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ABSTRACT

Introduction To develop and validate the Premature
Mortality Population Risk Tool (PreMPoRT), a population-
based risk algorithm that predicts the 5-year incidence
of premature mortality among the Canadian adult
population.

Methods Retrospective cohort analysis used six cycles
of the Canadian Community Health Survey linked to the
Canadian Vital Statistics Database (2000-2017). The
cohort comprised 500870 adults (18—74 years). Predictors
included sociodemographic factors, self-perceived
measures, health behaviours and chronic conditions.
Three models (minimal, primary and full) were developed.
PreMPoRT was internally validated using a split set
approach and externally validated across three hold-out
cycles. Performance was assessed based on predictive
accuracy, discrimination and calibration.

Results The cohort included 267 460 females and
233410 males. Premature deaths occurred in 1.40% of
females and 2.05% of males. Primary models had 12
predictors (females) and 13 predictors (males). Shared
predictors included age, income quintile, education,
self-perceived health, smoking, emphysema/chronic
obstructive pulmonary disease, heart disease, diabetes,
cancer and stroke. Male-specific predictors were marital
status, Alzheimer’s disease and arthritis while female-
specific predictors were body mass index and physical
activity. External validation cohort differed slightly in
demographics. Female model performance: split set (c-
statistic: 0.852), external (c-statistic: 0.856). Male model
performance: split set and external (c-statistic: 0.846).
Calibration showed slight overprediction for high-risk
individuals and good calibration in key subgroups.
Conclusions PreMPoRT achieved the strongest
discrimination and calibration among existing prediction
models for premature mortality. The model produces
reliable estimates of future incidence of premature
mortality and may be used to identify subgroups who may
benefit from public health interventions.

! Lori Diemert,’
3

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Premature mortality is a significant population
health issue, often preventable through policy, pre-
ventive interventions or treatments. Existing pre-
diction models for premature mortality do not use
widely available population-based survey data and
demonstrate moderate accuracy and calibration.

WHAT THIS STUDY ADDS

= We developed and validated the Premature Mortality
Population Risk Tool (PreMPoRT), which demon-
strates strong reproducibility and transportability. It
achieves the highest discrimination and calibration
among existing prediction models for premature
mortality using routinely collected data.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= PreMPoRT provides a robust tool for public health
applications to predict the risk of premature mor-
tality using widely available survey data. This model
can support targeted public health interventions and
policy decisions to reduce premature mortality, en-
hancing the precision of health promotion and dis-
ease prevention strategies at the population level.

INTRODUCTION

Premature mortality is an important health
outcome worldwide as it reflects an unful-
filled life expectancy and is indicative of
population health, socioeconomic dispar-
ities and the effectiveness of public health
interventions.' It is suggested that over 40%
of premature deaths are avoidable through
policy, prevention or treatment.”™* Premature
mortality is frequently used as an international
comparator for tracking inequalities and has
been used as a benchmark to assess overall
health system functioning.”” For example,
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reductions in premature mortality were recently high-
lighted as a target set by the United Nations Sustainable
Development Goals.” While generally, life expectancy
is projected to increase in high-income nations, some
countries have seen stalls or even increases in premature
mortality in recent years.® > Additionally, trends suggest
that the socioeconomic inequalities between those in the
lowest and highest socioeconomic strata are growing.'*™"?

Increasingly, disease and mortality risk information is
used to improve how health interventions are designed.
For populations, the concept of using risk informa-
tion to better target interventions has recently been
described as precision public health. This approach
involves the use of rich population-based data to inform
which subgroups should receive targeted interventions
at the optimal time."* One tool that enables such data
decisions is prediction models.'” Population prediction
models leverage population-based data to determine
individual characteristics to predict an outcome.'® Such
models have predominantly been deployed in clin-
ical settings, typically with data from electronic health
records to estimate an individual’s future risk of a health
outcome.'” With increases in data availability at the popu-
lation level, the ability to leverage prediction models for
public health planning has grown." '® Prediction models
afford several advantages for informing resource alloca-
tion and populations in need of targeted interventions
in an applied public health setting as they allow the user
to predict risk with only baseline exposure data (ie, users
of the prediction model do not need linked mortality
data).

To the best of our knowledge, there is no population-
based risk prediction tool for estimating the future inci-
dence of premature mortality in the Canadian adult
population. To date, there have been few mortality predic-
tion models for population and public health applications
and even fewer for premature mortality. There have only
been two studies that focused on prediction for all-cause
mortality at a population level. One study by Manuel et
al used the same data source as our study to predict all-
cause mortality'’ and another used data from the UK
Biobank study to predict all-cause mortality in the UK
population.” To date, there has only been one published
prediction model for premature mortality, which was
developed by Weng et al, using UK Biobank data. This
study differs from ours for two important reasons. First,
the study aim appears to be more comparative in nature
(ie, the comparison of machine learning methods to
traditional survival approaches for prediction) and is
different from ours in the type of data used. For example,
we use self-reported population-based survey data while
the study by Weng et al incorporates clinical predictors
such as medication history and biometric measure-
ments.?' In this study, we developed and validated the
Premature Mortality Population Risk Tool (PreMPoRT),
a population-based risk algorithm that predicts the 5-year
incidence of premature mortality among the Canadian
adult population.

METHODS

Before receiving the data, we published an analytical
protocol to increase the robustness of our approach and
transparency in the model development and validation
processes.”> We describe in extensive detail the prespec-
ified model predictors, statistical analysis plan, sample
size calculation, coding and cleaning of data, approach
to missing data, model estimation, model specifica-
tion, model validation and assessment of model perfor-
mance.”” These steps are also described in brief below.
Overall, the analytical protocol was adhered to with
some modifications, which we describe. First, an addi-
tional cohort exclusion included individuals residing in
the Yukon, Northwest Territories and Nunavut because
area-based information and household income are
unavailable for those regions. Second, we considered
two additional predictor variables for inclusion in our
model which were not initially specified, specifically food
insecurity and area-level income. Third, in addition to
the primary model specified in the protocol, a minimal
and full model was developed and validated. Fourth, the
minimal model was fit with the fewest variables to allow
for user flexibility when all model variables may not be
available. The maximal model where more variables were
fitted was generated for comparison purposes. Fifth,
internal validation consisted of a splitset instead of the
bootstrap approach as a more robust form of internal
validation and to eliminate issues with model stability
using the bootstrap approach. We adhered to the Trans-
parent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD) reporting
guidelines, which are the best practice standards for the
development and validation of prediction models.”

Data sources

A retrospective cohort study was used to develop a predic-
tion model for premature mortality using population-
based survey data from the Canadian Community Health
Survey (CCHS). The CCHS is a cross-sectional survey
covering 98% of the Canadian population 12 years and
older that collects self-reported data on personal health
status, healthcare utilisation and health determinants.?*
Populations excluded from the CCHS sampling frame
include individuals living in Aboriginal settlements,
Canadian Force Bases and some remote regions. A
detailed description of the CCHS survey methodology
is available elsewhere.** All respondents were linked to
the Canadian Vital Statistics Database (CVSD) to ascer-
tain deaths during the follow-up period. The data were
held at the Statistics Canada Research Data Centre. Due
to Research Data Centre vetting requirements, all study
output is rounded deterministically to the nearest 10.

Participants

Respondents who consented to link their responses
to administrative data from the first six cycles 1.1
(2000/2001), 2.1 (2003/2004), 3.1 (2005/2006),
2007/2008, 2009/2010 and 2011/2012 of the CCHS
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were used to create the study cohort. Respondents were
excluded if they were pregnant, resided in the territories
(ie, Yukon, Northwest Territories or Nunavut) or were
under 18 years or older than 74 years at the date of CCHS
interview. For further details on our cohort creation,
please see online supplemental figure S1.

Outcome: premature mortality

Respondents were followed longitudinally for the inci-
dence of premature mortality (binary yes/no variable),
defined as deaths from all causes between the ages of
18 and 74 as recorded in the CVSD. This definition is
based on the cut-off adopted by the Canadian Institute of
Health Information,25 which is consistent with the defini-
tion used in reporting premature mortality among other
industrialised nations.”**’

Predictors

As stated in our protocol, 38 candidate predictors were
identified from the survey data in accordance with
established associations with premature mortality,*’ **=*
subject matter knowledge, user input, our team’s experi-
ence with the development and validation of population-
level risk algorithms' ' and predictor availability
across survey cycles. Predictors included sociodemo-
graphic characteristics, self-perceived measures, health
behaviours, chronic conditions and area-based measures.

Missing data

Multiple imputation methods were used to impute
missing data, specifically, Fully conditional specification
(FCS) was used to develop five imputed datasets which
previous research has established as sufficient.* * Total
missingness was low and ranged in the six combined
cycles from <1% to 10%.%* All imputation was done using
the multivariate imputation by chained equations (mice)
algorithm in R.** First, each cycle was separated into sex-
stratified groups and imputation was run on each sex-
stratified cycle separately to avoid potential between cycle
variations and differences between males and females.
A three-step approach was used to impute the missing
values. FCS imputation was unable to converge for
several chronic conditions that had a low prevalence and
low missing data (ie, less than 1% missing). As such, the
first step was to assume that a respondent did not have
said chronic condition if any of the chronic conditions
had less than 1% missing across all sex-stratified cycles.
These chronic conditions included Alzheimer’s disease,
arthritis, asthma, back problems, bowel disease, cancer,
chronic obstructive pulmonary disease (COPD)/emphy-
sema, diabetes, high blood pressure, heart disease, intes-
tinal ulcers, migraines, stroke and urinary incontinence.
Afterwards, five imputed datasets were generated using
FCS on all sociodemographics, health behaviours and
chronic conditions except for anxiety and mood disor-
ders. Anxiety and mood disorders were not asked in the
CCHS cycle 1.1, and as such, a third and final step needed
to be implemented. Each imputed dataset was divided by

sex and by cohort group (ie, derivation cohort and vali-
dation cohort). Once separated, FCS was run to impute
the missing values for anxiety and mood disorders.

A sensitivity analysis was conducted to examine the vari-
ation in model performance measures across the imputed
datasets, which would help inform whether we averaged
the measures or reported performance measures on
the first imputed dataset only. After finding negligible
differences in the model performance measures (online
supplemental table S1), we opted to present model devel-
opment and validation measures on the first imputed
dataset.

Study design

Models were developed and validated in the Cana-
dian adult provincial population.”* * There were five
steps involved in the development and validation: (1)
model derivation in the first three CCHS cycles ((1.1
(2000/2001), 2.1 (2003/2004) and 3.1 (2005/2006)).
Two models, one for females and one for males, were
developed due to the important biological sex differ-
ences in premature mortality”* ** (further outlined in
the ‘Model specification’ section). This was followed by
(2) the internal validation using a split sample approach
where the 70% development model was applied to the
remaining 30%. The model was then (3) externally
validated in the last three CCHS cycles (2007/2008,
2009/2010 and 2011,/2012). Next, (4) the derivation and
validation data were combined to estimate the final appli-
cation of the PreMPoRT model (ie, the final Canadian
provincial cohort) using the same model specification as
in the original model derivation. Lastly, (5) the predic-
tive performance of the final primary model was assessed
among more than 20 programme and policy-relevant
subgroups with <20% difference between observed and
predicted, representing good calibration."” ! In the main
results, we report observed and predicted risk for three of
these subgroups (ie, education, income and immigration
status).

Model specification

We began with the prespecified forms of predictors as
described in the study protocol (online supplemental
table S2). Candidate predictors that did not improve
predictive performance were removed. Next, the primary
model was selected from the minimal model, using the
sequential addition of predictors until the performance
resembled that of the full model. Finally, we verified the
sequential addition of predictors in each of the three
models using the least absolute shrinkage and selection
operator as described in our study protocol.”* Following
sequential predictor selection, alternative specifications
were examined. For example, both BMI and age were
respecified from continuous with restricted cubic splines
to categories for both sexes. The focus of the results is on
the primary model, however, results for the minimal and
full models are in online supplemental file 1.
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Statistical analysis

The predictive performance was based on measures
of overall predictive accuracy (ie, Nagelkerke R?
Brier score), discrimination (ie, Harrell’s c-statistic,
time-specific discrimination slope) and calibration
(ie, time-specific calibration curve, calibration inter-
cept and calibration slope). The definitions of each
measure are found in online supplemental table
S3. From January 2000 to December 2017, respond-
ents from the CCHS were followed until premature
mortality, 5 years of follow-up or study end date. The
models were estimated using a Weibull accelerated
failure time model with the proportional hazard’s
assumption assessed according to the scaled Schoen-
feld residuals. The CCHS survey weights were applied
to ensure all estimates were representative of the
population.*” *® Data cleaning and predictor coding
were conducted in SAS V.9.4, with all model develop-
ment and validation executed in R 'V.3.6.2.

Patient and public involvement

This study and the published analytical protocol were
developed in consultation with decision-makers at three
local public health departments in urban and rural
Ontario to ensure that the design of the prediction
model is optimised for applied public health applica-
tions. These decision-makers were engaged at the begin-
ning of this work to provide feedback on the published
study protocol which detailed the design, analysis and
reporting of the present study.

RESULTS

Study population characteristics

Baseline characteristics of the entire Canadian
female provincial cohort (n=267460), male provin-
cial cohort (n=233410), and external development
and validation cohorts (which are a subset of Cana-
dian provincial cohort) are detailed in table 1. The
average number of premature deaths over the study
period was 1.40% for females and 2.05% for males.
Among the Canadian provincial cohort, female
respondents were 44.18 years and 43.43 years for
males at survey date. Most individuals had completed
post-secondary education, and the most common
marital status was domestic partnership (married/
common law). The most common BMI category for
females was 18.5 to <25.0 kg/mg, whereas for males, it
was 25.0 to <80.0 kg/m®. Most participants rated their
self-perceived general health as good or very good.
Physical activity levels were lower in females than in
males, with 51.08% of females classified as inactive
compared with 46.41% of males. Most participants
were white, Canadian-born and lived in urban areas.
Differences in the population characteristics were
greatest in the external development and validation
cohort compared with the split set development and
validation cohort (online supplemental table S4). For

example, there were larger proportions in the lowest
income quintile, larger proportions of people with
post-secondary education, more never-smokers and
greater representation of visible minorities.

Model development

The full female and male model consisted of 16 predic-
tors, the primary female model consisted of 12 predic-
tors and the male model consisted of 13 predictors, the
minimal female model consisted of 8 predictors and the
male model contained 10 predictors. The model coef-
ficients and HRs for the primary model are outlined
in table 2. Age, self-rated health, smoking, COPD/
emphysema, heart disease, diabetes, cancer and stroke
were the predictors with the largest contributions to
model performance and appeared in all versions (ie,
minimal, primary and full) of the sex-specific models.
We assessed the proportionality assumption (via scaled
Schoenfeld residuals) inherent in Weibull accelerated
failure time models and found no violations. The model
coefficients and HRs for the minimal and full models
are found in online supplemental table S5 (females)
and online supplemental table S6 (males).

Model external development

The predictive performance of the primary female and
male models in different development and validation
settings are described in table 3. The primary develop-
ment cohort was the external development (CCHS cycles
2000-2006). In the primary development cohort, the
female model achieved better predictive performance
than the male model. The female external development
model achieved a Brier score: 0.007, discrimination slope:
0.096 and c-statistic: 0.895. The male external develop-
ment model also performed well (Brier score: 0.010) and
had good discriminative ability (discrimination slope:
0.105 and c-statistic: 0.853).

Model split sample and external validation

The female model in the external validation cohort
produced the best overall predictive performance (Brier
score: 0.006) and discrimination (discrimination slope:
0.109) (table 3). The female model also performed well
in the split set validation (Brier score: 0.007 and discrimi-
nation slope: 0.094). The male model performed slightly
better in the split set validation in terms of predictive
performance (Brier score: 0.010) and discrimination
(discrimination slope: 0.096) in comparison to the
external validation (Brier score: 0.009 and discrimina-
tion slope: 0.108). The c-statistic for the female split set
validation was 0.852 and the male was 0.846 (table 3).
The female and male split set calibration curves
(figures 1A,C) exhibit similar shapes, with strong adher-
ence to the 45° line for low levels of predicted risk and
a tendency to overpredict risk among the small propor-
tion of high-risk individuals. The c-statistic for the female
and males models in the external validation cohorts was
0.856 and 0.846, respectively (table 3). The calibration
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Table 1 Weighted baseline characteristics of the entire Canadian provincial cohort and external development and validation
cohorts, by sex

Canadian provincial cohort  External development External validation cohort
(CCHS cycles 2000-2012) cohort (2000-2006) (CCHS cycles 2007-2012)
Female Male Female Male Female Male
Characteristic (n=267 460) (n=233410) (n=138070) (n=121890) (n=129390) (n=111520)
Premature deaths (%) 1.40 2.05 1.42 2.09 1.39 2.04
Follow-up time, mean (SD), years 4.78 (0.83) 4.78 (0.82) 4.78 (0.82) 4.79 (0.81) 4.77 (0.84) 4.77 (0.84)
Age, mean (SD), years 44.18 (0.05) 43.43 (0.06) 43.49 (0.06) 42.73(0.06) 44.50(0.074) 43.76 (0.078)
Age group
18-24 12.70 13.58 12.94 13.91 12.59 13.42
25-34 17.41 18.49 17.62 18.50 17.32 18.48
35-44 20.58 20.87 23.15 23.53 19.40 19.64
45-54 21.26 20.45 20.87 20.18 21.44 20.57
55-64 16.97 16.78 14.91 14.61 17.91 17.78
65-74 11.08 9.85 10.51 9.27 11.34 10.11
Household income quintile
Q1 (lowest) 17.34 12.94 9.68 7.31 20.87 15.53
Q2 17.77 15.01 12.10 9.13 20.39 17.73
Q3 20.70 19.70 21.31 18.82 20.42 20.10
Q4 22.95 25.29 30.40 31.22 19.51 22.55
Q5 (highest) 21.24 27.06 26.51 33.52 18.82 24.09
Individual education
Less than secondary school
graduation 7.05 6.36 9.19 8.09 6.07 5.56
Secondary school graduation 10.80 10.93 11.97 11.82 10.26 10.51
Post-secondary education
(complete and partial) 82.15 82.72 78.84 80.09 83.67 83.93
Marital status
Single never married 22.36 26.91 21.37 26.45 22.81 27.12
Domestic partner (married/common
law) 63.39 65.54 64.45 66.45 62.90 65.12
Widowed/separated/divorced 14.25 7.55 14.18 7.10 14.29 7.76
BMI, mean (SD), (kg/m?) 25.38 (0.02) 26.57 (0.02) 25.07 (0.02) 26.32(0.02) 25.52 (0.03) 26.69 (0.03)
BMI categories
<18.5 3.93 1.12 4.31 1.15 3.76 1.10
18.5 to <25.0 52.29 39.70 54.04 41.53 51.48 38.85
25.0to0 <30.0 26.93 40.68 26.55 40.69 27.10 40.68
30.0 to <35.0 11.13 14.10 10.26 40.69 11.54 14.61
35.0 to <40.0 3.75 3.23 3.25 2.73 3.98 3.46
>40.0 1.97 117 1.60 0.89 2.14 1.30
Self-perceived general health
Poor 2.72 2.44 2.76 2.41 2.71 2.45
Fair 8.54 7.83 8.68 7.71 8.48 7.89
Good 28.28 28.56 28.31 28.15 28.26 28.75
Very good 38.21 38.12 37.33 37.11 38.61 38.59
Excellent 22.26 23.05 22.93 24.62 21.95 22.32
Physical activity*
Active 23.15 28.47 21.48 26.79 23.92 29.24
Moderately active 25.77 25.12 25.53 24.82 25.88 25.27
Continued
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Table 1 Continued

Canadian provincial cohort

(CCHS cycles 2000-2012)

External validation cohort
(CCHS cycles 2007-2012)

External development
cohort (2000-2006)

Female Male Female Male Female Male
Characteristic (n=267 460) (n=233410) (n=138070) (n=121890) (n=129390) (n=111520)
Inactive 51.08 46.41 52.99 48.39 50.20 45.49
Smoking status
Never-smoker 56.37 46.69 53.55 43.69 57.66 48.08
Current light smoker 18.56 20.84 20.18 21.43 17.82 20.57
Current heavy smoker 2.74 5.59 3.83 6.86 2.24 5.00
Former light smoker 17.21 17.37 16.85 17.15 17.38 17.47
Former heavy smoker 5.11 9.51 5.59 10.87 4.89 8.88
Self-reported chronic conditions
Arthritis 18.40 11.59 19.56 12.08 17.86 11.39
Emphysema/COPD 1.94 1.62 0.85 0.98 2.45 1.92
Heart disease 3.26 4.84 3.37 4.85 3.21 4.83
Diabetes 4.88 6.02 4.08 4.90 5.25 6.54
Cancer 1.91 1.55 1.63 1.37 2.04 1.64
Stroke 0.84 0.87 0.74 0.86 0.89 0.88
Bowel disease 5.87 2.43 418 1.75 6.65 2.75
Ethnicityt
Visible minority 16.75 16.55 15.16 15.17 17.49 17.19
White 83.25 83.45 84.84 84.83 82.51 82.81
Immigration status
Canadian born 7714 77.29 78.85 78.78 76.35 76.61
Immigrant (<10 years) 6.53 6.57 5.83 5.78 6.85 6.93
Immigrant (>10 years) 16.34 16.14 15.32 15.43 16.81 16.46
Rurality
Rural 17.55 18.58 17.83 18.92 17.42 18.43
Urban 82.45 81.42 82.17 81.08 82.58 81.57

*Physical activity was measured using the average metabolic equivalent of task per day derived from a list of leisure-time physical

activities (frequency and duration of activity).

TThe CCHS collects data on ethnicity by asking respondents to identify if they belong to a visible minority group. This terminology

represents that employed by Statistics Canada.®®

BMI, body mass index; CCHS, Canadian Community Health Survey; COPD, chronic obstructive pulmonary disease.

curves for the female and male models in external vali-
dation (figure 1B,D) diverge from the 45° line at a lower
predicted risk than in the split set validation. However,
given that <2% of the overall cohort has a predicted risk
above 20%, there was minimal impact of the overpre-
diction on overall model calibration. Calibration curves
and predictive performance measures for the minimal
and full model in the split set and external validation are
found in online supplemental figures S3 and S4 and table
S7, respectively.

Subgroup calibration

The model was further evaluated on more than 20
important policy or programme-relevant popula-
tion subgroups. In figure 2, we report the observed
incidence of premature mortality compared with

average model prediction among females and males
for three of the 20 subgroups we assessed, including
education, income and immigration status. Overall,
calibration across subgroups was strong. Among
both sexes, we observed minor underprediction
among those with less secondary school graduation
and post-secondary education. Among those with
less than secondary school graduation, there is slight
overprediction for males and underprediction for
females. With the exception of income quintile 2 for
males, there is slight underprediction for both sexes
across income quintiles. Among both sexes, there
was minor overprediction in immigrants and visible
minorities and slight underprediction for people
born in Canada.
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Table 2 The proportional hazards coefficients and HRs for the primary female and male model in the Canadian Provincial
Cohort

Female Male

Variable In (HR) (95% CI) HR In (HR) (95% CI) HR
Weibull parameters

Scale parameter 0.819 0.847

Shape parameter 1.221 1.181

Intercept —6.956 (-6.981 to —6.932) 0.001 —6.341 (-6.359 to —6.323) 0.002
Age 0.076 (0.075 to 0.076) 1.079  0.075 (0.074 to 0.075) 1.078
Household income quintile

Q1 (lowest) 0.225 (0.207 to 0.243) 1.252  0.328 (0.314 to 0.342) 1.388

Q2 0.143 (0.125 to 0.161) 1.1563  0.382 (0.368 to 0.396) 1.465

Q3 0.057 (0.039 to 0.075) 1.058  0.240 (0.226 to 0.253) 1.271

Q4 0.086 (0.068 to 0.103) 1.089  0.114 (0.100 to 0.127) 1.121

Q5 (highest) Ref. Ref. Ref. Ref.
Marital status

Single never married NA NA Ref. Ref.

Domestic partner (married/common law) NA NA —-0.564 (-0.576 to —0.551) 0.569

Widowed/separated/divorced NA NA —-0.094 (-0.108 to —0.080) 0.911
Education

Less than secondary school graduation Ref. Ref. Ref. Ref.

Secondary school graduation 0.092 (0.078 to 0.105) 1.096 0.138 (0.127 to 0.149) 1.148

Post-secondary education (complete and partial) 0.013 (-0.001 to 0.028) 1.013 0.075 (0.063 to 0.087) 1.078
Body mass index (kg/m?)

<18.5 0.424 (0.402 to 0.446) 1.528 NA NA

18.5 to <25.0 Ref. Ref. NA NA

25.0 to <30.0 —-0.297 (-0.309 to —0.285) 0.743 NA NA

30.0 to <35.0 —-0.411 (-0.427 to —0.395) 0.663 NA NA

35.0 to <40.0 -0.373 (-0.396 to —0.350) 0.689 NA NA

>40.0 -0.167 (-0.194 to —0.139) 0.846 NA NA
Self-perceived general health

Poor 1.847 (1.823 to 1.871 6.340 1.689 (1.670 to 1.708) 5.414

Fair 1.043 (1.021 to 1.065 2.837  0.903 (0.886 to 0.920) 2.468

Good 0.541 (0.521 to 0.561) 1.717  0.462 (0.447 to0 0.478) 1.588

Very good 0.170 (0.149 to 0.190) 1.185  0.116 (0.100 to 0.131) 1.122

Excellent Ref. Ref. Ref. Ref.
Cigarette smoking

Never smoked Ref. Ref. Ref. Ref.

Former light smoker 0.475 (0.461 to 0.489 1.608 0.196 (0.183 to 0.209) 1.216

Former heavy smoker 0.676 (0.489 to 0.694 1.967 0.469 (0.456 to 0.481) 1.598

Current light smoker 0.865 (0.851 to 0.879) 2.375  0.732(0.719 to 0.744) 2.079

Current heavy smoker 1.015 (0.995 to 1.035) 2.760 1.058 (1.043 to 1.072) 2.879
Physical activity

Inactive 0.332 (0.317 to 0.348) 1.394 NA NA

Moderately active 0.107 (0.089 to 0.125) 1.113 NA NA

Active Ref. Ref. NA NA
Chronic conditions
Emphysema/COPD 0.188 (0.170 to 0.206) 1.207  0.209 (0.194 to 0.225) 1.233

Continued
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Table 2 Continued

Female Male

Variable In (HR) (95% CI) HR In (HR) (95% CI) HR

Heart disease 0.188 (0.173 to 0.203) 1.206  0.224 (0.213 to 0.235) 1.251
Diabetes 0.271 (0.256 to 0.285) 1.311 0.285 (0.275 to 0.296) 1.330
Cancer 1.667 (1.653 to 1.682) 5.298  1.246 (1.233 to 1.259) 3.477
Stroke 0.325 (0.303 to 0.348) 1.385  0.236 (0.217 to 0.254) 1.266
Alzheimer’s disease NA NA 0.692 (0.658 to 0.726) 1.998
Arthritis NA NA —-0.285 (-0.295 to —0.275) 0.752

COPD, chronic obstructive pulmonary disease; NA, not available.

DISCUSSION

Principal findings

We developed and externally validated a prediction model
for population health applications to determine indi-
vidual risk of premature mortality within 5 years. Model
predictors from routinely collected survey data included
sociodemographic characteristics, self-perceived meas-
ures, health behaviours and chronic conditions. The
most influential predictors, with the largest contributions
to model performance, included age, self-rated health,
smoking, COPD/emphysema, heart disease, diabetes,
cancer and stroke. The final model showed reproduci-
bility and transportability through different validation
settings (ie, internal and external validation). Further,
PreMPoRT demonstrated robust discrimination and cali-
bration across different subpopulations. Thus, we antici-
pate that this tool will produce valid and accurate predic-
tions of premature mortality when applied to support

interventions and health policies aimed at reducing
premature mortality in the population.

Strengths and limitations

One of the main strengths of this study is the ability to
validate a robust prediction model, based on routinely
collected national population-based survey data that is
representative of the national population. This dramati-
cally increases the ability for this model to be used widely
and regularly, compared with many existing models that
rely on the use of highly restricted data. Due to the use
of a national mortality registry, we were able to compre-
hensively capture all premature deaths over the study
period. In addition, to reduce the possibility of overfit-
ting and to improve transparency in the development
of PreMPoRT we prespecified our analytical plan in our
study protocol.”” Beyond use within Canada’s popula-
tion and public health system, countries internationally

Table 3 Measures of predictive performance for the primary female and male models, by development and validation setting*

Split set validation

External validation

Measures of predictive Final Canadian

Development

Development Validation

performance provincial model (70%) Validation (30%) (2000-2006) (2007-2012)

Female model
Nagelkerke’s R? 0.193 0.197 NA 0.192 NA
Brier score 0.007 0.006 0.007 0.007 0.006
Discrimination slope 0.094 0.096 0.094 0.096 0.109
Harrell’s c-statistic 0.858 0.859 0.852 0.859 0.856
Calibration in the large —-0.007 -0.007 -0.007 —-0.006 -0.010
Calibration slope 1.000 1.000 0.963 1.0000 0.930

Male model
Nagelkerke’s R 0.184 0.185 NA 0.190 NA
Brier score 0.009 0.009 0.010 0.010 0.009
Discrimination slope 0.099 0.099 0.096 0.105 0.108
Harrell’s c-statistic 0.849 0.849 0.846 0.853 0.846
Calibration in the large -0.012 -0.012 -0.012 -0.011 -0.018
Calibration slope 1.000 1.000 0.997 1.000 0.970

*Definitions of model performance measures can be found in online supplemental table S2.

NA, not available.
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Figure 1

are routinely employing population health surveys with
increasing standardisation.” Given that PreMPoRT was
developed using data from the Canadian population,
findings are likely generalisable to other high-income
nations with similar population profiles. However, it is
important to consider other contextual factors, including
variations in healthcare systems, social determinants of
health and health status, which may influence the perfor-
mance and applicability of the tool in different countries.
We recommend users update the baseline hazard func-
tion before employing this tool in other countries. Lastly,
this study is enhanced by the adherence to best practices
and reported in line with TRIPOD guidelines.*

B Female primary model calibration
curve in external validation
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Female and male calibration curves for the primary model in the internal split set and external validation setting.

This prognostic study should be interpreted consid-
ering a few limitations. Although the CCHS is represen-
tative of 98% of the population, due to the nature of the
sampling methodology the data does not include people
living in correctional facilities, long-term care and retire-
ment homes, and those living in Aboriginal settlements.**
Although these groups represent <3% of the CCHS
target population, it is important given that these popu-
lations have different premature mortality risk than the
general population.” ! Additionally, baseline risk factors
for the development and validation of PreMPoRT were
collected through the CCHS, which is a cross-sectional,
self-reported survey. As a result, there is potential for
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Figure 2 Premature mortality risk among female and male population subgroups.

misclassification  (systematic and non-directional).
Finally, miscalibration was present in <2% of the popula-
tion with the highest predicted risk. In these populations,
public health decision-makers may interpret the precise
probabilities with caution but should still treat these indi-
viduals as higher risk than the general population. Addi-
tionally, this minor overprediction may be corrected with
recalibration techniques.

Comparison with previous literature

To the best of our knowledge, there are no systematic
reviews that capture development and validation studies
of prediction models for premature mortality. There is
one study that describes the development and validation
of a prediction model for premature mortality by Weng et

al, that compared the use of traditional survival methods
to machine learning approaches.”' Predictors were from
the UK Biobank and included clinical data (eg, demo-
graphic, biometric and lifestyle factors).”’ The authors
used a multivariable Cox model that achieved an AUC
of 0.751, with machine learning methods resulting in an
improvementin comparison to survival methods (random
forest AUC of 0.783; deep learning AUC of 0.790).”' The
authors observed overprediction with survival models,
which we also observed in the present study. The authors
did not examine subgroup calibration, so it is unclear
how their model performs among different population
groups (eg, by income or visible minority status), which
is important in understanding fairness in prediction

10
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models. Our study was reported in line with the TRIPOD
guidelines and demonstrated excellent discrimination
through external validation with a c-statistic of 0.856
for the female model and 0.846 for the male model. We
also examined subgroup calibration, which shows robust
performance across different population characteristics.
Using only self-reported survey data, PreMPoRT achieved
the strongest discrimination and calibration of existing
prediction models for premature mortality to date.

Implications for policy and practice

Premature mortality is an important health outcome
that is frequently reported on through monitoring and
surveillance initiatives to determine overall population
health and to assess health system functioning.' The use
of prediction models in applied public health settings
is becoming more commonplace.” Prediction models
may be used to identify individuals at high risk and are
an important evidence-based planning tool to support
targeted public health interventions.”” This prediction
model provides public health decision-makers with a tool
to estimate individual risk of premature mortality using
widely available population-based survey data.

Given that most premature deaths are preventable
through targeted policy, intervention or treatment, this
model may be used to deliver targeted or population-
wide interventions to reduce premature mortality.
Understanding the future distribution of risk and inci-
dence of premature morality is important information
for individuals working in both public health and health-
care. Collectively, those working in our health system play
an important role in the prevention and management of
chronic diseases and overall patient care, which impacts
premature mortality rates. Interventions for those at high
risk of premature mortality may span across the health
system and could include navigation support for mental
health and substance use services or health promotion
strategies to encourage physical activity or smoking cessa-
tion.”® Population-level public health interventions may
include educational strategies to promote vaccine confi-
dence and uptake or adaptation to the built environment
to prevent pedestrian and cyclist injuries.”* * At present,
several other prediction models developed by our team
are in use across local public health departments.”*!
Decision-makers report using these prediction models to
understand the future risk of a specific health outcome
and the distribution of risk within their community. The
output of risk prediction models like the one described
here is frequently used to support evidence-based plan-
ning and building a case for policy change or funding of
public health programmes.

CONCLUSIONS

This study presents the development and validation of
a novel population model for premature mortality. The
model is designed to use routinely collected population-
based survey data and can be used to predict the future

incidence of premature mortality among populations
and subgroups. This model can be used to support
population-level planning and interventions, which
consider the distribution of risk in the population to opti-
mise the impact of policies and interventions. We antici-
pate that the model can be tested, validated and updated
in populations locally and worldwide to inform strategies
to reduce premature mortality.

X Laura C Rosella @LauraCRosella
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