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Abstract

Many social surveys have adopted web first sequential mixed mode designs in which web
mode is offered, then non-respondents followed up in interviewer administered face-to-face
(Computer Assisted Personal Interviewing (CAPI) or telephone (Computer Assisted Telephone
Interviewing (CATI) modes. These designs cost less than CAPI or CATI only designs, and can
produce higher quality datasets than web only designs, though research suggests that benefits
have declined over time. However, the impacts of such follow-ups on dataset quality for
important population subgroups are unknown. We address this question by using
Understanding Society: the UK Household Longitudinal Study data to investigate the impact
of CATI follow ups of web non-respondents on overall and Young adult, Older adult, Ethnic
minority and Low income subgroup dataset quality. We find that follow-ups: 1) increase
dataset sizes by more than for the overall dataset for some subgroups but not others; 2)
improve both overall and subgroup dataset representativeness; 3) improve the representation
of some under-represented subgroups but not others in both overall and subgroup datasets;
and 4) reduce non-response biases remaining after non-response weighting for some
subgroups but not for others or for the overall dataset. We then discuss the implications of

our findings for survey practice.



1. Introduction

Two key components of dataset quality in general population surveys are that they support
unbiased estimation of population parameters of interest (Davis-Kean et al. 2017), and similar
estimation of parameters for population subgroups, which are often the focus of substantive
research (Benzeval et al. 2020). The latter component can be understudied in the context of
survey design: evidence upon which decisions are based is often at the level of the entire
dataset and ignores implications for subgroups. One example of this concerns sequential
mixed mode designs in which first web mode is offered, then non-respondents followed up in
interviewer administered face-to-face (Computer Assisted Personal Interviewing, CAPI) or
telephone (Computer Assisted Telephone Interviewing, CATI) modes. These designs are now
used in many surveys. They cost less than CAPI or CATI only designs (Dilman 2009, p. 401).
They can also increase dataset size and resemblance to study populations
(representativeness) and reduce non-response bias compared to web only designs (De Leeuw
2018), though notably work suggests that benefits are declining over time (Cabrera-Alvarez et
al. 2025; Moore et al. 2025). However, little is known about the impacts of follow-ups in
population subgroups.

In this paper, we address this knowledge gap by using data from Understanding
Society: the UK Household Longitudinal Study (UKHLS) to quantify the impacts of CATI follow-
ups of web non-respondents on data quality for the substantively important Young adult (age
16-34), Older adult (age 75+), Ethnic minority, and Low income (lowest household income
quintile) population subgroups. We compare findings to those for the overall population
dataset. We treat each subgroup as a population, with members with differing characteristics,
instead of as monotypic as in other work. We define dataset quality in terms of response rates

and dataset sizes, representativeness, and non-response biases remaining after non-response



weighting. We do not quantify measurement differences, where respondent answers depend
on mode used, potentially affecting survey estimates (De Leeuw 2018; Burton & Jackle 2020):
these are left to future work. We consider the following four research questions: how do

follow-ups of web non-respondents with CATI impact on each subgroup in terms of

RQ1: response rates and dataset sizes, and do findings differ from the overall dataset?

RQ2: dataset representativeness, and do findings differ from the overall dataset?

RQ3: under-represented (sub-) population subgroups, and do findings differ from the

overall dataset?

RQ4: non-response biases remaining after non-response weighting, and do findings differ

from the overall dataset?

1.1. Motivation: Survey dataset quality and the impacts of survey design changes

General population surveys should support unbiased estimation of study population
parameters of interest, and also, as they are often the focus of substantive research, similar
estimation of these parameters for population subgroups (Davis-Kean et al. 2017; Benzeval et
al. 2020). Estimable parameters should include summary values, gradients, associations and
causal relationships (Lynn 2015). Such components of dataset quality, however, are affected
by declining survey response rates (Luiten et al. 2020). These reduce dataset size, increasing
sampling error, and, if non-respondents and respondents differ, can also cause non-response
biases, deviations in estimates from population values that can lead to invalid inference. In
response, survey designers seek to maximise dataset quality during data collection by using

bias prevention measures such as offering incentives or following up non-respondents to



increase response in under-represented population subgroups (e.g. Groves et al. 2001; Groves
& Heeringa 2006). They also seek to adjust for remaining biases post collection by producing
non-response weights or imputing responses for non-respondents (e.g. Valliant & Dever 2013;
Little & Rubin 2014). In addition, the success of bias prevention measures can increase the

effectiveness of bias adjustments (Schouten et al. 2016; Moore et al. 2024).

Surveys also face cost pressures. One approach to minimising the increases caused by
efforts to maximise dataset quality is to replace CAPI or CATI with less costly modes such as
web (Couper et al. 2007; Schonlau et al. 2009; Baker et al. 2010). Beyond reducing costs, web
may increase response by some population subgroups compared to other modes (McGonagle
& Sastry 2023). However, overall response rates are often lower (Daikeler et al. 2020; Wu et
al. 2022), and dataset quality tends to be maximised by mixed mode designs combining web
and other modes (Cornese & Bosnjak 2018). Hence, many surveys now utilise sequential
mixed mode designs that follow up web non-respondents by CAPI or CATI (see Moore et al.
2025 and references therein). These designs are less costly than CAPI or CATI only designs (see
Lipps & Pekari 2021; McGonagle et al. 2023 for recent evidence). They can also lead to higher
quality datasets than web only designs (Dillman et al. 2009; Klausch et el. 2015; Lipps & Pekari
2021; Mackeben & Sakshaug 2023; McGonagle & Sastry 2023; Moore et al. 2024; Moore &
Durrant 2025). However, recent work suggests that benefits are declining over time as levels

of internet access in populations increase (Cabrera-Alvarez et al. 2025; Moore et al. 2025).

A limitation of the previous research on impacts of CAPI / CATI follow-ups of web non-
respondents on dataset quality, however, is that effects have mainly been studied for overall
datasets that sample entire populations. Little is known about impacts in substantively

important population subgroups such as young or older adults, ethnic minorities or low



income individuals (see Longhi 2020; de Gessa et al. 2022; Hu & Coulter 2025; Olsen et al.
2024; Wells et al. 2025; Zhang et al. 2025 for research on these subgroups using UKHLS
datasets). Moreover, when subgroups are considered, they are treated as monotypic (i.e. with
the same characteristics) rather than as populations themselves, with individuals with
differing characteristics who may respond differently to the survey design. This makes it
difficult to evaluate whether a dataset enables unbiased estimation in subgroup datasets,
especially regarding multivariate relationships. Hence, for a full understanding of the impacts
of CAPI / CATI follow-ups of web non-respondents on survey dataset quality, and to properly
inform survey design decisions, such subgroups must be studied in a similar manner to overall

datasets.

1.2. Previous research relating to aims and research questions

1.2.1. RQ1: Overall and subgroup respondent dataset sizes

Limited previous work exists relating to our research questions, and some of it is not useful
for our purposes as it considers only combined web plus CAPI / CATI respondent datasets (e.g.
Kappelhof 2015). CAPI / CATI follow-ups increase overall dataset size by 3 to 85% (Dillman et
al. 2009; Klausch et el. 2015; Lipps & Pekari 2021; McGonagle & Sastry 2023; Mackeben &
Sakshaug 2023; Moore et al. 2024, 2025; Moore & Durrant 2025). However, evidence from
datasets spanning the period 2012-2023 from the UKHLS Innovation Panel (IP), a survey that
for a random subset of participants utilises a web first with CAPI / CATI follow-up design, shows
that increases are declining over time as the percentage of the population with internet access
increases (Moore et al. 2025: see also Cabrera-Alvarez et al. 2025). Some information also

exists on the impacts of follow ups on dataset size for some of the population subgroups



examined in this paper, from the UKHLS COVID-19 Study, a survey in which at two waves ca.1/3
of web non-respondents were followed up by CATI (Moore & Durrant 2025; Moore et al.
2024). As calculated from reported overall dataset sizes and subgroup respondent
proportions, follow-ups increase dataset size for 20-29 year olds (the youngest age group
studied) by 1.3 and 1.9%, for those aged 70+ (the oldest) by 11.9 and 15.1%, and for ethnic

minorities by 4.3 and 5.0%.

1.2.2. RQ2: Overall and subgroup dataset representativeness

CAPI / CATI follow-ups tend to increase overall dataset representativeness (Lipps & Pekari
2021; Mackeben & Sakshaug 2023; Moore et al. 2024, 2025; Moore & Durrant 2025: but see
Klausch et el. 2015), though in the previously mentioned UKHLS IP datasets increases have
declined over time to the point of now being negligible (Moore et al. 2025). Regarding
subgroups of interest, the only information available is from breakdowns of analyses of overall
datasets in which groups are treated as monotypic, i.e. concerns representation in terms of
the closeness of overall proportions of cases to study population proportions. By this
definition, in the UKHLS COVID-19 Study datasets, CATI follow-ups improve representation of
ethnic minority and aged 70+ subgroups but not that of the 20-29 year old subgroup (Moore
& Durrant 2025: Moore et al. 2024). In the UKHLS IP datasets, CAPI / CATI follow-ups improve
aged 75+ subgroup representation but at a declining rate over time, have a similar impact on
the lowest income quintile subgroup representation but only early in the study period, and
have no impact on 16-34 year old subgroup representation (Moore et al. 2025). In addition,

in a UKHLS main survey dataset from 2020 in which a web-first with CATI follow-up design was



used, follow-ups improve representation of the aged 75+ subgroup, but not that of the 16-34

year old or lowest income quintile subgroups (Moore et al. 2025).

1.2.3. RQ3: Under-represented (sub-) subgroups in overall and subgroup datasets

As discussed in section 1.2.2, CAPI / CATI follow-ups have mixed impacts on the representation
of subgroups in overall datasets. No information exists on impacts on the representativeness

of subgroups within each of these population subgroups.

1.2.4. RQ4: Non-response biases after weighting in overall and subgroup datasets

In the overall UKHLS COVID-19 Study and UKHLS main survey 2020 datasets, CATI follow-ups
have little impact on non-response biases remaining after non-response weighting (Moore et
al. 2024, 2025; Moore & Durrant 2025). In the overall UKHLS IP datasets, CAPI / CATI follow-
ups reduce biases early in the study period, but impacts are negligible by its end (Moore et al.

2025). No information exists on similar biases within the population subgroups of interest.

2 Data

2.1. The Understanding Society survey

The UKHLS survey is a household panel study that began in 2009 and follows people living in
a sample of UK households (University of Essex, Institute for Social and Economic Research
2024a, b). All household members aged 16+ are eligible for annual interviews. The first
individual in a household to complete their survey is asked to complete a household grid
identifying and giving basic sociodemographic information about co-residents. The person

10



responsible for household bills, or their spouse, is also asked to complete a household
guestionnaire giving information about the household and housing. The sample, which
includes respondents from the preceding British Household Panel Survey that began in 1991,
is a probability sample selected using a clustered and stratified design (Lynn 2009). All
individuals in sample households are followed even if they move within the UK, only becoming
ineligible if they emigrate or die. Non-responding households at the first wave of issue and
households with no responses for two waves are not re-issued. High dataset
representativeness and low non-response imply that the survey supports valid population

inference (Benzeval et al. 2020).

The survey began with a CAPl-only design. From wave 7 (2017), an increasing
proportion of households have been issued to a web-first with CAPI follow up design. During
the COVID-19 pandemic, CAPI interviewing was suspended and a web-first with CATI follow
up design introduced. In this paper, we analyze data from the first eight months of this period,
April to December 2020, corresponding to survey wave 11, quarters 6-8 (data collection for a
wave lasts two years, and each year is split into quarters), and wave 12, quarters 2-4. During
the period studied, all sample members were invited to complete online. This included
households that had already been invited to complete the survey online in previous years,
and households that had always been issued to CAPI-first. A reminder letter and email (where
an email address was available) were sent a week later, a second email after two weeks, and,
to non-respondents, another letter and email after three weeks and a further email after a
month. After five weeks, though the online interview remained available, any non-

respondents were issued to CATI interviewers.
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2.2. Overall analysis sample and subgroup sample definitions

The overall analysis sample consists of all adults eligible for annual interviews from April to
December 2020. No individuals appear in both the wave 11 and 12 samples. Those who had
withdrawn from the survey or were found to have died or moved out of scope during the
household interview are removed from the sample. We use household grid information from
the survey to identify the age and ethnicity of individuals: we could not use information from
the individual interviews because it only exists for survey respondents. Even given this, some
individuals lack relevant information due to a lack of household grid information for the wave
or missing responses. In these cases, where it exists we use information from previous or
future waves. We remove individuals for whom information is still not available (905 in total)
from the sample. The resulting overall sample includes 30,848 individuals. We define the
Young adult population subgroup as those aged 16-34 at time of interview (8,664 individuals),
the Older adult subgroup as those aged 75+ (3,092 individuals), the Ethnic minority subgroup
as those not of White British ethnicity (7,376 individuals), and the Low income subgroup as

those in the 1% quintile of household income (6,593 individuals).

3. Evaluation methods

3.1. RQ1: Overall and subgroup respondent dataset sizes

Our evaluation methods broadly follow those of Moore et al. (2025). We address RQ1 by
guantifying the numbers and percentages of overall and subgroup sample members
responding by web, CATI, and web plus CATI. The key comparisons when addressing our
research questions are between web and web plus CATI (hereafter referred to as ‘combined’)

respondent datasets for overall and subgroup samples.
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3.2. RQ2: Overall and subgroup dataset representativeness

We address RQ2 by considering the representativeness of web and combined respondents to
the adult questionnaire (i.e. unit respondents) compared to the relevant (overall or subgroup)
study population. In these analyses we use the issued sample of households, weighted to
adjust for non-response and attrition over time, as the study populations. In the following, we
report how the weights are calculated, the auxiliary variables used in their creation, and the

methods used to assess representativeness.

3.2.1. Construction of sample inclusion weights

We create sample inclusion weights to adjust the issued sample to the composition of the
study population. The creation of the weights and evaluations of their performance are fully
described in Appendix Al. The following is a summary. We begin with the wave 6 inclusion
enumeration weights released with the publicly available data. These weight all members of
households with a completed household grid at wave 6, and serve as sample inclusion weights

at wave 7.

The mentioned weights are then adjusted for sample attrition (those in households
not responding for two waves are excluded from issued samples for following waves) up until
2020. For this adjustment, we multiply them with the inverses of the probabilities of inclusion
in the 2020 issued sample as estimated using logistic regression with a set of auxiliary
covariates likely to be correlated with both inclusion and survey answers (see section 3.2.2 for
covariates). There are, however, some individuals for whom weights cannot be calculated in
this way, because they were in households that did not respond at wave 6 or joined
households after wave 6 and therefore have no inclusion enumeration weight. Hence, if other

13



household members have an adjusted weight, at the next stage such weights are shared with
them to provide a valid weight. Then, to weight remaining unweighted individuals (those in
households where no-one has an adjusted weight), the weights of individuals with similar
covariate values in other households are shared. Finally, the weights are post-stratified to the
cross-tabulation of sex (male, female), age (0-15, 16-34, 35-54, 55-74, 75+), and region (north,
east, south, west) of estimated 2020 population totals. Weights are also produced for under
16-year-olds so that they are available if they turn 16 and become eligible for the adult

interviews by 2020.

3.2.2. Auxiliary covariates used in weight estimation

As noted in section 2.1, we cannot use information from the adult questionnaires because it
only exists for survey respondents. Hence, we instead use the following household grid and
household questionnaire covariates: sex (male, female), age (0-15, 16-34, 35-54, 55-74, 75+),
ethnicity (white British, south Asian, Black, Other); activity last week (in work, not in work),
housing tenure (owner occupied, mortgage, rented / other), household structure (single
adult; single adult, kids; couple, no kids; couple, kids; other), region (north, east, south, west),
behind with paying bills (no, yes), behind with paying council tax (no, yes), household location
(urban, rural), equivalised household income (quintiles), number of rooms in household
(continuous), household size (continuous), and whether the individual is part of one of the
two ethnic minority boost samples included in the overall sample, which oversample such
minorities but include some White British individuals (no, yes). Covariate missingness rates
can be up to ~35%, due to item and household non-response. We use information from

previous or future waves to reduce these rates to 0% to ~20%. We then utilise imputation
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given values of other individuals with similar characteristics as measured by the weighting
model auxiliary covariates listed in the previous paragraph to replace remaining missing
covariate values. After this, we remove individuals with imputed missing age, or household
income values from the analysis sample (we took this approach to maximise use of
information in the dataset: see section 2.2 for analysis sample details). These procedures are

fully outlined in Appendix A2.

3.2.3. Methods to evaluate the representativeness of respondent samples

We evaluate the representativeness of respondents using Coefficients of Variation of response
propensities (CVs) (Schouten et al. 2012). These quantify variation in response propensities
across sample members, estimated by logistic regression using auxiliary covariates available
for both respondents and non-respondents. Assuming covariates are correlated with survey
variables, low propensity variation (high representativeness) implies low non-response bias

risk (see Schouten et al. 2016; Nishimura et al. 2017 for empirical support).

To quantify overall dataset representativeness, we calculate the overall sample CV,

which for sample size n and auxiliary covariate set x, producing the propensity vector px is:

1 S
EZ?:l(pi_p)

CV(py) = . , (1)

where p; is the response propensity of subject i and p average response propensity. Weights
can be applied when estimating propensities to map sample members to the population. The

less propensities differ, the smaller the overall CV and the greater dataset representativeness.

Specifically, we use sample bias adjusted CVs, which account for bias caused by
estimating response propensities (see Shlomo et al. 2012; de Heij et al. 2015), to quantify

15



dataset representativeness. We cannot conduct exact tests of whether CVs are statistically
significant or differ from one another because work does not exist on the distribution of such
differences and is beyond the scope of this paper. We instead compute CV standard errors
(see Shlomo et al. 2012; de Heij et al. 2015) for conversion into 95% confidence intervals (Cls).
This approach provides accurate inference for CV significance (indicated by Cls that do not
overlap zero), and significant differences between CVs (non-overlapping Cls). However, a small
amount of overlap between CV Cls will be equivocal regarding significance, that is, tests of

differences will be slightly conservative (see Goldstein & Healy 1995 for discussion).

We use nine of the covariates listed in section 3.2.2 in regression models estimating
response propensities: Sex, Age (excluding those aged 0-15 as they are not eligible for the
adult interviews), Activity last week, Ethnicity, Housing tenure, Household structure, Region,
Behind with paying bills and Household income. Note however, that we do not use all
covariates in each analysis. For Young adults, we exclude Age from the covariate list because
no individuals in the other categories are in the dataset. For Older adults, we exclude Age for
the same reasons, Activity last week as no individuals report being In Work, and collapse
Household Structure to Single, with or without kids, Couple, with or without kids and Other
categories as only three individuals report living with kids. For Ethnic minorities, we exclude
Ethnicity as there are no white British individuals in the dataset. For low income individuals,
we exclude household income. Proper comparison of CVs between datasets requires that the
same response propensity models be used (Schouten et al. 2012), so for each subgroup
dataset we report a comparator analysis of the overall dataset using the same covariate (sub)-
set. We compute CVs and 95% Cls for web and combined respondent datasets, using the R
code released by de Heij et al. (2015) in R.4.4.3 (other analyses in this paper are conducted in

Stata 19.2). This code is included in the files accompanying this paper. It allows survey strata,
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but not primary sampling unit (PSU), to be accounted for in analyses. The impact of not
accounting for PSU on CVs is unknown, but more generally it has been found that parameter
estimates are unaffected while standard errors are reduced. Hence, the null hypothesis, in this

case that web and combined datasets do not differ, will be rejected too often (e.g. Lynn 2019).

3.3. RQ3: Under-represented (sub-) subgroups in overall and subgroup datasets

To quantify the impacts of follow-ups on under-represented subgroups, we compute covariate
category unconditional CVs (CVys) (Schouten et al. 2012; see Appendix A3 for details). These
indicators decompose response propensity variation into that associated with specific
auxiliary covariate categories. CVys may be negative, indicating under-representation of the
covariate category, or positive, indicating over-representation. Our analyses follow the same
approach as used for overall CVs. We compute sample bias adjusted CV,s and their standard
errors for conversion into 95% Cls (see Shlomo & Schouten 2013; Shlomo et al. 2013; de Heij
et al. 2015 for details). For web and combined respondent datasets, we compute indicators
for all categories of the auxiliary covariates included in the response propensity models, using
the R code of de Heij et al. (2015). For each subgroup, we also undertake comparator analyses

of the overall dataset using the same auxiliary covariates.

3.4. RQ4: Non-response biases after weighting in overall and subgroup datasets

Most surveys including the UKHLS provide non-response weights to adjust for the impact of
unit non-response on estimates. We investigate the impact of follow ups on the quality of non-
response weighted estimates and whether they differ between overall and subgroup datasets.

First, we create non-response weights separately for the overall web and combined

17



respondent datasets, using the methods used to create the sample inclusion weights. We use
the covariates listed in section 3.2.2 (excluding those aged 0-15) to calculate predicted
probabilities of response, then multiply their inverse with the earlier created sample inclusion

weights.

Then, we quantify non-response biases in non-response weighted estimates of survey
measured respondent characteristics. As is often the case (Hand 2018), population values for
considered characteristics are mostly unavailable, so we quantify biases compared to
equivalent benchmark estimates of characteristics weighted using the earlier created sample
inclusion weights. We statistically compare web and combined dataset quality overall by for
each characteristic computing the absolute standardised bias as the absolute difference
between the non-response weighted estimate and the benchmark sample inclusion weighted
estimate, standardised by the benchmark estimate standard deviation. We then use paired
Wilcoxon sign tests to compare web and combined dataset biases across all considered
characteristics (we use this test due to the small sample sizes). These comparisons, and for
subgroups how they compare to similar for the overall dataset, are our primary focus when
investigating this research question. In addition, we evaluate the significance of individual
untransformed biases, i.e. differences between non-response and benchmark sample
inclusion weighted estimates. Respondents are a subset of the issued sample (i.e. there are
partial dependencies between datasets), so to undertake this we use the test of Moore et al.

(2024). We also incorporate survey strata and PSU into these latter analyses.

We replicate these analyses for both the overall dataset and each of the four

subgroups. For the overall dataset, we use as characteristics the categories of the covariates
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listed in section 3.2.3. For the subgroups, we use categories of the covariate subsets listed in

the same section.

4, Results

4.1. RQ1: Overall and subgroup respondent dataset sizes

Table 1 documents the response rates by mode for the data set overall and each of the
subsets. In the overall sample, 59% of individuals respond by web and 14% by CATI, for a
combined rate of 73%. Follow-ups therefore increase overall respondent dataset size by 14 /

59 =23.7%.

Among Young adults, 51% respond by web and 10% by CATI, for a combined rate of
61%. Follow-ups therefore increase respondent dataset size by 19.6%. Among Older adults,
45% respond by web and 31% by CATI, for a combined rate of 76%. Follow-ups therefore
increase respondent dataset size by 68.9%. Among Ethnic minority individuals, 47% respond
by web and 16% by CATI, for a combined rate of 63%. Follow-ups therefore increase
respondent dataset size by 34.0%. Among Low-income individuals, 47% respond by web and
21% by CATI, for a combined rate of 68%. Follow-ups therefore increase respondent dataset
size by 44.7%. In sum, CATI follow-ups have more impact on respondent dataset size than for
the overall dataset for some subgroups but not others, with the impact largest for Older

adults.
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4.2. RQ2: Overall and subgroup dataset representativeness

Table 2 documents the overall CVs for each subgroup and for each comparator overall dataset
analysis. For Young adults, the overall CV for web respondents is statistically significantly larger
than zero (= 0.282, 95% confidence interval (CI) 0.263 — 0.301), implying non-
representativeness. It is significantly reduced (i.e. CV 95% Cls do not overlap) in the combined
respondent dataset (= 0.242, 95% Cl 0.226 — 0.257), implying that CATI follow ups improve
representativeness. A similar improvement is found in the comparator overall dataset analysis
(web respondent overall CV =0.217, 95% Cl 0.208 — 0.226; combined respondent overall CV =

0.163, 95% Cl 0.156 — 0.170).

For Older adults, web respondents are significantly non-representative (overall CV =
0.409, 95% Cl 0.370 — 0.448). CATI follow ups significantly improve representativeness
(combined respondent overall CV =0.127,95% CI 0.106 — 0.148). A smaller, but still significant,
similar improvement is found in the comparator overall dataset analysis (web respondent
overall CV = 0.205, 95% Cl 0.196 — 0.214; combined respondent overall CV = 0.150, 95% ClI

0.143 -0.157).

For Ethnic minorities, web respondents are significantly non-representative (overall CV
= 0.263, 95% ClI 0.241 — 0.285). CATI follow ups significantly improve representativeness
(combined respondent overall CV = 0.200, 95% Cl 0.183 — 0.216). A similar improvement is
found in the comparator overall dataset analysis (web respondent overall CV = 0.249, 95% ClI

0.240 — 0.258; combined respondent overall CV =0.178, 95% Cl 0.171 — 0.185).

For Low-income individuals, web respondents are significantly non-representative
(overall CV = 0.351, 95% CI 0.327 — 0.375). CATI follow ups significantly improve

representativeness (combined respondent overall CV = 0.202, 95% CI 0.186 — 0.218). A
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smaller, but still significant, similar improvement is found in the comparator overall dataset
analysis (web respondent overall CV = 0.237, 95% Cl 0.228 — 0.246; combined respondent

overall CV = 0.164, 95% Cl 0.157 —0.171).

In sum, follow ups improve dataset representativeness for all four subgroups as well
as in each comparator overall dataset analysis. Compared to in the overall dataset analyses,

improvements are greatest for the Low income and especially the Older adult subgroups.

4.3. RQ3: Under-represented (sub-) subgroups in overall and subgroup datasets

Each subgroup analysis is again accompanied by a comparator overall dataset analysis using
the same response propensity model. A negative unconditional CV (CV,) with 95% Cls that do
not overlap zero indicates significant under-representation of a covariate category. A
combined dataset CV, of smaller magnitude, with 95% Cls that do not overlap those for the

web dataset, indicates significantly reduced under-representation due to follow ups.

For Young adults, there are 8 auxiliary covariates with 27 categories in the response
propensity model of which 8 categories are significantly under-represented in the web
dataset: Males; South Asian; Not in work; Rented / Other accommodation; Single adult, kids
household; Other household; Behind with bills; and 1 quintile household Income (Figure 13;
see Appendix A4 Table 1 for tabulated values). Follow-ups do not significantly reduce under-
representation for any categories, but do cause significant under-representation of the North
region. Impacts of follow-ups are greater in the comparator overall dataset analysis where 11
categories are significantly under-represented in the web dataset: those listed above plus
Black ethnicity, Single adult households and North region (Figure 1b; see Appendix A4 Table 1
for tabulated values and 95% Cls). Follow-ups significantly reduce under-representation of 4
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categories: South Asian, Not in work, Rented / Other accommodation and 1t quintile
household income. In addition, Single adult households become significantly over-

represented, i.e. have a positive CV, with 95% Cls that do not overlap zero.

For Older adults, there are 7 auxiliary covariates with 23 categories in the response
propensity model of which 9 categories are significantly under-represented in the web
dataset: Females, Black ethnicity, Rented / Other accommodation, Single adult households,
Behind with bills, 1%t quintile household income, Other households, North region and South
Asian (Figure 2a; see Appendix A4 Table 2 for tabulated values). Follow-ups significantly
reduce under-representation of the first 6 categories, and, although web and combined
dataset 95% Cls still overlap, the next 2 become representative (i.e. have CVy 95% Cls that
overlap zero). In addition, Other ethnicity becomes significantly under-represented. Impacts
of follow ups are less in the comparator overall dataset analysis where 9 categories are
significantly under-represented in the web dataset: those listed above excluding Female, plus
Male (Figure 2b; see Appendix A4 Table 2 for tabulated values). Follow-ups significantly reduce
under-representation of 2 categories: Rented / Other accommodation and 1% quintile
household Income. In addition, Other Ethnicity becomes significantly under-represented, and

Single adult households becomes significantly over-represented.

For Ethnic minorities, there are 8 auxiliary covariates with 27 categories in the
response propensity model of which 10 categories are significantly under-represented in the
web dataset: Males, Aged 16-34, Aged 75+, Not in work, Rented / Other accommodation,
Single adult, kids household, Other household, South region, Behind with bills and 1t quintile
household income (Figure 3a; see Appendix A4 Table 3 for tabulated values). Follow-ups

significantly reduce under-representation of the category Aged 75+, and Not in work, Single
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adult, kids household and South region become representative. Impacts of follow-ups are
similar in the comparator overall dataset analysis with 11 categories significantly under-
represented in the web dataset: those listed above excluding South region, plus Single adult
households and North region (Figure 3b; see Appendix A4 Table 3 for tabulated values).
Follow-ups significantly reduce under-representation of 4 categories: Aged 75+, Not in work,
Rented / Other accommodation and 1%t quintile household Income. In addition, Single adult

households become significantly over-represented.

For Low-income individuals, there are 8 auxiliary covariates with 26 categories in the
response propensity model of which 9 categories are significantly under-represented in the
web dataset: Aged 75+, Not in work, Rented / Other accommodation, Males, South Asian,
Black ethnicity, Single adult, kids household, Other household, North Region and Behind with
bills (Figure 4a; see Appendix A4 Table 4 for tabulated values). Follow-ups significantly reduce
under-representation of the first 3 of these categories, and Black ethnicity and North region
become representative. In addition, Aged 16-34 and Couple, kids households become
significantly under-represented. Impacts of follow-ups are similar in the comparator overall
dataset analysis with 12 categories significantly under-represented in the web dataset: those
listed above, plus Aged 16-34, Other ethnicity and Single adult household (Figure 4b; see
Appendix A4 Table 4 for tabulated values). Follow-ups significantly reduce under-
representation of 4 categories: Aged 75+, Black ethnicity, Not in work, and Rented / Other

accommodation. In addition, Other ethnicity become significantly under-represented.

In sum, under-representation of population subgroups is reduced by follow-ups for

some subgroups but not others. Comparing the results for each subgroup to the

23



corresponding overall dataset analyses shows that the follow-ups have the largest effects on

under-representation for the Older adult and Low-income subgroups.

4.4. RQ4: Non-response biases after weighting in overall and subgroup datasets

Table 3 reports the means of absolute standardised biases (MASBs) comparing non-response
weighted estimates to sample inclusion weighted benchmarks and their 95% Confidence
Intervals for overall and subgroup web and combined datasets, and also for overall and
subgroup datasets p values from paired Wilcoxon sign tests comparing web and combined
dataset biases. For the overall dataset, the web dataset (MASB) is 0.003 (95% Cl 0.002 —
0.004). Follow-ups do not significantly reduce biases (combined dataset MASB = 0.002; 95%
Cl 0.001 — 0.003): the distribution of differences is symmetric about zero (Wilcoxon sign test
p = 0.856). Unstandardised biases are reported in Appendix A4 Table 5. All estimates are
prevalences, so can be multiplied by 100 to give percentages. No web or combined dataset

biases are significant or above 1 percentage point.

For Young adults, the web dataset MASB is 0.031 (95% CI 0.022 — 0.041). Follow-ups
significantly reduce biases (combined dataset MASB = 0.020; 95% CI 0.015 — 0.025; p = 0.029).
Four web dataset unstandardized biases and one combined dataset bias are significant, with

the largest above 3 percentage points (Appendix A4 Table 5).

For Older adults the web dataset MASB is 0.069 (95% CI 0.045 — 0.093). Follow-ups
significantly reduce biases (combined dataset MASB = 0.022; 95% Cl 0.016 — 0.028; p = 0.011).
Eight unstandardised web dataset biases and no combined dataset biases are significant, with

the largest above 9 percentage points (Appendix A4 Table 5).
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For Ethnic minorities, the web dataset MASB is 0.026 (95% Cl 0.019 — 0.033). Follow-
ups do not significantly reduce biases (combined dataset MASB = 0.019; 95% CI 0.014 — 0.023;
p = 0.557). No unstandardized web or combined dataset biases are significant, though the

largest is above 3 percentage points (Appendix A4 Table 5).

For Low-income individuals, the web dataset MASB is 0.037 (95% ClI 0.023 — 0.051).
Follow-ups significantly reduce biases (combined dataset MASB = 0.018; 95% CI 0.011 - 0.025;
p = 0.015). Seven unstandardized web dataset biases and two combined dataset biases are
significant, with the largest above 4 percentage points (Appendix A4 Table 5). Hence, CATI
follow-up has no impact on non-response biases remaining after non-response weighting for
the overall dataset or for the Ethnic minority subgroup. It does though, reduce biases for the

Young adult, Older adult and Low-income subgroups.

5. Conclusions and implications for survey practice

Summary: This paper builds on previous research examining the impact of following up web
non-respondents with Computer Aided Telephone interviews (CATI) on data quality. However,
in this paper, we focus on the effects of this survey design on four population subgroups that
are often analysed by substantive researchers: Young adult, Older adult, Ethnic minority, and
Low-income subgroups. We used data from Understanding Society: The UK Household
Longitudinal Study (UKHLS) collected in 2020, in which all sample members were issued to
web with non-respondents followed up in CATI. We quantified the effects of the CATI follow-
ups on response rates and dataset size, dataset representativeness, and non-response biases
remaining after non-response weighting for each of the subgroups as well as for the overall

dataset.
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Key findings: Our results are summarized in Table 4. They show that CATI follow-ups
of web non-respondents improved dataset size both for subgroups and the overall dataset.
Impacts were mostly, but not always, greater for the subgroups than for the overall dataset,
with the greatest impact on Older adults. Our results also show that in each case follow-ups
improved respondent dataset representativeness, again with the greatest impact on Older
adults. In addition, follow-ups improved representation of some under-represented groups
within subgroups but not others, with impacts greatest on Older adults. However, analyses
also show that follow-ups reduced non-response biases remaining after non-response
weighting for the Young adult, Older adult and Low income subgroups, but not for the Ethnic

minority subgroup or the overall dataset.

The findings on overall dataset quality are comparable to those of previous research
(Dillman et al. 2009; Klausch et el. 2015; Lipps & Pekari 2021; McGonagle & Sastry 2023;
Mackeben & Sakshaug 2023; Moore et al. 2024, 2025; Moore & Durrant 2025; see also
Introduction). Our results on subgroup dataset quality, with the exception of some limited
work on dataset size and representativeness when subgroup members are treated as
monotypic (i.e. with unvarying characteristics: see Introduction), are novel, as far as we are

aware.

Implications of findings for survey practice: Our findings imply that follow-ups may
have greater impacts on dataset quality for subgroups than for the overall dataset. This finding
is particularly important given the recent work of Moore et al. (2025: see also Cabrera-Alvarez
et al. 2025), who showed that in the UKHLS Innovation Panel survey the impacts of CAPI / CATI
follow-ups on overall datasets have declined over time as levels of internet access increase,

and concluded that the point may come soon when they are no longer needed to maximise
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dataset quality. Our results in this paper suggest that even if follow-ups no longer make a
difference to the overall dataset, survey designers should be cautious of discontinuing follow-
ups of web non-respondents to reduce survey costs without explicit evidence of a similar lack

of impact on dataset quality for subgroups.

Limitations: One limitation of our research is that the non-response weighted
estimates of respondent characteristics were not compared to population values, i.e. actual
non-response biases were not calculated. This is because, as in many studies (see Hand 2018),
population values for most considered characteristics do not exist. Instead, we took the
approach of comparing estimates to similar benchmark estimates calculated using the
weighted issued samples: Benzeval et al. (2020) provide evidence that similar UKHLS
estimates approximate population values. A second limitation is that the characteristics we
consider are restricted to mainly sociodemographic and often household level characteristics
from the survey household grid and questionnaire, which were the only ones available for all
sample members; findings may differ for more substantive variables. A third limitation is that
we study a panel survey in which sample members are repeatedly interviewed and in many
cases have previously been exposed to web mode; findings may differ in cross-sectional

surveys that only interview individuals once.

Future research: Our findings indicate a number of avenues for future research. The
first is to repeat our analyses on future UKHLS datasets, to assess whether, given increasing
levels of internet access (see Ofcom 2025), a point is reached where web only designs produce
both overall and population subgroup datasets of similar quality to those that follow up web
non-respondents by CAPI or CATI (see also Cabrera-Alvarez et al. 2025; Moore et al. 2025).

This work could potentially also include other population subgroups, both those that are
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currently substantively important such as individuals living in rented accommodation (e.g.
Clair et al. 2024). The other avenues concern investigating whether comparable findings exist
with other surveys. Both other UK surveys and surveys in other countries should be
considered: different results between countries may be expected due to differences in levels
and patterns of internet access (e.g. Eurostat 2024) and also differences in the ethnicities of
minorities present (see Kappelhof 2015). In addition, cross-sectional surveys should be
studied, as well as surveys where web non-respondents are followed up in other modes such
as paper (see Olson et al. 2021). Moreover, it would be worthwhile to consider similar
research questions in surveys that employ ‘knock-to-nudge’ methods in which non-
respondents are contacted to encourage completion by web (e.g. Kastberg & Siegler 2022;
Kunz et al. 2024). We end by noting that this research would also benefit if it could consider

more substantive variables than was possible in this paper.
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Table 1: Overall and subgroup dataset issued sample sizes, and respondent dataset sizes and

response rates by mode.

Overall 16-34 years  Aged 75+ Ethnic Low
Minority income
Issued sample N 30,848 8,664 3,092 7,376 6,593
Combined respondent N 22,445 5,326 2,341 4,613 4,512
Combined response rate (%) 73 61 76 63 68
Web respondent N 18,022 4,416 1,378 3,443 3,097
Web response rate (%) 59 51 45 a7 47
CATl respondent N 4,423 910 963 1,170 1,415
CATI response rate (%) 14 11 31 16 21

36



Table 2. Overall CVs and their 95% confidence Intervals (in brackets) for the subgroup web and combined respondent datasets. As response

propensity models underlying CVs differ between subgroups, in each case a comparator analysis of the overall dataset with the same response

propensity model is also reported on: see paper text for further explanation.

16-34 year old Age 75+ Ethnic minority Low income
Subgroup web dataset 0.282 0.409 0.263 0.351

(0.263-0.301) (0.370-0.448) (0.241-0.285) (0.327-0.375)
Subgroup combined dataset 0.242 0.127 0.200 0.202

(0.226 - 0.257) (0.106 —0.148) (0.183 -0.216) (0.186 —0.218)
Overall web dataset, same response 0.217 0.205 0.249 0.237
propensity model (0.208 —0.226) (0.196 - 0.214) (0.240 - 0.258) (0.228 — 0.246)
Overall combined dataset, same 0.163 0.150 0.178 0.164

response propensity model

(0.156 — 0.170)

(0.143 - 0.157)

(0.171 - 0.185)

(0.157 - 0.171)
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Table 3. Means of absolute standardised non-response biases (MASBs) in non-response weighted respondent characteristics compared to

benchmark sample inclusion weighted equivalents and their 95% confidence Intervals (in brackets) for overall and subgroup web and combined

datasets. For the overall dataset and each subgroup, we also report p values from paired Wilcoxon sign tests evaluating the significance of

differences in biases between web and combined datasets.

Overall 16-34 year old Age 75+ Ethnic minority Low income
Web 0.003 0.031 0.069 0.026 0.037
(0.002 -0.004) (0.022 -0.041) (0.045 -0.093) (0.019-0.033) (0.023 -0.051)
Combined 0.002 0.020 0.022 0.019 0.018
(0.001 -0.003) (0.015-0.025) (0.016 —0.028) (0.014 -0.023) (0.011 -0.025)
Paired Wilcoxon sign test p 0.856 0.029 0.011 0.557 0.015
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Table 4: Summary of evaluation results. * indicates the subgroup for which follow-ups have the greatest impact on the dataset quality

components.

Quality component

Overall dataset

16-34 year olds

Aged 75+

Ethnic minority

Low income

RQ1: Response rates

RQ2: Dataset
representativeness

RQ3: Under-
represented subgroups

RQ4: Biases after non-
response weighting

Follow-ups increase
dataset size by 23.7%

Not computed

Not computed

Follow-ups do not
reduce biases

Follow-ups increase
dataset size less than
for the overall dataset
(=19.6%)

Improved by follow-
ups in subgroup and
comparator overall
dataset analyses

Less impact of follow-
ups in subgroup than
comparator overall
dataset analysis

Follow-ups reduce
biases

Follow-ups increase
dataset size more than
for the overall dataset
(= 68.9%)"

Improved by follow-ups
in subgroup and
comparator overall
dataset analyses”

Greater impact of
follow-ups in subgroup
than comparator
overall dataset
analysis”

Follow-ups reduce
biases

Follow-ups increase
dataset size more than
for the overall dataset
(=34.0%)

Improved by follow-ups
in subgroup and
comparator overall
dataset analyses

Similar impact of
follow-ups in subgroup
and comparator overall
dataset analysis

Follow-ups do not
reduce biases

Follow-ups increase
dataset size more than
for the overall dataset
(= 44.7%)

Improved by follow-
ups in subgroup and
comparator overall
dataset analyses

Similar impact of
follow-ups in subgroup
and comparator overall
dataset analyses

Follow-ups reduce
biases
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Figure 1. Unconditional covariate category CVs for: a) the Young adult subgroup dataset; and
b) using the same covariates in the response propensity model, the overall dataset. Web
respondents are represented by black circles, and combined (web plus CATI) respondents by

white circles. Error bars indicate 95% Cls.

Figure 2. Unconditional covariate category CVs for: a) the Older adult subgroup dataset; and
b) using the same covariates in the response propensity model, the overall dataset. Web
respondents are represented by black circles, and combined (web plus CATI) respondents by

white circles. Error bars indicate 95% Cls.

Figure 3. Unconditional covariate category CVs for: a) the Ethnic minority subgroup dataset;
and b) using the same covariates in the response propensity model, the overall dataset. Web
respondents are represented by black circles, and combined (web plus CATI) respondents by

white circles. Error bars indicate 95% Cls.

Figure 4. Unconditional covariate category CVs for: a) the Low income subgroup dataset; and
b) using the same covariates in the response propensity model, the overall dataset. Web
respondents are represented by black circles, and combined (web plus CATI) respondents by

white circles. Error bars indicate 95% Cls.
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Fig 2.
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Fig 3.
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Appendix Al: Estimation and evaluation of analysis dataset sample inclusion weights

Sample inclusion weights for each wave are not released with the UKHLS datasets, nor are weights for
web mode first sample members. Hence, sets of customised weights were created for use in the
substantive analyses in the paper. These weights, termed cross-sectional (see below) sample inclusion
weights, adjust the released sample inclusion enumeration weights for attrition from the sample (HHs
not responding for two waves are not issued, nor are individuals who ask to be removed from the
survey: see also main paper section 3.1). They also adjust for selection into the web first sample
(individuals can request another mode). HH weight-sharing methods are then used to share these
weights with unweighted HH members (those who enter HHs at waves after the inclusion enumeration
weight was constructed), split (divide) these shared weights with remaining unweighted sample
members (those in HHs where there is no weight to be shared) with similar characteristics, and post-
stratify the split weights to relevant population estimates. The procedure is described below. Following

this, evaluations of weight performance are reported.

Al 1. Weight estimation
The dataset of interest consists of UKHLS sample members offered web first interviewing at wave 11
or 12 during COVID-19 pandemic in 2020. The input to the weight produced is the released main
survey wave 6 inclusion enumeration weight. Since only those enumerated at wave 6 have this weight,
and only these individuals are included in the sample at wave 7, it is also the wave 7 sample inclusion
weight for these individuals. For each of the wave 11 and wave 12 samples, this weight is adjusted for
wave 11 / 12 sample non-inclusion, i.e. multiplied by 1 / the estimated probability of wave 11 / 12
sample inclusion given inclusion in the wave 7 sample, with inclusion probabilities estimated using
regression modelling with 11 survey-measured, auxiliary covariates (see Table 1 for covariates, and
section Al.2. for details of methods used to select final models and estimate inclusion probabilities).
To produce the final weight to be used in the substantive analyses, the post-stratified cross-

sectional sample inclusion weight, four further steps are then undertaken. First, the weights estimated
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above are shared with unweighted wave 11/12 web first HH members, i.e. (final) weights in HH
including unweighted web first members equal the sum of existing weights across web first HH
members divided by the number of web first HH members with or without existing weights. This
method provides unbiased estimates from HH probability samples and is used in a number of panel
surveys (Ernst 1983; Lavallee 1995, 2007; Schonlau et al. 2013; Zhang 2022).

Second, each of these shared weights is split with remaining unweighted sample members
(those in HHs without a sample inclusion weight to share) with similar survey measured characteristics
using the procedure of Moore & Clarke (2025). This procedure: 1) uses regression modelling of existing
weights to predict ‘synthetic’ weights for unweighted individuals given their survey measured
characteristics; 2) matches / clusters existing and synthetic weights; and 3) splits (divides) the existing
weights in each cluster with the unweighted individuals in the cluster. It will produce unbiased
estimates of the population estimated by the shared weights assuming that shared weighted and
unweighted sample members are exchangeable given the same characteristics, and that clusters of
sample members with similar characteristics are identified adequately.

Third, these two split weights are combined, rescaled to have a mean of one, and then post-
stratified to Great Britain population estimates for 2020 (Office for National Statistics 2024; National
Records of Scotland 2024; Northern Ireland Statistics and Research Agency 2024). Population
estimates for the cross tabulation of Region (4 categories), Sex (2 categories) and Age (5 categories)
are used in the post-stratification (a total of 40 strata). Fourth, in the final step, the post-stratified

weights are again rescaled to have a mean of one.

Al 1.1.3. Regression model selection methods

To identify the final regression models used to estimate inclusion / selection probabilities, Lasso
procedures are used. Lasso procedures (Tibshirani 1996; Steyerberg et al. 2001) are regularised
regression methods. As with other regularised regression methods for binary data (i.e. 0 = sample

non-inclusion, 1 = sample inclusion), they maximise the joint probability of the model parameters
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given the observed data similar to maximum likelihood methods, but in addition impose a
regularisation penalty on model complexity (Ahrens et al. 2020). Due to the imposition of this penalty,
such methods tend to outperform maximum likelihood methods in terms of out of sample prediction,
as reducing model complexity and inducing shrinkage bias decreases prediction error. In doing so, they
also address the problem of model overfitting: high in-sample fit, but poor prediction performance on
unseen data.

Regularised regression methods incorporate tuning parameters that determine the amount
and form of regularisation penalty. Several techniques exist to choose the value of these parameters.
The first is cross-validation, which explicitly evaluates out of sample prediction performance. The data
are splitinto training and validation datasets. The models for different values of the tuning parameters
are then estimated and variables selected using the training dataset. Next, they are applied to the
validation dataset, and performance quantified (Ahrens et al. 2020). The second technique is the use
of information criteria. These are interpretable as likelihood methods that penalise the number of
parameters in models. Again, models for different tuning parameters are estimated and variables
selected, then the best performing is chosen based on information criteria value. When producing the
sample inclusion weights, we use information criteria techniques to choose tuning parameter values
and identify models for estimating inclusion probabilities. Specifically, we utilise the Extended Bayesian
Information Criterion (EBIC: Chen & Chen 2008), because simulations show that in the majority of
scenarios they perform better than other similar options in terms of model identification (see Ahrens
et al. 2020). We do not use cross validation methods because the size of analysis datasets prevents
their division into training and validation datasets (see Moore et al. 2024 for further justification of
these methods in the current context). We use the Stata 18 package ‘lassologit’ (Ahrens et al. 2020) to
perform analyses.

The above techniques require that predictors are standardised so that they have unit variance.
Hence, when modelling inclusion probabilities for weight estimation we first convert all multi-category

predictors into dummy variables. Once the selected model is identified, we then extend it to all
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selected covariate categories whether they were selected or not: in previous work, we have found that
this approach reduces biases (relative to benchmarks) in weighted estimates (unpublished results).
After final model identification, we use post-Lasso estimation to estimate inclusion / selection
probabilities for weight estimation, because Lasso estimated coefficients are subject to attenuation
bias (Ahrens et al. 2020). Specifically, we use probit models, with inclusion probabilities predicted using

model coefficients and sample member characteristics.

A1l 2. Evaluations of weight performance
A1l 2.1. Evaluation methods
The custom sample inclusion weights are evaluated in two ways. First, they are evaluated against
internal benchmarks. This approach involves using weighted estimates of survey measured
characteristics for the sample from a given survey wave as benchmarks and evaluating the
performance of equivalent weighted estimates from a comparator dataset (from the same or following
waves) in recovering them (see Moore et al. 2024 for an example of this approach). Note that in this
instance the comparisons possible are restricted because different weighted datasets often represent
different populations. We cannot evaluate cross-sectional sample inclusion weights from a given wave
using the previous wave sample and its equivalent weights as the benchmark due to HH joiners and
refreshment samples entering the former dataset. Similarly, concerning interim weights estimated in
the course of final weight estimation, shared weight datasets cannot be compared to unshared weight
(i.e. longitudinal sample inclusion weight) datasets due to the former including HH joiners, nor can we
compare longitudinal sample inclusion-weighted datasets to previous wave equivalent benchmarks
because there are no previous wave benchmarks.

We can, however, compare the split weighted dataset to the (benchmark) shared weight
dataset, because the weight splitting procedure divides the shared weights with unweighted sample
members with similar characteristics, so such weights produce estimates for the same population. In

this evaluation, weighted estimates of incidence in the dataset for each of the categories of the 11
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covariates included in models estimating the sample inclusion / selection probabilities underlying
weight estimation (see Table 1) are computed for benchmark and comparator datasets and compared.
Despite partial dependencies between datasets (the benchmark dataset is a subset of the comparator
dataset), is independent samples T tests are used for statistical inference because tests accounting for
such dependencies (see Moore et al. (2024) and Appendix A3 can only be justified in a design-based
framework when the comparator dataset is instead a subset of the benchmark dataset. Note that these
latter tests will be anti-conservative. Survey design (Primary Sampling Unit and Strata) is accounted for
in estimation and testing. In addition, as overall performance measures, we report means across all
considered covariate categories of absolute differences between comparator and benchmark
estimates standardised by benchmark estimate standard deviations (MASBs) and their 95% Cls.

The second approach to evaluating weight performance involves comparing weighted
estimates of survey measured characteristics to external benchmarks. In these evaluations, as external
benchmarks the Region X Sex X Age cross-tabulation of UK population estimates for the given year
that are utilised to post stratify the (split) cross-sectional sample inclusion weights to produce the final
weight used in substantive analyses (see previously) are used. The population totals in each of the
cells are converted to incidences (= cell total / overall population total) and compared to equivalent
incidences computed using survey measured characteristics for (split) cross-sectional sample inclusion
weighted and final post-stratified weighted comparator datasets. One sample T tests are used for
statistical inference, with survey design (Primary Sampling Unit and Strata for each weight) accounted
for in estimation and testing. As overall performance measures, we also report the means of absolute

differences (MABs) across all crosstabulation cells and their 95% confidence intervals (Cls).

A1l 2.2, Evaluation results
The evaluations of split, cross-sectional sample inclusion weighted estimates compared to shared
cross-sectional weighted benchmarks indicate that the means of the absolute biases standardised by

benchmark estimate standard deviations (MASB) is 0.003 (95% CI 0.002 — 0.004). No significant
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differences between estimates for individual characteristics are observed (Table A2 2). Hence, the split
weights perform well at recovering same wave shared weight benchmarks.

The evaluations of the split, cross-sectional sample inclusion weights compared to external
population estimate benchmarks indicate that the mean absolute difference (MAB) is 0.004 (95% Cl
0.003 — 0.005). 34 significant differences between estimates are observed, but the largest is 0.01
(Table A2 3). Note also that significant differences are to be expected given the number of tests and
the likelihood of type 1 errors. The evaluations of the post-stratified, split, cross-sectional sample
inclusion weights compared to external population estimate benchmarks indicate that the MAB is
0.001 (95% CI1 0.001 —0.001). No significant differences found between estimates are observed (Table
A2 3). Hence, both the split, cross-sectional sample inclusion weights and the final post-stratified
weights used in substantive analyses perform well at recovering relevant external population estimate

benchmarks.
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Table Al 1: Auxiliary covariates used in weight estimation and evaluations of weight performance
and their categorisations.

Categorisation

Sex

Age

Ethnicity

Activity last week
Tenure

HH Structure

Region
Behind with bills

HH income

Behind with Council Tax
Urban

Nos. rooms in HH
Household size
Member of Ethnic

minority boost sample

1) Male; 2) Female

1) 16-34; 2) 35-54; 3) 55-74; 4) 75+

1) White British; 2) Black; 3) South Asian; 4) Other.

1) In work; 2) Not in Work

1) Owner occupied; 2) Mortgage; 3) Rented / Other.

1) 1 adult; 2) 1 adult, kids; 3) Couple, no kids; 4) Couple, kids;
5) Other

1) North; 2) East; 3) South; 4) West.

1) No; 2) Yes

1) 1% quintile; 2) 2" quintile; 3) 3" quintile; 4) 4" quintile; 5)
5t quintile

1) Yes; 2) No

1) Urban; 2) Rural

Continuous

1) No; 2) Yes
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Table Al 2: Split cross-sectional sample inclusion weighted estimates of member survey measured
characteristics compared to equivalent shared cross-sectional sample inclusion weighted benchmarks.
‘Bch. is the benchmark estimate (standard error in brackets). ‘Diff’ is the difference between the
sample inclusion weighted estimate and the benchmark estimate. * equals P<0.05.

Variable Bch. (se) Diff

Sex: Male 0.483 -0.001
(0.003)

Age: 0-15 0.135 -0.001
(0.002)

Age: 16-34 0.225 -0.000
(0.002)

Age: 35-54 0.245 -0.000
(0.002)

Age: 55-74 0.268 0.003
(0.002)

Age: 75+ 0.127 -0.002
(0.002)

Ethnicity: white British 0.862 0.000
(0.002)

Ethnicity: Black 0.053 0.000
(0.001)

Ethnicity: south Asian 0.023 0.000
(0.001)

Ethnicity: Other 0.063 -0.000
(0.001)

Activity Last Week: In work 0.450 0.001
(0.003)

Housing tenure: Owner occupied 0.338 0.003
(0.003)

Housing tenure: Mortgage 0.351 0.002
(0.003)

Housing tenure: Rented/Other 0.311 -0.005
(0.003)

Household Structure: 1 adult 0.161 -0.002
(0.002)

Household Structure: 1 adult, kids 0.050 -0.000
(0.001)

Household Structure: Couple 0.244 0.002
(0.002)

Household Structure: Couple, kids 0.231 -0.000
(0.002)

Household Structure: Other 0.315 0.000
(0.003)

Region: North 0.329 -0.000
(0.003)

Region: South 0.263 0.000
(0.002)

Region: East 0.246 -0.002
(0.002)

Region: West 0.161 0.002
(0.002)

Household Location: Urban 0.751 -0.001
(0.002)

Behind with bills: No 0.928 0.001
(0.001)

Behind Council Tax: Yes 0.071 -0.001
(0.001)

Household income: 1st quintile 0.236 -0.003
(0.002)

Household income: 2nd quintile 0.211 -0.000
(0.002)

Household income: 3rd quintile 0.189 0.000
(0.002)

Household income: 4th quintile 0.180 0.001
(0.002)

Household income: 5th quintile 0.184 0.002
(0.002)
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Table A1l 3: Split (‘SP’) and post-stratified (PS) cross-sectional sample inclusion weighted estimates of
issued sample survey measured characteristics compared to equivalent UK estimated population
incidence benchmarks. ‘Bch. is the benchmark population estimate. ‘SP. diff’ is the difference between
the split weight estimate and the benchmark estimate. ‘PS. diff’ is the difference between the split

weight estimate and the benchmark estimate. * equals P<0.05.

Strata Bch. SP. diff PS. Diff
Regionl_Sex1_Agel 0.030 -0.007* -0.001
Regionl_Sex1_Age2 0.036 0.001 -0.001
Regionl_Sex1_Age3 0.037 0.003* -0.001
Regionl_Sex1_Age4 0.035 0.009* -0.001
Regionl_Sex2_Age5 0.016 0.002* -0.000
Regionl_Sex2_Agel 0.029 -0.008* -0.001
Regionl_Sex2_Age2 0.036 -0.000 -0.001
Regionl_Sex2_Age3 0.039 0.004* -0.001
Regionl_Sex2_Age4 0.036 0.010* -0.001
Regionl_Sex2_Age5 0.019 0.003* -0.001
Region2_Sex1_Agel 0.026 -0.007* -0.001
Region2_Sex1_Age2 0.031 -0.002* -0.001
Region2_Sex1_Age3 0.034 -0.004* -0.001
Region2_Sex1_Age4 0.030 0.003* -0.001
Region2_Sex2_Age5 0.010 0.005* -0.000
Region2_Sex2_Agel 0.025 -0.005* -0.001
Region2_Sex2_Age2 0.031 -0.002 -0.001
Region2_Sex2_Age3 0.035 -0.001 -0.001
Region2_Sex2_Age4 0.031 0.003* -0.001
Region2_Sex2_Age5 0.014 0.005* -0.000
Region3_Sex1_Agel 0.028 -0.010* -0.001
Region3_Sex1_Age2 0.036 -0.004* -0.001
Region3_Sex1_Age3 0.039 -0.010* -0.001
Region3_Sex1_Age4 0.027 0.003* -0.001
Region3_Sex2_Age5 0.009 0.005* -0.000
Region3_Sex2_Agel 0.026 -0.010* -0.001
Region3_Sex2_Age2 0.037 -0.007* -0.001
Region3_Sex2_Age3 0.040 -0.007* -0.001
Region3_Sex2_Age4 0.029 0.003* -0.001
Region3_Sex2_Age5 0.012 0.005* -0.000
Region4_Sex1_Agel 0.015 -0.005* -0.000
Region4_Sex1_Age2 0.019 -0.002* -0.001
Region4_Sex1_Age3 0.021 -0.003* -0.001
Region4_Sex1_Age4d 0.020 0.001 -0.001
Region4_Sex2_Age5 0.007 0.002* -0.000
Region4_Sex2_Agel 0.015 -0.004* -0.000
Region4_Sex2_Age2 0.019 -0.002* -0.001
Region4_Sex2_Age3 0.021 -0.001 -0.001
Region4_Sex2_Age4 0.021 0.002* -0.001
Region4_Sex2_Age5 0.009 0.003* -0.000

55



Appendix A2. Missing values and imputation strategy

This appendix provides a detailed description of the missing data in the UKHLS main survey datasets
used in the analyses. We also document the imputation process using information from previous and

following waves and a chained equation imputation model for the remaining missingness.

A2 1. Pre-imputation datasets

This section documents the generation of the initial datasets prior to the imputation. The following
paragraphs detail the exclusion of ineligible cases and other individuals not issued to the field from the
sample for each relevant wave of the UKHLS main survey. Although the analysis of the paper is based
on the adults, i.e., sample members aged 16 and over, who were invited to complete the individual
guestionnaire, the tables provided in this appendix include all sample members regardless of their age
or whether they were issued to web-first or not. This is because the datasets with all sample members
were required to compute the sample inclusion weights (see Appendix Al).

For each wave to be used in the weighting or analysis, we excluded from the sample the
individuals who had become ineligible and those who could not be issued to the field or were not
assigned to a household. The ineligible sample members were those found to have died before the
fieldwork or moved out of scope, i.e., relocated abroad. In addition, some individuals, primarily the
households participating online, who had not provided a valid address could not be issued to the
interviewers and were excluded. Finally, a small group of sample members were not assigned to a
household and were dropped from the datasets.

Table A2 1 shows the number of individuals excluded because they were ineligible or because

they could not be issued to the field in the main survey.
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Table A2 1. UKHLS main survey: Exclusion of sample members of the analysis by wave

Not issued/no

Initial sample Ineligible! household assigned
(n) n % n %
Wave 7 (2015-17) 90,021 786 0.9 6,815 7.6
Wave 11 (2019-21) 58,499 469 0.8 2,485 4.2
Wave 12 (2020-22) 55,891 446 0.8 2,479 4.4

Note: !Sample members ineligible for an interview are those who died before the fieldwork or moved abroad.
’Not issued includes households for which there was no address and could not be issued to the interviewers,
plus the individuals who were not assigned to a household.

A2 2. Missing values and imputation strategy

Auxiliary information from respondents and non-respondents is necessary to compute the survey
weights and conduct the representativeness analysis. Understanding Society is a household survey
where household members are invited to complete a household grid and a questionnaire, and each
adult is asked to complete an individual questionnaire at each wave. Therefore, for each wave, we have
some information available from all household members from responding households, i.e.,
households that completed the household grid and questionnaire. However, for sample members at a
given wave there is no information available if no one in the household participated in the survey. In
addition, survey respondents can refuse to answer a particular question in the household
guestionnaire (item non-response). Table A2 2 (column 2) shows the percentage of missing values
(item non-response) for the variables for each wave of the main survey involved in the weights and
analysis. The level of missingness varies between 15.4% of sex at wave 11 and 33.7% of being behind
with council tax bills at wave 7. The percentage of sample members with all the information missing is

27.3% at wave 7, 15.4% at wave 11, and 17.8% at wave 12.
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Table A2 2. UKHLS main survey: Percentage of missing values for each variable as observed (Obs.)

and after the imputation from previous and following waves (IPFW) by wave

Wave 7 Wave 11 Wave 12
Obs. IPFW Obs. IPFW Obs. IPFW
All variables missing 27.3 0.4 15.4 0.0 17.8 0.0
Sex 27.3 0.5 15.5 0.0 17.8 0.0
Age 27.4 0.6 15.5 0.1 17.8 0.1
Ethnic background 28.7 2.6 17.3 2.5 19.8 2.7
Region (GOR) 27.3 13.9 15.5 2.1 17.8 3.1
Urbanicity 27.3 13.0 17.2 1.3 17.8 2.2
Employment status 27.6 13.4 15.8 1.6 18.1 2.5
Household income 28.8 13.8 19.7 3.0 22.6 3.9
Behind with bills 29.2 13.9 20.1 3.2 23.1 4.1
Behind with council tax 33.7 19.4 25.3 9.2 28.0 10.0
Household type 28.8 13.8 19.7 3.0 22.6 3.9
Tenure status 29.3 14.1 20.7 3.2 23.1 4.2
Number of rooms 28.9 13.9 19.8 3.1 22.8 4.0
Base (n) 82,420 82,420 55,545 55,545 52,966 52,966

We developed a two-step strategy to impute the missing values. This strategy consisted of 1)
an imputation based on information from the previous and following waves (IPFW), and 2) a model-
based imputation using a multivariate imputation chained equations (MICE) model for the remaining

missing values.

A 2.1. Imputation from previous and following waves (IPFW)

An advantage of working with a longitudinal survey is the availability of information for those who are
part of the panel but do not participate in a given wave. The missing values can be imputed using a
last observation carried forward, or baseline observation carried forward. However, this assumes that
the state of sample members has not changed between the observation and the wave with a missing
value, which might introduce some bias in the estimates (Kenward & Molenberghs, 2009; Saha &
Jones, 2009). We limited the number of previous and following waves used in the imputation to
enhance the use of the panel information while minimising the risks associated with this. For sex,

ethnicity and age, we used the information from the previous or following six waves since these
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characteristics will not change. For the rest of the household and individual level characteristics, we
limited the range of values used for the imputation to the previous and following two waves.

Table A2 2 (columns IPFW) presents the remaining missing values if the information is imputed
using the previous and following waves for the datasets of the main survey. The table show that the
level of missingness decreases substantially when information from the previous and following waves
is considered. For a comparison of the distribution of the observed and the imputed values using the
IPFW, see Table A2 5.

After the first imputation stage, sample members for whom all the information remained
missing were excluded from the analysis and, therefore, were not included in the model-based
imputation. Table A2 3 presents the number of sample members excluded by wave in the main survey
datasets.

Table A2 3. UKHLS main survey: Sample members for whom no information was available

No information

Wave Base (n) n %
Wave 7 82,420 356 0.4
Wave 11 55,545 16 0.0
Wave 12 52,966 15 0.0

A2 2.2. Model-based imputation strategy

The remaining missing cases were imputed using a model-based strategy. Given the relatively low level
of missing information after the first stage of imputation at most waves, a single imputation using
multivariate imputation by chained equations (MICE) was considered. The imputation strategy
accounted for the multilevel structure of the data that involves sample members (level-1) nested in
households (level-2). This is because using a single-level imputation method that ignores the
hierarchical structure of the data can result in a conceptual problem where sample members from the
same household exhibit different household characteristics (Van Buuren, 2018). Thus, we

implemented a two-step imputation to produce a consistent imputation that considered the multilevel
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data structure (Grund et al., 2018). First, a dataset at the household level that included the household
characteristics and an average of the level-1 predictors (i.e., sex, age, employment status and ethnic
background) was used to impute the missing values of the household variables. Second, we produced
an individual-level dataset that included the individual-level predictors and the household-level
variables imputed in the household-level dataset. This dataset was used to impute the individual-level
variables. Table A2 4 presents the variables used in the imputation models. We used a propensity mean
matching technique for the imputation of continuous, semi-continuous, and dummy variables (Austin
& van Buuren, 2023; Vink et al., 2014). The categorical variables were imputed using multinomial
logistic regression models. After these imputations, individuals with missing Age, Ethnic background
or Income covariate values after the IPFW stage were removed from the analysis sample. This
approach was taken to ensure that only individuals for which we had reported information for these
subgroup defining covariates were considered, but also to make use of the information on other
covariates for these individuals in the MICE imputations (see main paper text for numbers of
individuals removed from the analysis sample).

Table A2 4. Specification of the MICE models

Household-level dataset imputation
Role and model

Variables
Average of individual characteristics: female, age,
being employed, white, Asian and black.

Imputed using a propensity mean matching
Urbanicity, household income, being behind with technique with 10 donors (nearest neighbor).

bills, being behind with council tax and number of

rooms.

Imputed using a multinomial logistic regression
Region (GOR), household type and tenure status. model.

Regular. Not imputed but included as a predictor in
Household size, ethnic sample. the models.

Individual-level dataset imputation

Role and Model
Imputed using a propensity mean matching
technique with 10 donors (nearest neighbor).
Imputed using a multinomial logistic regression
model.

Variables

Sex and age

Ethnic background

From the household-level dataset imputation:
urbanicity, household income, being behind with
bills, being behind with council tax, number of

rooms, region (GOR), household type, tenure status,
Household size, ethnic sample.

Regular. Not imputed but included as a predictor in
the models.

60



Finally, we provide a summary of the differences between the observed and imputed values
at the different stages of the imputation. For this purpose, Table A2 5 presents the distribution of the
variables involved in the imputation at the different stages of the process for the main survey. In most
cases, the imputation, both the IPFW and the model-based, had a minimal impact on the distribution
of the variables. The difference between the observed and complete distribution of the variables
results in less than a percentage point. However, there are a few exceptions. At waves that registered
a higher level of missingness (e.g., main survey wave 7), the variables tenure status and household
type showed some differences. Regarding tenure status, the distribution of imputed, both IPFW and
MICE, exhibit a higher proportion of individuals renting their accommodation and a lower prevalence
of people who own their houses compared to the observed distribution. In terms of household type,
the imputed values show a lower proportion of one couple with no children households and a higher
proportion of other households. Finally, in the main survey datasets, the imputed values show a higher
proportion of persons with an ethnic minority background compared to the observed ones. These
differences indicate that, in some instances, the imputation has increased the presence of sub-groups
that are usually affected by attrition to a greater extent (Cabrera-Alvarez et al., 2023), suggesting that

the imputation might have improved the overall representativeness of the datasets.
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Table A2 5. UKHLS main survey: Distributions of the imputed variables by wave. Percentages of
individuals without values for Age, Ethnic background or Income covariates after the IPFW procedure
are excluded from the dataset, so percentage imputed by the MICE procedure are not reported.

(a) Complete
Observed (b) IPFW (a) + (b) (c) MICE (a) + (b) + (c)
Wave 7 (2015-17)
Sex
Male 48.0 48.8 48.1 27.3 48.1
Female 52.0 51.2 51.9 72.7 51.9
Base (n) 58,624 10,824 69,448 11 69,459
Age
16-24 43.9 54.8 45.6 45.6
25-44 33.9 31.8 33.6 33.6
45-64 15.5 8.3 14.3 14.3
65+ 6.7 5.1 6.4 6.4
Base (n) 58,618 10,841 69,459 69,459
Ethnic background
White 72.9 60.8 71.0 71.0
Asian 13.9 17.7 14.5 14.5
Black 5.4 9.9 6.1 6.1
Mixed & Other 7.8 11.6 8.4 8.4
Base (n) 58,625 10,834 69,459 69,459
Region (GOR)
North East 33 2.5 3.2 5.2 3.2
North West 10.4 9.9 10.4 7.2 10.3
Yorkshire and the Humber 8.8 7.1 8.6 7.5 8.6
East Midlands 6.7 7.1 6.8 9.9 6.8
West Midlands 9.0 8.7 8.9 8.8 8.9
East of England 8.0 7.2 7.9 7.9 7.9
London 15.1 26.2 16.7 5.9 16.6
South East 11.4 10.1 11.2 12.7 11.2
South West 7.2 5.9 7.1 6.6 7.1
Wales 6.2 8.3 6.5 9.5 6.5
Scotland 7.7 7.1 7.6 8.5 7.7
Northern Ireland 6.0 0.0 5.1 10.2 5.2
Base (n) 58,610 10,155 68,765 694 69,459
Urbanicity
Urban 78.0 83.4 78.8 100.0 78.8
Rural 22.0 16.6 21.2 0.0 21.2
Base (n) 58,610 10,845 69,455 4 69,459
Employment status
Yes 45.2 47.0 45.5 34.0 45.5
No 54.8 53.0 54.5 66.0 54.5
Base (n) 58,453 10,818 69,271 188 69,459
Income
Up to £1,999 25.3 54.7 30.3 30.3
£2,000-£2,999 24.8 25.1 24.8 24.8
£3,000-£4,999 32.8 16.0 29.9 29.9
£5,000 and over 17.1 4.3 14.9 14.9
Base (n) 57,495 11,964 69,459 69,459
Behind with bills
Up to date with bills 94.6 90.4 93.9 95.6 93.9
Behind with some bills 5.4 9.6 6.1 4.4 6.1
Base (n) 57,231 12,092 69,323 136 69,459
Behind with Council Tax
Yes 7.0 11.8 7.8 5.1 7.6
No 93.0 88.2 92.2 94.9 92.4
Base (n) 53,626 11,387 65,013 4,446 69,459

Household type
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(a) Complete
Observed (b) IPFW (a) + (b) (c) MICE (a) + (b) + (c)
1 adult, no children 10.4 8.5 10.0 0.0 10.0
1 adult, children 6.1 9.1 6.6 0.0 6.6
Couple, no children 20.6 13.4 19.4 0.0 19.4
Couple with children 32.3 30.6 32.0 0.0 32.0
Other households 30.7 38.4 32.1 0.0 32.1
Base (n) 57,495 11,964 69,459 0 69,459
Tenure status
Owned outright 28.3 18.0 26.5 17.2 26.4
Owned on mortgage 40.1 36.5 395 28.5 39.5
Rented and others 31.6 45.5 34.0 54.3 34.1
Base (n) 57,095 12,108 69,203 256 69,459
Number of rooms
1 41.3 48.1 42.4 70.5 42.5
2 36.4 32.6 35.7 19.4 35.7
3 15.5 12.8 15.0 9.3 15.0
4 4.7 4.9 4.8 0.8 4.8
5 or more 2.1 1.6 2.0 0.0 2.0
Base (n) 57,421 11,909 69,330 129 69,459
Wave 11 (2019-21)
Sex
Male 47.5 48.5 47.6 50.0 47.6
Female 52.5 51.5 52.4 50.0 52.4
Base (n) 45,596 7,015 52,611 2 52,613
Age
16-24 40.3 52.4 41.9 41.9
25-44 33.7 31.4 334 334
45-64 18.1 9.2 16.9 16.9
65+ 7.9 7.1 7.8 7.8
Base (n) 45,593 7,020 52,613 52,613
Ethnic background
White 75.9 62.0 74.1 74.1
Asian 12.9 18.5 13.6 13.6
Black 4.0 9.9 4.8 4.8
Mixed & Other 7.2 9.7 7.5 7.5
Base (n) 45,598 7,015 52,613 52,613
Region (GOR)
North East 3.5 3.1 3.4 43 3.4
North West 10.3 11.3 10.5 6.1 10.4
Yorkshire and the Humber 8.9 10.0 9.0 14.4 9.0
East Midlands 7.1 5.9 6.9 8.4 7.0
West Midlands 8.8 11.8 9.1 7.8 9.1
East of England 8.6 7.5 8.5 7.6 8.5
London 13.2 18.2 13.8 3.3 13.8
South East 11.7 11.4 11.6 11.6 11.6
South West 7.7 6.2 7.5 7.3 7.5
Wales 6.2 6.8 6.3 10.6 6.3
Scotland 7.9 7.8 7.9 8.9 7.9
Northern Ireland 6.2 0.0 5.4 9.6 5.5
Base (n) 45,578 6,640 52,218 395 52,613
Urbanicity
Urban 76.9 72.0 76.1 75.0 76.1
Rural 23.1 28.0 23.9 25.0 23.9
Base (n) 44,656 7,953 52,609 4 52,613
Employment status
Yes 46.3 45.1 46.2 42.0 46.2
No 53.7 54.9 53.8 58.0 53.8
Base (n) 45,410 7,091 52,501 112 52,613
Income
Up to £1,999 215 394 24.5 24.5
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(a) Complete

Observed (b) IPFW (a) + (b) (c) MICE (a) + (b) + (c)
£2,000-£2,999 21.0 26.7 22.0 22.0
£3,000-£4,999 34.7 24.7 33.0 33.0
£5,000 and over 22.8 9.3 20.5 20.5
Base (n) 43,678 8,935 52,613 52,613
Behind with bills
Yes 93.2 87.2 92.2 84.5 92.2
No 6.8 12.8 7.8 15.5 7.8
Base (n) 43,460 9,043 52,503 110 52,613
Behind with Council Tax
Yes 6.8 12.5 7.8 234 8.8
No 93.2 87.5 92.2 76.6 91.2
Base (n) 40,622 8,678 49,300 3,313 52,613
Household type
1 adult, no children 11.5 9.2 11.1 0.0 11.1
1 adult, children 4.4 8.7 5.2 0.0 5.2
Couple, no children 22.7 10.8 20.7 0.0 20.7
Couple with children 28.7 30.7 29.0 0.0 29.0
Other households 32.7 40.6 34.1 0.0 34.1
Base (n) 43,678 8,935 52,613 0 52,613
Tenure status
Owned outright 32.7 20.9 30.6 23.4 30.6
Owned on mortgage 40.6 38.4 40.2 394 40.2
Rented and others 26.6 40.6 29.1 37.2 29.1
Base (n) 43,151 9,368 52,519 94 52,613
Number of rooms
1 38.2 44.8 394 46.7 394
2 36.5 35.7 36.4 33.3 36.4
3 16.7 13.8 16.2 15.6 16.2
4 5.8 3.7 5.5 0.0 5.5
5 or more 2.6 2.0 2.5 4.4 2.5
Base (n) 43,595 8,973 52,568 45 52,613
Wave 12 (2020-22)
Sex
Male 47.4 48.8 47.6 0.0 47.6
Female 52.6 51.2 52.4 100.0 52.4
Base (n) 42,111 7,461 49,572 1 49,573
Age
16-24 39.5 50.3 41.1 41.1
25-44 33.5 30.5 33.1 33.1
45-64 18.8 10.5 17.6 17.6
65+ 8.2 8.7 8.2 8.2
Base (n) 42,109 7,464 49,573 49,573
Ethnic background
White 77.1 61.3 74.8 74.8
Asian 12.2 19.9 13.3 13.3
Black 3.8 8.9 4.5 4.5
Mixed & Other 6.9 9.9 7.4 7.4
Base (n) 42,115 7,458 49,573 49,573
Region (GOR)
North East 3.5 2.7 3.4 3.6 3.4
North West 9.9 14.6 10.6 11.9 10.6
Yorkshire and the Humber 8.7 11.2 9.0 12.3 9.1
East Midlands 7.2 6.3 7.1 9.6 7.1
West Midlands 8.8 10.4 9.0 7.6 9.0
East of England 8.8 7.1 8.6 7.6 8.5
London 12.6 18.4 13.4 2.0 13.3
South East 12.0 9.7 11.7 6.3 11.6
South West 7.9 5.9 7.6 5.8 7.6
Wales 6.3 6.2 6.3 10.8 6.3
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(a) Complete
Observed (b) IPFW (a) + (b) (c) MICE (a) + (b) + (c)
Scotland 8.1 7.4 8.0 119 8.0
Northern Ireland 6.2 0.0 5.3 10.5 5.3
Base (n) 42,096 7,031 49,127 446 49,573
Urbanicity
Urban 75.2 81.7 76.1 42.9 76.1
Rural 24.8 18.3 23.9 57.1 23.9
Base (n) 42,096 7,470 49,566 7 49,573
Employment status
Yes 46.2 43.0 45.7 46.4 45.7
No 53.8 57.0 54.3 53.6 54.3
Base (n) 41,941 7,492 49,433 140 49,573
Income
Up to £1,999 19.9 36.2 23.1 23.1
£2,000-£2,999 20.0 24.5 20.9 20.9
£3,000-£4,999 344 27.2 33.0 33.0
£5,000 and over 25.7 12.1 23.1 23.1
Base (n) 40,001 9,572 49,573 49,573
Behind with bills
Yes 93.5 86.5 92.2 67.3 92.1
No 6.5 13.5 7.8 32.7 7.9
Base (n) 39,751 9,724 49,475 98 49,573
Behind with Council Tax
Yes 6.0 13.4 7.5 2.0 7.1
No 94.0 86.6 92.5 98.0 92.9
Base (n) 37,214 9,216 46,430 3,143 49,573
Household type
1 adult, no children 11.7 10.0 11.4 0.0 11.4
1 adult, children 4.1 8.1 4.9 0.0 4.9
Couple, no children 23.4 11.9 21.2 0.0 21.2
Couple with children 27.6 29.9 28.1 0.0 28.1
Other households 33.1 40.1 34,5 0.0 34,5
Base (n) 40,004 9,569 49,573 0 49,573
Tenure status
Owned outright 34.0 21.8 31.7 20.5 31.6
Owned on mortgage 40.9 36.6 40.0 36.3 40.0
Rented and others 25.1 41.6 28.3 43.2 28.4
Base (n) 39,736 9,691 49,427 146 49,573
Number of rooms
1 37.3 43.1 384 50.0 384
2 36.4 36.9 36.5 46.3 36.5
3 17.7 12.8 16.7 3.7 16.7
4 6.0 5.1 5.8 0.0 5.8
5 or more 2.7 2.2 2.6 0.0 2.6
Base (n) 39,913 9,606 49,519 54 49,573
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Appendix A3: Partial unconditional CV (CV,) derivation
CV.s, which are bounded by the overall CV, quantify univariate associations with response propensity
variation (Schouten et al. 2011). Using the same notation as in the main text, the CV, for covariate Z

with K categories is

1K =~ 242
_ T2lk=1 ng(Pr—P)
Tu(Z,pe) = =, (1

where n; is the number of observations and pj, is the mean response propensity in covariate category
k. Large values suggest substantial between category variability and non-representativeness
associated with Z. Category CV,s decompose and are bounded by covariate CV,s. The CV, for category

kofZis
[Ge-)
—

Values can be positive or negative, implying respectively over- or under-representation.

m(zk; px) = (2)

In addition, adjustments to correct biases caused by estimating propensities exist, as do
approximate standard errors that when converted into 95% confidence intervals (CV + 1.96 x SE)
enable inference regarding (comparative) representativeness or otherwise (de Heij et al. 2015).

Population level analysis is also possible by applying sample weights.
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Appendix A4: Supplementary tables
Table A4 1: Young adult subgroup and (using the same response propensity model) overall dataset web and web plus CATI respondent dataset covariate
category CV,s and 95% Cls. * indicates significance.

Young adult Overall dataset
Web Combined Web Combined
95% Cls 95% Cls 95% Cls 95% Cls
CVy Cl - Cl+ CVy Cl - Cl+ CVy Cl - Cl+ CVy Cl - Cl+
Sex: Male -0.102* -0.119 -0.084 -0.084* -0.101 -0.066 -0.102* -0.119 -0.084 -0.084* -0.101 -0.066
Sex: Female 0.100* 0.083 0.118 0.082* 0.065 0.100 0.100* 0.083 0.118 0.082* 0.065 0.100
Ethnicity: whte British 0.017* 0.006 0.028 0.004 -0.007 0.016 0.017* 0.006 0.028 0.004 -0.007 0.016
Ethnicity: South Asian -0.001 -0.025 0.022 0.012 -0.013 0.036 -0.001 -0.025 0.022 0.012 -0.013 0.036
Ethnicity: black -0.059* -0.076 -0.043 -0.031* -0.051 -0.011 -0.059* -0.076 -0.043 -0.031* -0.051 -0.011
Ethnicity: other -0.017 -0.048 0.014 -0.006 -0.038 0.026 -0.017 -0.048 0.014 -0.006 -0.038 0.026
Activity Last Week: In work 0.039* 0.025 0.053 0.030* 0.015 0.044 0.039* 0.025 0.053 0.030* 0.015 0.044
Activity Last Week: Not in work -0.053* -0.072 -0.034 -0.040* -0.060 -0.021 -0.053* -0.072 -0.034 -0.040* -0.060 -0.021
Housing tenure: Owner occupied -0.008 -0.031 0.015 -0.020 -0.043 0.002 -0.008 -0.031 0.015 -0.020 -0.043 0.002
Housing tenure: Mortgage 0.072* 0.053 0.092 0.043* 0.024 0.063 0.072* 0.053 0.092 0.043* 0.024 0.063
Housing tenure: Rented/Other -0.066* -0.085 -0.046 -0.030* -0.049 -0.010 -0.066* -0.085 -0.046 -0.030* -0.049 -0.010
Single adult household 0.102* 0.065 0.140 0.103* 0.066 0.141 0.102* 0.065 0.140 0.103* 0.066 0.141
Single adult, kids household -0.080* -0.100 -0.061 -0.044* -0.068 -0.021 -0.080* -0.100 -0.061 -0.044* -0.068 -0.021
Couple household 0.123* 0.088 0.158 0.105* 0.071 0.138 0.123* 0.088 0.158 0.105* 0.071 0.138
Couple, kids household 0.035* 0.012 0.058 0.029* 0.007 0.052 0.035* 0.012 0.058 0.029* 0.007 0.052
Other household -0.086* -0.103 -0.069 -0.088* -0.105 -0.070 -0.086* -0.103 -0.069 -0.088* -0.105 -0.070
Region: North -0.018 -0.038 0.003 -0.030* -0.050 -0.009 -0.018 -0.038 0.003 -0.030* -0.050 -0.009
Region: East 0.033* 0.010 0.055 0.022 -0.000 0.044 0.033* 0.010 0.055 0.022 -0.000 0.044
Region: South 0.001 -0.022 0.025 0.015 -0.008 0.038 0.001 -0.022 0.025 0.015 -0.008 0.038
Region: West -0.019 -0.042 0.004 -0.008 -0.031 0.015 -0.019 -0.042 0.004 -0.008 -0.031 0.015
Behind with bills: No 0.037* 0.030 0.044 0.032* 0.024 0.039 0.037* 0.030 0.044 0.032* 0.024 0.039
Behind with bills: Yes -0.103* -0.123 -0.083 -0.089* -0.110 -0.068 -0.103* -0.123 -0.083 -0.089* -0.110 -0.068
Household income: 1st quintile -0.043* -0.067 -0.018 -0.034* -0.059 -0.009 -0.043* -0.067 -0.018 -0.034* -0.059 -0.009
Household income: 2nd quintile -0.010 -0.035 0.015 0.002 -0.023 0.027 -0.010 -0.035 0.015 0.002 -0.023 0.027
Household income: 3rd quintile 0.013 -0.011 0.037 0.021 -0.004 0.045 0.013 -0.011 0.037 0.021 -0.004 0.045
Household income: 4th quintile 0.050* 0.026 0.074 0.031* 0.008 0.055 0.050* 0.026 0.074 0.031* 0.008 0.055
Household income: 5th quintile -0.010 -0.032 0.012 -0.018 -0.040 0.003 -0.010 -0.032 0.012 -0.018 -0.040 0.003

69



Table A4 2: Older adult subgroup and (using the same response propensity model) overall dataset web and combined (web plus CATI) respondent dataset
covariate category CV,s and 95% Cls. * indicates significance.

Older adult Overall dataset
Web Combined Web Combined
95% Cls 95% Cls 95% Cls 95% Cls
CVy Cl- Cl+ CVy Cl- Cl+ CVy Cl- Cl+ CVy Cl- Cl+
Sex: Male 0.092* 0.066 0.119 -0.004 -0.029 0.021 -0.038* -0.047 -0.030 -0.042* -0.051 -0.034
Sex: Female -0.082* -0.106 -0.058 0.003 -0.019 0.026 0.037* 0.029 0.046 0.041* 0.033 0.049
Ethnicity: whte British 0.013* 0.007 0.018 0.011* 0.005 0.017 0.020* 0.015 0.024 0.015* 0.011 0.020
Ethnicity: South Asian -0.034* -0.061 -0.007 -0.037* -0.062 -0.012 -0.023* -0.034 -0.012 -0.019* -0.031 -0.008
Ethnicity: black -0.050* -0.069 -0.032 -0.013 -0.041 0.016 -0.060* -0.068 -0.052 -0.031* -0.042 -0.020
Ethnicity: other -0.023 -0.056 0.010 -0.037* -0.066 -0.008 -0.015 -0.030 -0.000 -0.021* -0.035 -0.006
Housing tenure: Owner occupied 0.113* 0.098 0.128 0.032* 0.013 0.051 0.034* 0.024 0.044 0.039* 0.029 0.049
Housing tenure: Mortgage 0.059* 0.013 0.106 -0.004 -0.038 0.031 0.063* 0.053 0.073 0.008 -0.002 0.018
Housing tenure: Rented/Other -0.233* -0.256 -0.210 -0.057* -0.092 -0.023 -0.102* -0.112 -0.092 -0.049* -0.060 -0.039
Single adult household -0.177* -0.201 -0.152 0.021 -0.006 0.048 -0.048* -0.059 -0.037 0.039* 0.025 0.052
Couple household 0.186* 0.160 0.211 -0.006 -0.031 0.018 0.085* 0.076 0.094 0.040* 0.031 0.049
Other household -0.033* -0.066 -0.001 -0.030 -0.063 0.004 -0.057* -0.066 -0.047 -0.074* -0.083 -0.065
Region: North -0.043* -0.071 -0.015 -0.006 -0.034 0.023 -0.024* -0.033 -0.014 -0.017* -0.027 -0.007
Region: East 0.003 -0.027 0.034 -0.001 -0.031 0.029 0.018* 0.007 0.028 0.006 -0.004 0.017
Region: South 0.044* 0.009 0.080 -0.004 -0.036 0.029 0.006 -0.005 0.018 0.003 -0.008 0.015
Region: West 0.010 -0.024 0.043 0.013 -0.019 0.046 0.002 -0.009 0.014 0.011 -0.001 0.022
Behind with bills: No 0.003* 0.001 0.005 0.002 -0.001 0.004 0.016* 0.012 0.019 0.016* 0.013 0.019
Behind with bills: Yes -0.032* -0.058 -0.006 -0.020 -0.049 0.008 -0.058* -0.069 -0.046 -0.059* -0.070 -0.047
Household income: 1st quintile -0.218* -0.242 -0.194 -0.047* -0.071 -0.022 -0.104* -0.114 -0.095 -0.028* -0.040 -0.017
Household income: 2nd quintile 0.080* 0.046 0.114 0.023 -0.008 0.055 0.003 -0.008 0.015 0.010 -0.001 0.022
Household income: 3rd quintile 0.144* 0.099 0.188 0.031 -0.004 0.066 0.033* 0.021 0.046 0.013* 0.001 0.025
Household income: 4th quintile 0.096* 0.048 0.143 0.022 -0.015 0.059 0.052* 0.040 0.065 0.015* 0.003 0.026
Household income: 5th quintile 0.152* 0.098 0.207 0.017 -0.019 0.052 0.029* 0.017 0.041 -0.006 -0.017 0.005
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Table A4 3: Ethnic minority subgroup and (using the same response propensity model) overall dataset web and combined (web plus CATI) respondent
dataset covariate category CV,s and 95% Cls. * indicates significance.

Ethnic minority Overall dataset
Web Combined Web Combined
95% Cls 95% Cls 95% Cls 95% Cls
CVy Cl - Cl+ CVy Cl - Cl+ CVy Cl - Cl+ CVy Cl - Cl+
Sex: Male -0.046* -0.074 -0.018 -0.050* -0.078 -0.022 -0.038* -0.047 -0.030 -0.042* -0.051 -0.034
Sex: Female 0.044* 0.018 0.070 0.047* 0.021 0.074 0.037* 0.029 0.046 0.041* 0.033 0.049
Age: 16-34 -0.046* -0.076 -0.016 -0.054* -0.084 -0.024 -0.066* -0.076 -0.056 -0.088* -0.098 -0.078
Age: 35-54 0.059* 0.029 0.089 0.048* 0.018 0.078 0.052* 0.041 0.063 0.017* 0.007 0.028
Age: 55-74 0.014 -0.017 0.046 0.018 -0.014 0.049 0.078* 0.068 0.089 0.063* 0.053 0.073
Age: 75+ -0.083* -0.104 -0.062 -0.026 -0.058 0.005 -0.105* -0.114 -0.096 0.011 -0.002 0.024
Activity Last Week: In work 0.048* 0.025 0.070 0.012 -0.011 0.036 0.045* 0.038 0.053 -0.004 -0.012 0.004
Activity Last Week: Not in work -0.059* -0.088 -0.031 -0.016 -0.045 0.014 -0.051* -0.060 -0.043 0.005 -0.004 0.014
Housing tenure: Owner occupied 0.048* 0.016 0.081 0.028 -0.003 0.059 0.034* 0.024 0.044 0.039* 0.029 0.049
Housing tenure: Mortgage 0.069* 0.038 0.100 0.027 -0.004 0.057 0.063* 0.053 0.073 0.008 -0.002 0.018
Housing tenure: Rented/Other -0.093* -0.122 -0.065 -0.042* -0.071 -0.013 -0.102* -0.112 -0.092 -0.049* -0.060 -0.039
Single adult household 0.040 -0.011 0.091 0.088* 0.032 0.143 -0.034* -0.046 -0.022 0.054* 0.040 0.068
Single adult, kids household -0.066* -0.097 -0.035 -0.014 -0.053 0.025 -0.042* -0.054 -0.031 -0.028* -0.041 -0.015
Couple household 0.089* 0.043 0.135 0.041* 0.001 0.081 0.087* 0.076 0.099 0.057* 0.046 0.068
Couple, kids household 0.026 -0.008 0.060 -0.000 -0.033 0.032 0.027* 0.015 0.039 -0.006 -0.017 0.006
Other household -0.062* -0.090 -0.035 -0.060* -0.087 -0.033 -0.057* -0.066 -0.047 -0.074* -0.083 -0.065
Region: North -0.010 -0.048 0.028 -0.013 -0.052 0.025 -0.024* -0.033 -0.014 -0.017* -0.027 -0.007
Region: East 0.023 -0.009 0.055 -0.001 -0.032 0.030 0.018* 0.007 0.028 0.006 -0.004 0.017
Region: South -0.030* -0.056 -0.003 0.001 -0.025 0.028 0.006 -0.005 0.018 0.003 -0.008 0.015
Region: West 0.062* 0.014 0.109 0.021 -0.020 0.063 0.002 -0.009 0.014 0.011 -0.001 0.022
Behind with bills: No 0.032* 0.020 0.044 0.031* 0.019 0.043 0.016* 0.012 0.019 0.016* 0.013 0.019
Behind with bills: Yes -0.081* -0.111 -0.051 -0.079* -0.109 -0.049 -0.058* -0.069 -0.046 -0.059* -0.070 -0.047
Household income: 1st quintile -0.098* -0.130 -0.067 -0.039* -0.074 -0.003 -0.104* -0.114 -0.095 -0.028* -0.040 -0.017
Household income: 2nd quintile 0.011 -0.027 0.049 -0.007 -0.045 0.030 0.003 -0.008 0.015 0.010 -0.001 0.022
Household income: 3rd quintile 0.037 -0.001 0.075 0.041* 0.003 0.080 0.033* 0.021 0.046 0.013* 0.001 0.025
Household income: 4th quintile 0.046* 0.010 0.082 0.020 -0.014 0.055 0.052* 0.040 0.065 0.015* 0.003 0.026
Household income: 5th quintile 0.013 -0.021 0.047 -0.011 -0.043 0.022 0.029* 0.017 0.041 -0.006 -0.017 0.005
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Table A4 4: Low income subgroup and (using the same response propensity model) overall dataset web and combined (web plus CATI) respondent dataset
covariate category CV,s and 95% Cls. * indicates significance.

Low income Overall dataset
Web Combined Web Combined
95% Cls 95% Cls 95% Cls 95% Cls
CVy Cl- Cl+ CVy Cl- Cl+ CVy Cl- Cl+ CVy Cl- Cl+
Sex: Male -0.026* -0.046 -0.006 -0.035* -0.055 -0.015 -0.038* -0.047 -0.030 -0.042* -0.051 -0.034
Sex: Female 0.023* 0.005 0.040 0.030* 0.013 0.047 0.037* 0.029 0.046 0.041* 0.033 0.049
Age: 16-34 0.001 -0.025 0.028 -0.086* -0.109 -0.064 -0.066* -0.076 -0.056 -0.088* -0.098 -0.078
Age: 35-54 0.053* 0.025 0.082 -0.014 -0.040 0.011 0.052* 0.041 0.063 0.017* 0.007 0.028
Age: 55-74 0.124* 0.101 0.147 0.075* 0.053 0.096 0.078* 0.068 0.089 0.063* 0.053 0.073
Age: 75+ -0.193* -0.211 -0.176 0.011 -0.014 0.036 -0.105* -0.114 -0.096 0.011 -0.002 0.024
Ethnicity: White British 0.017* 0.007 0.027 0.017* 0.007 0.027 0.020* 0.015 0.024 0.015* 0.011 0.020
Ethnicity: South Asian -0.026* -0.046 -0.006 -0.029* -0.049 -0.009 -0.023* -0.034 -0.012 -0.019* -0.031 -0.008
Ethnicity: Black -0.057* -0.078 -0.036 -0.022 -0.048 0.005 -0.060* -0.068 -0.052 -0.031* -0.042 -0.020
Ethnicity: Other -0.007 -0.042 0.028 -0.027 -0.060 0.006 -0.015 -0.030 -0.000 -0.021* -0.035 -0.006
Activity Last Week: In work 0.126* 0.101 0.150 -0.011 -0.032 0.011 0.045* 0.038 0.053 -0.004 -0.012 0.004
Activity Last Week: Not in work -0.091* -0.109 -0.073 0.008 -0.008 0.023 -0.051* -0.060 -0.043 0.005 -0.004 0.014
Housing tenure: Owner occupied 0.053* 0.032 0.074 0.066* 0.045 0.087 0.034* 0.024 0.044 0.039* 0.029 0.049
Housing tenure: Mortgage 0.112* 0.080 0.143 0.009 -0.016 0.035 0.063* 0.053 0.073 0.008 -0.002 0.018
Housing tenure: Rented/Other -0.109* -0.128 -0.089 -0.064* -0.083 -0.045 -0.102* -0.112 -0.092 -0.049* -0.060 -0.039
Single adult household -0.003 -0.021 0.016 0.094* 0.076 0.111 -0.034* -0.046 -0.022 0.054* 0.040 0.068
Single adult, kids household -0.069* -0.091 -0.047 -0.070* -0.092 -0.049 -0.042* -0.054 -0.031 -0.028* -0.041 -0.015
Couple household 0.078* 0.052 0.104 0.007 -0.016 0.029 0.087* 0.076 0.099 0.057* 0.046 0.068
Couple, kids household -0.017 -0.042 0.008 -0.071* -0.091 -0.052 0.027* 0.015 0.039 -0.006 -0.017 0.006
Other household -0.027* -0.052 -0.002 -0.086* -0.107 -0.065 -0.057* -0.066 -0.047 -0.074* -0.083 -0.065
Region: North -0.040* -0.061 -0.019 -0.014 -0.035 0.007 -0.024* -0.033 -0.014 -0.017* -0.027 -0.007
Region: East 0.042* 0.017 0.066 -0.004 -0.027 0.019 0.018* 0.007 0.028 0.006 -0.004 0.017
Region: South -0.006 -0.033 0.021 -0.000 -0.027 0.026 0.006 -0.005 0.018 0.003 -0.008 0.015
Region: West 0.012 -0.014 0.038 0.026 -0.000 0.051 0.002 -0.009 0.014 0.011 -0.001 0.022
Behind with bills: No 0.015* 0.007 0.024 0.028* 0.021 0.036 0.016* 0.012 0.019 0.016* 0.013 0.019
Behind with bills: Yes -0.046* -0.072 -0.021 -0.086* -0.108 -0.064 -0.058* -0.069 -0.046 -0.059* -0.070 -0.047
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Table A4 5: Overall and subgroup dataset web and combined (web plus CATI) respondent non-response weighted dataset biases in survey measured
characteristics compared to issued sample weighted benchmark equivalents. ‘Bch.” is the benchmark estimate (standard error in brackets). ‘Diff’ is the
difference between the non-response weighted estimate and the benchmark estimate.
characteristics not included among those utilised in that web / combined dataset comparison. Note that with the Older adult subgroup, Single adult

households include those with or without kids, and Couple households include those with or without kids.

* equals P<0.05. Missing benchmark / test values indicate

Overall Young adult Older adult Ethnic minority Low income
Web Combined Web Combined Web Combined Web Combined Web Combined

Variable Bch. (se) Diff Diff Bch. (se) Diff Diff Bch. (se) Diff Diff Bch. (se) Diff Diff Bch. (se) Diff Diff

Sex: Male 0.485 -0.002 0.001 0.492 0.033* 0.013 0.442 -0.094* -0.025 0.474 -0.003 -0.005 0.427 -0.025 -0.015
(0.003) (0.005) (0.009) (0.006) (0.006)

Age: 16-34 0.281 -0.000 0.002 0.379 -0.031 -0.027 0.220 -0.040* -0.014
(0.003) (0.006) (0.005)

Age: 35-54 0.324 -0.001 -0.000 0.429 0.013 0.005 0.223 -0.005 0.000
(0.003) (0.006) (0.005)

Age: 55-74 0.277 -0.001 -0.001 0.155 0.014 0.015 0.314 0.008 0.006
(0.003) (0.004) (0.006)

Age: 75+ 0.118 0.002 -0.001 0.038 0.004 0.007 0.243 0.036* 0.009
(0.002) (0.002) (0.005)

Ethnicity: White British 0.864 0.002 0.001 0.818 0.017 0.016 0.956 -0.004 -0.007 0.874 0.007 0.004
(0.002) (0.004) (0.004) (0.004)

Ethnicity: Black 0.054 -0.001 -0.001 0.075 -0.010 -0.008 0.016 0.002 0.003 0.037 0.002 0.001
(0.001) (0.003) (0.002) (0.002)

Ethnicity: South Asian 0.023 -0.001 -0.000 0.030 -0.007 -0.004 0.010 0.001 0.000 0.027 -0.008 -0.005
(0.001) (0.002) (0.002) (0.002)

Ethnicity: Other 0.058 0.000 -0.000 0.077 0.000 -0.004 0.018 0.001 0.005 0.061 -0.001 0.001
(0.001) (0.003) (0.002) (0.003)

Activity Last Week: In work 0.564 -0.001 0.002 0.648 0.003 0.000 0.608 0.005 0.006 0.344 -0.040* -0.004
(0.003) (0.005) (0.006) (0.006)

Housing tenure: Owner occupied 0.342 -0.001 -0.000 0.169 0.018* 0.010 0.747 -0.046 -0.017 0.169 0.003 -0.001 0.376 0.004 -0.008
(0.003) (0.004) (0.008) (0.004) (0.006)

Housing tenure: Mortgage 0.346 -0.001 0.001 0.406 0.011 0.004 0.035 -0.016* -0.001 0.382 0.014 0.009 0.146 -0.019* -0.008
(0.003) (0.005) (0.003) (0.006) (0.004)

Housing tenure: Rented/Other 0.311 0.002 -0.001 0.424 -0.028 -0.013 0.218 0.062* 0.018 0.449 -0.017 -0.008 0.478 0.015 0.016
(0.003) (0.005) (0.007) (0.006) (0.006)

Single adult household 0.178 0.005 0.000 0.109 -0.027* -0.006 0.432 0.093* 0.015 0.126 -0.013 -0.005 0.351 0.000 -0.006
(0.002) (0.003) (0.009) (0.004) (0.006)

Single adult, kids household 0.032 0.001 0.001 0.056 0.007 0.005 0.038 0.005 -0.001 0.264 -0.006 0.007
(0.001) (0.002) (0.002) (0.005)

Couple household 0.258 -0.003 -0.001 0.091 -0.005 -0.010* 0.465 -0.066* -0.003 0.108 0.003 0.006 0.217 0.005 0.000
(0.002) (0.003) (0.009) (0.004) (0.005)

Couple, kids household 0.175 -0.000 -0.000 0.160 -0.005 -0.008 0.247 0.017 0.014 0.169 0.000 -0.001
(0.002) (0.004) (0.005) (0.005)

Other household 0.356 -0.003 -0.000 0.584 0.031 0.019 0.103 -0.027 -0.012 0.482 -0.013 -0.013 0.516 0.045* 0.021*
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Region: North
Region: South
Region: East

Region: West

Household Location: Urban

Behind with bills: No

Behind Council Tax: Yes

Household income

Household income

Household income

Household income

Household income

: 1st quintile

: 2nd quintile
: 3rd quintile
: 4th quintile

: 5th quintile

(0.003)
0.305
(0.003)
0.258
(0.002)
0.273
(0.003)
0.164
(0.002)
0.756
(0.002)
0.932
(0.001)
0.068
(0.001)
0.239
(0.002)
0.204
(0.002)
0.186
(0.002)
0.179
(0.002)
0.192
(0.002)

-0.002

0.000

-0.000

0.002

0.001

0.000

-0.002

-0.000

0.000

-0.000

-0.000

0.000

-0.001

0.000

-0.000

0.001

-0.001

-0.000

-0.000

-0.004

0.001

0.000

0.000

0.002

(0.005)
0.296
(0.005)
0.251
(0.005)
0.299
(0.005)
0.154
(0.004)
0.808
(0.004)
0.886
(0.003)
0.114
(0.003)
0.187
(0.004)
0.188
(0.004)
0.188
(0.004)
0.196
(0.004)
0.241
(0.005)

-0.005

-0.006

0.000

0.011

-0.013

-0.008

0.003

-0.034*

0.001

0.007

0.006

0.019*

0.002

-0.008

-0.003

0.009

-0.011

-0.003

0.004

-0.017

0.003

-0.001

0.001

0.013

(0.005)
0.367
(0.009)
0.248
(0.008)
0.212
(0.007)
0.172
(0.007)
0.701
(0.008)
0.992
(0.002)
0.008
(0.002)
0.492
(0.009)
0.256
(0.008)
0.134
(0.006)
0.061
(0.004)
0.057
(0.004)

-0.006

0.011

-0.003

-0.002

0.041

-0.002

-0.005

0.067*

-0.007

-0.027*

-0.010

-0.023*

-0.014

0.006

0.008

-0.001

0.010

-0.001

-0.002

0.013

-0.001

-0.006

-0.002

-0.003

(0.006)
0.195
(0.005)
0.220
(0.005)
0.523
(0.006)
0.062
(0.003)
0.922
(0.003)
0.863
(0.004)
0.127
(0.004)
0.221
(0.005)
0.185
(0.005)
0.178
(0.004)
0.185
(0.005)
0.229
(0.005)

-0.011

0.001

0.016

-0.005

0.013

0.002

-0.027

-0.010

-0.002

-0.004

0.008

0.008

-0.010

0.004

0.005

0.002

0.003

0.002

-0.005

-0.008

0.006

-0.012

0.003

0.010

(0.006)
0.064
(0.003)
0.196
(0.005)
0.069
(0.003)
0.155
(0.004)
0.774
(0.005)
0.903
(0.004)
0.099
(0.004)

0.006

-0.008

0.000

-0.043*

0.011

0.006

-0.026*

0.005

0.001

0.003

-0.030*

0.002

-0.002

-0.007
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