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Abstract 

Background: Hypertension is preventable, and existing models predicting hypertension lack use 

for individual and population health planning. 

Methods: The Hypertension Population Risk Tool (HTNPoRT) was derived from 19,643 adult 

respondents in the Canadian Health Measures Survey. Sex-specific logistic regression models 

predicting hypertension presence were developed using 16 predictors: 4 sociodemographics, 3 

psychosocial measures, 2 health status indicators, 5 health behaviours, and 2 chronic conditions.  

Results: The final HTNPoRT models were discriminating (c-statistic, men: 0.86; women: 0.88), 

and well-calibrated in the overall population (observed v. predicted relative difference, men: 

1.02%; women: 1.41%) and nearly all equity-relevant subgroups (179 out of 181). Age, diabetes, 

and body mass index were most influential predictors of hypertension seen on SHAP-derived 

risk profiles, while predictability of adiposity measures differed across sex. 

Conclusions: The public and health policymakers can use the models and risk profiles of 

HTNPoRT to support planning and decision-making on addressing the hypertension burden. 
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Chapter 1 - Introduction 

1.1. Background 

Hypertension affects about 1 in 4 Canadians and is the world’s leading risk factor for preventable 

cardiovascular disease and all-cause mortality (1, 2). In 2019, hypertension accounted for around 

10.8 million deaths worldwide and was found to be the leading cause of attributable disability-

adjusted life-years in those aged 50 and over (2). Hypertension prevention is considered a major 

public health concern (3). However, over the past decades, reducing the burden of high blood 

pressure has focused mainly on screening, treating, and controlling hypertension; less on 

preventing hypertension or addressing any of its modifiable risk factors. Hypertension has many 

modifiable risk factors, such as physical inactivity, unhealthy diet, obesity, diabetes, and chronic 

kidney disease (1). Studies worldwide have shown an association between a range of these 

modifiable risk factors and an increase in blood pressure or the prevalence of hypertension (4). 

Managing these risk factors through maintaining healthy lifestyles can help offset genetic 

predispositions to hypertension, while community-based interventions can lower blood pressure 

in the population (5, 6). Hypertension awareness, treatment, and control rates are usually lower 

overall in younger individuals, a population in which preventative strategies could prove most 

effective (7, 8). The effect of the ageing population and worsening obesity on the burden of 

hypertension warrants better understanding of risk factors for hypertension, since there are still 

gaps in knowledge in risk factor dose-responses and risk factor interactions (i.e., if certain risk 

factor associations attenuate at older ages), both of which can inform hypertension prevention.  

Diagnostic models predicting hypertension can guide decision-making on preventing 

hypertension by supporting the identification of high-risk subpopulations and informing the 
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evaluation and design of preventive interventions tailored to population needs (9). Preferably, 

diagnostic model output should be transparent and understandable by informing what risk factors 

or predictors contribute to its calculation. Diagnostic models can better support assessment of 

preventive interventions when they incorporate information relating to a person or population’s 

risk profile. A risk profile refers to the cumulative assessment of an individual’s exposure to 

multiple risk factors that can be altered through lifestyle changes or medical interventions (10). It 

encompasses quantifying and characterizing various behavioral, physiological, and biochemical 

factors that contribute to the probability of a specific health condition or outcome (11, 12). 

Reporting predictors that influence a risk prediction gives diagnostic calculations transparency 

on how it was specifically calculated, and which predictors are more important in its calculation. 

Separately, people who have an unhealthy risk profile (i.e., exposures to risk where there is 

evidence of reversible risk) can use their profile to estimate the potential benefit of preventive 

interventions, such as adhering to the Dietary Approaches to Stop Hypertension (DASH) diet 

known to significantly reduce blood pressure and the risk of hypertension in intervention trials 

(4). This process, outside the scope of this study, involves combining risk estimates with the 

relative benefit of interventions, as ascertained from separate intervention studies. 

1.2. Rationale 

A simple online tool with a diagnostic model predicting the probability of hypertension presence 

and providing risk profiles can help improve engagement with the public in understanding their 

risk of hypertension and getting their blood pressure checked to potentially help improve overall 

health. However, there is a lack of these readily available hypertension prevention tools for 

individuals and population health planners.  
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Most existing models predicting hypertension are designed for clinical settings, but neither for 

the purpose of population health planning nor for the purpose of providing individuals simple 

lifestyle advice. Models fulfilling these purposes must have predictors which are available to the 

public, representative of the population, and regularly collected to update estimates if needed. 

Additionally, these models must also be developed from large representative datasets and have a 

variety of sociodemographics as predictors to facilitate risk assessment and equity evaluation 

across important subpopulations such as age, ethnicity, and education. Furthermore, including 

modifiable risk factors as predictors allows for the evaluation of preventative strategies. Most 

existing hypertension prediction models include predictors which are not ideal for population 

health planning and difficult to collect from individuals wanting simple lifestyle advice. These 

include models which have genetic factors (13–17), biomarkers (18–21), and clinically obtained 

measures (like blood pressure itself) (15–23) as predictors. Moreover, many existing prediction 

models are developed from people of only one ethnicity (17, 24–26) and there has been no model 

developed to predict hypertension which is representative of the Canadian population (8, 27). 

Therefore, a diagnostic model with easy-to-collect and modifiable risk factors as predictors (with 

dose-responses and interactions pre-specified), and derived from multiethnic population-based 

survey data, can form the basis of tools which can readily predict and understand hypertension 

risk at individual or population levels, helping reduce the burden of hypertension. 

1.3. Objectives 

The overall goal of this study was to use national population data and robust statistical models to 

increase our understanding of hypertension risk factor epidemiology, yield hypertension risk 

profiles which can support the identification of high-risk individuals, and evaluate the relative 
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importance of risk factors, including individual and population attributions to hypertension. Our 

specific objectives were to: 

1. Describe the association between sociodemographic, behavioral and disease risk factors 

and the prevalence of hypertension.  

2. Develop and validate a diagnostic model - the Hypertension Population Risk Tool 

(HTNPoRT) - that can be used by members of the public to predict their probability of 

currently having hypertension, assess their hypertension risk profiles, and identify their 

most influential risk factors for hypertension.  

1.4. Structure of thesis 

This thesis manuscript has four chapters and was written using a thesis by articles format 

following guidelines set by the University of Ottawa. Chapter 1 gives background information on 

the burden of hypertension and the usefulness of diagnostic prediction models and risk profiles in 

addressing such burden, while also providing the rationale and objectives for this study. Chapter 

2 details the methodology and analysis plan required to fulfill the study’s two specific objectives. 

Chapter 3 presents the key findings surrounding the development and validation of HTNPoRT, 

as well as the relationships between HTNPoRT predictors and hypertension. Finally, Chapter 4 

interprets the study's key findings and discusses the potential of HTNPoRT in addressing the 

hypertension burden. 

 

 

 

 

 



5 

 

Chapter 2 - Methods 

2.1. Study design: The planning and implementation of our analyses followed the STROBE 

(Strengthening the Reporting of Observational Studies in Epidemiology) guidelines (28) and the 

TRIPOD-AI (Transparent Reporting of a Multivariable Prediction Model for Individual 

Prognosis or Diagnosis) checklist (29). We used population-based survey data from the Canadian 

Health Measures Survey (CHMS) to develop and validate the sex-specific models for 

HTNPoRT. The statistical approach to developing the model followed recommendations by both 

Steyerberg and Harrell (30, 31).  

The protocol for the development and validation of HTNPoRT was registered and published 

(32). We adhered to the protocol with the following exceptions: the definition of alcohol 

consumption was changed from never, former, light, or moderate-to-heavy drinkers to never, 

low-risk (i.e., former or light), moderate, or heavy drinkers to correctly align with Canada's Low-

Risk Alcohol Drinking Guideline; the variance inflation factor threshold for significant 

collinearity was decreased from 10 to 2.5; bivariable analysis and likelihood ratio tests were not 

performed; knot quantities were validated with partial association χ2 statistics; sensitivity 

analyses were performed to assess if model performance was affected by any missing data, other 

imputed datasets, skewness, possible collinear predictors, linear interactions, unadjusted blood 

pressures, and potential anti-hypertensive medication misclassification; optimism was quantified 

for c-statistics; adjusted odds ratio plots for non-linear predictors and interactions were added to 

convey relationships between predictors and hypertension further; and final model determination 

was based off both model performance and reducing user burdens.  

2.2. Data source:  Data for the study included the first (data collected from March 19, 2007 to 

February 25, 2009), second (August 27, 2009 to November 30, 2011), third (January 5, 2012 to 
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December 13, 2013), fourth (January 7, 2014 to December 16, 2015), fifth (January 19, 2016 to 

December 19, 2017) and sixth (January 3, 2018 to December 19, 2019) cycles of the Canadian 

Health Measures Survey (CHMS) conducted by Statistics Canada.  

The CHMS is a cross-sectional survey that collects questionnaire and directly measured health 

information from community-dwelling individuals aged 3 to 79 living in the 10 provinces. 

People living in the three territories or on reserves and settlements in the provinces, the 

institutionalized population, residents of certain remote regions, and full-time Canadian Forces 

members are excluded (about 4% of the Canadian population). The CHMS involves an in-person 

household interview and a subsequent visit to a mobile examination centre (MEC), while using a 

stratified three-stage sample made up of one or two randomly selected respondents from each 

dwelling selected in a sampled collection site. The household interview gathers general 

demographic and socioeconomic data and detailed health, nutrition, and lifestyle information. At 

the MEC, direct physical measurements are taken, including collection of blood and urine 

samples, as well as blood pressure which was used to derive hypertension. Information about 

medication use is obtained in the household interview and at the MEC. CHMS participants 

receive an accelerometer to wear for one week to monitor activity levels (33). This made the 

CHMS a robust database (with diverse primary data on several risk factors and blood pressure) 

for developing and validating a hypertension diagnostic model which was representative of the 

Canadian population.  

Authorized investigation team members had access to the deidentified, electronic CHMS data on 

restricted hard drives at the University of Ottawa’s Research Data Centre (RDC) managed by 

Statistics Canada. Details regarding data access are available in Appendix 2. 
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2.3. Participants: The population under study was community-dwelling adult Canadians aged 

between 20 and 79 in the first six cycles of the Canadian Health Measures Survey (CHMS). 

Respondents were excluded if they were under 20 or over 79, pregnant at the time of the CHMS 

interview, or had missing values for the outcome.  

2.4. Outcome: Systolic blood pressure (SBP) and diastolic blood pressure (DBP) were both 

measured with the BpTRUTM BPM-300 device (BpTRU Medical Devices Ltd., Coquitlam, 

British Columbia) at the MEC. The BpTRUTM is an automated electronic monitor that has been 

validated and recommended for use by Hypertension Canada (34, 35). Although BpTRUTM 

SBP and DBP readings are slightly lower than conventional manual blood pressure readings, the 

BpTRUTM readings may estimate blood pressure status more accurately (36). Following a five-

minute rest period, six measurements were taken at one-minute intervals for each participant 

while unattended, and the last five measurements were averaged together to determine the 

average SBP and DBP levels (37). The average blood pressure readings were then adjusted using 

the following correction factors to approximate manual sphygmomanometer readings, as is 

standard for CHMS analyses estimating hypertension prevalence: adjusted SBP = 11.4 + (0.93 * 

SBP) and adjusted DBP = 15.6 + (0.83 * DBP) (1, 36).   

Presence of hypertension was the outcome for this study and was derived from blood pressure 

readings and antihypertensive medication status. Respondents were considered hypertensive if 

their mean adjusted SBP was 140 mm Hg or higher or mean adjusted DBP was 90 mm Hg or 

higher, or if they had been taking a medication to treat hypertension in the month before the 

measurement being taken. Respondents with diabetes or chronic kidney disease were considered 

hypertensive if their mean adjusted SBP was 130 mm Hg or higher or mean adjusted DBP was 
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80 mm Hg or higher, or if they had been taking a medication to treat hypertension in the month 

before the measurement being taken. Respondents with hypertension were considered controlled 

if their mean adjusted SBP and DBP were lower than the respective cut-offs while taking a 

medication to treat hypertension in the month before the measurement being taken.  

2.5. Measures: Candidate predictor variables were identified from existing literature on 

hypertension risk factors and from recommendations from knowledge users in clinical 

hypertension and public health. A total of 17 risk factors were selected as candidate variables, 

including four sociodemographic variables (age, marital status, education, and working status), 

three psychosocial measures (mental health, stress, and community belonging), three health 

status variables (hypertension family history, body mass index, and waist-to-height ratio), five 

health behaviours (alcohol consumption, cigarette smoking, physical activity, fruit and vegetable 

consumption, and sleep duration), and two chronic condition variables (diabetes and chronic 

kidney disease). Only variables present in at least four out of the six cycles in the CHMS were 

selected as predictor variables for HTNPoRT, given that hypertension family history and sleep 

duration are candidate predictor variables not asked in the last two cycles. Variables with small 

differences in ascertainment or measurement were harmonized across all six cycles. Like the 

definition of hypertension, the following definitions of the aforementioned risk factors serving as 

predictor variables followed previously published studies which used the CHMS (1, 38). 

2.5.1. Sociodemographic measures. Sex at birth was defined as “male” or “female”. Age was 

defined as years at MEC visit. Highest education level was classified as “less than secondary 

school graduation”, “secondary school graduation”, or “post-secondary graduation”. Marital 

status was defined as “married or common-law”, “widowed, separated, or divorced”, or “single 
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and never married”. Working status was based on respondents’ answers to the question of 

whether they were employed as of the previous week. 

2.5.2. Psychosocial measures. Psychosocial measures included respondents’ self-rated mental 

health, self-perceived stress, and sense of belonging to the community, each encoded on an 

ordinal scale. 

2.5.3. Health status measures. Family history for hypertension was defined as if respondents 

ever had an immediate family member with hypertension (excluding during pregnancy). Body 

mass index was measured in kg/m2 upon dividing weight by height squared, while waist-to-

height ratio was displayed as a percentage upon dividing waist circumference by height. 

2.5.4. Health behaviours. Alcohol consumption was defined as whether respondents were either 

never, low-risk (i.e., former or light), moderate, or heavy drinkers according to Canada's Low-

Risk Alcohol Drinking Guideline. Smoking was defined as whether respondents were current 

smokers, former smokers, or never smokers. Average moderate-to-vigorous physical activity 

(MVPA) minutes per week were computed from week-long accelerometer data containing at 

least one day of valid data (see Appendix 2 for further details). Fruit and vegetable consumption 

was derived as the sum of frequency of daily consumption of select fruit, fruit juices, tomatoes, 

potatoes, greens, collards, and others (1). Sleep duration was defined as hours of sleep per night.  

2.5.5. Chronic conditions. Diabetes was defined as having a positive self-report, having a level 

of serum glycated hemoglobin A1c of 6.5% or higher, or having taken a glucose-lowering 

medication in the month before the survey. Chronic kidney disease was defined as having an 

estimated glomerular filtration rate less than 60 mL/min/1.73 m3 (1). 
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2.5.6. Medication use. Current medications were recorded during the household and clinic 

interviews, and these were assigned to codes from the Anatomical Therapeutic Chemical (ATC) 

classification system, corresponding to beta blockers, agents acting on the renin-angiotensin 

system, thiazide diuretics, calcium channel antagonists, other antihypertensive agents, as well as 

glucose-lowering medications (38). 

2.6. Sample size: Statistics Canada recommends calculations for power of observational studies, 

given that the CHMS is highly clustered. In every cycle, a random sample of individuals of all 

ages are chosen from 16-18 collection sites which themselves are sampled from 5 regions. With 

the collection sites serving as the primary sampling units and the regions as the strata, the 

degrees of freedom for each cycle are computed as the number of primary sampling units minus 

the number of strata, giving 11 degrees of freedom per each cycle (cycle 2 has 13 degrees of 

freedom due to 18 collection sites). Therefore, there is a maximum of 68 degrees of freedom 

available for estimating regression model parameters at the national level when all six cycles of 

the CHMS are combined. Following Statistics Canada recommendations, we limited our pre-

specifications and the number of parameters to the maximum degrees of freedom minus 1 (i.e., 

67) as 1 degree of freedom is reserved for estimating the intercept. 

To increase the sample size and thus, the likelihood of developing a robust prediction model, the 

six cycles of the CHMS were combined. The minimum sample size for developing the models 

was calculated with the approach by Riley et al. which considers factors such as the proportion 

of the outcome in the study population and the anticipated predictive performance of the model 

(39, 40). Using this approach, the minimum sample size needed to develop each sex-specific 

model was 3,139 with 823 events per model, assuming the maximum 67 predictor parameters 

(arising from 17 candidate predictors and their pre-specified interactions), an outcome proportion 
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of 26.2% in the study population, a shrinkage factor of 0.90, and a minimum c-statistic of 0.77 

from a previous hypertension model in Canada (8). Upon deriving the study population, a total 

sample size of 19,643 respondents (9,633 males and 10,010 females) was obtained, with 5,152 of 

those respondents (2,681 males and 2,471 females) having hypertension. Therefore, the 

minimum estimates were surpassed, yielding a sufficient sample size for the proposed analyses.  

2.7. Analysis plan: The analytic plan was developed following the guidelines for clinical models 

by Steyerberg and Harrell (30, 31). This plan was constructed after accessing study data but 

before evaluation of descriptive statistics and any model fitting. Important considerations that 

informed the analytic approach included full pre-specification of predictors, implementation of 

flexible functions for certain continuous variables, and use of survey weights for variance 

estimation and population inferences. All analyses were stratified by sex and thus sex-specific 

models for HTNPoRT were developed and validated given sex differences in hypertension risk 

(1). Including sex interactions with all the predictors would have rendered the model 

overcomplex and have surpassed the maximum 68 degrees of freedom available for estimating 

regression model parameters in the sample, which already provided a wealth of data for 

conducting simpler analyses.  

2.7.1. Data imputation and cleaning  

All independent variables with missing data were imputed once to create one imputed dataset, 

using a model derived from the multiple imputation using chained equations (MICE) method 

(41). The imputation model included the study outcome, all predictor variables in their pre-

specified form, and the cycle of the CHMS. Respondents with missing outcome values were 

excluded from the study. Variables missing from more than two cycles of the CHMS were not 

included. Only one imputed dataset was generated from one imputation since the sample was 
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large with mostly low missingness and no differences in model performance were expected when 

deriving the models from other imputed datasets generated with the same imputation model. 

Continuous variables with skewed variation were truncated to the 99.5th percentile. Variance 

inflation factors (VIFs) were used to assess any multicollinearity between predictors prior to any 

analyses, with waist-to-height ratio to be eliminated if it was significantly collinear with body 

mass index (VIF > 2.5). Sensitivity analyses were later performed to assess if model performance 

was affected by either dropping missing data, using four other imputed datasets generated with 

the same imputation model, leaving skewness, or if necessary, re-including waist-to-height ratio 

and its pre-specified interactions with age and body mass index. Sensitivity analyses were also 

performed to assess how both model performance and cumulative predicted probabilities were 

affected by deriving hypertension with unadjusted blood pressures and by excluding respondents 

qualifying for hypertension on medications alone (i.e., with controlled hypertension). 

2.7.2. Descriptive analyses  

Frequency distributions were reported for categorical risk factors, while descriptive statistics 

(e.g., median and interquartile ranges, as well as density plots) were reported for continuous risk 

factors before and after the imputation of missing data, but all prior to truncation. 

2.7.3. Model estimation 

The relationship between the candidate risk factors and hypertension in each sex stratum was 

examined using multiple logistic regression, which incorporated the two-way interactions 

between age and clinically relevant variables identified in the literature, as well as, if necessary, 

an identified interaction between body mass index and waist-to-height ratio. The initial models 
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were fitted using the pre-specified form for each chosen predictor and any specified interactions, 

presented in Table 1, for a total of 68 degrees of freedom including the intercept.  

Continuous measures were modelled using restricted cubic splines if they were known to have a 

non-linear dose-response relation with hypertension in existing literature. Knots for restricted 

cubic splines were placed at fixed quantiles of the distribution, specifically the 5th, 35th, 65th, and 

95th percentiles for age (with 4 knots and thus the most degrees of freedom allocation as biggest 

risk factor), and the 10th, 50th, and 90th percentiles for other transformed measures (with 3 knots 

being adequate to capture their associations). Continuous measures which were not modelled 

with splines were specified as linear terms instead and were assessed for any departures from 

linearity. If any such measure demonstrated departure, they were to be log-transformed. Partial 

association χ2 statistics were used to validate the degree of freedom allocations of continuous 

predictors, with the linear predictors having 3 knots in this step and other predictors retaining 

their initial pre-specification. Interactions between spline terms were allowed, with another 

sensitivity analysis being performed to assess whether model performance was affected by using 

linear interactions. All measures were centered on their weighted means before modelling, while 

combined survey and bootstrap weights for the six cycles were incorporated into the models. 

2.7.4. Model specification 

Flexible modeling of chosen continuous predictors used restricted cubic splines and employed 

piecewise cubic functions smoothed at aforementioned knot placements at fixed quantiles of the 

distribution to ensure tail stability (31). Approximating the full model with a reduced model 

employed the stepdown approach described by Harrell and Ambler (31, 42). Predictors and 

interactions which contributed the least to each model’s R2 were dropped sequentially from each 
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respective model until removing the next predictor or interaction decreased the R2 to less than 

95% of the initial model’s R2. 

2.7.5. Model validation  

To compare between the full and reduced models for each sex, the models were validated with 

the internal bootstrap approach. The models were refitted and evaluated on 1,000 bootstrap 

samples, each randomly drawn with replacement from the original sample they were derived on. 

The models were validated within their original derivation sample as well. 

2.7.6. Assessment of model performance  

Assessment of overall model performance across the derivation and the bootstrap samples was 

detailed, focusing on measures of predictive accuracy, discrimination, and calibration. Predictive 

accuracy was gauged by Nagelkerke’s R² and the Brier score, reflecting the proportion of 

variance explained by predictive variables and the accuracy of predicted probabilities computed 

by R language, respectively (43). Discrimination, or the model’s ability to distinguish between 

those who have the outcome and those who do not, was appraised via a concordance statistic (c-

statistic) and its 95% confidence interval from a receiver operating characteristic (ROC) curve 

plotting the sensitivity against the false-positive rate (1 – specificity) for a range of thresholds of 

the predicted probability (31, 43). Optimism for the c-statistic was quantified using the 1,000 

bootstrap samples of internal validation (31). Discrimination was also appraised by comparing 

the 90:10 and 95:5 predicted probability ratios, which are the predicted probabilities at the 90th 

and 95th percentiles divided by those at the 10th and 5th percentiles, respectively. The ratios 

show the spread of predicted risk, with higher ratios indicating more a discriminating model. 
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Calibration, or the agreement between observed and predicted estimates, was assessed in four 

ways. First, by comparing overall observed and predicted hypertension probability (calibration-

on-the-whole). Second, through calibration slopes, derived by regressing the outcome on 

predicted probability. A calibration slope of 1 indicates perfect calibration, verified using the 

Wald test. Third, through visual inspection of a calibration plot that is fitted with Local 

Estimated Scatterplot Smoothing (LOESS) (44). Fourth, to ensure model fairness, calibration 

was assessed across different subgroups of importance to clinicians and policy makers (e.g., age 

group, sociodemographic groups, health behaviours). Such subgroups included most of the 

predictor variables for the model (Table 1), as well as additional variables and alternate 

derivations of predictor variables. The clinically relevant standard of calibration was defined as a 

less than 20% difference between observed and predicted estimates within subgroups having a 

hypertension prevalence of at least 5%. Centering variables around their means will facilitate 

recalibration in new populations.  

2.7.7.  Model presentation 

Our planned knowledge translation approach aligns with the Population Health Planning 

Knowledge-to-Action Model (45), previously devised and assessed by our team (46). Following 

model validation and performance assessment, all sex-specific logistic models were presented 

using beta coefficients, as well as odds ratios and their corresponding 95% confidence intervals 

adjusted with SHapley Additive exPlanation (SHAP) for the full models only. SHAP-adjusted 

odds ratios quantified the average model-estimated effect of being in a given risk category 

compared to the respective reference category. These were calculated by exponentiating the 

difference between the mean SHAP value (coded as log odds in this step) for the risk category 

and the mean SHAP value for the reference category (47). SHAP values reflect each risk factor 
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variable’s contribution to individual predictions in an additive, localized manner and inherently 

account for complex non-linearities and interactions within the model, providing a more nuanced 

representation of variable importance (48). SHAP plots were used to show the ranked importance 

of risk factors increasing and decreasing the value of the predicted probability for a given 

individual using one of the models. In addition, partial effects plots, as well as model-adjusted 

odds ratio plots for non-linear predictors and interactions, were employed to help convey the 

relationships between all predictors and outcomes clearly, enhancing interpretability for the 

general audience and decision-makers. To enhance accessibility to HTNPoRT models, we will 

render them executable via an interactive Excel calculator (see here) and later a web application 

offering a user-friendly, point-and-click approach for wide use.  

Sex-specific weighted means will be used to predict current hypertension probability if users do 

not know information for such risk factors or leave such information incomplete. Users can 

change their risk factor values to their own reference values to see their difference in predicted 

hypertension probability. The predicted hypertension probability at present time, the SHAP plot, 

and the feature modification (once HTNPoRT is rendered executable online) will comprise the 

hypertension risk profile for users. 

 

 

 

 

https://osf.io/bgmcr
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Chapter 3 - Results 

Table 1. Predictor variables for the Hypertension Population Risk Tool (HTNPoRT) 

Variable Scale Initial variable specification Variable form,  

full model1 

Variable form, 

reduced model2 

Sociodemographic measures  

Sex Categorical Stratified: 

– Male 

– Female 

N/A N/A 

Age Continuous 4-knot restricted cubic spline: 

– 20-79 years 

Unchanged Unchanged 

Marital status Categorical 3 categories:  

– Married or common-law 

– Widowed, separated, or 

divorced 

– Single and never married 

Unchanged Excluded 

Highest 

education level 

Categorical 3 categories:  

– Less than secondary school 

graduation 

– Secondary school graduation 

– Post-secondary school 

graduation 

Unchanged Excluded 

Working status Categorical 2 categories:  

– Has a job 

– Does not have a job 

Unchanged Excluded 

Psychosocial measures  

Self-rated mental 

health 

Categorical 2 categories:  

– Poor or fair 

– Good, very good, or 

excellent  

Unchanged Excluded 

Self-perceived 

stress 

Categorical 2 categories:  

– Not at all to a bit 

– Quite a bit or extremely 

Unchanged Excluded 

Sense of 

belonging§ 

Categorical 2 categories:  

– Strong 

– Weak 

Unchanged Excluded 

Health status measures  

Hypertension 

family history 

Categorical 2 categories:  

– Yes 

– No 

Unchanged Unchanged 

Body mass 

index§ 

Continuous 3-knot restricted cubic spline: 

–  13.83-56.77 kg/m2 

3-knot restricted 

cubic spline: 

–  13.83-49.00 

kg/m2 (truncated) 

Unchanged 
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Waist-to-height 

ratio§ 

Continuous 3-knot restricted cubic spline: 

– 25.5-108.6% 

Excluded (collinear) N/A3 

Health behaviours   

Alcohol 

consumption 

Categorical 4 categories:  

– Never drank 

– Low-risk drinker 

– Moderate drinker 

– Heavy drinker 

Unchanged Excluded 

Smoking status§ Categorical 3 categories:  

– Current smoker 

– Former smoker 

– Never smoker 

Unchanged Excluded 

Physical activity 

minutes§  

Continuous 3-knot restricted cubic spline: 

– 0-2,004 minutes per week  

3-knot restricted 

cubic spline: 

– 0-792 minutes per 

week (truncated) 

Excluded 

Daily fruit and 

vegetable 

consumption 

Continuous Linear: 

–  0-19 times per day 

Linear: 

–  0-10 times per 

day (truncated) 

Excluded 

Sleep duration§ Continuous Linear: 

–  0-18 hours per night 

Unchanged Excluded 

Chronic conditions  

Diabetes§ Categorical 2 categories:  

– Yes 

– No 

Unchanged Unchanged 

Chronic kidney 

disease§ 

Categorical 2 categories:  

– Yes 

– No 

Unchanged Excluded 

1 56 degrees of freedom (including intercept) 

2 17 degrees of freedom (including intercept) 

3 When not excluded due to collinearity, waist-to-height ratio and its age interaction replace body 

mass index and its age interaction in only the male reduced model after stepdown 

§ Age interaction included 

 

3.1. Participants 

Upon deriving the study population, a total sample size of 19,643 respondents (9,633 males and 

10,010 females) was obtained, with 5,152 of those respondents (2,681 males and 2,471 females) 

having hypertension and a near even split between respondents with controlled and uncontrolled 

hypertension. The crude weighted prevalence of hypertension in the population was 25% among 
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men and 22% among women. Median age among men was 46 years (interquartile range (IQR): 

33-58) and among women was 47 years (IQR: 34-59). Weighted characteristics of the study 

populations are presented in Table 2, with raw information about missingness available in 

Appendix 3. Density plots for continuous variables are available in Appendix 4. Hypertension 

family history and sleep duration had the most missing data (30-38%) as they were not collected 

in all six cycles of the CHMS. Meanwhile, most other predictors had less than 2% missing data, 

while physical activity minutes and diabetes had between 6-11% missing data (Appendix 3).  

Table 2. Weighted characteristics of the study populations for HTNPoRT 

 Male1 Female1 

Overall  

Total 9,633 10,010 

Hypertensive 2,681 (25%) 2,471 (22%) 

– Uncontrolled 1,300 (12%) 1,238 (11%) 

– Controlled 1,381 (13%) 1,233 (11%) 

Sociodemographic measures  

Age (years) 46 (33, 58) 47 (34, 59) 

Marital status  

– Married or common-law 6,904 (67%) 6,069 (64%) 

– Widowed, separated, or divorced 1,083 (8.6%) 2,211 (15%) 

– Single and never married 1,646 (25%) 1,730 (21%) 

Highest education level  

– Less than secondary school graduation 1,138 (13%) 1,155 (10%) 

– Secondary school graduation 1,713 (22%) 1,805 (19%) 

– Post-secondary school graduation 6,782 (66%) 7,050 (71%) 

Working status  

– Has a job 6,836 (74%) 5,907 (65%) 

– Does not have a job 2,797 (26%) 4,103 (35%) 

Psychological measures  

Self-rated mental health  

– Poor or fair  570 (6.7%) 794 (8.9%) 

– Good, very good, or excellent 9,063 (93%) 9,216 (91%) 

Self-perceived stress  

– Not at all to a bit 7,617 (77%) 7,593 (74%) 

– Quite a bit or extremely 2,016 (23%) 2,417 (26%) 

Sense of belonging  

– Strong 6,395 (65%) 6,940 (66%) 
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– Weak 3,238 (35%) 3,070 (34%) 

Health status measures  

Hypertension family history  

– Yes 4,795 (52%) 5,485 (57%) 

– No 4,838 (48%) 4,525 (43%) 

Body mass index (kg/m2) 27.0 (24.2, 30.3) 25.8 (22.5, 30.2) 

Health behaviours   

Alcohol consumption  

– Never drank 918 (10%) 1,777 (18%) 

– Low-risk drinker 7,638 (78%) 7,557 (75%) 

– Moderate drinker 431 (4.6%) 408 (3.9%) 

– Heavy drinker 646 (7.2%) 268 (3.2%) 

Smoking status  

– Current smoker 1,949 (23%) 1,662 (17%) 

– Former smoker 3,326 (31%) 2,881 (27%) 

– Never smoker 4,358 (46%) 5,467 (56%) 

Physical activity minutes (minutes/week) 106 (41, 216) 86 (28, 182) 

Daily fruit and vegetable consumption 

(times consumed/day) 

3.00 (2.09, 4.14) 3.52 (2.51, 4.64) 

Sleep duration (hours/night) 7.00 (6.00, 8.00) 7.00 (6.00, 8.00) 

Chronic conditions  

Diabetes  

– Yes 1,099 (10%) 831 (7.3%) 

– No 8,534 (90%) 9,179 (93%) 

Chronic kidney disease  

– Yes 525 (4.5%) 723 (5.8%) 

– No 9,108 (96%) 9,287 (94%) 
1 Median (Q1, Q3); n (unweighted counts) (weighted %) 

3.2. Model development and specification 

Predictor variables for the full and reduced models are shown in Table 1. The male and female 

full models have 56 degrees of freedom with 16 predictors (5 continuous) and 7 age interactions 

(Table 1). The final male and female reduced models have 17 degrees of freedom with 4 

predictors (2 continuous) and 2 age interactions. Continuous predictors modelled as linear terms 

do not depart from linearity and as splines, had significantly lower partial association χ2 statistics 

than ones originally pre-specified with splines; such statistics (age having the highest) thus 

justified the initial degree of freedom allocations for continuous predictors. Meanwhile, waist-to-
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height ratio was excluded due to being significantly collinear with body mass index (VIF > 2.5) 

(Appendix 5). Beta coefficients for the full and reduced models are available in Appendix 6.  

3.3. Model performance 

Table 3 presents a summary of indicators of model performance. Both the full male and female 

models are discriminating, indicating excellent ability to separate those who have hypertension 

and those who do not (male c-statistic: 0.87, 95% confidence interval (CI): 0.86-0.87; female c-

statistic: 0.88, 95% CI: 0.87-0.89 across derivation and bootstrap samples). C-statistics were 

unchanged upon optimism correction. Also, predicted probabilities of hypertension at present 

time closely approximate observed proportions of hypertension within the overall population 

(observed v. predicted relative difference across the derivation sample, 1.94% in men and 1.20% 

in women; observed v. predicted relative difference across bootstrap samples, 2.09% in men and 

1.15% in women). Figure 1 presents the calibration plots of the observed proportions regressed 

on the full models’ predicted probabilities for both men and women. Calibration slopes closely 

approximate 1 (0.91 in men and 0.93 in women across the derivation sample, and 0.95 in men 

and 0.97 in women across bootstrap samples).  

Among men, the full model was well-calibrated in all 91 predefined equity-relevant subgroups as 

there was no more than a 20% difference between observed and predicted estimates within all 

eligible subgroups where at least 5% of individuals were hypertensive. Likewise, among women, 

the full model was well-calibrated in all 90 predefined equity-relevant subgroups (Appendix 7). 

Figure 2 shows the calibration assessment of the full models across age in men and women, with 

the models being well-calibrated across all eligible age subgroups. The calibration assessment of 

the full models for the rest of the equity-relevant subgroups can be found in Appendix 7. 
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Table 3. Goodness of fit summary statistics for HTNPoRT in full and reduced models 

across the derivation and bootstrap samples 

 Derivation sample Bootstrap samples 

Full model Reduced model Full model Reduced model 

Male model  

Discrimination  

c-statistic (95% CI)1 0.87 (0.86-0.87) 0.86 (0.85-0.87) 0.87 (0.86-0.87) 0.86 (0.85-0.87) 

90:10 predicted 

probability ratio2 

68.9 45.2 94.2 52.7 

95:5 predicted 

probability ratio2 

221.3 121.7 445.8 180.8 

Calibration  

Observed v. 

predicted 

1.94% 0.90% 2.09% 1.02% 

Calibration slope 0.91 0.98 0.95 0.98 

Overall 

performance 

 

Brier score 0.129 0.131 0.129 0.131 

Nagelkerke’s R² 0.458 0.449 0.474 0.452 

Female model  

Discrimination  

c-statistic (95% CI) 1 0.88 (0.87-0.89) 0.88 (0.87-0.88) 0.88 (0.87-0.89) 0.88 (0.87-0.88) 

90:10 predicted 

probability ratio2 

95.7 81.7 154.3 97.6 

95:5 predicted 

probability ratio2 

256.8 208.3 714.5 310.6 

Calibration  

Observed v. 

predicted 

1.20% 1.52% 1.15% 1.41% 

Calibration slope 0.93 0.95 0.97 0.99 

Overall 

performance 

 

Brier score 0.114 0.116 0.114 0.116 

Nagelkerke’s R² 0.485 0.474 0.500 0.480 
1 c-statistics unchanged upon optimism correction 

2 The 90:10 and 95:5 predicted probability ratios show the spread of the predicted risk, with 

higher ratios indicating a more discriminating model. A 95:5 predicted probability ratio of 20 

indicates that the predicted probability of hypertension is 20 times higher for a person in the 95th 

percentile of risk than for a person in the 5th percentile of risk. 
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Figure 1. Calibration plots for full models; predicted hypertension probability versus 

observed hypertension proportion in men (top) and women (bottom) 
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Figure 2. Calibration assessment of full models across age in men (top) and women 

(bottom); X is excluded subgroup with observed estimate less than 5% while * is subgroup 

with difference between observed and predicted estimates over 20% 
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In the reduced models, overall discriminative performance was similar in men (c-statistic: 0.86, 

95% CI: 0.85-0.87) and women (c-statistic: 0.88, 95% CI: 0.87-0.88) across the derivation and 

bootstrap samples, with c-statistics remaining unchanged after optimism correction. As expected, 

the 90:10 and 95:5 predicted probability ratios degraded from full to reduced models in both men 

and women, demonstrating that the difference between individuals in the highest risk percentiles 

and those in the lowest risk percentiles shrunk slightly with the reduced models. As also seen 

commonly with model reduction, calibration slopes improved in both men (0.98 across 

derivation and bootstrap samples) and women (0.95 across the derivation sample and 0.99 across 

bootstrap samples). Meanwhile, predicted probabilities more closely approximated observed 

proportions in men yet less so in women (observed v. predicted relative difference across the 

derivation sample, 0.90% in men and 1.52% in women; observed v. predicted relative difference 

across bootstrap samples, 1.02% in men and 1.41% in women) (Table 3). Figure 3 presents the 

calibration plots of the observed proportions regressed on the reduced models’ predicted 

probabilities for both men and women.  

Calibration across equity-relevant subgroups degraded in men only. The difference between 

observed proportions and predicted probabilities for the reduced models was greater than the 

predefined difference of 20% for men with chronic kidney disease and men who are heavy 

alcohol drinkers (Appendix 8). Figure 4 shows the calibration assessment of the reduced models 

across chronic kidney disease in men and women, with the models being well-calibrated in all 

but one chronic kidney disease subgroups. The calibration assessment of the reduced models for 

the rest of the equity-relevant subgroups can be found in Appendix 8. 
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Figure 3. Calibration plots for reduced models; predicted hypertension probability versus 

observed hypertension proportion in men (top) and women (bottom) 
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Figure 4. Calibration assessment of reduced models across chronic kidney disease in men 

(top) and women (bottom); * is subgroup with difference between observed and predicted 

estimates over 20% 
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In full models removing respondents with missing data, discriminative performance decreased 

slightly in men (c-statistic: 0.85, 95% CI: 0.83-0.86) and remained consistent in women (c-

statistic: 0.88, 95% CI: 0.87-0.89) when compared to the primary full models, while the 

calibration slope improved in men (0.92) and degraded in women (0.88). In reduced models 

removing respondents with missing data, discriminative performance was identical in both men 

(c-statistic: 0.86, 95% CI: 0.85-0.87) and women (c-statistic: 0.88, 95% CI: 0.87-0.89) when 

compared to the primary reduced models, but the calibration slope degraded slightly in men 

(0.96) and remained consistent in women (0.95). Full and reduced models derived from four 

other imputed datasets, which were generated using the same imputation model, demonstrated 

identical overall discriminative performance and calibration slopes as the primary full and 

reduced models derived from the original imputed dataset. 

In full models with skewed variables remaining untruncated, discriminative performance was 

identical to the primary full models in both men (c-statistic: 0.87, 95% CI: 0.86-0.87) and 

women (c-statistic: 0.88, 95% CI: 0.87-0.89), as were the calibration slopes. In reduced models 

with skewed variables remaining untruncated, discriminative performance was also identical to 

the primary reduced models in both men (c-statistic: 0.86, 95% CI: 0.85-0.87) and women (c-

statistic: 0.88, 95% CI: 0.88-0.89), as were the calibration slopes. This was nearly the case for 

full and reduced models with linear interactions instead of interactions between spline terms, but 

the full model’s calibration slope improved in men (0.93). Meanwhile, in full models with waist-

to-height ratio and both its interactions with age and body mass index re-included, discriminative 

performance was identical to the primary full models without waist-to-height ratio in both men 

(c-statistic: 0.87, 95% CI: 0.86-0.87) and women (c-statistic: 0.88, 95% CI: 0.87-0.89), but the 

calibration slope degraded slightly in both men (0.90) and women (0.92).  
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Upon using unadjusted blood pressures to determine hypertension, 5,033 respondents (2,616 

males and 2,417 females) had hypertension. In full models predicting hypertension presence 

ascertained with unadjusted blood pressures, discriminative performance was similar to the 

primary full models in both men (c-statistic: 0.86, 95% CI: 0.85-0.87) and women (c-statistic: 

0.88, 95% CI: 0.87-0.89), while the calibration slope improved in men (0.92) and remained 

consistent in women (0.93). In reduced models predicting hypertension presence ascertained 

with unadjusted blood pressures, discriminative performance was identical to the primary 

reduced models in both men (c-statistic: 0.86, 95% CI: 0.85-0.87) and women (c-statistic: 0.88, 

95% CI: 0.87-0.88), as were the calibration slopes. Cumulative predicted probability curves for 

models predicting hypertension presence ascertained with both adjusted and unadjusted blood 

pressures were virtually identical and overlapping. 

In full models excluding respondents with controlled hypertension, discriminative performance 

was similar to the primary full models in both men (c-statistic: 0.86, 95% CI: 0.85-0.87) and 

women (c-statistic: 0.89, 95% CI: 0.88-0.90), but the calibration slope degraded slightly in both 

men (0.90) and women (0.91). In reduced models excluding respondents with controlled 

hypertension, discriminative performance decreased slightly in men (c-statistic: 0.85, 95% CI: 

0.84-0.86) and remained consistent in women (c-statistic: 0.88, 95% CI: 0.87-0.89) when 

compared to the primary reduced models, while the calibration slope improved in both men 

(1.01) and women (0.97). As expected, restricting the outcome definition to only uncontrolled 

hypertension reduced the predicted risk distribution, producing a leftward shift in the cumulative 

predicted probability curves as more respondents received lower predicted probabilities from the 

models (Appendix 9). 
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3.4. Associations of model predictors with hypertension 

SHAP-adjusted odds ratios (ORs) obtained from the full models, along with 95% confidence 

intervals (CIs), are available in Table 4 and describe the overall association between model 

predictors and hypertension in the study population while accounting for non-linearities and 

interactions in the model.  

Table 4. SHAP-adjusted odds ratios and 95% confidence intervals obtained from full 

models; association between model predictors and hypertension accounting for non-linear 

effects and interactions 

 Male Female 

OR (95% CI) OR (95% CI) 

Sociodemographic measures  

Age  

– 20-39 years Reference Reference 

– 40-59 years 6.86 (6.28-7.49) 7.95 (7.27-8.69) 

– 60-69 years  23.5 (21.3-25.9) 30.5 (27.6-33.7) 

– 70-79 years 44.7 (39.4-50.8) 57.3 (50.8-64.6) 

Marital status  

– Married or common-law Reference Reference 

– Widowed, separated, or divorced 1.01 (1.01-1.01) 1.02 (1.02-1.02) 

– Single and never married 1.04 (1.04-1.04) 1.11 (1.11-1.11) 

Highest education level  

– Post-secondary school graduation Reference Reference 

– Secondary school graduation 1.04 (1.03-1.04) 1.15 (1.15-1.16) 

– Less than secondary school graduation 1.41 (1.40-1.42) 1.11 (1.11-1.12) 

Working status  

– Has a job Reference Reference 

– Does not have a job 0.87 (0.87-0.88) 1.11 (1.10-1.11) 

Psychological measures  

Self-rated mental health  

– Good, very good, or excellent Reference Reference 

– Poor or fair 0.93 (0.92-0.93) 0.85 (0.84-0.85) 

Self-perceived stress  

– Not at all to a bit Reference Reference 

– Quite a bit or extremely 0.93 (0.93-0.94) 0.98 (0.98-0.98) 

Sense of belonging  

– Strong Reference Reference 

– Weak 1.51 (1.49-1.53) 1.25 (1.25-1.26) 

Health status measures  
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Hypertension family history  

– No Reference Reference 

– Yes 2.25 (2.22-2.29) 2.45 (2.40-2.49) 

Body mass index  

– Neither overweight nor obese (< 25.0 kg/m2) Reference Reference 

– Overweight (25.0 - < 30.0 kg/m2) 1.87 (1.81-1.93) 1.68 (1.64-1.73) 

– Obese (>= 30.0 kg/m2) 3.32 (3.20-3.44) 2.98 (2.89-3.06) 

Health behaviours   

Alcohol consumption  

– Never drank Reference Reference 

– Low-risk drinker 1.20 (1.18-1.23) 0.79 (0.79-0.80) 

– Moderate drinker 1.83 (1.77-1.89) 1.36 (1.34-1.38) 

– Heavy drinker 3.51 (3.40-3.61) 1.44 (1.41-1.47) 

Smoking status  

– Never smoker Reference Reference 

– Former smoker 1.05 (1.04-1.06) 1.10 (1.09-1.11) 

– Current smoker 0.84 (0.83-0.85) 0.86 (0.85-0.87) 

Physical activity minutes   

– 150 minutes/week or more Reference Reference 

– Less than 150 minutes/week 1.24 (1.22-1.26) 1.36 (1.33-1.38) 

Daily fruit and vegetable consumption  

– Consumed 5 times/day or more Reference Reference 

– Consumed less than 5 times/day 1.00 (1.00-1.00) 1.08 (1.08-1.09) 

Sleep duration  

– 7 hours/night or more Reference Reference 

– Less than 7 hours/night 0.92 (0.91-0.93) 0.88 (0.87-0.89) 

Chronic conditions  

Diabetes  

– No Reference Reference 

– Yes 6.15 (5.78-6.55) 4.19 (4.02-4.37) 

Chronic kidney disease  

– No Reference Reference 

– Yes 3.64 (3.46-3.84) 3.44 (3.27-3.62) 

 

It is important to note that with waist-to-height ratio and its interactions still in the model, the 

SHAP-adjusted odds ratios (with the reference being neither overweight nor obese) were 0.95 

(95% CI: 0.93-0.96) for overweight men, 0.88 (95% CI: 0.86-0.90) for obese men, 1.23 (95% CI: 

1.21-1.24) for overweight women, and 2.50 (95% CI: 2.45-2.55) for obese women. Meanwhile, 

the SHAP-adjusted odds ratios (with the reference having a healthy waist circumference below 
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50%) were 3.16 (95% CI: 3.09-3.23) for men with a waist-to-height ratio of at least 50% but 

below 60%, 6.24 (95% CI; 6.04-6.44) for men with a waist-to-height ratio of at least 60%, 1.92 

(95% CI; 1.88-1.97) for women with a waist-to-height ratio of at least 50% but below 60%, and 

1.76 (95% CI: 1.72-1.81) for women with a waist-to-height ratio of at least 60%. 

Relationships between predictors and hypertension have been visualized on partial effects plots 

available in Appendix 10, as well as on model-adjusted odds ratio plots of non-linear predictors 

and interactions available in Appendix 11. Figure 5 specifically is the first two plots of Appendix 

11, in which the odds of hypertension from being a given age (compared to being 20 years old) 

steeply increase with age to almost 1,000 by age 79. The next four plots of Appendix 11 show 

the odds ratios curving upward with increasing body mass index and downward with increasing 

physical activity minutes.  
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Figure 5. Model-adjusted odds ratios by age in men (top) and women (bottom); reference is 

being 20 years old 
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Meanwhile, in the age interaction plots (i.e., the last fourteen plots in Appendix 11), the odds 

ratios for interacting risk factors mostly decrease and/or approach 1 with older age, while 

differences in odds ratios tend to become lower between most predictor categories and quantiles 

at older ages. There is an exception for current smoking as its odds ratios increase past 1 in older 

men and decrease past 1 in older women, while diverging from the odds ratios of former 

smoking at older ages as well. However, the confidence interval bands for current and former 

smoking odds ratios (with never smoking being the reference category) include 1 across all ages. 

Taken directly from Appendix 11, Figure 6 presents an age interaction plot with a categorical 

risk factor, particularly showing how odds ratios of chronic kidney disease decrease across age in 

both men and women. Likewise, Figure 7 presents an age interaction plot with a continuous risk 

factor, particularly showing how odds ratios of certain body mass indexes also decrease across 

age in both men and women. 

The odds ratios were notably at least 10 times higher at the youngest ages than at the oldest ages 

for both men and women with chronic kidney disease compared to men and women without it 

(Figure 6). Similarly, the odds ratios were notably at least 10 times higher at the youngest ages 

than at the oldest ages for men with body mass indexes of 25 kg/m2 and 30 kg/m2 compared to 

men with a body mass index of 18.5 kg/m2 (Figure 7), as well as for men with diabetes compared 

to men without it (Appendix 11).  
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Figure 6. Model-adjusted odds ratios by age for chronic kidney disease in men (top) and 

women (bottom); reference is not having chronic kidney disease 
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Figure 7. Model-adjusted odds-ratios by age for body mass index in men (top) and women 

(bottom); reference is having body mass index of 18.5 kg/m2 
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3.5. Examples of hypertension risk profiles 

Figure 8 demonstrates the basis of a hypertension risk profile for a 24-year-old male using 

HTNPoRT. For this given individual, the risk profile showcases their predicted probability of 

hypertension outputted from the male reduced model, the average predicted probability of 

hypertension among men used to derive the same model, and a SHAP plot showing the ranked 

importance of their features to their predicted probability value. SHAP values for a given 

individual are relative to the model’s average prediction and sum to the difference between the 

individual and average predictions (48). Positive SHAP values on the plot represent features 

shifting the numerical value of the individual’s predicted probability higher, while negative 

SHAP values represent features shifting it lower. This individual’s predicted probability of 

currently having hypertension is 0.20% and the average predicted probability among Canadian 

men is 27.58%. This individual’s presence of a family history of hypertension increases their 

probability of hypertension relative to the average by around 3.14%, while their age of 24, body 

mass index of 19.6 kg/m2, and non-diabetic status decrease their probability of hypertension 

relative to the average by about 17.19%, 7.89%, and 3.70%, respectively. Therefore, the 

individual in question could consider not replicating any of their family’s concerning lifestyle 

habits while maintaining their healthy weight and blood sugar to prevent hypertension and 

improve their profile. Note that family history is associated with hypertension risk through not 

only genetic factors, but also environmental factors as there are significant differences in body 

weight control, physical activity, and diet between those with and without a positive family 

history for hypertension (49).  
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Figure 8. Hypertension risk profile of a 24-year-old male with a predicted hypertension 

probability of 0.20%; SHAP plot shows importance (i.e., SHAP value) of individual’s 

features (written on left) increasing and decreasing their predicted probability relative to 

the average predicted probability of 27.58% among Canadian men, with error bars 

representing standard errors of individual-level SHAP values 

 

Figure 9 demonstrates the basis of a hypertension risk profile for a 74-year-old male also using 

HTNPoRT. This individual’s predicted probability of currently having hypertension is 75.25% 

and once again, the average predicted probability among Canadian men is 27.58%. Their most 

influential risk factor on their predicted probability is their age of 74, which increases their 

probability of hypertension relative to the average by around 27.95%. Next, this individual’s 

diabetes and body mass index of 35.3 kg/m2 increase their probability of hypertension relative to 

the average by about 20.17% and 6.90%, respectively. Finally, their absence of a family history 

of hypertension decreases their probability of hypertension relative to the average by about 

5.61%. Therefore, the individual in question could consider specific interventions to effectively 

lower their weight and control their blood sugar and assess any benefits to their profile and 

overall health while also considering to get their blood pressure checked. 
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Figure 9. Hypertension risk profile of a 74-year-old male with a predicted hypertension 

probability of 75.25%; SHAP plot shows importance (i.e., SHAP value) of individual’s 

features (written on left) increasing and decreasing their predicted probability relative to 

the average predicted probability of 27.58% among Canadian men, with error bars 

representing standard errors of individual-level SHAP values 

 

Although the risk profiles of Figures 8 and 9 can inform its user of features increasing and 

decreasing the value of their predicted probability of hypertension, standard error bars have been 

placed on the SHAP values to show the uncertainty associated with these values and have been 

computed for a single individual rather than the whole study population. With the individual-

level standard error bars being added and the model data being cross-sectional with no causal 

inferences allowed, individuals should therefore be cautious while making any lifestyle-related 

decisions and perhaps facilitate a discussion on their risk profiles with their health provider, all 

upon identifying and characterizing their most influential risk factors for hypertension.  
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Chapter 4 - Discussion 

The Hypertension Population Risk Tool (HTNPoRT) is a diagnostic predictive model for 

hypertension. It can be used to inform and educate the public in understanding their risk of 

hypertension. The sex-specific diagnostic models of HTNPoRT are discriminating and well-

calibrated models predicting hypertension probability at present time in community-dwelling 

Canadian adults, developed and validated using nationally representative, multiethnic, and 

routinely collected population-based survey data from the CHMS. The models incorporate easy-

to-collect and modifiable predictors available to the public, making HTNPoRT suited for 

individual and population health planning. The models also yield SHAP-derived risk profiles 

designed to show which predictors are most important in the computation of predicted 

hypertension probabilities and highlight people who would benefit from targeted interventions. 

Given that HTNPoRT is well-calibrated across a wide range of equity-relevant subgroups, 

Canadian individuals, whether they have been formally diagnosed with hypertension or not, can 

use its models and their risk profiles to make informed decisions upon identifying and 

characterizing their most influential risk factors for hypertension. Healthcare decision-makers 

can use the models and risk profiles to identify populations at risk of hypertension who need 

closer follow-up and earlier preventative interventions. Model predictors are centered on their 

weighted means, allowing for recalibration in populations with different risk factor distributions, 

and risk assessment in those giving incomplete responses by predicting with population means.  

Prediction models like HTNPoRT can support identifying high-risk hypertension subpopulations 

and informing the evaluation and design of preventive interventions tailored to population needs 

(9). This is particularly important for younger adults aged 20-39, included in our sample as 

preventive interventions are more likely to be effective in them (7, 8). HTNPoRT can also 
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support identifying individuals with undiagnosed hypertension and encouraging them to get their 

blood pressure checked, as undiagnosed and untreated hypertension can lead to complications 

such as cardiovascular disease and premature death (4). The use of the population-based CHMS 

to develop and validate HTNPoRT improves on generalizability issues of existing hypertension 

models typically designed in clinical settings. Not only does the CHMS represent 96% of the 

Canadian population, but it also has diverse primary data on blood pressure and a comprehensive 

list of risk factors measured using a standardized survey, thus allowing for robust public-health 

focused applications outside clinical settings. Despite possible misclassifications arising from 

respondents misunderstanding medication use or using multi-purpose medications, the inclusion 

of antihypertensive medications in the hypertension definition captures those with both 

controlled and uncontrolled hypertension without adversely affecting model performance. 

Meanwhile, the standardized measurement of blood pressure with the automated electronic 

BpTRUTM allows for more accuracy in ascertaining the outcome regardless of correction factors. 

While also helping to reduce model overfitting and increase prediction precision, the large 

sample size from the survey provides us with statistical power to develop and validate 

HTNPoRT with more risk factors and greater specification. HTNPoRT’s favourable performance 

can be attributed to greater model specification, including more variables, interaction terms, and 

flexible modelling of continuous variables with restricted cubic splines. Increased model 

complexity may be often associated with overfitting, but our pre-specification of predictors 

limited this risk for the well-performing HTNPoRT, as well as the risk of type I errors as 

predictors were included in the models regardless of strength of association. The high 

discriminative ability of our models means that multiple different risk factors together (e.g., 

sociodemographics and health behaviours) are important in predicting hypertension.  
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Compared to HTNPoRT, existing models predicting hypertension in Canada (c-statistic: 0.77) 

did not consider dose-response relationships of its continuous predictors and excluded interaction 

terms, all while being derived from data only from Alberta (8, 27). A recent review identified 75 

regression-based diagnostic and prognostic models predicting hypertension in various settings 

elsewhere across the world (50). The overall pooled c-statistic for these models was 0.75 (95% 

CI: 0.73-0.77), with 18 of the models having a c-statistic of at least 0.80 and thus demonstrating 

excellent calibration. Only one model demonstrated exceptional discrimination with a c-statistic 

of at least 0.90 (c-statistic: 0.97) (13). However, these well-performing models include genetic, 

biomarker, and clinically obtained predictors (like blood pressure itself) which are insufficient 

for individual and population-level applications. The only model in the review using all easy-to-

collect risk factors as predictors was a diagnostic model which predicted hypertension among 

individuals aged 18 and older using telephone-based health survey data from the American 

Centers for Disease Control and Prevention (c-statistic: 0.74) (51). Its predictors included age, 

sex, marital status, highest education level, income level, weight, height, exercise, smoking 

frequency, alcohol drinking frequency, diabetes, and hyperlipemia. Although this model is 

appropriate for population health planning and individuals wanting simple lifestyle advice, it did 

not specify dose-response relationships for its continuous risk factors, rendering its performance 

weaker than HTNPoRT. A diagnostic model outside of the recent review, which also used only 

easy-to-collect risk factors as predictors, predicted hypertension among 353 patients in two 

Burundi hospitals, rivaling HTNPoRT with excellent discrimination (c-statistic: 0.89) (52). Its 

predictors included age group, highest education level, hypertension family history, body mass 

index group, current smoking status, and chronic kidney disease. However, its low sample size, 

development from a clinical population, and categorization of continuous risk factors limits its 



43 

 

generalizability and usefulness in evaluating hypertension prevention strategies. Nonetheless, 

none of the models were known to have included for their users, a risk profile showcasing the 

influence of their predictors on their predicted hypertension outcome.  

Diagnostic prediction models are not used to inform causal inferences, but regardless, the SHAP-

adjusted odds ratios presented in Table 4 are mostly in line with associations between risk factors 

and hypertension seen in causal literature, with a few exceptions: current smoking, insufficient 

sleep, poor or fair mental health, and high stress. Although relationships between these few risk 

factors and cardiovascular disease are well-established, relationships between these same risk 

factors and hypertension are rather more weak and inconclusive (4). First, current smoking is 

seen to have a protective effect against hypertension classification as compared to never smoking 

in both men (OR: 0.84, 95% CI: 0.83-0.85) and women (OR: 0.86, 95% CI: 0.85-0.87). Despite 

smoking being one of the leading avoidable risks for overall morality, the association between 

smoking and hypertension appears to be weak in magnitude and not well-established across 

published literature, with some studies reporting insignificant yet inverse relationships (4, 53). 

One study postulated that the association between smoking and the development of hypertension 

is diverse in different urban settings (54). Moreover, the inverse associations can be attributed to 

current smokers having lower body mass indexes compared to former and never smokers (55).  

Second, there is also an inverse association between insufficient sleep and hypertension in both 

men (OR: 0.92, 95% CI: 0.91-0.93) and women (OR: 0.88, 95% CI: 0.87-0.89). Additionally, 

inverse associations were even seen between having poor or fair mental health and hypertension 

in both men (OR: 0.93, 95% CI: 0.92-0.93) and women (OR: 0.85, 95% CI: 0.84-0.85), as well 

as between high stress and hypertension in both men (OR: 0.93, 95% CI: 0.93-0.94) and women 

(OR: 0.98, 95% CI: 0.98-0.98). Observational studies have reported weak associations between 
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the three aforementioned risk factors and hypertension (4). Furthermore, regarding a potential 

reason for the inverse associations, men and women with shorter sleep durations, poorer mental 

health, and higher perceived stress levels tend to be younger in age (56–58).  

Meanwhile, being a low-risk drinker has a protective effect as compared to never drinking in 

women only (OR: 0.79, 95% CI: 0.79-0.80), though this has been observed in a few studies 

which stated that light alcohol consumption may reduce hypertension risk in women through 

favourable changes in high-density lipoprotein cholesterol (59, 60). On the other hand, compared 

to eating a healthy diet (i.e., eating fruits and vegetables at least 5 times daily), eating a poor diet 

has no association in men (OR: 1.00, 95% CI: 1.00-1.00) and a very weak positive association in 

women (OR: 1.08, 95% CI: 1.08-1.09). Poor diet is clearly associated with hypertension risk as 

the DASH and Mediterranean diets are interventions which are known to significantly reduce 

blood pressure and hypertension risk (4), but this effect is not represented by the only diet 

measure available for and used in HTNPoRT. Relationships observed between diet and health 

can be attenuated when diet is ascertained through self-reporting as it is difficult to ascertain diet 

accurately through such means (61). 

When waist-to-height ratio and its interactions are included in the model, increasing waist-to-

height ratio becomes highly associated with increased odds of hypertension in only men, while 

increasing body mass index becomes highly associated with increased odds of hypertension in 

only women (see paragraph immediately following Table 4). These associations are so strong 

that increasing body mass index becomes slightly protective in men and increasing waist-to-

height ratio becomes less associated with hypertension in women at the population level. The 

average SHAP values for the male index categories and the female ratio categories thus have 

been depleted a bit beyond and to almost of those of their reference categories, respectively, by 
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the male ratio and female index. Moreover, body mass index is removed from the male model in 

the stepdown procedure, as waist-to-height ratio is from the female model (Table 1). One cohort 

study showed that men with higher body mass indexes had no increased hypertension risk when 

their waist-to-height ratios were low (62). Waist-to-height ratio being a stronger predictor of 

hypertension in men and body mass index being a stronger predictor of hypertension in women 

can likely be due to men tending to accumulate more visceral abdominal fat (better reflected by 

the ratio) and women tending to accumulate more subcutaneous lower body fat (better reflected 

by the index); both such accumulations can lead to hypertension (63). With waist-to-height ratio 

being considered less easy-to-collect than body mass index, body mass index can be considered 

the more practical measure of adiposity for predicting hypertension in HTNPoRT. 

Our specifications of age, body mass index, and physical activity minutes with restricted cubic 

splines are in line with literature reporting their non-linear dose-responses with hypertension. 

Increased blood pressure is often seen as a consequence of ageing in industrialized settings, 

while blood pressure and hypertension risk are health outcomes known to rise non-linearly with 

increasing age (64, 65). As for body mass index and physical activity minutes, restricted cubic 

spline analyses demonstrated that hypertension risk increased non-linearly as the former 

increased and the latter decreased (66, 67). Meanwhile, our specifications of sleep duration and 

daily fruit and vegetable consumption without any flexible functions align with their linear dose-

responses in meta-analyses (68, 69). Regarding our specified two-way interactions between age 

and clinically relevant variables, with increased blood pressure being inevitable with age, older 

age can attenuate the magnitude of association of any risk factors interacting with it (64, 70). 

Obesity, diabetes, and chronic kidney disease are particularly known to be much greater risk 

factors of hypertension at younger ages than at older ages (1). 
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Returning to the inverse associations seen with current smoking, insufficient sleep, poor or fair 

mental health, and high stress, individuals in these risk categories are likely to have highly 

protective features from stronger predictors. In the sample, current smokers had lower body mass 

indexes than former and never smokers, while those with poorer mental health and higher stress 

were younger than those in their respective reference categories (Appendix 12). Furthermore, the 

odds ratios for those sleeping 7 hours/night (reference category: 2 hours/night) were higher than 

the odds ratios for those sleeping 4.5 hours/night at younger ages (Appendix 11). This causes the 

average SHAP value for these risk categories to dip below the average SHAP value for their 

respective reference categories and thus cause the mean difference (i.e., log(OR)) to become 

negative across the study populations. Again, SHAP values for a given individual are relative to 

the model’s average prediction and sum to the difference between the individual and average 

predictions (48). A risk factor like current smoking could thus have a negative SHAP value (or a 

protective factor like never smoking could thus have a positive SHAP value) at the individual 

and/or population levels if the model primarily predicts hypertension through heavily stronger 

predictors like age, diabetes, and body mass index.  

For these reasons, as well as to reduce user input burden, the reduced models will serve as the 

final models at the basis of online tools users can use to ascertain their predicted probability of 

hypertension and their hypertension risk profile without any counterintuitive information and 

noise from weaker predictors. The reduced models perform as well as the full models in the 

overall population and across the most important subpopulations. However, the full models could 

be considered for subpopulations in which the reduced models do not perform as well (i.e., men 

with chronic kidney disease and men who are heavy drinkers of alcohol), or for investigating 

individual or population-level attributions of predictors not in the reduced models. With any use 
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of the full models, caution should be exercised when explaining counterintuitive information on 

risk profiles; standard error bars were placed on individual-level SHAP values in the reduced 

model risk profiles (Figures 8-9) and should also be placed in any full model risk profiles. 

4.1. Limitations 

There are a few key limitations to this study. First, the list of predictors is limited to variables 

available in the cycles of the CHMS when in fact, there are potential factors outside the CHMS 

which contribute to hypertension (such as salt intake level and neighbourhood deprivation) and if 

included, may improve model performance. Ethnicity was not included in the models given that 

some of its categories had low counts in the CHMS, and merging such categories would have 

inappropriately combined heterogeneous groups, potentially obscuring important distinctions. 

Ethnicity is associated with hypertension risk through both genetic and cultural factors. While 

cultural factors such as diet and lifestyle are accounted for by other sociodemographic or 

behavioural measures, the genetic contribution remains unmeasured. However, evidence 

suggests that the genetic component of hypertension risk may be relatively small and less well-

defined, making it difficult to quantify precisely (4, 71, 72). Regardless, we assessed 17 variables 

while not surpassing the allotted 68 degrees of freedom for the survey but still having sufficient 

statistical power to develop highly specified and complex models. 

Second, despite HTNPoRT representing the Canadian adult population aged 20 to 79 years, 

some groups are not captured by the CHMS, including on-reserve Indigenous individuals. Third, 

given the cross-sectional nature of the CHMS, we were unable to determine the temporality of 

the associations between various risk factors and hypertension and thus cannot derive any causal 

inferences. Fourth, measurement or data encoding errors in the CHMS, as well as use of self-

reported predictors, can cause misclassification. This is notable with diet which is difficult to 
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ascertain accurately through self-reporting (61). However, HTNPoRT already has high 

discrimination and favourable calibration, while other studies found that chronic conditions can 

be properly assessed using self-reported measures (73, 74). Fifth, logistic regression might be 

viewed as an inferior approach compared to more sophisticated machine learning approaches, 

but HTNPoRT is highly specified, so machine learning models would not be expected to perform 

any better without access to more complex data outside of the CHMS. Nevertheless, HTNPoRT 

will allow members of the public to explore their hypertension risk profiles in relation to their 

lifestyle behaviours and facilitate a discussion with a health provider if needed. 

4.2. Future directions 

Future research could involve externally validating HTNPoRT with a survey which is similar to 

the CHMS (e.g., National Health and Nutrition Examination Survey), examining associations 

between risk factors and hypertension in populations excluded from the CHMS, investigating 

predictabilities of more adiposity measures towards hypertension, and conducting a study to 

assess whether individuals can adhere to lifestyle advice from HTNPoRT’s risk profiles and 

whether there are benefits to their predicted hypertension probability at follow-up. 

4.3. Conclusions 

To our knowledge, the models of HTNPoRT are the first regression diagnostic models to predict 

hypertension in and provide risk profiles for adults aged between 20-79 residing in the 10 

provinces. The models are discriminating and well-calibrated. The models and risk profiles can 

be used by members of the public and health policymakers to support planning and decision-

making on addressing hypertension burden.  
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Appendix 2 – Data access details 

Authorized investigation team members were only allowed to have access if they were a deemed 

employee of Statistics Canada with a keycard to the Research Data Centre (RDC) and a login to 

their assigned hard drive. A keycard and login were granted after obtaining a “Reality Status” 

security clearance from Statistics Canada, signing a Microdata Research Contract, and affirming 

an Oath of Office and Secrecy to Statistics Canada. Such members were only allowed to access 

the study data for the proposed analyses only and were not allowed to alter or share the original 

data whatsoever. Any information identifying respondents in the CHMS was kept separate from 

the data files and can only be accessed by Statistics Canada employees involved in the collection 

and generation of data (i.e., no one in the investigation team). The CHMS data files available for 

use to derive average moderate-to-vigorous physical activity (MVPA) minutes per week contain 

respondents with only 4 or more valid days of accelerometer data. From the complete CHMS 

accelerometer files stored at Statistics Canada, an approved Statistics Canada employee therefore 

identified respondents in all cycles who had 1 to 3 valid days of accelerometer data, derived their 

average MVPA minutes per week, and provided these values in a data file which was placed in 

the investigation team’s assigned hard drive and then merged to the rest of the study data for a 

more complete analysis.  

Only analyses output (not any study data) was transferred by employees at the RDC after being 

vetted for small cell sizes prior to release. Such output was transferred to a folder which can only 

by accessed on Statistics Canada’s secure network by members of the investigation team at the 

Health Analysis and Modelling Division. All study records will be retained securely for 10 years 

upon the completion of this study and then destroyed as per the requirements of the Ottawa 

Hospital Research Institute. 
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Appendix 3 – Unimputed and unweighted characteristics of the study populations for 

HTNPoRT 

 Male1 Female1 

Overall  

Total 9,633 10,010 

Hypertensive 2,681 (27.8%) 2,471 (24.7%) 

– Uncontrolled 1,300 (13.5%) 1,238 (12.4%) 

– Controlled 1,381 (14.3%) 1,233 (12.3%) 

Sociodemographic measures  

Age (years) 47 (36, 62) 47 (36, 63) 

Marital status  

– Married or common-law 6,900 (71.6%) 6,064 (60.6%) 

– Widowed, separated, or divorced 1,083 (11.2%) 2,211 (22.1%) 

– Single and never married 1,646 (17.1%) 1,728 (17.3%) 

– Missing 4 (0.04%) 7 (0.07%) 

Highest education level  

– Less than secondary school graduation 1,122 (11.7%) 1,140 (11.4%) 

– Secondary school graduation 1,691 (17.6%) 1,794 (17.9%) 

– Post-secondary school graduation 6,714 (69.7%) 6,996 (69.9%) 

– Missing 106 (1.1%) 80 (0.8%) 

Working status  

– Has a job 6,816 (70.8%) 5,892 (58.9%) 

– Does not have a job 2,772 (28.8%) 4,082 (40.8%) 

– Missing 45 (0.5%) 36 (0.4%) 

Psychological measures  

Self-rated mental health  

– Poor or fair  566 (5.9%) 785 (7.8%) 

– Good, very good, or excellent 9,036 (93.8%) 9,190 (91.8%) 

– Missing 31 (0.3%) 35 (0.4%) 

Self-perceived stress  

– Not at all to a bit 7,614 (79%) 7,592 (75.8%) 

– Quite a bit or extremely 2,015 (20.9%) 2,415 (24.1%) 

– Missing 4 (0.04%) 3 (0.03%) 

Sense of belonging  

– Strong 6,358 (66%) 6,910 (69%) 

– Weak 3,226 (33.5%) 3,048 (30.5%) 

– Missing 49 (0.5%) 52 (0.5%) 

Health status measures  

Hypertension family history  

– Yes 2,839 (29.5%) 3,432 (34.3%) 

– No 3,155 (32.8%) 3,090 (30.9%) 

– Missing 486 (5%) 400 (4%) 

– Not asked 3,153 (32.7%) 3,088 (30.9%) 

Body mass index (kg/m2) 27.2 (24.6, 30.4) 26.2 (22.8, 30.8) 
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– Not applicable N/A 3 (0.03%) 

– Missing 53 (0.6%) 65 (0.7%) 

Health behaviours   

Alcohol consumption  

– Never drank 913 (9.5%) 1,776 (17.7%) 

– Low-risk drinker 7,547 (78.4%) 7,506 (75%) 

– Moderate drinker 426 (4.4%) 406 (4.1%) 

– Heavy drinker 645 (6.7%) 265 (2.6%) 

– Missing 102 (1.1%) 57 (0.6%) 

Smoking status  

– Current smoker 1,943 (20.2%) 1,656 (16.5%) 

– Former smoker 3,314 (34.4%) 2,872 (28.7%) 

– Never smoker 4,340 (45.1%) 5,459 (54.5%) 

– Missing 36 (0.4%) 23 (0.2%) 

Physical activity minutes (minutes/week) 103 (39, 207) 79 (24, 166) 

– Missing 977 (10.1%) 959 (9.6%) 

Daily fruit and vegetable consumption 

(times consumed/day) 

3.03 (2.14, 4.19) 3.63 (2.61, 4.86) 

Sleep duration (hours/night) 7.00 (6.00, 8.00) 7.00 (6.50, 8.00) 

– Missing 4 (0.04%) 4 (0.04%) 

– Not asked 3,153 (32.7%) 3,088 (30.9%) 

Chronic conditions  

Diabetes  

– Yes 1,021 (10.6%) 790 (7.9%) 

– No 7,658 (79.5%) 8,549 (85.4%) 

– Missing 954 (9.9%) 671 (6.7%) 

Chronic kidney disease  

– Yes 511 (5.3%) 710 (7.1%) 

– No 8,982 (93.2%) 9,107 (91%) 

– Missing 140 (1.5%) 193 (1.9%) 
1 Median (Q1, Q3); n (unweighted counts) (unweighted %) 
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Appendix 4 – Density plots for continuous variables 

 

Unimputed: 
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Imputed: 

 

 



62 

 

 

 

 

 



63 

 

 

 

 

 

 

 

 

 

 



64 

 

Appendix 5 – Multicollinearity and linearity assessments 

Multicollinearity assessment - variance inflation factors (VIFs) for HTNPoRT candidate 

predictors 

 Male Female 

Sociodemographic measures  

Age 2.006 1.898 

Marital status  

– Widowed, separated, or divorced 1.286 1.187 

– Single and never married 1.282 1.238 

Highest education level  

– Secondary school graduation 1.219 1.186 

– Less than secondary school graduation 1.230 1.301 

Working status 1.393 1.441 

Psychological measures  

Self-rated mental health 1.249 1.321 

Self-perceived stress 1.282 1.362 

Sense of belonging 1.214 1.224 

Health status measures  

Hypertension family history 1.116 1.147 

Body mass index 5.446* 6.199* 

Waist-to-height ratio 5.342* 5.932* 

Health behaviours   

Alcohol consumption  

– Low-risk drinker 1.941 1.401 

– Moderate drinker 1.414 1.510 

– Heavy drinker 1.688 1.262 

Smoking status  

– Former smoker 1.558 1.200 

– Current smoker 1.648 1.508 

Physical activity minutes  1.171 1.208 

Daily fruit and vegetable consumption 1.101 1.141 

Sleep duration 1.084 1.095 

Chronic conditions  

Diabetes 1.049 1.142 

Chronic kidney disease 1.077 1.045 

* Significantly collinear (VIF > 2.5) → Waist-to-height ratio removed 
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Linearity assessments for daily fruit and vegetable consumption and sleep duration in male 

model: 

 

* Sleep duration does not violate assumption based on central trend without outliers 
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Linearity assessments for daily fruit and vegetable consumption and sleep duration in 

female model: 

 

* Sleep duration does not violate assumption based on central trend without outliers 
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Partial association χ2 statistics for HTNPoRT predictors 

 df1 Male Female 

Sociodemographic measures   

Age 3 1,021.83 1,070.82 

Marital status 2 -1.99 -0.56 

Highest education level 2 12.60 1.20 

Working status 1 2.93 1.17 

Psychological measures   

Self-rated mental health 1 -0.59 -0.43 

Self-perceived stress 1 -0.18 -0.68 

Sense of belonging 1 19.49 3.20 

Health status measures   

Hypertension family history 1 172.21 186.63 

Body mass index 2 212.14 224.97 

Health behaviours    

Alcohol consumption 3 81.60 23.49 

Smoking status 2 2.85 1.59 

Physical activity minutes  2 45.19 24.82 

Daily fruit and vegetable consumption 2* 8.81 4.25 

Sleep duration 2* -0.20 0.70 

Chronic conditions   

Diabetes 1 344.74 235.76 

Chronic kidney disease 1 77.43 60.37 
1 df = degrees of freedom 

* Modelled as 3-knot restricted cubic spline in this step instead of as pre-specified linear term 
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Appendix 6 – Beta coefficients of full and reduced models 

Variable 
Male Female 

Full model Reduced model Full model Reduced model 
Intercept -1.121341709 -1.844729679 -1.68856589 -1.266722704 

First RCS (restricted cubic spline) component for age (Age) 0.120610603 0.070142811 0.123353526 0.171875158 

Second RCS component for age (Age') -0.191075217 0.036360089 -0.06815761 -0.124397394 

Third RCS component for age (Age'') 0.617054045 -0.072202759 0.105235736 0.200828973 

Widowed, separated, or divorced 0.011753056  0.019019769  
Single and never married 0.039808873  0.101933808  
Secondary school graduate only 0.037040512  0.142132526  
Never finished secondary school 0.346332376  0.106132074  
Working status -0.13466716  0.100371978  
Self-rated mental health -0.077297363  -0.165090454  
Self-perceived stress -0.068451241  -0.024455701  
Sense of belonging -0.120231019  0.089816155  
Hypertension family history 0.811156601 0.782228096 0.892403039 0.85999173 

First RCS component for body mass index (BMI) -0.117228769 -0.06420197 0.0126533 0.053660739 

Second RCS component for body mass index (BMI') 0.248621592 0.191423433 -0.017505191 -0.080109062 

Low-risk (former or light) drinker 0.18512661  -0.230831958  
Moderate drinker 0.601096708  0.306115634  
Heavy drinker 1.25731058  0.368089047  
First RCS component for physical activity minutes (Exercise) 0.007713149  -0.004821327  
Second RCS component for physical activity minutes (Exercise') -0.011893271  0.008501162  
Former smoker 0.234713028  -0.597385571  
Current smoker 0.228513211  -0.637719482  
Sleep duration -0.124109202  0.810701523  
Daily fruit and vegetable consumption -0.00108793  -0.024468502  
Diabetes 1.726568032 1.50258208 1.874638573 1.494153995 

Chronic kidney disease -0.767294006  0.984301017  
Age:Sense of belonging -0.054972746  -0.015929847  
Age':Sense of belonging 0.101922279  0.013528891  
Age'':Sense of belonging -0.238999574  0.000928856  
Age:BMI -0.02139886 -0.018665302 -0.004544447 -0.001968393 

Age':BMI 0.045712387 0.036399545 0.027980957 0.021593308 

Age'':BMI -0.101684598 -0.07722547 -0.083259879 -0.068405591 

Age:BMI' 0.023698803 0.021531623 -0.000706525 -0.004475157 

Age':BMI' -0.050398253 -0.040003965 -0.014938772 -0.003069774 

Age'':BMI' 0.103656052 0.07560878 0.055094881 0.026362919 

Age:Exercise 0.000353785  -0.000447063  
Age':Exercise -0.002557437  0.000207842  
Age'':Exercise 0.008213978  0.000467554  
Age:Exercise' -0.000556  0.000943675  
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Age':Exercise' 0.0036823  -0.000968508  
Age'':Exercise' -0.01185042  0.000820402  
Age:Former smoker -0.017572272  -0.051530597  
Age':Former smoker -0.062937645  0.129882254  
Age'':Former smoker 0.261326278  -0.274679026  
Age:Current smoker 0.029196794  -0.033225161  
Age':Current smoker -0.108598324  0.13967307  
Age'':Current smoker 0.351105878  -0.417416334  
Age:Sleep -0.019244631  0.045685775  
Age':Sleep 0.023972894  -0.15311149  
Age'':Sleep -0.032741755  0.360599236  
Age:Diabetes -0.093363163 -0.093051063 0.017223791 -0.024490926 

Age':Diabetes 0.103215272 0.120165708 0.003858444 0.102039921 

Age'':Diabetes -0.260382646 -0.304303246 -0.158014951 -0.366964525 

Age:Chronic kidney disease -0.18195042  -0.087906113  
Age':Chronic kidney disease 0.386112756  0.054376039  
Age'':Chronic kidney disease -0.853806739  0.002674929  
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Appendix 7 – Calibration across subgroups for full models 

Male Full Model:  

X – excluded subgroup with observed estimate less than 5% 

* – subgroup with difference between observed and predicted estimates over 20% 
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Female Full Model:  

X – excluded subgroup with observed estimate less than 5% 

* – subgroup with difference between observed and predicted estimates over 20% 
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Appendix 8 – Calibration across subgroups for reduced models 

Male Reduced Model:  

X – excluded subgroup with observed estimate less than 5% 

* – subgroup with difference between observed and predicted estimates over 20% 
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Female Reduced Model:  

X – excluded subgroup with observed estimate less than 5% 

* – subgroup with difference between observed and predicted estimates over 20% 
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Appendix 9 – Sensitivity analyses 

Calibration plots of models dropping observations with missing data: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Calibration plots of models derived from four other imputed datasets: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Calibration plots of models leaving skewness: 

Male full model: 

 

Female full model: 
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Male reduced model: 

Female reduced model:
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Calibration plots of models with waist-to-height ratio and its interactions re-included: 

Male full model: 

 

Female full model: 
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Calibration plots of models with linear interactions: 

Male full model: 

 

Female full model: 

 



138 

 

Male reduced model: 

 

Female reduced model: 
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Calibration plots of models for hypertension ascertained with unadjusted blood pressures: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Cumulative predicted probability curves of models for hypertension ascertained with 

unadjusted blood pressures: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Calibration plots of models excluding respondents with controlled hypertension: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Cumulative predicted probability curves of models excluding respondents with controlled 

hypertension: 

Male full model: 

 

Female full model: 
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Male reduced model: 

 

Female reduced model: 
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Appendix 10 – Partial effects plots 

Legend 

Variable Label (Variable on Plot) Categories 

Chronic kidney disease (ckd) 1 – Yes 

0 – No1 

Age (clc_age) N/A 

Diabetes (diabx) 1 – Yes 

0 – No1 

Highest education level (edudr04) 2 – Less than secondary school graduation 

1 – Secondary school graduation 

0 – Post-secondary school graduation1 

Hypertension family history (fmh_15) 1 – Yes 

0 – No1 

Self-perceived stress (gen_025) 1 – Not at all to a bit 

2 – Quite a bit or extremely 

Sense of belonging (gen_045) 1 – Strong 

2 – Weak 

Self-rated mental health (gendmhi) 1 – Poor or fair 
0 – Good, very good, or excellent 1 

Body mass index (hwmdbmi) N/A 

Alcohol consumption (low_drink_score1) 1 – Never drinker  

2 – Former drinker 

3 – Light drinker 

4 – Moderate to heavy drinker 

Marital status (married) 1 – Married or common-law 

2 – Widowed, separated, or divorced 

3 – Single and never married 

Physical activity minutes (minperweek) N/A 

Smoking status (smoke) 2 – Current smoker 

1 – Former smoker 

0 – Never smoker1 

Sleep duration (slp_11) N/A 

Daily fruit and vegetable consumption 

(totalfv) 

N/A 

Working status (working) 1 – Has a job 

2 – Does not have a job 
1 Reference category in model, hence 0 coding 
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Male partial effects plots: 
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Female partial effects plots: 
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Appendix 11 – Model-adjusted odds ratio plots 

 

 

Reference: Age = 20 years 
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Reference: Body mass index = 13.83 kg/m2 in men 14.90 kg/m2 in women 
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Reference = 0 min/week 
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Reference = Strong sense of belonging 
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Reference = Never smoker 
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Reference = No 



156 

 

 

 

Reference = No 
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Reference = 18.5 kg/m2 
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Reference = 0 min/week 
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Reference = 2 hrs/night 
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Appendix 12 – Mean age and body mass index within selected risk factors 

 Mean age (years) Mean body mass index (kg/m2) 

Psychological measures  

Self-rated mental health  

– Poor or fair  47.1 - 

– Good, very good, or excellent 48.8 - 

Self-perceived stress  

– Not at all to a bit 49.8 - 

– Quite a bit or extremely 44.8 - 

Health behaviours   

Smoking status  

– Current smoker - 27.2 

– Former smoker - 28.5 

– Never smoker - 27.3 

 

 


