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ABSTRACT 

 

Background and objectives 

Prediction models are useful tools in clinical practise by providing predictive estimates of 

outcome probabilities to aid in decision making. As biomedical research advances, concerns 

have been raised regarding combined effectiveness (benefit) and safety (harm) outcomes in a 

prediction model, while typically different prediction models only focus on predictions of 

separate outcomes. A second issue is that, evidence also reveals poor predictive accuracy in 

different populations and settings for some prediction models, requiring model calibration or 

redevelopment. A third issue in data analyses is whether the treatment effect estimates could 

be influenced by competing risk bias. If other events preclude the outcomes of interest, these 

events would compete with the outcomes and thus fundamentally change the probability of 

the outcomes of interest. Failure to recognize the existence of competing risk or to account 

for it may result in misleading conclusions in health research. Therefore in this thesis, we 

explored three methodological issues in prediction models and data analyses by: (1) 

developing and externally validating a prediction model for patients’ individual combined 

benefit and harm outcomes (stroke with no major bleeding, major bleeding with no stroke, 

neither event, or both stroke and major bleeding) with and without warfarin therapy for atrial 

fibrillation; (2) constructing a prediction model for hospital mortality in medical-surgical 

critically ill patients; and (3) performing a competing risk analysis to assess the efficacy of 

the low molecular weight heparin dalteparin versus unfractionated heparin in venous 

thromboembolism in medical-surgical critically ill patients.  

 

Methods  

Project 1: Using the Kaiser Permanente Colorado (KPCO) anticoagulation management 

cohort in the Denver-Boulder metropolitan area of Colorado in the United States to include 

patients with AF who were and were not prescribed warfarin therapy, we used a new 

approach to build a prediction model of individual combined benefit and harm outcomes 

related to warfarin therapy (stroke with no major bleeding, major bleeding with no stroke, 
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neither event, or both stroke and major bleeding) in patients with AF. We utilized a 

polytomous logistic regression (PLR) model to identify risk factors and then construct the 

new prediction model. Model performances and validation were evaluated systematically in 

the study. 

 

Project 2: We used data from a multicenter randomized controlled trial named Prophylaxis for 

Thromboembolism in Critical Care Trial (PROTECT) to develop a new prediction model for 

hospital mortality in critically ill medical-surgical patients receiving heparin 

thromboprophylaxis. We first identified risk factors independent of APACHE (Acute 

Physiology and Chronic Health Evaluation) II score for hospital mortality, and then combined 

the identified risk factors and APACHE II score to build the new prediction model. Model 

performances were compared between the new prediction model and the APACHE II score.  

 

Project 3: We re-analyzed the data from PROTECT to perform a sensitivity analysis based on 

a competing risk analysis to investigate the efficacy of dalteparin versus unfractionated 

heparin in preventing venous thromboembolism in medical-surgical critically ill patients, 

taking all-cause death as a competing risk for venous thromboembolism. Results from the 

competing risk analysis were compared with findings from the cause-specific analysis.  

 

Results and Conclusions 

Project 1: The PLR model could simultaneously predict risk of individual combined benefit 

and harm outcomes in patients with and without warfarin therapy for AF. The prediction 

model was a good fit, had acceptable discrimination and calibration, and was internally and 

externally validated. Should this approach be validated in other patient populations, it has 

potential advantages over existing risk stratification approaches. 

 

Project 2: The new model combining other risk factors and APACHE II score was a good fit, 

well calibrated and internally validated. However, the discriminative ability of the prediction 

model was not satisfactory. Compared with the APACHE II score alone, the new prediction 

model increased data collection, was more complex but did not substantially improve 



iv 
 

discriminative ability.  

 

Project 3: The competing risk analysis yielded no significant effect of dalteparin compared 

with unfractionated heparin on proximal leg deep vein thromboses, but a lower risk of 

pulmonary embolism in critically ill medical-surgical patients. Findings from the competing 

risk analysis were similar to results from the cause-specific analysis.  
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PREFACE 

 

This thesis is a ‘sandwich’ thesis, which combines three individual projects with four 

manuscripts that are either published or accepted by peer-reviewed journals. Results of the 

second and third projects have been published. For the first project, the protocol has been 

published while the main report is just accepted by a peer-reviewed journal. In this 

dissertation, the contributions of Guowei Li in all the papers included study conception, 

research question identification, study design, data analyses, interpretation of findings, 

manuscript writing, submitting the manuscripts, and responding to reviewers’ comments. My 

co-authors contributed to the acquisition of the datasets, assistance in computer programming, 

provision of clinical expertise, and critical revision of the manuscripts. The work of this 

thesis was conducted between Winter 2012 and Winter 2015. 
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Chapter 1 

 

INTRODUCTION  

 

Prediction models are useful tools in clinical practise by providing predictive estimates of 

outcome probabilities to aid in decision making.
1
 Validated prediction models have been 

widely applied to inform individuals of their risk of developing illness and to guide 

patient-physician shared decisions on further interventions.
2, 3

 Data used for the development 

of a prediction model should ideally be from a prospective cohort, or a randomized controlled 

trial.
2
  

 

As biomedical research advances, an issue has been raised regarding the ability to combine 

effectiveness (benefit) and safety (harm) outcomes in a prediction model, while typically 

prediction models only focus on predictions of separate outcomes.
4
 A second issue is that, 

evidence reveals poor predictive accuracy in different populations and settings for some 

prediction models, requiring model calibration or redevelopment.
5
 A third issue in data 

analyses is whether the treatment effect estimates could be influenced by competing risk bias. 

If other events preclude the outcomes of interest, these events would compete with the 

outcomes and thus fundamentally change the probability of the outcomes of interest.
6, 7

 

Failure to recognize the existence of competing risk or to account for it may result in 

misleading conclusions in health research.
8
  

 

To address these issues, the objectives of this thesis are: (1) to develop and externally validate 

a prediction model for patients’ individual combined benefit and harm outcomes (stroke with 

no major bleeding, major bleeding with no stroke, neither event, or both stroke and major 

bleeding) with and without warfarin therapy for atrial fibrillation; (2) to construct a prediction 

model for hospital mortality in medical-surgical critically ill patients; and (3) to perform a 

competing risk analysis to assess the efficacy of the low molecular weight heparin dalteparin 

versus unfractionated heparin in venous thromboembolism in medical-surgical critically ill 

patients.  
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Issue 1: Prediction of individual combined benefit and harm outcomes related to 

warfarin therapy 

Atrial fibrillation (AF) is a major and independent risk factor for stroke and mortality. 
9, 10

 

Despite the increased use of non-vitamin K antagonist oral anticoagulants, warfarin remains 

the mainstay for stroke prophylaxis in patients with AF.
10-12 

Nevertheless, the use of warfarin 

is associated with an increased risk of major bleeding including intracranial hemorrhage 

(ICH), which may have resulted in the underuse by patients with AF who were qualified 

candidates for warfarin therapy.
13-17  

 

There have been validated clinical prediction models to assist physicians with predicted 

estimates of patients’ risks of stroke and major bleeding. These include the CHADS2 

(Congestive heart failure, Hypertension, Age > 75 years, Diabetes, Previous stroke [2 points]) 

and the CHA2DS2-VASc scores (Congestive heart failure; Hypertension; Age ≥ 75 years [2 

points]; Diabetes mellitus; Stroke [2 points], Vascular disease, Age 65-74 years, and Sex 

[female]) for risk of stroke,
10, 18-20

 and the HAS-BLED score (Hypertension; Abnormal 

renal/liver function; Stroke; Bleeding history or predisposition; Labile international 

normalized ratio [INR], Elderly [ >65 years]; Drugs/alcohol concomitantly) for risk of major 

bleeding.
10, 20, 21

 Nevertheless, these risk-stratification tools cannot provide the individual 

combined benefit and harm probabilities needed by patients and physicians when warfarin 

therapy initiation is under consideration. There are several studies using the ‘net benefit’ 

approach to take into account stroke and major bleeding simultaneously; that is, Net Benefit 

= (TE rateoff warfarin- TE rateon warfarin) - Weight * (ICH rate on warfarin - ICH rate off warfarin), where 

TE denotes ischemic stroke or systemic embolism, and ICH denotes intracranial 

hemorrhage.
22-24

 However, this approach does not consider gastrointestinal bleeding, and the 

weighting factor reflecting the importance of ICH is identified arbitrarily and subjectively. In 

addition, some studies have tried to combine stroke and bleeding risk-stratification scores to 

estimate overall clinical outcome probabilities including stroke and major bleeding.
25, 26

 

Notwithstanding, the combined risk-stratification scores cannot improve prediction of stroke 
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and major bleeding beyond the individual stroke (CHADS2, CHA2DS2-VASc) or bleeding 

(HAS-BLED) scores.
4
  

 

Thus this study used a new approach to develop and validate a prediction model for patients’ 

individual combined benefit and harm outcomes (stroke with no major bleeding, major 

bleeding with no stroke, neither event, or both stroke and major bleeding) with and without 

warfarin therapy for AF. In the model building, we also assessed the impact of the competing 

risk of death for the combined benefit and harm outcomes on the construction of the new 

prediction model. We used the Kaiser Permanente Colorado (KPCO) anticoagulation 

management cohort in the Denver-Boulder metropolitan area of Colorado in the United States 

to include patients with AF who were and were not prescribed warfarin therapy for 

analyses.
27

 This new prediction model of individualized combined benefit and harm 

outcomes may aid in the patient-physician shared decision-making process for consideration 

of warfarin therapy initiation in real-world settings.  

 

 

Issue 2: Risk factors for and prediction of mortality in critically ill medical-surgical 

patients receiving heparin thromboprophylaxis 

Despite advances in medicine, mortality rates in critically ill patients remain substantially 

high.
28-30

 The Acute Physiology and Chronic Health Evaluation (APACHE) prognostic 

scoring system has been used worldwide to evaluate the severity of illness and estimate the 

risk of hospital mortality for critically ill patients, based on the data collected in the first 24 

hours of an intensive care unit (ICU) admission.
31-36

 Though the APACHE has developed four 

generations of models,
37-40

 the APACHE II score remains the most commonly used severity 

scoring tool in clinical practice and health research mainly due to its simplicity.
41

 However, 

evidence shows that there is limited accuracy of APACHE II score for predicting the risk of 

mortality in different populations and countries.
42-46

 For instance, one systematic review 

found that the median area under the receiver operating characteristic curve of APACHE II 

score for all-cause mortality in critically ill patients was only 0.77.
5
 As well, emerging studies 

have reported additional risk factors for death which are independent of APACHE II scores, 
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including body mass index (BMI),
47, 48

 sex,
49-51

 use of vasopressors,
52

 prothrombin index,
53, 54

 

and platelet count.
55, 56

 

 

In order to improve the predictive accuracy of APACHE II score, the objective of this study 

was to identify risk factors independent of APACHE II score, and develop and validate a new 

prediction model for hospital mortality. Model performances were compared between the 

new prediction model and the APACHE II score. Data were used from a multicenter 

randomized controlled trial named Prophylaxis for Thromboembolism in Critical Care Trial 

(PROTECT) in critically ill medical-surgical patients receiving heparin 

thromboprophylaxis.
57

 The new prediction model may be helpful for physicians in patient 

assessments and management considerations in critically ill patients.  

 

 

Issue 3: Competing risk analysis for evaluation of dalteparin versus unfractionated 

heparin for venous thromboembolism in medical-surgical critically ill patients 

In biomedical research, it is not uncommon for participants to develop a competing risk event 

which prevents observing the outcome of interest.
6, 7

 The competing risk event would 

fundamentally alter the probability of the outcome of interest, thus leading to potential bias in 

treatment effect estimates in clinical trials or relationship estimates in epidemiological 

research.
8
  

 

Critically ill patients admitted to intensive care units (ICUs) are at high risk of venous 

thromboembolism (VTE).
58-60

 The multicenter international randomized controlled trial, 

PROTECT (Prophylaxis for Thromboembolism in Critical Care Trial), evaluated the efficacy 

of dalteparin (a low-molecular-weight heparin) versus unfractionated heparin in preventing 

proximal leg deep vein thromboses (PLDVT) and other VTEs in critically ill patients.
57

 Using 

standard survival analysis (also known as cause-specific analysis), this trial found no 

significant effect of dalteparin versus unfractionated heparin on PLDVT, but a significantly 

superior treatment effect of dalteparin on pulmonary embolism.
57

 Nevertheless, the all-cause 

mortality (23%) was significantly higher than the rate of PLDVT (6%) and pulmonary 
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embolism (2%) in the participants. Death preceding a VTE can preclude the occurrence of 

subsequent PLDVT and pulmonary embolism; therefore death is a competing risk event 

which may potentially bias the treatment effect estimates. It has been reported that the 

cause-specific analysis would yield biased findings because it fails to take into account 

competing risks.
8, 61, 62

 Another concern is that the cause-specific analysis could be 

inappropriate for competing risk analysis since the assumptions of non-informative censoring 

and independence of time distributions between VTE and death may have been violated.
7, 63

 

For example, it is not appropriate to use the Kaplan-Meier method to estimate survival curves 

for VTE due to the competing risk of death. By contrast, the cumulative incidence function 

(CIF, also known as the subdistribution) which is derived from the cause-specific hazard 

function and does not require the independence assumption, should be used to estimate the 

marginal probability of VTE in the presence of competing risk.
64

 

 

We therefore re-analyzed the data from PROTECT to perform a sensitivity analysis based on 

a competing risk analysis to investigate the efficacy of dalteparin versus unfractionated 

heparin in preventing VTE in medical-surgical critically ill patients, taking all-cause death as 

a competing risk for VTE. We also compared results from the competing risk analysis with 

findings from the cause-specific analysis.  

 

 

Outline of the thesis  

This thesis is a ‘sandwich’ of three projects corresponding with the three issues described 

above. The papers are separated into four different chapters beginning with Chapter 2.  

 

Chapter 2 is the proposal for the prediction model of individual combined benefit and harm 

outcomes related to warfarin therapy, proposing all the details on the methodology used. In 

Chapter 3, we used a new approach to develop and validate a prediction model for patients’ 

individual combined benefit and harm outcomes (stroke with no major bleeding, major 

bleeding with no stroke, neither event, or both stroke and major bleeding) with and without 

warfarin therapy for AF. We firstly identified risk factors and built a new prediction model for 
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prediction of the combined benefit and harm outcomes in patients with and without warfarin, 

based on polytomous logistic regression analysis. Subsequently, the model performances, 

internal and external validation were assessed systematically. The prediction model was also 

applied to predicting the combined benefit and harm outcomes with and without warfarin 

therapy for a typical patient newly diagnosed with AF. 

 

In Chapter 4, we identified risk factors independent of APACHE II scores for hospital 

mortality in critically ill patients, and then developed a new prediction model that combined 

the APACHE II score with these additional risk factors. Model performances and validation 

for the new prediction model were evaluated. We also compared the model performances 

between the new prediction model and the APACHE II score. 

 

In Chapter 5, a competing risk analysis was conducted to evaluate the efficacy of dalteparin 

versus unfractionated heparin in preventing VTE in medical-surgical critically ill patients, 

based on data from the PROTECT. The all-cause mortality was taken as the competing risk 

for VTE. Results from the competing risk analysis were compared with those from the 

cause-specific analysis.  

 

Chapter 6 summarizes the main findings of Chapters 2 to 5. The implications and limitations 

of these three studies are also discussed in Chapter 6.  
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ABSTRACT
Introduction: Clinical prediction rules have been
validated and widely used in patients with atrial
fibrillation (AF) to predict stroke and major bleeding.
However, these prediction rules were not developed in
the same population, and do not provide the key
information that patients and prescribers need at the
time anticoagulants are being considered—what is the
individual patient-specific risk of both benefit
(decreased stroke) and harm (increased major
bleeding). In this study, our primary objective is to
develop and validate a prediction model for patients’
individual combined benefit and harm outcomes
(stroke, major bleeding and neither event) with and
without warfarin therapy. Our secondary outcome is
all-cause mortality.
Methods and analysis: We will use data from the
Kaiser Permanente Colorado (KPCO) anticoagulation
management databases and electronic medical records.
Patients with a primary or secondary diagnosis during
an ambulatory KPCO medical office visit, emergency
department visit, or inpatient stay between 1 January
2005 and 31 December 2012 with no AF diagnosis in
the previous 180 days will be included. Patients’
demographic characteristics, laboratory data,
comorbidities, warfarin medication data and concurrent
use of medication will be used to construct the
prediction model. For primary outcomes (stroke with
no major bleeding, and major bleeding with no stroke),
we will perform polytomous logistic regression to
develop a prediction model for patients’ individual
combined benefit and harm outcomes, taking neither
event group as the reference group. As regards death,
we will use Cox proportional hazards regression
analysis to build a prediction model for all-cause
mortality.
Ethics and dissemination: This study has been
approved by the KPCO Institutional Review Board and
the Hamilton Integrated Research Ethics Board.
Results from this study will be published in a peer-
reviewed journal electronically and in print. The
prediction models may aid in patient-physician shared
decision-making when they are considering warfarin
therapy.

BACKGROUND
Atrial fibrillation (AF) is the most common
sustained cardiac dysrhythmia. The presence
of AF is a strong and independent risk factor
for stroke1 with an approximate fivefold
excess risk,2 and for mortality with a doubled
death rate.3 Antithrombotic therapies such as
oral warfarin are now the mainstay for stroke
prevention and recommended in guidelines
for patients with AF.1 3–5

Warfarin is impressively efficacious in pre-
venting stroke and death. A recent
meta-analysis of randomised controlled trials
concluded that warfarin reduced the risk of
stroke and mortality by 64% and 26%,
respectively, compared with placebo or no
treatment.6 Several new oral anticoagulants
including dabigatran, rivaroxaban and apixa-
ban are now available. Their use is increas-
ing, primarily because they do not require
routine anticoagulation intensity monitoring
such as the international normalised ratio
(INR).7 At present, while the evidence, espe-
cially real-world clinical practice evidence, is
evolving for these new drugs, warfarin
remains the dominant oral anticoagulant.8

For all anticoagulants, the most important

Strengths and limitations of this study

▪ The prediction model can provide comprehensive
information on the individual combined benefit
and harm with and without warfarin for each
patient with atrial fibrillation.

▪ The prediction model may aid in patient-
physician shared decision-making when they are
considering warfarin therapy.

▪ Rigorous statistical analyses are performed for
model construction and assessment.

▪ Potential limitation includes the data accuracy of
the administrative databases used in this study.
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and worrisome adverse event is major bleeding espe-
cially intracranial haemorrhage (ICH).5 9 10 Fear of
bleeding, risk proclivity regarding stroke, and antipathy
about taking an additional medication and undergoing
blood tests has led to underuse by patients with AF who
are qualified candidates for warfarin therapy.11–15

Clinical prediction rules have been validated in
patients with AF to predict stroke and bleeding ( JA
Pereira. Methods to predict individualized combined
benefit/harm patient profiles for warfarin. Graduate
Department of Pharmaceutical Sciences [unpublished
doctoral dissertation] Toronto, Canada: University of
Toronto, 2008). The CHADS2 (Congestive heart failure,
Hypertension, Age >75 years, Diabetes, Previous Stroke
(2 points)) and the CHA2DS2-VASc scores are recom-
mended (Congestive heart failure; Hypertension; Age
≥75 years (2 points); Diabetes mellitus; Stroke (2
points); Vascular disease, Age 65–74 years and Sex
(female)) to predict the risk of stroke.3 5 16 17 For pre-
diction of major bleeding with warfarin, the HAS-BLED
score (Hypertension; Abnormal renal/liver function;
Stroke; Bleeding history or predisposition; Labile INR;
Elderly ( >65 years); Drugs/alcohol concomitantly) has
been validated.3 5 18–21

Despite their usefulness as guides, the classification
schemes above were not developed in the same popula-
tion, and do not provide the key information that
patients and prescribers need at the time anticoagulants
are being considered—what is the individual patient-
specific risk of both benefit (decreased stroke) and
harm (increased bleeding). A prediction rule to assess
the probabilities of both stroke and major bleeding sim-
ultaneously in the same population is required. Some
studies have focused on combined benefit and harm
profiles of warfarin versus no warfarin for individual
patients with newly diagnosed AF. For example, several
studies have used a ‘net benefit’ approach for warfarin
which took into account the main benefit (reduced
risk of stroke) and the main harm (increased risk of
bleeding) in the same population.22–24 However, the
weighting factor reflecting relative impact for calculation
(ie, net benefit=(TE rateoff warfarin−TE rateon warfarin)
−weight×(ICH rateon warfarin−ICH rateoff warfarin), where
TE denotes ischaemic stroke or systemic embolism) was
chosen arbitrarily.22–24 The chosen weight of 1.5 for ICH
assumes that patients with AF would weigh ICH as 50%
worse than TE. These studies failed to give careful con-
sideration to actual data on patient values and prefer-
ences,25–27 and did not consider the much more
common gastrointestinal (GI) bleeding.
Considerations of rates of benefit and harm in patients

with AF must also consider mortality, since these are typ-
ically older patients and mortality is high. For instance,
in an American community-based cohort, the death rate
in a population with AF was over 60% during a mean
follow-up of 5.3 years.28 Therefore, death is essentially a
competing risk of stroke and major bleeding. However,
the existing risk stratification schemes do not deal with

the death as a competing risk.16–18 29 Given that the
three non-lethal outcomes associated with AF (‘no
major bleeding and no stroke’, ‘stroke’ and ‘major
bleeding’) are not mutually exclusive, and patients
deserve to have this critical information on their individ-
ual risk of benefit and harm at the time they are consid-
ering whether to take warfarin or not, it is imperative to
derive valid predictions for and calculate the probabil-
ities of individualised combined benefit and harm out-
comes of warfarin. Furthermore, methods of
considering mortality as a competing risk with stroke
and major bleeding are needed.
In this study, we will complete the development and

external validation of a prediction model for each
patient’s individual combined benefit and harm out-
comes (stroke with no major bleeding, major bleeding
with no stroke and neither event) with and without war-
farin therapy, based on the Kaiser Permanente Colorado
(KPCO) anticoagulation management databases and
electronic medical records. Our secondary objective is to
devise a model to predict all-cause mortality.

METHODS
Patients and settings
KPCO is a geographic section of a large national non-
profit group model Health Maintenance Organization.
KPCO is an integrated healthcare delivery system provid-
ing medical care to approximately 550 000 patients in
the Denver-Boulder metropolitan area of Colorado in
the USA.30 Patients who are members of KPCO are
offered anticoagulation services by a centralised Clinical
Pharmacy Anticoagulation Service (CPAS) ( JA Pereira.
Unpublished doctoral dissertation, 2008). CPAS clinical
pharmacists initiate, adjust and refill warfarin and order
relevant laboratory tests for patients, working in collabor-
ation with the referring physicians and applying standar-
dised dosing algorithms.30 In this study, data will also be
obtained for patients with AF in KPCO who are not
taking warfarin or managed by CPAS.
New diagnoses of AF will be determined using

International Classification of Disease, Ninth Revision,
Clinical Modification (ICD-9-CM) diagnosis codes
427.31 and 427.32 from the KPCO Virtual Data
Warehouse (VDW) Diagnosis Database. The codes can
be recorded either as primary or secondary diagnosis
during an ambulatory KPCO medical office visit, emer-
gency department (ED) visit or inpatient stay between
1 January 2005 and 31 December 2012 with no AF
diagnosis in the previous 180 days. Patients with their
continuous KPCO membership <180 days prior to AF
diagnosis, or aged <18 years, will be excluded. Warfarin
non-users will be excluded if they die before their
assigned index date (defined below), and warfarin
users will be excluded if they have a purchase of war-
farin during the 180 days prior to their AF diagnosis or
a supply from a warfarin purchase that overlaps into
the 180 days.
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Patients newly diagnosed with AF from 1 January 2005
to 31 December 2008 (KPCO-I, derivation cohort) will
be used to construct the prediction model cohort, while
patients with a new AF diagnosis from 1 January 2009 to
31 December 2012 (KPCO-II, validation cohort) will be
used as external validation of the prediction models.31

These are both 4-year blocks of time.

Study design
We define study start date as the date of AF diagnosis for
each patient. Study diagnosis end date is defined as 31
December 2008 and 31 December 2012 for the deriv-
ation and validation cohort, respectively. Study outcome
end date is 30 June 2009 and 30 June 2013 for the deriv-
ation and validation cohort, respectively. During the
time period from study start date to study outcome end
date, patients who have no less than one purchase of
warfarin will be categorised into warfarin users, while
patients with no purchase of warfarin will be considered
warfarin non-users.
Given that warfarin users may not take warfarin imme-

diately after the diagnosis of AF (ie, study start date),
there is immortal time bias in favour of warfarin.32 That
is, warfarin users who do not take warfarin initially after
diagnoses as AF have to be ‘immortal’ before their
inception of warfarin, which would provide warfarin
users with an artificial survival advantage over those
never on warfarin and thus overestimate the benefit of
warfarin.32 33 To control for immortal time bias, for war-
farin users their study index date will be determined as
the first date of warfarin purchase after their AF diagno-
sis. Subsequently, warfarin non-users will be assigned an
index date that corresponds to the length of time after
the study start date to the index date for their randomly
matched (on year of AF diagnosis) warfarin user.34

Warfarin non-users who die before their assigned index
date will be excluded from the analysis. The length of
time from study start date to the index date for warfarin
users will be restricted to 180 days, in order to control
the skewness of the distribution and achieve maximum
matching.34 Therefore, warfarin users whose length of
time from study start day to index date exceeds 180 days
will also be excluded.
All included patients will be followed up after the

index date until death, termination from the KPCO
system or the study outcome end date (30 June 2009 for
KPCO-I, and 30 June 2013 for KPCO-II), whichever
occurs first.

Outcome measures
The events of interest, including stroke, major bleeding
and death, will be identified after the index date until
study outcome end date. For the primary objective, all
the patients will be categorised as one of the three com-
bined outcome groups: stroke with no major bleeding,
major bleeding with no stroke or neither event. For the
secondary objective, patients will be grouped into either
survival group or non-survival group.

Some patients may have a diagnosis of stroke and/or
major bleeding predating their index date. Stroke and/
or bleeding before the index date will be considered as
a risk factor to reflect comorbidity (ie, prior stroke,
bleeding) rather than as an end point event of interest
in this study. Meanwhile, there may be some patients
experiencing both a stroke and major bleeding chrono-
logically during follow-up. We choose the event that
happens first as our outcome, and categorise the patient
into the corresponding group, in order to include as
many outcome events as possible.
All stroke and major bleeding events will be adminis-

tratively identified from the VDW Diagnosis Database
recorded in an ambulatory KPCO medical office visit,
ED visit or inpatient stay after the index date until
outcome end date using ICD-9-CM codes. Table 1 shows
the ICD-9-CM codes for stroke and major bleeding used
in this study. Stroke events will be identified based on
ICD-9-CM codes 433.xx, 434.xx, 436.xx in this study, in
which the codes have been validated in a KPCO study
with high positive predictive values.35 Bleeding which
results in an ED visit requiring a transfusion, or an
admission to hospital will be considered as major bleed-
ing.36 We will not identify the major bleeding that causes
a fall in haemoglobin level of at least 20 g/L but does
not require a transfusion,37 because no data on haemo-
globin for the patients during follow-up are available in

Table 1 ICD-9-CM codes for stroke and major bleeding

outcomes

Outcome measure ICD-9-CM codes

Stroke 433.xx

434.xx

436.xx

Major bleeding

Haemorrhagic stroke 430.xx, 431.xx, 432.xx

GI bleeding (including upper and lower GI bleeding)

Upper GI 456.0, 530.7, 530.82;

531.0, 531.2, 531.4, 531.6;

532.0, 532.2, 532.4, 532.6;

533.0, 533.2, 533.4, 533.6;

534.0, 534.2, 534.4, 534.6;

535.01, 535.21, 535.31, 535.41,

535.51, 535.61;

537.83

Lower GI 562.02, 562.03, 562.12, 562.13;

568.81, 569.3, 569.85, 578

Other major bleeding 287.8, 287.9;

459.0,

596.7,

599.7,

627.1,

719.1,

784.7, 784.8,

786.3

GI bleeding, gastrointestinal bleeding; ICD-9-CM, International
Classification of Disease, Ninth Revision, Clinical Modification
diagnosis.
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this study. All ICH will be counted as major bleeding
rather than strokes. Information on deaths for included
patients will be obtained from the VDW Death Database.

Independent variables
All patients’ demographic factors, laboratory data,
comorbidities, warfarin medication data and concurrent
use of medication will be retrieved from the administra-
tive KPCO databases and patients’ electronic medical
record. The KPCO databases link patients’ pharmacy
profiles, such that patients’ medications information
including warfarin-related data can be accessed.
Approximately 94% of KPCO prescriptions are pur-
chased at in-house pharmacies.
Specifically, in this study, demographic data include

patients’ gender and baseline age. Laboratory data
include INR, haemoglobin, serum creatinine and
albumin, where all the measures are most proximal to
but before the index date.
For comorbidities, data recorded in an ambulatory

KPCO medical office visit in the 180 days prior to the
index date will be obtained. We will retrieve the
comorbidity data including the components of the
CHA2DS2-VASc and HAS-BLED schemes, as well as the
comorbidities included in the Charlson Comorbidity
Index,38 in order to obtain a comprehensive list of
comorbidities as potential independent variables.
Concretely, data on comorbidities include the presence
of congestive heart failure, hypertension, diabetes, prior
stroke/transient ischemic attack, myocardial infarction,
peripheral vascular disease, renal disease, liver disease,
prior major bleeding (including GI bleeding and ICH),
concomitant use of antiplatelets or non-steroidal anti-
inflammatory drugs (NSAIDs), alcohol abuse, other
cerebrovascular disease, dementia, peptic ulcer disease,
chronic pulmonary disease, rheumatic disease, AIDS,
hemiplegia or paraplegia, and any malignancy (includ-
ing lymphoma and leukaemia and metastatic solid
tumour, except malignant neoplasm of skin). Table 2
shows the ICD-9-CM codes for the comorbidities ana-
lysed in this study.
Warfarin medication data include the presence of sold

prescriptions for warfarin from a KPCO pharmacy
between the index date and outcome end date. Length
of time in days from study start date to the purchase
date will be recorded. In addition, data on each sold
warfarin prescription’s length of time from index date
and days of medication supplied will be obtained.
For concurrent medication data, the presence of a

sold prescription for the purchases during the 90 days
after the index date will be recorded. Our analysis will
be restricted to those concomitant medications for
which there is evidence of an interaction that potenti-
ates or inhibits the effect of warfarin, based on the sys-
tematic review of interactions of warfarin with other
drugs.39 40 Table 3 displays the complete medication list
used in this study, which includes other anticoagulants,
antiplatelets, NSAIDs and selected representatives of

other families including anti-infective agents, cardiac
drugs, central nervous system drugs, GI drugs, etc.

Statistical analyses
All data will be examined on a descriptive basis and pre-
sented as the mean±SD for continuous variables, and
frequency and percentages for categorical variables.
Student t test will be used to compare continuous vari-
ables, and χ2 test will be applied for categorical variables
between warfarin users and non-users. Unless otherwise
specified, all statistical tests will be two-sided using an α
level of 0.05.
Since there are three multinomial levels for the

primary outcomes (stroke with no major bleeding,
major bleeding with no stroke or neither event), we will
use polytomous logistic regression (PLR) to develop a
prediction model for patients’ individual combined
benefit and harm outcomes. Using neither event group
as the reference group, two models will be constructed
to predict stroke with no major bleeding, and major
bleeding with no stroke, respectively. As regards death,
we will use Cox proportional hazards regression analysis
to build a prediction model for all-cause mortality.

Sample size
For logistic regression, a fitted model is likely to be reli-
able and stable when the number of participants with
the outcome (ie, either stroke with no bleeding, or
bleeding with no stroke, or bleeding with stroke) is
10–15 times the number of predictor variables.41 42 We
anticipate that about 10 predictors will be included into
the PLR model maximally; therefore 100 stroke with no
major bleeding, and 100 major bleeding with no stroke
will be required to devise the PLR models in the deriv-
ation cohort.

Face validity of the KPCO data
We will show the trend of the incidence rates of stroke
in KPCO-I and KPCO-II stratified by CHA2DS2-VASc
score, and the incidence rates of major bleeding strati-
fied by HAS-BLED score, which can judge the validity of
the KPCO cohort for patients with AF by ensuring that it
conforms to previously validated clinical prediction
rules.

Model construction
For primary outcomes in patients with AF in the KPCO-I
cohort, first, because predictors that are highly corre-
lated with others contribute little independent informa-
tion, pruning candidate predictors is required.43 The
effect of multicollinearity between predictors would
inflate the values of the SEs of the coefficients in the
model, which may drive some predictors away from stat-
istical significance. To avoid this, the variance inflation
factor with a threshold of 4 will be chosen to determine
whether predictors are redundant and highly corre-
lated.44 Subsequently, for each pair of patients (ie, stroke
with no major bleeding vs neither event, major bleeding

4 Li G, et al. BMJ Open 2015;5:e009518. doi:10.1136/bmjopen-2015-009518
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with no stroke vs neither event), univariate logistic
regression will be performed first before selecting signifi-
cant variables for multivariable regression, where the α
level of 0.20 will be chosen to ensure χ2 measures
include all possible predictors. After taking multicolli-
nearity into account and selecting significant variables
based on univariate logistic regression, PLR will be used
to build the prediction models.
To investigate whether warfarin can modify the effect

of other predictors in the PLR models on stroke and
major bleeding, all the two-way interactions between war-
farin status (ie, with or without warfarin) and other pre-
dictors will be tested. Significant interactions with a
priori α value of ≤0.05 between warfarin and other pre-
dictors will be retained and added into the prediction

models. Moreover, given the importance and potential
interactions of the predictors composing the
CHA2DS2-VASc and HAS-BLED schemes (eg, sex, age,
hypertension), we will also evaluate the two-way interac-
tions along with their main effect terms if they are kept
in our PLR models.45 Then the significant interactions
with an α value of ≤0.05 will be included to update and
finalise the PLR models. For instance, if hypertension
and age are included in our PLR models, we will also
test the significance of their two-way interaction (hyper-
tension×age) before choosing this interaction into the
finalised PLR models.
For secondary outcome, Cox regression model will be

applied to building the prediction model of death.
Similar procedures to those for primary outcomes will

Table 2 ICD-9-CM codes for comorbidities

Comorbidity ICD-9-CM codes

Components of CHA2DS2-VASc

Congestive heart failure 398.91, 402.01, 402.11, 402.91, 428.x, 518.4; 404.01,

404.03, 404.11, 404.13, 404.91, 404.93

Hypertension 401.x, 402, 405

Diabetes 250, 253.5, 271.4, 275.0, 357.2, 362.0, 588.1, 648.0, 790.2,

790.6

Prior stroke/TIA V12.54; 433.xx, 434.xx, 436.xx; 435.xx

Vascular diseases

Myocardial infarction 410.x, 412.x

Peripheral vascular disease 093.0, 437.3, 440.x, 441.x, 443.1–443.9, 47.1, 557.1, 557.9,

V43.4

Components of HAS-BLED

Hypertension Same as above

Abnormal renal/liver function

Renal disease 403.01, 403.11, 403.91, 404.02, 404.03, 404.12, 404.13,

404.92, 404.93, 585.3–585.9, 586,

V42.0, V45.1, V56.x

Moderate/severe liver disease 456.0–456.2, 570, 572.2–572.8, 573.4–573.5, V42.7

Prior stroke/TIA Same codes as stroke outcome

Prior bleeding

Major bleeding history Same codes as major bleeding outcome

Bleeding predisposition (anaemia) 280.8–280.9, 281.0–281.9, 282.2, 282.3, 282.8, 282.9, 283.0,

283.10, 283.19, 283.9, 284.x, 285.x, 648.2,

V18.2, V78.0, V78.1

Drugs/alcohol concomitantly

Use of antiplatelets and NSIADs V58.63, V58.64

Alcohol abuse 291 303.00, 303.01, 303.02, 303.90, 303.91, 303.92, 305.00,

305.01, 305.02, 357.5, 425.5, 535.3

Other comorbidities

Other cerebrovascular disease 362.34, 437.xx, 438.xx

Dementia 290.x, 294.1, 331.2

Chronic pulmonary disease 416.8, 416.9, 490.x–505.x, 506.4, 508.1, 508.8

Rheumatic disease 446.5, 710.0–710.4, 714.0– 714.2, 714.8, 725.x

Peptic ulcer disease 531.x–534.x

Hemiplegia or paraplegia 334.1, 342.x, 343.x, 344.0–344.6, 344.9

Any malignancy, including lymphoma and leukaemia and

metastatic solid tumour, except malignant neoplasm of skin

140.x–172.x, 174.x–195.8, 200.x–208.x, 238.6

196.x–199.x

AIDS/HIV 042.x–044.x

CHA2DS2-VASc, Congestive heart failure; Hypertension; Age ≥75 years (2 points); Diabetes mellitus; Stroke (2 points); Vascular disease,
Age 65–74 years and Sex (female); HAS-BLED, Hypertension; Abnormal renal/liver function; Stroke; Bleeding history or predisposition; Labile
international normalised ratio; Elderly ( >65 years); Drugs/alcohol concomitantly; ICD-9-CM, International Classification of Disease, Ninth
Revision, Clinical Modification diagnosis; NSIADs, non-steroidal anti-inflammatory drugs; TIA, transient ischaemic attack.
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be followed, that is, choose the variables without multi-
collinearity and those significant predictors in univariate
analysis to make up the model, then include the signifi-
cant interactions (warfarin×other predictors, two-way
interactions of the predictors composing the
CHA2DS2-VASc and HAS-BLED schemes) to finalise the
model to predict death. A statistical test of proportional
hazards assumption and a graphical examination using
Schoenfeld residuals will be carried out to assess the pro-
portional hazards assumption.46

Sensitivity analyses
For missing data, if <10% of observations on a variable
are missing, the mean or median of the variable in its
group will be used for imputation. If no less than 10%
of data are missing, assuming they are missing at
random, multiple imputations will be performed using
clinical judgement to identify factors to be included in
the imputation model.47 48 If multiple imputations are
used, as a sensitivity analysis, the obtained PLR results
will be compared with the original PLR models with
missing data.
Since there may be gaps in the consumption of war-

farin for the patients during follow-up, another sensitiv-
ity analysis will be conducted using warfarin as a
time-dependent covariate, to investigate whether the
effect of warfarin is robust on stroke and major bleeding
in the PLR model, and death in the Cox model, respect-
ively.49 We will use the gap of >30 days between the last
day when a previous purchase is expected to run out
and the first day of the next purchase, to indicate war-
farin discontinuation for warfarin users.
Moreover, to investigate whether the predictors are

sensitive after taking all-cause death (as a competing risk

of stroke and major bleeding) into account, we will
perform a competing risk analysis to obtain the hazard
functions for stroke and major bleeding separately. Two
proportional subdistribution hazards models of the Fine
and Gray method50 will be constructed for stroke and
major bleeding, respectively. In the competing risk ana-
lysis, patients who die ahead of an event of stroke or
major bleeding will be left in the risk set with decreasing
weight to account for declining observability, rather than
being treated as simple censoring.50 Predictors and their
coefficients in the proportional subdistribution hazards
models will be used to compare with those in the PLR
models.

Model performance
To assess calibration of the PLR models for primary out-
comes, we will compare the predicted risks of stroke
with no major bleeding, and major bleeding with no
stroke to the observed event rates in different deciles of
predicted risks.51 52 Differences between predicted and
observed event rates will be used to calculate a
Hosmer-Lemeshow statistic, where a non-significant
result indicates no evidence of lack of fit to the data. To
assess discriminability, we will calculate the area under
the two receiver operating characteristic curves (AUC)
for each pair of comparison: stroke with no major bleed-
ing versus neither event, and major bleeding with no
stroke versus neither event.
Regarding the Cox model for all-cause death, we will

evaluate the model calibration by comparing the pre-
dicted risk of death and observed rates across each 10th
of the observed risk,51 52 where the observed risk will be
calculated using the Kaplan-Meier product-limit esti-
mate. Goodness-of-fit of the model will be investigated

Table 3 Concurrent medication list* included for analysis

Concurrent

medication group Drug list

Other anticoagulants Dalteparin, fondaparinux, heparin, tinzaparin, apixaban, dabigatran, rivaroxaban

Antiplatelets Abciximab, Aggrenox (dipyridamole+ASA), aspirin, clopidogrel, dipyridamole, eptifibatide, prasugrel,

ticagrelor, ticlopidine, tirofiban

NSAIDs Celecoxib, diclofenac, etodolac, fenoprofen, flurbiprofen, ibuprofen, indomethacin, ketoprofen,

ketorolac, mefenamic acid, meloxicam, nabumetone, naproxen, oxaprozin, piroxicam, rofecoxib,

sulindac, tolmetin, valdecoxib

Antibiotics Amoxicillin, amoxycillin/clavulanic acid, nafcillin, cefaclor, cefadroxil, cefazolin, cefixime, cefoxitin,

cefprozil, cefradine, ceftriaxone, cefuroxime, cephalexin, ciprofloxacin, levofloxacin, moxifloxacin,

doxycycline, erythromycin, cotrimoxazole, rifampin

Antifungals Fluconazole, metronidazole, miconazole, voriconazole, griseofulvin

Antitubercular agents Isoniazid

Cardiac drugs Amiodarone, propafenone, diltiazem, propranolol

Antilipemic drugs Clofibrate, fenofibrate, cholestyramine

Antidepressants Citalopram, escitalopram, fluoxetine, fluvoxamine, paroxetine, sertraline

Other CNS drugs Entacapone, carbamazepine, Butalbital, pentobarbital, Phenobarbital, thiopental

GI drugs Cimetidine, omeprazole, lansoprazole, esomeprazole, pantoprazole, rabeprazole

Other drugs Tramadol

*Only the medications with evidence of an interaction that potentiates or inhibits the effect of warfarin are included.
ASA, acetylsalicylic acid; CNS drugs, central nervous system drugs; GI drugs, gastrointestinal drugs; NSAIDs, non-steroidal anti-inflammatory
drugs.
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using a Gronnesby and Borgan test with 10 groups
according to the predicted risk score, in which a non-
significant result implies the model is a good fit.53

Harrell’s C index will be calculated to assess the discrim-
inability of the model.54

For a typical newly diagnosed patient with AF, we will
input his/her individual information into the PLR
models and calculate the probability of stroke with no
major bleeding, major bleeding with no stroke and
neither event, respectively.55 We can also calculate his/
her probability of death using the Cox regression model.

Model validation
As internal validation of the PLR models, a 10-fold cross-
validation and a bootstrap analysis resampling 1000
times with replacement will be conducted to assess the
models’ validation. The AUCs of the original PLR
models will be compared with those of cross-validation,
while coefficients from the original PLR models will be
contrasted with those from bootstrap models.
KPCO-II cohort will be used for external validation of

the PLR models. Because the incidences of stroke and
major bleeding in KPCO-I and KPCO-II cohort may be
different, we will update the original models for the val-
idation cohort.55–57 Then the assessment of calibration,
goodness-of-fit and discriminability will be again per-
formed in KPCO-II cohort. We will also use KPCO-II
cohort to externally validate the prediction model for
death.

Ethics and dissemination
Results from this study will be published in a peer-
reviewed journal electronically and in print. The predic-
tion models can provide comprehensive information on
the individual combined benefit and harm with and
without warfarin for patients with AF, which may aid in
patient-physician shared decision-making when they are
considering warfarin therapy. For the warfarin users, the
models will also help enhance patients’ medication
adherence once the patients are clear about their indi-
vidual predicted risk of outcomes, after they initialise
warfarin therapy in the real world.
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Abstract 

Objectives: To construct and validate a prediction model for individual combined benefit and 

harm outcomes (stroke with no major bleeding, major bleeding with no stroke, neither event, 

or both) in patients with atrial fibrillation (AF) with and without warfarin therapy. 

 

Methods: Using the Kaiser Permanente Colorado databases, we included patients newly 

diagnosed with AF between January 1, 2005 and December 31, 2012 for model construction 

and validation. The primary outcome was a prediction model of composite of stroke or major 

bleeding using polytomous logistic regression (PLR) modelling. The secondary outcome was 

a prediction model of all-cause mortality using the Cox regression modelling.  

 

Results: We included 9074 patients with 4537 and 4537 warfarin users and non-users, 

respectively. In the derivation cohort (n = 4632), there were 136 strokes (2.94%), 280 major 

bleedings (6.04%) and 1194 deaths (25.78%) occurred. In the prediction models, warfarin use 

was not significantly associated with risk of stroke, but increased the risk of major bleeding 

and decreased the risk of death. Both the PLR and Cox models were robust, internally and 

externally validated, and with acceptable model performances.  

 

Conclusions: In this study, we introduce a new methodology for predicting individual 

combined benefit and harm outcomes associated with warfarin therapy for patients with AF. 

Should this approach be validated in other patient populations, it has potential advantages 

over existing risk stratification approaches as a patient-physician aid for shared 

decision-making  

 

Keywords: atrial fibrillation; warfarin; prediction model; polytomous logistic regression; 

stroke; major bleeding 



 Ph.D Thesis - G. Li; McMaster University - Health Research Methodology 

25 

 

Introduction 

Atrial fibrillation (AF) is a common, age-related, chronic arrhythmia that is a major risk 

factor for stroke and mortality [1,2]. At present, oral anticoagulants are the mainstay for 

stroke prophylaxis in patients with AF [3]. Despite the growth in use of newer oral 

anticoagulants, warfarin remains a dominant antithrombotic therapy for AF, where it lowers 

rates of stroke as well as mortality [2-5]. However, the use of anticoagulants also is 

associated with an increased risk of major bleeding including intracranial hemorrhage (ICH). 

Thus, this combination of potential life-saving benefit and life-threatening harm may 

dissuade clinicians from prescribing warfarin for eligible patients [6-10].  

 

Clinical prediction rules such as the CHADS2 (Congestive heart failure, Hypertension, 

Age > 75 years, Diabetes, Previous stroke [2 points]) and the CHA2DS2-VASc (Congestive 

heart failure; Hypertension; Age ≥ 75 years [2 points]; Diabetes mellitus; Stroke [2 points], 

Vascular disease, Age 65-74 years, and Sex category [female]) scores have been developed 

and widely used to predict stroke risk in AF patients [2,4,11,12]. Likewise, the HAS-BLED 

score (Hypertension; Abnormal renal/liver function; Stroke history; Bleeding history or 

predisposition; Labile international normalized ratio [INR], Elderly [>65 years]; 

Drugs/alcohol concomitantly) has been validated to predict risk of major bleeding with 

warfarin therapy [2,4,13-16]. Unfortunately, the CHADS2, CHA2DS2-VASc and HAS-BLED 

scores were not devised in the same population and thus are unable to assess simultaneously a 

patient’s potential for benefit and/or harm with warfarin therapy [17].  

 

While the CHADS2, CHA2DS2-VASc and HAS-BLED scores help estimate an 

individual’s chance of benefit and harm separately, a more sophisticated methodology is 

needed. The ‘net benefit’ approach involves calculating the main benefit of warfarin therapy 

(reduced risk of stroke or systemic embolism) then deducting the main harm 

(weight*increased risk of ICH, weight = 1.5) in the same population [18-20]. However, this 

approach does not take into account gastrointestinal (GI) bleeding risk, and the weighting for 

ICH is chosen arbitrarily.  
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In general, treatment effects of warfarin therapy for individual patients can be divided 

into four quadrants: 1) benefit without harm; 2) harm without benefit; 3) neither benefit or 

harm; and 4) both benefit and harm simultaneously (Table 1). A method for predicting the 

probabilities of the four outcome quadrants (i.e., individualized combined benefit and harm 

outcomes) for each patient is needed. The polytomous logistic regression (PLR) modelling 

can be used for predictions due to the four multinomial levels of outcomes [21,22]. Therefore, 

the objective of this study was to use the PLR modelling to construct and externally validate a 

prediction model for patients’ individual combined benefit and harm outcomes (stroke with 

no major bleeding, major bleeding with no stroke, neither event, or both stroke and major 

bleeding) with and without warfarin therapy for AF. In real-world clinical settings, the 

prediction of individualized combined benefit and harm outcomes related to warfarin therapy 

could assist with the patient-physician shared decision-making process.  

 

Methods 

Study design and setting  

The methods have been described in detail previously [17]. Briefly, Kaiser Permanente 

Colorado (KPCO), a non-profit, integrated health care delivery system in the U.S. 

Denver-Boulder metropolitan area, utilizes a centralized anticoagulation service that provides 

anticoagulation services for KPCO patients with AF [23,24]. KPCO maintains extensive 

medical, pharmacy, laboratory, utilization, mortality, and membership electronic, integrated 

administrative datasets. Data were extracted for KPCO patients diagnosed with AF who were 

and were not prescribed warfarin therapy and analyzed at St. Joseph’s Healthcare Hamilton in 

Hamilton, ON. The KPCO Institutional Review Board and the Hamilton Integrated Research 

Ethics Board approved this study with a waiver for informed consent.  

 

Patients newly diagnosed with AF between January 1, 2005 and December 31, 2012 were 

included. Newly diagnosed status was defined by absence of AF diagnosis in the previous 180 

days. Patients were followed for up to 180 days after AF diagnosis to assess if warfarin therapy 

was initiated. Patients who had at least one warfarin purchase or no warfarin purchases were 

grouped as warfarin users and non-users, respectively. Warfarin non-users were randomly 
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matched 1:1 to warfarin users on year of AF diagnosis [25]. Patients with AF diagnosed 

between January 1, 2005 and December 31, 2008 comprised the derivation cohort (KPCO-I), 

while patients with AF diagnosed between January 1, 2009 and December 31, 2012 

comprised the validation cohort (KPCO-II) [26].  

 

Study patients   

The date of AF diagnosis for each patient was defined as study start date. To include as many 

outcomes as possible, study outcome end date was defined as June 30, 2009 and June 30, 

2013 for the derivation and validation cohorts, respectively. To control the potential of 

immortal time bias, the study index date for warfarin users was defined as the first warfarin 

purchase date after start date [27,28]. Warfarin non-users were assigned an index date 

corresponding to the length of time from study start date to the index date of their 

randomly-matched warfarin user [25]. A warfarin non-user who died before her/his assigned 

index date and her/his matched user were excluded. Patients were followed from index date 

until KPCO plan disenrollment, death, or study outcome end date, whichever came first [17].  

 

Outcomes 

The primary outcome was a prediction model of composite of stroke or major bleeding. The 

secondary outcome was a prediction model of all-cause death. All of the outcomes were 

assessed from the index date to outcome end date. For the prediction model of stroke or 

major bleeding, we categorized patients into one of the four outcome groups based on their 

survival time to first event: stroke with no major bleeding, major bleeding with no stroke, 

neither event, or both stroke and major bleeding. For the prediction model of all-cause 

mortality, patients were categorized into survival or non-survival groups. 

 

Stroke and major bleeding events were identified during an ambulatory KPCO medical 

office visit, emergency department (ED) visit, or inpatient stay using International 

Classification of Disease, Ninth Revision, Clinical Modification (ICD-9-CM) codes in the 

primary position. Major bleeding was defined as bleeding that led to a hospital admission or 

an ED visit requiring a transfusion [29]. However, bleeding that caused a drop in hemoglobin 
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of ≥ 20g/L but did not necessitate a transfusion [30] was not included as major bleeding since 

no inpatient or ED hemoglobin laboratory values were available. ICH was categorized as 

major bleeding, rather than stroke. Stroke or major bleeding occurring before the index date 

was categorized as a risk factor (i.e., prior stroke, prior major bleeding) rather than a study 

outcome [17].  

 

Potential predictors of benefit and/or harm  

The potential predictors used in this study included patients’ demographic characteristics 

(e.g., sex, age), laboratory measures, baseline comorbidities, warfarin use, and concurrent use 

of medications that interact with warfarin. Laboratory measurements included INR, 

hemoglobin, serum creatinine and albumin recorded most proximal but prior to the index date. 

Comorbidities were from ambulatory KPCO medical office visits in the 180 days prior to the 

index date. Comorbidities were components of the CHA2DS2-VASc and HAS-BLED schemes, 

as well as components included in the Charlson Comorbidity Index [31]. Data on warfarin 

use included the length of time from study start date to the first purchase date, the length of 

time for each dispensed warfarin prescription from index date, and days of warfarin supplied. 

Concurrent use of other medications included purchases for medications made during the 90 

days after index date. Medications for which there was evidence of an interaction that 

inhibited or potentiated the effect of warfarin, according to the findings from systematic 

reviews [32,33], were included. 

 

Statistical analyses  

All tests were two-sided with a significance level of 0.05, unless otherwise specified. We 

described continuous variables as means (+/- standard deviations [SDs]), and frequencies and 

percentages for categorical variables. Student’s t-tests were used to compare continuous 

variables and chi-square tests of associations were applied for categorical variables. In the 

derivation and validation cohort, we assessed the stroke and major bleeding incidence rate 

trends stratified by the CHA2DS2-VASc score and HAS-BLED score, respectively.  

 

Model building  
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PLR modeling was used to develop a prediction model for the four individual benefit and 

harm outcomes using the neither event group as the referent category. Odds ratios (ORs) with 

95% confidence intervals (CIs) were used to quantify the relationship between outcomes and 

predictors. We employed Cox proportional hazards regression analysis to build a prediction 

model for all-cause mortality, using hazard ratios (HRs) to quantify the associations between 

predictors and mortality.  

 

Both the PLR and Cox regression models followed the same procedures for model 

construction. First, the effect of multicollinearity was evaluated using the criterion of a 

variance inflation factor ≥ 4 to prune candidate predictors. Subsequently, we performed 

univariate analyses to select significant variables for multivariable analyses with an alpha 

level ≤ 0.20. Lastly we identified significant two-way interactions to finalize our prediction 

models [17].  

 

For the primary outcome, three sensitivity analyses were performed by: 1) using multiple 

imputations if missing data were ≥ 10%; 2) treating the use of warfarin as a time-dependent 

covariate to evaluate the effect of warfarin on stroke and major bleeding, using a gap of > 30 

days to indicate warfarin discontinuation [34]; and 3) employing a competing risk analysis 

using the Fine and Gray method to take into account all-cause mortality as a competing risk 

of stroke and major bleeding [35].  

 

Model performance and validation  

Comparison between the predicted and observed risks in deciles was used to evaluate 

calibration of the prediction models. Discrimination was measured by the area under the 

receiver operating characteristic curves (AUCs) for the PLR model and Harrell's C index for 

the Cox model. Goodness-of-fit was assessed by a Hosmer-Lemeshow statistic and 

Gronnesby and Borgan test with ten groups based on the predicted risk scores for the PLR 

and Cox models, respectively [17].  

 

Two internal validations were performed for the PLR model by using 10-fold 
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cross-validation and bootstrap analysis. We also used bootstrap analysis to internally validate 

the Cox model for all-cause mortality. For the external validation, because the incidence rates 

of outcomes were different from the derivation and validation cohorts and there was evidence 

that the original models were not a good fit to the validation cohort, we updated the models’ 

intercepts as well as the regression coefficients by using the calibration intercepts and 

calibration slopes [22,36,37]. The evaluation of goodness-of-fit, calibration, and 

discrimination was repeated in the validation cohort.  

 

Analyses were performed with the software packages SAS Version 9.3 (SAS Institute, 

Inc., Cary, NC) and STATA Version 12 (Stata Corp., College Station, TX, USA). For the 

calibration plots of the PLR model, we used the software R version 3.2.1 (R Foundation for 

Statistical Computing, Vienna, Austria) with the Design library.  

 

Results  

Patient characteristics  

We included 9074 patients diagnosed with AF with 4537 and 4537 warfarin users and 

non-users, respectively (see Supplemental Figure 1 for patient dispositions). Overall mean 

age was 71.7 years (SD: 13.0) and 46% were female (Table 2). Overall mean 

CHA2DS2-VASc and HAS-BLED scores were 2.99 (SD: 1.56) and 1.73 (SD: 0.88), 

respectively.  

 

The derivation cohort (KPCO-I) included 4632 patients with a median follow-up of 652 

days, while the validation cohort (KPCO-II) included 4442 patients with a median follow-up 

of 628 days (Table 2). In the KPCO-I cohort, warfarin users were significantly older and had 

higher proportions of patients with congestive heart failure, hypertension, renal disease, prior 

major bleeding, anemia, and alcohol abuse than non-users (all p < 0.05). The 

CHA2DS2-VASc (mean 3.09 versus 2.73) and HAS-BLED (mean 1.80 versus 1.54) scores 

were higher in warfarin users. A higher proportion of warfarin users had purchased 

concurrently an NSAID, antibiotic, cardiac drug, GI drug, and other drug (tramadol) than 

non-users. However, a lower percentage of antiplatelet use was observed in warfarin users 
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compared with non-users (p = 0.001). Similar characteristics and comparison between 

warfarin users and non-users were found in the KPCO-II cohort (Table 2). Supplemental 

Table 1 presents the comparison between warfarin users and non-users in the whole cohort 

(i.e., KPCO-I combined with KPCO-II), with similar results to findings as those from the 

KPCO-I cohort alone. 

 

Twenty-eight patients (12 and 16 in the KPCO-I and KPCO- II cohorts, respectively) had 

a stroke and major bleeding outcome on the same date; thus, their time to first event could not 

be identified. Because of the low frequency, these patients were randomly allocated into 

either stroke with no major bleeding (n=14) or major bleeding with no stroke (n=14). 

Therefore, in the combined cohort there were 278 strokes (3.06%), 453 major bleedings 

(4.99%) and 2186 deaths (24.09%) occurred during follow-up. Of these, 136 strokes (2.94%), 

280 major bleedings (6.04%) and 1194 deaths (25.78%) occurred in the KPCO-I cohort. In 

both the KPCO-I and KPCO- II cohorts, the rates of major bleeding and death, but not stroke, 

differed between warfarin users and non-users (Table 3). Also, as shown in Supplemental 

Figure 2, there was a significant difference in all-cause mortality (log-rank p-value = 0.001) 

between the KPCO-I cohort and KPCO-II cohort.  

 

Significant trends for increasing stroke and major bleeding rates with higher 

CHA2DS2-VASc and HAS-BLED scores were found (p < 0.001) for both the KPCO-I and 

KPCO-II cohorts (Supplemental Table 2).  

 

PLR Model  

The PLR model included age, female sex, warfarin use, CHF, other cerebrovascular disease, 

hypertension, diabetes, prior major bleeding, prior stroke, renal disease, and concurrent use of 

antibiotics, antiplatelets, and GI drugs (Table 4). Warfarin use was not associated with stroke 

(OR = 0.94, 95% CI: 0.66 - 1.34) but was associated with increased risk of major bleeding 

(OR = 1.71, 95% CI: 1.32 - 2.22). All other predictors in the model were associated with an 

increased risk of outcomes, except hypertension (OR = 0.88, 95% CI: 0.56 - 1.39) and 

antibiotic use (OR = 0.98, 95% CI: 0.64 - 1.51) for stroke, and female sex (OR = 0.73, 95% 
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CI: 0.56 - 0.94), hypertension (OR = 0.94, 95% CI: 0.66 - 1.33), and prior stroke (OR = 0.73, 

95% CI: 0.40 - 1.34) for major bleeding.  

 

Cox Model 

The all-cause mortality model included age, warfarin, anemia, other cerebrovascular disease, 

CHF, diabetes, hypertension, prior major bleeding, malignancy, and concurrent use of 

antifungals and antidepressants (Table 5). Warfarin use was associated with a decreased risk 

of death (HR = 0.55, 95% CI: 0.49 - 0.62). All other predictors were associated with 

increased risk of death except hypertension (HR = 0.76, 95% CI: 0.66 - 0.85).  

 

Sensitivity Analyses 

When warfarin use was treated as a time-dependent covariate, similar associations between 

warfarin and outcomes were found as in the PLR model for stroke and major bleeding and the 

Cox model for all-cause mortality (Supplemental Table 3). Results from the competing risk 

sensitivity analysis for stroke and major bleeding identified similar coefficients for all the 

predictors included in the PLR model, indicating the robustness of the prediction model 

(Table 6).  

 

Model performance and validation  

The prediction models had a good fit to the data in the derivation cohort (p > 0.05) (Table 7). 

The discrimination of the models (AUC = 0.71 and 0.72 for stroke and major bleeding, 

respectively, and C index = 0.75 for all-cause mortality) were acceptable. The overall 

calibration of the PLR model (Supplemental Figure 3 and 4) and the Cox model 

(Supplemental Figure 5) was satisfactory. Bootstrap analyses for the PLR model and the 

Cox model yielded the same predictors and similar coefficients as the original models, 

indicating internal model validation (Table 4 and 5). Findings from 10-fold cross-validation 

also produced similar AUCs to the original PLR model: 0.69 for stroke and 0.71 for major 

bleeding (Table 7). For external validation in the KPCO-II cohort, the models’ intercepts and 

the regression coefficients were updated (Supplemental Table 4). Results of the model 

goodness-of-fit test (Table 7), discrimination (Table 7) and calibration (Supplemental 



 Ph.D Thesis - G. Li; McMaster University - Health Research Methodology 

33 

 

Figure 6, 7 and 8) supported external validation for the PLR and Cox models.  

 

Discussion 

In this study of patients diagnosed with AF who were and were not initiated on warfarin 

therapy, we present a new methodology to predict individual combined benefit and harm 

outcomes of warfarin therapy. We utilized a PLR model to predict the individual benefit and 

harm outcomes due to its simplicity and flexibility, especially in predictor selection [21,22]. 

The PLR modelling can incorporate individual baseline characteristics of patients to estimate 

individual probabilities of the combined benefit and harm outcomes. Compared with the 

decision tree model which is another commonly-used method for prediction building, the 

PLR models have shown greater discrimination and predictive accuracy [38-43].  

 

We found that warfarin use, age, female sex, CHF, other cerebrovascular disease, 

hypertension, diabetes, prior major bleeding, prior stroke, renal disease, and concurrent use of 

antibiotics, antiplatelets, and GI drugs were included in the PLR model for stroke and major 

bleeding. Our model performance was acceptable and robust. Using the predictors we 

identified, the estimated probabilities of the potential outcomes can be computed. For 

example, if an 82 year-old woman taking warfarin had CHF, diabetes, renal disease and prior 

major bleeding, and used GI medications concurrently with warfarin, then her 

log(stroke/neither event) would be -0.85, and log(major bleeding/neither event) would be 

-0.33, respectively. Subsequently, her estimated 3-year probability of stroke would be: 

 = 19.9%, her probability of major bleeding would be:  = 33.6%, 

and her probability of neither event would be:  = 46.5% [22]. By contrast if 

she did not start warfarin therapy but all other factors were the same, her estimated 

probability of stroke, major bleeding and neither event would be 24.3%, 22.5% and 53.2%, 

respectively. Likewise, her estimated 3-year probability of all-cause mortality with and 

without warfarin therapy initiation would be 6.9% and 24.4% respectively, using the Cox 

model.  
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In our prediction models, warfarin was associated with an increased risk of major 

bleeding and decreased risk of death, which is in accordance with previous findings [44,45]. 

However, we did not identify an association between warfarin use and decreased risk of 

stroke. A possible explanation for this unexpected observation might include lack of INR 

control measures, such as time in therapeutic range (TTR), in our prediction models. Prior 

research indicates that the full benefit of stroke risk reduction may require an individual TTR 

of at least 70% in warfarin users [46]. However, individual TTR results for patients in our 

cohorts could not be included in the models since warfarin non-users were unmeasured on 

this factor. Another possible explanation relates to our use of ICD-9-CM codes alone to 

identify stroke and bleeding outcomes without confirmatory chart review. The positive 

predictive values of ICD-9-CM codes for bleeding have been shown to be higher than those 

for stroke [47,48]; thus, the use of ICD-9-CM codes alone may have provided a high rate of 

stroke false positives. In addition, a stroke history may have increased the likelihood that a 

given patient received warfarin to prevent further stroke risk and concurrently increased the 

likelihood that false positive stroke ICD-9-CM codes were identified during administrative 

data acquisition. 

 

The CHADS2/CHA2DS2-VASc, and HAS-BLED scores are used worldwide in patients 

with AF to stratify the risk of stroke and major bleeding, respectively. However, these 

risk-stratification tools cannot provide the individual combined benefit and harm assessments 

needed by patients and physicians when inception of warfarin therapy is under consideration. 

Moreover, concerns have been expressed about their scoring algorithms and poor 

discrimination [49-53]. For instance, in one study compared with their peers with a 

CHA2DS2-VASc score of 0 and 1 for men and women, respectively, the unequal risk of stroke 

for the additional risk factors resulted in different weighting in the scoring algorithm. This 

corresponded to a HR of from 1.68 with vascular disease to 3.09 with an age of 65-74 years 

for men and a HR of from 1.71 with hypertension to 3.03 with an age of 65-74 years for 

women [51]. Therefore given the potential different weighting for individual components of 

the scores as well as more detailed information provided by the individual components, we 
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used individual risk factors, rather than gross risk scores, in our model construction. 

 

Other studies have used the ‘net benefit’ approach of considering stroke and major 

bleeding outcomes simultaneously [18-20]. Unfortunately, GI bleeding risk was not 

considered, and the weighting factor reflecting the importance of ICH was chosen 

subjectively and arbitrarily in these studies. Additionally, while some studies have combined 

stroke and bleeding risk-stratification scores to calculate overall clinical outcome risks 

including stroke and major bleeding [54,55], they did not improve prediction of stroke and 

major bleeding beyond the individual stroke (CHADS2, CHA2DS2-VASc) or bleeding scores 

(HAS-BLED) [56]. In contrast, our study may provide insights into using a new methodology 

to take into account individual benefit-harm outcomes with warfarin therapy. Our PLR model 

calculates the specific probabilities of stroke and major bleeding at the same time, which may 

be more practical and acceptable in real-world clinical practice compared with using separate 

stroke and bleeding risk-stratification scores. Moreover, because our model produces 

individualized risk estimates for each patient based on various characteristics, it offers more 

personalized and detailed information for patients with AF rather than the population-level 

estimates associated with CHADS2, CHA2DS2-VASc, and HAS-BLED scores [22]. Thus the 

PLR model may better facilitate patient-physician shared decision-making with regard to 

warfarin therapy initiation.  

 

In our study, an unexpected inverse association between comorbid hypertension and 

stroke, major bleeding, and all-cause death was observed. During the model construction, we 

used either the ICD-9-CM codes or the antihypertensive drug surrogates including 

angiotensin-converting enzyme inhibitors, angiotensin II receptor blockers, thiazides, 

beta-blockers, calcium channel blockers, and other antihypertensive purchases, to identify 

hypertension comorbidity (Supplemental Table 5). Additionally, we ran two post-hoc 

sensitivity analyses using different methods to imply hypertension diagnosis: ICD-9-CM 

codes only, and both ICD-9-CM codes and antihypertensive drug purchases. These two 

methods yielded the same predictors included in the PLR and Cox model with extremely 

similar coefficients (Supplemental Table 6). Moreover, removing hypertension from the 
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model entirely also yielded similar results (Supplemental Table 7 for the PLR model; 

Supplemental Table 8 for the Cox model). Therefore, the unexpected relationship between 

hypertension and outcomes requires further exploration.  

 

The strengths of our study include the use of a large sample of patients with AF to 

construct and validate the prediction model. Moreover, model building, assessment, and 

validation included rigorous and detailed statistical analyses. Another strength is the efforts in 

controlling bias in study design and data analyses to preclude misleading predictors from 

being included into the models. Nevertheless, our study also has several limitations. The 

majority of the data used in this study were from ICD-9-CM codes only without confirmatory 

chart review of the diagnosis. Thus data accuracy for baseline comorbidities may be less than 

optimal. Likewise, the incidence rates of stroke and major bleeding may be over- or 

underestimated. This could lead to false positive/negative values and weaken the findings 

based on the data. Additionally, we intended to predict four outcome quadrants (Table 1). 

However, the sample size for the patients with harm and no benefit was insufficient for model 

construction. Another limitation is lack of data from contemporary non-KPCO cohorts for 

model validation; thereby, potentially limiting the generalizability of the prediction model 

[26].  

 

Conclusions  

In this study, we introduce a new methodology for predicting individual combined benefit 

and harm outcomes associated with warfarin therapy for patients with AF. Should this 

approach be validated in other patient populations, it has potential advantages over existing 

risk stratification approaches as a patient-physician aid for shared decision-making.  
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Table and Figure legends: 

 

Table 1. Warfarin’s combined benefit and harm outcomes 

 

Table 2. Characteristics of study patients stratified by warfarin users versus non-users in 

derivation and validation cohort 

 

Table 3. Outcomes until study outcome end date between warfarin users and non-users in 

KPCO-I and KPCO-II cohorts 

 

Table 4. Results of the original PLR model and bootstrap analyses for stroke and major 

bleeding in KPCO-I cohort 

 

Table 5. Results of the Cox model for death in the KPCO-I cohort  

 

Table 6. Sensitivity analysis results from competing risk analysis for stroke and bleeding 

based on survival analysis in KPCO-I cohort 

 

Table 7. Model performance of PLR model for stroke and major bleeding and Cox model for 

death in KPCO-I and KPCO-II cohorts 

 

 

Supplemental Figure 1. Flow diagram of selecting patients for analyses 

 

Supplemental Table 1. Characteristics of study patients stratified by taking versus not taking 

warfarin for the whole cohort 

 

Supplemental Figure 2. Kaplan-Meier survival curves for death in the derivation and 

validation cohorts 
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Supplemental Table 2. Rates of stroke and major bleeding in the KPCO cohorts stratified by 

CHA2DS2-VASc and HAS-BLED scores 

 

Supplemental Table 3. Sensitivity analysis results from multivariable model to assess 

time-varying effect of warfarin on stroke, major bleeding and death 

 

Supplemental Figure 3. Calibration curve in the PLR model for stroke in the derivation 

cohort  

 

Supplemental Figure 4. Calibration curve in the PLR model for major bleeding in the 

derivation cohort  

 

Supplemental Figure 5. Calibration curve in the Cox model for death in the derivation 

cohort  

 

Supplemental Table 4. Updates of the models’ intercepts and the regression coefficients for 

external validation in the KPCO-Ⅱ cohort 

 

Supplemental Figure 6. Calibration curve in the PLR model for stroke in the validation 

cohort  

 

Supplemental Figure 7. Calibration curve in the PLR model for major bleeding in the 

validation cohort  

 

Supplemental Figure 8. Calibration curve in the Cox model for death in the validation 

cohort  

 

Supplemental Table 5. Hypertensive drugs as surrogates for hypertension diagnosis 

 

Supplemental Table 6. Results for effect of hypertension in the PLR and Cox model using 
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different data on hypertension in the KPCO-I cohort 

 

Supplemental Table 7. Sensitivity analysis leaving hypertension out of the PLR model for 

stroke and major bleeding in the KPCO-I cohort 

 

Supplemental Table 8. Sensitivity analysis leaving hypertension out of the Cox model for 

death in the KPCO-I cohort 
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Table 1. Warfarin’s combined benefit and harm outcomes 

 Harm 

(major bleeding) 

No harm 

(no major bleeding) 

Benefit 

(no stroke) 
No stroke/major bleeding No stroke/no major bleeding 

No benefit 

(stroke) 
Stroke/major bleeding Stroke/no major bleeding 
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Table 2. Characteristics of study patients stratified by warfarin users versus non-users in derivation and validation cohort 

Baseline Characteristics Total 

participants 

(n=9074) 

KPCO-I (n=4632)
1
 KPCO-II (n=4442)

2
 

Warfarin 

users 

 (n=2316) 

Warfarin 

non-users  

(n=2316) 

P-value Warfarin users 

 (n=2221) 

Warfarin 

non-users  

(n=2221) 

P-value 

Age: mean (SD), years 71.7 (13.00) 72.3 (10.74) 70.5 (15.26) <0.001 72.9 (10.64) 71.3 (14.54) <0.001 

Female: n (%) 4199 (46.28) 1229 (53.07) 1209 (52.20) 0.556 1275 (57.41) 1162 (52.32) <0.001 

Comorbidities: n (%) 

Congestive heart failure 1064 (11.73) 286 (12.35) 220 (9.50) 0.002 325 (14.63) 233 (10.49) <0.001 

Hypertension 7132 (78.60) 2024 (87.39) 1609 (69.47) <0.001 1957 (88.11) 1542 (69.43) <0.001 

Diabetes 1759 (19.39) 428 (18.48) 391 (16.88) 0.154 509 (22.92) 431 (19.41) 0.004 

Prior stroke/TIA 539 (5.94) 122 (5.27) 112 (4.84) 0.502 197 (8.87) 108 (4.86) <0.001 

Myocardial infarction 516 (5.69) 93 (4.02) 94 (4.06) 0.941 183 (8.24) 146 (6.57) 0.034 

Peripheral vascular 

disease 

615 (6.78) 138 (5.96) 129 (5.57) 0.571 183 (8.24) 165 (7.43) 0.315 

Renal disease 1146 (12.63) 174 (7.51) 219 (9.46) 0.018 406 (18.28) 347 (15.62) 0.018 

Liver disease 20 (0.22) 3 (0.13) 4 (0.17) 0.705# 2 (0.09) 11 (0.50) 0.022# 

Prior major bleeding 260 (2.87) 74 (3.20) 103 (4.45) 0.026 42 (1.89) 41 (1.85) 0.912 
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Anemia 657 (7.24) 142 (6.13) 189 (8.16) 0.007 127 (5.72) 199 (8.96) <0.001 

Alcohol abuse 119 (1.31) 15 (0.65) 34 (1.47) 0.006 24 (1.08) 46 (2.07) 0.008 

Other cerebrovascular 

disease 

194 (2.14) 38 (1.64) 43 (1.86) 0.575 58 (2.61) 55 (2.48) 0.775 

Dementia 21 (0.23) 2 (0.09) 4 (0.17) 0.687# 1 (0.05) 14 (0.63) <0.001# 

Chronic pulmonary 

disease 

468 (5.16) 115 (4.97) 89 (3.84) 0.063 153 (6.89) 111 (5.00) 0.008 

Rheumatic disease 245 (2.70) 67 (2.89) 56 (2.42) 0.315 58 (2.61) 64 (2.88) 0.582 

Peptic ulcer disease  57 (0.63) 12 (0.52) 15 (0.65) 0.563 10 (0.45) 20 (0.90) 0.067 

Hemiplegia or paraplegia 33 (0.36) 5 (0.22) 9 (0.39) 0.423 7 (0.32) 12 (0.54) 0.250 

Malignancy
3
  816 (8.99) 196 (8.46) 220 (9.50) 0.217 170 (7.65) 230 (10.36) 0.002 

AIDS or HIV 0 0 0 - 0 0 - 

CHA2DS2–VASc score 2.99 (1.56) 3.09 (1.43) 2.73 (1.64) <0.001 3.29 (1.51) 2.85 (1.61) <0.001 

HAS-BLED score
4
 1.73 (0.88) 1.80 (0.73) 1.54 (0.94) <0.001 1.96 (0.82) 1.63 (0.95) <0.001 

Concurrent medication use interacting with warfarin: n (%)    

Other anticoagulants 123 (1.36) 34 (1.47) 38 (1.64) 0.635 25 (1.13) 26 (1.17) 0.888 

Antiplatelets 836 (9.21) 184 (7.94) 248 (10.71) 0.001 194 (8.73) 210 (9.46) 0.404 

NSAIDs 766 (8.44) 253 (10.92) 197 (8.51) 0.006 183 (8.24) 133 (5.99) 0.004 
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Antibiotics 1726 

(19.02) 

496 (21.42) 432 (18.65) 0.019 471 (21.21) 327 (14.72) <0.001 

Antifungals 169 (1.86) 38 (1.64) 48 (2.07) 0.276 34 (1.53) 49 (2.21) 0.097 

 Antitubercular agents 1 (0.01) 1 (0.04) 0 (0) 1.000# 0 0 - 

Cardiac drugs  1706 

(18.80) 

571 (24.65) 323 (13.95) <0.001 559 (25.17) 253 (11.39) <0.001 

Antilipemic drugs 81 (0.89) 16 (0.69) 13 (0.56) 0.576 31 (1.40) 21 (0.95) 0.163 

Antidepressants  1059 

(11.67) 

263 (11.36) 276 (11.92) 0.551 284 (12.79) 236 (10.63) 0.025 

Other CNS drugs 52 (0.57) 13 (0.56) 15 (0.65) 0.705 15 (0.68) 9 (0.41) 0.219 

GI drugs 1836 

(20.23) 

499 (21.55) 403 (17.40) <0.001 538 (24.22) 396 (17.83)  <0.001 

Other drug
5
 255 (2.81) 58 (2.50) 28 (1.21) 0.001 111 (5.00) 58 (2.61) <0.001 

Laboratory information: mean (SD)    

Serum creatinine, mg/dl 1.18 (0.78) 1.18 (0.81) 1.24 (0.88) 0.077 1.14 (0.57) 1.17 (0.82) 0.232 

INR 1.49 (0.75) 1.60 (0.85) 1.36 (0.67) <0.001 1.62 (0.79) 1.28 (0.53) <0.001 

Albumin, g/dl 3.85 (0.70) 3.91 (0.65) 3.89 (0.65) 0.553 3.82 (0.71) 3.79 (0.78) 0.300 

Hemoglobin, g/dl 13.74 14.00 (2.14) 13.86 (2.14) 0.065 13.52 (2.30) 13.60 (2.22) 0.345 
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SD = standard deviation; TIA = transient ischemic attack; AIDS or HIV = acquired immune deficiency syndrome or human immunodeficiency 

virus infection; NSAIDs = non-steroidal anti-inflammatory drugs; CNS drugs = central nervous system drugs; INR = international normalized 

ratio. 

1
Median follow-up: 652 days (interquartile range: 299 to 1068); 

2
Median follow-up: 628 days (interquartile range: 293 to 1036); 

3
Any malignancy, including lymphoma and leukemia, except malignant neoplasm of skin;  

4 
No data on labile INR to calculate the HAS-BLED score; 

5
 Other drug included tramadol 

# Fisher’s exact test  

 

(2.21) 
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Table 3. Outcomes until study outcome end date between warfarin users and non-users in KPCO-I and KPCO-II cohorts 

 

 

 

 

Outcomes Total 

participants 

(n=9074) 

KPCO-I (n=4632) KPCO-II (n=4442) 

Warfarin 

users 

(n=2316) 

Warfarin 

non-users 

(n=2316) 

P-value Warfarin 

users 

(n=2221) 

Warfarin 

non-users 

(n=2221) 

P-value 

Stroke, n (%)  278 (3.06) 65 (2.81) 71 (3.07) 0.602 71 (3.20) 71 (3.20) 1.000 

Major bleeding, n (%) 453 (4.99) 181 (7.82) 99 (4.27) <0.001 106 (4.77) 67 (3.02) 0.003 

 Death, n (%) 2186 (24.09) 442 (19.08) 752 (32.47) <0.001 355 (15.98) 637 (28.68) <0.001 
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Table 4. Results of the original PLR model and bootstrap analyses for stroke and major bleeding in KPCO-I cohort 

Predictors Stroke vs. neither event (OR with 95%CI, 

p-value) 

Major bleeding vs. neither event (OR with 

95%CI, p-value) 

Original model Bootstrap model Original model Bootstrap model 

Intercept: coefficientβ, 

p-value 

-3.76, <0.001 -3.91, <0.001 -4.21, < 0.001 -4.09, <0.001 

Age
1
: years 1.02 (1.00-1.04), 0.013 1.02 (1.01-1.04), 

0.010 

1.02 (1.01-1.03), 0.001 1.02 (1.01-1.03), 

0.001 

Female 1.51 (1.06-2.13), 0.025 1.53 (1.05-2.22), 

0.024 

0.73 (0.56-0.94), 0.015 0.74 (0.56-0.97), 

0.028 

Warfarin 0.94 (0.66-1.34),0.711 0.97 (0.69-1.43), 

0.789 

1.71 (1.32-2.22), < 0.001 1.89 (1.46-2.44), 

<0.001 

Other cerebrovascular disease 4.76 (2.42-9.37), <0.001 4.85 (2.34-10.03), 

<0.001 

1.36 (0.60-3.15), 0.469 1.33 (0.39-4.47), 

0.338 

Congestive heart failure  1.25 (0.71-2.22), 0.434 1.30 (0.68-2.43), 

0.427 

1.59 (1.14-2.23), 0.007 1.59 (1.14-2.24), 

0.008 

Hypertension 0.88 (0.56-1.39), 0.587 0.81 (0.54-1.18), 

0.326 

0.94 (0.66-1.33), 0.712 0.92 (0.64-1.31), 

0.695 

Diabetes  1.13 (0.72-1.79), 0.598 1.15 (0.70-1.90), 1.21 (0.89-1.65), 0.233 1.25 (0.89-1.74), 
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0.412 0.177 

Prior major bleeding 1.12 (0.50-2.52), 0.782 1.06 (0.42-2.70), 

0.783 

1.49 (0.87-2.54), 0.147 1.48 (0.84-2.62), 

0.149 

Prior stroke  2.04 (1.16-3.57), 0.013 2.08 (1.14-3.78), 

0.014 

0.73 (0.40-1.34), 0.313 0.70 (0.38-1.31), 

0.274 

Renal disease 1.35 (0.74-2.45), 0.329 1.40 (0.75-2.61), 

0.273 

1.51 (1.01-2.30), 0.046 1.51 (0.98-2.32), 

0.050 

Concurrent use of antibiotics  0.98 (0.64-1.51), 0.916 0.97 (0.62-1.53), 

0.803 

1.81 (1.39-2.37), < 0.001 1.81 (1.38-2.40), 

<0.001 

Concurrent use of 

antiplatelets 

1.71 (1.05-2.77), 0.030 1.67 (1.01-2.76), 

0.045 

1.57 (1.09-2.27), 0.017 1.57 (1.06-2.33), 

0.018 

Concurrent use of 

gastrointestinal medications 

1.19 (0.75-1.88), 0.459 1.18 (0.74-1.89), 

0.398 

1.77 (1.35-2.33), < 0.001 1.79 (1.34-2.39), 

<0.001 

PLR = polytomous logistic regression; OR= odds ratio; CI = confidence interval 
 

1
 Used as per one-year change 

 

 

 



 Ph.D Thesis - G. Li; McMaster University - Health Research Methodology 

55 

 

Table 5. Results of the Cox model for death in the KPCO-I cohort  

Predictors All-cause death (n=1194) 

Original model Bootstrap model  

HR (95% CI) P-value HR (95% CI) P-value 

Age
1
: years 1.06 (1.06-1.07) <0.001 1.06 (1.06-1.07) <0.001 

Warfarin 0.55 (0.49-0.62) < 0.001 0.52 (0.47-0.59) <0.001 

Anemia  1.91 (1.61-2.26) < 0.001 1.91 (1.58-2.30) <0.001 

Other cerebrovascular disease 1.69 (1.22-2.35) 0.001 1.73 (1.22-2.48) 0.002 

Congestive heart failure 1.50 (1.29-1.75) < 0.001 1.49 (1.28-1.76) <0.001 

Diabetes 1.49 (1.29-1.70) < 0.001 1.53 (1.32-1.76) <0.001 

Hypertension  0.76 (0.66-0.85) < 0.001 0.76 (0.67-0.86) <0.001 

Prior major bleeding  1.37 (1.07-1.76) 0.012 1.39 (1.09-1.76) 0.007 

Malignancy
2
  1.87 (1.59-2.19) <0.001 1.86 (1.57-2.22) <0.001 

Concurrent use of antifungals 1.56 (1.11-2.17) 0.009 1.56 (1.14-2.13) 0.006 

Concurrent use of 

antidepressants 

1.22 (1.04-1.45) 0.013 1.19 (1.03-1.39) 0.015 

HR = hazard ratio; CI = confidence interval  

1
 Used as per one-year change;

 2 
Any malignancy, including lymphoma and leukemia, except malignant neoplasm of skin 
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Table 6. Sensitivity analysis results from competing risk analysis for stroke and bleeding based on survival analysis in KPCO-I cohort 

Predictors All-cause death as a competing risk
1
 

Stroke (n=136) vs. no stroke (SHR with 

95% CI, p-value) 

Major bleeding (n=280) vs. no major 

bleeding (SHR with 95% CI, p-value) 

Age
2
: years 1.01 (1.00-1.03), 0.043 1.01 (1.00-1.03), 0.028 

Female 1.56 (1.11-2.22), 0.012 0.75 (0.59-0.96), 0.023 

Warfarin 0.94 (0.66-1.36), 0.759 1.84 (1.43-2.36), <0.001 

Other cerebrovascular disease 4.31 (2.27-8.20), <0.001 1.21 (0.57-2.58), 0.624 

Congestive heart failure  1.35 (0.76-2.38), 0.296 1.52 (1.10-2.11), 0.011 

Hypertension 0.92 (0.58-1.44), 0.705 0.93 (0.68-1.29), 0.674 

Diabetes  1.07 (0.68-1.69), 0.763 1.18 (0.88-1.59), 0.261 

Prior major bleeding 1.06 (0.50-2.26), 0.885 1.40 (0.87-2.27), 0.166 

Prior stroke  1.97 (1.14-3.42), 0.015 0.71 (0.39-1.29), 0.259 

Renal disease 1.20 (0.67-2.16), 0.546 1.37 (0.93-2.01), 0.108 

Concurrent use of antibiotics  0.90 (0.59-1.38), 0.629 1.70 (1.31-2.21), <0.001 

Concurrent use of antiplatelets 1.65 (1.02-2.68), 0.042 1.47 (1.02-2.11), 0.037 

Concurrent use of gastrointestinal medications 1.25 (0.79-1.95), 0.340 1.75 (1.34-2.28), <0.001 

SHR = subdistribution hazard ratio; CI = confidence interval  

1
 The Fine and Gray proportional subdistribution hazards model was used; 

2
 Used as per one-year change 
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Table 7. Model performance of PLR model for stroke and major bleeding and Cox model for death in KPCO-I and KPCO-II cohorts 

Model 

performance 

KPCO-I (n=4632) KPCO-II (n=4442) 

PLR model
3
 Cox model PLR model  Cox model 

Stroke vs. 

neither event 

Major bleeding 

vs. neither event 

Death vs. 

survival 

Stroke vs. 

neither event 

Major bleeding 

vs. neither event 

Death vs. 

survival 

Goodness-of-fit test 

statistics (p-value)
1
 

8.61 (0.377) 11.08 (0.197) 14.34 (0.114) 10.32 (0.243) 7.30 (0.505) 15.01 (0.093) 

Discrimination 

(95% CI)
2
 

0.71 (0.65-0.75) 0.72 (0.68-0.75) 0.75 (0.73-0.76) 0.65 (0.60-0.69) 0.66 (0.62-0.70) 0.76 (0.74-0.77) 

PLR = polytomous logistic regression 

1
 Hosmer-Lemeshow test used for the PLR model, Groennesby and Borgan test used for the Cox model;  

2
 Area under the receiver operating characteristic curves (AUC) used for the PLR model, Harrell's C index used for the Cox model;

 

3
 AUC from 10-fold cross-validation for stroke vs. neither event: 0.69 (0.66-0.71), for major bleeding vs. neither event: 0.71 (0.69-0.72) 
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Supplemental Figure 1. Flow diagram of selecting patients for analyses 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Patients with first AF diagnoses from 1/1/2005 to 12/31/2012 and 

no AF diagnosis in the previous 180 days  

(n=22,438) 

Eligible patients to 

enter cohort  

(n=13,531) 

Ineligible patients excluded (n=8,907): 

1. KPCO membership less than 180 days 

prior to AF diagnoses (n= 5,779) 

2. Age <18 years (n=27) 

3. Warfarin-users with a purchase during 

the 180 days prior to AF diagnosis or a 

supply from a warfarin purchase that 

overlaps into the 180 days (n=3,101) 

Eligible patients 

in validation set 

from 1/1/2009 to 

12/31/2012 

(n=6,896) 

Patients excluded 

(n=2,003): 

1. Warfarin-users: time 

range from AF 

diagnosis to inception 

of warfarin exceeded 

180 days (n=401) 

2. Warfarin-users 

unmatched (n=9) 

3. Non-users: failed to 

match warfarin-users’ 

time distribution 

(n=1,490) 

4. Non-users: died prior 

to indexdate (n=103) 

Eligible patients 

for analyses in 

derivation set 

from 1/1/2005 to 

12/31/2008 

(n=4,632) 

Patients excluded 

(n=2,454): 

1. Warfarin-users: time 

range from AF 

diagnosis to inception 

of warfarin exceeded 

180 days (n=343) 

2. Warfarin-users 

unmatched (n=13) 

3. Non-users: failed to 

match warfarin-users’ 

time distribution 

(n=1,962) 

4. Non-users: died prior 

to indexdate (n=136) 

Eligible patients in 

derivation set 

from 1/1/2005 to 

12/31/2008 

(n=6,635) 

Eligible patients 

for analyses in 

validation set 

from 1/1/2009 to 

12/31/2012 

(n=4,442) 



Ph.D Thesis - G. Li; McMaster University - Health Research Methodology 

59 
 

Supplemental Table 1. Characteristics of study patients stratified by taking versus not taking warfarin for the whole cohort 

Baseline Characteristics KPCO cohort 

Total 

participants 

(n=9074) 

Warfarin-users 

(n=4537) 

Warfarin non-users 

(n=4537) 

P-value 

Age: mean (SD), years 71.7 (13.00) 72.6 (10.69) 70.9 (14.92) <0.001 

Female: n (%) 4199 (46.28) 2033 (44.81) 2166 (47.74) 0.005 

Comorbidities: n (%) 

Congestive heart failure 1064 (11.73) 611 (13.47) 453 (9.98) <0.001 

Hypertension 7132 (78.60) 3981 (87.75) 3151 (69.45) <0.001 

Diabetes 1759 (19.39) 937 (20.65) 822 (18.12) 0.002 

Prior stroke/TIA 539 (5.94) 319 (7.03) 220 (4.85) <0.001 

Myocardial infarction 516 (5.69) 276 (6.08) 240 (5.29) 0.103 

Peripheral vascular disease 615 (6.78) 321 (7.08) 294 (6.48) 0.260 

Renal disease 1146 (12.63) 580 (12.78) 566 (12.48) 0.658 

Liver disease 20 (0.22) 5 (0.11) 15 (0.33) 0.041# 

Prior major bleeding 260 (2.87) 116 (2.56) 144 (3.17) 0.078 

Anemia 657 (7.24) 269 (5.93) 388 (8.55) <0.001 

Alcohol abuse 119 (1.31) 39 (0.86) 80 (1.76) <0.001 

Other cerebrovascular disease 194 (2.14) 96 (2.12) 98 (2.16) 0.885 

Dementia 21 (0.23) 3 (0.07) 18 (0.40) 0.002# 

Chronic pulmonary disease 468 (5.16) 268 (5.91) 200 (4.41) 0.001 

Rheumatic disease 245 (2.70) 125 (2.76) 120 (2.64) 0.746 

Peptic ulcer disease  57 (0.63) 22 (0.48) 35 (0.77) 0.084 

Hemiplegia or paraplegia 33 (0.36) 12 (0.26) 21 (0.46) 0.117 

Malignancy
1
 816 (8.99) 366 (8.07) 450 (9.92) 0.002 

AIDS or HIV 0 0 0 - 

CHA2DS2–VASc score 2.99 (1.56) 3.19 (1.47) 2.79 (1.63) <0.001 
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1 
Any malignancy, including lymphoma and leukemia, except malignant neoplasm of skin;  

2
 No data on labile INR to calculate the HAS-BLED score; 

# Fisher’s exact test 

 

 

HAS-BLED score
2
 1.73 (0.88) 1.88 (0.77) 1.58 (0.95) <0.001 

Concurrent medication use interacting with warfarin: n (%) 

Other anticoagulants 123 (1.36) 59 (1.30) 64 (1.41) 0.650 

Antiplatelets 836 (9.21) 378 (8.33) 458 (10.09) 0.004 

NSAIDs 766 (8.44) 436 (9.61) 330 (7.27) <0.001 

Antibiotics 1726 (19.02) 967 (21.31) 759 (16.73) <0.001 

Antifungals 169 (1.86) 72 (1.59) 97 (2.14) 0.052 

 Antitubercular agents 1 (0.01) 1 (0.02) 0 (0) 1.000# 

Cardiac drugs  1706 (18.80) 1130 (24.91) 576 (12.70) <0.001 

Antilipemic drugs 81 (0.89) 47 (1.04) 34 (0.75) 0.147 

Antidepressants  1059 (11.67) 547 (12.06) 512 (11.28) 0.253 

Other CNS drugs 52 (0.57) 28 (0.62) 24 (0.53) 0.578 

GI drugs 1836 (20.23) 1037 (22.86) 799 (17.61) <0.001 

Other drug 255 (2.81) 169 (3.72) 86 (1.90) <0.001 

Laboratory information: mean (SD) 

Serum creatinine, mg/dl 1.18 (0.78) 1.16 (0.69) 1.20 (0.85) 0.028 

INR 1.49 (0.75) 1.61 (0.82) 1.32 (0.60) <0.001 

Albumin, g/dl 3.85 (0.70) 3.86 (0.68) 3.84 (0.72) 0.288 

Hemoglobin, g/dl 13.74 (2.21) 13.75 (2.24) 13.73 (2.18) 0.705 
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Supplemental Figure 2. Kaplan-Meier survival curves for death in the derivation and 

validation cohorts 
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Supplemental Table 2. Rates of stroke and major bleeding in the KPCO cohorts 

stratified by CHA2DS2-VASc and HAS-BLED scores* 

 KPCO-I KPCO-II P-value 

Stroke stratified by CHA2DS2–VASc score: event number/total number (%) 

0 1/258 (0.39) 1/216 (0.46) 0.998# 

1 16/683 (2.34) 12/562 (2.14) 0.806 

2 17/894 (1.90) 19/822 (2.31) 0.554 

3 26/1078 (2.41) 29/1050 (2.76) 0.611 

4 46/1076 (4.28) 42/1040 (4.04) 0.785 

5 22/443 (4.97) 17/494 (3.44) 0.243 

6 7/146 (4.79) 12/184 (6.52) 0.504 

7 0/43 (0) 8/57 (14.04) 0.011# 

8 0/9 (0) 2/17 (11.76) 0.529# 

9 1/2 (50.00) - - 

Total  136/4632 (2.94)
1
 142/4442 (3.20)

2
 0.471 

Major bleeding stratified by HAS-BLED score
3
: n (%) 

0 15/427 (3.51) 6/357 (1.68) 0.114 

1 61/1325 (4.60) 28/1178 (2.38) 0.003 

2 157/2287 (6.86) 91/2045 (4.45) 0.001 

3 39/528 (7.39) 42/759 (5.53) 0.178 

4 8/62 (12.90) 6/98 (6.12) 0.139 

5 0/3 (0) 0/5 (0) - 

6 - - - 

7 - - - 

8 - - - 

Total  280/4632 (6.04)
4
 173/4442 (3.89)

5
 <0.001 

* Patients’ CHA2DS2–VASc score (minimum to maximum): 0 to 9; HAS-BLED score 

(minimum to maximum): 0 to 5 
1
P-value for trend < 0.001; 

2
P-value for trend < 0.001; 

3
No data on labile INR to calculate the 

HAS-BLED score; 
4
P-value for trend < 0.001; 

5
P-value for trend < 0.001; # Fisher’s exact test 
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Supplemental Table 3. Sensitivity analysis results from multivariable model to 

assess time-varying effect
1
 of warfarin on stroke, major bleeding and death 

Predictor Stroke
2
 

(HR with 95% CI, 

p-value) 

Major bleeding
2
 

(HR with 95% CI, 

p-value) 

Death
3
 

(HR with 95% CI, 

p-value) 

Derivation cohort (n=4632) 

  Warfarin 0.87 (0.57-1.32), 

0.442 

1.70 (1.28-2.26), 

<0.001 

0.36 (0.28-0.45), 

<0.001 

Validation cohort (n=4442) 

Warfarin  0.89 (0.57-1.40), 

0.618 

1.24 (0.78-1.96), 0.363 0.47 (0.37-0.58), 

<0.001 
1 

Three Cox models were used to assess the time-dependent effect of warfarin on stroke, 

major bleeding and death, respectively; 
2
 Adjusted for age, sex, other cerebrovascular disease, congestive heart failure, hypertension, 

diabetes, prior major bleeding, prior stroke, renal disease, concurrent use of antibiotics, 

concurrent use of antiplatelets, and concurrent use of gastrointestinal medications; 
3
 Adjusted for age, anemia, other cerebrovascular disease, congestive heart failure, 

hypertension, diabetes, prior major bleeding, malignancy, concurrent use of antifungals, and 

concurrent use of antidepressants 
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Supplemental Figure 3. Calibration curve in the PLR model for stroke in the derivation 

cohort  

 

 

 

  



Ph.D Thesis - G. Li; McMaster University - Health Research Methodology 

65 
 

Supplemental Figure 4. Calibration curve in the PLR model for major bleeding in the 

derivation cohort  
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Supplemental Figure 5. Calibration curve in the Cox model for death in the derivation 

cohort  
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Supplemental Table 4. Updates of the models’ intercepts and the regression 

coefficients for external validation in the KPCO-Ⅱ cohort 

Recalibration of 

model 

Update of the PLR model Update of the Cox 

model 

Stroke (n=142) vs. 

neither event 

Major bleeding 

(n=173) vs. neither 

event 

All-cause death 

(n=992)
 
vs. survivors  

Calibration intercept 

(95% CI, p-value) 

-2.74 (-2.98 to -2.50),  

< 0.001 

-3.58 (-3.79 to -3.37),  

< 0.001 

Not specified  

Calibration slope 

(95% CI, p-value) 

0.70 (0.49 to 0.91),  

< 0.001 

0.66 (0.47 to 0.85),  

< 0.001 

1.02 (0.95-1.09), 

< 0.001 
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Supplemental Figure 6. Calibration curve in the PLR model for stroke in the validation 

cohort  
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Supplemental Figure 7. Calibration curve in the PLR model for major bleeding in the 

validation cohort  
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Supplemental Figure 8. Calibration curve in the Cox model for death in the validation 

cohort  
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Supplemental Table 5. Hypertensive drugs as surrogates for hypertension 

diagnosis 

Group Drug list 

Angiotensin-converting 

enzyme inhibitors 

captopril, benazepril, enalapril, lisinopril, fosinopril, ramipril, 

guinapril, tranolopril, perinodopril 

Angiotensin II receptor 

blockers 

candesartan, eprosartan, irbesartan, losartan, olmesartan, 

telmisartan, valsartan 

Thiazides chlorthiazide, benzthiazide, trichlormethiazide, 

hydrochlorthiazide, hydroflumethiazide, chlorthalidone, 

indapamide, methylclothiazide, polythiazide, metolazone 

Beta-blockers alprenolol, carteolol, levobunolol, mepindolol, nadolol, 

oxprenolol, penbutolol, pindolol, propranolol, sotalol, timolol, 

acebutalol, atenolol, betaxolol, bisoprolol, esmolol, metoprolol, 

nebivolol, carvedilol, celiprolol, labetolol 

Calcium channel blockers amlodipine, felodipine, nicardipine, nifedipine, nimodipine, 

nisoldipine, nitrendipine, lacidipine, verapamil, diltiazem 

Others clonidine, methyldopa, hydralazine 
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Supplemental Table 6. Results for effect of hypertension in the PLR and Cox model 

using different data on hypertension in the KPCO-I cohort* 

Effect of hypertension PLR model (expressed as OR with 95% 

CI, p-value) 

Cox model (expressed as 

HR with 95% CI, p-value) 

Stroke vs. neither 

event 

Major bleeding vs. 

neither event 

Death vs. survival 

Either ICD-9-CM 

codes or hypertensive 

drugs  

0.88 (0.56-1.39), 

0.587 

0.94 (0.66-1.33), 

0.712 

0.76 (0.66-0.85), <0.001 

ICD-9-CM Codes only 0.80 (0.55-1.17), 

0.256 

0.84 (0.64-1.09), 

0.195 

0.75 (0.67-0.85), <0.001 

Both ICD-9-CM codes 

and hypertensive drugs 

0.86 (0.66-1.12), 

0.269 

0.97 (0.67-1.42), 

0.893 

0.76 (0.67-0.86), <0.001 

*The three approaches produced the same predictors included in the models and extremely 

similar coefficients; coefficients for the other predictors not shown here.  
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Supplemental Table 7. Sensitivity analysis leaving hypertension out of the PLR 

model for stroke and major bleeding in the KPCO-I cohort 

Predictors Stroke vs. neither event 

(OR with 95%CI, 

p-values)
1
 

Major bleeding vs. neither 

event (OR with 95%CI, 

p-values)
2
 

Intercept: coefficientβ, p-value -3.89, <0.001 -4.02, <0.001 

Age
3
 1.02 (1.00-1.03), 0.015 1.02 (1.01-1.03), 0.001 

Female 1.50 (1.05-2.15), 0.027 0.73 (0.56-0.94), 0.014 

Warfarin 0.98 (0.69-1.40), 0.931 1.87 (1.45-2.42), < 0.001 

Other cerebrovascular disease 4.79 (2.44-9.42), <0.001 1.38 (0.60-3.19), 0.454 

Congestive heart failure  0.79 (0.44-1.40), 0.412 1.57 (1.12-2.19), 0.008 

Diabetes  1.11 (0.71-1.75), 0.650 1.19 (0.88-1.62), 0.261 

Prior major bleeding 1.13 (0.50-2.54), 0.767 1.49 (0.87-2.55), 0.144 

Prior stroke  2.02 (1.15-3.54), 0.014 0.71 (0.39-1.30), 0.262 

Renal disease 1.34 (0.74-2.43), 0.339 1.47 (0.98-2.21), 0.065 

Concurrent use of antibiotics  0.98 (0.63-1.50), 0.912 1.81 (1.38-2.36), < 0.001 

Concurrent use of antiplatelets 1.70 (1.05-2.74), 0.032 1.58 (1.09-2.27), 0.016 

Concurrent use of 

gastrointestinal medications 

0.83 (0.53-1.31), 0.425 1.76 (1.34-2.31), < 0.001 

1
 AUC for stroke versus neither event: 0.69 (0.65-0.74); Hosmer-Lemeshow test statistics 

(p-value): 8.89 (0.352) 
2
 AUC for major bleeding versus neither event: 0.71 (0.68-0.75); Hosmer-Lemeshow test 

statistics (p-value): 10.02 (0.264) 
3
 Used as per one-year change  
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Supplemental Table 8. Sensitivity analysis leaving hypertension out of the Cox 

model for death in the KPCO-I cohort 

Predictors All-cause death (n=1194)
1
 

HR (95% CI) P-value 

Age
2
 1.06 (1.06-1.07) <0.001 

Warfarin 0.52 (0.46-0.58) < 0.001 

Anemia  1.85 (1.56-2.19) < 0.001 

Other cerebrovascular disease
3
 1.68 (1.21-2.34) 0.002 

Congestive heart failure 1.46 (1.26-1.71) < 0.001 

Diabetes 1.41 (1.23-1.62) < 0.001 

Prior major bleeding  1.37 (1.07-1.75) 0.014 

Malignancy
2
  1.82 (1.56-2.14) <0.001 

Concurrent use of antifungals 1.57 (1.12-2.19) 0.008 

Concurrent use of antidepressants 1.21 (1.03-1.42) 0.023 
1 

C-index = 0.74 (0.73-0.76); Groennesby and Borgan test statistic (p-value): 14.05 (0.120) 
2 

Used as per one-year change; 
3
 Any malignancy, including lymphoma and leukemia, except 

malignant neoplasm of skin 
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predictive accuracy, APACHE has developed four gen-
erations of models [12–15]. Nevertheless, there may be 
wide variation and limited validation in the ability of 
APACHE system to predict mortality in different coun-
tries and populations [16–20]. Siontis et  al. reported 
a median AUC (the area under the receiver operating 
characteristic curve) of 0.77 for APACHE II model after 
conducting a systematic evaluation of predictive tools for 
all-cause mortality in critically ill patients [21]. Further-
more, the updated APACHE III and IV models include 
substantially more variables than APACHE II, with a cor-
respondingly increased data collection burden [7, 22].

Advances in prognostic science have identified addi-
tional risk factors for mortality for critically ill patients 
that are independent of measures of illness severity, 
such as body mass index (BMI) [23, 24] and sex [25–27]. 
Moreover, some evidence suggests that prediction mod-
els for mortality should be adjusted for the use of vaso-
pressors [28], prothrombin index [29, 30] and platelet 
count [31, 32]. Therefore, given the imperfect accuracy of 
the APACHE system and other potential risk factors for 
death, we aimed to identify risk factors independent of 
APACHE II score and construct and validate a new mor-
tality prediction model that would combine the APACHE 
II score with these additional factors. The primary objec-
tive of this study was to improve the accuracy of a pre-
diction model for 60-day hospital mortality in critically ill 
medical–surgical patients, based on the data from a mul-
ticenter randomized controlled trial, PROTECT (Prophy-
laxis for Thromboembolism in Critical Care Trial). Our 
secondary objective was to construct a prediction model 
for 60-day ICU mortality.

Methods
In this study, we followed the TRIPOD (transparent 
reporting of a multivariable prediction model for individ-
ual prognosis or diagnosis) statement [33] to report the 
prediction model including model development, model 
performance and model validation.

Patients and settings
PROTECT (ClinicalTrials.gov Identifier: NCT00182143) 
was an international randomized controlled trial (RCT) 
that was conducted in 67 ICUs in academic and commu-
nity hospitals from 2006 to 2010 in Canada, Australia, 
Brazil, Saudi Arabia, the USA and the UK, as described 
elsewhere [34]. The trial compared the effect of unfrac-
tionated heparin (UFH) 5000  IU twice daily versus the 
low molecular weight heparin (LMWH) dalteparin 
5000  IU once daily plus once-daily placebo on the pri-
mary outcome of proximal leg deep vein thrombosis.

Non-trauma medical–surgical critically ill patients 
were enrolled if they were at least 18  years of age, 

weighed ≥45 kg and were expected to remain in the ICU 
for at least 3  days. Exclusion criteria were: admission 
diagnoses of major trauma, neurosurgery or orthopedic 
surgery, uncontrolled hypertension (systolic blood pres-
sure >180 mm Hg or diastolic blood pressure >110 mm 
Hg) for at least 12 h, major bleeding within the last week 
unless definitively treated, hemorrhagic stroke, coagu-
lopathy (international normalized ratio >2 times upper 
limit of normal or activated partial thromboplastin time 
>2 times the upper limit of normal), severe thrombocy-
topenia (platelet count <75 × 109/L), need for therapeu-
tic anticoagulation, heparin administration in the ICU 
for at least 3 days, contraindication to heparin or blood 
products, pregnancy, life-support limitation, life expec-
tancy ≤7 days or enrollment in another related trial [34, 
35]. All patients, families, clinicians, research person-
nel and the trial biostatistician were blind to treatment 
allocation. Patients were followed up to death or hospital 
discharge.

Outcome measures
During the trial follow-up, the vital status was docu-
mented in the ICU and in hospital. In this study, the pri-
mary outcome was 60-day hospital mortality. Patients 
survived longer than 60  days in hospital or discharged 
from hospital were censored. The secondary outcome 
was 60-day ICU mortality, and patients survived long 
than 60  days in ICU or discharged from the ICU were 
censored.

Potential predictors
Based on the data recorded in PROTECT and our a pri-
ori plan, potential risk factors for death included base-
line variables (APACHE II score, sex, BMI, history of 
malignancy, type of admission and diagnosis of sepsis 
on admission), use of UFH and interventions within the 
first 24  h of ICU admission (use of inotropes or vaso-
pressors, invasive mechanical ventilation, dialysis and 
pharmacologic cointerventions). The APACHE II score 
[13] has three parts: an acute physiology score (up to 60 
points), an age point (0–6) and a chronic health score 
(0–5). The acute physiology score is composed of 12 
physiologic variables: creatinine (0–8 points); Glasgow 
Coma Scale (0–12 points); ten other variables including 
temperature, mean arterial pressure, heart rate, respira-
tory rate, oxygenation, arterial pH, serum sodium, potas-
sium, hematocrit and white blood cell count (0–4 points 
each). The maximum total APACHE II score is 71 points, 
and a higher score indicates a higher predicted prob-
ability of death. The type of admission was categorized 
as either surgical or medical. Pharmacologic cointerven-
tions included the use of a statin, and acetylsalicylic acid 
or clopidogrel.
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Statistical analyses
In this study, all analyses were conducted using STATA 
version 12 (Stata Corp., College Station, TX, USA). Data 
were summarized using the mean and standard devia-
tion (SD), or median and interquartile range (IQR) or 
frequency and percentages. Comparisons between the 
patients who died and survived for the duration of hospi-
tal stay were made by using Student’s t test for continuous 
variables and Chi-square test for categorical variables, 
respectively. If <10 % of observations on a variable were 
missing, we imputed the missing values using the mean 
or median. If ≥10 % of data were missing, multiple impu-
tations were performed, assuming they were missing at 
random [36].

Identification of risk factors independent of APACHE II 
score and model development
To identify risk factors independent of APACHE II score, 
data were first randomly split into a training (deriva-
tion) set and a validation set stratifying by participating 
trial centers. The derivation set and validation set had an 
approximately equal sample size. In the derivation set, to 
avoid multicollinearity, we pruned the candidate predic-
tors of those with a variance inflation factor (VIF) of no 
less than 4 [37, 38]. Cox proportional hazards regression 
was conducted to examine associations with death using 
the backward elimination approach [37], after adjustment 
for the APACHE II score, with a two-sided alpha value of 
0.05. Hazard ratios (HRs) were used to quantify the rela-
tionship between risk factors and death. Both a statistical 
test of proportional hazards assumption and a graphical 
examination using Schoenfeld residuals were performed 
to test the proportional hazards assumption of the Cox 
regression models [39].

In the derivation set, the new prediction model for 
60-day hospital mortality was constructed by combining 
the APACHE II score and the other risk factors identified 
above into a Cox regression model. Additionally, all the 
two-way interactions between the predictors in the new 
prediction model were tested. Significant interactions 
with an a priori alpha value of 0.05 were then added into 
the model to finalize the prediction model.

For 60-day ICU mortality, identification of risk factors 
independent of APACHE II score and construction of a 
new prediction model were performed in the whole data-
set following the same process.

Model performance
For succinctness, we defined three models for hospital 
and ICU mortality in this study: Model 1 which included 
the APACHE II score only; Model 2 that included the 
other risk factors only; and Model 3, as the new predic-
tion model, which combined APACHE II score and the 

other risk factors. To assess the calibration of all the 
three models for 60-day hospital mortality in the deriva-
tion set, we calculated the standardized mortality ratio 
(SMR) by dividing the observed death risk by the pre-
dicted mortality. To obtain the 95 % confidence intervals 
(CIs) for SMRs, first we treated the observed mortality as 
a Poisson variable, and then divided its 95 % confidence 
limits by the predicted mortality [40]. For Model 1 and 
Model 3, we also compared and plotted the predicted and 
observed risks of death across each 10th of observed risk 
[41], in which the observed risk was obtained from the 
Kaplan–Meier product-limit estimate.

Model goodness-of-fit was evaluated using a Gron-
nesby and Borgan test with ten groups based on the pre-
dicted risk score, where a nonsignificant result indicated 
no evidence of lack of fit to the data [42]. The Akaike 
information criterion (AIC) was used to evaluate and 
compare the goodness-of-fit between the three models; a 
smaller AIC value indicated a better model [43]. The like-
lihood ratio test was also performed for model compari-
son. To measure discrimination, we calculated a Harrell’s 
C index for each model [37, 44].

For 60-day ICU mortality, performance of the three 
models was assessed and compared using the whole 
dataset.

Model validation for hospital mortality
We used the validation set to assess the internal valida-
tion of all the three models [45]. The evaluation of cali-
bration, goodness-of-fit and discrimination was again 
performed in the validation set [45, 46].

Sensitivity analyses
To assess the robustness of findings, we performed a 
sensitivity analysis by using restricted cubic splines for 
continuous predictors in the new model [37]. Another 
sensitivity analysis was conducted using data for 30-day 
hospital and 30-day ICU mortality, and 90-day hospital 
and 90-day ICU mortality.

Exploratory analysis for hospital mortality
We applied and compared Model 3 and Model 1 in differ-
ent countries for 60-day hospital mortality in the whole 
dataset, as an exploratory analysis. Model performance 
was assessed separately in Canada, Saudi Arabia and Bra-
zil, USA and UK, and Australia.

Results
Baseline characteristics of participants
There were 3746 patients included for analyses. The mean 
age at baseline was 61.4 (SD: 16.5) years, and 43.3 % were 
females. The median survival of the 588 (15.7 %) patients 
who died in the ICU was 10  days. The median survival 
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of the 873 (23.3 %) patients who died during the hospital 
stay was 14 days.

The data were randomly split into a derivation set 
(n  =  1891) and a validation set (n  =  1855). Figure  1 
shows Kaplan–Meier survival curves of 60-day hospital 
mortality in the derivation and validation sets, with no 
evidence of significant difference between the two sets 
(p value = 0.94 for log-rank test). Table 1 compares the 
baseline characteristics between the survivors and non-
survivors in the derivation and validation sets. In the 
derivation set, 22.6 % of participants (n = 428) died dur-
ing the whole follow-up period and their median survival 
time was 14  days (IQR 7.5–28). The median follow-up 
for survivors (n = 1463) was 18 days (IQR 11–33). Non-
survivors were significantly older than survivors (67.7 
vs. 59.3  years). The survivors had significantly lower 
APACHE II scores but higher BMI than non-survivors (p 
value <0.001). There were more patients receiving UFH 
in non-survivors (54.7  %) than in survivors (49.1  %). 
More non-surviving patients were admitted to ICU with 
the diagnoses of sepsis and medical reasons (p value 
<0.001). Non-survivors were significantly more likely to 
receive inotropes or vasopressors, invasive mechanical 
ventilation, dialysis and acetylsalicylic acid or clopidogrel 
within the first 24  h of ICU admission (p value <0.05). 
Similar comparisons were also found in the validation set 
between non-survivors and survivors, except for the pro-
portions of patients receiving UFH, invasive mechanical 
ventilation and dialysis, and the percentages of patients 
with malignancy and medical admission (Table 1). 

Model construction
Table 2 shows the predictors and their HRs included in 
the new model (Model 3) for 60-day hospital and 60-day 
ICU mortality. Based on the derivation set, BMI, medical 

admission, use of inotropes or vasopressors and acetyl-
salicylic acid or clopidogrel were significant risk factors 
for 60-day hospital mortality independently of APACHE 
II score; all of them except BMI increased the risk of 
hospital death. Model 3 for hospital mortality included 
APACHE II score (main effect: HR = 0.97, 95 % CI 0.92–
1.02 for per-point increase), BMI (main effect: HR = 0.92, 
95 % CI 0.88–0.97 for per-point increase), medical admis-
sion (HR = 1.67, 95 % CI 1.29–2.17), use of inotropes or 
vasopressors (HR = 1.34, 95 % CI 1.10–1.65), acetylsali-
cylic acid or clopidogrel (HR = 1.27, 95 % CI 1.02–1.59) 
and the interaction term between APACHE II score and 
BMI (HR  =  1.002, 95  % CI 1.000–1.004 for per-point 
increase) (Table 2).

Significant risk factors for 60-day ICU mortality inde-
pendent of APACHE II score were BMI, medical admis-
sion and invasive mechanical ventilation. Model 3 for 
ICU mortality included APACHE II score, BMI, medical 
admission and invasive mechanical ventilation, with a HR 
of 1.04, 0.98, 1.39 and 0.75, respectively. No significant 
interaction terms were identified for Model 3 (Table 2).

Model performance
Results and comparison of the three models for 60-day 
hospital mortality are shown in Table 3. In the deriva-
tion set, the goodness-of-fit test indicated no evidence 
of lack of fit to the data for Model 1 (p value =  0.68) 
for hospital mortality. However, the discriminative 
ability of Model 1 was poor (C index = 0.58). No evi-
dence for the inaccurate overall prediction of mortal-
ity by Model 1 was found, given that the SMR was not 
significantly different from 1 (SMR =  1.003, 95  % CI 
0.959–1.050) (Table  3). Figure  2a displays predicted 
and observed hospital mortality in the derivation 
set across each 10th of the observed risk of death for 
Model 1, indicating Model 1 was well calibrated. Simi-
larly, Model 2 was a good fit and well calibrated in the 
derivation set, but its discriminative power was not 
high (C index = 0.62). Model 3 had a C index of 0.64 
and a SMR of 1.006 (95  % CI 0.961–1.052) (Table  3). 
The difference in C indices between Model 3 and 
Model 1 was significant (p value <0.001). Figure  2b 
shows predicted versus observed hospital mortality 
in the derivation set, which justified the calibration 
of Model 3. The smallest AIC was observed in Model 
3, indicating that Model 3 performed better than the 
other two models (Table  3). Likelihood ratio test also 
implied that Model 3 was a better fit than Model 1 and 
Model 2 (p values <0.001).

When the models were applied to the validation set, 
findings were unchanged. All the three models were well 
calibrated (Table  3; Fig.  3a for Model 1 and Fig.  3b for 
Model 3, respectively); nevertheless, their discriminative 

Fig. 1  Kaplan–Meier survival curves for 60-day hospital mortality in 
derivation and validation sets
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power was not satisfactory (Table  3). Results from AIC 
and likelihood ratio tests presented that Model 3 was bet-
ter than Model 1 and Model 2.

Table  3 also displays results for 60-day ICU mortality 
using the whole dataset. The SMR was 1.003 and 1.004 for 
Model 1 and Model 3, respectively. Figure 4a and b also 

Table 1  Baseline characteristics of survivors and non-survivors in hospital in derivation and validation datasets

a  Median follow-up: 18 days; interquartile range (IQR): 11–33 days
b  Median survival time: 14 days; IQR 7.5–28 days
c  Median follow-up: 19 days; IQR 11–37 days
d  Median survival time: 15 days; IQR 7–29 days
e  Student’s t test
f  Chi-square test

Characteristics Derivation set (n = 1891) Validation set (n = 1855)

Survivorsa

(n = 1463)
Non-survivorsb

(n = 428)
p value Survivorsc

(n = 1410)
Non-survivorsd

(n = 445)
p value

Age (year): mean (SD) 59.3 (16.92) 67.7 (14.58) <0.001e 59.6 (16.07) 68.3 (14.40) <0.001e

Gender: n (%)

 Male 830 (56.93) 231 (54.10) 0.301f 786 (56.22) 266 (59.91) 0.172f

 Female 628 (43.07) 196 (45.90) 612 (43.78) 178 (40.09)

BMI (kg/m2): mean (SD) 28.5 (7.69) 27.1 (6.93) <0.001e 28.9 (8.39) 27.1 (6.78) <0.001e

Use of thromboprophylaxis: n (%)

 Unfractionated heparin 718 (49.08) 234 (54.67) 0.042f 696 (49.36) 225 (50.56) 0.659f

 Dalteparin 745 (50.92) 194 (45.33) 714 (50.64) 220 (49.44)

APACHE II score: mean (SD) 20.8 (7.61) 24.1 (7.59) <0.001e 20.6 (7.59) 24.5 (7.84) <0.001e

History of malignancy: n (%) 50 (3.43) 21 (4.92) 0.155f 47 (3.36) 32 (7.21) <0.001f

Medical admission: n (%) 1086 (74.23) 353 (82.48) <0.001f 1046 (74.18) 346 (77.75) 0.129f

Diagnosis of sepsis on admission: n (%) 208 (14.27) 90 (21.08) <0.001f 177 (12.66) 74 (16.67) 0.032f

Intervention within the first 24 h on admission: n (%)

 Inotropes or vasopressors 614 (42.20) 241 (56.44) <0.001f 579 (41.42) 243 (54.73) <0.001f

 Invasive mechanical ventilation 1207 (82.96) 373 (87.35) 0.030f 1149 (82.19) 380 (85.59) 0.097f

 Dialysis 57 (3.92) 45 (10.54) <0.001f 87 (6.22) 39 (8.78) 0.063f

 Acetylsalicylic acid or clopidogrel 290 (19.93) 113 (26.46) 0.004f 289 (20.49) 112 (25.23) 0.029f

 Statin 169 (11.62) 62 (14.52) 0.108f 199 (14.23) 59 (13.29) 0.617f

Table 2  Predictors for 60-day hospital mortality in the derivation dataset and for 60-day ICU mortality in the whole data-
set

a  There were 390 60-day deaths in hospital in derivation cohort
b  There were 573 60-day deaths in ICU in the whole cohort
c  Not included in the model for ICU mortality; no interaction term in the model for ICU mortality
d  Not included in the model for hospital mortality

Predictors Hospital mortality
(n = 1891)a

ICU mortality
(n = 3746)b

HR (95 % CI) p value HR (95 % CI) p value

BMI 0.92 (0.88–0.97) 0.003 0.98 (0.96–0.99) <0.001

Medical admission 1.67 (1.29–2.17) <0.001 1.39 (1.11–1.72) 0.003

Inotropes or vasopressors 1.34 (1.10–1.65) 0.005 –c –c

Acetylsalicylic acid or clopidogrel 1.27 (1.02–1.59) 0.035 –c –c

APACHE II score 0.97 (0.92–1.02) 0.241 1.04 (1.03–1.05) <0.001

APACHE II score*BMI 1.002 (1.000–1.004) 0.038 –c –c

Invasive mechanical ventilation –d –d 0.75 (0.58–0.97) 0.027
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support the calibration of Model 1 and Model 3, respec-
tively. The C index was not high, with a discriminative 
value of 0.61 and 0.64 for Model 1 and Model 3, respec-
tively. No significant difference in C indices between 
Model 3 and Model 1 was observed (p value = 0.16).

Results from sensitivity analysis using restricted cubic 
splines for BMI, APACHE II score and the interaction 
between them displayed similar findings from Model 3 for 
60-day hospital mortality, where the interior knots were 
located on 25 and 30 for BMI, and the medians for APACHE 
II score (21) and the interaction term (569), respectively 
(Table 4). Findings were also in good agreement with Model 
3 for 60-day ICU mortality when restricted cubic splines 
were used for BMI and APACHE II score (Table 4). Simi-
lar results of model construction and model performance 
were observed in another sensitivity analysis limiting data 
to 30-day hospital and 30-day ICU mortality (Appen-
dix Tables 6, 7) and restricting data to 90-day hospital and 
90-day ICU mortality (Appendix Tables 8, 9).

Exploratory analysis
An exploratory analysis was conducted by country for 
hospital mortality using the whole dataset (Table  5). 
Similar model performance was observed in different 
countries using Model 1 and Model 3. However, evidence 
indicated that Model 1 may under-predict risk of 60-day 
hospital death for patients in Saudi Arabia and Brazil 
(SMR = 1.155, 95 % CI 1.054–1.263).

Discussion
Main findings
Based on the data from an international thromboprophy-
laxis trial, we identified risk factors other than APACHE 
II score which predicted 60-day hospital mortality and 
60-day ICU mortality. We constructed a new predic-
tion model for mortality in critically ill patients receiving 
thromboprophylaxis. The new model was a good fit, well 
calibrated and internally validated. Results from sensitiv-
ity analyses supported the robustness of findings. How-
ever, the discriminative ability of the prediction model 
was not satisfactory.

In this study, we identified that higher BMI was sig-
nificantly related to decreased risk of hospital and ICU 
mortality (Table  2), which was congruent with previ-
ous studies [47–49]. The potentially protective effect of 
increased BMI on survival has been termed the obesity 
paradox or reverse epidemiology [50], but whether the 
observed association is causative remains unresolved [49, 
51, 52]. It has been postulated that higher body weight 
affords nutritional reserves that increase the chance of 
survival when patients are critically ill [53].

Medical admission was also found to be a significant 
independent risk factor for hospital and ICU death. 
Patients admitted for medical reasons may have more 
serious chronic morbidities not fully accounted for by 
APACHE chronic conditions, or have poorer prognoses 
when admitted to the ICU compared to those patients 

Table 3  Comparing three models in  model performance for  60-day hospital mortality in  the derivation and  validation 
dataset and for 60-day ICU mortality in the whole dataset

AIC Akaike information criterion, SMR standardized mortality ratio
a  Based on Groennesby and Borgan test
b  The other risk factors included BMI, medical admission, inotropes or vasopressors and acetylsalicylic acid or clopidogrel
c  Model 3 consisted of BMI, medical admission, inotropes or vasopressors, acetylsalicylic acid or clopidogrel, APACHE II score and the interaction between BMI and 

APACHE II score
d  The other risk factors included BMI, medical admission and invasive mechanical ventilation
e  Model 3 consisted of BMI, medical admission, invasive mechanical ventilation and APACHE II score

Model performance Goodness-of-fit C index SMR (95 % CI)

p valuea AIC

Hospital mortality—derivation set (n = 1891)

 Model 1 (including APACHE II scores only) 0.68 5704 0.58 1.003 (0.959–1.050)

 Model 2 (including the other risk factors only)b 0.16 5359 0.62 1.002 (0.956–1.049)

 Model 3 (including both the other risk factors and APACHE II scores)c 0.90 5329 0.64 1.006 (0.961–1.052)

Hospital mortality—validation set (n = 1855)

 Model 1 (including APACHE II scores only) 0.37 5912 0.60 0.933 (0.890–0.978)

 Model 2 (including the other risk factors only)b 0.80 5765 0.59 1.019 (0.972–1.067)

 Model 3 (including both the other risk factors and APACHE II scores)c 0.88 5567 0.64 1.011 (0.966–1.060)

ICU mortality—the whole set (n = 3746)

 Model 1 (including APACHE II scores only) 0.75 8180 0.61 1.003 (0.972–1.036)

 Model 2 (including the other risk factors only)d 0.24 7821 0.58 1.001 (0.969–1.034)

 Model 3 (including both the other risk factors and APACHE II scores)e 0.74 7778 0.64 1.004 (0.972–1.038)
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selected for surgery. Also, we found that some interven-
tions within the first 24 h of ICU admission such as use 
of inotropes or vasopressors, and acetylsalicylic acid or 
clopidogrel, were associated with increased risk of hos-
pital mortality, reflecting more severe illness. However, 
invasive mechanical ventilation within the first 24  h on 
admission was associated with 25  % decreased risk of 
ICU death (Table  2). Evidence suggests that not using 
invasive mechanical ventilation could have negative 
effects on outcome by postponing necessary intubation; 
therefore, early initiation of invasive mechanical ventila-
tion may be related to decreased risk of death [54, 55].

Implications of the study
Given the previously acknowledged limited predictive 
accuracy of the APACHE II system for mortality, we 
sought to build a new prediction model for mortality 
for critically ill medical–surgical patients. In this study, 
the model including APACHE II score only (Model 1) 
had surprisingly low discriminative ability (Tables  3, 5), 
which has been documented previously [21]. The model 

that combined additional baseline characteristics and 
early ICU interventions may better assess patients’ illness 
severity and thus improve the estimated risk of mortal-
ity, compared with the APACHE II score alone. Never-
theless, though the prediction model had a significantly 
higher C index than APACHE II score in predicting risk 
of hospital mortality, adding more information such as 
BMI, medical admission and early pharmacologic inter-
ventions increased the discriminative accuracy to only 
a small extent (Table  3). The simplicity of the APACHE 
II score is a major reason why it remains the most com-
monly used severity scoring system globally in clinical 
practice as well as health research [4]. Compared with 
the APACHE II score alone, the utilization of a new 
model which increases data collection, is more complex 
but does not substantially improve discriminative ability. 
Therefore, the use of the new model would be limited to 
situations where a clinician or health services investigator 
was sufficiently dissatisfied with the APACHE II and was 
requiring an even minimally better model to predict risk 
of death in critically ill patients.

Fig. 2  Observed versus expected in derivation set for 60-day hospital 
mortality: a results from Model 1; b results from Model 3 (solid diago-
nal line represents ideal calibration)

Fig. 3  Observed versus expected in validation set for 60-day hospital 
mortality: a results from Model 1; b results from Model 3 (solid diago-
nal line represents ideal calibration)
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Comparison with other studies
Prediction models based on multivariate analyses typi-
cally use logistic regression analysis, due to the advantage 
of its simpler interpretation of the relationship between 

predictive factors and outcomes [56]. One study built a 
prediction model combining APACHE II score, a Model 
for End-Stage Liver Disease score, mechanical ventila-
tion and sex using logistic regression in ICU patients 
with end-stage liver disease [57]. They found that the new 
model was more accurate than APACHE II score alone 
(the area under the receiver operating characteristic 
curves (AUC): 0.86 versus 0.76) in prediction of hospital 
mortality [57]. Another cohort study employed an assess-
ment tool based on the PIRO (predisposition, insult, 
response and organ dysfunction) concept including 

Fig. 4  Observed versus expected in the whole dataset for 60-day 
ICU mortality: a results from Model 1; b results from Model 3 (solid 
diagonal line represents ideal calibration)

Table 4  Sensitivity analyses of model performance in Model 3 using restricted cubic splines for continuous predictorsa 
for 60-day hospital and 60-day ICU mortality

AIC Akaike information criterion, SMR standardized mortality ratio
a  Continuous predictors included BMI, APACHE score and the interaction between them for hospital mortality, and continuous predictors only included BMI and 

APACHE score for ICU mortality
b  Based on Groennesby and Borgan test
c  Model 3 for hospital mortality included BMI, medical admission, inotropes or vasopressors, acetylsalicylic acid or clopidogrel, APACHE II score and the interaction 

between BMI and APACHE II score
d  Model 3 for ICU mortality consisted of BMI, medical admission, invasive mechanical ventilation and APACHE II score

Model performance Goodness-of-fit C index SMR (95 % CI)

p valueb AIC

Hospital mortality in derivation set (n = 1891)c 0.54 5691 0.63 1.007 (0.963–1.054)

Hospital mortality in validation set (n = 1855)c 0.51 5924 0.62 0.988 (0.943–1.034)

ICU mortality in the whole set (n = 3746)d 0.69 8177 0.64 1.005 (0.973–1.037)

Table 5  Exploratory analyses for  model performance 
of Models 1 and 3 in different countries for 60-day hospital 
mortality using the whole dataset

AIC Akaike information criterion, SMR standardized mortality ratio
a  Based on Groennesby and Borgan test
b  Model 1 included APACHE II score only
c  Model 3 consisted of BMI, medical admission, inotropes or vasopressors, 
acetylsalicylic acid or clopidogrel, APACHE II score and the interaction between 
BMI and APACHE II score

Model performance Goodness-of-fit C index SMR (95 % CI)

p valuea AIC

Model 1b

 Canada (n = 2456) 0.41 7639 0.61 0.981 (0.942–1.021)

 Australia (n = 768) 0.11 1418 0.62 0.965 (0.897–1.037)

 USA and UK (n = 109) 0.64 130 0.68 0.982 (0.804–1.186)

 Saudi Arabia and Brazil 
(n = 413)

0.77 1713 0.55 1.155 (1.054–1.263)

Model 3c

 Canada (n = 2456) 0.88 7489 0.62 0.996 (0.956–1.037)

 Australia (n = 768) 0.80 1349 0.63 0.968 (0.898–1.043)

 USA and UK (n = 109) 0.41 125 0.71 0.981 (0.801–1.190)

 Saudi Arabia and Brazil 
(n = 413)

0.25 1660 0.63 1.099 (0.943–1.311)
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comorbidities, old age, multilobar opacities in chest radi-
ograph, shock, hypoxemia, bacteremia, acute renal fail-
ure and acute respiratory distress syndrome, to compare 
its model performance with APACHE II score in patients 
with community-acquired pneumonia [58]. The AUC of 
the PIRO score (0.88) was significantly higher than that 
of APACHE II score (0.75) in predicting 28-day ICU 
mortality [58]. Though it was difficult to directly compare 
our results with these models, given their different popu-
lations, settings, data and methodologies, these studies 
agreed with our findings in that adding more informa-
tion to build a new model would likely outperform the 
APACHE II score alone.

Limitations and strengths
This study was based on the data from a randomized 
thromboprophylaxis trial with strict inclusion and exclu-
sion criteria, which therefore limits the generalizability of 
its findings. For instance, the mortality rate in this study 
may be lower than in other studies, because patients with 
poor life expectancy were excluded in the trial protocol [34, 
35]. As well, the population upon which the new model 
was developed excluded patients who were at high risk of 
bleeding or if they were admitted to ICU because of major 
trauma, neurosurgery or orthopedic surgery [34, 35]. The 
latter criteria could also explain the apparent lower mortal-
ity associated with surgical patients compared to medical 
patients, as some of the more seriously ill surgical patients 
(e.g., patients with trauma, neurosurgical or orthopedic sur-
gery) were excluded from the study. In addition, we could 
only use the data included in the original trial database, and 
we could not subsequently capture other potentially impor-
tant indicators of illness severity including those that might 
have helped with the discrimination of this new model.

Strengths of this study include the international mul-
ticenter design, large sample size and standardized data 
collection. Moreover, we performed rigorous statistical 
analyses to build a new model and evaluate its perfor-
mance. Evidence from internal validation and sensitiv-
ity analyses indicated that the findings were internally 
validated and robust. Similar results from explanatory 
analyses in different countries also suggested the general-
izability and robustness of the model in this dataset using 
a heterogeneous group of patients.

Conclusion
Using data from critically ill medical–surgical patients 
receiving heparin thromboprophylaxis, we identify addi-
tional risk factors for mortality independent of APACHE 
II score and construct a new model to predict risk of 
death. The new model combining APACHE II score and 
other risk factors is a good fit, well calibrated, but with 

unsatisfactory discriminative power. Compared with the 
APACHE II score alone, the new prediction model which 
increases data collection, is more complex but does not 
substantially improve discriminative ability.
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Table 6  Predictors for 30-day hospital mortality in the derivation dataset and for 30-day ICU mortality in the whole data-
set

a  There were 332 deaths for 30-day hospital mortality in derivation cohort
b  There were 522 deaths for 30-day ICU mortality in the whole cohort
c  Not included in the model for ICU mortality
d  Not included in the model for hospital mortality

Predictors Hospital mortality (n = 1891)a ICU mortality (n = 3746)b

HR (95 % CI) p value HR (95 % CI) p value

BMI 0.97 (0.95–0.99) <0.001 0.97 (0.96–0.99) <0.001

Medical admission 1.86 (1.38–2.51) <0.001 1.41 (1.12–1.78) 0.003

Inotropes or vasopressors 1.45 (1.16–1.82) 0.001 –c –c

Acetylsalicylic acid or clopidogrel 1.22 (1.02–1.46) 0.037 –c –c

APACHE II score 1.03 (1.01–1.04) <0.001 1.04 (1.03–1.05) <0.001

Invasive mechanical ventilation –d –d 0.77 (0.59–0.99) 0.042

Table 7  Results for sensitivity analyses of model performance in the new model for 30-day hospital mortality and 30-day 
ICU mortality

AIC Akaike information criterion, SMR standardized mortality ratio
a  Based on Groennesby and Borgan test
b  The new model for 30-day hospital mortality included BMI, medical admission, inotropes or vasopressors, acetylsalicylic acid or clopidogrel and APACHE II score
c  The new model for 30-day ICU mortality consisted of BMI, medical admission, invasive mechanical ventilation and APACHE II score

Model performance Goodness-of-fit C index SMR (95 % CI)

p valuea AIC

Hospital mortality in derivation set (n = 1891)b 0.74 4682 0.63 1.005 (0.960–1.051)

Hospital mortality in validation set (n = 1855)b 0.76 4789 0.65 1.006 (0.961–1.053)

ICU mortality in the whole set (n = 3746)c 0.65 7559 0.64 1.003 (0.971–1.036)

Table 8  Predictors for 90-day hospital mortality in the derivation dataset and for 90-day ICU mortality in the whole data-
set

a  There were 405 deaths for 90-day hospital mortality in derivation cohort
b  There were 581 deaths for 90-day ICU mortality in the whole cohort
c  Not included in the model for ICU mortality
d  Not included in the model for hospital mortality

Predictors Hospital mortality (n = 1891)a ICU mortality (n = 3746)b

HR (95 % CI) p value HR (95 % CI) p value

BMI 0.93 (0.88–0.97) 0.003 0.98 (0.96–0.99) <0.001

Medical admission 1.67 (1.29–2.17) <0.001 1.39 (1.12–1.73) 0.003

Inotropes or vasopressors 1.36 (1.11–1.67) 0.003 –c –c

Acetylsalicylic acid or clopidogrel 1.27 (1.02–1.59) 0.035 –c –c

APACHE II score 0.97 (0.92–1.02) 0.241 1.04 (1.02–1.05) <0.001

APACHE II score*BMI 1.002 (1.000–1.004) 0.038 –c –c

Invasive mechanical ventilation –d –d 0.75 (0.58–0.97) 0.026
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ciety Clinical Trials Group

This was a secondary analysis of a prospective randomized study

of the Prophylaxis for Thromboembolism in Critical Care Trial

(PROTECT) database. A total of 3746 medical-surgical critically ill

patients from 67 intensive care units (ICUs) in 6 countries receiving

either subcutaneous UFH 5000 IU twice daily (n¼ 1873) or dalteparin

5000 IU once daily plus once-daily placebo (n¼ 1873) were included

for analysis.

A total of 205 incident proximal leg deep vein thromboses (PLDVT)

were reported during follow-up, among which 96 were in the dalteparin

group and 109 were in the UFH group. No significant treatment effect of

dalteparin on PLDVT compared with UFH was observed in either the

competing risk analysis or standard survival analysis (also known as

cause-specific analysis) using multivariable models adjusted for

APACHE II score, history of VTE, need for vasopressors, and end-

stage renal disease: sub-hazard ratio (SHR)¼ 0.92, 95% confidence

interval (CI): 0.70–1.21, P-value¼ 0.56 for the competing risk analysis;

hazard ratio (HR)¼ 0.92, 95% CI: 0.68–1.23, P-value¼ 0.57 for cause-

specific analysis. Dalteparin was associated with a significant reduction

in risk of pulmonary embolism (PE): SHR¼ 0.54, 95% CI: 0.31–0.94,

P-value¼ 0.02 for the competing risk analysis; HR¼ 0.51, 95% CI:

0.30–0.88, P-value¼ 0.01 for the cause-specific analysis. Two

additional sensitivity analyses using the treatment variable as a time-

dependent covariate and using as-treated and per-protocol approaches

demonstrated similar findings.

This competing risk analysis yields no significant treatment effect on

PLDVT but a superior effect of dalteparin on PE compared with UFH in

medical-surgical critically ill patients. The findings from the competing

risk method are in accordance with results from the cause-specific analysis.

clinicaltrials.gov Identifier: NCT00182143

(Medicine 94(36):e1479)

Abbreviations: APACHE = Acute Physiology and Chronic Health

Evaluation, CI = confidence interval, CIF = cumulative incidence

function, DVT = deep vein thrombosis, HR = hazard ratio, ICU =

intensive care unit, IQR = interquartile range, PE = pulmonary

embolism, PLDVT = proximal leg deep vein thromboses,

PROTECT = Prophylaxis for Thromboembolism in Critical Care

Trial, RCT = randomized controlled trial, SD = standard deviation,

SHR = sub-hazard ratio, UFH = unfractionated heparin, VTE =

venous thromboembolism.
INTRODUCTION

A competing risk is defined as an event that either precludes
another event under investigation or fundamentally alters

www.md-journal.com | 1
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the probability of the outcome of interest.1,2 In health research,
it is not uncommon for participants to experience a competing
risk event such as death, which prevents observing the event of
interest. Failure to recognize the presence of competing risk or
to account for it may result in misleading conclusions in clinical
trials or epidemiological research.3

Critically ill patients in intensive care units (ICUs) are at
high risk of venous thromboembolism (VTE), including deep
vein thrombosis (DVT) and pulmonary embolism (PE), because
of their complex acute and chronic illnesses, analgesia and
paralysis, immobility, and other interventions they may
receive.4–6 Until recently, there were insufficient data to ade-
quately compare the efficacy of low-molecular-weight heparin
and unfractionated heparin (UFH) in preventing VTE in
medical-surgical critically ill patients.7 The multicenter inter-
national randomized controlled trial, PROTECT (Prophylaxis
for Thromboembolism in Critical Care Trial), evaluated the
efficacy of dalteparin (a low-molecular-weight heparin) versus
UFH in proximal leg deep vein thromboses (PLDVT), and other
VTEs.8 The trial reported no significant effect of dalteparin
versus UFH on PLDVT, but a significantly superior treatment
effect of dalteparin on PE using standard survival analysis (also
known as cause-specific analysis).8 However, the mortality rate
(23.3%) was much higher than the rate of PLDVT (5.5%) and
PE (1.8%) during follow-up.

Death prior to a VTE precludes the occurrence of sub-
sequent PLDVT and PE, and therefore it can potentially affect
the estimation of thromboprophylaxis efficacy. Evidence has
shown that cause-specific analyses that fail to take competing
risks into account could report biased findings about the effect
of treatments or prognostic factors on outcomes.3,9,10 Cox
regression used for cause-specific analyses may not be appro-
priate since its assumptions of noninformative censoring and
independence of time distributions between PLDVT and death
may have been violated because of the existence of competing
risks.2,11 Although in the original trial report, a composite
outcome of VTE or death was used to examine the efficacy
of dalteparin versus UFH,8,12 death as a competing event for
VTE was not directly accounted for in the analysis.

In this study, we reanalyzed data from PROTECT to
explicitly account for death as a competing risk. We used the
Fine and Gray proportional subdistribution hazards model that,
emerging evidence suggests, is appropriate to use in the pre-
sence of competing risk13,14 to evaluate the efficacy of dalte-
parin versus UFH in preventing VTE in medical-surgical
critically ill patients. Our goal was to perform the competing
risk analysis as a sensitivity analysis,15 and thus assess the
robustness of the main findings based on the cause-specific
analysis.8 We performed additional sensitivity analyses: using
the treatment variable as a time-dependent covariate in both
cause-specific analysis and the Fine and Gray model; and using
as-treated and per-protocol approaches. Our primary outcome
was PLDVT, and the secondary outcome was PE.

METHODS

Patients and Settings
Details about the design, conduct, and main results of

PROTECT (ClinicalTrials.gov Identifier: NCT00182143) have
been published elsewhere.8,12 Briefly, PROTECT was a multi-
center randomized controlled trial (RCT) conducted in 67 ICUs

Li et al
from 2006 to 2010 in Canada, the United States, Australia,
Brazil, Saudi Arabia, and the United Kingdom, aiming to
evaluate the efficacy of subcutaneous UFH 5000 IU twice daily

2 | www.md-journal.com
versus dalteparin 5000 IU once daily plus once-daily placebo in
VTE in 3746 medical-surgical critically ill patients. Patients
were enrolled in this trial if they were �18-years old, weighed
�45 kg, and were expected to stay in the ICU for �3 days.
Exclusion criteria were an admission diagnosis of trauma,
orthopedic surgery, uncontrolled hypertension, or neurosurgery;
major hemorrhage within the previous week; stroke, coagulo-
pathy, or thrombocytopenia; pregnancy; or limitation of life-
support. Patients with a need for anticoagulant therapy, with a
contraindication to heparin or blood products, or who were
already enrolled in a related trial, were also excluded. All
patients or their surrogates provided written informed consent.
Research ethics committees at each center approved the trial
(e-Table 1, http://links.lww.com/MD/A398).

Outcomes
The primary outcome was incident PLDVT detected �3

days postrandomization using bilateral proximal leg venous
ultrasounds.8,12 The screening ultrasonography was performed
twice-weekly and if PLDVT was clinically suspected. The
secondary outcome was incident PE. Pulmonary emboli were
diagnosed when intraluminal filling defects appeared on com-
puted tomography, or when an unmatched perfusion defect on
ventilation–perfusion (V/Q) scans existed, or if there were both
a pretest probability (clinical suspicion) and a nondiagnostic
result on noninvasive testing.8,12

Two adjudicators were randomly assigned to indepen-
dently assess the PLDVT events; 4 adjudicators evaluated each
PE event. All adjudicators were blinded to treatment allocation,
center, and each other’s assessments.8,12 All enrolled patients
were followed up to hospital discharge to record their vital
status. Data were censored at 100 days for VTE outcomes.8,12

Statistical Analyses
Descriptive statistics for baseline characteristics of the

patients were presented as means and standard deviations
(SDs) or median and interquartile range (IQR) for data on
continuous variables, and frequencies (percentages) for categ-
orical variables. Because the percentage of missing data was
small (<5%),8 we imputed the missing data using the mean or
median of the variable in its group when survival analysis was
performed. All tests were 2-sided at a significance level of 0.05.

The independence assumption of the time distribution
between VTE and death may not be satisfied in survival analysis
due to the competing risk of death, therefore the Kaplan–Meier
method was not appropriate to estimate survival curves for
VTE.2,16 We used the cumulative incidence function (CIF, also
known as the subdistribution), which was derived from the
cause-specific hazard function and did not require the indepen-
dence assumption, to estimate the marginal probability of VTE
in the presence of competing risk.13 Specifically, given a time
point t, the CIF denoted the probability of experiencing a VTE
by the time t when the patients could also die before they
developed a VTE. We used the Pepe and Mori method to test
whether the CIFs of VTE between the treatment groups (dalte-
parin versus UFH) were significantly different.17 The Kaplan–
Meier method was used to evaluate the CIF of death, and the
log-rank test was performed to compare the CIFs between
the treatment groups.16

All the analyses were conducted based on the intention-to-

Medicine � Volume 94, Number 36, September 2015
treat principle. We first performed univariate analyses for
PLDVT and PE in the Fine and Gray model, and Cox regression
for cause-specific analysis, respectively. Multivariable analyses

Copyright # 2015 Wolters Kluwer Health, Inc. All rights reserved.
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PLDVT for these 2 groups are displayed in Figure 1 with
considerable overlap. No significant difference of the CIFs
for PLDVT between the 2 groups was observed using the Pepe

TABLE 1. Baseline Characteristics of the Dalteparin and UFH Group

Characteristics Dalteparin Group
�
(n¼ 1873) UFH Groupy (n¼ 1873)

Age (year): mean (SD) 61.1 (16.5) 61.7 (16.4)
Gender: n, %

Male 1052 (56.4) 1061 (57.0)
Female 813 (43.6) 801 (43.0)

APACHE II score: mean (SD) 21.4 (7.8) 21.7 (7.8)
History of personal or family VTE: n, % 86 (4.6) 87 (4.7)
Need for vasopressors: n, % 805 (43.2) 872 (46.8)
End-stage renal failure: n, % 60 (3.2) 58 (3.1)

APACHE¼Acute Physiology and Chronic Health Evaluation; SD¼ standard deviation; UFH¼ unfractionated heparin; VTE¼ venous throm-
boembolism.�

Median follow-up: 18 days; interquartile range: 10–32 days.

Medicine � Volume 94, Number 36, September 2015 Competing Risk Analysis for Dalteparin for Venous Thromboembolism
were then employed, in which the analyses were adjusted for the
Acute Physiology and Chronic Health Evaluation (APACHE) II
score, history of personal or family VTE, need for vasopressors,
and end-stage renal disease.8,18 Sub-hazard ratios (SHRs) and
corresponding 95% confidence intervals (CIs) were reported for
the Fine and Gray model, while hazard ratios (HRs) were
presented for cause-specific analysis. Both a statistical test
and a graphical examination based on the Schoenfeld residuals
were used to assess the proportional hazards assumption.13,19

Two additional sensitivity analyses were conducted. Since
there may be gaps in the treatment of participants during follow-
up, we included the treatment as a time-dependent covariate in
both cause-specific analysis and the Fine and Gray model, to
investigate whether the estimated treatment effect was robust.20

Another sensitivity analysis was performed by using as-treated
and per-protocol analyses in PLDVT and PE. The as-treated
analysis excluded the patients (n¼ 87) who withdrew consent,
never received any study drug, or who were incorrectly random-
ized.8,12 The per-protocol analysis excluded the patients
(n¼ 619) who were treated for baseline VTE diagnosed on
the first screening ultrasonography, had <2 ultrasound tests, or
who received study treatment for <2 days.8,12

All analyses were performed using STATA Version 12
(Stata Corp., College Station, TX) and SAS version 9.3 (SAS
Institute, Inc., Cary, NC).

RESULTS

Baseline Characteristics
The selection process of patients in the PROTECT has

been published elsewhere.8 Briefly, in the intension-to-treat
analysis, 3746 patients (43.3% females) were included. Their
mean age was 61.4 (SD: 16.5) years, and their mean APACHE
II score was 21.5 (SD: 7.76) at baseline. The 4.6% of the
patients (n¼ 173) had a history of personal or family VTE, and
the percentage of participants diagnosed as end-stage renal
disease was 3.2% (n¼ 118). There were 1677 (44.8%) patients
requiring vasopressors at baseline.

The baseline characteristics of the dalteparin and UFH
groups are shown in Table 1. There were 1873 participants
assigned to dalteparin group and 1873 patients to UFH, respect-

yMedian follow-up: 17 days; interquartile range: 10–35 days.
ively. The age, sex composition, APACHE II scores, the
percentages having a history of VTE or a diagnosis of end-
stage renal disease, and the numbers of patients requiring

Copyright # 2015 Wolters Kluwer Health, Inc. All rights reserved.
vasopressors were similar in the 2 groups. The median fol-
low-up for the dalteparin group was 18 days (IQR: 10–32),
while the median follow-up for the UFH group was 17 days
(IQR: 10–35) (Table 1).

During follow-up, 205 incident PLDVTs were reported,
among which 96 were in the dalteparin group and 109 were in
the UFH group. The 96 patients with PLDVT in the dalteparin
group had similar age (60.2 versus 61.8), female composition
(51.04% versus 43.12%), APACHE II scores (22.6 versus 22.4),
percentage of history of VTE (6.25% versus 8.26%), diagnosis
of end-stage renal disease (5.21% versus 2.75%), and patients
requiring vasopressors (47.92% versus 55.96%) to the 109
patients in the UFH group (all P-values> 0.20). There were
812 patients (386 and 426 in the dalteparin and UFH group,
respectively) who died before they developed a PLDVT during
their ICU and hospital stay. The 30-, 60-, and 90-day cumulative
incidence of PLDVT for dalteparin compared with UFH group
was 11.8% versus 12.2%, 16.2% versus 15.7%, and 17.7%
versus 15.7%, respectively. The cumulative incidence curves of
FIGURE 1. Cumulative incidence curves of PLDVT in dalteparin
and UFH group. PLDVT¼proximal leg deep vein thrombosis,
UFH¼unfractionated heparin.
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FIGURE 2. Cumulative incidence curves of death in dalteparin

Li et al
and Mori test (P-value¼ 0.66). The cumulative incidence
curves of mortality using the Kaplan–Meier method between
the dalteparin group and UFH group are shown in Figure 2.
Similarly no significant difference of these 2 CIFs for death was
found (P-value¼ 0.23 for log-rank test).

Comparison Between Competing Risk Analysis
and Cause-Specific Analysis

Results from the Fine and Gray model and the cause-
specific method to evaluate the efficacy of dalteparin versus
UFH in PLDVT are presented in Table 2. No significant
treatment effect of dalteparin on PLDVT was observed in either
the competing risk analysis or the cause-specific analysis using
univariate analyses: SHR¼ 0.92, 95% CI: 0.71–1.21,

and unfractionated heparin (UFH) group using the Kaplan–Meier
method.
P-value¼ 0.56 for the Fine and Gray model; HR¼ 0.92,
95% CI: 0.70–1.21, P-value¼ 0.54 for the cause-specific
method. Similar findings were also identified in multivariable

TABLE 2. Univariate and Multivariable Analyses in PLDVT and PE

Method

PLDVT

Dalteparin
(n¼ 1873)

UFH
(n¼ 1873)

Statistics
�

(95% CI)

Univariate analysis
Fine and Gray model 96 (5.13)y 109 (5.82)y 0.92

(0.71–1.21)
Cause-specific analysis 0.92

(0.70–1.21)
Multivariable analysisz

Fine and Gray model 96 (5.13)y 109 (5.82) y 0.92
(0.70–1.21)

Cause-specific analysis 0.92
(0.68–1.23)

PE¼ pulmonary embolism, PLDVT¼ proximal leg deep vein thrombosi�
Sub-hazard ratio (SHR) for the Fine and Gray model; hazard ratio (HR
yExpressed as the number and percentage (%) of the venous thromboem
zAdjusted for the Acute Physiology and Chronic Health Evaluation II s

vasopressors, and end-stage renal failure.

4 | www.md-journal.com
models adjusted for APACHE II score, history of VTE, need for
vasopressors, and end-stage renal disease: SHR¼ 0.92, 95% CI:
0.70–1.21, P-value¼ 0.56 for the Fine and Gray model;
HR¼ 0.92, 95% CI: 0.68–1.23, P-value¼ 0.57 for the cause-
specific analysis (Table 2). Moreover, we performed another
multivariable analysis in both competing risk analysis and
cause-specific analysis adjusted for age, female gender,
APACHE II score, history of VTE, need for vasopressors,
and end-stage renal disease. Findings remained consistent:
SHR¼ 0.92, 95% CI: 0.70–1.22, P-value¼ 0.55 for the Fine
and Gray model; HR¼ 0.92, 95% CI: 0.69–1.21,
P-value¼ 0.54 for the cause-specific analysis.

Table 2 also shows results for evaluation of dalteparin
versus UFH for the outcome of PE. There were 24 patients with
incident PE reported in the dalteparin group, while 43 patients
were diagnosed with PE in the UFH group. Dalteparin was
associated with significantly fewer PE compared with UFH in
the univariate analysis, with a SHR of 0.58 (P-value¼ 0.03) for
the competing risk analysis and a HR of 0.58 (P-value¼ 0.03)
for the cause-specific method. The significant treatment
effect of dalteparin remained unchanged in the multivariable
analysis in both the Fine and Gray model (SHR¼ 0.54, 95% CI:
0.31–0.94, P-value¼ 0.02) and the cause-specific analysis
(HR¼ 0.51, 95% CI: 0.30–0.88, P-value¼ 0.01), compared
with UFH (Table 2).

Additional Sensitivity Analyses
Table 3 shows results of additional sensitivity analyses

including the treatment as a time-dependent covariate in both
cause-specific analysis and the Fine and Gray model. Similar
findings to the analyses using dalteparin and UFH as time-
invariant covariates (Table 2) were reported: no significant
treatment effect of dalteparin on PLDVT compared with
UFH was found (P-values� 0.50), while a significantly pro-
tective effect on PE was observed (P-values< 0.05) in both the
competing risk analysis and the cause-specific method

Medicine � Volume 94, Number 36, September 2015
(Table 3).
Another sensitivity analysis was conducted by using as-

treated and per-protocol multivariable analyses in PLDVT and

in the Fine and Gray Model and the Cause-Specific Method

PE

P-Value
Dalteparin
(n¼ 1873)

UFH
(n¼ 1873)

Statistics
�

(95% CI) P-Value

0.56 24 (1.28)y 43 (2.30)y 0.58
(0.35–0.95)

0.03

0.54 0.58
(0.34–0.96)

0.03

0.56 24 (1.28)y 43 (2.30)y 0.54
(0.31–0.94)

0.02

0.57 0.51
(0.30–0.88)

0.01

s, UFH¼ unfractionated heparin.
) for the cause-specific analysis.
bolism event.

core, history of personal or family venous thromboembolism, need for
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TABLE 3. Additional Sensitivity Analyses Using Treatment as a Time-Dependent Covariate in the Cause-Specific Analysis and the
Fine and Gray Model

Method

PLDVT (n¼ 205) PE (n¼ 67)

Statistics
�

(95% CI) P-Value Statistics
�
(95% CI) P-Value

Univariate analysis
Fine and Gray model 0.86 (0.53–1.40) 0.54 0.47 (0.25–0.90) 0.02
Cause-specific analysis 0.85 (0.52–1.37) 0.50 0.48 (0.25–0.91) 0.02
Multivariable analysisy

Fine and Gray model 0.87 (0.53–1.42) 0.58 0.48 (0.26–0.91) 0.02
Cause-specific analysis 0.87 (0.54–1.42) 0.58 0.48 (0.24–0.91) 0.03

CI¼ confidence interval, PE¼ pulmonary embolism, PLDVT¼ proximal leg deep vein thrombosis.�
Sub-hazard ratio (SHR) for the Fine and Gray model; hazard ratio (HR) for the cause-specific analysis.

II s

Medicine � Volume 94, Number 36, September 2015 Competing Risk Analysis for Dalteparin for Venous Thromboembolism
PE (Table 4). There were 3659 and 3127 patients included for
as-treated and per-protocol analysis, respectively. No signifi-
cant relationship between dalteparin and decreased risk of
PLDVT was found (P-values> 0.50): SHR¼ 0.92 and 0.96
in as-treated and per-protocol analysis for the Fine and Gray
model; HR¼ 0.91 and 0.95 in as-treated and per-protocol
analysis for the cause-specific method. Nevertheless, compared
with UFH, a superior effect of dalteparin on PE was observed
(P-values< 0.05), with a SHR of 0.54 and 0.61 in as-treated

yAdjusted for the Acute Physiology and Chronic Health Evaluation
vasopressors, and end-stage renal failure.
and per-protocol analysis for the competing risk analysis and a

HR of 0.48 and 0.54 in as-treated and per-protocol analysis for
the cause-specific method, respectively (Table 4).

DISCUSSION
In this study based on data from the international PRO-

TECT trial, we conducted a competing risk analysis to evaluate
the effect of dalteparin versus UFH for the VTE prevention in
medical-surgical critically ill patients, taking death as a com-

peting risk. The competing risk analysis showed no significant
effect of dalteparin compared with UFH on PLDVT, but a lower
risk of PE. These findings were in agreement with results from

TABLE 4. Additional Sensitivity Analyses Using As-Treated (n¼3
PLDVT and PE in the Cause-Specific Analysis and the Fine and G

Outcome

As-Treated Analysis

Dalteparin
(n¼ 1827)

UFH
(n¼ 1832)

Statistics
�

(95% CI)

PLDVT
Fine and Gray model 94 (5.15)y 108 (5.90)y 0.92 (0.70–1.21)
Cause-specific analysis 0.91 (0.68–1.23)
PE
Fine and Gray model 22 (1.20)y 42 (2.29)y 0.54 (0.33–0.91)
Cause-specific analysis 0.48 (0.27–0.84)

CI¼ confidence interval, PE¼ pulmonary embolism, PLDVT¼ proxima�
Adjusted for the Acute Physiology and Chronic Health Evaluation II s

vasopressors, and end-stage renal failure.�
Sub-hazard ratio (SHR) for the Fine and Gray model; hazard ratio (HR
yExpressed as the number and percentage (%) of the venous thromboem

Copyright # 2015 Wolters Kluwer Health, Inc. All rights reserved.
the cause-specific analysis in the main report.8 Similar results
from additional sensitivity analyses supported the robustness of
these findings.

In both the competing risk analysis and cause-specific
analysis, we observed a significant difference in PE while no
difference in PLDVT for dalteparin compared with UFH. One
hypothesis may be due to the difference in nonleg DVT.8

Nevertheless, there was no significant difference in nonleg
DVT between the dalteparin and UFH group.21Another possible
interpretation may rely on the fact that, unlike the PLDVT, the
PE outcome was not screened twice-weekly.8,12 However, little
was known whether the difference in the detection would lead to
the difference in the PLDVT and PE outcomes in the PRO-
TECT. More evidence is needed to further explore and clarify
the difference in PE for dalteparin versus UFH in critically ill
patients.8,21

Given the presence of competing risk of death, it may not
be appropriate in general to simply censor patients who died
before they had a chance to experience a VTE using a cause-

core, history of personal or family venous thromboembolism, need for
specific analysis. Theoretically, the distribution of time-to-
censorship may provide information about the distribution of
time-to-event, and therefore the assumption of noninformative

659) and Per-Protocol (n¼3127) Multivariable Analyses� in
ray Model

Per-Protocol Analysis

P-Value
Dalteparin
(n¼ 1566)

UFH
(n¼ 1561)

Statistics
�

(95% CI) P-Value

0.56 91 (5.81)y 99 (6.34)y 0.96 (0.72–1.27) 0.76
0.54 0.95 (0.70–1.29) 0.75

0.02 22 (1.40)y 37 (2.37)y 0.61 (0.38–0.97) 0.04
0.01 0.54 (0.30–0.95) 0.03

l leg deep vein thrombosis, UFH¼ unfractionated heparin.
core, history of personal or family venous thromboembolism, need for

) for the cause-specific analysis.
bolism event.
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censoring may not be satisfied in standard survival
analysis.2,16,22 Similarly, those patients who died without hav-
ing developed a VTE may not be representative of the other
patients who remained in the risk set, thereby violating the
assumption of independence of survival times between VTE
and death.2,16 Ignoring the competing risk could result in
incorrect estimation of the actual risk of VTE in the
Kaplan–Meier method,23–25 and bias the benefit of interven-
tions in trials or the associations between risk factors and
outcomes in cohort studies using a cause-specific analysis.26–28

In contrast, the Fine and Gray model modifies the risk sets such
that patients experiencing the competing event are retained
artificially in the cohort, with decreasing weight to account for
the declining observability in the analyses, rather than being
simple censored.13 The Fine and Gray model could directly
use the CIFs to calculate the hazards, and subsequently investigate
the treatment effect expressed as a SHR.16 Compared with the
standard survival analysis, the Fine and Gray model had been
supported by emerging evidence to account for competing risk,
and the SHR had been justified as a better way to estimate the
treatment effect than a HR in the Cox regression model.2,3,14

In this study, we observed a virtually identical treatment
effect of dalteparin versus UFH on VTE in the competing risk
analysis and the cause-specific method (Table 2). One of the
most important reasons was that the cumulative incidences of
mortality between the dalteparin group and UFH group were
very similar (Figure 2), in which the 2 cumulative incidence
curves overlapped substantially (P-value¼ 0.23 for log-rank
test). Therefore, the similar mortality between the 2 groups
yielded analogous censoring in the cause-specific analysis that
ignored competing risk. All these findings further supported a
similar effect of dalteparin versus UFH on the development of
PLDVT but a protective effect on PE in medical-surgical
critically ill patients.

There were 3 other trials investigating the efficacy of low-
molecular-weight heparin in DVT compared with UFH in
medical-surgical critically ill patients,29–31 as summarized in
a recent systematic review.7 No protective effect of low-mol-
ecular-weight heparin on DVT was found in these trials.
However, none of them took the competing risk such as death
into consideration, despite the high mortality during follow-up.
Therefore, it is uncertain whether the competing events would
influence the treatment effect reported in these trials.

One study compared the efficacy of dalteparin versus oral
anticoagulant therapy in the prevention of recurrent VTE in
cancer patients using the standard survival analysis and the Fine
and Gray model.32 These investigators reported a similar treat-
ment effect of dalteparin from these 2 analyses, with a HR of
0.48 in the cause-specific method and a SHR of 0.47 in the
competing risk analysis, respectively, and concluded that if
the time distribution of competing risks was similar between the
treatment groups, standard survival analysis and competing risk
method would produce similar findings.32 If, however, the trial
intervention had a different effect on the mortality and the
censoring of a competing risk exerted a different influence on
the probability of outcomes of interest, a cause-specific analysis
ignoring competing risk would lead to misleading findings.28,32

For instance, in Pintilie example, he modified the data and
assessed the effect of radiation versus chemotherapy on cardiac
hospitalization in 689 patients with Hodgkin lymphoma.3 The
cause-specific analysis yielded an effect of radiation versus

Li et al
chemotherapy on cardiac hospitalization that was not signifi-
cant (HR: 1.07, 95% CI: 0.71–1.63), while the Fine and Gray
model found that radiation was significantly related with

6 | www.md-journal.com
increased risk of cardiac hospitalization (SHR: 1.63, 95% CI:
1.10–2.45). The interpretation relied on the fact that the treat-
ment groups had different effect on the risk of death (HR: 0.38,
95% CI: 0.31–0.47 for radiation versus chemotherapy). In other
words, the time distribution of death in the chemotherapy group
was different from the radiation group, and more patients died in
the chemotherapy group before they could experience cardiac
hospitalization than in the radiation group. Even though no
clinical conclusion could be drawn due to the modification of
the data,3 this example did show that the cause-specific method
ignoring the difference of censoring of the competing risk
would result in a biased finding. Therefore, in the presence
of competing events, a competing risk analysis or a comparison
between a competing risk and standard survival analysis would
be recommended to minimize the potential impact of competing
risks and avoid incorrect conclusions.

Strengths of this study include a large sample size from a
multicenter RCT and the use of optimally available statistical
methods to investigate the efficacy of dalterparin versus UFH in
VTE, taking into death as a competing risk account. Additional
sensitivity analyses were also conducted to further assess and
support the robustness of the original findings. However, we did
not account for the transfer to a nontrial hospital as another
potential competing event for VTE in this study. Given the limited
data recorded in the database, no analysis could be performed to
assess whether the competing risk of transfer to a non-trial hospital
would impact the estimation of treatment effect on VTE. Further-
more, because this study focused on methodological analysis and
aimed to assess the impact of competing risk, we did not have the
data on serological tests and coagulation states for patients in this
RCT. Therefore, for the phenomenon that there was significant
difference in PE but no difference in PLDVT in the treatment
groups, we could not use the serological or coagulation results to
further illuminate the mechanism.

CONCLUSION
In this competing risk analysis using data from an inter-

national critical care trial, no significant difference was found
between dalteparin and UFH on PLDVT, but dalteparin sig-
nificantly reduced the risk of PE in medical-surgical critically ill
patients. All the findings from the competing risk method were
in accordance with results from a cause-specific analysis,
increasing the inferences from the original findings.
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Chapter 6 

 

CONCLUSIONS 

 

In this thesis, we have focused on three methodological issues in prediction models and data 

analyses using observational and clinical trial data: 1). prediction of individual combined 

benefit and harm outcomes related to warfarin therapy, 2). risk factors for and prediction of 

mortality in critically ill medical-surgical patients receiving heparin thromboprophylaxis, and 

3). competing risk analysis for evaluation of dalteparin versus unfractionated heparin for 

venous thromboembolism in medical-surgical critically ill patients. These three important 

topics are investigated in this manuscript-basis thesis, with each study dedicated to exploring 

each of the issues. This chapter summarizes the key findings from Chapters 2 to 5, and 

discusses the implications and limitations of the three studies.  

 

In Chapter 2 and 3, we used a new approach to build a prediction model of individual 

combined benefit and harm outcomes related to warfarin therapy in patients diagnosed with 

AF, based on data from an anticoagulation management cohort. We utilized a polytomous 

logistic regression (PLR) model to identify risk factors and then construct the new prediction 

model. In the study design and model building, we controlled the potential of immortal time 

bias and assessed the impact of competing risk of death on combined benefit and harm 

outcomes. Model performances and validation were evaluated systematically in the study. 

The prediction model was a good fit, had acceptable discrimination and calibration, and was 

internally and externally validated.  

 

Implications of this study 

There are a large number of clinical prediction models for risk of stroke and major bleeding 

in patients with AF. Among the more prominent and commonly used prediction models are 

CHADS2/CHA2DS2-VASc for risk of stroke, and HAS-BLED for risk of major bleeding. 

Nevertheless, these risk-stratification scores cannot estimate individual combined benefit and 
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harm probabilities simultaneously when the initiation of warfarin therapy is considered. A 

prediction model that provides comprehensive information on the individual patient-specific 

probabilities of both benefit and (decreased risk of stroke) and harm (increased risk of 

bleeding) is needed to aid in patient-physician shared decision-making when they are 

considering warfarin therapy. In addition, some studies tried to use the ‘net benefit’ method
1-3

 

or the ‘combined stroke and bleeding risk scores’ approach
4, 5

 to take into account benefit and 

harm outcomes at the same time. However, concerns about the ‘net benefit’ approach 

included the weighting factor and the exclusion of GI bleeding in its calculation. Moreover, 

the ‘combined stroke and bleeding risk scores’ approach could not improve prediction of 

stroke and major bleeding beyond the individual stroke (CHADS2, CHA2DS2-VASc) or 

bleeding scores (HAS-BLED).
6
 By contrast, our new prediction model may be more practical 

and acceptable in real-world settings because the PLR model can provide specific 

probabilities of stroke and major bleeding at the same time at the individual-level. The new 

prediction model may aid in patient-physician shared decision-making regarding warfarin 

therapy initiation by offering more personalized and detailed estimates of combined benefit 

and harm outcome probabilities. Should this approach be validated in other patient 

populations, it has potential advantages over existing risk stratification approaches. More 

research is needed to further explore the prediction model’s external validity and feasibility in 

clinical practice. 

 

Limitations of this study 

Though we used a large sample of patients, tried to control potential biases and conducted 

rigorous statistical analyses, several limitations exist in this study. The data accuracy of 

baseline and outcome information may be less than optimal, because of no confirmatory chart 

review to validate the data. This would weaken and impair the findings based on the data. 

Another limitation is that we could only focus on three outcomes (stroke with no major 

bleeding, major bleeding with no stroke, and neither event) due to insufficient sample size, 

though we intended to predict the fourth outcome, i.e., both stroke and major bleeding, as 

well. Furthermore, since there are no other contemporary cohorts for external validation, the 

generalizability of the new prediction model is uncertain.
7
 Therefore more studies are needed 
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to validate the prediction model in other populations and settings. Besides, we did not 

consider the classification and regression tree (CART) method that was another 

commonly-used approach for model building, given the simplicity and greater discrimination 

and predictive accuracy of the PLR method shown in other studies.
8-11

 It would be another 

interesting topic to compare model performances between the CART and PLR approaches in 

predicting combined benefit and harm outcomes. Likewise, it may be also worth attempting 

other approaches such as random forest regression and support vector machines in prediction 

of combined benefit and harm outcomes related to warfarin in AF.  

 

In Chapter 4, we identified risk factors independent of APACHE II score and constructed a 

new prediction model for risk of mortality in critically ill medical-surgical patients receiving 

thromboprophylaxis, using data from an international thromboprophylaxis trial. The new 

model was a good fit, well calibrated and internally validated. Nevertheless, the 

discriminative ability of the prediction model was not satisfactory.  

 

Implications of this study 

The predictive accuracy of the APACHE II system for risk of mortality in critically ill 

patients has been found to be limited in different populations and countries.
12

 In this study 

using data from a multicenter thromboprophylaxis trial, the APACHE II score had 

surprisingly low discrimination in prediction of risk of hospital mortality in critically ill 

medical-surgical patients. Though our new prediction model had significantly higher 

discrimination than the APACHE II score alone, adding more information increased the 

discriminative ability to only a small extent. Compared with the APACHE II score alone, the 

new prediction model increased data collection, was more complex but did not substantially 

improve discriminative ability. Therefore the utilization of the new prediction model would 

be limited to situations where a clinician or health services investigator was sufficiently 

dissatisfied with the APACHE II score and was requiring an even minimally better model to 

predict risk of death in critically ill patients. More studies are warranted to further explore 

how to improve discriminative ability of the predictions in risk of mortality in critically ill 

patients. 
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Limitations of this study 

The generalizability of the findings in this study would be limited because the data used were 

from a randomized trial with strict inclusion and exclusion criteria for participants. Moreover, 

only the data documented in the original trial database could be used in building the 

prediction model. No other potentially important indicators of illness severity could be 

captured, which therefore may lead to the low discrimination of the prediction model in this 

study. Regarding the model building, we first pruned the candidate predictors based on the 

criterion of variance inflation factor (VIF). However, except for VIF, other factors including 

low sample size and large unexplained variance may also lead to model unstability and poor 

performance.
13

 Furthermore, we chose the backward elimination for variable selection to 

construct the model accordingly to the recommendation in the literature.
14, 15

 It still remained 

unclear whether other variable selection methods would outperform backward elimination in 

this study.  

 

In Chapter 5, we performed a competing risk analysis as a sensitivity analysis to assess the 

efficacy of dalteparin versus unfractionated heparin in preventing VTE in medical-surgical 

critically ill patients, taking all-cause death as a competing risk for VTE. The competing risk 

analysis yielded similar results from the cause-specific analysis in the main report;
16

 that is, 

no significant effect of dalteparin compared with unfractionated heparin on PLDVT, but a 

lower risk of pulmonary embolism was found.  

 

Implications of this study 

Due to the ever-present competing risk of death, it may not be appropriate to simply censor 

patients who died before they had a chance to develop a VTE using a cause-specific analysis 

because the assumptions of non-informative censoring and independence of time distributions 

between VTE and death may be violated. The distribution of time-to-censorship may provide 

information about the distribution of time-to-event, and therefore the assumption of 

non-informative censoring may not be satisfied in cause-specific analysis.
17-19

 Likewise, the 

patients who died without having experienced a VTE may not be representative of the other 
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patients who remained in the risk set, thereby infringing the assumption of independence of 

survival times between VTE and death.
17, 18

 Thus ignoring the competing risk would bias the 

treatment effect estimates in trials in a cause-specific analysis. In this study, a virtually 

identical treatment effect of dalteparin versus unfractionated heparin on VTE in the 

competing risk analysis and the cause-specific method was found. One important reason was 

that the cumulative incidences of mortality between the dalteparin group and unfractionated 

heparin group were very similar. Hence, the similar mortality between the two groups yielded 

analogous censoring in the cause-specific analysis that ignored competing risk. Nevertheless, 

if the interventions had a different effect on the mortality and the censoring of a competing 

risk had a different influence on the probability of outcomes of interest, a cause-specific 

analysis ignoring competing risk would lead to biased findings.
20, 21

 Therefore, in the 

presence of competing events, a competing risk analysis or a comparison between a 

competing risk and cause-specific analysis would be recommended to minimize the potential 

impact of competing risks and avoid misleading conclusions. 

 

Limitations of this study 

Some limitations exist in this study. We could not take into account the transfer to a non-trial 

hospital as another potential competing event for VTE, because of the limited data recorded 

in the database. Moreover, no data on serological tests and coagulation states for patients in 

this study were available. Thus for the phenomenon that there was a significant difference in 

pulmonary embolism but no difference in PLDVT between dalteparin group and 

unfractionated heparin group, we could not use the serological or coagulation results to 

further illuminate the mechanism.  

 

 

In summary, this sandwich thesis investigated methodological issues in prediction models and 

data analyses using observational and clinical trial data. The three projects contribute to the 

literature by providing a new approach to considering combined benefit and harm outcomes 

related to warfarin therapy in prediction models, by developing a new prediction model after 

combining APACHE II score and other risk factors in prediction of risk of mortality in 
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critically ill patients, and by assessing the impact of competing risk on treatment effect 

estimates in clinical trials. More investigation may be needed to generalize these findings and 

explore further methodological issues in prediction models and data analyses.  
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