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Abstract

Background and Aims: Little is known about how weight trajectories among women during 

menopausal transition and beyond may be related to risk of Type 2 diabetes (T2DM). The aim of 

this study was to examine associations between body mass index (BMI) trajectories over 20 years, 

age of obesity onset, cumulative obese-years and incidence of T2DM among middle-age women.

Methods and Results: 12,302 women enrolled in the Australian Longitudinal Study on 

Women’s Health (ALSWH) were surveyed in 1996 (Survey 1, age 45–50), 1998 and then every 

three years to 2016. Self-reported weight and height were collected for up to eight time points. 

Incident diabetes was assessed via validated self-report of physician-diagnosed diabetes. Growth 

mixture models were used to identify distinct BMI trajectories. 1380 (11.2%) women newly 

developed T2DM over an average 16 years of follow-up. Seven distinct BMI trajectories were 

identified with differential risk of developing T2DM. Initial BMI was positively associated with 

T2DM risk. We also observed that risk of T2DM was positively associated with rapid weight 

increase, early age of obesity onset, and greater obese-years.

Conclusion: Slowing down weight increases, delaying the onset of obesity, or reducing 

cumulative exposure to obesity may substantially lower the risk of developing T2DM.
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INTRODUCTION

In Australia, almost two-thirds (63%) of adults were overweight or obese, and 28% were 

obese in 2017 [1]. Despite the widely acknowledged association of obesity with T2DM, less 

is known about how weight trajectories over the adult life course may be related to risk of 

the disease. Compared to one or two measurements, analysing trajectories based on repeated 

measurements will more accurately quantify dynamics of changes, and will be less sensitive 

to selection of time period and the impact of outliers. Studies have shown that using time-

dependent exposures substantially improved the ability to predict mortality and 

cardiovascular disease [2]. A recent study using repeated measurements of BMI from 

childhood to adulthood observed that faster BMI increases between ages 10–19 years were 

positively associated with adult hyperglycaemia [3]. Rapid weight gain in early life was also 

associated with increased risk for CVD and T2DM in adults [4, 5]. However, it is unclear 

whether the rate of BMI increase during adult life is associated with risk of T2DM.

Two statistical techniques commonly used for modeling longitudinal data are: growth curve 

models and latent class growth analysis (LCGA), also known as group-based trajectory 

models. Growth mixture modeling (GMM) [6], is a generalized model of both growth curve 

models and LCGA models. The GMM allows for both subpopulation (different trajectories 

within different subpopulations) and random variation among individuals within a group [6].

To better understand relationships between weight trajectories and T2DM during adult life, 

we applied GMM to examine the associations between BMI trajectory patterns over 20-

years of the adult life course, including age of obesity onset and cumulative exposure to 

obesity, and subsequent risk of T2DM. We applied the GMM model because it overcomes 

two extreme assumptions of “random individual variation” in the growth curve models and 

“zero within-group variance” in LCGA models [6].

METHODS

Australian Longitudinal Study on Women’s Health (ALSWH)

The ALSWH is a longitudinal population-based study of Australian women that commenced 

in 1996 with the recruitment of nationally representative samples of women in three age 

cohorts, born in 1921–1926 (aged 70–75 at baseline), 1946–1951 (aged 45–50) and 1973–

1978 (aged 18–23). The study is designed to examine relationships between biological, 

psychological, social and lifestyle factors and women’s physical health, emotional well-

being, and their use of and satisfaction with health care [7]. Details of the design, 

recruitment, implementation and progress of the ALSWH study are described elsewhere [7, 

8]. The study was approved by the Universities of Newcastle and Queensland Ethic Review 

Committees. All participants provided written informed consent.
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Study population

This study was based on data from the 1946–1951 birth cohort (n=13,714). The following 

participants were excluded from the analysis: women who reported a history of diabetes at 

enrolment or reported having diabetes more than two years ago at first follow-up (n=431); 

women who answered only the baseline survey (n=650); and women with missing values for 

major covariates at baseline, including physical activity, income and stress (n=218), or 

women with missing BMI during the follow-up (n=113). After exclusions, 12,302 women 

remained in the analytic cohort.

Follow-up

Participants were surveyed in 1996 (Survey 1, age 45–50), 1998, and then every three years 

to 2016 (Survey 8, age 65–70). Surveys were sent by mail, and an online option has been 

available since 2013. For the 1946–51 cohort, the retention rates were more than 80% of 

eligible at each survey point [9]. Details on eligible participants and loss to follow-up at each 

survey are provided in Supplemental Table 1.

Measurements

Outcome:

Incidence of T2DM during follow-up

Incident T2DM was defined as a positive self-report of a new diagnosis of diabetes during 

follow-up. The type of diabetes was distinguished by asking whether diabetes was insulin 

dependent (type 1) or non-insulin dependent (type 2) diabetes at baseline survey and first 

two follow-ups. In the later surveys, the question was changed to “in the past three years, 

have you been diagnosed or treated for diabetes (high blood sugar)?” We only considered 

non-insulin-dependent diabetes through the first two follow-ups, and assumed that diabetes 

first diagnosed later in life was T2DM. Self-reported diabetes in the ALSWH has been 

validated against administrative hospital data records with substantial agreement for diabetes 

(kappa>0.70) for the 1946–1951 cohort [10].

Exposure:

Self-reported weight and height collected at up to eight surveys.

Weight and height were reported at each survey. Body mass index (BMI) was calculated as 

weight (kg) divided by height (m) squared. Up to eight measures of BMI were included in 

the analysis. All measures of BMI after the date of diagnosis of T2DM were removed.

The accuracy of BMI estimated from self-reported height and weight has been previously 

validated in this cohort [11], with substantial agreement (84%) between BMI categories 

derived from self-reported and measured height and weight data, especially for healthy 

weight women (94%) [11].
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Covariates:

Participants’ social-demographic characteristics (age, educational attainment, income 

adequacy), lifestyle factors (physical activity, smoking, alcohol use, and dietary intake), 

country of birth, and perceived stress were considered as potential confounders. All 

confounders were collected at baseline, except dietary intake was collected at survey 3. 

Detailed categorization for each covariate is presented in Table 1. Income adequacy was 

assessed by an item asking “how do you manage on the income you have available?” 

Physical activity was measured using items from Active Australia’s 1999 National Physical 

Activity Survey [12] by asking the amount of time spent in the last week on different 

activities expressed as metabolic equivalent (METs)/week (continuous). Stress score 

(continuous) was a summed score for perceived stress across a range of life domains. The 

score has been demonstrated to be reliable and valid [9]. Dietary intake was based on Food 

Frequency Questionnaire collected at survey 3; total energy intake was included as a 

potential confounder.

Statistical analysis

Growth mixture models (GMM) were used to identify distinct BMI trajectories over the 

adult life course. Mplus 8.2 [13] was used to perform GMM. First, we determined whether 

linear or quadratic growth models fit the BMI data better. Z-score results indicated that the 

quadratic model fit the data better, so the quadratic model was used for further analyses. 

Second, we determined the number of distinct BMI trajectories needed to capture the 

population’s heterogeneity. The process began by specifying a 1-class GMM model, then 

increasing the number of classes and comparing the fit of each model. The optimal number 

of groups was selected using the Bayesian Information Criterion (BIC). A lower BIC 

indicates better fit to the data. Third, once the best-fitting model was identified, participants 

were assigned into the trajectory groups to which their posterior membership probability 

was largest. A new variable for BMI trajectory was created.

Cox proportional hazards regression models were used to evaluate the association of the new 

BMI trajectory variable from GMM with risk of T2DM. Survival was defined as time 

between baseline and the date of newly diagnosed diabetes, censoring due to death or loss to 

follow-up, or end of follow‐up at survey 8, whichever came first. In the multivariate-adjusted 

models, potential confounders were included as covariates. The Cox model was fitted using 

the PHREG procedure in SAS 9.4.

For a subset of women (n=10,174, 83% of study women) who were not obese at baseline, 

we further divided women into two groups according to whether they became obese or not 

(yes, no) during follow-up. For those who became obese, we derived age of obesity onset 

and duration from predicted BMI trajectories. Similar to pack-years for smoking, we further 

estimated obese-years as a cumulative exposure by calculating the area under the curve that 

was above 30 kg/m2 by trapezoid rule [14]. Age of onset of obesity and obese-years were 

treated as time-varying covariates in Cox models.

Luo et al. Page 4

Nutr Metab Cardiovasc Dis. Author manuscript; available in PMC 2022 April 09.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Finally, we calculated the hazard ratios that would be obtained from consideration only of 

baseline overweight and obesity status for comparison with HRs for trajectories. We also 

examined models after adjusting further for baseline BMI.

RESULTS

Among 12,302 women who were free of diabetes at baseline, 1,380 women (11.2%) 

developed T2DM over an average of 16 years of follow-up. Overall, the average BMI 

increased from 25.93 kg/m2 at baseline to 27.77 kg/m2 at survey 8. The obesity rate 

increased from 17.8% at baseline to 30.1% at survey 8.

We identified a seven-class solution based on BIC (Supplemental Figure 1), ranked the seven 

classes based on their mean BMI at baseline from low to high, and then categorized them as 

normal weight (NW - BMI<25kg/m2), overweight (OW –BMI: 25-<30kg/m2) or obese (OB 

– BMI:≥30kg/m2) at baseline (Figure 1). Within each category of BMI at baseline, we 

classified as low, middle or high when three trajectories were identified, or as low or high 

when two trajectories were identified. We further categorized as stable, modest increase or 

rapid increase based on slope (<1- stable, 1–2 – modest increase, 2 or more – rapid 

increase). The largest proportion of women belonged to the “OW-low rapid increase” group 

(30%), with initial BMI around 26 kg/m2 and a slope of weight growth of 2.68 kg/m2 per 10 

years throughout follow-up.

The next most frequent categories were “NW-mid modest increase” group (21%) and then 

NW high modest increase (17%). A small group of women belonged to the “OB high rapid 

increase” group (2%) with initial BMI around 36 kg/m2 and rapid weight gain thereafter 

(Figure 1).

Table 1 shows baseline characteristics across BMI trajectories. Based on the mean value of 

BMI at baseline in each class from low to high, compared with the NW-low stable class, 

women in the OB-high rapid increase classe were more likely to be physically inactive, have 

higher stress score, have higher total energy intake, smoke more, have lower education level, 

were more likely to have difficulty in managing on available income, and be Australian born. 

There was no difference in age at baseline and alcohol intake across classes (Table 1). 

Comparison of baseline characteristics by diabetes status is provided in Supplemental Table 

2.

Estimated parameters for each class including intercept, slope and quadratic terms are listed 

in Table 2. Specific growth trajectories are presented in Figure 1. BMI change patterns 

during the late adult life-course were similar with a modest or rapid weight gain in the early 

period (positive slope) followed by a slight decrease in the late period (negative quadratic 

term). Compared with women in the “NW-low stable” class, women in the “NW-high 

modest increase” class had non-significant higher risk of T2DM (HR=1.32, 95% CI: 0.84–

2.06), and women in all other classes had significantly higher risk of T2DM with HRs 

ranging from 2.06 (95% CI: 1.38–3.07) for “NW-mid modest increase” class to 8.35 (95% 

CI: 5.59–12.47) for “OB-Low rapid increase” class after adjustment for potential 

confounders. All three random parameters of the quadratic model were positively associated 
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with risk of T2DM. That is, increased risk of T2DM was associated with increasing 

intercept (initial BMI), slope and quadratic term (Table 2).

Finally, we examined the association between age of obesity onset, and obese-years and risk 

of T2DM among a subset of women who were not obese at baseline but became obese 

during follow-up. We observed that age of obesity onset was negatively associated with risk 

of T2DM (HR=0.88, 95% CI: 0.86–0.91). Obese-years were positively associated with risk 

of T2DM in a dose-response fashion (Table 3). Looking at BMI at baseline only, women 

with baseline obesity (BMI>=30) had an HR of 4.90 (95% CI: 4.26 5.63), which was lower 

than the HR of 8.35 (OB-low rapid increase) or 7.72 (OB-high rapid increase) in Table 2 for 

women starting out obese and experiencing an increase in BMI over time. Similarly, women 

who were overweight at baseline had an HR of 2.32 (95% CI: 2.01 2.67), which was lower 

than for the two trajectories of OW at baseline in Table 2 (HR=5.59 or 8.06).

When we added initial BMI simultaneously in the model of analysis for change patterns, we 

found that the magnitudes of HRs for weight change patterns were substantially reduced, 

however, the order and the significance of HRs for change patterns remained the same. For 

example, compared with women in the “NW-low stable” class, women in the “NW-high 

modest increase” class had non-significant risk of T2DM, and women in all other classes 

had significantly higher risk of T2DM with HRs ranging from 1.95 (95% CI: 1.31–2.92) for 

“NW-mid modest increase” class to 3.91 (95% CI: 2.56–5.98) for “OB-Low rapid increase” 

class after further adjustment for initial BMI.

DISCUSSION

Using data from a large population-based prospective cohort of Australian middle-aged 

women with 20 years of follow-up, we identified seven distinct BMI trajectories with 

differential risk of developing T2DM. Our data suggest that not only initial BMI, but also its 

pattern of change play important roles in the risk of developing T2DM. Specifically, we 

observed that both long-term weight-change slope and quadratic terms were positively 

associated with risk of T2DM independent of initial BMI. We also observed that cumulative 

exposure to obesity measured as obese-years was positively associated with risk of T2DM, 

and the younger women were at obesity onset, the higher the risk of T2DM.

Few previous studies have examined the associations between BMI trajectories and T2DM 

incidence [15–17], diabetes-related metabolic markers, or inflammation [18–21]. Most 

observed that steeper weight-gain trajectories were associated with greater risks for diabetes 

incidence, diabetes-related metabolic markers (levels of glucose, insulin and HOMA-IR), or 

elevated hs-CRP [15, 18–21], which is in line with our findings. A study conducted in 

Australia did not observe risk differences for diabetes incidence among three classes (high 

stable, steady increase or increase-decrease) compared with a low stable class for women 

age<50 years. However, that study included only 16 diabetes cases in the steady increase 

pattern and 5 cases in the increase-decrease pattern [17]. One case-control study from Japan 

reported that increasing BMI was not associated with the onset of T2DM [16]. This may be 

because the study used retrospectively collected weight data, which was more likely to have 

recall bias.
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Our study revealed that baseline BMI level was a significant predictor for risk of developing 

T2DM. We noted that risk of T2DM for the “OB-high rapid increase” group was not the 

highest as expected, given this group had the highest mean initial BMI. This may be due to 

survival or selection bias. Studies have reported that elevated risk of diabetes may begin to 

plateau after 11–15 years of being obese [22].

Besides baseline BMI, our study indicated that both long-term weight-change slope and 

quadratic terms during late adulthood were significantly associated with elevated risk for 

T2DM. The faster the increase, the higher the risk of T2DM. Similar findings have been 

reported in other studies [3, 23]. One possible mechanism is that rapid weight gain may lead 

to altered adipose tissue distribution and result in higher insulin concentration. It is well-

accepted that excess adiposity can have deleterious metabolic effects (such as increased 

insulin resistance or pro-inflammatory cytokines [24]), therefore increasing the risk of 

developing diabetes. Another explanation is that rapid weight gain may lead to an early 

onset of obesity that was also associated with higher risk of T2DM in our data.

The higher risk of T2DM among women who became obese at a younger age may be due to 

the long duration of obesity. Previous studies have shown that durations of obesity or 

abdominal obesity were associated with a significantly higher risk of diabetes, independent 

of the degree of BMI or abdominal adiposity [22]. Prolonged obesity duration may result in 

additional metabolic changes, leading to the development of hyperglycaemia and diabetes 

[25]. Similarly, our data show that obese-years, a cumulative effect of obesity, was 

associated with higher risk of T2DM in a dose-response fashion. This may be because 

obese-years reflect the cumulative damage of obesity on the body. A previous study 

compared different measures of obesity as predictors of diabetes risk and reported that 

obese-years was a better predictor for T2DM than duration of obesity or level of BMI alone 

[26]. Other studies have also shown that diabetes risk is particularly high in individuals who 

were obese as adolescents relative to those with adult-onset obesity [27]. Obesity during 

young age may be more deleterious for insulin resistance and diabetes than obesity during 

older age [27]. These data highlight the need for diabetes prevention efforts to begin early to 

slow down weight increases or delay the onset of obesity.

In addition, metabolism of women would be greatly changed after menopause. Studies have 

shown that the hormonal changes after menopause are associated with lower metabolic rate 

and increased total body fat, especially abdominal fat [28]. This may explain why we 

observed only increasing BMI trends for the population, and why the rapid increase pattern 

increases risk of diabetes. The mechanisms underlying obesity and type 2 diabetes remain 

unclear. Insulin resistance and pancreatic β-cell dysfunction are currently proposed as two 

main pathogenic mechanisms in the progression of obesity to diabetes [29]. Weight gain and 

obesity are associated with reduced insulin sensitivity of tissues [25]. β-cells compensate by 

increasing insulin secretion to maintain a normal blood glucose level and glucose tolerance; 

however, when the amount of insulin produced by β-cells is insufficient to compensate for 

the reduced insulin sensitivity of tissues, this may progressively lead to impaired glucose 

tolerance and then diabetes [25, 29].
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Strengths of the study include a large prospective cohort with long term follow-up. We also 

applied GMM to identify distinct classes of BMI change over time. Like many other models, 

GMM may be susceptible to local solutions. We incorporated the use of random starting 

values to avoid local solutions. Several limitations deserve mention. First, data on weight in 

our study were self-reported. Although self-reported height and weight were found to be 

reliable [11], potential misclassification in trajectory assignment may be an issue. Also, 

because the exact timing of incidence of diabetes was unknown, it is possible that some 

weights that were reported close to diabetes diagnosis may be affected by undiagnosed 

diabetes. Second, women who experienced rapid weight gain and developed diabetes prior to 

the start of the study were excluded, with potential to underestimate the effects of adult 

weight and weight change on diabetes risk. Third, we did not have information on HbA1C. 

Although self-reported diabetes in the cohort has been demonstrated to be a reliable 

indicator of diagnosed diabetes [10], a certain degree of misclassification may still exist. 

However, this type of misclassification is likely to be non-differential, which may make our 

results conservative. Fourth, we assigned individuals into their most likely trajectory patterns 

and did not take into account the uncertainly of the classification. Fifth, although we were 

able to adjust for major confounders, other variables such as age of menopause and 

breastfeeding were unavailable, thus residual confounding cannot be ruled out. Finally, our 

results are based on middle age women, which may limit generalizability to other 

populations. More studies in large and diverse populations are needed to confirm our 

findings.

In conclusion, our data suggest that slowing down weight increases, delaying the onset of 

obesity, or reducing cumulative exposure to obesity may substantially lower the risk of 

developing diabetes in middle-aged women. Our findings offer more refined guidelines 

regarding diabetes prevention and control, showing, for example, that it is not too late for 

women to reduce weight to lower diabetes risk, and that slower rates of weight gain over 

time are better than rapid increases.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• Type 2 diabetes risk was associated with rapid weight increase

• Diabetes risk is higher with early versus later age of obesity onset

• Diabetes risk is also higher with greater cumulative exposure to obesity

• Maintaining normal weight or slowing down weight gain lowers diabetes risk.
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Figure 1. BMI trajectories over 20 years of follow-up
(within each category of BMI at baseline (normal:<25, overweight: 25-<30, and obese: ≥30 

kg/m2), we classified as low, middle or high based on the rank of their values when three 

trajectories were identified, or as low or high when two trajectories were identified. We 

further categorized as stable, modest increase or rapid increase based on slope (<1- stable, 

1–2 – modest increase, 2 or more – rapid increase).
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Table 2

Estimated means of intercept, slope and quadratic parameters for each class, and its hazard ratio (HR) for Type 

2 diabetes mellitus(T2DM) incidence

Classes 
1 Incident T2DM Multivariable-adjusted model 

2
 HR (95%CI) Intercept Slope Quadratic

NW-low stable (8%) 28 Reference 21.29 0.79 −0.24

NW-mid modest increase (21%) 172 2.06 (1.38–3.07) 22.74 1.67 −0.44

NW-high modest increase
(17%)

61 1.32 (0.84–2.06) 24.37 1.72 −0.35

OW-low rapid increase
(30%)

620 5.59 (3.82–8.17) 26.18 2.68 −0.70

OW-high rapid increase
(13%)

293 8.06 (5.46–11.91) 29.94 2.20 −0.30

OB-low rapid increase
(9%)

177 8.35 (5.59–12.47) 31.07 2.39 −0.73

OB-high rapid increase
(2%)

29 7.62 (4.51–12.85) 35.78 2.26* −0.97*

Quadratic model parameters

Intercept 1.12 (1.11 1.13)

Slope 1.14 (1.10 1.17)

Quadratic 1.14 (1.05 1.24)

*
- these estimates were not significant. All other estimates were significant (p<.05).

1
NW – Normal BMI at baseline; OW – Overweight at baseline; OB – Obesity at baseline Low- at low end of the category; mid – at middle of the 

category; high- at high end of the category Slope: <1 – stable; 1-<2 - modest increase; 2 or higher – rapid increase.

2
Model adjusted for age (in continuous), physical activity in Metabolic equivalent (METs)/week (in continuous), smoking (never, former, current 

smoker: <10 cigarettes/day, 10–19 cigarettes/day, ≥ 20 cigarettes/day), alcohol (low risk, non or rarely drinker, risky drinker, high risk drinker), and 
education (higher school or lower, technical training, university degree or higher), income adequacy (impossible, difficult always, difficult 
sometimes, not too bad, it is easy), stress score (in continuous), total energy intake, and country of birth (Australian born, other English speaking 
background, Europe, Asia, other).

Nutr Metab Cardiovasc Dis. Author manuscript; available in PMC 2022 April 09.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Luo et al. Page 16

Table 3.

Associations between age at onset of obesity, obese-years, and risk of type 2 diabetes incidence among 10,174 

(83%) women who were not obese at baseline

Cases/Population HR (95% CI)

Become obese during follow-up

 No 596/8484 Reference

 Yes 216/1680 2.71 (2.31 – 3.19)

Age at onset of obesity among women who became obese (per year) 216/1680 0.88 (0.86 – 0.91)*

Obese –years

 Not obese 596/8494 Reference

 <10 139/913 2.58 (2.14 3.12)

 10-<30 55/511 2.98 (2.24 3.95)

 30 or more 22/256 3.53 (2.29 5.45)

P for trend 812/10174 <0.0001

*
for a one year increment in age of obesity onset among women who became obese during follow-up.
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