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Abstract

It is unclear which energy expenditure prediction equation should guide weight loss interventions
in older adults with obesity. We ascertained the validity of four equations commonly used in
practice in a series of weight loss studies of adults aged =65 with a body mass index =30kg/m?
using indirect calorimetry data. Diagnostic accuracy was defined as <10% discrepancy between
predicted and measured resting metabolic rate (RMR). Mean was 73.4 years. RMR using the
ReeVue was 1,643 kCal. With 59.0% accuracy, the WHO equation demonstrated the highest
accuracy while the Harris-Benedict yielded 53.5% accuracy. The Owens equation demonstrated
the least variability (21.5% overprediction, 27.8% underprediction) with 50.7% accuracy. A SECA
bioimpedance analyzer noted the second lowest accuracy of 49.6%. Only 43.1% of measurements
were within 10% of the gold-standard indirect calorimetry value using the Mifflin equation. All
equations demonstrated <60% accuracy suggesting a great need for estimating energy needs.
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INTRODUCTION

Basal metabolic rate (BMR), or the minimum amount of energy needed to sustain basic
metabolic function, constitutes the largest proportion of an individual’s metabolic needs,
making established prediction equations important in ascertaining energy requirements.
The conditions required to measure BMR are often prohibitively restrictive, so resting
metabolic rate (RMR) or resting energy expenditure (REE), the amount of energy burned
by the body at rest, can be used as a close proxy. Calculations of energy needs are often
applied in the hospital setting to ensure nutritional needs are being met adequately?, but are
also equally important in those requiring tube feeds? or parenteral nutrition.# In ambulatory
settings, equations can also be applied during weight loss efforts to estimate the patient’s
energy expenditure. Calculation of energy needs permit creation of dietary plans and caloric
intake recommendations® to induce net negative energy balance that can promote weight
loss.

Indirect calorimetry is considered the gold standard for calculating RMR’; however, it

is time consuming, requires specialized equipment, and is impractical in most clinical

and low-resource settings with few specialized nutritional personnel. Different equations,
including the Harris-Benedict®, Mifflin%, Owen10.11 and one developed by the World Health
Organization!2, derive estimates of RMR by incorporating different anthropometric and
clinically available variables. In patients with obesity, the Mifflin equation has been shown
to be the most accuratel3-14, However, it exhibits the greatest degree of bias!® in older
adults. The Harris-Benedict equation has been shown to be within 10% of the measured
RMR over 60% of the time, as opposed to the WHO, Owen, and Mifflin equations!®. A
systematic review by Cioffi et al suggested that the Mifflin equation had the least overall
bias in older subjects at the group level, but that the Harris-Benedict equation was more
accurate on an individual level.16

Changes in body composition, including lean, fat and visceral mass, that occur with aging
negatively impact the sensitivity of traditional nutritional measures such as body mass
index1”. In fact, with increasing age, the contribution of skeletal muscle mass to total
body weight decreases by as much as 50%.18 Additionally fat distribution changes, with
increased deposition in the muscle and liver. As metabolic rate is impacted by age!® and
obesity20, it is unclear whether clinicians can assume that such equations are still valid in
these subgroups. Inaccuracies of modest numbers of daily calories may cumulatively lead
to unintended weight gain or loss.2122 RMR typically falls with age23, further highlighting
the importance of the accuracy of these equations, as weight gain may compound existing
mobility impairments predisposing patients to long-term disability and morbidity24. For
those attempting to lose weight, greater satisfaction is associated with amount of weight
lost.25, Thus, inaccurate estimates could lead to greater frustration if energy needs are
overestimated which can lead to an inability to lose excess weight. While some studies
have evaluated the validity of these equations in older adults, others have done so only

in individuals with obesity. There is a dearth of literature on the intersection of these two
subgroups despite their public health significance. To address this gap, we assessed the
validity of the four most commonly used equations in clinical practice using data from
previously collected clinical trials in older adults with obesity.
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MATERIALS AND METHODS:
Study Setting and Participants

Participants were recruited from two weight loss studies of older adults conducted in a

rural region of New Hampshire and Vermont. The study population and setting have been
previously described in detail.26:27 For this study, older adults aged >65 years, with a body
mass index >30kg/m? that participated and consented in two studies of three- and six-month
duration, consisting of a dietary and exercise health promotion intervention were included
in the analysis. We identified participants from these trials that had primary data measures
to conduct our analysis which included those who dropped out of the intervention, as
outlined below. Our purpose of this analysis was not to evaluate the change of a weight

loss intervention on resting energy expenditure but was to ascertain validity of the equations
based on available data. Individual person-level pre/post data on 85 unique participants

was evaluated, for a total of 144 measurements. The study was approved by the Dartmouth-
Hitchcock institutional Review Board (28905), and the University of North Carolina at
Chapel Hill Institutional Review Board (20-2541).

Measured Indirect Calorimetry (Gold Standard)

Measured RMR was obtained using the ReeVue indirect calorimeter from Korr Medical
Technologies, Inc. (Korr Technologies, Salt Lake City, UT). Patients were instructed to
abstain from exercise on the day of the test and abstain from eating for at least eight

hours prior to measurement of RMR (overnight fast). Before beginning the test, a plastic
clip was placed on the patient’s nose to ensure that all exhaled breath was routed into

a mouthpiece, which the patient held between their lips. The mouthpiece was connected

to the MetaBreather tubing, which in turn was attached to the ReeVue. The test duration
lasted approximately ten minutes to achieve steady-state. During this time, concentration

of expired oxygen using a galvanic fuel cell oxygen sensor and tidal volume (mL) using a
fixed orifice differential pressure pneumotach air flow sensor was measured. The volume of
oxygen consumed as represented by VO, (mL/min) was calculated using the measured tidal
volume, concentration of expired oxygen, and a correction factor derived from the humidity,
atmospheric pressure, and temperature as sensed by the machine. The ReeVue then used

a conversion factor of 4.813 calories/mL O, consumed to calculate the kcal/day of resting
energy expenditure (REE). The ReeVue has been validated against the Deltatrac metabolic
cart, a traditional indirect calorimeter which uses both O, and CO, concentration to measure
REE in younger adults.?8 In a regression analysis, the two devices were found to have an R?
of 0.975.2°

Predicted REE

Four commonly used resting energy expenditure equations, Harris-Benedict, Mifflin,
Owens, and the World Health Organization/Food and Agriculture Organization/United
Nations University (WHO), were evaluated against the measured RMR. Their variables and
validity based on a younger adult population3C are reported in Table 1. The Harris-Benedict
equation was developed in 1918 based on a study of 136 men and 103 women and derived
using regression formulas31, and it has been validated to individuals with the following
characteristics: weight 25.0-124.9 kg, height 151-200 cm, and age 21-70 years. Mifflin et
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al derived a new equation in 1990 from a study of 498 subjects (247 females, 251 males)
aged 19-78 years (mean 45+14), with BMIs ranging from normal to obese®. In 1986, Owen
et al studied 44 healthy, lean and women with obesity in order to derive a new prediction
equation. The ages of these women ranged from 18-65 years with body weights from 43—
143kg.19:11 Owen et al also conducted a reappraisal the following year of 60 healthy, lean
and men with obesity, age range 18-82 years, weighing 60-181kg.1911 A 1985 report by the
World Health Organization examined in depth the energy and nutritional needs of humans32.
In this work, these authors derived RMR equations for different age groups, including the
60+ population. An additional measure of REE was obtained via the SECA bioimpedance
analyzer which uses a proprietary equation.

Body Composition & Anthropometry

The SECA mCBA (Hamburg, Germany) is a non-invasive diagnostic tool that measures
percent fat mass, fat-free mass, lean muscle mass and total body water using the 8-point
method.33 The scan begins with entering a person’s body height and weight into the
apparatus. One’s shoes and socks must be removed in order to make contact with the

pair of foot electrodes. The three pairs of hand electrodes are attached at different heights
depending on the subject’s height (valid for a range of 1.6-2.0 m). Participants report an
approximate level of physical activity which is also entered into the apparatus. The scan is
performed by running a flow of low alternating current on each side of the body through the
attached electrodes.

Participant height and weight were assessed by a trained research assistant. Height was
measured (in cm) using a SECA stadiometer, with shoes off, back and feet against the wall,
with the top of the device abutting the crown of their head. Weight was assessed (in kg)
using an A+D digital scale, with shoes off and only pants and a shirt permitted.

Statistical Analysis

All continuous values are represented as means + standard deviations or counts (%). A
t-test assessed differences between both males and females, and between the measured

gold standard ReeVue REE, and each of the individual equations. Percent difference was
calculated as the quotient of the difference between the equation and the gold standard,

and the gold standard itself. The maximum overestimation/minimum underestimation was
calculated as the difference between the ReeVue gold standard value and the value generated
from the question. Percent over/under-estimation was determined as the quotient of this
difference and the gold standard. A spearman correlation coefficient evaluated the values
between the gold standard and the specific equation. Bland-Altman plots compared each
RMR estimate to measured indirect calorimetry wherein the limits of agreement are defined
as two standard deviations of the difference between estimated and measured RMR.34
Prediction bias was calculated as the difference between measured indirect calorimetry and
estimated RMR. Equation accuracy was categorized if the equation was within £10% of the
indirect calorimetry equation. A p-value <0.05 was considered statistically significant. Data
analysis was conducted with Microsoft Office 365 (Seattle, WA) and R (www.r-project.org).
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RESULTS

Of the 73 unique participants, data points were available on forty males and 104 females,

of whom all were white. Baseline characteristics are presented in Table 2. Average age was
74.4+5.1 and 73.1 £4.5 years, BMI was 35.4 +5.9 and 36.7 +5.4 kg/m2, and percent body
fat was 35.4 £5.9% and 50.3 £4.1% for men and women, respectively. The mean RMR of
the sample as determined by ReeVue indirect calorimetry was 1,643+396 kcal/day (Table 3).
The mean, as estimated by each equation, was similar to the ReeVue mean (p>0.05) with
the exception of Mifflin equation (p<0.001) and the value generated by SECA. There was,
however, markedly more variability in the ReeVue values (standard deviation 396) versus
those estimated by the equations where it ranged from 245 to 279. The discrepancy was
particularly large on the lower end, with a minimum RMR of 617 as measured by ReeVue,
as compared with calculated minimums which ranged from 1,100 (Mifflin) to 1,323 (WHO).
Eight out of the 144 study participants had measured RMRs which were less than 1000. In
six participants, RMR was overestimated between 60-100% by each of the five equations.
Owen, Harris-Benedict, and the WHO formulae had the lowest % difference as compared to
the gold standard.

The Mifflin equation also had a strong tendency to under-predict RMR, with a prediction
bias of 548 (Table 4). The other equations did not have as high of a prediction bias
(Harris-Benedict: 36; Owen 41; WHO 27; SECA 40 kCal). Bland-Altman plots revealed
proportional bias in all four of the other equations (Figure 1). When mean BMR was <1500
kCal, the Harris-Benedict, Owen, WHO, and SECA equations all tended to over-predict.
When mean RMR was >2000 kCal, the equations each tended to under-predict. The WHO
equation was the most consistent in estimating RMR within 10% of the ReeVue values,
although it still failed to do so 40% of the time. The Harris-Benedict, Owen, and SECA were
accurate in 54%, 51%, and 50% of the time respectively. Mifflin’s accuracy was the lowest
(43%), under-predicting by >10% nearly half the time (44%).

DISCUSSION

Our findings demonstrated that the WHO equation fared best in a population of older adults
with obesity, but the Owen equation demonstrated the least under/over prediction variability
in this population. In fact, none of the four equations we tested were consistently able to
accurately estimate RMR in an older population with obesity with accuracy levels <60%.
Even with a relatively modest RMR of 1000 kcal/day, a ten percent error would amount to
100 kcal/day or roughly one pound per month. These findings suggest the importance of a
contact need in developing an equation that provides high diagnostic accuracy in older adults
with obesity.

The WHO equation performed best in our cohort of older adults with obesity, but still failed
to estimate patients BMR within 10%, forty-one percent of the time. The Mifflin equation
had a prediction bias of 584, meaning that on average, it under predicted by 584 kcal/day

in this population. If we use the common estimate of 3,500 calories per pound, 500 extra
calories per day over seven days equates to one pound per week. For patients attempting the
common target of losing a pound per week, this would completely negate any progress. For

J Nutr Gerontol Geriatr. Author manuscript; available in PMC 2023 May 03.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Griffith et al.

Page 6

those attempting to maintain their weight, they could gain as much as fifty pounds in one
year. While metabolic adaptation may prevent this from occurring3®, it behooves researchers
to develop equations in the future that better estimate energy requirements in this at-risk
population.

Part of the study population had measured RMR far below the predicted values, which may
have impacted the equations’ ability to produce accurate estimates. While our measuring
techniques were standardized, measurement error can potentially impact our results. These
findings suggest the need for prediction equations with lower thresholds. Importantly,
clinicians and researchers alike should be cautious of estimated caloric intake both at low
and high values. Further research is needed to better identify these patients and produce
more accurate models to estimate their energy needs.

Other studies have focused primarily either on adults with obesity or older adults separately.
There have been discrepancies between the results of studies in the two populations with
regards to the accuracy of the Mifflin equation. It performed among the best in patients
with obesity but worst with older adults1315:36, Qur results were consistent with the latter,
as the Mifflin equation had both the lowest percent accuracy, where only 43% of patients
estimated RMR was within 10% of the measured value, as well as the largest prediction
bias of 548. Our findings suggest that with advanced age, the Mifflin tends to under-predict
even in those with obesity. Potential areas of further investigation include examining the
correlation between age and the accuracy of the Mifflin equation in more depth, to evaluate
whether the degree of bias becomes more pronounced as age increases. Hasson et al did
stratify patients by age and found that Mifflin under-predicted in their oldest category 50-60
year old3’, however it is unclear whether that trend becomes more pronounced with patients
in their 60s versus 70s versus 80s. The Harris-Benedict was found to be most accurate in
older adults by Siervo et al'®. In our study, it performed reasonably well and may still be
acceptable to use in older adults with obesity with an accuracy of 53.5%. It had the second
smallest prediction bias of 36 and the second highest portion of patients accurate within ten
percent. Still, it failed to estimate RMR within ten percent nearly half the time, reinforcing
the need for better prediction models.

Importantly, our analysis was not meant to ascertain the impact of weight loss on resting
energy expenditure. While participants did lose weight and may impact REE as a result

of metabolic adaptation, the goal was to determine whether certain variables could impact
the validity of the equations independent of the degree of weight loss — strictly looking

at measurements within a demographic group that is often excluded in clinical trials. Still
metabolic adaptation could be one factor which contributes to the inadequate performance of
all of the equations this study evaluated. The variables in all four equations were limited to
weight, height, and age,810:11.31.32 none of which would factor in changes due to metabolic
adaptation.

There were some limitations of this study. Our population’s demographic characteristics
focused on rural participants which could limit generalizability. Our values used were based
on a population that was entirely white, reflecting the demographics of our region and
hence, generalization to other ethnic/racial groups should be made with caution. Future
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research may center on other geographic areas or more racially diverse study populations.
Additionally, this study was not sufficiently powered to allow multivariate analysis and
our analysis was limited to a validity study. It would be worthwhile to repeat the study
with a larger sample to permit stratification by sex. There is a strong likelihood that some
models may be more accurate for men and others for women. In their investigation of
patients with and without obesity, others found that the Harris-Benedict equation was valid
for women of all BMIs, but tended to under-predict for men38. Furthermore, we used

the REEVue as our gold-standard in contrast to other methods with greater accuracy and
validity. While we recognize the REEVue’s measurement has been challenged in the past,38
this apparatus is more practical and scalable than others, including metabolic chambers or
doubly-labeled water. Lastly, using newer analytical methods, such as machine learning
could much improve the accuracy of calculating RMR.

This study addresses a gap in the current literature by evaluating the validity of REE
equations that are commonly used in clinical practice in a specific population - older

adults with obesity. These equations have been previously validated in older adults and

in those with obesity, but not in the intersection between these two groups. This study
highlights the need for better pragmatic clinical techniques to estimate RMR in older adults
with obesity. A key first step would be identifying the populations whose RMR was not
adequately estimated by the existing equations and determine if there are common variables
that could be incorporated into future models. There may be additional variables that can
be identified with further research in order to improve the predictive abilities of the current
RMR equations. For example, thyroid function is closely correlated to RMR39, and thyroid
stimulating hormone and free T, are laboratory measures that are inexpensive and easily
obtainable. Future research can also potentially evaluate the impact of body composition or
hydration status on such equations. Admittedly, these types of equations are limited by the
assumption that all calories are metabolized equally. This is likely not entirely accurate
although some of these discrepancies may be accounted for by differences in TEE.40
Evaluating the incremental improvement in the diagnostic accuracy of REE may require

an adjustment to existing equations; in addition, their cost-effectiveness would need to be
ascertained. In the interim, our findings suggest that equations may not provide reasonable
substitutes for measurement by calorimetry if accuracy is required. Overall, our research
highlights the gaps and areas of improvement in the RMR equations when applied to an
increasingly important population, older adults with obesity. We caution clinicians in fully
relying on such equations.

Older adults with obesity make up a growing part of the population that has not been
adequately evaluated. Maintaining weight homeostasis has considerable value to prevent
disability. Hence an equation that can easily be integrated into the health system and EMR to
readily assess expenditure is key to helping providers create more individualized treatment
plans. Yet, their reliability needs to be established to surmount the existing shortcomings.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Bland-Altman Plots Comparing the Indirect Calorimetry (ReeVue) and Prediction

Equations listed in Table 2.

Bland-Altman plots were created by plotting the difference between the gold standard and
the equation (y-axis) versus the average of both values (x-axis) for each of the five equations
that were evaluated. Values on both axises are in kilocalories/day. The dotted line represents
the limits of agreement (2 standard deviations). All estimated values demonstrate bias
particularly at lower levels. The positive trend of each plot suggests systematic error at low
and high values wherein low values underestimate and higher values tend of overestimate

ReeVue.
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Table 2:

Baseline Characteristics of Data Points Used (n=144)

Males Females p-value

n=40 n=104
Age, years 74.4 5.1 73.1%45 0.16
Weight, kg 106.4 £19.4 93.0 £15.5 <0.001
Height, cm 173.2 8.4 159.2 6.3 <0.001
White Race 40 (100%) | 104 (100%) —
BMI, kg/m 2 354459 36.7 +5.4 0.25
Waist Circumference, cm | 119.1 #13.4 | 114.5+30.8 0.21
Hip Circumference, cm 121.9+11.8 | 124.6 £11.0 0.21
Waist-Hip Ratio 0.98 £0.07 0.92 +0.22 0.02
% Body Fat 39.2+6.8 50.3+4.1 <0.001
% Fat Free Mass 60.8 +6.8 49.7+4.1 <0.001

Values reported as means +/- standard deviation or counts (%). P-values reported are the differences between sexes

Abbreviations: BMI — Body Mass Index; REE — Resting Energy Expenditure
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