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Abstract 

Background To our knowledge capture-recapture techniques have not been used to estimate dementia prevalence 
using routinely collected data in England, nor have they been used to estimate changes in undiagnosed demen-
tia over time. In this study we aimed to use routinely collected electronic health records to estimate the number 
of undiagnosed dementia cases there are in England and how this has changed over time. We also aimed to assess 
whether proportion of undiagnosed cases differed by age group, ethnicity, socioeconomic deprivation and sex.

Methods We used routinely collected primary care data linked to hospital episode statistics from 1997 to 2018. 
We tabulated capture of dementia in each of the two datasets and used the Lincoln-Petersen estimator to estimate 
numbers of missing dementia diagnoses per year along with the estimated total number of cases and the propor-
tion of cases identified. We calculated age and sex-adjusted prevalence of dementia for each year and used propor-
tion of cases identified to estimate the underlying population prevalence of dementia per year. We conducted beta 
regression to estimate how sex, age band, deprivation and ethnic group affects the proportion of dementia cases 
identified, adjusting for year.

Results Proportion of cases out of the estimated total that were identified, rose from 42.4% in 1997 to 84.4% in 2018. 
Estimated population prevalence of dementia rose from 1997 to a high of 4.4% in 2018 in those aged ≥ 65. Propor-
tion of dementia cases identified did not vary by sex but a lower proportion of those from the South Asian ethnic 
group were diagnosed compared to the White population (coeff -0.115, 95% CI -0.218 to -0.011). Compared to those 
aged 65–74, those aged 75–84 and 85 + had higher proportions of dementia diagnosed (75–84 Coeff 0.259, 95% CI 
0.153–0.366; 85 + Coeff 0.185, 95% CI 0.079–0.291). Those living in the two most deprived areas had a higher pro-
portion of dementia diagnosed compared to the least deprived area (IMD quintile 4 vs 1 coeff 0.093, 95% CI 0.014 
to 0.173, IMD quintile 5 vs 1 coeff 0.162, 95% CI 0.083 to 0.242).

Conclusions Proportion of dementia cases identified has increased over time and results indicate that underlying 
prevalence of dementia may be lower than previously estimated but this needs replication. Greater focus needs to be 
given to those with dementia onset at younger ages and those from South Asian backgrounds as dementia is rela-
tively under-diagnosed in these groups.
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Background
Capture recapture models were originally developed for 
use in estimating sizes of animal populations. One of 
the most commonly used, the Lincoln-Petersen model, 
involves conducting an initial sampling of the animal 
population and marking those sampled. The animals are 
then released and the second sampling estimates the 
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size of the total population based on the proportion of 
the animals that are marked [1]. This principle has been 
used in estimating undiagnosed/unrecorded diagnoses in 
humans. By using presence of a particular diagnosis in a 
dataset, such as routinely collected data or surveys, and 
looking at the overlap in recording of a diagnosis in dif-
ferent datasets, it is possible to estimate the number of 
undiagnosed cases. This has been helpful in estimating 
undiagnosed diabetes [2, 3], and autism [4] among other 
under-ascertained disorders [5] including mental ill-
ness [6]. This kind of estimation can track prevalence of 
important health conditions without having to conduct 
repeated, time consuming and expensive epidemiological 
studies and can help plan health and social services and 
guide resource allocation. The capture-recapture method 
has four key assumptions: that the population is closed; 
that individuals can be matched across different data 
sources to accurately track capture and recapture; that 
capture in the different sources of diagnoses is independ-
ent of each other; and that the capture probabilities are 
the same across all individuals in the population [7].

Capture recapture techniques have been used to esti-
mate total dementia prevalence in a 16-year period in 
Australia [8]. To our knowledge this technique has not 
been used to estimate dementia prevalence using rou-
tinely collected data in England, or other countries, nor 
has it been used to estimate changes in undiagnosed 
dementia over time. In this study we aimed to use rou-
tinely collected electronic health records to estimate the 
number of undiagnosed dementia cases in England and 
how this has changed over time. We also aimed to assess 
whether the proportion of undiagnosed cases was dif-
ferent by age group, sex, ethnicity and socioeconomic 
deprivation.

Method
We pre-registered a protocol for this project before start-
ing analyses (https:// osf. io/ vkd8q).

Approvals
We used a fully anonymised dataset from the Clinical 
Practice Research Datalink (CPRD) which has National 
Research Ethics Service Committee (NRES) approval for 
purely observational research using primary care data 
and established data linkages.

The study was approved by the Independent Scien-
tific Advisory Committee (ISAC) of the Medicines and 
Healthcare Products Regulatory Agency (MHRA) (proto-
col 19_235).

Datasets
This study used the CALIBER © resource (https:// www. 
ucl. ac. uk/ health- infor matics/ calib er and https:// www. 

calib erres earch. org/) which provides data manage-
ment of CPRD electronic primary care records linked 
with hospital and mortality records. All patients have a 
unique patient identifier which allows linkage across all 
datasets. We had planned to use all three data sources 
for estimates, but the mortality data had very few cases 
of dementia and did not have any cases independent of 
the other two sources. This was despite including any 
cases of dementia, even if not listed as primary cause of 
death. Therefore, we limited analyses of dementia diag-
nosis to two datasets only – primary care records and 
hospital data (Hospital Episode Statistics – HES) but 
included mortality data to determine date of death. Data 
are collected from routinely recorded electronic health 
records from primary care practices who consent to 
data collection and is linked to hospital data (including 
details of hospital admissions, outpatient appointments 
and presentations to Accident and Emergency). Records 
from primary care include codes related to diagnoses and 
medications, while records from hospital includes ICD-
10 codes for diseases that patients have or are diagnosed 
with during their presentation. Codes used to identify 
dementia in both sources are available online (https:// osf. 
io/ tvau4/).

Sample
Most people living in England are registered with a 
General Practitioner (GP) and people in primary care 
databases are generally representative of the general pop-
ulation, including in ethnicity [9]. As linked electronic 
hospital records are country-specific and are only pro-
vided for GP practices in England which have consented 
to participate in the CPRD patient-level linkage scheme 
[10], we restricted analyses to practices from England 
consenting to the patient-level linkage scheme (around 
88% of practices overall [11]). We focused our analyses 
on dementia diagnosed after reaching age 65, as demen-
tia is unusual below this age and aetiology of younger 
onset dementia is usually substantially different [12]. The 
start date for each participant was the latest of their 65th 
birthday, 1st January 1997, date of registration with the 
GP practice or when the GP practice data met data qual-
ity standards. The end date for each participant was the 
earliest of: date of last data collection for the practice; 
patient transfer out of the practice; death; or the end of 
study (31st December 2018).

Variables
Dementia
We considered all-cause dementia as our main outcome, 
defined as the first record of any diagnostic code or anti-
dementia medication recorded in either HES or CPRD. 
Cases continued to be counted after identification for 
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as long as the person was alive, ie counting prevalent 
dementia.

Age and sex
Date of birth and sex as defined in primary care records 
were used to stratify analyses based on age band and sex.

Deprivation
We used Index of Multiple Deprivation (IMD) as a meas-
ure of socioeconomic deprivation. This is a composite 
measure available from primary care data, based on post-
code and derived from a number of indicators covering 
domains of material deprivation: income, employment, 
education and skills, health, housing, crime, access to 
services, and living environment [13].

Ethnicity
Ethnicity is recorded in CPRD, as well as HES. Patients 
can self-identify their ethnic group and codes are entered 
into records by healthcare professionals. We chose to 
classify by ethnicity instead of race as the NHS does 
not collect data on “race”. Furthermore, while race pri-
marily defines biological characteristics, ethnicity is a 
broader construct encompassing common cultural traits. 
We used ethnicity as defined in either source of data at 
any time. When ethnicity is recorded in more than one 
database, the agreement between ethnicities is high [14]. 
Where conflict existed between CPRD and HES, priority 
was given to the CPRD classification because CPRD eth-
nicity reflects population percentages [14] whereas HES 
ethnicity is less accurate [15]. Ethnicity categories are 
those used in the UK Census, which includes 17 ethnic 
groups: White British, White Irish, White Gypsy, White 
Other, Asian Bangladeshi, Asian Indian, Asian Pakistani, 
Asian Chinese, Asian Other, Black African, Black Car-
ibbean, Black other, Mixed White and Black Caribbean, 
Mixed White and Black African, Mixed White and Asian, 
Any other mixed background, Other (Arab), Other (any 
other ethnic group). Both CPRD and HES use these 
categories.

We combined ethnicities into White (all white groups); 
South Asian (Bangladeshi, Indian, Pakistani) and Black 
(Black Caribbean, Black African and Black British). All 
other ethnic groups including all mixed ethnic groups 
were combined into a separate group and included in 
analyses but not reported as we focused on the three 
main ethnic groups and the fourth group contained large 
within-group heterogeneity. We stratified analyses by 
ethnic group where possible.

Analysis
All analyses were conducted in Stata Version 17.0 and the 
software R (R Version 4.3.1).

We recorded the earliest recorded dementia diagnosis 
or indication of prescription for anti-dementia medica-
tion for each person in each dataset (primary care, hospi-
tal records). For each year, we calculated how many people 
had been diagnosed with dementia and in which dataset 
their diagnosis occurred. Cases were counted as belong-
ing to a calendar year if diagnosis was prior to 15th April 
of that year (from any source), as that date is after Qual-
ity Outcomes Framework data (key data from primary 
care, including dementia) from GPs is due. Cases were only 
counted if each participant also had valid records starting 
before and ending after 15th April of the index year. We 
then tabulated the different combinations of diagnoses 
across the two datasets. We did this for the whole sam-
ple for each year and repeated the process by sex and by 
10 year age bands (65–74, 75–84, 85 +). We did the same 
by ethnic group and IMD quintile.

Table 1 shows the combinations of case capture that are 
in the dataset, with the aim being to calculate the missing 
value.

As only two lists or sources, namely primary care and 
hospital records, were available, the only available estima-
tor is based on the Lincoln-Petersen approach [16]. This 
works as follows. Under independence of sources, which is 
a crucial assumption, the odds ratio of case capture based 
on Table 1 is:

The meaning of A, B, C, and M have been explained in 
Table  1. For example, A stands for the frequency count 
arising from Primary Care and Hospital Records.

Under the assumption of independence, the OR is 1, so 
that the above equation has the solution:

OR = (A x M)/(B x C).

M = (B x C)/A

Table 1 identified and missing cases used in Lincoln-Petersen 
approach

A = the count of cases identified by Primary Care and Hospital Records, B = cases 
only identified by Primary care but not by Hospital Records, and C = cases only 
identified by Hospital Records but not Primary Care; M are those unknown cases 
missed by both

Count Primary Care Hospital 
Records

A 1 1

B 1 0

C 0 1

M (Missing value estimated 
by modelling)

0 0
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for the missing cell frequency. This is the Lincoln-
Petersen estimator [17, 18]. Chapman suggested an 
improved estimator by replacing A by (A + 1). The asso-
ciated Chapman estimator of the population size of 
dementia is then N = A + B + C + (B x C)/(A + 1) [19]. 
This formula is used to determine observed and unob-
served dementia cases for each year under considera-
tion and all combinations of demographic strata.

We reported numbers of missing dementia diagno-
ses per year along with the estimated total number of 
cases and the proportion of cases identified. Proportion 
of cases identified were calculated as (identified cases)/
(identified + missing cases). We also reported these fig-
ures stratified by sex, age band, IMD and ethnic group 
with 95% confidence intervals. We devoted considera-
ble effort in constructing confidence intervals of which 
details are given in the Appendix. We conducted beta 
regression to estimate how sex, age band, IMD and 
ethnic group affects the proportion of dementia cases 
identified, adjusting for year, using the Stata command 
betareg. Positive coefficients from this regression indi-
cate higher proportion of identified cases while nega-
tive coefficients indicate lower proportion of cases 
identified  relative to the reference category. We calcu-
lated overall crude prevalence (and 95% CIs) for the 
whole sample per year from 1997 to 2018. We then 
used the English population structure for 2018 [20] 
to produce age and sex standardised point prevalence 
estimates for each year.

Results
The number of English GP practices contributing data 
rose from 146 in 1997 to 360 in 2008 then fell to 89 in 
2018. Total dementia cases and observed cases rose 
steadily from 1200 in 1997 to 13,901 in 2013 then 
declined to 4337 in 2018. The proportion of cases out 
of the estimated total that were identified, rose from 
42.4% in 1997 to 84.4% in 2018. These trends are shown 
in Figs.  1 and 2 respectively with crude numbers in the 
Appendix. Cases identified in both datasets was generally 
less than 20% of total observed cases. Raw data on case 
tabulations is available online (https:// osf. io/ tvau4/ files/ 
osfst orage). Crude and adjusted prevalence increased 
from 1997 to 2018 (see Appendix). In 2018, the age and 
sex-adjusted estimated prevalence, for those aged 65 + , 
taking into account uncaptured cases, was 4.4%.

Proportion diagnosed by sex increased over time for 
both sexes with female proportion slightly lower than 
male by 2018 (Fig.  3). Regression analysis showed no 
difference in proportion diagnosed by sex (Coeff male 
vs female 0.001, 95% CI -0.122 to 0.124). There was no 
data for the first few years for the South Asian and Black 
groups. Proportion of cases diagnosed increased steadily 
from 1997 to 2018 for people from White ethnic back-
grounds. Proportion of cases diagnosed for Black and 
South Asian ethnic groups was high initially when suf-
ficient data became available in 1999/2000 but then 
rates were roughly stable with some variation around 
the mean. Proportion diagnosed was generally lower for 

Fig. 1 Total and observed cases over time
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minority ethnic groups, particularly from 2013 onwards 
(Fig.  4). South Asians had a lower proportion of cases 
diagnosed (coefficient -0.115, 95% CI -0.218 to -0.011) 
whereas there were no significant differences in the Black 
versus White group (coefficient -0.037, 95% CI -0.141 to 
0.067).

Proportion diagnosed increased for all age groups over 
time initially and continued to rise for the two older age 
groups (75–84 and 85 +), but levelled off in 2010 and 
then decreased for the youngest age group (65–74 years) 
from 2015 (see Fig.  5). Compared to those aged 65–74, 
those aged 75–84 and 85 + had higher proportions of 

Fig. 2 Proportion of observed cases over time

Fig. 3 Proportion of cases diagnosed by sex
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dementia diagnosed, (75–84 Coeff 0.259, 95% CI 0.153–
0.366; 85 + Coeff 0.185, 95% CI 0.079–0.291).

Proportion diagnosed increased over time for all IMD 
quintiles (Fig.  6). When results were analysed by IMD, 
only those living in the two most deprived areas had a 
higher proportion of dementia diagnosed compared to 
the least deprived areas (IMD quintile 4 vs 1 coeff 0.093, 

95% CI 0.014 to 0.173, IMD quintile 5 vs 1 coeff 0.162, 
95% CI 0.083 to 0.242).

Discussion
In this study we estimate for the first time, the propor-
tion of dementia diagnosed over time and how this var-
ies by sociodemographic characteristics. We find the 

Fig. 4 Proportion of cases diagnosed by ethnicity

Fig. 5 Proportion of cases diagnosed by age group
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proportion of dementia diagnosed has risen continuously 
since 1997 and is now in excess of 80%. The initial rise 
could be due to increasing awareness of dementia and 
approval of donepezil and other cholinesterase inhibi-
tors for management of mild to moderate dementia 
from 1997 onwards [21]. Later increases could be due to 
policy initiatives to increase the diagnosis of dementia, 
such as incentivising recording of dementia diagnoses 
in primary care by making a dementia register in prac-
tices part of the Quality and Outcomes Framework in 
2005–6 [22], the 2009 National Dementia Strategy [23] 
and 2012 Prime Minister’s Challenge on dementia [24]. 
The national target for the proportion of dementia diag-
nosed is 66.7% and is calculated monthly by the NHS 
by dividing the recorded number of cases from primary 
care by the expected number based on population based 
estimates from the 2011 Cognitive Function and Age-
ing Study (CFAS) [25]. This figure has previously been 
achieved but has fallen post-pandemic to 64.8% as of 
March 2024 [26]. Our results are not completely com-
parable as we use both primary care and hospital data to 
calculate prevalence. Reporting of hospital data is not as 
contemporaneous as primary care, so it is not clear if it 
would be possible to conduct this analysis every month 
as is currently done.

We were able to assess whether sex, age, depriva-
tion and ethnicity affect the proportion of dementia 
cases diagnosed. It was concerning that the proportion 

of younger people (aged 65–74) with dementia who are 
diagnosed is lower than those in older age bands. This 
may be because younger people with dementia are less 
likely to be in contact with health services due to better 
health overall but may also be due to healthcare profes-
sionals being less likely to think of dementia as a possibil-
ity in relatively young older adults. Those of South Asian 
ethnicity have a lower proportion of diagnoses compared 
to the White population. This may be as people from 
South Asian ethnicity may be more reluctant to seek help 
for dementia due to stigma or perceived discrimination 
from the healthcare system [27]. People from the most 
socioeconomically deprived areas have a higher propor-
tion of diagnoses compared to those from least deprived 
areas. This may be due to higher rates of multimorbidity 
in those from more deprived areas [28], meaning they are 
more likely to be in contact with primary care services 
and therefore may be more likely to have their cognitive 
impairment noticed and recorded by healthcare profes-
sionals. People with higher levels of deprivation are also 
more likely to be hospitalised and to have longer hospi-
tal admissions [29], again increasing the chances of their 
dementia being identified and recorded.

The main limitation of this work is that ultimately esti-
mates are dependent on dementia diagnoses being cap-
tured in healthcare records. Prevalence estimates are 
very low, particularly in the earlier years of data collec-
tion with estimates less than half that of CFAS population 

Fig. 6 Proportion of cases diagnosed by IMD quintile
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based surveys for the same time period [25]. This is likely 
a reflection of the relative under-capture of dementia in 
records overall. Although capture-recapture should be 
able to compensate for this by using multiple sources of 
data, it is possible that if overall capture in both datasets 
is low, that this leads to underestimates. In addition, the 
capture-recapture methods assume a closed popula-
tion, that capture in the different sources of diagnoses 
is independent of each other; and that the capture prob-
abilities are the same across all individuals in the popu-
lation [7]. These assumptions may not be true. CPRD is 
a dynamic cohort, with people entering and leaving the 
cohort at different times. While we have relative stability 
within each year where we estimate prevalence, overall 
the population is not closed. To account for this we have 
stratified the analysis by year which seems a reasonable 
approach to achieve a closed population as the condition 
is usually not of short duration. In England, when peo-
ple are discharged from hospital, correspondence will 
be sent from the hospital to the patient’s primary care 
provider. This correspondence may list a new dementia 
diagnosis and these could then be captured in the pri-
mary care records. Likewise, diagnoses from primary 
care would be on patient records and would then also be 
entered into hospital data. In this way, the two sources 
of dementia capture may not be completely independent 
and there may also be differences in capture probabilities 
for patients depending on their other health conditions 
and available healthcare facilities. This may have led to 
underestimates of missing cases and low prevalence esti-
mates, with previous work highlighting that life sciences 
almost always deal with positive dependence between 
data sources [16]. 

As recording of dementia has been incentivised and 
encouraged in primary care in England since 2006 [22], 
our recording of dementia diagnoses has improved. 
Diagnostic practices have also changed over this time 
period, meaning diagnoses may be more accurate now 
than previously. It is possible that dementia prevalence 
has declined since previous population-based esti-
mates. Other studies using survey data have suggested 
dementia incidence may be declining [30]. Or it may be 
that this method of estimating prevalence is not accu-
rate and better quality dementia diagnosis capture and 
independent data sources are required. Another limi-
tation is that practices contributing data to the analy-
sis declined significantly over the survey period. They 
may have stopped contributing due to changes in com-
puter systems, not meeting data quality standards or 
removal of consent to data linkage and it is not possible 
to determine whether these practices differ from the 
practices that continued contributing data. Although 

this would have led to fewer cases being identified over-
all, it should not affect prevalence of dementia unless 
the practices that dropped out differed in their popu-
lations from the practices that continued to contribute 
data. Our data was from England but methods used can 
be applied to other healthcare systems which use elec-
tronic health records and have the possibility of demen-
tia being captured in multiple data sources.

Conclusions
Overall, our results suggest that more focus is needed 
on ensuring parity with regards to dementia diagnosis, 
particularly in South Asian people and  among those 
who have dementia at relatively younger ages. Further 
work is also required in validating our findings and esti-
mating more updated prevalence and incidence figures.
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