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Abstract 

Background Estimates of chronic pain prevalence using coded primary care data are likely to be substantially lower 
than estimates derived from community surveys. Most primary care studies have estimated chronic pain prevalence 
using data searches confined to analgesic medication prescriptions. Increasingly, following recent NICE guideline 
recommendations, patients and doctors opt for non‑drug treatment of chronic pain thus excluding these patients 
from prevalence estimates based on medication codes. We aimed to develop and test an algorithm combining medi‑
cation codes with selected diagnostic codes to estimate chronic pain prevalence using coded primary care data.

Methods Following a scoping review 4 criteria were developed to identify cohorts of people with chronic pain. 
These were (1) people with one of 12 (‘tier 1’) conditions that almost always results in the individual having chronic 
pain (2) people with one of 20 (‘tier 2’) conditions included when there are also 3 or more prescription‑only analge‑
sics issued in the last 12 months (3) chronic neuropathic pain, or (4) 4 or more prescription‑only analgesics issued 
in the last 12 months. These were translated into 8 logic rules which included 1,932 SNOMED CT codes.

Results The algorithm was run on primary care data from 41 GP Practices in Lambeth. The total population con‑
sisted of 386,238 GP registered adults ≥ 18 years as of the 31st March 2021. 64,135 (16.6%) were identified as peo‑
ple with chronic pain. This definition demonstrated notably high rates in Black ethnicity females, and higher rates 
in the most deprived, and older population.

Conclusions Estimates of chronic pain prevalence using structured healthcare data have previously shown lower 
prevalence estimates for chronic pain than reported in community surveys. This has limited the ability of researchers 
and clinicians to fully understand and address the complex multifactorial nature of chronic pain. Our study demon‑
strates that it may be possible to establish more representative prevalence estimates using structured data than previ‑
ously possible. Use of logic rules offers the potential to move systematic identification and population‑based man‑
agement of chronic pain into mainstream clinical practice at scale and support improved management of symptom 
burden for people experiencing chronic pain.
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Background
 Chronic pain is usually defined as pain lasting for more 
than 3 months [1]. There are many causes. Sometimes 
chronic pain is a feature of an underlying Long Term 
Condition (LTC) such as osteoarthritis, endometriosis 
or cancer, in which case the pain is described as chronic 
secondary pain. In other situations, chronic pain has no 
clear underlying cause and is termed chronic primary 
pain; examples include fibromyalgia, chronic daily head-
ache, complex regional pain syndrome, irritable bowel 
syndrome. Chronic primary pain is likely to have a basis 
in a mix of physiological, psychological and social factors. 
Approximately one third of people with chronic pain 
have a musculo-skeletal (MSK) cause, a third report no 
underlying LTC, 15% have a mental health disorder with 
smaller proportions reporting less common underlying 
causes [2]. Mental health problems may be linked both to 
causes and consequences [3].

Prevalence estimates for chronic pain vary widely. The 
Health Survey for England (2017), a community survey, 
found that 34% of adults had chronic pain, a prevalence 
that increased to 53% of adults aged 75 years and over 
[2]. In one of the few systematic reviews of chronic pain 
prevalence, 19 studies were identified with data from 
almost 140,000 people producing a pooled prevalence 
estimate of 43.5% [4].

Estimates based on primary care data searches are 
likely to produce lower prevalence values than commu-
nity surveys, resulting in considerable underestimation 
of true prevalence, especially if coded data searches are 
confined to analgesic medication prescriptions such as 
non-steroidal anti-inflammatory analgesics (NSAIDs) or 
opioids, or diagnostic codes for simply ‘chronic pain’. In a 
UK study based on 400,000 adult patients using Clinical 
Practice Research Datalink (CPRD) data, the registered 
adult population (≥ 18 years) prevalence of chronic pain 
was 10.1% [5]. Identification of chronic pain patients in 
this study relied on computerised searches for analgesic 
medication developed by the Primary Care Unit, Uni-
versity of Cambridge [6]: 4 or more Prescription Only 
Medications (POMs) in the last 12 months with exclu-
sions for analgesics with dual indication such as epilepsy 
(in patients with an ‘epilepsy’ coding). Similarly, a study 
based on Scottish primary care data from 1.75 million 
patients of all ages, again confined to medication data, 
noted a prevalence of 7.2% for ‘painful condition’ [7].

Although prevalence shortfalls are to be expected for 
many LTCs using coded primary care data searches when 
compared to community survey data, the ‘prevalence gap’ 
for chronic pain is likely to be large. This is because of 
a lack of consistent ‘chronic pain’ coding in primary care 
records [8], the fact that chronic pain is often the result of 
a diverse range of often unrelated underlying conditions 

and that many patients and doctors increasingly opt for 
non-drug management of their pain, as currently recom-
mended by NICE guidelines [1]. We aimed to develop 
and conduct initial testing of an algorithm to detect 
patients at risk of chronic pain using coded primary care 
data, combining medication codes with selected diagnos-
tic codes including codes for ‘chronic pain’, and for condi-
tions known to be associated with chronic pain.

Methods
Chronic pain was included as one of 32 Long Term Con-
ditions (LTCs) as part of Guy’s and St Thomas’ Charity’s 
Multiple Long Term Conditions (MLTC) programme [9, 
10]. Each LTC was identified using a set of clinical and 
medication codes (Read, SNOMED CT and EMIS codes). 
To identify patients with chronic pain, a set of clinical 
codes and logic rules (business rules) were developed and 
applied to anonymised person-level primary care data.

Initially, a scoping review was undertaken to under-
stand how chronic pain is defined clinically by 16 differ-
ent national and international organisations (Table S1, 
Supplementary File). This included the Faculty of Pain 
Medicine of the Royal College of Anaesthetists UK, the 
National Institute for Health and Care Excellence (NICE) 
and the American Chronic Pain Association. We reached 
a consensus definition of chronic pain, based on the lit-
erature: ‘a persistent or recurrent pain, lasting 3 months 
or longer’.

A further scoping review was undertaken to iden-
tify sources which have used conditions, codes or logic 
rules to identify people with chronic pain from electronic 
health record data. This led to the development of four 
criteria compiled into a unified definition to include any 
individual who met one or more of these four criteria.

In a systematic review by Carreira et  al., definitions 
and combinations of codes were used to identify chronic 
pain (amongst other conditions) using electronic health 
records from primary care databases in the UK [11]. 
Eight studies were found which defined chronic pain; and 
of these, four included Read code lists for chronic pain 
[12–15]. Based on the lists of Read codes across these 
published sources (approximately 3000 Read codes), a list 
of ‘tier 1’ and ‘tier 2’ conditions was derived, discussed 
and agreed by the clinicians among the co-authors (RD-
R, HD, MA). Tier 1 conditions were those that would 
almost always result in chronic pain. Tier 2 conditions 
were those (typically on the more severe end of their 
spectrum of severity) that could result in chronic pain. 
Coded painful conditions which might be either acute or 
chronic were only included in Tier 2 if there was addi-
tional evidence of longer term analgesic prescriptions 
which would indicate clinically significant chronic pain. 
In addition, Read codes for dysmenorrhoea, migraine and 
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endometriosis conditions, which were not in the original 
list of Read codes, were included in tier 2 [16].

Criteria 1 ‑‑ conditions very strongly associated 
with chronic pain
Includes all people with a condition or diagnosis that 
almost always results in the individual having chronic 
pain. These 12 conditions have been labelled as ‘tier 1’ 
conditions.

Tier 1 conditions

• Ankylosing spondylitis
• Chronic low back pain
• Chronic osteomyelitis
• Chronic pain
• Complex Regional Pain syndrome
• Fibromyalgia
• Fibrositis
• Periostitis
• Rheumatic pain
• Rheumatism
• Rheumatoid arthritis
• Still’s disease

Criteria 2 ‑‑ conditions associated with chronic pain
Includes all people with a condition that could result in 
chronic pain, and therefore only included when there are 
also 3 or more prescriptions issued for a prescription-
only analgesia (as per those used in Criteria 4, below) 
in the last 12 months. These 20 broad condition groups 
have been labelled as ‘tier 2’ conditions.

Tier 2 conditions

• Arthrosis/ arthritis/ arthralgia/ arthropathy (excl. 
reactive/ transient)

• Cervicocranial/ cervicobrachial syndrome
• Coccygodynia
• Connective tissue disorders
• Dysmenorrhoea
• Endometriosis
• Familial chondrocalcinosis
• Migraine
• Myositis (excl. infective causes)
• Osteoarthritis
• Osteochondritis
• Osteoporosis (incl. fragility fracture and collapsed 

vertebra)
• Pain/ache of different body parts/general aches & 

pains
• Pathological fracture

• Polymyalgia/PMR/GCA 
• Radiculopathy (incl. cauda equina compression)/ 

radiculitis
• Sciatica
• Spinal stenosis
• Spondylopathy/ spondylosis/ spondylolisthesis
• Systemic Lupus Erythematosus

Criteria 3 ‑‑ chronic neuropathic pain
Three publications were identified with definitions for 
neuropathic pain as a form of chronic pain [17–19]. 
These were collated for this criterion which includes peo-
ple with neuropathic pain as a result of the following 4 
conditions. This results in 5 logic rules (see Fig. 1).

• Trigeminal neuralgia;
• Post herpetic neuralgia, including people with neu-

ropathy or neuropathic pain 3-6 months following an 
episode of acute herpes zoster;

• Phantom limb pain, including people with neuropa-
thy or neuropathy pain 3-24 months following an 
amputation;

• Painful diabetic neuropathy, including people with 
a diabetic neuropathy and a neuropathic pain treat-
ment*, or diabetes and neuropathic pain (coded 
separately).

*A neuropathic pain treatment was defined as an anal-
gesic (excluding low dose aspirin), an anaesthetic (oral or 
intravenous), an antiepileptic in patients with no history 
of epilepsy, or an antidepressant.

Criteria 4 ‑‑ regular analgesic prescriptions
Includes people who have had 4 or more prescriptions 
issued for a prescription-only analgesia in the last 12 
months. The original source of this definition is the Cam-
bridge Primary Care Unit [6] and is the same list of anal-
gesics used for tier 2 conditions. It includes the following 
4 categories of medication:

• Non-opioid analgesics (except low dose aspirin);
• Opioid analgesics; neuropathic pain analgesics;
• Tricyclic antidepressants (amitriptyline and nortrip-

tyline only);
• Antiepileptic drugs (except if the person has a diag-

nosis of epilepsy).

To enable the definition made up of these 4 criteria to 
be translated into queries or searches and applied to pri-
mary care data, they needed to be further divided into 
individual logic rules. The logic includes combinations of 
clinical diagnostic codes and prescription codes, as well 
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Fig. 1 Overarching logic for population: all people aged 18 and over who are currently registered with a general practitioner



Page 5 of 10Hafezparast et al. BMC Primary Care          (2023) 24:184  

as timeframes in which specific prescriptions are issued 
and conditions are diagnosed. Each component of the 
logic rules refers to a list of SNOMED CT clinical codes 
(Lists A-I) or BNF drug chapters (Drugs A-B) (Fig. 1).

Further expansion and refinement of the SNOMED CT 
codes: following recent changes in clinical coding classi-
fications used in GP IT systems, from Read to SNOMED 
CT, a total of 780 Read codes used in this definition 
were translated into 552 SNOMED CT codes through 
Read to SNOMED CT mapping tables, followed by a 
clinical review of all SNOMED CT codes found through 
this method. In addition, SNOMED CT searches [20] 
were carried out for the conditions listed in the criteria 
resulting in the addition of a further 1,380 SNOMED 
CT codes. These searches produced a final list of 1,932 
SNOMED CT codes used together with the eight logic 
rules (Fig. 1).

Results
Data source
We aimed to validate the ‘chronic pain’ SNOMED CT 
codes and algorithms on a primary care dataset. We 
used primary care data from Lambeth DataNet, an 
anonymised database containing data from all gen-
eral practices in Lambeth (n = 41), an inner-city, multi-
ethnic and relatively young population [21–23]. The 
data extracted covered the period 1st April 2005 to 31st 
March 2021, and included all registered adults ≥ 18 years 
with one or more of the 32 LTCs as of 31st March 2021 
[8]. Approximately 4.6% of patients had ‘Informed Dis-
sent’ codes in their Electronic Health Record (EHR) and 
their data could not be included in this analysis. The total 
sample population consisted of 386,238 currently GP 

registered adults ≥ 18 years as of the 31st March 2021. 
Since this was part of a wider project on multimorbidity 
and health inequalities, the prevalence of chronic pain 
was compared with other LTCs and stratified by demo-
graphic characteristics. Ethnicity was characterised using 
the five national Census codes [24]. Social deprivation 
was based on the Index of Multiple Deprivation 2019, 
stratified into national quintiles [25].

An initial pilot version of the algorithm (developed 
prior to the SNOMED CT codes which underwent fur-
ther expansion and refinement) was developed and run 
on the longitudinal data source. The chronic pain logic 
rules and codes were applied to the whole period of the 
dataset and a snapshot taken as of 31st March 2021. A 
total of 183,092 (47.4%) had a record of one or more of 
the 32 LTCs, and a total of 64,135 (16.6%) were identified 
with chronic pain (Fig. 2.

The following results provide further socio-demo-
graphic data of the population identified by the chronic 
pain algorithm in relation to age (Fig. 3), gender (Fig. 4), 
ethnicity (Fig.  5), and deprivation (Fig.  6). Prevalence 
of chronic pain was higher in people aged 65 years and 
above (compared to people aged 18 to 64): 51.3% vs. 
13.1%; females (compared to males): 20.6% vs. 12.6%; 
people of Black ethnicity (compared to people of White 
or Asian ethnicity): 26.4% vs. 15.2%; people in the most 
deprived IMD quintile nationally (compared to the least 
deprived quintile): 21.2% vs. 10.4%.

Discussion
The consensus driven algorithm for chronic pain was 
based on four overarching criteria consisting of a total 
of 1,932 SNOMED CT codes used across 8 logic rules. 

Fig. 2 Prevalence of top 12 LTCs in all adults registered at a GP practice in Lambeth
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These codes and logic rules were applied to primary 
care data extracted from the Electronic Health Record. 
Based on this method and results, the overall preva-
lence of chronic pain in adults currently registered in 
primary care was 16.6%. The method was feasible; it had 
face validity as observed prevalence was higher than in 
other studies based on medication prescribing alone; 
and followed a similar pattern to reported chronic pain 
prevalence according to gender, ethnicity and depriva-
tion [2]. This definition has contributed to the broader 
study of health inequalities demonstrating notably high 
rates in Black ethnicity females, and higher rates in the 
most deprived, and older population. Although our find-
ings are likely to be under-estimates of true community 

prevalence of chronic pain, this detailed methodology 
has produced higher primary care prevalence estimates 
than those based on analgesic prescribing alone [5, 7]. As 
such, these findings highlight the importance of chronic 
pain which is associated with high rates of primary care 
resource utilisation [26]. Chronic pain is also likely to 
lead to substantial functional impairment and disability, 
although this is under-reported and difficult to quantify 
using primary care records [27].

Strengths and limitations
It is important to note that the purpose of this work was 
to support data analysis that was considered ‘secondary 
use’; no patient identification was required or carried out 

Fig. 3 Prevalence of chronic pain by age group and population structure by age group comparing people with chronic pain to the wider 
population

Fig. 4 Prevalence of chronic pain by gender and population structure by gender comparing people with chronic pain to the wider population
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to contact patients, for interventions or care. In addition, 
at a population level it was used to identify all people 
who had experienced chronic pain previously based on 
the above definition, not only those who are experiencing 
chronic pain currently. Therefore, this definition will only 
identify people who are at risk of chronic pain, and not 
only those who are currently experiencing chronic pain. 
Although this analysis revealed a significantly greater 
number of people at risk of chronic pain than previous 
approaches, there has as yet been no independent valida-
tion of this definition to establish how well the combined 
definition is successfully identifying those experiencing 
chronic pain currently.

It would be possible to refine the algorithm further to 
remove people who may have a tier 2 condition but have 
not met the prescribed analgesia thresholds in the most 
recent 12 month period, and the same for prescribed 
analgesia thresholds during the most recent 12 month 
period (criteria 4). This would have the effect of reducing 
the reported prevalence of people at risk of experienc-
ing chronic pain but may increase the positive identifi-
cation rate of those experiencing chronic pain currently. 
How such thresholds and logic are applied within the 
algorithm should largely be determined by each use case. 
These include how important it is to identify all people 
potentially experiencing chronic pain including a higher 

Fig. 5 Prevalence of chronic pain by ethnicity and population structure by ethnicity comparing people with chronic pain to the wider population

Fig. 6 Prevalence of chronic pain by most deprived and least deprived (IMD) and population structure by deprivation comparing people 
with chronic pain to the wider population
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number of ‘false positives’, versus identifying a smaller 
number but with a greater likelihood of accurately identi-
fying people currently experiencing chronic pain.

A further potential limitation relates to the fact that 
chronic pain has historically been considered a symp-
tom of a range of underlying causes, rather than a ‘condi-
tion’ in its own right. One consequence of this is that the 
criteria above are not mutually exclusive, so a clear pic-
ture of which specific criteria above are most driving the 
chronic pain prevalence observed in this study and the 
interplay with other LTCs is complex. People may enter 
the chronic pain cohort through attribution to multiple 
criteria above. Understanding which of the above criteria 
are most important in identifying chronic pain would be 
highly complex and would ideally need to be undertaken 
as further research, once it is confirmed that people iden-
tified using coded primary care data are correspond-
ing well to those identified by community surveys. On 
the other hand, inclusion of the broad diagnostic cod-
ing category of ‘chronic pain’ in our definition of a Tier 
1 condition would be expected to capture a diversity of 
conditions through more granular SNOMED CT codes 
not specifically included elsewhere in Criteria 2–4 such 
as chronic pain related to a cancer diagnosis.

A further consequence of the chronic pain defini-
tion being made up of other LTC definitions is that the 
analysis of multiple long term conditions in the popu-
lation becomes more complex. For example, all people 
with rheumatoid arthritis would be included in the 
multiple long term conditions cohort as they would 
have a flag for both ‘chronic pain’ and ‘rheumatoid 
arthritis’.

It is likely that our findings represent an underesti-
mate of chronic pain prevalence for patients in primary 
care. Firstly, patients may fulfil our diagnostic criteria 
for chronic pain but not be identified as chronic pain 
patients because they opt for over-the-counter analgesic 
medication. Secondly, our exclusion criteria meant that 
some patients with both epilepsy and chronic pain who 
only met criteria 4 were excluded, since analgesics with 
anti-epileptic properties were excluded. Thirdly, patients 
prescribed SSRIs or duloxetine were not included 
because of uncertainty about whether primary indication 
was depression or chronic pain.

Implications for practice
In order to test and implement this method of defin-
ing chronic pain, identifying people who fulfil these 
specific criteria for chronic pain and to contribute to 
clinical practice, this study has subsequently been trans-
lated into an EMISWeb Search (EMIS is the clinical 
software supplier for all general practices contributing 

data to Lambeth DataNet). This may support piloting, 
further validation and identification of those potentially 
at risk of chronic pain for clinical review by their GPs. 
Following confirmation of chronic pain by their GP, 
people could be offered interventions aligned to NICE 
guideline recommendations [1], acknowledging the 
importance of a holistic biopsychosocial approach to 
management the management of chronic pain and sup-
porting approaches to self-management.

Conclusions
Estimates of chronic pain prevalence in the community 
using structured healthcare data have previously shown 
lower prevalence estimates for chronic pain than com-
munity surveys. This has limited the ability of research-
ers and clinicians to fully understand and address 
the complex multifactorial nature of chronic pain in 
practice.

This study demonstrates that it may be possible to 
establish more representative prevalence estimates using 
structured data than has previously been possible. Using 
data of this kind, it may be more practical to continu-
ously understand changes in prevalence of chronic pain, 
and explore potential drivers in specific groups of people 
more likely to experience chronic pain. This offers the 
potential to move systematic identification and popula-
tion-based management of chronic pain into mainstream 
clinical practice at scale, and support improved symptom 
burden for people experiencing chronic pain. However, 
prevalence estimates of this kind will always depend on 
definitions and purpose. Future research should ideally 
focus on improving consistency of structured data defi-
nitions in chronic pain, and validating outputs of peo-
ple flagged as at risk of experiencing chronic pain with 
patients directly.
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