggregate price dispersion over time, see figure 7.

8 Conclusions

In summary, our research derives three key insights:

1. We establish a robust link between deviations of inflation from its

2This is so because the intercept v, > 0 in equation (30) is not due to inflation.

63To make comparisons meaningful over time, figure 11 reports the dispersion
coming from intercepts using the normalized intercepts Inpj, —II7, - t?z, where t?z is
the time period in which the product first enters the sample.
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product-specific optimal level and an increase in price distortions
at the product level.

2. At the aggregate level, we find a positive association between vari-
ations in aggregate inflation and cross-sectional price distortion,
which is mainly driven by products with optimal rates of inflation
below actual inflation.

3. The dynamics of aggregate cross-sectional price dispersion over
time are largely driven by identifiable components of the flexible
price dispersion. This suggests that factors beyond inflation are
the main driver of the dynamics in aggregate price dispersion.

Collectively, these findings offer substantial empirical support for the
theoretical foundations of sticky price models and the monetary policy
implications they engender.

In future research, we intend to explore the relationship between
price distortions and demand misallocation. This requires the observa-
tion of product quantities alongside prices, which is feasible only for a
narrower range of products. Yet, it holds significant implications for
understanding the real implications of suboptimal inflation.
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A Details of the Introductory Model with Taylor
Frictions

Consider the Taylor (1979) model as outlined in Section 2. The firm’s
objective is as follows:

N-1 N-1
= D (g~ W)’ = g 3 (1apye — gy, — (/L)
nP; i=0 P i=0

The first order condition yields:

opt
In Dji

= Inpj, + 5 In(IT/TT7)
If an adjustment happens in period ¢, then for all 0 < i < N:
opt . * N -1 * .
lnpjt_,_i = lnpjt —¢Inll = lnpjt —+ T 1]:1(H/HJ) —7InT1I

Since the flex price is given by Inpj, — iIn I}, relative price distortions
are:

N-1 .
Ujtti = (T - Z) In(I1/117)

Summing squared distortions over all 0 < i < N:

N-1 Nl )
Var(uj) =Y u?,, = (InT - InTI)* Y (T _ 2)
=0 i=0

NN - 1)(N +1) N
= N (InIT — InIT})

Note that adjustment size is given by:

In P —In Py =Inp%' —Inpj1 + InTl
=Inp%' —Inpl v+ (N —1)InIl + InII

= N(InIl — InIT)
A.1 Absolute Price Changes May Miss Price Dis-

tortions

Suppose now that frictionless price In p}, has an additional idiosyncratic
component xj; that follows a two-state Markov chain (z;; € {—7,7},7 >
0) and switches states with probability one at the times of price adjust-
ment and with probability zero otherwise:

Inpy =Inp; —tInll; + x;
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Since the value of xj; does not change during a price spell, it is straight-
forward to verify that, as before:

= Inp}, + 5 In(IT/TT7)

Ujt4i = (% — Z) ln(H/Hj)
N(N = 1)(N +1)

Var(u;) = 1 (InII — InIT})?

opt
In Dji

Conditional on z;, the size of adjustment becomes:
In P —InPjy_y =Inp%' —Inpj1 + InTl

=Inp%' —Inp? v+ (N —1)InIl + InII

= N(In1l — InIT}) + 2z

The average absolute adjustment size is then:

o 1 . _ . _
E[|In PP —In Py 4|] = 5 VI (T/T5) + 22] + | N In (I1/T1) — 2]
Suppose that N In (II/II}) € (—2z,2z). Then:

B[0P —In Pysf] = 2 [(VIn (1/11) + 22) (N In (11/11) = 27)]

1
2
=2
Therefore, as long as N In (H / Hj) € (—2z,27), suboptimal inflation has

no effect on the average absolute size of adjustments, while still affecting
price distortions.

B Proof of Proposition 1

In this section we prove that it is impossible to recover the price gap dis-
tribution if shocks are stationary. To lighten notation in this appendix,
we drop the z subscript referring to the expenditure category. Suppose
an econometrician observes the infinite path of actual prices Inp;; and
it is known that this path is generated under the time-dependent fric-
tion and stationary shocks In . The econometrician can recover the N
values of the vector f = [f1,..., fy] of f(z;) as defined in (12):

o0

flzj) = (1 —a)Ey Z(Oz)i In iy

=0
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In addition, the econometrician can recover the N x N transition matrix
A7
>‘{1 T )‘{N
A=+ - ],
! f
Ani o Ay
where )\{j is the probability of observing f; in the subsequent period,
conditional on observing f; in the previous period.’* From the definition
of f(z;:) it follows that:

f=(1-a)lnx+ aA"f

where Inx is the state vector of the process In z;; and A” is its transition
matrix. Setting A” = A/ and solving the above equation for Inx =
Inzy,...,Inzy] provides a candidate for the process Inz;; that leads to
the observed process f(z;;). However, as we show below, this candidate
solution is not unique and the observed N-state process of f(z;;) can be
equally supported by an (N +1)-state process InZ;;, defined on the grid
InX = [Iny,...,InZy,InZnyq] with (N+1)x (N +1) transition matrix

A”. Such a process would lead to an (N+1)-state process of f(z;:), with
fi=fiforalli < N and fy = fyi1 = fv, making f(z;,) and f(z;,)
observationally equivalent, provided the transition probabilities of A®
imply A/. To construct such a process, set In%; = Inx; for all i < N,
InZy =Inwy —cand InZy, = Inzy +¢ for a sufficiently small € > 0.9

We now construct the transition matrix A” in the following way:

11 12 o Ay | AIn/2 in/2

A" = | Alwzns Az - - - Aoy v Ny /2 vy /2
ANt AN - )‘HJBV(N—l) f\% AV

_)‘((TN+1)1 ANg - AQ(CN—H)(N—l) N N

All elements in black are borrowed directly from the A* matrix, whereas
elements in red are to be solved for.® The first (N—1) rows of A® ensure

64This can be achieved by conditioning on price spells of length one.

650ne requirement for ¢ is that InZy and InZ ~N+1 do not coincide with existing
values of Inx;. A stricter condition on the size of ¢ is introduced below.

66We order states such that A%; > 0 and A%, > 0. This is without loss of
generality since In x;; is a stochastic process, implying that there exists a state ¢ such
that for at least two states j; and ja, Aij, > 0and Aj;, > 0.
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that for all # < N:

~ N+1~ ~
fi= (1—a)1nazni+aZAfjfj
j=1
N-1 AT \*
= (1—a)ln$i+ozj;)\fjfj—l— (ZTN—FZTN) In=1Ti

We now have to set the elements in red (\%,, \%, ;\fN+1)1, N.,) such

that fN = fN+1 = fy. For i = N it requires:

N-1

fy = (1—a)(lnzxy —¢) +QXRr1f1 +O¢Z/\ i +2)\% VN

=2

= fy — (1 — @) + a(\gy — Nop) fi + @23y — Mow) fv = fv

Denote Z;V 21 = )\, then it must be the case that A%, + A +2)\% = 1

to ensure that Af‘C is a proper transition matrix. The same applies to the
elements of A”: A%, + A+ A\{y = 1. Substituting A%, and A%y in the
above equation and rearranging terms yields:

U I Sl l—a ¢
. M o f 1= In
For i = N 4 1, a similar line of arguments leads to:

~ 1 —a €
\E — )\
(N+1) 1 N1 a fl fN

and the remaining elements A% and A%, -1 can then be recovered using the
fact that all rows of A” sum up to one. ¢ must be small enough to ensure
that A%, A%, )‘(m+1)1 and /\NJrl are all € [0, 1]. Such ¢ always exists since
we have ordered the states to ensure A\%;; > 0 and A%, > 0 and there are
infinitely many of them. It remains to show that transition probabilities
in A” imply A/. This holds trivially for all transitions between states
fi and f; such that 4,7 < N. It is also true for transitions from f; to
fn when z <N smce the probability of transiting from f; to fy is then
equal to “\’ + “V = MA/y. Finally, note that states Inzy and Inzy;
have the same uncondltional probability,®” and therefore the probability

of moving from fy to f; is equal to 3 <~§3\,i + 5\”(”N+1)i> = A}, for all

R 67The unconditional probability satisfies p = (Aw)' p, and the last two columns of
A? are identical, implying identical values of py and py41.
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¢ < N. This implies that the probability of staying in fy is also the
same as in the original process (A% ).

Therefore, we have constructed an N+1-state process In Z ;; that leads
to the same process f(z;;) as the N-state process Inz;;. By induction
this step can be repeated arbitrary many times.

C Testing for a Random Walk in Idiosyncratic Shocks

This appendix shows that our data strongly rejects the presence of a
pure random walk in Inz;,;. One can test for a random walk in Inz;,,
by exploiting the fact that the optimal reset price upon price adjustment
involves a constant gap relative to the flexible price, whenever Inz;,; is
a random walk. This holds true with Calvo frictions, see equation (11),
but also for the case with menu cost frictions.

Consider the times ¢, (n = 1,2,...N,,) during which the price of
some product j in expenditure item z adjusts. Given the constant gap
property, we have

lnp?’;inﬂ - lnpjo-gin =—Inll}, - (tp1 —tn) +In€jonp (31)
where
Inejni =nw,,,, —Inz,,,.

With a random walk in In x, the residuals In e are uncorrelated over time
and have adjustment-time-dependent variance (¢,,1 — t,)o?, where o2
denotes the innovation variance in the random walk in expenditure item
z. These two properties can be tested.

To test for the adjustment-time-dependent variance, we use all ob-

servations (f,41 — tn, ejan) within some item z to run the regression

(ln ejan)Q =a, + bz(thrl - tn) (32)

and check whether b, = 02 > 0 as predicted by the random walk. Figure
12 reports the distribution of the estimated b, and the associated t-
statistics using all products with N;, > 3. It shows that the random
walk hypothesis b, > 0 is strongly rejected by the data.

Second, we can also test if the residuals Ine in (31) are uncorrelated
over time. To do so, we re-scale residuals according to (In €;.,,41) /v/Tn+1 — tn
to make them homoskedastic under the null hypothesis of a random walk.
We then compute the autocorrelations C/’OE”Z = 50\1)z / @“Z of these re-
scaled residuals within each item z, using the variance and covariance
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Figure 12: Random walk test, equation (32)

estimates for all products with N;, > 3:

2
Inej.p
— N, —2 N, (Jtn—tn,l)
Var, = | =F"%— 05—
> > (Npe —2) =2 Nj, —2

Inej., Inejni1
60\1) . Z sz -3 Nj:—=1 \/tn—tn—1 VEnt1—1In
z ; =2
P\ (Nee = 3)7" Nj. =3

The left panel in figure 13 depicts the estimated autocorrelations across
items. Almost all of the estimates are negative, and most of them siz-
ably so, which is inconsistent with Inz;., following a random walk. The
right panel in the figure reports the bootstrapped p-values for the au-
tocorrelation being weakly larger than zero, as implied by the random
walk, and shows that these values are very low.

We then repeat the analysis when exogenously imposing II7, = 0
for all products in the first-stage regression. This is motivated by the
possibility that the estimated time trends II7, could be purely spurious
in the presence of a random walk in Inz;,;. While the estimated coeffi-
cients b, in (32) are then symmetrically centered around zero (but still
not predominantly positive), the evidence on the auto-correlation of the
residuals remains almost identical to the one shown in figure 13 for the
case with an estimated time trend II}, in the first-stage regression.

Based on these findings, we conclude that unobserved shocks in our
data do not follow a pure random walk.
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Autocorrelation p-values (H,: autocorrel. = 0)
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PO

0.01<=pval<0.05  0.05<=pval <=1

Figure 13: Autocorrelation of residuals and bootstrapped p-values (ran-
dom walk implies autocorrelation of zero)

D Details of the Calvo Model
D.1 Firm problem

The price-setting problem of firm j in item z in price-adjustment period
t consists of choosing a nominal price P;,; that maximizes the expected
discounted sum of profits,

i W, 7
max E; Zaz ];H [ + 7) Py — Aiszt+inzt+i:| Yiari  (33)
]zt t+1 zt+1

-0 P -1
sit. Yy = ¢Z<p]:> <P:> Y, (34)

where €2 ,;, denotes the stochastic discount factor of the representative

household, Y}, output of product j in item z, and Wy ;G4 X1/ Astri

the firm’s nominal marginal costs, with firm productivity given by A.;1:/(Gj.1iXzt44),
as in equation (8), and the nominal wage given by W, ;. The parameter

7 is a sales subsidy (tax if negative). Maximization is subject to equa-

tion (34), which is derived from the cost-minimizing household demand

function (7) using market clearing conditions.

D.1.1 Balanced growth path

We approximate the profit maximization problem (33) around a deter-
ministic balanced growth path of the economy, in which aggregate and
item-level output and consumption grow at constant rates, aggregate
and item-level inflation rates are constant, and in which the amount of
labor L¢, allocated to production in item z is also constant over time.
All idiosyncratic shocks continue operate, i.e., there is product entry
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and exit and idiosyncratic shocks move the product’s optimal relative
price over time. Without loss of generality, we consider the efficient
deterministic balanced growth path.

Within each item z, the efficient allocation of labor across products
J maximizes the item-level output in equation (5) subject to the pro-
duction function (8) and the feasibility constraint that LS, = [ LS., dj.
This implies that the efficient level of output in item z is

AZ
V5= Rl (35)

where the productivity parameter 1/A¢, in the efficient allocation is
given by

/AL = ( / (X)) dj) - (36)

We consider a balanced growth path in which 1/AS, = 1/AS, so that
equation (35) implies that item-level productivity is given by%®

= Au/AL (37)

Using equation (6), aggregate productivity I'{ of the economy is given
by69

z

Iy =[]y (38)

z=1
Equation (37) and the previous equations imply that the steady-state
growth rate of aggregate output and consumption along the balanced
growth path, ¢ =TI'¢/I'¢_,, is given by

Z
v =]]at (39)
z=1

where a, denotes the steady-state growth rate of item-level productivity
A,;. From equation (37), we also obtain that the steady-state growth
rate of item-level output and consumption, v¢ = I'¢, /TS, ,, is given by

Y, = Q.

68Tt is straightforward to accommodate also a trend in 1/A¢, in the balanced
growth path, but this does not yield any additional insights.

69To see why, substitute equilibrium output for equilibrium consumption in equa-
tion (6) and detrend all output variables in the resulting equation by their growth

trends. This yields
ﬁ Y5\
re ’

z=1 2t

Yo o
re

Hf:1 (th)a/;z
I'y

so that the aggregate growth trend is given by equation (38).
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D.1.2 Detrended firm problem

With growth-consistent preferences that exhibit constant relative risk
aversion, the one-period household discount factor is given by 2 =
w (7¢)"7 < 1, where o denotes relative risk aversion and w is the rate of
time preference. Using this expression, the firm problem (33)-(34) along
the balance growth path can be written as

- i Pia WiiGiaiXjany P\ " [ Pui) "
IeE OZZCL)("}/e)l o |:(1 +7_) J o J J wz J Y,
! t;( ) Piyi PryiAsiyi Py Py
where y = Y;.,;/I'¢,; denotes detrended output. Furthermore, using

equation (37) to substitute for A,;,; in the previous equation, augment-
ing the wage rate by the aggregate growth trend I'f,; and denoting the

detrended real wage by w = %, we obtain
< —o\i P; GingriXimri T, P, -0 Purss -1
IVE aw(ye) e {1—1—7’ LAYk i ket a2 Y jz i
t t; ( (7 ) ) ( )Pt-H' Ag F§t+i Z/} PZt+i Pt+i y

Augmenting the relative product price P;,;/P;1; in the previous equation
by the item price level and rearranging yields

= v P; GavriXjotri Pyl \ 7 P
T°E LW e\l—o 3 1+7 Jzt w Jzt+1<) gzt 3 ( zt+z) J

To show that the term in curly brackets in the previous equation is con-
stant along the balanced growth path, we divide each output variable in
the demand for item-level output, Y; = v.(P.;/P;) 1Y}, by its respective
growth trend. This yields

—1
Y= Pztrzt
Ty, [ 22 40
y v (Pth) “0)

Shifting this equation forward and substituting it into the firm objective
yields

e - eyl—o)? P'Z —1 W Yz P'Z —1 -
FtEtZ (azw(V )1 ) {@Dz(l +7) ];:Hz - EZszt+inzt+i:| <PL;HZ ) Y
i=0 # z #
(41)

where we denote the steady-state inflation rate in item z by
Hz = Pzt/Pzt—l-

To rewrite the firm objective (41) in terms of the relative prices and
marginal costs, we define the relative reset price pj,; = Pj.+/P., which
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is the nominal price of product j in period ¢ over the item price level
in the same period, and the relative price Dj.i+; = p;.¢I1;", which is the
nominal reset price in ¢ over the item price level in t +i. We also define
real marginal costs in units of the good produced in item z according to

me _ VVt szthzt
Jjzt =— 15 4
Pzt Azt

Augmenting this definition by P,I'{ and using equation (37) to substitute
for A,; yields

Wi GyoiXper (Pl
PT; A: \ By )
and using equation (40) to substitute for the last term on the right hand

side in the previous equation shows that marginal costs can be expressed
as

McCjyt =

W Yy
Ay
Substituting the previous equation and the definition of the relative price
Djzt+i into the firm objective in equation (41) yields, after dropping the
pre-multiplying constant ,I'¢:

GjauXja. (42)

wz Mcejt =

[e.o]

E, Z (ozzw(ye)l_")i (14 7)Pjztsi — MCjaryi] (ﬁjztﬂ‘)_e Y. (43)

D.2 Quadratic approximation of the firm objective

To simplify notation, we drop the item-level subscript z in the remainder
of the appendix. The firm objective (43), that we seek to quadratically
approximate, can then be written as

o0

By Z(Oéw (V)L A+ T)Bjers — mejeed] Biers) "y (44)

where it is understood that «, pji4; and mc;.4; are item specific objects.
From equation (42) follows that

Inmej; = Inme; — (In15) - ¢ + Inxy,. (45)
1w ye
U PANS ]
ductivity level at the time of product entry ty; In I} = In Gat/Gizt—1
is the deterministic constant growth rate of product-specific productiv-
ity and Inz;; = In X;,, denotes the stationary stochastic idiosyncratic
component of productivity. The values for mc; and II} are drawn at the
time of product entry from potentially time-varying distributions.

where mc; = Gz, With G4, denoting the product-specific pro-
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By equation (44), the objective for period ¢ + i is given by
Dyess = [(1+ m)enons — dnmesn] (@7 (4

We approximate this objective to second order in the variables Inpj;,
and Inmcj:y; around the deterministic paths of the flexible price and
marginal costs, respectively. The deterministic path of the flexible price
is equal to
d
Imee

where mcdet

5 denotes the deterministic path of marginal costs which is
equal to the value of marginal costs mc;; imposing z;; = 1, and ¥ =
G%ﬁ denotes the flexible-price markup.

The second-order Taylor approximation of equation (46) yields

Djiyi = (y9™") =) Inmeji [ — 0(Inpjyi — 1n(19mC?fii))2

+20(In pjry; — In(ImcSsy,)) (Inmejys — Inmclss)| + O(3)
= (—0yv~?) (mc?fii)lig [Inpjisi — ln(z?mc?ffri) — (Inmeji —In mctdffrti)}2 + t.i.p. + O(3)

(—0y0~?) (mc?ffri)l_e [Inpjiri — In(Imejess)] 2 Ltip. + 0(3),
(47)

where t.i.p. collects terms independent of policy and it follows from equa-
tion (45) that mclet, = meje” M) Thus, we rewrite the Taylor
approximation coefficient in the previous equation according to

N N\ 1-0 )
Oy (mcjef(lnﬂj)(tn%)) _ —Qyﬁ_emc}_e(ﬂj)(9_1)(”2).

We can now express the expected discounted sum of period profits in
equation (44) accurate to second order according to

—Hyﬁ’emc}’e(ﬂ;)w’l)tEt Z(aw ()7 (H;f)e’l)i [Inpjeri—In(Imeje)] 2+t.i.p.—i—0(3)
i=0

which is proportional to

[e.9]

~B> (af))' [Inpj — iln Il - In(pl,, )] + tip. +O3)  (48)

=0

after substituting pj; = pjII™* and denoting the firm discount factor
by B = w (y%)" "7 (II5)?" and defining

* JR—
Pjiri = ﬁmcjtﬂ'
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which implies using equation (45)

—(InII})e

* JR—
pjt_pj xjt?

which is equal to (10) for p; = ¥mc;. While p, denotes the firm’s flexible

price, the ratio of two firms’ flexible prices is equal to the efficient relative

price for these firms, whenever price mark-ups are constant across firms

and time. In this special case, pj, denotes also the efficient relative price.
We can then express the flexible price in period ¢ + i as

* _ % —(InIT*): -1
Djiqi = Pjr€ I L i X gy

and substitute into equation (48), which delivers

max — Z(aﬁj) (Inpje — i In(II/IT%) — Inp}, — Inaje; + In mjt)z :
n jt i—0
(49)
The first-order condition is given by
0= —2F, Z(aﬁj) (lnpom — i In(I/I1%) — Inp}, — Inzje; + Inay,)
i=0

which implies that the optimal price is given by

lnpopt lnp;‘t—ln:cjt—l—(l f%ﬁ) ln(H/H* )+E(1—ap;) Z af;)’ lnxjtﬂ
J =0
(50)
since 7% (eB))'i = 3272, (a)'i = 5 aaﬁé > with «3; < 1. For the limit

B; — 1, this reduces to equation (11).

D.3 Asymptotics of the first-stage regression

To simplify notation, we drop the item-level subscript z in the remainder
of this appendix. Starting with equation (13), we substitute In pf " using

equation (11) and also use (10) to obtain

«
Inp;; = &(lnpj— —InID)+(1-E;) (11110;f —tInTl} + — In(IL/1T}) + f(xjt)> ,
(51)
where f(z;;) is defined in equation (12).
To derive the OLS estimates of the parameters in equation (14), we
rearrange equation (51) to

Inpj; +tIn Il = i (Inpj 1 + (¢ — 1) In 1T — In(T1/117)) (52)

+(1— &) <ln P ~ In(I1/IT}) + f(xjt)) .
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Computing the unconditional expectation yields
Ellnpj +tInIl}] = aB[lnpj1 + (¢t — 1) In1T}] — o In(I1/TI7)

+(1-a) <1np;f + s “ 1n(n/n;f)) ,

-«
using independence of &, and E[f(z;;)] = 0. Given stationarity of the
detrended relative price Inpj; + ¢ Inll7, the previous equation yields
Ellnpj; + tInIl7] = Inpj,

or

Inpj; = Inpj — tIn L5 + uyy, (53)
where u;; denotes an expectation error with zero mean. This shows that
for regression (14) we get

l@ — Inpj

Inb; — InIIj,
as the number of price observations becomes large.

D.4 Proof of proposition 2

This appendix derives equations (16) and (17) in the main text. To
simplify notation, we drop the item-level subscript z in the remainder
of the appendix. We substitute equation (53) into equation (52), which
yields directly yields equation (16). Squaring equation (16), taking un-
conditional expectations, and using independence of j; yields

(/)

Eluf) = E[Qz’t]E[(ujtfl—IH(H/Hj))Q]+E[(1—€jt)2]E[(f(ﬂfjt)+1 —
where we also used E[(1 — &)&:] = 0. We can rewrite the previous
equation using E[¢7] = « and E[(1 — &)?] = 1 — «, completing the
squares to obtain

E] = aBu},_; + In(I1/IT})* — 2uj_; In(I1/11})]

= @)B[faa? + (W) + 27

(% (0%

In(I1/115)].

— —

Recognizing that the expectation of the cross terms in the previous equa-
tion are zero because Eluj| = 0 and E[f(xj)] = 0 yields

«

E[“?t]zaE[“?t11+a1n<H/H;f>2+<1—a>E[f<:cjt>2]+<1—a>(1 1n<n/n;f>> |

—
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Using E[u},] = E[u3,_,] and simplifying terms yields

Bluj) = E[f(2;)"] +

jt

« *\2

Recognizing that Var[u;] = E[u}], as Eluy] = 0, and Var[f(z;)] =
E[f(z;)?], as E[f(x;)] = 0, delivers equation (17).
E Details of the State-Dependent Model

To simplify notation, we drop the item-level subscript z in the remainder
of the appendix.

E.1 Setup and OLS regression

Let z;; = Inpj; — Inpj, be the deviation of the current relative price of
product j from the flexible price optimum. Then in between adjustments
zj¢ follows:

dzjy = dInpj; —dlnp}, = — (In1l — In1I}) dt — dInzj

—_——
1
N
dlnzj = Z(ln z; — Inzj)dJ (Inzj;)
i=1

where dJ;(Inz;;) is a Poisson jump process with intensity dependent on
the current state Inxj;. Since Inpj; = Inpj, + 2, it follows that:

Inpj = Inp; +Inzj —tInll; + 2 (54)
E [Inpj + tInlT}] = Inp} + Ellnz;] +E[z]
=0

And thus the estimates of OLS regression (14) converge to

—_

Ina; — Inp;
mb; — I},

if E[z;;] = 0, which is true in the limiting case as p — 0, as shown
below.” Furthermore, residuals and their variance can be written as:

uj = Inpj —Inp: +tInll} = 25 + Inxy
Var(uj) = E[zft] +2E[zjilnxj] + Var(lna;,) (55)

"OWhile this result is shown formally under the assumption of sufficiently small
K, it holds more generally. As p — 0, the firms’ value until adjustment becomes
the negative expected squared deviation of price gaps from zero, maximizing which
requires setting the expected price gap to zero.
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E.2 Solution

The firm’s objective is to maximize its value from equation (20), given
by:

V(z,z;) = max —FE
{ri, Az 332,

/ e Pty dt—i-liZe pTi
0

=1

20 = <, Io—(L’Z]

The firm’s policy consists of a collection of inaction region boundaries
{z(x;),Z(z;)} and reset price gaps z(x;), for all i € N. The HJB equation
for the inaction region is given by:

oV (z,25) = —2% — pd.V(z, x;)

_|_Z)\ — (Inz; —Inz;), ;) — V(z, 7))
J#i

The optimal policy satisfies the usual smooth pasting and optimality
conditions: 0.V (2(x;),x;) = 0.V (z(x;), ;) = 0.V (Z(z;),z;) = 0 and
Vi(z(xi), ;) = V(Z(x;), ;) = V(2(2;), x;)—k. Definev(z, x;) = V(z,2;)—
V(2(x1),x1). Then:

pv(z, ;) = —2* — pd,v(z, x;)

+ Z A5 (v(z — (Inz; — Inw), x;) — v(z, ;) — pV (E(z1), 21)
J#i

with 0,v(2(z;), z;) = 0.v(z(x;), x;) = 0.v(Z(x;), x;) = 0and v(z(x;), z;) =

v(Z(z;), x;) = v(2(x;), z;) — k. We now take the limit as p — 0.
Proposition 4 As p — 0, the scaled value function pV(z,z) at any
state {z,x} converges to a constant: lir% pVi(z,z) = A€ R Vz, z.
p—
All proofs are provided in section E.3. By Proposition 4, hII(l) pv(z,x;) =
p—
0 and lin% pV (2(xy1),21) = A, so that:
p—

Nu(z,25) = —2° — pd.v(z, 1)

—l—Z)\ z—(Inz; —Inz;),z;) — A
J#i

where \X = ZA;Z /\f]( = —\¥ is the intensity with which Inz; is exiting

state i. Evaluate the above expression at z = Z(z1), x; = x1 to obtain:

A=— () + Z/\UU —(Inz; —Inxy),z;)
J#1
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Lemma 5 There exists K > 0 such that firms find it optimal to adjust
after every change in x for all Kk < K.

Suppose that x is small enough in the sense of Lemma 5. Then firms
find it optimal to adjust whenever idiosyncratic state x changes its value.
The HJB equation becomes:

Nou(z,25) = —2% — po.v(z, x;)

N
+ Z)\gv(é(xj),xj) —Mr—A

J#i

with

A=— (3 +Z)\ )

and value function satisfies:

v(z, ;) = Cie” ™" — ok T anx Tox
C; = Z)\f](-v(é(xj),xj) Mk —A
J#i
0.v(2(xy), z;) = Ov(z(xy), z;) = O.v(Z(x;), 2;) =0
v(2(i), i) — & = v(z(2:), 1) = v(Z(2:), 2)

with o; = ’\; As long as state x remains unchanged, price gaps evolve
deterministically with drift —pu. It thus suffices to solve for the reset
price gap and only one boundary of the inaction region. From now on,
we consider p > 0 and solve for Z(z;) and z(x;) since the upper boundary
of the inaction region is irrelevant. Because of symmetry properties of
the model, it is straightforward to then recover the solution and all
statistics for p < 0. To ease notation, let 2(z;) = 2; and z(x;) = z;.

Lemma 6 Suppose i > 0. Then for each state x;, optimal policy is
determined by the following two conditions:

e (1 — ;%) = ™% (1 — ayz;) (57)

AX
where o; = -
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Conditional on state x;, the price gap distribution satisfies:

X filz) = pd. fi(2)

/fz

fiz) =

and is thus given by:
aieaiz

edizi — pQiZ;

Elzi] = / fi()de =

2

It follows that:

Elz] =0
2 & 2 Zi + 2 A
E[2*|x;] :/ 22 fi(2)dz = A (58)
EHZﬂ-—-E;{z’+_§i—-zzJ (59)

where E,[-] is the expectation with respect to stationary distribution of
.

Proposition 7 For y close to zero, E[2*] = F [ : 2} 1?2+ 0(4).

(%)

Finally, note that E[zz] = E|z;E[z|z;]] = 0 and the main object
of interest — the variance of residuals from the OLS regression (14) —
given by:

S
Var(uj;) = Var(lnz;) + E ) 15+ 0(4)
S
:vwm%9+E(%ﬁ(mH—mmﬁ+m®

E.3 Proofs

Proof of Proposition 4. The proof here extends Lemma 3 in Online
Appendix of Alvarez et al. (2019) to a setting with two state variables.
Let V(z,x,p) be the value function in state {z,z} under discount rate
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p. We can write pV (z,x, p) as follows:

TN
pV(z,z,p) = —F {p/ e_ptzfdt} — KE
0

N
i1
/0 e_p(TN”)zzNHdt + K Z e_pTN+i]

=1
[ /
-~

pE[e—pTNV(zTN,zTN,p)]

_pE

where 7y is the N-th adjustment and all expectation operators are
conditional on zy = z,x9 = x. Subtract pE [e "NV (z,z, p)] from both
sides and divide by (1 — E'[e”*™]) to obtain:

p ™t pr -
= -P —pT;
pV(z,z,p) 1— Eer] E {/0 e "z dt} 1 = ]E E e

P —pT.
TWE [e PIN(V (2ry s Trys p) — V (2, xypm
fake the limit as P 0. Note that 1—E[£_ﬁ‘r]\/] - E[ql-N} and thus:
1 ™ kN
lim vV zZ,, = — E / Zth:| .
p—0 P ( p) E [TN] |: 0 t B [TN]

1
m }J% E [V(ZTN7 Trns IO) - V<Z7 xz, p)]

By Lemma 8, |V (27, Try,p) — V(z,2,p)| < C € R for all p > 0 and
thus this also holds in the limit as p — 0. As we take the limit with
N — 00, the first term converges to the unconditional expected squared
gap E[z?], the second term converges to adjustment frequency )\, times
adjustment cost , and the third term vanishes as F [tn] — oo. Thus
ll)i_r% pV(z,x,p) = —E[z?] — kA, = Afor all z,z. =

Lemma 8 There exists C € R such that for any p > 0 and any z,x, 2, 2,
\V(z,z) = V(2" < C.

Proof. First, we show that pV(z,z;) is bounded from below. To see
that, recall that V'(z, ;) is achieved under the optimal adjustment policy,
meaning that the value of any feasible policy is weakly lower. Consider
the following policy: the firm adjusts its price gap whenever it is hit by
a Poisson x shock. In addition, it also adjusts at random times with
Poisson intensity A;, which is specific to each state x;. These intensities
satisfy the following condition: AX + \; = max; \¥X = )\, such that in
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every state z; firms adjust with equal intensity A. Since adjustments
occur exogenously, firms only choose the reset price gap Z; to maximize
expected profits until the next adjustment:

zZ0 — 21:|

T [e.e]
max F [—/ e P22 |z = 731} = max F {—/ e (Pt 2
Zg 0 Z3 0

Because in between adjustments price gaps drift deterministically (z; =
— pt) and adjustment intensities are equalized across states, optimal
reset price gap does not depend on z and satisfies FOC:

el )=0=2=—t—_
/0 (2 — ) PRy

Denote by V(z, z) the value function under this policy. Since 9,V (2, ;) =
0, evaluating the HJB equation at z yields:

pf/(é,xi):—22+)\i(‘~/(2,xi)—li zx2> Z)\ ( (2,xj) — Kk —
J#i
3 (V) - V) i)_ﬁ<A Pt )
J#i i#i
=X

It is straightforward to show that ‘7(2,@) = V(2,7;) for all i and j.
Assume the opposite and let 7 = max; V(2,2;) and v = min; V'(Z, z;).
Then:

=224 Z /\z(y)J (‘N/ (2,x;) —U) —AK

J#i(v) d
<0
N
< 224 Z )\f((y)j (V(%,xj) - y) — Ak = pv
i#i(v) h ~- g
>0
Meaning v =71. As aresult, pV(2,2;) = —3% — Ak = (pJ:\ — Ak >

_F — Ak for any p > 0. Thus for the true value function evaluated
at the true optimal reset price gap Z(z;) it holds that pV'(2(x;),z;) >
pV (2, 3;) > —/\&2 — Ak for all p > 0.

Consider now the true value function V'(z,z;) and pick ¢ such that
V(2(x;), z;) = max; V(2(z;),z;). The HJB equation for this value func-
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tion satisfies:
2

=55 = A <V (E(), w1) = = ()2 —p .V (la) )

<0 =0
Z)\X V(2(x))—(Inz;—Inw;), z;) =V (2(x;), x;)
e svw?;),xj)
< Z)\ V(2(x5), ;) — V(3(x:),25)) <0
J#i ;’O

It follows that whenever )\fj{ > 0:

(_% _ M) INS < V() ay) — V(@) a) <0

For the states j where A5 = 0 we can bound the difference V' (2(z;), z;) —
V(2(x;), x;) iteratively because the network of z; is connected (every two
states are connected by some path). In addition, for any z, z;:

V(Z(x),x;) — k < V(z,2;) < V(2(x;), x;)

Therefore there exists C' € R such that for all p > 0, |V (z,2)-V (2, 2')| <
C forall z,x,2/,2. m

Proof of Lemma 5. Consider a model M in which firms are forced to
adjust after every change in z, but can also adjust at other times and
choose the boundaries of inaction regions and reset price gaps. Suppose
we now allow the firms to adjust whenever they find it to be optimal.
They will adjust their policies {z(w;), 2(z;), Z(x;) }}, only if changes in
x keep price gaps within the bounds of inaction regions. Otherwise the
optimal policy in model M and in the model of interest coincide, meaning
that firms find it optimal to adjust after every change in x. To see that,
compare the HJB equations in the original model (first line) and model
M (second line):

N u(z,25) = —2% — pd.v(z, 1)
+Z)\ z—(lnz; —Inz;),z;) — A
J#i
Nu(z,25) = —2% — pd.v(z, z;)

+ Y AN (W(E(y),2)) — 8) — A

J#
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If upon the change in z, z — (Inz; — Inx;) & [2(z;),Z(z;)], then v(z —
(nz; —Inxz;),z;) = v(2(x;),z;) — £ and the value functions in the
two models coincide. Therefore, % is such that min;;|Inz; — Inz;| =
max; z(x;) — min; z(x;) in model M. Such ® > 0 always exists since for
all ¢ Il{lir(l)z(mz) = }illr(l)g(xl) =0. =

Proof of Lemma 6. From 0,v(%;, z;) = 0 and 0,v(z;, z;) = 0 it follows:

—q,CVe % _ 2% 2 _ 0= —a;CPe %2 _ 2, 2
(2 (2
! A;X ozz)\ZX ! )\;X OZZA;X
o 22i6ai5i it 0 o 2§i€aiéi e%iZi
T TINT Ty T T T T O T T
i i i i
e (1 — %) = €M% (1 — ay2;)
Similarly:
) X X [’ X X
P 2,7:’1 e 22
Cle % + X = Cle iz 4+ ;X
Qi A} QA;
P o 2(2; — 2
Cremte=) = ¢y  enan 2B B (60)
i
From v(Z;, ;) — k = v(z;, x;) it follows:
52 5 2
Cpe—aiéi - i 2Zi — k= (Ve %iZi Zi 2'Zi
' A S ’ AS s
—— (2 —z) 22— 22
Cremtei g gz [2E—20) LB CE ] e

where the last line follows from (60). =

~ 0%; Oz; E[2? i
Lemma 9 For every state x;, zi%—'z = giaiul = %

Proof. The first equality follows directly from the first order derivative
of equilibrium condition (56) with respect to u. For the second equality,
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differentiate equilibrium condition (57) and collect terms:

s 10z % Loz =z
eazzz |: L 2; = eazéi - _ = z

o p o pl™
0z Zi| . -\ |0z
(1—ayz,;) l S z_} zZi = (1 — ;%) {ﬁ — ﬁ} 2
ou ouw p
0 22 1 i25) T : 1- zAz
5 s - auzy) = L0 ) Za U o)
9 I
Oz, 122 —22— ;32,3 — 2;)
A = — —
Top p a2 — ;)
1 {2@ +z . ] E[2%|z4]
= — — Zi_i =
K o H
where the second line uses (57) and the third line uses Z; gfz =z %ii. |

Lemma 10 Aspu— 0, 2, — 0, z; = —/ Ak and E[2?] — 0.

Proof. Combine equilibrium conditions (56) and (57) to obtain:

X ~
(” A W) (1= A3 g VTR

-~

N / >0

-~

>0

Since the LHS is always positive, and so is the exponent on the RHS,

liII[l] z; = 0. It then follows from (56) that hII(l] z; = =/ Ak and from
H— >

(59) that lin% E[z?]=0. =
pn—

Proof of Proposition 7. From Lemmas 9 and 10, and equation (58)
it follows that:

=T 0u o AS PN 2,
Zi 1
limz, = — — lim =% = — — lim 2/
p—0" N o /\lX p—0 *

22

At the same time, by Lemma 9: Z; = ;{;, and by Lemma 10: lim i—; = 0.
7 l,L—) k2
It then follows that:

s —4+0() 1400)

! X o1
Z A7 7

2

And therefore lir% 2 = sk. From (56) it follows that ling) z; = 0 and
H— 7 n—
OE[2?]

from (59) that lin%J 5, = 0. If 2 is twice differentiable at y = 0, then
n—
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due to anti-symmetry (Z;(n) = —2;(—p)), 2/(0) = 0. It follows that

2 =% +0(2) and % = ;% + O(3). Using Lemma 9 we obtain that:

X
A

E[Z*|=E 1+ O0(4)

(A9’

)

Lemma 11 Suppose \X = A for all i. Then, as u — 0, adjustment
frequency Ay = A+ O(4).

Proof. Since \¥ = A, we can omit the i index. The expected stopping
time 7(2) solves the following ODE: A7(z) = 1 — pud,7(z), together with
boundary condition 7(z) = 0, and is given by 7(z) = 1 (1 — e*&9). It

follows from Lemma 6 and equation (59) that:

1 1

7(2) kK

Aq

Il
I
I
—~
N
o
|
s
N
N
~

Lemma 10 implies that as © — 0, A, — A. Furthermore:

oA, 1 <2 0z aE[z2])

72— — —

ou “ou ol
1 E[2Y oy B
= <2 p 2A2 + 0(3)) =0(3)

where the last line follows from Lemma 9 and Proposition 7. Therefore,

Aa - A + 0(4) | ]
F Details of the Regression Approach

This section discusses econometric details associated with estimating our
key equation (17), which relates price distortions to suboptimal inflation
at the product level. In our baseline empirical approach, we estimate
equation (17) at the level of finely disaggregated expenditure items, ex-
ploiting variation across products within the item. Our sample contains
more than 1000 expenditure items, so that obtain a large number of
estimates of the coefficient of interest ¢ in equation (17).

We use a two-step estimation approach, because neither the left-
hand side variable nor the right hand-side variables in equation (17) can
be directly observed. This section presents this approach and discusses
how first-stage estimation errors affect second-stage regression outcomes.
In particular, it shows that first-stage error biases the estimates of the
coefficient ¢ towards zero, i.e., towards finding no marginal effect of
suboptimal inflation on price distortions.
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Our first-stage estimation consists of a seemingly unrelated regression
(SUR) system that contains two equations. The left-hand side variable
in equation (17) can be estimated using the residuals of relative-price
regressions of the form

Inp =lna;, — (Inb;,) -t + ujy (61)

where j denotes the product and z € {1,..Z} the expenditure item
under consideration, with Z being the total number of expenditure items
in our sample.™

Estimation of the right-hand side variables in equation (17) would
require estimating the average inflation rate, InIl,, and the product spe-
cific optimal inflation rate, InII;,. Having two first-stage estimates on
the right-hand side of equation (17) is, however, unattractive on econo-
metric grounds.” A more parsimonious way to proceed is to estimate
instead directly the gap between the item-level and product-specific op-
timal inflation rate (InIL./II},) in the first stage. This can be achieved
by adding the price level equation

InP,=InFy+1Inll-t

to equation (10). Adding the item-level subindex z, we obtain for every
product another first-stage regression of the form

In Py = Indy, 4+ (InIL/ITE,) - ¢ 4 (62)

where P;,; denotes the nominal product price. Equation (62) shows that
the time trend in the nominal price of the product directly identifies
the gap between item-level inflation and the product-specific optimal
inflation rate. Equations (61) and (62) jointly make up our first-stage
seemingly unrelated regression (SUR) system.

Since the SUR system (61)-(62 does not feature exclusion restrictions,
OLS estimation is identical to GLS estimation, despite the presence of
correlated residuals. OLS estimation delivers an unbiased estimate of
the gap InTI./IT7, and an unbiased estimate of the residual variance of
interest,

— ]_ e
VCLT’(Uth> = T _9 Z (ujzt)2 )
J% t

where T}, denotes the number of price observations for product j in item
zZ.

"I'To simplify notation, the previous sections have suppressed the item index z.
21t requires discussing, amongst other things, the covariance in the estimation
errors of these two right-hand side variables.
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The first-stage estimates for each product j within expenditure item
z can then be used to estimate the second-stage equation

—_—

Var(uj.) = v, + ¢, - (lnﬁz/\ﬂ;‘fz)2 +¢;, (63)

using OLS estimation. This delivers an estimate of ¢, for each each
expenditure item z = 1,...,Z. The error term ¢,, in equation (63)
absorbs measurement error of the left-hand side variable, as discussed
below, as well as the higher-order approximation errors implied by menu-
cost models, see equation (21).

While the first-stage estimates @(ujzt) and lnﬁ}; are unbiased,
they are contaminated by sampling error. Sampling error is an important
concern because the product price time series underlying the first-stage
system can be relatively short. Fortunately, the effect of the first-stage
sampling error consists solely of biasing the estimate of ¢, towards zero,
as we now show next.

To illustrate this point, we assume that the first-stage residuals are
normally distributed. (The more general case with non-normal errors
is discussed in appendix F.1 below.) W}El\estimating the SUR sys-

tem (61)-(62), the estimation error in InII,/II%, is orthogonal to the
estimation error in the residuals {u;.:}, by construction of the OLS es-
timate. With normality, both estimation errors are also independent of
each other. Therefore, the estimation error in Var(u;.;) on the Lh.s. of

equation (63) is independent of the estimation error in (InTI./IT%,)* on
the r.h.s. of the equation, because both variables are nonlinear transfor-
mations of independent random variables.

First-stage estimation error on the Lh.s. of equation (63) thus takes
the form of classical measurement error: it does not generate any bias
in the second-stage estimates of c,, instead gets absorbed by twres—

sion residual ¢;.. However, first-stage estimation error in (InTI/IT},)?
biases the second-stage estimate of ¢, towards zero. This is so because

measurement error in (InII,/II%,)* generates a classic attenuation effect.
In addition, estimation error in InII, /IT%, raises the expected value of

(lni/\l_[jz)2, which generates a further bias towards zero.

Our second-stage estimates for ¢, thus provides a lower bound of the
true marginal effect of suboptimal inflation on price distortions. Since we
are interested in rejecting the null hypothesis of inflation not creating
price distortions , Hy : ¢, = 0, the bias is working against our main
finding.

Finally, to insure that our results are not driven by outliers, e.g.,
ones associated with errors in price collection, we eliminate within each
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A. Relative price regr.: Skewness of ;. 3 C. Nominal price regr.: Skewness of u;.;
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Figure 14: Skewness and kurtosis of the first-stage regression residuals

expenditure item all products falling into the top 5% of the distribution
of residual variances Var(u;,) and the top 5% of estimated inflation

gaps (InTI./IT%,)* when running our second-stage regression.

F.1 General Case with Non-Normal First-Stage Resid-
uals

Figure 14 reports the skewness and kurtosis of the first-stage regres-
sion residuals of equation (61) (left-hand side panels) and equation (62)
(right-hand side panels) across the considered expenditure items.” The
top panels show that skewness is centered around zero and relatively
tightly so, in line with the zero skewness of the normal distribution. For
kurtosis, shown in the lower panels of figure 14, the situation looks dif-
ferent. Kurtosis values often lie above the value of 3 implied by a normal
distribution.

We now show that quite similar arguments as for the normal case
apply to our second-stage estimates of ¢, when first-stage residuals fail to
be normal. In fact, to insure that there is at most a downward bias in the
second-stage estimate of c., it is sufficient to insure that the estimation
error in the Lh.s. variable Var(u;,) in equation (63) is orthogonal to

"3The measures use outlier trimmed residuals by considering the 2.5%-97.5% quan-
tile of the residual distribution.
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(rather than independent of) the estimation error in the r.h.s. regressor
/\* 2
(InTT, /115, )2. -
Recall that the errors in (InIL./IT},) and {uj.;} are orthogonal by
construction. A violation of orthogonality between (InTI./IT%,)* and
Var(u,;,) can thus only arise because these variables are nonlinear rather

than linear functions of lnﬁ?z and {Uj.}, respectively. This illus-

trates that violations of orthogonality conditions are somewhat unlikely

to emerge on a priori grounds, even in the absence of normality. .
We show below that orthogonality of the estimation errors in (In I, /IT}, )

and @(ujzt) holds whenever the residuals satisfy

2
)

Cov[((O,l)(X’X)_lX’u(O,l)’> (1,04 Mu(1,0)[X] =0,  (64)

s (111,
X—(012... (65)
is the matrix of first-stage regressors and M the matrix defined in (66)
below. Condition (64) is a condition on the true residuals u, which is
satisfied in the special case with normal errors. Condition (64) holds
by construction when replacing the true residuals u by the estimated

OLS or GLS residuals u, thus cannot be tested empirically using the
regression residuals.™

where

To understand why condition (64) insures that the same outcome is
obtained as with normality, consider our first-stage regression system,
which takes the form of a seemingly unrelated regression (SUR) system:

Y = X 06 +_u,
N = , N~
Tx2 Tz2 9,9 Tx2

where X denotes the (deterministic) regressors defined in (65) and Y
the stacked vector of the left-hand side variables (p;.;, Pj.:) in equations

™Using the notation introduced below, this follows from the fact that

(X'VX) T X'V
— (XV X)) XVI - X (X'VX) T XV Y
—0
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(61) and (62). Letting u; denote the residuals at date ¢ and u the stacked
residual vector, we have F[u;| = 0 and

2
Var(uy) = (Un Ul2> :

2
V12 U3

Since the SUR system does not feature exclusions restrictions, OLS es-
timation is identical to GLS estimation. In particular, the OLS/GLS

estimate B of (8 is given by
B=(X'X)"'XY
and the regression residuals by
~ - 7 Fv—1 v
?%_MY—MuwhereM_(I X(X'X) X' (66)
We have
EuX]=E| v M'M_u |X]

22T TxT Tx2

=FE[u M u |X]
S S
22T TaxT Tx2

= tr(M)E[u'u|X]
_ 1 vf) vr2
T —2 g2 U%g ’
An unbiased estimate of the residual variance v, is thus given by

/2\ o (]_, 0)’@’@(1, 0)
= — " 67
U].]. T 2 ( )

The estimation errors in the variables used in the second-stage regression,
—~ 2 —

ie., of ((O, 1) (ﬁ — ﬂ) (0, 1)’) and (vfl — v%l), are orthogonal if and

only if

E[(((o, D (5-5) 0,1

)
& FI((0,1) (X'X) " X"u(0, 1)/)2 (M _ Ugl) X] L0

T—2
& E[((o, 1) (X'X) ™ Xu(0, 1)’)2 (% - vfl) IX]=0

The last equality holds if and only if
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1,0)w Mu(1,0)
T—-2

_ E[((O, 1) (X' X) ™" X"u(0, 1)’)2 w2, X],

E[((0,1) (X'X) ™ X'u(0, 1)')2 ( IX]

which is the case if and only if condition 64 holds, as F[ LM Mu(10)] _

tr(M'M)
v,
G Details of the Within Product Regression Ap-
proach
The within product regression (26) takes the form
Y=c - X (68)

where Y is a Nx1 vector of consisting of Var(uy;,) — Var(uy,,) for j =
1,..., N, X a vector consisting of (ln I, —In H;‘fz)2 - (ln II;.0 —In H;‘fz)2
for j =1,..,N and c, is a scalar. The true relationship between Y and
X is given by

Y=CX+e¢g,

where Y and X are random variables and
c1, 0 0

C=10".0

0 0 cpn.

is a diagonal coefficient matrix of random coefficients satisfying the con-
ditional mean independence assumption E[C|X] = E[C] = ¢-In,n, with
the scalar ¢ denoting the expected value of the true coefficient. The
residual vector € a Nx1 vector of (higher-order approximation) residuals
satisfying E[e|X] = 0. The OLS estimate of ¢, in equation (68) is given
by
e =(X'X)" XY
and its expectations satisfies under the stated assumptions

E[¢] = E[(X'X)" X'Y]

— E[E[(X'X)' X' (CX +¢)|X]]

— B[(X'X) ' X'E[C|X]X] + (X'X) ! X'Ele| X]]
=cl =0

— E[(X'X)"' X'X]e

as claimed in the main text.
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Figure 15: Distribution of product-specific optimal inflation rates II7, in
1996-2000 versus 2012-2016 (monthly rates, unweighted)

H Cross Sectional Distribution of Product-Specific
Optimal Inflation Rates over Time

Figure 15 depicts the cross-sectional distribution of product-specific op-
timal inflation rates IT}, across all products and all items in the first and

last five years in of our sample (1996-2000 and 2012- 2016). It shows
that this distribution is remarkably stable over time.

I Proof of Proposition 3

From equation (27) we get
Var’ (Inpj.) = Var! (lnp;Z — InlI7, - t) + Var’ (w)2t)

+ Covj(lnp;fz, Wjst)
—t- Cov/(In 11}, uysy).
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We next show that Cov/(Inp?,, uj.) = Cov’ (In1I%,, uj.) = 0 :

Cov’ (Inpj,, uju) = B’ [Inp; uje] — B [Inpj,| B [u.q]
=0
= E/[F'[In DUt |} ]]
= E’[Inp}, B [u;.+|p.]]
=0
= 0.

Similarly:

Cov? (In I}, , ujat) = E{ln I, ujae] — Ei(ln H;-‘Z]Ej [Wt]
-0
= B [E7[InTT}, w20 1T ]
= F [hl H;zEj [uth’H;zH
—0
= 0.

It thus only remains to compute the cross-sectional variance of residuals,
Var?(u;,). These residuals are described by a mixture distribution in
which one first draws the relative price trend Hi(i) with probability m.;.
Subsequently, we draw corresponding residuals u;.;. Since the residuals
are independent across j, the cross-variance of residuals for any given
9 s equal to their variance over time, as given in equation (28).
Therefore, the variance of the mixture distribution is given by equation
(30).
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