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Abstract
Background: This study aims to characterize the heterogeneity in BMI trajectories and evaluate how different BMI
trajectories predict mortality risk in Canadian seniors.
Methods: Data came from the Canadian National Population Health Survey (NPHS, 1994–2011) and 1480 individuals aged
65–79 years with at least four BMI records were included in this study. Group-based trajectory model was used to identify
distinct subgroups of longitudinal trajectories of BMI measured over 19 years for men and women. Cox proportional hazards
models were used to examine the association between BMI trajectories and mortality risks.
Results: Distinct trajectory patterns were found for men and women: ‘Normal Weight-Down’(N-D), ‘Overweight-Normal
weight’ (OV-N), ‘Obese I-Down’ (OB I-D), and ‘Obese II- Down’ (OB II-D) for women; and ‘Normal Weight-Down’ (N-D),
‘Overweight-Normal weight’ (OV-N), ‘Overweight-Stable’ (OV-S), and ‘Obese-Stable’ (OB-S) for men. Comparing with OV-N,
men in the OV-S group had the lowest mortality risk followed by the N-D (HR = 1.66) and OB-S (HR = 1.98) groups, after
adjusting for covariates. Compared with OV-N, women in the OB II-D group with three or more chronic health conditions
had higher mortality risk (HR = 1.61); however, women in OB II-D had lower risk (HR = 0.56) if they had less than three
conditions.
Conclusion: The course of BMI over time in Canadian seniors appears to follow one of four different patterns depending on
gender. The findings suggest that men who were overweight at age 65 and lost weight over time had the lowest mortality
risk. Interestingly, obese women with decreasing BMI have different mortality risks, depending on their chronic health
conditions. The findings provide new insights concerning the associations between BMI and mortality risk.
Keywords: Body mass trajectories, Seniors, Latent class growth modelling, Mortality

Background
The Canadian population is aging and the prevalence of
obesity among the elderly is rising [1]. Obesity-related
medical care costs associated with the elderly population
are substantial [2]. Although there is clear evidence that
excess body weight is associated with an increased risk
of mortality in young to middle-aged adults [3, 4], the
associations may not be the same for seniors.
Previous studies have found conflicting evidence on the
associations between BMI and mortality in the elderly
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population [5]. Some studies reported J or U-shaped
associations between mortality and BMI [6, 7], while others
reported a positive linear relationship [4, 8]. These controversial findings are likely a result of the limited BMI measurements that were measured at one time point [9–12].
Consequently, these studies failed to detect the development of BMI and the impact of these BMI changes on longevity. It is documented that changes in BMI over time,
rather than static BMI status, are more strongly predictive
of mortality risk [13–15]. However, the majority of previous findings are based on modeling one average BMI
pattern for the underlying population [16–20]. Latent Class
Growth Modelling (LCGM) can identify different BMI
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trajectories within a population based on maximum likelihood methods [21, 22].
An important reason to identify distinct BMI trajectories is to investigate whether these trajectories carry
differential health risks and mortality potentials [23].
Wang et al. found that subjects who were overweight or
obese throughout their adulthood were more likely to
have numerous health conditions compared with their
healthy weight counterparts [24]. Zheng et al. used
LCGM and reported that individuals in the overweightstable group lived longer than individuals in the normal
weight and obesity trajectory groups [13]. However, the
covariates that were adjusted in the survival analyses
were from the baseline interview only. Previous research
has demonstrated that there are gender differences in
the associations between mortality and BMI trajectory
[23, 25], being physically active is inversely associated
with mortality risk across all BMI levels [26], and smoking
is independently associated with a higher risk of mortality
in the general population [27]. Therefore, this study aims to
identify BMI trajectories for subjects aged 65–79 years over
18 years (1994–2011) and to examine the mortality risk
associated with these BMI trajectories among Canadian
women and men. This will provide the evidence on effect
of long-term obesity on mortality in senior Canadians.
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meters, except for pregnant women. Height and weight
were self-reported in the NPHS.
This study examined BMI trajectories for those aged
65–94 based on individuals who were 65–79 years at
baseline based on an Accelerated Longitudinal Design
(ALD) [29]. An ALD can study age-related developmental trajectories over an extensive age span in a relative
short follow-up period of study by pulling data from
different overlapping age cohorts [29]. In a single cohort
design, one age cohort is sampled at baseline and
followed for a period of time, whereas the NPHS have
various age cohorts and multiple single age cohorts were
sampled and followed within an ALD for 18 years. Each
cohort begins with a set age and is finished with another
set age at a different time [29, 30]. By design, ALD
collects “each individuals’ measurements which covers
only part of the age range being studied”, thus each individuals’ measurements contribute to only part of the
whole BMI growth curve [29]. The advantages of ALD
include a shorter observational period than a single
cohort design; also it would be less affected by attrition
[31]. The trajectory variable was BMIs or imputed BMI
in case of missing values, which was calculated and
provided by the NPHS [28].
Survival time

Methods
The Household component of the Canadian National
Population of Health Survey (NPHS) was used in this
study. It is a nationally representative longitudinal health
survey conducted by Statistics Canada, addressing
economic, social, demographic, occupational, and environmental correlates of health. The NPHS had a multistage complex design and followed 17,276 respondents
of all ages from 1994/1995 to 2010/2011 biennially.
Detailed information on the NPHS can be found elsewhere [28]. The study population included people aged
65–79 at baseline, 30% (weighted percent) of subjects
were excluded because they had less than four BMI
records out of nine measurements; the final analysis was
limited to 1480 individuals. Although excluded participants were different from those included ones in terms
of the distribution of sex, lifestyle factors (i.e. physically
active, drinking, and smoking), long-term disability, and
death (data available upon request), they were excluded
in this study primarily because of the non-response to
the NPHS that results in less than four BMI records.
Basic trajectory variable and accelerated longitudinal
design

BMI was used as the trajectory variable. The NPHS provides up to nine measures of BMI over a span of
18 years. BMI was derived in the NPHS by calculating
weight in kilograms divided by the square of height in

The survival time was defined as the number of months
from the first interview until death or study ended.
Statistical analysis

LCGM was used to identify the BMI trajectories and the
other four latent variables. LCGM can deal with three
types of data: continuous outcome (specified as censored
normal distribution), binary outcome (specified as binary
logit distribution), and count outcome (specified as Poisson
distribution). Thus, five latent variables related to BMI,
physical activity, smoking, drinking, and number of chronic
condition were modeled using LCGM with appropriate
distribution assumptions. Measures of goodness-of-fit of
the LCGM were based on Bayesian Information Criterion,
group membership (no less than 5%), and average posterior
group membership probabilities (no less than 70%). Specifically, model selection started with one quadratic group,
and more groups were added only if a better fit was
detected using the above criteria. In addition, only the
polynomial terms (quartic, cubic, or quadratic) with significant coefficients were retained before adding additional
groups, but the linear terms were kept whether they were
significant or not.
Cox proportional hazards models were used to examine if different BMI trajectories carry different mortality
risks. The impact of BMI trajectories on survival time
was considered as the main effect in this study. The
covariates used in this study include age, race/ethnicity
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(white or non-white), educational attainment (defined as
graduation from high school), place of residence (rural
or urban), and presence of disability (yes or no), as well
as latent variables: longitudinally being physically active,
smoking, drinking, and development of number of
chronic health conditions. The NPHS collected the
information on the participation of the 20 activities (e.g.,
walking, swimming, gardening, cycling, etc.) during leisure time in the past 3 months. Energy expenditure was
calculated by multiplying the frequency of the activity by
the average duration of that activity by the relevant
energy cost (kilocalories per kilogram of body weight
per hour) of that activity. Respondents were classified as
active if their average daily energy expenditure was more
than 2.9 kcal/kg, as moderately active if their average
daily energy expenditure was 1.5–2.9 kcal/kg, and as inactive if their average daily energy expenditure was less
than 1.5 kcal/kg. In this study, we combined moderately
active with active to capture the probability of being
physically active trajectories. The data on smoking
(current smoker vs the rest) and drinking (regular
drinker vs the rest) habits were self-reported at each
wave of the NPHS. Using LCGM of the longitudinal data
for physical activity, smoking, and drinking, and the
number of chronic conditions, we identified two distinct
trajectory groups with different longitudinal patterns for
those variables.
Three Cox proportional hazards models were fitted:
unadjusted model, partly adjusted model (adjusting for
age, race/ethnicity, and education), and fully adjusted
model (further adjusting for presence of disabilities,
place of residence, and the other latent variables). Furthermore, potentially meaningful interactions (i.e. age and the
other covariates, BMI trajectory groups and the covariates) were tested. Statistical significant variables defined as
P < 0.05 were retained in the model. In addition, proportional hazards assumption were checked for each variable
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in the final model. All analyses were weighted using the
survey sampling weights provided by Statistics Canada to
account for the multi-stage sampling scheme and
represent the underlying general Canadian population. All
analyses in this study were stratified by gender using SAS
version 9.3 (SAS Institute).
Ethical considerations

This research was approved by Statistics Canada.

Results
Of the 1480 individuals (aged 65–79) included in this
study, 62.2% were women and 37.8% were men. They
were predominantly white (95.7%), and 49.3% of the
individuals reported having a high school education or
higher at baseline. From 1994 to 2011, the prevalence of
overweight (25 ≤ BMI < 30 kg/m2), obese (BMI ≥ 30 kg/
m2) slightly decreased from 43.6% to 37.2%, and 14.6%
to 9.3%, respectively. On the other hand, the weighted
percent of underweight (BMI < 18.5 kg/m2) and normal
weight (18.5 ≤ BMI < 25 kg/m2) increased from 1.7 to
4.5% and 40.1 to 50.0%, respectively. In addition, 79.3%
of respondents reported having more than one chronic
condition, 22.7% reported having long-term disabilities,
and 46.5% rated their health as “very good” or “excellent.” Further, 54.1% of the 560 men and 36.9% of the
920 women in this study died over the duration of
follow-up (18 years).
LCGM identified four BMI trajectory groups and two
trajectory groups for the other latent variables. Figure 1
reveals ‘Normal Weight-Down’ (N-D), ‘Overweight-Normal weight’ (OV-N), ‘Overweight-Stable’ (OV-S), and
‘Obese-Stable’ (OB-S) for men. Figure 2 shows ‘Normal
Weight-Down’ (N-D), ‘Overweight-Normal weight’ (OVN), ‘Obese I-Down’ (OB I-D), and ‘Obese II- Down’ (OB
II-D) for women. The average posterior probability value
of each trajectory group exceeded 0.90, which shows

Fig. 1 BMI trajectories for men (65–96 years), with 95% confidence intervals (four group model, no covariates included), NPHS, 1994–2011
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Fig. 2 BMI trajectories for women (65–96 years), with 95% confidence intervals (four group model, no covariates included), NPHS, 1994–2011

excellent model fit [21]. LCGM identified two trajectories for the probability of being physically active: close to
70% of subjects had low probabilities (p = 0.25) of being
active at age 65 and this probability was decreasing over
time; on the other hand, about 30% of seniors had high
probabilities (p = 0.82) of being active at age 65 and this
probability was also decreasing over time (Appendix
Figure A1). As shown in Appendix Figure A2, 89% of
subject have very low probabilities (p < 0.1) of smoking
and this didn’t change significantly over time; the rest of
sample had high probability (p = 0.95) of smoking while
this probability was decreased greatly over time, the
probability of smoking for this group was less than 0.3
when seniors reach their 90s. In addition, LCGM identified two trajectories for the development of the number
of chronic conditions: less than three chronic conditions
(57%), more than three chronic conditions (43%). Specifically, about 57% of the subjects had less than one
chronic conditions and this number was increasing to an
average of 3 at the age of 96. The other group started
with more than two chronic conditions then also had
more health conditions over time with an average of 5 at
the age of 96.
Figure 1 shows that the group membership probability
(GMP) of the N-D group in men was 14.0%, it started
with a normal weight status at age 65 years, with an
average BMI of 21.7, and slowly declined to an average
BMI of 16.2 at the age of 96 years. It is likely that few
men in the N-D group reported their BMI or were still
alive after 90 years of age. Most individuals in this group
remained underweight or normal weight between the
ages of 65 and 96 years. The GMP of the OV-N group
was 47.9%, and started with an overweight status at age
65, but gradually decreased to a normal weight status

around 70–80 years of age then continued to decrease
with increasing age, but did not reach underweight by
age 96. The GMP of the OV-S group was 30.4% in men.
The OV-S group started with an overweight status at
age 65 years, with an average BMI of 28.0, and declined
to an average BMI of 25.9 at age 96 years. The GMP of
the OB-S group was 7.6% in men. This group started
with an obese class I status at the age of 65 years, with
an average BMI of 34.6, and remained in the obese class
I range until the age of 90 years. It is likely that few men
in the OB-S group reported their BMI or were still alive
after 90 years of age.
Table 1 demonstrates that 50.4%, 69.7%, 48.9%, and
69.2% of men died in the OV-N, N-D, OV-S, and
OB-S groups among men, respectively. Comparing
with OV-N, the N-D group and the OB-S group were
significantly associated with an 86% (P < 0.001) and
97% (P < 0.05) increase in mortality risk in the unadjusted model. Adjustment for age, race/ethnicity,
and education had a minor effect on the HRs for the
associations between the BMI trajectories and mortality risks. Specifically, the mortality risk associated
with the N-D and OB-S groups slightly increased to
94% (P < 0.001) and 101% (P < 0.05). The increased
risk was 66% (P = 0.003) for the N-D group and was
98% (P = 0.003) for OB-S in the fully adjusted model,
when comparing with the OV-N group. The OV-S
group was not significantly different in mortality risk
from the OV-N group in any of the three models.
Figure 2 illustrates that in women the GMP of the ND group was 31.6%, and it started with a normal weight
status at the age of 65 years, with an average BMI of
22.2, and slowly declined to an average BMI of 19.7 at
age 96 years. Most women remained underweight or
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Table 1 Adjusted hazard ratios of BMI trajectories among men from cox proportional hazard models in the NPHS,1994–2011
Men
Unadjusted model

Adjusted for demographics
Factorsa
P-value

HR(95% CI)

P-value

Fully adjusted modelb
HR(95% CI)

P-value

N(%)death

HR(95% CI)

OV-N

268 (50.4)

1.00 (referent)

N-D

78 (69.7)

1.86(1.36–2.54)

<.0001

1.94(1.41–2.65)

<.0001

1.66(1.20–2.29)

0.003

OV-S

171 (48.9)

1.13(0.84–1.51)

0.41

1.19(0.88–1.60)

0.25

1.25(0.92–1.67)

0.15

OB-S

43 (69.2)

1.97(1.26–3.07)

0.003

2.01(1.28–3.14)

0.002

1.98(1.28–3.16)

0.003

BMI Traj
1.00 (referent)

1.00 (referent)

NB: BMI body mass index, NPHS the National Population Health Survey, N-D normal weight-down, OV-N overweight-normal weight, OV-S overweight-stable, and
OB-S obese-stable, CI confidence interval, HR hazard ratio
a
Adjusted for age at baseline, race/ethnicity, education
b
Adjusted for age at baseline, race/ethnicity, education, place of residence, disability, the probability of being physically active, smoking, and drinking, as well as
the change patterns of the number of chronic conditions

normal weight between the ages of 65 and 96 years. The
GMP of the OV-N group was 41.9%. It started with an
overweight status at age 65 years with an average BMI of
25.9. The average BMI gradually decreased to a normal
weight status around 70–80 years of age then continued
to decrease with increasing age. The average BMI did
not reach underweight status, and the average BMI at
age 96 years was 22.6. The GMP of the OB I-D group
was 22.3%, the trajectory started with an obese class I
status at age 65 years, with an average BMI of 30.2, and
slowly declined to an average BMI of 25.9 at age 96 years.
The GMP of the OB II-D group was 4.2% in women; it
started with an obese class II status at age 65 years, with
an average BMI of 37.6, and decreased to an average
BMI of 34.6 at age 96 years.
Table 2 shows that 32.9%, 39.8%, 40.2%, and 36.7%
of women died in the OV-N, N-D, OB I-D, and OB
II-D groups, respectively. The N-D group was associated with a 32% (P = 0.03) increase in mortality risk
when compared to the OV-N group, without controlling for other covariates. After adjusting for age,

race/ethnicity and educational attainment, the N-D
group was significantly associated with 31% more
risk of mortality (P = 0.037). The other two groups
(OB I-D and OB II-D) were not significantly different from the OV-N group in mortality risk in either
the unadjusted or partly adjusted models. The interaction terms between the BMI trajectory and the
number of chronic health conditions trajectory
groups (P = 0.001) and the interaction term between
age and physically active trajectory groups (P = 0.001)
were both found to be significant (data available
upon request) and the interaction term was included
in the corresponding adjusted models. Following
adjustment for all the covariates, the OB I-D group
was significantly associated with a 61% (P < 0.001)
increase in mortality risk among women who were
assigned to the trajectory characterized with more
than three chronic conditions. By contrast, the OB ID group was associated with a 44% (P < 0.001)
decrease in mortality risk among women who were
assigned to the trajectory with less than three

Table 2 Adjusted hazard ratios of BMI trajectories among women from cox proportional hazard models in the NPHS, 1994–2011
Women
Unadjusted model

Adjusted demographics
factorsc

Fully adjusted modeld

P-value

P-value

HR(95% CI)

>3 conditions

<3 conditions

HR(95% CI)

HR(95% CI)

1.00(ref.)

1.00(ref.)

1.23(0.86–1.77)

1.21(0.84–1.74)

0.54

1.61(1.12–2.31)

0.56(0.35–0.90)

0.71

0.71(0.30–1.67)

1.34(0.50–3.58)

N(%) death

HR(95% CI)

OV-N

385 (32.9)

1.00 (ref.)

N-D

291 (39.8)

1.32(1.03–1.69)

0.03

1.31(1.02–1.69)

0.04

OB I-D

205 (40.2)

1.25(0.94–1.65)

0.12

1.09(0.82–1.45)

OB II-D

39 (36.7)

1.05(0.55–1.98)

0.89

0.89(0.47–1.68)

BMI Traj
1.00(ref.)

NB: BMI body mass index, NPHS the National Population Health Survey, N-D normal weight-down, OV-N overweight-normal weight, OB I-D = obese I-down, and OB
II-D obese II- down; CI confidence interval, HR hazard ratio
c
Adjusted for age at baseline, race/ethnicity, education
d
Fully adjusted for age at baseline, race/ethnicity, education, place of residence, disability, the probability of being physically active, smoking, and drinking, as well
as the change patterns of the number of chronic conditions, and two interactions (the interaction between the BMI trajectory and the developmental of the
number of chronic conditions trajectory and the interaction between age at baseline and the probability of being physically active trajectory)
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chronic conditions. Additionally, the proportional
hazard assumption was examined and no significant
violation of the assumption was found.

Discussion
This study investigates heterogeneity in body weight
changes of seniors. Using latent class growth modelling,
we identified four distinct BMI trajectory groups in elderly women and men. Overall, we observed that there’s
no increase trend for all the BMI trajectories for both
men and women, showing weight decrease for Canadian
seniors in later years. The largest group, which consists
of subjects with overweight status at age 65 then became
normal weight in their 80s for both men and women.
Our findings are well in line with previous BMI trajectories analysis for seniors aged 65 to 105 based on a
community sample [32] and seniors aged 51 to 77 [13],
but uniquely contributed to the age group 65 to 96 using
a representative sample of Canadian seniors. Moreover,
previous studies have reported that body weight increases up to the age of 70 years, then it either stabilize
or decrease [33, 34].
The results of this investigation suggest that men
who were overweight at age 65 and lost weight over
time but never reached underweight status over time
had the lowest mortality risk. Men who were obese at
age 65 and remained obese over time had the highest
mortality risk. Our findings suggest that if studies
examine the associations between baseline BMI and
mortality, then could have reported misleading conclusions that being overweight is associated with the
lowest mortality risk [6]. Aiming for becoming/being
normal weight is still necessary since it can potentially decrease mortality risk in elderly men after
65 years old, regardless of their current weight status.
Zheng et al. found that individuals in the overweightstable group had the lowest mortality risk followed by
those in the overweight-obesity group, the normal
weight-upward group, the class I obese-upward group,
the normal weight-downward group, and the class II/
III obese-upward groups [13]. The discrepancies may
be come from the different age groups analyzed between the two studies. Additionally, the findings
among men support the well-documented U-shaped
association between BMI and mortality [12, 13, 35].
Interestingly, for women, the relationship between
BMI trajectories and mortality risk is more complicated compared with men. We didn’t find significant
mortality risk differences between the BMI trajectories
after adjusting for all the confounders; the only exception is that women who were obese I at age 65
and with decreased body weight over time was associated with increased mortality risk for women with
more than three chronic conditions. By contrast, in
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women who had less than three chronic conditions,
being obese I at age 65 with decreased body weight
over time was associated with decreased mortality
risk. This evidence may be because for women who
had more than three chronic conditions experienced
disease-related weight loss, differing the beneficial impact on losing body weight for healthier women with
less than three chronic conditions.
One of the most important strengths of this study
is the usage of LCGM, which are able to examine the
long-term obesity, lifestyles (physical activity, smoking
and drinking), and chronic health conditions and their
heterogeneities among the population. On the other
hand, most studies generally use the baseline interview measurement to determine individuals’ lifestyle
factors [13]. This study incorporates all available
information reported in the 1994–2011 NPHS surveys, making the most use of the longitudinal data on
physical activity, drinking, smoking and chronic conditions. The different findings between men and
women also support the gender-related disparities in
mortality risk found in previous research [15]. One
limitation is that BMI and the chronic health conditions were self-reported. Although a more accurate
measure of excess body fat would be ideal, BMI is
the only indicator of body weight in the longitudinal
NPHS data and no nationwide longitudinal data on
measured body fat are available. In addition, no
genetic data are collected in the longitudinal survey
of NPHS.

Conclusion
This study highlights the variations in BMI trajectories even for elderly population from the age of 65
onward. Distinct BMI trajectories and its associated
mortality risk was found between Canadian men and
women. Men with long-term obesity had the highest
risk of mortality. On the other hand, men who were
overweight at age 65 years and lost weight over time
but never reached underweight over time had the
lowest risk of mortality. Interestingly, obese women
with decreasing BMI have different mortality risks,
depending on their chronic health conditions. Our
findings indicate that for men, aiming for becoming/
being normal weight regardless of their current
weight status can potentially decrease mortality risk;
while this evidence may be not sure for women. On
the other hand, for women, disease management
seems a more efficient way to decrease mortality risk
rather than focusing on body weight alone. The findings of this study provide new insights into the debate concerning the associations between BMI and
mortality risk among seniors.
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Appendix
Table 3 Results of the multivariable proportional hazards Cox regression model adjusted for age at baseline, race/ethnicity,
educational level, place of residence, disability, the probability of being physically active, smoking, drinking, and the development of
the number of chronic conditions for women (fully adjusted model)
Analysis of maximum likelihood estimates
Covariates

Parameter estimate

Standard error

Pr > ChiSq

Hazard ratio

95% HR Conf. limit

BMI Traj
N-D

0.19

0.19

0.32

OB I-D

−0.59

0.24

0.02

OB II-D

0.30

0.50

0.55

−0.07

0.19

0.70

OV-D(ref.)
The number of chronic conditions
More than 3
Less than 3
BMI Traj* the number of chronic conditions

0.001

N-D more than 3

0.02

0.26

0.928

OB I-D more than 3

1.06

0.30

0.0005

OB II-D more than 3

−0.64

0.66

0.336

0.12

0.02

<.0001

8.01

2.54

0.002

OV-D (ref.)
Age

PA
Active
Inactive(ref.)
Age * PA
Active

0.001
−0.12

0.04

0.001

−0.43

0.34

0.20

0.65

0.34–1.26

0.48

0.13

0.0002

1.62

1.26–2.10

−0.23

0.12

0.05

0.79

0.63–0.99

−0.30

0.12

0.01

0.76

0.59–0.97

0.98

0.16

<0.0001

2.57

1.86–3.56

−0.11

0.13

0.40

0.90

0.70–1.15

Inactive(ref.)
Race
Non-white
White (ref.)
Disability
Yes
No (ref.)
Education (if high school graduate)
Yes
No(ref.)
Place of residence
Rural
Urban(ref.)
Smoking
smoker
Non-smoker (ref.)
Drinking
Regular drinker
Non-drinker(ref.)
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Table 4 Results of the multivariable proportional hazards Cox regression model adjusted for age at baseline, place of residence,
disability, the probability of being physically active, smoking, drinking, and the development of the number of chronic conditions for
men (fully adjusted model)
Analysis of maximum likelihood estimates
Covariates

Parameter estimate

Standard error

Pr > ChiSq

Hazard ratio

95% HR Conf. limit

BMI Traj
N-D

0.51

0.17

0.002

1.66

1.20–2.30

OV-S

0.22

0.15

0.15

1.25

0.92–1.68

OB -S

0.68

0.23

0.003

1.98

1.26–3.13

0.37

0.14

0.007

1.45

1.11–1.90

0.11

0.02

<.0001

1.11

1.08–1.15

0.12

0.32

0.70

1.13

0.60–2.13

−0.05

0.13

0.70

0.95

0.73–1.23

−0.57

0.14

<.0001

0.60

0.43–0.74

0.34

0.14

0.01

1.41

1.08–1.84

−0.24

0.13

0.06

0.79

0.61–1.01

1.06

0.16

<.0001

2.89

2.11–3.98

−0.17

0.12

0.17

0.84

0.66–1.07

OV-D(ref.)
The number of chronic conditions
More than 3
Less than 3(ref.)
Age

Race
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Fig. 3 The probability of being physically active trajectories for seniors (65–96 years), with 95% confidence intervals (four group model, no
covariates included), NPHS, 1994–2011

Fig. 4 The probability of smoking trajectories for seniors (65–96 years), with 95% confidence intervals (four group model, no covariates included),
NPHS, 1994–2011

Fig. 5 The probability of drinking trajectories for seniors for seniors (65–96 years), with 95% confidence intervals (four group model, no covariates
included), NPHS, 1994–2011
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Fig. 6 The trajectories of the number of chronic conditions for seniors (65–96 years), with 95% confidence intervals (four group model, no
covariates included), NPHS, 1994–2011

Abbreviations
AvePP: Average posterior probability of group membership; BMI: Body mass
index; CGM: Conventional growth modelling; GMP: Group membership
probability; HR: Hazard ratio; LCGM: Latent class growth modelling;
NPHS: National Population Health Survey; PA: Physical activity

Competing interests
The authors declare that there is no conflict of interest regarding the
publication of this paper.

Publisher’s Note
Acknowledgements
Funding was provided by the Dean’s Innovation Fund from Memorial
University’s Medical Research Endowment Fund as well as the Master’s
Research Grant from Newfoundland and Labrador Centre for Applied Health
Research awarded to our trainee.
Funding
Not applicable
Availability of data and materials
The data available through Research Data Center of Statistics Canada
(longitudinal National Population Health Survey Master File). Code is
available from the authors upon request.
Authors’ contributions
MW conducted the data analysis and drafted the first version of the
manuscript. YY designed the study and provided advice on statistical
modelling and interpretation of the results. BR, PPW, and GS helped design
the study and provided insight regarding interpretation of the results from
the perspectives of nutrition, epidemiology, and metabolism, respectively. JC
edited the manuscript and helped interpret the results. VM helped design
the study and identified implications of the findings. All of the authors
provided final approval.
Authors’ information
MW is an MSc from the Faculty of Medicine at Memorial University (MUN).
YY is an associate professor in biostatistics at MUN. BR, PPW, and GS are
professors in nutrition, epidemiology, and medicine, respectively, at MUN. JC
is a graduate of the Master of Public Health program at MUN and a
Registered Dietitian. VM is an associate professor in health policy and health
service delivery at MUN.
Ethics approval and consent to participate
Ethics approval for this study was approved by Statistics Canada.
Consent for publication
Not applicable

Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Author details
1
Division of Community Health & Humanities, 300 Prince Philip Drive, St.
John’s, NL A1B 3V6, Canada. 2Discipline of Medicine, Faculty of Medicine,
Memorial University, St. John’s, NF, Canada.
Received: 29 March 2017 Accepted: 15 November 2017

References
1. Mathus-Vliegen EM. Obesity and the elderly. J Clin Gastroenterol. 2012;46(7):
533–44.
2. Finkelstein EA, Fiebelkorn IC, Wang G. National medical spending
attributable to overweight and obesity: how much, and who's paying?
Health Aff (Millwood). 2003;(Suppl Web Exclusives):W3-219-26.
3. de Mutsert R, Sun Q, Willett WC, FB H, van Dam RM. Overweight in early
adulthood, adult weight change, and risk of type 2 diabetes, cardiovascular
diseases, and certain cancers in men: a cohort study. Am J Epidemiol. 2014;
179(11):1353–65.
4. Zhang X, Shu XO, Chow WH, Yang G, Li H, Gao J, Gao YT, Zheng W. Body
mass index at various ages and mortality in Chinese women: impact of
potential methodological biases. Int J Obes. 2008;32(7):1130–6.
5. Aune D, Sen A, Prasad M, Norat T, Janszky I, Tonstad S, Romundstad P,
Vatten LJ. BMI and all cause mortality: systematic review and non-linear
dose-response meta-analysis of 230 cohort studies with 3.74 million deaths
among 30.3 million participants. BMJ. 2016;353 (2016):i2156
6. Flegal KM. Excess deaths associated with underweight, overweight, and
obesity. JAMA. 2005;293(15):1861. 1861-1867; 1867
7. Gu D, He J, Duan X, Reynolds K, Wu X, Chen J, Huang G, Chen CS, Whelton
PK. Body weight and mortality among men and women in China. JAMA.
2006;295(7):776–83.
8. Manson JE, Willett WC, Stampfer MJ, Colditz GA, Hunter DJ, Hankinson SE,
Hennekens CH, Speizer FE. Body weight and mortality among women. N
Engl J Med. 1995;333(11):677–85.
9. Corrada MM, Kawas CH, Mozaffar F, Paganini-Hill A. Association of body
mass index and weight change with all-cause mortality in the elderly. Am J
Epidemiol. 2006;163(10):938–49.

Wang et al. BMC Public Health (2017) 17:929

10. Walter S, Kunst A, Mackenbach J, Hofman A, Tiemeier H. Mortality and
disability: the effect of overweight and obesity. Int J Obes. 2009;33(12):
1410–8.
11. Myrskyla M, Chang VW. Weight change, initial BMI, and mortality among
middle- and older-aged adults. Epidemiology. 2009;20(6):840–8.
12. Orpana HM, Berthelot JM, Kaplan MS, Feeny DH, McFarland B, Ross NA. BMI
and mortality: results from a national longitudinal study of Canadian adults.
Obesity (Silver Spring). 2010;18(1):214–8.
13. Zheng H, Tumin D, Qian Z. Obesity and mortality risk: new findings from
body mass index trajectories. Am J Epidemiol. 2013;178(11):1591–9.
14. Somes GW, Kritchevsky SB, Shorr RI, Pahor M, Applegate WB. Body mass
index, weight change, and death in older adults: the systolic hypertension
in the elderly program. Am J Epidemiol. 2002;156(2):132–8.
15. Oksuzyan A, Juel K, Vaupel JW, Christensen K. Men: good health and high
mortality. Sex differences in health and aging. Aging Clin Exp Res. 2008;
20(2):91–102.
16. Ng C, Corey PN, Young TK. Divergent body mass index trajectories between
aboriginal and non-aboriginal Canadians 1994-2009–an exploration of age,
period, and cohort effects. Am J Hum Biol. 2012;24(2):170–6.
17. Setia MS, Quesnel-Vallee A, Abrahamowicz M, Tousignant P, Lynch J.
Convergence of body mass index of immigrants to the Canadian-born
population: evidence from the National Population Health Survey (19942006). Eur J Epidemiol. 2009;24(10):611–23.
18. Sherar LB, Eisenmann JC, Chilibeck PD, Muhajarine N, Martin S, Bailey DA,
Baxter-Jones AD. Relationship between trajectories of trunk fat mass
development in adolescence and cardiometabolic risk in young adulthood.
Obesity (Silver Spring). 2011;19(8):1699–706.
19. Abarin T, Yan WY, Warrington N, Lye S, Pennell C, Briollais L. The
impact of breastfeeding on FTO-related BMI growth trajectories: an
application to the Raine pregnancy cohort study. Int J Epidemiol.
2012;41(6):1650–60.
20. Wen X, Kleinman K, Gillman MW, Rifas-Shiman SL, Taveras EM. Childhood
body mass index trajectories: modeling, characterizing, pairwise correlations
and socio-demographic predictors of trajectory characteristics. BMC Med
Res Methodol. 2012;12:38-2288-12-38.
21. Nagin DS. Group-based modelling of development. MA: Harvard University
Press; 2005.
22. Jones BL, Nagin DS, Roeder K: A SAS procedure based on mixture models
for estimating development trajectories. Sociol Methods Re 29 2001, 29(3):
374-393.
23. Botoseneanu A. Latent heterogeneity in long-term trajectories of body mass
index in older adults. J Aging Health. 2013;25(2):342. 342-363; 363
24. Wang M, Yi Y, Roebothan B, Colbourne J, Maddalena V, Wang PP, Sun G:
Body mass index trajectories among middle-aged and elderly Canadians
and associated health outcomes. J Environ Public Health 2016, Article ID
7014857(doi:https://doi.org/10.1155/2016/7014857).
25. Ostbye T, Malhotra R, Landerman LR. Body mass trajectories through
adulthood: results from the National Longitudinal Survey of youth 1979
cohort (1981-2006). Int J Epidemiol. 2011;40(1):240–50.
26. Loprinzi PD, Addoh O. Physical activity-related obesity risk classification
model and all-cause mortality. J Phys Act Health. 2016;13(11):1255–62.
27. Doll R, Peto R, Boreham J, Sutherland I. Mortality in relation to
smoking: 50 years’ observations on male British doctors. BMJ. 2004;
328(7455):1519.
28. Statistics Canada: National Population Health Survey Household
Component, cycle 1 (1994/1995) to 9 (2010/2011), longitudinal
documentation. 2012.
29. Galbraith S, Bowden J, Mander A. Accelerated longitudinal designs: An
overview of modelling power, costs and handling missing data. Stat
Methods Med Res. 2017;26(1):374–398.
30. Miyazaki Y, Raudenbush SW. Tests for linkage of multiple cohorts in an
accelerated longitudinal design. Psychol Methods. 2000;5(1):44–63.
31. Duncan SC, Duncan TE, Hops H. Analysis of longitudinal data within
accelerated longitudinal designs. Psychological Methods. 1996;1(3):236–248.
32. Kuchibhatla MN, Fillenbaum GG, Kraus WE, Cohen HJ, Blazer DG. Trajectory
classes of body mass index in a representative elderly community sample. J
Gerontol A Biol Sci Med Sci. 2013;68(6):699–704.
33. Kahng SK. The relationship between the trajectory of body mass index and
health trajectory among older adults: multilevel modeling analyses. Res
Aging. 2004;26(1):31. 31-61; 61

Page 11 of 11

34. McDowell MA, Fryar CD, Ogden CL, Flegal KM. Anthropometric reference
data for children and adults: United States, 2003-2006. Natl Health Stat
Report. 2008;10(10):1–48.
35. Peeters A, Barendregt JJ, Willekens F, Mackenbach JP, Al Mamun A,
Bonneux L, NEDCOM, the Netherlands Epidemiology and Demography
Compression of Morbidity Research Group. Obesity in adulthood and its
consequences for life expectancy: a life-table analysis. Ann Intern Med.
2003;138(1):24–32.

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

