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ABSTRACT 
Background  

It remains unclear whether weight variability is associated with adverse health 

outcomes. Few studies have examined the association between weight change 

patterns and left ventricular mass. The goal of the study was to evaluate whether 

weight variability was associated with weight LV mass changes and whether 

there was any factor that may modify the association. 

Methods 

We conducted a secondary analysis of longitudinal weight and cardiac MRI data 

from the Multi-Ethnic Study of Atherosclerosis (MESA)  (N=2804, mean age of 

59.7 years). We use root mean square error (RMSE), slope and average 

successive variability to represent weight variability and investigated their 

associations with LV mass. We formally tested for interaction by age, gender, 

race/ethnicity and baseline BMI. 

Results 

The results showed that the slope was significantly positively associated with LV 

mass changes. Every unit increase of slope resulted in 3.28% increase of LV 

mass (In log-transformed LV mass, β = 0.032, 95% confidence interval [CI], 

0.025 to 0.039; p<0.0001). However, measurements that represent weight 

fluctuation, RMSE and average successive variability, were significantly 

associated with LV mass change only when baseline BMI was not controlled. 

This association was not modified by age, gender, race/ethnicity or baseline BMI.  
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Conclusions 

Slope, instead of weight fluctuation, of weight change was an independent 

predictor of LV mass change. Weight gain has larger effect than weight 

fluctuation. Weight controlling is meaningful for people with obesity in spite of the 

potential risk of weight fluctuation. 
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CHAPTER 1: INTRODUCTION 

Background 
Obesity has become a global public health problem (1-5).Cumulative evidence 

has shown a clear and obvious link between obesity and the development of 

cardiovascular disease as well as total mortality (6-11). However, the association 

is complex. During the past few decades, the theory of obesity has developed in 

a variety of directions. The new concepts of weight fluctuation and metabolically 

health status have been intensively investigated in the last few years (12, 13). 

 

Weight fluctuation or weight cycling is a concept that describes the phenomenon 

weight loss is usually accompanied with weight fluctuation or periodically weight 

gain. This is shown to be associated with adverse health consequences in some 

articles (13-29). 

The potential mechanisms include unfavorable effect on metabolic profile (25, 

30-33) 

, insulin sensitivity (34-36), energy balance, body composition (32, 37) and 

immune response (38, 39). Fluctuation in weight may also lead to fluctuation in 

cardiovascular and renal risk factors, which exert an additional stress on 

cardiovascular and metabolic system.  

 

A subset of obese individuals, who are called metabolically health obesity (MHO) 

(40), may have better CVD prognosis and response to weight loss intervention.  
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However, at the time of this writing, there is still no standard consensus on the 

existence of any of the aforementioned phenomena and their potential 

mechanisms. This literature review will discuss the controversial evidence on 

weight fluctuation and their potential mechanism. Learning more about effect of 

weight fluctuation on clinical CVD will address the serious gap in knowledge 

about obesity and provide novel and practical information on weight loss 

intervention. It is anticipated that the findings will give new insight that is critical to 

the eventual development of healthy and effective weight loss interventions.  

  



9 
 

Review of Literature 
 

Prevalence of Obesity 

An escalating global epidemic of obesity is taking over many parts of the world. 

In 2014, 39% of women and 38% of men over 18 years old were overweight 

while 15%of women and 11% of men over 18 years old were obese, which 

indicated that nearly 2 billion adults were overweight and more than 0.5 billion 

were obese worldwide (1). The overweight and obesity rates dramatically 

increased  to nowadays 39% and 13%, respectively (1), which nearly tripled 

compared with 1975.  

There is also a growing trend of obesity in the US. The average body mass index 

(BMI) has increased from 24.9 in 1975 to 28.9 in 2016 (2). More than one-

third(36.5%) of the US adults have obesity (3). It was estimated that overweight 

and obesity were associated with 18.2% of deaths between 1986 and 2006 (4) 

and cost $147 billion in 2008 US dollars (5). 

 

Strong association between obesity and cardiovascular disease 

Obesity and cardiovascular outcomes 

 

Obesity has been identified as an independent risk factor for cardiovascular 

disease by American Heart Association in the 27th Bethesda Conference (41). A 

considerable amount of research has shown a strong and consistent association 

between obesity and mortality (6-8) or cardiovascular events (8-11). Abundant 
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evidence supported that people with obesity have a higher risk of abnormal 

metabolic status (42), including diabetes (43-46), dyslipidemia (9, 47) and 

hypertension (48-50).  

 

Obesity also contributes to subclinical cardiovascular disease. These included 

pulse wave velocity (PWV) (51-57), intima-media thickness (IMT) (58-62) and left 

ventricular mass (LVM), which indicated the progression to clinical disease. 

Though there remains a few conflicting results (63, 64), some argued that 

inconsistency could be due to differences in measurements (63)  of subclinical 

outcomes or the underlying pathological mechanism (64). 

 

Both cross-sectional and longitudinal studies provided evidence on the 

association between indexed left ventricular mass (LV mass) and obesity. 

Abundant evidence supported a higher risk of developing left ventricular 

hypertrophy in people with obesity (65-72) and the benefit of weight loss on LV 

mass (73-75). Longer duration (76, 77) or higher degree (77)  of obesity also 

contributes to LV mass increase. Much has been done on the pathophysiology of 

LV mass change in people with obesity. Pioneering work showed a higher 

prevalence of eccentric phenotype of left ventricular hypertrophy (LVH) in obese 

subjects (78), but more recent studies supported a concentric type (72, 79). 

Potential mechanisms include adipose dysfunction, insulin and glucose 

imbalance, inflammatory status changes (80) or associated condition like sleep 

apnea and elevated blood pressure (81).  
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However, some authors found obesity was not an independent predictor for LV 

mass hypertrophy but more functional change instead (82), which argued that LV 

mass was more related to fat-free mass but not fat. Obesity in the absence of 

glucose intolerance, hypertension and dyslipidemia might only associated with 

impairment of diastolic function and hyperkinetic systole but not with LV mass 

increase. The study only included “uncomplicated people with obesity” without 

any history of diabetes, hypertension or dyslipidemia. The inconclusive result 

may lie in the fact that sample size was relatively small (N = 75) which was 

vulnerable to a lack of sufficient power.    

 

Complicated association between obesity and cardiovascular disease 

In spite of the abundant evidence that shows the strong link between obesity and 

cardiovascular disease, the association between these two is not simple. The hot 

but controversial theories in the obesity field include weight cycling and fat-but-fit 

paradigm. 

 

Weight fluctuation and weight cycling 

Weight loss often followed by weight regain. It may be the result of dieting, which 

is called “yo-yo” dieting. This phenomenon is called “weight cycling”. In some 

studies, “weight variability” or “weight fluctuation” are also used to describe this 

phenomenon, though there is no agreement on a quantitative definition and thus 

the lack of gold standard make it hard to drive to a clear conclusion for cross 
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study comparisons. It has been estimated that 24% of men and 38% of women 

have attempted to lose weight(12). Over 20% men and women have experienced 

repetitive patterns of weight loss and regain (13). However, there is no 

agreement on whether weight cycling is an independent predictor for unfavorable 

health consequences. The two competing hypotheses in recent studies are: 1) 

Weight cycling is an independent risk despite the lower cumulative exposure to 

excess weight from temporary weight loss; 2) The role of weight cycling cannot 

off set the benefit of weight loss. All weight loss is associated with reduction in 

risk and therefore weight cycling confers an intermediate risk between 

maintained weight loss and weight maintenance at a higher level. 

 

Non-uniform definition of weight variability 

There is no current gold standard for the definition of weight fluctuation or weight 

cycling.   

 

First, data could be collected via questionnaires (32, 36, 37, 83-86) or 

anthropometric measurement during each visit. The designs of questionnaires 

varied according to research question and study design. Some only needed to 

report current weight data (83) while others required recall past history of weight 

record or weight cycling (32, 36, 37, 85). 
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Second, multiple mathematical methods were used to derive weight variability 

from actual weight measurements. Generally, they could be classified as: a prior-

defined criteria, deviation derivatives, statistics from simple linear regression 

model on time and weight, analysis without assumption of linearity.  

The key components in weight change derivation are  

• Magnitude 

• Direction 

• Time/interval/speed 

• Assumption about the trajectory 

• Interpretation of the results 

• Complexity of the method.  

We will compare the different approaches from previous study from the above six 

aspects. 

1) A prior-defined criteria of weight change 

Many studies used prior-defined criteria to define weight change patterns. 

Individuals who experiences weight change above a prior-defined threshold and 

with different change direction will be regarded as a cycle. However, this 

threshold is not uniform. 3% per year (14, 87, 88) and 5% per year (22, 26, 89) 

were commonly used numbers. Absolute weight change per year was also seen 

in some articles (16, 18). 

Defined as categories (22, 26, 33, 88-91) This is to treat weight variability as 

categorical variable. Usually, with the prior-defined criteria, participants were 
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classified as weight cycling, weight-stable or monotonically weight gain or weight 

loss. This is a simple way to operationalize weight cycling. However, some 

information, such as the magnitude of weight variability, is lost in this approach. 

i. Defined as number of cycles (14, 16) 

This is to treat weight variability as ordinal variable. It was defined 

by the number of times in which change in weight from the previous 

year to current year and current year to next successive year 

reached the minimal criteria, but the sign is reversed.  

 

2) Deviation derivatives 

This is a method that focuses on measurement of deviation between 

successive visits (23, 92), between current visit and mean weight (17, 27) or 

between current visit and hypothetical weight value based on prior data(31).  

i. Deviation between successive visits 

The absolute difference between current visit and next visit is the 

deviation between successive visits. Cumulative deviation (92) or 

average successive variability (23) were derived from this method. 

ii. Deviation between current visit and mean weight (17, 27). This is to 

use measures derived from the absolute difference between each 

visit and the mean weight across all visits. 
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The above two approaches are easy to conduct and understand. However, they 

ignore the involvement of direction of change. Steady weight gain and weight 

cycling will be treated the same if they have same absolute weight change. 

iii. Deviation between current visit and hypothetical value 

This is more complicated than the previous two. Data is viewed as 

a whole to get an idea of the trajectory of weight change. First, 

researchers need to identify all the cycles in the course of study. A 

complete cycle starts from a single direction change (monotonic 

increasing or decreasing), peaks or valleys at the point followed by 

a change with opposite direction, and then ends at the last visit 

when opposite-direction trend finishes (next to it could be either 

identical weight or weight change of different direction), no matter 

how many identical weight during this cycle. Second, deviation is 

computed. A hypothetical line is drawn (dashed line in the picture) 

between the beginning point and the ending point of the cycle, 

which indicates the hypothetical weight-change trajectory if no cycle 

occurs. Then researchers calculate the difference between the 

hypothetical weight and the real weight for each visit (31). The 

maximum of distance among them is regarded as the deviation in 

this cycle. This calculation is conducted repeatedly for each weight 

cycle. Two measures, the maximum deviation, which represents 

maximum amplitude, as well as the sum of deviations, which takes 
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frequency into account, will be used to reflect the magnitude of4 

weight change. This method is shown here(31): 

 

3) Statistics derived from simple linear regression model on time-

weight for every participant 

This method is the most commonly used one. A time-weight linear regression 

model was first built for each individual. Time can be age, exam year or exam 

visits. Then multiple statistics could be derived from this model, including root 

mean square error (RMSE) which was most commonly used in recent studies  

(17, 24, 28, 93-95), standard deviation (SD) (15, 25) and coefficient variation(CV) 

which was calculated as standard deviation(SD)/ mean of weight *100 (29, 96). 

Some authors argued RMSE might overestimate variation because those who 

did not have ny cycle can still have high RMSE (68).  

4) Analysis without linearity assumption for individual participants 

These methods describe the weight change trajectory that do not rely on an 

assumption of linearity. But they could be more complicated to implement. In 

addition, some of the result may be hard to interpret.  

No cycle 1 2 
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i. Functional principal component analysis (FPCA) (18) (19) 

This is a method that accounts for the net change of weight. Average weight 

patterns were computed and the amount of their total variation could be 

explained by each of the principal component (PC) functions. For each individual, 

the trajectory will be modelled as a linear combination of four quadratic B-spline 

basis functions using one interior knot. Thus, each individual will get PC scores 

with different interpretations. For example, PC1 reflects they are normal weight, 

overweight or obese; PC2 reflects they are experiencing weight loss, weight gain 

or in stable weight. PC3 and PC4 explained they are non-cycling or weight 

cycling. This method has been used in several articles (18, 19, 97). But the 

interpretation of PC score can be difficult and it requires more time points. 

ii. Growth curves 

Growth curve analysis is a multilevel regression method to analyze time series or 

longitudinal data. The trend of whole population is considered in this method. 

Polynomial models or other functions could also be allowed if the association 

was not linear. This might be better used for those participants who had huge 

changes on weight, such as children(98). 

iii. Trapezoid rule 

This is a method that combine the information of both time and weight 

change(99). Change in weight at each interval will first be computed. Then total 

area under the weight versus time curve will be integrated using trapezoid rule. 

Finally, the total area will be normalized to the total follow-up time to calculate 

time-averaged weight change. 
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Table 1 is the summary of the performance of approaches above in different 

aspect. Table 2 is a summary of the methods and some representative 

reference. 

Table 1 Comparison of different approaches  

  magnitude direction time assumption 
intuitive 
interpretation 

low 
complexity  

Prior 
defined 
criteria 

categories x ✓ x not required ✓ ✓ 

# of cycles ± ✓ x not required ✓ ✓ 

Deviation 
measures 

deviation with 
mean/deviatio
n with 
consecutive 
visits ✓ x x not required ✓ ✓ 

deviation with 
hypothetical 
weight ✓ ✓ ✓ Not required ✓ x 

Time-weight linear model 

✓ but may 

overestimat
e 

✓ if plus 

slope 

✓ if 

plus 
slope 

Individual linearity 
during the whole 
course of study x ✓ 

Growth curve ✓ ✓ ✓ 

equal time space 
across people, 
not across 
measurements; 
linearity for linear 
growth models, 
but it can be 
curvilinear or 
other functions ✓ 

x, need 
more time 
points and 
larger 
sample size 

FPCA  

✓ and 

account for 
the net 
change of 
weight ✓ x 

according to 
basis function, 
linearity is not 
required x 

X, need 
more time 
points 

Trapezoid rule ✓ ✓ ✓ not required x X 

 

X means not considered. ✓ means considered. ± means partially considered. 
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Table 2 Summary of all methods and some typical study  

 
       

Data 
collection 

  advantage disadvantag
e 

outcome # of 
visit
s 

interval Follow-up conclusio
n 

Terms notes referenc
e 

questionnair
e 

  Simple; 
More 
information 
on intention 

Recall bias mortality   12yr no Cycling  (83) 

Unfavorable 
metabolic 
and 
psychological 
characteristic
s 

   yes cycling  (32) 

Metabolic  
risk factor or 
future weight 
loss 

   Only 
significant 
with 
HOMA-IR 

cycling  

(36) 

abdominal fat 
accumulation 

   yes cycling  (37) 

Cancer 
risk(all) 

  17yr no   (84) 

Endometrial 
cancer 

  15yr Non-
significant 
after 
adjusted 
for BMI 

  (85) 

depression   1yr no   (86) 

 

Weight 
measure 

Prior-
defined 
criteria 

category Simple Loss of 
information 
of time and 
the 
magnitude of 
change 

Mortality 3  8yr Yes when 
taking 
age into 
account 

fluctuatio
n 

5% (26) 

A-Fib 4 1yr 4yr yes fluctuatio
n 

2%, 5% (22) 

FBG, insulin, 
HOMA-IR 

5 6m 2yr yes fluctuatio
n intervention (33) 

MHO 5 5yr 20yr Yes. Less 
likely to 
become 
MHO  

fluctuatio
n 

5%; 
CARDIA 
study (89) 

Lean mass 
loss 

4-5 1y 0,4yr Yes fluctuatio
n 

3%; 
Health ABC 

(88) 

Adipose 
distribution 

3 6m 1.5yr no fluctuatio
n 

Regain 
>=30% loss 

(90) 
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DM 10 1yr 10yr Protective 
factor 

Weight 
change 
pattern 

4% (91) 

# of cycles  DM risk and 
cardio 
metabolic 
traits 

6 0, 1m, 3m, 
6m, 18m, 2yr 

2yr Significan
t for DM 
risk but 
not cardio 
metabolic 
traits 

cycling 2.25kg; 
DPP 
intervention 

(16) 

depression >=3 1yr 8yr yes cycling 3% (14) 

Measure
s for 
deviation 

sum(Xi- 
avg(X)): 
deviation 
with mean 

easy to 
conduct and 
understand 
 

ignore the 
involvement 
of direction 
of change. 
Steady 
weight gain 
and weight 
cycling will 
be treated 
the same if 
they have 
same 
absolute 
weight 
change. 

mortality 4 5y 15yr for 
fluctuatio
n, another 
15yr for 
mortality 

yes fluctuatio
n 

 (17) 

Mortality, 
CVD events 

5 6-12m 21 yr yes fluctuatio
n 

 (27) 

sum(X(i+1)
- Xi)  
OR 
sum(X(i+1)
- Xi) /n 
: deviation 
between 
consecutiv
e visits 

Lymedema 
after breast 
ca surgery 

  27m yes 
fluctuatio
n  

(92) 

CVD events 12 3m,6m,9m,1
yr and every 
6m thereafter 

5yr yes 

fluctuatio
n  

(23) 

Deviation 
with 
hypothetic
al weight 

1)discriminat
e pure 
gain/loss vs. 
cycling 
2)info is not 
lost for 
magnitude 

1)complicate
d 
2) no 
threshold. 
Potential 
systematic 
error 
3)linear 
assumption 
for each 
cycle 

Metabolic 
syndrome 

4 1yr 7.5yr yes fluctuatio
n 

 (31) 

Time-
weight 
linear 
model 

RMSE 1)easy to 
conduct 
2) commonly 
used 

may 
overestimate 
variation(68) 

Mortality, 
CVD events 

3, 
6yr 

2y 14.5 y yes fluctuatio
n 

 (28) 

CVD 6 0, 2 ,5 , 7, 10 
,15 yr 

15yr  fluctuatio
n 

CARDIA 
study (24) 

DM 4 1 yr interval, 
1yr window 
period,  

9 yr yes fluctuatio
n 

 

(17) 

CAC and IMT 7 0, 2, 5 , 7, 
10, 15, 20 yr 

9yr CAC yes, 
IMT no 

fluctuatio
n 

CARDIA 
study (93) 
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CRP 5 5yr  yes Variabilit
y 

 (94) 

Future weight 
gain 

3 0,6w,6m 24m yes variability  
(95) 

CV = 
SD/mean * 
100 

  Mortality, 
physical 
function 

5 1yr 7yr yes cycling  

(29) 

Mortality 3  5.6yr no fluctuatio
n 

 (96) 

SD or SE   Adult 
cardiovascul
ar risk factor 

3  12-15yr Girls 
weight 
fluctuatio
n 
significant
, boys 
only 
slope 
significant 

fluctuatio
n 

 (25) 

Dementia 3 2yr 36yr yes fluctuatio
n 

 (15) 

Growth 
curve 

 Illustrate 
population 
trend 

Complicated Childhood 
weight 
variability 
and adult 
obesity 

4  21yr yes variability  (98) 

PCA  

account for 
the net 
change of 
weight 

interpretation 
of PC score 
can be 
difficult 

DM risk 4 1-2yr 14yr Yes for 
prior-
derived 
weight 
criteria, 
no for 
FPCA-
derived 

cycling  

(18) 

DM risk  4yr  Non-sig 
after 
adjusting 
for overall 
BMI 

cycling Framingha
m 

(19) 

Trapezoi
d rule 

 combine the 
information 
of both time 
and weight 
change 

 LV mass 5 2yr 15yr significant Weight 
pattern 

MESA (99) 
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Health consequences associated with weight fluctuation and weight 

cycling  

 

In general, studies on weight fluctuation or weight cycling had inconsistent 

conclusions due to the lack of “guidelines” in study design. Over the past few 

decades, there are increasing concerns about long-term adverse clinical health 

consequences that may link to weight fluctuation and weight cycling, including 

eating disorder, anxiety and depression(14),dementia(15), type 2 diabetes (16-

19), hypertension(20), CVD events (21-25), cancer, bone fracture and general 

mortality (13, 16-19, 21, 23, 26-29). However, some studies found insignificant 

results, especially when regarding to mortality (83-85, 100) and incident diabetes 

(18, 91). Some even showed unstable weight pattern was a protective factor for 

incident DM (19, 91) due to racial and diet disparity.  

 

The controversy also remains in the association with weight fluctuation and 

subclinical CVD or cardiovascular risk factors. Some studies found weight cycling 

was related to subclinical CVD such as coronary artery calcification (CAC) (93) 

and LV mass change(99). It may also linked to unfavorable cardiometabolic 

measurements like glucose, lipid or blood pressure profile (31-33). But others 

failed to show the association (36, 93). The results may differ even in the same 

study according to different outcomes (36, 93) variables or different 

operationalization of weight variability (18).     
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Differences among subgroups 

Different subgroups of people may have different responses to weight change. 

Gender differences were shown in some studies, but the results was not 

consistent. Women demonstrated stronger effect of weight fluctuation in some 

articles (25, 101), which was explained(101) by different body composition: 

women, especially older women, may have a stronger tendency towards a loss of 

lean and a gain of fat over time, which may be exaggerated during weight 

cycling. However, other study in young (102) also found greater amount of lean 

mass and physical performance decreased in male, who had relatively low body 

fat. Results also varied across race/ethnicity(91), age(26) and baseline BMI(30). 

As mentioned before, a study(91) in Japan found weight fluctuation had a 

protective role for incident diabetes. In a cross-sectional study (30), the 

association between weight fluctuation and metabolic profile was stronger among 

people with BMI less than 25kg/m2. These all suggest the association may vary 

according to different demographic characteristic and baseline weight. However, 

less information was provided on subgroup analysis because of lack of diversity 

or small sample size. 

 

CVD risk parameters and potential mechanisms 

Numerous researchers studied the effect of weight fluctuation on cardiovascular 

risk factors or biomarker, such as insulin resistance, dyslipidemia, body 

composition, blood pressure, inflammation markers. These studies may help to 

explore the mechanism behind the risk related to weight fluctuation. 
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Some articles (34-36) demonstrated a direct association between insulin 

resistance and weight cycling. Other studies (25, 30-33)revealed weight 

fluctuation was related to unfavorable metabolic profiles, including high blood 

pressure, hypertriglyceridemia, low-high density lipoprotein-cholesterol, high 

fasting glucose. Both observational and interventional studies (32, 37) 

demonstrated an association between weight fluctuation and central adiposity, 

which might be via dysregulation of hormone metabolism. Some animal models 

suggested an amplified T-cell response in adipose tissue (AT) (38)  and an 

antigen-specific secondary immune response in AT induced by weight 

cycling(39). However, other studies found no adverse effect of weight cycling on 

metabolic profile(16) or body fat (90). Some researchers (103) suggest that these 

discrepant results may be due to methodological issues. Precision and validity of 

measuring changes, normalizing changes and functional interpretation in fat and 

lean mass change with weight loss and regain are needed in future research. 

 

Repeated overshoot theory 

Another mechanism that might contribute to the effect on weight cycling is 

‘repeated overshoot theory’(13, 104). This indicates that fluctuation in weight will 

also lead to fluctuation in cardiovascular and renal risk factors, such as glucose 

and lipids, heart rate, blood pressure and GFR, which exert an additional stress 

on cardiovascular and metabolic system. This theory is illustrated in Fig.1. 
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Fig 1. Repeated overshoot 

theory (13, 104). 

 

 

 

 

 

Gaps of previous weight variability studies 

Though obesity and cardiovascular prognosis have been studied for a long time 

and weight fluctuation or weight cycling are not a novel concepts, the results and 

mechanisms remain unclear. There are some limitations in the previous 

literature.  

Non-uniform definition 

There were multiple aforementioned methods to operationalize weight variability. 

Little work (18) has been done to compare the different definition of weight 

cycling and study design. There is no consensus on the operationalization on 

weight fluctuation. 

 

Potential bias 

Similar to the literature on MHO, some of the previous articles on weight 

fluctuation had residual confounding. Variables like physical activity, 

cardiorespiratory fitness or baseline weight were not adjusted in some studies. 
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Besides, few studies partitioned the unintentional weight loss and intentional 

weight loss. 

   

Lack of studies on subclinical CVD and subgroup population 

As is shown above, weight fluctuation may impact subclinical CVD such as CAC, 

IMT(93) and LV mass(99).  There might be differences by gender, ethnicity or 

other subgroups (91) (101). However, much less work has been done in this 

area. 

 

Fat-but-fit paradigm 

A growing number of studies discovered a subset of obese individuals that might 

have better CVD prognosis and response to weight loss intervention (105-107). 

This type of obesity phenotype is called metabolically health obesity (MHO), 

which was estimated (108) to make up 51.3% (around 35.9 million) overweight 

adults and 31.7% (around 19.5 million) of obese adults in the US according to an 

analysis on National Health and Nutrition Examination Survey (NHANES) data. 

The concept of MHO was first introduced by Brochu et.al in 2001(40), who found 

that a subset of postmenopausal women with MHO displayed high levels of 

insulin sensitivity despite a high accumulation of body fat. Then researchers 

started to recognize that there might be a ‘benign obesity’ that have better CVD 

prognosis than their counterpart. Currently there is still no consistent and firm 

answer to that. Some studies found this subset of people with obesity may be 
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resistant to the harmful effect of obesity(105-107) (109), such as clinical outcome 

and(110) subclinical outcome(111, 112), due to protect factors such as favorable 

body composition(113) or metabolic profile(114) and less inflammatory 

factors(115).  

 

However, there always remains questions that challenges the validation of the 

conclusions (116) (117-119). The major concerns about MHO includes unclear 

definition (120-123) and residual confounding like cardiorespiratory fitness (CRF) 

(124).  But even taking into account of variable definitions, the conclusion of 

potential lower CV risk for MHO subgroup were still questionable (118). So some 

authors hold that MHO is just an unstable state(125) that will finally progress to 

metabolically abnormal obese(116). Others also mentioned that terms like 

“obesity paradox” oversimplified the complex association patterns as well as the 

underlying biological responses(126).  

 

Overall Gaps in previous literature 

As mentioned above, the association between weight change and cardiovascular 

disease still remains unclear. There is no consensus on the definition of weight 

change patterns and ideal study design. Potential bias is always a concern. In 

addition, few studies investigated the association between weight change 

patterns and subclinical CVD. 
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Summary 

 

Obesity is a serious public health problem worldwide. The association between 

obesity and cardiovascular disease is complex. The findings on the 

cardiovascular risk of different weight change patterns are inconsistent. Less is 

known about its relationship with subclinical CVD and whether there exist racial 

disparities. Determining if different weight change patterns are associated with 

higher risk of subclinical changes like LV mass could help to change weight loss 

strategy by providing evidence on the impact of different weight change patterns.  

We utilized data from the Multi-ethnic study of Atherosclerosis (MESA) to 

investigate the following Aims.  
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Specific Aims 
Aim 1:  To determine whether different weight change patterns are associated 

with different LV mass changes.  

Hypothesis:  Participants with higher weight fluctuation will be at greater risk of 

developing unfavorable LV mass changes.  

 

Aim 2:  To determine whether the association is modified by age, gender, 

race/ethnicity or baseline BMI. 

Hypothesis:  Elderly, female (101) and people with BMI less than 25kg/m2 (30) 

will have stronger association between weight fluctuation and LV mass changes. 

In Asian, weight fluctuation will have weaker or even protective effect(91).  

 

Exploratory Aim:  To explore the association between different measures of 

weight variability as well as to compare their relationship with cardio-metabolic 

variables, including glucose, lipids and blood pressure.  

Hypothesis: Weight variability will have strong association with lipids variables.  
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CHAPTER 2 MANUSCRIPT 

Weight variability and LV mass change: The Multi-Ethnic Study 
of Atherosclerosis (MESA) 
 
Yifang Yuan, Haiying Chen, Morgana Mongraw-Chaffin, Alain Bertoni 
 

Abstract 

Background  

It remains unclear whether weight variability is associated with adverse health 

outcomes, such as cardiovascular disease or metabolic syndrome. Few studies 

have examined the association between weight change patterns and left 

ventricular mass. The goal of the study was to evaluate whether weight variability 

was associated with weight LV mass changes and whether there was any factor 

that may modify the association. 

Methods 

We conducted a secondary analysis of longitudinal weight and cardiac MRI data 

from the Multi-Ethnic Study of Atherosclerosis (MESA)  (N=2804, mean age of 

59.7 years). We used root mean square error (RMSE), slope and average 

successive variability to represent weight variability and investigated their 

associations with LV mass. We formally tested for interaction by age, gender, 

race/ethnicity and baseline BMI. 

Results 

The results showed that the slope was significantly positively associated with LV 

mass changes. Every unit increase of slope resulted in 3.28% increase of LV 

mass (In log-transformed LV mass, β = 0.032, 95% confidence interval [CI], 
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0.025 to 0.039; p<0.0001). However, measurements that represent weight 

fluctuation, RMSE and average successive variability, were significantly 

associated with LV mass change only when baseline BMI was not controlled. 

This association was not modified by age, gender, race/ethnicity or baseline BMI.  

Conclusions 

Slope, instead of weight fluctuation, of weight change was an independent 

predictor of LV mass change. Weight gain has larger effect than weight 

fluctuation. Weight controlling is meaningful for people with obesity in spite of the 

potential risk of weight fluctuation. 
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Introduction 

More than one-third(36.5%) of  US adults are obese (3). It was estimated that 

overweight and obesity were associated with 18.2% of deaths between 1986 and 

2006 (4) and $147 billion in health care expenditures (5). Despite the well-

accepted concept that obesity has adverse effects on cardiovascular prognosis 

and mortality, the relationship between body weight and outcomes is complex. 

Concern has been raised about effect of different weight change patterns. Weight 

loss is usually accompanied with weight fluctuation or periodically weight gain 

(“weight cycling”). It may be the result of dieting, which is called “yo-yo” dieting. It 

has been estimated that 24% of men and 38% of women have attempted weight 

loss (12). Over 20% men and women have experienced weight cycling(13). 

Weight cycling might relate to unfavorable health consequences including long-

term accelerated weight gain(95), general mortality (21, 23), higher blood 

pressure,  dyslipidemia(30), insulin resistance(35), visceral adiposity (32, 37, 

127),exaggerated immune response (38, 39). It may also be associated with 

incident cardiovascular disease(20) and incident diabetes(16). However, results 

were inconsistent (83, 100) and may differ with different study design (18). In 

addition, very limited data examined the association between weight change 

patterns and left ventricular mass (99). 

 

Different subgroup of people may have different response to weight change. Men 

may less likely to be affected by changing weight dynamic(101), though there still 

remains different opinions(102). Weight fluctuation even showed a protective role 
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for incident diabetes in a Japanese study(91). The association between weight 

fluctuation and metabolic profile was shown to be stronger among people with 

BMI less than 25kg/m2 (30). These all suggest the association may vary 

according to different demographic characteristic and baseline weight. 

Nevertheless, less attention was provided on subgroup analysis due to the lack 

of diversity or small sample size. 

 

In this study, we plan to investigate the association between different weight 

change patterns and LV mass. We will also study whether there are differences 

across population sub-groups stratified by age, gender, race/ethnicity and 

baseline BMI.  

 

Methods 

Study design and study population 

We conducted a secondary analysis of Multi-Ethnic Study of Atherosclerosis 

(MESA). MESA is a longitudinal, observational study(128) of the characteristics 

of subclinical cardiovascular disease and risk factors that predict progression to 

clinically overt cardiovascular disease, and that predict progression of subclinical 

disease itself, in a diverse, population-based sample of 6,814 men and women 

aged 45-84 who were free of clinical cardiovascular disease at baseline.   Thirty-

nine percent of the cohort is white, twenty-eight percent African-American, 

twenty-two percent Hispanic, and twelve percent Asian, predominantly of 

Chinese descent. Exam 1 took place over 25 months, followed by four follow-up 
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exams: a 17-month examination period, an 18-month examination period, a 21-

month examination period and a 22-month examination period. We included all 

MESA cohort members who had measured LV mass assessment by cardiac MRI 

in exam 1 and exam 5 (N = 2981) and all anthropometry from exam 1 to exam 5 

(N = 2875). Participants without missing baseline data of vigorous physical 

activity, height, education, systolic blood pressure, HDL cholesterol, total 

cholesterol, diabetes status, hypertension use and smoking status were the final 

study population (N = 2804). 

 

Measurement of weight variability 

Height and weight were measured using a standardized protocol in light clothing 

using calibrated instruments. Weight data from exam 1 to exam 5 were used to 

measure total body weight variability. We used root mean square error (RMSE), 

which was the most commonly used variable to operationalize weight fluctuation 

(17, 24, 28, 93-95), as the main exposure to represent the magnitude of weight 

fluctuation. We also chose average successive variability (23)  as another 

measure for weight fluctuation due to its intuitive illustration of deviation between 

visits. Slope was derived to describe the direction and overall rate of weight 

change. Below values were calculated to describe weight variability.  

Root mean square error (RMSE): We built a linear regression model for every 

individual participant, in which the dependent variable was the weight in kilogram 

and independent variable was years after baseline. RMSE value was extracted 

from the statistical information of each model (93). 
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Slope: We also used estimate of coefficient derived from individual weight – year 

model to represent the direction of weight variability (93).  

Average successive variability was defined as the average of absolute difference 

between successive visits (23). 

 

Measurement of outcome 

In exam 1, MRI was performed with 1.5 – T magnets using a four-element 

phased-array surface coil (129, 130). LV mass was determined by short-axis 

volumetric coverage using a fast gradient recalled echo sequence (repetition time 

6 ms, minimal echo time, flip angle 20°, 6 mm slice thickness with 4mm gap, 

matrix 256×160, field of view 360 – 400mm). It was calculated by the sum of the 

myocardial area (the difference between endocardial and epicardial contour) 

times slice thickness plus image gap in the end-diastolic phase multiplied by the 

specific gravity of myocardium (1.05 g/mL). Exam 5 MRI scanning protocol differs 

from Exam 1. In exam 5, steady-state free precession (SSFP) CMR was used to 

measure LV structure and function in Exam 5(99). Changes in CMR pulse 

sequence technology and software that occurred between Exams 1 and 5 by the 

MESA CMR Core Laboratory were used to adjust Exam 1 to compare with Exam 

5. 

 

LV mass was adjusted by height as LV mass/ height2(131) in main analysis. Alternative 

indexing methods for LV mass (mass to volume ratio and LV mass/height2.7)(78, 132, 

133) were used in sensitivity analysis. 
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Covariates 

All covariates were measured at baseline. Race/ethnicity, education, physical 

activity and medication use were assessed by questionnaire (128). BMI was 

computed from height and weight. Vigorous physical activity was quantitated 

from household, work-related and leisure activities(134). Time on each activity 

was multiplied by its standard metabolic equivalent of the task (MET) prior to 

summing, with physical activity reported in MET-minutes/week(135).Three 

seated brachial BP measurements were taken at an interval of 1 minute after 

participants rested for 5 minutes in a quiet environment.  The last 2 

measurements were used to calculate BP at each visit(136). Total and HDL 

cholesterol, and glucose levels were measured from blood samples obtained 

after a 12-hour fast. LDL cholesterol was calculated with the Friedewald equation 

(137). 

 

Statistical analysis 

We divided the study population according to quartiles of RMSE, which was the 

one of the most popular approaches for weight fluctuation operationalization in 

previous studies. General characteristic of the four groups were described, 

including weight variability measurement and LV measurement, demographic 

and anthropometric information, cardiovascular risk factors and medication use. 

These statistics consisted of mean and standard deviations for continuous 
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variables, and percentages for categorical variables. If the distribution of 

continuous variable was not normal, median, q1 and q3 were used to describe it. 

 

Height-indexed LV mass in exam 5 was our primary outcome. The exposure, 

weight variability measures, were analyzed as both categorical (quartiles) and 

continuous variables. Multivariable linear regression was used to estimate the 

effect size of exposure as continuous variable while ANCOVA was used for 

exposure as categorical variable.  

 

To adjust for confounders involved in the association between weight variability 

and LV mass, we conducted multiple models for the analysis. The “unadjusted” 

model 1 only controlled for the effect of baseline height-indexed LV mass. Model 

2 was adjusted by the same variable as model1 as well as baseline age, gender, 

race/ethnicity and education. Model 3 was adjusted by the same variables in 

model 2 plus baseline vigorous physical activity, baseline systolic blood pressure, 

HDL cholesterol, total cholesterol, diabetes status, hypertension medication, 

smoking status. The full model 4 was adjusted by same variables in model 3 and 

baseline BMI. Log-transformed LV mass was used in analysis to achieve better 

approximation to normality and equality of variance. 

 

We also evaluated the interaction between weight change patterns and the 

following variables: baseline age (categorized by 45 – 64 and 65 – 84 years old), 
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gender, race/ethnicity and baseline BMI (categorized by < 24.9, 25-29.9, 30-39.9, 

≥40 kg/m 2 according to WHO categories). 

 

Cancer, heart failure, chronic kidney and cirrhosis disease may lead to 

unintentional weight change. To identify if these conditions change the 

association between weight change patterns and LV mass change, we 

conducted sensitivity analysis as follows: 

• by excluding participants who reported cancer in any visit;  

• by excluding participants who reported an event of heart failure in any 

visit;  

• by excluding participants who reported chronic kidney disease in any 

visits;  

• by excluding participants who reported cirrhosis in the exams. 

 

We also conducted sensitivity analysis by using alternative indexing methods for 

LV mass (78, 132, 133) 

o mass to volume ratio 

o LV mass/height2.7 

Participants who did not complete five measures of weight but had at least three 

measures as well as complete outcome and covariates data were included for 

sensitivity analysis. Potential outliers were considered as any observation with 

Cook’s D value larger than 1.  
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Statistical analysis was carried out in SAS 9.4(SAS Institute, Cary, NC, USA) and 

R version 3.4.1/ R studio version 1.0. 

 

Results 

Characteristics of participants 

Among the 6814 participants enrolled in MESA, 2804 were included in this study. 

The median time between the first and last measurement was 14.44 years (5271 

days). Compared with participants who were excluded (See supplement 2), 

participants included in this study were younger, taller and weighed less.  

 

The characteristics of participants were shown in Table 1.The mean baseline 

weight of participants was 77.6 ± 16.06 kg. The mean baseline unadjusted LV 

end-diastolic mass was 119.83 ± 28.56 g (SSFP). The median of individual slope 

across the five visits were -0.06 kg per year, while the median of root mean 

square error (RMSE) was 1.94kg.  

 

With the increasing of RMSE quartiles, average successive variability increased 

and slope decreased, which indicates in this sample population, losing weight 

rapidly may contribute more to weight fluctuation. Younger people and smokers 

exhibited higher weight variability while Chinese, college or above educated 

people were more likely to have more stable weight. People with higher baseline 

BMI had higher weight variability. Higher RMSE was associated with higher LV 
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mass, diagnosis of diabetes, lower HDL cholesterol, inflammatory factors such as 

IL-6 and CRP.  

 

Weight variability as continuous variable 

When weight variability variables were treated as continuous variables in model 

1- model 3, slope of weight change, RMSE and average successive variability 

showed significant association with LV mass. In model 3, each unit increase in 

RMSE, average successive variability and slope increased height-indexed LV 

mass for 0.52% (In log-transformed LV mass, β = 0.005, 95% confidence interval 

[CI], 0.002 to 0.008; p = 0.0008), 0.12% (In log-transformed LV mass, β = 0.001, 

95% confidence interval [CI], 0.000 to 0.002; p = 0.0006), 2.67% (In log-

transformed LV mass, β = 0.026, 95% confidence interval [CI], 0.019 to 0.0034; p 

< 0.0001). However, in the full adjusted model 4, only slope showed significant 

association with LV mass in exam 5. Every unit increase of slope resulted in 

3.28% increase of LV mass( In log-transformed LV mass, β = 0.032, 95% 

confidence interval [CI], 0.025 to 0.039; p<0.0001) (See Table 2). In addition to 

baseline LV mass, other variables such as SBP, HDL, baseline BMI, gender, 

race /ethnicity also showed significant association with LV mass change in the 

full-adjusted model. 

 

Weight variability as quartiles 

When not adjusted in full model, height-indexed LV mass increased with each 

higher quartile of slope, RMSE and average successive variability   (Figure 1). In 
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model 3, when compared with the lowest quartile, the highest quartile of slope, 

RMSE, average successive variability increased log- transformed height-indexed 

LV mass by 0.0511, 0.0243, 0.0228, respectively (Table 3). However, in full 

adjusted model (model 4), only slope was significantly associated with outcome 

(Table 3) 

 

No statistically significant interaction with age, gender, race/ethnicity or 

baseline BMI 

Interaction analysis were conducted between weight variability and baseline BMI, 

age categories, race/ethnicity and gender after adjustment of the same variables 

in model 4. No interactions were found. The results were shown in Table 4. 

 

Weight variability, baseline BMI and LV mass 

The correlation between each weight variability, BMI and LV mass was shown in 

supplement 3. RMSE and average successive variability had a correlation with 

baseline BMI around 0.4 while baseline BMI and LV mass had a correlation 

around 0.35. The correlation between weight variability and LV mass was around 

0.15 except slope. When we regressed LV mass or baseline BMI on RMSE or 

average successive variability, the effect kept significant. But when regressing LV 

mass on BMI and weight variability, RMSE or average successive variability did 

not predict LV mass at all (Supplement 4). The changes in estimate due to BMI 

for RMSE or average successive variability suggested that baseline BMI might 
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be a confounder in the association between LV mass and RMSE or average 

successive variability.  

 

Sensitivity analysis 

Among all the participants included in the study, there were 74 participants 

reported congestive heart failure, 139 participants reported chronic kidney 

disease or indication of end stage renal failure, 284 participants reported cancer 

at a mean follow-up time of 5271 days. At baseline, 183 and 3 participants self-

reported cancer and cirrhosis, respectively. Sensitivity analysis that exclude 

participants above (N = 2232) generated largely similar results. There were 99 

people had three or four measurements of weight. When we included those 

participants into the 2804 eligible people, the results were similar to what we 

found before. Analysis using different indexing methods for LV mass yield largely 

similar results. No outlier was excluded. 

 

Discussion 

The goal of the study was to evaluate whether different weight change patterns 

was associated with different weight LV mass changes and whether there was 

any factor that may modify the association. The results showed that the slope 

was significantly positively associated with LV mass changes. However, RMSE 

and average successive variability were not independent predictors for LV mass 



43 
 

in exam 5 after baseline BMI was controlled. This association was not modified 

by age, gender, race/ethnicity or baseline BMI.  

 

Younger participants and those who with higher baseline BMI had higher 

weight variability 

We studied which population might have a risk of experiencing higher weight 

fluctuation as measured in RMSE. As summarized in table 1, participants with 

larger RMSE had a higher average of baseline BMI but lower mean age. There 

was no gender difference shown in the results. This may indicate that younger 

and people with obesity may have more attempts to control weight but not easy 

to keep it stable.  Similar results were observed in previous studies (23). Indeed, 

it was reported (138) that the prevalence of attempts to lose weight elevated with 

increasing BMI. However, we also noted that even in the highest quartile of 

RMSE, there were 13% normal-weight participants. People with obesity were 

more vulnerable to weight cycling but this problem is not limited to those 

subjects. 

 

Slope was independently associated with LV mass change, but weight 

fluctuation was not after controlling for baseline BMI 

Slope was significantly associated with LV mass change in all analysis models. 

In table 2, one-unit increase of the slope resulted in 3.28% increase of LV mass 

in exam 5 in the full-adjusted model. Thus, in our study, participants who gained 
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the most weight over the course of the study had the greatest increase in LV 

mass. However, for variables that measure weight fluctuation, significant 

association was only observed before baseline BMI was included in the model. 

After controlling for baseline BMI, as shown in figure 1, the monotonically 

increasing pattern between weight fluctuation and LV mass disappeared. This 

indicates that for people with the same weight, the faster the absolute weight 

increases the larger increases of future LV mass. The magnitude of weight 

increase and decrease was not directly associated with future LV mass change. 

 

Slope describes both the direction and the steepness of a line. Thus, after 

controlling for baseline BMI and LV mass, our model actually reflected how the 

increase of weight would affect future LV mass. The significant positive result 

was consistent with numerous previous study about obesity and LV mass. 

Abundant evidence supports that people with obesity have a higher risk of 

developing left ventricular hypertrophy. A longitudinal study(139) that followed 

participants from age 13 to 27 years revealed that BMI and LV mass were 

significantly associated in childhood and adulthood. In addition, the greater 

weight gain from childhood to adulthood, the greater the increase in LV mass 

over time, regardless of BMI status at the beginning. Another meta-analysis of a 

pooled population of 1022 obese subjects showed a significant decrease in LV 

mass after bariatric surgery (75). Mildly volume overloaded state, metabolic 

dysfunction, the present of epicardial fat, secretion of inflammatory cytokines like 
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adipokines adiponectin and leptin resistance may contribute to the development 

of LVH in people with obesity(139). 

 

In our results, weight fluctuation showed no direct association with LV mass 

change. In fact, so far, there is no consensus as to whether weight fluctuation 

has adverse health effect. In another secondary analysis in MESA(99), a 5% 

decrease in time-weighted average change in weight was significantly associated 

with both percentage change in LV mass (β = −1.40, 95% CI −1.97 to −0.82; p < 

0.0001) and percentage change in LV mass-to-volume ratio (β=−1.30, 95% CI 

−2.16 to −0.44, p=0.003). In an analysis on Framingham population(21) in early 

1990s, subjects with high weight variability had a higher risk of total mortality, 

CAD mortality and CAD morbidity, with RR from 1.27 to 1.93. More studies 

focused on the association between weight variability and metabolism. In a 

prospective observational study(16) that aimed to examine the relationship 

between weight loss and incident diabetes, weight cycling (defined as number of 

2.25kg weight cycles) was positively associated with incident diabetes (HR 1.22, 

95% CI 1.02, 1.47) but not for cardiometabolic traits such as systolic blood 

pressure(SBP) or insulin resistance (HOMA-IR). Metabolic syndrome profile(31) 

(30), insulin resistance(34) (35), central adiposity(32) (37) , amplified immune 

response(38) (39), repeated overshooting theory(13, 104) are potential 

mechanisms that support the adverse effect of weight fluctuation. However, 

several large-scale studies also failed to show a positive association between 

weight cycling and mortality (83, 100). Other studies also found no association 
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between weight fluctuation and cardiovascular factors(140). A recent prospective 

study(91)  in Japan even found weight cycling was associated with a significant 

reduction in the risk of diabetes for urban populations. 

 

One of the reasons for the inconsistency might be the role of BMI. As shown in 

our results, the effect of weight fluctuation was flipped after baseline BMI was 

included. Similar results were observed in an analysis on Framingham Heart 

Study(19). They found weight cycling was associated with higher rates of 

diabetes, but this significance disappeared after adjustment of overall weight 

status. This may indicate that absolute weight increase matters more than how 

weight changes for LV mass. Our analysis for baseline BMI, weight variability 

and LV mass (Supplement 4) also described this association. Thus, if BMI was 

not taken into account, one cannot discriminate the effect of such a spurious 

‘weight fluctuation’ and BMI. Another interpretation might be the difference 

between how weight fluctuation is derived. So far, there is no gold standard for 

the operationalization of weight fluctuation. Commonly used methods include 

RMSE(93) (31), coefficient of variation(CV)(21, 23), the number of cycles derived 

from pre-defined categories of weight change(16, 18) , all of which were 

calculated from actual weight measurements. Other methods using consecutive 

weight measurement include functional principal component analysis(FPCA) (18, 

19, 97), method of deviation(31),trapezoid rule which combines both the 

information of time and weight change(99). Self-reported data was also used in 

some studies (84, 141, 142). Limited studies compare the difference between 
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these various methods. Itoh et al(143) compared the association between 

cardiovascular risk factors with different weight variability, CV and number of 

cycles. They reported significant relationship for CV but not number of cycles. 

The possible problem of CV lies in the fact it mainly implies simple weight 

gainers. A person who had a small and steady weight gain over long period could 

have a similar CV to a person with large weight fluctuation with no overall weight 

gain (144). Another large prospective study (18) compared the difference 

between a priori defined patterns of weight cycling and FPCA. The latter showed 

much less significant results compared with the previous one. In addition, study 

design details such as the interval of weight measurement and the total follow-up 

time may also result in different conclusions. 

 

Similar to our results, several studies that investigated the association of weight 

variability and health outcomes revealed a difference between slope and weight 

fluctuation. It was reported that the slope of weight change itself was a strong 

independent predictor of intima-media thickness (IMT) (93), type 2 diabetes 

mellitus(T2DM) (145) or cardiovascular risk factor(144) while weight fluctuation 

was not after adjustment for BMI or BMI slope. Besides, in our exploratory 

analysis, the analysis on absolute value of slope showed insignificant results in 

full-adjusted model. The discrepancy suggests weight gain may contribute more 

to the unfavorable health outcome, compared with weight fluctuation, if any. This 

is also supported by our exploratory analysis (Supplement 1 figure), which found 

that people with higher BMI but lower RMSE had higher LV mass compared with 
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those who had lower BMI but higher RMSE. Some previous article (144) likewise 

suggested that the positive effects of weight reduction could offset the potential 

negative effect of weight fluctuation. Based on what we have found, we agreed 

on the benefit of weight loss in people with obesity in spite of the potential risk of 

weight fluctuation.  

  

Strengths and limitations  

This is one of the few studies that focused the association between weight 

variability and LV mass change in a large and diverse sample population. Weight 

measurement was used instead of self-reported values, which reduced recall 

bias. We emphasized the role of BMI in our study, which might be ignored by 

some of the previous studies. We also analyzed the difference between 

subgroups such as age, gender, race and baseline BMI, which was not fully 

studied before. 

 

The present study has certain limitations. First, as mentioned before, participants 

included in our study were younger, taller and weighed less compared with 

excluded population. Thus, those included in our study may be overall ‘healthier’ 

than the whole MESA cohort. Second, most participants did not experienced 

dramatic weight fluctuation during the study period since it was an observational 

study without weight control intervention. Third, there is no agreement on the 

operationalization of weight fluctuation so far. More research is needed on the 
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assessment of those approaches. Fourth, some weight changes may not be 

detected during the interval of exams. Fifth, potential residual confounding might 

exist. For example, we did not distinguish the change of weight was intentional or 

unintentional. But in our sensitivity analysis, potential unintentional weight 

change causes, such as cancer and heart failure, were excluded from the 

sample. The results were largely similar to our major results.  

 

Conclusion 

Our study demonstrated the association between different measurements of 

weight variability and LV mass change. Slope of weight change, instead of 

weight fluctuation, was an independent predictor of LV mass change. These 

findings support the idea that weight gain has larger effect than weight 

fluctuation. Weight loss for obesity is associated with lower risk of subclinical 

CVD despite the potential risk of weight fluctuation. Future studies of weight 

fluctuation should address the remaining methodological issues of measurement 

comparison, controlling for BMI, number of visits, interval period and duration of 

follow-up. 
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Tables and figures for chapter 2 

Table 1. Baseline characteristic of participants according to RMSE quartiles 
Characteristics Total Quartile 1 Quartile 2 Quartile 3 Quartile 4 P-

value  N = 2804 N = 701 N = 701 N = 701 N = 701 

Weight variability 

Root mean square 

error(kg) 

1.94 ( 1.23, 2.916) 0.87 ( 0.68, 1.063) 1.55 ( 1.37, 1.746) 2.36 ( 2.14, 2.631) 3.88 ( 3.34, 5.096) <0.0001 

Slope(kg/year) -0.06( -0.45, 0.32) -0.01(-0.28,0.26) -0.07(-0.41,0.26) -0.06(-0.5,0.33) -0.11(-0.69,0.5) 0.0297 

Average successive 

variability (kg) 

9.98 ( 6.58, 

14.583) 

4.99 ( 3.76, 6.532) 7.89 ( 6.67, 9.752) 11.52 ( 9.75, 

13.835) 

18.19 ( 14.74, 

23.768) 

<0.0001 

Demographics 

Age(year) 59.72 ± 9.3 60.67 ± 9.54 60.6 ± 9.51 59.37 ± 9.16 58.23 ± 8.79 <0.0001 

Gender (Female)-no.(%) 1484 (52.92%) 362 (51.64%) 366 (52.21%) 370 (52.78%) 386 (55.06%) 0.59 

Race / ethnicity-no.(%)   
     

 
White 

1205 (42.97%) 298 (42.51%) 275 (39.23%) 289 (41.23%) 343 (48.93%) <0.0001 

 
Chinese 

355 (12.66%) 142 (20.26%) 108 (15.41%) 74 (10.56%) 31 (4.42%) . 

 

African-
american 

686 (24.47%) 140 (19.97%) 161 (22.97%) 180 (25.68%) 205 (29.24%) . 

 
Hispanic 

558 (19.9%) 121 (17.26%) 157 (22.4%) 158 (22.54%) 122 (17.4%) . 

Education: highest level 

completed--no.(%) 

      

 

< High 

school 
336 ( 11.98% ) 70 ( 9.99%)  107 ( 15.26%)  86 ( 12.27%)  73 ( 10.41%)  

0.0046 

 

Completed 

high school 
463 ( 16.51% ) 112 ( 15.98%)  123 ( 17.55%)  117 ( 16.69%)  111 ( 15.83%)  . 

 

Post HS but 

<college 
788 ( 28.1% ) 182 ( 25.96%)  174 ( 24.82%)  208 ( 29.67%)  224 ( 31.95%)  . 

 
College+ 

1217 ( 43.4% ) 337 ( 48.07%)  297 ( 42.37%)  290 ( 41.37%)  293 ( 41.8%)  . 

Anthropometrics 

Body mass index (kg/m2) 27.71 ± 4.87 25.79 ± 3.95 26.74 ± 4.43 27.79 ± 4.56 30.52 ± 5.15 <0.0001 

Normal BMI (%) 879 (31.35%) 327 (46.65%) 265 (37.8%) 199 (28.39%) 88 (12.55%) <0.0001 

Overweight (%) 1139(40.62%) 
 

278 (39.66%) 293 (41.80%) 294 (41.94%) 274 (39.09%) <0.0001 

Obese (%) 786(28.03%) 96 (13.69%) 143 (20.40%) 
 

208 (29.67%) 
 

339 (48.36%) 
 

<0.0001 

Weight(kg) 77.6 ± 16.06 71.21 ± 13.76 74.23 ± 15.26 78.07 ± 14.82 86.87 ± 15.88 <0.0001 

Height(m) 1.67 ± 0.1 1.66 ± 0.1 1.66 ± 0.1 1.67 ± 0.09 1.69 ± 0.1 <0.0001 

Left ventricular measurement 

Non-adjusted and adjusted LV mass 
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LV end-diastolic mass (g) 
119.83 ± 28.56 114.18 ± 26.97 117.43 ± 29.28 119.88 ± 27.5 127.83 ± 28.72 <0.0001 

Height2-indexed LV mass 42.66 ± 8.27 41.2 ± 7.55 42.18 ± 8.5 42.54 ± 8.11 44.72 ± 8.49 <0.0001 

End diastolic volume 

adjusted LV mass(g) 

0.93 ± 0.17 0.92 ± 0.15 0.93 ± 0.17 0.94 ± 0.18 0.95 ± 0.18 0.004 

Other LV measurement 

LV end-diastolic volume 

(ml) 

129.83 ± 29.02 125.89 ± 28.91 127.41 ± 28.89 129.13 ± 28.15 136.89 ± 28.95 <0.0001 

LV end-systolic volume 

(ml) 

48.61 ± 14.15 46.84 ± 13.93 48 ± 14.16 48.49 ± 13.19 51.12 ± 14.95 <0.0001 

LV stroke volume (ml) 
81.22 ± 18.95 79.06 ± 18.44 79.41 ± 19.03 80.64 ± 18.62 85.78 ± 18.97 <0.0001 

LV ejection fraction (%) 62.64 ± 5.74 62.94 ± 5.49 62.36 ± 5.9 62.49 ± 5.46 62.77 ± 6.08 0.21 

Cardiovascular risk factors 

Life style 

Cigarette smoking status--

no.(%) 

      

 
Never 

1498 (53.42%) 423 (60.34%) 393 (56.06%) 345 (49.22%) 337 (48.07%) <0.0001 

 
Former 

996 (35.52%) 226 (32.24%) 241 (34.38%) 263 (37.52%) 266 (37.95%) . 

 
Current 

310 (11.06%) 52 (7.42%) 67 (9.56%) 93 (13.27%) 98 (13.98%) . 

Pack-years of cigarette 

smoking 

9.79 ± 19.72 7.29 ± 16.06 8.54 ± 16.66 11.31 ± 22.83 12.01 ± 22.03 <0.0001 

Blood pressure 

Systolic blood pressure 

(mmHg) 

123.18 ± 20.08 122.42 ± 20.39 123.04 ± 19.71 122.83 ± 19.94 124.41 ± 20.29 0.27 

Diastolic blood pressure 

(mmHg) 

71.77 ± 10.17 71.26 ± 9.96 71.73 ± 10.31 72.13 ± 10.2 71.97 ± 10.22 0.4 

Hypertension--no.(%) 1059 (37.77%) 249 (35.52%) 262 (37.38%) 260 (37.09%) 288 (41.08%) 0.17 

ACE inhibitors 269 (9.59%) 57 (8.13%) 61 (8.7%) 66 (9.42%) 85 (12.13%) 0.06 

Angiotensin type 2 

antagonists 

81 (2.89%) 15 (2.14%) 16 (2.28%) 23 (3.28%) 27 (3.85%) 0.17 

Beta-blockers 
213 (7.6%) 51 (7.28%) 54 (7.7%) 55 (7.85%) 53 (7.56%) 0.98 

Calcium-channel blocker 
288 (10.27%) 73 (10.41%) 65 (9.27%) 68 (9.7%) 82 (11.7%) 0.46 

Thiazide diuretics 
171 (6.1%) 39 (5.56%) 36 (5.14%) 43 (6.13%) 53 (7.56%) 0.25 

Aspirin 702 (25.04%) 166 (23.68%) 168 (23.97%) 193 (27.53%) 175 (24.96%) 0.33 

Glucose and Lipid 

Fasting glucose (mg/dl) 
93.59 ± 24.9 91.73 ± 21.42 92.27 ± 22.24 95.04 ± 27.66 95.33 ± 27.47 0.008 

Diabetes mellitus --no.(%) 
325 (11.59%) 63 (8.99%) 88 (12.55%) 82 (11.7%) 92 (13.12%) 0.03 

LDL cholesterol (mg/dl) 
117.36 ± 31.14 116.92 ± 31.34 116.84 ± 31.1 118.93 ± 33.06 116.77 ± 28.93 0.5 

HDL  cholesterol (mg/dl) 
51.48 ± 15.07 53.27 ± 16.39 51.76 ± 15.18 50.91 ± 14.5 50 ± 13.96 0.0005 

Total cholesterol (mg/dl) 
194.33 ± 35.05 194.84 ± 35.61 194.3 ± 34.36 195.78 ± 37.02 192.4 ± 33.06 0.32 
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Triglycerides (mg/dl) 
111 ( 77, 158) 107 ( 73, 152.5) 108 ( 77, 161) 113 ( 80, 164) 112 ( 79, 157) 0.18 

Statins 391 (13.94%) 87 (12.41%) 96 (13.69%) 110 (15.69%) 98 (13.98%) 0.36 

Inflammatory factors 

Fibrinogen antigen (mg/dl) 
338.77 ± 69.86 331.01 ± 66.64 334.5 ± 67.32 339.36 ± 73.29 350.16 ± 70.63 <0.0001 

Interleukin-6 (IL-6) (pg/ml) 1.06 ( 0.7, 1.636) 0.91 ( 0.62, 1.47) 1.02 ( 0.67, 1.548) 1.05 ( 0.72, 1.626) 1.27 ( 0.87, 1.855) <0.0001 

C-reactive protein (CRP) 

(mg/l) 

1.7 ( 0.76, 3.92) 1.39 ( 0.65, 3.25) 1.43 ( 0.64, 3.21) 1.84 ( 0.82, 4.155) 2.41 ( 1.02, 4.82) <0.0001 
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Table 2. Continuous weight variability and log-transformed height-indexed LV 

mass in exam 5 

  Weight Variability  

  RMSE Slope 
Average 
successive 
variability  

Model 1 β (95%CI) 
0.004 ( 0.001 , 0.008 )  0.025 ( 0.018 , 0.033 )  0 ( 0 , 0.002 )  

 p value 
0.0052 <.0001 0.0022 

 ∆LV mass% / unit 
0.45 2.57 0.11 

Model 2 β (95%CI) 
0.006 ( 0.003 , 0.009 )  0.024 ( 0.017 , 0.032 )  0.001 ( 0 , 0.002)  

 p value 
0.0001 <.0001 <.0001 

 ∆LV mass% / unit 
0.59 2.45 0.14 

Model 3 β (95%CI) 
0.005 ( 0.002 , 0.008 )  0.026 ( 0.019 , 0.034 )  0.001 ( 0 , 0.002 )  

 p value 
0.0008 <.0001 0.0006 

 ∆LV mass% / unit 
0.52 2.67 0.12 

Model 4 β (95%CI) 
0 ( -0.003 , 0.003 )  0.032 ( 0.025 , 0.039 )  0 ( 0 , 0 )  

 p value 
0.9598 <.0001 0.8172 

 ∆LV mass% / unit 
-0.01 3.28 -0.01 

 

Outcome was log-transformed height-indexed LV mass. β  was the coefficient of each model, which indicate 

the change of log-transformed LV mass due to one unit change of weight variability. ∆LV mass% / unit was 

calculated by 100%* (exp(β) – 1) 

Model 1 was only adjusted by baseline height-indexed LV mass 

Model 2 was adjusted by baseline height-indexed LV mass, age, gender, race, education 

Model 3 was adjusted by baseline height-indexed LV mass, age , gender , race, education, baseline 
vigorous physical activity, baseline systolic blood pressure, HDL cholesterol, total cholesterol, diabetes 
status, hypertension medication or not, smoking status 

Model 4 was adjusted by same variables in model 3 and baseline BMI 
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Table 3 Quartiles of weight variability and log-transformed height-

indexed LV mass in exam 5 
  model 3    

Variables Quartiles β (95%CI) 
P value for 
coefficient 

E^(Adjusted 
mean) 

P value for F test 

RMSE 
 q1 
(Reference 
group) 

. . 43.17 0.0018 

 q2 0.0013 ( -0.0128 , 0.0154 )  0.8552 43.23  

 q3 0.0014 ( -0.0128 , 0.0156 )  0.8466 43.24  

 q4 0.0243 ( 0.0097 , 0.0389 )  0.0011 44.24  

Slope  
 q1 
(Reference 
group) 

. . 42.44 <.0001 

 q2 0.0187 ( 0.0044 , 0.033 )  0.0103 43.24  

 q3 0.0267 ( 0.0123 , 0.0411 )  0.0003 43.59  

 q4 0.0511 ( 0.0365 , 0.0658 )  <.0001 44.67  

Average 
successive 
variability  

 q1 
(Reference 
group) 

. . 43.18 0.004 

 q2 -0.0018 ( -0.0159 , 0.0123 )  0.8007 43.1  

 q3 0.006 ( -0.0083 , 0.0203 )  0.4103 43.44  

 q4 0.0228 ( 0.0081 , 0.0375 )  0.0024 44.17  

  model 4    

Variables Quartiles β (95%CI) 
P value for 
coefficient 

E^(Adjusted 
mean) 

P value for F 
test 

RMSE 
 q1 
(Reference 
group) 

. . 43.5 0.5369 

 q2 -0.0017 ( -0.0155 , 0.0122 )  0.8151 43.43 
 

 q3 -0.0064 ( -0.0204 , 0.0077 )  0.3751 43.23 
 

 q4 0.0041 ( -0.0108 , 0.0189 )  0.5932 43.68 
 

Slope  
 q1 
(Reference 
group) 

. . 42.08 <.0001 

 q2 0.0306 ( 0.0166 , 0.0447 )  <.0001 43.39 
 

 q3 0.039 ( 0.0248 , 0.0532 )  <.0001 43.75 
 

 q4 0.0607 ( 0.0463 , 0.075 )  <.0001 44.71 
 

Average 
successive 
variability  

 q1 
(Reference 
group) 

. . 43.58 0.7343 

 q2 -0.006 ( -0.0199 , 0.0079 )  0.3952 43.31 
 

 q3 -0.0044 ( -0.0186 , 0.0098 )  0.5454 43.39 
 

 q4 0.0007 ( -0.0143 , 0.0158 )  0.9267 43.61 
 

 

Model 3 was adjusted by baseline height-indexed LV mass, age , gender , race, education, baseline 

vigorous physical activity, baseline systolic blood pressure, HDL cholesterol, total cholesterol, diabetes 

status, hypertension medication or not, smoking status 

Model 4 was adjusted by same variables in model 3 and baseline BMI 
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Table 4 Weight variability and interaction 

 
Interaction 
term Weight variability β 95%CI 

p 
value 

Overall 
Interaction P 
Value 

Age * <65y RMSE 
0.0024 -0.0049 , 0.0096 0.5235 0.5235 

 <65y 
Average successive 
variability 

0.0011 -0.00054,0.0026 
0.1846 0.1846 

 <65y Slope 
0.0079 -0.0111 , 0.0198 0.5795 0.5795 

Gender * female RMSE 
-0.0042 -0.01 , 0.0016 0.1513 0.1513 

 female 
Average successive 
variability -0.0007 -0.002 , 0.0005 

0.2532 0.2532 

 female Slope 
0.0084 -0.0055 , 0.0223 0.2372 0.2372 

Race *  RMSE     

 White  

0 -0.0086 , 0.0086 0.9953 0.3182 

 Chinese  

-0.0095 -0.0261 , 0.007 0.2585 
 

 African American 
-0.005 -0.014 , 0.004 0.2745 

 

  Average successive variability   

 White  0.0002 -0.0017 , 0.0021 
0.8358 

0.0871 

 Chinese  -0.0011 -0.0048 , 0.0026 
0.5671 

 

 African American 
-0.0009 -0.003 , 0.0011 0.3567 

 

  Slope   

  

 White  

-0.0087 -0.028 , 0.0106 0.3779 0.6806 

 Chinese  

-0.0206 -0.0573 , 0.0161 0.2712 

 

 African American 
-0.0055 -0.0263 , 0.0153 0.6014 

 
Baseline 
BMI * < 30kg/m^2 RMSE 

0.0039 -0.0023 , 0.01 0.2189 0.2189 

 < 30kg/m^3 
Average successive 
variability 

0.0013 

 

-0.0001 , 0.0026 

 0.0699 0.0699 

 < 30kg/m^4 Slope 
-0.006 -0.0202 , 0.0082 0.4061 0.4061 

Model was adjusted by interaction terms and baseline height-indexed LV mass, age , gender , race, 
education, baseline vigorous physical activity, baseline systolic blood pressure, HDL cholesterol, total 
cholesterol, diabetes status, hypertension medication or not, smoking status, baseline BMI 
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Figure 1 Adjusted mean of LVM index by weight variability quartiles 
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A1 A2: adjusted mean of RMSE in model 1 and model 4 

B1 B2: adjusted mean of slope in model 1 and model 4 

C1 C2: adjusted mean of average successive variability in model 1 and model 4 

Y axis value is the log form of adjusted LV mass 
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Supplement 1 Cross analysis for BMI category and RMSE category 
 

 

 
Groups: 
RMSE:  

R1: Quartile 1  
R2: Quartile 2  
R3: Quartile 3  
R4: Quartile 3  

 
 
BMI:  

B1: < 25kg/m^2 
B2: 25 – 29.9 kg/m^2 
B3: >= 30kg/m^2 
 

RMSE * BMI groups: 
 
 RB0: R1 * B1 

RB1: R2 * B1 
RB2: R3 * B1 
RB3: R4 * B1 

 
RB4: R1 * B2 
RB5: R2 * B2 
RB6: R3 * B2 
RB7: R4 * B2 

 
RB8: R1 * B3 (reference group: lowest fluctuation with highest BMI) 
RB9: R2 * B3 
RB10: R3 * B3 
RB11: R4 * B3 

 
 

 

LS-Means for RMSE*BMI 

 RMSE*BMI 
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Supplement 2 Comparison between excluded participants and eligible 

participants   

 
non-missing missing p value 

N(total=6814) 2804 4010 
 

age1c 59.72±9.30 63.85±10.51 <.0001 

wtlb1 171.1±35.40 175.0±40.00 <.0001 

htcm1 167.1±9.78 165.8±10.17 <.0001 

bmi1c 27.71±4.87 28.78±5.83 <.0001 

waistcm1 96.02±13.22 99.65±15.01 <.0001 

hipcm1 104.6±10.29 106.3±12.18 <.0001 

gender(female) 1484(52.92%) 2117(52.79%) 0.9149 

race1c 
  

<0.0001 

White 1205(42.97%) 1417(35.34%) 
 

Chinese 355(12.66%) 449(11.20%) 
 

African-American 686(24.47%) 1206(30.07%) 
 

Hispanic 558(19.90%) 938(23.39%) 
 

 

Supplement 3 Correlation between weight variability, BMI and LVMI 

 

 
slope rmse average 

successive 
variability 

Baseline 
BMI 

LVMI 
in 
exam1 

LVMI 
in 
exam5 

log-
LVMI 

in 
exam1 

log-
LVMI 

in 
exam5 

Weight 
variability 

slope 1.00               

 

 
  <.0001             

 
RMSE -0.08 1.00             

 

 
<.0001   <.0001           

 

average 
successive 
variability 

-0.11 0.92 1.00           

 

 
<.0001 <.0001             

baseline 
BMI 

Baseline 
BMI 

-0.15 0.39 0.41 1.00         

 

 
<.0001 <.0001 <.0001           

LVMI 
LVMI in 
exam1 

-0.04 0.17 0.18 0.36 1.00       

 

 
0.03 <.0001 <.0001 <.0001         

 

LVMI in 
exam5 

0.05 0.16 0.17 0.33 0.84 1.00     

 

 
0.01 <.0001 <.0001 <.0001 <.0001       

 

log-LVMI 
in exam1 

-0.05 0.18 0.19 0.37 0.99 0.83 1.00   

 

 
0.01 <.0001 <.0001 <.0001 <.0001 <.0001     

 

log-LVMI 
in exam5 

0.05 0.16 0.17 0.35 0.83 0.99 0.84 1.00 

 

 
0.02 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001   
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Supplement 4 Weight variability, BMI and log-LVMI association 

analysis 
  RMSE 

average successive 
variability 

slope 

path a Β 1.1129 0.2584 -1.0425 

 Se 0.0498 0.0108 0.1298 

 p value <0.0001 <0.0002 <.0001 

path b β 0.0070 0.0154 0.0070 

 se 0.0007 0.0015 0.0007 

 p value <.0001 <.0002 <.0001 

path c β 0.0052 0.0011 0.0264 

 se 0.0016 0.0004 0.0037 

 p value 0.0010 0.0006 <.0001 

path c' β -0.0001 0 0.0323 

 se 0.0016 0.0004 0.0037 

 p value 0.9598 0.8172 <.0001 

 

Path a: Regress baseline BMI on weight variability 

Path b:  Regress LV mass on BMI 

Path c: Regress LV mass without baseline BMI on weight variability (model 3) 

Path c’: Regress LV mass with baseline BMI on weight variability (model 4) 
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CHAPTER 3 MANUSCRIPT 

Weight variability and cardio-metabolic outcome: The Multi-
Ethnic Study of Atherosclerosis (MESA) 
 
Yifang Yuan, Haiying Chen, Morgana Mongraw-Chaffin, Alain Bertoni 

Abstract 

Background  

It remains controversial whether weight variability is associated with adverse 

health outcomes. Very limited data compared the difference between multiple 

weight variability measurements.  

Methods 

We conducted a secondary analysis of Multi-Ethnic Study of Atherosclerosis 

(MESA) with 3741 people at a mean age of 60.71 years old. Root mean square 

error (RMSE), slope, absolute value of slope, average successive variability, sum 

of deviation, max of deviation and number of cycles were used to represent 

weight variability. Correlation was analyzed between weight variability 

measurements and baseline BMI. We treated them as both continuous and 

categorical variables to analyze their association with cardio-metabolic outcome.  

Results 

Slope was associated with nearly all adverse metabolic outcomes, including 

fasting glucose (β = 1.81, 95% CI 0.81 to 2.81; p = 0.0004), triglycerides (one 

unit increase in slope, triglycerides increased 11.39%. For log-transformed 

triglyceride, slope: β = 0.1078, 95% CI 0.0925 to 0.1231; p < 0.0001) and HDL 

(every one unit increase in weight variability, HDL decreased 5.29%. For log-
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transformed HDL, in full-adjusted model, slope: β = -0.0544, 95% CI -0.0619 to -

0.0468; p < 0.0001), LDL (β = 1.36, 95% CI 0.07 to 2.65; p = 0. 0389), SBP (β = 

2.65, 95% CI 1.84 to 3.47; p < 0.0001) and DBP (β = 0.76, 95% CI 0.38 to 1.14, 

p < 0.0001). Max of deviation were significantly positively associated with fasting 

glucose (β = 0.47, 95% CI 0.06 to 0.87; p = 0.024), LDL (β = 0.52, 95% CI 0.00 

to 1.05; p = 0.0491), triglycerides (For one unit increase, triglycerides increased 

0.69%) and negatively associated with HDL (For one unit increase, triglycerides 

decreased 0.34%). RMSE and average successive variability showed negative 

association with triglycerides, SBP and positive association with HDL.  

 

Conclusions 

Our study demonstrated the association between different weight variability and 

glucose, lipid and blood pressure. Slope of weight change was an independent 

predictor of adverse cardio metabolic outcome. Weight fluctuation might have 

adverse effect on cardio metabolic health, but the association should be 

interpreted carefully. These findings support the idea that weight gain has much 

larger effect than weight fluctuation in middle age. Future studies of weight 

fluctuation should address the remaining methodological issues of measurement 

validation, number of visits, interval period and duration of follow-up. 
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Introduction 

More than one-third(36.5%) of the US adults have obesity(3). It has been 

estimated that 24% of men and 38% of women have attempted to lose 

weight(12). Weight loss is usually accompanied with weight fluctuation or 

periodically weight gain (“weight cycling”). It may be the result of dieting, which is 

called “yo-yo” dieting. Over 20% men and women have experienced weight 

cycling(13). Some studies showed weight cycling was related to unfavorable 

health consequences. This includes clinical outcome such as  general mortality 

(13, 17, 21, 23, 26-28), CVD events (21-25), type 2 diabetes (16-19), 

depression(14),dementia(15) and long-term accelerated weight gain(95) as well 

as subclinical results like elevated glucose, lipids level or blood pressure(20, 31-

33), coronary artery calcification (CAC) (93) and LV mass change(99). Insulin 

resistance(35), visceral adiposity (32, 37, 127) and exaggerated immune 

response (38, 39) were found to be the potential mechanisms. However, results 

were inconsistent (18, 19, 83-85, 91, 100). One of the reasons for the 

controversy was different operationalization of weight variability (18). In previous 

studies, there were four types of approaches to derive weight variability in 

general: 1) based on prior-defined criteria of weight change (defined as 

categories (22, 26, 33, 88-91) and defined as number of cycles(14, 16)) ; 

2)based on measurement of deviation (including deviation between successive 

visits (23, 92), deviation between current visit and mean weight (17, 27) and 

deviation between current visit and hypothetical value (31)) ; 3) based on 

statistics derived from simple linear regression model on time-weight for every 
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participant(including root mean square error(RMSE) (17, 24, 28, 93-95), standard 

deviation (SD) (15, 25) and coefficient variation(CV) (29, 96)); 4)analysis without 

linearity assumption for individual participants(including functional principal 

component analysis (FPCA) (18, 19), growth curves(98) and trapezoid rule(99)). 

In the few studies (18, 146)that used different weight variability measurement, 

the results (18)  may differ by operationalization methods. However, limited work 

has been done to compare the association and differences between these 

approaches. 

 

In this study, we plan to investigate the association between weight fluctuation 

using various measurements and cardiometabolic outcomes.  

 

Method 

Study design and study population  

We conducted a secondary analysis of Multi-Ethnic Study of Atherosclerosis 

(MESA). MESA is a longitudinal, observational study(128) of the characteristics 

of subclinical cardiovascular disease and risk factors that predict progression to 

clinically overt cardiovascular disease, and that predict progression of subclinical 

disease itself, in a diverse, population-based sample of 6,814 men and women 

aged 45-84 who were free of clinical cardiovascular disease at baseline.   Thirty-

nine percent of the cohort is white, twenty-eight percent African-American, 

twenty-two percent Hispanic, and twelve percent Asian, predominantly of 

Chinese descent. Exam 1 took place over 25 months, followed by four follow-up 
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exams: a 17-month examination period, an 18-month examination period, a 21-

month examination period and a 22-month examination period. We included all 

MESA cohort members who received all anthropometry from exam 1 to exam 

5(N = 4418). We excluded individuals who reported use of oral or inhaled 

corticosteroids at any visits (N = 403). Participants with missing data for baseline 

data of age, gender, race/ethnicity, vigorous physical activity, height, education, 

systolic and diastolic blood pressure, HDL cholesterol, LDL cholesterol , total 

cholesterol, fasting triglycerides, diabetes status, fasting glucose, smoking status 

as well as medication for hypertension, diabetes and dyslipidemia were also 

excluded(N = 274). A total of 3741 participants were included in the analysis of 

glucose, lipids, and blood pressure at exam 5. 

 

Measurement of weight variability 

Weight was measured using a standardized protocol in light clothing using 

calibrated instruments. Weight data from exam 1 to exam 5 were used to 

measure total body weight variability. Below values were calculated to describe 

weight variability. 

1) Number of cycles(14): Weight variability is defined by the number of times 

in which change in weight from the previous year is at least 3% of weight 

the current year, and in the succeeding year the change is at least ± 3%, 

but the sign is reversed. The cut-off value 3% is based on the definition of 

weight maintenance (87). 
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2) Root mean square error (RMSE): We built a model for every individual 

participant, in which the dependent variable was the weight in kilogram 

and independent variable was the year since enrollment. RMSE of each 

model was used to represent the magnitude of the fluctuation for each 

participant(93). 

3) Slope: We used estimate of coefficient derived from individual weight – 

time model to represent the direction and magnitude of weight change 

(93). We also used absolute value of slope to check the role of the 

magnitude of weight change. 

4) Average successive variability was defined as the average of absolute 

difference between successive visits (23). 

5) Deviation method(31):First, we identified all the cycles in the course of 

study. A complete cycle started from a single direction change (monotonic 

increasing or decreasing), reached the highest or lowest value at the point 

followed by a change with opposite direction, and then ended at the last 

visit when the opposite-direction trend finished (next to it could be either 

identical weight or weight change of different direction), no matter how 

many identical weight during this cycle. Second, deviation was computed. 

A hypothetical line was drawn (dashed line in the picture) between the 

No cycle 1 2 
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beginning point and the ending point of the cycle, which indicated the 

hypothetical weight-change trajectory if no cycle occurred. Then we 

calculated the difference between the hypothetical weight and the real 

weight for each visit (31). The maximum of distance among them was 

regarded as the deviation in this cycle. This calculation was conducted 

repeatedly for each weight cycle. Two measures, the maximum deviation, 

which represented maximum amplitude, as well as the sum of deviations, 

which took frequency into account, was used to reflect the magnitude of 

weight change. 

 

Measurement of outcome 

We examined the association between weight variability and glucose 

metabolism, lipid metabolism and blood pressure at exam 5. 

 

Fasting glucose (mg/dL) and diabetes incidence were collected for the 

assessment of glucose metabolism. Type 2 diabetes mellitus (T2DM) was 

defined as fasting glucose >125 mg/dl or the use of hypoglycemic medications. 

Incident T2DM was defined as confirmation of diabetes mellitus in participants 

who did not have T2DM during the baseline MESA examination. Fasting 

triglycerides (mg/dL), total cholesterol (mg/dL), LDL cholesterol (mg/dL) and HDL 

cholesterol (mg/dL) were analyzed for lipid metabolism. Total and HDL 

cholesterol, and glucose levels were measured from blood samples obtained 
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after a 12-hour fast. LDL cholesterol was calculated with the Friedewald equation 

(137). Systolic pressure (SBP, mmHg) and diastolic pressure(DBP, mmHg) were 

collected for the assessment of blood pressure. Three seated brachial BP 

measurements were taken at an interval of 1 minute after participants rested for 

5 minutes in a quiet environment.  The last 2 measurements were used to 

calculate BP at each visit(136). 

 

Covariates 

All covariates were measured at baseline. Race/ethnicity, education, physical 

activity and medication use were assessed by questionnaire (128). BMI was 

computed from height and weight. Height was measured using a standardized 

protocol in light clothing using calibrated instruments. Vigorous physical activity 

was quantitated from household, work-related and leisure activities(134). Time 

on each activity was multiplied by its standard metabolic equivalent of the task 

(MET) prior to summing, with physical activity reported in MET-

minutes/week(135).  

 

Statistical analysis 

We divided study population according to the result from quartiles of RMSE, 

which was the one of the most popular approaches for weight fluctuation 

operationalization in previous studies. General characteristic of the four groups 

were described, including weight variability measurement, demographic and 

anthropometric information, cardiovascular risk factors and medication use. 
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These statistics consisted of mean and standard deviations for continuous 

variables, and percentages for categorical variables. If the distribution of 

continuous variable is not normal, median, q1 and q3 were used to describe it. 

 

We analyzed each weight variability measure as continuous variable. We also 

categorized them as quartiles. The association between weight variability and 

metabolic variables was estimated with multiple linear regression model.  

 

The covariates for all outcomes were baseline age, gender, race/ethnicity, 

education, BMI, cigarette smoking, physical activity. Analysis for fasting glucose 

additionally adjusted for baseline fasting glucose, systolic blood pressure, total 

cholesterol, HDL cholesterol and lipid-lowering medication use. The covariates 

for lipid additionally included baseline lipid, fasting glucose, systolic blood 

pressure, and lipid-lowering medication use. Analysis for blood pressure 

additionally controlled for baseline blood pressure, fasting glucose, total 

cholesterol, HDL cholesterol and blood pressure medication use. 

 

For all analysis, we generally fit four models: model 1 was the “unadjusted” 

model that only included baseline outcome; model 2 added demographic 

variables such as baseline age, gender, race/ethnicity and education; model 3 

added all the rest of the confounders except for baseline BMI; model 4 was the 

full-adjusted model. For the analysis with multiple linear regression model, we 
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treated outcome in baseline as confounders for all models and outcome in exam 

5 as dependent variable. Triglycerides were log transformed to achieve better 

approximation of normality. 

 

Cancer, heart failure, chronic kidney and cirrhosis disease may lead to 

unintentional weight change. To identify if these conditions change the 

association between weight change patterns and metabolic variables, we 

conducted sensitivity analysis as follows: 

• by excluding participants who reported cancer in any visit;  

• by excluding participants who reported an event of heart failure in any 

visit;  

• by excluding participants who reported chronic kidney disease in any 

visits;  

• by excluding participants who reported cirrhosis in the exams. 

 

Potential outliers were considered as any observation with Cook’s D value larger 

than 1.  

 

Statistical analysis was carried out in SAS 9.4(SAS Institute, Cary, NC, USA) and 

R version 3.4.1/ R studio version 1.0. 
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Result 

Characteristic of participants 
 

Among the 6814 patients enrolled in the trial, 3741 were included this study. 

Compared with participants who had missing values (See supplement 4), 

participants eligible in our study were younger, taller and less heavy. The median 

time between the first and last measurement was 14.32 years (5225 days).  

 

The mean baseline weight of participants was 78.87 ± 17.1 kg and the mean 

baseline BMI was 28.25±5.36 kg/m2. The mean of number of cycle was 0.45 ± 

0.72 cycles, respectively. The median of sum of deviation, RMSE, slope and 

average successive variability were 2.37, 1.95, -0.45 and 9.98, respectively. The 

baseline fasting glucose was 94.75 ± 25.6 mg/dl. The mean of total cholesterol, 

HDL, LDL were 193.78 ± 34.32, 117.69 ± 31.13, 51.68 ± 14.95 mg/dl, 

respectively. The median triglyceride was 108 mg/dl. The mean blood pressure 

was 124.39 ± 20.46/71.75 ± 10.1 mmHg.  

 

With the increasing of RMSE quartiles, all measurements for weight variability 

increased except for slope. Younger people had higher weight variability while 

Chinese had more stable weight. Higher baseline BMI, higher waist-to-hip ratio 

and more pack-year of smoking were associated with higher weight variability. 

Higher RMSE was associated with higher prevalence of diabetes in. Other 

factors that were related to RMSE included higher internal carotid intimal-medial 
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thickness, higher inflammatory factors such as IL-6 and CRP as well as more 

frequently use of ACEI/ARB and CCB. 

 

The characteristic of participants were shown in Table 1. 

 

Correlation of all weight variability measurements as well as baseline BMI 
 

As shown in supplement 2, among the multiple measurements of weight 

variability, two pairs of variability variables were highly related: RMSE and 

average successive variability as well as two deviation measurement (r = 0.90, 

0.92, respectively). Generally, all the rest of weight variability were moderately 

associated with each other except for slope. Absolute value of slope showed 

negative correlation with two deviation measurements. Compared with RMSE 

and average successive variability, two deviation measurements had weaker 

correlation with baseline BMI. Since slope was not linearly associated with other 

variables, the correlation were much weaker for slope. 

 

Weight variability and glucose metabolism 

For fasting glucose (Table 2), in the full adjusted model which also controlled for 

baseline BMI, max of deviation and slope were positively associated with glucose 

level in exam 5 while absolute value of slope were negatively associated ( max of 

deviation: β = 0.47, 95% CI 0.06 to 0.87; p = 0.024; slope: β = 1.81, 95% CI 0.81 

to 2.81; p = 0.0004; absolute value of slope: β = -2.25, 95% CI -3.66 to 0.84; p = 

0.0017) . Other variables that related to glucose in exam 5 included baseline 
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glucose level, age, SBP, HDL, BMI, race/ethnicity. When analyzed as a 

categorical predictor, negative trends were noticed between slope absolute value 

and glucose (Figure 2). 

 

Weight variability and lipid metabolism 

Max of deviation, RMSE, slope, absolute value of slope and average successive 

variability showed significant association with triglycerides in exam 5. For one 

unit increase in slope and max of deviation, triglycerides would increase 11.39% 

and 0.69%, respectively (For log-transformed triglyceride, slope: β = 0.1078, 95% 

CI 0.0925 to 0.1231; p < 0.0001; max of deviation: β = 0.0069, 95% CI 0.0006 to 

0.0133; p = 0.0263). However, the rest of the three was negatively associated 

with triglycerides. For one unit increase of weight variability, triglycerides would 

decrease 0.82%, 5.67%, 0.23% for RMSE, absolute value of slope and average 

successive variability, respectively (Table 2) (For log-transformed triglyceride, in 

full-adjusted model, RMSE: β = -0.0083, 95% CI -0.0152 to 0.0013; p = 0.0203; 

absolute value of slope: β = -0.0583, 95% CI -0.0804 to -0.0364; p < 0.0001; 

average successive variability: β = -0.0024, 95% CI -0.0039 to -0.0008; p = 

0.0024). Similar trend was observed in HDL. For every unit increase in weight 

variability, HDL would decrease 5.29% and 0.34% for slope and max of 

deviation, respectively. (For log-transformed HDL, in full-adjusted model, slope: β 

= -0.0544, 95% CI -0.0619 to -0.0468; p < 0.0001; max of deviation: β = -0.0040, 

95% CI -0.0066 to 0.0004; p = 0.0293). While for the other three weight variability 

measurement, a unit increase would result in an increase of HDL of 0.40%, 
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1.89%, 0.08% for RMSE, absolute value of slope and average successive 

variability, respectively (Table 2) (For log-transformed HDL, in full-adjusted 

model, RMSE: β = 0.004, 95% CI 0.0006 to 0.0075; p = 0.0221; absolute value of 

slope: β = 0.0187, 95% CI  0.0078 to 0.0296; p = 0.0008; average successive 

variability: β = 0.0008, 95% CI 0.0001 to 0.0016; p = 0.0337).  

 

Only absolute value of slope showed significant negative association with total 

cholesterol (β = -2.4, 95% CI -4.41 to -0.39; p = 0.0192). Sum of deviation, max 

of deviation and slope was found to have positive association with LDL in exam 5 

but absolute value of slope was found negative( Sum of deviation: β = 0.42, 95% 

CI 0.01 to 0.83; p = 0.0447; max of deviation: β = 0.52, 95% CI 0.00 to 1.05; p = 

0.0491; slope: β = 1.36, 95% CI 0.07 to 2.65; p = 0. 0389;absolute value of slope: 

β = -2.65, 95% CI -4.46 to -0.83; p = 0. 0042) 

 

In all full-adjusted model, lipid level in exam 5 was associated with baseline lipid, 

BMI, age, gender and race/ethnicity. Fasting glucose and lipid-lowering 

medication use was associated with triglyceride, total cholesterol and LDL. SBP 

was associated with triglyceride and HDL. Hypertension medication use was 

associated with total cholesterol and LDL. Smoking were associated with 

triglycerides. 
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Analysis of weight variability as categorical data showed generally similar results. 

The strongest associations were observed between slope and triglycerides as 

well as HDL. Other positive trends were observed between max of deviation and 

total cholesterol as well as LDL. Other negative trends were found between 

below: 1) RMSE, average successive variability and triglyceride 2) average 

successive variability and total cholesterol 3) average successive variability and 

LDL. There were no specific patterns for the relationship with sum of deviation or 

number of cycles and any of the cardio-metabolic measurements (Figure 2). 

 

Weight variability and blood pressure 

Slope was positively related to SBP in exam 5, while RMSE, absolute value of 

slope and average successive variability was negatively related to SBP( Slope: β 

= 2.65, 95% CI 1.84 to 3.47; p < 0.0001; RMSE: β = -0.49, 95% CI -0.85 to -0.12, 

p = 0.0088; Absolute value of slope: β = -1.82, 95% CI -0.598 to -0.127, p = 

0.0026; Average successive variability : β = -0.12, 95% CI -0.2 to -0.04, p = 

0.0019).  DBP was only significantly associated with slope (β = 0.76, 95% CI 

0.38 to 1.14, p < 0.0001). 

 

In the full-adjusted model, BP in exam 5 was associated with baseline BP, 

race/ethnicity, gender, race/ethnicity and glucose. HDL and education were also 

predictive for SBP while baseline BMI and physical activity for DBP. 
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When treated as categorical data, slope showed a positive association with both 

SBP and DBP (Figure 2).  

 

Sensitivity analysis 

Among all the eligible participants, there were 134 participants reported 

congestive heart failure, 308 participants reported chronic kidney disease or 

indication of end stage renal failure, 416 participants reported cancer at a mean 

follow-up time of 5225 days. At baseline, 255 and 4 participants self-reported 

cancer and cirrhosis, respectively. Sensitivity analysis that exclude participants 

above (N = 2232) generated largely similar results. No outliers were excluded. 

 

Discussion 

The goal of the study was to evaluate whether different weight variability 

measures were associated with different cardio-metabolic. The results showed 

two pairs of measures had strong correlation: RMSE and average successive 

variability as well as sum of deviation and max of deviation. Slope had the 

strongest association with all unfavorable cardio-metabolic variables. Among all 

the weight fluctuation measurements, max of deviation showed association with 

unfavorable glucose and lipids outcomes. Surprisingly, RMSE and average 

successive was found to have an association with favorable lipids metabolism 

and SBP.  
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People with younger age and higher baseline BMI had higher risk of 

experiencing weight fluctuation measured by RMSE 

We studied which population had a risk of experiencing higher weight fluctuation 

as measured in RMSE. As summarized in table 1, participants with larger RMSE 

had a higher average of baseline BMI, waist-to-hip ratio but lower mean age. 

There was no gender difference shown in the results. This indicated that younger 

and people with obesity might have more attempts to control weight but not easy 

to keep it stable.  Similar results were observed in previous studies (23). Indeed, 

it was reported (138) that the prevalence of attempts to lose weight increased 

with increasing BMI. However, we also noted that even in the highest quartile of 

RMSE, there were 12% normal-weight participants. People with obesity were 

more vulnerable to weight cycling but this problem is not limited to those 

subjects. Table 1 indicated the other potential associations with weight 

fluctuation: higher level of inflammation marker, higher risk of subclinical 

cardiovascular change, which were also observed in previous articles (93, 147, 

148).  

 

Comparison of different measurements of weight variability 

In our study, we examined the correlation between baseline BMI and multiple 

weight variability. We also showed the different results of each weight variability 

measurements and cardio-metabolic outcome.  
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Within these multiple weight variability measurements, RMSE and average 

successive variability was highly related. RMSE reflects the average squared 

difference between predicted and observed values while average successive 

variability reflects the average of absolute difference between successive visits. 

The average successive variability, which also called mean successive difference 

in some article, is a measure of variance adjusted for the continuous slow-

moving trend of a sequence. There might be some connections between these 

two measures(149). Sum of deviation and max of deviation were also highly 

related since they came from the same method. As for correlation with baseline 

BMI, we noticed that RMSE and average successive variability had much higher 

correlation with baseline BMI compared with other measurement, especially 

when compared with number of cycles. If we use those variables to measure 

weight variability, we need to be cautious that BMI might be a confounder if it 

also relates to the outcome.  

 

There is no gold standard for the measurements of weight variability. Previous 

articles rarely compared multiple weight variability measurement. In a longitudinal 

analysis(23) that recruited over 9500 people, various measures of variability was 

used to exam the association between cardiovascular clinical end points and  

weight variability, including average successive variability, standard deviation, 

the coefficient of variation, variability independent of the mean. However, they did 

not mentioned whether there was any difference between these measures. 

Another study that used the deviation method illustrated one possible drawback 
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of RMSE(31): RMSE came from a time-weight regression model that required the 

assumption of linearity, which might not always be the case. A continuous weight 

gain with different speed can also generate a non-zero RMSE. But it is even not 

a “yo-yo” weight change.  Therefore, RMSE may misclassify subjects and 

overestimate weight cyclers. However, they did not compared the two methods 

with data results neither.  

 

Weight variability and cardio-metabolic outcomes 

Among all the measures of weight variability, generally speaking, slope was the 

most “stable” variable that consistently showed the association with unfavorable 

cardio-metabolic outcomes. Categorized slopes also showed a clear pattern of 

those relationships. This indicated that for people with same weight, people had 

the most weight gain during study course had the most unfavorable results. 

Slope describes both the direction and the steepness of a line. Thus, after 

controlling for baseline BMI and outcome in baseline level, our model actually 

reflected how the increase of weight would affect outcome in exam 5. To some 

extent, it demonstrated the association of obesity and outcomes in a dynamic 

way.  Abundant evidence supported that people with obesity had a higher risk of 

abnormal metabolic status (42), including diabetes (43-45), dyslipidemia (47) and 

hypertension (48-50). In addition, there were also studies that directly showed 

the link between slope of weight change and above metabolic outcomes (145). 

The association between absolute value of slope and favorable metabolic 

outcomes may indicate that in this study population, more people experienced 
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weight loss instead of weight gain. The more loss of weight, the more favorable 

metabolic outcomes. 

 

Max of deviation also showed significantly association with unfavorable metabolic 

variables. However, the patterns in categorized max of deviation were not as 

clearly monotonic as what the slope of weight change showed, though groups 

with the highest quartiles of max of deviation generally showed the worst 

metabolic outcomes. This might indicate that max of deviation did have some 

effect on cardio metabolic outcomes, but the association was complicated, which 

may differ by population or not be merely linearly correlated. Or maybe max of 

deviation is just another measure that represent different aspect of weight 

variability compared with slope. On the contrary, the results of sum of deviation 

were not that significant. This might be explained by the derivation of these two 

measurement. Sum of deviation was the cumulative result of weight fluctuation 

and took every fluctuation into account without any threshold, no matter how 

small it was. Thus, some fluctuation might just be measurement error or too small 

to have an effect. Not many studies used deviation method to illustrate the 

association between weight fluctuation and health outcomes. A French study(31) 

showed that deviation was an independent risk factor for metabolic syndrome. 

However, the author did not explained too much detail about this approach, 

which may need more clarification in future studies. 
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RMSE and average successive variability showed totally opposite results to what 

we expected. They turned out to seem like protective factors for metabolic 

outcomes. This was once found in a Japan study(91) where weight fluctuation 

played a protective role for incident diabetes. But more articles showed either 

harmful (16, 20, 21, 23, 30) or non-significant(83, 100) effect of weight fluctuation 

on health outcomes. These associations observed in our study need cautious 

interpretation. RMSE was built based on an assumption of linearity, which was 

not always the case.  

 

In contrast to some articles (16, 146), number of cycles did not show any 

association with metabolic status at all. This may be explained by the relatively 

stable weight of the overall population in this observational study: only one third 

of the population experienced at least one cycle. Besides, a total of five visits 

during the study period limited the range of number of cycles from zero to three, 

which may not be wide enough to detect the association. 

 

The results in this study need to be interpreted cautiously. All of the approaches 

that derived weight fluctuation had their own limitations. RMSE method was 

based on linear assumption, which may not suitable for the analysis of 

“fluctuation”. Average successive variability did not incorporate the concept of 

“fluctuation” into the method. A yo-yo weight change pattern and pure weight 

gaining pattern had the same calculated value if they had the same absolute 

value of weight change, though these change had opposite directions. Deviation 
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method did not have a prior-defined criteria for weight change. Thus, some 

measurement error which did not have clinical significance were also regarded 

as fluctuation. In addition, this method may need more clarification and just few 

studies used this method. Number of cycle method only used three consecutive 

visits to define the cycle. However, those who had slow long-term weight cycling 

but did not exceed the pre-defined criteria during these consecutive visits were 

ignored in this case. Besides, the magnitude of weight change were only used to 

categorize the population into above the prior-defined criteria or below the 

criteria. Some information was lost in this method. Future researchers need to 

focused more on the validation of the operationalization of weight variability but 

not just its association with outcomes.   

   

Strengths and limitations  

This is one of the few studies that used various measures to illustrate the 

association between weight variability and cardio-metabolic outcomes. Actual 

weight measurement was used instead of self-reported values, which reduced 

recall bias. We compared the difference between each measures of weight 

variability, which might be ignored by some of the previous studies.  

 

The present study has certain limitations. First, due to the loss of follow-up, the 

final number of eligible participants was 3741, around 55% of baseline sample 

size. As mentioned before, compared with participants who were excluded (See 



83 
 

supplement 1), participants eligible in our study were younger, taller and less 

heavy. Thus, the characteristic in our study may be overall ‘healthier’ than the 

whole MESA cohort. Second, most people kept stable weight during the study 

period since there was no intervention for weight in this observational study. The 

actual “fluctuation” in this population may due to some measurement error, 

especially for deviation method. Third, there is no agreement on the approaches 

to measure weight variability so far. All of the methods we used in this study had 

their limitations or pitfalls. We did not have a gold standard to validate and 

assess the methods. 

 

Conclusion 

Our study demonstrated the association between different weight variability and 

glucose, lipid and blood pressure. Slope of weight change was an independent 

predictor of adverse cardiometabolic outcome. Weight fluctuation might have 

adverse effect on cardio-metabolic health, but the association should be 

interpreted carefully. These findings support the idea that weight gain has much 

larger effect than weight fluctuation. Future studies of weight fluctuation should 

address the remaining methodological issues of measurement validation, number 

of visits, interval period and duration of follow-up. 
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Tables and figures for chapter 3 

Table 1 Baseline characteristic of population 
 

  All 
RMSE 
Quartile 1 
N = 935 

RMSE 
Quartile 2 
N = 935 

RMSE 
Quartile 3 
N = 936 

RMSE 
Quartile 4 
N = 935 

P-
valu
e 

Weight variability 

 Sum of deviation(kg) 

2.37 ( 1.27, 

3.75) 

1.41 ( 

0.62, 

2.307) 

2.33 ( 1.26, 

3.351) 

2.93 ( 1.74, 

4.365) 

3.22 ( 1.9, 

5.504) <0.0
001 

 Max of deviation(kg) 
1.57 ( 0.91, 
2.586) 

0.93 ( 
0.51, 
1.434) 

1.57 ( 0.91, 
2.365) 

2.03 ( 1.17, 
3.199) 

2.29 ( 1.33, 
4.18) 

<0.0
001 

 Slope (kg/year) 

-0.45 ( -

2.39 , 1.45 

)  

-0.18 ( -

1.5 , 1.19 )  

-0.48 ( -

1.99 , 1.18 

)  

-0.45 ( -

2.59 , 1.49 )  

-1 ( -3.9 , 

2.39 )  

0.00
05 

 Absolute value of slope (kg/year) 
0.4(0.18,0.
73) 

0.27(0.13,
0.52) 

0.35(0.17,0
.63) 

0.41(0.18,0.
72) 

0.65(0.32,1
.07) 

<0.0
001 

 #of cycle 0.45 ± 0.72 
0.04 ± 
0.23 

0.28 ± 0.57 0.6 ± 0.75 0.88 ± 0.85 
<0.0
001 

 Average absolute difference 
between successive exams(kg) 

9.98 ( 6.71, 
14.878) 

5.08 ( 3.9, 
6.713) 

8.07 ( 6.8, 
9.798) 

11.61 ( 
9.66, 
13.835) 

18.6 ( 15.2, 
24.267) 

<0.0
001 

 Root mean square(kg) 
1.95 ( 1.25, 
2.963) 

0.89 ( 
0.69, 
1.093) 

1.57 ( 1.39, 
1.76) 

2.37 ( 2.14, 
2.653) 

3.9 ( 3.37, 
5.097) 

<0.0
001 

Demographics 

 Age(year) 
60.71 ± 
9.55 

61.58 ± 
9.55 

62 ± 9.63 
60.12 ± 
9.64 

59.16 ± 9.1 
<0.0
001 

 Gender(female) 
1989 
(53.17%) 

497 
(53.16%) 

487 
(52.09%) 

488 
(52.14%) 

517 
(55.29%) 

0.47 

Race / ethnicity 

 White 
1519 
(40.6%) 

381 
(40.75%) 

349 
(37.33%) 

363 
(38.78%) 

426 
(45.56%) 

<0.0
001 

 Chinese 
441 
(11.79%) 

183 
(19.57%) 

128 
(13.69%) 

97 
(10.36%) 

33 (3.53%) . 

 African-American 
974 
(26.04%) 

189 
(20.21%) 

244 
(26.1%) 

251 
(26.82%) 

290 
(31.02%) 

. 

 Hispanic 
807 
(21.57%) 

182 
(19.47%) 

214 
(22.89%) 

225 
(24.04%) 

186 
(19.89%) 

. 

Education: highest level completed--no.(%) 

 <High school 
522(13.95
%) 

124(13.26
%) 

157(16.79
%) 

129(13.78%
) 

112(11.98
%) 

0.02
83 

 Completed high school 
641(17.13
%) 

159(17.01
%) 

154(16.47
%) 

163(17.41%
) 

165(17.65
%) 

. 

 Post HS but <college 
1068(28.55
%) 

245(26.2
%) 

250(26.74
%) 

276(29.49%
) 

297(31.76
%) 

. 

 College+ 
1510(40.36
%) 

407(43.53
%) 

374(40%) 
368(39.32%
) 

361(38.61
%) 

. 

Anthropometrics       

 Weight(kg) 
78.87 ± 
17.1 

71.81 ± 
14.57 

75.82 ± 
15.62 

79.22 ± 
15.74 

88.63 ± 
17.68 

<0.0
001 

 Height(m) 1.67 ± 0.1 1.66 ± 0.1 1.66 ± 0.1 1.67 ± 0.1 1.68 ± 0.1 
<0.0
001 

 BMI(kg/m^2) 
28.25 ± 
5.36 

26.04 ± 
4.2 

27.33 ± 
4.66 

28.32 ± 5 
31.33 ± 
5.93 

<0.0
001 

 Normal BMI(%) 
1095 
(29.27%) 

424 
(45.35%) 

312 
(33.37%) 

247 
(26.39%) 

112 
(11.98%) 

<0.0
001 

 Waist circumference (cm) 
97.55 ± 
14.24 

91.52 ± 
11.86 

95.56 ± 
12.93 

97.84 ± 
13.25 

105.29 ± 
15.11 

<0.0
001 
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 Hip circumference (cm) 
105.62 ± 
11.2 

100.98 ± 
8.78 

103.57 ± 
9.8 

105.67 ± 
9.99 

112.27 ± 
12.61 

<0.0
001 

 Waist-to-hip ratio 0.92 ± 0.08 
0.91 ± 
0.08 

0.92 ± 0.08 0.92 ± 0.08 0.94 ± 0.09 
<0.0
001 

Cardiovascular risk factors       

 Pack-years of cigarette smoking 
10.17 ± 
19.71 

8.04 ± 
15.57 

9.8 ± 19.28 
10.39 ± 
21.21 

12.47 ± 
21.97 

<0.0
001 

 Ldl cholesterol (mg/dl) 
117.69 ± 
31.13 

118.21 ± 
31.81 

116.88 ± 
30.86 

119.36 ± 
32.19 

116.33 ± 
29.54 

0.15 

 Hdl cholestrol (mg/dl) 
51.68 ± 
14.95 

53.58 ± 
16.14 

52.09 ± 
15.22 

51.19 ± 
14.69 

49.87 ± 
13.41 

<0.0
001 

 Total cholesterol (mg/dl) 
193.78 ± 
34.32 

195.57 ± 
34.83 

193.14 ± 
34 

195.01 ± 
35.24 

191.41 ± 
33.06 

0.04 

 Triglycerides (mg/dl) 
108 ( 77, 
153) 

106 ( 75, 
148) 

105 ( 75, 
153) 

108 ( 77, 
151.5) 

112 ( 78, 
158) 

0.06 

 Statins 
559 
(14.94%) 

123 
(13.16%) 

154 
(16.47%) 

146 
(15.6%) 

136 
(14.55%) 

0.21 

 Diabetes 
477 
(12.75%) 

93 
(9.95%) 

122 
(13.05%) 

115 
(12.29%) 

147 
(15.72%) 

<0.0
001 

 Fasting glucose (mg/dl) 
94.75 ± 
25.6 

91.98 ± 
19.88 

93.55 ± 
21.57 

95.79 ± 
28.69 

97.66 ± 
30.35 

<0.0
001 

        

 Insulins use 51 (1.36%) 6 (0.64%) 11 (1.18%) 15 (1.6%) 19 (2.03%) 0.06 

 Seated systolic blood pressure 
(mmhg) 

124.39 ± 
20.46 

123.87 ± 
21.14 

124.17 ± 
19.79 

123.94 ± 
20.44 

125.58 ± 
20.44 

0.23 

 Seated diastolic blood pressure 
(mmhg) 

71.75 ± 
10.1 

71.53 ± 
10.02 

71.38 ± 
10.05 

71.98 ± 
10.13 

72.1 ± 
10.18 

0.34 

 Seated pulse pressure (mmhg) 
52.64 ± 
16.2 

52.35 ± 
16.73 

52.78 ± 
15.96 

51.96 ± 
16.02 

53.48 ± 
16.08 

0.21 

 ACE inhibitor 
389 
(10.4%) 

79 
(8.45%) 

92 (9.84%) 
96 
(10.26%) 

122 
(13.05%) 

0.01 

 ARBs 
120 
(3.21%) 

16 
(1.71%) 

31 (3.32%) 37 (3.95%) 36 (3.85%) 0.02 

 Alpha-blockers 
135 
(3.61%) 

25 
(2.67%) 

38 (4.06%) 35 (3.74%) 37 (3.96%) 0.35 

 Beta-blockers 
308 
(8.23%) 

76 
(8.13%) 

79 (8.45%) 72 (7.69%) 81 (8.66%) 0.88 

 CCBs 
415 
(11.09%) 

96 
(10.27%) 

92 (9.84%) 
97 
(10.36%) 

130 
(13.9%) 

0.02 

 Thiazide diuretics 
242 
(6.47%) 

52 
(5.56%) 

61 (6.52%) 53 (5.66%) 76 (8.13%) 0.09 

 Loop diuretics 52 (1.39%) 7 (0.75%) 7 (0.75%) 11 (1.18%) 27 (2.89%) 
<0.0
001 

 Aspirin 
971 
(25.96%) 

223 
(23.85%) 

247 
(26.42%) 

261 
(27.88%) 

240 
(25.67%) 

0.25 

 Fibrinogen antigen (mg/dl) 
342.43 ± 
70.91 

332.47 ± 
64.05 

340.72 ± 
70.27 

340.29 ± 
71.63 

356.24 ± 
75.26 

<0.0
001 

 Interleukin-6 (il-6) (pg/ml) 
1.12 ( 0.73, 
1.759) 

0.94 ( 
0.65, 
1.569) 

1.08 ( 0.71, 
1.72) 

1.09 ( 0.72, 
1.748) 

1.32 ( 0.9, 
2.015) 

<0.0
001 

 C-reactive protein (crp) (mg/l) 
1.81 ( 0.79, 
4.1) 

1.46 ( 
0.66, 3.37) 

1.6 ( 0.71, 
3.55) 

1.83 ( 0.84, 
4.155) 

2.63 ( 1.08, 
5.5) 

<0.0
001 

 Internal carotid intimal-medial 
thickness (mm) 

1.01 ± 0.54 0.98 ± 0.5 0.98 ± 0.54 1.03 ± 0.55 1.05 ± 0.56 0.02 

 Ankle-brachial index 1.12 ± 0.11 1.12 ± 0.1 1.12 ± 0.11 1.12 ± 0.11 1.13 ± 0.11 0.09 

   



86 
 

Table 2 Weight variability and cardio-metabolic measurements 
 

  

Weight 
variabilit
y  

Sum of 
deviatio
n 

Max of 
deviation 

RMSE Slope 
Absolute 
value of 
slope 

Average 
successive 
variability  

Number 
of cycles 

  
Fasting 
glucose 
  

β 0.2 0.47 0.12 1.81 -2.25 -0.03 0.41 

95%CI 
-0.11 , 
0.52 

0.06 , 
0.87 

-0.33 , 
0.56 

0.81 , 
2.81 

-3.66 , -0.84 
-0.13 , 0.06 

-0.59 , 
1.4 

p 0.2068 0.024 0.6132 0.0004 0.0017 0.5018 0.421 

  
Log(Trigl
ycerides) 
  
  

β 0.0044 0.0069 -0.0083 0.1078 -0.0583 -0.0024 0.0049 

95%CI 
-0.0006 , 
0.0093 

0.0006 , 
0.0133 

-0.0152 , 
-0.0013 

0.0925 , 
0.1231 

-0.0803 , -
0.0364 

-0.0039 , -
0.0008 

-0.0107 , 
0.0204 

p 0.0701 0.0263 0.0203 <.0001 <.0001 0.0024 0.5372 

%change 
per unit 

0.44 0.69 
-0.82 11.39 -5.67 

-0.23 

 
0.49 

  
Total 

cholester

ol 

  

β 0.36 0.41 -0.04 0.18 -2.40 -0.05 0.37 

95%CI 
-0.1 , 
0.81 

-0.17 , 
0.99 

-0.68 , 
0.59 

-1.24 , 
1.61 

-4.41 , -0.39 
-0.19 , 0.09 

-1.05 , 
1.79 

p 0.1226 0.1656 0.8902 0.7997 0.0192 0.4875 0.61 

  
Log(HDL-
C) 
  
  

β -0.0023 -0.0035 0.0040 -0.0544 0.0187 0.0008 -0.0035 

95%CI 
-0.0048 , 
0.0001 

-0.0066 , 
-0.0004 

0.0006 , 
0.0075 

-0.0619 , 
-0.0468 

0.0078 , 
0.0296 0.0001 , 0.0016 

-0.0112 , 
0.0043 

p 0.064 0.0293 0.0221 <.0001 0.0008 0.0337 0.3795 

%change 
per unit -0.23 -0.34 

0.40 -5.29 1.89 0.08 -0.34 

  
LDL-C 
  

β 0.42 0.52 -0.15 1.36 -2.65 -0.07 0.33 

95%CI 
0.01 , 
0.83 0 , 1.05 

-0.73 , 
0.42 

0.07 , 
2.65 

-4.46 , -0.83 
-0.19 , 0.06 

-0.95 , 
1.61 

p 0.0447 0.0491 0.6045 0.0389 0.0042 0.3103 0.6174 

  
SBP 
  

β -0.1 0.01 -0.49 2.65 -1.82 -0.12 -0.28 

95%CI 
-0.36 , 
0.16 

-0.32 , 
0.34 

-0.85 , -
0.12 

1.84 , 
3.47 -2.97 , -0.67 -0.2 , -0.04 

-1.09 , 
0.53 

p 0.4622 0.9607 0.0088 <.0001 0.0019 0.0029 0.5022 

  
DBP 
  

β -0.03 0.01 -0.11 0.76 -0.39 -0.03 -0.15 

95%CI 
-0.15 , 
0.09 

-0.14 , 
0.17 

-0.28 , 
0.06 

0.38 , 
1.14 -0.93 , 0.15 -0.07 , 0.01 

-0.52 , 
0.23 

p 0.6442 0.8504 0.1995 <.0001 0.1543 0.131 0.4501 

 

All models was adjusted for baseline age, gender, race/ethnicity, education, BMI, cigarette smoking, 
physical activity. Analysis for fasting glucose additionally adjusted for baseline fasting glucose, systolic blood 
pressure, total cholesterol, HDL cholesterol and lipid-lowering medication use. The covariates for lipid 
additionally included baseline lipid, fasting glucose, systolic blood pressure, and lipid-lowering medication 
use. Analysis for blood pressure additionally controlled for baseline blood pressure, fasting glucose, total 
cholesterol, HDL cholesterol, blood pressure medication use. 
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Figure 1 Quartiles of weight variability and cardio-metabolic measurements 

 

A B 

C D 

E F 

G 

Weight variability and fasting glucose 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope ; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for Average successive variability 

LS-Means for Slope absolute value 

LS-Means for RMSE 

Quartiles of RMSE 

LS-Means for Sum of deviation 

LS-Means for Number of cycles 

LS-Means for Slope 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Sum of deviation 

LS-Means for Max of deviation 

Quartiles of Max of deviation 

Quartiles of Number of cycles 

Quartiles of Slope absolute value 
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A B 

D 

E F 

G 

Weight variability and TG 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for Average successive variability 

LS-Means for Slope absolute value 

LS-Means for RMSE 

Quartiles of RMSE 

LS-Means for Sum of deviation 

LS-Means for Number of cycles 

C LS-Means for Slope 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation 

Quartiles of Number of cycles 

Quartiles of Max of deviation 

LS-Means for Max of deviation 
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A B 

C D 

E F 

G 

Weight variability and TC 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope ; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for RMSE LS-Means for Average successive variability 

LS-Means for Slope absolute value 

Quartiles of RMSE 

LS-Means for Slope 

LS-Means for Sum of deviation 

LS-Means for Number of cycles 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation 

LS-Means for Max of deviation 

Quartiles of Max of deviation 

Quartiles of Number of cycles 
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A B 

D 

E F 

G 

Weight variability and HDL 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope ; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for Average successive variability 

LS-Means for Slope absolute value 

LS-Means for RMSE 

Quartiles of RMSE 

LS-Means for Sum of deviation 

LS-Means for Number of cycles 

C 
LS-Means for Slope 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation 

LS-Means for Max of deviation 

Quartiles of Max of deviation 

Quartiles of Number of cycles 
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A B 

C D 

E F 

G 

Weight variability and LDL 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope ; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

Quartiles of RMSE 

LS-Means for RMSE LS-Means for Average successive variability 

LS-Means for Slope absolute value LS-Means for Slope 

LS-Means for Sum of deviation 
LS-Means for Max of deviation 

LS-Means for Number of cycles 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation 
Quartiles of Max of deviation 

Quartiles of Number of cycles 
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A B 

C D 

E F 

G 

Weight variability and SBP 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope ; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for Average successive variability 

LS-Means for Slope absolute value 

LS-Means for RMSE 

Quartiles of RMSE 

LS-Means for Sum of deviation 

LS-Means for Number of cycles 

LS-Means for Slope 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation 

LS-Means for Max of deviation 

Quartiles of Max of deviation 

Quartiles of Number of cycles 
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A B 

C D 

E F 

G 

Weight variability and DBP 

All the above was the adjusted mean of weight variability quartiles or 

number of cycles in full-adjusted model 

A: RMSE; B: Average successive variability 

C: Slope; D: Absolute value of slope 

E: Sum of deviation; F: Max of deviation 

G: Number of cycles 

LS-Means for RMSE LS-Means for Average successive variability 

LS-Means for Slope absolute value 

Quartiles of RMSE 

LS-Means for Sum of deviation LS-Means for Max of deviation 

LS-Means for Number of cycles 

LS-Means for Slope 

Quartiles of Slope 

Quartiles of Average successive variability 

Quartiles of Slope absolute value 

Quartiles of Sum of deviation Quartiles of Max of deviation 

Quartiles of Number of cycles 
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Supplement 1 Comparison of excluded and eligible participants (baseline) 
 

 
excluded eligible participants 

 

 
N = 3043 

N = 3741 p value 

Gender(Female) 
1612 ( 52.46 %)  1989 ( 53.17 %) 

0.5587 

        White 
1103 ( 35.89 %)  1519 ( 40.6 %)  

0.0002 

        Chinese 
363 ( 11.81 %)  441 ( 11.79 %)  

 

        African-American 
918 ( 29.87 %)  974 ( 26.04 %)  

 

        Hispanic 
689 ( 22.42 %)  807 ( 21.57 %)  

 
Age 63.9 ± 10.76 60.71 ± 9.55 

<.0001 
Weight (lbs) 172.74 ± 38.83 173.88 ± 37.71 

0.2212 
Height (cm) 165.75 ± 10.18 166.85 ± 9.87 

0.0008 
BMI (kg)/(m^2) 

28.44 ± 5.62 28.25 ± 5.36 0.1573 

Waist circumference (cm) 

98.9 ± 14.57 97.55 ± 14.24 
0.0001 

Hip circumference (cm) 105.62 ± 11.8 105.62 ± 11.2 
0.9855 

Waist-to-hip ratio 0.94 ± 0.08 0.92 ± 0.08 
<.0001 

SBP (mmHg) 

129.28 ± 22.37 124.39 ± 20.46 
<.0001 

DBP (mmHg) 

72.12 ± 10.45 71.75 ± 10.1 
0.1408 

LDL-C(mg/dL) 116.58 ± 31.87 117.69 ± 31.13 
0.1498 

HDL-C(mg/dL) 50.07 ± 14.63 51.68 ± 14.95 
<.0001 

Total cholesterol (mg/dL) 194.61 ± 37.39 193.78 ± 34.32 
0.3455 

Triglycerides (mg/dL) 143.36 ± 112.44 122 ± 61.68 
<.0001 

Fasting glucose (mg/dL) CALIBRATED 

100.6 ± 34.91 94.75 ± 25.6 
<.0001 

Fasting glucose (mg/dL) ORIGINAL 

107.75 ± 35.59 101.79 ± 26.1 
<.0001 
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Supplement 2 Correlation between weight variability and baseline BMI 
 

 
 

baseline 
BMI 

RMSE 
Average 
successive 
variability 

Slope 
absolute 
value of 
slope 

sum of 
deviation 

Max of 
deviation 

Number of 
cycles 

baseline 
BMI 

1.00 
       

         

RMSE 0.38 1.00 
      

 
<.0001 

       

Average 
successive 
variability 

0.41 0.90 1.00 
     

 
<.0001 <.0001 

      

Slope -0.15 -0.08 -0.12 1.00 
    

 
<.0001 <.0001 <.0001 

     

Absolute 
value of 
slope 

0.28 0.36 0.55 -0.26 1.00 
   

 
<.0001 <.0001 <.0001 <.0001 

    

Sum of 
deviation 

0.15 0.42 0.44 0.06 -0.27 1.00 
  

 
<.0001 <.0001 <.0001 0.00 <.0001 

   

Max of 
deviation 

0.16 0.49 0.44 0.07 -0.26 0.92 1.00 
 

 
<.0001 <.0001 <.0001 <.0001 <.0001 <.0001 

  

Number of 
cycles 

0.07 0.40 0.51 0.00 0.01 0.57 0.43 1.00 

 
<.0001 <.0001 <.0001 0.80 0.56 <.0001 <.0001 
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