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Abstract
Capture–recapturemethods are increasingly used to determine the prevalence of numerous chronic conditions but have never been
used in the context of chronic pain (CP). This study sought to provide up-to-date estimates of the prevalence of people experiencing
CP6 neuropathic characteristics in France using the capture–recapture method. In 2013 to 2015, 3 data sources were used: the
French prescription drug database (D-list), the national hospital discharge database (H-list), and the French pain center database (P-
list). Patients aged 18 years and older treated with analgesic drugs for $6 months (D-list) or with a diagnosis of CP 6 neuropathic
characteristics (H- and P-lists) were included. Two successive capture–recapture analyses were conducted, with log-linear
regression for each analysis performed. A total of 63,557 and 9852 distinct cases of CP and chronic neuropathic pain were
captured, respectively. The estimated prevalence of CP and chronic neuropathic pain in the adults ranged from 27.2% (95%
confidence interval: 26.1-28.4) to 32.7% (26.0-43.3) and from 5.55% (2.89-19.0) to 7.30% (6.40-8.41), respectively. Most patients
were female, median ages were 67 (55-80) and 63 (51-76) years for chronic and neuropathic pain, respectively. The analgesic drugs
most frequently used in CP patients were paracetamol (62.1%), weak opioids (39.7%), and nonsteroidal anti-inflammatory drugs
(32.7%), whereas in neuropathic pain patients, anticonvulsants (45.3%), tricyclic antidepressants (18.1%), and serotonin–
norepinephrine reuptake inhibitors (13.3%) were more frequently used. This first electronic health record–based study on CP using
the capture–recapture method revealed a high prevalence of CP, with a significant proportion of neuropathic pain patients.
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1. Introduction

Chronic pain (CP) is a major public health issue worldwide in
terms not only of its huge impact on patient quality of life15,23 but
also of its significant economic impact on society, with both direct
and indirect costs.8,34,38 Chronic pain, a highly complex
condition, is classified into nociceptive, neuropathic, and noci-
plastic pain and may be affected by socio-environmental or
psychological determinants. The epidemiology of CP has been

assessed through several studies conducted using community
surveys. Publishedprevalence estimatesofCP varywidely, ranging
worldwide from 8% to over 60%.5,8,16 In Europe, estimates derived
from different settings have demonstrated that CP affects 10% to
30% of the adult population.8,40 Discrepancies between pain
prevalence rates may be partly due to how CP is defined, what
severity of pain is considered, and how patients are selected. In
France, only one large epidemiological study is available.
Bouhassira et al. conducted a large nationwide postal survey in
2004 that included more than 20,000 patients. The prevalence of
CP in the general population was estimated at 31.7%.6

Generalizing data from surveys represents an important issue,
and representativeness and response rates should be appropri-
ately considered because selection bias and nonresponse bias
may seriously affect the validity of a survey. Moreover, no
exhaustive system of CP reporting or registration is currently
available in France. In this context, the capture–recapture
method represents a worthy alternative and may provide more
reliable estimates. The capture–recapture approach was origi-
nally developed in the fields of biology and zoology to estimate the
size of a closed wild animal population.10 Different samples of
animals are captured, counted, and tagged. By calculating the
proportion of tagged animals in other samples, the size of the total
population can be estimated. By comparing data from several
independent overlapping sources, it is possible to adjust for
missing cases and to generate estimates of the prevalence of
a given condition.
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This method has also been used in epidemiological studies to
estimate the prevalence of a disease,11 and it has been applied to
a number of medical conditions.9,30,37,43,47 However, to our
knowledge, no epidemiological studies focusing on the preva-
lence of CP have used the capture–recapture approach to
estimate the size of the CP population.

An updated prevalence estimate for CP in France is needed,
since the most recent French data were published in 2008 on
patients surveyed in 2004.6 As CP predominantly affects older
adults, and considering global population aging,25 more up-to-
date national estimates would give decision makers valuable
insights to develop strategies to meet health care needs, design
essential health policies, and allocate health care resources
adequately. The aim of this study was to provide up-to-date
national estimates of the prevalence of CP with or without
neuropathic characteristics in France using the capture–
recapture method.

2. Methods

The capture–recapture method, used in this work, estimates the
total number of cases of a specific disease after matching cases
reported in at least 2 sources. In this study, 3 data sources were
used to identify people experiencing CP.

2.1. Settings

This study used electronic health care record data between
January 1, 2013, and December 31, 2015, from the Echantillon
Généraliste des Bénéficiaires (EGB) database, a representative 1/
97th random sample of the population covered by the French
national health insurance system (approximately 80% of the
French population).4 The EGB merges 3 distinct databases: (1)
the drug reimbursement database, which collects all claims for
prescribed and reimbursed drugs, (2) the national hospital
discharge summaries database (Programme de Médicalisation
des Systèmes d’Information, PMSI), which includes hospital
admissions inmedical, surgical, and obstetrical wards, and (3) the
specialized pain centers database, which includes medical
information on full or partial hospitalizations in these centers.
The use of this anonymized data for medical research has been
approved by the Commission Nationale de l’Informatique et des
Libertés, the French data protection authority.

Capture–recapture data consisted of overlapping lists of
patients in the target CP population taken from 3 administrative
data sources. Each source represented the “capture” stage, ie,
each source is regarded as a trapping sample. Overlaps between
sources were considered analogous to overlapping “captures” of
animals, and thus corresponded to the “recapture” stage, using
identification number as tags or marks. The recapture information
(ie, source-overlap information or source intersection) can be
used to estimate the size of the unobserved population and then
the total population under proper assumptions.

2.2. Capture/description of the 3 data sources

The first source was the drug reimbursement database, which
comprises all claims for prescribed and reimbursed drugs
dispensed in retail pharmacies (including dates dispensed and
quantities supplied). Data on analgesic drugs dispensed were
extracted according to the Anatomical Therapeutic Chemical
classification codes. Strong opioids included morphine (Ana-
tomical Therapeutic Chemical codes N02AA01 and
N02AA51), fentanyl (N02AB03), oxycodone (N02AA05 and

N02AA55), pethidine (N02AB02), and buprenorphine
(N02AE01). Weak opioids included tramadol (N02AX02,
N02AX52), codeine (N02AA59), dihydrocodeine (N02AA08
and N02AA58), and opium (N02AA02). Paracetamol
(N02BE01), nonsteroidal anti-inflammatory drugs (NSAIDs:
M01A), nefopam (N02BG06), and antimigraine drugs (N02C)
were also extracted. First-line drugs for neuropathic pain
according to current recommendations19 were also included,
namely anticonvulsants (gabapentin N03AX12 and pregabalin
N03AX16), tricyclic antidepressants (clomipramine N06AA04
and amitriptyline N06AA09), and serotonin–norepinephrine
reuptake inhibitors (SNRIs: duloxetine N06AX21 and venlafax-
ine N06AX16). Five-percent lidocaine-medicated plaster
(N01BB02) used as a specific second-line neuropathic pain
drug19 was also extracted. As antidepressants and antiep-
ileptic drugs are commonly used in indications other than
chronic neuropathic pain, patients with a previous history of
mental health or epileptic disorders were excluded based on
the following International Classification of Diseases 10th
revision (ICD-10) codes: F00 to F99 (mental and behavioral
disorders), and G40 (epilepsy) or G41 (status epilepticus).
Chronic pain patients were identified using a 6-month
continuous treatment period with an interval of less than 35
days between 2 consecutive dispensations. The 6-month
duration was chosen based on the International Association
for the Study of Pain expert group proposal,13 a choice which
made sure that the patients were clearly affected by a chronic
disease. The 35-day threshold was based on the fact that, in
France, prescription drugs are dispensed for a maximum of 4
weeks. To more accurately detect any prescription interrup-
tions, 1 week was added to the maximum prescription
duration. The corresponding D-list was composed of patients
aged 18 years and older who received 6 months of continuous
treatment with analgesic drugs between 2013 and 2015.

The second data source was the national hospital discharge
database. Whenever a patient is admitted to a medical, surgical,
or obstetrical ward, the principal and associated diagnoses are
noted and coded according to ICD-10. Chronic pain as a principal
or associated diagnosis was identified based on the ICD-10
codes R5210 (chronic neuropathic pain), R5218 (other chronic
intractable pain), and R522 (other CP). The corresponding H-list
was composed of patients aged 18 years and older who were
diagnosed with CP between 2013 and 2015.

The third source was the French database on specialized pain
centers. A pain center is a health care facility that focuses on the
diagnosis and management of CP. Full hospitalization and day
hospital data were collected, including information on main
diagnosis coded according to the ICD-10, making it possible to
distinguish chronic neuropathic pain from other CP conditions.
This P-list included all patients aged 18 years and older admitted
between 2013 and 2015.

Two capture–recapture analyses were successively conducted,
aiming at first identifying CP patients with or without neuropathic
characteristics and then at specifically identifying the subgroup of
chronic neuropathic pain patients by restricting the D-list to first-
and second-line drugs for neuropathic pain and theP-list andH-list
to the R5210 (chronic neuropathic pain) ICD-10 code.

2.3. Recapture/identification of common patients
among sources

After data collection, cases from each list werematched using their
unique, and common anonymized identifier, the Numéro d’In-
scription au Répertoire (NIR), ie, the French national identification
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number. This process identified cases that appeared on1, 2, or all 3
of the lists and determined the number of overlaps.

2.4. Capture–recapture estimates

In epidemiology, the validity and the reliability of the estimates
hinges on the following underlying assumptions on which the
method is based: (1) A closed population, ie, there is no change
during the investigation period (no births, no deaths, no
immigration, or emigration). (2) Patients can be matched without
error between sources, ie, the record-linkage procedure between
sources should be reliable (no misclassification of records)
because the accurate determination of the number of overlap
cases is essential to obtain unbiased estimates. (3) The in-
dependence between sources: 2 sources are independent if the
probability of a patient being reported in one source does not
depend on its probability of being reported in the other source. In
the context of 3 sources, the independence assumption is not
crucial because it is possible to adjust for potential source
dependencies. (4) A homogeneous population, ie, each patient
has the same probability of being observed within sources, or,
alternatively, the probability of being observed in a source does
not depend on the characteristics of the patient (ie, age, sex,
severity of disease…).

From the 3-source capture–recapture data, there are a number
of methods to provide estimates of the number of unobserved
patients, and particularly, log-linear modellingmethods have been
used extensively.27,39 The log-linear method allows for determi-
nation of the missing data (total number of cases) from a 2s

contingency table (S being the total number of sources). With 3
sources (s5 3), there are 23, ie, 8 possible combinations of these
sources in which cases do or do not appear (see supplementary
figures 1-2, available at http://links.lww.com/PAIN/A633). A 3-
source analysis was performed by fitting 8 log-linear models to the
data arranged in this 23 contingency table. These analyses were
performed using STATA’s user-written “recap” program for
standard 3-source capture–recapture analysis.1

By using log-linear methods with 3 lists, estimates are
generated by 1 of 8 models, from the simplest, independence
of all sources (the “independent” model), to the most complex,
the presence of all 2-source interactions (the “saturated” model).
In other words, 8 types of log-linear models can be identified: the
“independent model” which assumes that all sources are
independent (see supplementary table 1, model No. 8 [P H D],
available at http://links.lww.com/PAIN/A633), 3 models that
includes a 2-source interaction term (see supplementary table
1, model No. 5, 6, or 7, available at http://links.lww.com/PAIN/
A633), 3models that includes 2 terms of 2-source interaction (see
supplementary table 1, model No. 2, 3, or 4, available at http://
links.lww.com/PAIN/A633), and finally, a “saturated model” that
incorporates all possible 2-source interactions (see supplemen-
tary table 1, model No. 1 [P H D PH PD HD], available at http://
links.lww.com/PAIN/A633). Dependence between sources is
incorporated by introducing interaction terms in the models.

This modeling strategy has been validated and fully described
elsewhere.27,39 Briefly, to assess how the various log-linear
models fit the data, the log likelihood-ratio test, also known as G2

or deviance, was used; the lower the value of G2 the better is the
fit of the model. Then, to select the most appropriate model, 2
information criteria were used: the Bayesian information criterion
(BIC) and the Akaike information criterion (AIC). The best-fitting
model was defined as the one that offered the best balance
between the lowest deviance (G2), the lowest BIC or lowest AIC,
and the most parsimonious model (greatest simplicity, ie, the
least saturated that includes less interaction terms).12 Ninety-
five–percent goodness-of-fit confidence intervals (95% CIs) were
estimated using the likelihood ratio.

Theoretically, the saturated model represents the best model
that fits the data perfectly, including all possible interactions.
However, although the saturatedmodel provides the least biased
estimates, it is also associated with a large variance resulting in
poorer precision of the estimates, compared with more parsimo-
nious models. Statisticians view this principle as “a bias vs
variance tradeoff.” All model selection methods use some notion

Figure 1. Flow chart of the included patients from the 3 different databasesmerged in the Echantillon Généraliste des Bénéficiaires (EGB) between 2013 and 2015:
the hospital discharge database (H-list), the pain center database (P-list), and the drug reimbursement database (D-list).
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of this tradeoff (as the number of parameters in a model increases,
bias decreases but variance increases). Typically, the saturated
model is the starting point, ie, the default model that is used for
testing of goodness-of-fit of the other models, to select the most
parsimonious model that will achieve a proper tradeoff between
bias and variance. We also conducted a final sensitivity analysis by
examining the impact of precision of the estimates of chronic pain
6 neuropathic characteristics with increasing model size.

The prevalence of CP with or without neuropathic character-
istics was determined by dividing the number of patients obtained
from the selected model by the total EGB population aged 18
years and older residing in France (ie, n5 507,608) fromwhich all
3 sources were derived in the 2013 to 2015 period (Fig. 1). Data
were expressed as frequency and associated percentage for
categorical data and asmean6SDor asmedian and interquartile
range for quantitative data. Statistical analysis was performed

using Stata 12.0 software for Windows (StataCorp LP, College
Station, TX).

3. Results

3.1. Prevalence of chronic pain in the general population

Between 2013 and 2015, 61,880 CP patients were collected
from the D-list, 2579 from the H-list, and 325 from the P-list
(Table 1). Median ages were 68 (47-64), 64 (52-78), and 53 (45-
66) in the D-, H-, and P-lists, respectively. Most of the patients
were female, with 64.7%, 56.0%, and 63.6%women in the D-, H-
, and P-lists, respectively (Table 1). The over-75 age group was
the most represented in the H- and D-lists (31.0% and 35.8%,
respectively), whereas the 50 to 64 age groupwas predominant in
the P-list. The most common prescription medicines taken by

Table 1

Characteristics of chronic pain patients included 2013 to 2015.

P-list*, n 5 325 H-list*, n 5 2579 D-list*, n 5 61,880 P H D†, n 5 63,357

Age (y)

Mean 6 SD (min-max) 55.3 6 15.0 (18-95) 63.7 6 16.8 (18-105) 66.2 6 16.8 (18-108) 66.1 6 16.8 (18-108)

Median (Q1-Q3) 53 (45-66) 64 (52-78) 68 (55-80) 67 (55-80)

Age category, n (%)

,25 6 (1.5) 27 (1.1) 629 (1.0) 634 (1.0)

25-34 17 (5.3) 109 (4.2) 2300 (3.7) 2408 (3.8)

35-49 105 (32.4) 408 (15.8) 7608 (12.3) 7920 (12.5)

50-64 106 (32.7) 774 (30.0) 15,917 (25.7) 16,346 (25.8)

65-74 50 (15.4) 461 (17.9) 13,276 (21.5) 13,558 (21.4)

$75 41 (12.7) 800 (31.0) 22,150 (35.8) 22,492 (35.5)

Sex (n, %)

Male 118 (36.4) 1134 (44.0) 21,848 (35.3) 22,555 (35.6)

Female 207 (63.6) 1445 (56.0) 40,032 (64.7) 40,802 (64.4)

Low-income status (n, %) 36 (11.1) 469 (18.2) 4352 (7.0) 4791 (7.6)

Cancer (n, %) 21 (6.5) 167 (6.5) 3820 (6.2) 3991 (6.3)

Diabetes (n, %) 20 (6.2) 171 (6.6) 4216 (6.8) 4335 (6.8)

Chronic pain ICD-10 codes (n, %)

R5210 86 (26.5) 676 (26.2) n.a 685 (1.1)

R5218 153 (47.1) 1346 (52.2) n.a 1431 (2.3)

R522 2 (0.6) 557 (21.6) n.a 558 (0.9)

Analgesic drugs (n, %)‡

Paracetamol — — 38,410 (62.1) 38,410 (60.6)

NSAIDs — — 20,251 (32.7) 20,251 (32.0)

Nefopam — — 550 (0.9) 550 (0.9)

Triptans — — 2404 (3.9) 2404 (3.8)

Weak opioids — — 24,553 (39.7) 24,553 (38.8)

Tramadol — — 13,582 (21.9) 13,582 (21.9)

Opium — — 7402 (12.0) 7402 (12.0)

Codeine — — 5294 (8.6) 5294 (8.6)

Strong opioids — — 3133 (5.1) 3133 (5.0)

Morphine — — 1137 (1.8) 1137 (1.8)

Oxycodone — — 1003 (1.6) 1003 (1.6)

Fentanyl — — 1296 (2.1) 1296 (2.1)

Antiepileptics — — 1303 (2.1) 1303 (2.1)

Gabapentin — — 359 (0.6) 359 (0.6)

Pregabalin — — 971 (1.6) 971 (1.6)

TCAs — — 830 (1.3) 830 (1.3)

SNRIs — — 780 (1.2) 780 (1.2)

Lidocaine plaster — — 77 (0.1) 77 (0.1)

“—” Represents treatments were not available in the H- and P-lists.

* Occurrences captured in each list.

† Total occurrences captured (multiple occurrences are counted once).

‡ Dispensed at least 3 times during the year of inclusion, except for paracetamol (6 dispensations) because it can be used intermittently to treat a nonspecific fever or flu-like symptoms.

n.a, not available; NSAIDs, nonsteroidal anti-inflammatory drugs; TCAs, tricyclic antidepressants; SNRIs, serotonin–norepinephrine reuptake inhibitors.
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D-list patients were paracetamol (62.1%), weak opioids (39.7%),
and NSAIDs (32.7%). Some 5% were taking strong opioid
analgesics, and triptans were used by 3.9%. Gabapentinoid
anticonvulsants, tricyclic antidepressants, and SNRIs were less
frequently prescribed, at 2.1%, 1.3%, and 1.2%, respectively.

Concerning overlaps, there were 228, 1163, and 161 common
cases identified between the P- and H-, H- and D-, and P- and D-
lists, respectively (Fig. 2A). In total, 125 patients overlapped
between the 3 sources. Consequently, after cross-referencing,
the 3 data sources led to the capture of 63,357 cases. The
median age of captured patients was 67 (55-80) years, and the
most represented age group was the older than 75 years age
group (35.5%). They were predominantly female (64.4%) and
low-income patients accounted for 7.6%. Patients affected by
cancer and diabetes accounted for 6.3% and 6.8%, respectively.

After log-linear regression, the 3 models that achieved the best
balance between the lowest deviance (G2), lowest AIC, and
lowest BIC were (1) the model 2, which incorporated 2 interaction
terms (between the P- and H-lists, and between the P- and D-
lists) provided an estimate of 140,114 (95%CI: 134,072-146,683)
CP patients, ie, a prevalence estimate of 27.6% (140,114/
507,608) (95% CI: 26.4-28.9); (2) the model 3, which also
included 2 interaction terms (between the P- and H-lists, and
between the H- and D-lists) and provided an estimate of 166,177
(95% CI: 131,861-219,972) CP patients, ie, a prevalence
estimate of 32.7% (166,177/507,608) (95% CI: 26.0-43.3); and
(3) the model 5 that, compared with model 2 and 3, had a lower

final estimation of the number of CP patients, 138,107 (95% CI:
132,578-144,092); the corresponding prevalence of CP was
estimated at 27.2% (138,107/507,608) (95% CI: 26.1-28.4).
Compared with model 2 and 3, the model 5 represented a more
parsimonious model, which considered one interaction term
between the P- and H-lists (Table 2). The sensitivity analysis
showed that increasing model size was associated with a parallel
decrease in precision (see supplementary table 2, available at
http://links.lww.com/PAIN/A633: best precision for model 5 with
61.1% [one interaction term] vs 61.2% for model 2 and 68.7%
for model 3 [2 interaction terms] and vs 616.1% for the
most complex model [all possible 2-source interactions], ie,
model 1).

3.2. Prevalence of chronic neuropathic pain in the
general population

Between 2013 and 2015, 9342 cases were collected from the
neuropathic D-list, 676 from the H-list, and 86 cases from the
P-list (Table 2). Median ages were 63 (47-64), 62 (49-75), and
53 (51-76) years in the D-, H-, and P-lists, respectively. The 50
to 64 age group was the most represented in the P-, H-, and D-
lists (38.4%, 30.3%, and 31.1%, respectively). Most of the
patients were female, with 64.6%, 56.4%, and 70.9% women
in the D-, H-, and P-lists, respectively (Table 2). The main
specific neuropathic pain treatments identified from the D-list
were anticonvulsants (45.3%) such as the gabapentinoids
pregabalin (36.5%) and gabapentin (10.8%), tricyclic antide-
pressants (18.1%), SNRIs (13.3%), and lidocaine plas-
ters (11.4%).

After data cross-referencing, there were 77, 172, and 24
common cases identified between the P- and H-, H- and D-,
and P- and D-lists, respectively (Fig. 2B). In total, 21 patients
overlapped between the 3 sources. Consequently, after cross-
referencing, the 3 data sources led to the capture of 9852
cases. The median age of captured patients was 63 (51-76),
and the most represented age category was the 50 to 64 age
group. Captured patients were mainly female (64.1%) and low-
income patients accounted for 9.3%. Patients affected by
cancer and diabetes accounted for 6.3% and 6.6%,
respectively.

After log-linear regression modelling, the 3 models that
achieved the best balance between the lowest deviance (G2),
lowest AIC, and lowest BIC were (1) the model 2 (2 interaction
terms) that provided an estimate of 37,049 (95% CI: 32,494-
42,698) CP patients, corresponding to a prevalence of 7.30%
(37,049/507,608) (95% CI: 6.40-8.41); (2) the model 3, which
also included 2 interaction terms, provided an estimate of
28,185 (95% CI: 14,691-96,636) CP patients, ie, a prevalence
estimate of 5.55% (28,185/507,608) (95% CI: 2.89-19.0); and
(3) the model 5 that, compared with model 2, had lower AIC
and BIC and was more parsimonious (only one interaction
term, between the P- and H-lists); the estimation of the number
of chronic neuropathic pain patients was also slightly lower,
36,567 (95% CI: 32,365-41,700), with a corresponding
prevalence of chronic neuropathic pain estimated at 7.20%
(36,567/507,608) (95% CI: 6.38-8.22). The sensitivity analysis
showed that increasing model size was associated with
a parallel decrease in precision (see supplementary table 3,
available at http://links.lww.com/PAIN/A633: best precision
for model 5 with 60.92% [one interaction term] vs 61.0% for
themodel 2 and68.1% for model 3 [2 interaction terms] and vs
69.8% for the most complex model [all possible 2-source
interactions] ie, model 1).

Figure 2. Number of chronic pain patients (A) and chronic neuropathic pain
patients (B) in the 2013 to 2015 period matched between 3 data sources: the
pain center database (P-list), hospital discharge database (H-list), and
reimbursed analgesics database (D-list).
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4. Discussion

To our knowledge, this is the first epidemiological study that
provides estimates of the prevalence of people experiencing CP
with or without neuropathic characteristics in the general adult (18
years and older) population based on the capture–recapture
method using electronic health records. The estimated preva-
lence of CP was 27.2% (95% CI: 26.1-28.4), ranging from 27.2%
to 32.7% (26.0-43.3) and that of CP with neuropathic character-
istics was 7.20% (95%CI: 6.38-8.22), ranging from 5.55% (2.89-
19.0) to 7.30% (6.40-8.41).

Comparing our results with another population-based survey
conducted in France, our prevalence estimate is somewhat lower
than that reported by Bouhassira et al.6 in 2008. Through
a population-based survey, they observed that 31.7% (95% CI:
31.1-32.3) of a nationally representative sample of adults
reported chronic daily pain. They defined CP as lasting at least
3 months, whereas we used a more restrictive definition of 6
months or more. A European-wide study took a similar pain
duration of 6 months and reported a prevalence of 19%.8

Prevalence estimates of other studies using the 6-month duration
of pain have varied from 12% to 49%, irrespective of pain
frequency or intensity.2,7,14,16,17,29,32,33,35,36,42,45 In fact, there
has been considerable inconsistency in the choice of pain
duration across the studies, as stated by a recent systematic
review,46 which included 86 studies of CP prevalence. Some
68% of the studies reviewed used a pain duration of .3 months

or$3months, whereas 18% used a pain duration of$6months,
and 11% did not include any duration. Overall, the published
prevalence estimates of CP varied greatly in that review, ranging
from 8.7% to 64.4%. This was at least partly due to differences in
the survey methodology or chosen definition of CP. That
systematic review and meta-analysis46 tried to comprehensively
address these methodological issues. Unfortunately, the authors
were unable to elucidate the effect of the definition of CP on
prevalence estimates and concluded that even “after controlling
for many of the potential methodological factors, the studies
remained highly heterogeneous.” Thus, there has been little
consensus on the duration of pain, and an International
Association for the Study of Pain expert group has suggested
for research purposes that a 6-month duration might be better
than 3 months.13

The prevalence of chronic neuropathic pain in our study is
within the expected ranges previously published in the general
population, ranging from 0.9% to 17.9%, depending on the
population and methodology used.6,20,22,24,26,35,48,49,51 Of these
studies, although Bouhassira et al.,6 for instance, found a 6.9%
prevalence, very close to ours, 2 others, identifying neuropathic
cases from electronic health record databases,20,22 reported low
overall prevalence estimates of around 1%. These low estimates
were based only on ICD-9 diagnoses associated with CP, so the
true prevalence was probably underestimated because it was
assumed that only patients who presented to a primary care
facility could be diagnosed and identified.26 In a more recent

Table 2

Characteristics of chronic neuropathic pain patients included 2013 to 2015.

P-list*, n 5 86 H-list*, n 5 676 D-list*, n 5 9342 P H D†, n 5 9852

Age (y)

Mean 6 SD (min-max) 55.8 6 14.3 (20-91) 61.5 6 16.8 (19-100) 63.0 6 16.2 (18-106) 62.9 6 16.2 (18-106)

Median (Q1-Q3) 53 (47-64) 62 (49-75) 63 (51-76) 63 (51-76)

Age category, n (%)

,25 1 (1.2) 5 (0.7) 56 (0.6) 61 (0.6)

25-34 2 (2.3) 36 (5.3) 329 (3.5) 358 (3.6)

35-49 29 (33.7) 133 (19.7) 1628 (17.4) 1728 (17.5)

50-64 33 (38.4) 205 (30.3) 2908 (31.1) 3072 (31.2)

65-74 8 (9.3) 120 (17.8) 1843 (19.7) 1927 (19.6)

$75 13 (15.1) 177 (26.2) 2578 (27.6) 2706 (27.5)

Sex (n, %)

Male 25 (29.1) 295 (43.6) 3310 (35.4) 3540 (35.9)

Female 61 (70.9) 381 (56.4) 6032 (64.6) 6312 (64.1)

Low-income status (n, %) 12 (14.0) 85 (12.6) 848 (9.1) 913 (9.3)

Cancer (n, %) 9 (10.5) 39 (5.8) 595 (6.4) 618 (6.3)

Diabetes (n, %) 4 (4.7) 43 (6.4) 622 (6.7) 654 (6.6)

Chronic pain ICD-10 codes (n, %)

R5210 86 (100) 676 (100) n.a 685 (7.0)

R5218 0 0 n.a 0

R522 0 0 n.a 0

Analgesic drugs (n, %)‡

Antiepileptics — — 4465 (47.8) 4465 (45.3)

Gabapentin — — 1065 (11.4) 1065 (10.8)

Pregabalin — — 3597 (38.5) 3597 (36.5)

TCAs — — 1784 (19.1) 1784 (18.1)

SNRIs — — 1308 (14.0) 1308 (13.3)

Lidocaine plaster — — 1121 (12.0) 1121 (11.4)

“—”Represents treatments were not available in the H- and P-lists.

* Occurrences captured in each list.

† Total occurrences captured (multiple occurrences are counted once).

‡ Dispensed at least 3 times during the year of inclusion.

n.a, not available; TCAs, tricyclic antidepressants; SNRIs, serotonin–norepinephrine reuptake inhibitors.
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electronic health record–based study,44 both diagnosis and
medication were extracted from a primary care electronic health
record database, which led to the identification of more
neuropathic pain cases comparedwith the previous 2 studies20,22:
prevalence estimates ranged from 1.5% (for certain neuropathic
pain) to 11.2% (for certain 1 probable neuropathic pain).

In our study, patients with CP were older and more likely to be
female, as in previous findings. According to our patients’
demographics, almost two-thirds of CP sufferers were women
and one-third of CP patients were aged 75 years or older.
Chronic neuropathic pain was also more prevalent in women
(64.1% vs 35.9% in men) and increased with age, peaking at 50
to 64 years. These findings are consistent with the known
demographic profile of CP patients with or without neuropathic
characteristics from population surveys3,6,8,18,41,50, and so,
they provide an external validation of our study. Furthermore,
the analgesic drug profile of our CP patients is qualitatively quite
similar to the results of the European-wide study by Breivik
et al.8 in which the most commonly prescribed drugs for CP
were NSAIDs (44%), weak opioid analgesics (23%), and
paracetamol (18%). However, our findings showed that para-
cetamol was more frequently used than NSAIDs (ratio 1.9:
62.1% vs 32.7%). This is in line with the data on France in the
European-wide survey (ratio 1.5: NSAIDs 25% vs paracetamol
38%), whereas NSAIDs were much more widely used in Italy
(75%), Austria (62%), and Germany (62%) than paracetamol
(6%, 2%, and 4%, respectively).8 Conversely, concerning strong

opioid analgesics, our findings were similar, with 5% of patients
taking a strong opioid. Antiepileptics and tricyclic antidepres-
sants were not commonly found in our study (2.1% and 2.5%,
respectively), which is also consistent with Breivik et al. (2% and
3%, respectively). However, in neuropathic pain patients,
anticonvulsants (45.3%), tricyclic antidepressants (18.1%),
and SNRIs (13.3%) were the most frequently used drugs, in
line with the updated NeuPSIG recommendations19; lidocaine
patches, a second-line drug, being used in 11.4% in this study.

4.1. Strengths and limitations

The capture–recapture method avoids the problems of selection
bias and generalization to the whole population, which arise from
survey methods such as questionnaires and telephone or face-
to-face interviews. Interestingly, Hook and Regal28 have even
suggested the use of the capture–recapture technique for
supposed exhaustive surveys. Estimation of the prevalence of
CP by capture–recapture methods is also particularly appropri-
ate, since the care of patients is frequently split between
hospitals, pain centers, and primary care facilities. Although the
capture–recapture approach is a simple and attractive statistical
approach for estimating the size of hard-to-reach populations,
the results must be interpreted with caution because the validity
of capture–recapture estimates depends on potential violations of
certain underlying conditions:

Table 3

Log-linear models and estimates of the number of chronic pain patients in France 2013-2015.

Chronic pain patients N 95% CI df G2 AIC BIC

No. Model description Low High

1 P H D PH PD HD 221,198 160,100 323,784 0 0 0 0

2 P H D PH PD 140,114 134,072 146,683 1 8.62 6.62 6.67

3 P H D PH HD 166,177 131,861 219,972 1 9.51 7.51 7.56

4 P H D PD HD 64,134 63,912 64,432 1 837.34 835.34 835.39

5 P H D PH 138,107 132,578 144,092 2 11.95 7.95 8.06

6 P H D PD 126,391 121,666 131,505 2 1433.37 1429.37 1429.48

7 P H D HD 77,921 74,283 82,459 2 1281.29 1277.29 1277.39

8 P H D 126,227 121,765 131,029 3 1433.41 1427.41 1427.57

AIC, Akaike information criterion; BIC, Bayesian information criterion; P, H, or D are the 3 lists taken alone: the P-list (pain center patients), H-list (hospital patients), or D-list (chronic use of analgesic drugs .6 months),

respectively; PH, PD, or HD are the interactions between the different lists; CI, confidence interval; df, degrees of freedom; G2, goodness-of-fit test.

Table 4

Log-linear models and estimates of the number of chronic neuropathic pain patients in France 2013-2015.

Chronic neuropathic pain patients N 95% CI df G2 AIC BIC

No. Model description Low High

1 P H D PH PD HD 30,250 14,696 114,161 0 0 0 0

2 P H D PH PD 37,049 32,494 42,698 1 0.14 21.86 21.80

3 P H D PH HD 28,185 14,691 96,636 1 0.15 21.85 21.79

4 P H D PD HD 9900 9868 9958 1 152.42 150.42 150.48

5 P H D PH 36,567 32,365 41,700 2 0.81 23.57 23.47

6 P H D PD 27,882 25,214 31,068 2 544.52 540.52 540.63

7 P H D HD 10,584 10,135 11,397 2 395.97 391.97 392.08

8 P H D 28,403 25,790 31,496 3 545.64 539.64 539.80

AIC, Akaike information criterion; BIC, Bayesian information criterion; P, H, or D are the 3 lists taken alone: the P-list (pain center patients), H-list (hospital patients), or D-list (chronic use of neuropathic pain drugs.6 months),

respectively; PH, PD, or HD are the interactions between the different lists; CI, confidence interval; df, degrees of freedom; G2, goodness-of-fit test.
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(1) The identification of common cases across sources is
essential. The failure of this assumption could introduce a bias,
resulting in either overestimation or underestimation of the
estimates. This was probably not an issue in our study; it was
indeed possible to reliably match members of the population
appearing on different lists because they were uniquely
identified by their NIR, the French national identification
number. Overall, this unique identifier permitted perfect
record-linkage, assuming no misclassifications of records.

(2) The closed population assumption for our 3-year duration of
sampling is difficult to fully achieve because additions (births or
immigration) or deletions (deaths or immigration) cannot be
totally ruled out. However, to relax this assumption, the
sources had the same geographic coverage and the same
time frame, such that the birth, death, and migrations rates
were assumed negligible. Moreover, it has been shown that
prevalence estimates were robust to violations of the closure
assumption, although precision decreased.31

(3) The traditional assumption of truly independent data sources
may also be difficult to achieve. Nevertheless, log-linear
models have been proposed to take account of dependence
between sources, and in our study, both of the final models
chosen encompassed interaction between the P- and H-lists
(model 5, Tables 3 and 4). Introducing a second interaction
term in the final models (model 2, Tables 3 and 4) did not
change much the population size estimates.

(4) The homogeneity assumption: indeed, whether a patient is
identified by a particular source may depend on several
covariates such as age, sex, or severity of disease. Violation of
this assumption can be handled by stratification of the
population into more homogeneous subgroups, perform
capture–recapture analysis for each of the distinct strata,
and then add the results for the total estimate. To improve the
model by reducing heterogeneity and the bias in the
estimates, stratified analyses were performed according to
age and sex variables: interestingly, the total population size
estimate did not change much (see supplementary figure 3,
available at http://links.lww.com/PAIN/A633). Stratifications
on other important covariates such as severity of disease or
treating physician were not possible because these variables
were not available in the 3 sources.
In the context of this study, it can reasonably assumed that the

assumptions (1) and (2) hold. However, in epidemiology, it is likely
that the assumptions (3) and (4) may be violated, but we
mentioned approaches that relaxed these assumptions: the
effects of heterogeneity could be partly reduced by stratification
based on available covariate information, and dependence
between sources was taken into account by introducing in-
teraction terms in the final log-linear model.

Overall, the use of 3 samples is a major strength since when 3
samples are cross-referenced, as in our study, data show that the
usual biases associated with the capture–recapture method can
be limited21: indeed, log-linear modelling allows for controlling
and reducing (at least partially) dependence and heterogeneity,
making these 3-source capture–recapture models more
powerful.

5. Conclusion

This first epidemiological study on CP using the capture–
recapture method revealed a high prevalence of CP, affecting
more than one-quarter of the French adult population while
suggesting a considerable burden of CP. Using electronic health
record data represents an essential source of public health

surveillance, and here, we show that the capture–recapture
method yields accurate estimates of the prevalence of CP,
offering a valuable, more straightforward, and cheaper method of
achieving up-to-date estimates than conventional surveys.
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