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ABSTRACT

OBJECTIVE
To evaluate temporal changes in rates of newly 
recorded diagnoses for 19 long term conditions in 
England in relation to the covid-19 pandemic by 
disease, age group, sex, socioeconomic status, and 
ethnicity.
DESIGN
Population based cohort study.
SETTING
Primary care and hospital admission data, with the 
approval of NHS England.
PARTICIPANTS
29 995 025 individuals registered with general 
practices in England contributing data to the 
OpenSAFELY-TPP platform.
MAIN OUTCOME MEASURES
Temporal trends in age and sex standardised 
incident and prevalent diagnosis rates for 19 long 
term conditions between 1 April 2016 and 30 
November 2024. Differences between expected 
and observed diagnosis rates after the onset of the 
covid-19 pandemic were compared using seasonal 
autoregressive integrated moving-average models, 

based on modelled projections of expected rates from 
pre-pandemic patterns.

RESULTS
All 19 conditions showed a sharp decline in newly 
recorded diagnoses during the first year of the 
pandemic, followed by variable recovery. As of 
November 2024, cumulative reductions in diagnoses 
remained evident for conditions such as depression 
(734 800 (27.7%) fewer diagnoses than expected; 
95% prediction interval (PI) 703 100 to 766 400), 
asthma (152 900 (16.4%) fewer diagnoses; 95% PI 
137 500 to 168 300), chronic obstructive pulmonary 
disease (COPD) (90 100 (15.8%) fewer diagnoses; 
95% PI 81 400 to 98 900), psoriasis (54 700 (17.1%) 
fewer diagnoses; 95% PI 50 100 to 59 200), and 
osteoporosis (54 100 (11.5%) fewer diagnoses; 95% 
PI 47 100 to 61 100). Conversely, diagnoses of chronic 
kidney disease have increased by 34.8% above 
expected levels during the pandemic recovery period, 
corresponding to 359 000 additional diagnoses 
(95% PI 333 500 to 384 500). Unadjusted subgroup 
analyses stratified by ethnicity and socioeconomic 
status indicated that, after an initial decrease, 
dementia diagnosis rates have risen above pre-
pandemic levels for people of white ethnicity and in 
less deprived socioeconomic areas, but not for those 
from other ethnicities and more deprived areas.

CONCLUSIONS
Since the covid-19 pandemic, there have been fewer 
diagnoses than expected for conditions such as 
depression, asthma, COPD, and osteoporosis, in 
contrast with a rapid increase in diagnoses of chronic 
kidney disease since 2022. Unadjusted analyses 
stratified by ethnicity and socioeconomic status 
suggest differential patterns of recovery, particularly 
for individuals with dementia. This study highlights 
the potential for near real time monitoring of disease 
epidemiology using routinely collected health data, 
informing strategies to enhance case detection and 
investigate inequities in healthcare.

Introduction
The covid-19 pandemic had a major impact 
on healthcare systems worldwide, disrupting 
service delivery through redeployment of staff, 
implementation of stay-at-home guidance, and abrupt 
shifts in healthcare utilisation.1-4 Studies from earlier 
in the pandemic highlighted the consequences of these 

WHAT IS ALREADY KNOWN ON THIS TOPIC
Early in the covid-19 pandemic, large reductions in newly recorded diagnoses 
were reported for a range of long term conditions, including chronic obstructive 
pulmonary disease (COPD), depression, asthma, and rheumatoid arthritis
However, no population level studies have evaluated whether diagnosis rates 
have subsequently recovered as healthcare services emerge from the pandemic, 
or compared the impact by disease, age group, sex, socioeconomic status, and 
ethnicity

WHAT THIS STUDY ADDS
Large reductions in diagnoses remain evident for conditions such as depression, 
COPD, asthma, osteoporosis, and psoriasis, in contrast with a large increase 
in newly recorded diagnoses of chronic kidney disease since the covid-19 
pandemic
In unadjusted subgroup analyses, diagnosis rates for dementia have increased 
above pre-pandemic levels for people of white ethnicity and those from less 
deprived socioeconomic areas, but not for those from other ethnicities or more 
deprived areas
This study shows the potential for routinely collected health data to transform 
monitoring of disease epidemiology in near real time and highlight healthcare 
inequity
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disruptions on care for numerous long term health 
conditions, with abrupt decreases in newly recorded 
diagnoses across a wide range of diseases.5-12 However, 
no population level studies have comprehensively 
evaluated the extent of recovery in recorded diagnosis 
rates across multiple long term conditions as healthcare 
services emerge from the pandemic.

The OpenSAFELY platform provides an opportunity 
to address this knowledge gap. OpenSAFELY enables 
analysis of primary care and hospital data in a secure 
environment for up to 58 million people, covering 99% 
of England’s population.13 In proof-of-concept studies, 
data in OpenSAFELY were used to highlight noticeable 
decreases in newly recorded diagnoses of autoimmune 
inflammatory arthritis (eg, rheumatoid arthritis) 
and gout during the early phase of the pandemic.6  7 
Although diagnosis rates for these conditions returned 
to pre-pandemic levels during the second year of the 
pandemic, no compensatory increase in diagnosis 
rates above pre-pandemic levels had been observed 
as of 2023, indicating that a substantial proportion of 
conditions remained undiagnosed at that point.6 7 14

Using population level data in OpenSAFELY, we 
evaluated changes in diagnosis rates for 19 long term 
conditions, spanning multiple disease areas, since the 
covid-19 pandemic, stratified by disease, age group, 
sex, socioeconomic status, and ethnicity.

Methods
Study design and data source
A population level, observational cohort study was 
performed using linked primary and secondary 
care data in the OpenSAFELY-TPP platform, which 
contains health data for people registered with 
general practices in England using TPP SystmOne 
software.13 OpenSAFELY-TPP coverage varies 
throughout England, with higher coverage in regions 
such as East of England and lower coverage in London 
and South East England.15 Previous studies have 
shown that OpenSAFELY-TPP is representative of the 
general population of England in terms of age, sex, 
socioeconomic status, ethnicity, and leading causes 
of death compared with national estimates from the 
Office for National Statistics.15 Primary care records 
were linked to the Hospital Episode Statistics dataset 
through OpenSAFELY.

Study population and case definitions
The study period was from 1 April 2016 to 30 
November 2024. The reference population consisted 
of all people registered with TPP practices in England 
at any point during the study period who did not have 
type 1 opt-outs registered with their practice (type 1 
opt-outs indicate those who do not want their personal 
data being shared with any organisation not involved 
in their direct care, representing about 3% of the 
population of England in 201716 17).

Incident and prevalent diagnosis rates were reported 
for 19 long term conditions: asthma, atopic dermatitis, 
coronary heart disease, chronic kidney disease 
stages 3 to 5, coeliac disease, chronic obstructive 

pulmonary disease (COPD), Crohn’s disease, dementia, 
depression, type 2 diabetes mellitus, epilepsy, heart 
failure, multiple sclerosis, osteoporosis, polymyalgia 
rheumatica, psoriasis, rheumatoid arthritis, stroke/
transient ischaemic attack, and ulcerative colitis. 
These conditions were chosen as examples of 
long term conditions with well defined diagnostic 
codes, spanning a range of disease areas, to enable 
comparisons of the relative impact of the pandemic 
on different diseases. We defined incident diagnoses 
as the first appearance of a diagnostic code for each 
condition in an individual’s primary care or hospital 
admission records (see supplementary appendix pages 
38-43 for code lists). Individuals’ historical primary 
care records were included to enable retrospective 
ascertainment and exclusion of prevalent diagnoses 
before the study period, ensuring that we included 
only incident diagnoses within the study period. 
Additionally, people were required to have at least 12 
months of continuous general practice registration 
before their index diagnosis. We included hospital 
admissions with relevant diagnostic codes listed as the 
primary cause for that admission. Hospital admissions 
with diagnostic codes listed in secondary positions 
were not included, owing to less reliable coding—for 
example, the inclusion of secondary admission codes 
for rheumatoid arthritis resulted in incidence rates that 
were threefold higher than estimates from previous 
population level studies.6 18

We calculated monthly incidence rates of newly 
recorded diagnoses for each condition by dividing 
the number of people with index diagnoses in each 
calendar month, by the number of people in the 
reference population who were alive and currently 
registered with TPP general practices in England in 
that calendar month, without previously recorded 
diagnostic codes for the condition, who had at least 
12 months of continuous practice registration before 
the start of each month. Those who later deregistered 
or died had their data censored in subsequent months. 
Direct age and sex standardisation was performed 
with reference to the 2013 European standard 
population.19 For computational reasons, we selected 
10 year age bands over five year age bands up to age 
80 years. For comparison, age and sex standardised 
diagnosis rates are presented alongside rates 
without standardisation. Monthly diagnosis rates are 
presented per 100 000 population alongside rolling 
averages over three months, representing the mean 
of the current, previous, and subsequent months. We 
report diagnosis rates for each condition separately by 
sex, age band, socioeconomic status (defined as fifths 
of index of multiple deprivation,20 from the lowest 
fifth (most deprived) to highest fifth (least deprived), 
or unknown), and ethnicity (categorised into white, 
mixed, Asian or Asian British, black or black British, 
Chinese or other ethnic groups, or unknown, as 
recorded in primary or secondary care records21). No 
age or sex standardisation was performed for subgroup 
analyses by index of multiple deprivation or ethnicity 
for computational reasons. Conditions with small 
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numbers of new diagnoses when analysed separately 
by ethnicity are not shown (coeliac disease, Crohn’s 
disease, epilepsy, multiple sclerosis, osteoporosis, 
polymyalgia rheumatica, rheumatoid arthritis, and 
ulcerative colitis) owing to the potential for disclosure.

We estimated the temporal trends in the number 
of recorded prevalent diagnoses for each condition 
by dividing the number of people with prevalent 
diagnostic codes on April 1 of each year of the study 
period by the number of those who were alive and 
currently registered at the same time point. Yearly age 
and sex standardised estimates of prevalent diagnoses 
per 100 000 population are presented in addition to 
estimates without standardisation.

A sensitivity analysis was performed to explore 
potential reasons for the observed decline in diagnoses 
of depression during the study period. We used a 
combined code list that included codes indicative 
of depressive symptoms (eg, depressed mood) 
and confirmed depression diagnostic codes (see 
supplementary appendix page 40 for code lists). To 
prevent double counting, we assigned a single index 
date to each individual corresponding to the first 
occurrence of any code from this combined code list.

Statistical analysis
Baseline sociodemographic characteristics were 
tabulated both without inferential statistics for the 
reference population and separately for those with 
newly recorded diagnoses of each condition during the 
study period.

We estimated the differences between expected 
and observed diagnosis rates after the onset of the 
covid-19 pandemic for each condition using seasonal 
autoregressive integrated moving average (SARIMA) 
models—a forecasting method that accounts for 
underlying trends and seasonal patterns in time series 
data (see supplementary appendix pages 36-37 for 
further details).5  22 Monthly diagnosis rates from 
April 2016 to February 2020 (ie, before the onset of 
the first covid-19 lockdown in England) were used to 
model expected diagnosis rates from March 2020 to 
November 2024, based on the assumption of stable 
pre-pandemic trends. Absolute and relative differences 
between expected and observed diagnosis rates were 
calculated and are presented for the full post-pandemic 
period (March 2020 to November 2024) and separately 
for four periods: March 2020 to February 2021, March 
2021 to February 2022, March 2022 to February 2023, 
and March 2023 to November 2024. We estimated 
absolute differences in numbers of newly recorded 
diagnoses for the full population of England by 
extrapolating differences in expected versus observed 
diagnosis rates for the study population to mid-year 
population estimates for England (rounded to the 
nearest 100).23 All estimates from forecasted models 
are reported with 95% prediction intervals (PIs), which 
reflect the increasing uncertainty as projections extend 
further from the observed data.

Model selection was verified using residual 
diagnostics, comprising plots of residuals over time, 

residual histograms, residual autocorrelation, and 
partial autocorrelation plots, in addition to Ljung-
Box tests.24 Bai-Perron tests25 were used to detect 
structural breaks in pre-pandemic time series, with 
break selection based on the bayesian information 
criterion, in addition to cumulative sum tests to 
assess the stability of variables over time. To assess 
the robustness of SARIMA model specification, 
we conducted sensitivity analyses using Prophet 
forecasting methodology—a decomposable time 
series model with a piecewise linear trend and Fourier 
seasonality.26 The supplementary appendix (pages 36-
37) provides further details of sensitivity analyses and 
assumption tests.

Python 3.11 was used for data management and 
Stata version 18 and R version 4.41 for statistical 
analyses. Code for data management and analysis, as 
well as code lists, are available online (https://github.
com/opensafely/disease_incidence). As analyses 
were primarily descriptive, no correction for multiple 
hypothesis testing was performed. For statistical 
disclosure control, frequency counts were rounded to 
the nearest 5 and non-zero counts <8 were redacted.

Patient and public involvement
As this study was a secondary analysis of routinely 
collected, anonymised health data, no patients or 
members of the public were involved in the design or 
conduct of these analyses. More broadly, OpenSAFELY 
has involved patients and the public in various ways, 
including a public website that provides a detailed 
description of the platform in language suitable for a lay 
audience (https://opensafely.org), participation in two 
citizen juries exploring public trust in OpenSAFELY, 
co-development of an explainer video (https://www.
opensafely.org/about/), patient representation on 
our OpenSAFELY oversight board, partnering with 
Understanding Patient Data to produce plain language 
explanations on the importance of large datasets for 
research, and presentations at various online public 
engagement events to key communities. To ensure 
that patients’ voices are represented, OpenSAFELY are 
working closely to decide on language choices with 
appropriate medical research charities (eg, Association 
of Medical Research Charities).

Results
Overall, 29 995 025 people in England had data 
available for analysis in OpenSAFELY-TPP between 1 
April 2016 and 30 November 2024. Supplementary 
appendix table S1 shows the sociodemographic 
data for these individuals, and for those with newly 
recorded diagnoses of 19 long term conditions.

Relative to pre-pandemic trends, rates of new 
diagnoses for all 19 conditions decreased sharply 
after the onset of the covid-19 pandemic; however, 
the magnitude of these decreases varied substantially 
by condition (see supplementary appendix figures 
S1 and S2). Figure 1, table 1, and supplementary 
appendix table S2 show the observed compared with 
expected diagnosis rates after March 2020 (modelled 
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Fig 1 | Comparison between observed and expected rates of newly recorded diagnoses for 19 long term conditions in England after the onset of the 
covid-19 pandemic. Supplementary figure S8 includes sensitivity analyses utilising Prophet forecasting methodology. An interactive version of this 
graphic is available at https://public.flourish.studio/visualisation/25824634/

using SARIMA). During the first year of the pandemic, 
the largest relative deficits in diagnosis rates were 
observed for COPD (−55.7%, 95% PI −56.8% to 
−54.6%), psoriasis (−43.6%, −44.9% to −42.1%), 
atopic dermatitis (−38.6%, −42.4% to −34.3%), 
osteoporosis (−35.3%, −36.9% to −33.6%), coeliac 
disease (−32.9%, −36.0% to −29.6%), and asthma 
(−31.5%, −33.5% to −29.4%). The smallest relative 
deficits in diagnosis rates were observed for stroke/
transient ischaemic attack (−9.3%, −10.8% to −7.7%) 
and polymyalgia rheumatica (−7.4%, −10.7% to 
−3.9%).

By November 2024, fewer diagnoses remained 
than expected for several conditions relative to pre-
pandemic trends, with depression showing the largest 
cumulative reduction between March 2020 and 
November 2024 (−27.7%, 95% PI −28.5% to −26.8%). 
After a decrease in new diagnoses of depression 
during the first year of the pandemic (29.4%, 27.7% 
to 31.0%), rates increased but remained below pre-
pandemic levels, followed by a further decline between 

2022 and 2024 (fig 1). When extrapolated to the full 
population of England, an estimated 27.7% fewer 
diagnoses of depression (734 800, 95% PI 703 100 
to 766 400) than expected occurred between March 
2020 and November 2024. In a sensitivity analysis, 
when codes indicative of depressive symptoms (eg, 
depressed mood) were included from an expanded 
depression code list (see supplementary figure S3), the 
relative deficit in depression diagnoses was attenuated 
(−20.9%, 95% PI −22.0% to −19.9%); however, the 
absolute reduction in diagnoses was comparable 
(738 200 fewer diagnoses, 95% PI 690 700 to 785 700), 
indicative of the higher diagnosis rate for depression 
when including these additional codes.

The next largest absolute reductions in diagnoses 
were seen for asthma (152 900 (16.4%) decrease, 95% 
PI 137 500 to 168 300), COPD (90 100 (15.8%), 81 400 
to 98 900), coronary heart disease (56 900 (7.3%), 
50 800 to 63 000), psoriasis (54 700 (17.1%), 50 100 
to 59 200), and osteoporosis (54 100 (11.5%), 47 100 
to 61 100) (table 1). In contrast, diagnosis rates for 
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other conditions increased above pre-pandemic levels 
after the initial decreases—most notably for chronic 
kidney disease (table 1). After a 25.3% decrease 
(95% PI 22.2 to 28.2) in new diagnoses of chronic 
kidney disease during the first year of the pandemic, 
diagnosis rates returned to pre-pandemic levels by 
late 2020, before increasing above pre-pandemic 
levels from 2022 onwards (fig 1). Between March 2020 
and November 2024, the number of newly recorded 
diagnoses of chronic kidney disease was 34.8% higher 
than expected based on pre-pandemic trends (95% PI 
31.5 to 38.2), corresponding to an estimated 359 000 
additional diagnoses for this disease in England (95% 
PI 333 500 to 384 500).

When analysed separately by sex (fig 2), age group 
(see supplementary figure S4), socioeconomic status 
(fig 3), and ethnicity (see supplementary figure S5), 
several inequities were evident in the recovery of 
diagnosis rates after the initial pandemic phase. 
For chronic kidney disease, much of the increase 
in diagnoses during the pandemic recovery period 
occurred in people aged 80 years and older, and 
in those from less deprived socioeconomic fifths, 
with comparable relative increases by ethnicity. For 

depression, the decrease in diagnoses during the 
pandemic recovery period occurred predominantly 
in those aged 20 to 39 years and in those of white or 
mixed ethnicity, with comparable decreases across 
socioeconomic fifths. For dementia, after the initial 
decrease in diagnoses, rates increased above pre-
pandemic levels for people of white ethnicity and 
those from less deprived socioeconomic areas, but not 
for those of other ethnicities or from more deprived 
socioeconomic areas. Although for computational 
reasons, age and sex standardisation could not be 
performed in subgroup analyses by ethnicity or 
socioeconomic status, crude and age and sex adjusted 
estimates were comparable overall (see supplementary 
figure S2).

Changes were notable in the number of prevalent 
diagnoses for several conditions after the onset 
of the pandemic compared with pre-pandemic 
trends (see supplementary figures S6 and S7). The 
gradually declining prevalence of dementia before 
the pandemic then accelerated during the first year of 
the pandemic, before stabilising from 2021 onwards. 
Although the prevalence of COPD had remained stable 
before the pandemic, it decreased after 2020, likely 

Fig 2 | Monthly rates of newly recorded diagnoses per 100 000 population for 19 long term conditions in England between 1 April 2016 and 30 
November 2024 by sex. An interactive version of this graphic is available at https://public.flourish.studio/visualisation/25257909/

6� doi: 10.1136/bmj-2025-086393 | BMJ 2026;392:e086393 | the bmj



RESEARCHRESEARCH

corresponding to the observed decrease in newly 
recorded diagnoses. In contrast, the declining pre-
pandemic prevalence of chronic kidney disease began 
increasing after 2022, corresponding to the noticeable 
increase in new diagnoses at that point.

Sensitivity analyses were conducted using 
Prophet forecasting methodology to evaluate the 
robustness of estimates from SARIMA models, with 
forecasted estimates comparable for many diseases, 
including chronic kidney disease and depression (see 
supplementary figure S8 and table S3). Estimates 
from Prophet models compared with SARIMA 
showed more pronounced reductions in recorded 
diagnoses for asthma, coeliac disease, COPD, type 2 
diabetes mellitus, heart failure, and stroke/transient 
ischaemic attack, whereas estimates from SARIMA 
models showed relatively larger increases for Crohn’s 
disease. Residual diagnostics from SARIMA models 
supported the robustness of the overall findings (see 
supplementary figures S9 to S27). The findings of 
Ljung-Box tests were non-significant for all models, 
as were cumulative sum tests of residual instability, 
with no structural breaks seen on Bai-Perron tests of 

pre-pandemic time series. Small, isolated residual 
spikes were evident in autocorrelation plots for type 2 
diabetes mellitus, osteoporosis, and psoriasis, which 
persisted after exploration of alternative SARIMA 
terms; however, these were not statistically significant 
on Ljung-Box testing, and counterfactuals were closely 
comparable to those obtained from Prophet forecasts 
(see supplementary figure S8), supporting the 
adequacy of the model fit.

Discussion
Utilising data on more than 29 million individuals 
in England, our study highlighted noticeable 
variation in the impact of the covid-19 pandemic 
on diagnosis rates across a range of diseases and 
sociodemographic characteristics. New diagnoses of 
all 19 long term conditions studied decreased sharply 
during the first year of the pandemic, but the effect 
was disproportionate for conditions such as COPD, 
asthma, psoriasis, and osteoporosis. Increases in 
diagnoses were subsequently observed for several 
conditions, particularly chronic kidney disease, for 
which reported diagnoses have increased substantially 

Fig 3 | Monthly rates of newly recorded diagnoses per 100 000 population for 19 long term conditions in England between 1 April 2016 
and 30 November 2024 by socioeconomic status. An interactive version of this graphic is available at https://public.flourish.studio/
visualisation/25824451/
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since 2022. In contrast, cumulative reductions in 
diagnoses remain evident nearly five years after the 
onset of the pandemic, most notably for depression. 
Unadjusted subgroup analyses stratified by ethnicity 
and socioeconomic status indicated that after an initial 
decrease, diagnosis rates for dementia increased above 
pre-pandemic levels for people of white ethnicity and 
those from less deprived socioeconomic areas, but not 
for those of other ethnicities or from more deprived 
areas. Importantly, this study showed the potential for 
routinely collected health data to enable monitoring of 
disease epidemiology in near real time.

What this study adds in comparison with other 
studies
In our study, sharp decreases in new diagnoses were 
evident for all 19 long term conditions at the onset 
of the pandemic, albeit to varying extents. Numerous 
factors are likely to contribute to these decreases, 
including fewer people presenting at a time when 
primary and secondary care services were under 
enormous pressure,1  27  28 stay-at-home guidance,29 
and reduced access to routine testing and secondary 
care referrals.3 We observed a disproportionate 
impact during the early phase of the pandemic on 
diagnosis rates for conditions that are more reliant on 
elective diagnostic testing, such as COPD and asthma 
(spirometry and lung function testing), coeliac disease 
(endoscopy), and osteoporosis (bone densitometry), or 
less urgent secondary care referral (such as psoriasis). 
This finding contrasts with smaller decreases for 
conditions that are more likely to be diagnosed acutely, 
such as stroke/transient ischaemic attack, epilepsy, 
and multiple sclerosis.

Our finding of a disproportionate impact during the 
early phase of the pandemic on respiratory conditions 
such as COPD and asthma supports the findings 
from a previous population level study in Wales, 
which included data up to December 2021.5 Using 
contemporaneous data in OpenSAFELY, our study 
found that, although new diagnoses of COPD and 
asthma gradually returned to pre-pandemic levels after 
these initial decreases, large cumulative reductions 
in diagnoses were still evident as of November 2024, 
potentially indicating that these conditions remained 
undiagnosed in many individuals. An important 
contributing factor is likely to be the sudden disruption 
to spirometry and lung function testing during the 
pandemic, resulting in large backlogs of patients 
waiting for tests.30 Equitable access to spirometry 
has been identified as a priority area for the NHS as 
it recovers from the pandemic, given the impact of 
delayed diagnosis on the initiation of treatments such 
as inhaled therapies and pulmonary rehabilitation, as 
well as preventive measures such as vaccination.30

A large reduction in diagnoses was also observed for 
osteoporosis. Delays in diagnosis and the initiation of 
bone protection treatment can substantially affect the 
prognosis for people with osteoporosis. Osteoporotic 
fractures are associated with a high burden of 
disability and functional impairment,31 with estimates 

of mortality in the first year after hip fracture ranging 
from 15% to 36%.32 Bisphosphonates reduce the 
risk of hip and vertebral fractures in postmenopausal 
women by 35% and 54%, respectively,33 highlighting 
the importance of early diagnosis and treatment. Our 
findings therefore suggest that a national case finding 
strategy may be warranted to identify people who 
have not yet had a diagnosis of or been treated for 
osteoporosis because of the pandemic.

Of all conditions studied, the largest cumulative 
reduction in diagnoses was observed for depression. 
After an initial decrease in diagnoses during the early 
phase of the pandemic, diagnosis rates for depression 
approached pre-pandemic levels by late 2021 but have 
declined markedly since 2022, predominantly in those 
aged 20 to 39 years and in those of white or mixed 
ethnicity. Although previous studies have reported 
large reductions in newly recorded mental health 
diagnoses during the early phase of the pandemic,5 8 
the recent decrease in new diagnoses of depression 
warrants further investigation. Our findings are 
supported by decreases in newly initiated prescriptions 
of antidepressant drugs and referrals to mental health 
services for depression in England since 2022, after 
previous increases.34  35 Importantly, however, the 
observed decline in newly recorded diagnoses may 
not necessarily equate to a decrease in the underlying 
incidence of depression. The number of new claimants 
of disability related benefits for mental health 
conditions increased by 190% in England between 
2019/20 and 2023/24.36 One possible explanation 
for this divergence is that it is taking longer to formally 
diagnose depression in people with symptoms owing 
to increasing pressures on the NHS.37  38 Primary 
care services have faced particular challenges from 
increased demand since the pandemic. Although 
the total number of face-to-face consultations 
has increased, so has the proportion of remote 
consultations, which together with time pressures 
in consultations, may make it more challenging to 
identify non-verbal cues associated with depression.39 
It is also possible that individuals with symptoms of 
depression may be accessing services without their 
diagnoses being recorded in primary or secondary 
care records. After a national drive to expand access 
to psychological therapies, referrals to NHS Talking 
Therapies services increased by nearly two thirds 
between 2013/14 and 2023/24 (from 1.1 million to 
1.8 million referrals, respectively), with self-referrals 
(ie, without necessarily needing to consult a healthcare 
professional before referral) constituting 69% of 
all referrals.40 Recommendations from the National 
Institute for Health and Care Excellence (NICE), 
updated in June 2022, emphasised the importance of 
therapy based treatments over antidepressants for new 
diagnoses of less severe depression.41 This, in turn, 
may have contributed to a change in how clinicians 
record depression diagnoses. In our sensitivity 
analysis that included additional diagnostic codes for 
symptoms of depression (eg, depressed mood), the 
relative deficit in depression diagnoses was attenuated, 
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indicating a shift towards recording symptom related 
codes over formal depression diagnoses. Previous 
studies reported similar findings after the introduction 
of the Quality and Outcomes Framework (QOF) 
incentivisation scheme in the NHS, which resulted in 
general practices switching from recording diagnostic 
codes for depression to symptom related codes.42

In contrast, we observed a large increase in newly 
recorded diagnoses of chronic kidney disease since 
2022. Although this may partially represent a catch-
up in diagnoses after a disruption to services during 
the pandemic, the observed increase in chronic kidney 
disease diagnoses was 35% higher than expected 
based on pre-pandemic trends. Subgroup analyses 
highlighted that much of this increase occurred in 
people aged 80 years and older, and in those from less 
deprived socioeconomic areas. Numerous factors could 
have contributed to this increase, and more work is 
needed to elucidate the reason. Potential explanations 
could include an accelerated decline in glomerular 
filtration rate after covid-19 infection,43 44 the inclusion 
of chronic kidney disease as a risk factor in national 
cardiovascular prevention audits (eg, CVDPREVENT),45 
initiatives to facilitate the use of novel treatments to 
prevent the progression of chronic kidney disease (eg, 
sodium-glucose cotransporter-2 inhibitors),46 and 
changes in coding practices or frequency of laboratory 
testing (eg, remote albuminuria testing programmes).47 
In August 2021, NICE published updated guidance on 
the assessment and management of chronic kidney 
disease.48 These recommendations included screening 
of individuals at risk, which may have led to enhanced 
detection after implementation, without necessarily 
representing true disease progression attributable to 
the pandemic. Additionally, updated NICE guidelines 
recommended removal of ethnicity related adjustment 
factors when estimating glomerular filtration rates. 
Use of ethnicity based estimated rates was shown to 
overestimate glomerular filtration rate and under-
recognise chronic kidney disease in people of black 
ethnicity in the UK,48  49 which may have contributed 
to the observed increase in people of black ethnicity 
meeting thresholds for chronic kidney disease after 
removal of ethnicity based rates. However, the 
comparable relative increase in chronic kidney disease 
diagnoses among those of white ethnicity suggests that 
this factor alone is unlikely to explain the large overall 
increase in chronic kidney disease diagnoses.

Implications for clinicians and policymakers
The methodology utilised in this study provides a 
mechanism through which temporal changes in 
diagnosis rates can be monitored and variation by 
age, sex, ethnicity, socioeconomic status, and region 
highlighted. Despite England having a universal 
healthcare system, rates of dementia diagnoses in 
unadjusted subgroup analyses have risen above pre-
pandemic levels for individuals of white ethnicity and 
those from less deprived socioeconomic areas, whereas 
diagnosis rates remained lower than expected among 
those from other ethnic backgrounds and more deprived 

areas. Our findings have important implications for 
policymakers and clinicians. The results suggest that 
nearly five years after the onset of the pandemic large 
cumulative reductions in diagnoses remain evident for 
several long term conditions, relative to pre-pandemic 
trends. Strategies are urgently needed to investigate the 
reasons for these reductions and decrease the impact of 
undiagnosed disease and unmet need on patients, the 
healthcare system, and the economy. Strategies could 
include national and community based initiatives for 
case finding, outreach programmes, and screening of 
people at risk. Importantly, by being able to quantify 
the relative burden of underdiagnosis by condition, 
demography, and region, the methodology presented 
in this study could inform the development of these 
strategies and help direct the allocation of resources to 
where they are most needed.

The frequently updated data sources in OpenSAFELY 
also provide opportunities for early detection of 
trends in diagnosis, which could be integrated into 
public health surveillance programmes, such as in 
response to future pandemics. The ability to detect 
changes in diagnosis activity at an earlier stage will 
enable strategies to be implemented proactively to 
mitigate disruption. Rather than static reports, data 
in OpenSAFELY can be regularly updated and made 
publicly available through dashboards at local and 
national levels.50 Additionally, similar methodology can 
be used to monitor the real world effect of interventions 
(eg, case finding strategies), while minimising the 
burden of manual data collection on clinicians and 
maximising the inclusion of populations who are 
often under-represented in studies.51-53 Although the 
primary focus of this study was to describe changes in 
healthcare diagnosis activity for long term conditions, 
the analysis code can be readily adapted to assess care 
quality benchmarked against clinical guidelines6 7 and 
to evaluate the real world impact of strategies aimed at 
improving healthcare delivery.51

Strengths and limitations of this study
Our study had several strengths. We used nationally 
representative data from more than 29 million 
people to provide updated estimates of incident and 
prevalent diagnosis rates for 19 long term conditions 
spanning multiple disease areas. This approach can 
be expanded to assess numerous other diseases, 
including rare diseases with limited epidemiological 
data. While several previous studies had reported 
abrupt decreases in new diagnoses during the early 
pandemic,5-12 we were able to evaluate whether 
diagnosis rates had returned to pre-pandemic trends 
across multiple disease areas as healthcare services 
emerge from the pandemic. Demonstrating this at a 
population level requires regularly updated data from 
primary and secondary care, which is now possible 
with the introduction of the OpenSAFELY Trusted 
Research Environment in England.13 By showing the 
feasibility of this approach using routinely collected 
data from the NHS in England, this study serves as 
proof-of-principle for data-enabled monitoring of 
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disease epidemiology in other healthcare systems 
worldwide. Moreover, by collating data sources from 
different countries, a similar approach would enable 
comparisons across healthcare systems—as shown 
in a recent Global Burden of Disease study, which 
investigated causes of increased disease burden 
during the early pandemic.54

Limitations of this study must also be acknowledged. 
As with other studies utilising coded health data, 
the potential for diagnostic misclassification and 
incomplete or delayed recording of diagnoses must 
be considered; noting also that the recording of a 
new diagnostic code does not necessarily equate to 
the biological onset of a disease—for example, the 
symptoms and signs of a condition may be monitored 
or managed for a variable period of time before a 
formal diagnostic code is recorded. Importantly, 
although these data can be used to highlight temporal 
trends in healthcare diagnosis activity, we were unable 
to infer whether differences represented true changes 
in underlying disease incidence (eg, after SARS-CoV-2 
infection), changes in the recording of diagnoses 
(eg, as a result of updated guidelines), changes in 
diagnostic testing (eg, increased testing of B-type 
natriuretic peptide for heart failure), or changes in 
service delivery (eg, care provision outside of primary 
and secondary care). As such, while the acute changes 
in diagnosis rates were likely initiated by pandemic 
related disruption, numerous factors beyond the direct 
consequences of the pandemic could have influenced 
diagnosis rates in subsequent years, which require 
further investigation. Similarly, estimates of prevalence 
from diagnostic coding can be influenced by factors 
such as coding practices, delays in diagnosis, and 
mortality, and therefore they may not perfectly match 
the underlying prevalence of a disease.

Observed trends in diagnosis rates must be 
considered against the backdrop of abrupt changes 
in healthcare utilisation and diagnostic testing 
during the pandemic. The number of general practice 
appointments in England decreased by one third 
between March and April 2020, before increasing 
above pre-pandemic levels.27 Pathology testing in 
primary care decreased by more than 70% during the 
first month of the pandemic for many common tests, 
including renal function and glycated haemoglobin, 
with modestly increased testing above pre-pandemic 
levels from 2022 onwards.55 56 Hospital admissions for 
non-covid-19 diseases decreased by 34% in 2020, with 
scheduled and unscheduled admissions decreasing by 
47% and 14%, respectively.57 To maximise the capture 
of diagnoses, we utilised data from both primary care 
and secondary care sources; however, it is important 
to acknowledge the differences between diagnoses 
in primary care and those in hospital. We excluded 
hospital admissions with diagnostic codes recorded in 
non-primary positions on the basis of reduced coding 
reliability; although this exclusion could underestimate 
diagnostic activity if relevant people with a diagnosis 
were not captured, the concurrent inclusion of primary 
care records is likely to mitigate this potential bias. 

Additionally, the forecasting methods in our analyses 
relied on an assumption of stable pre-pandemic 
trends that continued after the onset of the pandemic, 
but this may not be the case for several reasons—for 
example, changes in national guidance or screening 
programmes, which can influence diagnosis rates 
irrespective of the pandemic. As such, the differences 
between observed and expected diagnosis rates should 
be viewed as projections based on stable pre-pandemic 
trends, rather than rates that account for all external 
factors in the absence of the pandemic. Moreover, the 
level of uncertainty surrounding projected estimates 
increases with elapsed time, particularly for less 
common diseases—although comparable estimates 
from sensitivity analyses using Prophet supported the 
robustness of the overall findings.

We were unable to age and sex standardise our 
subgroup analyses by socioeconomic status or 
ethnicity owing to the computationally intensive 
nature of these analyses. As such, these subgroup 
analyses should be interpreted with caution (eg, if 
substantial changes in population structure occurred 
during the study period), although crude and adjusted 
estimates for the overall cohort were comparable, 
suggesting this is unlikely to have meaningfully altered 
our findings. Ten year age bands were utilised for 
computational reasons and to minimise the risk of 
disclosivity; however, this may mask heterogeneity 
within age strata, particularly among the oldest age 
groups, which could be explored in future analyses. 
Similarly, we reported trends in diagnosis rates 
separated into five ethnicity categories for most 
conditions, owing to small numbers of diagnoses and 
the potential for disclosure, which precluded more 
granular reporting of differences within these broad 
ethnicity categories. Although previous studies have 
shown OpenSAFELY-TPP to be representative (within 1 
percentage point) of the general population of England 
in terms of demographic characteristics and leading 
causes of death, primary care coverage by region 
varies within OpenSAFELY-TPP, which could influence 
the generalisability of our findings.15 Moreover, as 
this study was performed within the NHS in England, 
these findings require further investigation in other 
healthcare systems to assess generalisability globally, 
including the other UK nations.

It is also important to recognise that methodological 
differences can influence estimates of absolute 
incidence rates across studies. For example, incidence 
rates for depression in our study were lower than those 
reported in QOF practice disease registers.58 A known 
limitation of QOF registers is that prevalent diagnoses 
of depression may be recorded as new diagnoses if, 
for example, a different depression code is entered 
during a subsequent financial year.59 In contrast, our 
study incorporated a historical look-back to exclude 
prevalent diagnoses, and individuals were required to 
have a minimum of 12 months of continuous practice 
registration before their index diagnosis. Consequently, 
while absolute incidence estimates may vary between 
studies owing to differences in methodology or code 
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lists, our approach enables robust comparisons of 
relative trends in diagnosis rates over time.

Conclusion
Routinely collected health data on more than 29 
million people highlighted large reductions in recorded 
diagnoses for conditions such as depression, COPD, 
asthma, and osteoporosis, contrasting with a surge in 
recorded diagnoses for chronic kidney disease since 
the covid-19 pandemic. Importantly, this study showed 
the potential for real time health data to transform 
disease monitoring, identify inequities across under-
served populations, and inform strategies to improve 
detection of conditions and reduce delays in diagnosis.
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