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ABSTRACT
The Annual Survey of Hours and Earnings (ASHE) is based on an annual 1% sample of employee jobs and provides many of the
UK’s official earnings statistics. These statistics are produced using official weights designed to make the achieved sample in each
year representative of the population of employee jobs in Britain by gender, age, occupation and region.However, we show that jobs
in small, young, private-sector organisations remain significantly under-represented after applying these weights. To address this
issue, we develop new weights and demonstrate their importance through policy-relevant examples. Our new estimates suggest
that the bite of the National Living Wage is greater than previously reported, and the gender pay gap is wider. We conclude that
a new official review of the methodology for ASHE is merited to improve the accuracy and reliability of data informing earnings
analysis and research in the United Kingdom.
JEL Classification: C81, C83, J31

1 Introduction

The Annual Survey of Hours and Earnings (ASHE), conducted
by the UK Office for National Statistics (ONS), is an important
source of official statistics on earnings and working hours in
the UK labour market (see, e.g., ONS 2023a, 2023b, 2024b).
ASHE is also widely used to inform policymaking and policy
evaluation across government. It is used inter alia by the Low
Pay Commission (LPC) to monitor the impact of the minimum
wage, by the Office for Equality and Opportunity to monitor
relative pay levels for employees with protected characteristics,
and by the Office for the Pay Review Bodies to inform public-
sector pay settlements. The ASHE dataset is also an important
resource for academic research into the UK labour market (e.g.,
Stokes et al. 2017; Jewell et al. 2020; Forth, Singleton et al. 2025).
The issued sample for ASHE comprises a 1% simple random

sample of employee jobs, drawn from tax and social security
records. Information on each sampled employee’s earnings and
hours is provided by their employer, who is statutorily required to
respond. Nevertheless, the annual yield from the issued sample is
typically around two-thirds.

ASHE was introduced in 2004 to replace the New Earnings
Survey (NES) after an official review identified that the NES
was unrepresentative of the population of employee jobs (ONS
2002; Bird 2004). Although ASHE shares many common features
with the NES, a key innovation was the introduction of cross-
sectional survey weights, which adjust the profile of the achieved
sample so that it is representative of the population of employee
jobs in terms of gender, age, occupation and region. However,
the absence of any employer characteristics from the weighting
scheme raises the possibility that the achieved sample may have
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residual biases, causing it to over- or under-represent jobs from
particular types of employers. We link data from ASHE to the
UK’s official business register to investigate this issue. We find
that jobs in smaller organisations, younger organisations and
those in the private sector are under-represented in the annual
samples from ASHE relative to their prevalence in the wider
economy, even after applying the official ASHE weights. To
address this, we use a raking approach (Deville et al. 1993) to
derive new cross-sectional weights that take account of these
observed biases.

We use these new cross-sectional weights to re-estimate two
important and highly policy-relevant sets of earnings statistics
for the United Kingdom. First, we re-estimate the coverage rate
and bite of the National Minimum Wage (NMW) and National
Living Wage (NLW). ASHE is the main data source used by the
ONS and the LPC to estimate the incidence of low pay, making
it a vital component in decision-making over the future level of
the minimum wage and broader policies aimed at supporting
living standards. We find that the percentage of jobs paid at or
below the NLW is under-estimated by around one-fifth if the
cross-sectional response biases that we identify in ASHE are not
accounted for. The bite of the NLW is also under-estimated, such
that the government’s targets for this measure have been reached
more quickly than previously thought. Second, we re-estimate
the size of the gender pay gap (GPG). ASHE is not only used
by ONS to report national statistics on the UK GPG but also by
Eurostat and others for cross-country comparisons, such as in
the World Economic Forum’s annual Gender Gap Report (e.g.,
Pal et al. 2024). Our findings suggest that the UK GPG has been
consistently under-estimated over the last 20 years, by a small but
noteworthy margin of around one percentage point.

Our findings contribute to the literature on rates and patterns
of low pay and gender pay inequality in the United Kingdom
(e.g., Dickens et al. 2015; Aitken et al. 2019; Low Pay Commission
2022; Giupponi et al. 2024; Jewell et al. 2020; Jones and Kaya
2023). They also contribute to a broader literature on the nature,
detection and removal of non-response biases in business surveys
(e.g., Willimack et al. 2002; Willimack and Snijkers 2013). More
broadly, our findings contribute to concerns about the quality
of UK labour market statistics (Giles 2023; Office for Statistics
Regulation 2023, 2024) and indicate that a new official review
of the methodology for ASHE is merited to improve the quality
of data informing earnings analysis and research in the United
Kingdom.

2 Background

When introduced in 2004, ASHE used the same sampling frame
as the NES and collected many of the same data items. However,
key elements of the survey methodology were changed in line
with recommendations made in the National Statistics Quality
Review of the Distribution of Earnings Statistics (ONS 2002).
The review identified that statistics generated from the NES
were likely to be biased because the survey missed significant
numbers of employees that changed job during the 3 months
that typically elapsed between sample selection in January and
the survey reference date in April. Additionally, responses to
the NES were not weighted to the population of employee jobs.

The revised sample design and weighting approach developed
for ASHE aimed to address both these issues, with the explicit
aim of making ASHE the definitive source on the distribution of
earnings in the United Kingdom (see Bird 2004; Pont 2007).

2.1 ASHE Sample Design

The target population for ASHE is all employee jobs in the
United Kingdom, across all industries and occupations. The
sample for the survey is drawn from the UK’s official Pay-As-You-
Earn (PAYE) register. PAYE is the system used by HM Revenue
and Customs (HMRC) to collect income tax and social security
contributions for employee jobs. Employers are legally required
to operate PAYE if the earnings of any of their employees reach
theNational Insurance (NI) Lower Earnings Limit (£123 perweek
in 2023/24). They must then report payments and deductions
for all their employees to HMRC on or before each payday.
The PAYE register, therefore, provides a comprehensive and up-
to-date record of employee jobs in the United Kingdom. A 1%
sample of jobs is drawn from the register by selecting all PAYE-
registered jobs held by employees with an NI number ending in
two particular digits. If a sample member holds multiple jobs, all
are selected.

An initial sample of jobs is selected in January of each year. A
second extract is then taken in April to identify instances where a
sample member has started a new job or changed employer since
the initial sample was drawn. The issued sample may then be
considered a 1% random sample of all employee jobs in existence
in the first quarter of the survey year. The sample design also
means that individuals with eligible NI numbers are selected
into the annual issued sample each year that they are in PAYE
employment.

The survey itself is completed by employers. To obtain their con-
tact details, the sample drawn from the PAYE register is matched
against the ONS Inter-Departmental Business Register (IDBR).
Survey questionnaires are typically dispatched to employers in
the second half of April and ask for information on the paid
working hours and earnings of the sampled employee job, for
the pay period that includes a specific reference date (typically
the second or third Wednesday of April). A specific date is
chosen so that all respondents refer to the same point in time
in a given survey year. Some larger organisations have a Special
Arrangement (SA) in place with the ONS to provide their data
electronically; these employers have internal systems that extract
and return information on all relevant employees as of the survey
reference date.

Employers are generally asked to return their data within 1 or
2 months. Reminders follow a set timetable each year: three
reminders are sent to employerswho respond via SAs (in June and
July), and one reminder is sent to all other employers (in June).

Fieldwork for ASHE is conducted for Great Britain by ONS
and for Northern Ireland by the Northern Ireland Statistics and
Research Agency (NISRA). Although some official estimates
produced from the survey data cover the United Kingdom (e.g.,
ONS 2023a, 2023b, 2024b), the research-ready dataset made
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FIGURE 1 ASHE yield (estimated), by year. Base: All employee jobs in Great Britain. Yield estimated by dividing the number of observations in
the ASHE research dataset for Great Britain into the estimated total number of employee jobs for Great Britain in the March quarter of each year. Yield
is lower in 2007 and 2008 due to cost-saving measures that induced a temporary 20% reduction in the size of the issued sample (ONS 2007). Underlying
values provided in Table S1.

available to us (ONS 2024a) only covers Great Britain, and so all
subsequent discussion in this article refers to Great Britain only.

2.2 Response Rate andWeighting Scheme

The target population forASHE inGreat Britain rose fromaround
24.1 million jobs in 1997 to around 31.4 million in 2023. As noted
above, ASHE is based on an issued sample comprising 1% of
these jobs. Completion of ASHE ismandatory under the Statistics
of Trade Act 1947, but not all sampled businesses respond.
Analysis of 2004 data by Pont (2007) found that ‘good data’ were
collected for 68% of the issued sample (noting that some returned
questionnaires related to individuals exempt from the survey, and
that some questionnaires were not useable due to insufficient
quality). An ONS review of ASHE in 2010 indicated that the
anticipated yield for ASHE (based on the latest survey at the time)
stood at 63% of employee jobs (ONS 2010). Our own calculations
show that the yield in Great Britain averaged around 63% across
the period from 1997 to 2019 (Figure 1); it has averaged only 46%
since the onset of the COVID pandemic.

There are limits to the time and resources available to pursue
employers to return questionnaires. Pont (2007) reported on the
results of two intensive follow-up exercises run in 2003 and 2004.
Although these exercises managed to yield additional responses,
they also revealed that additional chasing is insufficient to
persuade a ‘hardcore’ of employers to respond (Pont 2007, 723). To
our knowledge, there are no published figures on the number of
employers prosecuted for not responding to ASHE. Information
on the completion of ONS business surveys more generally
indicates that the ONS Enforcement Unit deals with thousands of
cases of non-completion per year, but few of these reach court or
result in prosecution. The stated aim of ONS is to encourage and
assist employers to comply, rather than penalise, where possible
(ONS 2015).

ONS do not release information on the fieldwork outcomes for
individual sample members. However, they derive weights to
make the achieved sample cross-sectionally representative and
provide these to researchers with the core ASHE dataset. There
are two stages in constructing these weights (ONS 2018). In
the first stage, individual cases are assigned a design weight
(DWEIGHT) based on whether they belong to: (i) the original
questionnaire despatch; (ii) the group that moves jobs between
sample selection and questionnaire despatch; (iii) the group
that joins the workforce after the original sample selection or
(iv) the group with SAs for response (where employers respond
electronically). In the second stage, the design-weighted sample
is post-stratified to population estimates taken from the UK
Labour Force Survey (LFS) across 108 post-strata, based on the
cross-classification of

∙ occupation (nine groups)—major groups from the 2010 Stan-
dard Occupational Classification,

∙ age bands (three groups)—16–21, 22–49 and 50 years and over,

∙ sex (two groups)—male and female,

∙ region (two groups)—London and South East, and the rest of
the United Kingdom.

The LFS is itself weighted to mid-year population estimates
derived from the Census and other administrative data sources
(ONS 2024e). Although there have been concerns about the qual-
ity of the LFS, particularly since the COVID pandemic, various
adjustments have been made to the weighting methodology to
ensure that it is as representative as possible (ONS 2020, 2021,
2024f), and these have helped to improve the coherence between
the LFS and other labourmarket indicators (ONS 2025), such that
the LFS remains the best overall source of information on the
profile of employees in the United Kingdom.
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The resulting ASHE weight generated from the two stages
outlined above (variable CALWGHT) allows estimates to be
produced from the ASHE data that are notionally representative
of the population of UK employees. In addition, a low pay weight
(LPCALWGHT) reweights the dataset after excluding employees
whose pay is affected by absence during the survey reference
period (a filter commonly used by the LPC in their analysis of
minimum wage employment).

In the research community, it is widely agreed that surveyweights
should be applied to make samples more representative of the
population when generating descriptive statistics from surveys
that deviate from simple random sampling or are affected by non-
response. However, the use of weights in multivariate analyses is
more contentious. In such cases, the decision to apply weights
must be made on a case-by-case basis, as the potential drawbacks
may sometimes outweigh the benefits (see Solon et al. 2015, for
a detailed discussion). In this study, we focus exclusively on
descriptive population statistics, as most of the official statistics
produced from ASHE fall into this category.

3 Data andMethods

3.1 Assessing the Representativeness of the
Annual ASHE Cross-Sectional Samples

Asnoted earlier, the standardASHEweighting schemedevised by
ONS seeks to ensure that the weighted data are representative of
the employee population by occupation, gender, age and region.
However, as the survey is completed by employers, our further
investigation into the cross-sectional representativeness of the
annual ASHE samples focuses on employer characteristics.

For an initial investigation of whether response rates vary across
employer types, we first examine the population of enterprises
recorded each year in the Business Structure Database (BSD)
(ONS 2024c; Evans and Welpton 2009). The BSD is an annual
snapshot of the IDBR, a comprehensive list of UK enterprises
maintained by theONS and used by the government for statistical
purposes. Employment information on the IDBR is updated
periodically from administrative sources, such as HMRC PAYE
and Value Added Tax (VAT) records, as well as ONS surveys, such
as the annual Business Register and Employment Survey. The
BSD snapshot is extracted in March of each year. The BSD is the
most comprehensive, research-ready dataset on the population of
employee jobs that also provides reliable unit-level information
about the characteristics of the employers providing those jobs.

We use the number of employees recorded for enterprise 𝑗 in
year 𝑡 in the BSD (𝑁𝑗𝑡) to compute the expected probability that
enterprise 𝑗 will appear in the issued sample for ASHE in year 𝑡.
As the issued sample for ASHE comprises a 1% simple random
sample of employee jobs, this probability 𝑦̂𝑗𝑡 can be expressed as
follows (Upward 2007)1:

𝑦̂𝑗𝑡 = 1 − 0.99𝑁𝑗𝑡 (1)

We then use the unique ONS enterprise reference number
(ENTREF), which is present on both BSD and ASHE, to identify
which of the enterprises in each year of the BSD can be linked to

one ormore job records in the corresponding year of ASHE.2 This
allows us to create a binary variable 𝑦𝑗𝑡 , coded as 1 if enterprise 𝑗
in year 𝑡 of the BSD actually appears in the achieved sample for
ASHE in year 𝑡, and 0 otherwise. The rate at which enterprises
respond to ASHE, relative to expectations, can therefore be
expressed as

𝑟𝑗𝑡 =
(
𝑦

𝑦̂

)
𝑗𝑡

(2)

We use ordinary least squares (OLS) to regress this value on a
vector 𝐱𝑗𝑡 of enterprise demographic characteristics (categorical
indicators of enterprise size, workplace region, legal status,
industry and enterprise age) and year fixed effects, 𝛾𝑡:

𝑟𝑗𝑡 = 𝛼 + 𝐱′
𝑗𝑡
𝛽 + 𝛾𝑡 + 𝜀𝑗𝑡 (3)

In this firm-level regression, if the probability that a firm responds
to ASHE is uncorrelated with its demographic characteristics
(after accounting for its probability of selection), then we would
expect that 𝛽 = 0.

As discussed later in Section 4, we reject this null hypothesis
and so construct an adjustment to the ASHE weights that takes
account of residual employer-related response biases within each
year. We construct the weighting adjustment by applying the
standardASHEweights and then undertaking a raking procedure
(Deville et al.1993) to compute a year-specific adjustment factor
(xs_adj𝑖𝑡) for each employee 𝑖 in year 𝑡 of the ASHE. This
adjustment brings the weighted ASHE sample of employees
closer into line with the BSD profile of employees in respect of
a set of specified employer characteristics that are suggested by
the analysis of Equation (3). Raking is a common method of
generating weights, involving an iterative process of adjustments
to obtain weights that align with marginal population totals
across a number of different variables. We use the -svycal,
rake- command within Stata, with control totals obtained from
the BSD, following the approach set out by Valliant and Dever
(2018, 59). This generates a new set of weights:

wxs𝑖𝑡 = weight𝑖𝑡 × xs_adj𝑖𝑡 (4)

where weight𝑖𝑡 is either the standard ASHE cross-sectional
weight (CALWGHT) or the ASHE low pay weight (LPCAL-
WGHT), and wxs𝑖𝑡 is the adjusted version of that weight (named
CSWEIGHT and LPCSWEIGHT, respectively). Each new weight
is then scaled so that

∑
𝑖
wxs𝑖𝑡 =

∑
𝑖
weight𝑖𝑡 within each year.3

Finally, we use these newweights to generate descriptive statistics
on the distribution of gross hourly earnings, comparing our new
estimates with those obtained using the official ONS weighting
scheme. We then provide two policy-relevant examples of the
importance of our adjustments by re-estimating the incidence
of low pay and the scale of the GPG under our new weighting
scheme.

4 British Journal of Industrial Relations, 2025
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4 Results

4.1 Representativeness of Annual ASHE Cross
Sections

Table 1 presents the results of estimating Equation (3) in Section
3.1 using the BSD. Although the amount of variance explained
in this illustrative analysis is low, some patterns of systematic
non-response are apparent in the table, particularly in respect
of employer size and legal status. Relative to expectations, the
response rate among the largest firms is around 50 percentage
points higher than among the smallest firms. And relative to
expectations, it is around 15 percentage points higher among
organisations in central government than among private limited
companies.

Table 2 compares the profile of employment in ASHE with that
observed in the population of enterprises as captured by the BSD.
Estimates are presented for 2023, as a representative example
of the situation throughout the whole series. In contrast to the
statistics in Table 1, this analysis utilises the existing ASHE
weights. This is important as they may reduce any employer-
related response biases in the unweighted sample through any
correlations between employer characteristics and the occu-
pation, gender, age and regional distribution of employment.
Column 1 shows the percentages of employee jobs in each
category as observed in the BSD; column 2 shows the equivalent
percentages in ASHE after applying the standard ASHE weights
(CALWGHT).4 Column 3 shows the differences between the
ASHE weighted estimates and the BSD estimates, which can
be interpreted as a measure of the bias in the ASHE estimates
generated under the standard weighting scheme, assuming that
the estimates generated from the BSD are unbiased. The figures
in Column 3 indicate that employee jobs in larger firms are
over-represented in the ASHE sample, even after applying the
standard ASHE weights. Jobs in private-sector enterprises (espe-
cially companies) and younger enterprises are under-represented,
whereas those in public-sector enterprises and older enterprises
are over-represented.

The rows of Column 4 in Table 2 show the squared value of the
bias for each category of each variable, which is then averaged
over all categories of the variable at the base of each set of values.
This averaged value allows us to estimate the extent of bias across
variables with different numbers of categories; larger values indi-
cate that the profile of ASHE is more biased across that particular
variable. The largest values are seen in respect of workforce size,
legal status and firm age.5 Although there are some differences
between the BSD and ASHE in terms of the distribution of jobs
across region and industry (jobs in education and health and
social work are over-represented inASHE compared to the profile
observed in the BSD, for example), the magnitude of the bias is
relatively small across these dimensions.6

As described in Section 3.1, we use a raking procedure to adjust
the standard ASHE weights, aiming to account for residual
employer-related response biases. It is usually helpful to be
parsimonious in the variables used for this adjustment. While
a greater number of variables (and categories) will reduce any
sample bias, one faces the risk of small cells. Utilising a greater
number of categories (strata) may also increase the variance of

the weighting values, thereby reducing the precision of estimates
generated using the new weighting scheme—also known as the
‘design effect’ (Kish 1965, 1992).

Informed by the analysis presented in Tables 1 and 2, we focus on
three variables for our adjustment: employer size (1–4 employees;
5–49 employees; 50–4999 employees; 5000 or more employees);
legal status (private sector; public sector/non-profit); and firm age
(less than 10 years old; 10–29 years; 30 ormore years).We also trim
theweights following the approach recommended byValliant and
Dever (2018, 157), capping the maximum and minimum weight
values at points equal to the median value of the weight plus or
minus three times the value of the interquartile range (IQR).

Table 3 compares the performance of this new adjusted ASHE
weight (CSWEIGHT) with that of the original weight (CAL-
WGHT). The adjusted weight delivers a reduction in bias
compared to the original ASHEweighting on all dimensions con-
sidered (an average bias of 1.0 across all employer characteristics,
compared with 9.0 for CALWGHT). The Kish (1965, 1992) design
effect, whichmeasures the impact of theweighting scheme on the
variance of estimates generated from the sample, shows that the
adjusted weighting scheme incurs only a small loss of precision
(a design effect of 1.29, compared with 1.15 for CALWGHT).7

To check that our adjusted weight does not inadvertently distort
the weighted profile of ASHE based on employee characteristics
(especially those targeted under the original weighting scheme),
Table S2 compares the ASHE sample profiles under the original
and our adjustedweights for key employee characteristics.We see
that the weighted profiles by employee characteristics are very
similar under both weighting schemes.

Table 4 illustrates the impact of the weighting adjustment
on descriptive statistics for nominal gross hourly earnings for
selected years of ASHE (i.e. 2004, 2013 and 2023, representing the
beginning, middle and end of the current data series). The main
effect of the weighting adjustment is a leftward shift in the hourly
earnings distribution each year. Mean gross hourly earnings are
lower by 17 pence per hour in 2004 (z = 3.87; p < 0.001), 38
pence per hour in 2013 (z = 4.48; p < 0.001) and 44 pence per
hour in 2023 (z = 6.23; p < 0.001).8 The impact is greater in the
upper half of the distribution, and so the IQR becomes narrower
in absolute terms each year under CSWEIGHT, with the effect
of the weighting adjustment being greater in later years. Wage
inequality—measured by the IQR—is therefore lower under the
new weighting scheme, although the impact on the p90:p10
ratio—another measure of inequality—is minimal. The final
columns of Table 4 show the growth in nominal wages across
the whole period (2004–2023). Growth in mean nominal wages
is slightly lower under the new weights but this difference is very
small (70% vs. 69%). The leftward adjustment to the distribution
is thus proportionately similar across years.9

The leftward shift in the wage distribution is primarily caused by
the increased representation of jobs in smaller and younger firms
under the revisedweighting scheme, as these pay less, on average,
than larger and older firms. The increased representation of
private-sector firms also contributes, but to a lesser extent. A shift-
share analysis of the change in the estimated mean wage due to
the revised weighting illustrates this point by showing the impor-
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TABLE 1 Probability that a Business Structure Database (BSD) employer appears in the Annual Survey of Hours and Earnings (ASHE) relative to
expectations, OLS regression results.

Coefficient Significance Std. error

Enterprise size (ref. 1–4 employees)
5–9 0.153 *** 0.002
10–49 0.259 *** 0.002
50–249 0.326 *** 0.003
250–499 0.416 *** 0.004
500–999 0.475 *** 0.005
1000–2499 0.515 *** 0.006
2500–4999 0.529 *** 0.008
5000 plus 0.519 *** 0.011
Workplace region (ref. London)
North East 0.030 *** 0.006
North West −0.009 *** 0.003
Yorkshire and Humberside 0.015 *** 0.004
East Midlands 0.014 *** 0.004
West Midlands −0.001 0.003
South West 0.011 *** 0.003
East −0.038 *** 0.002
South East 0.023 *** 0.003
Wales 0.009 * 0.005
Scotland 0.009 ** 0.004
Legal status (ref. private company)
Sole proprietor 0.065 *** 0.003
Partnership 0.071 *** 0.005
Public corporation 0.084 ** 0.039
Central government body 0.191 *** 0.016
Local authority 0.248 *** 0.028
Non-profit making body 0.124 *** 0.007
Industry (SIC07) (ref. manufacturing)
Agriculture, forestry, fishing −0.069 *** 0.008
Mining and quarrying −0.075 *** 0.020
Electricity, gas −0.111 *** 0.008
Water supply −0.018 * 0.010
Construction −0.031 *** 0.004
Wholesale, retail −0.009 ** 0.004
Transport and storage −0.039 *** 0.004
Accommodation and food −0.055 *** 0.004
Information and communication −0.038 *** 0.004
Financial and insurance 0.026 *** 0.007
Real estate −0.053 *** 0.005
Professional, scientific, technical −0.025 *** 0.004
Admin and support −0.030 *** 0.004
Public administration 0.190 *** 0.046

(Continues)
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TABLE 1 (Continued)

Coefficient Significance Std. error

Education 0.046 *** 0.006
Health and social work 0.069 *** 0.006
Art, entertainment, recreation −0.027 *** 0.006
Other service activities 0.060 *** 0.006
Enterprise age (ref. 1 year or less)
2–4 years −0.010 *** 0.002
5–9 years −0.006 *** 0.002
10–19 years 0.042 *** 0.002
20–29 years 0.091 *** 0.003
30+ years 0.116 *** 0.004
Year (ref. 2004)
2005 0.000 0.002
2006 −0.033 *** 0.002
2007 −0.077 *** 0.003
2008 −0.091 *** 0.003
2009 −0.081 *** 0.003
2010 −0.080 *** 0.003
2011 0.004 0.003
2012 −0.031 *** 0.003
2013 −0.037 *** 0.003
2014 −0.027 *** 0.003
2015 −0.011 *** 0.003
2016 −0.022 *** 0.003
2017 −0.032 *** 0.003
2018 −0.011 *** 0.003
2019 −0.036 *** 0.003
2020 −0.055 *** 0.003
2021 −0.060 *** 0.003
2022 −0.067 *** 0.003
2023 −0.078 *** 0.003
Constant 0.177 *** 0.005
N observations (enterprises) 54,292,380
R-squared 0.002

Note: Base: all enterprises with at least 1 employee, located in England, Scotland or Wales. Author calculations using BSD dataset. See Equation (3).
***, **, *indicate significant differences from zero, two-sided tests, at the 1%, 5% and 10% levels, respectively. Robust standard errors.

tance of each employer characteristic in isolation. Only adjusting
the profile of jobs by enterprise size according to the revised
weights, after fixing the mean wages within the size categories at
their original levels, reduces the overall estimated mean wage in
2023 by 31 pence (from £19.50 to £19.19), against a total adjustment
from the revised weights of 44 pence. Similarly, adjusting only
the enterprise age profile of the sample according to the revised
weights reduces the overall mean wage in 2023 by 23 pence, and
adjusting only the private-public profile reduces it by 7 pence.10

4.2 Implications for Estimates of the Incidence
of Low Pay

We use the new weights to assess the implications of sample bias
in ASHE for estimates of low pay. Improving estimates of the
incidence of low pay was a key motivation for the introduction
of ASHE, and it remains the primary data source used by the
LPC, ONS and others to estimate patterns of pay and the impact
of minimum wage legislation (Low Pay Commission 2022, ONS
2023b, Cominetti et al. 2022).
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TABLE 2 Employer characteristics associated with response to the Annual Survey of Hours and Earnings (ASHE), 2023.

BSD (employee-
weighted)

(%)
ASHE weighted
(CALWGHT) (%)

Bias in ASHE
(2)–(1) Bias squared

(1) (2) (3) (4)

Enterprise size (number of employees):
1–4 11.8 4.2 −7.7 58.9
5–9 6.2 4.2 −2.0 4.1
10–49 15.5 14.6 −0.9 0.8
50–249 14.1 15.1 1.1 1.1
250–499 5.8 6.5 0.7 0.5
500–999 6.0 7.3 1.3 1.6
1000–2499 7.2 8.3 1.0 1.1
2500–4999 6.8 8.3 1.4 2.0
5000 plus 26.5 31.6 5.1 25.8
Average bias (mean): 10.7
Legal status:
Company 72.9 64.5 −8.4 69.8
Sole proprietor 2.1 1.2 −1.0 0.9
Partnership 1.9 2.0 0.1 0.0
Public corporation 0.7 0.8 0.1 0.0
Central government body 9.9 14.2 4.2 18.1
Local authority 5.9 8.6 2.7 7.3
Non-profit making body 6.6 8.8 2.2 4.8
Average bias (mean): 14.4
Enterprise age:
1 year or less 2.2 0.7 −1.4 2.1
2–4 years 8.5 3.3 −5.2 27.1
5–9 years 10.7 6.3 −4.4 19.8
10–19 years 14.2 11.7 −2.5 6.5
20–29 years 13.3 14.3 0.9 0.9
30 years plus 51.1 63.8 12.7 161.0
Average bias (mean): 36.2
Workplace location:
North East 3.6 3.6 0.0 0.0
North West 10.1 9.9 −0.2 0.1
Yorkshire 7.7 8.0 0.3 0.1
East Midlands 7.2 7.1 0.0 0.0
West Midlands 8.5 8.2 −0.3 0.1
South West 9.9 10.5 0.6 0.3
East 21.3 18.2 −3.2 10.0
London 13.7 15.0 1.2 1.5
South East 7.5 8.4 0.9 0.8
Wales 3.5 3.7 0.2 0.0
Scotland 7.0 7.5 0.5 0.3

(Continues)
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TABLE 2 (Continued)

BSD (employee-
weighted)

(%)
ASHE weighted
(CALWGHT) (%)

Bias in ASHE
(2)–(1) Bias squared

(1) (2) (3) (4)

Average bias (mean): 1.2
Industry (SIC(2007) Section):
Agriculture, forestry and
fishing

1.0 0.6 −0.4 0.2

Mining and quarrying 0.2 0.1 −0.1 0.0
Manufacturing 7.5 8.9 1.5 2.2
Electricity, gas, air cond.
supply

0.4 0.4 0.0 0.0

Water supply, sewerage,
waste

0.6 0.7 0.1 0.0

Construction 5.1 3.7 −1.4 1.9
Wholesale, retail, repair of
vehicles

14.6 13.9 −0.7 0.4

Transport and storage 4.6 3.9 −0.6 0.4
Accommodation and food
service

8.0 5.4 −2.6 6.7

Information and
communication

4.5 4.3 −0.3 0.1

Financial and insurance
activities

3.3 3.8 0.5 0.3

Real estate activities 2.0 1.6 −0.5 0.2
Professional, scientific and
technical

8.3 8.0 −0.4 0.1

Admin and support
services

9.4 6.3 −3.1 9.4

Public admin and defence 3.7 5.3 1.5 2.3
Education 9.7 13.9 4.2 17.3
Health and social work 12.8 15.5 2.7 7.2
Art, entertainment and
recreation

2.2 1.9 −0.3 0.1

Other service activities 1.9 1.7 −0.2 0.0
Activities of households as
employers

0.1 0.1 −0.1 0.0

Average bias (mean): 2.4
N observations 3,127,074 148,573

Note: Base: All employee jobs. Figures for BSD are employee-weighted estimates, for those enterprises that are recorded as having at least one employee in the
BSD. ASHE estimates exclude those employee jobs for whom it was not possible to match to an enterprise record in BSD (affecting 0.5% of the original ASHE
sample in 2023).
Abbreviation: BSD, Business Structure Database.

First, we investigate the coverage rate of the minimum wage
under the alternative weighting schemes. This coverage rate is a
key benchmark as it indicates the share of all jobs that are paid at
the wage floor. It indicates the reach of theminimumwage across
the labour market and how this changes as the minimumwage is
uprated.

Second, we investigate the bite of the minimum wage, which is
the value of the minimum as a percentage of median wages, also
known as the Kaitz Index (Kaitz 1970). Since the introduction of
ASHE in 2004, the UK government has progressively increased
the bite of the NMW. In 2016, the government also introduced
a higher NLW for employees aged 25 and over, with eligibility

9
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TABLE 3 Bias and design effect, original and adjusted Annual Survey of Hours and Earnings (ASHE) weights, 2023.

Original ASHE weight
(CALWGHT)

Adjusted ASHE weight
(CSWEIGHT)

Average bias—enterprise size 10.7 1.5
Average bias—legal status 14.4 0.3
Average bias—enterprise age 36.2 2.5
Average bias—workplace region 1.2 1.0
Average bias—industry sector 2.4 0.6
Average bias across all characteristics 9.0 1.0
Kish design effect 1.15 1.29

Note: Base: All employee jobs. Author calculations using ASHE dataset, 2023. Number of observations: 148,573.

FIGURE 2 Coverage rate of the adult National Minimum Wage (2004–2015) and National Living Wage (2016–2023) under alternative weighting
schemes. All employees aged 25+ (2004, . . . , 2020) or 23+ (2021, . . . , 2023), excluding those with loss of pay due to absence, unless due to furlough
(2020 and 2021 only). LPCALWGHT is the original ASHE low pay weight. LPCSWEIGHT is our adjusted weight. Differences between the two series are
statistically significant from zero at the 0.1% level in each year. See footnote 11 for our approach to measuring coverage. Source: ASHE.

subsequently extended to employees aged 23–24 in 2021 and
those aged 21–22 in 2024. When the NLW was introduced, the
government set a target for it to reach 60% of median hourly
earnings by October 2020 and subsequently revised the target to
two-thirds of median hourly earnings by October 2024 (DBEIS
2020). We assess progress towards this target.

In Section 4, we found that our adjusted cross-sectional weights
shifted the cross-sectionalwage distribution to the left. As a result,
we would expect the coverage rate and bite of theminimumwage
to be higher under our adjusted weight compared to the standard
ASHE weights.

4.3 The Coverage Rate and Bite of the NMW and
NLW

Using the cross-sectional low-pay weights supplied by ONS
(LPCALWGHT), the share of jobs paid at or below the NMW
or NLW rose from 2.7% in 2004 to 4.3% in 2015 (Figure 2).11
The introduction of the NLW in 2016 pushed the incidence
further upwards, reaching 6.7%. The coverage rate declined
slowly through to 2019, after which it fell more rapidly, reaching

4.9% in 2023. Applying our adjusted cross-sectional weights
(LPCSWEIGHT) raises the estimated share of jobs paid at or
below the NMW or NLW by approximately one-fifth in each
year. This raises the share to 8.1% in 2016 and 6.3% in 2023. The
differences between the estimates from the two sets of weights
are statistically significant from zero in every year of the series.

Regarding the bite of the NMW and NLW, the original ASHE
cross-sectional weights estimate it to have risen from 51.4% in
2004 to 64.1% in 2023 (Figure 3). According to these estimates, the
UK government appeared to meet its target of a 60% bite in 2020.
However, when the median wage is instead estimated using our
adjusted cross-sectional weights, the bite is found to have risen
from 52.7% in 2004 to 66.7% in 2023. The revised estimates show
that the 60% target was reached in 2018—2 years earlier than
previously thought—and the target of two-thirds median wages
was met by 2023—1 year ahead of schedule.

4.4 Implications for Estimates of the GPG

In our second policy-relevant example, we use our improved
weighting scheme to generate new estimates of the GPG. This

10 British Journal of Industrial Relations, 2025
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FIGURE 3 Bite of the adult National Minimum Wage (2004–2015) and National Living Wage (2016–2023)—Kaitz Index—under alternative
weighting schemes. Bite estimated as the minimum wage expressed as a percentage of the median wage. Median wage estimated for all employees
aged 25+ (2004–2020) or 23+ (2021–2023), excluding those with loss of pay due to absence, unless due to furlough (2020 and 2021 only). CALWGHT:
median estimated using ASHE standard weight. CSWEIGHT: median estimated using our adjusted standard weight. Source: ASHE.

potentially has implications beyond national statistics, as the
ASHE has been used recently in a swathe of new research that
examines the role of firms and employers in gender wage gaps
(e.g., Jewell et al. 2020; Jones and Kaya 2023; Phan et al. 2023;
Pham et al. 2024). ASHE has also been used to evaluate the
impacts since 2018 of theUK government’s GPG transparency law
(Blundell et al. 2025).

TheONSheadlinemeasure of theGPG compares the gross hourly
earnings (excl. overtime; henceforth referred to as the ‘wage’) of
men andwomen observedworking full-time in theASHEdataset,
applying the original ONS-produced cross-sectional weights
(CALWGHT) to generate the statistics. The ONS computes the
headline GPG by subtracting the median wage of women from
the median wage of men and then dividing this difference by the
medianwage ofmen. Thus, the GPG gives the difference between
average male and female hourly pay as a proportion of average
male pay. As above for low pay, we only compare estimates using
the different weighting schemes for Great Britain, so we cannot
compare directly to the UK-level estimates that are published
annually by ONS.

Our alternative weights for ASHE suggest that the ONS has
been consistently under-estimating the UK GPG over the last
20 years, by a small but noteworthy margin of around one
percentage point (see Figure 4 and Table 5). In general, applying
the original ONS weights to the unweighted data raises the
median wage of men in ASHE more so than it does for women,
leading to a larger GPG than the raw averages in the unweighted
data would imply. However, our alternative weights then lead
to a downwards revision in median wages for both men and
women, but more so for women. This is because the original
ONS weighting scheme tends to under-represent smaller private-
sector firms, especially for women, and over-represents larger
and public-sector employers, where the level of pay is generally
higher and the differences between men and women within jobs
are generally smaller. Looking beyond the mean and median,
the sampling bias that is corrected by our alternative weights

has, in recent years, larger effects on estimates of relative gaps
between the 25th and 75th percentiles of the male and female
wage distributions, compared with the 10th and 90th percentiles
(see Figure 5).

5 Summary and Conclusions

The ASHE provides many of the UK’s official earnings statistics,
based on an issued sample comprising 1% of all employee jobs. Its
predecessor, the NES, was criticised for lacking survey weights
to address known response biases. ASHE improved upon this by
introducing cross-sectional weights that adjust the profile of the
achieved annual samples to ensure that they are representative
of the population of employee jobs in terms of gender, age,
occupation and region (see Bird 2004; Pont 2007).

Our analysis reveals that jobs in smaller, younger and private-
sector enterprises remain under-represented in the annual
achieved samples, even after applying those weights. We develop
an alternative set of cross-sectional weights aimed at reducing
these biases. Further, we demonstrate the relevance of our
findings for our understanding of the labour market through
two policy-relevant examples. First, we re-estimate the inci-
dence of low pay, showing that the incidence of minimum
wage employment is under-estimated under the original cross-
sectional weighting scheme. We further show that the bite of
the minimum wage is higher than previously estimated, such
that the government’s targets for this measure have been reached
more quickly than previously thought. Second, we re-estimate
the size of the GPG, showing that the gap has been consistently
under-estimated over the last 20 years, by around one percentage
point.

Our findings contribute to the literature on rates and patterns of
minimum wage employment and gender pay inequality in the
United Kingdom (e.g., Dickens et al. 2015; Aitken et al. 2019;
Low Pay Commission 2022; Jewell et al. 2020; Jones and Kaya
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FIGURE 4 Gender pay gap in Great Britain for Median and Mean Gross Hourly Earnings (excl. overtime), full-time employees only. See Table 5.
Abbreviations: ONS, Office for National Statistics. Source: ASHE. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 5 Gender pay gap in Great Britain for Median and Mean Gross Hourly Earnings (excl. overtime), full-time employees only.

Mean gross hourly earnings (pence per hour)

Year

Men Women GPG Men Women GPG Difference (bias)
ppts (%)CALWGHT CALWGHT CALWGHT (%) CSWEIGHT CSWEIGHT CSWEIGHT (%)

2004 1381 1129 −18.3 1362 1097 −19.5 −1.2
2009 1641 1361 −17.1 1609 1320 −18.0 −0.9
2014 1718 1459 −15.1 1679 1422 −15.3 −0.3
2018 1892 1613 −14.8 1860 1580 −15.0 −0.3
2019 1944 1674 −13.9 1909 1639 −14.1 −0.2
2020 2067 1785 −13.6 2046 1759 −14.0 −0.4
2021 2047 1787 −12.7 2014 1754 −12.9 −0.2
2022 2081 1840 −11.6 2053 1807 −12.0 −0.4
2023 2216 1966 −11.3 2186 1934 −11.5 −0.2

Median gross hourly earnings (pence per hour)

Year

Men Women GPG Men Women GPG Difference (bias)
ppts (%)CALWGHT CALWGHT CALWGHT (%) CSWEIGHT CSWEIGHT CSWEIGHT (%)

2004 1100 940 −14.6 1071 905 −15.5 −1.0
2009 1302 1141 −12.3 1262 1091 −13.6 −1.3
2014 1369 1232 −10.0 1325 1188 −10.3 −0.3
2018 1487 1354 −8.9 1448 1306 −9.8 −0.9
2019 1546 1399 −9.5 1506 1350 −10.4 −0.9
2020 1673 1514 −9.5 1634 1459 −10.7 −1.2
2021 1658 1518 −8.4 1609 1458 −9.4 −1.0
2022 1693 1556 −8.1 1652 1502 −9.1 −1.0
2023 1814 1665 −8.2 1771 1611 −9.0 −0.8

Note: All the statistics here do not use observations in ASHE where the employer reports a loss of pay for the employee in the April reference period. They also
only use employees on an adult rate of pay. These are the same criteria applied by ONS when constructing national statistics using ASHE.
Abbreviations: ASHE, Annual Survey of Hours and Earnings; GPG, gender pay gap; ONS, Office for National Statistics.
Source: ASHE.
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FIGURE 5 Gender pay gap for Gross Hourly Earnings (excl. overtime), full-time employees only: beyond the median (comparing the 10th, 25th,
75th and 90th percentiles of male and female hourly earners). See Table 5. Abbreviations: ONS, Office for National Statistics. Source: ASHE. [Colour
figure can be viewed at wileyonlinelibrary.com]

2023). They also contribute to the broader literature on the nature,
detection and removal of non-response biases in business surveys
(e.g., Willimack et al. 2002; Willimack and Snijkers 2013), by
showing the value of investigating non-response patterns from
multiple perspectives and using multiple auxiliary sources for
calibration.

We focus exclusively on descriptive statistics, as most of the
official statistics produced fromASHE fall into this category. Such
statistics are a frequent point of reference for bodies such as the
LPC, the Office for Equality and Opportunity and the Office for
the Pay Review Bodies, and so we judge that our findings have a
great deal of relevance for their work.

Nevertheless, policymakers and the broader research community
also make extensive use of ASHE to estimate average partial
effects such as the relationship between gender and earnings for
employees of similar age and education, or to identify causal
effects such as the impact of an increase in the NLW on job
retention. Further research would be needed to understand
the impact of ASHE weighting adjustments on such analy-
ses. As in the case of descriptive statistics, the impact will
vary from case to case though, in general terms, the bias in
estimated parameters due to unrepresentative samples is often
less severe in the multivariate case, as the structure of the
sample may be partialled out to some extent through the use
of design-related characteristics as control variables.12 Analysts
wishing to test the sensitivity of specific estimates may access
the code needed to derive the adjusted weights via the web-
site of the Wage and Employment Dynamics Project and also
within the ONS Secure Research Service (see Data Availability
Statement).

On the basis of our findings, we conclude that a new official
review of themethodology for ASHE ismerited. An earlier review
of the methodology for its predecessor, the NES, led to significant
improvements (see Bird 2004; Pont 2007). A new review would
be able to address the issues we have identified by re-examining

the approach to sampling, response-chasing and weighting in
ASHE. Our findings suggest that the weighting methodology
should be extended to include employer characteristics. The
review should also consider extending the research-ready dataset
to include fieldwork outcomes for all members of the issued
sample, so that analysts can better understand patterns of non-
response. There is also potential to improve the coherence of data
sources by making greater use of sampling and weighting of data
from HMRC’s PAYE Real Time Information system (see Forth,
Bryson et al. 2025). Any such review of ASHE would provide
an opportunity to enhance the quality of data used for earnings
analysis and research in the United Kingdom. This could have
particularly significant implications for government policy in a
range of areas, including minimum wages, the earnings gaps
experienced by employees with protected characteristics and the
pay of public-sector workers.
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Endnotes
1 𝑦̂𝑗𝑡 will be under-estimated in cases where an employee holds more
than one job with a given enterprise. However, the degree of any under-
estimation is likely to be very small, as we find that such instances
account for less than 1% of all jobs in ASHE in a typical year.

2We find that a small proportion of the ENTREFs in ASHE (less than 2%
in any 1 year) are not present in the BSD. We judge that the discrepancy
probably arises from differences in the timing of ASHE and the BSD
annual snapshot. These cases are dropped from our analysis.

3 In view of the concerns about the quality of the LFS, onemight consider
applying the raking procedure directly to the ASHE design weights
(DWEIGHT), thereby dispensing with the LFS adjustment. However,
one then has nomeans of calibrating the profile of ASHEby occupation,
gender or age, as these employee characteristics are not measured in
the BSD. Consequently, this approach generates an ASHE profile that
departs in notable ways on employee characteristics from the profiles
generated under CALWGHT or CSWEIGHT (Table S3).

4Strictly speaking, values for the BSD show the percentage of employees
rather than employee jobs, but as noted earlier, the percentage of
employees holding multiple jobs with the same employer is very small.

5 In interpreting these findings, one must bear in mind that the values in
Table 2 focus on one variable at a time. Firm age is correlated with size
and legal status, and hence, the particularly pronounced differences by
age seen in Table 2 are likely to be partly accounted for by size and legal
status in the regression analysis presented in Table 1.

6There are, nevertheless, some concerns about measurement errors in
ASHE’s workplace location data (see Whittard et al. 2023).

7Around 4% of weighting values were trimmed when generating
CSWEIGHT. The untrimmed weights delivered a lower degree of bias
(an average across all employer characteristics of 0.6, with the benefits
seen particularly in terms of enterprise size (0.4) and enterprise age
(1.2)), but this came at the expense of a higher design effect (1.5).

8z-Scores are computed using a difference-of-means test for two esti-
mates, accounting for the design-adjusted sampling error of each
estimate.

9To test the sensitivity of our results to the use of a more detailed
set of raking targets, we constructed an alternative weight using the
nine categories of enterprise size, eight categories of legal status and
six categories of enterprise age presented in Table 2. This approach
delivered a small additional reduction in bias (an average over all
employer characteristics of 0.9 rather than 1.0 as reported in Table 3)
with no penalty in terms of an increased design effect due to the
trimming of extreme weights. However, the impact on the wage
distribution was minimal when compared with the more parsimonious

approach (for instance, the estimated mean wage for 2023 remained
at £19.06 under this alternative scheme) and so we retain the more
parsimonious weighting scheme for the remainder of the paper.

10The shift-share analysis is presented in Table S4.
11We follow the Low Pay Commission (LPC) in using a measure of gross
hourly earnings that includes basic pay, bonus or incentive pay and pay
received for other reasons but excludes overtime and shift premiumpay.
We also follow the LPC in measuring the employee’s wage against the
NMW or NLW rate that applied in April of the relevant year, even if
(from 2016 onwards) the NLWmay have been uprated part-way through
the pay period reported in ASHE. Moreover, we follow the LPC in
measuring the share of jobs paid at or below the NMW and NLW plus
5 pence. Our estimates for 2020 and 2021 make no attempt to adjust the
wages of employees on furlough, however, and so are lower than those
reported by the LPCwhomake adjustments which raise the pay of such
employees to arrive at an estimate of what the employee would be paid
if they were not furloughed.

12This is sometimes referred to as the ‘model-based’ approach to estima-
tion, contrasting with the ‘design-based’ approach of applying weights
(see Lohr, 1999). See Solon et al. (2015) for further discussion of the use
of weights when moving beyond descriptive statistics.
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