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Abstract
Background  Whilst interest in efficient trial design has grown with the use of electronic health records (EHRs) to 
collect trial outcomes, practical challenges remain. Commonly raised concerns often revolve around data availability, 
data quality and issues with data validation. This study aimed to assess the agreement between data collected on 
clinical trial participants from different sources to provide empirical evidence on the utility of EHRs for follow-up in 
randomised controlled trials (RCTs).

Methods  This retrospective, participant-level data utility comparison study was undertaken using data collected 
as part of a UK primary care-based, randomised controlled trial (OPTiMISE). The primary outcome measure was the 
recording of all-cause hospitalisation or mortality within 3 years post-randomisation and was assessed across (1) 
Coded primary care data; (2) Coded-plus-free-text primary care data; and (3) Coded secondary care and mortality 
data. Agreement levels across data sources were assessed using Fleiss’ Kappa (K). Kappa statistics were interpreted 
using an established framework, categorising agreement strength as follows: <0 (poor), 0.00–0.20 (slight), 0.21–0.40 
(fair), 0.41–0.60 (moderate), 0.61–0.80 (substantial), and 0.81–1.00 (almost perfect) agreement. The impact of using 
different data sources to determine trial outcomes was assessed by replicating the trial’s original analyses.

Results  Almost perfect agreement was observed for mortality outcome across the three data sources (K = 0.94, 
95%CI 0.91–0.98). Fair agreement (weak consistency) was observed for hospitalisation outcomes, including all-cause 
hospitalisation or mortality (K = 0.35, 95%CI 0.28–0.42), emergency hospitalisation (K = 0.39, 95%CI 0.33–0.46), and 
hospitalisation or mortality due to cardiovascular disease (K = 0.32, 95%CI 0.19–0.45). The overall trial results remained 
consistent across data sources for the primary outcome, albeit with varying precision.

Conclusion  Significant discrepancies according to data sources were observed in recording of secondary care 
outcomes. Investigators should be cautious when choosing which data source(s) to use to measure outcomes 
in trials. Future work on linking participant-level data across healthcare settings should consider the variations in 
diagnostic coding practices. Standardised definitions for outcome measures when using healthcare systems data and 
using data from different data sources for cross-checking and verification should be encouraged.
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Introduction
Well-designed and conducted randomised controlled tri-
als (RCTs) are considered the gold standard for assessing 
the efficacy and safety of interventions [1, 2]. A key aspect 
of the good conduct of RCTs is the careful collection and 
validation of baseline and follow-up data. Ideally, follow-
up data would be collected for a significant period of 
time, in order to capture as many clinical outcome events 
as possible. However, conducting long-term follow-up 
within trial is often restricted by time and cost [3]. More-
over, substantial logistical and methodological complexi-
ties such as participant retention, data completeness, and 
long-term follow-up feasibility add significant challenges 
in conducting such follow-ups [4, 5]. Over the past two 
decades, interest has mounted in utilising electronic 
health records (EHRs) to simplify components of RCTs 
[6, 7, 8, 9]. It was reported in a review that 113 studies 
published between 1945 and 2016, of which 71 (63%) 
were conducted after 2010, utilised administrative and 
registry data for long-term follow-up of participants in 
trials [6]. Despite the increasing numbers of studies that 
used EHRs for trial follow-up [7, 8, 9, 10], these numbers 
remain small when comparing to the backdrop of over 
5,000 registered trials publishing their results every year 
[11].

Whilst greater use of EHR for clinical trial follow-up is 
advocated [12], practical challenges remain. Commonly 
raised concerns often revolve around data availability, 
data quality and issues with data validation [13]. Lensen 
et al. (2020) [9] reported that 30% (27/91) of studies in 
their review used EHRs for cross-checking trial data, 
while 57% (52/91) relied solely on EHRs as trial data 
without any cross-checking or comparison against other 
data sources. Previous studies have revealed significant 
disparities in recording of events in primary care, sec-
ondary care, disease registration and trial data [14, 15, 16, 
17, 18]. Two studies, though, suggest that coded hospi-
tal admission and death registry data in the UK has the 
potential to be used as the sole method for collecting 
serious vascular outcomes without the need for verifi-
cation by clinical adjudication [16, 17]. This data utility 
comparison study compared coded data from primary 
and secondary care, and where collected systemati-
cally for a trial [19, 20]. We aimed to assess how well the 
coded data from primary care and secondary care could 
be used to replace or supplement trial data, and exam-
ine the impact of different data sources on trial outcome 

assessment in a completed, UK primary care-based ran-
domised controlled trial with outcome measures involv-
ing secondary care [19, 20].

Methods
Design
The present retrospective, participant-level data util-
ity comparison study used data from a UK primary 
care-based, open-label, randomised controlled trial– 
OPtimising Treatment for MIld Systolic hypertension 
in the Elderly (OPTiMISE) [Trial registration ISRCTN 
97503221, Registration date: 15/03/2017] [19]. The OPTi-
MISE trial was conducted in 69 primary care sites in 
England. It aimed to find out whether and to what extent 
blood pressure medications could be safely reduced in 
older patients (≥ 80 years old) with controlled blood pres-
sure (systolic blood pressure < 150mmHg) who were on 
multiple antihypertensive medications. A total of 569 
participants were randomised (1:1 ratio) to the trial, of 
whom 564 (99.1%) were followed up for at least 3 years 
after randomisation. Data used in this embedded meth-
odological substudy was collected as part of the long-
term follow-up of the OPTiMISE trial [20]. The overall 
trial was approved by a National Health Service (NHS) 
Research Ethics Committee (South Central—Oxford A; 
16/SC/0628) and the Medicines and Healthcare products 
Regulatory Agency (MHRA; 21584/0371/001–0001). All 
participants gave written informed consent.

Data sources
This substudy used three sources of data to assess study 
outcomes:

1.	 Coded primary care data– extracted directly 
from the Oxford Clinical Informatics Digital Hub 
(ORCHID) platform. ORCHID is a live database 
which includes nearly 2,000 practices and 20 million 
patient records (https://orchid.phc.ox.ac.uk) [21, 22]. 
It allows near real-time data collection from primary 
care EHRs including all coded data, prescriptions, 
test results and coded diagnoses.

2.	 Coded-plus-free-text primary care data– manually 
extracted by a member of the research team, who 
went to each study site and conducted systematic 
manual notes reviews for each participant in the trial.

3.	 Coded secondary care and mortality data– extracted 
from centralised datasets held by NHS England 
(NHSE), which included Hospital Episode Statistics 
(HES) Admitted Patient Care (APC), HES Accident 
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and Emergency, and The Office for National Statistics 
(ONS) Death Registration Data (data sharing 
agreement DARS-NIC-459340-M8R2R-v0.11).

Outcome measures
The primary analysis assessed the agreement in recording 
a composite outcome of all-cause hospitalisation or mor-
tality within 3 years post-randomisation across the three 
data sources described above.

The secondary analysis assessed the agreement across 
the three data sources in recording all-cause mortality, 
emergency hospitalisation, and hospitalisation or death 
due to cardiovascular diseases (CVD), myocardial infarc-
tion (MI), stroke, and other serious adverse events (SAEs) 
resulting in hospitalisation including acute kidney injury 
(AKI), falls, fractures, hypotension, syncope and electro-
lyte abnormalities within 3 years post-randomisation. In 
this analysis, cause-specific hospitalisations were defined 
based on the primary diagnosis in the HES Admitted 
Patient Care dataset using prespecified ICD-10 codes 
documented in the electronic health records (see Appen-
dix I in the supplementary document), whereas the sensi-
tivity analysis incorporated both primary and secondary 
diagnoses. Cause-specific mortality was defined using 
both primary and secondary causes of death.

Statistical methods
The central aim of this data utility comparison study was 
to assess the agreement of data collected from three data 
sources in identifying participants who experienced the 
designated outcome events among those for whom all 
sources were available. The performance of primary care 
data sources (Coded primary care data, and Coded-plus-
free-text primary care data) were assessed using sensitiv-
ity and specificity against the reference standard (Coded 
secondary care and mortality data). The overall levels of 
agreement across data sources were estimated using the 
Cohen’s kappa (for two raters) and Fleiss’ kappa (for three 
raters) [23, 24, 25, 26]. Kappa statistics were interpreted 
using an established framework, categorising agreement 
strength as follows: <0 (poor), 0.00–0.20 (slight), 0.21–
0.40 (fair), 0.41–0.60 (moderate), 0.61–0.80 (substan-
tial), and 0.81–1.00 (almost perfect) agreement [27]. The 
agreement on the primary outcome (all-cause hospitalisa-
tion or mortality) was further evaluated within subgroups 
using heterogeneity testing. Analyses were stratified by 
treatment allocation (medication reduction vs. usual 
care), baseline frailty (electronic frailty index score ≤ 0·12 
vs. > 0.12 [fit vs. frail]), baseline cognitive function (Mon-
treal Cognitive Assessment [MoCA] score < 26 vs. ≥26), 
number of antihypertensive medications prescribed at 
baseline (2 vs. >2), and number of co-morbidities at base-
line (≤ 4 morbidities vs. >4). To identify the cause-specific 
outcomes (secondary outcomes) within coded data from 

primary care (in ORCHID database), all hospitalisation 
events occurring during the 3-year follow-up period were 
reviewed by a general practitioner (AES) to determine 
whether a corresponding diagnosis code (separated data 
entry) could be identified for the same participant, within 
seven days of the hospitalisation date.

To determine whether using different data sources to 
define outcomes would yield similar treatment effect esti-
mates as observed in the OPTiMISE long-term follow-
up study, we replicated the original analyses using these 
three data sources. In this study, the coded secondary 
care and mortality data were the same as those in the 
original OPTiMISE trial dataset. A Cox proportional 
hazards model adjusting for baseline systolic blood pres-
sure and treatment allocation as a fixed effect was used. 
All analyses carried out based on intention-to-treat (ITT) 
groups, at the 0.05 (2sided) significance level.

All data were analysed using Stata statistical software 
(Stata MP version 18.0) [28].

Results
Population characteristics
A total of 569 participants were randomised in the origi-
nal OPTiMISE trial. Of these, 187 patients were regis-
tered at practices that did not contribute to the ORCHID 
database so their coded primary care data were unavail-
able. Additionally, five participants withdrew consent 
for extended follow-up, and eight participants could not 
be linked to any of the data sources used for extended 
follow-up, because their NHS numbers were missing or 
they had moved to other practice(s) after randomisa-
tion. As a result, long-term follow-up data from all three 
sources were available for 369 (65%) trial participants 
(Fig. 1). A comparison of baseline characteristics showed 
no substantial differences between participants available 
for this analysis and the complete OPTiMISE trial cohort 
(Table 1).

Agreement across data sources
The primary outcome measure (all-cause hospitalisation 
or mortality) was recorded in 249 (67.5%) participants in 
at least one data source. While 72 outcome events were 
identified consistently across all three data sources, 83 
events were recorded only in coded secondary care and 
mortality data, and 11 events only in the coded-plus-
freetext primary care data (Fig. 2). Compared to the ref-
erence standard (coded secondary care and mortality 
data), coded primary care data demonstrated low sensi-
tivity meaning that only 35.9% (95% confidence interval 
[CI] 29.8–42.3%) of patients who experienced primary 
outcome events were recorded in coded primary care 
data. In contrast, specificity was high at 99.2% (95% CI 
95.9–100%), meaning that nearly all patients who did 
not experience the primary outcome were accurately 
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recorded as such. Coded-plus-free-text primary care 
data had higher sensitivity (59.5%; 95% CI 52.9–65.8%) 
but slightly lower specificity (90.9%; 95%CI 84.7–95.2%) 
(Table 2) compared to the reference standard (coded sec-
ondary care and mortality data).

Overall agreement across all three data sources on the 
primary outcome (all-cause hospitalisation or mortal-
ity) was fair (Fleiss’ kappa [K] = 0.35, 95% CI 0.28–0.42) 
suggesting that the level of consistency was above 
chance but still relatively weak. In addition, lower agree-
ment observed in coded primary care data (Cohen’s 
kappa = 0.28, 95% CI 0.22–0.34) compared to coded-
plus-freetext primary care data (Cohen’s kappa = 0.44, 
95% CI 0.36–0.52) suggesting that incorporating free-text 
data improved the consistency of recorded outcomes. 
Subgroup analyses suggested a potential lower level of 

agreement among patients with higher baseline frailty 
(K = 0.30, 95% CI 0.22–0.39) and multiple comorbidities 
(K = 0.29, 95% CI 0.19–0.39) (Supplementary Table S1).

All-cause mortality was recorded in 44/369 (11.9%) 
participants using coded primary care data, and in 
51/369 (13.8%) participants using coded-plus-freetext 
primary care data or coded secondary care and mortality 
data (Table 2). There was near-perfect agreement in mor-
tality recording across the three data sources (K = 0.94, 
95%CI 0.91–0.98).

Meanwhile, fair to moderate levels of agreement were 
observed for hospitalisation outcomes, including hos-
pitalisation or mortality due to CVD (K = 0.32, 95%CI 
0.19–0.45), stroke (K = 0.21, 95%CI 0.07–0.35), and MI 
(K = 0.44, 95%CI 0.22–0.65), and hospitalisation due to 
falls (K = 0.30, 95%CI 0.17–0.43) and fractures (K = 0.43, 

Fig. 1  Data extraction flow diagram
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Table 1  Baseline characteristics of participants, by treatment allocation, by source of data
Data utility comparison substudy Overall OPTiMISE trial
Medication reduction
(n = 185)

Usual care
(n = 184)

Total
(n = 369)

Medication reduction
(n = 280)

Usual care
(n = 284)

Total
(n = 564)

Age (mean, SD) 84.8 (3.6) 85.4 (3.7) 85.0 (3.7) 84.7 (3.3) 85.0 (3.6) 84.8 (3.4)
SBP (mean, SD) 128.9 (13.5) 131.1 (11.7) 130.0 (12.7) 129.4 (13.2) 130.5 (12.3) 130.0 (12.7)
DBP (mean, SD) 67.7 (9.2) 69.6 (8.5) 68.6 (8.9) 68.4 (9.1) 70.1 (8.4) 69.3 (8.8)
BMI (mean, SD) 26.9 (4.2) 27.8 (4.1) 27.3 (4.2) 27.2 (4.2) 28.0 (4.3) 27.6 (4.3)
eFI (mean, SD) 0.15 (0.07) 0.15 (0.07) 0.15 (0.07) 0.14 (0.07) 0.15 (0.07) 0.15 (0.07)
No. of antihypertensives (mean, SD) 2.5 (0.6) 2.5 (0.7) 2.5 (0.7) 2.5 (0.6) 2.5 (0.7) 2.5 (0.6)
No. of other medications (mean, SD) 3.3 (3.5) 3 (3.2) 3.1 (3.3) 2.8 (3.4) 2.7 (3.3) 2.8 (3.4)
Gender (n, %)
Male 102 (55.1%) 95 (51.6%) 197 (53.4%) 150 (53.6%) 141 (49.6%) 291 (51.6%)
Female 83 (44.9%) 89 (48.4%) 172 (46.6%) 130 (46.4%) 143 (50.4%) 273 (48.4%)
Ethnicity (n, %)
White 182 (98.4%) 175 (95.1%) 357 (96.7%) 273 (97.5%) 270 (95.1%) 357 (96.7%)
Black 2 (1.1%) 3 (1.5%) 5 (1.4%) 2 (1.1%) 3 (1.5%) 5 (1.4%)
Asian (South) 0 2 (1.1%) 2 (0.5%) 0 2 (1.1%) 2 (0.5%)
Mixed and other 0 2 (1.1%) 2 (0.5%) 0 2 (1.1%) 2 (0.5%)
Missing/Unknown 1 (0.45%) 2 (1.1%) 3 (0.8%) 1 (0.45%) 2 (1.1%) 3 (0.8%)
BMI groups (n, %)
Underweight 0 2 (1.1%) 2 (0.5%) 1 (0.4%) 2 (0.7%) 3 (0.5%)
Normal 58 (31.4%) 41 (22.3%) 99 (26.8%) 80 (28.6%) 59 (20.8%) 139 (24.7%)
Overweight 85 (46%) 70 (38%) 155 (42%) 131 (46.8%) 121 (42.6%) 252 (44.7%)
Obese 32 (17.3%) 52 (28.3%) 841 (22.8%) 56 (20%) 79 (27.8%) 135 (23.9%)
Missing/Unknown 10 (5.4%) 19 (10.3%) 29 (7.9%) 12 (4.3%) 23 (8.1%) 35 (6.2%)
Smoking (n, %)
Non-smoker 107 (57.8%) 105 (57.1%) 212 (57.5%) 163 (58.2%) 164 (57.8%) 327 (58%)
Ex-smoker 74 (40%) 71 (38.6%) 145 (39.3%) 110 (39.3%) 111 (39.1%) 221 (39.2%)
Current smoker 0 4 (2.2%) 4 (1.1%) 3 (1.1%) 5 (1.8%) 8 (1.4%)
Missing 4 (2.2%) 4 (2.2%) 8 (2.2%) 4 (1.4%) 4 (1.4%) 8 (1.4%)
eFI1 (n, %)
Fit 71 (38.4%) 70 (38.0%) 141 (38.2%) 121 (43.2%) 109 (38.4%) 230 (40.8%)
Mild 96 (51.9%) 95 (51.6%) 191 (51.8%) 130 (46.4%) 140 (49.3%) 270 (47.9%)
Moderate 16 (8.7%) 18 (9.8%) 34 (9.2%) 27 (9.6%) 32 (11.3%) 59 (10.5%)
Severe 2 (1.1%) 1 (0.5%) 3 (0.8%) 2 (0.7%) 3 (1.1%) 5 (0.9%)
Comorbidities (n, %)
Chronic kidney disease 56 (30.3%) 64 (34.8%) 120 (32.5%) 82 (29.3%) 102 (35.9%) 184 (32.6%)
Cancer 49 (26.5%) 45 (24.5) 94 (25.5%) 66 (23.6%) 68 (23.9) 134 (23.8%)
Cardiac disease 45 (24.3%) 42 (22.8%) 87 (23.6%) 60 (21.4%) 60 (21.1%) 120 (21.3%)
Myocardial infarction 13 (7%) 17 (9.2%) 30 (8.1%) 20 (7.1%) 19 (6.7%) 39 (6.9%)
Coronary heart disease 35 (18.9%) 33 (17.9%) 68 (18.4%) 48 (17.1%) 48 (16.9%) 96 (17%)
Angina 19 (10.3%) 20 (10.9%) 39 (10.6%) 28 (10%) 30 (10.6%) 58 (10.3%)
Heat failure 4 (2.2%) 3 (1.6%) 7 (1.9%) 5 (1.8%) 5 (1.8%) 10 (1.8%)
Diabetes (Type 2) 33 (17.8%) 24 (13%) 57 (15.5%) 48 (17.1%) 53 (18.7%) 101 (17.9%)
Atrial fibrillation 34 (18.4%) 27 (14.7%) 61 (16.5%) 45 (15.9%) 45 (16.1%) 90 (16%)
TIA 19 (10.3%) 11 (6%) 30 (8.1%) 27 (9.6%) 22 (7.8%) 49 (8.7%)
Stroke 17 (9.2%) 14 (7.6%) 31 (8.4%) 22 (7.9%) 22 (7.8%) 44 (7.8%)
PVD 5 (2.7%) 7 (3.8%) 12 (3.3%) 6 (2.1%) 9 (3.2%) 15 (2.7%)
Note: SBP = systolic blood pressure; DBP = diastolic blood pressure; eFI = electronic frailty index; TIA = transient ischemic attack; PVD = peripheral vascular disease

1 The electronic frailty index includes 36 items and is estimated from electronic health records. The index ranges from 0 to 1 (“fit” 0 ≤ eFI ≤ 0.12; “mild” 0.12 < eFI ≤ 0.24; 
“moderate” 0.24 < eFI ≤ 0.36; “severe” 0.36 < eFI ≤ 1.0)
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95%CI 0.21–0.64). Poor agreement was observed in rela-
tion to hospitalisations due to hypotension, syncope, 
electrolyte abnormalities and AKI.

Sensitivity analyses indicated that including both pri-
mary and secondary diagnoses to define cause-specific 
hospitalisations resulted in lower levels of agreement 
particularly for hospitalisations due to electrolyte 

abnormalities and AKI, with the exception of hospitalisa-
tion or mortality due to stroke (Supplementary Table S2). 
Supplementary Figures S1 and S2 demonstrate that using 
both primary and secondary causes of hospitalisation led 
to a striking increase in the total number of CVD events 
recorded.

Fig. 2  Incidence of all-cause hospitalisation and mortality during follow-up by source of data
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Trial results comparison using routinely-collected primary 
care data
For the primary outcome and most secondary outcomes 
of interest, despite substantial differences in event rate, 
the point estimates of treatment effect were similar 
across the data sources (Table  3). For secondary out-
come measures such as emergency hospitalisation, MI, 
falls and fracture, the direction of effect varied by data 
source, although this was likely due to the small numbers 
of events in most cases. Overall, 120/185 (64.9%) patients 
in the trial’s Medication Reduction group and 117/184 
(63.6%) in the trial’s Usual Care group experienced all-
cause hospitalisation or mortality (adjusted hazard ratio 
[aHR] = 1.04; 95% CI 0.81–1.35). Fewer events were 
recorded in coded-plus-freetext primary care data (medi-
cation reduction 42.2% vs. usual care 40.8%; aHR = 1.02; 
95% CI 0.74–1.40; Table 3), and even fewer in coded pri-
mary care data (24.3% vs. 22.3% respectively; aHR = 1.08; 
95% CI 0.70–1.65; Table 3). With fewer events, the confi-
dence intervals around these similar point estimates were 
wider, with implications for statistical testing. There was 
no evidence of statistical significant differences between 
groups in the point estimates for any prespecified time-
to-event secondary outcomes (Table  3). In the sensitiv-
ity analysis, using all available NHSE diagnostic codes 
increased the event rate, but did not substantially change 
point estimates, nor result in different findings across the 
data sources.

Discussion
Summary of main findings
This embedded methodological study assessed the agree-
ment of data collected from three sources: coded pri-
mary care data, coded-plus-freetext primary care data, 
and coded secondary care and mortality data. Only fair-
to-moderate agreement was found for hospitalisation 
outcomes, including the primary outcome measure of 
all-cause hospitalisation or mortality. High level of agree-
ment was observed for mortality outcome. Additionally, 
poor agreement was observed for some pre-specified 
secondary outcome measure including cause-specific 
hospitalisations due to hypotension, syncope, electrolyte 
abnormalities and AKI. Sensitivity analyses suggested 
that these substantial discrepancies were more likely 
due to different coding practices and the intended pur-
poses within primary and secondary care, especially for 
transient events or those occurring alongside other con-
ditions deemed more critical for ongoing care [29, 30]. 
Therefore, while including both coded primary and sec-
ondary causes of hospitalisation increased the number of 
events consistently reported across multiple data sources 
this approach also reduced the overall agreement across 
data sources, lowered primary care coding sensitivity, 

and inflated the event rate by capturing potentially unre-
lated events.[30].

Despite coded-plus-freetext primary care data miss-
ing a substantial number of events, comparing the pri-
mary outcome between groups produced similar results 
regardless of the data source used, although using data 
from a single primary care source resulted in significantly 
less precision. This suggests careful consideration must 
be given when choosing data source(s) to capture the 
desired outcomes. For instance, relying on primary care 
records for outcomes predominantly recorded in second-
ary care, or vice-versa, may lead to less precise treatment 
effect estimates in RCTs.

Strengths and limitations
There are notable limitations in this study. The small 
sample size, including the exclusion of 187 patients 
whose practices were not registered with the ORCHID 
database, reduced the statistical power and made sub-
group assessments challenging. Additionally, the limited 
number of cause-specific secondary outcome measures 
reduced the precision of treatment effect estimates and 
the reliability of comparisons across data sources. In this 
study, we found that using different data sources yielded 
similar treatment effect estimates, although these results 
were not statistically significant. However, the choice of 
data source may influence study findings, particularly 
in small studies where statistically significant results 
are based on a limited number of outcome events. Reli-
ance on coded EHR data meant that we were unable to 
determine whether discrepancies in outcome recording 
were due to missing documentation in a given dataset 
or the exclusion of relevant codes needed to capture the 
outcome. The general practitioner determined a cause-
specific hospitalisation event in coded primary care data 
only if both hospitalisation and event diagnosis codes 
were recorded, but we may have missed events with only 
one type of code. Establishing a definitive reference stan-
dard was also challenging. We used coded secondary care 
and mortality data as the reference standard for acute 
severe conditions resulting in hospitalisation. However, 
each HES APC episode has one primary diagnosis and 
up to nineteen secondary diagnoses. While the primary 
diagnosis reflects the main reason for admission, second-
ary diagnoses may include comorbidities or chronic con-
ditions related to the patient’s care [31]. Therefore, the 
incidence of some events may have been overestimated 
in hospital records. To mitigate this, we used only the 
primary cause of hospitalisation in main analyses, though 
we may have missed events recorded under multiple 
codes.
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Medication reduction group Usual care
Group

Adjusted hazard ratio1

(95% CI)
P-value

Primary outcome (all-cause hospitalisation or mortality)
Coded primary care data 45/185 (24.3%) 41/184 (22.3%) 1.08 (0.70 to 1.65) 0.733
Coded-plus-free-text primary care data 78/185 (42.2%) 75/184 (40.8%) 1.02 (0.74 to 1.40) 0.903
Coded secondary care and mortality data2 120/185 (64.9%) 117/184 (63.6%) 1.04 (0.81 to 1.35) 0.755
Secondary outcomes
All-cause mortality
Coded primary care data 22/185 (11.9%) 22/184 (12%) 0.96 (0.53 to 1.75) 0.899
Coded-plus-free-text primary care data 24/185 (13%) 27/184 (14.7%) 0.86 (0.49 to 1.49) 0.584
Coded secondary care and mortality data 24/185 (13%) 27/184 (14.7%) 0.85 (0.49 to 1.48) 0.569
Emergency hospitalisation
Coded primary care data 23/185 (12.4%) 16/184 (8.7%) 1.34 (0.70 to 2.55) 0.375
Coded-plus-free-text primary care data 58/185 (31.4%) 56/184 (30.4%) 0.99 (0.69 to 1.44) 0.966
Coded secondary care and mortality data 69/185 (37.3%) 55/184 (29.9%) 1.27 (0.89 to 1.89) 0.190
Hospitalisation or death due to cardiovascular diseases
Coded primary care data 5/185 (2.7%) 5/184 (2.7%) 0.89 (0.25 to 3.11) 0.850
Coded-plus-free-text primary care data 9/185 (4.9%) 11/184 (6%) 0.79 (0.33 to 1.92) 0.605
Coded secondary care and mortality data 8/185 (4.3%) 13/184 (7.1%) 0.56 (0.23 to 1.36) 0.199
Hospitalisation or death due to myocardial infarction
Coded primary care data 1/185 (< 1%) 1/184 (< 1%) 1.06 (0.07 to 16.93) 0.969
Coded-plus-free-text primary care data 4/185 (2.2%) 3/184 (1.6%) 1.27 (0.28 to 5.74) 0.755
Coded secondary care and mortality data 3/185 (1.6%) 6/184 (3.3%) 0.41 (0.10 to 1.69) 0.219
Hospitalisation or death due to stroke
Coded primary care data 1/185 (< 1%) 1/184 (< 1%) 0.66 (0.04 to 11.61) 0.776
Coded-plus-free-text primary care data 3/185 (1.6%) 7/184 (3.8%) 0.41 (0.11 to 1.62) 0.205
Coded secondary care and mortality data 2/185 (1.1%) 4/184 (2.2%) 0.46 (0.08 to 2.53) 0.370
Hospitalisation due to hypotension
Coded primary care data 0 0 - -
Coded-plus-free-text primary care data 0 0 - -
Coded secondary care and mortality data 1/185 (< 1%) 1/184 (< 1%) 0.99 (0.06 to 15.97) 0.992
Hospitalisation due to syncope
Coded primary care data 1/185 (< 1%) 0/184 (0%) - -
Coded-plus-free-text primary care data 2/185 (1.1%) 0/184 (0%) - -
Coded secondary care and mortality data 4/185 (2.2%) 4/184 (2.2%) 1.01 (0.25 to 4.04) 0.994
Hospitalisation due to falls
Coded primary care data 3/185 (1.6%) 3/184 (1.6%) 1.06 (0.21 to 5.25) 0.945
Coded-plus-free-text primary care data 12/185 (6.5%) 13/184 (7.1%) 0.90 (0.41 to 1.99) 0.802
Coded secondary care and mortality data 18/185 (9.7%) 14/184 (7.6%) 1.27 (0.63 to 2.56) 0.508
Hospitalisation due to fracture
Coded primary care data 5/185 (2.7%) 1/184 (< 1%) 5.03 (0.59 to 43.29) 0.141
Coded-plus-free-text primary care data 2/185 (1.1%) 4/184 (2.2%) 0.38 (0.07 to 2.18) 0.280
Coded secondary care and mortality data 10/185 (5.4%) 3/184 (1.6%) 3.41 (0.94 to 12.43) 0.063
Hospitalisation due to electrolyte abnormalities
Coded primary care data 2/185 (1.1%) 0/184 (< 1%) - -
Coded-plus-free-text primary care data 1/185 (< 1%) 1/184 (< 1%) 1.06 (0.07 to 16.99) 0.966
Coded secondary care and mortality data 4/185 (2.2%) 3/184 (1.6%) 1.42 (0.32 to 6.36) 0.644
Hospitalisation due to acute kidney injury
Coded primary care data 0 0 - -
Coded-plus-free-text primary care data 1/185 (< 1%) 1/184 (< 1%) 0.84 (0.05 to 14.15) 0.904
Coded secondary care and mortality data 4/185 (2.2%) 2/184 (1.1%) 2.07 (0.38 to 11.32) 0.402
Diagnosis of dementia3

Table 3  Time to event analyses of clinical outcomes at follow-up (Data available from both datasets, N = 369)
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Comparison with previous literature
Previous studies in the UK have identified considerable 
disparities in outcome events recording across differ-
ent data sources. Wood et al. (2021) [32] reported that 
among 53.3  million individuals included in the NHS 
Digital Trusted Research Environment (TRE) for Eng-
land, 30% of first-ever incident stroke or transient isch-
aemic attack were recorded exclusively in primary care, 
29% exclusively in secondary care or mortality register, 
and only 41% were recorded across all data sources. Her-
rett et al. (2013) [14] compared the diagnostic validity 
of recording acute MI events in primary care, second-
ary care and disease registry. They found that relying on 
a single data source underestimated the crude incidence 
of acute MI by 25–50% compared with using multiple 
sources, including data from a disease specific registry. 
Other studies also reported that only 30–50% of matched 
records were found across different health systems [15, 
16, 17, 18]. Nonetheless, mortality records were accu-
rately recorded across primary care and mortality reg-
ister, despite some reporting delays [33]. Harper et al. 
(2023) [16] observed moderate agreement between data 
sources, showing that the outcome events ascertained via 
UK routine data sources provided relative and absolute 
treatment effects consistent with trial adjudicated fol-
low-up. In line with these findings, our study comparing 
coded data from primary care and secondary care also 
found substantial disparities in hospitalisation records. 
The primary outcome and most secondary outcomes 
identified through coded (plus-free-text) primary care 
data produced treatment effect estimates similar to those 
in the original OPTiMISE trial, although using data from 
a single primary care source without including second-
ary care data could result in less precise treatment effect 
estimates. In our sensitivity analysis, incorporating both 
primary and secondary diagnoses improved agreement in 
hospitalisation records for stroke but not for CVD, which 
in our study encompassed stroke, MI, and heart failure 
(HF). This finding aligns with a systematic review show-
ing that while EHRs are generally reliable for research 
purpose, validity estimates for HF outcomes were low 
[34].

Implications for trial delivery
This study provides evidence describing how well the 
data from primary care, and secondary care and mortality 
registers agree with one another. Our findings highlight 
the need for clear outcome definitions and validated, pre-
specified code lists when assessing outcome events using 
EHRs for long-term follow-up of RCTs [35, 36]. Future 
research utilising primary care EHRs should be mindful 
of the differences in diagnostic coding practices between 
primary and secondary care systems. In addition, investi-
gators should carefully consider which data source(s) to 
use for measuring trial outcomes. Researchers intending 
to use primary care EHRs solely to collect outcomes that 
usually result in hospitalisation should be aware of the 
potential risk of underestimation. National initiatives—
such as plans for a single, integrated patient record—may 
improve data interoperability and help reduce such dis-
crepancies in the future [37].

The findings of this study are important, given the 
increasing number of studies that have relied on EHRs 
to assess outcome events at follow-up since the Covid-
19 pandemic, most notably the RECOVERY trial, the 
PRINCIPLE and PANORAMIC trial of treatments for 
COVID-19 [38, 39, 40]. If such data are not appropriate, 
this could impact our understanding of new treatments 
and their generalisability in the community. Our findings 
suggest that although significant disparities in record-
ing of outcome events were observed, these were equally 
prevalent across both intervention groups, so the overall 
findings remained similar, albeit with less precise point 
estimates. However, due to the low number of events 
observed in our study, particularly for cause-specific 
secondary outcomes, the reliability of using single data 
source for collecting significant acute clinical outcomes 
remain uncertain. Researchers in this setting may wish 
to use linked primary care and secondary care data for 
cross-checking and verification.

Conclusions
This study provides empirical evidence on the level of 
agreement across three data sources: coded primary 
care data, coded-plus-freetext primary care data, and 
coded secondary care and mortality data. Our find-
ings suggest substantial discrepancies in hospitalisation 

Medication reduction group Usual care
Group

Adjusted hazard ratio1

(95% CI)
P-value

Coded primary care data 6/185 (3.2%) 4/184 (2.2%) 1.29 (0.36 to 4.66) 0.698
Coded-plus-free-text primary care data 6/185 (3.2%) 3/184 (1.6%) 1.71 (0.42 to 6.98) 0.454
Note:
1Cox proportional hazards model adjusting baseline systolic blood pressure and intervention group as fixed effects. Hazard ration (HR) < 1 indicates favour to 
medication reduction group
2In this study, the Coded secondary care and mortality data represents the original OPTiMISE trial dataset
3Diagnosis of dementia only available from Primary care datasets (Coded primary care data vs. Coded-plus-free-text primary care data)

Table 3  (continued) 
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records across primary and secondary care, which could 
affect the precision with which outcome events can be 
determined if used for follow-up in RCTs. Future work 
on linking participant-level data across healthcare set-
tings should consider the variations in diagnostic coding 
practices, and using data from multiple data sources for 
cross-checking and verification.

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
g​/​​1​0​.​​1​1​8​6​​/​s​​1​2​8​7​4​-​0​2​5​-​0​2​6​0​6​-​1.

Supplementary Material 1

Acknowledgements
The authors also thank the practices and patients who participated in this 
study, including those general practices who share pseudonymised data 
with ORCHID. The authors thank the British National Institute for Health 
and care Research (NIHR) acknowledge the support of the Oxford Primary 
Care Clinical Trials Unit and staff from the NIHR Clinical Research Network. 
Patient representative was compensated for her time spent attending study 
meetings. The authors thank Lucy Curtin for her administrative support during 
the study, Joseph Lee for his clinical support, Polly Kerr for her PPI support, 
and members of the ORCHID team for their help and support in preparing the 
NHS England Data Access Request Service (DARS) application for hospital and 
mortality data, and assistance in acquiring the data.

Author contributions
AW conceived the project and wrote the protocol with JPS. AW extracted 
data for analysis. AW conducted the analyses under supervision of JPS. All 
authors contributed to the interpretation of data. AW wrote the first draft of 
the manuscript and prepared all tables and figures. All authors revised the 
manuscript and approved the final version. AW and JPS are the guarantors 
for this work and accepts full responsibility for the conduct of the study, had 
access to the data, and controlled the decision to publish. The corresponding 
author (AW) attests that all listed authors meet authorship criteria and that no 
others meeting the criteria have been omitted.

Funding
This work was funded by the NIHR School for Primary Care Research (SPCR; 
project 712). AW receives funding from the project. The original OPTiMISE 
trial received funding from the NIHR Oxford Collaboration for Leadership in 
Applied Health Research and Care (CLAHRC) at Oxford Health NHS Foundation 
Trust (P2-501), the NIHR School for Primary Care Research (335) and the British 
Heart Foundation (PG/21/10341). JPS received funding from the Wellcome 
Trust/Royal Society via a Sir Henry Dale Fellowship (ref: 211182/Z/18/Z), and 
now receives funding via an NIHR Advanced Fellowship (NIHR303621). RJMcM 
is an NIHR Senior Investigator. FDRH and RJMcM acknowledge part support 
from the NIHR Applied Research Collaboration Oxford Thames Valley. The 
views expressed are those of the author(s) and not necessarily those of the 
NIHR or the Department of Health and Social Care. This research was funded 
in part by the Wellcome Trust (ref: 211182/Z/18/Z). For the purpose of open 
access, the author has applied a CC BY public copyright licence to any Author 
Accepted Manuscript version arising from this submission. MSy is employed 
by NHS England. This work represents his opinion not that of NHSE.

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
The OPTiMISE trial was approved by a National Health Service (NHS) Research 
Ethics Committee (South Central—Oxford A; 16/SC/0628) and the Medicines 
and Healthcare products Regulatory Agency (MHRA; 21584/0371/001–0001). 
All participants gave written informed consent. This study adhered to the 
Declaration of Helsinki.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Data Sharing
Data sharing statement: Requests for sharing of de-identified individual 
participant data of the OPTiMISE trial and a data dictionary defining each field 
in the set will be considered by the corresponding author. The OPTiMISE study 
protocol is available on the trial website ​h​t​t​p​​s​:​/​​/​w​w​w​​.​p​​h​c​t​​r​i​a​​l​s​.​o​​x​.​​a​c​.​​u​k​/​​s​t​u​d​​i​
e​​s​/​o​p​t​i​m​i​s​e.

Author details
1Nuffield Department of Primary Care Health Sciences, University of 
Oxford, Radcliffe Primary Care Building, Radcliffe Observatory Quarter, 
Oxford OX2 6GG, UK
2Data for R&D, Transformation Directorate, NHS England, London, UK
3MRC Clinical Trials Unit at UCL, Institute of Clinical Trials and 
Methodology, University College London, London, UK
4Brighton and Sussex Medical School, University of Brighton and 
University of Sussex, Brighton, UK
5Patient and public involvement representative, London, UK

Received: 17 April 2025 / Accepted: 26 May 2025

References
1.	 Sibbald B, Roland M. Understanding controlled trials. Why are randomised 

controlled trials important? BMJ. 1998;316(7126):201. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​
b​​m​j​.​3​1​6​.​7​1​2​6​.​2​0​1. PMID: 9468688; PMCID: PMC2665449.

2.	 NIHR, Clinical Trial Guide, published: 24 June 2019, [Accessed 19 Feb 2025]. 
Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​i​h​r​​.​a​c​​.​u​k​/​​c​l​​i​n​i​​c​a​l​​-​t​r​i​​a​l​​s​-​g​u​i​d​e

3.	 Llewellyn-Bennett R, Edwards D, Roberts N, Hainsworth AH, Bulbulia R, 
Bowman L. Post-trial follow-up methodology in large randomised controlled 
trials: a systematic review. Trials. 2018;19:298. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​6​
3​-​0​1​8​-​2​6​5​3​-​0.

4.	 Cuzick J. The importance of long-term follow up of participants in clinical 
trials. Br J Cancer. 2023;128:432–8. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​4​1​6​-​0​2​2​-​0​2​0​3​
8​-​4.

5.	 Kilburn LS, Banerji J, Bliss JM. The challenges of long-term follow-up data col-
lection in non-commercial, academically-led breast cancer clinical trials: the 
UK perspective. Trials. 2014;15:379. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​1​​7​4​5​-​6​2​1​5​-​1​5​-​3​7​
9.

6.	 Fitzpatrick T, Perrier L, Shakik S, Cairncross Z, Tricco AC, Lix L, et al. Assess-
ment of Long-term Follow-up of randomized trial participants by linkage to 
routinely collected data: A scoping review and analysis. JAMA Netw Open. 
2018;1(8):e186019. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​1​​/​j​​a​m​a​​n​e​t​​w​o​r​k​​o​p​​e​n​.​2​0​1​8​.​6​0​1​9.

7.	 Sydes MR, Barbachano Y, Bowman L, Denwood T, Farmer A, Garfield-Birkbeck 
S, et al. Realising the full potential of data-enabled trials in the UK: a call for 
action. BMJ Open. 2021;11:e043906. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​b​​m​j​o​​p​e​n​​-​2​0​2​​0​
-​​0​4​3​9​0​6.

8.	 McKay AJ, Jones AP, Gamble CL, Farmer AJ, Williamson PR. Use of routinely 
collected data in a UK cohort of publicly funded randomised clinical trials. 
F1000Res. 2020;9:323. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​2​6​8​​8​/​​f​1​0​​0​0​r​​e​s​e​a​​r​c​​h​.​2​3​3​1​6​.​3. PMID: 
33163157; PMCID: PMC7607478.

9.	 Lensen S, Macnair A, Love SB, Yorke-Edwards V, Noor NM, Martyn M, et al. 
Access to routinely collected health data for clinical trials – review of success-
ful data requests to UK registries. Trials. 2020;21:398. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​
1​3​0​6​3​-​0​2​0​-​0​4​3​2​9​-​8

10.	 Mc Cord KA, Hemkens LG. Using electronic health records for clinical trials: 
where do we stand and where can we go? CMAJ. 2019;191(5):E128–33. ​h​t​t​p​​s​:​
/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​5​0​3​​/​c​​m​a​j​.​1​8​0​8​4​1. PMID: 30718337; PMCID: PMC6351244.

11.	 ClinicalTrials.gov, Trends and Charts on Registered Studies, [Accessed 4 Dec 
2024], Available from: ​h​t​t​p​​s​:​/​​/​c​l​i​​n​i​​c​a​l​​t​r​i​​a​l​s​.​​g​o​​v​/​a​​b​o​u​​t​-​s​i​​t​e​​/​t​r​e​n​d​s​-​c​h​a​r​t​s

12.	 NIHR, Deliver complex and innovative trials in the UK, [Accessed 19 Feb 
2025], Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​i​h​r​​.​a​c​​.​u​k​/​​s​u​​p​p​o​​r​t​-​​a​n​d​-​​s​e​​r​v​i​​c​e​s​​/​i​n​d​​u​s​​t​r​y​​/​
s​p​​o​t​l​i​​g​h​​t​s​/​​c​o​m​​p​l​e​x​​-​i​​n​n​o​v​a​t​i​v​e​-​t​r​i​a​l​s

13.	 Sydes MR, Murray ML, Ahmed S, Apostolidou S, Bliss JM, Bloom-
field C, et al. Getting our ducks in a row: the need for data utility 

https://doi.org/10.1186/s12874-025-02606-1
https://doi.org/10.1186/s12874-025-02606-1
https://www.phctrials.ox.ac.uk/studies/optimise
https://www.phctrials.ox.ac.uk/studies/optimise
https://doi.org/10.1136/bmj.316.7126.201
https://doi.org/10.1136/bmj.316.7126.201
https://www.nihr.ac.uk/clinical-trials-guide
https://doi.org/10.1186/s13063-018-2653-0
https://doi.org/10.1186/s13063-018-2653-0
https://doi.org/10.1038/s41416-022-02038-4
https://doi.org/10.1038/s41416-022-02038-4
https://doi.org/10.1186/1745-6215-15-379
https://doi.org/10.1186/1745-6215-15-379
https://doi.org/10.1001/jamanetworkopen.2018.6019
https://doi.org/10.1136/bmjopen-2020-043906
https://doi.org/10.1136/bmjopen-2020-043906
https://doi.org/10.12688/f1000research.23316.3
https://doi.org/10.1186/s13063-020-04329-8
https://doi.org/10.1186/s13063-020-04329-8
https://doi.org/10.1503/cmaj.180841
https://doi.org/10.1503/cmaj.180841
https://clinicaltrials.gov/about-site/trends-charts
https://www.nihr.ac.uk/support-and-services/industry/spotlights/complex-innovative-trials
https://www.nihr.ac.uk/support-and-services/industry/spotlights/complex-innovative-trials


Page 12 of 12Wang et al. BMC Medical Research Methodology          (2025) 25:156 

comparisons of healthcare systems data for clinical trials. Contemp Clin Trials. 
2024;141:107514. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​c​t​.​2​0​2​4​.​1​0​7​5​1​4.

14.	 Herrett E, Shah AD, Boggon R, Denaxas S, Smeeth L, van Staa T et al. Com-
pleteness and diagnostic validity of recording acute myocardial infarction 
events in primary care, hospital care, disease registry, and National mortality 
records: cohort study BMJ 2013; 346:f2350 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​b​​m​j​.​f​2​3​5​0

15.	 Powell G, Bonnett L, Tudor-Smith C, Hughes D, Williamson PR, Marson AG. 
Using Routinely Recorded Data in a UK RCT: A Comparison to Standard 
Prospective Data Collection Methods. Trials. 2021;22(1):429. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​
.​​1​1​8​6​​/​s​​1​3​0​6​3​-​0​2​1​-​0​5​2​9​4​-​6

16.	 Harper C, Mafham M, Herrington W, Staplin N, Stevens W, Wallendszus K, et 
al. Reliability of major bleeding events in UK routine data versus clinical trial 
adjudicated follow-up data. Heart. 2023;109:1467–72. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​
/​h​​e​a​r​​t​j​n​​l​-​2​0​​2​3​​-​3​2​2​6​1​6.

17.	 Harper C, Mafham M, Herrington W, Staplin N, Stevens W, Wallendszus K, et al. 
Comparison of the accuracy and completeness of records of serious vascular 
events in routinely collected data vs clinical trial–adjudicated direct follow-up 
data in the UK: secondary analysis of the ASCEND randomized clinical trial. 
JAMA NetwOpen. 2021;4:e2139748. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​1​​/​j​​a​m​a​​n​e​t​​w​o​r​k​​o​p​​
e​n​.​2​0​2​1​.​3​9​7​4​8.

18.	 Santhakumaran S, Fisher L, Zheng B, Mahalingasivam V, Plumb L, Parker 
EPK, et al. Identification of patients undergoing chronic kidney replacement 
therapy in primary and secondary care data: validation study based on 
opensafely and UK renal registry. BMJ Med. 2024;3:e000807.

19.	 Sheppard JP, Burt J, Lown M, Temple E, Lowe R, Fraser R, et al. Effect of antihy-
pertensive medication reduction vs usual care on Short-term blood pressure 
control in patients with hypertension aged 80 years and older: the OPTIMISE 
randomized clinical trial. JAMA. 2020;323(20):2039–51. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​
1​​/​j​​a​m​a​.​2​0​2​0​.​4​8​7​1.

20.	 Sheppard JP, Eleanor T, Wang A, Smith A, Pollock S, Ford GA, et al. Effect of 
antihypertensive deprescribing on hospitalisation and mortality: long-term 
follow-up of the optimise randomised controlled trial. Lancet Healthy Lon-
gev. 2024;5(8):e563–73. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​S​​2​6​6​6​-​7​5​6​8​(​2​4​)​0​0​1​3​1​-​4.

21.	 de Lusignan S, Jones N, Dorward J, Byford R, Liyanage H, Briggs J, et al. The 
Oxford Royal college of general practitioners clinical informatics digital hub: 
protocol to develop extended COVID-19 surveillance and trial platforms. JMIR 
Public Health Surveill. 2020;6(3):e19773. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​1​9​6​​/​1​​9​7​7​3.

22.	 Leston M, Elson WH, Watson C, Lakhani A, Aspden C, Bankhead CR, et al. 
Representativeness, vaccination uptake, and COVID-19 clinical outcomes 
2020–2021 in the UK Oxford-Royal college of general practitioners research 
and surveillance network: cohort profile summary. JMIR Public Health Sur-
veill. 2022;8(12):e39141. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​1​9​6​​/​3​​9​1​4​1.

23.	 Cohen J. A coefficient of agreement for nominal scales. Educ Psychol Meas. 
1960;20:37–46.

24.	 Uebersax JS. Modeling approaches for the analysis of observer agreement. 
Invest Radiol. 1992;27(9):738–43.

25.	 McHugh ML. Interrater reliability: the kappa statistic. Biochem Med (Zagreb). 
2012;22(3):276–82. PMID: 23092060; PMCID: PMC3900052.

26.	 Fleiss JL. Measuring nominal scale agreement among many raters. Psychol 
Bull. 1971;76:378–2.

27.	 Landis, JR. Koch GG. The measurement of observer agreement for categorical 
data. Biometrics. 1977;33(1):159–74. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​3​0​7​​/​2​​5​2​9​3​1​0.

28.	 StataCorp. Stata statistical software: release 18. College station. TX: StataCorp 
LLC; 2023.

29.	 Alcock C, Oluwamayowa P, Wallace E, June, 546 QUALITY IMPROVEMENT 
PROJECT: IMPROVING CONTENT IN DISCHARGE SUMMARIES FOR CODING., 
Age and Ageing, Volume 50, Issue Supplement_2, 2021, Pages ii8–ii13. ​h​t​t​p​​s​:​/​​
/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​3​​/​a​​g​e​i​n​g​/​a​f​a​b​1​1​6​.​1​9

30.	 Marquis-Gravel G, Hammill BG, Mulder H, Roe MT, Robertson HR, Wruck LM, 
et al. Validation of Cardiovascular End Points Ascertainment Leveraging Mul-
tisource Electronic Health Records Harmonized Into a Common Data Model 
in the ADAPTABLE Randomized Clinical Trial. Circ Cardiovasc Qual Outcomes. 
2021;14(12):e008190. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​6​1​​/​C​​I​R​C​​O​U​T​​C​O​M​E​​S​.​​1​2​1​.​0​0​8​1​9​0

31.	 Hospital Episode Statistics Analysis, Health and Social Care Information 
Centre. Hospital Episode Statistics Admitted Patient Care, England– 2014-15, 
[Published 25 November 2015, Accessed 15 May 2024]. ​h​t​t​p​​s​:​/​​/​f​i​l​​e​s​​.​d​i​​g​i​t​​a​l​.​n​​h​
s​​.​u​k​​/​p​u​​b​l​i​c​​a​t​​i​o​n​​i​m​p​​o​r​t​/​​p​u​​b​1​9​​x​x​x​​/​p​u​b​​1​9​​1​2​4​​/​h​o​​s​p​-​e​​p​i​​s​-​s​​t​a​t​​-​a​d​m​​i​-​​s​u​m​m​-​r​e​
p​-​2​0​1​4​-​1​5​-​r​e​p​.​p​d​f

32.	 Wood A, Denholm R, Hollings S, Cooper J, Ip S, Walker V, et al. CVD-COVID-UK 
consortium. Linked electronic health records for research on a nationwide 
cohort of more than 54 million people in England: data resource. BMJ. 
2021;373:n826. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​b​​m​j​.​n​8​2​6.

33.	 Joy M, Hobbs FDR, McGagh D, Akinyemi O, de Lusignan S. Excess mortality 
from COVID-19 in an english Sentinel network population. Lancet Infect Dis. 
2021;21(4):e74. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​S​​1​4​7​3​-​3​0​9​9​(​2​0​)​3​0​6​3​2​-​0.

34.	 Davidson J, Banerjee A, Muzambi R, Smeeth L, Warren-Gash C. Validity of 
acute cardiovascular outcome diagnoses recorded in European electronic 
health records: A systematic review. Clin Epidemiol. 2020;12:1095–111. ​h​t​t​p​​s​:​/​​
/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​1​4​7​​/​C​​L​E​P​.​S​2​6​5​6​1​9.

35.	 Toader AM, Campbell MK, Quint JK, Robling M, Sydes MR, Thorn J, et al. Using 
healthcare systems data for outcomes in clinical trials: issues to consider at 
the design stage. Trials. 2024;25:94. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​6​3​-​0​2​4​-​0​7​9​2​
6​-​z.

36.	 BHF Data Science Centre. Standardising clinical outcome measures in 
Routinely-collected electronic healthcare systems data (SCORE-CVD) initial 
report (1.0). Zenodo. 2023. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​8​1​7​1​4​8​1.

37.	 Department of Health and Social Care, Press release. Government issues ral-
lying cry to the nation to help fix NHS, [Published 21 October 2024, Accessed 
16 May 2024]. ​h​t​t​p​​s​:​/​​/​w​w​w​​.​g​​o​v​.​​u​k​/​​g​o​v​e​​r​n​​m​e​n​​t​/​n​​e​w​s​/​​g​o​​v​e​r​​n​m​e​​n​t​-​i​​s​s​​u​e​s​​-​r​a​​l​
l​y​i​​n​g​​-​c​r​​y​-​t​​o​-​t​h​​e​-​​n​a​t​i​o​n​-​t​o​-​h​e​l​p​-​f​i​x​-​n​h​s

38.	 Pessoa-Amorim G, Campbell M, Fletcher L, Horby P, Landray M, Mafham M, 
et al. Making trials part of good clinical care: lessons from the RECOVERY trial. 
Future Healthc J. 2021;8(2):e243–50. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​7​8​6​1​​/​f​​h​j​.​2​0​2​1​-​0​0​8​3. 
PMID: 34286192; PMCID: PMC8285150.

39.	 PRINCIPLE Trial Collaborative Group. Understanding the PRINCIPLE Trial: A 
Guide for Patients and the Public, [Accessed 19 Feb 2025], Available from: ​h​t​t​
p​​s​:​/​​/​w​w​w​​.​p​​r​i​n​​c​i​p​​l​e​t​r​​i​a​​l​.​o​​r​g​/​​p​r​i​n​​c​i​​p​l​e​-​a​-​g​u​i​d​e.

40.	 Evans P, Tonner E, Williamson JD, Dolman M, Chambers E, Crawshaw SE, et al. 
The PANORAMIC study of COVID-19 treatments in primary care: a review and 
learning exercise [version 1; not peer reviewed]. NIHR Open Res. 2024;4:46. ​h​t​
t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​3​3​​​1​0​​/​n​i​​h​r​o​​p​e​n​​​r​e​​s​.​1​1​1​5​​2​3​7​.​1​).

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1016/j.cct.2024.107514
https://doi.org/10.1136/bmj.f2350
https://doi.org/10.1186/s13063-021-05294-6
https://doi.org/10.1186/s13063-021-05294-6
https://doi.org/10.1136/heartjnl-2023-322616
https://doi.org/10.1136/heartjnl-2023-322616
https://doi.org/10.1001/jamanetworkopen.2021.39748
https://doi.org/10.1001/jamanetworkopen.2021.39748
https://doi.org/10.1001/jama.2020.4871
https://doi.org/10.1001/jama.2020.4871
https://doi.org/10.1016/S2666-7568(24)00131-4
https://doi.org/10.2196/19773
https://doi.org/10.2196/39141
https://doi.org/10.2307/2529310
https://doi.org/10.1093/ageing/afab116.19
https://doi.org/10.1093/ageing/afab116.19
https://doi.org/10.1161/CIRCOUTCOMES.121.008190
https://files.digital.nhs.uk/publicationimport/pub19xxx/pub19124/hosp-epis-stat-admi-summ-rep-2014-15-rep.pdf
https://files.digital.nhs.uk/publicationimport/pub19xxx/pub19124/hosp-epis-stat-admi-summ-rep-2014-15-rep.pdf
https://files.digital.nhs.uk/publicationimport/pub19xxx/pub19124/hosp-epis-stat-admi-summ-rep-2014-15-rep.pdf
https://doi.org/10.1136/bmj.n826
https://doi.org/10.1016/S1473-3099(20)30632-0
https://doi.org/10.2147/CLEP.S265619
https://doi.org/10.2147/CLEP.S265619
https://doi.org/10.1186/s13063-024-07926-z
https://doi.org/10.1186/s13063-024-07926-z
https://doi.org/10.5281/zenodo.8171481
https://www.gov.uk/government/news/government-issues-rallying-cry-to-the-nation-to-help-fix-nhs
https://www.gov.uk/government/news/government-issues-rallying-cry-to-the-nation-to-help-fix-nhs
https://doi.org/10.7861/fhj.2021-0083
https://www.principletrial.org/principle-a-guide
https://www.principletrial.org/principle-a-guide
https://doi.org/10.3310/nihropenres.1115237.1)
https://doi.org/10.3310/nihropenres.1115237.1)

	﻿Agreement and utility of coded primary and secondary care data for long-term follow-up of clinical trial outcomes
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Design
	﻿Data sources
	﻿Outcome measures
	﻿Statistical methods

	﻿Results
	﻿Population characteristics
	﻿Agreement across data sources
	﻿Trial results comparison using routinely-collected primary care data

	﻿Discussion
	﻿Summary of main findings
	﻿Strengths and limitations
	﻿Comparison with previous literature
	﻿Implications for trial delivery

	﻿Conclusions
	﻿References


