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ABSTRACT
Objective  To externally evaluate the performance of 
QRISK3 for predicting 10 year risk of cardiovascular 
disease (CVD) in the UK Biobank cohort.
Methods  We used data from the UK Biobank, a large-
scale prospective cohort study of 403 370 participants 
aged 40–69 years recruited between 2006 and 2010 
in the UK. We included participants with no previous 
history of CVD or statin treatment and defined the 
outcome to be the first occurrence of coronary heart 
disease, ischaemic stroke or transient ischaemic attack, 
derived from linked hospital inpatient records and death 
registrations.
Results  Our study population included 233 233 women 
and 170 137 men, with 9295 and 13 028 incident 
CVD events, respectively. Overall, QRISK3 had moderate 
discrimination for UK Biobank participants (Harrell’s 
C-statistic 0.722 in women and 0.697 in men) and 
discrimination declined by age (<0.62 in all participants 
aged 65 years or older). QRISK3 systematically 
overpredicted CVD risk in UK Biobank, particularly in 
older participants, by as much as 20%.
Conclusions  QRISK3 had moderate overall 
discrimination in UK Biobank, which was best in younger 
participants. The observed CVD risk for UK Biobank 
participants was lower than that predicted by QRISK3, 
particularly for older participants. It may be necessary to 
recalibrate QRISK3 or use an alternate model in studies 
that require accurate CVD risk prediction in UK Biobank.

INTRODUCTION
Cardiovascular diseases (CVDs) are the leading 
cause of global mortality,1 and healthcare providers 
need to be able to identify patients with a high risk 
of CVD to allocate primary prevention measures 
accurately and reliably. Prognostic models can clas-
sify individuals into event risk groups, allowing 
decisions to be made about their healthcare. There 
are numerous prediction models designed to esti-
mate the risk of developing CVD in use worldwide, 
including the Framingham,2 SCORE3 and QRISK4–6 
models. The QRISK models are Cox proportional 
hazard models that predict time to CVD events and 
are routinely used in the UK by healthcare providers 
to calculate the 10 year risk of CVD for patients 
during routine NHS health checks.7

The first QRISK model was published in 2007 
with the aim of estimating the 10 year risk of CVD 
in females and males.4 QRISK was followed by an 

updated model (QRISK2) in 2008, which included 
additional risk factors compared with its prede-
cessor.6 Since 2008, QRISK2 has been updated 
continually, with the inclusion of type 1 diabetes 
as a risk factor, expansion of categories for the 
smoking variable, and updated Townsend depriva-
tion score with new census data.5 6 The most up to 
date QRISK model, QRISK3, was derived in 2017 
using health records of 1 283 174 patients aged 
between 35 and 74 years registered between 1995 
and 2007 with practices across the UK,6 to incorpo-
rate risk factors that were outlined in the National 
Institute for Health and Care Excellence (NICE) 
2014 clinical guideline.8 The risk factors included 
in the QRISK3 model can be seen in box 1.

QRISK3 was externally validated using primary 
care data from the Clinical Practice Research Data-
link (CPRD) in 2021 and was found to perform 
well at the overall population level.9 CPRD has a 
similar case-mix to the QRISK3 derivation cohort, 
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particularly in older participants, by as much as 
20%.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
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of cardiovascular events in UK Biobank may 
want to use strategies (eg, recalibration) to 
improve QRISK3's prediction.

	⇒ Where the use of QRISK3 is not essential, 
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tailored risk prediction models for their study 
aims using other risk factors available for UK 
Biobank participants.
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and therefore the external validation of QRISK3 using CPRD 
measures the reproducibility of the model’s performance. The 
transportability of QRISK3 (ie, how well it performs in a popula-
tion with different characteristics to the derivation cohort) must 
be explored in each independent population that differs consid-
erably in setting to the derivation cohort10 before the model can 
be used reliably in that independent population.

We have identified multiple studies where the QRISK3 scores 
for UK Biobank participants are used in the analyses. The 
extent to which the authors of the identified studies address the 

discrimination and the calibration of QRISK3 applied to UK 
Biobank data varies, and the way that this lack of validation may 
affect the conclusion of these publications depends on the study 
aims. Without considering the discrimination and calibration of 
the QRISK3 model applied to UK Biobank data, the accuracy 
of resulting CVD risk scores is unknown, and any subsequent 
conclusions that are drawn may be misleading. This study is the 
first to investigate the calibration of QRISK3 in UK Biobank, 
and provides an independent external validation of the QRISK3 
model applied to this widely used cohort.

METHODS
Study population
The study design and methods of the UK Biobank study have 
been described previously.11 12 Approximately 9.2 million people 
were invited to take part in the UK Biobank study between 2006 
and 2010; these were individuals aged between 40 and 69 years, 
who were registered with the NHS and who lived in a 25 mile 
radius of 1 of 22 assessment centres in England, Wales and Scot-
land.11 A total of 503 325 individuals attended an assessment 
centre, a response rate of 5.5%.11 12 At baseline, all participants 
completed a touch-screen questionnaire, a verbal interview and 
had physical measurements and samples of blood, urine and 
saliva collected.11 12

To align with the exclusion criteria used in the derivation of 
QRISK3,6 we excluded UK Biobank participants who had a prior 
diagnosis of CVD, were using prescribed cholesterol-lowering 
medication at cohort entry or had missing Townsend deprivation 
scores. The participants in UK Biobank (40–69 years at baseline) 
were all within the age range required for the QRISK3 model.

We did not involve participants in the design, or conduct, or 
reporting, or dissemination plans of our research.

Definition of risk factors
All UK Biobank variables we have used in the QRISK model were 
measured at the baseline recruitment visit, which took place in 
2006–2010. A similar approach was used in the original QRISK 
derivation, with ‘the value closest to the entry date to the cohort 
for each patient’ used for each risk factor.4

We matched the risk factors included in the QRISK3 model 
to the variables available in UK Biobank, including variables 
collected during the baseline assessment visit at study entry, and 
prevalent disease diagnoses determined through linked hospital 
records (further detail in online supplemental materials). For 
sociodemographic risk factors, data from the baseline assessment 
visit was used, and for diagnosis of diseases, linked healthcare 
records were used to identify prevalent diagnoses at baseline. 
When a risk factor required for the QRISK3 model could not be 
perfectly matched to a UK Biobank field, the closest matching 
field was used.

Outcomes
The outcome of interest is incident CVD defined in the QRISK3 
derivation by a composite outcome of coronary heart disease, 
ischaemic stroke or transient ischaemic attack.6 We derived this 
outcome using International Classification of Diseases and the 
Office of Population Censuses and Surveys Classification of Inter-
ventions and Procedures version 4 codes from hospital episode 
statistics and death registration data (further detail in online 
supplemental materials). The follow-up time for each partici-
pant was calculated as being the number of years from date of 
baseline assessment until the earliest date of the following: CVD 
event date, death date by other causes, date of loss-to-follow-up 

Box 1  Risk factors included in the QRISK3 model6

1.	 Age at study entry (baseline)
2.	 Ethnic origin (nine categories)
3.	 Deprivation (as measured by the Townsend score, where 

higher values indicate higher levels of material deprivation)
4.	 Systolic blood pressure
5.	 Body mass index
6.	 Total cholesterol: high-density lipoprotein cholesterol ratio
7.	 Smoking status (non-smoker, former smoker, light smoker 

(1–9/day), moderate smoker (10–19/day) or heavy smoker 
(≥20 /day))

8.	 Family history of coronary heart disease in a first-degree 
relative aged less than 60 years

9.	 Diabetes (type 1, type 2 or no diabetes)
10.	 Treated hypertension (diagnosis of hypertension and 

treatment with at least one antihypertensive drug)
11.	 Rheumatoid arthritis (diagnosis of rheumatoid arthritis, 

Felty’s syndrome, Caplan’s syndrome, adult-onset Still’s 
disease or inflammatory polyarthropathy not otherwise 
specified)

12.	 Atrial fibrillation (including atrial fibrillation, atrial flutter 
and paroxysmal atrial fibrillation)

13.	 Chronic kidney disease (general practitioner recorded 
diagnosis of chronic kidney disease stage 3, stage 
4 or 5) and major chronic renal disease (including 
nephrotic syndrome, chronic glomerulonephritis, chronic 
pyelonephritis, renal dialysis and renal transplant)

14.	 Measure of systolic blood pressure variability (standard 
deviation (SD) of repeated measures)

15.	 Diagnosis of migraine (including classic migraine, atypical 
migraine, abdominal migraine, cluster headaches, basilar 
migraine, hemiplegic migraine, and migraine with or without 
aura)

16.	 Corticosteroid use (British National Formulary (BNF) 
chapter 6.3.2 including oral or parenteral prednisolone, 
betamethasone, cortisone, depo-medrone, dexamethasone, 
deflazacort, efcortesol, hydrocortisone, methylprednisolone 
or triamcinolone)

17.	 Systemic lupus erythematosus (SLE) (including diagnosis 
of SLE, disseminated lupus erythematosus or Libman-Sacks 
disease)

18.	 Second generation ‘atypical’ antipsychotic use (including 
amisulpride, aripiprazole, clozapine, lurasidone, olanzapine, 
paliperidone, netiquette, risperidone, sertindole or zotepine)

19.	 Diagnosis of severe mental illness (including psychosis, 
schizophrenia or bipolar affective disease)

20.	 Diagnosis of erectile dysfunction or treatment for erectile 
dysfunction (BNF chapter 7.4.5 including alprostadil, 
phosphodiesterase type 5 inhibitors, papaverine or 
phentolamine)
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or UK Biobank administrative censoring date (England: 2020-
11-30; Scotland: 2020-10-31; Wales: 2018-02-28).

Statistical analysis
As in the derivation of QRISK3, participants with missing 
Townsend deprivation scores were excluded and those with 
missing data on ethnicity were assumed to be white.6 We used 
multiple imputation (MI) with chained equations to impute 
missing data on total cholesterol/high-density lipoprotein choles-
terol ratio, smoking status, weight, height, systolic blood pressure 
(SBP) and SBP variability, by gender. To assess the assumption of 
‘missing at random’, we compared baseline characteristics before 
and after MI (online supplemental table 6). Further details on 
MI can be found in the online supplemental materials.

Model performance of QRISK3 was assessed by both discrim-
ination and calibration. Discrimination measures the ability to 
distinguish between low-risk and high-risk patients13; patients 
with higher risk predictions should have higher event rates than 
those with lower risk predictions.14 15 We assessed discrimination 
overall and in each age group as used in the QRISK3 deriva-
tion (35–44, 45–54, 55–64, 65–74 years) at 10 years. We used 
Harrell’s C-statistic, a measure which quantifies the correlation 
between ranked predicted and observed survival16 such that a 
Harrell’s C-statistic of 0.5 would indicate that the risk prediction 
from the model is no better than chance in predicting patient 
outcomes and 1 would indicate that the model is approaching 
perfect separation of patient outcomes. Additionally, we used 
Royston and Sauerbrei’s D-index17 which measures the amount 
of variation in risk between individuals with low and high 
predicted risks. Royston’s D-index can be interpreted as the log 
hazard ratio between the low-risk and high-risk groups, with 
higher values showing greater discrimination; and an increase 
of 0.1 or more over other scores is an indicator of improved 
outcome discrimination.6 18

Calibration assesses how well the predicted risk corresponds 
to the observed risk on a group level.14 We assessed calibration 
graphically by comparing the mean predicted risk with the mean 
observed risk at 10 years, by deciles of the QRISK3 predicted 
risk distribution. The observed risks were obtained using cumu-
lative incidence Kaplan-Meier estimates at 10 years. Calibration 
was evaluated overall and in each age group.

All analyses were conducted in R (V.4.1.1).

RESULTS
Data from 502 488 participants in UK Biobank were reviewed 
for eligibility in this study (figure 1). In line with the QRISK3 
derivation exclusion criteria, we excluded 623 participants with 
missing Townsend deprivation scores, a further 90 296 using 
statins at baseline and finally 8199 with previous diagnosis of 
CVD. The median follow-up time was 11.7 years and 92.4% 
participants had 10 years or more of follow-up. Our analysis 
population consisted of 233 233 female and 170 137 male 
participants from UK Biobank. The minimum age of the partic-
ipants enrolled in UK Biobank was 39.7 years for women and 
37.4 for men and the maximum 71.0 and 73.7, respectively. 
Table 1 shows the baseline characteristics for the included partic-
ipants and table 2 shows the quantity of missing data by age and 
sex. Overall, we replaced all missing data with MI and pooled 
the statistical estimates from 10 imputed datasets using Rubin’s 
rules (further detail in online supplemental materials).

The maximum follow-up time in our study population (after 
applying exclusion criteria) was 13.95 years, less than the 
maximum follow-up time of 15 years in the derivation cohort 
of QRISK3.

DISCRIMINATION
Discrimination of QRISK3 was moderate for both female 
(Harrell’s C-statistic 0.72, D-index 1.28) and male UK Biobank 
participants (Harrell’s C-statistics 0.70, D-index 1.11) (table 3).

The ability of QRISK3 to discriminate was attenuated as age 
increased (table 4), with the Harrell’s C-statistic and D-index, 
respectively, decreasing from 0.72 and 1.39 in the youngest 
female participants to 0.62 and 0.67 in the oldest female partic-
ipants. These measures decreased from 0.73 and 1.34 in the 
youngest male participants to 0.60 and 0.54 in the oldest male 
participants. Discrimination was better in female participants 
than male participants overall and by age.

Calibration
Figure 2 shows the agreement between the 10 year observed and 
QRISK3 predicted CVD risk, grouped by the decile of the partic-
ipant's respective QRISK3 score, such that the 10% of partici-
pants with the lowest QRISK3 score were binned into the first 
decile and so forth. The predicted probability within each decile 
group is plotted as blue squares in figure 2 and was calculated 

Figure 1  Flow chart of the female and male population used for this study after exclusions for missing Townsend deprivation scores, statin 
prescription and previous diagnoses of CVD. CVD, cardiovascular disease.
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as the average QRISK3 score within that group. The observed 
10 year CVD probability within each group is plotted as orange 
circles in figure  2 and was calculated using the Kaplan-Meier 
method (to account for right censoring). The plot suggests that 
QRISK3 systematically overpredicts CVD risk for UK Biobank 
participants, with the magnitude of overprediction increasing at 
higher risk deciles.

Figure 3 shows the agreement between the 10 year observed 
and QRISK3 predicted CVD risk, grouped by the decile of 
the participant's respective QRISK3 score and presented by 
age group and can be interpreted in the same way as figure 2. 
Figure 3 suggests that QRISK3's overprediction of CVD risk for 
UK Biobank participants may be driven by the increasing magni-
tude of overprediction for older participants.

DISCUSSION
Principal findings
In this external validation, QRISK3 had moderate ability to 
discriminate CVD risk for women and men in UK Biobank. The 
best discriminative accuracy of QRISK3 was seen in the youngest 
age group for both men and women and discriminative accu-
racy diminished with age. QRISK3 had poor calibration in UK 
Biobank, with overprediction of CVD events for both sexes and 
in all age groups at 10 years of follow-up.

Interpretation of findings
The poor calibration of QRISK3 in UK Biobank contrasts with 
the findings from the QResearch internal validation cohort6 and 

Table 1  Baseline characteristics of all participants in the UK Biobank cohort and the published QRISK3 derivation cohort6 by sex

UK Biobank female 
(N=233 233)

QResearch 
derivation female 
(N=4 019 956)

UK Biobank male 
(N=170 137)

QResearch derivation 
male (N=3 869 847)

Age (years), mean (SD) 56.0 (8.0) 43.3 (15.3) 55.8 (8.2) 42.6 (14.0)

Systolic blood pressure (mm Hg), mean (SD) 134.4 (19.2) 123.2 (18.2) 140.4 (17.4) 129.2 (16.3)

 � Missing 897 (0.4) 692 511 (17.2) 510 (0.3) 1 225 165 (31.7)

Measure of systolic blood pressure variability (SD of repeated measures), mean (SD) 5.4 (4.5) 9.3 (6.2) 5.2 (4.3) 9.9 (6.8)

 � Missing 897 (0.4) 896 135 (22.3) 510 (0.3) 1 530 945 (39.6)

Total cholesterol: high-density lipoprotein cholesterol ratio (mmol/L), mean (SD) 3.9 (1.0) 3.7 (1.2) 4.6 (1.2) 4.4 (1.4)

 � Missing 35 880 (15.4) 2 421 398 (60.2) 22 694 (13.3) 2 402 100 (62)

Family history of coronary heart disease 99 896 (42.8) 481 628 (12.0) 61 453 (36.1) 357 987 (9.3)

Self-reported ethnicity

 � White or not stated 221 300 (94.9) 3 564 651 (88.7) 161 300 (94.8) 3 435 408 (88.8)

 � Indian 2255 (1.0) 77 683 (1.9) 1929 (1.1) 81 805 (2.1)

 � Pakistani 538 (0.2) 39 541 (1.0) 703 (0.4) 46 948 (1.2)

 � Bangladeshi 46 (<0.1) 31 930 (0.8) 94 (0.1) 42 111 (1.1)

 � Other Asian 670 (0.3) 53 559 (1.3) 638 (0.4) 45 753 (1.2)

 � Black Caribbean 2337 (1.0) 37 781 (0.9) 1293 (0.8) 30 610 (0.8)

 � Black African 1380 (0.6) 77 813 (1.9) 1325 (0.8) 71 245 (1.8)

 � Chinese 879 (0.4) 33 767 (0.8) 486 (0.3) 23 730 (0.6)

 � Other ethnic group 3828 (1.6) 103 231 (2.6) 2369 (1.4) 92 237 (2.4)

Townsend deprivation score, mean (SD) −1.4 (3.0) 0.4 (3.2) −1.3 (3.1) 0.5 (3.3)

Body mass index (kg/m2), mean (SD) 26.7 (5.0) 25.4 (5.1) 27.4 (4.02) 25.9 (4.2)

 � Missing 1148 (0.5) 1 093 554 (27.2) 1098 (0.6) 1 393 672 (36.0)

Smoking status

 � Non-smoker 140 470 (60.2) 2 051 803 (51.0) 88 708 (52.1) 1 463 941 (37.8)

 � Ex-smoker 71 274 (30.6) 589 521 (14.7) 59 143 (34.8) 594 265 (15.4)

 � Light smoker (<10 a day) 2743 (1.2) 434 954 (10.8) 1656 (1.0) 507 523 (13.1)

 � Moderate smoker (10–19 a day) 7765 (3.3) 226 128 (5.6) 5705 (3.4) 251 170 (6.5)

 � Heavy smoker (20 or over a day) 4693 (2.0) 115 890 (2.9) 5927 (3.5) 188 857 (4.9)

 � Missing 6288 (2.7) 601 660 (15.0) 8998 (5.3) 864 091 (22.3)

Atrial fibrillation 669 (0.3) 15 177 (0.4) 1190 (0.7) 20 098 (0.5)

Erectile dysfunction NA NA 698 (0.4) 90 753 (2.3)

Migraine 10 421 (4.5) 257 825 (6.4) 2613 (1.5) 103 995 (2.7)

Rheumatoid arthritis 3239 (1.4) 45 700 (1.1) 1171 (0.7) 20 997 (0.5)

Chronic kidney disease 227 (0.1) 19 396 (0.5) 189 (0.1) 12 254 (0.3)

Severe mental illness 1013 (0.4) 274 069 (6.8) 881 (0.5) 167 115 (4.3)

Systemic lupus erythematosus 440 (0.2) 4010 (0.1) 45 (<0.1) 365 (<0.1)

Diabetes type 1 17 (<0.1) 10 060 (0.3) 16 (<0.1) 11 617 (0.3)

Diabetes type 2 1797 (0.8) 48 022 (1.2) 2161 (1.3) 58 395 (1.5)

Second-generation ‘atypical’ antipsychotic use 483 (0.2) 19 140 (0.5) 456 (0.3) 20 123 (0.5)

Corticosteroid use 1898 (0.8) 96 955 (2.4) 1253 (0.7) 56 533 (1.5)

Treated hypertension 29 089 (12.5) 223 494 (5.6) 19 167 (11.3) 164 255 (4.2)

Values are number (percentages) unless otherwise stated.
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CPRD external validation cohort9 that showed good overall 
calibration. This discrepancy may be due to differences in 
population characteristics, temporal sequence of risk factors 
and event occurrence (online supplemental figure 1), and the 
prevalence of risk factors between populations. The QResearch 
and CPRD cohorts were derived from primary care databases, 
with a different case mix to UK Biobank which is known to be 
less representative of the general UK population, with partici-
pants tending to be older, female, live in less socioeconomically 
deprived areas, be less obese, smoke less, drink less alcohol 
and have fewer health conditions on average in addition to the 
evidence for healthy volunteer bias in UK Biobank.19 Addition-
ally, though the ICD-9 and 10 codes used were the same between 
QRISK3 and UK Biobank, there are differences in sources used 
to derive CVD outcomes between the derivation cohort (see 
online supplemental materials of the study by Hippisley-Cox et 
al6) and this study; specifically, we incorporated CVD-related 
operative procedures from hospital inpatient data and we only 
used hospital records and death registry to derive the CVD 
outcome not incorporating CVD diagnosis by GP.

The interactions between age and other predictor variables 
were already assessed and significant interactions were included 
in the QRISK3 model,4 5 but we still observed increased overpre-
diction of CVD by age when applying the QRISK3 model to the 
UK Biobank cohort. The greatest overprediction of CVD risk by 
QRISK3 in UK Biobank was observed in the oldest age group 
in both sexes. Although it was not the case in the QResearch 
internal validation study,6 poor calibration for older participants 
was also found in the CPRD external validation cohort.9 This 
may reflect the UK Biobank cohort being considerably older 
than both the QResearch and CPRD cohorts and that the tradi-
tional risk factors in QRISK3 may not account for the unob-
served heterogeneity in CVD risk resulting from individuals 
with the same values of risk factors having different instanta-
neous CVD risk distribution.20 This heterogeneity may be due 
to the complex interaction between ageing and cardiovascular 
physiology, the higher prevalence of undiagnosed or untreated 
comorbidities in older people and/or the changes in the magni-
tude of risk factors over the life course.

The discrimination of QRISK3 in UK Biobank is consistent 
with studies that have applied the model to this population 
previously,21–24 where the overall discrimination is better in 
younger compared with older participants in UK Biobank. 
This is to be expected as older participants have generally 
higher CVD risk, hence a relatively reduced CVD risk range 
compared with their younger counterparts. Discrimina-
tion is a measure of how well the risk prediction equation 
ranks participants and since age is an important risk factor 
for CVD, most CVD risk equations are expected to have 
reduced ability to rank older participants compared with 
younger ones within the same cohort.

Where results are important for accurate risk prediction and 
decision-making, poor calibration is arguably more important 
than discrimination. The consequences of poorly calibrated 
risk prediction models have been explored more in clinical 
settings than in epidemiological studies, which may lead to Ta
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Table 3  Measures of discrimination performance for QRISK3 applied 
to UK Biobank participants, with 95% CIs

Female Male

C-statistic (95% CI) 0.72 (0.72 to 0.73) 0.70 (0.69 to 0.70)

D-index (95% CI) 1.28 (1.25 to 1.31) 1.11 (1.08 to 1.13)
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spurious findings in the latter. A model with poor calibration 
is unlikely to provide true risks when comparing risk estimates 
between groups in a cohort, and researchers need to be aware 
of this when reporting their results. The degree to which the 
performance abilities of a model (when applied to an indepen-
dent external dataset) should be considered depends on the 
research objective of the specific study. For studies that require 
accurate prediction of cardiovascular events in cohorts that are 
independent from the derivation cohort, there are strategies 
for minimising the model’s inaccuracy and improving model 
performance depending on the study aims. These strategies 
include model recalibration, updating the independent variables, 
considering using an alternative model and collecting the most 
appropriate risk factors in cohort studies, as discussed further by 
Parsons, et al.25

Researchers working on CVD risk prediction have been 
moving towards including more personalised factors and using 
machine learning models, in conjunction with traditional risk 
factors and statistical models. Such advancements are typically 
observed in epidemiological cohorts where deep phenotypic and 
-omics data are available, for example, in UK Biobank. However, 
these complex models may not be practical when available data 
for CVD risk prediction are limited to routinely collected data, 
which is likely the case for healthcare providers in the UK. Future 
research can focus on improving the consistency and accuracy of 
CVD risk prediction in both epidemiological studies and routine 
healthcare.

Strengths and limitations
The major strengths of this study are the large sample size 
and low loss to follow-up (<0.01% participants). This study 
followed the transparent reporting of a multivariable predic-
tion model for individual prognosis or diagnosis (TRIPOD) 
statement,26 covering all 22 checklist items that are essential for 
good reporting of studies that validate multivariable prediction 
models.

The coding of some variables in UK Biobank data fields does 
not exactly match the risk factors and outcomes required in 
QRISK3 which may limit its predictive abilities in UK Biobank. 
However, our study provides information in assessing QRISK3 
in a population that is different from a primary care cohort, as 
QRISK3 is often applied outside of clinical settings.

CONCLUSION
QRISK3 overpredicts CVD risk for participants of UK Biobank, 
with the magnitude of this overprediction increasing by age. 
QRISK3 has moderate overall discrimination for UK Biobank 
participants, however, the discriminative accuracy of the model 
declines for older participants. Noting the differences in case-mix 
between UK Biobank and primary care data, researchers using 
UK Biobank data that require a CVD risk prediction model that 
is well calibrated or has good discriminatory prediction for older 
participants may want to consider recalibrating QRISK3 or using 
an alternative model.

Table 4  Measures of discrimination performance for QRISK3 in the UK Biobank cohort in each age group, with 95% CIs

Females Males

Age group 
(years)

<45 45–55 55–65 65–75 35–45 45–55 55–65 >65

Harrell’s 
C-statistic 
(95% CI)

0.72 (0.69 to 0.75) 0.70 (0.69 to 0.71) 0.66 (0.65 to 0.67) 0.62 (0.61 to 0.63) 0.73 (0.70 to 0.75) 0.67 (0.66 to 0.68) 0.63 (0.63 to 0.64) 0.60 (0.59 to 0.61)

D-index 
(95% CI)

1.39 (1.20 to 1.58) 1.20 (1.12 to 1.28) 0.92 (0.87 to 0.97) 0.67 (0.61 to 0.73) 1.34 (1.20 to 1.48) 1.01 (0.95 to 1.07) 0.75 (0.71 to 0.79) 0.54 (0.49 to 0.60)

Figure 2  Calibration of QRISK3 at 10 years for female and male participants of UK Biobank overall. The cumulative Kaplan-Meier observed CVD 
probability in each 10th of risk is denoted by the orange circular markers and the mean predicted QRISK3 score in each 10th of risk is denoted by the 
blue square markers. CVD, cardiovascular disease.
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