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Obesity Technology

It is hypothesized that glycemic variability (GV) may play a 
role in diabetic microvascular complications in people with 
type 2 diabetes through stimulation of oxidative stress 
(OS).1,2 In vitro data suggest that GV is more deleterious 
than consistently high glucose concentrations alone,3-5 but it 
is unclear what contribution GV makes to micro- and macro-
vascular complications in humans.6 If GV causes OS and is 
an independent risk factor for complications for people with 
type 2 diabetes, it is important to understand when GV starts 
to appear. Obesity is a major risk factor for type 2 diabetes 
and cardiovascular disease,7 which are both epidemic in the 
United States.8,9 People with morbid obesity provide a unique 
opportunity to study the relationship of obesity and GV.

Herein, we present data on CGM-derived GV in normo-
glycemic and prediabetic morbidly obese individuals. The 
GV of a pure population of morbidly obese individuals has 
not previously published. We then summarize these new 
findings about GV in the context of the extant literature on 

CGM-derived GV in normal weight and obese people with-
out diabetes.10-18

Research Design and Methods

We performed a nonrandom, uncontrolled, observational 
study of 40 morbidly obese (BMI ≥ 40) applicants to the 
tenth season of The Biggest Loser, a television show where 
participants compete to lose weight over a 6- to 7-month 
period (http://www.nbc.com/the-biggest-loser/). This was a 
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Abstract
Glycemic variability (GV) is correlated with oxidative stress which may lead to increased cardiovascular risk and poor clinical 
outcomes in people with prediabetes and diabetes. We sought to understand whether morbidly obese persons without 
diabetes by standard criteria have dysglycemia as measured by GV. We performed an observational study of GV metrics and 
carotid intima media thickness (CIMT) in 21 morbidly obese normoglycemic and 15 morbidly obese prediabetic applicants 
to The Biggest Loser television show. The results were compared to previously published studies in normoglycemic nonobese 
and obese individuals. Glucose was measured with a masked continuous glucose monitor (CGM) over 3 to 8 days and 
carotid intima media thickness (CIMT) was determined by ultrasound. CGM-derived GV metrics for GV were coefficient of 
variation (CV), standard deviation (SD), mean amplitude of glycemic excursions (MAGE), continuous overall net glycemic 
action–1 hour (CONGA1), and mean of daily differences (MODD). We found that morbidly obese subjects (n = 21) who 
were normoglycemic by standard criteria had higher GV (CV = 22%, SD = 24.2 mg/dl and MAGE = 48.6 mg/dl) than previous 
reports of normoglycemic, nonobese individuals (CV = 12-18%, SD = 11.5-15.0 mg/dl, and MAGE = 26.3-28.3 mg/dl). 
Morbidly obese prediabetic subjects (n = 15) had GV metrics indistinguishable from those morbidly obese subjects who were 
normoglycemic. CIMT was higher in both morbidly obese groups compared with historical age- and sex-matched controls. 
Normoglycemic and prediabetic morbidly obese individuals have higher GV compared with normal weight, nondiabetic 
individuals. We speculate that this may increase the risk for macrovascular disease through excessive oxidative stress.
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self-selected convenience sample who had applied for par-
ticipation in The Biggest Loser and were those individuals 
who progressed through the preclinical screening process to 
reach the clinical evaluation. The measures obtained were 
part of a clinical evaluation of the applicants approved by the 
Institutional Review Board of Cedars-Sinai Medical Center. 
All applicants underwent metabolic screening prior to the 
selection of contestants for the television show. The meta-
bolic screening included a hemoglobin A1C, fasting plasma 
glucose and insulin, blood glucose at 1 and 2 hours following 
a 75 g oral glucose load, and a fasting lipid profile. In addi-
tion, the percentage body fat by DXA scan was obtained 
using a GE Healthcare Lunar Densitometer, and carotid 
intima medial thickness (CIMT) was determined via high-
resolution B-mode ultrasound images of the right common-
carotid artery using a 7.5-MHz linear array transducer 
attached to Philips iE-33 (Philips Medical System, Andover, 
MA). CIMT was measured 5-10 mm below the common-
carotid bifurcation during mid-diastole in the M-mode trac-
ings by automated software and clinically blinded expert 
readers as previously described.19 The subjects also wore a 
masked Dexcom Seven Plus® Real-Time CGM for 3 to 8 
days. The participants calibrated twice daily and wore the 
CGM as directed. The mean absolute relative difference 
(MARD) between the calibration values and the correspond-
ing CGM values was 7% and 17% in the prediabetes and 
normal glycemic groups, respectively.

Of the 40 applicants, 21 were normoglycemic by standard 
criteria (A1C <5.7% or 39 mmol/mol; fasting glucose < 100 
mg/dL; 2-hour postprandial glucose load < 140 mg/dL). 
Fifteen subjects met the criteria for prediabetes (A1C 5.8-
6.4%; 40 mmol/mol to 46 mmol/mol; 100 mg/dL < fasting 
glucose < 125 mg/dL; or 140mg/dL < postglucose load < 199 
mg/dL), and 4 had type 2 diabetes. The data from the 4 sub-
jects with type 2 diabetes were excluded and the data from 
the 36 normal and prediabetic subjects were analyzed. Ten of 
the subjects with normal glucose tolerance and 11 of the sub-
jects with prediabetes were taking at least 1 prescription 
medication. In most cases these are not known to have effects 
on glucose metabolism or GV. One patient in the normogly-
cemic group was on metformin. In the prediabetes group 1 
patient was on metformin/sitagliptin. The GV metrics of 
these 2 patients were not significantly different from their 
respective groups’ so they were not excluded from the data 
analysis.

Measures

We used the glucose data from the CGM to characterize GV. 
Since applicants wore the CGM for different numbers of days, 
we selected 3 days of use for each applicant. In those who 
wore the sensor for more than 4 days, the middle 3 days of data 
were selected. If the participant had only 4 days of usable data, 
the first day was excluded. This process allowed us to stan-
dardize the amount of glucose data that we examined for each 

applicant. GV measures were calculated using EasyGV.10 The 
metrics from EasyGV reported in this analysis are mean of 
daily differences (MODD), coefficient of variation (CV), con-
tinuous overall net glycemic action–1 hour (CONGA1), mean 
amplitude of glycemic excursion (MAGE), and the standard 
deviation of the glucose values (SD).

Carotid intima-medial thickness data were obtained on 15 
of the 21 normoglycemic participants and 13 of the 15 par-
ticipants with prediabetes.

Analyses

The analyses summarized the baseline characteristics of the 
2 contestant groups with means ± standard deviations or fre-
quencies, as appropriate, and then compared the 2 groups 
with t tests of the means (age, BMI, and all metabolic data), 
a chi-square test (for gender), and a Fisher exact probability 
test (for race/ethnicity). Next, because this cohort has not 
been characterized to date, the analyses examined the raw 
glucose data from the CGM for the contestants, also by 
group. Spearman correlations were then performed to exam-
ine the unpartial and partial association (net of metabolic 
syndrome, yes/no) between BMI and SD.

The analyses then compared the GV in The Biggest Loser 
applicants with that reported in publications of GV data in 
nondiabetic adult populations.10-18 To do this comparison, we 
reviewed the English literature for studies that included data 
on nonpregnant adults where CGM, BMI, and parameters of 
GV were reported. We defined normal, overweight, obesity, 
and morbid obesity as BMIs of <25, 25-29.9, 30-39.0, and 
≥40 kg/m2, respectively, except in Asian populations, where 
a BMI ≥25 kg/m2 is considered to be obese.20 Eight studies 
met the search criteria.10-18 Note that 2 studies were excluded 
because there were no data about weight or BMI10 or because 
the study population studied was Asian and had mean BMI 
of 25 kg/m2, which qualifies them as obese (see below).15

Spearman correlations were performed to examine the 
unpartial and partial association (net of metabolic syndrome, 
yes/no) between BMI and SD—the only measure of GV 
common to all studies—in The Biggest Loser contestants and 
the subjects from the published reports.

Results

Morbidly Obese People Without Diabetes—
Biggest Loser Applicants

The baseline data for the morbidly obese Biggest Loser appli-
cants in the nondiabetic and prediabetic groups were similar 
with respect to age, gender, degree of obesity (BMI and per-
centage body fat measured by DEXA scan), and lipid profiles 
(Table 1). The fasting plasma glucose, insulin, and A1C levels 
were significantly higher in those with prediabetes.

There was no significant difference in the GV metrics 
between the 2 nondiabetic (normoglycemic and prediabetic) 
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morbidly obese groups (2 right columns in Table 2). The 
morbidly obese Biggest Loser applicants who were normo-
glycemic were hypoglycemic 11.2% of the time and hyper-
glycemic 11.8% of the time; the morbidly obese prediabetic 
subjects were hypoglycemic 4.6% of the time and hypergly-
cemic 17.7% of the time. The normoglycemic group spent 
significantly more time with blood sugars under 80 mg/dL 
(P < .0001), while the prediabetic group spent significantly 
more time with levels above 140 mg/dl (P < .001).There was 
no correlation between GV metrics and BMI in either mor-
bidly obese group or when the groups were combined. In 
addition, there are no correlations between the percentage 
lean body mass and percentage fat mass with the metrics of 
GV. The CIMT did not differ between those morbidly obese 
subjects with normoglycemia (0.6 ± 0.1 mm) and those with 
prediabetes (0.6 ± 0.1 mm).

Comparison With Extant Literature

The GV data from 6 studies that met our search criteria are 
shown in Table 2 arranged in increasing order of SD. The 
range of GV in nonobese individuals (including those who 
are overweight) is a CV of 12-18%, an SD of 11.5-18 mg/dL 
and a MAGE of 26.3-28.3 mg/dL. There were very few glu-
cose values in the hyper- or hypoglycemic range. These GV 
metrics are substantially lower than those in morbidly obese 

nondiabetic and prediabetic subjects. In 2 studies of obese 
normoglycemic individuals (with or without metabolic syn-
drome) the GV metrics were higher than normal: the CV is 
24-28%, SD is 29.4-32.4 mg/dl, and MAGE is 25.2-37.6 mg/
dl.17,18 When the GV data from The Biggest Loser study were 
combined with those in the extant literature, there was a sig-
nificant correlation between SD and BMI in subjects without 
diabetes (r = .76, P = .01). The trend persisted after those 
with metabolic syndrome (r = .64, P = .06) were excluded.

The CIMT results in the morbidly obese subjects (0.6 ± 
0.1 mm) are similar to those reported in obese nonmetabolic 
syndrome subjects (0.71 ± 0.04 mm)21 but exceed those 
reported in studies of nonobese (BMI = 24.7), similarly aged 
(28.4), normoglycemic (fasting glucose ~90 mg/dL) subjects 
(0.49 ± 0.05 for men and 0.48 ± 0.05 for women) in.21

Discussion

There are few studies exploring GV in truly normoglycemic 
individuals. Based on our review of the literature, we believe 
that we can now define a normal range of GV (CV of 12-18%; 
SD of 11.5-18 mg/dL; MAGE of 26.3-28.3 mg/dL) in those 
who are not obese (but may include those who are over-
weight) and who are normoglycemic by standard measures. 
It is in this context that we can better understand the results 
of The Biggest Loser study, which finds significant 

Table 1.  Characteristics of The Biggest Loser Applicants.

Normoglycemic, n = 21 Prediabetic, n = 15

  Mean SD Mean SD P value

Age 32.0 10.4 33.7 10.7 .66
Gender .61
  Male 8 7  
  Female 13 8  
Race/ethnicity .68
  Caucasian 14 10  
  African American 5 3  
  Hispanic 2 2  
  Other 3 0  
BMI 49.6 10.1 51.4 6.9 .65
DXA-derived body fat (%) 51.86 3.96 50 4 .27
A1C (%) nmol/mmol 5.4/37 0.2/2 5.8/40 0.3/3 .03*
Diastolic blood pressure 132 17 135 12  
Systolic blood pressure 83 9 83 9  
Fasting plasma glucose 89 12 97 31 .1
2-hour postglucose load (mg/dL) 107 18 145 36 .0003*
Fasting serum insulin (µu/ml) 16.9 13.2 26.2 9.5 .03*
Hypertension (%) 76 93 .25
LDL (mg/dL) 119 29 111 22 .71
Triglycerides (mg/dL) 102 50 107 43 .63

P values are from t tests for the continuous variables (all denoted by means with standard deviations), a chi-square test for gender, and a Fisher exact 
probability test for race/ethnicity.
*Significant difference between the 2 groups.
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dysglycemia as manifested by increased GV metrics in these 
morbidly obese individuals who are otherwise normoglyce-
mic (as determined by traditional metrics of assessing glyce-
mia). While it is not clear to us why there is no difference in 
GV metrics between the morbidly obese groups, we specu-
late that while there is a continuum of GV with increasing 
weight (as evidenced by the correlation or CV and BMI 
when all comparative groups are included), there is maxi-
mum effect on GV above a certain degree of obesity.

There are important implications of these observations if 
a linkage between GV and micro- and/or macrovascular dis-
ease can be established since there is an epidemic of obesity 
and morbid obesity in the United States9 and the prevalence 
of morbid obesity is rising.22

That GV potentially plays a role in the development of 
microvascular disease is suggested by in vitro data in human 
umbilical vein endothelial cells3 and human retinal epithelial 
cells.23 The umbilical vein study demonstrated that nitrotyro-
sine and 8-hydroxydeoxyguanosine (markers of OS) and 
apoptosis are greater when exposed to intermittently high 
glucose levels compared with consistently high glucose lev-
els.3 Human retinal epithelial cells produce more vascular 
endothelial growth factor in variable glucose levels in the 
culture media compared with consistently high glucose.23 In 
human studies, there is an increased nitrotyrosine and 8-iso-
prostaglandin F2α (8-IsoPGF2α) in both normal and patients 
with type 2 diabetes when plasma glucose levels oscillate 
between 80 and 240 mg/dL during a euinsulinemic hypergly-
cemic clamp study.24 In addition, a correlation was found 
between MAGE and urinary 8-IsoPGF2α in patients with 
poorly controlled type 2 diabetes,25,26 although not in those 
with Type 1 diabetes.27 Bragd et al found a correlation 
between the SD of fingerstick blood glucose values and 
peripheral neuropathy complications in patients with type 1 
diabetes and suggested that the nervous system may 

be particularly susceptible to GV.28 On the other hand, no 
relationship was found between GV (measured by finger-
stick) and microvascular complications in the Diabetes 
Control and Complications Trial.29

Recent studies show that there is an association of GV 
with cardiovascular disease.30-33 More recently, a positive 
correlation between 8-IsoPGF2 and left ventricular mass 
index has been found.34 Buscemi et al demonstrated that those 
with high GV (as measured by the CV) was an independent 
predictor of poor vascular function as measured by flow 
mediated dilation.17 Although our study did not assess vascu-
lar function, we did find a higher than normal CIMT in our 
morbidly obese normoglycemic subjects compared to data 
reported by others in similar age and nonobese individuals. 
This is consistent with Buscemi et al’s observations that there 
was a correlation between CIMT and GV in a univariate anal-
ysis.17 These data suggest that morbidly obese individuals 
with increased GV may have a greater risk of cardiovascular 
disease due to dysglycemia-induced OS even if they are nor-
moglycemic by traditional criteria. Whether this is due to GV, 
hypertension (present in 76% of our normoglycemic and 93% 
of our prediabetic subjects, respectively), dyslipidemia, or 
some combination cannot be determined from our data. It is 
important to note that while our data and those of others sug-
gest that GV may be a marker of vascular dysfunction, there 
is, as yet, no evidence of causality.

Our study has several strengths. Chief among them is that 
it is the first to investigate GV in a population of morbidly 
obese yet nondiabetic individuals. Another is that it includes 
a large enough sample size of nondiabetic and prediabetic 
morbidly obese individuals to analyze GV metrics using 
CGM to capture the data for the calculation of those metrics. 
Finally, it is one of the first studies to methodically examine 
the relationship between BMI and GV for individuals with 
normoglycemia or prediabetes.

Table 2.  Glucometrics From CGM Data in Normoglycemic Nonobese Subjects Compared With The Biggest Loser Applicants.

Nondiabetic 
adults13

Nondiabetic 
adults11†

Nondiabetic 
adults16

Nondiabetic 
adults12

Overweight 
without MS18

Nondiabetic 
adults14

Biggest Loser 
(Prediabetic)

Biggest Loser 
(Normal)

n 23 37 434 10   6 32 15 21
BMI 23.2 ± 2.2 24.9* 21.8 21.7 ± 1.4 29.0 ± 2.3 25.0 ± 2.0 51.4 ± 6.9 49.6 ± 10.1
A1C % N/A 5.3 ± 0.3 N/A N/A N/A 5.3 5.8 ± 0.3 5.4 ± 0.2
Mean mg/dL 99.0 ± 15.0 96 ± 8 104 99.0 ± 8.0 74.3 ± 1.7 102.0 ± 7.0 117.0 ± 11.0 110.0 ± 14.0
SD mg/dL 11.5 ± 4.3 12.5 ± NA 14.2 ± NA 15.0 ± 4.0 15.6 ± NA 18.0 ± 4.0 23.7 ± 5.5 24.2 ± 10.0
CV % 12 13 13.6 15 21 18 20 22
MAGE mg/dL 28.3 ± 9.4 26.3 ± NA N/A N/A N/A N/A 50.0 ± 17.0 48.0 ± 26.0
CONGA1 mg/dL N/A N/A N/A N/A N/A N/A 103 ± 9.0 98.0 ± 14.0
MODD mg/dL N/A N/A N/A N/A N/A N/A 28.0 ± 6.0 28.0 ± 12.0
% of values <80 mg/dL N/A 2.9†† 2.4** N/A N/A 3.0** 4.6 11.2
% of values >140 mg/dL N/A 0.3†† 4.1 N/A N/A 4.0 17.6 11.8
% of values 81-139 mg/dL N/A 93.7†† 93.5 N/A N/A 93.0# 78.0 77.0

All values are reported as mean ± standard deviation. If a value was not reported in the original source, it is denoted here as N/A (not available).
*Median. **<70 mg/dL. #<70 mg/dL to 140 mg/dL. †Data shown are combined for ages 25 to ≥45 years as reported in JDRF study. ††Ranges in JDRF study 
are <70 mg/dl; >140 mg/dl, and 71-120 mg/dl.
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The main limitation of our study is that the data are from 
an uncontrolled, cross-sectional, observational study that 
did not include contemporaneously studied normal weight 
and/or obese control groups. We recognize that it will be 
important to have age-, sex-, and glycemic-status-matched 
populations that vary only by BMI in future studies. In 
addition, our study included a relatively small number of 
subjects. However, the collective data from previous stud-
ies in normal subjects without obesity places this data in 
unique comparative context. We also have no data on the 
food consumption and physical activity of the subjects 
while the CGM data were being obtained. Additional 
research would also allow a discussion about which of 
these may influence GV in those without diabetes or pre-
diabetes. In future research it would also be important to 
overtly measure OS to discuss the relationship between OS 
and GV more completely.

In summary, we found that morbidly obese individuals 
who are either normoglycemic or prediabetic by traditional 
measures have dysglycemia as demonstrated by their 
increased GV when compared to normal weight and obese 
individuals as described in the extant literature. We speculate 
that the elevated GV may be an important risk factor in the 
increased cardiovascular disease seen in obese and morbidly 
obese persons who are not diabetic.
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