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Abstract 
_________________________________________ 
 

Background  
 

Cardiac surgery carries more risk of adverse outcome than many other surgical interventions.  

Estimation of the risk involved with surgery allows both surgeon and patient to participate in 

an informed manner in the decision-making process. Risk prediction models investigate 

surgical outcomes in relation to perioperative patient and disease characteristics to estimate 

coefficients for each risk factor, which are translated to risk scores. Then, the scores assigned 

to each risk factor are added to calculate the overall risk score for a patient and to construct 

clinical risk groups.  

 

Cardiac surgery is among the most dynamic fields of medicine. Advances in surgical and 

postoperative care approaches allow more patients with co-morbidities, previous operation 

history and of extreme age are to be eligible for surgery. This change in the risk profile of 

patient populations may restrict general applicability or optimal performance of currently 

available models. To cope with the contemporary clinical practice, identification of the 

pattern and predictors of cardiac surgery outcomes in patient with altered risk profile is 

indispensable. Current research aimed at studying the aspects of development of risk 

prediction models to improve cardiac surgery outcome assessment.  

 

Research approach 
 

The first approach taken to pursue the aim was to identify knowledge gap and research need 

in cardiac surgery risk prediction modelling through review of existing models. Findings of the 

review were then used to guide subsequent research. The research used information of 

84,233 patient, from the ANZSCTS (Australia and New Zealand Society of Cardiac and Thoracic 

Surgeons Registry) database, who underwent cardiac surgery between 2001 and 2014. The 

research investigated the impact of variable misclassification, missing value and different 

variable selection methods on the performance of the risk prediction models. After studying 

all these gaps identified by the review, the knowledge gained were applied to develop novel 
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models for predicting long-term survival following Coronary Artery Bypass Grafting (CABG) 

surgery. 

 

Key findings 
  

The systematic review identified wide variation in the development methodology of the risk 

prediction models. Ambiguous predictors and outcome definition, sub-optimum sample size, 

inappropriate handling of missing data and inefficient predictor selection technique were the 

key issues prevalent among the contemporary models. Misclassification of patients to 

‘urgent’ category of surgery in the ANZSCTS database was high and this misclassification 

results in overestimation of mortality risk. This study proposes a new definition of ‘urgent’ 

clinical status to prevent future misclassification. Investigation of missing values shows that, 

multiple imputation of missing values during model development increases the precision and 

performance of the risk prediction models. Clinical suitability in terms of parsimony and 

prediction performance can best be achieved using bootstrap bagging technique for the 

development of risk prediction models. A set of novel risk prediction models for predicting 

long-term survival at four distinct time intervals (31-90 days, 91-365 days, 1-3 years and > 3 

years) following CABG surgery was developed. 

 

Conclusion  
 

This research has provided new knowledge about the existing practice in the risk prediction 

modelling for cardiac surgery patients and provided a range of evidence based suggestion 

regarding model development practices for improving outcome assessment following cardiac 

surgery. The research also provided a set of novel risk prediction models for predicting long-

term survival at four distinct time intervals following CABG surgery. These models along with 

the existing short-term mortality model will provide surgeons and patients greater confidence 

in surgical decision making.  
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Chapter 1: Introduction 

 

1.1 Risk prediction in cardiac surgery  

 

Cardiac surgery carries a higher degree of risk of adverse outcome than many other surgical 

interventions. Predicting outcomes in adult cardiac surgery is critical for decision-making purposes, 

particularly when there are different treatments options available (1, 2). Risk prediction allows trade-

off between risks and benefits and facilitates evidenced based surgical decision making (3).  

 

Risk prediction models in cardiac surgery investigate surgical outcomes in relation to peri-operative 

patient and disease characteristics to estimate coefficients for each risk factor, which are translated 

to risk scores. Then, the scores assigned to each risk factor are added to calculate the overall risk score 

for a patient and to construct clinical risk groups.  

 

Over the past decades, the field of cardiac surgery has made considerable progress in the development 

of risk prediction models to enable outcome prediction and clinical quality monitoring. Risk prediction 

models for postoperative outcomes have become an integral part of cardiac surgical risk assessment. 

Health authorities, hospitals, medical practitioners are increasingly placing importance in risk 

prediction models, to obtain objective risk-adjusted prediction of mortality after cardiac surgery (4). 

National cardiac surgical registries have been established in many countries and many have developed 

risk prediction models suitable for local populations (5, 6).  

 

1.1.1 Application of risk prediction models 

 

Risk prediction models are primarily used as a decision support tool for clinicians. Estimation of the 

risk involved assists them in patient selection and in the choice of treatment strategy (7) and allows 

both surgeon and patient to participate in an informed manner in this process (2, 8). Surgeons can 

decide the most appropriate treatment plan for a specific patient by considering predicted risk in 

addition to their clinical assessment (3, 9). Prediction can be used to educate and counsel patients 

about the risk associated with the surgery (8) and thus to facilitate evidence based informed consent.  

 

Risk prediction models are used as a bed-side tool for estimating risk of individual patients prior to 

any surgical procedure and can be applied in the assessment of the relative impact of specific risk 
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factors on surgical outcomes (10). Some of the models are available for use in the form of online 

calculators that makes them accessible to wide range of setting and population.   

 

Quality assessment is an important component of evidence based approach to patient care. Risk 

prediction is essential for surgical quality assessment and improvement of surgical outcomes. Risk 

prediction models can be used for hospital and physician benchmarking which can facilitate 

comparison of provider performance. Results of individual physicians or hospitals can be compared 

with results from others to provide a point of reference. Risk-adjusted outcomes can be used as the 

basis for monitoring of performance.  

 

The allocation of health care resources is another application of these models. Prediction of 

postoperative complication, length of intensive care unit (ICU) stay and length of hospital stay may 

allow efficient allocation of resources (11). Prediction from these models could serve as a basis for 

planning the optimal schedule for cardiac surgery (12, 13).  Scores generated from the risk prediction 

models can be used for academic research involving estimation of the effect of risk factors or therapies 

on patient.  

 

1.1.2 Currently used models 

 

Several studies mostly by anaesthesiologists in the early 1980s have attempted to identify predictive 

factors for mortality following cardiac surgery (14-16). Paiement et al (17) first reported a scoring 

system for cardiac surgery patients based on the presence of risk factors associated with adverse 

outcome. The scoring system—a simple method of classifying patients before surgery—was 

considered a reliable method of identifying patients at increased risk of perioperative mortality (18) 

and was used routinely by the anaesthetists. The Parsonnet system (19) developed in 1989, was the 

first widely accepted model. The original score was later modified in 1994 and is known as the 

‘modified Parsonnet score’ (20).   

 

Over the past couple of decades, risk prediction models have been devised, around the world, for 

predicting risk of adverse outcomes following cardiac surgery.  The Society of Cardiothoracic Surgeons 

of Great Britain and Ireland (SCTS) developed the UK society score (21, 22) for coronary artery bypass 

grafting (CABG) surgery patients in the United Kingdom (1). They later developed a ‘complex Bayes 

model’ with 9 risk factors and a ‘simple Bayes model’ with 5 risk factors. The 'European System for 

Cardiac Operative Risk Evaluation (EuroSCORE)’ was developed in 1995 for predicting early mortality 

in cardiac surgical patients (6). The scoring system has widely been used for prediction of immediate 
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death after adult cardiac surgery. In 2012 an updated version of the model—EuroSCORE II— was 

released (23). The Society of Thoracic Surgeons (STS) risk models were developed in 1999 and have 

undergone periodic revisions (5). Predictive performance of the STS algorithms is in general 

comparable with other systems and remains the most widely used model in the United States. Both 

STS and EuroSCORE II developed online risk calculators.  

 

In Australia, the EuroSCORE model was most widely used until Yap and colleagues showed that it 

performs poorly for the Australian cohort (24). Several prediction models were developed for 

Australian population using the Australian and New Zealand Society of Cardiac and Thoracic Surgeons 

(ANZSCTS) registry data (25-28). The Australian System for Cardiac Operative Risk Evaluation 

(AusSCORE) was developed in 2009 for predicting 30-day mortality risk following isolated coronary 

artery bypass graft (CABG) surgery (25), and its updated version— AusSCORE II— was published in 

2014 (26). A global model for predicting 30-day mortality was developed in 2010 (27) and a similar 

model was developed for patient undergoing Aortic valve replacement surgery in 2011 (28). A 

complete list of models developed from ANZSCTS registry data are presented in Appendix 1. 

 

1.2 Emerging issues in risk prediction modelling in cardiac surgery  

 

1.2.1 Changing patient population  

 

The landscape in which surgeons perform cardiac surgery is changing drastically. This evolution has 

been driven by advances in interventional cardiology and minimally invasive cardiac procedures. 

Newer technologies are meant to increase the efficiency of surgery and quality of care. Therefore, 

larger number of elderly patients, those with greater burden of comorbid illness, with concomitant 

valvular disease and with history of previous surgery are pooled for surgery (11).   Thus, the risk profile 

of patients presenting for cardiac surgery have significantly changed now-a-days (29).   

 

1.2.2 Ambiguous predictor variable definition 

 

While developing risk prediction models, strict standardization of definitions for predictor variables 

and for endpoints must be ensured (3). Inaccurate or ambiguous definition makes the predictor 

variables prone to misclassification (30).  A misclassified variable may create opportunity for gaming 

as benchmarking is particularly more sensitive to misclassification of key predictors (31). Due to 

misclassification, the concerning predictor will lose its ability to predict a patient’s risk precisely, 

which, in turn, will decrease model performance (31).  
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There has been widespread heterogeneity among the currently used models in defining the 

predictors. Diverse definitions and measurement methods of predictors are a potential source of 

misclassification. For example, misclassification of an important predictor–clinical urgency—was 

found in the ANZSCTS database (32). Definition of renal dysfunction was found to affect EuroSCORE 

performance. Renal impairment was defined as Creatinine >200 mmol/L in the EuroSCORE. When the 

model was recalibrated redefining the renal dysfunction with creatinine as a continuous variable or 

glomerular filtration rate as a categorical, the predictive accuracy of the EuroSCORE model for hospital 

mortality increased significantly (33). 

 

Misclassification irrespective of intent should be addressed appropriately. The best method to manage 

misclassification is obviously to avoid it. However, it’s not possible to eradicate. Accuracy of definitions 

should always be assessed and updated accordingly (6, 34).    

 

1.2.3 Choice between preoperative and intraoperative predictors  

 

Preoperative predictors are popularly being used for predicting risk of adverse outcome following 

cardiac surgery. Although inclusion of intraoperative and/or postoperative characteristics in the 

model might improve the prediction, their inclusion should be judged based on aim of the model. As 

intraoperative data are not available prior to surgery, surgeons have no alternative of resorting to 

preoperative characteristics to foresee prognosis for patient counselling and surgical decision making. 

Inclusion of intraoperative and/or postoperative characteristics would be essential in a model that 

intends to compare surgical performances between surgeons or hospitals (35). 

 

1.2.4 Varying endpoint of interest for the prediction  

 

1.2.4.1 Variation in outcome definition 

 

Mortality as an endpoint is widely used in the cardiac surgery risk prediction models. Morbidity, 

resource utilization, costs and patient satisfaction are among the other endpoints being used. The 

advantages of mortality as an endpoint include: as a hard event, it poses little ambiguity; and data can 

validly be obtained from a range of sources. However, there is still room for uncertainty about the 

timing of death. Commonly used mortality endpoints focus primarily on short-term mortality which 

include operative death, in-hospital mortality or 30-day mortality (patients who die within 30 days of 

the surgery).  
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Small difference in reported deaths due to different timing of death incorporated in definitions may 

affect model prediction (36). It is likely that the number of deaths will differ between ‘in-hospital 

mortality’ and ‘30-day mortality’. Many patients may die after 30 days of surgery because of late 

complication or comorbidity. Their death will not be captured if ‘30-day mortality’ is used as outcome. 

These deaths may be counted as the ‘in-hospital mortality’ only if the patient is still hospitalized. In 

this way, some models (5, 12) are likely to overestimate operative mortality by using ‘in-hospital 

mortality’ as outcome. ‘In-hospital mortality’ data are relatively easier to collect; however, duration 

of hospital stay may sometimes be due to institutional habits concerning postoperative patient care. 

If a hospital discharges the patients earlier an underestimation of hospital mortality is likely.  

 

1.2.4.2 Long term mortality 

 

Although popularly being used, there are concerns that short-term mortality is probably not by itself 

an adequate indicator of cardiac surgery performance (8). Short-term mortality is predominantly used 

to evaluate the early risk of surgical procedures (37). Short-term mortality does not capture patient 

satisfaction, quality of care and length of survival following the surgery (38). Advancement in surgical 

techniques and post-operative patient management has increasingly delayed the death among the 

postoperative patients even among those with critical condition (39). Deaths among such patients 

may be delayed substantially after the surgery. Delayed postoperative deaths may cause an 

underestimation of the operative death if the definition is based on 30-day mortality (39).  

 

Further, due to advancements in surgical technologies and perioperative care, operative and 30-day 

mortality rates have declined over the last few decades. Hence more attention is now required 

towards improving long-term survival following cardiac surgery to get a complete prognosis (40). 

Prediction of long-term survival can be used to determine the most appropriate post-discharge care 

strategies. This may essentially help patients and their doctors to implement behavioural and 

therapeutic modifications to optimize benefit from surgery (40).  

 

1.2.4.3 Paradigm shift to morbidity 

 

Some argue that emphasis on mortality as the only endpoint, may engender negative behaviours such 

as high-risk case avoidance by surgeons and institutions. Which in turn may reduce access to surgery 

for people with elevated risk of mortality who might benefit the most (41, 42). For similar reasons, 

such models may encourage gaming of the reporting system when used for benchmarking and 
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comparison of performance among surgeons or institutions (43). Morbidity rates are increasingly 

becoming an important way to describe procedural outcome (12). Some consider morbidity as a more 

suitable endpoint for analysis because a patient is more likely to have a deterioration in health or 

recover unusually slowly from surgery than to die. 

 

Further, morbidity may correlate better than mortality with admission to the ICU, length of hospital 

stays, return to work, quality of life, and most importantly costs. However, morbidity data are difficult 

to collect, and there is problem with standardization of morbidity definitions. For example, renal 

dysfunction may be defined as anuria, the need for dialysis, or elevation in serum creatinine levels 

above a preoperative baseline value. Therefore, the development of models to predict morbidity in 

the field is yet to succeed comprehensively (44-46). Because of the heterogeneity of morbidity events, 

future scoring systems should probably develop models for mortality and major morbidity events (eg. 

stroke, myocardial infraction, renal impairment, arrhythmia etc.) separately. 

 

1.2.5 Choice between the procedure specific model and an all-procedures model 

 

Many models serve as a general cardiac surgery risk prediction model (19, 23, 27, 47-49), one model-

fit-for-all procedure type. Some other models (5, 25, 26) are intended to be used for specific cardiac 

surgery (eg. CABG, valve surgery etc.). While within the cardiac surgery population, there is a wide 

variety of procedures with different determinants of mortality. Gameren and colleagues (50) showed 

that dedicated risk models for specific surgery type may be useful to provide more valid estimates of 

mortality after surgery.  

 

Further exploration is needed to clarify how specific should be the procedure type that requires a 

separate model. The question persists whether a separate model is required for specific type or 

subtype of surgery. For example, in case of valve surgery, should there be a separate model for each 

of valve types (e.g. aortic valve surgery, mitral valve surgery etc.) 

 

1.2.6 Advances in model development technique  

 

1.2.6.1 Missing value imputation 

 

Risk prediction models are usually developed using data routinely collected in hospitals or general 

practices or by registries. These data contain information on predictors based on patient 

characteristics. Irrespective of the design and diligence of those involved in the data collection 
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process, missing data is common in these databases (51). A common approach to dealing with missing 

data in model development is to drop cases with incomplete data from analysis. In multivariable 

analysis—commonly used in model development—case deletion often results in a large portion of the 

data being discarded and can result in substantially smaller sample sizes (52, 53).  Along with wastage 

of valuable information, collected with cost and effort, this analysis with only the complete cases may 

lead to generation of biased estimates of parameters in the prediction model (53). Multiple 

imputation is a statistical technique for analysing such data and has become popular because of recent 

software development (54). Despite recommendation for imputing missing values prior to risk 

prediction modelling (55), currently used risk prediction models do not seem to adequately address 

the impact of missing data.   

 

1.2.6.2 Adjustment for surgeon and hospital factor  

 

Factors with the potential to affect patient outcome, are not necessarily restricted to preoperative 

patient characteristics. Some of exogenous factors (not related to patients) may also affect the 

outcome of surgery. These Include variables related to the skill and experience of the surgeon 

(surgeon factor) and postoperative care teams, which in turn influence various aspects of the intra-

operative and immediate postoperative period (hospital factor) (9).  Most widely used models are 

developed using large multicentre registry data. Along with differences in institutional practice 

patterns, hospitals also may vary the profiles of their patients in relation to socioeconomic status, 

education, compliance, diet and even severity of illness. Therefore, it is not appropriate to assess the 

quality of care by measuring crude procedural mortality alone. It emphasizes that comparisons of 

operative mortality rates among centres are meaningless without risk adjustments derived from case-

mix (3). All these variations have the potential to bias the estimate unless they are being adjusted for 

using robust statistical techniques (9). Statistical techniques like multilevel modelling (56) or structural 

equation modelling (57) can be used to adjust the issues while developing the model. 

 

1.2.6.3 Robust variable selection methods 

 

The trade-off between parsimony and performance is a major challenge in risk prediction modelling 

(9).  A parsimonious model is computationally simpler with relatively smaller number of predictors for 

the clinician to implement in day-to-day practice (58). Limiting the number of predictors in the model 

is an important way to achieve parsimony (59). On the contrary, omitting important prognostic factors 

has the potential to result in inaccurate prediction (59). 
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Many earlier models used clinical acumen and/or univariate association with outcome to choose 

predictors for the model.  Statistical variable selection techniques are now-a-days popularly used for 

choosing most suitable predictors (60, 61). Bayesian-algorithm (62), Machine learning algorithms (63, 

64) and multivariable regression (65) are among the most commonly used techniques. These methods 

excel in different tasks and have their inherent limitations. There is no consensus about the most 

suitable method for model development.  

 

1.3 Rationale  

 

Although the existing practice of risk prediction modelling is the result of decades of research, there 

is still room for improvement and updates are required to reflect current clinical practice. Cardiac 

surgery is among the most dynamic fields of medicine. Newer technologies are constantly emerging. 

Incessant advances resulting in innovative approaches and improved outcomes. More patients with 

co-morbidities, previous operation history and of extreme age are made eligible for surgery (66). The 

changes in patient’s risk profile have the potential to affect the predictive accuracy and applicability 

of currently available models (67). Therefore, models should be recalibrated and updated to adapt the 

changes in the patient population and their risk profile. Further, risk models are nowadays expected 

to accurately predict administrative outcomes like length of hospital or ICU stay, cost of care and 

hospital resource needs in relation to the optimal schedule for cardiac surgery (12). Risk modelling 

requires expansion to incorporate all these diverse aims and to adapt with contemporary clinical 

practice.  Emergence of robust statistical methods for model development (multiple imputation of 

missing value, multilevel modelling, bootstrap bagging, neural networks etc.) also necessitate the 

refurbishment of models to optimize prediction. A review by Nilsson (68) showed that the predictive 

performance of older models is usually poorer compared with more recent ones. Risk modelling 

requires refurbishment and upgradation to maximize prediction performances (35). 
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1.4 Aim of the research 

 

1.4.1 Overall aim  

 

Overall aim of the research was to study aspects of the development of risk prediction models for 

short and long-term mortality to improve cardiac surgery outcome assessment  

 

1.4.2 Specific objective  

 

1. To critically appraise the methods used by existing risk prediction models for patients 

undergoing coronary artery bypass grafting surgery  

2. To study impact of procedural status misclassification on the performance of the risk 

prediction model  

3. To study impact of missing values on the performance of the risk prediction model 

4. To study impact of variable selection methods on parsimony of the risk prediction model  

5. To develop a model for predicting long-term survival following coronary artery bypass 

grafting surgery 

 

1.5 Overview of the thesis 

 

The PhD research is presented as a thesis by publication consisting eight chapters. Chapter two 

provides the description of the data source for the research and an overview of the research 

methodology and theoretical frame works applied in the research. A description of the ANZSCTS 

national cardiac surgery database includes the structure and the management process of the database 

registry and definitions of the key variables relevant to this thesis. Detailed methodology is described 

in the respective chapters.  

 

Chapter three includes a paper on systematic review of the existing risk prediction models, for CABG 

surgery patients, currently being used around the globe. The paper presented an overview of the 

methodology used in the development of the risk prediction models and outlined the gaps in 

knowledge and practice in contemporary prediction modelling.  

 

Chapter four, five and six include three papers on three methodological issues identified by the 

systematic review in chapter three. Chapter four includes a paper that studied registry data quality 
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aspect of risk prediction modelling and assessed impact of clinical status misclassification on predicted 

mortality risk following cardiac surgery. Chapter five includes a paper that assessed impact of missing 

values on risk prediction models’ performance. Chapter six includes a paper that compared the 

variable selection methods for multiple regression to assess its influence on the parsimony of risk 

prediction models for cardiac surgery.  

 

Chapter seven includes a paper presenting a set of novel risk prediction models for predicting long-

term survival following CABG surgery. The research presented in chapter seven addressed all the 

issues identified in contemporary prediction modelling and incorporated all the knowledge gathered 

in the researches in the previous chapters. 

  

Chapter eight concludes the key findings of the thesis, their relevance and implication in the field of 

risk prediction modelling in cardiac surgery and future direction. The chapter also presented the 

strength and limitation of the thesis.  
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Chapter 2: General methodology  

 

2.1 The Australian and New Zealand Society of Cardiac and Thoracic Surgery 

(ANZSCTS) database program 

 

The Australian and New Zealand Society of Cardiac and Thoracic Surgeons (ANZSCTS) database 

program (registry) was established in 2001 with the aim of reporting risk-adjusted clinical outcomes 

for patients undergoing cardiac surgery. Fundamental to the process of establishing the registry was 

the development and agreement of a standard dataset and definitions to be used by all hospitals 

participating in the program (69). The identification of key performance indicators and subsequent 

generation of local standards afforded the ability to benchmark individual and unit performance 

across Australia (70). The program is funded by the Department of Health, Victoria, the Health 

Administration Corporation (GMCT) and the Clinical Excellence Commission (CEC), NSW, and funding 

from the individual participating hospitals. 

 

The objective of the program was to provide: 

 A common dataset with identical definitions of all data points 

 Collation of reliable data for research, risk assessment and outcome prediction 

 A system for evaluation of individual, unit, hospital, state and national performance 

 Improvement of the quality of patient care through an effective peer review mechanism 

 A core dataset for in-house mortality and morbidity review at Institutional level 

 Appropriate information for external research purposes 

 

The database contains information on all patients who have had cardiac surgery at one of the 

participating centres, since 1 July 2001 (or during the period of the participating hospital’s involvement 

if this began later than 1 July 2001). Currently, 23 public hospitals out of 24 and eight of the private 

hospitals around Australia are contributing data on surgical procedures into the registry. Geographical 

distribution of the centres across Australia is presented at the Appendix 2.1 

 

The registry captures all adult cardiac surgical procedures, performed in participating hospitals, 

including coronary artery bypass grafting (CABG) and valve procedures. The database consists of more 

than 300 preoperative, intra-operative and post-operative variables. Data elements were defined and 

adapted from internationally standardized data definitions (71). Preoperative variables included 

patient demography, risk factors, preoperative cardiac status, history of previous intervention and 
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preoperative hemodynamic state of the patients. Intra-operative variables included the procedure, 

cardiopulmonary bypass and support, and procedure specific information. Post-operative variables 

included information on post-operative support, complication, readmission and outcome. Standard 

data is collected on the paper form. The ANZSCTS data collection form is presented at the Appendix 

2.2  

 

Data are entered and transmitted through a secured online web-based system. Data management, 

analysis, and database development are maintained by Centre of Cardiovascular Research and 

Education in Therapeutics (CCRE-T), in the School of Public Health and Preventive Medicine, Monash 

University. Each hospital has a designated data manager who is responsible for the completeness of 

the data collection. All data are verified on receipt. The data are subject to both local validation and 

an external data quality audit program, which is performed on site to evaluate the completeness and 

accuracy of the data (69). 

 

Outcome indicators of the database were mortality (in-hospital or 30-day post-surgery), complications 

including cardiac, neurological, renal, gastrointestinal, infections, return to theatre, readmissions 

within 30 days post-surgery. The index outcome variable for current thesis was 30-day-mortality, 

defined as death within 30-days post-procedure, was collected by the hospital data managers by 

contacting patients, family members or medical practitioners by follow-up visits or via telephone as 

part of routine clinical care. The Database also includes re-admission data. Mortality information is 

further validated through linkage to National Death Index (NDI) data. Mortality data outside 30-day of 

surgery were collected through linkage with the NDI database.  

 

The database program publishes comprehensive annual reports describing the activities and 

outcomes of participating sites in a comparative de-identified format. The registry has developed 

several risk prediction models which was used for benchmarking surgical performance at a national 

and international level (25-28). 

 

2.2 Systematic review of risk prediction model 

 

The systematic review of risk prediction models involved articles those presented models for 

predicting short-term mortality following CABG. The review aim, search strategy and study selection 

process have been framed based on Checklist for critical Appraisal and data extraction for systematic 

Reviews of prediction Modelling Studies, alias the CHARMS checklist (72).    
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Medline via Ovid was searched for peer reviewed articles published between 1946 and 2016 and 

EMBASE via Ovid for articles published between 1974 and 2016 to identify short-term mortality risk 

prediction models for patients undergoing CABG surgery. Search strategies included medical subject 

heading (MeSH) terms and keywords. The CHARMS checklist for review of prediction modelling studies 

was used for appraisal and data extraction (72) (Appendic 3.3). Clinical aim, as well as the methods of 

these models were critically appraised. Analyses of the extracted data focused on summarizing 

information on methodological characteristics of these models. Descriptive statistics was generated 

about model characteristics, detailed methodology, model performance and selected predictors 

across models. Association of a-priori defined individual methodological characteristics were sought 

with the discrimination capacity in validation data via Kruskal-Wallis one-way analysis of variance and 

Mann-Whitney-U test.  

 

2.3 Definition of the key variables  

 

The ANZSCTS registry collects preoperative, intraoperative and post-operative data from each patient 

undergoing cardiac surgery. Risk prediction models consider only pre-operative variables because 

these models are used for patients’ pre-operative risk assessments. Intra-operative and post-

operative variables are not available before the surgery. Preoperative variables collected by the 

ANZCTS registry include variables related to administrative, patient demographics, risk factors, cardiac 

status, hemodynamic status and previous interventions. After excluding administrative variables (for 

example name, address, contact details, date of birth, Medicare number, and patient identifiers) and 

sub-headings or supporting information for other variables (for example the variable related to 

arrhythmia includes seven additional variables related to subtypes of arrhythmia), 52 variables were 

identified as potential candidates for inclusion in risk prediction models. Based on an extensive 

literature review of existing cardiac surgery risk prediction models and clinical judgement (through 

discussion with cardiac surgeons and cardiologists) a total of 47 variables were identified as the final 

set of variables we would consider as potential predictors. Detailed definitions of the relevant 

variables are presented at the Appendix 2.3 

 

2.4 Overview of model development  

 

Detailed description of statistical analysis is provided in the respective section. In this chapter, an 

overview of model development method is provided; hence some duplication may be encountered.  

Generally, a risk prediction model refers to the function which relates the occurrence of the outcome 
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of interest to a set of predictors. Predictors may range from demographic characteristics, 

anthropometry, physical or haematological state, comorbidities any diagnostic test result etc. (73).  

 

In cardiac surgery, these models predict operative mortality risk preoperatively, although outcomes 

would preferably be those that matter to individuals or patients. These could include both mortality 

and morbidity. In the current thesis mortality following coronary artery bypass grafting surgery among 

adults was modelled using ANZCTS registry data. Strategies for model development include 

imputation of missing values, variable selection, model development, final model estimation and 

validation (64, 73). 

 

2.4.1 Treatment of missing data 

 

A total of 15.8% patients had one or more predictors missing. ‘Reduced ejection fraction’ had the 

highest missing data (11.3%) followed by the New York Heart Association classification (4.5%). The 

remaining predictors had <1% missing observations. The pattern and extent of missing-ness in the 

dataset was assessed, through generating descriptive statistics and a missing indicator variable, to 

check the assumption for multiple imputation (MI). Patients with missing information in one or more 

predictors were categorized as missing in the indicator variable. The association of each independent 

predictor with a missing indicator variable was evaluated using the chi-square test. Majority of the 

variables (Age, urgency of procedure, body mass index (BMI), inotropic medication use, peripheral 

vascular disease, type of procedure, NYHA classification, and 30-day mortality) were found to be 

associated with missing indicator variable, suggesting that the data are not missing completely at 

random (MCAR).   

 

Multiple imputation of missing values was done using the Imputation by Chained Equations (ICE) 

method in Stata version 14. Imputation was performed in three distinct steps. In step one, 10 multiply 

imputed datasets were generated.   In step two, each of the multiply imputed datasets were analysed 

separately and in step three, estimates from each multiply imputed dataset were combined to 

generate the aggregated estimates (74). For variable selection, bootstrap bagging process was run 

separately in each of the imputed dataset and subsequently all predictors those were selected in any 

of these datasets were used for final model development (75). For model development missing data 

were imputed using ICE method along with multivariable Cox regression. Model estimates were 

generated separately on each of the 10 imputed datasets. The estimates of these 10 imputed datasets 

were then combined into generate MI estimates.  
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2.4.2 Variable selection and model development 

 

Among the available variables in the database only preoperative variables were considered.  Plausible 

variables were identified through a variety of methods, including literature review, clinical acumen, or 

their use in other models developed using the same database. Univariable associations between 

preoperative patient characteristics and mortality were assessed. Bootstrap bagging technique along 

with multiple regression were used to select final set of predictors from the plausible variables for the 

multivariable models. 

 

A bootstrap sample of the same size of the original sample was drawn from each of the imputed 

dataset. The plausible variables were entered into the multivariable regression and were applied to 

the bootstrap samples to test the significance of the variables. For short-term mortality in chapter 

four, five and six logistic regression and for long-term survival model in chapter 7 Cox regression was 

used. A variable with a p-value of less than or equal to 0.05 was considered as significant. The process 

was repeated 1000 times and the percentage of times that each variable appeared as significant in 

1000 bootstraps (bootstrap coverage) in the imputed datasets was recorded. Bootstrap coverage of 

each predictor in imputed datasets was averaged to generate an overall coverage of individual 

predictors. The predictors were then ranked depending on the average bootstraps coverage (75). 

Plausible models were developed from variables that were significant in at least 50% of the bootstrap 

samples (76, 77). The first model (model 1) comprises predictors which appeared as significant in 100% 

of bootstrap samples. Subsequent models were generated through adding one variable at a time of 

decreasing rank per the bootstrap coverage. The area under ROC curve (AUC), Akaike information 

criterion (AIC) and BIC (Bayesian information criterion) values were calculated for these models. 

Variables in the model with the highest AUC value were chosen for final model estimation.   
 

2.4.3 Final model coefficient estimation 

 

Final multivariable model coefficients were estimated entering the set of variables chosen through 

bootstrap bagging technique. For the final model, non-linearity of continuous predictors was 

considered by fitting fractional polynomials in the multivariable model (logistic/ Cox regression) (78). 

The first order interaction effects between clinically relevant risk factors were investigated. To account 

for hospital-level clustering mixed effect logistic regression was used for short-term model and a 

hospital-level random effect (shared frailty) was included in the Cox regression for long-term survival 

model (79).   
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2.4.4 Model performance and validation (Discrimination and calibration) 

 

Discrimination of the short-term mortality model was assessed by calculating the AUC in the validation 

sample and then again using multi-fold (K = 100) cross-validation in combined datasets. The calibration 

was evaluated using decile-decile plot of the observed and predicted 30-day mortality. To calculate 

the calibration intercept and slope parameters, a linear regression model was fitted with the deciles 

of observed outcome as the dependent variable and the deciles of predicted outcome as the 

independent variable. Calibration of the survival model was assessed using the Regression Modelling 

Strategies (RMS) package in the R statistical software. Locally weighted scatter-plot smoother (LOESS) 

calibration curves were generated for each of the four time intervals plotting these probabilities 

against corresponding Kaplan-Meier survival estimates, stratifying on intervals of predicted survival. 

 

2.4.5 Presentation of the model 

 

The final prediction model was presented as the original regression model equation, that is, regression 

coefficients. Such a model can also be made available as an online calculator or as a nomogram (61). 

A model can also be presented as a simplified but approximate model or scoring rule when the original 

regression coefficients are converted and rounded to numbers that are easy to add, which are then 

related to absolute outcome probabilities (80). An online calculator will be developed in future.  

 

2.5 Statistical software 

 

Statistical software packages Stata (version 14), Medcalc (version 17.2) and R (version 3.3.2) were used 

for the analyses.  

 

2.6 Ethical approval 

 

The Institutional Review Board of each participating hospital had approved the use of their data for 

research purposes (Alfred HREC: 262/09). The ANZCTS registry has approved collection of patient data 

using an ‘opt-out consent approach’ (MUHREC: CF08/0322 - 2008000065). The current study received 

ethical approval from the Monash University Standing Committee on Ethics in Research Involving 

Humans (SCERH) (MUHREC: CF14/1117 – 2014000476). Relevant ethics approval documents are 

presented in Appendix 2.4-2.7. 
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Chapter 3:  Mortality Risk Prediction Models for Coronary Artery 

Bypass Graft 

 

3.1 Introduction 

 

Preoperative risk prediction models are increasingly being used in contemporary cardiac surgical 

practices. Over the past three decades, many of such models were developed for predicting short-

term mortality following Coronary Artery Bypass Graft (CABG) surgery. Many of them were developed 

decades ago. Over the past decades, the demography and risk profile of cardiac surgery patients have 

changed, and newer and more robust modelling techniques emerged. Hence, appraisal of the 

methodology and performance of these models is required to assess their applicability in current 

practice setting as well as for the necessity of upgradation.  

 

The chapter reports the findings of systematic review of the existing risk prediction models, for 

Coronary Artery Bypass Graft (CABG) surgery patients, currently being used around the globe. The 

review critically appraised the development process of these models and outlined the gaps in 

knowledge and practice in contemporary prediction modelling.  

 

The manuscript for the review ‘Mortality risk prediction models for coronary artery bypass graft: 

current scenario and future direction’ has been accepted for publication in The Journal of 

Cardiovascular Surgery. 
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Mortality risk prediction models for coronary artery bypass graft: current scenario and future 

direction 

 

ABSTRACT 

INTRODUCTIONː  

Many risk prediction models are currently in use for predicting short-term mortality following 

Coronary Artery Bypass Graft (CABG) surgery.  This review critically appraised the methods that were 

used for developing these models to assess their applicability in current practice setting as well as for 

the necessity of upgradation. 
 

EVIDENCE ACQUISITIONː 

Medline via Ovid was searched for articles published between 1946 and 2016 and EMBASE via Ovid 

between 1974 and 2016 to identify risk prediction models for CABG. Article selection and data 

extraction was conducted using the CHARMS checklist for review of prediction model studies. 

Association between model development methods and model’s discrimination was assessed using 

Kruskal-Wallis one-way analysis of variance and Mann-Whitney-U test. 
 

EVIDENCE SYNTHESISː 

A total of 53 risk-prediction models for short-term mortality following CABG were identified. The 

review found a wide variation in development methodology of risk prediction models in the field. 

Ambiguous predictor and outcome definition, sub-optimum sample size, inappropriate handling of 

missing data and inefficient predictor selection technique are major issues identified in the review. 

Quantitative synthesis in the review showed ‘missing value imputation’ and ‘adopting machine 

learning algorithms’ may result in better discriminative power of the models. 
 

CONCLUSIONSː 

There are aspects in current risk modelling, where there is room for improvement to reflect current 

clinical practice. Future risk modelling needs to adopt a standardised approach to defining both 

outcome and predictor variables, rational treatment of missing data and robust statistical techniques 

to enhance performance of the mortality risk prediction.   
 

Key words: Coronary artery bypass surgery, Cardiac surgical procedures, Risk prediction model, 

coronary revascularization, operative mortality, short-term mortality, risk stratification, clinical 

prediction rule.  
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BACKGROUND  

 

Understanding the operative risk, prior to coronary artery bypass grafting (CABG) surgery allows both 

surgeons and patients to participate effectively in deciding on choices for treatment (1, 2). Surgeons 

can decide the most appropriate treatment plan for a specific patient by considering predicted risk 

score generated by a prediction model in addition to their clinical assessment (3, 4). These scores can 

be used to counsel patients and thus to facilitate better informed consent. Prediction models are 

essential for benchmarking of physician and institution performance (5) and for the appropriate 

allocation of healthcare resources (6). 

 

Paiement and colleagues (7), in 1983, proposed a scoring system for cardiac surgery patients. The 

Parsonnet system (8) developed in 1989, was the first to get widespread acceptance despite being 

criticised for including subjective variables in the model. Over the past decades, numerous risk 

prediction models have been proposed for predicting operative mortality following cardiac surgery 

and many are used in daily practice (9).  

 

Newer concepts and technologies have emerged in the field of statistics which have the potential to 

improve prediction further. Many models’ performance has been affected by a changing patient’s 

demography. Further, some models lack in clarity on several key factors associated with the 

development process including; how data was managed, the variable selection process used, 

statistical techniques employed, and how the validation was performed. For a risk prediction model 

to be used routinely in practice, the modelling methodology should be clearly described and the 

proposed model should be easy to implement and clinically relevant. Appraisal of the methodology 

and performance of these models is required to assess their applicability in current practice setting as 

well as for the necessity of upgradation.  

 

Several review articles were published on risk prediction models for cardiac surgery, most of them 

focussed either on comparison of different models for cardiac surgery (3, 4, 10-14) or validation of a 

model. None of them explicitly focused on appraising methodology of models predicting short-term 

mortality following CABG surgery. Nilsson (9) compared 19 models, including both morbidity and 

mortality predictions. A systematic review by Head (15) investigated only the risk factors for adverse 

event following cardiac surgery. The aim of the current review was to critically appraise the 

methodology used in developing short-term mortality risk prediction models for patients undergoing 

CABG.  
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METHODS 

 

Study selection and data extraction 

 

The review aim, search strategy and study selection process have been framed based on seven key 

items in CHARMS (16) checklist (Table 1).   

 

Table 1: The review aim, search strategy, and study inclusion and exclusion criteria 
 

Sl. Items and responses 
1 Prognostic versus diagnostic prediction model 
 Prognostic prediction model: The aim is to review models to predict future events. 
2 Intended scope of the review 
 The models intended to inform physicians' therapeutic decision making  
3 Type of prediction modelling studies 
 Prediction model development without external validation in independent data 
4 Target population to whom the prediction model applies  
 Patients undergone isolated coronary artery bypass grafting surgery  
5 Outcome to be predicted 
 Mortality following isolated coronary artery bypass grafting surgery 
6 Time span of prediction  
 Event within 30 days post operatively  
7 Intended moment of using the model  
 Models to be used preoperatively to predict the risk of postoperative complications 

 
Search strategy 

Medline via Ovid was searched for peer reviewed articles published between 1946 and 2016 and 

EMBASE via Ovid (1974 -2016) to identify short-term mortality risk prediction models for patients 

undergoing CABG surgery. Search strategies included medical subject heading (MeSH) terms and 

keywords. For CABG, search terms included subject key words ‘cardiac surgery’, ‘cardiothoracic 

surgery’, ‘cardiac surgical procedures’, ‘myocardial revascularization’ and ‘coronary artery bypass 

grafting’. For surgery outcome search terms included key words ‘30-day mortality’ ‘hospital mortality, 

‘in-hospital mortality, ‘operative mortality’, short-term mortality’, ‘post-operative death’ and 

‘operative death.  For risk prediction model, in addition to ‘Ingui filter’ for searching prognostic models 

(17), search terms included key words ‘risk’ in combination with different permutation of ‘model’, 

‘prediction’, ‘assessment’, ‘stratification, ‘algorithm’, ‘score’, ‘index’, ‘rule’, and ‘tool’. Detailed search 

strategy and history is presented in supplementary Table 1 and 2. Our electronic search returned 1123 

articles, with an additional 129 articles retrieved through google scholar and a hand search of the 

citations listed in publications from other risk prediction model for cardiac surgery review articles. 

After removing the duplicates, 818 papers were available for screening. Detailed search strategies are 

presented in Appendix 3.1 and 3.2 



23 
 

Study inclusion Criteria 

An article was considered eligible, if it focused on development of a risk model to predict short-term 

mortality following specifically CABG, as well as presented a model. Articles which focused on updating 

previously developed models were considered eligible if an updated version of the model is presented. 

Articles illustrating the comparison of a locally developed model to an existing model were considered 

eligible only if they presented a validated model with estimated coefficients. Articles focused on 

development of a risk model for case-mix were considered eligible only if case-mix included CABG 

surgery. 

 

Study exclusion Criteria 

Articles which studied the effect of individual risk factor or comorbidity or preoperative cardiac status 

on short-term mortality were excluded. Articles which reviewed risk prediction models were excluded. 

Furthermore, articles comparing performance or applicability of models were considered ineligible if 

their aim was to validate previously developed models in a local population, or to evaluate the 

performance of models developed by others.  

 
Figure 1: PRISMA flow diagram illustrating study selection. 
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RESULTS 
 

A total of 53 (7, 8, 21-71) models were identified. Among them 31 are intended to predict short-term 

mortality following CABG only and 22 are all procedure models which include CABG (Table 2).   
 

 

Table 2: Short-term mortality risk prediction models for CABG surgery 
 

Model reference Model name Population Procedure 
type 

Data collection EPV* 
Source Period Centres 

Aktuerk 2016 HES model UK CABG only Admin 2008-2011 Multiple 54 
Antunes 2007 Portugal model Portugal CABG only Study 1992-2001 Single 09 
Berg 2011 Norway model Norway Case-mix Study 2000-2007 Single 17 
Bernstein 2000 Bernstein-Parsonate USA Case-mix Study 1994-1995 Multiple 33 
Billah 2010 Global Model Australia Case-mix Registry 2001-2008 Multiple 61 
Billah 2014 Ausscore II Australia CABG only Registry 2001-2011 Multiple 166 
Bridgewater 1998 The UK society score UK CABG only Registry 1995-1996 Multiple 03 
Carosella 2009 Latin american model Argentina Case-mix Study 1994-2001 Single 21 
Cheng 2015 Spanish model Spain Case-mix Study 2001-2014 Single 25 
Chong 2003 ANN CABG model Taiwan CABG only Study 1997-2002 Single 04 
Chung 2015 ACS NSQIP model USA CABG only Registry 2005-2010 Single 08 
D'Errigo 2007 Italian CABG model Italy CABG only Study 2002-2004 Multiple 75 
Eagle 1999 ACC/AHA USA CABG only Registry 1996-1998 Multiple 27 
Edward 1989 CASS model USA CABG only Registry 1994-1998 Multiple 22 
Fortescue 2001 QMMI score USA CABG only Study 1993-1995 Multiple 14 
Gabrielle 1997 Modified parsonnet France Case-mix Admin 1992-1993 Multiple 10 
Grover 1993 Vattern affairs USA CABG only Study 1987-1990 Multiple 58 
Ham'meister 1994 VA Quality of care USA CABG only Study 1990-1992 Multiple - 
Hannan 2006 NYS Score 2000 USA CABG only Registry 2002-2003 Multiple 44 
Hannan 2013 New York Risk score USA CABG only Admin 2009-2010 Single 26 
Higgins 1992 Cleaveland score USA CABG only Admin 1986-1990 Single 21 
Huijskes 2003 Amphiscore Netherlands Case-mix Admin 1997-2001 Single 22 
Keogh 2003 SCTS Comples UK CABG only Registry 1999-2000 Multiple - 
Keogh 2003 SCTS Simple UK CABG only Registry 1999-2000 Multiple - 
Kotting 2014 German CABG Score Germany CABG only Registry 2004-2008 Multiple 157 
Lipperman 1997 Neural network USA CABG only Registry 1993-1993 Multiple 139 
Magovern 1996 Magovern USA CABG only Admin 1991-1994 Single 5 
Marshall 1994 Bayesian-Logit model USA CABG only Registry 1987-1990 Multiple 83 
Mejia 2013 InsCor Brazil Case-mix Study 2007-2009 Single 27 
Miyata 2015 JACVD risk model Japan Case-mix Registry 2005-2009 Multiple 51 
Motumura 2008 JACVSD model Japan CABG only Registry 2001-2005 Multiple 11 
Mozes 1998 Israel model Israel CABG only Study 1994-1994 Multiple 19 
Nashef 1999 EuroSCORE Europe Case-mix Registry 1995-1995 Multiple 41 
Nashef 2012 EuroSCORE II Global Case-mix Study 2010-2010 Multiple 49 
Nilsson 2006 ANN Global model Europe Case-mix Registry 1995-1995 Multiple 26 
O'Connor 1992 NNE model USA CABG only Study 1987-1989 Multiple 17 
Paiement 1983 Montreal heart model Canada Case-mix Study 1993-1997 Single 6 
Parsonnet 1989 Parsonnet score USA Case-mix Admin 1982-1987 Multiple 31 
Pitkanen 2000 Finland model Finland Case-mix Admin 1992-1996 Single 12 
Pons 1997 Pons score Spain Case-mix Study 1994-1994 Multiple 10 
Ranucci 2009 ACEF Italy Case-mix Admin 2001-2007 Single 85 
Reid 2009 AusSCORE Australia CABG only Registry 2001-2005 Multiple 17 
Roques 1995 French Score France Case-mix Study 1993-1993 Multiple - 
Sanon 2013 THIRST USA Case-mix Admin 1995-2007 Single 72 
Shahian 2009 STS CABG model USA CABG only Registry 2002-2006 Multiple 557 
Shroyer 1998 The 1995 CABG model USA CABG only Registry 1990-1994 Multiple 137 
Shroyer 1999 The 1996 CABG model USA CABG only Registry 1990-1996 Multiple 157 
Sing 2008 MCRS USA Case-mix Admin 2004-2006 Multiple - 
Tu 1995 Ontario score Canada Case-mix Registry 1991-1993 Multiple 66 
Verduijin 2007 PBN Netherlands Case-mix Admin 1998-2004 Single 28 
Wong 1999 NCRS Canada CABG only Study 1995-1995 Single 7 
Wouters 2002 CORRAD score Netherlands CABG only Admin 1998-2000 Single 9 
Zheng 2013 SinoScore China CABG only Registry 2007-2008 Multiple 22 

*Event per variable 
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Model development data 

 

Thirteen models used administrative data, 18 models used data from studies dedicated for model 

development, 4 of them were prospective studies. Only 22 of them were developed from a registry 

database. Among the models, 35 were based on multi-centre data, with the number of centres used 

for development of these models ranging between 2 and 819. Only 20 models used data from more 

than 10 centres. The number of patients in derivation cohorts was as low as 423. Only 16 of the models 

had a derivation sample larger than 10,000. Event per variable (EPV) of the models ranges from as low 

as 3 to 557. Out of 53 models, 38 have an EPV greater than the recommended 10 (Table 2). Most 

models (75.5%) did not report the frequency or type of missing data.  

 

Outcome of interest  

 

Mortality alone was the outcome in 48 models and 5 used 'adverse event' to predict both mortality 

and morbidity by use of the same model. Short-term mortality is defined as 'in-hospital mortality' by 

21 models, as '30-day mortality' by 16 models and as 'operative death' by 5 models. Seven models 

used mortality within 30 days from operation or later if the patient is still hospitalised (Table 3). 

EuroSCORE (54) considered up to 90 days along with in-hospital mortality. The CORRAD score (62) 

considered early mortality as 180 days after surgery. Cleveland score (38) considered in-hospital and 

30 days after discharge.   

 

Predictors of short-term mortality 

 

Predictor selection methods used by the models varied highly. Furthermore, a wide variation was seen 

across models regarding the definition of predictor variables. The median number of predictors 

reported in the included models was 10. Number of predictors in the models ranges from 3 in ACEF 

model (53) to as high as 42 in the Modified-Parsonnet model (34). Most frequently included 

demographic predictors were age (n=51) and gender (n=34). Among the pre-operative cardiac state 

variables priority of operation (n=42), ejection fraction (n=45) previous surgery (n=23), previous 

myocardial infarction (n=22), reoperation (n=22), NYHA-class (n=16), cardiogenic shock (n=15) were 

notable. Among the co-morbid conditions renal problem (n=39), peripheral vascular disease (n=28), 

respiratory diseases (n=26) and diabetes mellitus (n=20) were quite frequently included in the models. 
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Table 3: Model development process (n=53) 
 

 
 

* Total percentage does not equal 100 due to multiple responses 
 
 

Model development  

 

Table 3 summarises the development process adopted by the risk prediction models. Univariable 

screening was performed in 33 models to select predictors for the regression model. Most models (n= 

45) converted one or more continuous variables (for example, serum creatinine value) to binary or 

categorical variables using (arbitrary) cut-off points. Eight models employed single imputation and 2 

conducted multiple imputation of missing data prior to modelling. Only few reported model 

assumption testing (n=3) and addressed centre variance (n=2). Six of the models were developed using 

Bayesian-algorithm. Machine learning algorithms were used by 8 models, of these 3 used artificial 

neural networks (ANN), while 5 used bootstrap bagging technique. Multiple logistic regression (n=34) 

is the most commonly used technique for model selection, 11 used a full-model and 23 used stepwise 

technique. Five models were developed based on univariate relation of predictors with outcome or 

solely based on clinical acumen. Only 5 models included interaction terms in the model and 15 models 

Model characteristics Frequency Percent 
A.  Outcome    
 Mortality 48 90.6 
 Adverse event (include mortality) 5 9.4 
B.  Definition of mortality   
 In-hospital mortality 21 39.6 
 30-day mortality 16 30.2 
 In-hospital or 30-day mortality 7 13.2 
 Operative death (not defined) 5 9.4 
 Others 4 7.6 
C. Handling missing value   
 Missing data issue not addressed 40 75.5 
 Variables with missing data removed 3 5.7 
 Imputation 10 18.9 
D.  Model selection   
 Univariable association/clinical acumen (5) 5 9.4 
 Multiple regression analysis (34)   
  Full model 11 20.8 
  Stepwise  23 43.4 
 Machine learning algorithm (8)   
  Bootstrap bagging 5 9.4 
  Neural Network 3 5.7 
 Bayesian algorithm (6) 6 11.3 
E. Other statistical issues*   

 Univariable screening of predictors  33 62.3 
 Reported model assumption testing 3 5.7 
 Interaction term included in model 5 9.4 
 Non-linear association addressed 15 28.3 
 Linear predictor categorized 45 84.9 
 Centre variance addressed 2 3.8 



27 
 

addressed non-linear association of predictors with outcome.  In 25 models integer risk scores were 

derived for ease of use in the clinical setting. Only 2 models have online calculator.  

 

Table 4: Model performance and validation (n=53) 
 
 

Performance measures Frequency Percent 
A. Validation type based on data source    
 None reported (6) 6 11.3 

 Internal validation only (30)   
  Validation data; random split of original data 17 32.1 
  Re-sampling or multi-fold cross validation  4 7.5 
  Combined  7 13.2 
  Derivation data 2 3.8 
 External validation only (12)   
  Same population different time (Temporal) 7 13.2 
  Different population 5 9.4 
 Both internal and external (5)   
  Both internal and external validation 5 9.4 
B. Calibration    

 Calibration type based on data source   
  None reported 4 7.5 
  Internal: derivation data 9 17.0 
  Internal: validation data 28 52.8 
  External data 6 11.3 
  Both internal and external data 6 11.3 
 Measures of calibration*   

  None reported 4 7.5 
  H-L GOF 30 56.6 
  Observed to predicted ratio (OPR) 30 56.6 
  Calibration plot 16 18.0 
  Risk Adjusted Mortality Rate (RMAR) 3 5.7 
  Mean Standard Error (MSE) 2 3.8 
  Others (kappa, shrinkage coefficient etc.) 4 7.5 
C. Discrimination    

 Discrimination type based on data source   
  None reported 6 11.3 
  Internal: derivation data only 9 17.0 
  Internal: validation data only  26 49.1 
  External data only  5 9.4 
  Both internal and external data 7 13.2 

* Total percentage does not equal 100 due to multiple responses 
 

 

Model performance and validation 
 

Table 4 summarises the performance measures and validation processes of the risk prediction models. 

Information about validation was available for 47 models, only 5 of them reported both internal and 

external validation, 30 of them reported internal validation only and 12 reported external validation 

only. Internal validation includes validation dataset derived by random split of original sample (n=17) 

and resampling of derivation sample (bootstrap, cross validation etc.) (n=4). Seven models used both 

resampling and random split of derivation sample for validation. External validation included 
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validation on temporal data (n=7) and data from different setting or population (n=5) (Table 4). 

Calibration of the model was reported by 49 models. The Hosmer-Lemeshow (H-L) goodness-of-fit was 

used in 30 models, 30 models compared observed-to-predicted event rate and 16 models reported 

calibration-plot. Risk adjusted mortality rate (RAMR) was used by two models and mean standard 

error (MSE) was used by 2 models. Kappa-statistics and correlation coefficient was used by one each. 

AUC in validation set was reported as a measure of discrimination by 42 models. Median reported 

AUC was 0.776, ranges from 0.699 to 0.886.  

 
Association of methodological characteristics and model discrimination 
 

Figure 2 demonstrates the association between discriminative power (AUC) of the models in validation 

sample and individual methodological characteristics. Discrimination was higher in models with 

missing value being imputed (p=0.038). Among the predictor selection methods machine learning 

algorithm—including neural network and bootstrap bagging—were found to have higher 

discriminative power (p=0.034) over Bayesian algorithm and logistic regression.  

 
 

 
 
Figure 2: Box-plot illustrating association of methodological characteristics with model 
discrimination in validation data (n=43). 
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DISCUSSION 

 

This review included 53 models predicting risk of short-term mortality following CABG surgery from a 

variety of settings and populations and identified areas in which there is room for improvement, this 

so that we may reflect upon the implications it has on current clinical practice in context of a changing 

patient demography. Current reviewed used CHARMS checklist, designed specifically for primary 

prediction modelling studies, for critical appraisal and data extraction for reviews of 

prediction modelling studies (16).  

 

Outcome of interest for the model 

 

Post-operative mortality is a widely-accepted outcome used by prediction models despite its 

limitations (4, 8). It had been defined quite diversely in the included models. It is likely that the number 

of deaths will be less in a time span of 30 post-operative days than in a time span of 30 postoperative 

days or longer if the patient is still hospitalized. In this way, the EuroSCORE (47) and STS-CABG score 

(57) are likely to overestimate operative-mortality. A small difference in reported deaths due to 

differing definitions may affect prediction performance of the model (72). In-hospital mortality data, 

is relatively easier to collect; however, duration of hospital stay may sometimes be the function of 

some other factors unrelated to current CABG surgery. On the contrary after discharge from hospital 

factors unrelated to the current operation may alter the risk of death. However, evidence suggests a 

definite time-period is statistically preferable (73). Some researchers stretched on extending the 

duration to 6 months postoperatively to prevent the underestimation (74).  

 

Model development data  

Regardless of the complexity of a risk prediction model, its accuracy depends largely on the quality of 

the data used. Although administrative data are easily accessible, many important clinical variables 

may not be available in these databases (75, 76). Data from clinical registries are increasingly used in 

prediction modelling. Although, such databases are especially prone to missing data and missing 

important predictors, research shows that models derived from the clinical registry database 

outperform those derived from administrative data (13, 76). Clinical registries are mostly supported 

by professional societies, state or federal statutory provisions. Most of them cover a wide section of 

the population and are multi-centred. Models using data from single or fewer centres are unlikely to 

capture wider population characteristics. Patients from an institution are likely to be clustered within 

that centre and are likely to be more similar than patients across centres in terms of treatments and 
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demography. While using data from multiple centres for model development, random effects due to 

cluster variation should be addressed in the analysis. Only the STS-CABG (57) model has used mixed-

effect models to address the centre variation. Use of suboptimal sample may result ‘spurious 

associations’ between predictor and outcome, and may affect model precision (77).  Further it restricts 

the number of predictor to be included in the model, because the data should be large enough to have 

the number of outcome being at least ten times the number of candidate predictors (78). Relatively 

smaller EPV—number of people with outcome event in the data relative to the number of variables 

included—may result in overfitting of the model (20). EPV of ten or more is frequently recommended 

to avoid overfitting (19).  

Missing data is a common problem in medical research, irrespective of the rigor of data collection 

process. Extent of missing data and the methods used to handle this missing data may greatly 

influence performance of the model (79). However, reporting on the frequency and type of missing 

data is poor among the model development studies. Only a few of the currently used CABG risk 

prediction models addressed the impact of missing data adequately. Although only two models used 

multiple imputation, it is generally considered as the preferred method for handling missing data in 

prediction research.  

 

Plausible predictors  

 

For predicting surgical outcome of CABG, primarily preoperative patient characteristics are used as 

risk prediction models are mostly needed, prior to surgery for surgical decision making and patient 

counselling.  Although intraoperative predictors might have improved the prediction, this information 

is only available at surgery. Preoperative predictors may range from patient demographics and clinical 

characteristics to preoperative cardiac status.   

 

There have been widespread inconsistencies across models in defining the predictors, which makes 

the task of standardization of model performance difficult. Diverse definitions and measurement 

methods of predictors are a potential source of heterogeneity and bias (80). Composite variable 

'preoperative critical stage' was included in 12 models; however, its definition is quite diverse across 

models. In several models shock, haemodialysis, acute renal failure, arrhythmia etc. were considered 

under 'preoperative critical state'. These variables were used as independent predictors in many 

models. Renal problems appeared as predictors in different models with varying definition such as, 

serum creatinine, renal failure and dialysis. Diverse definition of predictors may restrict its use in some 

settings where the definition does not match. NNE score (50) used co-morbidity score, although a 
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guideline is defined for the variable; it's difficult to rule out ambiguity. Co-morbidity may range from 

cardiac condition like, angina, shock, pulmonary disease, cerebrovascular disease, extra-cardiac 

arteriopathy, diabetes etc. with differing impact on mortality. It is more logical to use individual co-

morbidities with a standard definition.  

 

Uniform definition based on standard criteria and cut-off help generalizing the model and ensures its 

utility across wide range of population and setting. Further improper classification of predictor 

categories may compromise model performance (81).  Although categorization of numeric data may 

apparently improve the usability of the model, it may cost certain degree of ‘predictability’. 

Categorisation assumes a constant risk up to the cut-point and then a different risk beyond the cut-

point (82). Unless categories of a predictor is adequately discriminatory and scientifically plausible, 

continuous data should be used to prevent loss of valuable information (83). However, for purpose of 

identifying specific clinical conditions like diabetes, hypertension, hypercholesterolemia etc. 

categorization may be useful. In such situations, categorical state of the variable should be 

scientifically plausible. One note of caution, keeping continuous predictor should preclude assessment 

of non-linearity (84), if required nonlinear term should be kept in the model. 

 

To ensure optimal robustness and validity, the number of candidate predictors in the model should 

be minimal otherwise co-linearity among predictors may hold back reliable estimation. However, with 

plethora of published literature, limiting the number of candidate predictor is a big challenge. A 

systematic review conducted by Head and colleagues (15) identified a set of predictors for short-term 

mortality following CABG, many of those variables captures the similar attribute. Steyeberg (85) 

recommended combining similar variables based on subject knowledge as an approach to reduce 

number of predictors 

 

Univariable association with outcome is an approach used to screen candidate predictors in most 

models. Ideally candidate predictor should be selected without studying association with the outcome 

in the data under study (12, 85) as the process carries a great risk of introducing bias (85). Predictor 

selection based on univariable association may omit risk factors that are not associated individually, 

but become significant in presence of other factors (4). There may be many models with different 

combinations of risk factors for the same data which fit equally well, hence it's not prudent to exclude 

variables not appeared significant in univariable screening.  
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Model Development technique 

 

The Montreal Heart Model (7) relied on clinical acumen only for model selection, whereby all plausible 

risk factors are kept in the model regardless of their statistical significance. However, model 

development solely on theoretical grounds is discouraged (78).  

 

Among the model development techniques, ‘Bayesian algorithms’ are particularly impermeable 

against poor data quality (ie. missing value) and were used by many models. Logistic regression gained 

popularity as model development tool for its simplicity of use over ‘Bayesian algorithms’ (4). 

Availability of better quality data also paved the pathway of the shift. Evidence also shows logistic 

regression to perform better over Bayesian models  (47). The STS-CABG initially used a Bayesian-

algorithm, but later in 1995 adopted logistic regression for model building (4). Parsonnet score (8), 

Modified Parsonnet score (34) and ACEF-score (53) used only univariable association for predictor 

selection. Most other models used stepwise logistic regression. However, there are concerns among 

statisticians about using this automated selection process, as this may produce non-reproducible 

models and can mask multi-collinearity. They may also result in unstable models and may select noise 

variables with relatively smaller sample (86). Machine-learning algorithms are thought to overcome 

some of the limitations of logistic regression as they allow “nonlinear information processing” (87). 

Among the machine learning techniques, “neural networks” and “bootstrap bagging” are increasingly 

being used in recent models. Bootstrap re-sampling technique identifies predictors that have stability 

(87, 88).  

 

No consensus has yet been reached over the number of variables to include in a risk model. A model 

with excess variables have the potential to demonstrate spurious association between some variables 

and outcome without scientific plausibility and likelihood of co-linearity also increases (53, 89). 

Inclusion of a variable should be weighed against the amount of precision it adds to the model (90). 

Conversion of the coefficients to integer risk scores ensures simplicity in clinical use, however this 

should be done with extreme caution and with an appropriate mathematical technique. Scaling factors 

for conversion should also be chosen carefully to ensure minimal loss of precision (91).    

 

Model performance and validation 

 

Internal validation of risk model determines its reproducibility (85). Models perform better when they 

are assessed in the same dataset used to develop the model. Hence, the assessment of the model 

performance should not rely on the development dataset (92). Splitting the original data into 
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derivation and test subsets, seen frequently in predictive modelling, generally provides little additional 

benefit beyond that of the assessment in the development data (93). Further in small datasets, the 

use of split-sample methods increases the risk of bias as derivation and validation data gets even 

smaller (80). Bootstrapping resampling is the preferred internal validation method, as it captures the 

optimism in model performance, and provides a shrinkage factor to adjust the estimated regression 

coefficients (78). Further the technique is relatively safer in this regards, as they allocate a data for 

validation equal to the original sample, thus ensures adequate validation sample even with relatively 

smaller original sample (78).  

 

External validation, is the process of determining predictive performance of a model in data that are 

not used in model development, assesses generalizability or transportability of a model (85,89).  

Temporal validation, a form of external validation, is particularly relevant where the model is validated 

in more recently treated patients from the same cohort to ensure that the model is stable in future 

application (85).  

 

Calibration measures the accuracy of the predicted risk compared with the observed risk (94). The 

Hosmer-Lemeshow (H-L test) test assesses whether the observed event rates match expected event 

rates in subgroups of the model population (89). However, the test has the potential to generate data 

driven conclusion, which may not be clinically relevant (10). Decile-decile plot instead of H-L test was 

used by some of the models to provide graphical representation of model calibration. Shrinkage of 

regression coefficients may also be used to assess calibration (95). 

 

Discrimination is the ability of the model to distinguish between those with and without the outcome 

and is typically assessed using the c-statistic, which is the equivalent to the area-under-the-receiver 

operating characteristic curve (AUC). The c-statistic should not be used as the only performance 

measure (96, 97). Despite widely being used the c-statistic/AUC is not very sensitive measure of 

discrimination as it depends only on the ranks of the prediction and not on the actual value (98). 

'Predictive-ness curve'(99) and 'reclassification table' (97) are among several statistical methods that 

can be used as alternative to AUC. 

 

Models in this review were not explicitly ranked based on quality or performance, due to lack of 

agreed criteria for rating risk prediction model's quality. Further this paper aims to review all available 

models in the field to summarizing status and practice in the risk prediction modelling, hence a pooled 

performance or a meta-analysis is beyond the scope of the study. Discrimination capacity of the 

models used for quantitative synthesis are mostly derived from internal validation data, which is 
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subject to overfitting. Discrimination measure in external data would have been better, however most 

primary modelling study included in the study did no report validation in external sample, as external 

validation was not the focus of the review.  

 

CONCLUSION 

 

For a risk model to be widely accepted, modelling methodology should be robust and the model must 

be user friendly and clinically relevant. The current review identified several methodological areas 

where there is scope for improvement. Clear and standardised data definition is necessary for both 

outcome and predictor variables. Modelling processes must adopt all available robust technologies to 

maximize model’s prediction ability. Use of robust variable selection method along with rational 

treatment of missing data may enhance mortality risk prediction performance.   
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3.3 Summary 
 

The review revealed that there are aspects in current risk modelling, where there is room for 

improvement to reflect current clinical practice and changing patient demography. Subsequent 

chapters (chapter four to Chapter six) in the thesis have addressed the methodological issues 

identified in the review. Chapter seven incorporated all the issues identified in the review and 

knowledge gathered in chapters four, five and six in developing novel risk prediction model.  
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Chapter 4:  Variable definition and performance of risk prediction 

model 

 

4.1 Introduction 

 

Risk-prediction models rely on the quality of the databases from which they are developed. 

Incomplete and inaccurate data may result in overestimation or underestimation of surgical risk. 

Inaccurate or ambiguous definitions make the predictor variables prone to misclassification (81). 

Predictors with considerable ambiguity or inter-observer variability are prone to misclassification. Due 

to misclassification, the concerning predictor may lose its ability to predict a patient’s risk accurately, 

which, in turn, can decrease model performance (31). A misclassified variable may even create an 

opportunity for gaming, since benchmarking is particularly sensitive to the misclassification of key 

predictors (31).   

 

This chapter aims to determine the extent of misclassification of ‘clinical status’—a significant 

predictor of mortality—alleged to endure misclassification. The chapter also aims to assess the impact 

that clinical status misclassification can have on estimates of 30-day mortality risk. This chapter 

includes the peer reviewed article entitled “When is 'Urgent' Really Urgent and Does It Matter? 

Misclassification of Procedural Status and Implications for Risk Assessment in Cardiac Surgery.” which 

has been published in ‘Heart Lung and Circulation’.  
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4.3 Summary  

 

The study confirms the misclassification of urgent clinical status among patients undergone cardiac 

surgery, included in the ANZSCTS database. Misclassification was found to compromises the 

discrimination capacity and calibration of risk prediction models. Major implication of the finding of 

the study is that the time dependent classification of urgent patients is not discriminative as the 

misclassified patient group includes several high-risk groups of patients with a high mortality. The 

paper proposed a new definition of clinical status based on the study finding. 
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Chapter 5: Missing value imputation and performance of risk 
prediction models 
 

5.1 Introduction 

 

The systematic review, discussed in Chapter 3, highlighted the necessity for adequate handling of 

missing data in risk prediction modelling. Risk prediction models are usually developed using data 

routinely collected in hospitals, general practices or by clinical registries.  Such settings for data 

collection are often prone to missing data. Missing values compromise the quality of the data, and 

may therefore affect the accuracy of the models that are derived from the data. The potential for 

missing data to impact on the model development process has mostly been disregarded in risk 

modelling. Only a few of the risk prediction models that have been developed have handled missing 

data using an appropriate method.  

 

This chapter aims to assess the impact that missing data values can have on the accuracy of predictions 

for mortality risk following cardiac surgery, using an existing model as an example. This chapter 

includes the peer reviewed article entitled “Missing Value imputation improves mortality risk 

prediction following cardiac surgery: an investigation of an Australian patient cohort” which has been 

published in the Heart Lung and Circulation.  
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5.3 Summary  

 

Despite recommendations for imputing missing values prior to developing a risk prediction model (55), 

the currently available risk prediction models do not seem to adequately address the issue of missing 

data. A common approach to dealing with missing data in model development is to drop cases with 

incomplete data from the analysis. This complete case analysis approach of handling missing data 

during model development is generally not satisfactory, since it can introduce bias in the estimated 

model parameters. The study described in this chapter found that imputation of missing values 

improves the performance of a risk prediction model with regards to predictive accuracy. The study 

resulted in a recommendation that multiple imputation of missing values be carried out prior to the 

development of a risk prediction model.  
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Chapter 6: Approaches to variable selection and parsimony of risk 

prediction model 

 

6.1 Introduction 

 

Introduction 
 
This chapter addresses the balance between the predictive performance of a model and parsimony, a 

key issue identified in the systematic review discussed in Chapter 3. A parsimonious model is one 

which is computationally simpler and has a relatively smaller number of predictor variables, and is 

therefore easier for a clinician to use in their day-to-day practice (58).  However, omitting important 

prognostic factors has the potential to result in inaccurate predictions (59). A risk prediction model 

therefore needs to maintain a balance between the number of variables in the model and the 

predictive accuracy. This trade-off between parsimony and predictive performance is a major 

challenge in risk prediction modelling (9).   

 

Several variable selection techniques are often used when developing cardiac surgery post-operative 

mortality risk prediction models. There is no agreement about a method that provides the optimum 

balance between a models parsimony and performance. The aim of the study in this chapter was to 

compare the parsimony and predictive performance of risk prediction models generated using 

different variable selection methods. This chapter includes the article entitles “Variable selection 

methods for multiple regressions influence the parsimony of risk prediction models for cardiac 

surgery” which has been published in the Journal of Thoracic and Cardiovascular Surgery.  
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6.3 Summary  

 

This chapter investigated different approaches to variable selection as an avenue for balancing the 

parsimony and predictive performance of a cardiac surgical risk prediction model. The study compared 

the variable selection methods that have been previously used in cardiac surgical risk prediction 

modeling. The findings in the paper showed that the balance between parsimony and predictive 

performance can be best achieved using the bootstrap bagging method, in conjunction with receiver 

operating characteristics, when developing a risk prediction model. The study resulted in a 

recommendation for the use of the bootstrap bagging method when developing future risk prediction 

models. This approach to variable selection has therefore been used in the study described in the 

following chapter, where we develop a new prediction model.  
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Chapter 7: Predicting long-term survival following Coronary Artery 
Bypass Surgery 
 

 

7.1 Introduction 

 
Short-term mortality predictions are commonly used to evaluate pre-operative risk in patients 

undergoing coronary artery bypass graft (CABG) surgery (37). However, short-term mortality does not 

provide adequate information to guide long-term post-CABG patient management (38, 82). Long-term 

mortality risk is becoming increasingly important in informing patient management strategies 

following CABG surgery (39, 40), however, there are currently very few prediction models for long-

term mortality risk following CABG surgery. In addition, those that do exist have been developed in 

the US and may not generalise well to other populations. The aim of the study in this chapter was to 

develop and validate a risk prediction model for long-term mortality risk following CABG surgery using 

an Australian CABG patient cohort.  

 

The new risk prediction model was developed whilst keeping in mind all of the issues identified in the 

systematic review (chapter 3) as well as the knowledge accumulated in subsequent chapters (4, 5 and 

6). This chapter includes the article entitled ‘Predicting long-term survival after coronary artery bypass 

graft surgery’, which has been submitted for publication to the Interactive Cardiovascular and Thoracic 

Surgery. 
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Predicting long-term survival after coronary artery bypass graft surgery 

 

Abstract 

 

Objective 

To develop a model for predicting long-term survival following coronary artery bypass graft (CABG) 

surgery. 

Methods 

This study included 46,573 patients from the Australian and New Zealand Society of Cardiac and 

Thoracic Surgeons (ANZCTS) registry, who underwent isolated CABG surgery between 2001 and 2014. 

Data were randomly split into development (23282) and validation (23291) samples. Cox regression 

models were fitted separately, using the important pre-operative variables, for four ‘time intervals’ 

(31-90 days, 91-365 days, 1-3 years and >3 years), with optimal predictors selected using the bootstrap 

bagging technique. Model performance was assessed in both validation data and in combined data 

(development and validation samples). Coefficients of all four final models were estimated on the 

combined data adjusting for hospital-level clustering.   

Result 

Kaplan-Meier mortality rates estimated in the sample were 1.7% at 90 days, 2.8% at 1 year, 4.4% at 2 

years and 6.1% at 3 years. Age, peripheral vascular disease, respiratory disease, reduced ejection 

fraction, renal dysfunction, arrhythmia, diabetes, hypercholesterolemia, cerebrovascular disease, 

hypertension, congestive heart failure, steroid use and smoking were included in all 4 models. 

However, their magnitude of effect varied across the time intervals. Models showed excellent 

discrimination in both development and validation dataset. Harrell’s C-statistic was 0.83, 0.78, 0.75, 

and 0.74 for the 31-90 days, 91-365 days, 1-3 years and >3 years models, respectively. Overfitting-

corrected calibration curves demonstrated excellent model calibration. 

Conclusion 

Models were developed for predicting long-term survival at four time-intervals after isolated CABG 

surgery. These models can be used in conjunction with the existing 30-day mortality prediction model. 

 

Word count: 250 

 

Key words 

CABG, long-term survival, risk prediction model, risk stratification, cardiac surgery, coronary 

revascularization. 
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Predicting long-term survival after coronary artery bypass graft surgery 

 

Introduction 

 

The prediction of 30-day or in-hospital mortality is popularly used to evaluate operative risk in cardiac 

surgery (1-4). However, this short-term mortality does not provide adequate information to guide 

long-term post-surgery patient management (5). Due to advancements in surgical technologies and 

perioperative care, operative and 30-day mortality rates have declined over the last few decades and 

consequently more attention is now required towards improving long-term survival following cardiac 

surgery, which is becoming increasingly important in informing patient management strategies 

following CABG surgery (6, 7). Prediction of long-term survival can be used to determine the most 

appropriate post-discharge care strategies. This would essentially help patients and their doctors to 

implement behavioural and therapeutic modifications to optimize benefit from surgery (6). Besides, 

these models can be used for various scientific purposes and to facilitate research.   

 

EuroSCORE, a short-term mortality risk prediction model, has been shown to predict intermediate to 

long term survival following cardiac surgery (8). It is expected that the short-term models may to some 

extent predict long-term mortality risk as most predictors are similar. However, this does not justify 

use short-term risk model for prediction long-term survival. AusSCORE, EuroSCORE etc were not 

intended for predicting long-term survival and, their development process was not based on survival 

analysis which allows the time-varying nature of the risk (i.e. hazard) of the event.  Shahian et al. (7) 

showed that the impact of predictor variables on mortality fluctuates as time following surgery 

increases. Hence separate models for predicting long-term survival may be needed. Two such models 

have been developed in the United States (US) in the Cardiac Surgery Reporting System (CSRS) (9) and 

the Society of Thoracic Surgeons (STS) (10) databases.  

 

No model is currently available for predicting long-term survival following coronary artery bypass graft 

(CABG) surgery in Australian patients. It is widely recognised that a risk prediction model will generally 

predict outcomes more accurately in the population setting where it was originally developed (11, 12). 

Therefore, the aim of the current study was to develop a risk prediction model for predicting long-

term survival following CABG surgery using an Australian patient cohort.  
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Material and Methods 

 

Dataset 

 

The study used data from 46,573 patients, included in the Australian and New Zealand Society of 

Cardiac and Thoracic Surgeons (ANZCTS) registry, who underwent isolated CABG surgery between 

2001 and 2014. The ANZCTS registry collects preoperative, intraoperative and postoperative variables 

using internationally standardized data definitions, on adult patients undergoing cardiac surgery in 28 

hospitals across Australia. The data collection and its audit methods have been discussed elsewhere 

(13).  In-hospital and 30-day mortality data were collected by the registry. Outcome of the model was 

long term survival following cardiac surgery. Mortality data outside 30 days post-surgery were 

collected through linkage with the National Death Index (NDI) database.  

 

The data were divided, at a ratio of 1:1, into development (23282) and validation (23291) set. The 

analysis in this study involved 30 plausible preoperative variables identified through a variety of 

methods, including literature review, clinical acumen, or their use in other models developed using 

the same database.  

 

Statistical Analysis  

 

Missing data 

 

The variable ‘family history of heart disease’ (10.8%) had the highest percentage of missing data, 

followed by ‘NYHA classification’ (3.8%), ‘reduced ejection fraction’ (2.2%) and ‘renal dysfunction’ 

(1.3%). The remaining predictors each had < 1% missing observations (supplementary table in 

appendix 4.1). Missing data were imputed using the Multiple Imputation by Chained Equations (MICE) 

method. Ten imputations were generated. The analysis was performed separately on each imputed 

dataset and then final parameter estimates were obtained by aggregating across the imputed datasets 

(14). 

 

Model development 

 

Univariable associations between preoperative patient characteristics and mortality were assessed 

using Univariable Cox regression. Previous studies have shown that the effects of some variables on 
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mortality depends on the time since CABG surgery (7). To accommodate the fact that the effect of 

each of the risk factors on mortality differs across time (non–proportional hazards in single Cox 

model). Four separate Cox regression models were fitted, to generate piecewise hazard, forcing same 

set of variables into these models. Selection of the four-time interval was done, using the technique 

adopted by Shahian et al while developing STS long-term mortality model (7). The first-time interval 

started at 31 days to maintain continuum with the existing AusSCORE II model that predicts 30-day 

mortality following CABG surgery (15). The first interval included a range up to 90 days since recent 

advancements in modern critical care mean there is now an increased capacity for postoperative care 

and, therefore, the potential for an extension of early postoperative period; some already consider 

90-day mortality as a new convention or benchmark (1, 7). The 2nd, 3rd and 4th time intervals were 

decided based on a preliminary analysis that involved fitting Cox regression models with several 

relatively narrow intervals (each spanning 90 days), then collapsing adjacent intervals in to larger 

intervals (1years, 3 years and > 3 years), while retaining sufficient events in each merged interval to 

ensure precise estimation of interval-specific hazard ratio (7). 

 

Bootstrap bagging techniques were used to select predictors for the multivariable models (16). A 

bootstrap sample of the same size as the development sample was drawn from each of the imputed 

datasets.  For each bootstrap sample, all plausible risk factors were entered into a multivariable Cox 

regression model and the p-value for each variable in the model was calculated. A predictor with a p-

value less than or equal to 0.05 was considered as significant. For each imputed dataset, 1000 

bootstrap samples were taken, and the percentage of times that each predictor appeared as 

significant across the 1000 bootstraps was recorded (bootstrap coverage). Bootstrap coverage of each 

predictor was averaged across 10 imputed datasets to generate an overall coverage for each predictor 

(17). The predictors were then ranked per their overall bootstrap coverage (Supplementary table in 

appendix 4.2). 

 

Fourteen multivariable Cox regression models were then fitted with the predictors that achieved at 

least 50% overall bootstrap coverage (18). The first model comprised 6 predictors which each achieved 

100% overall bootstrap coverage. Thirteen subsequent models were generated through adding one 

variable at a time to the model, based on decreasing rank per the overall bootstrap coverage 

(Supplementary table in appendix 4.2). The area under the receiver operating characteristic curve 

(AUC) was calculated for each of these 14 models to provide an estimate of model discrimination. The 

model with highest AUC value was selected as the final model.  
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For the final model, non-linearity of continuous predictors (age) was considered by fitting fractional 

polynomials in the Cox regression model (19) and using a sensitivity analysis to assess whether the 

inclusion of a non-linear term changes the model fit. However, there was little improvement in 

discrimination or calibration with the inclusion of non-linear terms and, hence, the final model 

retained linear terms for each of the continuous variables. The first order interaction effects between 

clinically relevant risk factors were also investigated. Interaction effects between some pairs of 

predictor variables appeared significant (p < 0.05), however their inclusion did not improve model 

performance and therefore, only the main effects were retained in the final model. 

 

Model performance and validation 

 

Model performance was assessed first in the validation dataset. Subsequently multi-fold (k=100) cross 

validation was done in combined datasets (development and validation set) to avoid optimistic 

prediction. Finally, Harrell’s C-statistics, a global measure for the assessment of a fitted survival model 

for the continuous event time, (7, 20) was generated in the combined dataset.  

 

Calibration of the final model was assessed using the Regression Modelling Strategies (RMS) package 

version 4.4-2 in the R statistical software (21). Bootstrap resampling was used to get overfitting- 

corrected estimates of predicted survival probabilities. Locally weighted scatter-plot smoother 

(LOESS) calibration curves were generated for each of the four time intervals plotting these 

probabilities against corresponding Kaplan-Meier survival estimates, stratifying on intervals of 

predicted survival. 

 

Final model estimation 

 

Coefficients of all four final models were estimated on the combined data (development and 

validation samples) including a hospital-level random effect in the model to account for hospital-level 

clustering (22). Coefficients (and standard errors) for the smoothed baseline hazard, was generated 

using the approach proposed by Royston et al (23).  

 

Statistical software 

 

Statistical software packages Stata version 14 (StataCorp. Release 14; 2015) and R version 3.3.2 were 

(R core team version 3.3.2, 2013) used for the analyses.  
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Ethical approval 

 

The Institutional Review Board of each participating hospital had approved the use of their data for 

research purposes (Alfred HREC:262/09). The ANZCTS registry has approved collection of patient data 

using an ‘opt-out consent approach’ (MUHREC: CF08/0322-2008000065). The current study received 

ethical approval from the Monash University Standing Committee on Ethics in Research Involving 

Humans (SCERH) (MUHREC:CF14/1117–2014000476).  

 

 

Results  

 

Supplementary table in the appendix 4.3 presents the preoperative characteristics of the 46,573 

patients. Mean ± standard deviation (sd) age of the patients at surgery was 65.9±10.4 and 79.4% of 

them were male. Median follow-up time was 4.2 (IQR 1.8–7.0) years.   

 

 

Figure 1: Kaplan-Meier estimates of mortality in the study sample 

 

Figure 1 presents the Kaplan-Meier estimates of mortality in the study sample. Kaplan-Meier mortality 

rate estimates for the study sample were 1.72 % at 90 days, was 2.81% at 1 year, 4.36 % at 2 years 

and 6.14% at 3 years (Table 1). 
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Table 1: Kaplan-Meier mortality rate estimates for the study sample 
 

  Development  Validation  Overall sample 

Time 
interval 

 Total 
patients Death 

 Total 
patients Death 

 Total 
patients Death 

KM 
estimates 

30 days  21822 272  21851 250  43673 522 1.17 (1.08, 1.28) 

90 days  21258 114  21294 123  42552 237 1.72 (1.60, 1.84) 

1 year  19088 221  19081 231  38169 452 2.81 (2.66, 2.97) 

2 years  16190 300  16338 268  32527 568 4.36 (4.17, 457) 

3 years  13705 297  13813 265  27518 562 6.14 (5.69, 6.39) 

4 years  11167 291  11309 304  22476 595 8.35 (8.06, 8.65) 
 *Figure s in parentheses denotes 95% CI 

 

Supplementary table in appendix 4.3 presents the univariable associations between preoperative 

characteristics and mortality using univariable Cox regression for each of the time intervals (31-90 

days, 91-365 days, 1-3 years, and >3 years). EF < 30 was strongly associated with mortality at the ‘31-

90 days’ interval (hazard ratio (HR) = 7.82, 95% confidence intervals (CI): 5.24 to 11.67), however the 

magnitude of its association with mortality diminished steadily over time (91-365 days HR = 5.18, 95% 

CI:  3.70 to 7.24; 1-3 years HR = 3.55, 95% CI: 2.82 to 4.47; >3 years HR = 2.52, 95% CI: 2.18 to 2.89). 

Severe renal dysfunction was strongly associated with mortality at the ‘31-90 days’ interval (HR = 21.4, 

95% CI: 11.45 to 39.84), whilst its association with mortality diminished over time, (91-365 days HR = 

7.31, 95% CI: 4.59 to 11.67; 1-3 years HR = 6.31, 95% CI: 4.71 to 8.45; >3 years HR = 6.08, 95% CI: 5.02 

to 7.36). Similar associations were evident for respiratory disease, congestive heart failure, steroid use 

and New York Heart Association (NYHA) class. Each of Body Mass index (BMI) >25 kg/m2, Inotrope use, 

previous cardiac surgery, cardiogenic shock, IV nitrite use, resuscitation and urgency of operation 

showed strong associations with mortality at the earlier time intervals, namely 31-90 days and 91-365 

days, however, their associations with mortality were less evident during later time intervals.  

 

Table 2 presents the HR and 95% CI from the multivariable Cox regression models estimated at each 

of the four time intervals. Thirteen predictors including age, peripheral vascular disease, respiratory 

disease, reduced EF, renal dysfunction, smoking history, arrhythmia, diabetes, hypercholesterolemia, 

cerebrovascular disease, hypertension, congestive heart failure and steroid use appeared in all four 

models. However, the magnitude of their association with mortality varies over time. Peripheral 

vascular disease (HR = 1.24, 95% CI: 0.91-1.07) and congestive heart failure at current admission (HR 

= 1.43, 95% CI: 0.99-2.05) were not significantly associated with mortality at 31-90 days, but they were 

associated with mortality at later periods.  



91 
 

Table 2: Cox proportional hazards models for long-term survival following CABG surgery 

 

Predictors 31 day - 90 days 91 days - 1 years 1+ year - 3 years > 3 years 

 HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) 
Age 1.05 (1.03, 1.07) 1.06 (1.05, 1.08) 1.05 (1.04, 1.06) 1.07 (1.06, 1.08) 
Peripheral vascular disease 1.24 (0.91, 1.67) 1.76 (1.42, 2.18) 1.64 (1.42, 1.89) 1.48 (1.36, 1.61) 
Respiratory disease 2.03 (1.53, 2.70) 1.25 (0.99, 1.58) 1.40 (1.21, 1.63) 1.39 (1.27, 1.52) 
Ejection fraction: 46-60% 1.34 (0.95, 1.90) 1.55 (1.21, 1.98) 1.49 (1.29, 1.73) 1.23 (1.13, 1.34) 
Ejection fraction: 30-45% 2.10 (1.47, 3.01) 2.42 (1.87, 3.13) 1.96 (1.67, 2.31) 1.48 (1.34, 1.63) 
Ejection fraction: <30% 4.11 (2.65, 6.36) 3.12 (2.18, 4.46) 2.47 (1.94, 3.15) 1.78 (1.54, 2.07) 
Renal dysfunction: mild 1.44 (0.81, 2.55) 0.88 (0.62, 1.25) 1.04 (0.85, 1.28) 1.01 (0.89, 1.15) 
Renal dysfunction: moderate 2.21 (1.23, 3.99) 1.43 (0.98, 2.07) 1.23 (0.98, 1.54) 1.28 (1.11, 1.47) 
Renal dysfunction: severe 5.99 (3.05,11.78) 2.14 (1.29, 3.52) 2.21 (1.61, 3.04) 1.90 (1.55, 2.34) 
On dialysis 9.23 (4.67,18.26) 4.80 (2.96, 7.77) 4.17 (3.05, 5.71) 3.55 (2.76, 4.52) 
Smoking  1.36 (1.02, 1.81) 1.59 (1.28, 1.98) 1.28 (1.12, 1.47) 1.37 (1.27, 1.48) 
Arrhythmia 2.39 (1.80, 3.18) 1.68 (1.33, 2.11) 1.34 (1.14, 1.57) 1.30 (1.17, 1.44) 
Diabetes: no treatment 0.86 (0.46, 1.48) 1.18 (0.80, 1.73) 0.88 (0.66, 1.16) 1.08 (0.94, 1.25) 
Diabetes: on drug  1.31 (0.96, 1.79) 1.29 (1.03, 1.62) 1.20 (1.03, 1.39) 1.23 (1.12, 1.35) 
Diabetes: on insulin 1.49 (1.03, 2.14) 1.21 (0.90, 1.62) 1.38 (1.15, 1.65) 1.60 (1.43 1.79) 
Hypercholesterolemia 1.03 (0.73, 1.46) 0.86 (0.67, 1.08) 0.81 (0.70, 0.94) 0.77 (0.71, 0.84) 
Cerebrovascular disease 1.77 (1.32, 2.37) 1.03 (0.80, 1.33) 1.45 (1.25, 1.69) 1.24 (1.13, 1.37) 
Hypertension 1.35 (0.89, 2.03) 1.16 (0.88, 1.54) 1.10 (0.92, 1.30) 1.14 (1.04, 1.25) 
CHF: Past 1.15 (0.78, 1.69) 1.69 (1.30, 2.20) 1.15 (0.95, 1.39) 1.26 (1.14, 1.39) 
CHF: current 1.43 (0.99, 2.05) 1.45 (1.09, 1.94) 1.30 (1.07, 1.59) 1.27 (1.12, 1.44) 
Steroid use at surgery 1.89 (1.06, 3.37) 1.49 (0.87, 2.57) 2.48 (1.87, 3.28) 1.53 (1.21, 1.93) 
Harrell’s C statistics  0.8308 0.7813 0.7448 0.7403 
 

Hypertension was associated with mortality only after 3 years post-surgery (HR = 1.16, 95%CI: 1.05 to 

1.27). Diabetes on insulin, steroid use, and cerebrovascular disease appeared as significant predictors 

in the models for 1-3 years and >3 years. Older age and smoking were strongly associated with 

mortality, with similar magnitudes of hazard ratios across time periods. Respiratory disease, reduced 

EF, severe renal dysfunction and arrhythmia were significantly associated with mortality, with 

decreasing magnitude of hazard ratios over time. Hypercholesterolemia was not significant in the first 

of the two time-intervals, but appeared as protective factor after 1 year onward (HR 0.81 at 1-3 years 

and HR 0.77 at >3 years). Supplementary table in appendix 4.5 presents baseline hazard coefficients 

and standard error of four models (22). 

 

Model discrimination (AUC) in the validation set was 0.835 (95% CI: 0.802 to 0.868) for predicting 31–

90 days survival, 0.791 (95% CI: 0.763 to 0.818) for predicting 91-365 days survival, 0.747 (95% CI: 

0.727 to 0.768) for predicting 1-3-year survival and 0.737 (95% CI: 0.725 to 0.749) for predicting >3-
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year survival. ROC curves for model discrimination in validation dataset (Figure 2) and in combined 

dataset (Appendix 4.6) shows excellent discrimination. Model discrimination AUC) in the in multi-fold 

cross-validation was 0.833 (95% CI: 0.827 to 0.839) within the 31-90 days interval, 0.791 (95% CI: 0.786 

to 0.796) within the 91-365 days interval, 0.753 (95% CI: 0.751 to 0.755) within the 1-3-year interval, 

and 0.739 (95% CI: 0.737 to 0.742) after 3 years. 

 

 

Figure 2: Model discrimination curves for the four time intervals in the validation dataset. 

 

The Harrell’s C statistics for the four period-specific Cox regression models were 0.83, 0.78, 0.75, 0.74 

at 31–90 days, 91-365 days, 1-3 years, and >3 years respectively. All four LOESS calibration curves 

show minimal error, where error is defined as the difference between the predicted values and the 

corresponding bias-corrected calibrated values, demonstrating excellent calibration of the models for 

all four time intervals (Figure 3). 
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Figure 3: Overfitting-corrected LOESS non-parametric calibration curves, demonstrating calibration 
of the survival models 
 

 

Discussion 

 

In the current study, a set of models have been developed for predicting long-term mortality risk at 

four distinct time intervals (31-90 days, 91-365 days, 1-3 years, >3 years), recognising the fact that the 

effect of various risk factors on mortality may differ depending on the time since CABG surgery.  

 

The models developed in this study are expected to supplement the previously published AusSCORE 

II (15) model that predicts 30-day mortality following CABG surgery. The first of the four models 

developed in this study was for 31-90 days mortality risk which ensures continuity with the existing 

AusSCORE II model. The rationale for keeping 90 days as the upper bound of the interval for the first-

time period was the potential expansion of the early postoperative period due to improvements in 

surgical techniques, postoperative care and most importantly the critical care system (7). The 

increased capacity of the medical system for resuscitating critical postoperative patients, as well as 

the use of advanced mechanical and pharmacological support, has increasingly delayed the death of 

many seriously ailing postoperative patients. Given that these patients are now more likely to die 
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outside of 30 days post-surgery, 30-day mortality alone is likely to underestimate the true rate of 

operative deaths (1, 7). Accordingly, a 31-90 day mortality risk model should be used to supplement 

30-day mortality risk information obtained from a short-term mortality risk prediction model such as 

the AusSCORE II. The remaining three time intervals provide an opportunity to estimate survival 

probabilities beyond the period of operative death.  

 

Many of the significant predictors of short-term mortality reported in AusSCORE II (15) did not appear 

in the long-term models developed in this study and vice-versa. This finding supports the post-surgery 

mortality risk pattern that long-term outcomes of surgery are less affected by conventional predictors 

of early mortality, such as emergency status and cardiogenic shock (24). Whereas late mortality is 

more strongly related to comorbidities and chronic conditions such as diabetes and renal impairment, 

as well as behavioural characteristics such as smoking (7). Gardner et al. also reported similar pattern, 

most of their short-term mortality predictors were cardiac-related variables, whereas, most of their 

longer-term mortality predictors were noncardiac-related variables (25).  

 

The findings in this study underpin the importance of behavioral characteristics, functional status and 

comorbidities in predicting longer-term survival following CABG surgery. Smoking history—history of 

any tobacco consumption—which did not appear in the AusSCORE II model, did appear as a significant 

predictor in all the models developed in this study. Herlitz et al. also showed an association between 

smoking and 5-year mortality following CABG (26). A study by Saxena et al. using an Australian 

CABG cohort reported an increased risk of pulmonary complications and reduced long-term 

survival among smoking patients (27). This may be because of a permanent pre-operative injury due 

to smoking, or may be because previous smokers are much more likely to restart smoking at some 

point after surgery than pre-existing non-smokers.  Respiratory problems also showed a similar 

association with mortality in the current study, confirming that respiratory complications may be seen 

as an intermediate pathway to mortality.  

 

Among the preoperative cardiac conditions, only reduced EF appeared as an independent predictor in 

all long-term models developed in the current study as well as in the 30-day mortality model reported 

in AusSCORE II. Among the comorbid conditions, renal impairment, peripheral vascular disease and 

cerebrovascular disease appeared as independent predictors in all survival models as well as in 

AusSCORE II. Since preoperative reduced EF and the aforementioned preoperative comorbidities were 

associated with both short-term and long-term mortality following CABG, these probably form the 

core set of predictors that contribute to mortality risk after CABG at all times following surgery. Hence 
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caution should be taken with patients who present with these comorbid conditions prior to CABG 

surgery. 

 

In the current study, several of the risk factors showed a temporal pattern similar to that reported by 

Shahian et al. (7). For example, the magnitude of the effects of a reduced EF, severe renal impairment, 

preoperative dialysis, respiratory disease, and arrhythmia on mortality risk decreased over time. A 

possible explanation of such trends might be that these predictors are linked to a patient’s recovery 

from surgery during the early postoperative period, and if a patient survives that early postoperative 

period then the effect of these risk factors on survival diminishes. The opposite trend was seen in 

some of the other risk factors. The magnitude of the effects of smoking, diabetes, hypertension and 

congestive heart failure on mortality risk all increased over time, suggesting an accumulation of risk 

from these debilitating chronic behaviors and diseases (7). The risk with high cholesterol was seen to 

be progressively falling. Possible explanation for such paradox, may be the use of statin. Published 

evidence also demonstrated similar evidence that perioperative statin therapy improves outcomes in 

patients undergoing coronary artery bypass grafting (28). Further research is needed to explore the 

precise dynamics of the time-varying effects of the risk factors across time. 

 

In general, the prediction models for all four time intervals performed well. However, models for later 

time intervals showed lower discrimination compared to those for earlier time intervals. This is likely 

because, as more time passes since the surgery, the relative influence of factors unrelated to surgery 

increases and thus compromises the discriminatory power of the model. 

 

This is the first study to predict long-term survival after isolated CABG surgery in an Australian patient 

cohort. One of the major strengths of this study is the use of data from a nationwide cardiac surgery 

registry and the NDI. Moreover, the use of a bootstrap model selection technique (29), multiple 

imputation of missing values, and model adjustment for hospital-level variation are major strengths 

of the model development process used in this study.  

 

Limitations 

The long-term survival model presented in this paper was developed based on preoperative 

patient characteristics. Intraoperative predictors like use of cardiopulmonary bypass use might 

improve the prediction. However, as intraoperative data are not available prior to surgery, 

surgeons can only rely on preoperative patient characteristics to foresee long-term prognosis for 

patient counselling and surgical decision making.  
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The present study used data from patients who underwent isolated CABG surgery during 2001-

2014, and this includes many patients who were operated on a decade ago. Advancements in 

technology, surgical procedures and postsurgical care may have decreased mortality risks over 

time, and prolonged survival times among newer patients who have undergone CABG surgery 

more recently. However, the current study used the latest available ANZSCTS registry and NDI 

data.   

 

The authors also acknowledge that there is inherent scope for bias due to voluntary data collection 

and the fact that some risk factors (eg, BMI) may change over time (but only baseline values were 

used in developing our prediction model). As the mortality data are collected through linkage with the 

NDI the cause of death was not available and, therefore, there is the potential for an overestimation 

of cardiac-specific mortality risks due to contamination by all-cause mortality in long-term outcome 

analyses. 

 

Conclusion 

Prediction models were developed in an Australian cohort for predicting mortality risk at 31-90 days, 

91-365 days, 1-3 years and >3 years after isolated CABG surgery. These risk prediction models can be 

used by clinicians in continuum with AusSCORE II 30-day mortality risk model to get complete 

prognosis and thus facilitate evidenced-based surgical decision making.  
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7.3 Summary 

 

This is the first study to predict long-term survival after isolated CABG surgery in an Australian patient 

cohort.  A set of models have been developed for predicting long-term survival at four distinct time 

intervals (31-90 days, 91-365 days, 1-3 years, >3 years), recognising the fact that the effect of various 

risk factors on mortality may differ depending on the time since CABG surgery. One of the major 

strengths of this study is the use of data from a nationwide cardiac surgery registry and the national 

death index. Moreover, the use of a bootstrap model selection technique, multiple imputation of 

missing values, and model adjustment for hospital-level variation are major strengths of the model 

development process used in this study. These risk prediction models can be used by clinicians in 

continuum with existing short-term mortality risk prediction model (AusSCORE II) to get complete 

prognosis of patients undergoing CABG surgery and thus facilitate evidenced-based surgical decision 

making.  
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Chapter 8: General discussion and conclusion 

 

8.1 Introduction 

 

The overarching aim of this thesis was to study the aspects of risk prediction modelling. First to 

understand the current practice and knowledge gaps, a review of existing models predicting coronary 

artery bypass surgery was undertaken. The review focused on critical appraisal of the methods that 

were used for developing these models.  

 

The information of current practice and the knowledge gaps, revealed by the review, were used to 

guide the aim and structure of this thesis. Chapter four, five and six investigated the issues identified 

in the review. Chapter seven aimed to apply all the issues revealed in the review and the knowledge 

gained in the subsequent chapters (chapters four, five and six) in risk prediction model development.  

 

This chapter includes a summary of strengths and limitations of the thesis and the key findings. Based 

on key findings, future direction is proposed to improve the risk prediction in the field of cardiac 

surgery.  

 

8.2 Strength and limitation of the thesis 

 

The thesis has four major strengths, predominantly in the novelty of several projects, backed by 

appropriate methods and reliable data. This thesis identified knowledge gaps in the field of cardiac 

surgery risk prediction modelling and proceeded to advance that knowledge. First of the major 

strength of the thesis was, the systematic approach to assessing the current practices prevailing in the 

cardiac surgery risk prediction modelling. Secondly, use of nationwide large multi-centred cardiac 

surgery registry data for the research ensures the generalizability and adequacy of models. Thirdly, 

this was the first research to investigate impacts of different methodological characteristics 

(standardized variable definition, missing value imputation and variable selection method) on model 

performances. Fourthly, the model developed for prediction of long-term survival following CABG was 

the first in Australian population and is among the few in the world. The model development process 

employed most updated dataset and robust methods to suit contemporary clinical practice and to 

optimize performance.  
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One limitation of the thesis was, it focused on mortality as outcome.  There is argument that mortality 

by itself is not a sufficient indicator of surgical performance and emphasis on mortality as the only 

endpoint, may reduce access to surgery for people with high risk of mortality. Morbidity could have 

been the suitable alternative. However, unlike mortality, morbidity data are difficult to collect, and 

there is problem with standardization of morbidity definitions. Another limitation of the thesis was it 

did not consider the intraoperative or postoperative variable. Inclusion of intraoperative predictors 

might improve the prediction. However, as intraoperative data are not available prior to surgery. The 

present study used data from patients who underwent isolated CABG surgery during 2001-2014, and 

this includes many patients who were operated on a decade ago. Advancements in technology, 

surgical procedures and postsurgical care may have decreased mortality risks over time, and 

prolonged survival times among newer patients who have undergone the CABG operation.  

 

8.3 Key findings and their implications 

 

The approach taken to pursue the aim of the research was to identify knowledge gap and research 

need in cardiac surgery risk prediction modelling, to address those gaps and to incorporate the 

knowledge gained in model development. The key finding in relation to the aims are as follows: 

 

8.3.1    Current scenario of risk prediction models for coronary artery bypass graft surgery 

 

A total of 53 risk-prediction models for short-term mortality following CABG were identified. Many of 

these models didn’t vividly detail their development methodology and validation process. Wide 

variation exists in the development methodology of the risk prediction models. Only few of them 

employed most appropriate statistical methods required to optimize prediction. Ambiguous predictor 

and outcome definition, sub-optimum sample size, inappropriate handling of missing data and 

inefficient predictor selection technique were major issues identified in the review.  

 

Findings of the review were used to guide the structure of this thesis. In subsequent chapters, issues 

identified in the review were investigated. Subsequently the knowledge gained from the research are 

applied to develop a novel long-term survival model for CABG patients. 
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8.3.2   Misclassification of procedural status and implications for risk assessment  

 

In the ANZSCTS database, prevalence of procedural status misclassification was quite high (14.4%).  

Misclassification of patient to urgent category was prevalent more among patients with certain 

preoperative conditions (cardiogenic shock, preoperative dialysis, endocarditis, and BMI<18.5). Higher 

prevalence of misclassification in several high-risk groups of patients with a high mortality contradicts 

the existing time-dependent classification of urgent status in ANZSCTS registry database. 

Misclassification compromises the discrimination capacity and calibration of the model and results in 

overestimation of mortality risk.  

 

This study proposes a new definition of ‘urgent’ status to include the following categories – (a) Cardiac 

surgery within 72 hours from angiography, if on the same admission; (b) Cardiac surgery within 

72 hours of an unplanned admission; (c) Cardiac surgery for acute valve endocarditis; (d) Cardiac 

surgery for patients admitted to hospital with cardiogenic shock, or patients with worsening or 

ongoing chest pain; (e) Cardiac surgery for patients with ejection fraction less than 30% and who have 

been admitted to hospital before surgery; (f) Surgery for patients on pre-operative dialysis who are 

admitted to hospital; and (g) Surgery for underweight patients, defined as BMI < 18.5. 

 

8.3.3   Impact of missing values on the prediction performance of the model 

 

In the ANZSCTS database, one or more missing predictor variables were present in 15.8% of the 

patients. Conventional complete case analysis approach of handling missing data during model 

development results in bias in prediction estimate. Patients with higher risk of mortality are expected 

to incur more bias in prediction. Multiple imputation of missing values during model development 

increases the precision and performance of the risk prediction models. 

 

Risk prediction modelling should endeavor to treat missing values with an appropriate technique to 

maximize the prediction performance of the model. 

 

8.3.4   Variable selection methods and the parsimony of risk prediction models  

 

This study compared the parsimony and performance of models generated using five commonly used 

variable selection methods. As a variable selection technique, bootstrap bagging in conjunction with 

ROC outperformed popularly used stepwise logistic regression and Bayesian algorithm. Clinical 
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suitability in terms of parsimony and prediction performance can best be achieved using this 

technique for the development of risk prediction models. 

 

The study recommends the use of bootstrap bagging technique in conjunction with ROC for risk 

prediction model development in cardiac surgery patients. 

 

8.3.5   Predicting long-term survival after coronary artery bypass graft surgery 

 

The long-term outcomes of surgery are less affected by conventional cardiac-related predictors of 

early mortality, such as NYHA class, previous myocardial infraction, Inotrope use, cardiogenic shock, 

urgency of operation. Rather, it is mostly related with comorbidities and chronic conditions such as 

respiratory disease, smoking history, diabetes status, hypertension, hypercholesterolemia, 

cerebrovascular disease. This finding underpins the importance of risk factors, functional status and 

non-cardiac comorbidities for predicting longer-term survival following CABG. Several of the 

predictors showed a temporal pattern of mortality risk. Magnitude of effect of these factors including 

smoking, diabetes, hypertension, hypercholesterolemia and congestive heart failure increased over 

time following surgery. Further research in this issue is needed to explore the precise dynamics of the 

changing risk across time after surgery. 

 

Four separate models were developed for predicting survival after isolated CABG surgery at 31-90 

days, 91-365 days, 1-3 years and >3 years. These risk models can be used by clinician in continuum 

with 30-day mortality risk prediction model (AusScore II) to get complete prognosis thus to facilitate 

evidenced based surgical decision making.  

 

8.3.6   Implication of the finding 

 

The potential for the application of Risk prediction models in medical science is vast and is not any 

more restricted to surgical outcome assessment only. Nowadays they are used for wide range of 

purposes ranging from administrative to fiscal issues. Risk modelling requires endeavoring to improve 

the prediction capacity, no matter how subtle the improvements are. The modeling methodology 

should be correct and robust and the proposed model must be straightforward to implement and 

clinically relevant. The finding of the current research investigated aspects of model development 

methods where there are room for improvement. Recommendation based on the finding of current 

research are likely to improve performance of these models. 
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Another major implication of the current study finding is that it necessitates many of the currently 

used models to undergo methodological refurbishment and upgradation to cope with the current 

clinical practice and to incorporate divers aim.  

 

Further, a major implication lies in the development of long term survival models, which helps 

overcoming of shortcomings of short-term mortality as outcome indicator. Prediction of long-term 

survival can aid determination of the most appropriate post-discharge care strategies. This would 

essentially help patients and their doctors to implement behavioural and therapeutic modifications to 

optimize benefit from surgery. By using both short and long-term models in tandem clinician can get 

complete prognosis thus to facilitate evidenced based surgical decision making.  

 

8.4 Future direction 

 

At a practical level, it would be most useful to construct a calculator, so that relevant health 

professional could electronically calculate individual patients’ mortality risk for each of the four time 

periods. Future effort should include conversion of these models into simple calculator, which can be 

either used at bedside or on the web or can even be both. The benefit of preoperative risk prediction 

can be maximized by incorporating risk prediction process into guidelines to stratify patients per risk 

level and identify patients who may benefit most from a specific treatment strategy. 

 

Current research focused primarily on developing model for predicting long-term survival following 

CABG surgery. Further research is needed to develop models for other procedures (eg. valve surgery).  

As procedure-specific models are preferred over all procedure models in cardiac surgery (83), Further 

research in this issue is also needed to resolve, how specific a model must be to attain the best possible 

prediction.  

 

Current thesis used mortality, conventionally and popularly used in the field, as outcome indicator of 

surgical performance. With the growing emphasis for cost-effectiveness of care and quality of life, 

models are also expected to predict cost of care, hospital resource need and post-operative adverse 

event (39). Postoperative morbidity and length of hospital stay are important determinant of cost of 

care and quality of life after surgery. Future research should be directed towards prediction of 

morbidity following surgery and resource need.  
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8.5 Concluding remarks 

 

The aim of the thesis was to study the aspects of development of risk prediction models with a view 

to improve cardiac surgical outcome assessment. This research has provided new knowledge about 

the existing practice in the risk prediction modelling for cardiac surgery patients. Currently there was 

no consensus on model development method for generating parsimonious model. Current research 

provided a range of evidence based suggestion regarding model development practices for improving 

outcome assessment following cardiac surgery. 

 

The research also provided a set of novel risk prediction models for predicting long-term survival at 

four distinct time intervals following CABG surgery. These prediction models are generated in 

continuum with the existing 30-day mortality risk prediction model developed on the same datasets. 

These models along with the existing short-term mortality model will provide surgeons and patients 

greater confidence in surgical decision making.  
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Appendices 
 
Appendix 1: Preoperative risk prediction model developed from ANZSCTS database  
 

Year Model   Procedure 
 type 

Outcome  Sample 
size  

Data 
collection 
period 

Predictor  
Number 

Predictors  

2009 An Australian risk prediction 
model for 30-day mortality 
after isolated coronary artery 
bypass: The AusSCORE 
 

Coronary 
Artery Bypass 
Grafting 

30-day 
mortality 

11823 2001-2005 8 Age, NYHA class, ejection fraction estimate, 
urgency of procedure, previous cardiac 
surgery, hypercholesterolemia, peripheral 
vascular disease, and cardiogenic shock 

2010 A preoperative risk prediction 
model for 30-day mortality 
following cardiac surgery in 
an Australian cohort (Global 
Model). 
 

Case mix of 
cardiac 
surgery  

30-day 
mortality 

23016 2001-2008 12 Age, sex, NYHA class, urgency of procedure, 
ejection fraction estimate, lipid-lowering 
treatment, preoperative dialysis, previous 
cardiac surgery, procedure type, inotropic 
medication, peripheral vascular disease 
BMI. 

2011 An Australian risk prediction 
model for determining early 
mortality following aortic 
valve replacement. (AVR 
score) 
 

Aortic valve 
replacement  

30-day 
mortality 

3544 2001-2008 9 Age, NYHA class, left main disease, infective 
endocarditis, cerebrovascular disease, renal 
dysfunction, previous cardiac surgery and 
estimated ejection fraction 

2014 AusSCORE II in predicting 30-
day mortality after isolated 
coronary artery bypass 
grafting in Australia and New 
Zealand 

Coronary 
Artery Bypass 
Grafting 

30-day 
mortality 

31250 2001-2011 13 Age, gender, ejection fraction estimate, 
previous cardiac surgery, urgency of 
procedures, eGFR, NYHA class, inotrope 
administration, MI, peripheral vascular 
disease, anticoagulant medication, 
cardiogenic shock, and IV nitrate 
administration. 
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Appendix 2.1 Participating Sites of ANZCTS Database program 

 

 
 
Source : ANZSCTS database program.  https://anzscts.org/database  



115 
 

Appendix 2.2: ANZSCTS database data collection form 
 
 
 
 
 
 

  
 
ANZSCTS CARDIAC SURGERY DATABASE 
DATA COLLECTION FORM 
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Appendix 2.3:  Extract from the ANZSCTS data definition manual 

Sl Variable name 
(field)  

Variable definition Format 
/codes 

1 OPERATION ID This is an arbitrary number that uniquely and permanently 
identifies each operation. Once assigned to an operation, this 
can never be changed or reused.  
 

Numeric 

2 AGE 
 

Age of the patient at surgery (In years). Numeric 

3 Gender  Gender of the patient. 1 = Male  
2 = Female 

4 BMI (BMI) Body Mass Index calculated by the following equation. [WKG / 
(HTM/100)2] Calculated automatically where height and weight 
is 
available. 
 

NUMERIC 

5 Admission date 
(DOA) 

Date Patient admitted/transferred to hospital where surgery 
performed. 
 

DD/MM/YY 

6 Elective day of 
surgery admit 
(DOSA)  

Patient admitted for scheduled elective procedure on same day 
as procedure 
 

 1 = Yes 
 0 = No 

7  Smoking history 
(SMO_H) 

A history confirming any form of tobacco use in the past  1 = Yes 
 0 = No 

8 Family history of 
CAD (FHCAD) 

Whether any direct blood relatives have had any of the following 
at age <55: 

a. Angina,  
b. Myocardial infarction (MI),  
c. Sudden cardiac death presumed to be from ischaemic 

heart disease.  
d. Coronary intervention 

 

1 = Yes 
 0 = No 

9 Diabetes (DB) A history of diabetes, regardless of duration of disease or need 
for anti-diabetic agents. 
 

1 = Yes 
 0 = No 

10 Diabetes – control 
(DB_CON) 

Method of diabetic control, at time of intervention.  
The most aggressive therapy should be indicated as per the 
following order: insulin > oral > diet. 

1. No treatment for diabetes 
2. Diet treatment only 
3. Oral agent treatment 
4. Insulin treatment (includes any combination with insulin) 
 

1 = None 
2 = Diet 
3 = Oral 
4 = Insulin 

11 Hypercholesterola
emia (HCHOL) 

Whether the patient has a history of hypercholesterolaemia 
diagnosed and/or treated by a physician, and/or Cholesterol > 
5.0 mmol/L, HDL <1.0 mmol/L or Triglycerides >2.0 mmol/L. 
 

1 = Yes 
 0 = No 

12 Preoperative 
creatinine Level 
(PRECR) 

Last serum creatinine recorded prior to surgery. 
(≥50 µ mol/L to ≤ 2000 µ mol/L) 
 

Numeric 
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Sl Variable name 
(field)  

Variable definition Format 
/codes 

13 Estimated 
glomerular 
filtration rate 
(eGFR) 

1. Convert preoperative serum creatinine (mmol/L) into 
mg/dL:  
            = PRECRE x (1000/88.4) 

2. eGFR is calculated using the Cockroft Gault formulae: 
For males: [WKG x (140 – AGE)] / [72 x serum creatinine] 
 
For females: [WKG x (140 – AGE) x 0.85] / [72 x serum 
creatinine] 
Calculated automatically where last preoperative serum 
creatinine and weight are available. mL/min per 1.73m2 
 

Numeric 

14 Dialysis (DIAL) Is the patient on dialysis pre-operatively? 1 = Yes 
 0 = No 

15 Hypertension 
(HYT) 

Does the patient have a diagnosis of hypertension?  
a. Documented history of hypertension diagnosed and 

treated with diet, medication and/or exercise.  
b. Blood pressure >140 systolic or >90 diastolic on at least 

2 occasions.  
c. Currently on antihypertensive medication. 

 

1 = Yes 
0 = No 

16 Cerebrovascular 
disease (CBVD) 

Whether the patient has had Cerebro-Vascular Disease, 
documented by any one of the following: 

a. Unresponsive coma >24 hrs,  
b. CVA (symptoms >72 hrs after onset) 
c. RIND (recovery within 72 hrs),  
d. TIA (recovery within 24 hrs) 
e. Non-invasive carotid test with 50% diameter stenosis 

(equivalent to 75% cross-sectional area stenosis). 
 

1 = Yes 
 0 = No 

17 Peripheral vascular 
disease (PVD) 

The patient’s history of PVD either aneurysmal or chronic or 
acute occlusion or narrowing of the arterial lumen of the aorta 
or extremities. Includes the following: 

a. Claudication either with exertion or rest,  
b. Amputation for arterial insufficiency,  
c. Vascular reconstruction, bypass surgery, or 

percutaneous intervention to the extremities  
d. Documented aortic aneurysm,  
e. Documented renal artery stenosis g.  
f. Positive non-invasive testing documented 

 

1 = Yes 
 0 = No 

18 Respiratory 
disease (LD) 

Whether the patient has chronic lung disease, and severity level 
according to the following classification: 

 On chronic inhaled or oral bronchodilator therapy,  
 On chronic oral steroid therapy directed at lung disease,  
 Room Air p02 < 60 or Room Air pC02 > 50, or mechanical 

ventilation for chronic lung disease 
 

 1 = Yes 
 0 = No 

19 Infective 
endocarditis (IE) 

A patient presenting with valvular disease of infectious aetiology 
with past or present positive blood culture, or postoperative 
pathology confirmation. 

 1 = Yes 
 0 = No 
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Sl Variable name 
(field)  

Variable definition Format 
/codes 

 
20 Infective 

endocarditis Type 
(IE_T) 

Type of infective endocarditis  
 Active: If the patient is currently being treated for 

endocarditis, the disease is considered active. 
 Treated: If no antibiotic medication (other than 

prophylactic medication) is being given at the time of 
surgery, then the infection is considered treated. 
 

1 = Active 
2 = Treated 

21 Immunosuppressiv
e rx (IMSRX) 

Use of any form of immunosuppressive therapy, including 
systemic steroid therapy equivalent to ≥ 5mg prednisolone 
within 30 days or less preceding the operative procedure. 
 

 1 = Yes 
 0 = No 

22 Myocardial 
infarction (MI) 

Patient hospitalised at any time for a Myocardial Infarction 
documented in the medical record. 
 

1 = Yes 
0 = No 

23 Angina (CCS) Canadian Cardiovascular Society Classification. The highest class 
leading to current episode of hospitalisation and/or 
intervention: 

0    No angina symptoms. 
1     Ordinary physical activity, such as walking or climbing 
the stairs does not cause angina. Angina may occur with 
strenuous, rapid or prolonged exertion at work or 
recreation. 
2     There is slight limitation of ordinary activity. Angina may 
occur with moderate activity such as walking or climbing 
stairs rapidly, walking uphill, walking or stair climbing after 
meals or in the cold, in the wind, or under emotional stress, 
or walking more than two blocks on the level, and climbing 
more than one flight of stairs at normal pace under normal 
conditions. 
3     There is marked limitation of ordinary physical activity. 
Angina may occur after walking one or two blocks on the 
level or climbing one flight of stairs under normal conditions 
at a normal pace. 
4     There is inability to carry on any physical activity without 
discomfort; angina may be present at rest. 
 

Numeric  
(0-4) 

24 Angina – type 
(ANG_T) 
 

Indicate the type of angina present at the time of surgery: 
1. Stable: Angina which is controlled by oral or 

transcutaneous medication. 
2. Unstable: The presence of ischemia that requires 

hospitalisation and use of intravenous nitrate, heparin 
therapy, s.c. clexane or intravenous Tyrofiban for 
control. 
 

1 = Stable 
2 = 
Unstable 

25 History of 
congestive heart 
failure (CHF) 

Whether a physician has ever diagnosed Congestive Heart 
Failure (CHF) by two of the following: 

a. Paroxysmal nocturnal dyspnoea (PND); 
b. Dyspnoea on exertion (DOE) due to heart failure; 
c. Chest X-ray (CXR) showing pulmonary congestion, OR 

1 = Yes 
0 = No 
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Sl Variable name 
(field)  

Variable definition Format 
/codes 

d. Patient has received treatment for this – ACE inhibition, 
diuretics, Carvedilol or digoxin 
 

26 CHF at current 
admission (CHF_C) 

The diagnosis and management of CHF was made this admission, 
OR The management changed due to deterioration in CHF. 
 

1 = Yes 
0 = No 

27 NYHA class - 
(NYHA) 

NYHA:  New York Heart Association Class - the highest level 
leading to current episode of hospitalisation and/or procedure. 

I. Patients with cardiac disease but without resulting 
limitation of physical activity. Ordinary physical activity 
does not cause undue fatigue, palpitation, or dyspnoea. 

II. Patients with cardiac disease resulting in slight limitation 
of physical activity. They are comfortable at rest. 
Ordinary physical activity results in fatigue, palpitations, 
or dyspnoea. 

III. Patients with cardiac disease resulting in marked 
limitation of physical activity. They are comfortable at 
rest. Less than ordinary physical activity results in 
fatigue, palpitations, or dyspnoea. 

IV. Patients with cardiac disease resulting in inability to 
carry on any physical activity without discomfort. 
Symptoms of cardiac insufficiency may be present even 
at rest. If any physical activity is undertaken, discomfort 
is increased. 
 

Numeric 
 (1-4) 

28 Cardiogenic shock 
(SHOCK) 

Is the patient, at the time of procedure, in a clinical state of hypo 
perfusion according to either of the following criteria: 

a. Hypotension (a systolic blood pressure < 90 mmHg) 
and/or CI <2.0 for at least 30 minutes 

b. The need for supportive measures to maintain a systolic 
c. pressure > or = 90 mmHg or a CI > 2.0 

 

1 = Yes 
 0 = No 

29 Resuscitation 
(within one hour 
pre-op) (RESUS) 

The patient required cardiopulmonary resuscitation, or initiation 
of treatment for cardiogenic shock, within one hour before the 
start of the operative procedure. 

1 = Yes 
 0 = No 

30 Arrhythmia (ARRT) Was there a pre-operative arrhythmia present by clinical 
documentation of any one of the following:  

a. Atrial fibrillation/flutter requiring Rx; 
b. Heart block; 
c. Sustained Ventricular Tachycardia or Ventricular 

fibrillation requiring cardioversion and/or IV 
Amiodarone; 

d. Other arrhythmia (e.g. Sick Sinus Syndrome) 
 

1 = Yes 
 0 = No 

31 Permanent 
pacemaker in situ 
(PACE) 

Patient has a permanent pacemaker implanted.  1 = Yes 
0 = No 

32 Medications - 
Anticoagulation 
therapy (MEDAC) 

Patient given warfarin/heparin/low MW heparinoid ≤ 24 hours 
prior to surgery 

1 = Yes 
0 = No 
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Sl Variable name 
(field)  

Variable definition Format 
/codes 

33 Medications – 
inotropes (MEDIN) 

Patient on inotropes prior to surgery, for haemodynamic 
support excluding renal dose Dopamine. 

1 = Yes 
0 = No 

34 Medications - iv 
nitrates (MEDNI) 

Patient on IV Nitrates prior to surgery. 1 = Yes 
0 = No 

35 Medications – 
steroids (MEDST) 

Patient given systemic steroids prior to surgery. 1 = Yes 
0 = No 

36 Previous 
cardiothoracic 
intervention 
(surgical 
or percutaneous) 
(POP) 

Has the patient undergone any previous cardiovascular 
intervention, surgical or non-surgical including those done 
during the current admission? Includes all forms of 
percutaneous angioplasty and thrombolytic therapy for cardiac 
indications. 
If the patient has had for example a PTCA Stent at another 
hospital and was then transferred to this hospital for surgery; ie. 
same admission episode. 

1 = Yes 
0 = No 

37 Cardiac 
catheterization 
(Angiogram or 
Pressure study) 
(CATH) 

Has the patient had a cardiac catheter for angiogram or pressure 
study. 
 

1 = Yes 
0 = No 

38 Date of cardiac 
catheterization 
(CATH_W) 

The date the patient had a cardiac catheter inserted. 
 

DD/MM/YY 

39 Ejection fraction 
(EF) 

The percentage of the blood emptied from the left ventricle at 
the end of the contraction. Use the most recent determination 
prior to intervention. Enter a percentage in the range of 5 -90. 
 

Numeric 
 (5-90) 

40 EF estimate 
(EF_EST) 

If Nuclear scan, echo or angiogram did not yield a digital EF%, 
provide an estimate from reviewing the study. Choose one of: 

1. Normal (LV-EF > 60%) 
2. Mild Impairment (EF 46-60%) 
3. Moderate (EF 30-45%) 
4. Severe (EF<30%) 

 

1 = Normal 
2 = Mild 
3 = 
Moderate 
4 = Severe 

41 Left main stenosis 
> 50% (LMD) 

Any stenosis that involves any parts of the Left Main. Left Main 
Coronary stenosis is present when there is > 50% compromise of 
vessel diameter in any angiographic view. 
 

1 = Yes 
0 = No 

42 Number diseased 
coronary systems 
(DISVES) 

The number of major coronary systems (LAD system, Circumflex 
system, and/or Right System) with > 50% narrowing in any 
angiographic view. The number of diseased systems should be 
the number of systems requiring surgical approach at that 
operation. 
NOTE: Left main disease (>50%) is counted as TWO systems (LAD 
and Circumflex). For example, left main and RCA would count as 
THREE in total. Dominant circumflex counts as TWO systems. 
 

0 = None 
1 = One 
2 = Two 
3 = Three 

43 Status (STAT) 1. Elective: The procedure could be Deferred without 
increased risk of compromised cardiac outcome. 

2. Urgent: Not routine – medical reason for operating this 
admission – a) within 72 hours from angiography if on 

1 = Elective 
2 = Urgent 
3 = 
Emergency 
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Sl Variable name 
(field)  

Variable definition Format 
/codes 

the same admission that angiography was performed (in 
this case, "same admission" includes the situation when 
angiography is performed at another hospital and the 
patient is transferred directly to the hospital where 
surgery is to be performed) OR b) within 72 hours after 
an unplanned admission (in a patient who had a 
previous angiogram and was scheduled for surgery but 
was admitted acutely). 

3. Emergency: Unscheduled surgery required in next 
available theatre on same day due to refractory angina 
or cardiac compromise 

4. Salvage: The patient is undergoing CPR en route to the 
operating room, that is, prior to surgical incision. 
 

4 = Salvage 

44 Procedure type 
(TP) 

1. Isolated CABG 
2. Valve surgery 
3. Valve + CABG 
4. Others  

1 = Isolated 
CABG 
2 = Valve 
3 = 
Valve+CAB
G 
4 = Others  

45 Mortality – date 
(MORT_D) 
 

Provide date of death in hospital during the index admission at 
any time after the procedure, or death after discharge from 
hospital within thirty days of the procedure. (Before system 
date) 
 

DD/MM/YY
YY 

46 MORTALITY – 
LOCATION 
(MORT_L) 
 

Specify the patient location at time of death: 
1. Operating Room: (OR) 
2. Hospital in which operation performed: (Other than 

Operating Room) 
3. Home: (Including Hospital in the Home) 
4. Other Care Facility 

 

1 = OR 
2 = 
Hospital 
3 = Home 
4 = Other 
Facility 

47 Mortality within 
30 days of surgery 
(MORT30) 
 

Specify whether the patient died within 30 days after the 
procedure was performed. (Date of surgery counts as day 0; 
calculated from MORT_DDOP) 

1 = Yes 
0 = No 
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Appendix 2.4: Exemption from ethical review  
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Appendix 2.5: Monash University ethics approval - HREC 2008000065  
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Appendix 2.6 MUHREC extension  
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Appendix 2.7: Alfred hospital Ethics approval 
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Appendix 3.1: Search Strategy: Ovid MEDLINE(R) 1946 till January 24, 2017  
 
# Searches Results 
1 ((operat$ or post operat$ or postoperat$) adj (death* or mortality*)).mp. 22798 

2 
((hospital or in hospital or in-hospital or in hospital or short-term or short term) adj (mortality or 
death*)).mp. 

46090 

3 (30-day mortality or 30 day mortality).mp. 8738 
4 1 or 2 or 3 73392 

5 

Validat$.mp. or Predict$.ti. or Rule$.mp. or (Predict$ and (Outcome$ or Risk$ or Model$)).mp. or 
((History or Variable$ or Criteria or Scor$ or Characteristic$ or Finding$ or Factor$) and (Predict$ 
or Model$ or Decision$ or Identif$ or Prognos$)).mp. or (Decision$.mp. and ((Model$ or 
Clinical$).mp. or Logistic Models/)) or (Prognostic and (History or Variable$ or Criteria or Scor$ or 
Characteristic$ or Finding$ or Factor$ or Model$)).mp. 

3289690 

6 models, statistical/ or risk assessment/ 287389 

7 
((risk or clinical) adj (predict* or stratification*) adj (model* or scor* or algorithm* or index* or 
tool* or rule*)).mp. 

3843 

8 ((predict* or stratification*) adj (model* or scor* or algorithm* or index* or tool* or rule*)).mp. 27907 

9 
((risk or clinical or prognostic) adj (model* or scor* or algorithm* or index* or tool* or 
rule*)).mp. 

42503 

10 (risk adj (predict* or stratification*)).mp. 22338 
11 5 or 6 or 8 or 9 or 10 3448496 
12 cardiac surgical procedures/ or myocardial revascularization/ or coronary artery bypass/ 97477 

13 ((cardiac* or cardio-thoracic or cardio thoracic or cardiothoracic or heart) adj (operation* or 
surg*)).mp. 

73805 

14 (CABG or Coronary Artery Bypass or Coronary Artery Bypass grafting).mp. 56809 
15 12 or 13 or 14 127425 
16 4 and 11 and 15 5433 
17 limit 16 to (English language and full text and humans and "all adult (19 plus years)") 563 
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Appendix 3.2: Search Strategy: EMBASE 1974 till January 24, 2017 
 
# Searches Results 
1 ((operat$ or post operat$ or postoperat$) adj (death* or mortality*)).mp. 31411 

2 
((hospital or in hospital or in-hospital or in hospital or short-term or short term) adj (mortality or 
death*)).mp. 

53028 

3 (30-day mortality or 30 day mortality).mp. 16998 
4 1 or 2 or 3 97082 

5 

Validat$.mp. or Predict$.ti. or Rule$.mp. or (Predict$ and (Outcome$ or Risk$ or Model$)).mp. or 
((History or Variable$ or Criteria or Scor$ or Characteristic$ or Finding$ or Factor$) and (Predict$ 
or Model$ or Decision$ or Identif$ or Prognos$)).mp. or (Decision$.mp. and ((Model$ or 
Clinical$).mp. or Logistic Models/)) or (Prognostic and (History or Variable$ or Criteria or Scor$ or 
Characteristic$ or Finding$ or Factor$ or Model$)).mp. 

4783472 

6 models, statistical/ or risk assessment/ 560042 

7 
((risk or clinical) adj (predict* or stratification*) adj (model* or scor* or algorithm* or index* or 
tool* or rule*)).mp. 

7737 

8 ((predict* or stratification*) adj (model* or scor* or algorithm* or index* or tool* or rule*)).mp. 48867 

9 
((risk or clinical or prognostic) adj (model* or scor* or algorithm* or index* or tool* or 
rule*)).mp. 

82948 

10 (risk adj (predict* or stratification*)).mp. 45782 
11 5 or 6 or 7 or 8 or 9 or 10 5105414 
12 cardiac surgical procedures/ or myocardial revascularization/ or coronary artery bypass/ 157741 

13 ((cardiac* or cardio-thoracic or cardio thoracic or cardiothoracic or heart) adj (operation* or 
surg*)).mp. 

117768 

14 (CABG or Coronary Artery Bypass or Coronary Artery Bypass grafting).mp. 92011 
15 12 or 13 or 14 208058 
16 4 and 11 and 15 7189 
17 limit 16 to (full text and human and English language) 965 
18 limit 17 to (adult <18 to 64 years> or aged <65+ years>) 560 
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  Appendix 3.3: CHARMS checklist for Systematic Reviews of Prediction 
Modelling Studies 
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Appendix 3.4:  Data extraction checklist 
 

Domain and items Finding  Location  
1 . Source of data   
 Research setting (1. Administrative 2. Study 3. Registry)    
 Duration of data collection (year-year)   
2. Participants   
 Population (Country)   
 Number of centers   
 Recruitment method Inclusion and exclusion criteria reported (1. Yes 2. No)   
 Participant description adequate (1. Yes 2. No)   
3. Outcome(s) to be predicted   
 Endpoints (1. Single, 2. Multiple, 3. Combined)   
 Definition of outcome (1. Mortality 2. Morbidity 3. Adverse event 4. Others)   
 Method for measurement (1. Prospective follow-up 2. Data linkage)   
 Same measurement of outcome for all patients (1. Yes 2. No)   
 Blinding patients of outcome (1. Yes 2. No)   
  Time of outcome occurrence (1. Short term 2. Long-term)   
4. Candidate predictors   
 Type of predictors (1. Demography 2. preoperative 3. Interoperative)   
 Number of predictors   
 Timing of measurement (1. preoperative 2. Interoperative 3. perioperative)   
 Detailed definition of predictors reported (1. Yes 2. No)   
 Transformations of continuous predictors in the modelling (1. Yes 2. No)   
5. Sample size   
 Derivation sample    
 Validation sample   
 Events per participant   
 Events Per predictor   
6. Missing data   
 Percentage of participants with any missing value    
 Imputation (1. None, 2. Single imputation 3. Multiple imputation)    
7. Model development   
 Predictor pooling method for model (1. All predictors 2. Association with outcome)   
 Modelling method (1. Logistic 2. Survival 3. Bayes 4. Machine learning techniques)   
 Modelling assumptions satisfied (1. Yes 2. No)   
 Multivariable model building (1. Full model approach 2. Automated selection)   
 Criteria used for model building (1.p-value 2. Information criteria 3. others)   
8. Model performance   
 Calibration reported (1. None 2. Derivation sample 3. Validation sample 4. Others)   
 Calibration type (1. Calibration plot 2. Calibration slope 3. Hosmer Lemeshow test)   
 Discrimination reported (1. None 2. Derivation sample 3. Validation sample)   
 Discrimination type (1. C-statistic 2.D-statistic 3.log-rank 4. Others)    
9. Model evaluation   
 Testing model performance (1. Internal validation, 2. External validation 3. Both)   
 Internal validation (1. Random data split, 2. Resampling methods 3. Others)   
 External validation (1. Temporal 2. Geographical 3. Different setting)   
10. Results   
  Presentation of final model (1. Basic 2. Extended 2. Simplified)   
 Presented Regression coefficients and CI/SE (1. Yes 2. No)   
  Alternative presentation (1. None 2. Nomogram 3. Score chart 4. Calculator)   
 Compared predictor distribution in development vs validation data (1. Yes 2. No)   
11. Interpretation and Discussion   
 Interpretation of presented models (1. Confirmatory 2. Exploratory)   
 Discussion of generalizability (1. Yes 2. No)   
 Discussion of strengths and limitations (1. Yes 2. No)    
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Appendix 4.1:  Percentage of missing values in ANZSCTS database 
 

Variables 
Missing data 

Frequency Percent 
Gender 0 0 
Previous cardiac surgery 0 0 
Clinical status 0 0 
Pacemaker in situ 0 0 
Age  8 0.02 
BMI 35 0.08 
Previous MI 40 0.09 
Hypertension 47 0.10 
Respiratory disease 47 0.10 
Cardiogenic shock 48 0.10 
Resuscitation 47 0.10 
Immunosuppressant use 47 0.10 
Hypercholesterolemia 50 0.11 
Cerebrovascular disease 49 0.11 
Peripheral vascular disease 49 0.11 
Inotrope use 50 0.11 
IV-Nitrates 50 0.11 
Steroids use 52 0.11 
Arrhythmia 58 0.12 
Anticoagulant use 55 0.12 
Congestive Heart Failure 59 0.13 
Number of diseased vessels 68 0.15 
Left main disease 74 0.16 
Smoking 91 0.20 
Diabetes mellitus 93 0.20 
30-day mortality 162 0.35 
Angina 179 0.38 
Renal dysfunction 618 1.33 
Ejection fraction 1,015 2.18 
NYHA class 1,747 3.75 
Family History of CAD 5,014 10.77 

 
 
  



145 
 

Appendix 4.2: Bootstrap coverage of the proposed predictors  
 

Variables  Bootstrap coverage 
Age 100.00 
Peripheral vascular disease 100.00 
Respiratory disease 100.00 
Ejection fraction 100.00 
Renal dysfunction 100.00 
Smoking 100.00 
Arrhythmia 99.85 
Diabetes mellitus 99.54 
Hypercholesterolemia 99.48 
 Cerebrovascular disease 99.22 
Hypertension 99.00 
Congestive Heart Failure 96.38 
Steroids use 89.00 
Angina 87.03 
Family History of CAD 80.27 
NYHA class 77.82 
Previous MI 76.27 
Left main disease 62.19 
BMI 54.97 
Inotrope use 36.46 
Previous cardiac surgery 23.75 
Resuscitation 19.97 
Immunosuppressant use 16.55 
Number of diseased vessels 15.60 
Pacemaker in situ 12.98 
IV-Nitrates 11.76 
Anticoagulant use 8.60 
Cardiogenic shock 7.41 
Clinical status 7.22 
Gender 6.39 
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Appendix 4.3: Descriptive statistics of study population (n=46,573) 
 

Variables n % 
Age (Mean ± sd year) 65.9 (10.4)    
Gender   
 Male 36,960 79.36 

 Female 9,613 20.64 
BMI (Kg/m2)   
 18.5- 25  10,654 22.89 
 < 18.5 181 0.39 
 25 - 30 19,524 41.95 

 > 30 16,179 34.77 
Family history of CAD  
 No 24,059 51.66 

 Yes 17,500 37.58 
Smoking   
 No 15,888 34.11 

 Yes 30,594 65.69 
Diabetes mellitus (DM)  
 No DM 30,299 65.06 

 DM no drug 2,590 5.56 
 DM on oral drug 9,057 19.45 
 DM on insulin 4,534 9.74 

Hypercholesterolemia   
 No 8,846 18.99 

 Yes 37,677 80.9 
Hypertension   
 No 9,457 20.31 

 Yes 37,069 79.59 
Cerebrovascular disease  
 No 41,757 89.66 

 Yes 4,767 10.24 
Peripheral vascular disease  
 No 41,161 88.38 

 Yes 5,363 11.52 
Respiratory disease   
 No 40,846 87.7 

 Yes 5,680 12.2 
Previous MI   
 No 21,675 46.54 

 Yes 24,858 53.37 
Angina   
 No angina 6,132 13.17 

 Stable angina 28,708 61.64 
 Unstable angina 11,554 24.81 

CHF   
 No CHF 40,220 86.36 

 Past CHF 3,529 7.58 
 Current CHF 2,765 5.94 

NYHA class   
 Class I & II 35,935 77.16 

 Class III 6,967 14.96 
 Class IV 1,924 4.13 

Cardiogenic shock   
 No 45,792 98.32 

 Yes 733 1.57 
Resuscitation   
 No 46,110 99.01 

 Yes 416 0.89 
Arrhythmia   
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Variables n % 
 No 42,310 90.85 

 Yes 4,205 9.03 
Pacemaker   
 No 46,070 98.92 

 Yes 503 1.08 
Previous cardiac surgery  
 No 44,754 96.09 

 Yes 1,819 3.91 
Ejection fraction   
 >60% 22,624 48.58 

 46% - 60% 14,345 30.8 
 30% - 45% 6,767 14.53 
 <30% 1,822 3.91 

Left main disease   
 No 34,115 73.25 

 Yes 12,384 26.59 
Diseased vessels   
 One 2,527 5.42 

 Two 10,917 23.44 
 Three 33,061 70.99 

Clinical status   
 Elective 28,604 61.42 

 Urgent 16,135 34.64 
 Emergency 1,741 3.74 
 Salvage 93 0.2 

Immunosuppressant    
 No 45,671 98.06 

 yes 855 1.84 
Inotrope use   
 No 45,664 98.05 

 Yes 859 1.84 
IV-Nitrates   
 No 43,469 93.34 

 Yes 3,054 6.56 
Anticoagulant use   
 No 35,938 77.16 

 Yes 10,580 22.72 
Steroids use   
 No 45,813 98.37 

 Yes 708 1.52 
Renal dysfunction   
 None 10,766 23.12 

 Mild 23,464 50.38 
 Moderate 9,981 21.43 
 Severe 1,036 2.22 
 On-dialysis 708 1.52 

30-day mortality   
 no 45,746 98.22 

 yes 665 1.43 
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Appendix 4.4: Univariate association of predictors with mortality in specific 
time interval 
 

Preoperative variables  
0-30 days 31-90 days 91-365 days 1-3 years > 3 years 

HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) 
Age 1.06 (1.05, 1.07) 1.07 (1.05, 1.08) 1.07 (1.06, 1.08) 1.05 (1.05, 1.07) 1.07 (1.07, 1.08) 
Peripheral vascular disease 2.51 (2.05, 3.08) 2.69 (2.02, 3.59) 3.11 (2.54, 3.82) 2.71 (2.38, 3.11) 2.36 (2.17, 2.57) 
Respiratory disease 1.53 (1.22, 1.92) 3.12 (2.38, 4.10) 1.91 (1.52, 2.40) 2.03 (1.76, 2.33) 1.77 (1.62, 1.94) 
Ejection fraction: 46-60% 1.55 (1.21, 2.00) 1.65 (1.17, 2.33) 1.82 (1.43, 2.31) 1.67 (1.44, 1.93) 1.32 (1.22, 1.44) 
Ejection fraction: 30-45% 3.37 (2.64, 4.31) 3.61 (2.57, 5.08) 3.69 (2.89, 4.72) 2.66 (2.27, 3.11) 1.86 (1.70, 2.05) 
Ejection fraction: <30% 11.2 (8.70, 14,5) 7.82 (5.24, 11.6) 5.17 (3.70, 7.24) 3.55 (2.82, 4.47) 2.51 (2.18, 2.88) 
Renal dysfunction: mild 2.66 (6.15, 17.3) 2.56 (1.48, 4.43) 1.64 (1.18, 2.29) 1.74 (1.44, 2.11) 1.83 (1.62, 2.07) 
Renal dysfunction: 
moderate 

6.08 (4.27, 8.67) 6.91 (4.01, 11.9) 4.44 (3.20, 6.16) 3.20 (2.62, 3.91) 3.70 (3.27, 4.19) 
Renal dysfunction: severe 11.0 (6.95, 17.4) 21.4 (11.5, 39.8) 7.31 (4.58, 11.7) 6.31 (4.71, 8.45) 6.07 (5.01, 7.35) 
On dialysis 10.3 (6.15, 17.2) 23.4 (12.2, 45.2) 11.4 (7.20, 18.0) 8.68 (6.42, 11.7) 6.95 (5.48, 8.81) 
Smoking 0.88 (0.74, 1.06) 1.36 (1.03, 1.80) 1.52 (1.23, 1.88) 1.26 (1.11, 1,43) 1.20 (1.12, 1.30) 
Arrhythmia 3.26 (2.66, 4.00) 4.46 (3.39, 5.86) 2.97 (2.38, 3.71) 2.13 (1.82, 2.50) 1.93 (1.75, 2.14) 
Diabetes: no treatment 1.14 (0.78, 1.69) 1.00 (0.54, 1.85) 1.36 (0.92, 1.99) 0.96 (0.72, 1.26) 1.20 (1.04, 1.38) 
Diabetes: oral drug 1.37 (1.11, 1.70) 1.56 (1.15, 2.12) 1.52 (1.22, 1.90) 1.33 (1.15, 1.54) 1.32 (1.21, 1.45) 
Diabetes: on insulin 1.76 (1.36, 2.27) 2.36 (1.68, 3.30) 1.68 (1.27, 2.22) 1.77 (1.50, 2.10) 1.84 (1.65, 2.05) 
Hypercholesterolemia 0.81 (0.66, 1.00) 1.14 (0.82, 1.59) 0.92 (0.73,1.16) 0.86 (0.75, 0.99) 0.76 (0.70, 0.83) 
Cerebrovascular disease 1.93 (1.53, 2.42) 3.13 (2.35, 4.16) 1.86 (1.45, 2.38) 2.30 (1.98, 2.66) 1.97 (1.80, 2.16) 
Hypertension 1.57 (1.23, 2.03) 2.07 (1.40, 3.09) 1.66 (1.26, 2.17) 1.43 (1.22, 1.69) 1.48 (1.35, 1.62) 
CHF: old 2.11 (1.59, 2.80) 2.39 (1.65, 3.46) 3.04 (2.37, 3.89) 1.85 (1.54, 2.22) 1.85 (1.69, 2.04) 
CHF: Current 6.75 (5.52, 8.23) 4.51 (3.27, 6.22) 3.41 (2.62, 4.45) 2.56 (2.14, 3.07) 2.33 (2.07, 2.61) 
Steroids use 1.57 (0.88, 2.79) 3.67 (2.01, 6.42) 2.11 (1.24, 3.59) 3.53 (2.69, 4.63) 1.91 (1.51, 2.40) 
Stable angina  0.75 (0.55, 1.01) 0.53 (0.37 0.75) 0.68 (0.52, 0.88) 0.72 (0.61, 0.85) 0.81 (0.71, 0.91) 
Unstable angina  2.56 (1.91, 3.43) 1.11 (0.78, 1.60) 0.97 (0.73, 1.28) 0.96 (0.80, 1.15) 0.91 (0.80, 1.03) 
Family History of CAD 0.80 (0.65, 0.97) 0.63 (0.46, 0.84) 0.56 (0.45, 0.69) 0.67 (0.59, 0.76) 0.69 (0.64, 0.75) 
NYHA class III 2.37 (1.91, 2.95) 2.32 (1.73, 3.12) 1.88 (1.51, 2.36) 1.69 (1.46, 1.96) 1.54 (1.41, 1.67) 
NYHA class IV 8.42 (6.75, 10.5) 3.94 (2.63, 5.90) 2.31 (1.62, 3.30) 2.48 (1.99, 3.09) 1.61 (1.42, 1.83) 
Previous MI 2.63 (2.15, 3.22) 2.01 (1.54, 2.64) 1.76 (1.45, 2.14) 1.45 (1.29, 1.64) 1.41 (1.31, 1.51) 
Left main disease 1.65 (1.38, 1.97) 1.36 (1.05, 1.78) 1.42 (1.17, 1,72) 1.18 (1.04, 1.34) 1.25 (1.16, 1.35) 
Underweight 1.90 (0.78, 4.63) 1.50 (0.37, 6.12) 2.47 (1.09, 5.58) 2.58 (1.48, 4.50) 1.80 (1.13, 2.87) 
Overweight  0.61 (0.49, 0.75) 0.62 (0.46, 0.76) 0.59 (0.47, 0.73) 0.69 (0.59, 0 .80) 0.77 (0.70, 0.84) 
Obese 0.69 (0.56, 0.86) 0.55 (0.40, 0.76) 0.56 (0.44, 0.71) 0.77 (0.66, 0.88) 0.81 (0.74, 0.88) 
Inotrope use 9.52 (7.45, 12.2) 4.93 (3.09, 7.88) 1.90 (1.11, 3.23) 1.42 (0.96, 2.10) 1.29 (0.97, 1.71) 
Previous cardiac surgery 2.11 (1.53, 2.92) 1.86 (1.14, 3.04) 2.04 (1.44, 2.91) 1.18 (0.88, 1.56) 1.16 (0.99, 1.35) 
Resuscitation 10.8 (7.91, 14.8) 4.21 (2.08, 8.52) 2.87 (1.53, 5.38) 1.03 (0.53, 1.98) 1.06 (0.69, 1.62) 
Immunosuppressant use 1.75 (1.06, 2.88) 2.53 (1.38, 4.64) 1.99 (1.21, 3.28) 2.59 (1.95, 3.44) 1.87 (1.51, 2.31) 
One diseased vessels 0.32 (0.11, 0.98) 0.37 (0.04, 3.28) 0.45 (0.13, 1.58) 3.29 (0.45, 24.0) 0.74 (0.23, 2.33) 
Two diseased vessels 0.43 (0.16, 1.17) 0.99 (0.14, 7.19) 0.51 (0.16, 1.62) 3.91 (0.54, 27.9) 1.18 (0.38,3.69) 
Three Diseased vessel 0.43 (0.24, 1.75) 1.23 (0.17, 8.78) 0.77 (0.24, 2.38) 5.81 (0.81, 41.3) 1.53 (0.49, 4.75) 
Pacemaker in situ 2.82 (1.69, 4.72) 2.77 (1.31, 5.88) 1.93 (1.00, 3.74) 1.74 (1.12, 2.71) 1.91 (1.08, 3.37) 
IV-Nitrates 4.24 (3.44, 5.21) 2.29 (1.59, 3.30) 1.12 (0.78, 1.61) 1.22 (0.97, 1.52) 1.08 (0.96, 1,22) 
Anticoagulant use 2.68 (2.24,3.19) 1.76 (1.35, 2.29) 1.25 (1.00, 1.54) 1.22(1.07, 1.40) 1.13 (1.05, 1.23) 
Cardiogenic shock 12.4 (9.73, 15.7) 7.13 (4.60, 11.0) 2.17 (1.25, 3.78) 2.26 (1.60, 3.19) 1.21 (0.91, 1.62) 
Clinical status: urgent 2.16 (1.77, 2.64) 1.31 (1.00, 1.72) 1.30 (1.07, 1.57) 1.18 (1.05, 1.34) 1.10 (1.02, 1.18) 
Clinical status: emergency 10.7 (8.42, 13.6) 4.31 (2.89, 6.43) 1.43 (0.90, 2.25) 1.43 (1.08, 1.90) 1.30 (1.10, 1.53) 
Clinical status: salvage 25.9 (14.8, 45.7) 9.40 (2.99, 29.5) 6.46 (2.40, 17.4) 1.92 (0.61, 5.98) 0.50 (0.16, 1.55) 
Gender 1.80 (1.49, 2.17) 1.80 (1.38, 2.36) 1.15 (0.93, 1.44) 1.09 (0.95, 1.26) 1.18 (1.09, 1.28) 
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Appendix 4.5: Baseline hazard of coefficient and Standard error of for models   
 

 Splines Coefficient  Standard Error 

3-month model  

 rcs1  0.0989 0.0069 

 rcs2 0.0105 0.0041 

 rcs3 -0.0003 0.0019 

1-year model  

 rcs1  0.1398 0.0073 

 rcs2 0.0092 0.0051 

 rcs3 -0.0020 0.0019 

3-year model  

 rcs1  0.2231 0.0075 

 rcs2 -0.0042 0.0053 

 rcs3 0.0003 0.0023 

> 3-year model  

 rcs1  1.3198 0.0246 

 rcs2 -0.0936 0.0201 

 rcs3 -0.0633 0.0095 
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Appendix 4.6: Model discrimination curves for the four time intervals in 

the combined dataset. 
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                Appendix 4.7: TRIPOD Checklist: Prediction Model Development 
 

Section/Topic Item Checklist Item Page 

Title and abstract 

Title 1 
Identify the study as developing and/or validating a multivariable prediction model, the target 
population, and the outcome to be predicted. 1 

Abstract 2 Provide a summary of objectives, study design, setting, participants, sample size, predictors, 
outcome, statistical analysis, results, and conclusions. 

2 

Introduction 

Background 
and 
objectives 

3a 
Explain the medical context (including whether diagnostic or prognostic) and rationale for 
developing or validating the multivariable prediction model, including references to existing 
models. 

3 

3b Specify the objectives, including whether the study describes the development or validation of 
the model or both. 

3 

Methods 

Source of 
data 

4a Describe the study design or source of data (e.g., randomized trial, cohort, or registry data), 
separately for the development and validation data sets, if applicable. 

4 

4b 
Specify the key study dates, including start of accrual; end of accrual; and, if applicable, end of 
follow-up.  4 

Participants 
5a Specify key elements of the study setting (e.g., primary care, secondary care, general 

population) including number and location of centres. 4 

5b Describe eligibility criteria for participants.  4 
5c Give details of treatments received, if relevant.  4 

Outcome 
6a 

Clearly define the outcome that is predicted by the prediction model, including how and when 
assessed.  

4 

6b Report any actions to blind assessment of the outcome to be predicted.  - 

Predictors 
7a Clearly define all predictors used in developing or validating the multivariable prediction 

model, including how and when they were measured. 
Sup Table 

1 
7b Report any actions to blind assessment of predictors for the outcome and other predictors.  - 

Sample size 8 Explain how the study size was arrived at. 4 

Missing data 9 
Describe how missing data were handled (e.g., complete-case analysis, single imputation, 
multiple imputation) with details of any imputation method.  4 

Statistical 
analysis 
methods 

10a Describe how predictors were handled in the analyses.  5-6 

10b 
Specify type of model, all model-building procedures (including any predictor selection), and 
method for internal validation. 

6 

10d Specify all measures used to assess model performance and, if relevant, to compare multiple 
models.  

6-7 

Risk groups 11 Provide details on how risk groups were created, if done.  - 
Results 

Participants 

13a 
Describe the flow of participants through the study, including the number of participants with 
and without the outcome and, if applicable, a summary of the follow-up time. A diagram may 
be helpful.  

8 

13b 
Describe the characteristics of the participants (basic demographics, clinical features, available 
predictors), including the number of participants with missing data for predictors and 
outcome.  

8, 16 

Model 
development  

14a Specify the number of participants and outcome events in each analysis.  Table 2 
14b If done, report the unadjusted association between each candidate predictor and outcome. 5 

Model 
specification 

15a Present the full prediction model to allow predictions for individuals (i.e., all regression 
coefficients, and model intercept or baseline survival at a given time point). 

9, Table 
2& Sup 
Table 5 

15b Explain how to the use the prediction model. 13 
Model 
performance 

16 Report performance measures (with CIs) for the prediction model. 9-10 

Discussion 

Limitations 18 
Discuss any limitations of the study (such as nonrepresentative sample, few events per 
predictor, missing data).  13 

Interpretation 19b 
Give an overall interpretation of the results, considering objectives, limitations, and results 
from similar studies, and other relevant evidence.  12-13 

Implications 20 Discuss the potential clinical use of the model and implications for future research.  11 
Other information 

Supplementar
y information 

21 Provide information about the availability of supplementary resources, such as study protocol, 
Web calculator, and data sets.  

 - 

Funding 22 Give the source of funding and the role of the funders for the present study.  13 
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