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Abstract: Predictive equations to estimate resting metabolic rate (RMR) are often used in dietary
counseling and by online apps to set energy intake goals for weight loss. It is critical to know whether
such equations are appropriate for those susceptible to obesity. We measured RMR by indirect
calorimetry after an overnight fast in 26 obesity susceptible (OSI) and 30 obesity resistant (ORI)
individuals, identified using a simple 6-item screening tool. Predicted RMR was calculated using
the FAO/WHO/UNU (Food and Agricultural Organisation/World Health Organisation/United
Nations University), Oxford and Miflin-St Jeor equations. Absolute measured RMR did not differ
significantly between OSI versus ORI (6339 vs. 5893 kJ-d !, p = 0.313). All three prediction equations
over-estimated RMR for both OSI and ORI when measured RMR was <5000 kJ-d~!. For measured
RMR <7000 kJ-d ! there was statistically significant evidence that the equations overestimate RMR
to a greater extent for those classified as obesity susceptible with biases ranging between around 10%
to nearly 30% depending on the equation. The use of prediction equations may overestimate RMR
and energy requirements particularly in those who self-identify as being susceptible to obesity, which
has implications for effective weight management.

Keywords: obesity resistance; obesity susceptibility; resting metabolic rate; RMR prediction
equations; indirect calorimetry

1. Introduction

Why some individuals remain lean with relative ease (ORI) while others continuously struggle
with their body weight, despite living in a similar environment (OSI), is an intriguing question.
However, little research has focused on comparing such groups, despite belief that this might yield
novel information valuable for developing potential strategies to aid those who continually struggle
with their weight. Resting metabolic rate (RMR) or basal metabolic rate (BMR) represents the
largest component (60-75%) of total daily energy expenditure in sedentary humans [1]. Variations or
modifications of RMR have the potential to influence energy balance and conceivably the susceptibility
to gaining or maintaining body weight.
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Observations from cross-sectional studies tend to show obese individuals have a higher RMR
compared to healthy controls because of increased metabolically active mass [2-7]. However, once
adjusted for variation in fat-free mass (FFM), most studies report similar RMRs between lean and
obese subjects [5]. For individuals with a high body mass index (BMI), both FFM and fat mass make
significant contributions to total body mass, so for this group, total body mass has been shown to be
better correlated with RMR than FFM alone [8,9]. However, subsequent weight gain is generally
associated with a low RMR at baseline [10,11]. Also, evidence suggests RMR is suppressed in
conjunction with weight loss, often to a greater degree than would be expected based on changes in
body weight/composition [12-14]. Known as adaptive thermogenesis or metabolic adaptation, this
adaptive response reduces energy expenditure to effectively oppose the maintenance of reduced body
weight [15,16] and is likely to contribute to the high rate of weight regain in overweight/obese persons
after weight loss [14]. Therefore, it appears the relationship between obesity and RMR is dynamic,
responding to changes in body weight and is dependent on when and how data are presented [10,17].

Direct and indirect calorimeters are the standard tools for assessing RMR in research settings.
However, due to the expense of calorimeters, the time needed to achieve an accurate measurement,
and the need for trained personnel to conduct the tests, the measurement of RMR for individual
patients/clients is most commonly calculated from prediction equations [18-20]. Instead, the use
of predictive equations developed through regression analyses, using calorimetry as the criterion
measure and various characteristics of the individuals such as body mass, height, sex and age [18,19,21],
is standard in dietetic practice [22,23]. There are many, varied equations available—a recent review
identified 248 RMR estimation equations [24].

While some previous research has found prediction equations underestimate RMR [25], there is
also evidence that prediction equations overestimate RMR [18,26,27]. Furthermore, there is debate as
to the usefulness of many prediction equations [18]. In addition, a review which examined studies
conducted between 1980 and 2000, suggested that in the majority of cases the FAO/WHO/UNU (Food
and Agricultural Organisation/World Health Organisation/United Nations University) prediction
equations overestimated RMR in a number of populations [28]. Also, Daly et al. [29] reported that
energy requirements were overestimated using a number of different widely used prediction equations,
including Harris-Benedict.

Due to the way they are generated, predictive regression equations work best in groups of
people [18]. When these equations are applied to an individual (e.g., use of RMR equations to predict
energy requirements in clinical dietetic practice), errors large enough to impact outcome could be
produced especially if the individual does not share important characteristics with the group from
whom the equation was developed (e.g., age, sex, body composition, ethnicity) [18]. For this reason,
considerable debate surrounds the best equation for predicting metabolic rate in any particular setting,
particularly in overweight or obese individuals [18-21,24,30]. In addition, whether these equations
show any bias among those who are susceptible vs. those resistant to obesity is unknown, but
important, given such knowledge is required to determine individual energy requirements for weight
reduction. Only one study appears to have examined potential differences in RMR between these
groups, reporting a lower absolute RMR in lean obesity resistant compared to obesity susceptible
males (16.2% difference, p < 0.001). This difference disappeared when RMR was adjusted by fat mass
and FFM (5.59 + 0.97 vs. 5.61 & 0.13 kJ-min—1) [31]. Whether RMR differs between those who are
susceptible and resistant to obesity is becoming increasingly important because many more people
are now exposed to RMR/BMR prediction equations due to the increasing popularity and use of diet
tracking apps, such as “MyFitnessPal™”, that utilise these equations to generate energy intake targets.
If these equations systematically over- or under-predict energy requirement goals there are potentially
numerous clients, patients and app-users likely to experience disappointment and anxiety as they fail
to meet the set healthy body weight targets.

The aim of this study was to compare absolute measurement of RMR in individuals specifically
identified as obesity resistant or obesity susceptible. In particular, we aimed to compare the ability
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of three commonly used equations to predict RMR in these two distinct groups in order to identify
whether two people of the same sex, age, weight, and height but each from one of these obesity
resistant and susceptible groups might be subject to different biases compared to measured RMR.

2. Materials and Methods

2.1. Study Participants

Sixty-two participants were recruited from the general public in Dunedin, New Zealand, via
advertisements placed in local newspapers, at supermarkets and in flyers that contained questions
designed to specifically target obesity susceptible (OSI) and obesity resistant individuals (ORI). Eligible
participants were healthy males or females, aged between 20 and 45 years meeting our criteria as either an
OSI (struggles to maintain their weight, despite perceived low energy intakes) or as an ORI (remains lean
with relative ease and can eat whatever they like) as previously defined [32,33]. Participants were classified
as OSI if they answered positively to any of the statements outlined for OSI. Conversely, participants were
classified as ORI if they answered positively to any of the statements outlined for ORI (Table 1).

Table 1. Screening statements for classification of participants as obesity susceptible (OSI) or obesity
resistant individuals (ORI).

Statements for OSI Statements for ORI
1. Tam a person who needs to eat small amounts of 1. I am a person who can eat whatever I like without
food to manage my weight gaining weight
2. I'am a person who gains weight easily 2. I'am a person who loses weight easily

3. Iam a person who maintains my weight easily

4. I am a person who finds it difficult to put on weight

Participants were excluded if they did not answer positively to any of the screening tool statements
or if they answered positively to both an OSI and ORI statement, were smokers, pregnant, lactating,
or menopausal, were currently taking stimulants or anti-depressants, had a previous history of an
eating disorder, presence of a thyroid disorder or other medical condition/s that affect metabolic
rate, or a thyroid stimulating hormone level outside the reference range (0.3-5 uIlU-mL~!). Of the
76 respondents assessed for eligibility, 11 were excluded from entering the study. Ten were unable
to be clearly classified as ORI or OSI and 1 had a previous history of an eating disorder. Thus 13%
were neither ORI nor OSI. Two participants were retrospectively excluded from analysis, one due to
diagnosis of a genetic condition that would influence study outcomes, and one due to a diagnosis of
type 2 diabetes. A further person did not have their RMR measured. Obesity susceptible individuals
(OSI) found it difficult to lose but not gain weight, were likely to experience fluctuations in weight
(as indicated by self-reported weight history) and had a BMI of 21.6-44.0 kg-m 2. In contrast, ORI had
always been lean (as indicated by self-reported weight history), found it difficult to gain but not lose
weight and had a BMI of 17.5-27.7 kg-m 2.

The study was conducted in accordance with the Declaration of Helsinki, and the protocol
was approved by the Human Ethics Committee of the University of Otago, New Zealand (08/005).
All participants provided written informed consent prior to participation.

2.2. Body Composition

Body weight was measured in the fasting state in light clothing on calibrated electronic scales
(Wedderburn, Tokyo, Japan) that measured to the nearest 0.1 kg. Height was measured to the nearest
millimetre using a stadiometer with the head positioned in the Frankfort plane. Waist circumference
(WC) was measured at the level of the narrowest point between the bottom of the 10th rib and the
border of the iliac crest [34]. Body composition including fat mass, FFM and percentage body fat
(%BF) was measured using dual-energy X-ray absorptiometry (DXA) (DPX-L Scanner, Lunar Corp.,
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Cincinnati, OH, USA) using software version 1.35 (Lunar, Cincinnati, OH, USA) by a single experienced
technician at the Dunedin Public Hospital DXA Scanning Unit.

2.3. Resting Metabolic Rate

Resting metabolic rate (RMR) was measured using indirect calorimetry based on best practice
methods [35]. The assessment was conducted in an exercise physiology laboratory at the School of
Physical Education, Sport and Exercise Sciences, University of Otago. All testing was conducted in
a quiet, mildly lit and heated (average 20.5 °C) room. Environmental settings were kept consistent
for all participants to ensure RMR measurements were not influenced by sound, light or temperature.
Participants were asked to fast overnight and to abstain from alcohol and caffeine for at least ten hours
and to avoid engaging in strenuous activity for 24 h prior to the test. Participants were instructed
to take any daily prescribed medication as usual. Testing was undertaken between 6:00 a.m. and
10:00 a.m. to ensure participants were not fasting for long periods of time during waking hours.
Menstruating female participants were measured during the follicular phase of the menstrual cycle to
avoid the thermic effect of progesterone on metabolic rate during the luteal phase [36-38].

Participants rested for 15 min in a semi-recumbent position and were instructed not to fall
asleep. Participants then breathed through a face-mask for 15 min during which time expired gases
were collected using a Sensormedics 2900 metabolic cart (Sensormedics, Yorba Linda, CA, USA).
Gas analysers were calibrated prior to each test using set O, (26%) and O, /CO; (16% and 4%) mixtures
before testing began each morning and again if more than two tests were carried out in one morning.
Volume was calibrated before each test using a standard 3 L syringe. Breakfast was provided to
participants following testing.

The first five min of data collection were discarded and the remaining 10 min used to determine a
4 min period having a coefficient of variation (CV) for V02 (L-min~1) and VCOz (L-min~1) of < 10%
for analysis. If these criteria were not reached (n = 22), values for the lowest CV were used in the
analysis. Four female participants (3 ORI, 1 OSI) and one male participant (OSI) had a respiratory
exchange ratio (RER) value above 1, indicating pre-test protocol violations or measurement inaccuracy
and so were excluded from the analysis. The abbreviated Weir equation [39] was used to determine
RMR from mean V02 (L-min~1) and VC02 (L-min~1) as used previously [40]:

RMR (kcal-d ™) = (3.941 (VO;) + 1.106 (VCO5)) x 1440.

2.4. Predictive Equations for Estimating Resting Metabolic Rate (RMR)

Predicted RMR was calculated using 3 well known previously published prediction equations: the
FAO/WHO/UNU (Food and Agricultural Organisation/World Health Organisation/United Nations
University) equation [41], the Oxford equation [28] and the Mifflin-St Jeor equation [42] and compared
to measured RMR. These particular equations were selected for study, because of their popular use by
health professionals (e.g., Dietitians New Zealand [22] and the Academy of Nutrition and Dietetics [23])
and their use in diet tracking apps to set energy intake targets.

2.5. Physical Activity

Participants were instructed to wear an Actical accelerometer (Mini Mitter Co Inc., Bend, OR, USA)
on the right hip at waist level for at least seven consecutive days at all times except when sleeping, or
engaging in activities potentially harmful to the device (e.g., contact or combat sports). Accelerometer
data were scored and interpreted using the MeterPlus Version 4.3 software from Santech, Inc. (San Diego,
CA, USA) [43]. Quality control and data reduction procedures used in the analysis of accelerometer data
from the National Health and Nutrition Examination Survey (NHANES) [44] and the Canadian Health
Measures Survey (CHMS) [45] were applied. A spurious data threshold of 20,000 counts per minute
(cpm) was used. A valid day was defined as having > 10 h of accelerometer wear time while non-wear
time was defined by a period of at least 60 consecutive minutes of zero activity counts, with allowance
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for 1 to 2 min of counts between 0 and 100. Participants with >4 valid days of data were retained for
analysis. Mean cpm and time spent in various levels of movement intensity using sedentary [46], light,
moderate and vigorous [47] cut-points specific to the Actical accelerometer, were determined.

2.6. Dietary Assessment

Participants received detailed verbal and written instructions from a trained researcher on how to
collect a weighed four-day diet record (4DDR). All food and beverage intakes were recorded at the
time of consumption on non-consecutive days (3 week days, 1 weekend day). The completed 4DDRs
were analysed using “Kai-culator” (version 1.08, Department of Human Nutrition, University of Otago,
Dunedin, Otago, New Zealand) the dietary assessment software developed in the Department of
Human Nutrition, University of Otago. The food composition database includes current and previous
versions of FOODfiles (2010v2) from Plant and Food Research Ltd and selected recipes calculated from
the 2008/09 New Zealand Adult Nutrition Survey [48]. All diet record information was entered by
one well-trained researcher and comprehensive and detailed notes regarding food and beverage item
substitutions were maintained throughout.

A sensitivity analysis was undertaken to examine the impact of low energy reporting. Participants
with an energy intake to RMR ratio (EI:RMR) of <1.06 were classified as low energy reporters (LER)
using the Goldberg method as outlined by Gibson [49].

2.7. Statistical Analysis

Appropriate summary statistics were calculated for both the obesity resistant and susceptible
groups. These variables were compared between the susceptibility groups using two-sample t-tests
where the model assumptions were satisfied for continuous variables (approximate normality and
homogeneity of residuals) and Mann-Whitney U tests otherwise for continuous variables, and
Chi-squared (where at least 80% of cells had expected cell counts of 5 or greater) or Fisher’s Exact
(otherwise) tests for categorical variables. Ratios of each estimated RMR compared to RMR derived
from indirect calorimetry were calculated and modelled for each estimation equation interacting with
obesity susceptibility (i.e., six combinations of equation and susceptibility) using linear mixed models,
with a random subject effect to accommodate the clustering within individuals who each provided
all three ratios. These models also included estimated RMR as a covariate, which was allowed to
interact with the six pairs described above (i.e., as a three-way interaction between RMR, equation, and
susceptibility). To incorporate potential non-linearities with the continuous derived RMR measure,
the addition of a quadratic term was investigated and retained (based on improvements in Akaike
Information Criterion AIC), as was the subsequent addition of a cubic term. All 56 participants were
used for each model. Due to the sample size, interactions between quadratic and cubic terms and the
estimation equation and susceptibility were not investigated. Log-transformations were used for the
ratios (as would be anticipated) and this improved model residuals. Restricted maximum likelihood
was used for all models. In order to determine whether any differences in these ratios could reflect
biases in the equations by susceptibility categories, the equation parameters (age, sex, height, and
weight) were then added to the model as main effects only (in particular, not allowing age, height, and
weight effects to vary by sex which is the case in the RMR equations). All statistical analyses were
performed using Stata 14.2 (StataCorp LLC, College Station, TX, USA) and two-sided p < 0.05 was
considered statistically significant in all cases.

3. Results

3.1. Participant Characteristics

The characteristics of the study participants are shown in Table 2.
As expected, OSI were significantly heavier, had a higher body mass index (BMI), fat mass and
%BF, and a larger WC compared to ORI. The percentage of males and females, age, height and FFM was
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similar between OSI and ORI. There were no significant differences in the amount of time participants
spent participating in various levels of movement intensity or engaging in sedentary behaviours.

Table 2. Characteristics of obesity susceptible individuals (OSI) and obesity resistant individuals (ORI).

Variable OSI (n = 26) ORI (n = 30) p-Value
Sex

Female 14 (54%) 14 (47%)

Male 12 (46%) 16 (53%) 0.5922
Age* 35.6 (8.1) 324 (7.8) 0.135P
Anthropometrics

Height (m) * 1.70 (0.10) 1.70 (0.10) 0.322b

Weight (kg) * 89.5 (14.0) 66.0 (12.4) <0.001 "

BMI (kg/m?) 1 29.9 (26.5, 33.2) 21.5(19.7,23.2) <0.001 ©

WC (cm) T 98.2 (87.3,106.3) 77.8 (71.8, 81.8) <0.001 ¢
Body Composition

Fat Mass (kg) 1 30.7 (23.9, 38.3) 12.7 (9.0, 16.0) <0.001 €

FFM (kg) T 51.9 (45.0, 62.2) 47.8 (38.4,58.1) 0.153 ¢

Percentage Body Fat (%) T 35.2 (27.2, 43.9) 21.8 ((13.8, 24.6) <0.001 ©
Physical Activity

Sedentary (h-d~1) T 10.7 (9.8, 11.1) 11.2 (9.9, 12.0) 0.238 ¢

Light (h-d~1) T 3.5 (3.0,3.7) 3.0(25,3.7) 0.207 ©

Moderate (h-d 1) T 0.5(0.4,0.8) 0.6 (0.4, 0.9) 0.341°¢

Vigorous (h-d~1) 1 0.0 (0.0, 0.2) 0.2 (0.0, 0.4) 0.070 ¢
Dietary Intake

Energy (kJ-d~1) 1 9803 (8379, 12,203) 11467 (9581,12,913) 0.119°¢

Energy (kJ-kgBW—1.d~1) 1 121 (100, 132) 172 (149, 196) <0.001 ¢

Protein (%TEI) 1 17.6 (15.3,19.3) 15.6 (13.7, 17.8) 0.152°¢

Fat (%TEI) 1 32.3(27.8, 35.4) 34.2(29.9,37.1) 0.359 ¢

CHO (%TEI) T 46.4 (42.2, 50.0) 47.6 (44.6,50.2) 0.340

SFA (%TEI) T 12.0 (10.4, 15.5) 12.7 (10.9, 15.7) 0.646 ©

MUFA (%TEI) 1 11.5 (9.2, 12.9) 12.1 (10.4, 13.6) 0.313¢

PUFA (%TEI) 1 45(3.7,6.1) 4.7 (4.0,5.7) 0.883 ¢

Sugar (%TEI) T 21.3 (16.2, 25.7) 20.1 (18.7, 24.4) 0.985 ¢

Alcohol (%TEID) 1 0.1 (0.0, 3.9) 0.0 (0.0,1.2) 0.138 ¢
Eating Frequency

Eating Occasions (n-d~1) T 4.4 (3.5,4.9) 4.5 (3.9, 5.6) 0.156 ©
Weight History

Weight loss attempts 0 8 (31%) 26 (87%) <0.001 4

1 3 (12%) 2 (7%)

2-3 9 (35%) 1 (3%)

49 4 (15%) 1 (3%)

10+ 2 (8%) 0 (0%)

Weight gain attempts 0 26 (100%) 16 (53%) <0.001 ¢

1 0 (0%) 9 (30%)

2 0 (0%) 5 (17%)
Lightest weight (kg) * 67.7 (10.7) 59.9 (13.0) 0.020°
Heaviest weight (kg) * 96.9 (17.5) 70.1 (13.5) <0.001 b
Individual weight fluctuation (kg) 125.0 (14.0, 38.0) 8.0 (6.0, 13.0) <0.001 €
RMR (indirect calorimetry)

Absolute (kJ-d~1) * 6339 (1752) 5893 (1520) 0.313P
RMR (prediction equations)

FAO/WHO/UNU (kJ-d—1) * 7545 (1109) 6609 (1103) 0.003 P

Miflin-St Jeor (kJ-d—1) * 7108 (906) 6334 (1110) 0.007 ®

Oxford (kJ-d—1)* 7291 (1100) 6253 (1080) <0.001°

* Mean (SD), T median (25th percentile, 75th percentile), * Chi-squared, b Two sample t test,  Mann-Whitney U,
d Chi-squared test comparing none versus any, ¢ Fisher’s exact test comparing none versus any. Abbreviations:
% = percent, BMI = body mass index, BW = body weight, CHO = carbohydrate, FAO/WHO/UNU = Food
and Agricultural Organisation/World Health Organisation/United Nations University, FFM = fat-free mass,
h = hour, MUFA = monounsaturated fatty acids, n = number, ORI = obesity resistant individuals, OSI = obesity
susceptible individuals, PUFA = polyunsaturated fatty acids, RMR = resting metabolic rate, SD = standard deviation,
SFA = saturated fatty acids, TEI = total energy intake, WC = waist circumference.
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3.2. Dietary Intake

No significant differences were observed for absolute energy intake or any of the energy-yielding
nutrients expressed as a percentage of total energy intake. When energy intake was expressed relative
to body weight, OSI had a significantly lower intake than ORI (p < 0.001). The results of the sensitivity
analysis revealed that two participants were classified as low energy reporters (LER), defined as
EI:RMR <1.06. One LER was an obesity susceptible female and one was an obesity resistant female.
Removal of the two LER from the analysis of the dietary intake data did not affect the results and data
for the full sample has been reported.

3.3. Weight History

Those in the OSI group were more likely to have changed their eating habits in an attempt to lose
weight (69% versus 13%, Chi-square p < 0.001). Comparing the number of attempts between the four
ORI and 18 OSI participants reporting such attempts, with the number of attempts ranging between
1 and 13, did not find evidence of differences between these groups (Mann-Whitney U p = 0.223).
Those in the ORI group were more likely to report having changed their eating habits to gain weight
(47% versus 0%, Fisher’s Exact p < 0.001) with a maximum of two attempts reported. Those in the
susceptible group had higher lightest (p = 0.020) and heaviest (p < 0.001) body weights and appreciably
greater weight ranges (a median of 25.0 kg vs. 8.0 kg, p < 0.001) compared to ORL

3.4. Resting Metabolic Rate (RMR)

No significant differences in absolute RMR or RMR expressed relative to FFM were observed
amongst OSI and ORI, and there was substantial overlap between the two groups in terms of the
distribution of RMR.

Figure 1 shows a scatterplot of predicted RMR against measured RMR which also illustrates
the high degree of overlap in measured RMR between ORI and OSI. As can be seen in Figure 2,
with the association between measured RMR and the bias including a cubic term, all three equations
overestimated RMR for both obesity susceptible and resistant individuals when measured RMR was
5000 kJ-d ! or less. A suggestion of underestimation can be seen when measured RMR is 11,000 kJ-d
or greater, although this was not consistently statistically significant.

o

o

Q 7 FAO/WHO/UNU, ORI e FAO/WHO/UNU, OSI
T |e Miflin-St Jeor, ORI ® Miflin-St Jeor, OSI

o |® Oxford, ORI Oxford, OSI

o

S |

o

6000 8000
1 1

RMR from prediction equations (kJ.d‘1)

4000

2000
1

T T T T T T
2000 4000 6000 8000 10000 12000
RMR from indirect calorimetry (kJ.d")

Figure 1. Scatter plot of predicted against measured RMR for each equation for obesity resistant
individuals (ORI) and obesity susceptible individuals (OSI). Each individual is represented by three
points and the line shows equality between the prediction equation and measured RMR values.
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Figure 2. Biases for obesity resistant individuals (ORI) and obesity susceptible individuals (OSI) by
resting metabolic rate (RMR) prediction equation for selected measured RMR values (1 = 56).

Table 3 shows the relative bias for OSI versus ORI by equation for selected measured RMR
values. Across all three equations, almost all results for measured RMRs 7000 kJ-d ! or lower show
statistically significant evidence that the equations overestimate RMR to a greater extent for those
classified as susceptible with biases ranging between around 10% to nearly 30% depending on equation
and measured RMR. Similar patterns of bias were found when using RMR normalised by fat free mass,
where those with lower values had their RMRs overestimated by all three equations and with a greater
bias for those in the susceptible group, although the magnitude of the bias was reduced and some
biases for lower values were tendencies (0.05 < p < 0.10) rather than statistically significant for the
WHO equation.

Table 3. Relative bias for obesity resistant individuals (ORI) versus obesity susceptible individuals
(OSI) by resting metabolic rate (RMR) prediction equation for selected measured RMR values.

Estimated RMR from  Difference between Difference Difference between
Indirect Calorimetry OSI and ORI for p-Value between OSI and p-Value OSI and ORI for p-Value
(kJ-d—1) FAO/WHO/UNU ORI for Oxford Miflin-St Jeor
2000 1.19 (1.00, 1.42) 0.052 1.23 (1.03,1.47) 0.021 1.27(1.07,1.52) 0.007
3000 1.17 (1.02, 1.34) 0.025 1.21 (1.05,1.38) 0.008 1.23 (1.07,1.41) 0.003
4000 1.15 (1.04, 1.28) 0.007 1.18 (1.07,1.31) 0.001 1.18 (1.07,1.31) 0.001
5000 1.13 (1.05,1.22) 0.001 1.16 (1.08, 1.25) <0.001 1.14 (1.06, 1.23) <0.001
6000 1.11 (1.05, 1.18) <0.001 1.14 (1.07, 1.20) <0.001 1.10 (1.04,1.17) 0.001
7000 1.09 (1.02, 1.17) 0.012 1.11 (1.04, 1.19) 0.003 1.06 (0.99, 1.14) 0.094
8000 1.08 (0.97,1.19) 0.149 1.09 (0.99, 1.20) 0.084 1.02 (0.93,1.13) 0.646
9000 1.06 (0.92,1.21) 0.415 1.07 (0.94,1.22) 0.325 0.99 (0.86, 1.13) 0.845
10,000 1.04 (0.88,1.24) 0.658 1.05 (0.88, 1.25) 0.589 0.95 (0.80, 1.13) 0.569
11,000 1.02 (0.83, 1.26) 0.839 1.03 (0.83,1.27) 0.798 0.92(0.74, 1.13) 0.422

Differences are ratios of geometric means (95% CI): values greater than 1.00 indicate that RMR is overestimated
in OSI compared with ORI, values lower than 1.00 indicate that RMR is underestimated in OSI compared
with ORI. CI = confidence interval, FAO/WHO/UNU = Food and Agricultural Organisation/World Health
Organisation/United Nations University, ORI = obesity resistant individuals, OSI = obesity susceptible individuals,
RMR = resting metabolic rate.

After further adjusting for sex, age, height, and weight (Figure 3), the biases overall remain
evident for lower measured RMRs (6000 kJ-d ! and below) with an under-estimation bias evident for
measured RMRs 8000 kJ-d~! and above. However, the differences between methods and between
susceptibility groups by method are no longer evident. Adding physical activity as total hours per day
of moderate or vigorous activity did not meaningfully alter these results.
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Figure 3. Biases for obesity resistant individuals (ORI) and obesity susceptible individuals (OSI) by
resting metabolic rate (RMR) prediction equation for selected measured RMR values after adjustment
for sex, age, height and weight (1 = 56).

As shown in Table 4, there was no evidence of a different bias by susceptibility for the
FAO/WHO/UNU equation at any level of measured RMR and biases for the Oxford equation were
greatly attenuated (2% or less) and only significant between 5000 kJ-d~! and 7000 kJ-d~!. The biases
from the Miflin-St Jeor equation continued to differ by susceptibility, although these were again
attenuated from the unadjusted analyses, displaying a pattern of greater overestimation for those
susceptible where measured RMR was 3000 kJ-d~! and below and under-estimation when derived
RMR was 7000 kJ-d ! and above.

Table 4. Relative bias for obesity resistant individuals (ORI) versus obesity susceptible individuals
(OSI) by resting metabolic rate (RMR) prediction equation for selected measured RMR values after
adjustment for sex, age, height and weight.

Estimated RMR Difference Difference Difference
from Indirect between OSI and between OSI and

. p-Value between OSI and p-Value o p-Value
Calorimetry ORI for ORI for Oxford ORI for Miflin-St
(kJ-d~1) FAO/WHO/UNU Jeor
2000 0.99 (0.95,1.02) 0.489 1.02 (0.98, 1.06) 0.310 1.06 (1.02, 1.09) 0.004
3000 0.99 (0.96, 1.02) 0.493 1.02 (0.99, 1.05) 0.213 1.04 (1.01, 1.07) 0.013
4000 0.99 (0.97,1.02) 0.512 1.02 (1.00, 1.04) 0.112 1.02 (1.00, 1.05) 0.068
5000 1.00 (0.98, 1.01) 0.576 1.02 (1.00, 1.04) 0.040 1.01 (0.99, 1.02) 0.569
6000 1.00 (0.98, 1.01) 0.757 1.02 (1.00, 1.03) 0.016 0.99 (0.97, 1.00) 0.139
7000 1.00 (0.98, 1.02) 0.968 1.02 (1.00, 1.03) 0.030 0.97 (0.96, 0.99) 0.001
8000 1.00 (0.98, 1.02) 0.778 1.02 (1.00, 1.04) 0.097 0.96 (0.94, 0.98) <0.001
9000 1.01 (0.98, 1.03) 0.682 1.02 (0.99, 1.05) 0.208 0.94 (0.92,0.97) <0.001
10,000 1.01 (0.97, 1.04) 0.633 1.02 (0.98, 1.05) 0.325 0.93 (0.90, 0.96) <0.001
11,000 1.01 (0.97, 1.05) 0.605 1.02 (0.98, 1.06) 0.425 0.91 (0.87, 0.95) <0.001

Differences are ratios of geometric means (95% CI): values greater than 1.00 indicate that RMR is overestimated
in OSI compared with ORI, values lower than 1.00 indicate that RMR is underestimated in OSI compared
with ORI. CI = confidence interval, FAO/WHO/UNU = Food and Agricultural Organisation/World Health
Organisation/United Nations University, ORI = obesity resistant individuals, OSI = obesity susceptible individuals,
RMR = resting metabolic rate.

4. Discussion

In the present study, indirect calorimetry was used to measure the RMR of individuals who
struggle to maintain a healthy body weight (OSI) compared to individuals who maintain their body
weight with relative ease (ORI). In contrast to findings from the majority of previous cross-sectional
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studies where absolute RMR was shown to be greater in obese versus non-obese controls [2-7],
no significant differences were observed in absolute RMR amongst OSI compared to ORI A likely
explanation for this disparity in results relates to how the participants were defined in the current study.
Rather than being classified based solely on BMI or body weight, participants were identified based on
their resistance or susceptibility to obesity in terms of the ease or difficultly they have maintaining
a healthy body weight. As a consequence the body weight and BMI difference between the two groups,
although statistically significant, is likely to be less than when participants are classified as obese
and non-obese. A large difference in body weight/BMI is likely to contribute to a difference in
absolute RMR.

Previous research found lower RMRs in lean versus obese participants [5]. In our study, there
was no evidence of a difference in RMR between the related groups of ORI and OSI. Recent evidence
shows that organs such as the brain, heart, liver and kidneys as well as fat and skeletal muscle mass
contribute significantly to resting energy expenditure [50]. Obesity susceptible individuals (OSI) had a
significantly greater quantity of fat mass contributing to total body weight compared to ORI. Therefore,
the metabolic activity of a given unit of body weight would be expected to be lower in this group
compared to ORI. This disparity in RMR could lead to substantial increases in body weight over time,
if compensatory behaviours such as reducing energy intake or increasing energy expenditure were
not initiated. Similarly, the authors of [31] found evidence of differences but not after normalising
RMR to body weight or fat free mass. Predicted weight gain is estimated to be around 7.4 kg over
a 12 month period (average for this group) according to the Pennington Biomedical Research Centre
calculator [51], which uses a dynamic human weight change prediction model developed by Thomas
and colleagues [52]. Therefore, a low relative RMR for a given body size or composition may increase
the risk of sustained positive energy balance and subsequent weight gain [12,53].

In the present study, OSI indicated the need to consume smaller amounts to manage their weight
(100% of OSI females; 64% of OSI males) (Table 1) based on their response to the screening tool
statements. This seems to be corroborated by a lower RMR relative to body weight compared to ORL
Taken together, the lower relative energy intake combined with evidence of a lower relative RMR
could represent confirmation of this subjective perception in OSI. Underreporting of energy intake
is a common source of measurement error in dietary assessment [49,54,55]. Low energy reporting
was assessed in the present study using measured RMR and applying appropriate Goldberg cut-off
values [49]. In the present study only two of the 56 participants included in the dietary analysis were
classified as LER by having an (El:RMR) of <1.06. Removal of these two participants from the analysis
did not affect the group energy intake results. It is therefore unlikely that low energy reporting is
responsible for the lower relative energy intake of OSI compared to ORI in the present study.

By definition, OSI (individuals who self-identify they struggle to maintain a healthy body weight)
are likely to have gained or lost weight in the past and this may be one explanation for the differences
in RMR between the two groups in the present study. Previous research suggests RMR is suppressed
in conjunction with weight loss, often to a greater extent than would be expected based on changes
in body weight/body composition [12-14]. Arguably the most successful dieters on the planet,
competitors in the “The Biggest Loser™” television programme with the greatest weight loss at
the end of the competition also experienced the greatest slowing of RMR [14]. Six years following
the end of the show, those who were most successful at maintaining weight loss experienced the
greatest metabolic slowing, despite continuing to engage in high levels of exercise [13]. In addition,
metabolic suppression persisted even in those who experienced substantial weight regain in the
intervening 6 year period [13]. Therefore, due to past fluctuations in body weight amongst the OSI,
which were three times greater than for ORI individuals, these individuals in the present study may be
exhibiting metabolic adaptation—an adaptive response that reduces energy expenditure to oppose the
maintenance of a reduced body weight [15,16].

Resting metabolic rate is an important issue to consider within the area of weight control, as
it is this component that accounts for the greatest percentage of total daily energy expenditure.
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Clinical nutrition management frequently relies on predicting RMR from equations that use various
combinations of anthropometric, age and gender measures. In the present study, important differences
were observed between measured and predicted RMR from the selected prediction equations. All three
equations overestimated RMR for both OSI and ORI when measured RMR was <5000 kJ-d~'.
In addition, across all three equations, there was evidence that when measured RMRs are <7000 kJ-d~1,
the equations overestimate RMR to a greater extent for those classified as susceptible with biases
ranging between around 10% to nearly 30%. We found that adjusting the model of predicted RMR for
the components of the equations (weight, height, age, and sex) greatly attenuated the biases between
OSI and ORI, suggesting that further calibration of the equations might effectively remove the clinically
significant biases between OSI and ORI, although we have no evidence that this would remove
the overall biases of the equations compared to RMR derived from indirect calorimetry. Another
possible interpretation is that our observed differences in RMR misestimation between self-reported
obesity susceptible and resistant phenotypes can be largely explained by these variables alone without
reference to additional mechanisms.

These findings have important implications for dietetic practice. The Oxford equation has recently
been adopted by Dietitians New Zealand and is recommended for calculating RMR in the latest edition
of the Clinical Handbook [22]. Meanwhile, the Academy of Nutrition and Dietetics (formally the
American Dietetic Association) recommends using the Miflin-St Jeor equation for estimating RMR
in overweight and obese individuals [23]. As these equations predominantly over estimate RMR
to a greater extent in this group who struggle with maintaining a healthy body weight, their use
in dietary counseling is likely to lead to an over-prediction of total energy requirements. Therefore,
calculation of energy restriction based on these over predicted energy requirements may be insufficient
to facilitate meaningful weight maintenance/loss in this group, leading to disappointment and anxiety
as clients/patients fail to meet their healthy body weight targets. In addition, the Miflin-5St Jeor equation
is used to estimate RMR and from there to predict energy requirements as part of the self-monitoring
dietary intake apps “MyFitnessPal™"” [56], “Nutrino™"” [57] and Fitday™ [58]. With millions of
users reported worldwide (“MyFitnessPal™” >80 million; “Nutrino™” >6 million) [59,60] including,
undoubtedly, a fair proportion who could be defined as OSI, there are potentially numerous users who
may be wondering why they are unable to achieve the weight loss targets predicted by these apps.

To provide some perspective on the magnitude of over-estimation of RMR for OSI and ORI, and
subsequent energy imbalance using these popular equations, we present a variety of scenarios. For a
person with an RMR of 5000 (measured by indirect calorimetry), the Miflin-St Jeor equation would
overestimate RMR by 14% (on average) for an ORI and 31% (on average) for an OSI, equivalent to
717 kJ-d ! and 1531 kJ-d~! respectively. According to the Pennington Biomedical Research Centre
calculator [51] an energy intake based on this overestimation, would lead to weight gains of 3.7 (ORI)
and 7.6 (OSI) kg over 12 months for a 33 year old female who was 69 kg and 1.66 m (typical values
for a female participant with an estimated RMR 5000 = 5000 kJ-d ~!). The additional weight gain of
the OSI would be 3.9 kg compared to the equivalent ORI Similarly, for an RMR of 6000 kJ-d !, the
Miflin-St Jeor equation would overestimate by 4% (ORI) and 15% (OSI), equivalent to 262 kJ-d~! and
896 kJ-d !, respectively. For a 33 year old male who was 75 kg and 1.78 m, this would lead to weight
gains of 1.5 (ORI) and 4.2 (OSI) kg over a year, an additional 2.7 kg gain for the OSI. Similar results
apply to the other two equations.

Given that these equations are overestimating energy requirements, especially among OSI,
future research using large samples should focus on developing equations specific to OSI and/or
calibrating existing equations, possibly by adding additional components such as percentage body
fat. If successful, such approaches would be invaluable for healthcare practitioners and researchers
working in this area.

An important strength of this study include the use methods considered to be the gold standard for
each variable, including DXA to assess body composition, weighed food records to assess dietary intake
and accelerometry to provide an objective measure of physical activity. However, some limitations
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need to be considered when interpreting the results of the current study. Firstly, individual-level
matching by age, sex, physical activity or other lifestyle factors for OSI and ORI was not possible.
Resting metabolic rate is affected by age and decreases 1-2% per decade after 20 years of age [61].
However, OSI and ORI participants were overall similar in terms of age, sex and height and differences
in their physical activity were minimal. Furthermore, age and sex are included in the RMR prediction
equations. The RMR of individuals who exercise regularly is generally found to be higher than
non-exercisers [62] and in particular resistance training has an impact on RMR due to its role in
increasing FFM [62,63]. Although physical activity levels were similar between OSI and ORI in the
present study, the methods used to assess physical activity did not provide specific information on
engagement in resistance exercise and it is therefore unknown to what degree differences in resistance
exercise participation may have had on RMR. Also, while the screening tool was developed based on
an extensive review of the literature and appears to have face and content validity, and demonstrated
some concurrent validity with regards to current weight and weight history, it has not been formally
validated and it is plausible that it did not adequately differentiate ORI and OSI.

5. Conclusions

In conclusion, commonly used prediction equations overestimated the RMR of both OSI and OR],
but more so in OSI. This is of concern for OSI using self-monitoring dietary-intake apps for weight loss
or following planned energy-restriction programmes prescribed during nutrition counseling, as the
weight loss targets may be impossible to achieve using the energy requirements over-estimated by
these prediction equations. It is difficult to overcome this issue for individuals using self-monitoring
dietary-intake apps, but identification of OSI prior to implementation of planned energy restriction
in a nutrition counseling setting could allow a potentially lower energy requirement to be factored
in for these clients/patients. Future investigations may explore the development of RMR prediction
equations that include calibration for obesity susceptibility. Such equations would be valuable in
providing appropriate energy intake targets for weight loss for OSL
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n number
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PUFA polyunsaturated fatty acids

RMR resting metabolic rate



Nutrients 2017, 9, 1012 13 of 15

SD standard deviation

SFA saturated fatty acids

TEI total energy intake

WC waist circumference.

References

1.  Harris, J.; Benedict, F. A Biometric Study of Basal Metabolism in Man; Carnegie Institute of Washington:
Washington, DC, USA, 1919.

2. Felig, P.; Cunningham, J.; Levitt, M.; Hendler, R.; Nadel, E. Energy expenditure in obesity in fasting and
postprandial state. Am. J. Physiol. 1983, 244, 45-51.

3.  Hoffmans, M.; Pfeifer, W.A.; Gundlach, B.L.; Nijkrake, H.G.; Oude Ophuis, A ]J.; Hautvast, ].G. Resting
metabolic rate in obese and normal weight women. Int. J. Obes. 1979, 3, 111-118. [PubMed]

4. James, W.P; Davies, H.L.; Bailes, J.; Dauncey, M.]. Elevated metabolic rates in obesity. Lancet 1978, 1,
1122-1125. [CrossRef]

5. Prentice, A.; Black, A.; Murgatroyd, P.; Goldberg, G.; Coward, W. Metabolism or appetite: Questions of
energy balance with particular reference to obesity. J. Hum. Nutr. Diet. 1989, 2, 95-104. [CrossRef]

6.  Prentice, A.M,; Black, A.E.; Coward, W.A.; Cole, T]J. Energy expenditure in overweight and obese adults in
affluent societies: An analysis of 319 doubly-labelled water measurements. Eur. J. Clin. Nutr. 1996, 50, 93-97.
[PubMed]

7. Ravussin, E.; Burnand, B.; Schutz, Y.; Jéquier, E. Twenty-four-hour energy expenditure and resting metabolic
rate in obese, moderately obese, and control subjects. Am. J. Clin. Nutr. 1982, 35, 566-573. [PubMed]

8. Karhunen, L.; Franssila-Kallunki, A.; Rissanen, A.; Kervinen, K.; Kesaniemi, Y.A.; Uusitupa, M. Determinants
of resting energy expenditure in obese non-diabetic caucasian women. Int. J. Obes. Relat. Metab. Disord. 1997,
21, 197-202. [CrossRef] [PubMed]

9. Owen, O.E; Kavle, E.; Owen, R.S.; Polansky, M.; Caprio, S.; Mozzoli, M.A.; Kendrick, Z.V.; Bushman, M.C;
Boden, G. A reappraisal of caloric requirements in healthy women. Am. J. Clin. Nutr. 1986, 44, 1-19. [PubMed]

10. Lam, Y.Y;; Ravussin, E. Indirect calorimetry: An indispensable tool to understand and predict obesity. Eur. J.
Clin. Nutr. 2017, 71, 318-322. [CrossRef] [PubMed]

11.  Verga, S.; Buscemi, S.; Caimi, G. Resting energy expenditure and body composition in morbidly obese, obese
and control subjects. Acta Diabetol. 1994, 31, 47-51. [CrossRef] [PubMed]

12.  Astrup, A.; Gotzsche, PC.; Van de Werken, K.; Ranneries, C.; Toubro, S.; Raben, A.; Buemann, B. Meta-analysis
of resting metabolic rate in formerly obese subjects. Am. J. Clin. Nutr. 1999, 69, 1117-1122. [PubMed]

13. Fothergill, E.; Guo, J.; Howard, L.; Kerns, ].C.; Knuth, N.D.; Brychta, R.; Chen, K.Y.; Skarulis, M.C.; Walter, M.;
Walter, PJ.; et al. Persistent metabolic adaptation 6 years after “the biggest loser” competition. Obesity 2016,
24,1612-1619. [CrossRef] [PubMed]

14. Johannsen, D.L.; Knuth, N.D.; Huizenga, R.; Rood, ].C.; Ravussin, E.; Hall, K.D. Metabolic slowing with
massive weight loss despite preservation of fat-free mass. J. Clin. Endocrinol. Metab. 2012, 97, 2489-2496.
[CrossRef] [PubMed]

15. Rosenbaum, M.; Leibel, R.L. Adaptive thermogenesis in humans. Int. J. Obes. 2010, 34 (Suppl. S1), 47-55.
[CrossRef] [PubMed]

16. Miiller, M.].; Bosy-Westphal, A. Adaptive thermogenesis with weight loss in humans. Obesity 2013, 21,
218-228. [CrossRef] [PubMed]

17.  Ravussin, E.; Swinburn, B. Metabolic predictors of obesity: Cross sectional versus longitudinal data. Int. |.
Obes. Relat. Metab. Disord. 1993, 17 (Suppl. S3), 28-31.

18. Frankenfield, D.; Roth-Yousey, L.; Compher, C. Comparison of predictive equations for resting metabolic
rate in healthy nonobese and obese adults: A systematic review. J. Am. Diet. Assoc. 2005, 105, 775-789.
[CrossRef] [PubMed]

19. Hasson, R.E.; Howe, C.A.; Jones, B.L.; Freedson, P.S. Accuracy of four resting metabolic rate prediction
equations: Effects of sex, body mass index, age, and race/ethnicity. J. Sci. Med. Sport 2011, 14, 344-351.
[CrossRef] [PubMed]

20. Weijs, P].M.; Vansant, G.A.A .M. Validity of predictive equations for resting energy expenditure in belgian

normal weight to morbid obese women. Clin. Nutr. 2010, 29, 347-351. [CrossRef] [PubMed]


http://www.ncbi.nlm.nih.gov/pubmed/528122
http://dx.doi.org/10.1016/S0140-6736(78)90300-8
http://dx.doi.org/10.1111/j.1365-277X.1989.tb00014.x
http://www.ncbi.nlm.nih.gov/pubmed/8641251
http://www.ncbi.nlm.nih.gov/pubmed/6801963
http://dx.doi.org/10.1038/sj.ijo.0800387
http://www.ncbi.nlm.nih.gov/pubmed/9080258
http://www.ncbi.nlm.nih.gov/pubmed/3728346
http://dx.doi.org/10.1038/ejcn.2016.220
http://www.ncbi.nlm.nih.gov/pubmed/27848941
http://dx.doi.org/10.1007/BF00580761
http://www.ncbi.nlm.nih.gov/pubmed/8043898
http://www.ncbi.nlm.nih.gov/pubmed/10357728
http://dx.doi.org/10.1002/oby.21538
http://www.ncbi.nlm.nih.gov/pubmed/27136388
http://dx.doi.org/10.1210/jc.2012-1444
http://www.ncbi.nlm.nih.gov/pubmed/22535969
http://dx.doi.org/10.1038/ijo.2010.184
http://www.ncbi.nlm.nih.gov/pubmed/20935667
http://dx.doi.org/10.1002/oby.20027
http://www.ncbi.nlm.nih.gov/pubmed/23404923
http://dx.doi.org/10.1016/j.jada.2005.02.005
http://www.ncbi.nlm.nih.gov/pubmed/15883556
http://dx.doi.org/10.1016/j.jsams.2011.02.010
http://www.ncbi.nlm.nih.gov/pubmed/21458373
http://dx.doi.org/10.1016/j.clnu.2009.09.009
http://www.ncbi.nlm.nih.gov/pubmed/19853980

Nutrients 2017, 9, 1012 14 of 15

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Bonganha, V.; Libardi, C.A.; Santos, C.E; De Souza, G.V.; Conceicdo, M.S.; Chacon-Mikahil, M.P.T,;
Madruga, V.A. Predictive equations overestimate the resting metabolic rate in postmenopausal women.
J. Nutr. Health Aging 2013, 17, 211-214. [CrossRef] [PubMed]

Dietitians New Zealand Inc. 2016 Clinical Handbook; Gillanders, L., Ed.; Manor House Press: Wellington,
New Zealand, 2016.

Seagle, H.M.; Strain, G.W.; Makris, A.; Reeves, R.S. Position of the American Dietetic Association: Weight
management. |. Am. Diet. Assoc. 2009, 109, 330-346. [PubMed]

Sabounchi, N.S.; Rahmandad, H.; Ammerman, A. Best-fitting prediction equations for basal metabolic
rate: Informing obesity interventions in diverse populations. Int. J. Obes. 2013, 37, 1364-1370. [CrossRef]
[PubMed]

Flack, K.D.; Siders, W.A; Johnson, L.; Roemmich, J.N. Cross-validation of resting metabolic rate prediction
equations. J. Acad. Nutr. Diet. 2016, 116, 1413-1422. [CrossRef] [PubMed]

Kee, A.L,; Isenring, E.; Hickman, I.; Vivanti, A. Resting energy expenditure of morbidity obese patients using
indirect calorimetry: A systematic review. Obes. Rev. 2012, 13, 753-765. [CrossRef] [PubMed]

Psota, T.; Chen, K.Y. Measuring energy expenditure in clinical populations: Rewards and challenges. Eur. |.
Clin. Nutr. 2013, 67, 436—442. [CrossRef] [PubMed]

Henry, C.J.K. Basal metabolic rate studies in humans: Measurement and development of new equations.
Public Health Nutr. 2005, 8, 1133-1152. [CrossRef] [PubMed]

Daly, ].M.; Heymsfield, S.B.; Head, C.A.; Harvey, L.P.; Nixon, D.W.; Katzeff, H.; Grossman, G.D. Human
energy requirements: overestimation by widely used prediction equation. Am. J. Clin. Nutr. 1985, 42,
1170-1174. [PubMed]

Frankenfield, D.C. Bias and accuracy of resting metabolic rate equations in non-obese and obese adults.
Clin. Nutr. 2013, 32, 976-982. [CrossRef] [PubMed]

Marrades, M.P,; Martinez, ].A.; Moreno-Aliaga, M.]. Differences in short-term metabolic responses to a lipid
load in lean (resistant) vs. obese (susceptible) young male subjects with habitual high-fat consumption. Eur.
J. Clin. Nutr. 2007, 61, 166—174. [CrossRef] [PubMed]

Brown, R.C.; McLay-Cooke, R.T.; Richardson, S.L.; Williams, S.M.; Grattan, D.R.; Chisholm, A.W.A. Appetite
response among those susceptible or resistant to obesity. Int. |. Endocrinol. 2014. [CrossRef] [PubMed]
Brown, R.C.; McLay-Cooke, R.; Gray, A.R.; Tey, S.L. Oral fatty acid sensitivity among obesity resistant and
obesity susceptible individuals. Clin. Nutr. Diet. 2015, 1, 1-5.

Stewart, A.; Marfell-Jones, M.; Olds, T.; De Ridder, H. International Standards for Anthropometric Assessment;
The International Society for the Advancement of Kinanthropometry: Wellington, New Zealand, 2011.
Compher, C.; Frankenfield, D.; Keim, N.; Roth-Yousey, L.; Group, E.A.W. Best practice methods to apply to
measurement of resting metabolic rate in adults: A systematic review. J. Am. Diet. Assoc. 2006, 106, 881-903.
[CrossRef] [PubMed]

Barr, S.I; Janelle, K.C.; Prior, J.C. Energy intakes are higher during the luteal phase of ovulatory menstrual
cycles. Am. J. Clin. Nutr. 1995, 61, 39-43. [PubMed]

Bisdee, ].T.; James, W.P; Shaw, M.A. Changes in energy expenditure during the menstrual cycle. Br. J. Nutr.
1989, 61, 187-199. [CrossRef] [PubMed]

Tai, M.M.; Castillo, T.P.; Pi-Sunyer, EX. Thermic effect of food during each phase of the menstrual cycle.
Am. J. Clin. Nutr. 1997, 66, 1110-1115. [PubMed]

Weir, ].B.D.B. New methods for calculating metabolic rate with special reference to protein metabolism.
J. Physiol. 1949, 109, 1-9. [CrossRef] [PubMed]

Reeves, M.M.; Davies, P.S.W.; Bauer, J.; Battistutta, D. Reducing the time period of steady state does not
affect the accuracy of energy expenditure measurements by indirect calorimetry. J. Appl. Physiol. 2004, 97,
130-134. [CrossRef] [PubMed]

FAO/WHO/UNU (Food and Agricultural Organisation/World Health Organisation/United Nations
University). Energy and Protein Requirements; WHO Technical Report Series No. 724; World Health
Organisation: Geneva, Switzerland, 1985.

Mifflin, M.D; St Jeor, S.T.; Hill, L.A.; Scott, B.J.; Daugherty, S.A.; Koh, Y.O. A new predictive equation for
resting energy expenditure in healthy individuals. Am. J. Clin. Nutr. 1990, 51, 241-247. [PubMed]
MeterPlus-Software Support for Actical. Available online: www.meterplussoftware.com (accessed on
5 September 2017).


http://dx.doi.org/10.1007/s12603-012-0395-3
http://www.ncbi.nlm.nih.gov/pubmed/23459971
http://www.ncbi.nlm.nih.gov/pubmed/19244669
http://dx.doi.org/10.1038/ijo.2012.218
http://www.ncbi.nlm.nih.gov/pubmed/23318720
http://dx.doi.org/10.1016/j.jand.2016.03.018
http://www.ncbi.nlm.nih.gov/pubmed/27138231
http://dx.doi.org/10.1111/j.1467-789X.2012.01000.x
http://www.ncbi.nlm.nih.gov/pubmed/22568725
http://dx.doi.org/10.1038/ejcn.2013.38
http://www.ncbi.nlm.nih.gov/pubmed/23443826
http://dx.doi.org/10.1079/PHN2005801
http://www.ncbi.nlm.nih.gov/pubmed/16277825
http://www.ncbi.nlm.nih.gov/pubmed/4072952
http://dx.doi.org/10.1016/j.clnu.2013.03.022
http://www.ncbi.nlm.nih.gov/pubmed/23631843
http://dx.doi.org/10.1038/sj.ejcn.1602500
http://www.ncbi.nlm.nih.gov/pubmed/16900083
http://dx.doi.org/10.1155/2014/512013
http://www.ncbi.nlm.nih.gov/pubmed/24744781
http://dx.doi.org/10.1016/j.jada.2006.02.009
http://www.ncbi.nlm.nih.gov/pubmed/16720129
http://www.ncbi.nlm.nih.gov/pubmed/7825535
http://dx.doi.org/10.1079/BJN19890108
http://www.ncbi.nlm.nih.gov/pubmed/2706224
http://www.ncbi.nlm.nih.gov/pubmed/9356527
http://dx.doi.org/10.1113/jphysiol.1949.sp004363
http://www.ncbi.nlm.nih.gov/pubmed/15394301
http://dx.doi.org/10.1152/japplphysiol.01212.2003
http://www.ncbi.nlm.nih.gov/pubmed/15020579
http://www.ncbi.nlm.nih.gov/pubmed/2305711
www.meterplussoftware.com

Nutrients 2017, 9, 1012 15 of 15

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Troiano, R.P; Berrigan, D.; Dodd, K.W.; Masse, L.C.; Tilert, T.; Mcdowell, M. Physical activity in the United
States measured by accelerometer. Med. Sci. Sports Exerc. 2008, 40, 181-188. [CrossRef] [PubMed]

Colley, R.C.; Garriguet, D.; Janssen, I.; Craig, C.L.; Clarke, J.; Tremblay, M.S. Physical activity of Canadian
adults: Accelerometer results from the 2007 to 2009 Canadian Health Measures Survey. Health Rep. 2011, 22,
7-14. [PubMed]

Wong, S.L.; Colley, R.; Connor Gorber, S.; Tremblay, M. Actical accelerometer sedentary activity thresholds
for adults. J. Phys. Act. Health 2011, 8, 587-591. [CrossRef] [PubMed]

Colley, R.C.; Tremblay, M.S. Moderate and vigorous physical activity intensity cut-points for the Actical
accelerometer. . Sport Sci. 2011, 29, 783-789. [CrossRef] [PubMed]

Department of Human Nutrition, University of Otago. Kai-Culator [v1.08] Including Foodfiles 2010v2;
University of Otago: Dunedin, New Zealand, 2013.

Gibson, R. Validity in dietary assessment methods. In Principles of Nutritional Assessment; Oxford University
Press: Oxford, UK, 2005; pp. 149-196.

Heymsfield, S.B.; Thomas, D.; Bosy-Westphal, A.; Shen, W.; Peterson, C.M.; Miiller, M.]. Evolving concepts
on adjusting human resting energy expenditure measurements for body size. Obes. Rev. 2012, 13, 1001-1014.
[CrossRef] [PubMed]

Pennington Biomedical Research. Weight Loss Predictor; Louisianna State University: Baton Rouge, LA,
USA; Available online: http://www.pbrc.edu/research-and-faculty /calculators /weight-loss-predictor/
(accessed on 26 October 2016).

Thomas, D.M.; Martin, C.K.; Heymsfield, S.; Redman, L.M.; Schoeller, D.A.; Levine, J.A. A simple model
predicting individual weight change in humans. J. Biol. Dyn 2011, 5, 579-599. [CrossRef] [PubMed]

Zurlo, F,; Lillioja, S.; Esposito-Del Puente, A.; Nyomba, B.L.; Raz, I; Saad, M.E; Swinburn, B.A,;
Knowler, W.C.; Borgardus, C.; Ravussin, E. Low ratio of fat to carbohydrate oxidation as predictor of
weight gain: Study of 24-h RQ. Am. ]. Physiol. 1990, 259, 650-657.

Livingstone, M.B.E.; Black, A.E. Markers of the validity of reported energy intake. ]. Nutr. 2003, 133
(Suppl. S3), 895-920.

Poslusna, K.; Ruprich, J.; De Vries, ] HM.; Jakubikova, M.; Van't Veer, P. Misreporting of energy and
micronutrient intake estimated by food records and 24 hour recalls, control and adjustment methods in
practice. Br. J. Nutr. 2009, 101 (Suppl. S2), 73-85. [CrossRef] [PubMed]

Myfitnesspal. BMR Calculator. Available online: http://myfitnesspal.com/tools/bmr-calculator (accessed
on 1 May 2017).

Nutrino. Nutrino Explains: How We Really Calculate Your Breakdown. Available online: https://nutrino.
co/nutrino-tell-all-how-we-really-calculate-your-break (accessed on 1 May 2017).

Fitday. Free Diet and Weight Loss Journal. Available online: www.fitday.com/fitness-articles/fitness/
equipment/calculating-basal-metabolic-rate-and-body-temperature.html (accessed on 1 May 2017).
Perez, S. Under Armour Snatches Up Health and Fitness Trackers Endomondo and myfitnesspal. Available
online: http://social.techcrunch.com/2015/02/04/athletic-apparel-company-under-armour-snathces-up-
health-and-fitness-trackers-endomondo-and-myfitnesspal (accessed on 1 May 2017).

FITDAY. Available online: www.fitday.com (accessed on 5 September 2017).

Manini, T.M. Energy expenditure and aging. Ageing Res. Rev. 2010, 9, 1-11. [CrossRef] [PubMed]
Speakman, ].R.; Selman, C. Physical activity and resting metabolic rate. Proc. Nutr. Soc. 2003, 62, 621-634.
[CrossRef] [PubMed]

Stiegler, P.; Cunliffe, A. The role of diet and exercise for the maintenance of fat-free mass and resting metabolic
rate during weight loss. Sports Med. 2006, 36, 239-262. [CrossRef] [PubMed]

® © 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1249/mss.0b013e31815a51b3
http://www.ncbi.nlm.nih.gov/pubmed/18091006
http://www.ncbi.nlm.nih.gov/pubmed/21510585
http://dx.doi.org/10.1123/jpah.8.4.587
http://www.ncbi.nlm.nih.gov/pubmed/21597132
http://dx.doi.org/10.1080/02640414.2011.557744
http://www.ncbi.nlm.nih.gov/pubmed/21424979
http://dx.doi.org/10.1111/j.1467-789X.2012.01019.x
http://www.ncbi.nlm.nih.gov/pubmed/22863371
http://www.pbrc.edu/research-and-faculty/calculators/weight-loss-predictor/
http://dx.doi.org/10.1080/17513758.2010.508541
http://www.ncbi.nlm.nih.gov/pubmed/24707319
http://dx.doi.org/10.1017/S0007114509990602
http://www.ncbi.nlm.nih.gov/pubmed/19594967
http://myfitnesspal.com/tools/bmr-calculator
https://nutrino.co/nutrino-tell-all-how-we-really-calculate-your-break
https://nutrino.co/nutrino-tell-all-how-we-really-calculate-your-break
www.fitday.com/fitness-articles/fitness/equipment/calculating-basal-metabolic-rate-and-body-temperature.html
www.fitday.com/fitness-articles/fitness/equipment/calculating-basal-metabolic-rate-and-body-temperature.html
http://social.techcrunch.com/2015/02/04/athletic-apparel-company-under-armour-snathces-up-health-and-fitness-trackers-endomondo-and-myfitnesspal
http://social.techcrunch.com/2015/02/04/athletic-apparel-company-under-armour-snathces-up-health-and-fitness-trackers-endomondo-and-myfitnesspal
www.fitday.com
http://dx.doi.org/10.1016/j.arr.2009.08.002
http://www.ncbi.nlm.nih.gov/pubmed/19698803
http://dx.doi.org/10.1079/PNS2003282
http://www.ncbi.nlm.nih.gov/pubmed/14692598
http://dx.doi.org/10.2165/00007256-200636030-00005
http://www.ncbi.nlm.nih.gov/pubmed/16526835
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Study Participants 
	Body Composition 
	Resting Metabolic Rate 
	Predictive Equations for Estimating Resting Metabolic Rate (RMR) 
	Physical Activity 
	Dietary Assessment 
	Statistical Analysis 

	Results 
	Participant Characteristics 
	Dietary Intake 
	Weight History 
	Resting Metabolic Rate (RMR) 

	Discussion 
	Conclusions 

