
  

  

Abstract— Risk prediction tools are increasingly popular aids 

in clinical decision-making. However, the underlying models are 

often trained on data from general patient cohorts and may not 

be representative of and suitable for use with targeted patient 

groups in actual clinical practice, such as in the case of 

osteoporosis patients who may be at elevated risk of mortality. 

We developed and internally validated a cardiovascular 

mortality risk prediction model tailored to individuals with 

osteoporosis using a range of machine learning models. We 

compared the performance of machine learning models with 

existing expert-based models with respect to data-driven risk 

factor identification, discrimination, and calibration. The 

proposed models were found to outperform existing 

cardiovascular mortality risk prediction tools for the 

osteoporosis population. External validation of the model is 

recommended. 

 
Clinical Relevance— This study presents the performance of 

machine learning models for cardiovascular death prediction 

among osteoporotic patients as well as the risk factors identified 

by the models to be important predictors. 

I. INTRODUCTION 

Osteoporosis (OP) is a health condition that involves bone 
deterioration; it can significantly impact a patient’s quality of 
life and can increase the risk of comorbidity and mortality [1]. 
Due to concerns about the risk of cardiovascular events in 
patients with osteoporosis, some studies have investigated the 
risk of cardiovascular disease (CVD) among patients with OP 
[2, 3]. Findings indicate an increased risk of CVD-related 
mortality due to myocardial infarction (MI) and stroke in 
individuals with low bone mineral density, motivating the 
need for the identification of OP patients at high risk of 
cardiovascular disease and improving the performance of 
existing cardiovascular risk prediction tools for OP patients to 
support clinical decision-making and ultimately enhance 
patient outcomes [3]. 

Most CVD risk prediction tools are based on data and 
assumptions that are compatible with the general population 
and may not be entirely consistent with OP patient 
characteristics [4-10]. For instance, although there are 
common risk factors between CVD and OP such as age, 
obesity, and type 2 diabetes, some well-known risk factors of 
osteoporosis such as low weight or female gender can present 
a protective effect against CVD risk [11-14]. Recently 
attempts to develop CVD risk models tailored to the OP 
population have been made using routine clinical data [2]. 
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The increasing availability of clinical data in the form of 
large-scale electronic health records has amplified the interest 
in machine learning (ML) models for clinical risk prediction 
[15, 16]; with some literature favouring ML over traditional 
techniques, particularly to account for complex interactions 
within a wide range of patient characteristics [17-21]. 

In this paper, we aimed to compare machine-learning models 
with existing approaches for risk factor identification and risk 
prediction of CVD death. Proposed models were compared 
with a reference model based on QRISK - a widely known 
CVD risk prediction tool used in clinical practice [9, 10]. 
We further analysed the impact of training sample size on 
model performance. 

II. METHODOLOGY 

A. Data Source 

The Clinical Practice Research Datalink (CPRD) GOLD 
dataset contains anonymized electronic primary care records 
for a total of 21 million patients in the UK of which 
approximately 9 million are eligible for linkage [22]. The 
dataset includes demographic information, medication 
prescriptions, clinical history, laboratory tests, and referrals. 
This study includes a subset of the CPRD dataset including all 
patients with a diagnosis of osteoporotic from January 1, 1995, 
to January 31, 2017. To investigate CVD death as the study 
outcome, we used CPRD data linked with the UK’s Office for 
National Statistics mortality records. We also linked the 
dataset with the UK National Health Services Hospital 
Episode Statistics Admitted Patient Care (HES APC) dataset 
to extract and link in-hospital diagnoses, procedures, and 
treatments for osteoporosis patients having had hospital 
episodes. Socio-economic status was included by linkage with 
the Index of Multiple Deprivation dataset. 

B. Study Population 

We defined the osteoporosis cohort as the study 
population, including only patients with Read or ICD-10 codes 
of an osteoporosis diagnosis [23, 24]. An index date was 
defined as the date of the first osteoporosis diagnosis. 
Participants were followed up from the index date up to a 
maximum of two years. We censored participants at the 
earliest of the study outcome, non-CVD death, 
migration/transfer out of GP practice, last date of data 
availability (based on data extraction date), or end of the two-
year follow-up period. We also excluded patients younger than 
50 years old and patients with less than one year of data 
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available prior to the index date. This resulted in a total 
population of 65,295 osteoporosis patients of whom 2.9% had 
the study outcome (CVD death). 

C. Outcome Definition 

CVD death was defined as the occurrence of either stroke 
or MI recorded as the primary cause of death. 

D. Pre-Processing 

An initial list of 52 patient characteristics including 
demographics, socio-economic status, Charlson’s comorbidity 
index, medical history (diagnoses, procedures/operations, 
laboratory tests) and prescriptions/medications formed the set 
of candidate features (Figure 1). This set included but was not 
limited to the 21 QRISK-selected features i.e. CVD risk 
factors used in the existing QRISK tool. 

Missingness within a given characteristic was handled 
using multiple imputations with chained equations resulting in 
20 imputed datasets [25]. Due to computation time constraints, 
we compared all models on the first resulting imputed set. 

 
Figure 1. The list of patient characteristics; considered as candidate 

risk factors in this study. Abbreviations: * ever; ** in the year prior 

to index date; SES, socio-economic status; MI, myocardial infarction; 
BMI, body mass index; eGFR, estimated Glomerular Filtration Rate; 

SBP, cholesterol, systolic blood pressure; DBP, diastolic blood 

pressure; std_SBP_recent_2, Standard deviation of at least two most 
recent systolic blood pressure readings 

E. Prediction Model development 

To compare proposed prediction models with a reference 
model, we first fitted a logistic regression (LR) model to 21 
QRISK-selected features (QRISK-LR). Next, an LR model 
with the least absolute shrinkage and selection operator (lasso) 
regularization technique (Lasso-LR) was developed using all 
52 candidate predictors in Figure 1. Lasso-regularisation 
enabled data-driven feature selection before prediction. 
Finally, 4 ML models namely extreme gradient boosting 
(XGB), decision tree (DT), random forest (RF), and multi-
layer perceptron neural network (NN) classifiers were applied 
to all 52 candidate features. Two versions of each ML model 
were prepared: a standalone intrinsic feature selection and 
prediction model, and another where a given ML model was 
used for feature selection alone and these features were then 
fitted to a subsequent LR model. All ML models were 
optimised using a hyperparameter grid search. 

F. Evaluation and Performance Metrics 

For internal validation, 10% of the dataset was randomly 
selected and held out as the test set; the remaining 90% was 
used as the training set. 

Model performance was evaluated with regards to 
discrimination and calibration; the two criteria most widely 
used in literature for in silico evaluation of clinical risk 
prediction models [19-21]. Discrimination was measured 
using the area under the receiver operating characteristic 
(AUC) [26]; calibration was assessed by producing calibration 
plots of observed versus predicted probabilities and reporting 
the calibration slope (slope = 1 indicating perfect calibration) 
as well as the Brier score (score = 0 indicating perfect 
accuracy) [27]. 

III. MODEL COMPARISON AND RESULTS 

A. Comparison of Models for Clinical Risk Prediction 

In this section, we compared the performance of the four 
ML models with Lasso-LR and the reference QRISK-LR as 
defined in the previous section. All models were trained using 
the initial set of 52 features except for QRISK-LR. The Caret 
library version 6.0-92 in R version 4.2.1 was used to 
implement these models. 

Fig. 2 presents the discrimination results. RF was the 
worst-performing model followed by DT with worse AUC 
than QRISK-LR (reference model). Whereas XGB and Lasso-
LR had the highest AUCs, followed by NN. 

 
Figure 2. Comparison of discrimination among prediction models: x-

axis depicts models as described in section E, with Lasso and Qrisk 

representing Lasso-LR and Qrisk-LR equivalents. 

With regards to calibration performance (Table 1), RF and 
DT models had again the worst performance whilst the other 
models achieved similar calibration slopes and Brier scores. 

TABLE 1. BRIER SCORE AND CALIBRATION SLOPES OF PREDICTION MODELS 

Methods Brier Score Calibration Slope 

Qrisk-LR 0.028 1.09 

Lasso-LR 0.027 1.10 

XGBoost 0.027 1.12 

NeuralNet 0.027 1.09 

Random Forest 0.029 0.45 

Decision Tree 0.226 0.96 

B. Comparison of Models for Risk Factor Identification 

Assessment of feature importance can differ among ML 
models. To perform a comparative analysis of the risk factors 
selected as important features, the varImp function of the Caret 
library in R [28] was used. The library utilizes various methods 



  

such as the absolute value of coefficients, Friedman's method 
[29], out-of-bag error estimation [30], and Gevrey's method 
[31] for selecting important features in LR, gradient boosting, 
random forest, and neural networks. To make importance 
measures comparable, varImp scales all measures of 
importance to a range of [0, 100]. We set a threshold of 10% 
for minimum importance and considered features above that 
as important or selected features. Figure 3 represents important 
features selected by each model. Patient characteristics 
selected as features or risk factors are presented on the 
horizontal axis as depicted in Figure 1, while the number of 
models that agree on the importance of each feature is shown 
on the vertical axis. The coloured blocks depict which ML 
models selected a given feature. 

 
Figure 3. Important features of prediction models. Each coloured 

block presents the importance of the feature on the horizontal axis 

from the model’s point of view specified with a colour. 

The features age, sex, and bisphosphonate medication were 
considered important by all models. Moreover, 80% of 
prediction models agreed on the importance of the history of 
atrial fibrillation, one-year history of eGFR before OP 
diagnosis/fracture, established history of CVD, and one-year 
history of beta-blockers usage in predicting CVD death. 

C. LR with Machine Learning Selected Risk Factors 

In this section, we evaluated the performance of an LR 
model based on features which were selected by the ML 
models in the previous section, and we investigated whether 
LR could outperform ML models using the same set of 
selected features. In Figure 4, the different prediction model 
configurations are displayed on the horizontal axis, and their 
corresponding AUC values are shown on the vertical axis. 
Black lines present the AUC of LR as well as its confidence 
interval when we applied LR on feature sets presented in 
Figure 3. The blue lines show the discrimination of the 
standalone ML models. 

 
Figure 4. The discrimination comparison of LR when inputs are 

important features of prediction models is shown in black. The blue 
lines present the performance of ML models. 

LR models fitted with features selected by DT and RF 
performed better than standalone DT and RF models. 
However, LR models fitted with features selected by NN and 
XGB did not perform better than standalone NN and XGB 
models in terms of AUC. Overall, with regards to 
discrimination and calibration, the best performing models 
were therefore XGB, NN, and Lasso-LR. All three 
outperformed the reference Qrisk-LR model which was based 
on a subset of expert-selected risk factors. 

D. Effect of Sample Size 

We finally investigated the effect of sample size on the 
performance of the three best models in the present study. To 
do so, we selected 20% of the initial dataset for testing 
purposes and trained three prediction models on small to large 
portions of the remaining dataset to examine the effect of 
training size on their performance. Specifically, the remaining 
80% of the dataset was divided into eight different random 
subsets ranging in size from 10 to 80 percent of the training 
set. Models were trained on each subset, and their performance 
on the test set was compared. Figure 5 illustrates the 
discrimination of models for different training sizes. The two 
ML models achieved a similar AUC as Lasso-LR for the 
higher training sizes but underperformed with smaller training 
sizes, demonstrating ML models to be sensitive to training 
sample size variability, and Lasso-LR to be robust against 
smaller sample sizes. 

 
Figure 5. Discrimination comparison of LR, NN, and XGB 

prediction models with different train/test split proportions from 10 

to 80% of the training sample size. 

IV. DISCUSSION AND CONCLUSION 

In this study, we compared machine learning models with 

existing clinical risk prediction tools for the estimation of 



  

CVD mortality risk. Machine learning models were used for 

standalone feature selection and prediction, as well as just for 

feature selection or risk factor identification. Internal 

validation showed machine learning models XGB, Lasso-LR 

and NN to outperform the reference clinical model for the 

population of interest: patients with osteoporosis. It was 

shown that the performance of LR was improved when 

trained with ML-selected features. The sensitivity of ML 

models to small sample sizes was observed. Future work to 

explore the sample size conditions for superior model 

performance is ongoing. 

These findings support the potential suitability of ML for 

data-driven risk factor identification in addition to clinical 

risk prediction. Further study into external validation, 

suitability against a variety of disease areas, and clinical 

explainability should be considered. 

V. ETHICAL AND DATA SHARING APPROVAL FOR 

EXPERIMENT 

A. Ethical approval 

The study was approved by the Independent Scientific 
Advisory Committee (protocol number 18_116R). 

B. Data sharing 

Data that supports the findings of this study was provided by 
the UK CPRD database. Availability of data is subject to 
protocol approval by CPRD’s Research Data Governance 
Process. 
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