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A B S T R A C T   

Study objective: Develop and evaluate a model that uses health administrative data to categorize cardiovascular 
(CV) cause of death (COD). 
Design: Population-based cohort. 
Setting: Ontario, Canada. 
Participants: Decedents ≥ 40 years with known COD between 2008 and 2015 in the CANHEART cohort, split into 
derivation (2008 to 2012; n = 363,778) and validation (2013 to 2015; n = 239,672) cohorts. 
Main outcome measures: Model performance. COD was categorized as CV or non-CV with ICD-10 codes as the gold 
standard. We developed a logistic regression model that uses routinely collected healthcare administrative to 
categorize CV versus non-CV COD. We assessed model discrimination and calibration in the validation cohort. 
Results: The strongest predictors for CV COD were history of stroke, history of myocardial infarction, history of 
heart failure, and CV hospitalization one month before death. In the validation cohort, the c-statistic was 0.80, 
the sensitivity 0.75 (95 % CI 0.74 to 0.75) and the specificity 0.71 (95 % CI 0.70 to 0.71). In the primary 
prevention validation sub-cohort, the c-statistic was 0.81, the sensitivity 0.71 (95 % CI 0.70 to 0.71) and the 
specificity 0.75 (95 % CI 0.75 to 0.75) while in the secondary prevention sub-cohort the c-statistic was 0.74, the 
sensitivity 0.81 (95 % CI 0.81 to 0.82) and the specificity 0.54 (95 % CI 0.53 to 0.54), 
Conclusion: Modelling approaches using health administrative data show potential in categorizing CV COD, 
though further work is necessary before this approach is employed in clinical studies.  
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1. Introduction 

Observational studies, and increasingly, pragmatic clinical trials, 
rely on administrative health data from multiple sources such as elec-
tronic health records, physician billing data, and registries. A common 
outcome of interest in such studies is mortality, in particular, cause- 
specific mortality. Challenges with use of health administrative data 
for outcome ascertainment include both the accurate and timely 
reporting of cause of death (COD) within registries [1–7]. The delay in 
registering details from death certificates, autopsies, coroner reports and 
other sources of information due to logistical and administrative barriers 
is widespread, and has been reported in the United States (US) [1,2], 
Nordic countries [3–7] and Pacific Island countries [8]. The US National 
Center for Health Statistics (NCHS) described the process of receiving, 
processing and editing death records across all 50 states as taking ≥15 
months after the calendar year [1,2]. In Sweden, the COD register 
currently experiences a delay of up to 18 months [3]. Delays in reporting 
COD is an issue for pragmatic clinical trials and cohort studies, partic-
ularly cardiovascular (CV) studies that use CV death as a clinical 
endpoint, examine cardiovascular safety of medications, or assess the 
association between CV therapies and CV mortality [9–17]. As very few 
alternatives to national COD data exist, most studies restrict the outcome 
ascertainment to all-cause mortality or wait several years to retrospec-
tively report outcomes [10]. A valid prediction model that can 
discriminate between CV and non-CV cause of death, would be useful to 
facilitate timely research and outcome reporting for projects involving 
health administrative datasets, as well as timely tracking of population 
health. The objective of this study was to develop and validate a model 
to estimate the probability that a given death was due to CV causes using 
detailed patient characteristics and traditional cardiac risk factors. 

2. Methods 

2.1. Data source 

We conducted this study using Cardiovascular Health in Ambulatory 
Care Research Team (CANHEART) cohort [18,19], a registry-based 
cohort which contains data on almost the entire Ontario community- 
dwelling adult population of 10.9 million individuals. This cohort is 
housed at ICES, an independent, non-profit research institute whose 
legal status under Ontario's health information privacy law allows it to 
collect and analyze health care and demographic data, without consent, 
for health system evaluation and improvement. The Service Ontario 
Office of the Registrar General of Ontario Vital Statistics Database 
(ORGD) is an annual dataset that contains all the deaths recorded in 
Ontario since 1990. The ORGD contains specific direct patient identi-
fiers such as name, date of birth, and resident postal code; as well as 
information on date of death and cause of death. Since unique patient 
identifiers that are assigned to each resident of Ontario are not collected 
in the ORGD, we could not use it as a direct source of patient identifi-
cation in order to link the death data to other databases. Hence, deaths 
were linked to other databases using both deterministic and probabi-
listic linkage. The datasets in the CANHEART cohort include individual- 
level information on socio-demographic characteristics (Registered 
Persons Database; Immigration, Refugees and Citizenship Canada Per-
manent Resident Database), past medical history (via Canadian Institute 
for Health Information [CIHI] Discharge Abstract Database [DAD]), 
medications on those aged 65 and older (Ontario Drug Benefit Data-
base), and health care services use (CIHI-DAD, National Ambulatory 
Care Reporting System [NACRS]), and were linked using unique enco-
ded identifiers and analyzed at ICES. Follow-up for clinical events was 
obtained from linkage to CIHI-DAD. Disease and procedure definitions 
used were standard CANHEART definitions [18]. 

2.2. Study population 

All residents in Ontario, Canada aged 40 to 105 years and eligible for 
the province's Ontario Health Insurance Plan (OHIP) as of January 1, 
2008 were considered for inclusion in our cohort. The sample was split 
into a model derivation cohort (individuals who died between January 
1st, 2008 and December 31st, 2012 (eFig. 1) and a temporally distinct 
validation cohort (individuals who died between January 1st, 2013 and 
December 31st, 2015 (eFig. 2). In addition, all deaths with missing in-
formation on cause of death, as noted in ORGD, were excluded. 

2.3. Ascertainment of cause of death 

The ORGD uses International Classification of Disease Tenth Edition 
(ICD-10) codes to categorize the underlying cause of death. We 
considered the cause of death to be cardiovascular if the ICD-10 code 
was any of I00-I78 (“diseases of the circulatory system”) [20]. All other 
individuals in the cohort were classified as having died of non- 
cardiovascular causes. The ORGD provides COD information obtained 
from death certificates, which are completed by a treating physician or 
coroner. 

2.4. Statistical analysis 

2.4.1. Development of the model to ascertain cause of death in 
administrative data 

We included the following characteristics and risk factors in our 
model (see eTable 1 for definitions): age, sex, ethnicity (based on sur-
name algorithm), rural location, low income (based on neighbourhood 
income quintiles), co-morbidities, history of CV procedures, hospitali-
zation within 1 month of death, and healthcare utilization in the 2 years 
prior to death. Patient baseline characteristics were presented using 
descriptive statistics. Those that died of CV causes were compared to 
those who died of non-CV causes. We compared baseline characteristics 
in the two groups using the standardized mean difference (SMD). 

Logistic regression was used to develop the prediction model. We 
first conducted univariate analyses for the association between each 
variable and CV death, with a conservative p-value of <0.25, to identify 
variables that could be included in our final model. With this refined 
group of variables, we then used backwards elimination to develop our 
final model, which only included variables with p < 0.05 for the asso-
ciation between the variable and CV death. Variables deemed clinically 
relevant a priori were included in the model irrespective of statistical 
significance. We captured health system utilization in the two years 
before death as a baseline characteristic; however, we elected not to 
include these variables in the final prediction model as this would limit 
the utility of our model to jurisdictions with different patterns of health 
care use. 

2.4.2. Assessment of model performance 
Model performance was assessed using discrimination and calibra-

tion measures and using the ORGD classification of COD as the gold 
standard. Discrimination was measured using the c-statistic (area under 
the Receiver Operating characteristic [ROC] curve), with a value over 
0.70 indicative of good discrimination [21]. Calibration was assessed by 
comparing the agreement between observed probabilities and predicted 
probability of CV death across the ten deciles of predicted risk of CV 
death. 

2.4.3. Cut-off value for assigning cardiovascular disease as the cause of 
death 

The predicted probability of CV death was computed for each indi-
vidual in the development cohort based on the final model. We calcu-
lated the sensitivity, specificity, negative predictive value (NPV), 
positive predictive value (PPV), and Youden's Index, ranging from a 
predicted probability of 0.05 to 0.95 in increments of 0.05 [22], using 
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the actual cause of death in the ORGD as the gold standard. The highest 
value of Youden's Index was set as the ideal cut-off threshold for the 
probability of cardiovascular death (i.e., maximized the correct classi-
fication of individuals as having died from CV causes). 

2.4.4. Validation cohort 
We applied our final prediction model to individuals in the valida-

tion cohort, and assessed the c-statistic, sensitivity, specificity, PPV, and 
NPV using the optimal cut-off of 30 %. Calibration was assessed the same 
way it was for the internal validation cohort. We also calculated the 
Brier score (ranging from 0 to 1) to examine model performance for the 
validation cohort, where a Brier score close to 0 denotes better accuracy. 
Within the validation cohort, we defined and assessed model perfor-
mance in the following cohorts which reflect inclusion criteria of pop-
ulations often studied in cardiovascular clinical trials or cohort studies: 
i) primary prevention, defined as those without CV disease, ii) secondary 
prevention, consisting of those with a history of CV disease, iii) prior 
percutaneous coronary intervention (PCI) or coronary artery bypass 
graft (CABG), but no prior acute myocardial infarction (AMI), iv) prior 
AMI but without either stroke or peripheral artery disease (PAD), v) 
prior AMI and at least one of stroke or PAD, vi) history of AMI, stroke, 
and PAD, vii) congestive heart failure (CHF) with at least one of AMI, 
PCI, or CABG. 

All data were analyzed at ICES using SAS version 9.4 (SAS Institute, 
Cary, NC). The use of data in this project was authorized under section 
45 of Ontario's Personal Health Information Protection Act, which does 
not require review by a Research Ethics Board. 

3. Results 

3.1. Baseline characteristics 

Our model derivation cohort consisted of 362,778 patients who died 
between January 1, 2008 and December 31, 2012 (eFig. 1); 258,188 
(71.2 %) were non-CV deaths and 104,590 (28.8 %) were CV deaths. 
Baseline patient characteristics are shown in Table 1. For our validation 
cohort, we identified 239,672 individuals who died between January 1, 
2013 to December 31, 2015 (eFig. 2), of which 65,806 (27.5 %) were CV 
deaths. The primary prevention cohort consisted of 180,061 individuals 
and the secondary prevention cohort of 59,611 with 23.7 % and 33.8 % 
of individuals dying of cardiovascular causes respectively (eTable 2). 

3.2. Development cohort and model performance 

The univariate associations between predictors and CV death are in 
eTable 3. The final set of predictors is in Table 2. Positive predictors of 
cardiovascular death included: increasing age, male sex, rural location, 
low-income neighbourhood, South Asian ethnicity (based on surname), 
history of MI, history of stroke, history of CHF, history of PCI or CABG, 
history of TIA, history of arrhythmia, a CV hospitalization in the 1 
month before death, or an eye-related hospitalization in the 1 month 
before death (Table 2). Negative predictors included: cancer, HIV, dia-
betes, chronic dialysis, and hospitalizations for various non-CV issues in 
the 1 month before death (see Table 2). The c-statistic for the predictive 
model in the derivation sample was 0.831 (eFig. 3). The observed versus 
predicted probability of CV death by risk decile in the development 
cohort is in Fig. 1, and a calibration plot is in eFig. 5. 

3.3. Determining cut-off for model 

The sensitivity of our model decreased, and specificity increased, as 
the cut-off value of the predicted probability for CV death increased 
(eTable 4 and eFig. 4). The highest Youden's J statistic value, 0.52, for 
the algorithm was seen at a cut off value where the probability of CV 
death was 30 %. This indicated that a cut-off of 30 % predicted proba-
bility of CV death would maximize correct classification of CV death. At 

Table 1 
Baseline characteristics of the cohort across cause of death in the derivation 
cohort (2008 to 2012).    

Non-CV 
death 
n (%) 

CV death 
n (%) 

Standardized 
difference 

N =
258,188 

N =
104,590 

Socio-demographic characteristics 
Age at time of 

death, years 
Mean ±
SD 

74.9 ± 13.3 78.8 ± 12.4  0.31 

Median 
(IQR) 

77 (66–85) 82 (72–88)  0.31 

Age group (time 
of death), 
years 

40–49 12,359 (4.8 
%) 

2572 (2.5 
%)  

0.12 

50–59 27,283 
(10.6 %) 

7122 (6.8 
%)  

0.13 

60–69 43,036 
(16.7 %) 

12,953 
(12.4 %)  

0.12 

70–79 63,536 
(24.6 %) 

22,508 
(21.5 %)  

0.07 

80+ 111,974 
(43.4 %) 

59,435 
(56.8 %)  

0.27 

Female  122,967 
(47.6 %) 

48,654 
(46.5 %)  

0.02 

Low incomea  112,701 
(43.7 %) 

46,863 
(44.8 %)  

0.02 

Ethnic Group Chinese 5180 (2.0 
%) 

1624 (1.6 
%)  

0.03 

South 
Asian 

3005 (1.2 
%) 

1433 (1.4 
%)  

0.02 

General 250,003 
(96.8 %) 

101,533 
(97.1 %)  

0.01 

Rural statusb  37,411 
(14.5 %) 

15,994 
(15.3 %)  

0.02 

Missing 158 (0.1 %) 58 (0.1 %)  0.02    

Non-CV death 
n (%) 

CV death 
n (%) 

Standardized 
difference 

N = 258,188 N = 104,590 

Healthcare utilization performed in the 2 years before death 
Cholesterol screeningc 137,649 

(53.3 %) 
58,421 
(55.9 %)  

0.05 

Diabetes screeningd 198,052 
(76.7 %) 

80,676 
(77.1 %)  

0.01 

Electrocardiogram 229,392 
(88.8 %) 

89,672 
(85.7 %)  

0.09 

Echocardiogram 109,500 
(42.4 %) 

55,345 
(52.9 %)  

0.21 

Stress test 24,255 (9.4 
%) 

11,874 
(11.4 %)  

0.06 

Visit to cardiologist 52,833 (20.5 
%) 

33,796 
(32.3 %)  

0.27 

Visit to family doctor 252,048 
(97.6 %) 

99,899 
(95.5 %)  

0.12 

Visit to specialist 235,639 
(91.3 %) 

87,698 
(83.8 %)  

0.23  

Disease history and cardiovascular procedures 
Acute myocardial 

infarction 
39,892 (15.5 
%) 

33,941 
(32.5 %)  

0.41 

CABG 13,393 (5.2 
%) 

10,654 
(10.2 %)  

0.19 

Heart failure 54,382 (21.1 
%) 

42,181 
(40.3 %)  

0.43 

Ischemic Heart Disease 75,857 (29.4 
%) 

53,539 
(51.2 %)  

0.46 

Peripheral Arterial Disease 13,481 (5.2 
%) 

8966 (8.6 %)  0.13 

PCI 12,209 (4.7 
%) 

9041 (8.6 %)  0.16 

PCI or CABG 23,361 (9.0 
%) 

17,486 
(16.7 %)  

0.23 

(continued on next page) 
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this cut-off, the model had a sensitivity of 0.77 (95 % CI 0.76 to 0.77), 
specificity of 0.75 (95 % CI 0.74 to 0.75), PPV of 0.55 (95 % CI 0.55 to 
0.55), and NPV of 0.89 (95 % CI 0.89 to 0.89). 

3.4. Validation cohort 

Model performance in the validation cohort is presented in Table 3. 
The c-statistic in the overall cohort was 0.80 and the Brier score was 
0.15. The c-statistics in the primary prevention and secondary preven-
tion cohort were 0.81 and 0.74, respectively. In the overall validation 
cohort, using a cut-off of 30 % probability to classify CV death, the 
model had a sensitivity of 0.75 (95 % CI 0.74 to 0.75), specificity 0.71 
(95 % CI 0.70 to 0.71), PPV 0.49 (95 % CI 0.49 to 0.49), and NPV 0.88 
(95 % CI 0.88 to 0.88). The primary prevention cohort model had a 

sensitivity of 0.71 (95 % CI 0.70 to 0.71), specificity 0.75 (95 % CI 0.75 
to 0.75), PPV 0.47 (95 % CI 0.47 to 30.47) and NPV 0.89 (95 % CI 0.89 
to 0.89). The secondary prevention cohort model had a sensitivity of 
0.81 (95 % CI 0.81 to 0.82), specificity 0.54 (95 % CI 0.53 to 0.54), PPV 
0.53 (95 % CI 0.52 to 0.53), and NPV 0.82 (95 % CI 0.81 to 0.82). The 
findings from the additional secondary prevention cohorts can be found 
in Table 3. The observed versus predicted probability of CV death in the 
validation cohort (overall and for the primary and secondary prevention 
subgroups) is presented in Fig. 2, and a calibration plot is displayed in 
eFig. 6. 

4. Discussion 

4.1. Summary of findings 

We used the CANHEART cohort to develop and validate a model that 

Table 1 (continued )  

Non-CV death 
n (%) 

CV death 
n (%) 

Standardized 
difference 

N = 258,188 N = 104,590 

Stroke 23,452 (9.1 
%) 

26,034 
(24.9 %)  

0.43 

Transient Ischemic Attack 8349 (3.2 %) 5735 (5.5 %)  0.11 
Cancer 151,264 

(58.6 %) 
21,378 
(20.4 %)  

0.85 

COPD 103,284 
(40.0 %) 

40,485 
(38.7 %)  

0.03 

Diabetes 89,296 (34.6 
%) 

38,622 
(36.9 %)  

0.05 

Endarterectomy 2971 (1.2 %) 2111 (2.0 %)  0.07 
Hypertension 184,224 

(71.4 %) 
86,534 
(82.7 %)  

0.27 

Human Immunodeficiency 
Virus 

795 (0.3 %) 97 (0.1 %)  0.05 

Rheumatoid arthritis 7904 (3.1 %) 3343 (3.2 %)  0.01 
Atrial Fibrillation 37,918 (14.7 

%) 
27,124 
(25.9 %)  

0.28 

Arrhythmia 78,742 (30.5 
%) 

52,771 
(50.5 %)  

0.42 

Chronic dialysis 6057 (2.3 %) 2639 (2.5 %)  0.01  

Main diagnosis for hospitalization one month prior to death 
Blood-related 1539 (0.6 %) 271 (0.3 %)  0.05 
Cardiovascular-related 12,323 (4.8 

%) 
30,543 
(29.2 %)  

0.69 

Digestive-related 13,011 (5.0 
%) 

1681 (1.6 %)  0.19 

Endocrine-related 3710 (1.4 %) 977 (0.9 %)  0.05 
Eye-related 286 (0.1 %) 198 (0.2 %)  0.02 
Infection-related 11,074 (4.3 

%) 
1476 (1.4 %)  0.17 

Injury-related 8525 (3.3 %) 1808 (1.7 %)  0.1 
Mental health-related 1432 (0.6 %) 361 (0.3 %)  0.03 
Muscle-related 1135 (0.4 %) 346 (0.3 %)  0.02 
Neoplasm-related 27,423 (10.6 

%) 
573 (0.5 %)  0.45 

Nervous system-related 2207 (0.9 %) 828 (0.8 %)  0.01 
Respiratory-related 25,282 (9.8 

%) 
4345 (4.2 %)  0.22 

Skin-related 655 (0.3 %) 235 (0.2 %)  0.01 

CABG = coronary artery bypass graft; COPD = chronic obstructive pulmonary 
disease; CV = cardiovascular; ECG = electrocardiogram; ECHO = echocardio-
gram; PCI = percutaneous coronary intervention. 
Patients included almost all Ontarians from 40 to 105 years of age with recorded 
all-cause mortality between Jan 1, 2008–Dec 31, 2012. Cardiovascular death 
was categorized based on ICD-10 codes I00 to I78. 

a Low income is defined as being in bottom two quintiles of provincial 
neighbourhood income. 

b Rural status defined as living in a community of <10,000 individuals. 
c Cholesterol screening = Ontario Health Insurance Plan (OHIP) fee codes 

L055, L117, and L243 on same day in 2 years before death (yes/no). 
d Diabetes screening = OHIP fee codes G498, L104, L111 or L093 in 2 years 

before death (yes/no). 

Table 2 
Odds ratios and 95 % confidence intervals for the fully adjusted model pre-
dicting cardiovascular mortality in the derivation cohort (n = 362,778) between 
2008 and 2012.  

Characteristic Odds ratio 
(95 % CI) 

Socio-demographics  
Age at time of death, per year increase 1.01 (1.01,1.01) 
Male sex 1.20 (1.18,1.22) 
Ruralitya  

Non-rural (ref) – 
Rural 1.11 (1.08,1.13) 
Missing 1.02 (0.70,1.48) 

Incomeb 

Medium/high income (ref) – 
Low income 1.04 (1.02,1.06) 
Missing 0.94 (0.83,1.05) 

Ethnicity  
Chinese (ref) – 
General 1.19 (1.11,1.27) 
South Asian 1.18 (1.07,1.3) 

Past medical history  
Stroke 2.16 (2.11,2.21) 
Acute Myocardial Infarction 1.48 (1.45,1.52) 
Heart failure 1.44 (1.41,1.47) 
PCI or CABG 1.19 (1.15,1.22) 
Peripheral Arterial Disease 1.16 (1.12,1.2) 
Transient Ischemic Attack 1.09 (1.04,1.13) 
Hypertension 1.29 (1.26,1.32) 
Arrythmia 1.50 (1.47,1.53) 
Rheumatoid arthritis 0.94 (0.9,0.99) 
Asthma 0.90 (0.88,0.93) 
COPD 0.83 (0.81,0.85) 
Diabetes 0.77 (0.76,0.79) 
Chronic dialysis 0.63 (0.59,0.66) 
Human Immunodeficiency Virus 0.4 (0.31,0.5) 
Cancer 0.21 (0.21,0.21) 

Hospitalization within 1 month before death  
Cardiovascular 3.94 (3.83,4.04) 
Eye 1.43 (1.14,1.79) 
Nervous system 0.63 (0.57,0.68) 
Skin 0.58 (0.5,0.69) 
Musculoskeletal 0.53 (0.47,0.61) 
Blood related disorders 0.51 (0.44,0.59) 
Endocrine disorders 0.49 (0.45,0.53) 
Mental health 0.41 (0.36,0.47) 
Injuries 0.30 (0.28,0.32) 
Respiratory 0.27 (0.26,0.28) 
Digestive 0.24 (0.23,0.25) 
Infectious disease 0.22 (0.21,0.23) 
Neoplasms 0.13 (0.12,0.14) 

CABG = coronary artery bypass graft; CI = confidence interval; COPD = chronic 
obstructive pulmonary disease; PCI = percutaneous coronary intervention. 
Final predictors obtained via backwards elimination and a threshold of p < 0.05. 

a Rural status defined as living in a community of <10,000 individuals. 
b Low income is defined as being in income quintile 1 or 2. 
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could categorize deaths as being from CV causes using routinely 
collected healthcare administrative data, with the actual cause of death 
as noted in the ORGD as the gold standard. Important predictors of CV 
versus non-CV death included distant and recent antecedent CV events, 
risk factors, and co-morbidities. When applied to a validation cohort, 
our model displayed modest performance in terms of sensitivity, speci-
ficity, PPV, and NPV, and calibration. There was discordance between 
observed and predicted CV COD in the validation cohort, suggesting 
further work is required before this model is used to categorize CV COD 
in observational studies or pragmatic trials. 

4.2. Comparison to existing literature 

The delay in COD information appearing in registries and databases 
is in part due to the time necessary for stakeholders to collect, verify, 
code and transfer the data [8]. Currently, registry-based trials that use 
national death data do not have many alternatives around the delayed 
COD data. Wong et al. [10] and Maynard et al. [9] have described the 
delay of COD data in the US National Death Index and Washington State 
death registry, respectively, as a major limitation to studies relying on 
COD data. There have been few efforts to use routinely collected health 
administrative data to accurately categorize or predict CV mortality. The 
characteristics we found to be predictive of CV death (e.g., CV co- 
morbidities, CV hospitalization in month before death) were as ex-
pected, given those with existing CVD are at elevated risk for future and 
fatal CV events [23]. An algorithm to identify CV death using health 
administrative data was developed in Canada and the UK using data 

from 20,000 individuals, with an overall sensitivity of 65 % and a 
sensitivity of 63 % in Ontario (the authors concluded the algorithm had 
moderate validity) [24]. This study classified CV death by using either 
in-hospital death with CV diagnosis or out-of-hospital death excluding 
cancer or trauma prior to death date. Our approach incorporating pre-
vious diagnoses and healthcare utilization before death yielded 
improved validity compared to this study. Li et al. developed a model to 
predict future CV-specific mortality based on questionnaire data from a 
prospective cohort study of 2359 people in Taiwan, investigating socio- 
demographics (age, sex, income, education) and clinical data (vitals, lab 
values, co-morbidities, medication use) and linking to Taiwan's National 
Registry of Death [25]. These authors found that age, history of CVD, an 
ankle-brachial index ≤ 0.9, and CV medication use were all predictive of 
CV death, though sex was not. The c-statistic ranged from 0.88 to 0.98 
depending on the time horizon for the CV death. Sherazi et al. used 
different machine learning approaches to predict mortality in the 1-year 
post-acute coronary syndrome (ACS) from a registry in Korea (n =
10,813), finding that predictors varied depending on which approach 
was used though common ones included aspirin use, diuretic use, age >
76 years, or high LDL [26]. The c-statistic ranged from 0.81 to 0.90. The 
aim of both these studies was to predict CV mortality rather than cate-
gorize CV COD. Further, they both involved standardized data collection 
approaches. Our novel contribution beyond these efforts includes our 
use of data that are generally routinely captured across various regions/ 
jurisdictions, which potentially enables external validation and appli-
cability outside of Ontario. 
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Fig. 1. Observed and predicted probability of cardiovascular death in the derivation cohort (2008 to 2012) across deciles of risk for cardiovascular-related death. 
Comparison of predicted deaths using our CV prediction model, to observed deaths captured using Registrar General of Ontario Vital Statistics Database. 

Table 3 
Sensitivity, specificity, PPV and NPV, and C-statistic in the validation cohort (2013 to 2015).  

Cohort Sensitivity Specificity PPV NPV C-statistic Brier score 

Overall cohort 0.75 (0.74–0.75) 0.71 (0.70–0.71) 0.49 (0.49–0.49) 0.88 (0.88–0.88)  0.80  0.15 
Primary cohort 0.71 (0.70–0.71) 0.75 (0.75–0.75) 0.47 (0.47–0.47) 0.89 (0.89–0.89)  0.81  0.14 
Secondary cohort 0.81 (0.81–0.82) 0.54 (0.53–0.54) 0.53 (0.52–0.53) 0.82 (0.81–0.82)  0.74  0.20 

(PCI or CABG) and no AMI Cohort 0.78 (0.76–0.79) 0.61 (0.60–0.62) 0.54 (0.52–0.55) 0.82 (0.81–0.83)  0.76  0.19 
AMI and no (Stroke or PAD) Cohort 0.82 (0.81–0.83) 0.55 (0.55–0.56) 0.55 (0.54–0.55) 0.83 (0.82–0.83)  0.76  0.20 
AMI and (Stroke or PAD) Cohort 0.91 (0.90–0.93) 0.33 (0.31–0.35) 0.52 (0.50–0.53) 0.83 (0.80–0.85)  0.72  0.22 
AMI and Stroke and PAD Cohort 0.99 (0.96–1.00) 0.15 (0.10–0.21) 0.52 (0.47–0.58) 0.93 (0.77–0.99)  0.67  0.25 
CHF and (AMI or PCI or CABG) Cohort 0.85 (0.84–0.86) 0.42 (0.40–0.43) 0.56 (0.55–0.57) 0.76 (0.74–0.77)  0.71  0.22 

AMI = acute myocardial infarction; CABG = coronary artery bypass graft; CHF = congestive heart failure; NPV = negative predictive value; PCI = percutaneous 
coronary intervention; PPV = positive predictive value. 
Using the final prediction model and a cut-off of 30 % probability of CV death to classify a cause of death as CV, we calculated the sensitivity, specificity, PPV, NPV, and 
C-statistic for our model using a gold standard of cause of death captured via the Registrar General of Ontario Vital Statistics Database. 
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4.3. Implications and future directions 

Not having readily available COD data from health administrative 
databases presents a challenge to providing timely and contemporary 
investigation of new guidelines, real-world safety and effectiveness of 
drugs, or investigating outcomes of interest in pragmatic clinical trials 
relying on health administrative data. Statistics Canada and the US 
NCHS are both aware of this issue and are looking at workarounds to 
these delays [1,2]. For example, NCHS launched a National Death Index 
(NDI) early release pilot program in 2019 [27]. Our work highlights the 
potential for developing predictive models to address the current lack of 
timely COD data in healthcare administrative databases. However, 
further work is necessary before using this approach in registry-based 

trials or observational studies. Refining the modelling approach to 
improve accuracy will enhance its usefulness. Determining a threshold 
for how accurate such a model must be in this context is also a consid-
eration for future work. Given the performance of the model appears to 
differ in the primary prevention population compared to secondary 
prevention, future studies could develop separate models in these 
different populations a priori. Future work could also employ different 
development approaches, such as machine learning or multiple impu-
tation, which may enhance the ability to identify important predictors of 
CV death. Machine learning approaches have shown promise in pre-
dicting mortality in cancer [28], and have been applied to predicting 
post-acute coronary syndrome mortality [26]. It will also be important 
to evaluate a predictive modelling approach using different datasets to 
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Fig. 2. Observed and predicted probability of cardiovascular death in the validation cohort (2013 to 2015) across deciles of predicted risk for cardiovascular-related 
death, for overall cohort and subgroups of primary prevention and secondary prevention. 
Comparison of predicted deaths using our CV prediction model, to observed deaths captured using Registrar General of Ontario Vital Statistics Database. 
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examine the model's reproducibility, reliability, and accuracy in 
different healthcare systems. 

4.4. Limitations 

To develop the prediction model using the derivation cohort, we 
combined the primary prevention and secondary prevention population 
into one cohort. However, in our validation process, we found differ-
ences in model performance between the primary and secondary pre-
vention cohort. Thus, it may have been appropriate to develop separate 
models for primary and secondary prevention. We were unable to 
include information on BMI or self-reported behavior and lifestyle in-
formation such as smoking, which is not well-captured at an individual 
patient level in the CANHEART cohort. Further, in developing our model 
and balancing external validity and applicability outside Ontario, we did 
not use all available data sources (e.g., prescription drug data among 
persons ≥65 years). The model was developed using healthcare 
administrative data from the CANHEART cohort in Ontario, Canada and 
it is unclear whether our model would be generalizable in other juris-
dictions and using their respective datasets. This requires further study, 
though we expect our model to be adaptable to contexts which have 
similar data in terms of content completeness, and quality. Our perfor-
mance data suggest that the model may still misclassify some deaths, 
highlighting the importance of future work to improve model perfor-
mance. Given our validation and derivation cohorts were not from the 
same time period, it is possible that temporal trends in CV death or 
population characteristics may have influenced our results. However, 
we are not aware of any trends that would have such an influence. 
Finally, while we considered the COD in the ORGD (based on the death 
certificate) as the gold standard, the accuracy of COD in ORGD has not 
been examined and we did not verify the accuracy of the ORGD data. 
Indeed, the accuracy of COD data in death certificates in general has 
been questioned [29]. 

5. Conclusion 

We developed a model that used routinely collected health admin-
istrative data to categorize CV COD. Strong predictors of CV COD 
included cardiovascular co-morbidities and cardiovascular hospitaliza-
tions one month before death. In a validation cohort, our model showed 
modest performance in categorizing CV death. Our results highlight the 
potential for a modelling approach to categorize CV COD from health 
administrative data, though further work is necessary to improve the 
performance of such models before they could be routinely implemented 
for observational research and pragmatic trials. 
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