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Abstract 
 
Title of Dissertation: The Effect of Three-Year Weight History on Quantitative 

Ultrasound Parameters in Older Mainland Chinese Women and Men 

Ana Sanchez, Doctor of Philosophy, 2015 

Dissertation Directed by: Jay Magaziner, Ph.D., Dept. of Epidemiology and Public 

Health 

Background: Finding risk factors for poor bone quality that are relevant to China is useful 

for targeting higher-risk women for bone quantitative ultrasound (QUS) testing.  Weight 

history has typically been measured as the difference in weight between two time 

points.  Incorporating an additional indicator of weight variability over this time period 

may enhance this measure. 

Objective: To examine the relationship between bone QUS and weight history (including 

weight variability) in pre and postmenopausal women, women transitioning into 

menopause (TIM) and men over 65 years of age. 

Methods: This was a retrospective, clinic-based study of 1201 postmenopausal, 862 pre-

menopausal and 419 TIM women, and 424 older men in Guangdong Province, China. 

Weight was measured yearly over a three year period. Weight history over 3 years was 

defined as (1)  weight trend (the slope of weight on year) and weight variability (the root 

mean square error (RMSE) around the slope of weight on year) (2) weight trajectories (3-

year  trajectories estimated by growth mixture modeling), and (3) weight change (the 

percent change in weight from baseline). Stiffness index (SI) of the os calcaneus 

[assessed using a Lunar Achilles Insight QUS device (GE Medical Systems Inc., USA)], 

age, height and weight were measured once at the end of year 3. Z-scores were used to 



 

 

 

compare regression lines for predicting SI from the weight history variables among study 

groups. 

Results: Weight variability (weight-RMSE) was significantly and negatively associated 

with SI, independent of weight, weight trend, age and height (β = -1.32; P< 0.03) among 

postmenopausal women. No other associations between weight history and SI were 

detected.  Slopes for the association between SI and weight-RMSE were not significantly 

different between postmenopausal women and the other study groups. 

Conclusions: This study provides evidence that measuring weight variability, in addition 

to weight change, may provide a more complete assessment of the influence of weight 

history on bone.  Further work is needed to investigate methods of quantifying weight 

variability that could be used in a clinical setting. 



The Effect of Three-Year Weight History on Quantitative Ultrasound Parameters in 

Older Mainland Chinese Women and Men 

 

 

 

 

 

by 

Ana Maria Sanchez 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dissertation submitted to the Faculty of the Graduate School of the 

University of Maryland, Baltimore in partial fulfillment 

of the requirements for the degree of 

Doctor of Philosophy 

2015



 

 

iii 

PREFACE 

By 2050, it is estimated that more than half of the world’s hip fractures will occur in 

Asia. 1,2  As China has the world’s largest population, and an increasing proportion of 

elderly citizens, hip fracture is a growing and significant public health concern there. 3,4,5  

To reduce the incidence of fracture, screening to identify those at high-risk, and 

providing appropriate preventative interventions, is key.  In China, QUS is commonly 

used to assess fracture risk, as the availability of DEXA screening, the gold standard, is 

limited to only 450 devices throughout the entire country.3 In resource-restricted areas, 

universal QUS screening is not economically feasible.  Low-cost pre-screening 

approaches are needed to identify those who would most benefit from QUS testing, and 

thus more efficiently use available resources.  

Risk factors for  poor bone health, include: a history of fracture and/or other medical 

conditions which predispose to or serve as an indicator of impaired bone health, a family 

history of  osteoporosis, older age, female sex, ethnicity, post-menopausal status, poor 

diet, sedentary lifestyle, excessive alcohol consumption, and low weight.6   Of these, 

weight is one of the few that is modifiable, which makes it of particular importance to 

health planners seeking to reduce the fracture burden. The relationship between weight 

and bone is complex. Current weight, weight change (the difference in weight between a 

baseline and final assessment), and weight variability (variation in weight at times 

between a baseline and  final assessment) have all been found to influence bone health.8-

32  It is well established that  low weight and/or a history of  weight loss are associated 

with both lower BMD 7,8, 9, 10, 11, 12,13,14, 15,16,17   and poor bone quality as measured by 

QUS. 18,19,20,21,22,23,24,25   The effect of  a history of weight variability on bone has been 
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less well investigated. The few studies that have examined this relationship have 

mostly found that greater weight variability was associated with lower BMD. 

26,27,28,29,30,31,32 No studies have considered the effect of weight variability on QUS 

parameters.   

While lower-weight individuals are well understood to be at greatest risk for poor 

bone health and associated fractures, the global trend towards rising prevalence of 

overweight and obesity has focused increasing attention on fracture risk among those 

with greater body mass. 33  Given this, there is a concern that traditional screening 

strategies focused on individuals with lower BMI will not identify vulnerable individuals 

of average or greater weight. However, to efficiently target those higher BMI persons at 

greatest risk for poor bone health, new evidence-based paradigms are needed. At the 

same time, increasing resources are being devoted to weight reduction among overweight 

persons, with associated high rates of recidivism.34 The result has been an increase in 

short and long-term weight variability.  It is hypothesized that more detailed assessments 

of the association between weight variability and bone health, carried out in cohorts 

which include individuals of average and above weight, might help to inform novel 

screening paradigms. 

 The primary aim of this study was to examine the relationship between bone quality, 

as assessed by QUS, and weight variability in women at different menopausal stages 

(premenopausal, postmenopausal, and women transitioning into menopause), and in men 

over 65 years of age, from Guangzhou Province, China. 
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CHAPTER 1: INTRODUCTION 

Hip fractures have primarily been observed as a significant public health problem in 

Caucasian populations, where the incidence rates are substantially higher than in other 

groups.35,36 A cross-national study of  the incidence of  hip fractures among those 20 

years and older between 1990-1992, found the lowest rates in Beijing, China (age-

adjusted rate of  45.4 per 100,000 for men and  39.6 per 100,000 for women), and the 

highest rates in Reykjavik, Iceland (141.3 per 100,000 for men and 274.1 per 100,000 for 

women).36   However by 2050, it is estimated that more than half of the world’s hip 

fractures will occur in Asia.1,2 Given that China has the world’s largest population, and an 

increasing proportion of elderly citizens - the population over 50 years is expected to 

increase 34% from 350 million to 469 million between 2006 and 2020 - hip fracture is a 

significant public health concern.3,4,5Bone mineral density (BMD) measured at a relevant 

skeletal site (femoral neck, lumbar spine, or total hip) is one of the strongest predictors of 

hip fracture risk. 37,38   The best-validated approach for assessing fracture risk is to 

measure BMD at one of these sites39 using central dual-energy X-ray absorptiometry 

(DXA).39  However, access to DXA devices is limited in China,3 and quantitative 

ultrasound (QUS) testing at the calcaneus, a less well validated but widely-used 

alternative modality for assessing fracture risk,40 is used to target preventative 

interventions in China.  Heel QUS measures have been shown to predict the risk of hip 

and non-vertebral fracture, as well as hip BMD,  assessed using DXA, in older men and 

postmenopausal women (see section 2.9 for detail).41  

Even though there are considerably more QUS devices in China than DXA machines, 

the number is likely to be insufficient for nationwide mass-screening of older citizens, 
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and healthcare resources are unavailable for such mass campaigns. Consequently, quick 

and inexpensive pre-screening strategies are needed to focus time and equipment on high-

risk individuals. At present, no such strategies are available. This investigation  provides 

new information regarding weight variability as a risk factor for poor bone health, which 

may aid in developing pre-screening approaches for vulnerable populations with limited 

resources.  

The relationship between weight variability and the primary outcome, bone quality, 

was evaluated in four key populations: (1) Postmenopausal women, (2) women 

transitioning into menopause (TIM), (3) premenopausal women and (4) men over 65 

years.  The postmenopausal women and older men both represent populations at are at 

increased risk of hip fracture. The younger women were included in order to better 

account for the role of menopausal status when assessing the effect of weight variability 

on bone quality.  Because of the relatively small sample sizes for the TIM women and 

older men, these groups were evaluated in sub-studies. 

1.1 Primary Study - Pre and Postmenopausal women: Rationale and Objectives 

It is well established from studies in diverse populations that used either QUS 18-25 or 

central DXA7-12 results as the outcome, that being female, postmenopausal, older, or 

having a low BMI/weight are strongly associated with lower BMD and QUS parameters. 

However, while individuals with a low BMI are at higher risk, with the increasing 

prevalence of overweight and obesity in China, a significant proportion of fractures are 

likely to affect this population, as is currently seen in other parts of the world.42  Many 

older overweight and obese women and men who would benefit from bone testing may 
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not be identified as candidates by screening strategies focused principally on current 

weight and age.43  An infrequently-studied potential risk factor that may be useful for 

assessing heavier populations is weight variability, which has been evaluated for time 

periods ranging from 1 to 27 years. Most studies define weight history in terms of weight 

change (the difference in weight between two measurements), and do not consider weight 

variability over multiple measurements.13-17 In general, these studies have found weight 

loss to be a risk factor for accelerated bone loss, and weight gain to be a protective factor 

in both older men and women.  Refining measures of weight history by incorporating 

information on weight variability (variation in weight at times between baseline and the 

final assessment) may improve prediction of bone status (Table 2.2). 

Seven studies have examined the effect of weight cycling on BMD (Table 2.2). 26-32 

These studies are limited by small sample sizes, selective populations, cross-sectional 

design, and/ or self-reported data.  The studies that did prospectively measure weight loss 

and regain 26,28,31,32 involved overweight or obese women who lost weight as part of a diet 

intervention, which may not reflect the experience of women  in real world settings. 

Moreover, all the studies used BMD as the outcome measure, and found site specific 

effects (see section 2.11).  Therefore, these findings do not provide information about the 

association between weight variability and bone status at the calcaneus.  

The present investigation  adds to the literature evaluating risk factors for poor bone 

health  in pre and postmenopausal, mainland, Chinese women.   Risk factors for  poor 

bone health, include: a history of fracture and/or other medical conditions which 

predispose to or serve as an indicator of impaired bone health, a family history of  

osteoporosis, older age, female sex, post-menopausal status, poor diet, sedentary lifestyle, 
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excessive alcohol consumption, and low weight.44   Of these  factors, weight is one of the 

few that is modifiable, and this makes it of particular interest. Individuals with a history 

of weight variability are likely to increase in response to the increasing prevalence of 

overweight, as  weight loss is recommended to improve the general health of heavier 

persons, and recidivism after weight loss is not uncommon.  

This is the first study, in any population, to assess the association between weight 

variability and QUS parameters. In contrast to prior studies, large samples of women of 

low, normal and high weights were examined. These women were participants of the 

Lingtou Cohort, and tend to be urban dwellers of mid to high socio-economic status 

(SES), and  all had access to regular healthcare.  In addition, this project assessed weight 

variability using direct weight measurements collected from standard yearly health 

exams; thus, the data reflect weight variability seen in the population, as opposed to those 

induced by diet interventions which may be less common in China.  The objectives for 

the primary study were: 

• To evaluate the relationship between weight history (weight change and 

variability), and bone quality ( determined by QUS), in postmenopausal women 

45 to 89 years, and premenopausal women over 40 years of age; and 

• To compare the effects of weight change and weight variability on bone quality 

between pre and postmenopausal women.   

1.2 Sub-Studies – TIM women and older men Rationale and Objectives  

The sub-studies examined the association between bone quality and weight variability 

in two important populations: men over 65 years, and women transitioning into 
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menopause (TIM).  These analyses were conducted as secondarystudies because the 

sample sizes for these two populations were small, and thus, may not be adequate to 

reliably identify latent trajectory classes in the growth mixture modeling analyses or 

detect significant effects in the regression analyses. 

Osteoporosis in men is an important and under-recognized clinical condition.  While 

less frequently affected than women, men account for as many as 30% of hip fracture 

cases worldwide,45 and may be at higher risk for fracture-associated mortality.46 Despite 

these findings, men are reportedly less likely than women to receive DXA testing and 

subsequent treatment, because osteoporosis has  traditionally been viewed as a women’s 

disease.47 As men are living longer, their prevalence of fractures may be expected to 

grow.48 It is estimated that half of osteoporosis cases in men are secondary to other 

conditions (e.g. hypogonadism or alcoholism), with the cause not evident in the other 

50%. 48   Research is thus needed to better understand the mechanisms and risk factors 

leading to bone loss in men. Most of the few studies in this area have been cross-sectional 

and involved fewer than 250 men, 23,49,50,51,52  considerably less than the 427 male subjects 

in the proposed analysis.  None included Chinese populations. These studies have 

consistently reported greater effect sizes for a variety of risk factors in women compared 

to men, suggesting that findings from studies of women cannot be generalized to men.  

Analyses of the influence of weight history on QUS measures in older men and women 

may also lead to a better understanding of sex differences in the factors leading to bone 

loss. 

The effect of weight change (the difference between two weight measurements)  on 

QUS parameters has not been investigated in men, though weight change has been 
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reported to be associated with BMD in older men, independent of baseline 

weight.14,16,17The relationship between weight variability and measures of bone health has 

not been examined in men. The objectives of this sub- study in mainland Chinese men > 

65 years of age are: 

• To evaluate the relationship between weight history ( weight change and 

variability)  and  bone  quality (determined by QUS); and 

• To compare the effects of weight change and weight variability on bone quality 

between men over 65 years of age, and similarly aged women.   

For premenopausal women, the incidence of osteoporotic fractures is low, but 

entering menopause with a reduced BMD may increase the risk of fractures.  It is of 

particular interest to identify factors which may attenuate bone loss during the 

menopausal transition, as rates of bone loss are most rapid during this period, even when 

estrogen levels remain normal.53,54, 55 These findings suggest that bone is responding to 

other hormonal stimuli beyond estrogen depletion during this reproductive stage, and 

several studies have reported a significant inverse association between follicle stimulating 

hormone (FSH) and QUS parameters.54-56 As the relative importance of different 

mechanisms of bone loss may change during the reproductive stages, the importance of 

risk factors for poor bone health, such as weight history, may also differ.  This is in fact 

consistent with the findings of some of the few available studies assessing the 

relationship between bone status and reproductive history.56,57  
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The goals of this sub-study in TIM women are: 

• To evaluate the relationship between weight history ( weight change and 

variability), andbone quality (determined by QUS); and 

• To compare the effects of weight change and weight variability on bone quality 

between post-menopausal and TIM women. 
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CHAPTER 2: BACKGROUND AND AIMS 

2.1 Epidemiology of Osteoporosis and Hip Fractures in China 

Osteoporosis is a disease involving increased bone fragility that results from loss of 

bone mass and changes in bone microarchitecture.58  The most serious complication of 

osteoporosis is hip fracture, a condition associated with significant morbidity and 

mortality. 59, 39    

 In 2006, an estimated 176 million women and 174 million men over 50 years of age 

resided in China. The 2003-2006 survey of the Chinese Ministry of Health reported that 

osteoporosis, defined as a lumber or hip BMD T-score below -2.5, affected 69.4 million 

Chinese over the age of 50 years, and that approximately 687,000 hip fractures occur 

each year. The number of hip fractures is expected to significantly rise, as the population 

over 50 years is projected to peak at 1.47 billion by 2030.3 

2.2 Bone Structure and Strength 

Bone tissue is primarily composed of collagen and calcium phosphate, and consists of 

two types of bones: cortical and trabecular.  Both bone types have a complex hierarchical 

structure that influences their mechanical properties and strength. Bone health is related 

to both the quantity and quality of bone. Trabecular bone constitutes only around 20% of 

the total skeletal mass, but it has a greater surface area than cortical bone.  It is a porous 

tissue, with porosity ranging between 50% - 90%, and is composed of trabeculae that are 

organized in a network of plates and rods.  Cortical bone is much denser and stronger 

than trabecular bone; porosity ranges between 5% and 10%.  It consists of cylindrically 

shaped osteons that are connected by Volkmann's canals. The osteons are composed of 



 

 

9 

 

concentric lamellae that enclose a central canal, the Haversian canal, which contains 

capillaries and nerve fibers.  

Bone strength is determined by, among other factors, both its structural and material 

characteristics, including geometry, size, microarchitecture, porosity and the degree of 

mineralization. Specifically, trabecular bone strength is influenced by the orientation, 

thickness, spacing and connections of the trabeculae, whereas cortical bone strength is 

effected by porosity and the mineralization of the bone matrix.  The only property of 

bone strength that is presently evaluated clinically in patients is BMD, which is 

responsible for 60 to 90% of the strength.  BMD provides a measure of bone mass, 

density and size.60 

Bone strength properties are dependent on the rate of bone remodeling. Bone turnover 

is the process of bone resorption and formation by which bones maintain normal 

architecture, and adapt to changes in load-bearing stress from movement and gravity. 

Loss of bone mass occurs when the skeletal load is decreased and osteoclasts break down 

bone tissue; bone is gained when the load is increased and osteoblasts form bone.  Bone 

cells respond locally to their immediate loading environment; site specific changes in 

bone structure occur in response to site specific stimuli. Consequently, measures of bone 

strength, including BMD, will not be consistent across bone sites.61 

In patients with osteoporosis, bone strength is reduced by an imbalance between 

osteoclast and osteoblast function, where bone resorption surpasses bone formation.  62  

As compared to normal bones, osteoporotic bones tend to be more porous, have a lower 
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mineral content, fewer connections between trabeculae, and greater trabecular and 

cortical thinning. These bone characteristics result in an increased risk of fracture.63  

The current study used QUS to assess bone quality at the calcaneus, a weight-bearing 

site with very high trabecular bone content. 

2.3 Prevalence of Overweight in China and the Assessment of Osteoporosis in this 

Population 

Based on data from nationally-representative surveys, the prevalence of adults (≥ 18 

years) in mainland Chinese with a BMI ≥ 25 increased nearly 50% between 1992 and 

2002. Using the Chinese standard (overweight = BMI ≥ 24), the 2002 survey found that 

the highest prevalence of overweight was among those 45 to 59 years old, 33.5% of men 

and 44.3% of women.64  

In other countries where the prevalence of overweight and obesity has significantly 

increased, a large proportion of fractures are seen in this sub-population.  In a large UK 

study, 49% of all postmenopausal hip fractures were found among women with a BMI ≥ 

25 kg/m2, 65 and in a US study of older men, 62% of hip fractures occurred among those 

with weights above normal.66, 33  The importance of screening for osteoporosis in this 

group is further indicated by research that suggests that bone status affects fracture risk in 

heavier women. A prospective study of 1377 obese, postmenopausal women compared 

BMD in two groups with similar BMIs but different fracture status.  This study reported 

that women in the incident non-vertebral fracture group had a significantly lower BMD 

than those in the non-fracture group.67  Nonetheless, based on current screening 

algorithms, a significant proportion of overweight and obese individuals may not be 

identified as candidates for bone testing.  This is suggested by a retrospective cohort 
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study of 809 older women that found that, among women of normal weight or higher, 

receiving BMD testing was inversely related to BMI.43 

2.4 Assessment of Osteoporosis using central dual-energy X-ray absorptiometry 

(DXA) 

  
BMD measured with DXA is the gold standard measure of bone status  used to: 

diagnose osteoporosis in patients without a prior fragility fracture, to evaluate 

osteoporotic fracture risk in postmenopausal women and men 50 years or over, and to 

monitor bone changes.39, 68 Central BMD testing has been found to account for 60-70% of 

the variation in bone strength, 69 and is one of the best predictors of fracture risk in 

postmenopausal women37,38 and men.70,71   It predicts fracture risk as well as elevated 

blood pressure predicts the risk of stroke, and better than cholesterol predicts the risk of 

heart disease.37, 69 The strongest association is between femoral neck BMD and hip 

fracture risk.39 

A diagnosis of osteoporosis is based solely on BMD values, as other aspects of bone 

strength, namely bone geometry, microarchitecture and size, cannot be easily measured in 

clinical settings. The World Health Organization (WHO) international reference standard 

defines osteoporosis as a BMD T-score (measured at the femoral neck, the lumbar spine 

or total hip) of -2.5 or less. 39,72 The T-scores are based on reference values from the 

NHANES database of Caucasian women 20-29 years old. T-scores are calculated using 

the following equation: 

T-score = measured BMD – mean BMD of the reference population/ SD of the reference 

population 
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2.5 Assessment of Fracture Risk using DXA  

Fracture risk assessment has focused on identifying individuals with osteoporosis. 

However, most fractures occur in those with BMD T-scores that are not in the 

osteoporotic range.  An Australian study, that followed a population based sample of 

postmenopausal women for an average of 5.6 years, found that approximately 75% of 

fractures occurred in women without a diagnosis of osteoporosis.73 To improve risk 

evaluation, screening algorithms that incorporate other fracture risk factors have been 

developed and found to enhance risk prediction beyond BMD alone.74  The most studied 

of these screening algorithms, the fracture risk assessment tool (FRAX), was developed 

by the WHO. 71 FRAX is a country-specific algorithm that estimates an individual’s 10 

year probability of hip fracture, and 10-year probability of a major osteoporotic fracture 

(clinical spine, hip, forearm or humerus). These estimates account for BMD measured at 

the femoral neck and  clinical risk factors for fracture including individual and family 

history of fracture, race, weight, age , sex, smoking, corticosteroid use and alcohol 

consumption. In the absence of DXA testing, fracture probabilities can be estimated using 

body mass index (BMI) in conjunction with  the above mentioned clinical risk factors 

However, these probabilities are considered much less reliable.71 

2.6 DXA Testing in China 

At present, there are no national guidelines for the diagnosis and management of in 

China; however, the Osteoporosis and Bone Mineral Society (OBMS) of the Chinese 

Medical Association has released clinical practice guidelines.63 The OBMS advocates a 

case finding and treatment approach that is commonly used in many parts of the world.  



 

 

13 

 

Specifically, DXA testing is offered to those who have clinical  risk factors for low BMD 

including a history of  fracture and/or other medical conditions which predispose to or 

serve as an indicator of poor bone health, a family history of  fracture, older age, female 

sex, post-menopausal status  and low weight .  This targeted testing strategy provides a 

higher test sensitivity and positive predictive value than population-based screening, by 

increasing the average risk of those identified for bone testing; this enables the available 

devices to be used more efficiently.  Nonetheless, a significant proportion of the 

population does not have access to central DXA machines.  A 2009 International 

Osteoporosis Foundation (IOF) survey found that approximately 450 DXA machines 

were available or 0.35 devices per million people, and these were located in urban areas.  

The greatest number of DXA machines were found in Beijing (3.4 devices per million 

people), and Shanghai (1.5 devices per million population).3   The available devices, 

however, may be insufficient to meet demands even in these cities.  The current IOF 

recommendation for Europe is 11 devices per million.75 

2.7 Clinical uses of Calcaneal Quantitative Ultrasound (QUS) for the Assessment of 

Bone Quality 

Given the very limited availability of DXA testing, heel QUS devices are being 

commonly used in clinical practice to assess fracture risk in China, and other parts of 

Asia. 40 QUS is portable, low-cost, easy to perform and radiation-free. Screening is easily 

integrated into primary health care settings, and is particularly appropriate for use in low-

resource areas.  A relatively small space is needed for testing, minimal training is 

required to operate QUS machines, and the results are immediate, eliminating the need 

for the patient to return.  This is especially important in rural areas of China where the 
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cost of a clinic visit, and the distance of the clinic from a patient’s residence, have been 

shown to be significant barriers to medical care.76  Moreover, the cost of fracture 

screening may not be reimbursement by health insurance; policies vary significantly.3  

Analogous to DXA, QUS findings are expressed as a standard deviation (SD) from a 

healthy young adult reference population or T-score.  However, the WHO diagnostic 

criteria for osteoporosis, which is based on DXA testing, cannot be directly applied.77  

Moreover, because various approaches are available for measuring QUS characteristics, 

heel QUS parameter values are not standardized across models.  Some of the device 

specifications that can differ between models include: coupling medium, calibration 

method, scanner design, transducer size, and definition of velocity. 78,79 To account for 

this variability, QUS test findings are interpreted using device-specific T-score thresholds 

that are based on device-specific reference populations. 

In 2007, The International Society for Clinical Densitometry’s (ISCD) published 

screening recommendations to address the needs of regions with limited access to DXA.  

When DXA testing is unavailable, the ISCD supports initiating pharmacologic treatment 

on the basis of tools similar to FRAX. Specifically, a 10-year probability of fracture that 

is calculated by combining clinical risk factors and heel QUS scores.80 The ISCD also 

supports using these probabilities to identify individuals who are at very low risk of 

fracture, and do not require further evaluation. Specific recommendations for the Asia-

Pacific region were published by the ISCD Asia-Pacific Panel in 2010 (Table 2.1).3 This 

group endorsed the ISCD position, and highlighted the need for research to identify 

clinical risk factors for fracture that are most relevant for Asians. Guidelines for 

identifying candidates for QUS assessment have not been provided by the ISCD. 
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Table 2.1 International Society for Clinical Densitometry (ISCD) Asia-Pacific 

Panels Recommendations for Use of  QUS Devices* 

 

 

 

 

 

 

 

 

 

 

 

 

 

*This table is based on material taken from Kung AW, Wu CH, Itabashi A, Lee JK, Park 

HM, Zhao Y, Chan WP, Kendler DL, Leib ES, Lewiecki EM, Bilezikian JP, Baim S; 

Asia Pacific Panel of ISCD. International Society for Clinical Densitometry official 

positions: Asia-Pacific Region consensus. J Clin Densitom. 2010;13(4):346-51 

 

2.8 Overview of the Achilles InSight Ultrasonometer 

2.8.1 Introduction to the Achilles InSight ultrasonometer 

Bone quality was assessed for this study by QUS at the calcaneus using the FDA 

approved Lunar Achilles Insight bone ultrasonometer, software version 5.X (GE Medical 

Systems Lunar, Milwaukee, WI, USA).  Lunar Achilles instruments are among the most 

widely used in Asia, and one of the most studied heel QUS devices. The Achilles Plus 

has been in use for over a decade, and the Achilles Insight is the next generation 

• The only validated skeletal site for the clinical use of 

QUS in osteoporosis management is the heel. 

 

• Central DXA measurements at the spine and femur are   

the preferred method for making therapeutic decisions   

and should be used if possible. If central DXA is 

unavailable, pharmacologic treatment can be initiated if 

the fracture probability as assessed by heel QUS, in 

conjunction with clinical risk factors is sufficiently high. 

Research into the most relevant clinical risk factors for 

the regional ethnic populations should be furthered. 

 

• QUS cannot be used to monitor the skeletal effects of 

treatment for osteoporosis. 

 

• Heel QUS in conjunction with clinical risk factors can 

be used to identify a population at very low fracture risk 

in whom no further diagnostic evaluation may be 

necessary. 
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instrument.  Among the enhancements, the Insight is equipped with real-time imaging of 

the calcaneus and the region of interest (ROI) to reduce positioning errors.81 QUS 

measurements are also made in less than a minute, thus reducing errors associated with 

patient movement. In addition, the Achilles Insight is equipped with an auto-calibration 

system that runs known phantoms to monitor machine drift. An in vivo comparison study 

showed significant agreement by the Bland and Altman method between all QUS 

parameters for the Achilles Insight and the Plus. However, short term precision, as 

measured by percent coefficient of variation (% CV), was higher for the Insight: the 

newer model (Stiffness = 2.7% vs 2.1% CV). 82  

The Achilles device assesses the propagation of ultrasound waves through the bone.  

The calcaneus is a useful site for evaluating fracture risk because it is weight bearing, 

composed almost exclusively of trabecular bone, has high bone turnover, and has been 

shown to exhibit similar rates of bone loss as the spine and hip. 83, 84,85 ,86  Moreover, it 

has a relatively small amount of overlying soft tissue, which can influence the precision 

of the ultrasound measurements. 87 The device measures the transverse transmission of 

sound waves by positioning the heel between two transducers that are immersed in warm 

water.  One transducer emits and the other receives the sound waves.  The heel is 

protected from the water by two gel-covered rubber membranes that flank the foot. Both 

the water and the gel function as coupling medium that enable the transmission of sound 

waves from the emitting transducer into the skin. Measurements of ultrasound velocity 

and attenuation are taken from a specific region of interest (ROI) in the heel. Velocity or 

speed of sound (SOS) in m/sec. is a measure of the time involved for the sound wave to 

be transmitted through the heel as compared to being transmitted through water (the 



 

 

17 

 

reference medium).  Broadband ultrasound attenuation (BUA) in dB/MHz is the measure 

of the reduction of intensity of the broadband ultrasound pulse through the bone at 

different frequencies. 88 In cancellous bone, attenuation is positively associated with 

frequency.  Compared to normal bone, measurements of osteoporotic bone tend to have a 

slower SOS, and less attenuation. 88, 89 In contrast to DXA ,which measures BMD, the 

properties of bone quality that are reflected by these ultrasound characteristics are not 

fully understood.  Some studies hypothesize  that QUS measurements primarily reflect 

BMD.37  However, other research has postulated  that QUS parameters measure aspects 

of bone quality beyond BMD.  In two studies where specimens from cadaveric feet were 

tested using compression to determine the elastic modulus and strength, associations 

between elasticity and BUA89and SOS90 were found.  Moreover, studies in both men and 

women have found an association between QUS measures and fracture that is 

independent of BMD.71,74 This work will be discussed in section 2.9.   

The outcome of an Achilles exam is a unit less clinical measure of bone quality called 

stiffness Index (SI). This measure was developed by GE Healthcare, and is calculated by 

combining the SOS and BUA measures.88 

2.8.2 Precision of Achilles devices 

The precision of Lunar Achilles devices have been extensively evaluated. In two 

cross-sectional studies of postmenopausal women with and without fragility fractures, 

short term SI precision for the Insight was 2.08 % 91 and 2.7 % CV.83   Long term SI 

precision estimates are only available for the Achilles Plus.  In a six month phantom 

study, a two year phantom study, and a one year in vivo study of postmenopausal women, 

precision was 4.06 %92, 2.2 %,93 and 1.8 % CV,94 respectively. 
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2.8.3 Fracture risk assessment using the Achilles Insight 

Fracture risk is determined by expressing the SI measure as a T-score: 

T-score = calculated SI – young adult mean SI/ young adult population SD 

 SI is the arithmetic mean of the normalized BUA and normalized SOS measures. BUA 

and SOS each contribute 50% to the index: SI = (0.67 X BUA) + (0.28 X SOS) – 420. SI 

has been found to have greater precision,88 and to be a stronger predictor of hip fracture, 

than either BUA or SOS. 41 The manufacturer has developed nine reference populations 

for use with the Achilles device. GE Healthcare also provides T-score thresholds to 

categorize women > 65 years and men > 70 years into low, medium and high risk of 

osteoporotic fracture. 88, 95 For this study, we used GE’s Asian reference population. 

Independent research in mainland Chinese women96 and men97 have been conducted to 

develop country-specific reference populations for Achilles devices, but these are 

currently not available from GE Healthcare. 

2.8.4 Validity of Achilles devices 

The association between Achilles QUS parameters, and fracture risk has been 

examined in both cross-sectional and prospective studies. These devices have been shown 

to reliably discriminate between older women with and without hip, 92 proximal 

femoral,98  and non-specified fragility fractures. 83 A three year prospective study that 

followed 7062 elderly Swiss women, and observed 80 incident hip fractures, reported that 

a one SD decrease in an Achilles parameter was associated with a two fold increase in hip 

fracture risk, after adjustment for age, BMI and study center: BUA, 2.4 (95% CI: 1.8-

3.1); SOS, 2.3 (95% CI: 1.7-3.1); SI 2.6 (95% CI: 1.9-3.4). 94 Similar findings were found 
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in a two year investigation of elderly, French women participants of the Epidemologie de 

l'Osteoporose (EPIDOS study.99 In addition, 4028 elderly Japanese men and women were 

followed in a five years study, and both SOS and SI predicted non-spine fractures 

similarly in both sexes. 100 

Longitudinal studies using Achilles devices have also shown that QUS parameters are 

sensitive to age related changes, and responsive to treatments that influence bone quality. 

In a two year study of 113 postmenopausal women, Schott and colleagues measured SI at 

baseline and at the end of follow-up, and found an average two year decrease of -3.8 ± 

4.2% or 2.5 times the precision error. This decrease was larger in early than in later post 

menopause.101  Findings regarding the response of SI to hormone replacement therapy 

(HRT) have been inconsistent.  In a study of early postmenopausal women, HRT 

prevented loss in both BUA and SOS.102   In contrast, SI was not found to be responsive 

to osteoporosis treatment in a similar population, but an effect was observed for SOS.103 

In addition, prospective studies have found that SI shows a significant response to 

alendronate therapy, 95 and salmon calcitonin104  in postmenopausal osteoporotic patients.   

2.9 Comparison of DXA and QUS 

Large prospective studies have consistently found that QUS measures predict fracture 

risk at various skeletal sites similarly to femoral neck BMD in men105,106 and 

postmenopausal 107 and perimenopausal women.108As part of the EPIDOS study, 5662 

elderly, French  women were followed for an average of two years and 115 incident hip 

fractures were observed. After adjustment for age, a decrease of one SD in the following 

parameters corresponded to an increased risk of hip fracture: BUA, 2.0 (95% CI: 1.6-2.4), 
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SOS,1.7 (95% CI: 1.4-2.1), and femoral-neck BMD 1.9 (95% CI: 1.6-2.4).109  Consistent 

with these findings, in a 10 year prospective study of 3883 women near menopause, BUA 

performed similarly to femoral-neck BMD in predicting any fracture (hazard ratio (HR) 

for femoral neck BMD, 1.54; 95% CI, 1.34-1.75; HR for BUA, 1.53; 95% CI, 1.19-1.96), 

and in predicting osteoporotic fractures  (HR for femoral neck BMD, 2.16 ; 95% CI, 

1.35-3.47; HR for BUA, 2.25; 95% CI, 1.51- 3.34).110  

Correlations between DXA measured at various skeletal sites and heel QUS 

parameters have tended to be modest in both women and men.  In a study of older 

postmenopausal women, correlations between BUA or SOS, and hip BMD ranged from 

0.28-0.44.109 Similar findings were reported in a sample of early postmenopausal women, 

where correlations between QUS parameters and DXA measurements taken at the spine, 

hip, forearm and whole body ranged from 0.26-0.63.110 Moreover, a small study (n=42) 

of men aged 22-76 found significant moderate correlations between lumbar spine BMD 

and QUS measures (SOS, r = 0.67; BUA, r =0.57, SI, r = 0.65).111  However, when both 

measures are taken from a similar ROI, higher correlations have been reported.  BMD 

and Achilles QUS parameters were measured at a closely matched ROI in 75 pre and 

postmenopausal women, and the correlation between BMD and SI was r = 0.89.112 

Chappard and colleagues also reported high correlations (r= 0.78-0.91) in a small sample 

(n=30) of pre and postmenopausal women, where BUA and BMD were measured at four 

site-matched ROIs.113  

Studies in various populations have found a significant association between QUS 

parameters and fractures at various skeletal sites, after adjustment for BMD.  Bauer and 

colleagues investigated the association between BUA, and any non-spinal fracture and 
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hip fracture in a four year study of 5,607 older men, who were participating in the 

Osteoporotic Fractures in Men (MrOS) study.106 After adjustment for age, clinic of 

recruitment, and either femoral neck or total hip BMD, each SD reduction in BUA was 

associated with a significant increase in the risk of non-spinal fractures.  However, the 

association between BUA and hip fracture did not remain significant after adjustment for 

BMD measures. In a 10 year prospective study of 3883 women near menopause, each SD 

decrease in BUA was associated with a 44% increased risk of any fracture after 

adjustment for age, height, weight, menopausal status and femoral neck BMD.  Each SD 

reduction in BUA was associated with a doubling of the risk of osteoporotic fracture (hip, 

wrist, humerus or vertebrae) after adjustment for these variables.110 In addition, a two 

year prospective study of older ( >65 years) postmenopausal women showed a significant 

association between BUA and hip fracture (relative risk [RR], 1.5; 95% CI, 1.0-2.1), and 

an especially strong relationship with intertrochanteric fracture (RR, 3.3; 95% CI, 2.0-

5.5), after adjusting for femoral neck BMD, age and clinic.114  Similar findings were 

reported for a study of postmenopausal women.109  

2.10 Biological Plausibility for an Association between Weight History and Bone 

Health 
 

Bone is adaptive and highly responsive to changes in the hormonal, nutritional and 

mechanical environment, such as those resulting from attempts to lose weight. The 

commonly observed reduction in BMD with weight loss may partly result from 

concomitant decreases in muscoskeletal loading effects.115, 116 Independent of actual 

weight loss, even short periods of negative energy balance (energy deficits caused by 

increased energy expenditures and/or reduced caloric intake) have been shown to disrupt 

bone metabolic function in athletes117 and in normal weight, regularly-menstruating 
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women.118 Restricting food intake may also result in micronutrient deficiencies and/ or 

reduced efficiency of absorption, most notably involving calcium and vitamin D,119 

which negatively affect bone mineralization. It has also been suggested that weight-loss-

induced bone loss in women is associated with disruptions in estrogen and leptin 

production;120 this has not been investigated in men.  

Findings from diet intervention studies in pre and post- menopausal women have also 

suggested that weight variability may negatively impact bone status. Bone loss induced 

by weight reduction tended not to be completely recovered with weight gain at some 

skeletal sites (Table 2.2). Two small studies examined the effects of weight variability on 

BMD in postmenopausal women. 26, 31 Both assessed BMD in women who had 

participated in a weight loss intervention and subsequently regained part or all of the 

weight lost, and both concluded that bone loss in the lumbar spine and femoral neck 

associated with weight reduction may not be recovered when weight is regained over 6-

12 months. Moreover, there is evidence from five studies in premenopausal women that 

weight cycling, assessed over periods of 1 to 27 years, is associated with osteopenia and 

osteoporosis, particularly at the lumbar spine, including those with obesity.27-30, 32  

It is possible that as we age, our capacity to tolerate and recover from perturbations in 

bone and mineral homeostasis is reduced.  During middle-age and beyond, unfavorable 

skeletal adaptations associated with weight loss behaviors are superimposed on age-

related bone loss. Moreover, beneficial adaptations in response to weight restoration and 

increased nutrient intake may be more limited. It has been hypothesized that the rate of 

weight loss as compared to the rate of weight gain influences bone recovery, similarly to 

that observed with recovery after bone immobilization in older women121 and men122, 123 
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or during periods of weightlessness.124  Specifically, intentional weight loss tends to 

occur at an unnaturally fast rate.29 This may result in excess bone loss that cannot be fully 

recovered by weight gain, which tends to occur at a slower and more physiological rate.29 

2.11 Effect of Weight Variability on BMD   

The association between weight variability and bone health has been investigated in 

pre and postmenopausal women, but not in men. In these studies (Table 2.2), BMD 

measured at various skeletal sites has been used to assess bone status, and in all but one 

study, the participants were overweight and/or obese.  Overall, these studies have found 

that greater weight variability is associated with lower BMD. This suggests that weight 

variability might be a useful risk factor for identifying heavier individuals who could 

benefit from bone testing.                            

Three different approaches were used to quantify weight history in these studies (1)  

losing weight during a dietary intervention and subsequently regaining weight, (2) self-

reported history of weight variability, and (3) self-reported history of chronic dieting  The 

approach of measuring BMD in women dieters who lost then regained weight was used 

in two studies  conducted in postmenopausal women, and both reported a negative 

association between weight cycling and bone health. Avenell and colleagues26 conducted 

a 12 month case-control study of sixty-two women aged 58 -70 years.  Compared to 

controls, women who participated in a six month diet, designed to lose 20% of their 

weight, had a significantly higher annual bone loss at the lumbar spine but not at the 

femoral neck.  This loss persisted among those who returned to their baseline weight after 

six months. Similarly, a secondary analysis of twenty-three women who lost 3.9 ± 3.5 kg 

during a six month weight intervention trial found that BMD loss at the lumbar spine and 
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femur during dieting was not recovered at the end of 12 months with weight regain of 2.9 

± 3.9 kg.31  Consistent with these findings, Hilton et al32 conducted a controlled weight 

loss and regain study in premenopausal women. Subjects participated in a six month diet 

and exercise intervention and lost 9.5 ± 0.2% of their initial body weight. They then were 

put on a six month weight regain diet, and were randomized to either an exercise or non-

exercise group. The women regained an average of 55.2 ± 1.9% of the weight they had 

lost.  In both exercise groups, decreases in total hip and lumbar spine BMD experienced 

during weight loss remained despite weight gain. The bone health of obese, 

premenopausal dieters was also evaluated by Fogelholm et al in a three year study.28 

Subjects were placed on a low energy diet for three months, followed by a nine month 

randomized exercise intervention. Participants were then reevaluated after an additional 

24 months. The authors reported that BMD at the total body, lumbar spine and distal 

radius significantly decreased during weight loss, but not at the femoral neck. Among the 

25% of subjects that regained all or more of the weight lost, BMD was recovered at all 

sites except the spine, where BMD was significantly lower than at baseline. 

Self-reported measures of weight variability or chronic dieting were used in three 

studies of overweight and obese premenopausal women. As with dieter studies, site-

specific effects of weight variability on bone were observed.  In a study of obese women 

aged 29 – 46 years, Fogelholm et al 27 used self-reported 10-year weight history, assessed 

retrospectively, to evaluate weight fluctuation. A “weight cycle” was defined as having at 

least one episode of losing >5 kg, followed by a weight gain of  ≥50% of the lost weight.  

Cyclers were found to have a significantly lower lumbar spine and distal radius BMD 

than non-cyclers, whereas trochanter and femoral neck BMD were comparable in both 
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groups.  Using a similar approach, Gallagher et al29 asked obese women aged 21 – 45 

years to report retrospectively on the frequency and magnitude of intentional weight loss 

since the age of 18. Neither self-reported weight cycles of > 10 lbs. nor > 20 lbs. were 

found to have a significant effect on total-femur or total-body BMD. Lastly, Bacon et al30 

used the Restrain Eating Scale125 to identify chronic dieters, among obese, pre-

menopausal women aged 30-45 years.  This study found that a large proportion of 

women (31%)  had  osteopenia or osteoporosis, primarily (87.5%) at the lumbar spine, 

but some at the femur (12.5%).   

Table 2.2 Studies That Evaluate the Effect of Weight Variability on BMD in Pre and 

Postmenopausal Women (BMD = Bone Mineral Density; BMC = Bone Mineral 

Content; Yrs. = years) 
 

First Author and 

Year of 

publication 

 

Population 

 

 

Study Design 

 

Significant Results 

 Avenell 

(1994)26 

Postmenopausal 

women (n=62) with 

a BMI > 25 kg/m2, 

aged 58- 70 yrs.  

 16 cases and 46 

controls 

Case-control study.  

Cases followed a 

high fiber diet for 6 

months, and 

regained all the 

weight lost during 

the subsequent 6 

months. Non-dieting 

controls were 

matched on age and 

years since 

menopause. 

Outcomes: BMD 

measured with DXA 

at the lumbar spine, 

and femoral neck. 

Annual % change in 

the lumbar spine 

was greater in 

dieters -4.8% (SE, 

0.9) than in non-

dieters -2.5% (SE, 

0.5). Bone loss was 

not reversed during 

the 6 month weight 

regain period. 
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 Fogelholm (1997) 

27 

Premenopausal 

women (n=169) 

aged 29-46 yrs. 

 

Cross-sectional with 

self-administered 

questionnaire 

regarding: Lifestyle, 

# of deliveries, 

present use of 

contraceptive pills, 

age at menarche, 

10-year weight 

cycling history. 

Cycling was defined 

as having at least 

one episode of 

losing  5 kg. 

followed by a 

weight gain 

of  >50% the lost 

weight. Outcomes: 

BMD measured 

with DXA at the 

lumbar spine (L2-4), 

femoral neck, 

trochanter and the 

distal radius. 

Cyclers (n=101) 

were significantly 

heavier than non-

cyclers (n=68).  

Mean BMI kg/m2  

(SD):  31.6 (5.4) vs 

24.2 (4.6).  After 

adjustment for 

weight and age of 

menarche in an 

ANCOVA model, 

BMD was 

significantly higher 

at the lumbar spine 

(0.063 g/cm2 higher, 

95% CI 0.015-

0.011) and at the 

distal radius (0.022 

g/cm2 higher, 95% 

CI 0.006-0.397) in 

non-cyclers than in 

cyclers. A pair-wise, 

weight-matched 

comparison of 34 

subjects, also 

showed a 

significantly higher 

BMD at the lumbar 

spine among non-

cyclers. 

 Fogelholm 

(2001)28 

Premenopausal 

women (n =85) 

baseline; (n=74)  

end follow-up) aged 

30-45 yrs with a  

BMI 30-46 kg/m2 

3 year 3 phase 

prospective study. 

Phase1, subjects put 

on a very low- 

energy diet for 3 

months;  phase 2, 

subjects randomized  

BMD at the total 

body, spine and 

distal radius 

significantly 

decreased during 

weight loss, but 

remained unchanged  
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  to an exercise and 

non-exercise 

intervention for 9 

months; Phase 3, 

follow women for 

24 months. BMD 

and BMC measured 

at baseline, and at 

24 months. 

Outcomes: BMD 

measured with DXA 

at the total body, 

lumbar spine (L2-

L4), proximal 

femur, distal radius 

and BMC. 

at the femoral neck. 

25% of subjects 

regained at least all 

the weight lost 

during 33 month 

follow-up.  BMD 

was recovered at all 

sites except the 

spine.  Even among 

those whose weight 

was higher than at 

baseline, spinal 

BMD was 

significantly lower 

than at baseline. 

 Gallagher (2002)29 Premenopausal,  

sedentary  women  

(n= 195) age 21- 45 

yrs with a BMI 27-

40 kg/m2 

 

Cross-sectional with 

a questionnaire to 

assess weight 

cycling history since 

age 18 yrs. Weight 

cycles included all 

intentional losses 

of > 10 lbs. Amount 

of regain was not 

reported.  

Outcomes: BMD 

measured with DXA 

at the total body, 

femur and BMC.  

Women with a 

history of greater 

than 1.5 weight 

cycles did not have 

a significantly 

different BMD at 

any site as 

compared to non or 

infrequent cyclers. 

BMC was also 

similar in oth 

groups. 

 Bacon (2004)30 

 

Premenopausal 

women (n= 78) 

aged 30-45 yrs with 

a BMI 30-45 kg/m2 

and a history of 

chronic dieting 

Cross-sectional with 

a questionnaire to 

assess chronic 

dieting. Chronic 

dieting was based 

on findings from the 

restraint eating  

31% of chronic 

dieters were found 

to have osteopenia 

or osteoporosis as 

defined using the 

WHO criteria.  Of 

the 31%,    



 

 

28 

 

Table 2.2 Continued 

  scale.125 Women 

with as score of > 

15 were classified as 

chronic dieters. 

Outcomes: BMD 

measured at the total 

body, lumbar spine, 

femur and BMC. 

osteopenia or 

osteoporosis was 

found at the lumbar 

spine in 87.5% and 

at the femur in 

12.5% of women.  

In addition, a 

negative association 

was observed 

between the number 

of times a women 

dieted and current 

BMC. 

 Villalon (2011)31 Postmenopausal 

women who 

participated in a 

weight loss 

intervention and 

regained weight 

(n=23) aged 50-70 

Secondary analysis 

of a larger 

randomized trial 

designed to assess a 

weight loss 

intervention.  All 

subjects in the 

analyses underwent 

a 6 month exercise 

based weight loss 

intervention. BMD 

was measured at 

baseline and after 12 

months.  Outcome: 

DXA measurements 

at the total body, 

lumbar spine (L2-

L4), and proximal 

femur measured at 

baseline, 6, and 18 

months. 

At baseline, subjects 

had an average BMI 

29.6±4.0 kg/m2.  

During the weight 

loss intervention, 

the women lost an 

average of 3.9±3.5 

kg, and regained an 

average of 2.9±3.9 

kg during the 

subsequent 18 

months. Weight loss 

was associated with 

significant loss in 

BMD at the spine 

(mean -1.7%; 

p=0.002) and femur 

(mean -0.04%; p= 

0.03), but the 

subsequent weight 

gain was not 

associated with a 

significant increase 

in BMD at either  
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   site (mean spine 

BMD 0.05%; 

p=0.15, mean femur 

BMD -0.6%; 

p=0.81). 

  Hinton(2012)32 Sedentary women 

with a BMI > 25 

kg/m2 

(n=24) aged 19-50 

years  and at least 2 

risk factors for 

metabolic syndrome 

 

All but two women, 

who had undergone 

hysterectomies, had 

regular menstrual 

cycles.  All subjects 

participated in a 4-6 

month diet 

intervention.  

Subjects were then 

randomized to an 

exercise or non-

exercise 

intervention for 4 to 

6 months.  During 

this phase of the 

study, subjects in 

both groups were 

prescribed a weight-

regain diet cause 

subjects to regain 

50% of the weight 

loss during the 

earlier part of the 

study. Outcome: 

DXA measurements 

at the total hip and 

lumbar spine. 

Following the 

weight loss 

intervention, BMD 

at the total hip and 

spine were 

significantly lower 

than at baseline      

(-1.6±0.5%) and    

( -1.1±0.6%), 

respectively. During 

the subsequent 

weight regain study,  

subjects regained an 

average of 

55.2±1.9% of the 

weight lost during 

the diet intervention.  

In both the exercise 

and non-exercise 

weight regain 

groups, both hip and 

spine BMD 

remained 

significantly 

reduced despite the 

increase in weight. 
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2.12 Sex differences in the association between risk factors and QUS parameters 

Few studies have examined sex differences with regard to the association between 

risk factors and QUS measures. This may be due to the fact that hip fractures have 

traditionally been regarded primarily as a  health issue among women.  Most of these 

studies have been small, and focused on the effects of age, weight and height 23,113,126,51,52 

In both sexes, these studies reported that age was strongly related to lower QUS 

parameters, with declines beginning in the 4th decade.52,127 However, women  

experienced a greater proportional decrease with age. 23,51  Sex differences in patterns of  

bone loss were also observed.  Women were found to show a more pronounced decline in 

QUS parameters around the beginning of menopause, whereas in men, the age-related 

decline tended to be more linear.127 In addition, these studies consistently reported 

significant difference in the magnitude of the effects of risk factors between men and 

women.  The effects of age,23,51,52 weight,23,51,113 and BMI 23,51 on QUS measures were 

stronger in women than men.   Height was found to have no effect in either sex in two 

studies,51,113 and a stronger effect in women than men in the only large study.23 This study 

included 6,860 men and 8,808 women, aged 42-82 years, who were members of the 

European Prospective Investigation into Cancer( EPIC)- Norfolk cohort.23  The study 

found  that  smoking had a stronger association with QUS parameters in men than in 

women, and observed no difference between the sexes in the effect of having had a prior 

fracture. The effect size for all other associations was greater in women than in men. In 

addition, the authors reported that in regression models with BUA as the outcome, and 

age, weight and height as covariates, 27% of the variance was explained in women, but 

only 3% in men.   
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2.13   Summary 

The burden of hip fractures is significantly rising in mainland China. In 2006, the 

incidence of hip fracture in those over the age of 50 was approximately 196,285 per 100 

million. This rate is expected to increase to 349,680 per 100 million by 2020.127    To 

address this growing public health issue, hip fracture risk screening is essential. In China, 

quantitative ultrasound (QUS) testing at the calcaneus is among the most commonly used 

screening methods, as access to central DEXA testing, the gold standard, is limited.3 

However, universal QUS testing of older individuals is not economically-feasible due to 

the short supply of this technology across this diverse country.  Low-cost approaches for 

predicting the risk for poor bone quality are needed to effectively identify those who 

should be screened by QUS. Specifically, with the rising prevalence of overweight and 

obesity, more attention needs to be given to identifying risk factors for poor bone quality 

that could be used in these populations.33 Weight history is known to influence bone 

health, and has typically been measured as weight change (difference in weight between a 

baseline and final time point).13-16 There is evidence to suggest that greater weight 

variability (variation in weight at times between baseline and the time of final 

assessment) is associated with poorer bone health in over-weight women.26-32  These 

studies are limited by small sample sizes, selective populations, cross-sectional design, 

and/ or self-reported data. The current study will further evaluate the association between 

weight variability and bone health.  
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CHAPTER 3: RESEARCH QUESTIONS, SPECIFIC AIMS AND STUDY 

HYPOTHESES 

Weight history can be defined in terms of weight change (final weight minus baseline 

weight), weight trend (the slope of weight regressed on time), and weight variability 

(variation in weight at times between baseline and the time of final assessment) over 

time. Most prior studies concerned with the association between weight history and bone 

health have solely assessed the effect of weight change on bone status, partly due to the 

difficulty in quantifying weight variability.  However, it is possible that by measuring 

both weight variability and weight change more information about the relationship 

between weight history and bone health could be captured. 

This investigation was designed to evaluate the association between bone quality and 

weight history in four populations: middle aged  pre-menopause, TIM and 

postmenopausal Chinese women, and Chinese men over 65 years of age;  the goal being 

to determine the value of including a measure of weight variability when assessing 

weight history.  The primary outcome was, bone quality measured using stiffness index 

(SI), a clinical measure derived from the findings of an Achilles QUS exam.  Three 

different approaches of quantifying weight history were considered:  

• Weight history  defined as a categorical variable, with each category representing a 

distinct pattern (trajectory) of weight change across three years. These trajectories 

(“rising”, “falling”, “stable” or “curved/ variable””) were identified using GMM 

analysis to model weight data collected at four time points.  This is the most 
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intuitive approach, as the trajectories provide a visual representation of the data, 

that captures both weight trend and variability. 

• Weight history defined as the percentage change in weight over three years = 

(baseline weight – final weight/ baseline weight) X 100.  This is a commonly used 

approach for assessing weight history that solely provides a measure of weight 

change.  Percent weight change was included to permit comparisons of our 

findings to those of prior studies. 

• Weight history defined using both weight trend and weight variability across three 

years.  These measures were estimated by regressing weight against time at four 

time points, in separate models for each participant. The slope coefficient (weight-

slope) represents the direction and magnitude of a subject’s weight trend, and the 

root-mean-square error (weight-RMSE) represents the magnitude of weight 

variability. This approach allows an assessment of the effect of weight variability 

that is independent of weight trend. 

The analyses were divided into a primary and two sub-studies.  The primary study 

evaluated the association between weight history and bone quality in pre and 

postmenopausal women, as adequate sample sizes were available for these groups. The 

sub-studies assessed the same research questions in the TIM women and older men, as 

only small sample sizes were available for these groups.  The findings for the primary, 

and each sub-study (one for TIM women and one for older men), are presented in 

separate chapters. 
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 3.1 Research Questions  

The goals of this study are summarized in three study questions: 

Research question 1: Do individuals with a weight trajectory classified as “curved/ 

variable” have poorer bone quality (lower SI) than those whose weight trajectories are 

“stable”? 

Research Question 2: Does the association between weight change (measured as percent 

weight change) and bone quality (SI) differ between post-menopausal women and the 

other study groups (pre-menopausal and TIM women, and older men)? 

Research Question 3: Is there an  association between weight variability (measured as 

weight-RMSE) and bone quality (SI) that is independent of weight trend (measured as 

weight-slope), and is the association different in post-menopausal women as compared to 

the other study groups (pre-menopausal and TIM women, and older men)? 

3.2 Specific Aims and Hypotheses 

Specific Aim 1 (Addresses Research Question 1):  To examine the independent effect 

of 3-year weight trajectories on final SI, after accounting for the effects of final weight, 

height and age. Separate linear regression analyses will be conducted for women at each 

reproductive stage and for older men.  

Hypothesis 1  Individuals whose weight trajectories show a curved/ variable” pattern will, 

on average, have a lower final SI than those who whose trajectories show a “stable” 

pattern during the 3-year study. 
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Specific Aim 2 (Addresses Research Question 2): To compare the association between 

percent weight change (three-year weight minus baseline weight divided by baseline 

weight) and final SI among postmenopausal women versus the other study populations. 

The effect of percent weight change on final SI will be calculated separately for each 

population, using linear regression models that adjust for final age, height and weight.  

The effect of percent weight change on final SI will be compared between populations 

using z-scores. 

Hypothesis 2a: The direction of the effect of  percent weight change on final SI will be 

the same in all study populations: greater weight change will be associated with lower 

final SI.  

Hypothesis 2b: The effect size of  percent weight change on final SI will be greater in 

postmenopausal women than in the other study populations.   

Specific aim 3 (Addresses Research Question 3): To compare the association between 

weight variability (weight-RMSE) and final SI among postmenopausal women versus the 

other study populations. The association will be assessed using linear regression models 

including weight-RMSE, weight trend (weight-slope), final weight, height and age as 

predictors. The effect of weight-RMSE on final SI will be compared between populations 

using z-scores. 

Hypothesis 3a: The direction of the effect of weight RMSE on final SI will be the same 

in all study populations: greater weight RMSE will be associated with lower final SI.  

Hypothesis 3b: The effect size of weight variability (weight RMSE) on final SI will be 

greater in postmenopausal women than in the other study populations.   
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CHAPTER 4: METHODS 

4.1 Study Population  

This study used data collected from an established cohort of women and men who are 

currently, or were employed, as government officials in Guangdong province, China.  As 

part of their work benefits package, these employees are entitled to receive annual, 

comprehensive, physical exams for life, at the Lingtou Hospital.  The Lingtou Cohort 

represents a distinct sub-group of the Chinese population. Cohort participants are 

primarily urban dwellers of mid to high socio-economic status (SES), and  have access to 

regular healthcare. Our sample consisted of women 41 years and older and men over age 

65 years who returned for annual evaluations over a 3-year period (had four consecutive 

exams), and who underwent QUS testing at the calcaneus during at least the final exam. 

Of the 25,000 government officials who are seen at the Lingtou hospital each year for 

routine care, around 3,000 women and a similar number of men receive QUS testing as 

part of their annual workup.  Individuals who undergo bone studies at Lingtou are 

advised to have yearly follow-up testing. 

4.2 Study Design  

A retrospective, clinic-based observational study that is based on data collected 

during routine exams conducted at the Lingtou Hospital from July 1, 2008 through July 1, 

2013. The following data were obtained from each of four consecutive exams: a medical 

history, weight, height, age, menses history, and QUS findings from testing performed 

only during the 4th exam. 
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4.3 Data Collection and Missing Data 

This study was conducted as part of a five year research partnership between the 

Lingtou Hospital and Sun Yet-Sen University.  The researcher of this study is presently 

employed at Sun Yet-Sen as a Senior Research Scientist at the Zhongshan Ophthalmic 

Center Clinical Research Center. The clinical evaluation of patients was overseen by 

primary health physicians at the Lingtou hospital.  Two steps were taken to enable high 

quality research data to be collected in this clinical setting , First, an electronic medical 

records system was installed in the Lingtou hospital in December of 2008.  This 

permitted longitudinal studies, as each patient was given a unique study ID that was used 

during each visit.  Second, to prevent transcription errors, barcode technology was 

installed to enter patient IDs, diagnostic test findings, and  label specimens. All 

information, including laboratory and diagnostic test results, collected during each 

routine exam was stored in a central database at the Lingtou hospital.  Sun Yet-Sen 

University investigators are provided with analytical datasets for IRB approved studies.   

For this study, IRB approval was obtained from the appropriate IRB at Sun Yet-Sen 

University, and at the University of Maryland, Baltimore.  The requirement for obtaining 

consent was waved. The Lingtou hospital prepared a de-identified dataset for this 

analysis. This will be the only Lingtou study to include the heel QUS data.  

Height data was missing for a small proportion (1.9 -3.5%) of study participants.  

Height was collected at all study visits, and only height at the last visit was used for the 

analyses.  For participants who did not have height data for the last visit, height measured 

at the closest earlier visit was used. 
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4.4 Study Definitions for Women 

• Premenopausal:  Women 41 years and older who self-reported having a menses 

at each of the four study visits. (According to the manufacture, SI derived from 

Lunar Achilles InSight devices begins to decline after age 35.87) 

• Postmenopausal: Women 45 years or older who self-reported being 

postmenopausal at each of the four study visits. 

• Transitioning into menopause (TIM): Women 42 years and older who self-

reported having a menses at the first visit, and subsequently reported not having a 

menses during one of the three following visits.  These women were 45 years or 

older when they reported being postmenopausal for the first time. 

4.5 Inclusion Criteria 

• Women meeting the study definitions for premenopausal or postmenopausal or 

TIM, and less than or equal to 89 years of age. 

• Men over 65 years of age, and less than or equal to 89 years of age. 

 

• Having four consecutive weight measurements. 

 

• Having had a heel QUS test performed during their 4th routine exam. 

4.6 Exclusion Criteria 

• Women or men with no age data or over 89 years of age. 

 

• Women with missing reproductive stage data or inconsistent data (reporting being 

premenopausal after reporting being postmenopausal). 

• Women or men who reported a diagnosis of: cancer (a condition associated with 

unintentional weight loss), or with a condition that affects bone metabolism: 
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rheumatoid arthritis, Cushing’s syndrome, Crohn’s disease, hyperthyroidism, 

Paget's disease, osteitis fibrosa or primary hyperparathyroidism. 

4.7 Measures and Measurement Methods  

• Age:  Calculated by subtracting the self-reported date of birth from the date of the 

initial clinical visit. 

• Height:  Measured by a nurse in centimeters (cm) during every study visit using 

the height rod on a SECA 700 physicians balance beam scale. Subjects removed 

their shoes. 

• Weight:  Measured at every visit by a nurse in kilograms (kg) using a SECA 700 

physicians balance beam scale. Subjects removed their shoes and outer garments.  

• Body mass index (BMI): Calculated using the formula, BMI = kg / m2. 

 

• Reproductive age stage: based on self-report solicited by a gynecologist prior to 

each exam. Women identified themselves as pre or postmenopausal. 

• Stiffness Index (SI): SI is a measure of bone quality that is calculated from QUS 

parameters. QUS testing was conducted by a trained technician. During the 

procedure, a patient’s foot is placed between two membranes that each contain 

warm water. Each membrane is adjacent to a transducer.  One transducer 

generates a sound wave that is transmitted through the water in the first 

membrane, through the heel bone, and finally, through the second membrane to 

the receiving transducer. Two properties of the ultrasound waves are measured: 

the velocity or speed of sound (SOS) in m/sec and frequency or broadband 

ultrasound attenuation (BUA) in dB/ MHz  SI is calculated from SOS and BUA: 

SI = (0.67 X BUA) + (0.28 X SOS) – 420.87  To improve accuracy at our study 
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center, the auto-calibration procedure is done weekly. Measurement error was 

reduced by having all QUS exams conducted by  one technician using a single 

machine  

4.8 Growth Mixture Model (GMM)/ Trajectory Analysis: Analytical strategy and 

Power Analysis  

4.8.1 Statistical procedure - GMM 

 

Introduction to GMM Models 
 

Standard growth modeling has been the typical approach for modeling “growth” or 

change over time. These models assume that all study participants come from the same 

population, and thus  individual differences in patterns of change can be completely 

captured by estimating a single  mean growth trajectory, and a single estimate of  

variance for  the mean and slope(s). Growth Mixture Models (GMM)  are an extension of 

standard growth modeling, in that these models assume that more than one population is 

represented in a sample or that the sample represents a population with a non-normal 

distribution. In either case,  the model assumes that a single growth curve cannot 

adequately characterize the variability in the individual growth trajectories present in the 

data.  GMM provides a means of identifying distinct mean growth trajectories that 

represent different sub-populations. The goal of GMM analysis is to determine the 

number of sub-populations called “classes” that are represented in a sample, and to 

estimate a mean growth trajectory and variance parameters for each class. Therefore, 

three distinct mean trajectories will be estimated for a sample that is best represented by  

three class. It is important to clarify that the GMM approach does not specify the number 

of classes or the parameters of the mean trajectories a priori. The classes are referred to as  
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“latent”. This means that “class” is a characteristic, unlike sex for example, that cannot be 

observed or measured directly from the data. Modeling is used to identify the classes 

(populations) that are present in a sample. Thus, a sample may  represent one or ten  

classes, but because “class” is a latent characteristic, the number of classes can only be 

determined by modeling the data.  Given a set of longitudinal data,  GMM is used to (1) 

establish groups of subjects by identifying subjects who share common growth 

characteristics and (2) within each group calculate parameters which describe which each 

group’s growth.  It is important to note that more than one solution can provide a good 

characterization of the data.  In other words, different GMM modeling approaches can 

lead to different solutions. One analyst may identify four classes and another my detect 

six. Therefore, the substantive meaning of the classes, in addition to statistical criteria, 

must guide the selection of a final model. 

For this analysis, Growth mixture models (GMMs) were used to estimate growth 

trajectories that describe the pattern of weight change over a 3-year period. 128,129 

Separate analyses were conducted for each study group. The analyses were  performed 

using the Mplus program, version 7.0. 130  

GMM Model Specification 

Assuming four measurement times that are one year apart for each subject, and no 

missing data, the following equations define the unconditional GGM:  

 
Yi = Λni + Єi ,   (3.1) 

ni =  Aci   + ζi    (3.2) 

 Where: Yi is a (4 x 1) vector of the four repeated weight measurements for  subject i,  ni  

is a (px1) vector of latent continuous variables (growth factors),  Λ is a (4xp)  matrix of 
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factor loadings,  which are  predetermined to reflect hypothesized functional forms of 

growth, and  Єi  is a (4 x1) residual vector that is assumed to be homoscedastic over-time, 

to be uncorrelated with other variables in the model, and to follow a  multivariate normal 

distribution with mean zero and covariance matrix Θ.  ci   represents the latent trajectory 

class for subject i , and ci  takes on values of (1, ….., K), such that cik = 1 if patient i is in 

class k and is zero otherwise. A is a (p x K) matrix containing columns αk, k= 1, 2, .....K, 

of class-specific growth factor means, and ζi  is a p x 1 residual vector  that is assumed to 

be uncorrelated with other variables, and to follow a multivariate normal distribution with 

mean zero and covariance matrix ψ.  An example of a path diagram for a GMM is shown 

in Figure 4.1  
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Figure 4.1: Path diagram of a GMM that assumes quadratic growth and four fixed 

measurement times. It contains a continuous outcome, and three latent growth 

factors that are considered random effects (intercept, linear slope, and quadratic 

curvature).

n1 n2

C

n3

Y1 Y2 Y3 Y4

ε1 ε2 ε3 ε4

ψ11
ψ33ψ12 ψ23ψ22

ψ13

  

Legend: 

Square =observed variable  n1 = intercept 

Circle = latent variable n2 = linear slope 

Solid one headed arrow = direct effect  n3  = quadratic curvature 

Segmented one headed  arrow = 

potential direct effect 

ψ  and two headed arrow  = variances 

and covariances 

ε1-4  = time-specific measurement errors C = latent class variable 

Y1-4  = repeated outcome measurements  
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GMM analysis Approach 

The GMM analyses were undertaken, as outlined below, following the 

recommendations of Berlin, Gilbert and Williams;131 Ram and Grimm;132 and Jung and 

Wickrama.133 

exploratory analysis   

                                                                                        
Exploratory analyses were conducted to examine the patterns and the potential 

number of trajectories represented in our data.  First, weight versus time was plotted for 

each study group, and single class growth curves were fitted to the data, to identify a base 

model for the mixture analyses. The fit of the single-class (non-mixture) models was 

evaluated by the following indices: comparative fit index (CFI), root mean square error of 

approximation (RMSEA) and standardized root means square residual (SRMS). Using 

the fit indices criteria recommended by Ram and Grimm’s (good fit: CFI > .95, RMSEA 

< .05, and SRMS <.05).132 Next, latent class growth analysis (LCGA) models were 

specified. LCGA models are characterized by no within-class variance of the latent 

growth factors, and are used to explore the potential number of latent classes in the 

population. The results from the exploratory analysis, prior research, and the intended 

substantive meaning of the latent classes, guided the specification of candidate GMMs.  

GMM Model specification and estimation 

 

The candidate models vary with respect to the parameters that are estimated.  

Parameter estimates were obtained with maximum-likelihood estimation using the 

expectation-maximization algorithm.  As recommended by Hipp & Bauer 134 to improve 

the chance of convergence to a global maximum, model fitting procedures were repeated 

using multiple starting points from random locations in the parameter space. Only 
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solutions that were replicated with different starting values were considered.  For each 

model, the number of classes needed to fit the data was assessed by comparing models 

with differing numbers of classes. 

GMM selection 

 
Model selection was based on the following:  

 

• The sample-size–adjusted Bayesian Information Criterion, where a low SABIC 

value indicates a well-fitting model. 

• The Lo-Mendell-Rubin (LMR) test, which compares a (k-1)-class model with a 

k-class model.  A statistically significant p-value suggests the k-class model fits 

the data better than a model with one fewer classes. 

• Entropy (range: 0-1), with higher values indicating better class separation. 

• Class size, as parameter estimates from small class may be unstable and difficult   

to replicate.  

• Parsimony 

• Successful model convergence 

• Visual inspection of the estimated means and observed values graphs 

• Whether the classes have substantive meaning 

Analysis was stopped if the models had convergence problems or the LMR was non-

significant. 

 

4.8.2 Power analysis - GMM 

  
Within the framework of GMM, statistical power is concerned with the ability to 

reliably enumerate the latent trajectory classes present in a population. Power is related to 

both characteristics of the population (e.g. size and number of latent classes), and of the 

study (e.g. number of repeated measures, and the measures used to assess model fit). To 
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examine power in the context of multiple factors, simulation studies have been employed. 

These studies use simulations to generate data with known population parameters.  

Samples are drawn from the resultant pseudo-population data, and for each sample, 

models with different numbers of classes are fit.  Power is defined as the proportion of 

samples where the fit indices correctly identifies the true population model (the model 

with the number of latent classes actually represented in the pseudo-population), as 

having the optimal fit. To assess statistical power for this application, I relied on the work 

of Tofighi and Enders. 135 They conducted a Monte Carlo study to assess the performance 

of nine different fit indices used for class enumeration in GMM analysis. The 

characteristics of the pseudo- population, sample sizes, and the study design, considered 

in Tofighi and Enders’ work are similar to those for this proposed study, and therefore, 

their findings relating to power are informative.  

The pseudo-population used for the Tofighi and Enders’ simulation was designed to 

represent a mixture of three classes: two classes (Class 1 and Class 2) that exhibit 

quadratic trends, and one class (Class 3) with linear trends. The following was assumed 

for the simulations: within-class normal data, four repeated measures, mixing percentages 

of 20%:33%:47% for Classes 1, 2 and 3 respectively, and no covariates.  Sample size and 

class separation were subjected to a sensitivity analysis. “Two model fit measures were 

considered:  the sample size adjusted Bayesian Information Criterion (SABIC),136 and the 

Lo-Mendell-Rubin (LMR) test137 (Table 4.1) 
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Table 4.1: Proportion of 1000 Samples that Identified Three Class Models by 

Sample Size and Class Separation 

 

Model Fit measures 

    Sample size (n) *     

400             700        1000 

 

Low Class 

Separation** 

(n=1000) 

 

sample size adjusted Bayesian Information 

Criterion 

 

0.81 

 

0.96 

 

0.99 

 

0.88 

Lo-Mendell-Rubin test 0.57 0.86 0.91 0.78 

*These models assume “high” class separation, defined as an average posterior 

probability of class membership of about 0.90 for each class.  ** “Low” class separation 

corresponded to an average posterior probability of 0.80.  

 

4.9 Specific Aim 1 Analytical strategy and Power Analysis 

To examine the independent effect of 3-year weight trajectories on final SI, after 

accounting for the effects of final weight, height and age. Separate linear regression 

analyses will be conducted for women at each reproductive stage and for older men. 

4.9.1 Statistical procedure - Specific aim 1 

 
The three-year weight trajectories identified in the GMM analysis were used to create 

a nominal variable. Each GMM class was a category of the variable. For inclusion in 

linear regression models, the trajectory variable was modeled using dummy variables, 

with “stable” weight as the reference category. Standard multiple linear regression 

procedures were employed to evaluate the performance of the dummy variables as 

predictors of SI, while accounting for the effects of final age, height and weight.  These 

predictors were measured at the end of year 3 because this is when SI was assessed. The 
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analyses consisted of three phases (exploratory data analysis, model selection, and 

regression diagnostics) using SAS version 9.3, SAS Institute Inc, Cary, NC.   

Exploratory data analysis 

 

Univariate Analyses 

 

• Distributions of all predictors and the outcome (SI) were evaluated for outliers 

and clustering of data points. While normally distributed variables is not an 

assumption of linear regression, transforming non-normal distributions can help to 

address a non-linear association between a predictor and the outcome, non-normal 

residuals and heteroskedasticity of residuals. 

Bivariate analyses 

• Scatter plots of SI with each predictor were examined for outliers, and signs of a 

non-linear association 

• Pearson’s product-moment correlation coefficients were calculated for all pairs of 

predictors, and each predictor with SI. High correlations among pairs of 

predictors may result in problems with multi-collinearity. Because bivariate 

analyses cannot show the effects of one predictor controlling for the effects of the 

others, these analyses are only a preliminary look at the association between the 

explanatory variables and SI. Partial regression plots and residual vs predicted 

plots were used to assess if a linear function appropriately models the effects of 

each of the predictors. 

Model selection 

 
First, simple linear regressions of each predictor with SI were conducted to further 

look for evidence of outliers and of a non-linear association. A given predictor’s effect in 
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these univariate models was also compared to its effect in multiple regression models, to 

assist in evaluating confounding effects. 

To build the multiple regression models final weight, height and age were entered 

first followed by the weight trajectory dummy variables.  The squared partial correlation 

coefficients were used to assess the strength of each predictor relative to the order it was 

entered into the model. Statistical significance of predictors is determined by T-tests. 

Signs that collinearity is affecting regression coefficients, such as the inclusion or 

exclusion of a variable resulting in a large increase in a standard error or a large change 

in the magnitude or direction of a regression coefficient, were also considered as part of 

model selection. 

Linear regression diagnostics 

 
The following procedures were conducted to evaluate the impact of outliers and 

collinearity, and to assess if a candidate model met multiple linear regression 

assumptions: 

• A scatter plot of the standardized residuals against the fitted values to check for 

evidence of a linear relationship between the predictors and outcome, 

homogeneity of variance, and possible outliers. 

• Normal probability plots and Shapiro-Wilk test to assess the normality of the 

regression residuals.  

• Standardized residuals to look for values greater than three, which indicates a 

potential outlier. 

• Leverage to check for extreme values. 

• Cook’s Distance to assess the influence of a given outlier on regression estimates. 
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• Variance inflation factors and tolerance values were used to assess if collinearity 

is affecting regression coefficients.  

• Partial regression plots were used to assess if a linear function appropriately 

models the effects of each of the predictors.  

4.9.2 Power analysis - Specific aim 1 

   

The power calculation was conducted using SAS software, version 9.3 (SAS Institute 

Inc., Cary, N.C.). An exact method developed by Gatsonis and Sampson138 for random 

factor multiple regression models was employed. The power analysis is for F-tests of  the 

null hypothesis H0:  that the addition of the weight trajectory dummy variables to a 

multiple regression model, with final age and final weight, does not increase the 

proportion of explained variance (all regression coefficients for the trajectory dummy 

variables is equal to zero), against the alternative  Ha: that the addition of  these dummy 

variables does increase the proportion of explained variance (the regression coefficient  

of at least one dummy variable is non-zero) (Table 4.2). 

Table 4.2: Power is estimated for a multiple linear regression model assuming: α =0.05, 

covariates measured without error, and no missing data.  SI is the dependent variable. 

Final weight, height and age are the control variables, and the weight trajectory dummy 

variables are the predictors of interest. The partial correlation coefficient (pr), and the 

number of weight trajectory classes were subjected to a sensitivity analysis.  

 

Study Population 

 (sample size) 

Number of weight trajectory 

classes (corresponding 

number of dummy variables 

in the regression model) 

 

Pr* 

0.14 0.36 0.51 

postmenopausal  

(n=1201) 

3 classes (2 dummy variables) 

 

4 classes (3 dummy variables) 

1.00 

 

0.99 

1.00 

 

1.00 

1.00 

 

1.00 
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Table 4.2 Continued 

 
5 classes (4 dummy variables) 

 

0.99 1.00 1.00 

Premenopausal  

(n=862) 

3 classes (2 dummy variables) 

 

4 classes (3 dummy variables) 

 

5 classes (4 dummy variables) 

 

0.97 

 

0.95 

 

0.93 

1.00 

 

1.00 

 

1.00 

1.00 

 

1.00 

 

1.00 

Women experiencing the 

menopausal transition 

(TIM) 

(n=419) 

3 classes (2 dummy variables) 

 

4 classes (3 dummy variables) 

 

5 classes (4 dummy variables) 

 

0.73 

 

0.67 

 

0.62 

 

 

1.00 

 

1.00 

 

1.00 

1.00 

 

1.00 

 

1.00 

Men over 65 years of age  

(n=427) 

3 classes (2 dummy variables) 

 

4 classes (3 dummy variables) 

 

5 classes (4 dummy variables) 

 

0.74 

 

0.68 

 

0.63 

1.00 

 

1.00 

 

1.00 

1.00 

 

1.00 

 

1.00 

*pr2 = 0.02 implies that 2% of the variation in SI that is unexplained by the regression of 

SI on age height and weight is explained by adding weight trajectory dummy variables to 

the model. 
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4.10 Specific Aim 2: Analytical strategy and Power Analysis  

To compare the association between percent weight change (three-year weight minus 

baseline weight divided by baseline weight) and final SI among postmenopausal women 

versus the other study populations. 

4.10.1 Statistical procedure - Specific aim 2  

 
We tested the null hypothesis that the strength of the association between percent 

weight change and SI in one population is the same as the strength of the association 

between percent weight change and SI in a second population. This was evaluated by 

comparing beta coefficients from two sets of models. First, SI was regressed on percent 

weight change in each population sample.  Second, SI was regressed on percent weight 

change, final age, height and weight in each sample. As indicated above, age, height , 

weight and SI were measured during the last study visit. To compare the  slopes between 

two populations, a z-statistic was used as the test statistic. The z-statistic was computed 

as the difference between the two betas divided by the standard error of the difference 

between the betas: 

 

z = 
��������	


������������	
�
      (4.4) 

 

4.10.2 Power analysis - Specific Aim 2  

 

Power was calculated using G*Power version 3.1; a program developed by Faul, 

Erdfeld, Lang and Buchner139, 140 The power estimates (Table 4.3) are for a two-sided z-

test  of the null hypothesis that the correlation (Pearson r) between SI and percent weight 

change is the same in the two populations that are being compared, with α =0.05. The 
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effect size index (q) is the difference between two Fisher’s z' correlation coefficients.  

Conventions for small (q=0.1), medium (q=0.3) and large (q=0.5) q values are provided 

by Cohen.141 

Table 4.3: Power is estimated for a two-sided z-test that assesses if two correlation 

coefficients (Fisher’s z’) from two independent samples are different.  The correlation is 

between SI and weight change. For all estimates, α = 0.05. The effect size index (q) was 

subjected to a sensitivity analysis.  

Study Populations 

(sample size) 

q* 

0.1 0.3 0.5 

Postmenopausal women (n= 1201) 

Premenopausal women (n=862) 

 

0.61 

 

1.00 

 

1.00 

Postmenopausal women (n= 1201) 

Men over 65 years of age (n=427) 

 

0.42 

 

1.00 

 

1.00 

Postmenopausal women (n= 1201) 

Women experiencing the menopausal 

transition (n=419) 

 

0.41 

 

1.00 

 

1.00 

* Given that the correlation between SI and % weight change is calculated for each of 

two population, the table estimates refer to the power to detect a difference of size q 

between the correlation coefficients for the two populations.   

4.11 Specific aim 3: Analytical strategy and Power Analysis  

To compare the association between weight variability (weight-RMSE) and final SI 

among postmenopausal women versus the other study populations. 

4.11.1 Statistical procedure - Specific aim 3 

 

To standardize the data, the raw weight data was converted into z-scores. The 

baseline weight data was used to derive a standardized population distribution.   The 

following analysis was then conducted on both the raw weight data and on the z-scores. 
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Specifically, weight trend and variability were estimated by regressing weight (or weight 

z-scores) against time at four time points, taken a year apart, in separate models for each 

participant. The slope coefficient (weight-slope) measures the direction and magnitude of 

a subject’s weight trend, and the SD around the slope, the root-mean-square 

error (weight-RMSE), measures the magnitude of weight variability. As extreme values 

can significantly influence slope estimates, and by extension the estimates of the RMSE,  

scatter plots of weight by time and leverage values were used to identify potential outliers. 

The effect of  possible outlier on the slope estimates was assessed by conducting a 

sensitivity analysis, where the slope was estimated with and without the value.  Outliers 

that significantly influenced the slope were removed from the analysis. 

Statistical methods as described in section 4.10.2 were used to compare the 

association between weight variability (weight-RMSE) and bone status (SI). Briefly, 

linear regression analyses was conducted to derive estimates of the effect size and 

direction of the relationship for each study group. Two sets of models were fit. First, SI 

was regressed on three-year weight-RMSE in each population sample.  Second, SI was 

regressed on three-year weight trend (weight-slope), weight-RMSE, final weight, height 

and age in each sample. The slopes from the regression models were then compared 

using z-statistics.  

4.11.2 Power analysis - Specific Aim 3  

 

The following calculations were conducted to assess power for a linear regression 

analysis designed to examine the independent effect of three-year weight variability 

(weight-RMSE) on SI, after accounting for the effects of three-year weight trend (weight-

slope), and final height, weight and age. Separate power calculations were performed for 
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each study population. The power calculations were conducted using SAS software, 

version 9.3 (SAS Institute Inc., Cary, N.C.), and used the exact method developed by 

Gatsonis and Sampson,139 which was described in section 3.9.2. (Table 4.4) 

Table 4.4: Power is estimated for a multiple linear regression model assuming: α =0.05, 

and no missing data. The partial correlation coefficient (pr), was subjected to a sensitivity 

analysis.   

 

Study Population (sample size) 

 

Pr* 

0.14 0.36 0.51 

postmenopausal  (n=1201) 1.00 1.00 1.00 

Premenopausal  (n=862) 0.99 1.00 1.00 

Women transitioning into menopause (TIM) (n=419) 0.82 1.00 1.00 

Men  (n=427) 0.83 1.00 1.00 

*pr2 = 0.02  implies that 2% of the variation in SI that is unexplained by the regression of 

SI on age height and weight  is explained by adding weight  trajectory dummy variables 

to the  model. 
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CHAPTER 5: RESULTS FOR THE PRIMARY STUDY OF PRE AND 

POSTMENOPAUSAL WOMEN 

5.1 Characteristics of Study Participants  

Of the 2063 women who met the inclusion criteria, 1201 were postmenopausal (58%) 

and 862 were premenopausal (42%). Because the study outcome, SI, was measured 

during the final study visit, all cross-sectional measures were taken at the end of the study.  

At the final visit, the mean (SD) age for postmenopausal women was 60.50 (7.41) years, 

and for premenopausal women it was 46.86 (2.28) years. Mean SI values for both the pre 

and postmenopausal groups were consistent with those observed in other studies of 

Chinese women of similar age.142
 Height data were missing for 1.9% of the 

postmenopausal women and 3.5% of the premenopausal women. However in both groups, 

the characteristics, as delineated in table 5.1, of the women with missing data were 

similar to those of women with complete data.  Pre and postmenopausal study 

participants did not differ by final weight. However, compared to premenopausal women, 

postmenopausal women were older, had a higher final BMI, had a lower SI value, and  

were shorter (p <0.0001).  Defining weight maintenance as a weight change of <3% of 

body weight, 143 more than half of the postmenopausal (55%) and premenopausal (58%) 

women maintained their weight during the study period.  Among those whose weight 

changed, a higher proportion of postmenopausal women lost weight, whereas a higher 

proportion of premenopausal women gained weight. In both groups, a small proportion 

were obese (Table 5.1).  
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Table 5.1: Characteristics of Pre and Postmenopausal Women Assessed at the Final 

Study Visit∆ 

 

Abbreviations: n, sample size; SD, standard deviation; CM, centimeter; Kg, kilogram; M, 

meter; BMI, body mass index. ∆ Because the study outcome, SI, was measured at the end 

of the study, all cross-sectional measurements were conducted during the final study visit. 

† Chinese criteria for overweight and obese. * weight maintenance  = a weight change of 

<3% of body weight. ** Comparing pre versus postmenopausal women; Student T-test 

analysis was used to compare means and Chi-square test to compare categorical variables. 

5.2  Growth Mixture Modeling (GMM)/ Trajectory Analysis  

5.2.1 GMM analysis for postmenopausal women 

For postmenopausal women, the fit for 1-4 class quadratic GMM models is shown in 

Table 5.2. The three class solution for model A was selected as the best representation of 

the weight trajectories in the data. This decision was based on an assessment of the fit 

indices, class size, parsimony, inspection of plots of the mean trajectory and observed 

Characteristic Premenopuasal 

n = 862 

Postmenopausal 

n = 1201 

P-value** 

Age (years) 
mean (SD) 

 

46.86 (2.28) 

 

60.50 (7.41) 

 

<0.0001 

Height (CM) 
mean (SD) 

 

158.41 (4.91) 

 

155.91 (5.46) 

 

<0.0001 

Weight (Kg.) 
mean (SD) 

 

57.86 (7.25) 

 

57.44 (8.19) 

 

0.23 

BMI (kg/M2 ) 
mean (SD)  

 

23.04 (2.67) 

 

23.60 (3.02) 

 

<0.0001 

BMI (kg/M2 ) Groups  n (%)† 
Normal  

Overweight (BMI  > 24Kg) 

Obese (BMI  > 28 Kg) 

 

596 (69) 

224 (26) 

42 (5) 

 

663 (55) 

458 (38) 

80 (7) 

 

 

 

<0.0001 

Stiffness Index 
mean (SD) 

 

95.60 (16.36) 

 

82.32 (15.35) 

 

<0.0001 

Three Year Weight Change, n (%)* 
lost 

maintained 

gained  

 

112 (13) 

503 (58) 

247 (29) 

 

324 (27) 

661 (55) 

216 (18) 

 

<0.0001 
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trajectories for candidate models, entropy and the substantive meaning of the trajectories 

(Table 5.2).  A detailed description of GMM model exploratory analysis, specification 

and selection procedures for the postmenopausal women is presented in Appendix A. 

Model A was the most parsimonious model, as it had the fewest number of  

parameters that were estimated specifically for a given class or “freely” estimate 

parameters. Most of the parameters were constrained to be equal across classes. 

Specifically, for model A the means for the  growth factors ( intercept, linear slope and 

quadratic curvature) were freely estimated.  The intercept and slope growth factor 

variances, covariances, and residual variances were modeled to be equal across classes. 

The variance for the quadratic term was fixed to zero to facilitate model convergence.    

Table 5.2: Fit Indices and Entropy for 1 to 4-Class Quadratic Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

Postmenopausal Women 

 Number of classes in the Solution 

1 2 3 4 

Model A* 

SSA-BIC 22769 22628 22582 22524 

Entropy n/a 0.97 0.95 0.95 

LMR p-value n/a 0.05 0.02 0.26 

Smallest class 

size 

n/a 2.4% 2.3% 1.6% 

Model B** 

SSA-BIC 22769 22631 22586 22524 

Entropy n/a 0.97 0.95 0.94 
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Table 5.2 Continued 

LMR p-value n/a 0.05 0.01 0.07 

Smallest class 

size 

n/a 2.4% 2.3% 1.7% 

Model C† 

SSA-BIC 22769 22587 22500  

Entropy n/a 0.97 0.89  

LMR p-value n/a 0.001 0.26  

Smallest class 

size 

n/a 3.2% 3.5%  

Model D‡ 

SSA-BIC 22769 22587 22505  

Entropy n/a 0.95 0.88  

LMR p-value n/a 0.03 0.32  

Smallest class 

size 

n/a 3.7% 3.8%  

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion ; LMR, 

Lo-Mendell-Rubin test . 

*Model A: The means for the  growth factors were freely estimated.  The variance for the 

quadratic term was fixed to zero. The intercept and slope growth factor variances, 

covariances, and residual variances were constrained to be equal across classes. 

**Model B: The means for the latent growth factors and the intercept variances were 

freely estimated.  The variance for the quadratic term was fixed to zero. The slope 

variances, covariances, and residual variances were constrained to be equal across classes. 

†Model C: The means for the latent growth factors and the intercept and slope variances 

were freely estimated.  The variance for the quadratic term was fixed to zero. The 

covariances and residual variances were constrained to be equal across classes. 

‡Model D: The means for the latent growth factors, the intercept and slope variances and 

the covariance between the intercept and slope were freely estimated. The variance for 
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the quadratic term was fixed to zero, and the residual variances were constrained to be 

equal across classes. 

The 3-class model A solution is characterized by three trajectories that represent three 

distinct  patterns of weight change.  These trajectories can be described as “stable” , 

“lost/stabilized” and “gained/lost” (Figure 5.1). Of the three classes, the "stable" class 

included the most subjects, with 1144 (95.2%) members who maintained their weight 

during the study period.  At baseline, the group’s average weight was 57.8 kg 

(significantly different from zero, p<0.001), with no significant linear (slope = -0.06, p = 

0.38) or quadratic change (slope = -0.004, p = 0.86).  The "lost/stabilized" class had 30 

(2.5%) members and showed a pattern of weight variability.  The group's average 

baseline weight was 59.69 kg (significantly different from zero, p<0.001).  The group's 

weight decreased and average of -5.16 kg (linear slope, p < 0.001) per year which 

accelerated with time (quadratic slope 1.05, p<0.001), and the group's weight stabilized 

during the last year. The smallest class was the "gained/lost", which had 27 (2.3%) 

members that also experienced weight variability.  The group’s  average baseline weight 

was 60.04 kg (significantly different from zero, p<0.001).  Weight in this class increased 

an average of 4.2 kg (linear slope) per year (p<0.001), which decelerated with time 

(quadratic slope -1.87, p<0.001).  
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Figure 5.1: Estimated Mean Trajectories by Class for the 3-class Model A Solution 

for Postmenopausal women 

 

 

5.2.2 GMM analysis for premenopausal women 

For premenopausal women, the fit for 1-4 class linear GMM models is shown in 

Table 5.3. The two class solution for model A was selected as the final model. This 

decision was based on an assessment of the fit indices, class size, parsimony, inspection 

of plots of the mean trajectory and observed trajectories for candidate models, entropy 

and the substantive meaning of the trajectories (Table 5.3).  A detailed description of 

GMM model exploratory analysis, specification and selection procedures for the 

premenopausal women is presented in Appendix A. 

Table 5.3: Fit Indices and Entropy for 1 to 4-Class Linear Growth Mixture Models 

Representing the Change in Weight during a Three Year Period for Pre- 

menopausal Women 

 Number of classes in the Solution 

1 2 3 4 

Model A* 

SSA-BIC 15782 15704 15693 15654 

Gained/lost  = triangle       

Stable = rectangle            

Lost/stabilized = circle 
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Table 5.3 Continued 

Entropy n/a 0.92 0.95 0.88 

LMR p-value n/a 0.03 0.05 0.02 

Smallest class size n/a 3.7% 0.4% 0.4% 

Model B** 

SSA-BIC 15782 15735 15731  

Entropy n/a 0.92  0.79  

LMR p-value n/a 0.02 0.05  

Smallest class size n/a 3.5% 0.8%  

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test. 

*Model A: For all  classes, both the means for the intercept and slope were freely 

estimated. The variance of the slope was fixed to zero, and the intercept variance, 

covariances, and residual variances were constrained to be equal across classes. 

**Model B: For all  classes, both the means for the intercept and slope were freely 

estimated. The variance of the slope was fixed to zero, the intercept variance was freely 

estimated and the covariances, and residual variances were constrained to be equal across 

classes. 

To obtain a proper solution, several parameters were fixed to zero in model A.  The 

model was specified as follows: For all  classes, both the means for the intercept and 

slope were freely estimated. The variance of the slope was fixed to zero, and the intercept 

variance, covariances, and residual variances were constrained to be equal across classes. 

The two class solution for model A identified two similarly shaped weight trajectories 

(Figure 5.2).  In general, the premenopausal women maintained a stable weight during 

the study period.  The principle difference between the two  classes was their initial 

weight. Those in the "light-stable" class  had a lower baseline weight, on average, than 

those in the “heavy-stable” class.  The light-stable class was the largest of the two with 
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831 (96.3%) members. At baseline, the group’s average weight was 56.8 kg (significantly 

different from zero, p<0.001). The heavy-stable class had 31 (3.7%) members. At 

baseline, the class’s average weight was 75.6 kg (significantly different from zero, 

p<0.001).   

Figure 5.2: Estimated Mean Trajectories by Class for the 2-Class Model A for the 

Premenopausal women 

 

 

 

5.3 Specific Aim 1:  To examine the independent effect of 3-year weight trajectories 

on final SI, after accounting for the effects of final weight, height and age. 

The GMM analysis for premenopausal women did not yield trajectory classes that 

experienced weight variability. Therefore, the analysis for specific aim 1  was only 

undertaken for postmenopausal women.  The three trajectory classes identified in the 

GMM analysis for the postmenopausal women were used to create a nominal weight 

trajectory variable. Each class was a category of the trajectory variable. Therefore, the 

variable consisted of three categories: the stable group, the gained/lost group, and the 

Heavy-stable  = circles       

Light-stable = triangles             
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lost/stabilized group. To be included in  regression models, this variable was dummy 

coded with the stable group as the reference population. 

5.3.1 Univariate and Bivariate Analyses for Postmenopausal Women 

The Shapiro-Wilk W test findings suggested that SI, weight and age were not 

normally distributed (P< 0.001), whereas height did show a normal distribution (P =0.36). 

Examination of histograms of the distribution of the variables (figure 5.3) and Q-Q plots 

(not shown) suggested relatively small departures from normality for SI and weight, and 

a significantly right skewed distributions for age.   

Scatter plots of SI by each predictor variable (figure 5.4), did not reveal obvious 

outliers or non-linear patterns in the data. Overall, the study predictors were significantly 

but weakly correlated, the highest correlation was between weight and height (r = 0.45; 

p<0.0001), and the lowest between age and weight (r = -0.16; p<0.0001). SI was 

significantly correlated with all the explanatory variables. The highest correlation was 

between SI and age (r = -0.36; p<0.0001), and the lowest between SI and height (r = 0.11; 

p=0.0001).   

The boxplots of the relationship between the weight trajectory classes and SI (figure 

5.5) showed the stable group as having the highest mean SI (82 units), this was followed 

by the lost/stable group (78 units), and the lowest mean SI (74 units) was found for the 

gained/lost group. The variance was smaller for the gained/lost group, and similar in the 

other two groups.  The distribution of SI was slightly negatively skewed for the 

lost/stabilized and the gained/lost groups, and slightly positively skewed for the stable 

group. There are some high outliers in the stable group. 
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Figure 5.3: Distributions of Study Variables in Postmenopausal Women (n = 1201). 

Panel A = SI; Panel B = age; Panel C = weight and Panel D = height. 
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Figure 5.3 Continued 

  

 

 

Figure 5.4: Bivariate Associations between SI and the Explanatory Variables in 

Postmenopausal women 

 

  

Distribution of Height 
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Age Weight 
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Figure 5.5: Boxplot of the Relationship between Weight Trajectory Classes and SI 

in Postmenopausal Women 

 

5.3.2 Regression Diagnostics for Multiple Linear Regression Models of the Association 

Between SI and Weight Trajectories (postmenopausal women) 

A model was fit with SI as the outcome and weight trajectories, final age, final weight 

and final height as predictors. The residual versus predicted plot for this model suggested 

the presence of mild heteroskedasticity (Figure 5.6), which was confirmed by the White 

test (p > 0.02).  Because the outcome variable, SI, was moderately right skewed, a log 

transformation of SI was undertaken.  The residual versus predicted plot for the new 

model (Figure 5.7) showed an improvement in the residuals (no pattern of residuals was 

observed).  The findings from the White test also indicated that the variance of the errors 

for the model with the log transformed outcome were homogenous (p = 0.10). Given 

these findings,  both the log(SI) model and the SI model were considered for the final 

model. Both models met all other linear regression assumptions.  

  

Stable 
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Figure 5.6: Scatter plot of the Residuals vs Predicted Values for the SI outcome 

Model (postmenopausal women) 

 

 

Figure 5.7: Scatter plot of the Residuals vs Predicted Values for the  Log (SI) 

outcome Model (postmenopausal women) 

 

 

5.3.3 Selection and Interpretation of a Linear Regression Model for the Association 

Between SI and Weight Trajectories (postmenopausal women)  

The results from the log (SI) model (Table 5.4) and the SI model (Table 5.5) were 

substantially the same. Therefore, the SI model was selected due to greater ease of 

interpretation. SI was shown to be negatively associated with final age and height, and 

positively related to final weight.  Women who gained and then lost weight 

(“Gained/lost” class) were found to have a mean SI that was 5.57 units lower than the 
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mean for women who maintained their weight (“stable” class) during the study period. 

This difference was not significant (p = 0.06).   

Table 5.4: Linear Regression Model for the Association Between Log(SI) and 

Weight Trajectories for Postmenopausal Women (adjusted R2 =0.1659)  

Model 

Variables 

B Coefficient SE P value 

Gained/lost -0.064 0.0361 0.07 

Lost/stabilized -0.042 0.0364 0.24 

Final age -0.001 0.0007 <0.001 

Final weight 0.004 0.0007 <0.001 

Final height -0.004 0.0011  <0.001 

 

 

Table 5.5: Linear Regression Model for the Association between SI and Weight 

Trajectories for Postmenopausal women (adjusted R2 =0.1567)   

Model 

Variables 

 

B Coefficient SE P value 

Gained/lost 

 

-5.57 2.98 0.06 

Lost/stabilized 

 

-2.82 3.00 0.35 

Final Age 

 

-0.78 0.06 <0.0001 

Final Weight 

 

0.33 0.06 <0.0001 

Final Height 

 

-0.35 0.09 0.0001 
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5.4 Specific Aim 2: To compare the association between percent weight change and 

final SI between postmenopausal women and premenopausal women. 

5.4.1 Univariate and Bivariate Analyses in Postmenopausal Women 

In addition to percent weight change [(final weight – baseline weight)/ baseline 

weight X 100], SI,  final weight, final height and final age will be included in this 

analysis.  These variables were used in the weight trajectory analysis, and univariate 

descriptions and bivariate associations among these variables are presented in section 

5.3.1. 

The distribution of percent weight change exhibited a modest departure from 

normality (Shapiro-Wilk W test, p < 0.0001). Compared to a normal distribution, it had a 

higher peak (leptokurtic distribution) (figure 5.8). On average, women did not experience 

large net weight changes (mean weight change = 0.73%; SD 4.46).  A scatter plot of SI 

by weight change (figure 5.9) did not show outliers or non-linear patterns in the data. 

Weight change was significantly correlated with weight (r = 0.25; p <0.0001) and with SI 

(r = 0.06; p <0.04). However, it was not correlated with age or height. 

Figure 5.8 Distribution of the Percent Weight Change Variable (postmenopausal 

women) 
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Figure 5.9 Scatter plot of Si by Percent Weight Change (postmenopausal women) 

 

5.4.2 Regression Diagnostics for a Multiple Linear Regression Model of the Association 

between SI and Percent Weight Change (postmenopausal women) 

Regression diagnostics were performed on the linear regression model for the 

association between SI and percent weight change, accounting for the effects of  age,  

height and weight measured at the last study visit.  No influential observations were 

identified, and the model assumptions of ordinary least squares linear regression were 

met. 

5.4.3 Interpretation of a Linear Regression Model for the Association between SI and 

Percent Weight Change (Postmenopausal women) 

SI was not significantly associated with percent weight change, after adjustment for 

final age, height and weight (p =0.904). However, SI was negatively associated with age 

and height, and positively associated with weight. (Table 5.6).  

Table 5.6:  Linear Regression Model of the Association between SI and Weight 

Change  for Postmenopausal Women (adjusted R2 =0.1539) 

Model Variables B Coefficient SE P value 

Final Age -0.79 0.06 <0.0001 

 Final Height -0.36 0.09 <0.0001 

Final Weight 0.34 0.06 <0.0001 
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Table 5.6 Continued 

Percent weight change * 0.01 0.10 0.904 

*[(final weight – baseline weight)/ baseline weight X 100] 

5.4.4 Univariate and Bivariate Analyses for Premenopausal Women 

Most women did not experience large net changes in weight during the study period. 

The mean percent weight change was 0.96% (SD = 4.03), and the distribution was 

leptokurtic (Figure 5.10). A scatter plot of SI by percent weight change suggested that 

percent weight change was not associated with SI (figure 5.11). Consistent with this 

observation, weight change was not significantly correlated with SI (r = -0.008; p = 0.82), 

but it was significantly correlated with age ( r = -0.10; p=0.005) and weight (r = 0.13; p = 

0.0002). 

Figure 5.10 Distribution of Percent Weight Change (premenopausal women) 

 

 

Figure 5.11 Scatter plot of Percent Weight Change against SI (premenopausal 

women) 
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5.4.5 Regression Diagnostics for a Multiple Linear Regression Model of the Association 

between SI and Percent Weight Change (premenopausal women) 

Regression diagnostics were performed on the linear regression model with SI as the 

outcome and weight, height, age, measured during the final study visit, and percent 

weight change as the predictors.  No influential observations were identified. The model 

assumptions for ordinary least squares linear regression were met. 

5.4.6 Interpretation of a Linear Regression Model for the Association between SI and 

Percent Weight Change (premenopausal women) 

Only 1.5% of the total variance was explained by the model. Percent weight change, 

was not significantly associated with SI. The only significant association was between 

weight and SI (p <0.0001) (Table 5.7).   

Table 5.7: Linear Regression Model of the Association between SI and Weight 

Change  for Premenopausal Women (adjusted R2 =0.0151) 

Model Variables B 

Coefficient 

SE P value 

Age 0.002 0.24 0.99 

 Height -0.17 0.12 0.18 

Weight 0.35 0.08 <0.0001 

Percent weight change * -0.11 0.14 0.41 

*[(final weight – baseline weight)/ baseline weight X 100] 

5.5 Specific aim 3: To compare the association between weight variability (weight-

RMSE) and final SI between pre and postmenopausal women. 

Weight variability was quantified using a RMSE. This measure was calculated by 

regressing weight, measured at four yearly time points, against time for each subject. The 

slope of these individual regression models provided a measure of weight trend.  Two 

separate analyses were conducted. One where weight-slope and weight-RMSE were 



 

 

74 

 

calculated directly from the weight data, and one where these variables were calculated 

from weight expressed as a z-score. The z-scores were used to make weight variation 

comparable between subjects. For example,  a weight change of 5 kg in a light subject, is 

a more significant change than a 5 kg change in a heaver subject.  

5.5.1 Univariate and Bivariate Analyses for postmenopausal women 

In addition  to weight- RMSE, SI,  final weight, final height and final age will be 

included in this analysis.  These variables were used in the weight trajectory analysis, and 

univariate descriptions and bivariate associations among these variables are presented in 

section 5.3.1. 

The distribution of the weight-RMSE variable calculated from the weight data had a 

non-normal distribution (Shapiro-Wilk W test, p < 0.0001), which was skewed toward 

the right (figure 5.12), and a mean of 0.96 (SD = 0.71). The correlation between weight-

RMSE and SI was significant (r = -0.056; p = 0.05), as was the correlation between 

weight-RMSE and height (r =0.063; p = 0.03). Weight-RMSE was not correlated with 

age or weight. Scatter plots of weight-RMSE against SI provided some evidence of a 

linear association (figure 5.13). Similar findings were found when weight- RMSE 

calculated from z-scores was evaluated. 
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Figure 5.12: Distribution of Weight-RMSE (postmenopausal women) 

 

Figure 5.13: Scatter plot of SI against Weight-RMSE (postmenopausal women) 

 

5.5.2 Regression Diagnostics for Multiple Linear Regression Models of the Association 

between SI and Weight-RMSE (Postmenopausal Women) 

Regression diagnostics were performed on the two linear regression models with SI 

as the outcome, weight-RMSE, weight-slope and final weight, height, age as the 

predictors.  One model included the weight-RMSE and weight-slope variables calculated 

from weight data, and the other model included these variables calculated from weight z-

scores. For both models, no influential observations were identified. However, results 

from the Shapiro-Wilk W test (Pr<W<0.0001), and examination of the Q-Q plots (not-

shown), and histograms of the distribution of the residuals, suggested modest deviations 

from normality (Figures 5.14, 5.15). The validity of model inferences is dependent on the 

estimates having a t-distribution, which is indicated by the residuals having a normal 
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distribution.  However, with a large sample, the central limit theorem guarantees 

normality of the estimates.  How large a sample is needed depends on the degree of non-

normality of the residuals. Given that the residuals in the present models are 

approximately normally distributed, the sample size (n=1201) should be sufficiently large 

to ensure valid inferences. All other model assumptions were satisfied in both models. 

Figure 5.14: Histogram of Residuals for the Weight- RMSE Model Based on Weight 

Data  (postmenopausal women) 

 

 

Figure 5.15: Histogram of Residuals for the Weight- RMSE Model Based on Weight  

Z-scores (postmenopausal women) 
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5.5.3 Selection and Interpretation of a Linear Regression Model for the Association 

between SI and weight-RMSE (postmenopausal women) 

The results obtained from the regression model that included weight-RMSE and 

weight-slope calculated from the weight data (Table 5.8, Model A) were essentially the 

same, as the findings from the model that used the variables calculated from weight z-

scores data (Table 5.8, Model B).  For ease of interpretation, the model based on the 

weight data was selected as the final model.  

The model explained 16% of the variance. SI was negatively associated with weight-

RMSE (p=0.03), but it was not associated with weight-slope. For every additional kg. of 

weight-RMSE, SI decreases by an average of 1.32 units. In addition, SI was associated 

with age, height and weight.  

Table 5.8: Linear Regression Model of the Association between SI and Weight-

RMSE for Postmenopausal Women (Model A and B, adjusted R2 =0.1567)  

Model A B Coefficient SE P value 

Age -0.79 0.06 <0.0001 

 Height -0.36 0.09 <0.0001 

 Weight 0.35 0.06 <0.0001 

Weight-RMSE -1.32 0.59 0.025 

Weight-Slope -0.30 0.49 0.546 

Model B B Coefficient SE P value 

 Age -0.79 0.06 <0.0001 

Height -0.36 0.09 <0.0001 

Weight 0.35 0.06 <0.0001 

Weight-RMSE -10.39 4.70 0.028 
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Table 5.8 Continued 

Weight-Slope -3.06 3.94 0.4375 

Abbreviations: RMSE, root mean square error.  Model A:  estimates of weight- RMSE 

and weight slope were calculated from weight data.  Model B: estimates of weight- 

RMSE and weight slope were calculated from weight z-scores. 

5.5.4 Univariate and Bivariate Analyses for the Premenopausal women 

The distribution of the weight-RMSE variable calculated from the weight data  had a 

non-normal  distribution (Shapiro-Wilk W test,  p < 0.0001), that was skewed toward the 

right (figure 5.16),  and a mean of 0.97 (SD = 0.81). Examination of the correlations 

between weight-RMSE and SI, weight, height, age and weight-slope, showed that 

weight-RMSE was only correlated with weight (r =0.124; p =0.0003). A scatter plot of 

weight-RMSE against SI suggested a weak linear association, and no obvious outliers 

(figure 5.17). Similar results were observed  when weight- RMSE calculated from z-

scores was evaluated. 

Figure 5.16 Distribution of Weight-RMSE (premenopausal women) 
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Figure 5.17 Scatter plots of SI  Versus Weight-RMSE (premenopausal women) 

 

5.5.5 Regression Diagnostics for Multiple Linear Regression Models of the Association 

between SI and Weight-RMSE (premenopausal women) 

Regression diagnostics were performed on two linear regression models. Both models 

had SI as the outcome, and  weight-RMSE, weight-slope, and final weight, height and 

age as the predictors. One model included weight-RMSE and weight-slope variables 

calculated from weight data, and the other model included these variables calculated from 

weight z-scores.  For the model that included the variables calculated from weight data, 

no influential observations were identified. However, results from the Shapiro-Wilk W 

test (Pr<W<0.0001) indicated that the residuals were not normally distributed.  

Examination of the Q-Q plot (not shown),  and the histogram of the distribution of the 

residuals (figure 5.18), suggested that the residuals were approximately normally 

distributed;  thus, close enough  for the model to provide valid inferences. All other 

model assumptions were met. Similar findings were obtained for the model that included 

variables calculated from weight z-scores.  
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Figure 5.18: Histogram of Residuals for the  Weight- RMSE Model Based on 

Weight Data (premenopausal women) 

 

5.5.6 Selection and Interpretation of a Linear Regression Model for the Association 

between SI and Weight-RMSE (premenopausal women) 

The results of the regression model that included weight-RMSE and weight-slope 

calculated from the weight data was essentially the same as the model that included the 

variables calculated from z-scores. As with the post-menopausal women, to simplify 

interpretation, the model based on the weight data was selected as the final model (Table 

5.9). The model explained a very small proportion of the total variance (1.4%).  Weight 

was the only predictor associated with SI (p <0.0001). For every additional kg. of weight,  

SI  increased by an average of 0.34 units. 

Table 5.9: Linear Regression Model of the Association between SI and Weight-

RMSE for Premenopausal Women (adjusted R2 =0.014) 

Model 

Variables 

B Coefficient SE P value 

Final Age 0.003 0.25 0.99 

 Final Height -0.16 0.12 0.20 
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Table 5.9 Continued 

 Final Weight 0.34 0.09 <0.0001 

Weight-

RMSE* 

0.21 0.69 0.77 

Weight-Slope -0.66 0.85 0.44 

Abbreviations: RMSE, root mean square error.  

5.6 Comparison of the effect of weight variability (weight-RMSE) on final SI 

between pre and postmenopausal women 

Evidence was not found  to reject the null hypothesis, that the strength of the 

association between  weight variability and SI was similar in pre and postmenopausal 

women. Comparing the regression lines for predicting SI from weight variability (RMSE), 

between pre and postmenopausal women,  the slopes were significantly different for the 

unadjusted regression models ( z slope = 2.01, p = 0.04).  However, the difference between 

the slopes did not remain significant after adjustment for potential confounders ( z slope = 

1.81, p = 0.07).  

5.7  Primary Study Summary 

5.7.1 Hypothesis 1:  Individuals whose weight trajectories show a “curved/ variable” 

pattern will, on average, have a lower final SI than those whose trajectories show a 

“stable” pattern during the 3-year study. 

In the postmenopausal women, three distinct weight trajectories were identified from 

the data.   One group of women maintained a stable weight (stable trajectory). Two 

different  patterns of “curved/ variable” weight change were detected.  One group of  

women gained and then lost weight (gained/lost trajectory), and one group lost weight 

and then experienced stable weight (lost/stabilized trajectory). While women in the gain/ 

lost group had a mean SI that was 5.57 units lower than the mean for women in the stable 

group, this difference was not significant (p=0.06).  This may be due to limited power to 
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detect a difference, as the proportion of women in the two “curved/ variable”  trajectory 

groups was small (4.8%).  No weight trajectories with a “curved/ variable” pattern were 

identified in the premenopausal women. 

5.7.2 Hypothesis 2a: The direction of the effect of weight change on final SI will be the 

same in all study populations: greater weight change will be associated with lower final 

SI.  

We did not find evidence of an association between bone status (SI) and weight 

change (percent weight change) in either group. 

5.7.3 Hypothesis 2b: The effect size of percent weight change on final SI will be greater 

in postmenopausal women than in premenopausal women.   

We did not find evidence of an association between bone status (SI) and  weight 

change (percent weight change) in either group. 

5.7.4 Hypothesis 3a: The direction of the effect of weight-RMSE on final SI will be the 

same in all study populations: greater weight-RMSE will be associated with lower final 

SI.  

The results in the postmenopausal women did support this hypothesis. Weight 

variability (weight-RMSE) was inversely associated with bone quality  (SI) in 

postmenopausal women (p=0.03). This association was independent of the effects of 

weight trend (measured as the weight-slope), weight, height and age.  However, a 

relationship between weight variability and bone  quality was not found for 

premenopausal women (p= 0.77). 

5.7.5 Hypothesis 3b: The effect size of weight variability (weight RMSE) on final SI will 

be greater in postmenopausal women than in premenopausal women.   

The results did not support this hypothesis.  The slopes of the regression lines, for the 

association between SI and weight-RMSE were compared between pre and 

postmenopausal women, and a significant difference between the slopes was not detected. 
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CHAPTER 6: RESULTS FOR THE SUB-STUDYOF WOMEN TRANSITIONING 

INTO MENOPAUSE (TIM) 

6.1 Characteristics of Study Participants 

At the last study visit, the mean (SD) age of the 419 TIM women participants was 

49.64 (2.47). Compared to the 1201 postmenopausal women, the TIM women were, on 

average, younger, and taller, and lost a smaller proportion of net weight.  The groups 

showed similar final weights, final BMI, and SI. Both groups had a low proportion of 

obese women, and more than half (55%) maintained their weight during the study period 

(weight maintenance = a weight change of <3% of body weight).141  On average, the TIM 

women experienced a small percent weight change (mean = 0.71%; SD = 4.65) (Table 

6.1).  Height data were missing for 3.2% of the TIM women, but the characteristics of 

women with missing data were similar to those of women with complete data. 

Table 6.1: Characteristics of TIM and Postmenopausal Women Assessed at the Final 

Study Visit∆ 

Characteristic TIM 

n = 419 

Postmenopausal 

n = 1201 

P 

value** 

Age (years) 
mean (SD) 

 

49.64 (2.47) 

 

60.50 (7.41) 

 

<0.0001 

Height (CM) 
mean (SD) 

 

158.60 (4.86) 

 

155.91 (5.46) 

 

0.009 

Weight (Kg.) 
mean (SD) 

 

59.14 (7.70)  

 

57.44 (8.19) 

 

0.30 

BMI (kg/M2 ) 
mean (SD)  

 

23.50 (2.84) 

 

23.60 (3.02) 

 

0.25 

BMI (kg/M2) Groups n (%)† 
Normal  

Overweight (BMI  > 24Kg) 

Obese (BMI  > 28 Kg) 

 

253 (60) 

140 (33) 

26 (6) 

 

663 (55) 

458 (38) 

80 (7) 

 

 

 

0.22 

Stiffness Index 
mean (SD) 

 

93.30 (15.65) 

 

82.32 (15.35) 

 

0.09 

Percent Weight Change‡ 
mean% (SD) 

 

0.71 (4.65) 

 

-0.87 (4.36) 

 

0.121 
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Table 6.1 Continued 
 

Three Year Weight Change, n (%)* 
lost 

maintained 

gained  

 

66 (16) 

232 (55) 

121 (29) 

 

324 (27) 

661 (55) 

216 (18) 

 

 

 

<0.0001 

Abbreviations: TIM, transitioning into menopause. n, sample size; SD, standard deviation; 

CM, centimeter; Kg, kilogram; M, meter; BMI, body mass index. ∆ Because the study 

outcome, SI, was measured at the end of the study, all cross-sectional measurements were 

conducted during the final study visit.  † Chinese definition of overweight and obese. ‡ 

[(final weight – baseline weight) / baseline weight X 100].* weight maintenance = a 

weight change of <3% of body weight. ** Comparing TIM versus postmenopausal 

women; Student T-test analysis was used to compare means and Chi-square test to 

compare categorical variables. 

6.2 Growth Mixture Models (GMM)/ Trajectory Analysis  

For TIM women, the fit for 1 to 3 class linear GMM models is shown in table 6.2. 

The 1-class model A solution was selected as the best representation of the data.  A 

detailed description of GMM model exploratory analysis, specification and selection 

procedures for the TIM women is presented in Appendix A.  For model A, The means for 

the growth factors were freely estimated.  The intercept and slope variances, covariances, 

and residual variances were constrained to be equal across classes. 

The TIM women showed a stable weight during the study period. At baseline, the 

group’s mean weight was 58.9 kg (significantly different from zero, p<0.0001). In the 

single weight trajectory identified by the analysis, weight slowly increased an average of 

0.10 kg per year (linear slope, p<0.01). 
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Table 6.2: Fit Indices and Entropy for 1 to 3 Class Linear Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

TIM Women 

 Number of classes in the Solution 

1 2 3 

Model A* 

SSA-BIC 8191 8120 8099 

Entropy n/a 1.00 0.92 

LMR p-value n/a 0.004 0.15 

Smallest class 

size 

n/a 1.2% 1.2% 

Model B** 

SSA-BIC 8191 8120 8099 

Entropy n/a 1.00 0.92 

LMR p-value n/a 0.004 0.15 

Smallest class 

size 

n/a 1.2% 1.2% 

Model C† 

SSA-BIC 8191 8120 8099 

8120 8099 1.00 0.92 

1.00 0.92 0.004 0.15 

0.004 0.15 1.2% 1.2% 

1.2% 1.2%   

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test 
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Table 6.2 Continued 

*Model A: The means for the latent growth factors were freely estimated.  The intercept 

and slope growth factor variances, covariances, and residual variances were constrained 

to be equal across classes 

**Model B: The means for the latent growth factors and the intercept variances were 

freely estimated.  The slope variances, covariances, and residual variances were 

constrained to be equal across classes. 

†Model C: The means for the latent growth factors and the intercept and slope variances 

were freely estimated.  The covariances and residual variances were constrained to be 

equal across classes. 

6.3 Specific Aim 1: To examine the independent effect of 3-year weight trajectories 

on final SI, after accounting for the effects of final weight, height and age. 

Given that only one population was identified by the GMM analysis, an evaluation of 

the impact of weight trajectories on bone status could not be undertaken for the TIM 

women. 

6.4 Specific Aim 2: To Compare the association between percent weight change and 

final SI, between postmenopausal and TIM women 

6.4.1 Univariate and Bivariate analyses in TIM women 

Based on the Shapiro-Wilk W test, age (P < 0.001), weight (P < 0.001), weight 

change (P < 0.001) and height (P=0.04) showed non-normal distributions.  SI was 

normally distributed (P=0.30).  Examination of histograms of the variable distributions 

(figure 6.1) suggested small departures from normality for weight and height. Age had a 

platykurtic distribution, as most of the values occurred at similar frequencies. Weight 

change appeared to have a leptokurtic distribution, where the values were more clustered 

around the mean than in a normal distribution. 
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Scatterplots of SI by each predictor variable (data not shown), did not reveal obvious 

outliers or non-linear patterns in the data. Among the explanatory variables, weight 

change was significantly correlated with final age (r = -0.16; p<0.001) and with final 

weight (r = 0.22; p<0.0001). Si was only significantly correlated with weight (r = 0.21; 

p<0.0001). 

Figure 6.1: Distribution of Study Variables in TIM Women (n=419). Panel A = 

stiffness index (SI); Panel B = final age; Panel C = final weight; Panel D = final 

height and Panel E = weight change. 
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Figure 6.1 Continued 

 

 

6.4.2 Regression Diagnostics for a Multiple Linear Regression Model of the Association 

between SI and Weight Change (TIM women) 

Regression diagnostics were performed on the linear regression model with SI as the 

outcome, and weight, height, age, measured during the final study visit, and percent 

weight change as the predictors.  No influential observations were identified. The model 

assumptions for ordinary least squares linear regression were met. 

6.4.3 Interpretation of a Linear Regression Model for the Association between SI and 

Weight Change (TIM women) 

Only 4.6% of the total variance was explained by the model. Percent weight change 

was not significantly associated with SI. The only significant association was between 

weight and SI (p <0.0001).  For every additional kg. of weight, SI  increased by an 

average of 0.49 units (Table 6.3). 
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Table 6.3: Linear Regression Model of the Association between SI and Weight 

Change  for TIM Women (adjusted R2 =0.0464) 

Model Variables B 

Coefficient 

SE P value 

Final Age 0.38 0.32 0.229 

 Final Height -0.29 0.17 0.097 

Final Weight 0.49 0.11 <0.0001 

Percent weight change * 0.04 0.17 0.791 

*[(final weight – baseline weight)/ baseline weight X 100] 

6.5 Specific aim 3: To compare the association between weight variability (weight-

RMSE) and final SI between TIM and postmenopausal women. 

Consistent with the primary study analyses, two separate analyses were conducted to 

examine the relationship between bone quality and weight variability. One where weight-

slope and weight-RMSE were calculated directly from the weight data, and one where 

these variables were calculated from weight expressed as a z-score. 

6.5.1 Univariate and Bivariate Analyses: Weight-RMSE (TIM women) 

The distribution of the weight-RMSE variable calculated from the weight data had a 

non-normal distribution (Shapiro-Wilk W test, p < 0.0001), which was skewed toward 

the right (figure 6.2), and had a mean of 1.05 (SD = 0.89). Weight-RMSE was correlated 

with weight (r=0.13; P= 0.007) and weight-slope (r=-0.243; P= <0001).  It was not 

correlated with SI or the other explanatory variables. A scatter plot of weight-RMSE 

against SI suggested no association between the variables (figure 6.3). Similar findings 

were found when weight-RMSE calculated from z-scores was evaluated. 
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6.5.2 Regression Diagnostics for Multiple Linear Regression Models of the Association 

between SI and Weight-RMSE (TIM women) 

Regression diagnostics were performed on  two linear regression models, that had SI 

as the outcome, and weight-RMSE, weight-slope, and final weight, height, age as the 

predictors. One model included weight-RMSE and weight-slope variables calculated 

from weight data, and the other model included these variables calculated from weight z-

scores.  For both models, no influential observations were identified, and the model 

assumptions for linear regression were met.  
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Figure 6.2: Distribution of Weight-RMSE (TIM women) 

 

Figure 6.3: Scatter plot of Si against Weight-RMSE (TIM 

Women) 
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6.5.3 Selection and Interpretation of a Linear Regression Model for the Association 

between SI and Weight-RMSE (TIM women) 

The results of the regression model that included weight-RMSE and weight-slope 

calculated from the weight data were essentially the same as the model that included the 

variables calculated from z-scores.  For ease of interpretation, the model based on the 

weight data was selected as the final model (Table 6.4). The model explained 5.24% of 

the total variance.  Weight was the only variable significantly associated with Si (p 

<0.0001).  Weight-RMSE showed a negative relationship with SI, but it was not 

significant (p = 0.06).  

Table 6.4: Linear Regression Model of the Association between SI and Weight-

RMSE for TIM Women (adjusted R2 =0.0524) 

Model 

Variables 

B Coefficient SE P value 

Final Age 0.37 0.32 0.24 

 Final Height -0.30 0.17 0.08 

 Final Weight 0.53 0.11 <0.0001 

Final Weight-

RMSE* 

-1.67 0.90 0.06 

Final Weight-

Slope 

-0.05 0.87 0.95 

Abbreviations: RMSE, root mean square error.  

 

6.6 Comparison of the effect of weight variability (weight-RMSE) on final SI 

between TIM and postmenopausal women 

Comparing the regression lines for predicting SI from weight variability (RMSE), 

between TIM and postmenopausal women,  the slopes were not significantly different for 
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the unadjusted regression models ( z slope = 0.12, p = 0.90), or  the adjusted regression 

models ( z slope = 0.32, p = 0.75).  

6.7 TIM Study Summary 

6.7.1 Hypothesis 1:  Individuals whose weight trajectories show a “curved/ variable” 

pattern will, on average, have a lower final SI than those who whose trajectories show a 

“stable” pattern during the 3-year study. 

The GMM analysis identified only one class. This suggests that only one trajectory is 

needed to characterize the  weight change represented in the data. For the TIM women, 

the trajectory had a “stable” pattern. 

6.7.2 Hypothesis 2a: The direction of the effect of weight change on final SI will be the 

same in all study populations: greater weight change will be associated with lower final 

SI.  

We did not find evidence of an association between bone quality (SI) and  weight 

change (percent weight change) among TIM women. 

6.7.3 Hypothesis 2b: The effect size of percent weight change on final SI will be greater 

in postmenopausal women than in TIM women.   

We did not find evidence of an association between bone quality (SI) and  weight 

change (percent weight change) in either group. 

6.7.4 Hypothesis 3a: The direction of the effect of weight RMSE on final SI will be the 

same in all study populations: greater weight RMSE will be associated with lower final 

SI.  

Weight variability (weight-RMSE) did show an inverse relationship with bone quality (SI) 

among TIM women, but the association was not significant  (p = 0.06).  
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6.7.5 Hypothesis 3b: The effect size of weight variability (weight RMSE) on final SI will 

be greater in postmenopausal women than in TIM women.  

The results did not support this hypothesis.  The slopes of the regression lines for the 

association between SI and weight-RMSE were compared between TIM and 

postmenopausal women.  A significant difference between the slopes was not detected. 
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CHAPTER 7: RESULTS FOR THE SUB- STUDY OF MEN OVER 65 YEARS OF 

AGE 

7.1 Characteristics of Study Participants 

At the time of SI assessment, the study participants had a mean (SD) age of 76.12 

(3.58) years, with age ranging from 69 to 87 years. They were considerable older than the 

postmenopausal women, as only a small proportion of these women (15%) were over the 

age of 68. As compared to the sub-group of women who were over 68 years old, the men 

tended to have a higher weight and SI.  On average, both older men and women 

experienced a small percent weight change (Table 7.1). 

Table 7.1: Characteristics of Older Men and Women at the Final Study Visit∆ 

Characteristic Men 

n = 424 

Women◊ 

n = 183 

P 

value** 

Age (years) 
mean (SD) 

 

76.12 (3.58) 

 

74.45 (4.00) 

 

0.001 

Height (CM) 
mean (SD) 

 

164.40 (5.83) 

 

151.80 (5.31) 

 

0.15 

Weight (Kg.) 
mean (SD) 

 

65.46 (9.74) 

 

54.37 (8.21) 

 

0.008 

BMI (kg/M2 ) 
mean (SD)  

 

24.19 (3.18) 

 

23.57 (3.15) 

 

0.89 

BMI (kg/M2) Groups n (%)† 
Normal  

Overweight (BMI  > 24Kg) 

Obese (BMI  > 28 Kg) 

 

209 (49) 

172 (41) 

43 (10) 

 

98 (54) 

73(40) 

12 (6) 

 

 

 

0.32 

Stiffness Index 
mean (SD) 

 

89.00 (17.81) 

 

71.81 (14.48) 

 

0.001 

Percent Weight Change‡ 
mean% (SD) 

 

-1.01 (4.94) 

 

-0.91 (4.64) 

 

0.33 

Three Year Weight Change, n (%)* 
lost 

maintained 

gained  

 

125 (29) 

241 (57) 

58 (14) 

 

54(29) 

98 (54) 

31 (17) 

 

 

 

 

0.56 

Abbreviations:  n, sample size; SD, standard deviation; CM, centimeter; Kg, kilogram; M, 

meter; BMI, body mass index. ∆ Because the study outcome, SI, was measured at the end 

of the study, all cross-sectional measurements were conducted during the final study visit.   



 

 

95 

 

Table 7.1 Continued  

◊ Women over the age of 68 years.‡ [(final weight – baseline weight) / baseline weight X 

100]. † Chinese definition of overweight and obese. * Weight maintenance = a weight 

change of <3% of body weight. ** Comparing older men versus older postmenopausal 

women; Student T-test analysis was used to compare means and Chi-square test to 

compare categorical variables. 

7.2 Growth Mixture Models (GMM)/  Trajectory Analysis  

For older men, the fit for one and two class linear GMM models is shown in table 7.2. 

The 1-class model A solution was selected as the best representation of the data.  A 

detailed description of GMM model exploratory analysis, specification and selection 

procedures for the men is presented in Appendix A.  For model A, The means for the 

growth factors (intercept and slope) were freely estimated.  The slope variance was fixed 

to zero. The intercept variance, covariances, and residual variances were constrained to 

be equal across classes. 

On average, the older men maintained a stable weight.  The group’s mean baseline 

weight was 66.2 kg (significantly different form zero, p<0.0001). During the study period, 

weight slowly decreased an average of 0.22 kg (linear slope, p<0.0001) per year.  

Table 7.2: Fit Indices and Entropy for 1 to 3-Class Linear Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

Older Men 

 Number of classes in the Solution 

1 2 

Model A* 

SSA-BIC 9283 8981 

Entropy n/a 1.00 
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Table 7.2 Continued 

LMR p-value n/a 0.0001 

Smallest class 

size 

n/a 0.2% 

Model B** 

SSA-BIC 9283 8981 

Entropy n/a 1.00 

LMR p-value n/a 0.0001 

Smallest class 

size 

n/a 0.2% 

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test. 

*Model A: The means for the latent growth factors were freely estimated.  The slope 

variance was fixed to zero. The intercept variance, covariances, and residual variances 

were constrained to be equal across classes 

**Model B: The means for the latent growth factors and the intercept variances were 

freely estimated.  The slope variance was fixed to zero. The covariances, and residual 

variances were constrained to be equal across classes. 

7.3 Specific Aim 1: To examine the Independent Effect of 3-year Weight 

Trajectories on Final SI, after accounting for the effects of final weight, height and 

age. 

Given that only population was identified by the GMM analysis, an evaluation of the 

impact of weight trajectories on bone quality could not be undertaken for older men. 

7.4 Specific Aim 2: To Compare the association between percent weight change and 

final SI, between postmenopausal women and older men 

7.4.1 Univariate and Bivariate analyses in older men 

Findings from the Shapiro-Wilk W test indicated that height had a normal distribution, 

and SI, age, weight and weight change had non-normal distributions.  The histograms of 
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the distributions of the variables (Figure 7.1) and Q-Q plots (not shown), suggested that 

SI and weight had approximately normal distributions. Age had a platykurtic, and weight 

change had a leptokurtic distribution.  

Scatterplots of Si by each explanatory variable (data not shown), did not show 

outliers or suggest non-linear associations. Correlation analysis showed that final age, 

weight and height were all weakly but significantly correlated; the strongest correlation 

was between weight and height (r = 0.47; p<0.0001).  Percent weight change was only 

correlated with weight (r = 0.24; p<0.0001), and SI was only correlated with height (r = -

0.17; p=0.0006). 

Figure 7.1: Distribution of Study Variables in Older Men (n=424). Panel A = 

stiffness index (si); Panel B = final age; Panel C = final weight; Panel D = final 

height and Panel E = weight change. 
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Figure 7.1 Continued 

 

 

 

7.4.2 Regression Diagnostics for a Multiple Linear Regression Model of the Association 

between SI and Weight Change (Older men) 

Regression diagnostics were performed on the linear regression model with SI as the 

outcome and weight, height, age, measured during the final study visit, and percent 

weight change as the predictors.  No influential observations were identified. The model 

assumptions for ordinary least squares linear regression were met. 

7.4.3 Interpretation of a Linear Regression Model for the Association between SI and 

Weight Change (Older Men) 

The model explained 3.8% of the total variance.  Percent weight change was not 

significantly associated with SI (p=0.74).  Significant associations were found with age 

and height (p<0.01)  (Table 7.3). 

36 42 48 54 60 66 72 78 84 90 96 102

0

5

10

15

20

25

30

P
e
rc

e
n
t

fwt

150 153 156 159 162 165 168 171 174 177 180 183

0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

22.5

P
e
rc

e
n
t

fht

-18 -12 -6 0 6 12 18 24 30 36 42 48

0

10

20

30

40

50

60

P
e

rc
e

n
t

percentc

C 

D 

E 



 

 

99 

 

Table 7.3: Linear Regression Model of the Association between SI and Weight 

Change  for Older Men (adjusted R2 = 0.0381) 

Model Variables B 

Coefficient 

SE P value 

Age -0.71 0.18 <0.0001 

 Height -0.49 0.17 0.005 

Weight 0.09 0.10 0.402 

Percent weight change * -0.06 0.18 0.747 

*[(final weight – baseline weight)/ baseline weight X 100] 

7.5 Specific aim 3: To compare the association between weight variability (weight-

RMSE) and final SI, between older men and postmenopausal women. 

Consistent with the women’s analyses, two separate analyses were conducted to 

examine the relationship between bone quality and weight variability. One where weight-

slope and weight-RMSE were calculated directly from the weight data, and one where 

these variables were calculated from weight expressed as a z-score. 

7.5.1 Univariate and Bivariate Analyses: Weight-RMSE (older men) 

The distribution of the weight-RMSE variable calculated from the weight data had a 

non-normal distribution (Shapiro-Wilk W test, p < 0.0001). As compared to a normal 

distribution, the values were more clustered around the mean (figure 7.2). Weight-RMSE 

had a mean of 1.29 (SD = 1.40), and was correlated with weight (r= 0.20; p = <0.0001) 

and weight-slope (r=-0.52; p = <0001).  It was not correlated with SI or the other 

predictor variables. Scatter plot of weight-RMSE against SI identified an outlier that was 

further evaluated in the regression models (figure 7.3). Similar findings were found when 

weight- RMSE calculated from z-scores was evaluated. 
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7.5.2 Regression Diagnostics for Multiple Linear Regression Models of the Association 

between SI and Weight-RMSE (Older men) 

Regression diagnostics were performed on a linear regression model, with SI as the 

outcome, weight-RMSE, weight-slope and weight, height, age, measured at the final visit, 

as the predictors.  To assess the influence of an identified outlier, a sensitivity analysis 

was conducted; models were run with and without the observation (Table 7.4). The 

outlier was found to have a significant influence on model estimates, and was removed 

from the analysis. Similar findings were obtained for the models that included variables 

calculated from weight z-scores.   
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(Older Men) 

Figure 7.2: Distribution of Weight-RMSE (Older Men) 
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7.5.3 Selection and Interpretation of a Linear Regression Model for the Association 

between SI and Weight-RMSE (older men) 

The results of the regression model that included weight-RMSE and weight-slope 

calculated from the weight data was essentially the same as the model that included the 

variables calculated from z-scores.  To facilitate interpretation, the model based on the 

weight data was selected as the final model (Table 7.4, Model B). The model explained 

4.5 % of the total variance.  Weight (p <0.0001) and height (p = 0.003) were significantly 

associated with Si.  The predictor of interest, weight-RMSE, was not associated with 

bone quality. 

Table 7.4: Linear Regression Model of the Association between SI and Weight-

RMSE for Older Men (Model A and B, adjusted R2 = 0.045) 

Model A 

(includes 

outlier) 

B Coefficient SE P value 

Age -0.71 0.18 <0.0001 

 Height -0.53 0.17 0.003 

 Weight 0.10 0.11 0.332 

Weight-

RMSE* 

-1.25 0.71 0.08 

Weight-Slope 0.42 0.85 0.62 

Model B 

(excludes 

outlier) 

B Coefficient SE P value 

Age -0.71 0.18 <0.0001 

 Height -0.53 0.17 0.003 

 Weight 0.10 0.11 0.328 
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Table 7.4 Continued 

Weight-

RMSE* 

-1.48 1.05 0.160 

Weight-Slope 0.28 0.99 0.779 

Abbreviations: RMSE, root mean square error. Model A includes outlier.  Model B does 

not include outlier 

7.6 Comparison of the effect of weight variability (weight-RMSE) on final SI 

between older men and postmenopausal women 

Comparing the regression lines for predicting SI from weight variability (RMSE), 

between older men and postmenopausal women,  the slopes were not significantly 

different for the unadjusted regression models ( z slope = 0.35, p = 0.73), or  the adjusted 

regression models ( z slope = 0.02, p = 0.98).  

7.7 Older Men Study Summary 

7.7.1 Hypothesis 1:  Individuals whose weight trajectories show a “curved/ variable” 

pattern will, on average, have a lower final SI than those who whose trajectories show a 

“stable” pattern during the 3-year study. 

The GMM analysis identified only one class. This suggests that only one trajectory is 

needed to characterize the  weight change represented in the data. For the men, the 

trajectory had a “stable” pattern. 

7.7.2 Hypothesis 2a: The direction of the effect of weight change on final SI will be the 

same in all study populations: greater weight change will be associated with lower final 

SI.  

We did not find evidence of an association between bone quality (SI) and  weight 

change (percent weight change) among older men. 
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7.7.3 Hypothesis 2b: The effect size of percent weight change on final SI will be greater 

in postmenopausal women than in older men.   

We did not find evidence of an association between bone quality(SI) and  weight 

change (percent weight change) in either group. 

7.7.4 Hypothesis 3a: The direction of the effect of weight RMSE on final SI will be the 

same in all study populations: greater weight RMSE will be associated with lower final 

SI.  

Weight variability (weight-RMSE) did show an inverse relationship with bone quality 

(SI) among older men, but the association was not significant (p = 0.16).  

7.7.5 Hypothesis 3b: The effect size of weight variability (weight RMSE) on final SI will 

be greater in postmenopausal women than in older men.  

The results did not support this hypothesis.  The slopes of the regression lines for the 

association between SI and weight-RMSE were compared between older men and 

postmenopausal women.  A significant difference between the slopes was not detected. 
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CHAPTER 8: DISCUSSION 

The present study of Chinese adults adds to the very limited literature on the effects 

of weight variability (variation in weight at times between baseline and the final 

assessment) on bone health.  It is the first study concerned with bone health to use either 

the weight-RMSE or weight trajectories approaches to quantify weight variability, is also 

the first to examine this association in men, and is one of the few to evaluate non-obese 

individuals. Moreover, in contrast to prior studies of BMD, bone health was evaluated in 

the current report using QUS, which provides a measure of bone quality. This is 

important for the Chinese population, where QUS devices are one of the most commonly 

used modalities. We found that greater weight variability (as assessed by weight-RMSE)  

over the prior three years was associated with poorer bone quality in postmenopausal 

women.  By contrast, weight  variability was not significantly related to bone quality in 

men older than 65 years, in TIM and in premenopausal women at the 0.05 level.  In 

addition, neither weight change (percent weight change from baseline) nor weight trend 

(the slope of weight regressed on time) nor 3-year weight trajectories were significantly 

associated, at the 0.05 level, with bone quality in any of the study populations. 

Past studies of the association between weight history and bone health have 

primarily focused on the effect of weight change (baseline weight subtracted from final 

weight) over a given period, as opposed to weight variability. In contrast to our study, 

population-based cohort studies following subjects from 1.8 to 5.7 years have 

consistently shown weight loss to have site-specific, deleterious effects on BMD in older 

individuals. In the Osteoporotic Fractures in Men Study (MrOS), the Tobago Bone 

Health Study, the Framingham Osteoporosis Study, the Study of Osteoporotic Fractures, 
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and the Rancho Bernardo Study, weight loss of as little as 5% from baseline was 

associated with accelerated bone loss in older women and men.144,145,146,147,148  Our failure 

to observe an association between weight change and bone quality may be a result of the 

relatively modest weight changes observed in our cohort, who were not engaged in any 

specific dieting or weight loss protocol. Studies in premenopausal women based on 

dietary interventions have shown both significant 28, 32  and non-significant149,150,151  bone 

loss with weight reduction. These variable results may be partly explained by calcium 

supplementation that was prescribed in some but not all studies to prevent bone loss. 

Few studies have focused on assessing the relationship between bone health and 

weight variability, as opposed to weight change, in part due to the difficulty in 

quantifying variability.  In this study, the RMSE around the slope of weight regressed 

onto time, and weight trajectories identified by GMM analysis, provided an assessment of  

variability that occurred at time points between the baseline and year three weight 

measurements. Several different methods have been used to assess weight variability in 

prior studies.  One approach has been to measure BMD in overweight and obese women 

who lost weight during a dietary intervention, and subsequently regained weight. Four 

studies have used this method,26,31,32 two of each focusing on postmenopausal 26,31 and 

premenopausal 28,32  women. A negative association was reported between weight 

variability (losing and then regaining weight) on the one hand and BMD at the lumbar 

spine 26,31,32  and total hip32 and on the other, no effect of weight variability was found on 

BMD at the distal radius28 or total body.28 Findings at the femoral neck 26,28,31 were 

inconsistent.  
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Self-reported measures of weight and dieting history have also been used to quantify 

weight variability in overweight and obese premenopausal women.27 As with the dieting 

intervention studies, site-specific effects of weight variability on BMD have been 

observed.  As compared to women with stable weight, those with a history of weight 

variability  were found to have lower BMD at the lumbar spine,27 and distal radius 27 

whereas trochanter 27  total-body 29 and femoral BMD27,29 were not significantly different 

between the groups. In addition, a high proportion (31%) of obese, self-reported chronic 

dieters were found to have osteopenia or osteoporosis, primarily at the lumbar spine.30 

Our results regarding the association between weight variability and bone quality are 

concordant both with those from studies in older women, and from those that measured 

bone response at the lumbar spine. Bone quality was assessed in the current study at the 

calcaneus, which has been found to show similar patterns of trabecular bone loss to the 

spine.152  Similar to the vertebra, the calcaneus is weight-bearing, and consists almost 

exclusively of trabecular bone. We found that weight variability (measured by weight-

RMSE) in postmenopausal women was negatively associated with bone quality at the 

calcaneus.  This association was independent of risk factors for low bone quality, namely 

weight trend, weight, height and age.  

There are several possible explanations for inconsistency among studies on the 

question of whether weight variability is associated with a deleterious impact on bone 

health, and the results of the current study should be interpreted within this larger context. 

Firstly, a variety of skeletal sites have been assessed in different studies. It appears that 

weight-bearing bones with high trabecular content, particularly the lumbar spine, are 

most sensitive to changes in weight, perhaps due to the high rates of bone turnover at this 
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site.153 Studies focused on the lumbar spine have been most consistent in finding an 

impact of weight variability on bone health. Secondly, study design may be expected to 

have an impact on the reliability and consistency of results. An obvious weakness of self-

reported data, particularly that relating to decades of behavior, is the potential for recall 

bias conditioned by women’s weight status at the time of interview.  A related weakness 

of prospective studies in dieters is possible lack of compliance with study protocols.  A 

study by Bogden et al154 attempted to address these problems by assessing the impact on 

BMD and BMC of controlled weight cycling in female rats over 21 weeks. Animals 

undergoing weight cycling had lower femur BMC (p < 0.05), though not significantly 

lower BMD, than control animals. The length of studies can also influence findings. With 

changes in calcium intake, as can occur with dieting, bone remodeling is temporarily 

modified. This is known as the bone remodeling transient, and six months or more may 

be required for a new balance between formation and resorption to be achieved.155 

Therefore, short-duration studies may not be good indicators of bone status changes 

associated with weight variability. Additionally, different measures of weight variability 

have been employed in existing reports, which in itself could explain a portion of the 

inconsistencies.  

Finally, there is also some evidence that the effects of weight variability on bone 

health may be less pronounced among persons with higher BMI.156 Much of the existing 

literature has focused on over-weight and/or obese individuals, and thus inconsistent 

results are not unexpected. 

Unlike prior studies, we obtained data from a large established cohort of pre and 

postmenopausal women, as well as men, including individuals of low, normal, and high 
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weight.  In addition, weight was directly measured over a 3-year period, allowing for the 

assessment of longitudinal changes, and reflecting weight variability seen in the 

population, as opposed to that induced by dietary interventions. Other strengths of the 

study include the fact that QUS parameters were obtained using a single machine, and 

exams were conducted by a single technician.  This would be expected to reduce 

measurement fluctuations, thereby enhancing the precision of the primary outcome 

variable (SI). Lastly, reproductive stage was assessed at every hospital visit, thus 

reducing the likelihood of misclassification between the premenopausal and 

postmenopausal women. 

 In men, we did not find a significant effect of weight variability at the calcaneus, 

although the effect size, the Beta coefficient for the linear regression of SI onto weight- 

RMSE, was similar to that observed in postmenopausal women. This can be explained by 

the difference in the standard error, which was considerably higher in men than in 

postmenopausal women (1.05 vs 0.59).  Because of the broader range of responses to 

weight variability in men, a larger sample size would be required to conclude that the 

effect was significantly different from zero. Our power with the current male sample size 

to have detected a Beta for men identical to that observed for postmenopausal women 

was only 26%.   

We found no significant association between weight variability (weight-RMSE), and 

bone quality in TIM women (p=0.06).  This may be partly explained by misclassification 

of premenopausal women into the TIM group, due to our not having used detailed 

menstrual history tools such as the Stages of Reproductive Aging Workshop (STRAW) + 

10 criteria.157 Moreover, as with the men, the sample size for TIM women was small.  
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The effect of weight variability on bone was similar to that seen for postmenopausal 

women, but the standard error was higher (0.59 vs 0.90). This indicates a greater 

distribution of responses in this group than in the postmenopausal women, which 

suggests that women of different reproductive stages may have been included. Given the 

larger standard error and smaller sample size, our power to have detected a beta 

coefficient for TIM women identical to that observed for postmenopausal women was 

only 45%.     

The association between weight variability (weight-RMSE) and bone quality was also 

non-significant in premenopausal women in the current study. Prior studies in 

premenopausal women have yielded inconsistent findings.27-30, 32 This may reflect the 

protective effects of estrogen and higher muscle mass, which could ameliorate the impact 

of weight variability in younger women, thus, making an effect less pronounced and 

harder to detect in this population. Premenopausal women had the highest mean SI, 

followed by TIM women, and the postmenopausal women had the lowest mean SI (linear 

trend;  p <0.01). 

In contrast to prior studies,13, 15,16, 17, 146 we did not find an association between weight 

change (difference between baseline and final weight) and bone health in TIM and 

postmenopausal women or in older men. We also did not find an effect in premenopausal 

women, but in this group prior results have been mixed.28, 32,149-151 Our results may reflect 

that only a small proportion of  our participants lost a significant amount of weight, and 

that a more modest weight loss does not have a detectable effect on BMD. We did not 

select for dieters or those undergoing large weight changes. A net loss of 5% or more of 
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initial body weight was experienced in the current study by only 6% of premenopausal, 8% 

of TIM and 15% of postmenopausal women, and 17% of older men.   

For reasons not fully understood, the prevalence of persons with  > 5% weight loss in 

the current cohort was  less for postmenopausal women than in previous, large cohort 

studies in older women that examined weight changes and bone.13, 15 In older men, the  

prevalence of significant weight loss was lower in some, but not in all prior studies.146, 

13,16,17  It is possible that, in some cases, weight loss functions as a non-specific marker 

for underlying disease,158  which can impacted bone health directly or indirectly through 

inactivity. In the Rancho Bernardo study, participants who lost weight were more likely 

to report poorer health and functional limitations, and to die in the subsequent two 

years.14 Our cohort of persons routinely seeking comprehensive health exams might be 

expected to be over-selected for healthy individuals, which could also explain the low 

prevalence of significant weight loss.  In the TIM and older male groups, it is also 

possible that the small sample size did not permit us to detect an effect. 

Two hypotheses have been proposed to explain the association between weight 

variability and bone quality.  It has been postulated that intentional weight loss, which 

tends to occur at an unnaturally fast rate, may result in excess bone loss that cannot be 

fully recovered by weight gain, which tends to occur at a slower and more physiological 

rate.29  This  imbalance between bone loss and recovery is thought to be similar to that 

observed with immobilization in older women159 and men.160, 161  It has also been  

proposed that weight cycling leads to changes in body composition that are unfavorable 

to bone.162  Weight loss and regain has been  shown to be associated with  a net loss in 

fat-free mass in animal models 163,164 and  human studies 165,166, 167,168  Both lean and fat 
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mass influence bone quality; each contributes to gravitational loading.  Lean mass further 

effects mechanical loading through muscle contractions. 169 Adipose tissue also functions 

as an endocrine organ increasing circulating estrogen through the aromatization of 

androgens.170, 156 The relative importance of each in terms of bone quality, however, is 

unclear from the literature. A recent meta-analysis suggested that lean mass was a 

stronger overall determinant of BMD in men and women, although in the sub-group of 

postmenopausal women, the effect of lean mass and fat mass on BMD was found to be 

similar.171   

 Interestingly, the impact of fat and lean mass on BMD has been found to be weaker 

at higher BMI levels, suggesting that the mechanisms by which weight cycling could 

influence bone may differ by BMI level.156 As the vast majority of studies examining 

weight variability and bone have been conducted in obese populations, our findings are 

important because they suggest that weight variability experienced by moderate-weight, 

older women may effect bone health.  It is also important that our results showed that the 

association between weight variability and bone quality in older women was independent 

of weight trend (weight-slope), and that we did not find a significant association between 

bone quality and weight change (difference between baseline and final weight).  These 

findings suggests that important information regarding the relationship between weight 

history and bone is not being captured by only assessing weight change.  

As noted above, the strengths of the current study include our having captured data on 

bone quality and weight variability in a cohort of individuals with a wide range of 

weights, including men and those with moderate weigh. Several limitations need to be 

considered as well when interpreting these findings. This study is not based on a 
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representative sample of Chinese middle-aged and older women or men. Individuals in 

this cohort tend to be urban dwellers of mid to high socio-economic status (SES), and 

who have access to regular healthcare. While these characteristics limit generalizability, 

the possibility of confounding by unmeasured factors associated with residence and SES 

is reduced.  In addition, data were not available regarding medication use that could 

potentially affect the relationship between bone quality and weight variability. 

Medications, such as hormone replacement therapies (HRT), bisphosphonates, and 

corticosteroids are known to interfere with bone metabolism. Nonetheless, medical 

history data were available, and those who reported conditions that effect bone quality, 

and who might have been using these medications, were excluded.  Lifestyle factors that 

are potential confounders, including smoking, drinking and physical activity, were also 

not assessed.  Smoking, however, while important in men, is  uncommon (1-2.4%)172 

among Chinese women. Therefore, it is unlikely to have had a significant effect on 

regression estimates in this group. It is also important to note that these lifestyle factors 

are inherently difficult to quantify, and that no standard measurement approach is used 

across studies. When these factors are assessed, the imprecision in the measurements is 

likely to result in residual confounding, and provide inadequate adjustment in regression 

models.  Nonetheless, it is still possible that weight variability is a surrogate marker for 

other factors that increase the risk of bone loss. 

Misclassification by reproductive aging stage cannot be excluded.  It is likely that 

there is some degree of misclassification between the TIM and the postmenopausal 

women, and between the TIM and the premenopausal women.  However, 

misclassification is unlikely between the pre and postmenopausal women.  
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Misclassification may have biased our estimates of the association between weight 

history and SI for a given reproductive stage group.  As suggested above, the findings in 

the TIM group may partly be explained by the presence of premenopausal women. 

Weight-RMSE was also found to be a more sensitive and useful measure of weight 

variability than weight trajectories. Trajectories that described variability in weight over 

the study period were only identified by GMM modeling for postmenopausal women. 

Therefore, in the other study groups, an assessment of the effect of  weight variability, as 

quantified by trajectories, on bone quality could not be carried out. Moreover, in the 

postmenopausal women, only a small number (4.8%) experienced weight variability, 

which limited the power to detect differences between the “stable” and the two distinct 

“curved/ variable” weight trajectory groups. 

Lastly, percent weight change was used to evaluate linear changes in weight. This 

method is commonly used because it recognizes that the same level of weight change 

represents a different magnitude of change depending on the person’s baseline weight. 

For example, a loss of 10 pounds in a person with a baseline weight of 100 pounds is  a 

significant change in weight, whereas it is less important in a person with a baseline 

weight of 200 pounds.  However, an important limitation is that percent changes are not 

additive.  For example,  suppose a subject gains 50 pounds, over a study period, which 

represents a  +50% weight gain, and that a second subject losses 100 pounds, which 

represents  a  -50% weight loss, adding the percent changes (+50% – 50% = 0%) would 

suggest that there was no change (0%) during the study period – which is not correct.  

Overall, there was a net loss of 50 pounds (subject 1 gained 50 pounds and subject 2 lost 

50 pounds).  A second disadvantage is that the distribution of percent change is by 
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definition skewed to the right.  Individuals can gain 100% or more of their weight, but it 

is not possible for individuals to loss 100% or more of their weight. 

In conclusion, China is experiencing an increase in both the number of older adults, 

and the incidence of hip fractures among these persons.3  Identifying  risk factors for 

bone loss that are relevant for the population enables better targeting of higher-risk 

individuals for QUS testing. This is especially important in rural and resource-restricted 

areas where access to health care is limited, and where relatively low cost technologies, 

like QUS, play a key role in informing preventative strategies. Our findings suggest that 

in older women, evaluating both weight change and weight variability may provide a 

more complete assessment of the influence of  three-year weight history on bone, and 

thus provide a stronger predictor of bone quality.  Further work is needed to confirm 

these findings in other populations, and to investigate quick and inexpensive methods of 

quantifying weight variability, such as through self-report, that could be used in a non-

research clinical setting.   
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Appendix A: Growth Mixture Models/ Trajectory Analysis  

The modeling approach recommended by Berlin, Gilbert, and Williams;132 Ram and 

Grimm;133 and Jung and Wickrama,134 was used to conduct the GMM analysis for this 

study.  The steps involving exploratory analysis, and model specification and selection, 

are described below using the data for the postmenopausal women.  The findings for 

these steps for the  premenopausal and TIM women, and the older men are also presented.  

 GMM Model Exploratory Analysis for postmenopausal women 

To develop an appropriate GMM model, we first examined the individual 3-year 

weight change trajectories, to gain insight into the functional forms or shapes of the 

trajectories present in the data set.  For the postmenopausal women, the plots of weight 

across time suggested that a significant number of women maintained a stable weight 

during the three year study period (Figure A.1). This is consistent with our expectation 

that at least one sub-group of women would show minimal weight change. 

Figure A.1: Observed Individual Weight Values From Random Samples of 

Postmenopausal Women on Four Occasions. Panel A = first random sample (n=300); 

Panel B = second random sample (n=300).  

 

A 
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Figure A.1 Continued 

 

Next, we fit a model  with a single mean weight trajectory; this is referred to as a 

single-class growth model.  As indicated above, the assumption of the single-class model 

is that all subjects belong to the same population, and therefore, the trajectories of all 

participants can be described by one set of parameters. This single-class model was used 

as a base model or starting point for the GMM analysis. Fit statistics were used to 

compare single-class models with different functional forms or shapes. The parameters 

that describe the shape of a trajectory (intercepts and slopes) are known as growth factors.  

Specifically, we compared a model with  intercept and slope parameters (linear growth)  

to that of a model with intercept, slope and quadratic parameters (curvilinear growth). 

Using Ram and Grimm’s fit indices criteria (good fit: CFI > .95, RMSEA < .05, and 

SRMS <.05),133 the quadratic model was identified as having both  a good and the best fit 

to the data,  and was selected as the base model (Table  A.1).   

Table A.1: Fit Statistics for Single-class Models of Weight across Three Years for 

Postmenopausal Women 

Model CFI RMSEA SRMR 

Linear  0.1 0.01 0.03 

B              B 
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Table A.1 Continued 

Quadratic 1.0 0.02 0.005 

Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of 

approximation; SRMR, standardized root mean square residual. 

 

As a final exploratory step, latent class growth analysis (LCGA)  was undertaken.  

The LCGA is analogous to the GMM analysis in that the goal is to identify  trajectory 

classes that adequately characterize the heterogeneity  represented in the  population. The 

difference is that LCGA assumes that  the trajectories of participants within a given class 

are  homogenous, within-class deviations from the  mean class trajectory are considered 

random errors. Therefore, heterogeneity is captured by between-class differences in mean 

trajectories.  In contrast, GMM   partitions variability, capturing both within-class 

variation in individual trajectories and  between-class differences in mean trajectories.  

This is accomplished in GMM by modeling the growth factors as random effects, within-

class growth factor variance and covariance terms are included in the model.  Because 

LCGA does not model within-class variation, this approach tends to identify a greater 

number of classes than GMM, and is used to provide an initial assessment of the potential 

number of classes that could be enumerated by GMM analysis. 

Given that a quadratic base model was selected, quadratic LCGA models were fit 

with different numbers of classes.  In order to determine the number of classes that best 

characterize the variability in the data, we used the same criteria used for GMM model  
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selection.  These criteria were given in the methods section, but for ease of referral are 

repeated here: 

• The sample-size–adjusted Bayesian Information Criterion, where a lower SSA-

BIC value indicate better fit. 

• The Lo-Mendell-Rubin (LMR) test, which compares a (k-1)-class model with a 

k-class model.  A statistically significant p-value suggests the k-class model fits 

the data better than a model with one fewer classes. Analysis was stopped when 

the LMR test became non-significant. 

• Entropy ranges from  0-1.  Higher values are preferred because they indicate 

better class separation. The degree of class separation refers to the amount of 

difference in the parameter estimates of the identified classes.  In a situation with high 

class separation,  individual trajectories fit significantly better in one class than the 

others.  

• Class size, as parameter estimates from small class may be unstable and difficult 

to replicate.  

• Parsimony 

•  model convergence 

The LCGA findings for postmenopausal women  indicated that increasing the number 

of classes improved the model fit (smaller SSA-BIC, significant LMR) and enhanced 

class separation (entropy closer to 1) (Table A.2).  A properly fitting solution could not 

be identified for the 4-class LCGA model, despite changing the starting values and 

increasing iterations, which are commonly used techniques to help achieve successful 

convergence.    
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Table A.2: Fit Statistics and Entropy for 1 to 3-Class Quadratic LCGA Solutions for 

Modeling Weight Across Three Years in Postmenopausal Women 

 1 class  2 class  3 class  

SSA-BIC 33734.09 30784 2880.9 

Entropy n/a 0.88 0.92 

LMR p-value n/a 0.0003 0.037 

Smallest class size n/a 40.7% 16% 

Abbreviations: LCGA, latent class growth analysis; SSA-BIC, sample-size–adjusted 

Bayesian Information Criterion; LMR, Lo-Mendell-Rubin test. 

 

 GMM Model Specification and Selection for Postmenopausal Women 

GMM model  selection requires evaluating both models with different parameter 

specifications, and models with the same parameter specifications and different numbers 

of classes.  For this analysis,  growth factor means, variances, covariance, and residual 

variances were the model parameters.  These terms could vary across classes, be 

constrained to a specified value or be constrained to be equal across classes.   

Model specification  entailed initially fitting the quadratic  base model  with only the 

growth factor means freely estimated across classes.  Models were then fit with an 

increasing number of freely estimated parameters. In order to obtain convergence, GMM 

models usually require some constraints. For each model, solutions with a different 

number of classes were obtained.  The number of classes was increased until the LMR 

test became non-significant. 

Model selection was based on the criteria used to guide the LCGA. In addition, visual 

inspection of graphs showing the estimated trajectory means and observed trajectories 
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were used to assess fit.  The substantive meaning of the identified classes was also 

considered. 

Four models (A, B, C and D), each with different parameter specifications were fit to 

the data for the postmenopausal women.  For each model, one to four class solutions 

were obtained (Table A.3). The quadratic variance was set to zero for all classes in all 

models to facilitate convergence. Examining only the SSA_BIC fit statistics, the 4-class 

solutions for models A and B, and the 3-class solutions for models C and D provided the 

best fit to the data (Table A.3).  However, the LMR test indicated that the 4-class Model 

A and B solutions did not provide a better fit than the 3-class solutions. Therefore, the 3-

class A and B models were selected for further evaluation.  Similarly, the 3-class 

solutions for models C and D did not provide a better fit than the 2-class solutions (non-

significant LMR), so the 2-class C and D models were selected for further examination.  

Examining the 3-class A and B models and the  2-class C and D models using the 

SSA-BIC index, the 3-class model A had the best fit. The 3-class A  model identified two 

distinct sub-population of  women that experienced different patterns of weight 

variability.  The smallest of the two classes was large enough, by the Jung and Wickrama 

criteria,131  (class size > 1% of the total sample) to provide stable estimates. The smallest 

class was also identified in the 2-class solution.  In addition, inspection of the estimated 

mean trajectories and observed trajectories plots for each class (figure A.2) showed a 

good fit,  and the 3-class  A model also had high class separation (entropy value near one). 

For these reasons, the 3-class A model  was selected as the final model that best 

represented the data. 
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Table A.3: Fit Indices and Entropy for 1 to 4-Class Quadratic Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

Postmenopausal Women 

 Number of classes in the Solution 

1 2 3 4 

Model A* 

SSA-BIC 22769 22628 22582 22524 

Entropy n/a 0.97 0.95 0.95 

LMR p-value n/a 0.05 0.02 0.26 

Smallest class 

size 

n/a 2.4% 2.3% 1.6% 

Model B** 

SSA-BIC 22769 22631 22586 22524 

Entropy n/a 0.97 0.95 0.94 

LMR p-value n/a 0.05 0.01 0.07 

Smallest class 

size 

n/a 2.4% 2.3% 1.7% 

Model C† 

SSA-BIC 22769 22587 22500  

Entropy n/a 0.97 0.89  

LMR p-value n/a 0.001 0.26  

Smallest class 

size 

n/a 3.2% 3.5%  

Model D‡ 

SSA-BIC 22769 22587 22505  

Entropy n/a 0.95 0.88  
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Table A.3 Continued 

LMR p-value n/a 0.03 0.32  

Smallest class 

size 

n/a 3.7% 3.8%  

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion ; LMR, 

Lo-Mendell-Rubin test . 

*Model A: The means for the  growth factors were freely estimated, and the variance for 

the quadratic terms were fixed to zero. The intercept and slope growth factor variances, 

covariances, and residual variances were constrained to be equal across classes. 

**Model B: The means for the  growth factors and the intercept variances were freely 

estimated.  The variance for the quadratic terms were fixed to zero. The slope variances, 

covariances, and residual variances were constrained to be equal across classes. 

†Model C: The means for the growth factors and the intercept and slope variances were 

freely estimated.  The variance for the quadratic terms were fixed to zero. The 

covariances and residual variances were constrained to be equal across classes. 

‡Model D: The means for the growth factors, the intercept and slope variances and the 

covariance between the intercept and slope were freely estimated. The variance for the 

quadratic terms were fixed to zero, and the residual variances were constrained to be 

equal across classes. 

Figure A.2: Estimated Mean Trajectories and Observed Trajectories for the Final 

GGM Model for Postmenopausal Women. Panel A = class 1 (n=30); Panel B = class 

2 (n=27); Panel C = class 3 (n = 1174). 
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Figure A.2 Continued 

 

 

GMM Model Exploratory Analysis for Premenopausal Women 

Inspection of plots of weight across time suggested that a linear pattern of change was 

present in the data (Figure A.3). Single-class linear and quadratic latent growth curve 

models were fit to identify a base model. When specifying the single-class growth models, 

a warning message indicated that the latent variable covariance matrix was not positively 

defined, and that the problem was with the slope variable. As recommended, 133,134 the 

slope variances were constrained to zero, and proper solutions were obtained for both 

models. Based on the CFI, RMSEA and SRMR criteria, both the linear and quadratic 

single-class models fit the data well (Table A.4).  Given the difficulties with obtaining a 

proper solution, and inspection of the estimated trajectory means and observed trajectory 

B 

C 
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plots (not shown), the linear model was selected as the base model.  A linear LCGA 

model was then fit to explore the potential number of classes (Table A.5). Based on SSA-

BIC criteria, the 3-class solution provided the best fit to the data.  However, the LMR 

was non-significant (p =0.116), indicating that the 3-class solution did not provide a 

better fit than the 2-class solution.  

Figure A.3: Observed Individual Weight Values From Random Samples of 

Premenopausal Women on Four Occasions. Panel A = first random sample (n=300); 

Panel B = second random sample (n=300). 

 

 
 

 
 

Table A.4: Fit Statistics for Single-class Models of Weight Across Three Years for 

Premenopausal Women 

Model CFI RMSEA SRMR 

Linear * 0.97 0.001 0.04 

A

B 
B 
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Table A.4 Continued 

Quadratic* 0.97 0.001 0.05 

Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of 

approximation; SRMR, standardized root mean square residual.  *The slope variance was 

fixed to zero. 

 

Table A.5: Fit Statistics and Entropy for 1 to 3-Class Linear LCGA Solutions for 

Modeling Weight Across Three Years in Premenopausal Women 

 1 class  2 class  3 class  

SSA-BIC 23504 21524 20174 

Entropy n/a 0.88 0.91 

LMR p-value n/a 0.04 0.12 

Smallest class size n/a 35.9% 14.3% 

Abbreviations: LCGA, latent class growth analysis; SSA-BIC, sample-size–adjusted 

Bayesian Information Criterion; LMR, Lo-Mendell-Rubin test. 

GMM Model Specification and Selection for Premenopausal Women 

Two models (A and B) with one to three class solutions were identified for the 

premenopausal women (Table A.6). In order to obtain proper solutions, the variance of 

the slope was fixed to zero in all classes. The SSA-BIC statistic indicated that the A 

models provided a better fit to the data than the B models, and that the 3-class A model 

had the best fit (Table A.6 ).  However,  the 3-class A model identified a small group 

(0.4%) of women who lost weight in a linear fashion during the study period. This class 

size is too small to provide a stable estimate (< 1%).134 Therefore, the 2-class A model 

was selected as the final model. This model had a better fit than the 1-class model 

A(significant LMR), high entropy, and a reasonably sized smallest category (3.7%). In 
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addition, inspection of the estimated mean trajectories and observed trajectories plots for 

each class (figure A.4), also showed that the 2-class A model fit the data well. 

Table A.4: Fit Indices and Entropy for 1 to 3-Class Linear Growth Mixture Models 

Representing the Change in Weight during a Three Year Period for Pre- 

menopausal Women 

 Number of classes in the Solution 

1 2 3 

Model A* 

SSA-BIC 15782 15704 15693 

Entropy n/a 0.92 0.95 

LMR p-value n/a 0.03 0.05 

Smallest class size n/a 3.7% 0.4% 

Model B** 

SSA-BIC 15782 15735 15731 

Entropy n/a 0.92  0.79 

LMR p-value n/a 0.02 0.05 

Smallest class size n/a 3.5% 0.8% 

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test. 

*Model A: For all  classes, both the means for the intercept and slope were freely 

estimated. The variance of the slope was fixed to zero, and the intercept variance, 

covariances, and residual variances were constrained to be equal across classes. 

**Model B: For all  classes, both the means for the intercept and slope were freely 

estimated. The variance of the slope was fixed to zero, the intercept variance was freely 

estimated and the covariances, and residual variances were constrained to be equal across 

classes. 
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Figure A.4: Estimated Mean trajectories and Observed trajectories for the Final 

GGM Model for Premenopausal Women. Panel A = class 1 (n=31); Panel B =  class 

2 (n = 831). 

 

 

GMM Model Exploratory Analysis for TIM women 

Inspection of the weight across time data primarily showed individuals who 

experienced no weight change (Figure A.5). Based on the RMSEA criterion, the single-

class linear model had the best fit to the data, and was selected as the base model (Table 

A.7). The Linear LCGA analysis indicated that the 2-class solution provided  the best fit 

to the data. The LMR was non-significant for the 3-class solution, and the SSA-BIC was 

lower for the 2-class than the 1-class solution (Table A.8). 

A 

B 



 

 

128 

 

Figure A.5: Observed Individual Weight Values From Random Samples of TIM 

Women on Four Occasions. Panel A = first random sample (n=200); Panel B = 

second random sample (n=200).  

 

 

 

Table A.7: Fit Statistics for Single-class Models of Weight Across Three Years for 

TIM Women 

Model CFI RMSEA SRMR 

Linear  1.0 0.04 0.04 

Quadratic 1.0 0.27 0.04 

Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of 

approximation; SRMR, standardized root mean square residual. 

 

Table A.8: Fit Statistics and Entropy for 1 to 3-Class Linear LCGA Solutions for 

Modeling Weight Across Three Years in TIM Women 

 1 class  2 class  3 class  

SSA-BIC 11584 10620 9978 

B 

A 
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Table A.8 Continued 

Entropy n/a 0.89 0.91 

LMR p-value n/a 0.07 0.40 

Smallest class size n/a 34.9% 16.8% 

Abbreviations: LCGA, latent class growth analysis; SSA-BIC, sample-size–adjusted 

Bayesian Information Criterion; LMR, Lo-Mendell-Rubin test 

 GMM Model Specification and Selection for TIM women 

A single class linear growth model was used as the starting point (eg. the base model) 

for the mixture analysis. Three models (A, B and C) with one to three class solutions 

were identified (Table A.9). Comparing the three models in terms of model fit indices, 

and inspection of the estimated trajectory means and observed trajectory plots ( not 

shown),  imposing  fewer model constraints did not significantly change model fit. 

Therefore, the most parsimonious model, model A, was selected for further evaluated.  

 Based  on the SSA_BIC fit statistic, the 2-class solution for model A gave the best fit 

to the data.  The 2-class solution  was also identified as having a better fit than the 1-class 

solution by the LMR criterion, and the 2-class solution  had high class separation 

(entropy =1).  However, the smallest class for both the 2 and 3- class solutions had only 

five subjects, which is insufficient to assure a stable estimate. For this reason, the 1-class 

model A solution was selected as the best representation of the data (figure A.6).  
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Table A.9: Fit Indices and Entropy for 1 to 3-Class Linear Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

TIM Women 

 Number of classes in the Solution 

1 2 3 

Model A* 

SSA-BIC 8191 8120 8099 

Entropy n/a 1.00 0.92 

LMR p-value n/a 0.004 0.15 

Smallest class 

size 

n/a 1.2% 1.2% 

Model B** 

SSA-BIC 8191 8120 8099 

Entropy n/a 1.00 0.92 

LMR p-value n/a 0.004 0.15 

Smallest class 

size 

n/a 1.2% 1.2% 

Model C† 

SSA-BIC 8191 8120 8099 

8120 8099 1.00 0.92 

1.00 0.92 0.004 0.15 

0.004 0.15 1.2% 1.2% 

1.2% 1.2%   

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test 
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Table A.9 Continued 

*Model A: The means for the latent growth factors were freely estimated.  The intercept 

and slope growth factor variances, covariances, and residual variances were constrained 

to be equal across classes 

**Model B: The means for the latent growth factors and the intercept variances were 

freely estimated.  The slope variances, covariances, and residual variances were 

constrained to be equal across classes. 

†Model C: The means for the latent growth factors and the intercept and slope variances 

were freely estimated.  The covariances and residual variances were constrained to be 

equal across classes. 

Figure A.6: Estimated Mean trajectory and Observed trajectories for the Final 

GGM Model for TIM Women.  

 

GMM  Exploratory Analysis Men Over 65 Years of Age 

Inspection of the raw weight data across time primarily showed individuals who 

experienced no change in weight (Figure A.7).  The single-class models required the 

slope variance to be fixed to zero in order to identify  proper solutions (Table A.10 ).  The 

linear and the quadratic single-class models had a similar fit to the data.  However, given 

the need to constrain the slope variance to zero to obtain a solution, the more 

parsimonious model, the single-class linear model, was selected as the base model (Table 

A.10 ). The linear LCGA analysis showed that the 1-class solution had the best fit.  The 

smallest class for the 2 and 3-class solutions only had one subject (Table A.11).  
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Figure A.7: Observed Individual Weight Values From Random Samples of Older 

Men on Four Occasions. Panel A = first random sample (n=200); Panel B = second 

random sample (n=200).  

 

 

 

 

Table A.10: Fit Statistics for Single-class Models of Weight Across Three Years for 

Men over 65 Years of Age 

Model CFI RMSEA SRMR 

Linear*  0.95 0.001 0.05 

Quadratic* 0.98 0.001 0.05 

Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of 

approximation; SRMR, standardized root mean square residual. *The slope variance was 

fixed to zero. 
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Table A.11: Fit Statistics and Entropy for 1 to 3-Class Linear LCGA* Solutions for 

Modeling Weight Across Three Years in Men over 65 Years of Age 

 1 class  2 class  3 class  

SSA-BIC 9283 8981 8982 

Entropy n/a 1.00 1.00 

LMR p-value n/a 0.0001 0.99 

Smallest class size n/a 0.2% 0.2% 

Abbreviations: LCGA, latent class growth analysis; SSA-BIC, sample-size–adjusted 

Bayesian Information Criterion; LMR, Lo-Mendell-Rubin test. *The slope variance was 

fixed to zero for all models 

GMM Model Specification and Selection For Men Over 65 Years of Age 

For the older men, two models (A and B) with 1 and 2 classes were identified Table 

A.12). Inspection of the solutions for the A and B models indicated that imposing fewer 

model constraints did not improve fit, so the more parsimonious model, model A, was 

selected for further evaluation. The smallest class in the 2-class model  contained only 

one person, and  inspection of the estimated mean trajectories and observed trajectories 

plot for the 1-class solution showed a reasonable fit (figure A.8).  Therefore, the 1-class 

solution for model A was selected as the final model. 

Table A.12: Fit Indices and Entropy for 1 to 3-Class Linear Growth Mixture 

Models, Representing the Change in Weight during a Three Year Period for 

Older Men 

 Number of classes in the Solution 

1 2 

Model A* 

SSA-BIC 9283 8981 

Entropy n/a 1.00 
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Table A.12 Continued 

LMR p-value n/a 0.0001 

Smallest class 

size 

n/a 0.2% 

Model B** 

SSA-BIC 9283 8981 

Entropy n/a 1.00 

LMR p-value n/a 0.0001 

Smallest class 

size 

n/a 0.2% 

Abbreviations: SSA-BIC, sample-size–adjusted Bayesian Information Criterion; LMR, 

Lo-Mendell-Rubin test. 

*Model A: The means for the latent growth factors were freely estimated.  The slope 

variance was fixed to zero. The intercept variance, covariances, and residual variances 

were constrained to be equal across classes 

**Model B: The means for the latent growth factors and the intercept variances were 

freely estimated.  The slope variance was fixed to zero. The covariances, and residual 

variances were constrained to be equal across classes. 

Figure A.8: Estimated Mean trajectory and Observed trajectories for the Final 

GGM Model for Older Men.  
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