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Abstract

Does inflation vary across the income distribution? This paper surveys the growing literature
on inflation inequality, describing recent advances and opportunities for further research in four
areas. First, new price index theory facilitates the study of inflation inequality. Second, new
data show that inflation rates decline with household income in the United States. Accurate
measurement requires granular price and expenditure data, because of aggregation bias. Third,
new evidence quantifies the impacts of innovation and trade on inflation inequality. Contrary
to common wisdom, empirical estimates show that the direction of innovation was a significant
driver of inflation inequality in the United States, while trade had similar price effects across the
income distribution. Fourth, inflation inequality and non-homotheticities have important policy
implications. They transform cost-benefit analysis, optimal taxation, the effectiveness of stabi-
lization policies, and our understanding of secular macroeconomic trends — including structural
change, the decline in the labor share and interest rates, and labor market polarization.
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I Introduction

Should we take seriously the idea that inflation varies across the income distribution? It has been
known since at least Engel (1857) that households with different incomes consume different goods
and services; these differences in consumption bundles create the potential for inflation inequality.
But little is known regarding whether inflation rates differ across income groups in practice. Is
inflation inequality large? If so, why does it arise and what are the policy implications? In the last
few years, research in economics has made substantial progress on these questions thanks to new
data, which are granular enough to detect inflation inequality, and to new theoretical frameworks,
which help guide empirical analysis and draw policy implications. This article surveys these recent
advances and highlights opportunities for further research.

First, recent developments in price index theory facilitate the study of heterogeneity in inflation
across household groups. Group-specific price indices are robust to several sources of biases in the
measurement of inflation — including expenditure switching, changes in product variety, and taste
shocks. The recent development of tractable non-homothetic price indices makes it possible to
carry out a continuous analysis of price indices across the household income distribution.

Second, granular data reveal that inflation inequality can be large. In the United States, recent
work documents that inflation rates decline with income. These findings overturn results from
prior work, which used coarser product categories and concluded that inflation inequality was
small. Inflation inequality is only visible with more granular data — for example when using the
most detailed product categories available from standard consumption and price surveys compiled
by statistical agencies, or with scanner data. Because of aggregation bias, it is crucial to eventually
obtain micro data, for each sector of the economy, to accurately measure effective prices paid,
expenditure shares, and product variety across socio-demographic groups.

Third, empirically the direction of innovation turns out to be a significant driver of inflation
inequality. Contrary to common wisdom, innovation does not always benefit all consumers through
trickle down and the product cycle, simply because product markets are segmented. In the presence
of increasing returns to scale, growing markets experience productivity gains and lower inflation.
Because of economic growth and rising nominal income inequality, the market size for high-end
(income-elastic) products increases faster, which creates incentives for entry in product categories
catering to the rich. Recent work estimates the causal relationship between market size and con-

sumer prices, and finds that changes in nominal inequality are magnified by the endogenous response



of innovation.

Fourth, international trade does not seem to lead to a systematic divergence in price indices
across the income distribution. Several important channels must be taken into account to measure
the distributional effects of trade via prices, including heterogeneity in import shares, expenditure
switching, and pass-through heterogeneity. In some contexts, the implications of trade for inflation
inequality can be large. However, for the United States most of the evidence suggests that increased
trade did not lead to a divergence in inflation rates across income groups over the past twenty years.
This finding contradicts the view — still widely held — that trade primarily reduces prices for the
poor in the U.S.

Fifth, inflation inequality has many policy implications. It affects the cost-benefit analysis as
well as the optimal design of policies. Several recent papers show how to incorporate price index
heterogeneity into the study of optimal commodity and income taxation. Quantitative estimates
indicate substantial welfare losses from ignoring non-homotheticities and the equilibrium response
of prices in optimal policy design. Recent work also shows that heterogeneity in consumption
baskets matters for stabilization policy, notably monetary policy. Richer households, who have
lower marginal propensities to consume, spend more on sectors with higher price rigidities. Because
of this fact, the effectiveness of monetary policy is reduced in general equilibrium.

Finally, a growing literature shows that non-homotheticities help understand long-term macroe-
conomic trends - including structural change, the decline in the labor share and real interest rates,
the rise in wealth-to-income ratios, labor market polarization, and the severity of recessions. These
analyses shed new light on the underlying causes of these trends and the appropriate policy re-
sponses.

This article is organized as follows. Section II is a primer on price indices with household
heterogeneity. Section III describes the recent evidence on the measurement of inflation inequality.
Section IV analyzes the potential causes of inflation inequality, focusing on innovation and trade.

Section V discusses the relevance of these findings for policy.

IT A Primer on Price Indices and Household Heterogeneity

This section discusses how price indices can account for household heterogeneity, using either group-

specific homothetic price indices or non-homothetic price indices.



II.A Heterogeneous Homothetic Price Indices

Price indices aim at measuring how the cost of reaching a certain level of utility U changes over
time. The change in the cost of achieving U from ¢ to £ + 1 is given by the ratio of expenditure

functions, i.e.
e(U, pr+1)
6(Ua pt) ’

where the price vectors p; and p;4+1 include reservation prices (bringing demand to zero) for products
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that are unavailable at ¢t or £ 4+ 1. The baseline approach used by most statistical agencies assumes
homothetic utility, implying that all households have the same expenditure shares across products
and experience the same inflation rate, which does not depend on U.

If we could estimate the parameters of the utility function, or expenditure function, the problem
of inflation measurement would be solved. With N goods, using a flexible second-order approxima-
tion to utility would require estimation of about N72 parameters. With N = 50,000, a lower bound
for the number of products actually observed by statistical agencies, we would need to estimate
1.25 billion parameters, which is infeasible. As a result the literature has developed approximations
— either using statistical price indices with desirable axiomatic properties (e.g., Paasche, Laspeyres
and Fisher price indices) or price indices derived from utility function governed by a small number
of parameters (e.g., CES utility).!

An extensive literature has developed exact price indices or approximations grounded in homo-
thetic utility functions. A simple approach to leverage these standard price indices while accommo-
dating heterogeneity in inflation rates across household groups is to posit the existence of separate
homothetic price indices for each group. Here we discuss this approach for price indices addressing
biases arising from expenditure switching, entry and exit, and taste shocks.

Since at least Gerschenkron (1947), we know that expenditure switching can be an important
source of bias because optimizing consumers tend to reallocate their expenditure toward products

that become less expensive over time. To compute inflation for the set of continuing products

!For a survey of the early history of price index research, see Diewert (1993).



indexed by k, available at both ¢ and ¢ + 1, the following price indices can be used:
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tiles), pﬁt is the price paid by group h, q,é‘t is quantity purchased, and SZt the spending share out

with w,};’m = , h indexes household groups (e.g., income quin-
of total expenditure on continued products.? Inflation rates can vary across household groups due
to heterogeneity in expenditure shares and prices paid.

These price indices assign different weights to product-level price changes, which handles substi-
tution differently. The Laspeyres index uses expenditure shares at ¢, which does not allow consumers
to substitute and tends to overstate true inflation. The Paasche index uses shares at ¢ + 1, which
tends to understate inflation. The Fisher and To6rnqvist indices are natural benchmarks because
they are superlative indices, treating prices and quantities equally across periods and providing a
second-order approximation to twice continuously differentiable, homothetic expenditure functions
(e.g., Diewert (1976)). However, they cannot account for the change in cost of living caused by the
entry and exit of goods over time.

The CES index is of particular interest because it can be adjusted in a simple way to measure
the infra-marginal consumer surplus created by product entry or destroyed by exit. Following
Feenstra (1994a), we can write the inflation rate accounting for product entry and exit as:

1—sh ﬁ
LR = (L) (e
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where sfjﬁu 41 is the spending share on “new” products (available at time ¢ + 1 but not at ¢), s%t 41
is the spending share on “exiting” product (available at time ¢ but no longer at ¢t 4 1), and o” is

the elasticity of substitution between products for household group h.

v *For more details on the CES price index, see Sato (1976) and Vartia (1976). Note that the Sato-Vartia weights
Wy t.¢+1 are bounded between s, , and sy, ;1.



Accounting for product entry and exit is challenging because prices are not observed when a
product is not available. By assuming a functional form for utility, one can infer the change in
consumer surplus from the observed spending shares on new products and products about to exit,
provided that consumers’ elasticities of substitution are known. The second term in the expression
above lowers inflation if there is “net entry”, i.e. 3%},15 11> s%t.

Crawford and Neary (2019) apply a similar approach to address entry and exit in characteristic
space, rather than in product space, and Feenstra and Weinstein (2017) derive the correction for
entry and exit under translog preferences, which allow for finite reservation prices and varying
demand elasticities, contrary to CES.?

More recently, an emerging literature relaxes the assumption of time-invariant tastes that un-
derlies the preceding prices indices. Redding and Weinstein (2020) develop an approach using CES
preferences and considering mean-zero taste shocks. They show that relative taste shocks tends to
introduce an upward bias in the standard CES price index.? Intuitively, consumers reallocate their
expenditure toward products for which tastes increase, and the standard CES price index fails to
capture that produces with increasing expenditure shares tend to have lower taste-adjusted prices.

Inflation rates could in principle differ across household groups, whose expenditure shares vary
across the product space and who may pay different prices for the same product. Using separate
homothetic price indices for each group is a convenient approach to investigate inflation hetero-
geneity, and in particular to assess the importance of expenditure switching, entry and exit, and
taste shocks.? Indexing by h individual households rather by groups, the same formulas can be
used to investigate household-level heterogeneity in inflation rates, which may occur even within

groups thought to be homogeneous (e.g., within income deciles or age groups).

II.B Non-Homothetic Preferences

A principled approach to study inflation inequality is to use a non-homothetic utility function, where
expenditure shares and the price index vary with the level of utility. Building on early contributions

by Gorman (1965) and Hanoch (1975), Comin et al. (2020b) recently showed that non-homothetic

3Diewert et al. (2020) derive analytical formulas for the biases from entry and exit for standard statistical indices,
including Fisher and T6rnqvist indices, in terms of unobserved reservation prices.

“Redding and Weinstein (2020) also show that their approach can be implemented with other invertible demand
systems, including non-homothetic CES, translog, and AIDS.

5In high-frequency studies (e.g. Ivancic et al. (2011)), chain drift is another source of bias that may differ across
household groups. For a discussion of other potential biases in the U.S. CPI, see Hausman (2003). The price indices
discussed in this section can also be used to compute PPP indices across countries - see Deaton and Heston (2010)
for a recent review.



CES preferences (nhCES) are especially convenient to study secular sectoral trends in inflation
and expenditure. Matsuyama (2019) showed that nhCES is tractable enough to be embedded in
a model with endogenous technological change and trade, which are two leading candidate causes
for inflation inequality.

NhCES preferences over products indexed by k are characterized by a utility function U = F(q)
defined implicitly through the constraint
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where ¢, are quantities consumed, and g(.) is any positive-valued, continuously differentiable and
monotonically increasing function.b
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This expression is identical to homothetic CES, except for the term g(U )(1_")5’“. Q. is the standard
taste parameter, while g(U )(l_a)gk is the non-homothetic taste shifter, which depends on the level
of utility U. Each product has a non-homotheticity parameter ¢, which governs the slope of utility
Engel curve.

NhCES has two noteworthy properties. First, the elasticity of the relative demand for two
products with respect to a monotonic transformation g(.) is constant: dlog(g;/q;)/0log(g(U)) =
(1 — o)(e; —€5). Second, the elasticity of substitution between different products is constant:
0log(qi/q;)/0log(p;/pi) = o. These properties make nhCES particularly tractable for structural
analyses of secular macroeconomic trends or trade patterns, which are discussed near the end of
this article.

Using nhCES and other non-homothetic utility function to compute inflation inequality is an
important direction for future research. Comin et al. (2020b) show how to estimate the nhCES
parameters from observed prices and expenditure shares. Using the estimated parameters, one can

compute the change in the cost of reaching utility level U between ¢ and ¢ + 1:
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Compared with the formulas discussed in Section II.A, this expression allows for a continuous

5The utility function U(.) is globally monotonically increasing and quasi-concave if o > 0 and o # 1, Q; > 0,and
er > 0 for all k.



analysis of price indices across the household income distribution. More flexible utility functions
could be used, for example Nested nhCES.

Recent work by Atkin et al. (2020) and Almas et al. (2018) provides a flexible approach to
non-homothetic price index estimation, extending the Engel curve approach of Costa (2001) and
Hamilton (2001). Atkin et al. (2020) show that income-specific price index and welfare changes
can be recovered from observed horizontal shifts in Engel curves if preferences are quasi-separable
and changes in relative prices are observed. This approach allows for non-parametric estimation of

price indices at each point of the income distribution.

II.C Directions for Future Work

The substantial progress made by the price index literature in recent years provides clear guidance
for empirical work on inflation inequality. It is crucial to estimate expenditure shares, effective
prices paid, spending shares on new and exiting goods, and demand elasticities — all of which may
vary across households, and in particular along the income distribution.

Two areas, potentially central for inflation inequality, appear to have remained largely under-
explored in the price index literature. First, the price indices reviewed above are based on static
models of consumption. Many purchases have implications over long time horizons, for example
buying a home. In the context of the secular decline in interest rates, a key task for future work
would be to develop “dynamic price indices” accounting for inter-temporal substitution bias and
changes in inter-temporal prices, and allowing for heterogeneity across household groups.” Such
indices could in particular improve our understanding of inequality between renters and homeown-
ers.®

Second, consumer optimization is the linchpin of all price indices. Mounting evidence from
behavioral economics suggests that consumers in fact often fail to optimize, and that these failures
may systematically correlate with household income (e.g., Handel et al. (2020)). Given the high
price dispersion for identical items observed in micro data (e.g., Kaplan et al. (2019)), developing
behavioral price indices allowing for optimization frictions and costly consumer search would be an
important direction for future work, although one that would depart more fundamentally from the

established literature. Malmendier and Nagel (2016), Cavallo et al. (2017), D’Acunto et al. (2020)

show the empirical relevance of behavioral models of inflation expectations, highlighting the roles

"Reis (2009) proposes a dynamic price index for a representative agent.
8Bajari et al. (2005) study the welfare effects of housing inflation with a representative agent, developing a
compensating variation approach keeping expected discounted utility constant given a change in current house prices.



of information frictions, rational inattention, and adaptive learning.

IIT Measuring Inflation Inequality

This section discusses recent findings on the measurement of inflation inequality, over a long horizon

or at a business cycle frequency.

II1.A Long Run Trends

A growing literature measures inflation inequality, either using survey data available from statistical
agencies and covering the full consumption basket or proprietary micro data for specific sectors.
Because spending patterns across household groups differ primarily within industries, rather than
across, it is important to use granular data. Farlier work on inflation inequality, for example
Amble and Stewart (1994), Garner et al. (1996), Hobijn and Lagakos (2005), and McGranahan and
Paulson (2006), suggested that differences in inflation rates across household groups were modest.
More recent work shows that substantial differences arise, in particular across income groups, with
more detailed data that help alleviate aggregation bias.

Jaravel (2019) measures inflation inequality using a linked data set covering the full consumption
basket of U.S. households from 2004 to 2015. Spending shares are measured using the Consumer
Expenditure Survey (CEX), while price changes at the level of product categories are available
from the Consumer Price Index (CPI) data series. The matched data set (CEX-CPI) provides 256
detailed product categories.

The results across deciles of the household income distribution are reported in Panel A of
Figure 1.7 Inflation declines linearly across income deciles. Between 2004 and 2015, average annual
Tornqvist inflation was 1.86% for the fifth income quintile, while for the first income quintile it
was 2.20%. The average annual inflation difference between the top and bottom income quintiles is
0.346 percentage points (std. err. 0.0476). This different remains similar with other prices indices:
0.368 (std. err. 0.0502) for Laspeyres, 0.349 (std. err. 0.0480) for Paasche, and 0.349 (std. err.
0.0435) for CES. The magnitude of inflation inequality is substantial compared to biases in the

measurement of aggregate inflation that have been studied in the literature.©

9For comparability with the Nielsen scanner data discussed below, which only keep track of discrete
income bins, it was necessary to pull together the seventh and eighth income deciles, as well as the ninth
and tenth income deciles. During the sample, the thresholds separating the deciles of the household income
distribution up to the sixth decile were approximately $10,000, $20,000, $30,000, $40,000, $50,000, and
$60,000; the seventh and eighth decile cover the range $60,000—$100,000 and the ninth and tenth deciles
are above $100,000.

OFor example, the 1996 Boskin Report estimated the magnitude of substitution bias to be about 0.40 percentage



Panel A of Table 1 examines at what level of product aggregation inflation inequality arises,

' The full inflation difference between the top

using a standard within-between decomposition.
and bottom income quintiles is measured across the most detailed product categories, with N =
256. Measured inflation inequality falls by about 80%, to 0.0738 percentage points a year, when
considering the “between” component across subcategories, with N = 22. Likewise the inflation
difference arising across the main product categories, with N = 11, is only 0.0965 percentage points
a year. These results show that aggregation bias can be severe, but that substantial inflation
inequality can be measured with standard survey data, without the need to resort to proprietary
data.

Jaravel (2019) also measures inflation inequality between 2004 and 2015 using Nielsen scanner
data. The data cover fast-moving consumer goods — products with barcodes including food prod-
ucts, household supplies, and health and beauty products —, which account for about 30-40% of
expenditure on goods, or about 15% of total expenditure. The results are reported in Panel B of
Figure 1. Panel B.a shows the results for continued products: annual inflation for retail products
was 0.661 (std. err. 0.0535) percentage points higher for the bottom income quintile relative to the
top quintile. Panel B.b includes changes in product variety over time, using the the CES correction
term for expanding product variety as in Feenstra (1994b). Inflation inequality increases to 0.8846
(std. err. 0.0739) percentage points a year.

The within-between decomposition for the scanner data is reported in Panel B of Table 1.
Columns (1) and (2) report the decomposition for inflation for continuing products, while Columns
(3) and (4) focus on the welfare effects of changes in product variety. A significant fraction of
inflation inequality arises at a very detailed level, within the 1,042 very detailed product categories
defined by Nielsen called “product modules”. Almost no inflation inequality can be detected at the

level of the 10 broad departments defined by Nielsen.!?

point per year.
"for any grouping of products G, the inflation difference between two houshold groups, e.g. the top and bottom
income quintiles, can be decomposed as follows (Diewert (1976)):
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with s denoting the share of spending of income group i on product grouping G and 7% the inflation experienced
by income group i in product grouping G. wg and Sg denote the average inflation rate and the average spending
shares for product grouping G, respectively.

12The top row in Panel B of Table 1 focuses on the inflation inequality that arises across barcodes (0.541pp),
excluding the inflation difference arising from effective prices paid for the same barcode by different income groups.
The price channel increases inflation inequality to 0.661, as in Figure 1.



The available evidence thus indicate that inflation inequality can be large and sustained over
at least a ten-year period. This finding has potential implications for the indexation of the poverty
line, welfare benefits, and tax brackets. In a recent policy brief using the estimates of Jaravel
(2019), Wimer et al. (2019) re-estimate recent trends in poverty and income inequality from 2004
to 2018. The adjusted inflation index indicates that 3.2 million more people are classified as
living in poverty in 2018, and that real household income for the bottom 20 percent of the income
distribution actually declined by nearly 7 percent since 2004 (instead of about -1% with official CPT).
These results suggest that inflation inequality could significantly accentuate both the incidence of
poverty and real income inequality. The indexation of food stamps provides another telling example.
Between 2004 and 2015 food CPI indexation implied an increase in nominal food stamp benefits
of 23.19%. In contrast, indexation on the price index for food-stamp eligible households implies a
31.44% increase, because food-stamp eligible households experienced higher inflation rates (using
estimates from Jaravel (2018)).

Recent work analyzes many other important dimensions of inflation inequality across house-
holds. First, using Nielsen scanner data, Kaplan and Schulhofer-Wohl (2017) show that there is a
lot of heterogeneity in inflation rates at the household level, even within income groups. In Nielsen
data, households’ inflation rates have an annual interquartile range of 6.2 to 9.0 percentage points.

Second, a growing literature studies disparities in inflation rates across both cities and income
groups. Moretti (2013) documents that college graduates have experienced larger increases in cost
of living because they have increasingly concentrated in cities with high cost of housing. This
finding suggests that the increase in the “real” (utility) college wage premium since 1980 may be
smaller than the nominal increase. Diamond (2016) overturns this result by showing that amenities
improved endogenously in high-skill cities. She estimates that the increase in amenities was such
that the real college wage premium in fact increased more than the nominal premium. In related
work, Handbury (2019) uses scanner data to show that there are large differences in how wealthy
and poor households perceive the choice sets available in wealthy and poor cities. Estimating a
non-homothetic demand system, she finds that, relative to low-income households, high-income
households enjoy 40 percent higher utility per dollar of expenditure in wealthy cities, relative to
poor cities. Most of this variation is explained by differences in product variety across locations,
rather than prices for identical items.

In sum, there is an emerging empirical consensus that it is important to take seriously the

idea that inflation varies across the income distribution, as well as across locations. The increased

10



availability of micro data, in particular scanner data, was key in reaching this conclusion, because
expenditure patterns differ at granular levels and micro data is necessary to measure inflation
inequality to its full extent. The literature has also shown that changes in product variety and
amenities, which are typically overlooked by statistical agencies, can have important implications
for inflation inequality. Despite substantial progress, much remains to be done to obtain a com-

13

prehensive picture of inflation inequality over longer periods of time, @ using micro data in sectors

other than fast-moving consumer goods, and in countries other than the United States.

III.B High-Frequency Studies

An emerging literature studies inflation inequality at a high frequency. Because inflation inequality
is typically small in any single year, the measurement of long-term trends discussed previously is a
central task to assess to what extent inflation inequality compounds over time. But it is potentially
important to track inflation inequality during major economic crises, in order to assess whether
purchasing power is eroded for the most vulnerable and to adjust low-income support programs
accordingly. For example, Argente and Lee (2020) show that inflation was significantly higher for
low-income households during the Great Recession in the United States.

In recent work, Cavallo (2020) and Jaravel and O’Connell (2020b) provide real-time measure-
ment of inflation inequality during the Covid-19 pandemic. Cavallo (2020) uses data from credit
and debit transactions in the U.S., available at the level of broad sectors, to update the expen-
diture weights used to compute CPI. He finds that the inflation rate is higher than the official
CPI. Because of social distancing restrictions, households spend relatively more on food and other
categories with higher inflation, and less on deflationary categories such as transportation. These
patterns turn out to be stronger for low-income households, as shown in Panel A of Figure 2. Using
the updated expenditure weights, low-income households had an annual inflation rate of 1.12% in
May 2020, compared to just 0.57% for high income households.

In contrast, using real-time scanner data for the United Kingdom covering fast-moving con-
sumer goods, Jaravel and O’Connell (2020a) find little evidence for inflation inequality arising

within this subset of products. Panel B of Figure 2 shows that inflation increased markedly at the

13 Jaravel (2019) extends the CEX-CPI data discussed above to obtain coverage going back to 1953. Doing so
requires using less detailed product categories (48 instead of 256). Inflation inequality persists over the long run.
However, consistent with the results presented above on the role of aggregation bias, measured inflation inequality is
smaller in this sample with coarser categories.

111 recent work, Beck and Jaravel (2020) measure inflation inequality in the 2010s using scanner data in a panel of
34 countries, and find that in most countries inflation was higher for lower-income households, including in developing
countries.

11



beginning of lock-down in the United Kingdom, but this increase was very similar across expen-
diture quartiles. If anything, inflation was slightly lower for low-income households. This slight
difference can be traced to the differential use of promotions across groups. Much of the increase
in inflation during lock-down came from a fall in the frequency of promotions, which was slightly
less consequential for low-income households, who tend to tend to buy fewer items on promotion
in normal times. Furthermore, Jaravel and O’Connell (2020b) compute household-level price in-
dices and find that 96% of U.K. households have experienced inflation in 2020, while in prior years
around half of households experienced deflation. Younger households experienced lower inflation
than older households. These differences may become important for purchasing power dynamics if
they persist and compound over time, but in the short run they are modest relative to the increase
in aggregate inflation.

Increased reliance on private sector data, for example from credit and debit transactions or
scanner data, is a useful avenue to consider to improve the ability of statistical agencies to diagnose
inflation risks in real time during economic crises, including inflation inequality. In particular, scan-
ner data make is possible to measure changes in product variety, in effective prices paid (including

promotions) and in item-level expenditure shares across socio-demographic groups.

II1.C D:irections for Future Work

The existing literature leaves open several important direction for further work on the measurement
of inflation inequality.

First, the large magnitude of aggregation bias highlights that it is crucial to eventually obtain
micro data, for each sector of the economy, to accurately measure effective prices paid, expenditure
shares, and product variety across socio-demographic groups. While the literature has used scanner
data for fast-moving consumer goods extensively, the next generation of empirical studies of inflation
inequality could leverage alternative data sources on other sectors.

For example, commercial data sets on automobiles, real estate properties, or slow-moving con-
sumer goods could prove very useful. For housing, Nowak and Smith (2020) develop new quality-
adjusted house price indexes for the United States, which could be leveraged to study inflation
inequality. For healthcare, claims data sets provide very rich information. In ongoing work, Jaravel
et al. (2020) document inflation inequality in health care using comprehensive claims data for Utah
between 2012 and 2015. They find that there was higher inflation for treating conditions that affect

low-income groups more, another source of inflation inequality. Inflation inequality could also be

12



measured for digital “free” goods, including Google, Skype, Wikipedia, maps, messaging, music,
and all smartphone apps. Large-scale online choice experiments could be used for this purpose,
as in Brynjolfsson et al. (2020).'> Another important endeavor is to improve the measurement
of inflation inequality for the service sector, where large-scale micro data on quantities and prices
appear to be lacking at present.

A second promising direction is to think about inflation inequality in the context of PPP
indices across countries. Only a handful of studies, including Deaton et al. (2004), have attempted
to compute income-group-specific PPP indices, mostly using survey data. Much remains to be
learned from micro data to address aggregation bias and better measure global inequality. For
example, using scanner data in a panel of thirty four countries, Beck and Jaravel (2020) show that
income-group-specific PPP indices vary substantially from the representative agent PPP indices.'6

Third, most of the literature focuses on differences across income groups, age groups, and cities.
It would be instructive to investigate inflation inequality with respect to other groups, for example
by gender, race, or by focusing on the very top earners such as the top 1% or 0.1%. We currently
lack data to accurately describe expenditure and inflation patterns for the top earners, who are

under-represented in both traditional surveys and scanner data, even though they account for a

substantial fraction of aggregate consumption.

IV What Are the Causes of Inflation Inequality?

This section presents recent evidence on two candidates causes for inflation inequality — endogenous

technological change and trade.

IV.A Inflation Inequality and Endogenous Technological Change

A first potential driver of inflation inequality is the direction of technological change.

IV.A.1 Increasing Returns to Scale, Market Size, and the Amplification of Inequality

A longstanding literature on endogenous technological change suggests that market size creates
incentives for innovation and entry. Larger markets induce more entry and could therefore benefit

from larger product variety and lower prices, through both lower marginal cost of product and

15Using a randomized experiment, Allcott et al. (2020) show that deactivating Facebook leads to increased subjec-
tive well-being and reduced post-experiment valuations of Facebook, suggesting that standard elicited WTP estimates
for social media may overstate actual consumer surplus.

6 Almas (2012) and Argente et al. (2019) estimate PPP indices for a representative agent, using demand systems
consistent with non-homotheticities, but do not estimate heterogeneity across the household income distribution.
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lower markups. The idea that higher or increasing market size leads to endogenous productivity
gains goes back to the seminal work of Linder (1961) and Schmookler (1966), later formalized
and extended in foundational contributions by Dixit and Stiglitz (1977), Krugman (1979), Shleifer
(1986), Romer (1990), Aghion and Howitt (1992), Jones (1995a), Acemoglu (2002), and Melitz
(2003).

However, this extensive literature did not examine the implications of increasing returns and the
market size channel for inequality. Recent work has made progress in estimating the causal rela-
tionship between market size and consumer prices, has linked changes in market size across product
categories to changes in the (nominal) income distribution, and has quantified the implications for
purchasing power inequality.

Jaravel (2019) examines whether the equilibrium response of supply to faster growth in demand
from high-income consumers can explain the patterns of differential inflation and increase in product
variety depicted in Figure 1. Because of economic growth and rising nominal income inequality,
the market size for high-end (income-elastic) products increases faster, which creates incentives for
firm entry and higher product variety. This process can lead to a decrease in the price of existing
products in the fast-growing and high-end market segments because increased competitive pressure
from new products pushes markups down. If the induced productivity gains are sufficiently large,

this channel could amplify inequality.
IV.A.2 Evidence for Fast-Moving Consumer Goods in the United States

Adapting the concepts from Acemoglu (2007) to sector-augmenting technical change, Jaravel (2019)
tests both the “weak bias” and “strong bias” hypotheses: when demand for a sector becomes
relatively more abundant, does product entry endogenously increases in this sector (weak bias)?
And is this effect sufficiently strong such that the observed relative supply curves for goods are
downward-sloping (strong bias)? Using Nielsen data for fast-moving consumer goods, the answers
turn out to be positive.

Tracing out the causal effect from market size to consumer prices is challenging because of
reverse causality — product with a lower quality-adjusted price will attract more consumers. To
address this challenge, Jaravel (2019) uses a shift-share IV design leveraging changes in market size
driven by U.S. socio-demographic trends exogenous to price dynamics for fast-moving consumer
goods. The IV design relies on two components: pre-determined spending shares across the product

space for a large number of socio-demographic groups, and heterogeneity in the population growth
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rates for these various groups during the sample period. Spending profiles across the product space
are measured in the initial period and kept constant, such that the variation in the shift-share
instrument comes entirely from changes in the size of the socio-demographic groups over time.

The results are depicted in Figure 3. Panel A shows the reduced-form relationship between
the shift-share instrument and inflation for continued products, as well as with inflation adjusted
for changes in product variety. The estimated effects are large: when the growth rate of demand
increases by one percentage point, the IV estimates indicate that inflation rate for products available
in consecutive years falls by 0.42 percentage points (s.e. 0.139). Accounting for changes in product
variety, inflation falls by 0.62 percentage points (s.e. 0.258). Using structural estimates of markups
a la Hottman et al. (2016), over half of the impact on price for continued goods is found to results
from falling markups, rather than reduced marginal cost.!”

To use these estimates to assess whether real inequality is amplified through the endogenous
response of the product market to rising nominal inequality, it is important to first assess whether
falling prices are driven by growing demand or merely by higher, but stagnating, demand.'® In
the latter case, the middle class would be the main beneficiary from the endogenous dynamics of
technological change, because it still constitutes the largest market. Using an expanded shift-share
IV design, Jaravel (2019) finds that the dynamics of supply are driven by changes in demand rather
than by its level. As a result, high-income groups benefit from lower inflation.

Using these estimates, Jaravel (2019) computes the price index implications of changes in de-
mand induced by changes in the income distribution from 2004 to 2016. If consumption patterns
were very similar across income groups, the faster growth at the top would benefit society broadly
through market size effects. Empirically, the difference in consumption baskets is such that the
productivity gains from rising market size are unequally distributed. Panel B.a of Figure 3 shows
that products (barcodes) that sell primarily to the top income quintile are predicted to experi-
ence a decline in prices of over 1%, compared to a 1% increase for products targeting the bottom
quintile. Panel B.b shows the implications for the inflation rates experienced by different income
quintiles, accounting for the fact that there is some overlap in consumption baskets across groups.

The difference is substantial, with an annual inflation rate about 0.5 percentage point higher for

1"Regardless of the mechanism, the evidence shows that the long-term supply curve is downward sloping, in a
reduced-form sense: as demand goes up, prices fall.

18For example, Jones (1995b) develop a model in which it is the growth of market size, not its level, which drives
innovation. Intuitively, if it becomes harder and harder to innovate as the market becomes larger, then a higher level
of demand creates higher returns to R&D but also higher costs of R&D — only additional growth of demand can
induce more innovations.
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the bottom quintile relative to the top quintile.

IV.A.3 Evidence for other Sectors and Countries

A growing literature documents similar patterns for other sectors of the U.S. economy, at the
sub-national level within the U.S., and for other countries. There is thus an emerging empirical
consensus that increasing demand leads to higher productivity and lower price indices, and that
this channel can amplify rising nominal income inequality.

Acemoglu and Linn (2004) provide empirical evidence that market size influences entry of new
drugs and U.S. pharmaceutical innovation. Boppart and Weiss (2013) show that TFP growth
is higher in more income-elastic sectors, using national accounts data covering the entire U.S.
economy. Analyzing Nielsen scanner data across local markets, Handbury (2019) finds that the
products and prices offered in markets are correlated with local income-specific tastes. Leveraging
data on durable good industries in the Chinese manufacturing sector and an IV design based on
potential market size, Beerli et al. (2020) estimate that an increase in market size by one percent
leads to a TFP increase of 0.46%.

Using Nielsen scanner data, Faber and Fally (2020) study an endogenous sorting channel
whereby more productive firms cater to richer households in equilibrium. Estimating a quanti-
tative model with household and firm heterogeneity, they show that rich households value higher
quality products significantly more, and that quality production features increasing returns to scale.
These estimated economies of scale in quality production give larger firms incentives to sort into
higher product quality, catering to the taste of richer households.

Focusing on housing and local amenities, Diamond (2016) and Couture et al. (2020) find that
amenities adjust endogenously to local demand. The quantitative model of Couture et al. (2020)
suggests that observed changes in the income distribution between 1990 and 2014 led to endogenous
changes in neighborhood amenities and house prices that increased the welfare of richer households
relative the low-income household, which amplified rising nominal income inequality.

The importance of market size and increasing returns has also received empirical support in
recent studies leveraging trade data. Dingel (2017) uses micro-data on US manufacturing plants
and find that home-market demand explains a significant fraction of the patterns of specialization
and trade across U.S. cities. Costinot et al. (2019) also find support for the home market hypothesis
using drug sales data from the global pharmaceutical industry: countries tend to be net sellers of the

drugs that they demand the most. Using trade shocks, Bartelme et al. (2019) estimate sector-level
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economies of scale. They find statistically significant scale elasticities in every 2-digit manufacturing
sector, with an average of 0.13 and substantial heterogeneity, with sector-level estimates ranging
from 0.07 to 0.25. Ding (2020) examines empirically whether a positive demand shock in one
industry leads a multi-industry firm to increase its productivity and sales in other industry due to
joint production; he estimates that the cross-spillovers are large and account for 20 percent of the

aggregate response of prices to market size.

IV.A.4 The Distributional Effects of the Product Cycle

The aforementioned studies all rely on the idea that products cater to segmented markets. But
an important feature of innovations is the “product cycle” — the idea that new products initially
benefit the rich but may eventually enter everyone’s consumption baskets (e.g., Hayek (1931),
Vernon (1966)).

Eizenberg (2014) investigates the distributional aspects of the product cycle for central pro-
cessing units (CPUs). According to the estimated quantitative model, Intel’s introduction of its
Pentium M chip contributed significantly to the growth of the mobile PC segment and to consumer
welfare overall, but most of the benefits were captured by the 20% least price-sensitive consumers.
Keeping older technologies on the shelf would have allowed the benefits from innovation to “trickle
down” to price-sensitive households. Thus, endogenous exit of old technologies can be detrimental
to the least well off and contribute to inflation inequality. Investigating the effect of the product

cycle on inequality in other sectors would be a fruitful direction for future research.

IV.B Inflation Inequality and Trade

International trade is another important channel that could lead to differences in inflation across

income groups.
IV.B.1 Heterogeneous Expenditure Shares on Imports

A first strand of the recent literature investigates whether expenditure shares are heterogeneous
across consumer groups, in particular along the income distribution.

Expenditure shares on imports are a key input in the distributional effects of trade. To a first
order approximation, by Roy’s identity a fall in the price of foreign products will benefit relatively
more consumers with larger expenditure shares on imports. A common view is that low-income

households spend more on manufacturing and other traded products, and therefore benefit more
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from trade via the expenditure channel. Leveraging new data, recent evidence overturns that
conventional wisdom.

Measuring expenditure shares on imports across income groups is a conceptually simple task,
but several challenges arise in practice. For one, it is important to measure direct imports but
also indirect import spending via imported intermediate inputs, which are more difficult to track.
Moreover, expenditure patterns on imports may differ across income groups within detailed sectors,
highlighting the importance of micro data to avoid potential aggregation bias. Increased availability
of data helped address these challenges in recent work.

Borusyak and Jaravel (2018) study the United States using linked data sets that cover the
consumption and production sides of the entire U.S. economy, including expenditure micro-data on
consumer packaged goods and motor vehicles. Trade in intermediate goods is accounted for using
the U.S. Bureau of Economic Analysis input-output table. For consumer packaged goods, products
from the Nielsen Homescan Consumer Panel are matched to their manufacturers or distributors in
the U.S. Census and Customs micro-data. For vehicles, expenditure patterns on brands of cars and
SUVs, observed in the Consumer Expenditure Survey, are linked to Ward’s Automotive statistics
on U.S. vehicle imports, as well as to the Census of Manufactures and Customs data to account for
imported vehicle parts. Consumer packaged goods and motor vehicles together cover about 40% of
total expenditures on goods.

The findings are reported in Figure 4. Panel A.a shows the differences in import shares arising
across the 389 industries available in the 2007 IO table. As a fraction of spending on total expen-
diture, total imports are very stable across the household income distribution, hovering between
12% and 13%. Using more aggregate industries available over a longer period of time, panel A.b
shows that the expenditure share on imports have remained similar across groups between 2002
and 2015.

This finding may come as a surprise given the common view that low-income households should
benefit more from trade because they have larger expenditure shares on goods relative to services.
In fact, the flat patterns in Panel A of Figure 4 are due to offsetting effects. Richer households do
consume a larger share of services, which are mostly non-traded. But within goods, richer groups
spend more on industries with higher import penetration rates such as electronics (e.g., relative
to food). These forces turn out to offset each other almost exactly, resulting in similar overall
spending shares on imports across income groups. Furthermore, Borusyak and Jaravel (2018) find

that within consumer packaged goods and motor vehicles, richer households spend relatively more
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on imported products. The results are depicted in Panel B of Figure 4. Overall, the expenditure
channel in the U.S. does not appear to be pro-poor - the distributional effects are limited, and if
anything the benefits to richer groups are higher.

In line with this conclusion, Levell et al. (2017) calculate the share of food spending devoted to
imported food across the household income distribution in the United Kingdom. They find that
the total import intensity of households’ food consumption ranges from 38.0% in the poorest decile
to 38.8% in the richest. For 17% of total food grocery spending, Levell et al. (2017) observe country
of origin for each barcode. The barcode-level analysis also reveal there is little difference in import
shares across income groups. However, they find that there is substantial variation across different
consumers within income groups. For example, although on average households spend about 35%
of their beef, lamb and pork spending on imported products, some households buy everything from

overseas. 19

IV.B.2 Evidence from Trade and Exchange Rate Shocks

A second strand of literature uses variation from major trade or exchange rate shocks to document
the distributional effects across households via the expenditure channel. In addition to knowing the
import shares across different types of goods, recent work shows that two other features matter for
inflation inequality. First, it is necessary to estimate the pass-through rates of shocks into prices,
which may vary depending on the shocks or the context. The pass-through rates of production
costs and tariffs into prices depend notably on market structure and firms’ market shares, as shown
recently by Auer and Schoenle (2016), De Loecker et al. (2016), and Amiti et al. (2018).29 Less is
known about how inflation inequality may be affected by pass-through heterogeneity. Second, it
is also important to estimate potential heterogeneity in the ability or willingness of households to
substitute towards goods whose relative price falls more in response to shocks. Third, changes in
product variety induced by trade may affect household groups differently. Recent studies, studying
various countries and time periods, have helped advance the research frontier on these issues.

A growing literature studies exchange rate shocks and inflation inequality. Cravino and Levchenko

19 An alternative approach is to use aggregate trade data and a non-homothetic demand system to infer spending
shares on imported products at a large scale in many countries. Fajgelbaum and Khandelwal (2016) do so using
the Almost-Ideal Demand System along with aggregate statistics and model parameters that can be estimated based
only on widely available bilateral trade and production data. They find that trade typically favors the poor, who
concentrate spending in more traded sectors. However, Borusyak and Jaravel (2018) show that these predictions
turn out to be specific to the AIDS demand system. With non-homothetic CES, there is no evidence that trade is
pro-poor, in line with the available micro data for the United States.

20Studying the recent U.S.-China trade war, Fajgelbaum et al. (2020) find complete pass-through of import tariffs
into prices.
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(2017) study the 1994 Mexican devaluation. They estimate that the devaluation led to a fall in the
relative price of tradeables and of lower-priced varieties within sectors. Because low-income house-
holds have higher expenditure shares on these products, their cost of living increased relatively
more after the devaluation. The results are reported in Figure 5: two years after the devaluation,
the cost of living for the bottom income decile rose over 50% more than for the top income decile.
In the United Kingdom, Breinlich et al. (2019) study the impact of the depreciation of sterling
caused by the Brexit referendum. They find complete pass-through of import costs of consumer
prices and estimate that there was little impact on inflation inequality. Income groups across the
distribution were similarly affected, although there is substantial heterogeneity across households
within income groups. More recently, Auer et al. (2020) study the impact of the 2015 Swiss Franc
appreciation using scanner data. They find that low income households substitute more between
imports and domestic goods, implying that they benefit more (or lose less) from large changes in
relative prices due to exchange rate or trade cost changes. They also show that households near
the border lose less thanks to cross-border shopping. These studies show that the implications for
inflation inequality can be large or small, depending on the context.

Other studies focus on productivity shocks abroad and their implications for consumers at
home. A prominent example is the rise of imports from China in the United States in the 2000s,
and its implications for U.S. consumer prices. Bai and Stumpner (2020) use scanner data and
compute income-group specific price indices. They find that the China shock led to similar price
declines for high and low-income consumers. Using CPI micro data covering the full consumption
basket, Jaravel and Sager (2019) find that the response of U.S. consumer prices to the China

21 Hottman and Monarch

shock was stronger in industries that cater to low-income households.
(2020) study import price inflation by income deciles in the U.S. between 1998 and 2014. With a
Laspeyres index, high and low income households experience similar import price inflation. But
when accounting for changes in product variety and allowing for sectoral expenditure switching,
they find that import price inflation was significantly higher for low-income households. They find
no evidence for unequal inflation rates arising from trade with China.

Finally, recent studies examine trade liberalization episodes in developing countries. Using

barcode level micro-data in Mexico, Faber (2014) shows that cheaper access to US imports reduces

the relative price of higher quality products in Mexican cities. This change leads to a significant

21Because imports from China account for a small share of total consumption, on the order of 2%, the impact on
overall inflation inequality in the U.S. remains limited even when taking into account the differential pass-through
into consumer prices.
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increase in Mexican real income inequality, because empirically high income households in Mexico
tend to buy products using higher quality inputs, compared with lower income groups. Using a
non-parametric relative Engel curves approach, Atkin et al. (2020) find that India’s trade reforms
in the 1990s led to lower inflation for the rich.

Taking stock, these findings suggest that it is important to take into account other important
channels — notably substitution, differential pass-through, and changes in product variety — in
addition to heterogeneity in import shares. Depending on the context, the implications of trade
for inflation inequality can be large. In some cases the rich experience lower inflation, in others
the poor do. For the United States, despite some differences in methodologies and results across
studies, a consistent picture emerges: increased trade did not lead to substantial divergence in
inflation rates across income groups over the past twenty years. This emerging empirical consensus
contradicts the view — still widely held — that trade primarily reduces prices for the poor in the

U.S.

IV.C Directions for Future Work

Much remains to be learned about the impact of technological change, openness to trade, and their
interaction.

First, an import direction for future work is to empirically document the impact of new tech-
nologies on prices and consumer surplus by income groups. Much of the concerns about the effects
of new technologies on inequality focuses on the labor market, but it is important to document
potential unequal gains via the expenditure channel. Although Section IV.A made the case that
endogenous technology dynamics tend to make innovations pro-rich, specific technologies may have
different effects. For example, Aghion et al. (2020) document the price effects of automation and
find that automation technologies tend to be used by firms that sell relatively more to low-income
households, although the differences are modest. Fracassi et al. (2020) show that private equity
firms help increase sales through the launch of new products, primarily in segments targeting high-
income households. Calder-Wang (2019) studies the distributional impact of the gig economy,
focusing on Airbnb and the housing market in New York. She finds that Airbnb led to large losses
for renters, as increased rental costs were not fully offset by increased rental choice. Moreover, the
increased rent burden is larger for high-income, educated, and white renters because they prefer
housing and location amenities that are most desirable to tourists. Many other technology shifts

could be studied by leveraging existing data that have been used to study labor market outcomes
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— for example, Webb (2019) develops new measures of artificial intelligence patents. Atkin et al.
(2018) study the introduction of global retail chains in Mexico. Foreign retail entry leads to large
welfare gains and pro-competitive effects, and the gains are larger for higher-income groups. New
studies focusing on prices effects and their distributional impacts have the potential to improve our
understanding of technological innovations and of the consequences of regulating them.

Second, mechanisms other than market size may explain why the direction of innovation appears
to typically favor the rich. For example, there is mounting evidence that access to innovation is
very unequal: women, minorities and people from low-income backgrounds are under-represented
among patent inventors, entrepreneurs, and venture capitalists (e.g., Bell et al. (2019), Agarwal
and Gaule (2020)). This under-representation may have an impact on the direction of innovation,
independent of market size. In recent work, Einio et al. (2020) study the impact of peer effects on
the direction of innovation, holding market size constant. Using quasi-experimental variation on
exposure to peer groups at university and during military service, they find that interacting with
peers from low-income backgrounds leads entrepreneurs to shift toward innovating in necessities.
This mechanism can help rationalize the empirical finding that innovators and entrepreneurs tend
to target people like themselves. For example, entrepreneurs from high-income backgrounds tend
to enter income-elastic industries (e.g., finance), while female entrepreneurs cater more often to
female customers.

Third, a promising direction for future work is to think about the interaction between technology
and trade. Recent contributions, including Sampson (2016) and Matsuyama (2019), emphasize
that there is a rich and sometimes counter-intuitive interplay between technology and trade. For
example, one may think that the domestic demand composition becomes less important in an open
economy, weakening some of the closed-economy dynamics described in Section IV.A. Matsuyama
(2019) shows that the impact of domestic demand on the direction of domestic innovation may in
fact be magnified in an open economy. Because of increasing returns to scale, the richer (poorer)
country develops an endogenous comparative advantage in higher (lower) income elastic sectors.
A fall in trade cost leads the richer (poorer) country to allocate even more resources towards
higher (lower) income elastic sectors by importing even more from the poorer (richer) country in
lower (higher) income elastic sectors. Hence, globalization can magnify the power of the domestic
demand composition differences in governing the patterns of innovation. Further empirical work

on this question would be a useful contribution.
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V  Policy Implications

This section discusses several policies implications arising from the recent findings on inflation

inequality discussed above.

V.A Inflation Inequality and the Welfare Effects of Policies
V.A.1 Measurement

As discussed in Section III, an important priority for statistical agencies should be to obtain granular
data in as many sectors as possible to keep track of income-group-specific expenditure shares, prices
paid, and changes in product variety. Scanner data, claims data, and other private sector data sets
should prove very useful, and could contribute more broadly to the measurement of inflation in real
time.

Improving the measurement of inflation inequality is important to keep track of long-term trends
and the effects of various policy, technology, or trade shocks. But it also matters to accurately
measure growth for the average citizen. Current practice, which uses aggregate expenditure shares,
gives more weight to richer households, who account for a higher share of consumption. To the
extent that inflation is lower for richer households, a plutocratic (expenditure weighted) index will

overstate real economic growth relative to a democratic (person weighted) index.

V.A.2 Cost-benefit Analysis

Given the growing empirical consensus that price indices can diverge across the income distribution,
for cost benefit analysis it it important to document more systematically the effects of policies on
prices and consumer surplus. With the increased availability of price and expenditure data, the
potential for heterogeneous price effects can be assessed for a wide range of policies, as illustrated
by recent studies of carbon taxes by Bureau et al. (2019), import tariffs by Furman et al. (2017),
rent controls by Diamond et al. (2019), the credit crunch by Kim (2020), soda taxes by Dubois
et al. (2020), and food stamps by Hastings and Washington (2010), Leung and Seo (2018), and
Jaravel (2018).

Different approaches can be taken to aggregate heterogeneous effects into a single summary
number to be used for cost-benefit analysis. For example, empirical estimates of price effects can
be plugged into a social welfare function. Alternatively, they can be used to compute agents’
willingness to pay for the policy; willingness to pay estimates can then be aggregated across the

income distribution, accounting for the distortionary cost of redistribution as in Hendren (2020).
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In some case, the presence of non-homotheticities may affect a policy’s overall efficiency with a
single representative agent and no distributional effects. For example, different sectors or firms may
be subject to different inefficiencies, e.g. because of the presence of market power and markups. In
this case, it is important to assess whether product categories with higher distortions tend to have
higher or lower income elasticities. If a policy tends to make agents richer, then it has a positive
impact on efficiency if income-elastic sectors or firms have higher markups, because the policy
leads to a reallocation of expenditures toward firms or sectors with higher distortions. Arkolakis
et al. (2018) show that this channel tends to slightly reduce the gains from trade in a standard

quantitative trade model.
V.A.3 Optimal Taxation and Redistribution

A recent line of work uses quantitative models to assess how endogenous prices and non-homotheticities
should affect optimal tax policy.

Jaravel and Olivi (2019) study optimal redistributive taxation in a model a la Mirrlees (1971)
with non-homotheticities, segmented markets, and increasing returns to scale. The presence of
increasing returns to scale tends to substantially reduce the Laffer rate and optimal marginal tax
rates. Furthermore, heterogeneity in consumption baskets affects the value of redistribution at
different points of the income distribution. Redistribution to low-income households increases the
market size of necessity products, whose price falls because of increasing returns to scale. As
a result, the social marginal utility of redistributing an additional dollar to low-income groups
increases, because they face lower prices and therefore a larger utility increase from additional
spending. This endogenous increase in the value of redistribution at the bottom leads to more
redistribution, which amplifies the price effects, hence the value of redistribution, and so on. This
channel illustrates that, in general equilibrium, there can be a feedback loop between preferences
for redistribution and prices. These effects can be quantitatively important, as reported in Figure
6. Relative to the baseline model with homothetic utility, in the calibrated model with non-
homotheticities marginal tax rates increase by over six percentage points at the bottom of the

income distribution.?2

221f the social value of redistribution at the bottom has increased through price effects, it may seem counterintuitive
to see marginal tax rates increase at the bottom of the income distribution in Figure 6. In fact, higher marginal tax
rates at the bottom of the income distribution increase the overall amount of redistribution in a more efficient way
than increasing marginal tax rates at the top. Indeed, high marginal tax rates at the bottom are paid by all agents
earning high levels of income without distorting their marginal incentives to work, and all revenue is rebated to the
low-income households through the intercept of the tax schedule.
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Allcott et al. (2019) study the interaction between corrective and redistributive motives. “Sin
taxes” on goods such as cigarettes, alcohol, and sugary drinks, may fall disproportionately on low-
income consumers, therefore a social planner with strong tastes for redistribution may want to keep
them at low levels. Their analysis shows that stronger preferences for redistribution can in fact
increase the optimal sin tax under plausible assumptions, for example if lower-income consumers
are more responsive to taxes or are more biased in their consumption choices.

In recent work, Bachas et al. (2020) examine whether consumption taxes can reduce inequality
in developing countries. They show that the budget share spent in the informal sector steeply
declines with income. The informal sector makes consumption taxes progressive: households in
the top quintile face an effective consumption tax rate that is twice as high as for the bottom
quintile. The calibration of a standard optimal tax model shows that, contrary to a widely held
view, consumption taxes are redistributive and can lower inequality by as much as personal income
taxes.

Overall, there is a growing consensus in the quantitative optimal taxation literature that it
is important to take into account non-homotheticities and the equilibrium response of prices to

changes in redistribution.??

V.A.4 Stabilization Policy

Recent work also shows that heterogeneity in consumption basket matters for the design of stabiliza-
tion policy, because spending patterns interact with heterogeneity in price rigidities and marginal
propensities to consume across household groups.

Nakamura and Steinsson (2008) and Pasten et al. (2019) showed that price rigidites vary sub-
stantially across product categories. Clayton et al. (2018) and Cravino et al. (2020) find that
more educated and richer households tend to have larger expenditure shares on more rigid sectors.
Differential exposure to price rigidity across the income distribution arises in part because richer
households spend more on services, which are more rigid than goods; but similar heterogeneity is
observed even within services and within manufacturing.

Clayton et al. (2018) study the consequences of this fact for monetary policy using a heteroge-
neous agents New Keynesian model. Consider a contractionary monetary policy shock: an increase

of 1pp in the nominal interest rate reduces current aggregate demand and activity, and leads to

23Without considering optimal policy, Faber and Fally (2020) use a quantitative model to quantify the effects of pro-
gressive income taxation and closing loopholes in corporate taxation on prices indices across the income distribution.
They find large effects via non-homothetic price indices.
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a fall in prices. Price rigidity is a key transmission channel of monetary policy. In this model,
college-educated households are more exposed to monetary policy because they buy more from
rigid sectors, which leads to two implications.

First, there are distributional effects: the relative price of the flexible sector declines, hence
real consumption for college-educated households falls more because they buy more from the rigid
sector, where prices fall less. Second, there are aggregate effects because of differences in exposure
to monetary policy (i.e., to rigidities), which interact with heterogeneity in marginal propensities
to consume. In general (e.g., Auclert (2019)), the aggregate response is magnified (dampened)
when monetary policy has a larger direct impact on agents with higher (lower) MPCs. Because of
differences in price rigidities, the monetary policy shock reduces consumption by more for college-
educated households, who have a lower marginal propensity to consume. This leads to a smaller
fall in aggregate demand in general equilibrium, i.e. this channel dampens the aggregate effect of
monetary policy. Similar insights would apply to the study of stabilization policy using fiscal tools.
In contrast, the common view emphasizes differences between savors and debtors, implying that
household heterogeneity amplifies the effectiveness of monetary policy, because changes in interest

rates have a larger direct effect on high-MPC agents.?*

V.B Non-homotheticities and Macroeconomic Trends

Stepping back from the analysis of the effects of policies, a rapidly growing literature shows, from
a positive perspective, that non-homotheticities help understand long-term macroeconomic trends.

A first series of studies considers long-term changes in sectoral expenditure and employment
shares. Boppart (2014) and Comin et al. (2020b) show that the long-run decline of manufacturing
in developed countries can largely be explained by an income effect — richer societies spend less on
manufacturing, even absent changes in relative prices. A related multi-country analysis by Lewis
et al. (2018) show that ongoing structural change implies declining openness, even absent rising
protectionism.

Turning to the long-run change in the labor share, Hubmer (2018) shows that higher-income
households spend relatively more on labor-intensive goods and services as a share of their total
consumption. Interpreted as stemming from non-homothetic preferences, this fact implies that eco-
nomic growth increases the labor share through an income effect. He find that until the early 1980s

this income effect could offset capital-labor substitution. Later on, investment-specific technical

24For example, an increase in the nominal interest rate reduces consumption by more for debtors, who have a
higher MPC; this channel amplifies the intended fall in aggregate demand in equilibrium.
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change accelerated, leading to increasing substitution of capital for labor, and began to dominate
the income effect. Thus the stability of the aggregate labor share before 1980s and its decline since
then can be explained by a race between non-homotheticites and capital-labor substitution.

Non-homotheticies can also explain the secular decline in interest rates and rising wealth to
income ratios through the “savings glut of the rich”. Using a model with non-homotheticities in
savings calibrated to match micro data on heterogeneity in savings rate, Straub (2018) shows that
the rise in permanent labor income inequality since the 1970s can explain a decline in the real
interest rate of around 1% and an increase in the wealth-to-GDP ratio of about 30%, as well as a
large increase in wealth inequality.?®

Finally, non-homotheticities can interact with the demand for skilled and unskilled labor. Comin
et al. (2020a) show that expenditure elasticities are positively correlated with intensities in low-
and high-skill occupations across sectors. As income grows, demand shifts toward expenditure-
elastic sectors and increases the relative demand for low- and high-skill occupations, leading to
labor-market polarization. A calibration indicates that this channel for a large fraction of the
observed rise in the wage and employment shares of low- and high-skill occupations in the United
States and in Western Europe. Using international trade data, Caron et al. (2014) and Caron et al.
(2020) document that skill intensive sectors are income elastic; trade liberalizations increase average
incomes and reallocate demand toward skill intensive sectors, leading to a demand-driven increase
in the skill premium. Related work by Jaimovich et al. (2020) highlights the importance of demand
for quality: high- quality goods are more intensive in skilled labor than low-quality goods, and
household spending on high-quality goods rises with income. Shifting focus to demand for factors
at a business cycle frequency, Jaimovich et al. (2019) find that consumers trade down in the quality
of the goods and purchases they buy during major economic crises like the Great Recession, and
that low-quality goods are less labor intensive than high-quality goods. This mechanism increased
the severity of the recession: when households traded down, labor demand fell further.

These studies show that non-homotheticities are a powerful force to understand several of
the most important macroeconomic changes of the past decades. Using more detailed price and
consumption data sets to shed more light on these and other macro trends is an important task for

future work.

25 Auclert and Rognlie (2017) find that the rise of the top 1% income share since the 1980s could explain a deline
in long-run interest rates between 0.45pp and 0.85pp.
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VI Conclusion

This survey described the promise of a research program on inflation inequality. Recent evidence
suggests that inflation inequality can be first-order and that taking into account the distributional
consequences of price changes is essential in several areas of policy-making, from redistributive
taxation to trade policy and monetary policy.

Advancing the theory of non-homothetic price indices, getting access to granular price and
expenditure data for all sectors of the economy, studying drivers of inflation inequality other than
trade and technology, accounting for inflation inequality in optimal policy design, and examining
how non-homotheticities interact with macro trends — these are but a few examples of important
areas that are ripe for further investigation.

Much remains to be learned. But one can hope that statistical agencies around the world will
soon adopt new data sources and price indices to better measure inflation inequality, and that

economists will pay more attention to the distributional effects of prices going forward.
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Figure 1: Inflation Inequality in the United States (2004-2015)

Panel A: Full Consumption Basket (CEX-CPI data)
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Figure 2: Real-Time Inflation Inequality during the Great Lockdown

Panel A: Evidence from Sectoral Data in the United States
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Figure 3: Inflation Inequality and Endogenous Technological Change

Panel A: Increased Demand Causes Lower Inflation (Shift-share IV design)
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Figure 4: Inflation Inequality and Trade

Panel A: Import Spending Shares in U.S. Industry-Level Data
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Figure 5: Inflation Inequality after the 1994 Mexican Devaluation

I I \ | \ I [ \ I \ \ I
-— <~ ~ o — ~ ~ o — < r~ (=}
£ £ E = 3 E £ = £ £ E =
< < < £ 5 o] H £ ] ) & E
[} D [z} < [} (o2} o2 wn (o2} [o2} (2] ©
(=2 @D (=2 (2] (=2 [=2] o2} D [=2] D (=2 D
- — -~ [s;] ~— Rl - [=;] -~ -~ -~ [+)]
P Low Income = ------- P High Income |

Notes: This figure is reproduced from Cravino and Levchenko (2017). The high-income household con-
sumes varieties priced above the median, and the poor household below the median within each product

category.

Figure 6: Inflation Inequality and Optimal Income Taxation
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Notes: This figure is adapted from Jaravel and Olivi (2020) and plots the difference in optimal marginal tax
rates across the earned income distribution, comparing the model with non-homotheticities to the baseline
model with homotheticities. The models under comparison both feature increasing returns to scale.
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Table 1: Inflation Inequality and Aggregation Bias

Panel A: Full Consumption Basket (CEX-CPI data)

A Inflation Rates

Aggregation Level pp % Ezplained
Detailed Categories 0.3464 100

N = 256

Sub-categories 0.0739 21.8

N =22

Main categories 0.0965 27.8

N =11

Panel B: Fast-Moving Consumer Goods (Nielsen data)

A Inflation Rates, A Log Feenstra
Continuing Products Variety Adj.
pp % Ezplained PP % Ezplained
Aggregation Level (1) (2) (3) (4)
Barcodes 0.541 100 1.487 100
N = 2,240,278
Product Modules 0.358 66.2 0.578 38.9
N = 1,042
Departments 0.071 18 -0.048 -3.8
N =10

Notes: This table is adapted from Jaravel (2019) and decomposes the inflation difference between the top
and bottom income quintiles.
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