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Abstract

We study the welfare cost of inflation during the 2021–2023 UK inflation surge using household

scanner data on fast-moving consumer goods. We develop and implement a non-homothetic, index-

number-based decomposition of inflation-driven welfare changes into exposure, substitution, and

income effects. We document pronounced “cheapflation”: within narrowly defined categories, prices

rose fastest for lower-quality necessities disproportionately consumed by poorer households. This

generates sharply regressive inflation exposure that is only slightly mitigated by behavioural re-

sponses. As purchasing power fell, cheapflation interacted with non-homothetic demand movements

down the quality ladder (captured by our income-effects term) to amplify welfare losses and reshape

the distribution of exposure to future necessity-driven inflation.
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1 Introduction

Inflation has re-emerged as a central economic concern in the aftermath of the COVID-19

pandemic. Many advanced economies have experienced the sharpest and most persistent

price increases in several decades. Beyond its aggregate level, a key question is how the

burden of inflation is distributed across households. Since consumption baskets differ

systematically across households with different resources, the same vector of price changes

can translate into very different changes in living standards, potentially amplifying existing

inequalities. These distributional effects depend not only on which prices move, but also on

how households adjust their spending patterns in response.

In this paper, we study how the recent UK inflation surge has affected inequality in

both inflation exposure and welfare. We focus on fast-moving consumer goods (food,

beverages, household goods, and personal care products) using household-level scanner

data covering the period 2012–2023. The 2021Q3–2023Q3 episode we analyse features two

salient characteristics: (i) unusually large and heterogeneous relative price movements within

narrowly defined product categories, and (ii) falling real expenditure for many households.

These features interacted: prices rose fastest for cheaper, lower-quality necessity products

(“cheapflation”), disproportionately consumed by poorer households, and households—

especially those whose real expenditure fell most—shifted down the quality ladder toward

these same products. To quantify the welfare consequences of these price movements

and household responses, we develop and implement an index-number-based welfare

decomposition under general non-homothetic preferences. This decomposition maps welfare

changes into exposure, substitution, and income effects and is implementable in scanner

data without estimating a parametric demand system. We use this framework to show that

cheapflation-driven inflation exposure is strongly regressive and that, as purchasing power

fell, the interaction of cheapflation with non-homothetic demand adjustments amplified the

welfare cost of inflation relative to homothetic benchmarks and reshaped the distribution of

exposure to future necessity-driven inflation.1

We begin by providing descriptive evidence on prices and spending along a product-level

quality ladder. We construct quality rungs within each narrow product category by ranking

brand–size combinations by unit price, netting out nonlinear pricing over pack sizes. Over

2021Q3–2023Q3, price growth is sharply tilted toward the bottom of this within-category

ladder: products in the bottom two rungs exhibit average price increases of around one-third,

1We focus on the consumption-basket channel through which heterogeneous spending patterns translate a
common price vector into different welfare changes across households. Other channels operate through balance
sheets, wage rigidities, and asset prices; see, for example, Doepke and Schneider (2006), Ferreira et al. (2023), and
Del Canto et al. (2024).
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compared to roughly one-fifth for products in the top two rungs. In earlier nine-quarter

periods, price growth is essentially flat across rungs. This compression of the within-category

price distribution is consistent with the “cheapflation” documented using price data in other

countries by Cavallo and Kryvtsov (2024).

We also show that households with fewer resources are systematically more exposed

to this pattern of price changes. Throughout our sample, lower-equivalised-expenditure

and lower-equivalised-income households purchase lower-quality (cheaper) products on

average, and the strength of this relationship is remarkably stable over time; the key change

in 2021Q3–2023Q3 is that price growth becomes sharply tilted toward these low-quality

goods. Cheapflation therefore raises inflation exposure disproportionately for worse-off

households. We show that much of the resulting inflation inequality is missed by household

inflation measures that do not capture within-category differences in product choice along the

quality ladder—for example, distributional inflation statistics that rely only on category-level

spending and price indexes. Using within-household variation, we show that households

whose deflated expenditure falls more trade down more along the quality ladder. Together,

these facts highlight three central forces for inflation inequality within within fast-moving

consumer goods: cheapflation, systematic cross-sectional differences in quality choices, and

non-homothetic within-household adjustments along the quality ladder.

To organise these forces, we develop a decomposition of the welfare effects of inflation

that is suited to environments with pronounced within-category relative price dispersion

and non-homothetic demand. Our theoretical object of interest is an equivalent-variation

quality-of-living index, which expresses the welfare effect of the episode in initial-period

prices: it is the proportional change in spending at initial prices required to attain the realised

final-period utility level rather than the initial one.2 We show that, up to a second-order

approximation in nominal expenditure growth and price changes, this welfare change equals

nominal expenditure growth minus the welfare cost of inflation, defined as the sum of

exposure, substitution, and income effects.

The first, exposure, term is the log Laspeyres cost-of-living index based on the ini-

tial consumption bundle, capturing mechanical exposure to inflation under Leontief (no-

substitution) preferences.3 The second, substitution, term splits into a Cobb–Douglas compo-

nent (the gap between the Laspeyres and geometric-Laspeyres indexes) and a second-order

term involving Hicksian responses of budget shares to prices; together these capture how

substitution away from goods with strong relative price increases mitigates cost-of-living

2Equivalently, prior to the inflation surge, the index answers what fraction of initial-period expenditure a
household would be willing to forgo to avoid the realised changes in prices and budgets over the episode.

3The cost-of-living index is the proportional change in expenditure required to attain a fixed utility level at
final-period prices rather than initial-period prices. Under Leontief preferences, this object coincides with the
Laspeyres index based on the initial bundle.
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growth. The final income-effects term arises from non-homothetic demand and is equal to

minus the product of a “real expenditure” term (negative when purchasing power falls) and

a covariance between relative price changes and expenditure elasticities. In a cheapflation

episode where goods with low expenditure elasticities (often called income elasticities)

become relatively more expensive, falling real expenditure pushes households along Engel

curves toward precisely those goods whose prices are rising, generating additional welfare

losses beyond those captured by homothetic benchmarks.

A key advantage of our framework is that each component can be expressed as differ-

ences between observable household-level price indexes. Building on Jaravel and Lashkari

(2024), we implement a non-homothetic money-metric index that provides a second-order

approximation to the cost-of-living index at a given utility level. We show how the terms

for exposure, Cobb–Douglas substitution, second-order substitution, and income effects

correspond to log differences between a Laspeyres index, a geometric-Laspeyres index, and

non-homothetic cost-of-living indexes evaluated at the initial and final utility levels. This

delivers an index-number-based implementation of the welfare decomposition that is valid

under general non-homothetic preferences and can be computed for every household in

scanner data without specifying a parametric demand system at the product level.

We use this framework to quantify the contribution of exposure, substitution, and income

effects to inflation inequality over 2021Q3–2023Q3. Using a household-specific Laspeyres

index, we find that average cumulative inflation exposure over this nine-quarter period is

about 26%, with a standard deviation of 5.4 percentage points. Inequality in exposure is

striking: the bottom decile of the 2021 equivalised expenditure distribution faces about 7.5

percentage points higher cumulative exposure than the top decile; the corresponding gap

across income deciles is around 4.4 percentage points. Using a hierarchical decomposition of

the Laspeyres index across segments (e.g., alcohol and dairy), categories, and products, we

show that within-category differences in product choice along the quality ladder account for

most of the dispersion in cumulative inflation exposure and virtually all of the regressive

gradient. These patterns do not appear in earlier nine-quarter periods.

We next turn to the cost-of-living index evaluated at the initial utility level, which reflects

inflation exposure and substitution responses. On average, allowing for substitution reduces

the cumulative cost-of-living increase from 26.2% (under the no-substitution benchmark) to

about 25.2%. The Cobb–Douglas term alone would lower it by approximately 1.9 percentage

points relative to the Laspeyres benchmark, but richer substitution patterns—captured by

the second-order term—raise it by around 0.9 percentage points. This suggests that products

experiencing the strongest price growth are precisely those that households are least willing

or able to substitute away from, limiting the scope for substitution in mitigating inflation-
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driven welfare losses. Across the expenditure distribution, substitution modestly dampens

the cost-of-living gradient (the bottom–top inter–decile range falls from about 7.5 to 7.1

percentage points), but the gradient remains large and regressive.

We then measure the non-homothetic (income-effects) component—i.e., the difference

between non-homothetic cost-of-living indexes evaluated at the initial (2021Q3) and final

(2023Q3) utility levels. On average, the cost-of-living index evaluated at final utility is about

0.9 percentage points higher than at initial utility. This reflects the interaction of cheapflation

and declining real expenditure: as purchasing power falls, households move along Engel

curves toward low-quality necessity goods whose relative prices are increasing, making it

more expensive to attain the realised final utility level than the initial one.

Overall, richer substitution patterns and income effects undo much of the headline cost

savings implied by a simple Cobb–Douglas benchmark. As a result, the sharp inflation

exposure gradient across both the expenditure and income distributions translates into

similarly regressive gradients in the welfare costs of the inflation episode.

Finally, we ask whether cheapflation and trading down have also reshaped households’

exposure to future inflation episodes. We construct a “repeat-cheapflation exposure” index

that applies the observed pattern of relative price changes to each household’s final-period

consumption bundle—a forward-looking Laspeyres index capturing exposure to a future

bout of cheapflation. We find that households with the most negative income effects during

2021Q3–2023Q3 end the episode with consumption baskets that are more exposed to a repeat

cheapflation shock than under their initial baskets. At the same time, these households

were not initially the most exposed to cheapflation; rather, their Engel-curve adjustments

under cheapflation drew them toward goods where future necessity-driven inflation would

hit harder. This intertemporal reconfiguration of exposure suggests that the distributional

consequences of cheapflation may persist even after aggregate inflation recedes.

Our paper contributes to three strands of literature. First, we add to work on inflation

inequality, including studies using scanner data (e.g., Kaplan and Schulhofer-Wohl 2017;

Jaravel 2019; Argente and Lee 2021) and survey-based measures that replicate official CPI

methods (e.g., Jaravel 2024). We show that, in a recent high-inflation episode, inflation

inequality in the UK is large, regressive across both expenditure and income groups, and that

within-category differences in product choice along the quality ladder account for the bulk of

this inequality. Second, we connect to the emerging literature that documents recent patterns

of cheapflation (Cavallo and Kryvtsov 2024) and links them to firm pricing responses to cost

shocks and demand shifts (Sangani 2023, 2025; Becker 2025), by showing how cheapflation

in lower-quality necessities and falling purchasing power interact to shape both realised

welfare losses and future exposure. Third, we contribute to the literature on non-homothetic
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demand and measurement of living standards and welfare approximations (e.g., Atkin

et al. 2024; Auer et al. 2024; Baqaee and Burstein 2023; Baqaee et al. 2024; Balk 1990; Comin

et al. 2021; Jaravel and Lashkari 2024). We use a flexible second-order approximation to

an equivalent-variation quality-of-living index, in the spirit of Baqaee and Burstein (2023),

and show how the three price-based components of the welfare cost of inflation—exposure,

substitution, and income effects—can be implemented as differences between household-

level price indexes under general non-homothetic preferences. Our contribution is to provide

a non-homothetic, index-number-based decomposition of inflation-driven welfare changes

that can be implemented in scanner data, and to show empirically that within-category

quality choices, together with trading down the quality ladder as purchasing power falls

(the adjustment margin captured by the income-effects term in our framework), are central

both to the regressive welfare impact of the 2021–2023 surge and to shaping households’

exposure to future cheapflation episodes.

The remainder of the paper is structured as follows. Section 2 introduces the scanner

data, product classification, and quality ladder, and presents descriptive evidence on cheap-

flation, cross-sectional exposure, and trading down. Section 3 develops the quality-of-living

decomposition and maps its components to observable price indexes. Section 4 presents

our empirical decomposition of inflation-driven welfare changes across the expenditure

and income distributions. Section 5 studies how cheapflation and trading down reshape

households’ exposure to future inflation episodes. Section 6 concludes.

2 Data and motivating evidence

Scanner data

We use household-level scanner data from Worldpanel by Numerator’s Take Home Purchase

Panel (henceforth Numerator data). The dataset tracks purchases of fast-moving consumer

goods—including food, alcoholic and non-alcoholic beverages, toiletries, cleaning products,

and pet foods—brought into the home by a sample of households living in Great Britain (i.e.,

the UK excluding Northern Ireland). It includes purchases made both in brick-and-mortar

stores and online.

Households typically remain in the dataset for several years. Each participating house-

hold records all purchased UPCs (barcodes) using a handheld scanner or mobile app and

submits receipts electronically or by post. For each transaction, we observe quantity, expen-

diture, price paid, and UPC characteristics. We also observe socio-demographic information,

including household structure and banded income.
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We focus on the nine calendar quarters from 2021Q3 to 2023Q3, a period of elevated

inflation. Over this period, the Consumer Price Index (CPI) for food and non-alcoholic

beverages—together with alcohol and household goods, key components of fast-moving

consumer goods—rose from 103.3 to 133.5 after a prolonged period of stability.4 Our main

analysis sample includes 19,030 households that recorded their purchases in every year-

quarter over this period.5 We compare inflation inequality over 2021Q3–2023Q3 to four

earlier nine-quarter periods: 2012Q1–2014Q1, 2014Q1–2016Q1, 2016Q1–2018Q1, and 2018Q1–

2020Q1.6

Our dataset offers several advantages for measuring inflation inequality compared to

commonly used alternatives. First, expenditures are recorded continuously and available

with minimal lag, allowing us to construct inflation measures based on contemporaneous

spending patterns. By contrast, the expenditure information used in official distributional

inflation statistics typically comes from annual budget surveys that are released with a

substantial delay relative to the underlying price microdata. Second, the scanner panel tracks

households over time, enabling us to construct household-specific price indexes. Third,

expenditure is recorded at the UPC level, so our inflation measures reflect spending patterns

across narrowly defined products.7

Our data are more detailed than the budget surveys and price microdata often used

to study household-level inflation inequality (see Office for National Statistics (2022) for

the UK and Klick and Stockburger (2021, 2024) for the US). These survey-based measures

cover a broader share of total spending but aggregate prices to around 100–200 item groups.

By contrast, our scanner data allow us to study within-category substitution and within-

category price changes across narrowly defined products, which is central to our focus on

cheapflation and quality downgrading.

Product classification

Our data cover approximately 200,000 unique UPCs over 2021Q3–2023Q3. Since some

UPCs are occasionally replaced with nearly identical ones, we define products based on

4In January 2019, the index was 102.6, and by April 2024 it had reached 135.6. One exception to the prior
stability was a spike and subsequent reduction in inflation at the start of the COVID-19 pandemic, driven by a
decline and recovery in promotional activity (Jaravel and O’Connell 2020a,b).

5We exclude households that are not continuously present across all nine quarters, or whose quarterly
expenditure falls below the 5th percentile (on average £114) of the expenditure distribution. Our results are not
sensitive to these restrictions.

6Each of these periods includes 19,000–20,000 households. We exclude 2020Q2–2021Q2, as purchasing
patterns during this time are likely atypical due to lockdowns and social distancing measures. Including this
period does not materially affect our results.

7Store-level scanner data, which are now used in some countries for CPI construction, also provide disag-
gregated and timely expenditure information. However, since they are recorded at the store rather than the
household level, they are not well suited for studying the distribution of inflation across households.
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the more aggregated combination of brand and package size. Numerator provides highly

disaggregated brand information, so this approach involves minimal aggregation over

meaningfully distinct products. Over this period, there are approximately 90,000 brand–size

pairs, which we refer to as products throughout.8

We denote household h’s year-quarter t expenditure on product i as xhit and their total

year-quarter expenditure as xht = ∑i xhit. Household h’s year-quarter t quantity of product i

is qhit. We measure the period-t price of product i as its unit value,9

pit =
∑h xhit

∑h qhit
. (2.1)

Lower-income households pay slightly lower prices for identical products—consistent with

greater search effort, as in Aguiar and Hurst, 2007—but the price gap between low- and

high-income households is modest and relatively stable, narrowing by 0.5 percentage points

from 2021Q3 to 2023Q3 (see Appendix A.1). This change is minor relative to the overall

inflation inequality we document below, and acts, albeit modestly, to reinforce the patterns

we find.

We use a hierarchical product classification provided by Numerator, designed to allocate

products into well-defined consumer markets. Products are grouped into 10 segments

(bakery, dairy, fresh fruit and vegetables, meat and fish, prepared food, cupboard ingredients,

confectionery, non-alcoholic drinks, alcohol, and household goods) and 238 categories.

For example, the product Coca Cola 2 litre bottle belongs to the category colas within the

non-alcoholic drinks segment.

The quality ladder. We further segment the product space by defining a quality ladder.

Previous work (e.g., Jaravel 2019) classifies products within narrowly defined categories into

price deciles, which serve as a proxy for quality. We adopt a similar approach. However,

since some price variation arises from nonlinear pricing across different pack sizes of the

same brand (e.g., see Griffith et al. 2009), we adjust for this form of price variation before

constructing the quality ladder. We define rungs using adjusted unit-price levels from

early in the episode and then hold rung assignments fixed when measuring inflation over

2021Q3–2023Q3, so “cheapflation” reflects differential price growth across a predetermined

within-category ranking.

For each product category, using data from 2021Q3–2023Q3 to estimate the pack-size

adjustment and to assign rungs to products introduced later in the episode, we estimate the

8For some fresh produce, such as fruit, vegetables, and meat, UPCs do not have a well-defined brand. In
these cases, we define products using UPCs. Our results are materially unchanged if we define all products
based on UPCs.

9Because unit values are constructed from transaction expenditures and quantities, they reflect the prices
households actually pay, including temporary discounts and multi-buy offers.
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expenditure-weighted regression:

pit = ξb(i) + τc(i)t + ∑
y

3

∑
l=1

α
(l)
c(i)y1{t ∈ y} × size(l)i + ϵit, (2.2)

where pit is the price of product i at time t, τc(i)t are year-quarter fixed effects, ξb(i) are brand

effects, and the α-terms represent a third-order polynomial in demeaned pack size, with

coefficients that vary across years, indexed by y.

To assign products to quality-ladder rungs, we first consider the set of products available

in the four quarters 2021Q3–2022Q2 (which we index t = 1, . . . , 4) and compute their

adjusted prices in each of these quarters, netting out the size polynomial: p̃it = pit −

∑3
l=1 α

(l)
c(i)y1{t ∈ y} × size(l)i , t ≤ 4. We then average adjusted product-level prices across

these quarters to form a baseline adjusted price for each product and use the expenditure-

weighted distribution within each product category to define decile boundaries. For all

products, we then use equation (2.2) to predict their adjusted price, averaging over the first

four quarters: p̃i = ξb(i) +
1
4 ∑4

t=1 τc(i)t. Using these predicted prices, we assign products to

quality-ladder rungs based on the decile boundaries. This procedure ensures that products

introduced after 2022Q2 are assigned to a quality rung based on an adjusted price that

accounts for category-specific price growth. We construct the quality ladder analogously for

the four earlier comparison periods.

Income measure

Our data provide two measures of household economic resources: (i) total household fast-

moving consumer goods expenditure and (ii) household income, reported in £10,000 bands

and top-coded at £70,000. For both variables, we construct equivalised measures using the

OECD-modified scale (Hagenaars et al. 1994).10

In each nine-quarter period, we use equivalised expenditure from the first calendar year

to assign households to expenditure percentiles (100 bins) or deciles (10 bins), and we refer

to these as expenditure percentiles (or deciles). We also group households into deciles of

equivalised income, using the midpoint of each income band to construct the equivalised

income measure. These two rankings are strongly, though not perfectly, correlated (see

Appendix A.2). In Section 4.1 we discuss the conceptual and measurement differences

between expenditure- and income-based rankings, and in the results below we systematically

report patterns by both.

10This involves constructing an equivalised household size, where the first adult counts as 1, additional
individuals aged 14 or over count as 0.5, and each child under 14 counts as 0.3.
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Descriptive evidence

Our objective is to measure inflation inequality during an inflationary surge, and to charac-

terise and quantify the importance of behavioural responses. Figure 2.1 provides preliminary

evidence that motivates our approach. It shows that lower-quality products experience

more rapid price growth during the inflation surge, that these products are more popular

among households with fewer resources, and that households with the largest declines in

spending shift more sharply down the quality ladder. This points toward the joint role of

price dynamics across the quality ladder and spending adjustments driven by changes in

purchasing power in shaping household exposure and responses to inflation.

Panel (a) reports the change in average price over 2021Q3–2023Q3, weighted by initial-

period aggregate spending shares, for products on different rungs of the quality ladder

(black line). Proportional price increases are substantially higher for lower-quality products

than for those at the top of the ladder. For instance, the average price increase for products

on the bottom two rungs (1 and 2) is 36.2% and 32.3%, respectively, while for those on the

top two rungs (9 and 10), it is 20.7% and 15.8%. Over this period, the within-category price

distribution compresses, and this pattern is also evident in the microdata underlying the UK

CPI—including for fast-moving consumer goods, clothing, and leisure goods (see Appendix

A.3). Cavallo and Kryvtsov (2024) term this phenomenon cheapflation. By contrast, price

growth is relatively flat across the quality ladder in the preceding nine-quarter periods (grey

lines).

Panel (b) illustrates how the average quality rung of products purchased in the initial

quarter of each nine-quarter period varies across expenditure deciles. Higher-expenditure

households consistently purchase higher-quality products on average, and this relationship

is remarkably stable across all nine-quarter periods. A similar pattern holds across deciles

of the equivalised income distribution (Appendix A.4). Taken together, panels (a) and (b)

show that the 2021Q3–2023Q3 episode combines strong cheapflation with a persistent cross-

sectional relationship between resources and average quality rung: the goods that became

relatively more expensive are those disproportionately consumed by worse-off households.

Panels (c) and (d) focus on 2021Q3–2023Q3. Panel (c) shows that the share of first-

quarter expenditure allocated to bottom-quality-rung products decreases sharply across

expenditure percentiles, whereas the spending share on top-quality-rung products increases

across percentiles. This pattern is consistent with economic intuition: low-quality products

are necessities, while high-quality products are luxuries.

Panel (d) illustrates the relationship between within-household changes in expenditure

and changes in spending shares on top- and bottom-quality-rung products between 2021Q3
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and 2023Q3. On average, households increase their spending shares on both top- and

bottom-quality-rung products, but panel (d) shows that households with the largest declines

in deflated expenditure shift most strongly toward low-quality products and least strongly

toward high-quality products. This pattern is suggestive of households moving along

quality-ladder Engel curves in response to changes in living standards.

Figure 2.1: Prices and spending across the quality ladder
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). Panel (a) reports change in
average price over the nine-quarter period for products on each rung of the quality ladder, weighted by initial-period
aggregate spending shares. Panel (b) reports the average quality rung of households’ purchases by deciles of the expenditure
distribution. Panel (c) reports the average household spending share allocated to products belonging to top- and bottom-
quality rungs in 2021Q3, by expenditure percentile. The dashed lines are local polynomial-smoothed regressions. Panel
(d) shows the average percentage point change in spending share allocated to bottom- and top-quality-rung products from
2021Q3 to 2023Q3 for each percentile of the distribution of percent changes in deflated quarterly expenditure over this time.
Expenditure changes are deflated using a household-specific Laspeyres price index.
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A potential concern is that the negative relationship shown in Figure 2.1(d) partly reflects

a mechanical effect: trading down to lower-quality, cheaper goods reduces nominal expen-

diture, which could mechanically induce a relationship between quality downgrading and

deflated-expenditure changes.

To assess whether the trading-down patterns reflect genuine Engel-curve movements,

we estimate a simple household–segment regression, first by OLS and then by 2SLS using an

instrument for deflated expenditure. For each household–segment (h, g) pair, we compute

the log change between 2021Q3 and 2023Q3 in segment-level quality and relate this to

the household’s log change in deflated total expenditure over the same period, including

segment fixed effects. Column (1) of Table 2.1 reports the OLS estimate, which shows a

strong and statistically precise relationship: households whose deflated expenditure falls

more tend to shift more toward lower-quality products within segments, consistent with

Figure 2.1(d).

To purge the mechanically induced component of this relationship, we instrument the log

change in deflated expenditure with a “leave-one-out” measure that recomputes deflated-

expenditure growth for each household excluding segment g from both nominal expenditure

and the Laspeyres deflator. By construction, within-segment changes in quality choice do

not affect this instrument. The 2SLS estimate in column (2) remains highly significant and

only modestly smaller in magnitude than the OLS coefficient, indicating that the negative

association between deflated-expenditure declines and quality downgrading primarily

reflects genuine behavioural responses along Engel curves rather than an artefact of how

deflated expenditure is constructed.

Table 2.1: Within segment trading-down

Dependent Variable = log change in segment-level average quality
OLS 2SLS

log change in deflated expenditure 0.063*** 0.047***
(0.004) (0.006)

Observations 179,682 179,682

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). The dependent variable is the log
change in household h’s segment-level quality in segment g between 2021Q3 and 2023Q3, log(QhgT/Qhg1), where Qhgt is
the volume-weighted average quality rung of household h’s purchases in segment g at time t. The regressor is the log change
in household expenditure deflated with a household-specific Laspeyres price index, log(xhT/xh1)− log ΠL

h(1,T). Column

(1) reports OLS estimates. Column (2) reports 2SLS estimates in which log(xhT/xh1)− log ΠL
h(1,T) is instrumented with

a leave-one-out measure constructed by excluding segment g from both nominal expenditure and the Laspeyres deflator. All
regressions include segment fixed effects; standard errors (in parentheses) are clustered at the segment level. A positive
coefficient implies that households with larger declines in deflated expenditure (more negative log(xhT/xh1)− log ΠL

h(1,T))
experience larger quality downgrades (more negative log(QhgT/Qhg1)). ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Discussion. The descriptive evidence in Figure 2.1 and Table 2.1 highlights three features

of the 2021Q3–2023Q3 inflation episode that are central to our welfare analysis. First,
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price growth is sharply tilted toward the bottom of the within-category quality ladder:

cheap varieties experienced systematically higher inflation, in line with the “cheapflation”

documented using price data by Cavallo and Kryvtsov (2024). Second, households with

fewer resources are systematically more exposed to these low-quality products that see

the strongest price growth even before the episode begins, echoing evidence in Argente

and Lee (2021) and Jaravel (2024) that lower-income households buy lower-priced varieties

and are more concentrated in necessity goods. Third, households with larger declines in

deflated expenditure trade down along the quality ladder toward those same low-quality,

necessity-type goods whose prices rise most.

Taken together, these patterns imply that the distributional consequences of the inflation

surge cannot be understood solely through household-specific Laspeyres indexes or through

homothetic price indexes. In a cheapflation environment with falling purchasing power,

homothetic cost-of-living indexes conflate two distinct responses: substitution away from

goods whose relative prices are rising most quickly, and movements down the quality ladder

toward necessities bearing the brunt of price increases. The interaction of cheapflation with

non-homothetic demand—manifested in exposure differences across households and in

within-household quality downgrading during the episode—creates an additional, poten-

tially regressive channel through which price changes affect welfare. This combination

of within-category price changes, cross-sectional exposure, and within-household trading

down motivates the non-homothetic welfare decomposition developed in the next section,

together with an index-number implementation that disentangles exposure, substitution,

and income-effect components of the welfare costs of inflation.

3 Theory and measurement

In this section, we develop a framework for measuring inflation-driven welfare changes

under general non-homothetic preferences. We show that these welfare changes can be

decomposed into three components—initial exposure, substitution, and income effects—

which map into household-specific price indexes. All indexes are computed at the household

level; for notational simplicity, we suppress the household index throughout this section.

3.1 Cost- and quality-of-living indexes

Let t = 1, . . . , T index time, i = 1, . . . , I index products, and let pt = (p1t, . . . , pIt)
′ denote

the vector of prices in period t. The household’s total expenditure in period t is xt. In each
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period, the household chooses a consumption bundle qt = (q1t, . . . , qIt)
′ by solving

v(pt, xt) = max
qt

U(qt) s.t. p′
tqt = xt,

where U(·) is increasing and strictly quasi-concave. The indirect utility function is v(p, x),

and the corresponding expenditure function e(p, u) is defined by

e(p, u) = min
q

p′q s.t. U(q) ≥ u,

where e(p, u) is increasing, homogeneous of degree one and concave in p, and strictly

increasing in u.

The Konüs (1939) cost-of-living index between periods 1 and T measures the change in

the cost of maintaining a fixed living standard:

P(p1, pT; u) =
e(pT, u)
e(p1, u)

.

In general, P(p1, pT; u) depends on the reference living standard u.

The quality-of-living index measures the change in the cost of attaining realised utility

when prices are held fixed at a reference vector p:

Q(u1, uT; p) =
e(p, uT)

e(p, u1)
,

where ub = v(pb, xb) is the realised utility in period b ∈ {1, T}. Cost-of-living and quality-

of-living indexes are linked to nominal expenditure growth by

P(p1, pT; ub)× Q(u1, uT; pb′) =
xT

x1
, b, b′ ∈ {1, T}, b ̸= b′.

3.2 A decomposition of inflation-driven welfare changes

We focus on the quality-of-living index between the initial period (t = 1) and the final period

(t = T), evaluated at the initial price vector. This index measures the proportional change

in expenditure needed at the initial prices to attain the realised utility in the final period

relative to the initial period:

log Q(u1, uT; p1) = log e(p1, uT)− log e(p1, u1).

We show that this welfare change can be decomposed into nominal expenditure growth

adjusted for three forces: (i) mechanical exposure to inflation given the initial consumption

bundle; (ii) substitution responses to relative price changes; and (iii) non-homothetic (income-

effects) adjustments in spending that change the cost of maintaining a fixed living standard.
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Proposition 1 (Decomposition of the quality-of-living index). Let t = 1, . . . , T index time

and i = 1, . . . , I goods. Let pt = (p1t, . . . , pIt)
′ denote the price vector in period t, xt total

expenditure, and si1 = pi1qi1/x1 the initial-period spending share on good i. Define ∆pi = piT/pi1

and ∆x = xT/x1, and define the initial-period-share-weighted covariance

Covs(ai, bi) = ∑
i

si1aibi −
(

∑
i

si1ai

)(
∑

i
si1bi

)
.

Let ηi =
(
∂ log qi(p, x)/∂ log x

)∣∣
(p1,x1)

denote the expenditure elasticity of good i, and let ∂si/∂ log pj
∣∣
(p1,u1)

denote the compensated (Hicksian) response of budget shares to prices, where u1 = v(p1, x1).

Under standard regularity conditions on U(·), a second-order Taylor expansion of log Q(u1, uT; p1)

around (p1, x1) yields

log Q(u1, uT; p1) ≈ log ∆x − (Exposure − Substitution − Income effects) , (3.1)

where

Exposure = log
(

∑
i

si1∆pi

)
,

Substitution =

(
log
(

∑
i

si1∆pi

)
− ∑

i
si1 log ∆pi

)
︸ ︷︷ ︸

Cobb–Douglas substitution term

+

(
− 1

2 ∑
i,j

∂si

∂ log pj

∣∣∣
(p1,u1)

log ∆pi log ∆pj

)
︸ ︷︷ ︸

Second-order substitution term

,

Income effects = −
(

log ∆x − ∑
j

sj1 log ∆pj

)
︸ ︷︷ ︸

Real expenditure term

Covs
(

log ∆pi, ηi
)︸ ︷︷ ︸

Inflation–expenditure
elasticity covariance

.

The approximation neglects terms of order higher than two in (log ∆pi, log ∆x).

Proof. See Appendix B.1. □

Proposition 1 provides a second-order decomposition of the quality-of-living change into

nominal expenditure growth minus a price-driven term that can be split into exposure, a two-

part substitution term, and income effects driven by the covariance between relative price

growth and expenditure elasticities. Combined with the mapping in Section 3.3, this yields a

one-to-one link between these theoretically defined components and differences between

household-level price indexes. The empirical implementation is therefore index-number-
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based and can be carried out for every household in scanner data without committing to a

particular parametric preference structure and demand system.

Exposure. The exposure term coincides with the log of the cost-of-living index under

Leontief preferences, where the consumption bundle is fixed in the initial-period proportions.

It measures how much the cost of the period-1 bundle changes when prices move from p1 to

pT, holding quantities fixed. Equivalently, it is the log of the household-specific Laspeyres

cost-of-living index, and captures differential exposure to inflation across households given

their initial consumption baskets, before any behavioural substitution or non-homothetic

demand adjustments.

Cobb–Douglas substitution. The Cobb–Douglas substitution component captures the sub-

stitution gain that would arise under Cobb–Douglas preferences with base-period budget

shares si1. Under Cobb–Douglas preferences, budget shares are fixed and the expenditure

function is log-linear in prices, so the log cost-of-living index is exactly ∑i si1 log ∆pi, corre-

sponding to a log geometric-Laspeyres index. The Cobb–Douglas substitution term therefore

measures how much allowing for Cobb–Douglas substitution between goods reduces the

cost of attaining a given utility level, relative to the fixed-bundle (Leontief/Laspeyres)

benchmark.

Second-order substitution. The second-order substitution component captures deviations

from the Cobb–Douglas benchmark arising from curvature of the expenditure function

in prices. It is proportional to the Hicksian responses of budget shares to relative price

changes, ∂si/∂ log pj
∣∣
(p1,u1)

, and therefore vanishes under Cobb–Douglas preferences, for

which log e(p, u) is linear in (log pi). More generally, this term aggregates how cross-price

substitution and departures of own-price elasticities from the Cobb–Douglas benchmark

shape the welfare impact of a given pattern of price changes.11 Its sign is a priori ambiguous:

when goods whose relative prices increase are also goods that the household is willing

to substitute away from strongly, the second-order term tends to make the true cost-of-

living index lower than under the Cobb–Douglas (geometric-Laspeyres) benchmark, and

conversely when substitution possibilities are weaker.

Income effects. The income-effects term captures how movements along Engel curves

interact with the pattern of relative price changes to affect the welfare cost of inflation. It

11Using the Hicksian elasticity matrix ϵH
ij , the second-order substitution term can be written as:

− 1
2 Covs

(
log ∆pi, ∑j

(
ϵH

ij + 1i=j − sj1
)

log ∆pj

)
; that is, as a share-weighted covariance between relative price

changes and an elasticity-weighted index of relative price changes.
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depends on the product of two objects. The first is the bracketed term log ∆x − ∑j sj1 log ∆pj,

which measures log real-expenditure growth (i.e., nominal expenditure growth deflated by

the geometric-Laspeyres price index). When this object is negative, purchasing power falls;

in a non-homothetic setting, this tends to shift spending toward lower–ηi goods (trading

down); while a positive value corresponds to rising purchasing power and tends to shift

spending toward higher–ηi goods (trading up).

The second object is the inflation–expenditure elasticity covariance, Covs
(

log ∆pi, ηi
)
,

which summarises how expenditure elasticities line up with the pattern of price changes.

If goods with high expenditure elasticities (those whose quantities adjust most with total

expenditure) experience systematically higher price growth, this covariance is positive; if

those goods become relatively cheaper, it is negative. The product of the real-expenditure

term and this covariance determines how movements along Engel curves, induced by

changes in real expenditure, affect the quality of living. Under homothetic preferences,

ηi = 1 for all i, the covariance is zero, the income-effects term vanishes, and the quality-of-

living change reduces to nominal expenditure growth minus the cost-of-living index.

For example, suppose real expenditure falls and low–ηi necessity goods become relatively

more expensive (“cheapflation”). Households then move along Engel curves, shifting

spending toward necessities at the same time as those goods’ relative prices are rising. In

our decomposition this shows up as a negative income-effects term: the interaction of falling

purchasing power with cheapflation raises the welfare cost of inflation and lowers the quality

of living.

3.3 Mapping to observable price indexes

The decomposition in Proposition 1 maps directly into differences between observable

household-level price indexes. This subsection introduces the indexes we use and shows

how they correspond to the components of the decomposition.

Laspeyres and geometric-Laspeyres indexes. Consider the household-specific Laspeyres index

ΠL
1,T = ∑

i
si1∆pi, (3.2)

which measures how much the cost of the initial-period consumption bundle changes

between periods 1 and T.12 Taking logs, the exposure term in Proposition 1 is simply

Exposure = log ΠL
1,T.

12Let q1 = (q11, . . . , qI1)
′ denote the initial consumption bundle. The Laspeyres index is ΠL

1,T = ∑i piT qi1
∑i pi1qi1

=

∑i si1∆pi, where si1 ≡ pi1qi1
∑j pj1qj1

and ∆pi ≡
piT
pi1

.
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A closely related index is the geometric-Laspeyres index,

ΠGL
1,T = ∏

i
(∆pi)

si1 , (3.3)

which corresponds to the Cobb–Douglas cost-of-living index with base shares si1. The

Cobb–Douglas term in Proposition 1,

log
(

∑
i

si1∆pi

)
− ∑

i
si1 log ∆pi,

is therefore equal to

Cobb–Douglas substitution = log ΠL
1,T − log ΠGL

1,T,

i.e., the difference between the log Laspeyres and log geometric-Laspeyres indexes.

Törnqvist index. In continuous time and with homothetic preferences, the log cost-of-living

index corresponds to a Divisia index,

log ΠD
1,T =

∫ T

1
∑

i
si(τ) d log pi(τ), (3.4)

where si(τ) are expenditure shares along the path τ ∈ [1, T] (Divisia 1926). With discrete

data, superlative indexes provide a second-order approximation to the cost-of-living index

over each interval, and chaining them across time approximates the Divisia integral (Diewert

1976). We use the superlative Törnqvist index

log ΠT
1,T =

T−1

∑
t=1

∑
i

sit + sit+1

2
log

pit+1

pit
, (3.5)

where sit = pitqit/xt are observed period-t Marshallian shares. Under homothetic pref-

erences, this index allows for substitution between goods and provides a second-order

approximation to the cost-of-living index. With non-homothetic preferences, however, it

captures a mixture of substitution and income effects.13

Non-homothetic preferences and the Jaravel–Lashkari index. If preferences are non-homothetic,

then in continuous time the cost-of-living index can still be represented by a Divisia-type

expression, but with Hicksian shares ωi(τ; u) evaluated at reference utility u in place of

observed shares si(τ). With discrete data, a superlative approximation would likewise

replace the observed shares in equation (3.5) with Hicksian shares ωit(u). Because ωit(u)

13Diewert (1976) shows that the Törnqvist index computed between two periods t and t + 1 is a second-order
approximation to the cost-of-living index evaluated at the geometric mean of utilities across the two periods.
This result is not directly useful when constructing a cost-of-living index at a pre-specified reference utility level
(e.g., the initial period), or for chaining the index across multiple periods.
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generally differs from observed shares except in the base period, the Törnqvist index no

longer provides a second-order approximation to the cost-of-living index when preferences

are non-homothetic.

We therefore implement the approach of Jaravel and Lashkari (2024), which provides a

second-order approximation to a non-homothetic cost-of-living index. This entails a recursive

algorithm that recovers the sequence of money-metric utilities (ũ1, . . . , ũT) from observed

(st, pt, xt), allowing for flexible non-homothetic preferences while restricting unobserved

preference heterogeneity. The key insight is to approximate the log quality-of-living index

between adjacent periods and express it as a function of money-metric utility; a “non-

homothetic correction” is then identified from nonparametric cross-household regressions

of a homothetic price index on log ũt. We use the resulting household-level index, denoted

ΠJL
1,T(u), as a second-order approximation to the cost-of-living index P(p1, pT; u) evaluated at

utility level u. In particular, we use ΠJL
1,T(u1) and ΠJL

1,T(uT) as approximations to P(p1, pT; u1)

and P(p1, pT; uT), respectively. See Appendix B.2 for full details.

Mapping the decomposition to observables. Proposition 1 provides a second-order decomposi-

tion of the quality-of-living change log Q(u1, uT; p1) = log e(p1, uT)− log e(p1, u1). Using

the identities xt = e(pt, ut) and P(p1, pT; u) = e(pT, u)/e(p1, u), we can rewrite this exactly

as follows:

log Q(u1, uT; p1) = log ∆x − log P(p1, pT; u1) +
[

log P(p1, pT; u1)− log P(p1, pT; uT)
]
.

The first price term on the right-hand side, log P(p1, pT; u1), is the log cost-of-living index

evaluated at the initial utility level, while the bracketed difference is an exact measure of how

the cost-of-living index varies with the reference utility level. Proposition 1 shows that, up

to second order in (log ∆pi, log ∆x), the first term is given by the exposure and substitution

components, while the bracketed term corresponds to the income-effects component: changes

in real expenditure interacting with the alignment of relative price changes and expenditure

elasticities. Under homothetic preferences, ηi = 1 for all i, the income-effects term vanishes

and the quality-of-living change reduces to nominal expenditure growth minus the cost-of-

living index.
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Using the price indexes defined above, and noting that log ΠJL
1,T(u) is a second-order

approximation to log P(p1, pT; u), we implement the components in Proposition 1 as:

Exposure = log
(

∑
i

si1∆pi

)
= log ΠL

1,T,

Cobb–Douglas substitution = log
(

∑
i

si1∆pi

)
− ∑

i
si1 log ∆pi = log ΠL

1,T − log ΠGL
1,T,

Second-order substitution ≈ log ΠGL
1,T − log ΠJL

1,T(u1),

Income effects ≈ log ΠJL
1,T(u1)− log ΠJL

1,T(uT).

The exposure and Cobb–Douglas substitution components are exact functions of observed

prices and expenditure shares. The second-order substitution and income-effects compo-

nents use ΠJL
1,T(·), a second-order approximation to the corresponding cost-of-living indexes

evaluated at a fixed reference utility level (see Appendix B.1). Substituting these expressions

into equation (3.1) yields an index-number-based implementation of each component, up to

terms of order higher than two in (log ∆pi, log ∆x).

Discussion. Our decomposition is related to the second-order welfare expansions in Baqaee

and Burstein (2023) and their application to inflation measurement in Auer et al. (2024). In

particular, their formulas show that money-metric welfare differs from chain-weighted real

consumption through expenditure-switching terms driven by substitution, income effects,

and taste shocks, which can be summarised as covariances between price changes, income

elasticities, and taste shifters. Proposition 1 applies similar second-order logic to a two-period

quality-of-living index, and makes explicit how the corresponding exposure, substitution,

and income-effects components can be written in terms of observable household-level price

indexes. Whereas Auer et al. (2024) work with a compensating-variation-based quality-of-

living index Q(u1, uT; pT), evaluated at final-period prices (the proportional expenditure

change needed at pT to reach uT rather than u1), we instead use an equivalent-variation-

based index Q(u1, uT; p1), evaluated at initial prices (the proportional change in expenditure

at p1 required to reach uT rather than u1). This choice implies that the way the cost-of-living

index varies with the reference utility level shows up as a distinct income-effects component

in Proposition 1, rather than being absorbed into a single cost-of-living term.

Our focus on Q(u1, uT; p1) addresses the empirical question of how the 2021Q3–2023Q3

episode changed households’ money-metric welfare relative to their pre-episode situa-

tion, measured in a common 2021 price environment. In a non-homothetic setting with

cheapflation, the difference between equivalent and compensating variation is driven by

the interaction between falling real expenditure and the pattern of relative price changes:

movements along Engel curves toward necessity goods whose prices are rising. In our
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decomposition this appears as the income-effects term, which captures an additional, poten-

tially regressive, component of the welfare cost of inflation that would be missed under a

homothetic benchmark or a compensating variation-based treatment.

The contribution of our approach is twofold. First, by combining this decomposition

with the non-homothetic money-metric index of Jaravel and Lashkari (2024), we obtain an

index-number-based implementation of the welfare components that is valid under general

non-homothetic preferences, without imposing a parametric demand system at the product

level. Each term in the expansion can be measured as log differences between indexes, which

can be computed for every household in scanner data. Under standard revealed-preference

assumptions (stable preferences and utility maximisation), this implementation uses only

observed prices and expenditure shares; it does not rely on quasi-experimental income or

price shocks or on estimating a structural demand system. In this sense, our analysis is

complementary to recent structural work that uses non-homothetic demand and oligopolistic

pricing to show how quality downgrading can endogenously generate cheapflation through

countercyclical markups on low-quality goods (see Becker 2025). Second, we specialise

the income-effects component to an environment with within-category quality ladders and

“cheapflation”, and interpret it as capturing how movements along Engel curves during a

necessity-driven inflation episode amplify the distributional consequences of price changes.

The framework decomposes the welfare impact of the observed price and expenditure changes,

but does not, on its own, deliver arbitrary policy or price counterfactuals. However, as we

show in Section 5, we can use the same objects to study exposure to a forward-looking

“repeat-cheapflation” shock. This provides a tractable bridge between the general welfare

formulas in Baqaee and Burstein (2023) and the empirical analysis of inflation inequality and

quality downgrading that follows.

4 Inflation inequality and welfare effects

In this section, we present our empirical results, documenting how exposure to inflation,

substitution responses to relative price changes, and non-homothetic demand responses

shape the welfare effects of the inflationary surge.

4.1 Inflation exposure

We measure exposure to inflation using the household-specific Laspeyres index in equation

(3.2). This captures how the cost of the initial-period consumption bundle changes over time.
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Index construction. Let T = 2023Q3 and let Ω denote the set of products observed in

both periods 1 and T (2021Q3 and 2023Q3). For each household h, let xhi1 denote period-

1 expenditure on product i, and define the corresponding expenditure share as shi1 ≡
xhi1

∑j∈Ω xhj1
. Let pit denote the price of product i in period t ∈ {1, T} (see equation (2.1)). The

household’s Laspeyres index between 2021Q3 and 2023Q3 is then ΠL
h(1,T) ≡ ∑i∈Ω shi1

piT
pi1

.

Products that household h does not buy in 2021Q3 simply have shi1 = 0, so they do not

enter that household’s index. By focusing on products that are available in both 2021Q3 and

2023Q3, this baseline Laspeyres index abstracts from product entry and exit. In Appendix

C.2 we show that alternative treatments of product churn (e.g., chaining the index across

adjacent quarters, and using a Feenstra–type variety correction; see Feenstra 1994; Broda

and Weinstein 2010) have negligible impact on the pattern of inflation inequality.

Household-level exposure. Figure 4.1 summarises household-level cumulative inflation

exposure across the nine quarters from 2021Q3 to 2023Q3, alongside earlier nine-quarter

periods. Panel (a) shows that average inflation exposure over 2021Q3–2023Q3 was historically

high, with a cumulative increase of 26.2%. By comparison, earlier nine-quarter periods saw

average cumulative inflation ranging from -3.9% (2014Q1–2016Q1) to 6.1% (2012Q1–2014Q1).

Panel (b) illustrates the distribution of household-level cumulative inflation across these

periods, showing that the elevated average inflation in 2021Q3–2023Q3 was accompanied by

much greater dispersion across households.

Figure 4.1: Household-level inflation
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). Panel (a) presents the average
of cumulative inflation across households for each nine-quarter period. Panel (b) displays kernel density estimates of the
distribution of cumulative inflation in the ninth quarter.
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Inflation inequality. Figure 4.2 summarises the relationship between inflation exposure and

equivalised fast-moving consumer goods expenditure (panel (a)) and equivalised income

(panel (b)). Both panels reveal historically large inflation gradients in 2021Q3–2023Q3. House-

holds in the bottom quartile of the equivalised 2021 expenditure distribution experienced

cumulative inflation exposure approximately 4.5 percentage points higher than those in the

top quartile, while the difference between bottom and top deciles is 7.5 percentage points.

Households in the bottom equivalised income quartile had exposure around 3.0 percentage

points higher than households in the top income quartile, while the inter–decile range is

4.4 percentage points. By contrast, none of the nine-quarter periods between 2012 and 2020

exhibits an economically meaningful gradient. This absence of a systematic gradient in

low-inflation years is consistent with survey-based evidence for the UK over 1976–2014,

which finds only modest long-run inflation differences across income groups (Crawford and

Oldfield 2002; Leicester et al. 2008; Adams and Levell 2014), but stands in contrast to the

secular inflation inequality documented for the US over 2004–2015 by Jaravel (2019).

Across both expenditure and income distributions, the pattern of inflation inequality is

stark: the initial consumption baskets of worse-off households lead to systematically higher

inflation exposure. Quantitatively, the inflation gradient is steeper across the expenditure

distribution than across the income distribution. This likely reflects two factors. First, income

is reported in £10,000 bands and is top-coded at £70,000, whereas expenditure is observed

on a continuous scale. This banding and top-coding introduces noise into the ranking of

households by equivalised income and tends to attenuate differences in average inflation

across income groups. Second, total expenditure and current income are conceptually distinct

measures of household resources. Expenditure decisions are typically shaped by longer-run

or “permanent” income and therefore reflect broader economic well-being (e.g., Poterba 1989;

Meyer and Sullivan 2023), whereas current income can be influenced by more transitory

short-run factors.
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Figure 4.2: Inflation inequality
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(b) By household income

-3
-2

-1
0

1
2

D
ev

ia
tio

n 
fro

m
 m

ea
n 

(p
er

ce
nt

ag
e 

po
in

t)

1 2 3 4 5 6 7 8 9 10
Income decile

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). Figure plots the relationship
between ninth-quarter cumulative inflation and a household’s percentile in the equivalised expenditure distribution (panel
(a)) and income deciles based on a household’s equivalised income computed using the midpoint of each income band (panel
(b)), with a marker for each percentile/decile and a line of best fit. Households are assigned to expenditure percentiles and
income deciles based on the initial calendar year of the relevant nine-quarter period. Cumulative inflation is measured using
a Laspeyres index.
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Hierarchical decomposition. The inflation inequality documented in Figure 4.2 could in

principle be driven by heterogeneity in consumption bundles across broad segments, across

narrower product categories within segments, across products (and quality rungs) within

product categories, or some combination of the three. To isolate the contribution of each

margin, we exploit the fact that the Laspeyres index can be re-expressed hierarchically.

Concretely, let Ωc denote the set of products that belong to product category c and Γg

denote the set of product categories that belong to segment g. Define the household-specific

within-category product share, the within-segment category share, and the segment share as:

sc
hit =

xhit

∑i′∈Ωc xhi′t
, sg

hct =
∑i∈Ωc xhit

∑c′∈Γg ∑i′∈Ωc′ xhi′t
, shgt =

∑c∈Γg ∑i∈Ωc xhit

∑g′ ∑c′∈Γg′ ∑i∈Ωc′ xhi′t
,

respectively. The hierarchical Laspeyres index can then be written as:

ΠHL
h(1,T) = ∑

g
shg1P

g
h(1,T) where

P
g
h(1,T) = ∑

c∈Γg
sg

hc1P
c
h(1,T) and P

c
h(1,T) = ∑

i∈Ωc

sc
hi1

(
piT

pi1

)
Since shi1 = sc

hi1 sg
hc1 shg1, it follows that ΠHL

h(1,T) = ΠL
h(1,T). We use this representation to

decompose household-specific exposure to inflation by sequentially “switching off” hetero-

geneity at each level—replacing household-specific spending shares at that level and below

with population-average shares—while leaving higher-level shares household-specific. For

example, to isolate the importance of heterogeneity in segment shares, we replace category-

and product-shares with their population averages, leaving only segment-level heterogeneity.

In Figure 4.3 we plot the distribution of household-level cumulative inflation over 2021Q3–

2023Q3 (panel (a)) and the across-expenditure inflation gradient (panel (b)) using black lines

and markers, replicating information from Figures 4.1 and 4.2. We also show patterns

when we switch off heterogeneity in spending across products within categories (red lines

and markers) and, additionally, when we switch off heterogeneity across categories within

segments (blue lines and markers). Panel (a) shows that within-category product choice is

central in driving dispersion: the standard deviation is about 1.5 percentage points when

only segment shares vary across households (all within-segment and within-category shares

set to population averages), and rises to 5.4 percentage points in the full household-specific

index. Panel (b) shows that heterogeneity in spending across products within product

categories is essentially fully responsible for the inflation gradient: once within-category

product shares are homogenised across households, the inflation gradient is close to zero.

These findings emphasise the importance of using detailed household spending and price

information to study inflation inequality.
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Figure 4.3: Household-level hierarchical inflation
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Panel (a) shows a histogram
of the distribution of cumulative inflation from 2021Q3 to 2023Q3. Panel (b) plots the relationship between cumulative
inflation and the equivalised expenditure-distribution percentile to which a household belongs, with a marker for each
percentile and a line of best fit. HH-C-C uses household-specific segment shares and common (average) within-segment
shares, HH-HH-C uses household-specific segment and category shares, and common within-category shares, while HH-
HH-HH uses household-specific shares at all levels. Households are allocated to expenditure percentiles based on their
equivalised spending in 2021. Cumulative inflation is measured using a Laspeyres index.

Our descriptive evidence in Figure 2.1 shows that price growth is significantly stronger

down the quality ladder, and that the consumption baskets of worse-off households make

them more exposed to these price dynamics. Figures 4.2 and 4.3 demonstrate that these

patterns translate into wide inflation-exposure inequality, and that this inequality is domi-

nated by within-category differences in cumulative price growth across rungs of the quality

ladder, together with heterogeneity in product choice across households. In the welfare

decomposition below, the same cheapflation–necessity alignment matters again through

the income-effects term, via the covariance between relative price changes and expenditure

elasticities: goods that are both necessity-type (low ηi) and subject to strong relative price

increases are key drivers of the distribution of welfare losses.

Replacing the common prices in the Laspeyres index with household-specific prices has

minimal impact on the inflation inequality gradient (see Appendix C.1). This aligns with our

evidence that poorer households pay only modestly lower prices for identical products, and

that this pattern remains relatively stable over time (see Appendix A.1). A further concern

is that the Laspeyres index abstracts from product entry and exit. Neither chaining the

Laspeyres index nor using the Feenstra–Broda–Weinstein CES index, which incorporates

variety effects under CES preferences, has a discernible impact on the pattern of inflation

inequality (see Appendix C.2).
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Broader implications. Fast-moving consumer goods (FMCG) account for only part of the

overall consumption basket, so it is useful to gauge how our findings translate into differences

in overall inflation. Using the Living Costs and Food Survey (LCFS)—the UK’s official

household expenditure survey—we find that the COICOP categories corresponding to our

FMCG coverage represent, on average, 20.7% of total household expenditure (and 36.3% of

total spending on goods) in the LCFS 2021, with budget shares declining from roughly 23.3%

in the bottom equivalised-income decile to 17.5% in the top decile. Consistent with Engel’s

law, food and basic consumer goods therefore absorb a much larger fraction of the budgets

of poorer households. Combined with the stronger cheapflation we document for FMCG,

this suggests that regressive exposure is amplified once we account for higher FMCG budget

shares among worse-off households.14

To connect our scanner-data-based measures to the full CPI basket, we combine LCFS

expenditure shares with CPI category-level price indexes in a simple back-of-the-envelope

calculation (see Appendix C.3). We construct income-group-specific CPI indexes under two

scenarios: one in which FMCG categories have common inflation across all groups, and one

in which they inherit the group-specific FMCG Laspeyres inflation we estimate from scanner

data. Under the realised pattern of non-FMCG CPI inflation over 2021Q3–2023Q3, allowing

FMCG inflation to differ across income groups raises the bottom–top inter–decile gap in

CPI inflation by about 0.9 percentage points, a 40.3% increase. Although FMCG categories

account for only about one fifth of total expenditure, cheapflation in these goods nonetheless

makes a quantitatively meaningful contribution to overall inflation inequality.

Finally, two additional pieces of evidence suggest that the inequality we document for

FMCG is likely reinforced, rather than offset, when considering the broader consumption

basket. First, the LCFS–CPI analysis shows that, even with common inflation within CPI

categories, 2021Q3–2023Q3 is a period of substantial inequality in inflation exposure, driven

by very large increases in energy prices combined with higher energy expenditure shares

for poorer households (see Levell et al. 2025); when residential energy is excluded from the

CPI basket, the income gradient in the common-price index becomes much smaller. Second,

using CPI microdata, we find evidence that within-category price distributions compress in

several non-FMCG goods categories as well (see Appendix A.3), indicating that cheapflation

is not confined to the segment we study in detail. Taken together, these facts imply that

our scanner-data-based results capture one important margin of inflation inequality in the

2021Q3–2023Q3 episode, and that cheapflation is likely to reinforce regressive patterns of

exposure across wider consumption baskets.

14Fast-moving consumer goods are also highly salient and play a disproportionate role in shaping households’
inflation perceptions and expectations; see, for example, D’Acunto et al. (2021).
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Discussion. Taken together, these results show that the 2021Q3–2023Q3 UK inflation

episode was unusual not only in terms of its aggregate level, but also in the extent of

dispersion and inequality in household-specific inflation exposure. Earlier work documents

dispersion in household-level price indexes (Kaplan and Schulhofer-Wohl 2017), a widening

of the inflation gap between high- and low-income households in the US during the Great

Recession (Argente and Lee 2021), and shows that the degree of measured inflation inequality

can be attenuated when using data aggregated across products (see Jaravel 2021).

A key empirical finding of this section is that, in a period of sharp and highly uneven

relative price changes within the fast-moving consumer goods sector, inflation inequality

across households is large and strongly regressive across both income and expenditure

distributions, and that within-category differences in product choice along the quality

ladder account for the bulk of this inequality. This complements recent work showing

that cheapflation over 2021–2023 is a widespread international phenomenon (Cavallo and

Kryvtsov 2024) and recent evidence linking within-category cheapflation to variation in

inflation inequality in US data (Sangani 2025), indicating that our UK-based results on

cheapflation and inflation inequality are relevant beyond this setting. It also complements

evidence in Jaravel (2024) on recent inflation heterogeneity across income groups based

on expenditure differences across more aggregated COICOP spending categories. The

price-growth differentials we estimate between low- and high-quality rungs in UK fast-

moving consumer goods are of similar magnitude to the inflation gap between the first and

fourth quality quartiles reported for the UK by Cavallo and Kryvtsov (2024). These findings

motivate the welfare analysis that follows, which, using our decomposition, quantifies how

substitution and non-homothetic demand responses shape the distributional consequences

of such “cheapflation” episodes.

4.2 Substitution responses

Proposition 1 shows that household reoptimisation through both substitution and income ef-

fects shapes the proportional change in resources required, at initial (2021Q3) prices, to attain

realised utility between 2021Q3 and 2023Q3. In the absence of such behavioural responses,

the quality-of-living index would simply equal nominal expenditure growth deflated by

exposure to inflation at the initial-period consumption basket (captured by the Laspeyres

price index). The substitution terms in the decomposition capture the improvement in the

quality of living that arises when households adjust their consumption bundles in response

to relative price changes, holding the utility level at its initial value. For a given set of relative

price changes, the sum of the exposure and substitution terms is therefore the (log) change in

27



the cost of living: the proportional change in resources needed to attain initial-period utility

as prices move from 2021Q3 to 2023Q3.

Index construction. To measure substitution responses we compare the Laspeyres ex-

posure index to household-specific cost-of-living indexes that allow for substitution. We

construct three such indexes. First, the Cobb–Douglas (geometric-Laspeyres) index uses the

same 2021Q3 base shares (shi1) as the Laspeyres index and its log is given by log ΠGL
h(1,T) ≡

∑i∈Ω shi1 log piT
pi1

. Second, we construct a household-level chained Törnqvist index. Let

t ∈ {1, 2, 3} correspond to 2021Q3, 2022Q3, and 2023Q3, and let T = 3. Let Ωt denote

the set of products available in both t and t + 1. The log chained Törnqvist index is

log ΠT
h(1,T) ≡ ∑T−1

t=1 ∑i∈Ωt
1
2 (shit + shit+1) log pit+1

pit
where shit is the expenditure share of prod-

uct i in period t for household h. Third, we construct non-homothetic cost-of-living indexes

using the algorithm in Jaravel and Lashkari (2024), which adjusts the household-specific

chained Törnqvist for non-homothetic demand responses. We compute non-homothetic

cost-of-living indexes evaluated at the initial and final utility levels (see Appendix B.2 for

details). We obtain the final-utility index by running the algorithm forward from 2021Q3 to

2023Q3, and the initial-utility index by running the analogous procedure in reverse.

Average cost of living. Column (1) of Table 4.1 summarises how substitution responses

affect both the average cumulative change in the cost of living over 2021Q3–2023Q3 under

different restrictions on household preferences.15

Row 1 reports numbers under the Leontief (no-substitution) benchmark. Under Leontief

preferences households do not switch across products in response to relative price changes,

so their cost-of-living index coincides with the Laspeyres index. Row 2 reports cost-of-living

increases based on the geometric-Laspeyres index in equation (3.3), which coincides with

the cost-of-living index under Cobb–Douglas preferences with base-period shares. The

difference between the Cobb–Douglas index (24.31% on average) and the Laspeyres index

(26.21% on average) corresponds to the Cobb–Douglas substitution term in Proposition 1:

allowing for Cobb–Douglas substitution reduces the average cost-of-living increase by 1.90

percentage points relative to the Leontief benchmark.

Under Cobb–Douglas preferences, household budget shares are fixed, so deviations

from constant shares—reflecting richer substitution patterns—show up in the second-order

substitution term in Proposition 1. Under homothetic preferences, this second-order substi-

tution term is approximated by the difference between a Törnqvist index (row 3) and the

15For interpretability, we report the cost-of-living indexes in Tables 4.1 and 4.2 as changes rather than log
changes (which coincide up to a standard first-order approximation error). In Figure 4.4 below, when we present
the results of the decomposition in Proposition 1, we report results in log points (× 100).
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geometric-Laspeyres/Cobb–Douglas index. Under non-homothetic preferences, the second-

order term is approximated by the difference between the Jaravel–Lashkari non-homothetic

index, evaluated at the initial utility level (row 4) and the geometric-Laspeyres index.

Allowing for non-homothetic preferences, the average cost-of-living increase over 2021Q3–

2023Q3 is 25.16%, so that substitution responses lower the average cost of living by 1.05

percentage points. This net effect is smaller in magnitude than the Cobb–Douglas substitu-

tion term alone (1.90 percentage points), implying the second-order substitution term acts to

raise the cost of living by 0.85 percentage points. This pattern is consistent with products

experiencing the strongest price growth being those that households are least willing or able

to substitute away from, so that richer substitution patterns attenuate some of the gains

implied by the Cobb–Douglas benchmark.

The Törnqvist index records an average cost-of-living increase that is 0.15 percentage

points higher than the non-homothetic Jaravel–Lashkari index (25.31% versus 25.16%). This

difference arises from the non-homothetic correction in the Jaravel–Lashkari index and

is therefore a direct manifestation of non-homothetic demand. The Törnqvist index is a

homothetic superlative index constructed from observed (Marshallian) shares, which reflect

both substitution responses to relative prices and income-effect movements along Engel

curves. When households respond to reduced purchasing power by shifting spending

toward necessity goods that experienced relatively strong price growth, a homothetic index

such as Törnqvist misinterprets part of this income-effect-based reallocation as limited

scope for substitution and therefore reports a higher cost-of-living index. In this sense, the

Törnqvist index is subject to a non-homotheticity bias: it overstates the cost-of-living increase

relative to the non-homothetic index that holds utility fixed at its initial level.

Cost-of-living inequality. Columns (2)–(5) of Table 4.1 summarise how substitution re-

sponses affect the inter–quartile and inter–decile ranges in cost-of-living increases across the

equivalised expenditure and equivalised income distributions.

Under general non-homothetic preferences, the cost-of-living gradient is slightly damp-

ened relative to the inflation-exposure gradient. Across the expenditure distribution, the

inter–quartile and inter–decile ranges fall by 0.27 percentage points (from 5.50 to 5.23 in

absolute value) and 0.35 percentage points (from 7.48 to 7.13), respectively. Across the in-

come distribution, they fall by 0.48 percentage points (from 2.98 to 2.50) and 0.62 percentage

points (from 4.44 to 3.82). This pattern indicates that substitution responses were somewhat

stronger among worse-off households. Nonetheless, the cost-of-living gradient remains large

and regressive: households with lower income and lower total expenditure levels continue

to experience substantially higher cost-of-living increases than better-off households.
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Table 4.1: Cost-of-living changes over 2021Q3–2023Q3

Average change (%) Inter–quartile range Inter–decile range
(%) (p.p) (p.p)

Expenditure Income Expenditure Income
(1) (2) (3) (4) (5)

Leontief preferences (ΠL
1,T) 26.21 -5.50 -2.98 -7.48 -4.44

Cobb–Douglas preferences (ΠGL
1,T) 24.31 -5.27 -2.83 -7.17 -4.22

General homothetic preferences (ΠT
1,T) 25.31 -4.75 -2.48 -6.48 -3.81

General non-homothetic preferences (ΠJL
1,T(u1)) 25.16 -5.23 -2.50 -7.13 -3.82

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Average change is the mean
cumulative cost-of-living increase (in percent). Inter–quartile (inter–decile) ranges are measured in percentage points and
are defined as top minus bottom quartile (decile), so that negative values indicate higher cost-of-living changes at the bottom
of the distribution.

4.3 Income effects

The final component in Proposition 1 is the income-effects term. It reduces the quality of

living when purchasing power falls and households trade down toward necessity-type

goods whose relative prices rise most. This component can be understood through how the

cost-of-living index varies with the reference living standard. Since the consumption bundle

required to attain a lower utility level is more concentrated in necessities, in a cheapflation

environment the same pattern of price changes raises the cost of living more at low utility

than at high utility. When a household’s living standard falls from the initial to the final

period, the cost of living evaluated at the realised final-period utility therefore exceeds that

evaluated at the realised initial-period utility. The gap between the initial- and final-utility

cost-of-living indexes is exactly the utility-dependence term in Section 3.3 and, in Proposition

1, corresponds to the income-effects term.

Table 4.2 compares non-homothetic cost-of-living indexes evaluated at the realised initial-

and final-period utility levels, using the Jaravel–Lashkari approach.

Average income effects. On average, the cost of living rises by 25.16% when evaluated at

realised initial-period utility u1, but by 26.04% when evaluated at final-period utility uT. This

0.88 percentage point gap implies that the 2021Q3–2023Q3 pattern of relative price changes

raises the cost of living more at the lower living standards households reached by 2023Q3

than at their pre-episode living standards. In Proposition 1, this means that income effects

raise the welfare cost of inflation (and lower the quality of living).

Income effects and inequality. Columns (2)–(5) of Table 4.2 compare inter–quartile and inter–

decile differences in cost-of-living changes across the expenditure and income distributions

when the Jaravel–Lashkari index is evaluated at initial-period utility u1 versus at realised

final-period utility uT. The differences between these two evaluations capture how the cost-
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of-living index varies with the reference utility level; in our decomposition, this corresponds

to the income-effects component. Across the expenditure distribution, the inter–quartile and

inter–decile ranges shrink in absolute value from 5.23 to 4.36 percentage points and from 7.13

to 5.95, respectively, when moving from the initial-utility to the final-utility index. Evaluating

the cost of living at uT rather than u1 therefore attenuates the expenditure gradient: the inter–

quartile gap narrows by 0.87 percentage points and the inter–decile gap by 1.18 percentage

points. By contrast, the gradient across the income distribution is essentially unchanged: the

inter–quartile range remains 2.50 percentage points in absolute value, and the inter–decile

range changes only slightly, from 3.82 to 3.87 percentage points in absolute value.

Table 4.2: Non-homothetic cost-of-living indexes over 2021Q3–2023Q3

Average change (%) Inter–quartile range Inter–decile range
(%) (p.p) (p.p)

Expenditure Income Expenditure Income
(1) (2) (3) (4) (5)

Initial-period cost-of-living index (ΠJL
1,T(u1)) 25.16 -5.23 -2.50 -7.13 -3.82

Final-period cost-of-living index (ΠJL
1,T(uT)) 26.04 -4.36 -2.50 -5.95 -3.87

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Average change is the mean
cumulative cost-of-living increase (in percent). Inter–quartile (inter–decile) ranges are measured in percentage points and
are defined as top minus bottom quartile (decile), so that negative values indicate higher cost-of-living growth at the bottom
of the distribution. Row (1) repeats row (4) of Table 4.1.

4.4 Inflation-driven welfare changes

We now combine the exposure, substitution, and income-effects components of Proposition

1 to summarise the price-driven welfare consequences of the 2021Q3–2023Q3 inflation

episode. Figure 4.4 brings these components together, showing how inflation exposure

and behavioural adjustments shape inflation-driven welfare losses across the equivalised

expenditure and income distributions.

We focus on the price-driven component of welfare. For each household we define the

welfare cost of inflation as

Wπ ≡ Exposure − Cobb–Douglas substitution − Second-order substitution − Income effects.

By Proposition 1, the total welfare change is then log Q(u1, uT; p1) ≈ log ∆x − Wπ. We focus

on Wπ because it isolates the contribution of price changes and behavioural adjustments to

welfare losses.

Panels (a) and (b) plot, by decile, average log Laspeyres inflation exposure and the

welfare cost of inflation Wπ. By the mapping in Section 3.3, Wπ is numerically equal (up to

approximation error) to the Jaravel–Lashkari cost-of-living index evaluated at final-period

utility, log ΠJL
1,T(uT). Relative to the exposure-only benchmark, behavioural adjustments
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modestly compress the inflation gradient: for households in the bottom expenditure decile,

Wπ is 0.88 log points (× 100) below inflation exposure based on the initial basket, whereas

for the top expenditure decile behavioural adjustments raise welfare losses by 0.31 log points

relative to the exposure-only benchmark. Across income deciles, the corresponding figures

are 0.40 and 0.16 log points.

The welfare cost of inflation remains sharply regressive. The bottom decile of the equiv-

alised expenditure distribution faces a welfare loss about 5.95 percentage points larger than

the top decile, and the corresponding bottom–top gap across income deciles is 3.87 percent-

age points. Thus, even after accounting for substitution and income effects, behavioural

adjustments compress—but by no means eliminate—the regressive pattern in welfare losses

implied by initial-basket inflation exposure.

Panels (c) and (d) decompose the gap Exposure − Wπ into Cobb–Douglas substitution,

second-order substitution, and income effects. Cobb–Douglas substitution lowers the welfare

cost of inflation for all groups, with somewhat larger effects at the bottom of the expenditure

and income distributions. Second-order substitution partially offsets this first-order term

across all deciles, although the total substitution effect (Cobb–Douglas plus second-order)

still reduces the welfare cost of inflation throughout the distribution.

Finally, the income-effects component is negative for all deciles. This reflects the interac-

tion of non-homothetic demand with the pattern of relative price changes: as purchasing

power falls, households shift spending toward necessity-type goods whose relative prices

rose most over the period. These Engel-curve adjustments are optimal given prices and

budgets, but because they reallocate expenditure toward goods with stronger relative price

growth, they raise the welfare cost of inflation in Proposition 1 (and therefore enter panels (c)

and (d) as a negative contribution to Exposure − Wπ). The magnitude of this income-effects

term is somewhat smaller in the lower part of the expenditure distribution, acting against

but not fully undoing the regressive pattern in inflation-driven welfare changes.16

16This treatment differs from homothetic CES exact price-index decompositions, where trading down in
quality is absorbed into a “product substitution” term (see, e.g., Argente and Lee (2021)). In our framework,
movements down the quality ladder in a cheapflation environment are captured explicitly as a non-homothetic
income-effects component that can add to welfare losses even when they lower the average price level of the
consumption basket.
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Figure 4.4: Welfare costs of inflation

Total welfare cost and initial basket exposure:

(a) By total expenditure (b) By household income

Contribution of behavioural adjustments:

(c) By total expenditure (d) By household income

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Panels (a) and (c) group
households into deciles of equivalised 2021 total fast-moving consumer good expenditure; panels (b) and (d) into deciles of
equivalised 2021 income. Panels (a) and (b) plot, by decile, average log Laspeyres inflation exposure and the welfare cost of
inflation Wπ , measured by the log Jaravel–Lashkari cost-of-living index evaluated at the final-period utility level. Panels
(c) and (d) decompose Exposure − Wπ into terms for Cobb–Douglas substitution, second-order substitution, and income
effects. All values are expressed in log points (×100) and averaged within each decile.
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Summary. Our results highlight three broad lessons about inflation episodes with cheap-

flation and non-homothetic demand. First, inflation exposure is highly unequal across

households and strongly regressive along both the expenditure and income distributions;

this regressive pattern in exposure is driven largely by within-category differences in product

choice along the quality ladder.

Second, substitution responses reduce average cost-of-living growth only moderately,

and the second-order substitution component offsets a substantial part of the Cobb–Douglas

benchmark gain. This pattern is consistent with the goods experiencing the strongest relative

price increases being those from which households are least willing or able to substitute

away.

Third, income effects add a separate welfare channel: when purchasing power falls,

households shift toward necessity-type goods, which in a cheapflation episode are precisely

the goods whose relative prices rise most. As a result, the cost of living is higher at the

realised final-period living standard than at the initial one. This non-homothetic channel

raises the inflation-driven welfare cost over and above what is captured by exposure and

substitution.

5 Dynamic exposure to future cheapflation

The analysis so far focuses on the welfare costs of the price changes during the 2021Q3–

2023Q3 inflation episode. Similar within-category “cheapflation” patterns can, however,

arise from other shocks, including trade-policy changes. Recent evidence suggests that tariffs

can generate within-category cheapflation, with cheaper varieties exhibiting larger price

increases than more expensive ones (Cavallo et al. 2025). In this final section, we ask whether

the combination of cheapflation and falling purchasing power has reshaped households’

future vulnerability to similar episodes. If households respond to cheapflation by trading

down along the quality ladder toward necessity goods whose relative prices rose most, their

final consumption baskets may be more exposed to a similar pattern of relative price changes

than their initial baskets.

A repeat-cheapflation exposure index. To quantify this channel, we construct a “repeat-

cheapflation exposure” index that applies the 2021Q3–2023Q3 relative price changes to

each household’s final-period consumption bundle. Let ∆pi = piT/pi1 denote the cu-

mulative gross price change for product i over the episode. For each household h, let

shiT ≡ piTqhiT/xhT denote the final-period spending share, where xhT = ∑j∈Ω pjTqhjT. We
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define the repeat-cheapflation Laspeyres index

ΠL,rep
h(1,T) = ∑

i∈Ω
shiT∆pi

and use log ΠL,rep
h(1,T) as a measure of how exposed the final-period consumption basket would

be if the observed pattern of relative price changes were to repeat.17 We also consider the

change in exposure implied by the episode,

∆exp
h ≡ log ΠL,rep

h(1,T) − log ΠL
h(1,T),

which captures how movements in consumption bundles over 2021Q3–2023Q3 have recon-

figured households’ vulnerability to a repeat of the episode’s relative-price shock.

Income effects and future exposure. The income-effects term captures the extent to which

falling purchasing power shifts households’ spending toward necessity-type goods whose

relative prices rose most during the episode. If these Engel-curve adjustments tilt the

final-period basket toward cheapflation-intensive products, households with more negative

income effects should exhibit higher repeat-cheapflation exposure, log ΠL,rep
h(1,T), and larger

increases in exposure, ∆exp
h . Figure 5.1 documents this relationship by plotting both indexes

against percentiles of the income-effects term.

Panel (a) reveals a strong negative association between income effects and repeat-

cheapflation exposure: households with more negative income effects (i.e., larger welfare

losses through the income-effects channel) tend to have higher values of log ΠL,rep
h(1,T). Moving

from the top decile of the income-effects distribution (relatively small or near-zero income

effects) to the bottom decile (the most negative income effects) is associated with an increase

of around 0.8 log points in repeat-cheapflation exposure. Panel (b) shows an even stronger

negative relationship between the income-effects term and the change in exposure, ∆exp
h :

households that experienced the most negative income effects also experienced the largest

increases in exposure between the beginning and end of the episode.

17In this index we treat the period-T consumption bundle as the reference bundle, with period-T prices as
the initial prices, and consider the effect of a further product-specific price change ∆pi. The repeat-cheapflation
Laspeyres index is ΠL,rep

h(1,T) = ∑i∈Ω piT ∆piqhiT
∑i∈Ω piT qhiT

= ∑i∈Ω shiT∆pi. For comparison, the initial exposure index is

ΠL
h(1,T) = ∑i∈Ω shi1∆pi, with shi1 defined at the start of the 2021Q3–2023Q3 episode.
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Figure 5.1: Vulnerability to future inflation
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Households are assigned to
100 bins based on percentiles of the income-effects component of the welfare cost of inflation. Panel (a) plots the repeat-
cheapflation exposure index by bin. Panel (b) plots, by the same bins, the difference between the repeat-cheapflation exposure
index and the exposure component of the welfare cost of inflation. All values are expressed in log points (×100).

Taken together, these patterns imply that households most affected by the interaction

of cheapflation and falling purchasing power ended the episode with consumption baskets

that are more exposed to a repeat cheapflation shock than their initial baskets. At the same

time, initial exposure during 2021Q3–2023Q3 is higher among households with less negative

income effects. Thus, the households with the most negative income effects did not start out

as the most exposed to cheapflation; rather, their Engel-curve adjustments under cheapflation
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drew them into parts of the product space where a future cheapflation episode would hit

harder.

Dynamic vulnerability to necessity-driven inflation. These results highlight an intertemporal

dimension to inflation inequality. Earlier sections show that cheapflation, combined with

non-homothetic demand, generates large and regressive differences in realised welfare losses

across the expenditure and income distributions. Figure 5.1 suggests that the same forces also

reshape the cross-sectional distribution of future vulnerability to similar shocks. Households

that adjust most strongly along the quality ladder toward low-quality necessity goods end

the episode with consumption baskets that are more heavily tilted toward cheapflation-

intensive products. If the pattern of relative price changes observed over 2021Q3–2023Q3

were to recur, these households’ post-episode baskets would make them more exposed than

their initial baskets.

From a policy perspective, this dynamic exposure margin suggests that the welfare

consequences of cheapflation episodes can persist through the composition of households’

baskets even after the episode ends, so long as those baskets remain tilted toward necessities.

In this sense, the income-effects term in our decomposition not only captures an additional

source of welfare loss during the cheapflation episode itself, but also signals how that

episode has reallocated exposure across households in a way that would matter if similar

necessity-driven relative-price shocks recur.

6 Conclusion

We study the 2021Q3–2023Q3 UK inflation episode and show that cheapflation—faster price

growth at the lower end of the quality ladder—interacted with non-homothetic demand

to generate large, regressive welfare losses. Using a second-order decomposition of an

equivalent-variation quality-of-living index implemented with household price indexes,

we disentangle exposure, substitution, and Engel-curve (income-effect) adjustments under

general non-homothetic preferences. A central mechanism is that when real purchasing

power falls, households optimally reallocate spending toward low-expenditure-elasticity

necessities, and in a cheapflation episode these are precisely the goods with the strongest

relative price increases, amplifying welfare losses.

A further implication is that these Engel-curve adjustments can also reshape households’

exposure to future necessity-driven inflation: households that trade down more end the

episode with baskets more tilted toward cheapflation-intensive goods, and would therefore

be more exposed if similar relative price patterns recur.
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These results speak to broader debates about inflation’s macroeconomic and political

consequences. On the macroeconomic side, they complement work showing that inflation

concentrated in necessities can alter the transmission and optimal design of monetary policy

(e.g., Olivi et al. 2024) and that trading down can have non-trivial general-equilibrium effects

through the composition of demand and labour use (Jaimovich et al. 2019). On the political

economy side, our findings help rationalise why households with fewer resources report

feeling particularly squeezed by recent inflation (Binetti et al. 2024), and why inflationary

episodes have been linked to rising support for populist parties and political discontent

(Federle et al. 2024). Taken together, the evidence underscores that in necessity-driven

inflation episodes, the relevant policy question is not only how high inflation is, but also

which prices move—and how those movements interact with non-homothetic demand to

shape both the level and distribution of living standards over time.
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A Data appendix

A.1 Price dispersion for identical products

Our baseline inflation measure uses prices that are common across households. In the UK
grocery industry, where retailers have national store coverage and typically follow national
pricing policies (see Competition Commission 2008), this assumption is arguably more
innocuous than in other settings. Furthermore, the two most prominent low-cost retailers,
Aldi and Lidl, primarily sell private-label products unique to them. Therefore our baseline
analysis incorporates substitution toward the main low-cost seller product lines.

Nonetheless, there is some dispersion in the prices paid for identical products, due, for
instance, to temporary promotions and—among manufacturer-branded products available
at multiple retailers—to retailer-specific discounts. If households with different resources
change their propensity to take advantage of such low prices over time, this could affect
measured inflation inequality. To assess this, we use a price index suggested by Aguiar and
Hurst (2007), which measures dispersion in price households pay for a fixed shopping basket.

Let qhit denote the volume of product i purchased by household h in year–quarter t, and
define the household-specific price by phit = xhit/qhit.18 Had household h paid the common
(average) prices for its realised basket, its expenditure would have been x̃ht = ∑i qhit pit. The
Aguiar and Hurst (AH) index compares the true cost of the household’s basket (xht = ∑i xhit)
with its cost at average prices:

ΠAH
ht =

xht

x̃ht
. (A.1)

Figure A.1 summarises the evolution of the AH index over time. In panels (a) and (b)
we show how the index varies across quartiles of the equivalised expenditure distribution
between 2012 and 2023. For each calendar year, we assign households to expenditure quar-
tiles (based on that year) and then, for each year-quarter, report the average AH index across
households in each quartile, expressed as a deviation from the quarter mean across all house-
holds. Panel (a) defines products at the brand–pack-size level. Panel (b) redefines products at
the brand–pack-size–retailer level (which matters for branded products sold across multiple
retailers, but leaves the definition of private-label products unchanged). The lines in panel

18Common prices are quantity-weighted averages of household-specific prices: pit =
∑h xhit
∑h qhit

= ∑h
qhit

∑h′ qh′ it
phit.
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(a) reflect the influence of price dispersion both across and within retailers; those in panel (b)
strip out the former and therefore reflect only within-retailer price dispersion.

Figure A.1: Aguiar and Hurst price dispersion index

By expenditure quartile

(a) Across products

-1
-.5

0
.5

1
D

ev
ia

tio
n 

fro
m

 m
ea

n 
(p

er
ce

nt
ag

e 
po

in
ts

)

20
12

q1

20
13

q1

20
24

q1

 20
15

q1

 20
16

q1

 20
17

q1

20
18

q1

20
19

q1

20
20

q1

20
21

q1

20
22

q1

20
23

q1

(b) Across product-retailers
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By income quartile

(c) Across products
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(d) Across product-retailers
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). Panel (a) and (c) define products
at the brand–pack-size level; panel (b) and (d) further conditions on retailer, defining products at the brand-pack-size-retailer
level. Panels (a) and (b) plot, for each year–quarter, the mean AH index within equivalised expenditure quartiles (across
households), expressed as deviations from the quarterly mean. Panels (c) and (d) repeat (a) and (b), instead splitting
households based on their equivalised income quartile.

In 2012, households in the top expenditure quartile paid around 2 percentage points more
for a fixed basket of goods than those in the bottom quartile; roughly 1 percentage point of
this gap reflects cross-retailer variation and 1 percentage point within-retailer variation. This
gap narrows over time: by 2023, households in the top expenditure quartile paid only around
1.1 percentage points more than those in the bottom quartile, again split approximately evenly
between across- and within-retailer dispersion. Because poorer households pay slightly
lower prices for identical goods, the narrowing of this price gap tends to reinforce measured
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inflation inequality by shrinking the price-shopping advantage of poorer households. Over
2021Q3–2023Q3, the decline in the top–bottom AH gap was 0.48 percentage points when
products are defined at the brand–pack-size level, with virtually no change when products
are defined at the brand–pack-size–retailer level.

Panels (c) and (d) repeat the analysis grouping households by equivalised income quar-
tiles. The results are similar, confirming that modest and slowly changing price dispersion
for identical products plays little role in driving inflation inequality.

A.2 Income measures

Figure A.2 illustrates the relationship between annual equivalised fast-moving consumer
goods expenditure and equivalised income (reported in bands) in 2021. The fitted line shows
a clear, increasing relationship, confirming that the two measures are strongly, though not
perfectly, correlated. Departures from a one-for-one mapping reflect both the banded and
top-coded nature of the income data and the conceptual distinction between current income
and expenditure as a proxy for longer-run household resources.

Figure A.2: Annual expenditure and household income
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). The figure plots a local-
polynomial regression of annual equivalised expenditure on equivalised household income in 2021, with a 95% confidence
band. Income is reported in £10,000 bands; we assign each household the midpoint of its reported band.

A.3 Price dispersion across similar products

Figure A.3 shows the distributions of interquartile ranges for log prices within product
categories in the third quarter of 2021, 2022 and 2023, using the Numerator data. When lower-
priced products within a category experience faster price growth—a phenomenon known

3



as “cheapflation”—we expect average price dispersion to fall, causing these distributions to
shift left. We indeed observe a leftward shift in 2023 compared to 2022 and 2021.

Figure A.3: Price dispersion with Numerator categories
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). The graph shows the distribution
of interquartile ranges of log prices across products within product categories in 2021Q3, 2022Q3 and 2023Q3.

Figure A.4: Price dispersion with CPI microdata categories
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We cross-check this result, and assess whether cheapflation affects categories beyond
fast-moving consumer goods (FMCG), using data from the Office for National Statistics
consumer price microdata—the raw price data underlying the UK Consumer Price Index
(CPI). Figure A.4 plots the distributions of interquartile ranges for log prices within CPI
‘item’ categories for December in years 2021, 2022 and 2023. Items are disaggregated product
groups (e.g., “large white loaf unsliced, 800g”) which are more granular than the product
categories we use in Figure A.3.

We plot these distributions for FMCG—constructed by combining food consumed at
home, alcoholic and soft drinks consumed at home, pet products and pharmaceutical and
personal care products—as well as for other non- and semi-durable goods categories: cloth-
ing, household appliances (including tools, household articles and electronics), and leisure
goods (including toys, sports equipment and books). As with the Numerator data, we see a
clear leftward shift in the distribution for FMCG in 2023. There is also evidence of falling
price dispersion for leisure goods (beginning in 2022) and, to a lesser extent, for clothing
items, whereas we do not see as clear a pattern of falling price dispersion for household
appliances.

A.4 Spending across quality ladder

Figure A.5 illustrates how the average quality rung of products purchased in the initial quar-
ter of each nine-quarter period varies across income deciles, showing a similar relationship
to variation across expenditure deciles in Figure 2.1(b).

Figure A.5: Average quality rung, by income

4
4.

5
5

5.
5

6
Av

er
ag

e 
qu

al
ity

 ru
ng

1 2 3 4 5 6 7 8 9 10
Income decile

Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). Figure reports the average
quality rung of households’ purchases by deciles of the equivalised income distribution.
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B Measurement appendix

B.1 Proof of Proposition 1

Lemma 1. Let preferences be such that the indirect utility function v(p, x) and expenditure function
e(p, u) are twice continuously differentiable and satisfy the standard duality identity e(p, v(p, x)) =
x. Fix a reference price vector p1 and define

µ(p, x) ≡ e(p1, v(p, x)).

Let
si(p, x) ≡ piqi(p, x)

x
denote the Marshallian budget share of good i at (p, x), and write si1 ≡ si(p1, x1). Then the first and
second log-derivatives of log µ(p, x) at (p1, x1) satisfy:

∂ log µ(p, x)
∂ log pi

∣∣∣∣
(p1,x1)

= − si1,

∂ log µ(p, x)
∂ log x

∣∣∣∣
(p1,x1)

= 1,

∂2 log µ(p, x)
∂ log pi ∂ log x

∣∣∣∣
(p1,x1)

= − ∂si(p, x)
∂ log x

∣∣∣∣
(p1,x1)

,

∂2 log µ(p, x)
∂(log x)2

∣∣∣∣
(p1,x1)

= 0,

∂2 log µ(p, x)
∂ log pi ∂ log pj

∣∣∣∣
(p1,x1)

= − ∂si(p, x)
∂ log pj

∣∣∣∣
(p1,x1)

+ si1
∂sj(p, x)
∂ log x

∣∣∣∣
(p1,x1)

.

Proof of Lemma 1. Fix p1 and define µ(p, x) ≡ e(p1, v(p, x)). Throughout, derivatives are
taken holding the other arguments fixed, and we use the log-derivative operators ∂/∂ log pi

and ∂/∂ log x.

Step 1: First derivatives. By the chain rule,

∂ log µ(p, x)
∂ log pi

=
∂ log µ(p, x)

∂v
∂v(p, x)
∂ log pi

, (B.1)

∂ log µ(p, x)
∂ log x

=
∂ log µ(p, x)

∂v
∂v(p, x)
∂ log x

. (B.2)

At p = p1 we have, by duality,

µ(p1, x) = e(p1, v(p1, x)) = x, (B.3)
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hence log µ(p1, x) = log x for all x and therefore

∂ log µ(p, x)
∂ log x

∣∣∣∣
(p1,x)

= 1. (B.4)

Evaluating (B.2) at (p1, x) and using (B.4) gives

∂ log µ(p, x)
∂v

∣∣∣∣
(p1,x)

=

(
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x)

)−1

. (B.5)

Roy’s identity implies the Marshallian budget share

si(p, x) ≡ piqi(p, x)
x

= −∂v(p, x)/∂ log pi

∂v(p, x)/∂ log x
. (B.6)

Combining (B.1), (B.5), and (B.6) yields

∂ log µ(p, x)
∂ log pi

∣∣∣∣
(p1,x1)

= − si1,
∂ log µ(p, x)

∂ log x

∣∣∣∣
(p1,x1)

= 1.

Step 2: Expenditure–expenditure second derivative. Differentiate (B.2) with respect to log x:

∂2 log µ(p, x)
∂(log x)2 =

∂ log µ(p, x)
∂v

∂2v(p, x)
∂(log x)2 +

∂2 log µ(p, x)
∂v2

(
∂v(p, x)
∂ log x

)2

. (B.7)

Since log µ(p1, x) = log x for all x, we have

∂2 log µ(p, x)
∂(log x)2

∣∣∣∣
(p1,x)

= 0,

and evaluating (B.7) at (p1, x) gives

∂2 log µ(p, x)
∂v2

∣∣∣∣
(p1,x)

(
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x)

)2

= −
∂2v(p,x)
∂(log x)2

∣∣∣
(p1,x)

∂v(p,x)
∂ log x

∣∣∣
(p1,x)

. (B.8)

Step 3: Cross derivative. Differentiate (B.1) with respect to log x:

∂2 log µ(p, x)
∂ log x ∂ log pi

=
∂ log µ(p, x)

∂v
∂2v(p, x)

∂ log x ∂ log pi
+

∂2 log µ(p, x)
∂v2

∂v(p, x)
∂ log pi

∂v(p, x)
∂ log x

. (B.9)

Evaluate (B.9) at (p1, x1), use (B.5) and (B.8), and substitute ∂v
∂ log pi

= −si
∂v

∂ log x (from (B.6))
to obtain

∂2 log µ(p, x)
∂ log x ∂ log pi

∣∣∣∣
(p1,x1)

=
∂2v(p, x)

∂ log x ∂ log pi

∣∣∣∣
(p1,x1)

/
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x1)

+ si1
∂2v(p, x)
∂(log x)2

∣∣∣∣
(p1,x1)

/
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x1)

.
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On the other hand, differentiating (B.6) with respect to log x gives

∂si(p, x)
∂ log x

=− ∂2v/∂ log x ∂ log pi

∂v/∂ log x
+

∂v/∂ log pi

(∂v/∂ log x)2
∂2v

∂(log x)2

=− ∂2v/∂ log x ∂ log pi

∂v/∂ log x
− si(p, x)

∂2v/∂(log x)2

∂v/∂ log x
.

Rearranging and evaluating at (p1, x1) yields

∂2 log µ(p, x)
∂ log x ∂ log pi

∣∣∣∣
(p1,x1)

= − ∂si(p, x)
∂ log x

∣∣∣∣
(p1,x1)

.

Moreover, since log µ(p1, x) = log x, we also have

∂2 log µ(p, x)
∂(log x)2

∣∣∣∣
(p1,x1)

= 0.

Step 4: Price–price second derivative. Differentiate (B.1) with respect to log pj:

∂2 log µ(p, x)
∂ log pi ∂ log pj

=
∂ log µ(p, x)

∂v
∂2v(p, x)

∂ log pi ∂ log pj
+

∂2 log µ(p, x)
∂v2

∂v(p, x)
∂ log pi

∂v(p, x)
∂ log pj

. (B.10)

Evaluating (B.10) at (p1, x1) and using (B.5), (B.8), and ∂v
∂ log pi

= −si
∂v

∂ log x yields

∂2 log µ(p, x)
∂ log pi ∂ log pj

∣∣∣∣
(p1,x1)

=
∂2v(p, x)

∂ log pi ∂ log pj

∣∣∣∣
(p1,x1)

/
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x1)

− si1sj1
∂2v(p, x)
∂(log x)2

∣∣∣∣
(p1,x1)

/
∂v(p, x)
∂ log x

∣∣∣∣
(p1,x1)

.

Finally, differentiate (B.6) with respect to log pj:

∂si(p, x)
∂ log pj

=−
∂2v/∂ log pi ∂ log pj

∂v/∂ log x
+

∂v/∂ log pi

(∂v/∂ log x)2
∂2v

∂ log x ∂ log pj

=−
∂2v/∂ log pi ∂ log pj

∂v/∂ log x
− si(p, x)

∂2v/∂ log x ∂ log pj

∂v/∂ log x
.

Using the expression for ∂sj/∂ log x derived above, one obtains

−∂si(p, x)
∂ log pj

+ si(p, x)
∂sj(p, x)
∂ log x

=
∂2v/∂ log pi ∂ log pj

∂v/∂ log x
− si(p, x)sj(p, x)

∂2v/∂(log x)2

∂v/∂ log x
.

Evaluating at (p1, x1) gives

∂2 log µ(p, x)
∂ log pi ∂ log pj

∣∣∣∣
(p1,x1)

= − ∂si(p, x)
∂ log pj

∣∣∣∣
(p1,x1)

+ si1
∂sj(p, x)
∂ log x

∣∣∣∣
(p1,x1)

.
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Proof of Proposition 1. Define

log Q(u1, uT; p1) ≡ log e(p1, uT)− log e(p1, u1)

= log e(p1, v(pT, xT))− log x1

Define µ(p, x) ≡ e(p1, v(p, x)) and let ∆pi = piT/pi1 and ∆x = xT/x1. Since log Q(u1, uT; p1) =

log µ(pT, xT)− log µ(p1, x1) and log µ(p1, x1) = log x1, a second-order Taylor expansion of
log µ(pT, xT) around (p1, x1) and subtraction of log µ(p1, x1) yields:

log Q(u1, uT; p1) =∑
i

∂ log µ(p1, x1)

∂ log pi
log ∆pi +

∂ log µ(p1, x1)

∂ log x
log ∆x

+
1
2 ∑

i,j

∂2 log µ(p1, x1)

∂ log pi log pj
log ∆pi log ∆pj + ∑

i

∂2 log µ(p1, x1)

∂ log pi log x
log ∆x log ∆pi

+
1
2

∂2 log µ(p1, x1)

∂ log x2 (log ∆x)2 + R(2)

where R(2) = O(|| log ∆p, log ∆x||3). By Lemma 1, we have:

∂ log µ(p1, x1)

∂ log pi
=− si1

∂ log µ(p1, x1)

∂ log x
= 1

∂2 log µ(p1, x1)

∂ log pi∂ log pj
=− ∂si

∂ log pj

∣∣∣
(p1,x1)

+ si1
∂sj

∂ log x

∣∣∣∣
(p1,x1)

∂2 log µ(p1, x1)

∂ log pi∂ log x
=− ∂si

∂ log x

∣∣∣∣
(p1,x1)

∂2 log µ(p1, x1)

∂(log x)2 = 0.

Hence,

log Q(u1, uT; p1) = log ∆x − ∑
i

si1 log ∆pi

− 1
2 ∑

i,j

(
∂si

∂ log pj

∣∣∣∣
(p1,x1)

− si1
∂sj

∂ log x

∣∣∣∣
(p1,x1)

)
log ∆pi log ∆pj

− ∑
i

∂si

∂ log x

∣∣∣∣
(p1,x1)

log ∆pi log ∆x + R(2)

Let ϵij ≡ ∂ log qi
∂ log pj

∣∣
(p1,x1)

denote the Marshallian price elasticity, ϵH
ij ≡ ∂ log qi

∂ log pj

∣∣
(p1,u1)

the Hicksian

price elasticity, and ηi ≡ ∂ log qi
∂ log x

∣∣
(p1,x1)

the expenditure elasticity. Note that, at fixed x,

∂si

∂ log pj

∣∣∣
(p1,x1)

= si1
(
ϵij + 1i=j

)
,
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and, at fixed u1,
∂si

∂ log pj

∣∣∣
(p1,u1)

= si1
(
ϵH

ij + 1i=j − sj1
)
.

Using the Slutsky relation ϵij = ϵH
ij − sj1ηi, simple algebra yields

∂si

∂ log pj

∣∣∣
(p1,x1)

=
∂si

∂ log pj

∣∣∣
(p1,u1)

− si1sj1(ηi − 1).

Note also that

∂si

∂ log x

∣∣∣∣
(p1,x1)

= si1(ηi − 1).

Hence,

log Q(u1, uT; p1) = log ∆x − ∑
i

si1 log ∆pi

−
(

1
2 ∑

i,j

∂si

∂ log pj

∣∣∣∣
(p1,u1)

log ∆pi log ∆pj −
1
2 ∑

i,j
si1sj1(ηi − 1) log ∆pi log ∆pj

−1
2 ∑

i,j
si1sj1(ηj − 1) log ∆pi log ∆pj + ∑

i
si1(ηi − 1) log ∆pi log ∆x

)
+ R(2)

= log ∆x − ∑
i

si1 log ∆pi

− 1
2 ∑

i,j

∂si

∂ log pj

∣∣∣∣
(p1,u1)

log ∆pi log ∆pj

−
(

log ∆x − ∑
j

sj1 log ∆pj

)
∑

i
si1(ηi − 1) log ∆pi + R(2).

By Engel aggregation, ∑i si1ηi = 1, we have

∑
i

si1(ηi − 1) log ∆pi =∑
i

si1ηi log ∆pi − ∑
i

si1 log ∆pi

=Covs
(

log ∆pi, ηi
)
,

where Covs(·, ·) denotes initial-period-share-weighted covariance. Finally, adding and
subtracting

log

(
∑

i
si1∆pi

)

10



and dropping R(2), we obtain

log Q(u1, uT; p1) ≈ log ∆x − log
(

∑
i

si1∆pi

)
︸ ︷︷ ︸

Exposure

+
[

log
(

∑
i

si1∆pi

)
− ∑

i
si1 log ∆pi − 1

2 ∑
i,j

∂si
∂ log pj

∣∣
(p1,u1)

log ∆pi log ∆pj

]
︸ ︷︷ ︸

Substitution

+
[
−
(

log ∆x − ∑
j

sj1 log ∆pj

)
Covs

(
log ∆pi, ηi

)]
︸ ︷︷ ︸

Income effects

.

This is precisely the decomposition stated in Proposition 1.

Remark 1. Using the identity

log Q(u1, uT; p1) = log ∆x − log P(p1, pT; u1) +
[

log P(p1, pT; u1)− log P(p1, pT; uT)
]
,

and comparing with the decomposition above, we see that

log P(p1, pT; u1) ≈ Exposure−Substitution, log P(p1, pT; u1)− log P(p1, pT; uT) ≈ Income effects.

Substituting the explicit formulas for these components yields the familiar second-order approximation
to the cost-of-living index at u1:

log P(p1, pT; u1) ≈ ∑
i

si1 log ∆pi +
1
2 ∑

i,j

∂si

∂ log pj

∣∣∣
(p1,u1)

log ∆pi log ∆pj,

and the corresponding approximation for the difference between cost-of-living indexes at u1 and uT:

log P(p1, pT; u1)− log P(p1, pT; uT) ≈ −
(

log ∆x − ∑
j

sj1 log ∆pj

)
Covs

(
log ∆pi, ηi

)
.

B.2 Jaravel–Lashkari algorithm

Here we outline the algorithm developed in Jaravel and Lashkari (2024) for approximating a
cost-of-living index under arbitrary non-homothetic preferences.

Utility cardinalisation. Let u = v(p, x) and x = e(p,u) denote the household’s indirect
utility and expenditure function for an arbitrary cardinalisation of utility. Define period-
1-denominated money-metric utility function u = v(p, x) ≡ e(p1,v(p, x)) so that u is
measured in units of period-1 expenditure, and let the corresponding expenditure function
be x = e(p, u) = e(p,v(p1, u)).
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First-order algorithm. The household’s log expenditure growth between period t and t − 1
can be decomposed as:

log xt − log xt−1 = [log e(pt, ut−1)− log e(pt−1, ut−1)] + [log e(pt, ut)− log e(pt, ut−1)]

Taking a first-order approximation of the two brackets, (i) in prices around (pt−1, ut−1) and
(ii) in utility around (pt, ut−1) yields

log xt − log xt−1 ≈∑
i

sit−1(log pit − log pit−1) +
∂ log e(pt, ut−1)

∂ log u
(log ut − log ut−1)

where sit−1 is the expenditure share of good i in period t − 1.
Let P(p1, pt; u) denote the true cost-of-living index between periods 1 and t evaluated at

utility u. Using

log P(p1, pt; u) = log e(pt, u)− log e(p1, u), e(p1, u) = u,

we obtain

∂ log P(p1, pt; u)
∂ log u

=
∂ log e(pt, u)

∂ log u
− 1.

Define the non-homotheticity correction

Λt(u) ≡
∂ log P(p1, pt; u)

∂ log u
=

∂ log e(pt, u)
∂ log u

− 1.

Denote the log geometric-Laspeyres index between t − 1 and t by

log ΠGL
(t−1,t) ≡ ∑

i
sit−1(log pit − log pit−1).

Combining the expressions above, log money-metric utility follows the recursion

log ut = log ut−1 +
log xt − log xt−1 − log ΠGL

(t−1,t)

1 + Λt(ut−1)
,

with initial condition log u1 = log x1.
In practice, Λt(·) is recovered nonparametrically from cross-sectional variation. For each

t we run a flexible regression of the household-specific geometric Laspeyres index on lagged
money-metric utility (and household composition controls),

log ΠGL
h(t−1,t) = gt(log uht−1) + X′

hβt + εht,

and use the derivative of the fitted function to approximate

Λt(ut−1) ≈ ∑
τ<t

g′τ(log uτ−1).

This first-order algorithm therefore adjusts a geometric-Laspeyres index for non-homotheticities.
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Second-order algorithm. To obtain a second-order approximation, we symmetrise the de-
composition in two ways. First,

log xt − log xt−1 =
[

log e(pt, ut−1)− log e(pt−1, ut−1)
]
+
[

log e(pt, ut)− log e(pt, ut−1)
]

≈ ∑
i

sit−1(log pit − log pit−1) +
(
1 + Λt(ut−1)

)
(log ut − log ut−1).

Second,

log xt − log xt−1 =
[

log e(pt, ut)− log e(pt−1, ut)
]
+
[

log e(pt−1, ut)− log e(pt−1, ut−1)
]

≈ ∑
i

sit(log pit − log pit−1) +
(
1 + Λt−1(ut−1)

)
(log ut − log ut−1),

where the first-order approximation is taken (i) in prices around (pt, ut) and (ii) in utility
around (pt−1, ut−1).

Taking the arithmetic average of these two expressions gives

log xt − log xt−1 ≈ 1
2 ∑

i
(sit−1 + sit)(log pit − log pit−1)

+
(

1 + 1
2

[
Λt−1(ut−1) + Λt(ut−1)

])
(log ut − log ut−1).

The first term is the log Törnqvist index between t − 1 and t

log ΠT
(t−1,t) ≡

1
2 ∑

i
(sit−1 + sit)(log pit − log pit−1).

Solving for log ut yields the second-order recursion

log ut = log ut−1 +
log xt − log xt−1 − log ΠT

(t−1,t)

1 + 1
2

[
Λt−1(ut−1) + Λt(ut−1)

] .

As in the first-order case, the functions Λt−1(·) and Λt(·) are obtained from flexible cross-
sectional regressions of household-specific price indexes on lagged money-metric utility and
household characteristics; see Jaravel and Lashkari (2024) for implementation details.

Cost-of-living indexes at uT and u1. Given the sequence {ut}T
t=1, the log cost-of-living index

evaluated at final-period utility is

log P(p1, pT; uT) = log
e(pT, uT)

e(p1, uT)
= log xT − log uT = log e(pT,uT)− log e(p1,uT).

The same logic can be applied in reverse, denominating utility in period-T prices and
running the algorithm backward from T to 1, to construct the cost-of-living index evaluated
at initial-period utility u1.

Implementation with scanner data. We implement the algorithm using household-level
expenditure shares shit constructed from UPC expenditures aggregated to our product
definition, and product-level prices pit defined as unit values. For each adjacent pair of
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periods, the price-index objects (geometric Laspeyres/Törnqvist) are computed over the set
of products with observed prices in both periods (the overlap set Ωt−1,t), and households that
do not purchase a product simply have zero share for that item. We implement gt(·) using
polynomial regressions, estimated separately by period from cross-household variation in
lagged money-metric utility and household composition controls. Identification of Λt(·) is
based on the maintained assumption that, conditional on Xh, the non-homothetic correction
is common across household; cross-sectional variation in log uht−1 then disciplines the
mapping from lagged money-metric utility to non-homotheticity.

C Results appendix

C.1 Inflation exposure with household-specific prices

In Appendix A.1 we show that the gap in prices paid for identical products between less-well-
off and better-off households is modest and changes little over time. This suggests differences
in price gaps for identical products are modest and fairly stable over time, suggesting that
within-product price dispersion is unlikely to be an important driver of inflation inequality
over 2021Q3 to 2023Q3.

Figure C.1: Inflation inequality: household-specific prices
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Figure illustrates the relation-
ship between ninth-quarter cumulative inflation exposure (2021Q3–2023Q3) and a household’s percentile in the 2021
expenditure distribution, with a marker for each percentile and a line of best fit. Cumulative inflation is measured using a
Laspeyres index. The blue series uses common prices across households; the red series uses expenditure–quartile-specific
prices as defined in the text.

Figure C.1 confirms this by comparing the relationship between cumulative household in-
flation over 2021Q3–2023Q3 based on common prices (the blue line and markers; replicating
Figure 4.2(a)) with an alternative series that recomputes prices separately within expenditure
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quartiles (the red line and markers).19 (the red line and markers). The gradient is slightly
steeper with quartile-specific prices, implying that differential prices paid for identical goods
slightly reinforce, rather than attenuate, the substantial inflation inequality documented in
the main text.

C.2 Product churn

The Laspeyres index in equation (3.2) fixes each household’s consumption basket at its initial
composition, so it does not reflect the effects of product entry and exit. In Figure C.2 we show
inflation inequality computed using two chained variants of the Laspeyres index. Panel
(a) shows an index chained year-on-year (comparing 2021Q3, 2022Q3 and 2023Q3), while
panel (b) presents an index chained quarter-on-quarter over nine quarters from 2021Q3 to
2023Q3. Because these indexes compare price growth across consecutive years or quarters,
they are less affected by product churn. The figure shows that they exhibit essentially the
same pattern of inflation inequality as in Figure 4.2(a).

Figure C.2: Inflation inequality: chained Laspeyres index
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(b) Quarter-to-quarter
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2012–2023). The figure illustrates the
relationship between ninth-quarter cumulative inflation and a household’s percentile in the expenditure distribution, with a
marker for each percentile and a line of best fit. Households are assigned to expenditure percentiles based on their equivalised
spending over the initial calendar year of the relevant nine-quarter period. Cumulative inflation is based on a Laspeyres
index chained across 2021Q3, 2022Q3 and 2023Q3 in panel (a) and on a Laspeyres index chained quarter-to-quarter in
panel (b).

However, chained indexes do not fully address product churn, because even across
successive quarters there can be a non-trivial amount of product entry and exit. This can
give rise to a new-product-variety bias, since the indexes fail to account for welfare losses
from product exits and gains from entry. In our data, 7.1% of 2021Q3 aggregate spending is

19Specifically, we compute the expenditure-quartile-specific price for (i, t) as pr
it =

∑h∈Rr xhit
∑h∈Rr qhit

where Rr denotes
the set of households that belong to quartile r of the calendar-year-specific annual equivalised expenditure
distribution.
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on products not available in 2022Q3, and 8.6% of 2022Q3 aggregate spending is on products
that were not available in 2021Q3.20 The analogous comparison between 2022Q3 and 2023Q3
results in 5.1% of 2022Q3 spending on exiting products and 6.5% of 2023Q3 spending on
entering products.

The Feenstra-corrected CES price index (Feenstra 1994) provides a convenient way of
quantifying the importance of product entry and exit. If the household has CES preferences,

their cost-of-living index over period s to t takes the form PCES
h,(s,t) =

[
∏i

(
pit
pis

)ϕhi,(s,t)
]
×Fh,(s,t),

where ϕhi,(s,t) is a weight that depends on the household’s period-s and period-t spending

shares over products available in both comparison periods.21, and Fh,(s,t) =
(

1−sN
ht

1−sX
hs

) 1
σ−1

is
the correction for the influence of entering and exiting products. This correction depends
positively on the share of initial period spending the household allocates to exiting goods,
sX

hs (the cost of living rises if products the household consumes disappear), and negatively
on the share of final-period spending allocated to entering goods, sN

ht (since consumption
of new products lowers the cost of living). The sensitivity of the cost-of-living index to net
product entry depends on the elasticity of substitution σ > 0: when σ is low, entering and
exiting products do not have close substitutes, so net entry has a relatively large effect on the
cost of living.

In Figure C.3(a) we plot the inflation-inequality gradient computed using a CES price
index with no Feenstra correction. The pattern of inflation inequality is very similar to that
shown in Figure 4.2(a). Panel (b) plots the difference between entry and exit shares, sN

ht − sX
hs,

while panel (c) shows the adjustment to the baseline CES index implied by net product
entry by reporting the difference between the Feenstra-corrected CES and non-corrected CES
index (shown in panel (a)) for a range of values of σ. In each case we report results for each
percentile of the expenditure distribution. The figure shows that households allocate, on
average, a higher share of their spending to entering than exiting products, which acts to
lower cost-of-living increases. However, the magnitude of the effect is very similar across
the expenditure distribution.

20We define a product as being unavailable in a quarter if no household in our entire sample purchases it.
21Specifically, ϕhi,(s,t) =

(shit−shis)/(log shit−log shis)
∑i′ (shi′ t−shi′ s)/(log shi′ t−log shi′ s)

.
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Figure C.3: CES cost-of-living index
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Notes: Authors’ calculations using Numerator’s Take Home Purchase Panel (2021–2023). Panel (a) shows the relationship
between nine-quarter cumulative inflation, based on a CES price index with no Feenstra-correction, and expenditure
percentiles. Panel (b) plots the average difference in entry and exit shares, sN

ht − sX
hs, across expenditure percentiles,

averaging over the periods 2021Q3–2022Q3 and 2022Q3–2023Q3. Panel (c) plots, across expenditure percentiles, the
difference between the Feenstra-corrected CES index and uncorrected CES index, for three different values of CES elasticity
of substitution σ. Households are allocated to expenditure percentiles based on their equivalised spending in 2021. The
index is chained across 2021Q3, 2022Q3 and 2023Q3.

C.3 Inflation inequality in the broader consumption basket

This appendix describes how we construct income-group-specific Consumer Price Indices
(CPI) that combine LCFS expenditure data, official CPI price indices, and our scanner-data-
based FMCG inflation measures. We construct two alternative indices: (i) a baseline index
that uses common FMCG price relatives across all income groups, and (ii) an alternative index
that incorporates group-specific FMCG price relatives by income decile, derived from the
Numerator scanner data.
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Household expenditure data come from the Living Costs and Food Survey (LCFS), with
spending categories classified using the COICOP system.22 Official price indices PCPI

ct and
national CPI weights wCPI

ct are taken from ONS CPI data at the COICOP class level. For
FMCG categories, we supplement these with FMCG price relatives from the Numerator data,
constructed either at the aggregate level (common across income groups) or separately by
income decile.

We treat as FMCG the COICOP 3-digit classes listed in Table C.1.

Table C.1: FMCG classification by COICOP code

COICOP code Category name

01.1.1 Bread and cereals
01.1.2 Meat
01.1.3 Fish
01.1.4 Milk, cheese and eggs
01.1.5 Oils and fats
01.1.6 Fruit
01.1.7 Vegetables
01.1.8 Sugar and sweet products
01.1.9 Food products n.e.c.
01.2.1 Coffee, tea and cocoa
01.2.2 Mineral water and soft drinks
02.1.1 Spirits
02.1.2 Wine
02.1.3 Beers
02.2 Tobacco
05.6.1 Non-durable household goods
06.1.1 Pharmaceutical products
06.1.2 Other medical products
09.3.4 Pets and related products
12.1.3 Other products for personal care

Income-group-specific expenditure weights. Households are grouped into income deciles
based on equivalised net household income, indexed by g ∈ {1, . . . , 10}. For each group g,
COICOP class c and year t, total LCFS expenditure is

Xgct ≡ ∑
i∈Gg

xict,

where xict is household i’s expenditure on category c in year t and Gg is the set of households
in decile g. The corresponding LCFS budget share is

wLCFS
gct ≡

Xgct

∑c′ Xgc′t
.

22Each expenditure item is mapped to a COICOP code with structure X.Y.Z, where X is the division (1–12),
Y is the group (1–9 within each division), and Z is the class (1–9 within each group).
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These LCFS shares do not exactly match the national CPI weights wCPI
ct because of

survey under-reporting and differences between LCFS definitions and the national accounts.
To construct group-specific weights that are consistent with the CPI, we re-scale LCFS
expenditure within each COICOP class. Let

Xct ≡ ∑
g

Xgct, Xt ≡ ∑
c

Xct.

For each (g, c, t) we define adjusted expenditure

x∗gct ≡ wCPI
ct ×

Xgct

Xct
× Xt.

By construction, ∑g x∗gct = wCPI
ct Xt for every c, so the re-scaled group-level expenditures

aggregate to the official CPI weights within each category while preserving the LCFS distri-
bution across income groups.

We then define group-specific CPI-consistent budget shares as

w∗
gct ≡

x∗gct

∑c′ x∗gc′t
.

For later use, we also define the group-specific FMCG share in year t as

w∗
gFMCGt ≡ ∑

c∈FMCG
w∗

gct,

Baseline CPI by income group. Let PCPI
ct denote the official CPI index for category c in period

t, and let t ∈ {1, 2, 3} where t = 1, t = 2 and t = 3 correspond to 2021Q3, 2022Q3 and
2023Q3, respectively. For non-FMCG categories c /∈ FMCG and t ∈ {1, 2} we define the
category-level CPI price change

pct ≡
PCPI

ct+1

PCPI
ct

.

From the Numerator scanner data, we construct a common FMCG Laspeyres price relative
pFMCG

t between 2021Q3 and 2022Q3 (t = 1) and between 2022Q3 and 2023Q3 (t = 2), using
aggregate FMCG expenditure weights across all households. This provides a single FMCG
inflation measure that is the same for all income groups in each subperiod.

Baseline cumulative Laspeyres inflation for group g over 2021Q3-2023Q3 is then

Πg ≡
[

2

∏
t=1

(
w∗

gFMCGt pFMCG
t + ∑

c/∈FMCG
w∗

gct pct

)]
− 1.

For each income decile d ∈ {1, . . . , 10}, we report cumulative inflation relative to the bottom
decile,

Π̃d ≡ Πd − Π1.
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By construction, Π̃1 = 0. A negative value indicates lower cumulative inflation for decile d
than for the bottom decile.

Incorporating group-specific FMCG inflation. To isolate the role of within-FMCG heterogene-
ity, we replace the common FMCG inflation measure pFMCG

t with income-group-specific
FMCG inflation measures. From the Numerator scanner data we construct group-specific
FMCG Laspeyres indices pgFMCGt, measuring FMCG price growth between 2021Q3–2022Q3
and 2022Q3–2023Q3 for each income decile. We then form an alternative income-group-
specific CPI that incorporates these group-specific FMCG price relatives:

Πalt
g ≡

2

∏
t=1

(
w∗

gFMCGt pgFMCGt + ∑
c/∈FMCG

w∗
gct pct

)
− 1.

The corresponding decile d gap with the bottom decile is

Π̃alt
d ≡ Πalt

d − Πalt
1 .

Results. Figure C.4 summarises the contribution of FMCG cheapflation to overall inflation
inequality across the full CPI basket. Panel (a) shows that FMCG budget shares decline
strongly with income: in LCFS 2021, the bottom income decile devotes around 23.3% of total
expenditure to FMCG, compared to about 17.5% in the top decile, a gap of 5.7 percentage
points.

Panel (b) compares the decile gap, relative to the bottom income decile, in nine-quarter
cumulative inflation under the two index constructions. In the common-FMCG benchmark,
FMCG categories share the same inflation across all income groups, given by the aggregate
FMCG Laspeyres price relatives pFMCG

t , while non-FMCG categories follow class-level CPI
inflation. In this case, the cumulative inflation of the bottom decile exceeds that of the top
decile by 2.16 percentage points. In the FMCG-adjusted index, we replace the common FMCG
inflation with group-specific FMCG price relatives pgFMCGt constructed from the Numerator
data. Under this specification, the corresponding bottom–top gap rises to 3.03 percentage
points. Thus, differential FMCG inflation accounts for about 0.87 percentage points of the
total 3.03 percentage point bottom–top gap, increasing the inter–decile gradient by 40.3%
relative to the common-FMCG benchmark.

Panel (b) also shows that, even in the common-FMCG benchmark (which ignores within-
FMCG heterogeneity across income groups), there is substantial inflation inequality over
2021Q3–2023Q3. Panel (c) repeats the exercise excluding residential energy (gas and elec-
tricity) from the CPI basket. Once energy is removed, the inter–decile gradient in the
common-FMCG benchmark becomes much smaller, indicating that most of the inflation
inequality captured by the standard CPI over this period reflects the large spike in household
energy prices during the European energy crisis.
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Figure C.4: Inflation inequality in the full CPI basket

(a) FMCG budget share

(b) Inter–decile inflation differences (c) Inter–decile inflation differences (no energy)

Notes: Authors’ calculations using the Living Costs and Food Survey (LCFS) 2021, ONS CPI data, and Numerator’s Take
Home Purchase Panel (2021–2023). Panel (a) plots the share of total expenditure allocated to FMCG goods by equivalised
income decile. Panel (b) reports cumulative inflation over 2021Q3–2023Q3 for (i) a common-FMCG benchmark that
combines class-level CPI inflation for non-FMCG categories with common Numerator-based FMCG inflation across income
groups, and (ii) an FMCG-adjusted index that replaces the common FMCG rate with group-specific Numerator-based
FMCG price relatives; values are expressed relative to the bottom decile. Panel (c) repeats the analysis in panel (b) excluding
residential energy spending from the basket.
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