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ABSTRACT

Background: Local decision-makers lack granular data on the prevalence of chronic pain in their populations. We applied matching methods
to generalize estimates from one local survey in England to other neighborhoods across the country with a similar sociodemographic
composition.

Methods: We used propensity score matching to match lower-layer super output areas (LSOA) across England with 230 surveyed LSOAs in
North Staffordshire by age, sex, ethnicity, deprivation, and rurality. LSOA-specific crude prevalence of chronic pain and high-impact chronic
pain in adults aged 35+ years were estimated and mapped for matched LSOAs.

Results: Satisfactory matching was achieved for 24 871 of 31 580 LSOAs (79%). The 6709 LSOAs identified as either “off common support”
or unmatched were principally inner-city neighborhoods with younger, more ethnically diverse populations. LSOA-specific estimates of chronic
pain and high impact chronic pain ranged from 14% to 52% and from 4% to 31% respectively. Integrated Care Board estimates ranged from
27% to 38% and from 10% to 18%, respectively. Estimates for England were 31.9% and 12.6%, respectively.

Conclusions: Using matching methods we have produced the first detailed map of the distribution of chronic pain in England but with several
strong assumptions. Our estimates highlight substantial variation in prevalence within ICBs.

Keywords: epidemiology; health intelligence; public health

Introduction chronic pain is not specifically priotitized within either the
Public Health Outcomes Framework or the Quality and Out-

The need for better, more granular data on health, care and
comes Framework (QQF) in general practice, and there is

their determinants to support local decision-making has been > R T
repeatedly highlighted in recent national reports,'* with one “a near absence of research on7the geographic distribution
expert roundtable concluding that “data at local and hyper- of pain at subnational levels”.” Analysis of 2011 Health

local levels must be addressed if we are to have a clearer Survey for England data produced prevalence estimates of

picture of health inequalities, those affected, and to design chronic pain but only down to the level of local authorities.®
appropriate po]icieS”.3 Realizing this goal is particularly chal- L. Quinn, Public Health Intelligence Principal & NTHR Predoctoral Local Authority
lenging for health indicators that are not prioritized within Fellow

national outcomes frameworks. Chronic pain is one such D. Yu, Senior Research Fellow

case: it affects an estimated 19—28 million adults in the UK* AL Iyl I fn (Autile [Rfeelldn

. . KP. Jordan, Proft f Biostatisti

healthcare costs attributable to back pain alone exceed £3 Jordan, Professor of Biostatistics
1e 5 . .. R. Wilkie, Professor of Public Health and Epidemiology

billion,”> and the costs of informal care and productivity

G. Peat, Professor of Clinical Epidemiology

1.0

losses are likely to be several times greater still.” However,
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2 Quinn eral

Substantial variation in the prevalence of disabling chronic
pain between neighborhoods [lower-level super output areas
(LSOA)] within a single Integrated Care Board (ICB) was
recently revealed by a local survey’ suggesting that LSOA-
level estimates may be important for targeting actions and
services. In the absence of expensive, large surveys of chronic
pain using national probability sampling that can produce
such granular data across all local authorities, an alternative is
to critically consider whether, how, and how far existing mod-
eled estimates from local surveys (i.e. using non-probabilistic
sampling of neighborhoods) can be generalized to other parts
of the country.

In this study we drew on Rosenbaum and Rubin’s seminal

work on propensity scores'”

as a framework for considering
generalizability of findings from samples to populations by
balancing groups on a set of observed covariates.!~1* Specif-
ically, we took modeled LSOA-specific prevalence estimates
of chronic pain from a local survey and used matching on
a balancing score to identify LSOAs in England with similar
characteristics as a means of highlighting where prevalence
estimates might be generalized with greater or lesser degrees

of confidence.

Methods

Study design, setting, and population
Descriptive study with propensity score matching, in the
general population in England, adults aged 35 years and over.

Data sources

We used three main data sources for this study. Firstly, we
used regression model coefficients that had been previously
detived to produce modeled estimates of the prevalence of
chronic pain and high-impact chronic pain in adults aged over
35 years at the level of Lower-level Super Output Area. These
had been produced from an analysis of the PRELIM survey
of adults aged 35 years and over registered with 11 general
practices in North Staffordshire & Stoke-on-Trent (7 = 4389
respondents, adjusted response rate 48%).”!> The PRELIM
survey mailed a single questionnaire, with an invitation let-
ter from their general practice, an information sheet, and
prepaid return envelope, to a random sample of all adults
aged 35 years and over in June 2017. A repeat pack was
sent to non-respondents at 2 weeks, with the offer of online
questionnaire completion, and after a further 2 weeks, non-
respondents were mailed a shortened questionnaire contain-
ing selected outcome measures and descriptive fields. We used
previously validated self-report measures of chronic pain.
Chronic pain was defined as pain on most days or more in

the past 6 months; high-impact chronic pain as pain on most

days or more in the past 6 months which limited activities on
most days or more over the same period.l(7 Covariates in the
regression models were LSOA age-sex composition, depriva-
tion (Index of Multiple Deprivation (2015) decile based on
national rank), rurality (classified as urban or rural based on
the 2011 Rural-Urban Classification), and a cortrection factor
for ethnicity (due to limited numbers of survey respondents
from, Black, Asian, Mixed, and multiple ethnic backgrounds).
Further details of the survey methodology and modeling
procedures is provided in Lynch ez a/.”

Secondly, we used information on age, sex, sex by age,
rurality, and ethnicity of all LSOAs in England extracted
from Office for National Statistics 2021 Census (datasets
TS007A, TS021, RM121, TS008), English indices of depri-
vation 2019 decile scores, and the 2011 rural/urban classi-
fication for LSOA boundaries. Thirdly, we used shapefiles
for 2021 LSOA boundaries and ICB boundaries in England
obtained from the Open Geography Portal and transformed
using ArcGIS, and displayed in Power BI.

Statistical analysis

Matching analyses using propensity scores were performed to
match “control” LSOAs (all LSOAs in England, minus focal
LSOAs) to “focal” LSOAs (LSOAs in North Staffordshire &
Stoke-on-Trent that had at least one PRELIM survey respon-
dent—the minimal level of observed data per LSOA). Match-
ing was conducted in two steps. After comparing the age, sex,
deprivation, rurality and ethnicity distributions of focal and
control LSOAs, we excluded control LSOAs that were outside
the region of common support (i.e. propensity score distances
beyond the range of distance measures of focal LSOAS).
We then performed full optimal matching of the temaining
control LSOAs to the focal LSOAs. Satisfactory matching was
defined as absolute standardized mean differences of <0.1 on
all covariates.!” Matching analyses were performed using the
Matehlt package,'® with covariate distributions at each stage
assessed using “cobalt”,'” both in R 4.3.0.

Upon completion of the matching process, we applied the
regression model coefficients to estimate the prevalence of
chronic pain and high-impact chronic pain in all matched
control LSOAs in England. We produced choropleth maps
for England and for each of the 42 ICBs in England using
Microsoft PowerBI Version 2.107.683.0 64-bit (July 2022).

To explore the potential for residual bias after matching
we compared focal and control LSOAs on their prevalence
of poor general health and a long-term disabling condition.
These two measures were available for all LSOAs in England
from the national Census 2021 (datasets TS037 and TS038,
extracted from NOMIS) and showed moderate-to-strong

correlations with modeled estimates of chronic pain and
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high-impact chronic pain (» = 0.55-0.76) in the focal LSOAs
where both sets of estimates were available. Mean differences
between focal and control LSOAs in the prevalence of poor
general health and in the prevalence of a long-term disabling
condition were estimated using the “marginal effects”
package?” after full optimal matching on the propensity score.

In the absence of direct comparative estimates of chronic
pain, we also explored the relationship between out estimates
and available prevalence estimates of two musculoskeletal
conditions—rheumatoid arthritis and osteoporosis—which,
although uncommon, are associated with chronic pain.?!»>?
Estimates for these two conditions wete obtained from QOF
2022/2023 data from general pmctice.23

Patient and public involvement

The MIDAS program has a dedicated Public Advisory Group
(PAG) comprising seven people with lived experience of
musculoskeletal conditions drawn from Keele University’s
Research User Group. The PAG met with the MIDAS Pro-
gram Lead, Chief Investigators, Trial Manager, and other
members of the research team on a monthly basis via MS
Teams. PAG members advised on the design of the study and
interpretation of the findings.

Results

Of 33,755 LSOAs in Census 2021, 1945 had no deprivation
score at the time of analysis due to boundary changes, leaving
a total of 31 810 LSOAs with complete data on age, sex, eth-
nicity, deprivation, and rurality. PRELIM survey respondents
came from 230 of these LSOAs across North Staffordshite,
Stoke-on-Trent and bordering areas (7 = 230 “focal” LSOAs).
Compared with the 31 580 “control” LSOAs elsewhere in
England, focal LSOAs had, on average, lower ethnic diversity,
older age distribution, and higher deprivation. Satisfactory
matching was achieved for 24 871 of 31 580 (79%) LSOAs
elsewhere in England (Fig. 1 and Table 1). Based on non-
ovetlapping propensity score distributions, a total of 6204
“control” LSOAs were found to be “off common support,”
with a further 505 discarded or unmatched during full optimal
matching. Detailed tables and figures comparing covariate
distributions and balance between focal and control LSOAs
are provided in the Supplementary Data (Table S1).

LSOA-specific estimates of chronic pain prevalence in
the population aged 35+, among matched LSOAs ranged
from 14.1% to 50.6% (Fig. 2 and Table 2). ICB estimates
ranged from 26.8% in NHS Buckinghamshire, Oxfordshire
and Berkshire West ICB to 37.2% in NHS Black Country
ICB (Table 2 and Fig. S1). The aggregated national prevalence
estimate for England was 31.8%.

LSOA-specific estimates of the prevalence of high impact
chronic pain among matched LSOAs in adults aged 354 years
ranged from 4.3% to 30.4%. At ICB-level, estimates ranged
from 9.9% in NHS Buckinghamshire, Oxfordshire and Berk-
shite West ICB to 16.5% in NHS Birmingham and Solihull
ICB. The aggregated national prevalence estimate for Eng-
land was 12.6%. All LSOA- and ICB-level estimates, including
for unmatched LSOAs are provided in Supplementary Data
(Table S2). All choropleth maps in PowerBl are freely available
at the website listed under Data Availability at the end of this

manuscript.

Exploring potential residual bias

With full optimal matching on age, sex, ethnicity, deprivation,
and rurality, focal LSOAs in North Staffordshire and Stoke-
on-Trent had a marginally higher average prevalence of peo-
ple reporting bad or very bad general health [6.5% (95%CI:
6.4, 6.7) vs. 6.1% (6.1, 6.2)] and those living with a long-term
disabling condition [20.5% (20.3, 20.7) vs. 19.9 (19.8, 20.0)]
compared to LSOAs elsewhere in England. This difference
persisted when we re-ran full optimal matching with exact
matching on IMD decile (data not shown).

We found little or no correlation at local authority level
between our chronic pain and high impact chronic pain
estimates and pooling of available GP-level estimates of
osteoporosis and rheumatoid arthritis from QOF data
(Supplementary Data).

Discussion

Main finding of this study

Our study applied matching methods to explore the general-
izability of LSOA-specific modeled prevalence estimates of
chronic pain and high-impact chronic pain from one geo-
graphical area to neighborhoods across England. Based on
matching LSOAs on five covatiates—age, sex, deptivation,
rurality, and ethnicity—we found satisfactory matching to
79% of LSOAs with available data. Conversely, roughly one
in five LSOAs could not be matched: these were principally
neighborhoods with younger, more ethnically diverse popu-
lations. LSOA-specific prevalence estimates for chronic pain
and high-impact chronic pain for matched neighborhoods
showed substantial variation within ICBs.

What is already known on this topic

Previous estimates for the prevalence of chronic pain and
moderate-severely disabling chronic pain among adults in
the UK range from 35% to 51% and 10% to 14%, respec-
tjvely.4 Based on 2011 Health Survey for England data, Todd
et al.® reported local authority estimates of the prevalence of
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Figure 1. Map of matched and unmatched LSOAs, by lower-level super output area (LSOA), England.

chronic pain ranging from <21% to over 60%, with evidence
of a North—South divide. The report on the Health Survey for
England 2017 chronic pain survey confirmed the association
between chronic pain and age, sex, socioeconomic position,
area-level deprivation, and ethnicity but did not produce mod-
eled estimates at lower geographies.”*

What this study adds
To our knowledge, the current analyses have produced the
first nationwide LSOA-level maps, and ICB-level estimates

of chronic pain and high-impact chronic pain prevalence in
England.

Limitations of this study

Our study explored the external validity or generalizability of
modeled prevalence estimates from a local survey, assuming
that the modeled estimates were internally valid, i.e. that
multilevel regression and poststratification of a relatively large
local survey with 48% response yielded unbiased estimates of
the prevalence of chronic pain in adults aged 35 years and over
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Table 1. Characteristics of neighborhoods before and after matching

Focal LSOAs in North
Staffordshire and
Stoke-on-Trent and

All other LSOASs in England

Before excluding
those off common

After excluding
those “off common

After further excluding
those “off common

surrounds®
support support” support” and unmatched?
N =230 N = 31580 N =25 376 N =24 871
n % n % n % n %
Deprivation®

d1 (most) 40 17.4 3147 10.0 2619 10.3 2564 10.3
d2 19 83 3169 10.0 2375 9.4 2339 9.4
d3 26 11.3 3138 €1e) 2311 9.1 2277 9.2
d4 23 10.0 3152 10.0 2425 9.6 2385 9.6
d5 15 6.5 3166 10.0 2540 10.0 2500 10.1
dé 24 10.4 3128 10.0 2482 9.8 2440 9.8
d7 24 10.4 3160 10.0 2611 10.3 2566 10.3
ds 20 8.7 3149 10.0 2618 10.3 2571 10.3
d9 29 12.6 3162 10.0 2620 10.3 2533 10.2
d10 (least) 10 4.4 3209 10.2 2775 10.9 2696 10.8
Rurald 24 10.4 5374 17.0 4852 19.1 4464 18.8

% male: median (IQR)

% age group: median (IQR)

49.2 (48.4, 50.1)

35-44 11.5(10.1,13.2)
4554 13.5(12.0, 14.7)
55-64 13.8(11.6, 15.6)
65-74 11.6 (8.3, 14.7)
75-84 7.0 (5.0, 9.9)
85+ 2.5(1.8,3.5)

% ethnic background®: median (IQR)
White 94.8 (89.9, 97.5)
Black 0.7(0.2,2.1)
Asian 2.0(0.8, 4.6)
Mixed/Multiple 2.0(1.2,3.2)

% bad/very bad general health 6.2 (4.7,8.2)

% long-term disabling condition 20.0(17.6, 23.3)

48.8 (47.8, 49.7)

12.7 (10.9, 14.6)
13.5(12.3, 14.7)
13.0(11.0, 15.0)
10.1 (7.3, 13.1)
6.0 (4.0, 8.5)
2.2(1.4,3.4)

91.8 (75.8, 96.5)

48.9 (48.0, 49.8)

12.1(10.5, 13.7)
13.5(12.4,14.7)
13.6 (11.7, 15.4)
11.0(8.3, 13.8)
6.7 (4.7,9.1)
2.4(1.6, 3.5)

94.2 (86.4, 97.0)

48.9 (48.0, 49.8)

12.1(10.5, 13.7)
13.5(12.4,14.7)
13.6 (11.7, 15.4)
11.0 (8.4, 13.8)
6.7 (4.7,9.1)
2.4(1.6, 3.5)

94.2 (86.4, 97.0)

1.1(0.3,4.1) 0.7 (0.2, 2.1) 0.7 (0.3, 2.1)
3.3(1.2,9.8) 2.2(1.0, 6.0) 2.2(1.0, 6.0)
3.2(1.8,6.7) 2.5(1.5,4.5) 2.5(1.5,4.5)
4.9 (3.6, 6.5) 5.1(3.8,6.8) 5.1(3.8,6.8)

17.2 (14.2, 20.7)

18.0 (15.1, 21.4)

18.0 (15.1, 21.4)

d1... d10 decile (national rank) IQR Interquartile range; LSOA Lower-level Super Output Area.

aDefined as LSOAs with one or more respondent to PRELIM survey.
bDefined by propensity score of all covariates listed in table.

¢Index of multiple deprivation (2019).

dRurali‘(y index (2011) dichotomized at urban (A1-C2) and rural (D1-F2).
€Self-reported, and grouped.

in North Staffordshire and Stoke-on-Trent. We were limited
in the covariates we used, both in our original models and in
the current study for matching, to five that were available at
LSOA level and associated with chronic pain. The availability
of more LSOA-level covariates strongly associated with the
occurrence of chronic pain would be expected to improve

both the models and the quality of matches. Our finding

that neighborhoods elsewhere in England still had slightly
lower rates of poor general health and long-term disabling
conditions than focal LSOAs in North Staffordshite and
Stoke-on-Trent even after optimal full matching may reflect
this limitation. However, we cannot know if such differences
would reduce if we could additionally include the prevalence

of anxiety, depression, or obesity, for example, as covariates
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Figure 2. Map of chronic pain prevalence in matched LSOAs, in adults aged 35 years and older, by lowerlevel super output area (LSOA).

in our models and in our matching algorithms. Nevertheless,
the magnitude of any residual bias, in the direction of
over-estimating the prevalence of chronic pain and high
impact chronic pain elsewhere in England is, on average,
likely to be small (<1% difference in prevalence). Lack of
coverage of younger, more ethnically diverse neighborhoods
in the original PRELIM survey is made transparent in the
matching process but other limitations are not, e.g. lack of
coastal neighborhoods in North Staffordshire survey. One
solution to this would be to apply a cotrection factor to

the modeled estimates. The estimates were obtained from
a survey conducted in 2017 before the COVID-19 pandemic.
While there is concern that the prevalence of chronic pain
may have increased after COVID-19, previous repeated cross-
sectional surveys suggest that the prevalence of chronic pain
is relatively stable over intervals of several years.”* The lack of
correlation with available GP estimates of osteoporosis and
rheumatoid arthritis provided limited insight into the validity
of our estimates. Both conditions are relatively uncommon
causes of chronic pain in the adult population and there was
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Table 2. ICB-specific estimates (in ascending order of estimated prevalence of chronic pain) of matched LSOAs

LSOAs Chronic pain High impact chronic pain
NHS ICB Total N Matched N (%) % Min? Max % Min Max
Buckinghamshire, Oxfordshire and Berkshire West 964 711 (74) 26.8 17.5 46.9 9.9 6.2 25.1
Frimley 426 327 (77) 27.7 19.1 43.7 10.3 6.6 21.5
Surrey Heartlands 601 466 (78) 27.8 18.6 42.2 10.2 6.9 20.1
Hertfordshire and West Essex 829 591 (71) 28.5 18.4 46.2 10.4 6.5 247
South West London 842 111 (13) 28.7 23.1 47.0 10.6 7.1 253
Bath and North East Somerset, Swindon and Wiltshire 511 486 (95) 28.8 16.3 47.7 10.7 43 26.5
Gloucestershire 354 339 (96) 29.1 19.1 47.8 10.9 6.7 26.4
Somerset 313 309 (99) 29.6 19.3 47.5 11.2 6.0 26.0
Lincolnshire 406 395 (97) 29.7 15.2 50.0 1.4 53 29.0
Cambridgeshire and Peterborough 466 369 (79) 29.8 18.4 481 1.4 6.7 271
Herefordshire and Worcestershire 470 463 (99) 30.0 18.6 473 1.4 6.7 25.7
Cornwall and the Isles of Scilly 315 303 (96) 30.1 22.5 489 1.6 7.2 27.6
Leicester, Leicestershire and Rutland 587 509 (87) 30.1 17.6 50.0 11.5 6.1 28.8
South East London 974 213 (22) 30.2 23.5 439 11.2 8.2 221
Shropshire, Telford and Wrekin 286 277 (97) 30.3 19.9 48.3 1.7 6.3 27.2
Northamptonshire 403 376 (93) 30.3 18.0 48.2 1.4 6.1 27.2
Hampshire and Isle of Wight 1069 1000 (94) 30.4 15.2 481 1.7 55 26.7
Mid and South Essex 690 639 (93) 30.5 18.4 479 11.5 6.8 26.4
Humber and North Yorkshire 999 963 (96) 30.5 18.0 50.0 12.1 6.5 28.7
Suffolk and North East Essex 545 500 (92) 30.6 17.5 49.6 11.8 6.3 28.5
Norfolk and Waveney 590 567 (96) 30.6 141 479 12.0 4.8 27.0
Coventry and Warwickshire 515 479 (93) 30.6 19.1 48.4 1.7 6.1 27.2
Dorset 438 416 (95) 30.7 19.9 48.5 1.7 6.3 27.2
Bedfordshire, Luton and Milton Keynes 504 379 (75) 30.8 18.4 49.3 11.6 6.8 28.4
Sussex 970 880 (91) 30.9 17.7 50.6 11.8 55 30.4
Devon 689 669 (97) 31.0 18.9 49.5 11.9 6.4 28.3
Bristol, North Somerset and South Gloucestershire 549 484 (88) 31.1 18.2 49.0 121 7.0 28.6
Kent and Medway 1028 955 (93) 313 17.7 48.7 12.1 6.4 27.8
Derby and Derbyshire 633 589 (93) 31.5 18.9 48.5 12.2 6.7 27.3
Staffordshire and Stoke-on-Trent 674 663 (98) 32.0 17.8 49.0 12.5 6.8 27.9
Nottingham and Nottinghamshire 658 551 (84) 32.3 18.2 49.0 13.0 7.2 28.4
North West London 1105 94 (9) 324 25.5 452 1.9 8.4 234
Lancashire and South Cumbria 1034 1011 (98) 33.6 19.0 50.2 13.9 6.6 29.5
North East and North Cumbria 1800 1730 (96) 33.8 18.8 49.9 14.0 6.0 289
North East London 966 336 (35) 33.8 24.3 46.6 12.9 8.1 25.0
Cheshire and Merseyside 1518 1438 (95) 34.6 18.5 49.6 14.5 6.6 28.4
West Yorkshire 1395 1249 (90) 34.6 18.7 49.5 14.4 6.1 28.9
North Central London 772 5(1) 34.6 30.2 43.4 14.3 10.9 21.1
South Yorkshire 835 756 (91) 354 19.3 49.9 14.9 6.7 29.1
Greater Manchester 1636 1427 (87) 35.7 21.5 49.7 15.1 6.6 29.4
Birmingham and Solihull 750 505 (67) 36.9 18.8 49.8 16.5 7.0 28.7
Black Country 701 571 (81) 37.2 229 50.0 16.2 8.7 29.0

aMinimum and maximum estimates for matched LSOAs within the ICB.
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wide variation in osteoporosis and rheumatoid arthritis
estimates between practices within the same local authority.
This underscores the dearth of chronic pain estimates
currently available at ICB, local authority, and neighborhood
levels. We have presented only point estimates. In our previous
study,” obtaining confidence intervals for just 300 LSOAs was
very computationally intensive and was judged prohibitive
in the current analysis. The LSOA-level point estimates
presented in this work must be understood to have a high
degree of uncertainty. However, for many applications,
identifying LSOAs that ate in the highest decile or quintile
of chronic pain prevalence may be sufficient. Bearing in
mind the above limitations, and recognizing the several strong
assumptions that these estimates still require, we argue that
the modeled point estimates nevertheless provide potentially
new insights into variations in chronic pain within local health
systems in England that may be of use for future research (e.g.
targeting areas of presumed high need for recruitment of
participants to interventional studies) and service planning,
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