
 

 

 
 

 

Edinburgh Research Explorer 
 
 

 
 

 
 

 
 

 

 
 

 
 

 
 

 
 

 
 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Derivation and validation of a competing risk fracture prediction
tool CFracture compared to QFracture in older people and those
with comorbidity

Citation for published version:
Livingstone, S, Guthrie, B, McMinn, M, Eke, C, Donnan, PT & Morales, DR 2023, 'Derivation and validation
of a competing risk fracture prediction tool CFracture compared to QFracture in older people and those with
comorbidity: population cohort study', The Lancet Healthy Longevity, vol. 4, no. 1, pp. e43-e53.
https://doi.org/10.1016/S2666-7568(22)00290-2

Digital Object Identifier (DOI):
10.1016/S2666-7568(22)00290-2

Link:
Link to publication record in Edinburgh Research Explorer

Document Version:
Peer reviewed version

Published In:
The Lancet Healthy Longevity

General rights
Copyright for the publications made accessible via the Edinburgh Research Explorer is retained by the author(s)
and / or other copyright owners and it is a condition of accessing these publications that users recognise and
abide by the legal requirements associated with these rights.

Take down policy
The University of Edinburgh has made every reasonable effort to ensure that Edinburgh Research Explorer
content complies with UK legislation. If you believe that the public display of this file breaches copyright please
contact openaccess@ed.ac.uk providing details, and we will remove access to the work immediately and
investigate your claim.

Download date: 25. May. 2023

https://doi.org/10.1016/S2666-7568(22)00290-2
https://doi.org/10.1016/S2666-7568(22)00290-2
https://www.research.ed.ac.uk/en/publications/bd48e101-bc58-45d7-94d4-ba7c6778893d


 

1 
 

 

Derivation and validation of a competing risk fracture prediction tool CFracture 

compared to QFracture in older people and those with comorbidity: population 

cohort study 

 

Shona J. Livingstone, Prof. Bruce Guthrie, Megan McMinn, Chima Eke, Prof. Peter T. Donnan, Daniel R. 

Morales 

 

Division of Population Health and Genomics, University of Dundee, UK [SJ Livingstone, MSc] [Prof. 

Peter T. Donnan, PhD] [Daniel R. Morales, PhD] 

Department of Public Health, University of Southern Denmark, Denmark [Daniel R. Morales, PhD] 

Advanced Care Research Centre, Usher Institute, University of Edinburgh, UK [Prof. Bruce Guthrie, 

PhD] [Megan McMinn, PhD] [Chima Eke, PhD] 

 

 

 

Corresponding author: 

Dr Daniel Morales, Division of Population Health and Genomics, Mackenzie Building, Kirsty Semple 

Way, Dundee, DD2 4BF 

d.r.z.morales@dundee.ac.uk 

 

 

 

Keywords: Fracture; risk-prediction; QFracture; competing risk 

Word count: 4054 

 

 

 

 

 

 

 

mailto:d.r.z.morales@dundee.ac.uk


 

2 
 

Abstract 
 

Background: UK guidelines recommended the QFracture tool to predict the risk of major osteoporotic 

fracture (MOF) and hip fracture, but QFracture calibration is poor partly because it does not account 

for competing mortality risk. The aim of this study was to derive and validate a competing risk model 

(CFracture) to predict MOF and hip fracture and compare its performance to that of QFracture in UK 

primary care.  

Methods: We used UK linked primary care data from the Clinical Practice Research Datalink (GOLD) to 

identify people aged 30–100 years split into derivation and validation cohorts. In the derivation cohort, 

we derived models (CFracture) using the same covariates as QFracture with Fine-Gray competing risk 

modelling and included the Charlson Comorbidity score as an additional predictor of non-fracture 

death. In a separate validation cohort, we examined discrimination and calibration of CFracture 

compared to QFracture. Reclassification analysis examined differences in the characteristics of patients 

reclassified as higher risk by CFracture but not by QFracture. 

Findings: The derivation and validation cohorts included 1,831,606 and 915,803 women and 1,789,820 

and 894,910 men respectively. Overall discrimination of CFracture was excellent (for women: C-

statistic=0.813 for MOF; 0.914 for hip fracture) and like QFracture. CFracture calibration overall and in 

younger people was excellent. CFracture over-predicted MOF and hip fracture in older and 

multimorbid people although was better calibrated than QFracture. Patients classified as high-risk by 

CFracture but not by QFracture had higher prevalence of current smoking and prior fracture but lower 

prevalence of dementia, cancer, CVD, renal disease and diabetes.  

Interpretation: CFracture had similar discrimination to QFracture but was better calibrated overall and 

in young people. Both models performed poorly in adults aged 85 years and over. Competing risk 

models should be recommended for fracture risk-prediction to guide treatment recommendations.  

Funding:  NIHR, Wellcome Trust, HDR-UK.
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Research in context 

Decisions to start long-term medication to prevent fracture events are guided by estimation of 

fracture risk, with investigation or treatment offered if patients exceed a particular risk threshold. UK 

NICE guidelines recommend the QFracture risk prediction tool to inform clinical decisions but this has 

been shown to under-predict fracture risk, particularly in the young (because its derivation dataset 

under-ascertained fractures), and to over-predict fracture risk in the old and multimorbid (because it 

does not account for competing mortality risk ie the risk of dying from non-fracture causes). We 

searched Pubmed from inception to 16/06/2022 using the search strategy [fracture[Title/Abstract] 

AND (predict*[Title/Abstract]) AND ('competing risk'[Title/Abstract]) AND 

(osteoporosis[Title/Abstract]) AND (mortality[Title/Abstract])]. We identified seven articles of which 

four performed a competing risk analysis in the context of fracture prediction. All studies predicted 

fracture risk in subpopulations only. Two studies were conducted in the older people (≥60 years) to 

quantify the effects of the predictors on the transition risks to fracture and mortality over five years, 

whilst the other quantified residual lifetime fracture risk. One study estimated fracture risk in people 

with type 2 diabetes, finding that failing to account for competing risk mortality overestimates fracture 

risk. Lastly a competing risk model was used to predict fracture risk in post-menopausal women only 

that showed good discrimination and calibration.  

Added value of this study 

This study shows that accounting for competing mortality risk and modelling a predictor of mortality 

leads to more accurate (better calibrated) prediction of MOF and hip fracture risk than QFracture. This 

new model, CFracture, also reclassifies patients with different characteristics leading to a lower 

estimated number needed to treat to prevent a fracture, depending upon different levels of predicted 

risk and fracture type. 

Implications of all the available evidence 

QFracture under-predicts fracture risk and has worse calibration compared to CFracture. Using 

QFracture in clinical practice may be less accurate in older people and in those with multimorbidity. 

Prediction may be improved using CFracture or an alternative competing risk model. Prediction models 

aimed at older people and in those with multimorbidity should consider accounting for competing risk. 
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Introduction 

Fragility fractures are a major cause of morbidity and mortality. The disease burden associated with 

fragility fractures has increased globally being largest in India, China, United States of America, Japan 

and Germany.1 In England and Wales, over two million people have osteoporosis, with one in three 

women and one in five men estimated to experience a fracture during their lifetime.2 Osteoporosis 

treatment options exist including antiresorptive agents (bisphosphonates, denosumab, raloxifene and 

hormone replacement therapy) and anabolic agents (for example teriparatide or romosozumab). 

These treatments are often recommended by international guidelines based on clinical, bone density 

or risk-prediction stratification. In the UK, risk-prediction models are recommended to calculate the 

10-year risk of major osteoporotic fractures (MOF – wrist, proximal humerus, vertebral or hip fracturs) 

and/or hip fracture alone to guide decisions about investigation to measure bone mineral density 

(BMD) and about initiation of preventive treatment.2 QFracture® and FRAX®3,4 are recommended by 

the UK National Institute for Health and Care Effectiveness (NICE) for risk stratification in all over the 

age of 65 years in women and 75 years in men, or over 50 years with additional risk factors. For 

example, a 10-year fracture risk of 10% or greater is recommended to measure BMD although local 

pathways may vary. In contrast, the UK National Osteoporosis Guideline Group (NOGG) recommend 

the FRAX® and internationally other models like Garvan have been used.5,6 Unlike FRAX, QFracture 

does not account for competing mortality risk, but unlike QFracture the FRAX prediction equation has 

never been published.   

Cox models are commonly used to estimate how predictors affect the hazard of an outcome in survival 

analysis. Censored data (loss-to-follow-up) is common. Cox models and the Kaplan-Meier estimate of 

risk assume that those lost-to-follow-up have the same fracture risk (or other predicted outcome) as 

individuals who remain in follow-up. This assumption is false for those who die before a fracture event, 

which is more likely in older people and those with multimorbidity.7-9   These type of events are 

referred to as competing risk events. Failure to account for competing risk events leads to systematic 

over-prediction of risk using standard Cox regression models, although the impact of this depends on 

how common competing risk events occur.10 

Prediction tools which do not account for competing mortality risk will overestimate fracture risk in 

these older people and those with multimorbidity, meaning that some patients may be unnecessarily 

recommended for treatments that come with a risk of harm and treatment disutility. Despite having 

excellent discrimination in the population as a whole, QFracture has recently been shown to 

systematically over-predict fracture risk in older and comorbid people with competing mortality risks, 

whilst at the same time under-predicting fracture risk in younger and healthier people due to under 

ascertainment of fracture events in the original derivation study.11  
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The aim of this study was to derive and internally validate a prediction tool for MOF and hip fracture 

that accounts for competing mortality risk, and to compare this model’s performance to that of 

QFracture. 

 

Methods 

Data source and population  

A cohort study was performed using patients in the Clinical Practice Research Datalink (CPRD) GOLD 

database.12,13 CPRD-GOLD contain electronic health records from primary care and are considered 

broadly representative of the UK population. CPRD-GOLD contains data on health conditions, 

prescriptions, laboratory measurements (taken in primary care), measurement and lifestyle values, 

with linked data for UK hospitalisation and death registration. Eligible patients had to: be 

permanently registered with a general practice contributing up-to-standard data for at least one 

year; have linkage to hospital episodes statistics (HES) and Office for National Statistics (ONS) 

mortality data; be aged ≥30 years and <100 years; observable on or after 01/01/04. Cohort exit was 

the earliest of: first fracture outcome event; non-fracture death; deregistration from the general 

practice; date of the last data collection from the practice; or 31/3/16. The study was approved by 

the MHRA Independent Scientific Advisory Committee for database studies (ISAC 16/248) and was 

therefore exempt from ethical approval/patient consent. 

Outcomes  

The outcomes were major osteoporotic fracture (MOF) and hip fracture, as per QFracture.3 MOF 

was defined as hip, vertebral, wrist or proximal humeral fractures identified from codes in the 

primary care record (using Read codes), HES discharge diagnoses (ICD-10 codes), or ONS death 

registration (ICD-10 codes). Codes used to define these outcomes, have previously been published.11  

Prediction model  

Variables were included from the QFracture and CFracture model as outlined in Appendix p3. In 

contrast to QFracture derivation and internal validation that used data on BMI, alcohol and smoking 

status recorded after the date of cohort entry but before any fracture outcome in prediction, we 

restricted predictor values to those recorded before cohort entry only. 

Comorbidity  

For each patient at baseline, a Charlson Comorbidity Index (CCI) was additionally calculated based on 

Read codes.14 

CCI (grouped into 0, 1, 2, and 3+) was included in the competing risk model as a 

predictor of competing mortality risk. 
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Missing data  

Missing data was managed as detailed in Appendix p4. Those with missing ethnicity were assumed 

to be white (same as QFracture derivation). For missing BMI, smoking status, and alcohol status, 

Multivariate Imputation by Chained Equations15 was used to generate five imputed datasets which 

were combined using Rubin’s rules. Morbidities and prescription medicines used for prediction were 

assumed to be absent if not recorded, the same as QFracture derivation.3  

Statistical methods  

No formal power calculation was done as the study size was determined by the data available in CPRD, 

which was greater than in QFracture derivation. We implemented the published QFracture®-2012 risk 

model (under GNU Lesser General Public Licence v3) and calculated QFracture predicted 10-year risk 

of a MOF and hip fracture; using coefficients and baseline hazard based on its original derivation 

cohort. Patients were randomly allocated to a fixed derivation and test dataset in a 2:1 ratio with the 

split balanced in terms of age and outcome status. The derivation dataset was used to derive 

CFracture, a Fine-Gray model to predict the 10-year risk of a MOF or hip fracture event accounting for 

the competing risk of non-fracture death. Separate models were estimated for men and women. Fine-

Gray models calculate the subdistribution hazard ratio that is the instantaneous risk of failure from the 

fracture event in subjects who have not yet experienced a fracture event, whilst simultaneously 

accounting for the occurrence of non-fracture death.16 Since we wished to explicitly compare 

prediction in a model accounting for competing risk versus QFracture, we included the same main 

effects and age interactions as in QFracture, using the same fractional polynomials for age and BMI. 

However, in CFracture we also accounted for non-fracture death as a second (competing) outcome 

and included the CCI score (categorized as 0, 1, 2, ≥3) as a validated predictor of mortality.17 These 

models allow the cumulative incidence function (CIF) or probability of a fracture outcome occurring 

over time to be directly estimated. The proportional hazards assumption was assessed by plots of 

Schoenfeld residuals against time for each predictor, and by fitting and testing time-dependent terms; 

no evidence was found to reject this assumption. 

The performance of CFracture was compared to QFracture in the independent validation 

dataset by examining model discrimination and calibration. Discrimination is the model ability to 

differentiate between those who experience the outcome during the study and those who do 

not. Harrell's C-statistic was used to describe discrimination.  A C-statistic of 0.5 indicates 

discrimination that is no better than chance, whilst a C-statistic of 1 indicates discrimination is 

perfect.18 Calibration refers to how closely the predicted and observed probabilities agree. This 

was evaluated by plotting the observed versus predicted risk for CFracture and QFracture. 
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Observed risk was estimated using the Aalen-Johansen estimator accounting for competing 

mortality risk.16,17 Plots were generated separately by sex, for all patients and for pre-specified 

subgroups of age and CCI based on summary statistics pooled across the imputed dataset. We 

also calculated a quantitative summary measure of calibration using the ratio of Observed 10-

year risk to mean predicted risk (O/E ratio) that assesses how close the predicted risk is to the 

overall observed outcome proportion. A ratio of 1 indicates perfect calibration, a ratio <1 

indicates that on average the model overpredicts, and a ratio >1 indicates that on average the 

model underpredicts. 

Examining patient reclassification  

We examined changes in patients reclassified either side of several potential thresholds of 10-year 

fracture risk, namely 10%, 20% and 5%. To visualise reclassification, we generated Sankey diagrams 

and scatterplots of CFracture versus QFracture predicted risk. The characteristics of reclassified 

patients were examined, and the estimated number needed to treat (NNT) to prevent one new MOF 

or hip fracture calculated, assuming all people recommended for treatment takes an osteoporosis 

treatment, using a hypothetical relative risk reduction of 20% and 40% for new fracture events 

((number of fractures*hypothetical proportional risk reduction)/ the number of patients 

recommended for treatment).  

Analyses were conducted using R version 4.2.0. (Specific R packages versions included mice 3.14.0, 

survival 3.3.1; prodlim 2019.11.13; rms 6.3.0, cmprsk 2.2.10, riskRegression 2022.3.22, pec 2021.10.11, 

splines 4.2.0 and geepack 1.3.2). 

Role of the funding source 

The funder of the study had no role in study design, data collection, data analysis, data interpretation, 

or writing of the report. 

 

Results 

The derivation cohort included 1,831,606 women and 1,789,820 men, and the validation cohort 

included 915,803 women and 894,910 men. Baseline characteristics were similarly distributed in the 

derivation and validation cohorts (Table 1). Missing data for women ranged from 698,902 (25.4%) for 

alcohol use to 1278931 (46.6%) for ethnicity ,whilst in men ranged from 866,622 (28.3%) for alcohol 

use to 1,494,450 (55.7%) for ethnicity. Follow-up at 10-years in the derivation cohort were; 63,783 

MOF in women in 10,419,774 years of follow-up (incidence 6.12 [95%CI 6.07-6.17] per 1000 person-

years) compared to 22,863 cases in men in 10,123,610 years of follow-up (incidence 2.26 [95%CI 2.23-
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2.29] per 1000 person-years); and 26,782 hip fractures in women in 11,446,139 years of follow-up 

(incidence 2.34 [95%CI 2.31-2.37] per 1000 person-years) compared to 9,976 cases in men in 

10,984,254 years of follow-up (incidence 0.91 [95%CI 0.89-0.93] per 1000 person-years). MOF and hip 

fracture incidence rose progressively with age (Appendix p5). The sex-specific Fine-Gray models for 

MOF and hip fracture are reported in Appendix p6-13. 

In the validation cohort, discrimination of CFracture was very similar to QFracture discrimination in 

the overall population cohort. For MOF, CFracture was excellent in women and good in men (for 

women C-statistic 0.813 for CFracture vs 0.813 for QFracture: for men C-statistic 0.734 for CFracture 

vs 0.736for QFracture), whilst for hip fracture CFracture discrimination was excellent in both women 

and men (for women C-statistic 0.914 for CFracture vs 0.917 for QFracture: for men C-statistic 0.886 

for CFracture vs 0.888 for QFracture) (Table 2).  Discrimination for CFracture varied by age-group and 

CCI strata in women, with discrimination being best in the younger women and least multimorbid 

groups, and worst in the oldest women and most multimorbid groups. For hip fracture, 

discrimination for men followed a similar pattern as for women being best in younger men and least 

multimorbid groups and worst in oldest men and most multimorbid groups. However, for MOF, 

discrimination in men for CFracture and QFracture was poor in all age-groups with some 

improvement in higher multimorbidity groups.  

Calibration of CFracture for MOF was better than QFracture in the whole population cohort, with 

some under-prediction in women at higher levels of predicted risk. Calibration of CFracture for MOF 

in men was similar, but additionally showed some over-prediction in the middle-range of predicted 

risk (Figure 1). The O/E ratio was closer to one for CFracture compared to QFracture in men and 

women for predicting MOF (Appendix p13). Calibration of CFracture was good in women aged 30-64 

years, with some under-prediction in women aged 65-74 and 75-84 (Figure 2). In men, there was 

some over-prediction at higher levels of predicted risk in those aged 30-64 years and 75-84 years, 

and some over-prediction in those aged 65-74 years. In both men and women aged 85-99 years, 

calibration was poor although better than QFracture in this age-group as well as all others. Stratified 

by CCI, calibration in women was good although with some under-prediction in women with CCI=0 

and some over-prediction in women with CCI≥3 in the highest decile of predicted risk (Figure 3). 

Calibration in men stratified by CCI was more variable in those with CCI=0 and CCI=1 but was good in 

those with CCI=2 and in those with CCI≥3 where it was good apart from some over-prediction in the 

decile of highest predicted risk. 

Calibration of CFracture for hip fracture was better than for QFracture in the whole population cohort. 

Calibration was good in women across all levels of predicted risk, and good in men except in the 

highest decile of predicted risk where there was under-prediction (Figure 1). The O/E ratio was closer 
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to one for CFracture compared to QFracture in women for predicting hip fracture but was similar in 

men (Appendix p13). Calibration was good in women aged 30-64 and 75-84 years, with some over-

prediction in women aged 65-74 years (Appendix p14). In men, calibration was reasonable in those 

aged 30-64, 65-74 and 75-84 years with some under-prediction at the highest level of predicted risk. In 

both men and women aged 85-99 years, calibration was poor with over-prediction at most levels of 

predicted risk although considerably better than QFracture in this age-group as well as all others. 

Stratified by CCI, calibration in women was good except in the highest decile of predicted risk where 

there was some over-prediction in CCI=1, 2 or ≥3 (Appendix p15). Calibration in men stratified by CCI 

was good apart from under-prediction in the highest decile of predicted risk for CCI=0 or 1, under-

prediction in the middle of the predicted risk range for CCI=2, and some over-prediction in the highest 

decile of predicted risk for CCI≥3. 

The proportion of people reclassified by CFracture compared to QFracture above and below each risk 

threshold examined is shown in Appendix p16-19. For MOF for women, there is net reclassification up 

with QFracture predicted risk at < 15%, and net reclassification down for those at ≥15%. For MOF for 

men, there is net reclassification down for with a QFracture predicted risk at ≥10% and little 

movement for lower risk. For hip fracture, there is much more reclassification down than up in 

women with a QFracture predicted risk at ≥10%, and across all levels of QFracture predicted risk in 

men. Scatterplots of CFracture versus QFracture predicted risk were in keeping with these differences 

(Appendix p20). 

The number of patients classified at or above potential thresholds, number of fractures and estimated 

NNT to prevent one fracture is shown in Table 3. At a 20% risk threshold, CFracture tended to have a 

lower estimated NNT than QFracture (for example MOF in women: NNT 30.6 (95%CI 28.7-32.7) vs 

38.6 (95%CI 36.5-40.9) with 20% treatment effectiveness). At a 10% risk threshold, CFracture tended 

to have a similar NNT in women and modestly lower NNT in men. At a 5% threshold, CFracture tended 

to have a higher estimated NNT for MOF and hip fracture apart for hip fracture in men which were 

similar.  

Compared to QFracture, women reclassified ≥10% risk threshold for MOF by CFracture were slightly 

younger, had higher prevalence of current smoking and prior fracture but a lower prevalence of 

dementia, cancer, CVD, renal disease and T2D (Appendix p21). This pattern remained the same for 

men, apart from current smoking status that was similar. This pattern remained similar for hip 

fracture but with similar age and smaller differences(Appendix p22). 

Discrimination  and calibration for both QFracture and CFracture in the overall population cohort 

with the complete case analysis was similar to the main results (Appendix p23-24).  
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Discussion 

Discrimination of CFracture in the whole population validation cohort was good to excellent for MOF 

and excellent for hip fracture, like QFracture discrimination. Worse discrimination occurred with 

increasing age except for MOF in men where there was no obvious relationship with age. Stratified by 

CCI, there was no clear pattern with increasing CCI for discrimination of MOF, whilst discrimination for 

hip fracture was similar to the whole population cohort for CCI=0 and declined somewhat with 

increasing comorbidity (although was good to excellent in all strata). CFracture was better calibrated 

than QFracture in the whole population cohort and in every strata, although was better calibrated in 

women than men, and was better calibrated for hip fracture than for MOF. Strikingly though, CFracture 

was poorly calibrated in women and men aged 85-99 (although much less so than QFracture). 

The first version of QFracture was externally validated in UK The Health Improvement Network 

database, and the updated version of QFracture (examined in this study) was validated in CPRD. Both 

validations demonstrated excellent discrimination and calibration in the whole population cohort.19,20 

However, QFracture was evaluated in the context of incomplete fracture ascertainment because 

fractures were only identified in the primary care records (+/- linked mortality data) and did not include 

hospitalisations, as reflected in their lower fracture incidence, potentially leading to under-prediction of 

fracture risk. QFracture has not been validated across age groups or in those with comorbidity where 

we show it has worse calibration than using a model accounting for competing mortality risk consistent 

with systematic over-prediction by QFracture. 

Other than FRAX, few studies account for competing mortality risk in the context of fracture prediction. 

Two studies were conducted in older people (aged ≥60 years), one to quantify the effects of the 

predictors on the transition risks to fracture and mortality over five years, whilst the other quantified 

residual lifetime fracture risk.21,22 One study estimated fracture risk in T2DM patients showing that 

failing to account for competing risk mortality overestimates fracture risk over five-year time horizon.23 

Lastly another competing risk model used to predict fracture risk showed good discrimination and 

calibration, but was only derived and validated for use in post-menopausal women.24 

Despite similar discrimination, CFracture reclassified different patients around thresholds of 

predicted risk. Compared to QFracture, CFracture classified more women below a potential 10% risk 

threshold when predicting MOF, similar numbers of women when predicting hip fracture and fewer 

men for both MOF and hip fracture.  At a potential 20% risk threshold, CFracture also tended to have 

a lower estimated NNT for a 20% and 40% hypothetical treatment effectiveness. At lower risk 

thresholds (i.e. 5% and 10%) differences tended to be smaller. CFracture recommended fewer 

patients with a history of comorbidities associated with death as seen with the lower prevalence of 

dementia and cancer for example who will have a greater incidence of competing mortality risk. We 
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show that irrespective of whether such risk scores have similar overall discrimination, different 

patients are classified by each tool around thresholds (like what is observed in cardiovascular risk-

prediction).9 This could be important if such characteristics are associated with the likelihood of 

treatment response or adherence to therapy.  

Out study was robust using a large, representative population. We included linked data for better 

fracture outcome ascertainment, which accounts in part for differences in hip fracture and MOF 

incidence seen in prior QFracture derivation and validation studies.3  We only allowed data collected 

before cohort entry to be used in prediction, but this meant we had greater amounts of missing data 

than in the QFracture derivation. We did this because using future data used in prediction models can 

lead to bias. We have provided all codes used to define variables and all model estimates (unlike FRAX 

for example where the algorithm has never been published) facilitating transparency and 

reproducibility however, we cannot directly compare the codes we used to define variables with 

QFracture because QFracture code lists are not publicly available. Whilst we explicitly accounted for 

censoring due to death, our model assumes that people who deregister from a GP practice have the 

same fracture risk as those who do not. However, deregistration from GPs may not be uninformative, 

for example if some older people with many risk factors for fracture move into residential care for 

example. We are unable to identify subclinical vertebral fractures, which is true for any other fracture 

model using EHR or administrative health data, including QFracture. As has been done with QFracture 

and elsewhere, we used multiple imputation for these missing data, which relies on the assumption 

that all data are missing at random.3 We had a higher proportion of missing data than in QFracture 

derivation to avoid including forward looking values in prediction. Despite this, sensitivity using a 

complete case analysis demonstrates similar results to the main analysis. For other variables we 

assumed the condition, or family history, was not present if it was not recorded. We also used a later 

index date for cohort entry than QFracture, because we wished to better account for improved data 

recording in electronic health records, as using increasingly historical data to derive clinical prediction 

tools may result in bias.25  CFracture was derived and validated in same dataset (internally validated), 

whereas QFracture is externally validated having been derived in a different dataset. Whilst the 

performance of QFracture in the derivation dataset and in CPRD have been shown to be comparable 

further external validation of CFracture is required.26 Fracture incidence increases with age and 

QFracture is recommended to be used in people aged 30 to 84 years. We found that QFracture and 

CFracture performed poorly in patients aged 85 years and over, in keeping with this guidance. This 

suggests that other risk factors may exist that are not currently accounted for in this population. The 

thresholds we used to estimate the NNT were arbitrary. A 10% threshold is the threshold at which 

intravenous bisphosphonates are considered cost-effective by NICE.27 The NOGG uses age-dependent 

thresholds to guide bone mineral density measurement until the age of 70 when a fixed lower (11.1%) 
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and upper (20.3%) threshold is recommended.5 We also examined reclassification around a 5% 

threshold to explore impact if future guidelines were to recommend larger numbers of people for 

treatment (for example, as drug costs fall then the cost-effectiveness threshold will also fall). CPRD 

GOLD also does not include all GP practices in England and small numbers of people may not be 

registered with a GP. Data collected within electronic health records may also be influenced by 

patients in poorer health who are more likely to interact with health professionals. 

We reported prediction over a 10-year period to demonstrate how accounting for competing mortality 

risk and including a predictor of non-fracture death, improves performance compared to a nationally 

recommended model for 10-year fracture prediction. Other tools also predict using a 10-year period 

including FRAX and Garvan. This time period is likely to cover the duration of osteoporosis treatment 

and potential benefits that may continue if treatment is discontinued. Whilst using shorter time periods 

have been reported to have limited benefit in aiding risk categorisation, it has been suggested that they 

should be considered in older adults.28,29 NICE recommends using either QFracture or FRAX to assess 

fracture risk but recognises that they are designed differently and are not interchangeable. Since its 

release, FRAX models have been validated in many countries, but independent external validation is 

challenging at scale because the FRAX equation is not published.30 FRAX accounts for competing risk 

and can be used with or without BMD. However, it has been shown to over-predict fracture risk when 

the same (incomplete) method of fracture ascertainment as QFracture derivation was used31 and to 

underestimate MOF risk in studies with more complete fracture ascertainment.32 FRAX has also been 

criticised for only using binary clinical risk factors that do not account for exposure response.33 This 

makes robust head to head comparisons between CFracture and FRAX difficult but should still be 

performed. Garvan has also been used for individualizing the risk of fragility fractures over 10-years.6 

Garvan includes risk factors such as history of prior fracture, history of fall during the past 12 months, 

age, and BMD but does not account for competing risk. Omnibus models predicting for very wide age 

ranges will always have good discrimination because age is such a strong predictor, but good 

discrimination does not mean accurate prediction as shown by differences in calibration.  Therefore, 

competing risks should be routinely considered if prediction models are aimed at older and multimorbid 

populations. In conclusion, QFracture under-predicts in the young and the healthy, and over-predicts in 

the old and the multimorbid, and the degree of poor calibration is problematic. A tool such as CFracture 

should therefore be considered for clinical use instead of QFracture.  
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FIGURE LEGENDS 

Figure 1. Calibration of CFracture (red) and QFracture (black) for MOF and hip fracture in women and 

men overall.  

MOF=Major osteoporotic fracture. Observed risk is based on the Aalen-Johansen estimator, which accounts for 
competing mortality risk. Ideal calibration lies on the reference line, below line is over-prediction, above line is 
under prediction. 

 

Figure 2. Figure 2. Calibration of CFracture (red) and QFracture (black) for MOF by age-group in 

women and men. 

MOF=Major osteoporotic fracture. Observed risk is based on the Aalen-Johansen estimator, which accounts for 

competing mortality risk. Ideal calibration lies on the reference line, below line is over-prediction, above line is 

under prediction. 

 

Figure 3. Calibration of CFracture (red) and QFracture (black) for MOF by comorbidity group in 

women and men. 

MOF=Major osteoporotic fracture. Observed risk is based on the Aalen-Johansen estimator, which accounts for 

competing mortality risk. Ideal calibration lies on the reference line, below line is over-prediction, above line is 

under prediction. 

 


