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We assess the impact of nationwide minimum wages on employment
throughout the whole wage distribution by exploiting geographical
variation in the level of wages. We find a substantial increase in wages
at the bottom of the wage distribution, while we detect a small, sta-
tistically insignificant negative effect on employment. Combining the
estimated change in the wage distributionwith a tax and benefit micro-
simulation model, we show that the minimum wage generates consid-
erable proportional income gains up to the middle of the household
income distribution.
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I. Introduction

There has been a revival of interest in minimum wage policy in recent
years. Minimum wages are seen as a central policy lever to boost wage
growth at the bottom of the distribution and are increasingly viewed as a
tool to reduce in-work poverty and support low-income households. Sub-
stantial increases in minimum wages have been implemented in several
countries, including the United Kingdom, Germany, Hungary, Poland,
and Spain. This makes it imperative to understand the effect of minimum
wages on employment, wages, and household incomes.
A large number of studies of the employment effects of minimum wages

have been conducted (for reviews, seeNeumark andWascher 2008; Belman
and Wolfson 2014; Dube 2019a). However, there are relatively fewer stud-
ies of the effects of minimum wages across the wage distribution and how
those translate into effects on household incomes. Notable recent excep-
tions include Cengiz et al. (2019) and Dube (2019b) studying the impact
on wages and household incomes in the US context, where the level of min-
imum wages is relatively low.
This paper proposes a new empirical methodology to estimate the im-

pacts of theminimumwage on employment andwages in a context inwhich
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a single minimum wage policy applies to the entire country and no geo-
graphical variation in minimum wage rates is available. Our method refines
the regional variation approach pioneered by Card (1992). Similar to Card
(1992), we exploit differences in wage levels between areas, which, at least at
the lower end of the wage distribution, are likely to arise from variation in
the general price level (i.e., living costs), local aggregate productivity, or lo-
cal amenities. In addition, instead of simply calculating the employment
change for specific subgroups—such as teens in Card (1992)—we trace out
employment changes throughout the whole frequency distribution of wages,
as in Harasztosi and Lindner (2019) and Cengiz et al. (2019).
To identify the effect of the policy over the wage distribution, we compare

trends in employment between groups that would earn the samewage if they
lived in the same area but are differentially exposed to theminimumwage be-
cause they live in different areas, which have different regional wage premia.
More specifically, we apply a difference-in-differences strategy where we
compare the employment change in a low-wage region to the employment
change in a high-wage region forworkerswith similar skills. Since individuals
living in higher-wage regions are less exposed to the minimumwage, we can
use their employment change as a counterfactual for similarly skilled individ-
uals living in lower-wage regions. By applying this logic, we can estimate the
impacts of the minimum wage on the number of jobs throughout the whole
wage distribution.
We apply this new methodology to study the impacts of the introduction

of the National Living Wage (NLW) in the United Kingdom, as well as its
subsequent upratings, on the entire frequency distribution of wages. Intro-
duced in April 2016 with the goal of reaching two-thirds of median wages
by 2024, the NLW increased the minimum wage by 7.5% in real terms,
bringing the “bite” of the minimum wage close to the international frontier
(see fig. A1; figs. A1–A8, C1, D1–D5, E1, F1–F6 are available online). We
use data on wages from the Annual Survey of Hours and Earnings (ASHE),
a high-quality employer survey on earnings and hours of employees in the
United Kingdom, along with employment data from the Annual Population
Survey (APS).
We calculate the change in employment andwages by adding up “missing

jobs” just below the new minimum wage and “excess jobs” at and slightly
above it, in the spirit of Cengiz et al. (2019). We find that over the 2016–
19 period, the NLW generated strong wage compression at the bottom of
the wage distribution, with spillover effects on wages stretching up to at
least around the 20th percentile and with little disemployment effects. We
estimate an own-wage elasticity of employment of 20.20 (standard error,
0.32), which is in line withmany estimates in the literature and corroborates
findings of previous work in the United Kingdom using other methods
(Dube 2019a). The vast majority of the estimated “action” is at or a little
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above the NLW, giving us confidence that we are picking up the impacts
of the minimum wage itself.
In the second part of the paper,we use the estimated change in the frequency

distribution of wages to assess the distributional impact of the policy. To do
that, we use the most detailed microsimulation model of the UK tax-transfer
system (Waters 2017) to estimate the effects of the minimum wage on net
household income, using high-quality household survey data from the Family
Resources Survey (FRS). The relationship betweenminimumwages andhouse-
hold income is complicated. First, it depends on the location of minimumwage
workers in the household income distribution and the share of household in-
come that their earnings make up. Second, an increase in a worker’s earnings
is often met with a rise in tax liability or a fall in benefit entitlements. That
means that for some workers the increase in net household income might
be considerably smaller than the increase in their gross earnings.
We find that the largest income gains of the minimum wage in cash terms

go to the middle of the household income distribution, where households
with at least one minimum wage worker are most likely to be located and
wheremarginal tax rates are substantially lower than at the bottom of the dis-
tribution. At the same time, in proportional terms the impacts are similar for
the poorest households and middle-income households. Our results, there-
fore, highlight that the minimum wage provides considerable benefits up
to the middle of the household income distribution, with effects fading out
quickly in the top half.
This finding is in contrast to reduced-form estimates from the United

States (Dube 2019b), which find strong effects on posttax incomes at the bot-
tom of the distribution but not in the middle.We document a number of rea-
sons for the difference in distributional impacts in the United Kingdom and
the United States. First, minimumwage workers in the United Kingdom are
concentrated in themiddle of the household income distribution,while in the
United States they are predominately located toward the bottom of the dis-
tribution. Second, in the United Kingdom, minimum wage workers at the
bottom of the distribution gain less from minimum wage increases because
they work fewer hours and face higher marginal tax rates than those further
up the distribution. Third, individuals at the bottom of the income distribu-
tion in theUnitedKingdomget less of their income from employeework and
a much higher share of their earnings from self-employment, which is not
covered by the minimum wage.
There are multiple advantages of the methods we employ here and various

ways in which we refine the approaches used by previous research. The fre-
quency distribution method allows us to assess the change in employment
across the entire distribution of hourly wages, which has several key advan-
tages. First, disaggregating the effect of the minimum wage by wage bin in-
creases statistical precision, as it allows for an explicit focus on the part of
the wage distribution where the minimum wage is plausibly responsible for
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the changes observed. This is especially important in the context of theUnited
Kingdom,where empirical strategies commonly employed often have limited
statistical power (Brewer,Crossley, andZilio 2019). Second, themethod pro-
vides an in-built robustness check by revealing what is happening in the up-
per tail, where the minimumwage would not be expected to have substantial
effects. If the results suggest otherwise, then this is a hint that the identifica-
tion assumptions are not satisfied.1 Third, the way in which we identify our
frequency distribution estimates, using regional wage variation, refines the
traditional regional variation approach to estimating minimum wage effects
pioneered by Card (1992). Rather than assuming that all workers in one area
offer a good counterfactual for all workers in another area, our approach nar-
rowly defines groups of similar workers—who would earn the same in the
absence of geographical variation in wages—and thus enables a more careful
comparison across similar workers. We highlight the empirical relevance of
these advantages by comparing estimates using our approach and the tradi-
tional regional variation approach and by providing a step-by-step bridging
of the two.
Finally, we demonstrate that the granularity of the frequency distribution

approach—where effects on the whole frequency distribution of wages are
estimated—brings with it an additional attraction. We can use the estimated
changes across the hourly wage distribution to analyze the distributional
effects of the policy on household incomes. In applying this approach to
the study of the impacts of minimumwages on household incomes, we com-
bine the advantages of two hitherto distinct literatures—microsimulations
and reduced-form econometric approaches. In particular, we retain a key
benefit ofmicrosimulations, which is the ability to easily run counterfactuals.
At the same time, we incorporate key advantages of reduced-form methods,
since—by integrating the rich information on labor market impacts from
the frequency distribution approach—we can account for nonmechanical ef-
fects of minimum wages, in particular employment effects and wage spill-
overs induced by the policy.
Our paper contributes to a vast literature on the employment effects of

the minimum wage. Most of the US literature exploits methods based on
state-level variation (Card and Krueger 1994, 2000; Neumark andWascher
2008; Dube, Lester, and Reich 2010; Neumark, Salas, and Wascher 2014;
Cengiz et al. 2019) and,more recently, city-level variation (Dube andLindner
2021), with only a relatively small number of studies exploiting geographic
variation in bite (Card 1992; Clemens and Wither 2019). Conversely, meth-
ods based on variation in bite across regions or demographic groups are largely
applied in Europe, where most countries have no subnational variation in
1 See app. B in Cengiz et al. (2019).



S298 Giupponi et al.
minimum wage rates; see, for instance, Stewart (2002), Dolton, Bondibene,
and Wadsworth (2012), Dolton, Bondibene, and Stops (2015), and Dube
(2019a) for the United Kingdom; Dustmann et al. (2022) for Germany; and
Portugal and Cardoso (2006) for Portugal. Appendix B (apps. A–F are avail-
able online) provides a classification of studies of the employment effects of
the minimumwage in European countries bymethod used for identification.
Our paper is also related to a smaller body of work examining the distri-

butional effects of the minimumwage, including impacts on the wage distri-
bution (DiNardo, Fortin, and Lemieux 1996; Lee 1999; Autor,Manning, and
Smith 2016; Cengiz et al. 2019) and on the household income distribution
(Dube 2019b).
The remainder of the paper is structured as follows. Section II describes

the institutional context. Section III details the methodology and data used
for the estimation of the effects on labor market outcomes, and section IV
illustrates the related empirical results. The methodology used to simulate
impacts on household incomes is described in section V, and the simulation
results are reported in section VI. Section VII concludes.
II. Institutional Context

We analyze the distributional consequences of minimum wages in the
context of the United Kingdom, which has increased the minimum wage
substantially for most adults since 2016. TheUnited Kingdom has had a na-
tionwide minimum wage in place since the National Minimum Wage
(NMW) introduction on April 1, 1999. As of March 2016, the NMW for
adults aged ≥21 was £6.70, with separate rates for younger workers and ap-
prentices. From April 2016, a new, higher minimum wage rate was intro-
duced for workers aged 25 and over, branded in the United Kingdom as
the “National Living Wage”—although it is simply a legal minimum wage
in the same sense as previous minimum wages. The minimum rates for
younger workers and apprentices were unchanged. Its introductionwas an-
nounced on July 8, 2015, and it came into force onApril 1, 2016. A target for
the NLW to achieve 60% of median wages by 2020 was also set at the time
of announcement.
Figure 1 plots the evolution of the minimum wage applying to workers

aged 25 and over—the NMW until March 2016 and the NLW thereafter—
in real terms (fig. 1A) and as a percentage of the median wage (fig. 1B). At
the time of its introduction, the NLW was set at £7.20 an hour, an increase
of 7.5% from its previous level in both nominal and consumer price index
(CPI)–adjusted real terms. Overall, the 17% real-term increase in the mini-
mum wage applying to those aged ≥25 between April 2015 and April 2019
led to an increase in its bite relative tomedian wages of 7.3 percentage points.
That is larger than the 6.9 percentage point increase in the bite over the whole
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prior 16-year period since the United Kingdom’s minimum wage was intro-
duced in 1999.2

III. Employment and Wage Effects of the Minimum Wage:
Methodology and Data

A. Combining the Regional Variation and Frequency
Distribution Approaches

In this and the following subsections, we illustrate our proposed empirical
methodology to estimate the impacts of the minimumwage on the frequency
distribution of wages, in a setting inwhich a singleminimumwage policy ap-
plies across the entire country. We identify the effects using a regional vari-
ation approach that exploits geographic variation in wage levels, in the tradi-
tion of Card (1992). We then nest the regional variation approach into the
frequency distribution approach—pioneered by Cengiz et al. (2019)—to
trace out the effect of the minimum wage throughout the wage distribution.
We start by summarizing those approaches and illustrating howwe combine
features of both. We then describe our methodology in detail.
Regional variation approach.—A common approach for estimating the

impacts of minimum wages on employment is to exploit geographic varia-
tion in its bite. This approach can be formalized with a statistical model,
where for any two time periods employment changes in location r are mod-
eled as a function of the bite of the minimum wage in that region:
FIG. 1.—Real minimum wage rate and minimum wage bite, 1999–2019. A re-
ports the CPI-adjusted level of the United Kingdom adult minimumwage applying
to workers aged 25 and over from April 1999 to April 2019. B reports the adult
minimum wage bite (i.e., the adult minimum wage rate as a percentage of the median
wage). The vertical dashed line corresponds to the NLW introduction on April 1,
2016.
2 By April 2019, the NLW was £8.21 per hour. In comparison, the minimum
wage for 21–24-year-olds was £7.70 (6% lower than the NLW), for 18–20-year-
olds was £6.15 (25% lower), and for 16–17-year-olds was £4.35 (47% lower).



DErt 5 aBITErt21 1 gt 1 mrt, (1)

where DErt is the change in the employment rate (employment over the re-
gional working age population Nrt) in region r between time t 2 1 and t,
BITErt21 is a measure of the bite of the minimum wage (e.g., the minimum
wage as a fraction of the median wage in the region) in region r at time t 2 1,
gt is the time effect, and mrt is an error term. The key identifying assumption
is a common trends assumption that underlying employment trends across
regions are unrelated to the bite (i.e., they are similar in higher- and lower-bite
regions).
A limitation of this approach is that because it looks for effects on aggregate

employmentwhile theminimumwage typically affects only a small portion of
the labormarket, statistical power can be low.One can think of the problem as
being one of a weak first stage: BITE is typically associated only with very
small changes in average wages, so we should not expect a clear signal when
it comes to its impact on aggregate employment. This issue has been addressed
by focusing on subpopulations where the minimum wage is known to bite
more—among teenagers, for example (Card 1992)—although naturally this
limits external validity. Another alternative is to further segment the popula-
tion by demographics, such as sex, age, and skill level, to create additional var-
iation in bite (Stewart 2002; Manning 2016; Dube 2019a). This introduces ad-
ditional potential problems: namely, the estimated employment effects can be
misleading if the policy impact varies across demographic groups.3 Further-
more, when variation across demographic groups is applied, it is unclear
whether the estimated employment effects reflect the impact of the policy
on certain demographic groups or the overall impact on low-wage jobs.
Frequency distribution approach.—The frequency distribution approach

proceeds on the basis that the effects of theminimumwage onwages and em-
ployment can be inferred from changes in the frequency distributionofwages
at the lower end of the wage distribution. A higher minimum wage will di-
rectly affect jobs previously paid below the minimum: some may be de-
stroyed, some pushed at or above the minimum wage. And jobs previously
paid at or above theminimummay shift up thewage distribution via spillover
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3 With treatment effect heterogeneity, the estimated employment effects can be
positive even if the employment change is negative for all groups. To see that, con-
sider a setting with four demographic groups: low- and high-skilled women and
men. Suppose that the employment elasticity with respect to the minimum wage
is substantially larger for women, but the difference in exposure between low-
and high-skilled women is small. At the same time, the employment elasticity for
men is small, but the exposure difference between low- and high-skilled men is
large. In this case, the standard difference-in-differences approach could yield a
positive employment elasticity, as it would pick up that the large exposure differ-
ences between men lead to small employment changes, while the small exposure
differences for women lead to large negative employment changes.
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effects, for example because of firms’ desire to maintain pay differentials be-
tween different occupations or between supervisory and nonsupervisory
roles. Thus, a comparison between the frequency distribution of wages ob-
served under a minimumwage policy and a suitably constructed counterfac-
tual in the absence of the policy will reveal a “missing” mass below and an
“excess” mass at or above the new minimum. This implicitly defines the
total employment effect, which is the difference between the missing and ex-
cess masses. Using this framework, the impacts of the minimumwage on the
wage distribution and employment are captured jointly in a fully integrated
way.
Explicitly disaggregating estimated employment changes by wage bin

brings several advantages. First, by focusing on employment changes at the
bottom of the wage distribution, we can filter out shocks to employment
in the upper tail of the distribution on the basis that they are more likely to
be noise than signal with respect to the impacts of the minimum wage. This
could considerably improve statistical precision. Second, by estimating the
impacts on employment in every wage bin, a kind of falsification check is au-
tomatically produced: significant estimated effects on the number of jobs far
up the wage distribution could suggest that the identification strategymay be
conflating impacts of the minimum wage with other differences between
treatment and control groups. The additional falsification test is especially
valuable given the notoriouslyfierce ongoing debates on the employment im-
pacts of minimumwages in the literature. Finally, estimating effects wage bin
bywage bin paints a richer picture of the policy’s effects—in particular by re-
vealing the extent of wage spillover effects on low-wage workers somewhat
above theminimumwage. This can be exploited in order to estimate compre-
hensively the distributional effects of minimumwages, as we show in the lat-
ter part of this paper.
For identification, Cengiz et al. (2019) exploit variation in US state-level

minimumwage legislation using 138 relatively large minimumwage changes
occurring in the United States over the 1979–2016 period. They implement a
difference-in-differences design comparing changes in the frequency distri-
bution of wages before and after a minimumwage increase between states af-
fected by the policy change and unaffected states. In the United Kingdom, as
in many other countries (e.g., France, Germany, Greece, Hungary, Ireland,
Israel, theNetherlands,NewZealand, Poland, and Spain), no geographic var-
iation inminimumwages applies. Aswe explain inmore detail in the next par-
agraph, for identification we exploit regional variation in wage levels—and
hence in the bite of the minimum wage—in the spirit of a long line of empir-
ical literature stretching back to Card (1992) and including Stewart (2002),
Dolton, Bondibene, and Wadsworth (2012), Dolton, Bondibene, and Stops
(2015), Ahlfeldt, Roth, and Seidel (2018), Caliendo et al. (2018), Clemens
and Wither (2019), Dube (2019a), Schmitz (2019), and Dustmann et al.
(2022).
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Nesting the regional and frequency distribution approaches.—Similar to
the regional variation approach, ourmethod exploits differences inwage levels
between areas, which, at least at the lower end of the wage distribution, are
likely to arise from variation in the general price level (i.e., living costs), local
aggregate productivity, or local amenities. This implies that we can define nar-
row groups of similar workers who would be expected to be paid the same if
they lived in the same place but whose actual wages—and hence proximity to
the minimum wage—vary across areas due to regional differentials. In prac-
tice, workers belonging to the same group—which we will label “skill level,”
as it could be thought of broadly as a skill group—will receive higher nominal
wages in high-wage than in low-wage areas. This allows us to use trends in the
number of jobs in high-wage areas as counterfactuals for trends in the number
of jobs in lower-wage areas, effectively matching wage bins across areas that
are equivalent in real terms but—due to cost-of-living differences (or other
price differences)—differentially exposed to the national minimum wage.
Since in practice no region is entirely unaffected by a national minimumwage
policy, our approach shares the characteristic of other regional variation ap-
proaches of identifying the relative effect of the minimum wage on employ-
ment in lower-wage areas compared with higher-wage ones. Retrieving an
absolute effect requires additional assumptions that we describe below.
In our baseline specification, we define as high-wage areas those that are

in the top decile of the distribution of regional wage premia. We explain in
more detail below how those premia are calculated. For any employment
change within any wage bin observed in a lower-wage area, we can net off
an estimated counterfactual change, which is identified from what happens
in high-wage areas to workers of the same skill level but with different nom-
inal wages. Aggregating across low-wage regions yields the estimated impacts
of the change in the minimumwage on the frequency distribution of wages in
those regions (in the relative sense described above). The identifying assump-
tion is that absentminimumwage changes, employment changes for each skill
level would evolve in the same way across lower- and higher-wage regions.
Ourmethodology retains the advantages of the frequency distribution ap-

proachwhile adapting it to be applied in a contextwith uniformnationalmin-
imum wage policy. Viewed the other way around, we refine the traditional
regional variation approach and extensions of it. Those approaches implicitly
assume that the population ofworkers living in areas less affected by themin-
imumwage are a good control group for the population of workers living in
more affected areas. Our approach relies on a weaker assumption, as it com-
pares only narrowly defined subsets of workers with similar skill levels living
in different areas.
In addition to that, our approach differs from the traditional approaches

that combine regional with demographic variation in exposure to the mini-
mumwage, since we do not exploit variation across skill groups. The under-
lying idea of those traditional approaches is to exploit identifying variation
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coming from skill-level differences across demographic groups on top of var-
iation across locations. Our approach does not use such skill-level variation
for identification per se. Rather, it separately identifies the effect of the policy
on workers of different skill levels. As a result, our approach transparently
shows which parts of the skill distribution drive the estimated changes in em-
ployment. In appendix C, we provide a step-by-step mapping from our
methodology to the regional variation approach.4

B. Methodology

To implement our approach, we first need to define a skill level for each
worker in our sample.A skill level identifiesworkerswhowould earn the same
wage if they lived in the same place at the same point in time. This requires
purging wages of place and time effects so that we can use those transformed
wage levels as indicators of skills. Then we use a difference-in-differences-
style framework to examine differential trends in employment by skill level
across regions that are more and less affected by theminimumwage. This de-
livers our estimates of the impacts of the minimum wage. We describe both
steps in turn below.
Purging wages of place and time effects.—We have individual wage ob-

servations from across the United Kingdom and across our sample period,
and we want to assign each of those observations a skill level. This requires
purging wages of both place and time effects. For example, our data include
individuals in Hull in 2016 and individuals in London in 2017. To know
whether an individual from the first group has the same skill level as an in-
dividual from the second group, we need to knowwhat wage theHull-2016
observation would earn (i) if they were in London rather than Hull and
(ii) after applying expected wage growth over the 2016–17 period.
To identify place effects, we run aMincer-style regression of raw individ-

ual log wages lnw*
it on location effects, year effects, and individual controls.

This is estimated using only pre-policy-reform data, pooled from 2012 to
2014, to avoid any confounding effect of the minimum wage increase. Our
regression specification is

lnw*
it 5 ln drði,tÞ 1 vt 1 X0

itb 1 nit, (2)

where X is a vector of individual and firm characteristics, ln drði,tÞ is the log-
arithmof the location-specific relative pay premia, vt is the year effect, and nit
is an error term. Covariates include gender interacted with full-time/part-
time status and age, one-digit occupation, one-digit industry, and a dummy
for being in a graduate job (based on the four-digit Standard Occupational
Classification code). In some specifications, we also include person effects
4 We invite interested readers to go through secs. III.B–IV.A before turning to
app. C.
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in the regressions. To account for the left censoring at the minimum wage,
we use a Tobit as our benchmark specification. Estimates of (the logarithm)
of location effects (ln dr)—whichwe call regional “wage premia”—are shown
in figure 2.5

We implement the rest of the analysis using wages that are adjusted by
average wage inflation over time.6 From here on, our notation w*

it refers
FIG. 2.—Estimated wage premia. The graph reports estimates of ln dr from re-
ression equation (2) (solid circles) using data from 2012 to 2014. The capped ver-
cal bars show 95% confidence intervals based on robust standard errors clustered
t the TTWA level. Estimates in black refer to regions in the bottom nine deciles of
e distribution of wage premia (treatment group), and those in gray refer to re-
ions in the top decile of the distribution (control group).
5 Our estimation of the regional wage premia raises two main concerns. The first
one is that regression eq. (2) does not account for unobserved differences in skill
levels across locations. In sec. D.2 of app. D, we provide alternative estimates of re-
gional wage premia based on a two-way fixed effects estimation including individ-
ual fixed effects in the regression. A second concern for the identification of regional
wage premia is sorting of workers across regions based on a (person-region) match
component of wages. The presence of sorting would imply that our regression eq. (2)
is misspecified and our estimate of ln dr biased. We formalize this issue and test its em-
pirical relevance in sec. D.2 of app. D.

6 Part of the growth in average wages can be driven by changes in the minimum
wage itself. To make sure that this is not what drives our estimates, in our bench-
mark specification we control for the direct impact of the minimum wage on aver-
age wage growth by estimating time effects using the following regression: lnw*

it 5
gr 1 bGAPrði,tÞ 1 tt 1 εit, where lnw*

irt is the raw log hourly wage of individual i in
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to raw wages and wit to wages adjusted for time effects. Unless otherwise
stated, our discussion will always refer to wages adjusted for time effects.
Using our estimates of place effects ln dr, we can obtain time- and place-

adjusted wages:

expðlnwit 2 ln drði,tÞÞ 5 wit

drði,tÞ
: (3)

As noted above, we refer to this as “skill levels.”Workerswith the same skill
level would earn the same amount if they lived in the same place at the same
time.
Estimating the effect of the minimum wage on the frequency distribution

of wages.—Our basic strategy is as follows. For any wage level in the low-
wage (treated) locations, we use the change in employment in high-wage
(control) locations for workers of the same skill level as counterfactual em-
ployment change. This allows us to trace out the impact of the minimum
wage across the wage distribution.
To build intuition, consider first a situation with two periods and two re-

gions: regionH is the control (high-wage) region, and region L is the treated
(low-wage) region.We normalize thewage premium in the treated region to
dL 5 1; in the control region, the wage premium is dH > 1.We are interested
in the impact of the minimum wage below a given wage level w 5 c. Let
DEL(c) denote the change in total employment in the low-wage region at
wages below c, as a share of the population. To identify the impact of the
minimumwage, we need tofind the counterfactual employment rate change
at this wage level in the absence of the minimumwage, DEL(c)CF. We do this
by finding the change in the employment rate of similarly skilled workers in
the high-wage region. A worker who in the low-wage region earns cwould
earn cdH in the high-wage region. We therefore use the employment rate
change below cdH in the high-wage region as the counterfactual for the em-
ployment rate change below c in the low-wage region, and we calculate the
percent change in employment as follows:

DiDEðcÞ 5
DELðcÞ 2 DELðcÞCF

EPOPt21
5

DELðcÞ 2 DEHðcdHÞ
EPOPt21

, (4)

where DELðcÞ 2 DELðcÞCF is the difference-in-differences employment rate
change below c and EPOPt21 5 limc→∞Et21ðcÞ is the employment to popu-
lation rate in the baseline period t 2 1. Notice that by dividing by the
location r and year t, GAPr(i,t) is the mechanical increase in average wages that the
higher minimum wage would induce for workers in location r in year t relative to
t 2 1, tt is the time trend that we want to extract, and εit is an error term. Table A1
(tables A1, B1, C1, C2, D1 are available online) reports the estimated coefficients b
and tt for different year pairs in our sample. In sec. IV.C, we assess the robustness
of our results to estimating wage trends without controlling for GAPr(i,t). This makes
virtually no difference to our results.
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employment topopulation rate,we express employment changes as a share of
the prereform (national) employment.
In this simple two-region example, we can trace out the impacts of the

minimum wage across the entire wage distribution by estimating equation (4)
for every level of c. For this difference-in-differences strategy to identify
the causal effect of the minimum wage on employment, we need to assume
that—absent changes in theminimumwage—employment rateswould evolve
in the same way in the treated (low-wage) and control (high-wage) region for
every level of c. We assess the validity of this common trends assumption in
section D.2 of appendix D.
Furthermore, the minimum wage should ideally not be binding in the

control region. In practice, though, there will be some jobs affected by
the minimum wage even in the control (high-wage) region. Our methodol-
ogy does not allow us to identify the impact of the minimum wage on the
skill levels corresponding to those jobs. Indeed, the lack of a control group
for workers that are affected by the policy in both low- and high-wage re-
gions implies that the effect of the policy on those worker cannot be calcu-
lated without some extrapolation. While this is an important limitation of
our approach, it is a general feature of all empirical designs studying the im-
pact of nationwide minimum wage changes.7

We now move away from the two-region example to our setting, where
we have multiple locations in each of the treatment and control regions, and
multiple time periods. LetH and L now refer to the set of high-wage (con-
trol) and low-wage (treated) locations, respectively. Let DErt(c) denote the
change in employment rate below wage c for some treated locations r ∈ L
between time t 2 1 and t. To create DErtðcÞCF, we calculate the following
(population-weighted) average over control locations of the change in the
employment rate below the corresponding skill level:

DErtðcÞCF 5
or0∈HDEr0t

dr0 c
dr

� �
Nr0t21

or0∈HNr0t21
, (5)

where Nr0t21 is the population in control location r0 at time t 2 1.
For each wage level, we then take all treated locations and average over

the difference between actual and counterfactual employment rate changes,
weighted by the pretreatment population in that location. The average effect
of the minimumwage belowwage c in treated locations at time t is therefore

DiDEtðcÞ 5
1

EPOPt21

or0∈LðDEr0tðcÞ 2 DEr0tðcÞCFÞNr0t21

or0∈LNr0t21
: (6)
7 To alleviate this concern, in our empirical implementation we use very high
wage locations as the control group, as we explain in more detail below.
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Empirical implementation.—In practice, we implement the approach de-
scribed above by calculating employment rate changes in discrete wage bins
of £x rather than calculating the cumulative distribution function at differ-
entwage levels. Let ekrt denote the employment density inwage bin k, which
runs from k to k 1 x:

ekrt 5 Ertðk 1 xÞ 2 ErtðkÞ: (7)

For every wage bin in every treated location, it is possible to find the range
of skills exactly corresponding to ekrt in every control location. By applying
the same logic as in equation (6), this leads to the following estimator of the
employment change in wage bin k in treated locations:

DiDekt 5
or0∈LðDEr0tðk 1 xÞ 2 DEr0tðk 1 xÞCFÞNr0t21

EPOPt21or0∈LNr0t21

2 or0∈LðDEr0tðkÞ 2 DEr0tðkÞCFÞNr0t21

EPOPt21or0∈LNr0t21

5
1

EPOPt21

or0∈LðDekr0t 2 DeCF
kr0tÞNr0t21

or0∈LNr0t21
,

(8)

where

DeCF
krt 5 DErtðk 1 xÞCF 2 DErtðkÞCF

5
or0∈H DEr0t

dr0 ðk1xÞ
dr

� �
2 DEr0t

dr0k
dr

� �h i
Nr0t21

or0∈HNr0t21
:

(9)

In essence, our proposed estimator for the wage bin–specific employment
rate change (Dekt) is the (population-weighted) average difference between
the actual and the counterfactual employment rate change (Dekrt 2 DeCF

krt ) across
low-wage locations.
We implement the above estimator using the following (population

weighted) regression specification:

Dekrt 2 DeCF
krt

EPOPt21
5 o

�F

f5F2x

af I½k 5 f � 1 hkrt for r ∈ L, (10)

where I½k 5 f � is an indicator function taking the value 1 if wage bin k cor-
responds to values between f and f 1 £x above the new minimum wage at
time t and is equal to 0 otherwise. We center the wage bin indicators around
the postreform minimum wage so that the changes in the distribution of
wages are easy to visualize. We aggregate effects at the tails of the wage dis-
tribution: we sum up all changes in wage bins below F, the postreformmin-
imumwage, and all changes in wage bins above �F, whichwe set at £15 above
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the new minimum wage. The af coefficients show the estimated bin-by-bin
change in the employment rate relative to the new minimum wage, ex-
pressed as a share of the national employment rate. In our benchmark spec-
ification, we implement regression equation (10) by pooling different years,
which is why our af coefficients are not indexed by t.8

Approximation.—Calculating the true counterfactual based on equation (9)
is possible but computationally intensive. This is because for each wage bin
in each treated region there is a separate combination of wage bins in con-
trol regions covering workers of the same skill level. As a result, we approx-
imate the employment rate change in equation (9) in the following way.
First, we estimate the exact counterfactual employment change for each
wage bin for a reference region. Then we approximate the counterfactual
employment change for workers in wage bin k and location r by taking an
average of the counterfactual employment changes calculated in the first step
amongworkers in the reference regionwho are of the same skill level as wage
bin k in r. We provide more details on the approximation in section D.1 of
appendix D.
Parametrization of benchmark specification and bootstrapping.—For our

main estimates we set x 5 0:25, partitioning the wage distribution into
wage bins k of £0.25 width. We define high-wage locations (the control
group) as those with wage premia in the top decile of the distribution of
ln drði,tÞ and low-wage locations (treated group) as those with premia in
the bottom nine deciles. In section IV.C, we assess the sensitivity of our re-
sults to different bin widths and definitions of control locations.
For statistical inference, we use a bootstrap procedure (with 100 replica-

tions). To allow for clustering at the local level, we randomly draw locations
(not individuals) with replacement. The sample is then composed of work-
ers in those randomly drawn locations, with duplicates of those in locations
that were drawnmultiple times.We bootstrap all steps in ourmethodology,
from the estimation of wage trends and local wage premia, to that of coun-
terfactual employment rate changes and the af coefficients.
Calculating the employment effect.—As inCengiz et al. (2019), the set ofaf

coefficients can be used to compute total employment effects of theminimum
wage. The missing mass below the new minimum wage can be computed as
Db 5 o0

f5F2xaf and the excess mass above it as Da 5 o~F
f50af . Since the af co-

efficients identify changes in employment as a percentage of the pretreatment
national employment rate, themissing and excessmass can be interpreted anal-
ogously. Their sum, which we define asDe 5 Da 1 Db, represents the total
percent change in the employment rate due to the minimum wage. For our
baseline estimates, we set ~F equal to the minimum wage (NLW) plus £5,
meaning that any employment changes occurring more than £5 above the
8 This step corresponds to further averaging eq. (6) over time periods, which
would lead to otor∈LðDErtðkÞ 2 DErtðkÞCFÞNrt21=otor∈LNrt21.
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new minimum are not assumed to result from the minimum wage change
and do not contribute to De. We show the sensitivity of our results to alter-
native choices of ~F, and we also routinely report an estimate of Dtotal 5
o∞

2∞af , which aggregates the estimated af over the entire support of the wage
distribution. This is never far from our central estimate of De, which is reas-
suring evidence in favor of our identifying assumptions: it implies that em-
ployment rate changes within given skill levels were very similar between
treatment and control regions whenever we look beyond the lower portion
of the wage distribution.
A conceptual difference between our af coefficients and those of Cengiz

et al. (2019) is that we estimate the effect on the employment rate in lower-
wage regions relative to higher-wage regions—not the absolute effect. This
follows directly from the fact that the United Kingdom does not provide
geographic variation in minimum wage policy, so there are no geographic
areas that are completely “untreated” that can be used as controls to identify
absolute effects. One can, however, recover absolute effects across the
whole economy with some extrapolation, as we explain below.
Calculating the employment elasticity.—Wecompute the own-wage elas-

ticity of employment as the proportional change in employment for affected
workers divided by the proportional change in wages for affected workers.
Our estimated af coefficients are key inputs for this calculation.
We approximate the proportional impact of theminimumwage on affected

employment as the relative change in employment as a share of baseline (given
by o~F

f5F2xaf ), divided by the share of the workforce earning below the new
minimum wage in the year before treatment (�b21), across the whole popula-
tion (i.e., both high- and low-wage regions):

%De 2 %DeCF ≈
De 2 DeCF

�b21

5 o~F
f5F2xaf

�b21

: (11)

We also use the estimated af coefficients to compute the proportional im-
pact of theminimumwage on the averagewage of affectedworkers.Wefirst
calculate the proportional relative effect of the minimum wage on the aver-
age wage of affected workers. We then divide that by prepolicy average
wages among affected workers, as illustrated in the following formula:

%Dw 2 %DwCF ≈

wb211o~F
f5F2x

f1 MW
� �

af

�b211o
~F
f5F2x

af

wb21=�b21

2 1: (12)

Average wages are computed by taking the ratio of the total wage bill col-
lected by affected workers to the number of such workers. In the prepolicy
period, the average wage is computed as the ratio of the preperiod wage bill
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among those paid less than the new minimum wb21 divided by the share of
the workforce earning below the newminimum �b21.9 This is the denomina-
tor in formula (12).
To understand how the proportional relative effect of the minimum wage

on the average wage of affected workers is computed, it is useful to note that
the minimumwage causes both the wage bill and employment to change. The
total wage bill collected by affected workers is computed by summing the
prepolicywage billwb21 and thewage bill increase generated by theminimum
wage in low-wage regions relative to high-wage ones o~F

f5F2xð f 1 MWÞaf ,
where MW is the average wage in the bin where the minimum wage falls in
the postperiod. This is then divided by the sum of the prepolicy number of
workers paid below the newminimumplus the relative increase in the number
of affectedworkers in low- versus high-wage regions (�b21 1 o~F

f5F2xaf ). The ra-
tioof these twoquantities gives us thenumerator in formula (12).Theown-wage
elasticity of employment is obtained by dividing the formula in (11) by that
in (12).
Having estimated the wage elasticity of employment, we can also calculate

the absolute effect of theminimumwage on employment. To do this, we first
estimate the absolute wage effect of the minimum wage by comparing the
wage distribution before and after a minimum wage increase (uprating the
earlier year using the tt from the specification illustrated in n. 6). Second,
we multiply the absolute wage effect by the own-wage elasticity of employ-
ment to get an estimate of the absolute change in employment.
C. Data and Sample Construction

Our primary data source for the analysis of the impacts of the NLW on
employment, wages, and hours is ASHE for the years 2010–19. A large-scale
employer-completed survey of earnings and hours of employees in theUnited
Kingdom,ASHEprovides high-quality data onwages, hours, occupation, in-
dustry, and basic demographic characteristics at yearly frequency. The survey
is collected in April of each year.
In our empirical implementation, a region r is defined as a travel-to-work

area (TTWA). TTWAs are statistically defined geographic units that are
constructed by the United Kingdom’s Office for National Statistics, based
on commuting flows, to approximate local labor markets. They identify
self-contained areas in which most people both live and work. Since ASHE
is (weighted to be) representative at the national level but not at the local
level, we rescale employment counts inASHE tomatch employment counts
in the locally representative APS. We also use APS to get the working age
9 To compute wb21, we deflate wages in each region with the reference being the
average wage premium in the low-wage regions. In other words,wb21 is in the price
(wage) of the low-wage regions. This makes it consistent with our estimated af.



Impacts of Nationwide Minimum Wage Changes S311
population in each TTWA. We group TTWAs with fewer than 200 obser-
vations in ASHE with their nearest neighboring TTWA based on observed
commuting flows, so that each TTWA has at least 200 observations in any
year in our data. This grouping gives us a total of 137 geographic areas. We
check the sensitivity of our results to different degrees of aggregation.

IV. Employment and Wage Effects
of the Minimum Wage: Results

A. Main Results

Figure 3 reports our main estimates of the effect of the NLW introduc-
tion and subsequent uplifts on the frequency distribution of hourly wages
from equation (10). Each circle represents our estimate of employment
changes—averaged over the four minimum wage increases from 2015 to
2019—in each wage bin relative to the level of the new NLW in each of the
years we consider. For ease of visualization, we plot wage bins of £1 width:
these are linear combinations of the £0.25 width wage bins (af coefficients)
estimated in regression equation (10).
Thefigure shows a clear and significant drop in jobs just below theNLW,

indicating that, on average, each increase in theminimumwage for those aged
≥25 between 2015 and 2019 led to a fall in employment below the NLW of
5.44% (standard error, 0.22%) of total employment in the previous year
(Db). We also find a large increase in the number of jobs at, or within £1
of, the new minimum wage (approximately 4.5% of pretreatment employ-
ment) and at wages slightly higher than the NLW, with spillovers stretching
up to around £2 above it. This is around the twentieth percentile of hourly
wages, which is broadly consistent with evidence of wage spillovers from
minimumwages found previously (Autor,Manning, and Smith 2016; Cengiz
et al. 2019; Harkness and Avram 2019). Our point estimates also indicate
some small and statistically insignificant spillovers up to around £5 above
the NLW.
To compute the total employment effect, we add up all employment

changes up to £5 above the NLW (Da 1 Db). The missing (Db) and excess
(Da) masses are of almost identical size in absolute value, so the total em-
ployment effect is 20.11% (standard error, 0.16%) of pretreatment em-
ployment—a very small decline that is not statistically significant.
We calculate the own-wage employment elasticity using the formula de-

scribed in section III.B. Our central estimate is20.20 (standard error, 0.32)—
a small effect, which is in line with several other estimates in the literature
(Dube 2019a), including previous studies in the United Kingdom (Stewart
2004; Dube 2019a; Manning 2021). The 95% confidence interval allows us
to rule out an employment elasticity that is more negative than 20.83. As
a result, we can rule out the large employment effects that would be implied
by some other estimates in the minimum wage literature (Dube 2019a).
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FIG. 3.—Impact of the minimum wage on the wage distribution: baseline esti-
ates for workers aged 25–64. The graph reports linear combinations of estimates
f the coefficients af from regression equation (10) of the effect of the NLW intro-
uction and subsequent uplifts on the frequency distribution of hourly wages. The
ample includes individuals aged 25–64. Each circle represents our estimate of em-
loyment changes, averaged over the four minimum wage increases from 2015 to
019, in each £1 wage bin relative to the level of the new NLW in each of the years
e consider. The £1 wage bins are linear combinations of the £0.25 wage bins (af

oefficients) estimated in regression equation (10). Employment rate changes are
ormalized by the baseline national employment rate, so that the sum of the effects
cross all wage bins can be interpreted as the total percent change in employment
rising from the change in the minimumwage. Estimated effects in wage bins below
e new NLW, as well as those in wage bins more than £15 above the NLW, are
ggregated in one single-point estimate. The gray line shows the running total of
mployment changes up to that point in the distribution. The vertical bars under-
ing the circles and the shaded area around the gray line show the bootstrapped
5% confidence intervals associated with the relevant estimate. The graph also re-
orts estimates of the terms Db (the percent change in employment below the new
LW), De 5 Da 1 Db (the percent change in employment up to £5 above the new
LW), and Dtotal (the percent change in employment over the entire wage distri-
ution), with bootstrapped standard errors in parenthesis. Estimates of the own-
age employment elasticity and its subcomponents—the percent change in affected
mployment and affected wages—are also reported. See section III.B for further de-
ils on these statistics.
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It is also worth highlighting that here and throughout we report cluster-
bootstrapped standard errors, where we allow for clustering at the regional
level. Since we bootstrap all estimation steps in our analysis—including the
estimation of wage trends and regional wage premia, on top of counterfac-
tual wage changes and the af coefficients—our standard errors are more
conservative than in similar studies in the literature. Indeed, estimates of
the minimum wage bite are typically not bootstrapped in studies based
on the regional-bite approach. Panel A of table 1 reports ourmain estimates,
with bootstrapped standard errors and robust standard errors clustered at
the TTWA level. The less conservative approach leads to a substantially
more precise estimate, which allows us to rule out evenmodest negative em-
ployment effects of the policy.
The gray line infigure 3 shows the running total of employment changes up

to that point in the distribution. For example, at £5 above the NLW, the gray
line represents the implied estimate of the impact of an increase in theNLWon
the number of jobs paid at or below£5 above the newNLW.The running sum
is consistent with an employment effect that is close to zero, as is our estimate
of the effect over the entire wage distribution (Dtotal 5 0:25%; standard er-
ror, 0.31%).The fact that the frequencydistribution approach forces transpar-
ency over those changes offers a placebo test, given that the minimum wage
would not be expected to have material effects far up the wage distribution.
In short, this is reassuring with respect to our identifying assumption of par-
allel trends between low-wage and high-wage regions, increasing confidence
that the effects we obtain at the bottom of the distribution are just driven by
the NLW. We provide further evidence corroborating the validity of our
identification assumption in section D.2 of appendix D.
Figure A2 shows the estimated effect of the NLW introduction and all

subsequent uplifts using data from just 2015 and 2019. That is, instead of
pooling data for each of the four uplifts, we estimate the “long difference”
from 2015 to 2019. Unlike simply pooling the four analyses of year-to-year
changes, this specification allows for some lagged adjustments to be captured—
for example, delayed effects on firm exit and hence employment from the 2016
NLW, which would show up only in 2018 or 2019. The employment change
up to £5 of the NLW is estimated at 20.42%, which is in fact very close to
four times the estimated average effect frompooling the four consecutive-year
periods. This estimate is more imprecise, however (standard error, 0.68%),
because it uses much less data than our central estimates, which effectively
pool the results from four different minimum wage increases.
B. Identification Tests

We summarize here the set of assumptions underlying our methodology
and the identification tests that we run to assess their validity, and we refer
the reader to section D.2 of appendix D for a more detailed discussion.
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mpact of the Minimum Wage on the Wage Distribution: Robustness Checks

Db (%) Da 1 Db (%) Elasticity

Est
(1)

SE
(2)

Est
(3)

SE
(4)

Est
(5)

SE
(6)

A. Main Specification

ain specification bootstrapped SE 25.44 .22 2.11 .16 2.20 .32
ain specification clustered SE 25.44 .17 2.11 .11 2.20 .14

B. Bin Width

0.10 25.47 .28 2.10 .16 2.22 .41
0.50 25.51 .24 2.18 .20 2.26 .34

C. Threshold for Grouping TTWAs

00 observations 25.48 .21 2.07 .16 2.13 .35
00 observations 25.32 .29 2.05 .19 2.10 .40

D. Cutoff for Calculation of Da

5 4 25.44 .22 2.18 .16 2.38 .36
5 6 25.44 .22 2.01 .15 2.02 .29

E. Estimation of Wage Premia and Wage Growth

ottom half of distribution 24.91 .36 2.16 .16 2.39 .60
KM (including person effects) 25.15 .42 2.20 .26 2.48 4.08
rouped AKM (including person effects) 26.87 1.09 2.23 .46 2.36 .75
o industry/occupation controls 25.61 .28 2.20 .18 2.37 .37
nly full-time workers 25.50 .22 2.13 .15 2.24 .31
LS estimation 25.40 .23 2.09 .16 2.17 .32
lternative adjustment to time effects 25.07 .23 2.07 .15 2.15 .37

F. Treatment and Control Regions

ottom two deciles as treatment 26.86 .36 2.15 .22 2.22 .34
op two deciles as control 25.60 .26 2.15 .14 2.28 .31
xcluding London 25.36 .30 2.10 .23 2.19 .50
NOTE.—This table reports estimates of Db (the percent change in employment below the new NLW),
e 5 Da 1 Db (the percent change in employment up to £5 above the new NLW), and the own-wage em-
loyment elasticity for a set of different parameterizations of regression eq. (10). Estimates are averaged
ver the four minimum wage increases from 2015 to 2019. Columns 1, 3, and 5 report our central estimates;
ls. 2, 4, and 6 report bootstrapped standard errors. See sec. III.B for further details on these statistics.
anel A reports baseline estimates from fig. 3 with bootstrapped standard errors and analogous estimates
ith robust standard errors clustered at the TTWA level. Panel B shows robustness to the choice of wage
in width (x), where we rerun the analysis bins of £0.10 and £0.50 instead of £0.25. Panel C varies the level
f geographical aggregation of TTWAs, changing the sample size threshold below which we group neigh-
oring travel to work areas to 100 and 400 observations instead of 200. Panel D varies the ~F cutoff for the
lculation of Da to £4 and £6, rather than £5. Panel E shows robustness to changes in the specification used
r the estimation of wage premia and wage growth. In one variant, we estimate wage premia from regres-
on eq. (2) using only the bottom half of the wage distribution in each region. In a second, we estimate
age premia using an AKM regression (including person and location effects) rather than a Mincerian re-
ression. In a third variation, we estimate wage premia using an AKM regression (including person and
cation effects) on grouped TTWAs. In a fourth one, we drop industry and occupation controls from
ur Mincerian specification in regression eq. (2). In a fifth one, we estimate regression eq. (2) on full-time
orkers only. In a sixth one, we use an OLS rather than a Tobit model. In a seventh one, we estimate the
ecification in n. 6 without the GAP control. Panel F shows estimates for different definitions of treatment
d control regions. Instead of comparing the bottom nine deciles of regional wage premia to the top decile,
e compare (i) regions in the first two deciles (treated) to the top decile (control) and (ii) regions in the
ottom eight deciles (treated) to the top two deciles (control). We also run the main specification excluding

London from the set of control regions.
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Stability of regional wage premia and correlation with NLW bite.—Our
definitionof skill levels is basedon localwagepremia estimated in the prepolicy
period. This definition rests on the assumption that our estimated ln dr are sta-
ble over time and are not affected by the NLW introduction. Both conditions
are shown to be supported by the data (fig. D1A, D1B). In addition, we doc-
ument that our definition of treatment and control regions is indeed capturing
differential exposure to the NLW (fig. D1C).
Accounting for unobserved individual heterogeneity in the estimation

of wage premia.—One limitation of our Mincerian specification in equa-
tion (2) is that it does not account for unobserved individual heterogeneity.
We can deal with this issue by including person effects in the regression and
estimating regional wage premia in an Abowd-Kramarz-Margolis (AKM)–
style specification. The regional wage premia estimated using the AKM
specification and the Mincerian specification in equation (2) are highly cor-
related (fig. D2A). To minimize the risk of limited-mobility bias, we also
derive an alternative measure of the AKMpremia by grouping TTWAs into
30 groups. The grouped AKM premia are also highly correlated with the
Mincerian regional wage premia (fig. D2B). In section IV.C, we will show
robustness of ourmain estimates of the employment effects of theminimum
wage to usingAKMandgroupedAKMrather thanMincerian regionalwage
premia.
Sorting bias in the estimation of wage premia.—A potential concern for

the identification of regional wage premia based on estimating regression
equation (2) is sorting of workers across regions based on an idiosyncratic
match component of wages. In the presence of sorting, the regression equa-
tion (2) would be misspecified and our estimate of ln dr would be biased. In
sectionD.2 of appendixD, we test for and find no indication of the presence
of sorting bias.
Validity of common trends assumption.—Our difference-in-differences

strategy rests on a common trends assumption that absent changes in the
minimum wage, employment rates in each skill level would evolve in the
same way across lower- and higher-wage regions. As we already noted in
section IV.A, the fact that we do not see differential employment changes
between treated and control regions in the upper tail of the wage distribu-
tion is reassuring in this respect. Of course, the absence of differential trends
at the top of the wage distribution does not entirely rule out differences at the
bottom of the wage distribution. Figure D4 reproduces estimates from re-
gression equation (10) using pre-NLW years 2011–15 and taking the 2016–
19NLW rates as placebominima in each year (from 2012), respectively. This
placebo test yields a close-to-zero employment effect throughout the wage
distribution, corroborating the assumption of no differential trends.
Impact of the minimumwage in the control group.—Even though ideally

we would like the minimum wage not to be binding in the control regions,
in practice some jobs will be affected by the minimum wage even in the
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control (high-wage) regions. As we already noted in section III.A, this im-
plies that our estimates can identify the relative effect of the minimumwage
in lower-wage versus higher-wage regions. This is an important limitation
of our approach that is a general feature of empirical designs studying nation-
wide minimum wage changes. Nevertheless, as we document in figure D5,
theminimumwage did not have an impact on total employment in the control
regions, suggesting that our relative estimates are unlikely to differ substan-
tially from the overall impact of the policy.

C. Robustness Checks

Robustness to parametrization.—We now turn to assessing the robust-
ness of our main estimates to different specification choices in the imple-
mentation of our frequency distribution approach. Results are shown in ta-
ble 1, which reports estimates of the missing mass, the total employment
effect, and the own-wage elasticity of employment, for a battery of different
parameterizations. For reference, our headline estimates are reported in
panel A of table 1.
Panel B shows robustness to the choice of wage bin width (x), where we

rerun the analysis using bins of £0.10 or £0.50 instead of £0.25. In panel C,
we vary the level of geographical aggregation of TTWAs, changing the sam-
ple size threshold below which we group neighboring TTWAs to 100 and
400 observations instead of 200. PanelD varies the ~F cutoff for the calculation
of Da to £4 and £6 rather than £5. In panel E, we show robustness to changes
in the specification used for the estimation of wage premia and wage growth.
In one variant, we estimate wage premia from regression equation (2) using
only the bottom half of the wage distribution in each region.10 In a second
variant, we estimate wage premia using anAKM regression onmovers across
TTWAs rather than aMincerian regression (Abowd, Kramarz, andMargolis
1999). In a third variation,we estimatewage premia using anAKMregression
on grouped TTWAs. In a fourth one, we drop industry and occupation con-
trols from our Mincerian specification in regression equation (2). In a fifth
one, we estimate regression equation (2) on full-time workers only. In a sixth
one, we use an ordinary least squares (OLS) rather than a Tobit model. In a
seventh one, we estimate the specification in footnote 6 without the GAP
control. Panel F shows estimates for different definitions of treatment and
control regions. We start by restricting the set of treated regions to those in
the bottom two deciles of the regional wage premia distribution. We then al-
ter the definition of both treatment and control regions by comparing regions
10 To define the subgroup of workers with wages in the bottom half of the wage
distribution, we estimate regression eq. (2) using observations over the entire wage
distribution and use the estimated coefficients—with the exception of the estimated
location effects ln dr—to predict individual wages. We then estimate our new ln dr
from regression eq. (2) on the bottom half of the distribution of predicted wages.
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in the bottom eight deciles to regions in the top two deciles. We also run the
main specification excluding London from the set of control regions.11

Overall, the estimates from the alternative specifications are similar to our
baseline estimates. Point estimates formissing jobs below the newNLWare
within 0.5 percentage points of our main estimate across all specifications
except for the one using AKM-estimated wage premia on grouped TTWAs
and the one using only regions in the bottom two deciles as treated. In all
cases the estimated employment effect is small and not statistically signifi-
cant. Estimates of the own-wage elasticity almost always allow us to rule
out very large elasticities (e.g., Neumark and Wascher [2008] argue that
the own-wage elasticity can easily be 21 or 22). The biggest difference
to the point estimate of the elasticity comes when we use regional wage
premia estimated using only the bottom half of the wage distribution or us-
ing an AKM regression, but these approaches also lead to imprecise esti-
mates. This is because our sample size is too small to obtain a precise enough
estimate of the wage premia.
Effects on 16–64-year-olds.—All of the estimates we illustrated so far are

based on the sample of individuals aged 25–64, that is, the age group that the
NLW legally applies to. Yet there are reasons to believe that people under the
age of 25 could be affected too. They were not legally affected by the NLW
over the period studied here, but there are various ways in which they could
be affected in practice. These could include downward wage spillovers if
firms avoid implementing the age-related pay differentials that the legal min-
ima would allow, due, for example, to administrative costs or constraints or
to fairness concerns (Giupponi and Machin 2023). As this would effectively
represent an increase in labor cost for those under 25, one might see impacts
on employment in that age group as a result. Alternatively, to the extent that
theNLWmakes those under 25 cheaper to employ than older workers, labor
substitution might act to increase their employment rates and, in turn, their
wages. The choice between education and work is also important for young
people and may be affected by minimum wage policy.
To jointly capture this wide range of factors, we apply our approach to

examine effects on individuals aged 16–64. Figure A3 reports estimates of
employment changes around the NLW as a share of the pretreatment em-
ployment rate among those 16–64, using local wage premia from regression
equation (2) also estimated on the 16–64 population.12 Our estimates of the
fall in employment below the NLW (5.36%; standard error, 0.21%) and of
11 Note that the specifications with different control regions would not be expected
to have the same Da and Db as the main specification, since the difference between
treatment and control regions is smaller in the alternative specification than in themain
one.Therefore, this robustness check ismainly informative for the elasticity it delivers.

12 Wages are deflated using time trends estimated on the 16–64-year-old popula-
tion too. See n. 6 for details.
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the total employment effect up to £5 above the NLW (20.06%; standard
error, 0.20%) are marginally smaller in absolute value than those found
for 25–64-year-olds. The own-wage employment elasticity is 20.10 (stan-
dard error, 0.34). These results suggest that the wages of those under 25
were positively affected by the introduction of the NLW and subsequent
uplifts. This is consistent with previous studies that show positive wage
spillovers of theNLW for younger workers, potentially reflecting employer
preferences for fairness (Giupponi and Machin 2023). Our estimates also
suggest that the overall employment effect of the NLW for those under 25
was either broadly neutral or positive.

D. Heterogeneity Analysis

In this section, we study heterogeneity in the effects that the minimum
wage has on wages and employment by gender and age. To this end, we
use equation (10) to estimate the effect of the NLW on the frequency distri-
bution of wages for each subgroup, normalized to the pretreatment employ-
ment rate of that subgroup. Panel B of table 2 shows the estimates separately
by gender. The fall in employment below the NLW is more pronounced for
women than for men, as is the corresponding rise at (or just above) it. This is
expected given that women are more likely to be receiving low wages. The
point estimate of the total employment change up to £5 of theNLW is slightly
positive for men (0.22%; standard error, 0.18%) and slightly negative for
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Db (%) Da 1 Db (%) Elasticity

Est
(1)

SE
(2)

Est
(3)

SE
(4)

Est
(5)

SE
(6)

A. Main Specification

ain specification 25.44 .22 2.11 .16 2.20 .32

B. Gender

omen 27.39 .31 2.47 .23 2.69 .38
en 23.55 .19 .22 .18 .61 .48

C. Age Group

oung (25–34) 26.40 .28 2.66 .56 21.54 2.89
iddle age (35–54) 24.77 .25 2.07 .19 2.15 .52
ld (55–64) 26.59 .43 2.25 .72 2.35 .99
NOTE.—This table reports estimates of Db (the percent change in employment below the new NLW),
e 5 Da 1 Db (the percent change in employment up to £5 above the new NLW), and the own-wage em-
loyment elasticity for a set of different demographic groups over which regression eq. (10) is estimated.
he frequency distribution of wages for each demographic subgroup is normalized to the pretreatment em-
loyment rate of that subgroup. Estimates are averaged over the four minimum wage increases from 2015
2019. Columns 1, 3, and 5 report our central estimates; cols. 2, 4, and 6 report bootstrapped standard

errors. See sec. III.B for further details on these statistics. Panel A reports baseline estimates from fig. 3.
Panel B shows heterogeneity by gender, and panel C shows that by age group.
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women (20.47%; standard error, 0.23%). The negative effect for women is
just statistically significant at the 95% level. Results by different age groups
among the ≥25 population are shown in panel C of table 2. Estimated effects
on employment for 35–54- and 55–64-year-olds are small and not statistically
significant. Effects are somewhat more negative but highly imprecisely esti-
mated for 25–34-year-olds.

V. Effects on the Household Income Distribution:
Methodology and Data

A. From Hourly Wages to Household Income

The role ofminimumwage policy in tackling poverty or inequality in living
standards, as opposed to just individual labor market outcomes, is a central
policy question yet a difficult one to answer (Dube 2019b). The relationship
between changes inwages and changes in the household incomedistribution is
complicated by a range of factors, including hours of work, incomes of other
household members, and interactions with the tax and benefit system. Hours
of work determine how a change in wages will translate into a change in earn-
ings, although the relationship is complicated by the fact that minimumwage
increasesmay itself cause changes in hours worked and in the likelihood of re-
maining employed.Moreover, the impact of theminimumwage on the house-
hold income distribution is sensitive towhom individuals affected by themin-
imum wage live with, for two reasons. First, households with more affected
earners will be more affected by changes to wages than households with only
one. Second, the net incomes of all household members, including earnings
after tax, benefits, and investment income, will partly determine where af-
fected earners rank in the household income distribution.
The United Kingdom has an individually assessed system of income and

earnings taxation and a system of cash transfers that is—for those of work-
ing age—overwhelmingly means-tested against family-level income and fi-
nancial assets. This includes an extensive system of in-work butmeans-tested
transfers, mostly through tax credits that, in the United Kingdom, are really
just cash transfers by another name. While the United Kingdom has by no
means the most generous set of transfer entitlements in the developed world,
the safety net is considerably more comprehensive than in the United States,
where the distributional impacts of minimum wages on net incomes have
been studied previously (Dube 2019b). This context is important for the anal-
ysis that will follow: many of those minimum wage workers who have low
household incomes are in receipt of income-related transfers, which get re-
duced when earnings increase; conversely, taxes rise when earnings increase.
Thus, the tax and benefit system shapes the impact of the NLWon household
incomes; an increase in earnings caused by an NLW increase will not all feed
into household income, as taxes and the withdrawal of benefits reduce the
pass-through. Similarly, a decrease in earnings caused by any disemployment
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effects will be partially mitigated by tax decreases and benefit increases. Fig-
ure A4 shows the median marginal tax rate for low-wage workers in each
household income decile (defined among households with at least one 25–
64-year-old). Those in the lower net household income deciles, which contain
high proportions of low-wage earners, have higher marginal tax rates due to
withdrawal of means-tested benefits. Therefore, any given wage increase for
workers in those deciles will, on average, result in lower income increases than
for workers in higher net household income deciles.
Another important factor determining the distributional consequences of

theNLW is the mapping from the individual wage distribution to the house-
hold income distribution, which is influenced by hours of work, the incomes
of other household members, and the tax and benefit system. We illustrate
this relationship in figure A5. This figure shows, for each individual wage
decile, the proportion of workers living in each household income decile (de-
fined among households with at least one 25–64-year-old). While the highest-
wage earners are very likely to have high household incomes, with more than
90%being in the top three household income deciles, the lowest decile ofwage
earners are spread across most of the household income distribution, with ap-
proximately 35% lying in the bottom third and more than 50% in the middle
40%of the distribution. However, if we restrict the sample to working house-
holds, a majority of the lowest decile of wage earners lie in the bottom 30% of
the household income distribution (see fig. A6).13

Previous studies have often used simulation approaches in order to esti-
mate the impacts of minimum wage increases on household incomes (Sabia
and Burkhauser 2010; Brewer and Agostini 2017). The typical approach is
to take household survey data collected shortly prior to a minimum wage
hike and to simulate an increase in some workers’ earnings based on the as-
sumption that those with a wage below the newminimumwill see their wage
rise to that level. Because theseworkers are observed together with the rest of
their household and their income sources, this allows for a simulation of the
effects by household income. Often a tax-benefit microsimulation tool is
used to account for interactions between earnings and the tax and transfer
system, arriving at a more accurate estimate of impacts on net (i.e., after taxes
and transfers) income. This is particularly important in institutional settings,
where income-related transfers, especially those for working households, are
widespread, as in the United Kingdom.
Microsimulation has advantages, such as the ability to explicitly decom-

pose the impacts on net household incomes or to explore alternative scenar-
ios by changing the inputs to the simulation. For example, one can isolate
the impact of the existing tax-transfer system or simulate the effect under
an alternative one. That could be particularly useful in addressing external
13 Working households are defined as households with at least one member with
positive earnings from employment.
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validity concerns, for example when trying to understand the implications
of results in one country for another or how a potential reform to taxes or
transfers would interact with the impacts of minimum wages. A reduced-
form empirical approach that tried to directly estimate the impacts of min-
imum wages on household incomes could not do this.
However, the simulation approaches used thus far have three main limita-

tions (Dube 2019b). First, theymust make an assumption about the impact of
theminimumwage on employment and hoursworked. Typically the assump-
tion is that there is no effect. A notable exception is Sabia and Burkhauser
(2010), who refine this aspect by importing an out-of-sample employment
elasticity from previous literature. Whether an out-of-sample elasticity is ap-
propriate in the setting where one is simulating a minimum wage increase for
is, of course, an open question. Second, simulation approachesmust alsomake
an assumption about wage spillovers above the new minimum and noncom-
pliance below it. Again, usually the assumption is that there are none of either.
Third, measurement error in hourly wages (or in other sources of household
income), which is common in the household survey data onwhich these stud-
ies typically rely, can weaken the measured relationship between a worker’s
hourly wage and household income. This will tend to attenuate any distribu-
tional impact of minimum wages by household income.
The first two of these limitations are similar: essentially, simulation ap-

proaches have captured only the mechanical effects of minimum wage in-
creases or have had to introduce further assumptions to try to capture non-
mechanical effects. We can address these limitations by taking advantage of
one key—yet previously unexploited—feature of the frequency distribu-
tion approach. Specifically, we can use estimates of the impact of the min-
imum wage on the whole frequency distribution of wages to simulate non-
mechanical effects on employment and wages. In combination with a
careful strategy for addressing measurement error in hourly wages (de-
scribed in app. E), this means we can address all of the traditional limitations
of simulation-based approaches while retaining their advantages.
The basic stepswe take are the following: (i) we take detailed survey data on

households’ income from before the introduction of theNLW; (ii) we impute
hourly wages in the data to account for measurement error; (iii) we change
some workers’ status to unemployed, reflecting the disemployment effects
of the NLW that we estimate with our frequency distribution approach;
(iv) using the same estimates,we change hourlywages to account for estimated
wage effects of the NLW; and (v) we use a tax-benefit microsimulator to cal-
culate net household incomes. We describe these steps in more detail below.14
14 A different approach in the spirit of Dube (2019b) would directly assess the
impact of the minimum wage on household incomes by comparing households
in high- and low-paid regions. We do not do this for two reasons. First, the data
we use on household incomes are too small a sample to allow us to split them into
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B. Data and Sample Construction

Our main data source is the FRS, an annual cross-sectional survey of
around 20,000 households that forms the basis of the United Kingdom’s offi-
cial household income statistics and contains detailed information on house-
hold characteristics and incomes.We use FRS data fromOctober 2014 to Sep-
tember 2015 and uprate financial variables (principally earnings and rent) to
2016 prices.15 The national minimum wage was constant over that period, at
the same level observed in the 2015 ASHE data used as the baseline year in
our frequency distribution estimates. We use only households with at least
one person aged 25–64, leaving us with 13,463 households.

C. Addressing Measurement Error in Hourly Wages

For most employees in the FRS, we observe weekly or monthly earnings
and weekly hours of work. One can compute a derived hourly wage by sim-
ply dividing one by the other. As is well known, the distribution of derived
hourly wages in survey data often contains an implausibly large number of
low values and few workers at precisely the minimum wage, just as one
would expect if there is measurement error in the derived hourly wage (Skin-
ner et al. 2002). Figure E1 reports the hourly wage distribution in the FRS
(October 2014 to September 2015) and ASHE (April 2015). A comparison
of the two distributions highlights the presence of measurement error in
the FRS. In appendix E, we provide a detailed discussion of the challenges
that measurement error in hourly wages poses for our simulation and the ap-
proach we adopt to correct for it.

D. Simulating Impacts on Household Income

Imputing employment effects.—Our central estimates from the frequency
distribution analysis implied a small, although not statistically significant,
disemployment effect. To simulate the effect of this, we randomly select
the applicable fraction of workers who earn at or below the new minimum
wage and set their earnings to zero. This assumes that a worker who would
have earned just £0.01 less than the new minimum wage is as likely to lose
their job as aworkerwhowould have been on the prereformminimumwage.
fine geographic areas. Second, even if we had access to a larger sample, our ap-
proach has some distinctive merits relative to the direct approach. In practice, a
large number of factors affect benefit entitlements and thus household incomes.
Since minimum wages will have only a relatively small impact on most households’
income, small changes in the tax code could bias the estimates substantially. Differ-
ential trends across areas in family composition or housing costs could have large
effects on household income estimates while having a limited impact on our labor
market estimates.

15 To be consistent with the frequency distribution analysis, we use t2016 from the
specification in n. 6 to uprate earnings. For other financial variables we use official
price indices, such as average rents.



Impacts of Nationwide Minimum Wage Changes S323
We test the sensitivity of our results to instead randomly selecting only from
the workers who would have earned no more than the previous minimum
wage. The results are essentially unchanged when we do this.
Imputing wage effects.—Having simulated employment effects, we then

simulate wage changes to account for the mechanical effect of the NLW
(bringing those who earn below the NLW to the new minimum) and spill-
over effects (causing some wages to increase beyond the NLW). The first
step is to calculate the postpolicy cumulative distribution function of wages
that is induced by theNLW. This distribution followsmathematically from
the baseline FRS distribution of wages (after adjusting for measurement er-
ror) and the frequency distribution estimates from the estimation of em-
ployment and wage effects.16 We call this the “target” distribution. We then
modify the wages of workers in our sample to conform to this target distri-
bution. To do this we make a no-reranking assumption, meaning that we
assume the NLW does not cause a worker who would otherwise have
had awage strictly lower than another worker to end upwith awage strictly
higher than her’s. Hence, given their baseline wage rank, we simply change
each worker’s wage to be equal to the wage level at that same rank in the
target distribution.
Calculating net household incomes.—The above-described steps simulate

the impact of the minimum wage on individuals’ employment status and
wages in a household survey dataset. One can then use tax-transfer
microsimulation to account for the knock-on effects of earnings changes
on taxes paid and transfers received, accounting for all of the relevant demo-
graphic and economic characteristics of the household. We do this using
TAXBEN, the IFS tax-benefit microsimulator, which is the most detailed
microsimulation model of the UK tax-transfer system (Waters 2017). We
use the parameters of the 2016–17 system, as we are simulating the impacts
of the NLW reforms between 2015 and 2019.
Not all households claim the means-tested transfers that they are entitled

to. A simulation that took no account of that would overstate the interac-
tions between minimum wages and the transfer system. Therefore, if a
household did not report receiving a benefit in the survey even though they
16 For this exercise we require absolute, rather than relative, estimates of the ef-
fect of the NLW on each wage bin. To get this, we multiply our estimates of af from
regression eq. (10) by the ratio of the overall absolute employment effect to the
overall relative employment effect. See “Calculating the employment elasticity”
in sec. III.B for details on how we retrieve the absolute employment effect. This
is equivalent to assuming that the shape of the effect of the NLW (but not the mag-
nitude) is the same across high- and low-wage regions. In addition, we assume that
within each £0.25 wage bin the distribution of wages stays the same, except for the
bin that spans the range between the NLW and the NLW plus £0.25. We base the
distribution of the latter on the observed hourly wages in the bin around the Oc-
tober 2014 minimum wage in the base data.
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appear to have been entitled based on their characteristics, we assume that
they continue not to take up that benefit in our simulation.17 In a relatively
small number of cases, households gain entitlement to a transfer as a result
of the simulated impacts of the minimum wage on labor market outcomes.
In those cases we cannot use reported take-up as a guide. Instead, we obtain
a predicted probability of take-up based on parameter estimates from a lo-
gistic regression of take-up status on entitlement amount, work status, fam-
ily type, and age.18 We then randomly assign take-up using that household-
specific probability.19

A household consists of all peoplewho occupy a housing unit regardless of
relationship. We show how results differ if we take the income-sharing unit
to be narrower than the whole household. Specifically, we replicate our anal-
ysis using what is sometimes known in the United Kingdom as a “benefit
unit” (or more commonly in the United States, a “tax unit”), which is an in-
dividual, any cohabiting or married partner, and any children.We define this
alternative income sharing unit as “family.”Under this definition, for exam-
ple, students living together would not be assumed to share income, and nei-
ther would an adult living with their parents. Brewer and Agostini (2017)
show that the distributional impact of minimum wages can differ somewhat
depending on what the income sharing unit is assumed to be.

VI. Effects on the Household Income Distribution: Results

We now turn to the effects of the NLW on household incomes. We sim-
ulate the impact on net household incomes of the employment and wage ef-
fects of a £1 increase in the NLW, based on the employment and wage ef-
fects estimated from our baseline frequency distribution specification for
those aged 25–64 shown in figure 3.20

Figure 4 shows the simulated distributional effect of the NLW across the
household income distribution. We focus on households containing some-
one aged 25 to 64 and partition those households into deciles of income.21
17 The exception is that we assume full take-up of child benefits, since child ben-
efit take-up rates are more than 95%.

18 We classify families by four categories: couples and singles, with and without
children.

19 A caveat is that self-reported take-up in survey data tends to imply lower over-
all benefit spending than administrative records. In recent years, about 18% of all
benefit spending is estimated to be missing in the FRS data (Corlett 2021). As a ro-
bustness check, we also ran the analysis under the assumption of full take-up. The
key conclusions are unchanged.

20 The FRS data we use cover the period when the NMWwas £6.50. We simulate
an increase to £7.50.

21 We assign households to income deciles based on their household equivalized
income, using the Organization for Economic Cooperation and Development
(OECD)–modified equivalence scale, before the introduction of the NLW. We
compute changes in household incomes, with the household as the unit of analysis.
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The bars separately show the effect on net income (income after taxes and
benefits) and net tax payments (taxes minus benefits). The two together sum
to the effect on gross household earnings. The line plotted on the right-hand
axis shows the proportional impact on net income. The graph also shows the
average level and proportional impacts across all households in the sample
(rightward-most estimates).
On average, a £1 NLW increase raises net household incomes across

households with someone aged between 25 and 64 by 0.31%. Around a
third of the increase in pretax earnings is offset by reduced income-related
benefits or higher taxes. Those clawbacks are even higher, reaching almost
half of the total increase in pretax earnings, in the second and third income
deciles, where many workers’ households are receiving means-tested bene-
fits, which are quite rapidlywithdrawn as earnings increase.22 This limits the
FIG. 4.—Impact of the minimum wage on household incomes: decomposition
by income source. The graph reports the simulated distributional effect of a £1 in-
crease in the NLW on household income. The vertical bars separately show the
cash effect on net income (income after taxes and benefits in dark gray) and net
tax payments (taxes minus benefits in light gray). The two together sum to the cash
effect on gross household earnings (left axis). The line plotted on the right axis
shows the proportional impact on net income. The graph also shows the average
level and proportional impacts across all households in the sample (most rightward
bar and cross, respectively). The sample includes households with at least one per-
son aged 25–64. Households are ranked on the basis of pre-NLW income in this
sample. Income is equivalized and net of taxes and benefits.
22 The bottom decile includes a significant number of households that are not in
receipt of benefits—perhaps because they are not entitled by virtue of having
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effect of the NLW on poorer households’ income. The proportional effect
of the NLW is broadly flat across the bottom half or so of the distribution.
Effects taper off fairly quickly as wemove above the middle of the distribu-
tion, but it is worth noting that even in the eighth decile the proportional
effect is still about half of that seen in the second.
A few basic numbers from the simulation underlying figure 4 help to il-

lustrate the key mechanisms at work and to explain the scale of effects. The
average increase in earnings among existing minimum wage workers is
£30.68 per week, not accounting for spillovers or disemployment effects.
After accounting for taxes and reductions in means-tested benefits, this
leads to an increase in net household income of £21.60 per week. Average
household income amongminimumwage workers is £585 per week, mean-
ing that the increase in income resulting from theminimumwage is 3.7%on
average. But only 3% of working-age households contain a minimumwage
worker. Even in the third and fourth deciles, whereminimumwageworkers
are most common, only 5% of households have a minimum wage worker.
This explains the much more modest effects on household incomes when
averaged across the population, illustrated in figure 4.
Part of the reason that the impact of theNLW is somewhat muted among

poorer households is that many do not have anyone in work and so cannot
gain from the NLW increase. If one looks only at working households—
whichmay be the more relevant population for policymakers thinking spe-
cifically about minimum wage policy, especially if employment effects of
the minimum wage are small—then a more progressive picture emerges.
Among working households, 4% have a minimumwage worker. The high-
est concentration of minimum wage workers is in the lowest decile, where
the number rises to 8.5%. As can be seen in figure 5, the poorest 30% of
working households each see proportional gains of around 1%.Effects then
steadily decline as one moves further up the distribution.
One of the arguments for the NLW applying only to workers aged 25

and over was that it would be better targeted to minimum wage workers
in poor households. Indeed, a teenager paid the minimum is more likely
to be in a richer household than an older worker also paid at the minimum.
We inspect this argument by running a mechanical simulation in which we
raise the wages of all employees aged 16–64 up to the NLW and compare it
to the same mechanical simulation for those 25–64. The results reported in
figure A7 show that the gains in income in the 16–64 scenario are almost
twice as large as in the 25–64 one, as one would expect. In addition, it does
seem that the 16–64 scenario is less progressive than the 25–64 one. For ex-
ample, the gains to the second and third deciles are around 70% to 75%
significant assets or because they are not claiming benefits they are entitled to. This
means that they see relatively less of the NLW gross earnings gain clawed back via
lower benefits when their earnings increase.
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higher, whereas gains in the middle are 100% higher and gains for the ninth
and tenth deciles are more than 200% higher. The 25-year-old age restric-
tion thus seems to improve the distributional targeting of the policy.
Thus far we have been analyzing effects at the household level. An alter-

native approach is to assume that families or benefit units are the unit of
income sharing and analyze effects at the family level, as discussed in sec-
tion V.D. Thismatters because 35%of familieswith aminimumwageworker
live in a household with another family. Among this group, on average the
minimumwage family accounts for 52%of the household income. FigureA8
shows the average effect ofNLW increases on family incomes (among all fam-
ilies, not just those in work). In cash terms, the patterns are weaker than those
seen at the household level infigure 4.However, the proportional effect is sub-
stantially more progressive. This reflects the fact that the lowest-income fam-
ilies have considerably less income than the lowest-income households on
average.
FIG. 5.—Impact of the minimumwage on household incomes of working house-
holds: decomposition by income source. The graph reports the simulated distribu-
tional effect of a £1 increase in the NLW on household income. The vertical bars
separately show the cash effect on net income (income after taxes and benefits in
dark gray) and net tax payments (taxes minus benefits in light gray). The two to-
gether sum to the cash effect on gross household earnings (left axis). The line plot-
ted on the right axis shows the proportional impact on net income. The graph also
shows the average level and proportional impacts across all households in the sam-
ple (most rightward bar and cross, respectively). The sample includes households
with at least one person aged 25–64 and at least one person who is in work prior
to the introduction of the NLW. Households are ranked on the basis of pre-
NLW income in this sample. Income is equivalized and net of taxes and benefits.
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One advantage of our simulation approach is that we are able to decompose
the total effect on incomes into different components. Figure 6 builds up to
the overall effect seen in figure 4 in several stages. We begin with the me-
chanical effect: the impact on incomes from simply increasing wages for
those paid under the NLW up to the NLW level (this is what is typically
done in extant simulation exercises). To do this, we essentially apply the
procedure described in section V.D, except rather than using our estimated
impacts on employment in each wage bin, we simply move those observed
earning under the NLW up to the NLW. To incorporate spillovers—but
not disemployment effects—we impute a postpolicy frequency distribution
of wages based on the prepolicy distribution and the parameter estimates
from section IV.However, wemake a simple adjustment to those parameter
estimates to purge themof the implied disemployment effects and isolate only
the marginal effect of the spillovers. Namely, we add the estimated number
of displaced workers back into the wage bin that starts at the level of the
postpolicy NLW. This number is found by summing over all employment
FIG. 6.—Impact of the minimum wage on household incomes: decomposition
y source of response. The graph reports the simulated distributional effect of a
1 increase in the NLW on household income by source of response. The mechan-
al change is the result of increasing wages of those previously earning below the
LW to the NLW. The mechanical plus spillovers effect accounts for changes in
e wage distribution as a result of the NLW, stripping out disemployment effects.
he total change incorporates the full set of effects as estimated infigure 3, that is, the
echanical effect, spillovers, and disemployment effects. The graph also shows
roportional impacts across all households in the sample (rightward-most crosses).
he sample includes households with at least one person aged 25–64. Households
re ranked on the basis of pre-NLW income in this sample. Income is equivalized
nd net of taxes and benefits.
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changes up to £5 above the NLW. We then incorporate the disemployment
effect to recover the total estimated effect shown in figure 4.
The spillovers are estimated to have a large effect, approximately half of

the direct mechanical change in most deciles. Spillover effects are larger in
the bottom six deciles of the distribution, reflecting the fact that workers
benefiting from spillover are mostly located in those deciles and higher-
wage earners tend to be in higher-income households. This amplifies the
distributional effect formiddle-income households. The disemployment ef-
fects have reasonably similar effects across the distribution, although they
are slightly bigger toward the bottom, where more workers are directly af-
fected by the NLW and so are at risk of job loss.
Comparison with evidence on impacts on household income in the United

States.—A comparison of the distributional impacts of minimum wages in
the United States and the United Kingdom reveals that minimumwage pol-
icies have a much more progressive impact in the United States than in
the United Kingdom. Our evidence for the United Kingdom indicates that
the most significant gains from minimum wage increases go to the middle
of the working-age household income distribution, certainly in cash and to
some extent in percentage terms (fig. 4). This is different from what has been
found for the United States. Using US Current Population Survey data from
1984 to 2013, Dube (2019b) documents substantial and statistically signifi-
cant positive effects of minimumwage increases on family income after taxes
and transfers for percentiles between the seventh and twentieth, declining
sharply to around zero by the thirty-fifth percentile.23 In appendix F,we pro-
vide some context on minimum wage workers and their location in the
household income distribution in the two countries, which can help explain
these differences. We summarize the evidence here and refer the reader to
appendix F for more details.
A first reason for the observed differences is that in the United Kingdom,

minimumwageworkers tend to be concentrated in themiddle of the house-
hold income distribution, while in theUnited States, they are predominantly
located toward the bottom of the distribution (fig. F1). This seems to be ex-
plained by the fact that because of transfers and other sources of household in-
come, there is less of a correspondence betweenhousehold earnings andhouse-
hold income in the United Kingdom than in the United States (fig. F2).24 A
second reason for the discrepancy is that in theUnitedKingdom (but not the
United States), minimum wage workers at the bottom of the income distri-
bution are less likely to gain from minimum wage increases because they
work fewer hours (fig. F3) and face higher marginal tax rates (fig. F4) than
23 See figs. 5 and 6 in Dube (2019b).
24 Conversely, it does not seem to be the case that minimum wage workers are

more likely to live with someone with higher hourly wages in the United Kingdom
than in the United States.
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those higher up the incomedistribution. Finally, individuals at the bottomof
the income distribution in theUnitedKingdom get less of their income from
work (fig. F5); a much higher share of their total earnings comes from self-
employment, which is not covered by the minimum wage (fig. F6).
VII. Conclusion

We have examined the effects that the introduction of the United King-
dom’s NLW has had on wages, employment, and household income, cov-
ering the period between the introduction of the NLW and the last
prepandemic uprating—that is, 2015–19. To do this, we have developed a
new approach to estimating the effects of a minimum wage on wages and
employment. We have built on the frequency distribution approach pio-
neered by Harasztosi and Lindner (2019) and Cengiz et al. (2019) and ap-
plied it to a context where there is no within-country variation in minimum
wage policy by exploiting wage differences between different parts of the
country.We estimate the impacts of theNLWon the number of jobs within
each wage bin, meaning that we jointly capture both employment and wage
effects in a single, internally consistent framework.
In addition, the estimates of the effects of a higher minimumwage on em-

ployment and wages, combined with a tax and benefit microsimulation model
and household survey data, allow us to study the impacts of the NLW on the
distribution of household income.Our approach enables us to account for not
only employment and spillover effects onto those with higher wages but also
the interactions between wages, taxes paid, and benefits and tax credits re-
ceived. We can identify the relative importance of each of these mechanisms
in terms of the effect of the minimum wage on household incomes.
We find that the NLW and its increases up to 2019 had substantial effects

on wages toward the bottom of the wage distribution. Averaging across the
four increases of the minimum wage for those aged ≥25 that we consider
(i.e., in April of 2016, 2017, 2018, and 2019), we estimate that each increase
caused a reduction in the number of people paid below the new NLW of a
magnitude equivalent to around 5.4% of employees. We find statistically
significant increases in the number of jobs not only at the new NLW but
also up to around £2 per hour above it (approximately the twentieth percen-
tile of hourly wages)—indicating spillover effects on the wages of some em-
ployees above the minimum.
Our central estimate of the impact of these minimum wage increases on

employment is negative but small and not statistically significant. Averaging
across each of the four increases, we estimate that each increase reduced em-
ployment by 0.1% of the prepolicy workforce in lower-wage regions rela-
tive to high-wage regions, with a 95% confidence interval spanning20.5%
to 10.2%. Hence, we can rule out large effects with high confidence. The
finding of small, negative, and statistically insignificant employment effects
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is consistent across alternative specifications. There is some evidence of
more negative impacts on employment of women than men. Those under
25 years old were also affected, with large positive spillover effects onto
their wages.
Looking at the effects of the minimum wage increases on household in-

comes, we find that the biggest cash gains go to the middle of the working-
age household income distribution. In proportional terms, a roughly similar
effect is felt in the bottom half of the distribution, with impacts fading out in
the top half. If we look only at households working before the introduc-
tion of the NLW, however, both the cash and the proportional impacts
are more progressive, with the largest proportional increases at the bottom
and steadily declining effects above that. Our results also quantify the dis-
tributional impacts from spillovers and disemployment effects. We show
that such effects—especially spillovers—play an important role in shaping
the distributional implications of the minimum wage.
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