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Abstract

Dietary requirements in athletes are critical to overall health and performance,
yet no formula to predict dietary needs is available for female athletes. This study’s
pufpose was to develop a validated prediction equation to predict the resting metabolic
needs of female athletes. 63 NCAA Division Il female athletes (19.7 + 1.1 years, 169.3 +
8.6 cm, 67.5 £ 9.1 kg) were recruited as participants in this study. Upon providing their
informed consent, study participants arrived for testing in the morning between the
hours of 0600 — 1000 after observing a ~10 hour fast and within 30 — 60 minutes of
waking up. Demographic information, dietary intake and daily activity were recorded
before having height and weight determined. Subjects then had their resting metabolic
rate determined using indirect calorimetry. Using one-way ANOVA, significant
differences in height, weight, body surface area, body density, fat mass, body fat % and
fat-free mass were found (p< 0.05). Multiple regression statistical techniques were used
to develop prediction equations for resting metabolic rate. Both equations found to have
excellent agreement (r = 0.55 - 62, p< 0.01) and were not significantly different from
measured resting metabolic rate values using paired samples t-tests (p < 0.05). Cross-
validation techniques using a random sample from the study cohort yielded excellent
agreement (r = 0.99, p < 0.001) and, again, was not significantly different from
measured resting metabolic rate values (p > 0.05). Further validation was made by
additional dependent t-tests using previously validated prediction equations. Findings
from this study and future development of this research could enhance our
understanding and ability to determine caloric needs in competitive, collegiate female
athletes, which will help all athletes, coaches and support staff better understand the

dietary requirements of female athletes.
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Chapter I: Introduction

Resting metabolic rate (RMR) represents the amount of energy required to
sustain the functioning of the body’s internal systems without the consideration of daily
activity and accounts for 60-75% of an individual’s total daily energy expenditure (Byrne
& Wilmore 2001a; Kang 2008). Since RMR comprises such a large percentage of daily
total energy expenditure, slight changes in RMR can drastically impact weight and
performance in athletes. It is vital to determine RMR in female athletes when optimizing
body composition to create a competitive advantage in terms of strength-to-mass ratio,
aesthetic appearance, and/or efficiency of movement (Trexler et al. 2014). The most
influential factor affecting RMR is fat-free mass (FFM) (Byrne & Wilmore 2001a; Byrne
& Wilmore 2001b). Athletes usually have more FFM than the non-athlete population,
and therefore, athletes’ RMR will be dramatically influenced by this factor.

Meeting dietary requirements in female athletes are critical to overall health and
optimal athletic performance. All nutritional requirements must be met by the athlete in
order to fuel muscles and promote sufficient repair and recovery while maintaining body
mass. Participation in athletics and the volume of training that accompanies such
participation increases the caloric requirements of the body as well as the body’s need
for key nutrients such as carbohydrates and protein (Rodriguez et al. 2009h; Genton et
al. 2010). Control of body composition requires an appropriate energy balance, or the
ratio of calories ingested to calories expended, which is an aspect of an athlete’s
competitive profile that can be manipulated to promote performance enhancement.
Energy balance needs to be equal for maintenance, positive for weight gain, and

negative for weight loss. Consuming insufficient calories can have a negative impact on
















induced tearing within tissues, and protein synthesis (Potteiger et al. 2008). All of these
factors will cause an increase in RMR after consistent exercise training; a condition
NCAA female athletes are subject to for their entire career.

FFM can be used to estimate resting energy expenditure as seen in the equation
developed by McArdle et al. (Kang 2008). FFM is more metabolically active than fat
mass and is composed of organs, such as the liver, kidney, heart and brain, muscle,
skin, bones, ligaments, tendons and water content. FFM has a linear relationship with
RMR; as one increases, so does the other, making it simple to predict RMR based on
FFM. This relationship is due to the fact that FFM is the largest contributor to the total
resting metabolic rate, accounting for 50-60% of the variance (Caudwell et al. 2013).
The research used a mixed gender subject pool, so one equation was created to apply
to both males and females. Due to the fact that this equation takes FFM into account,
the researchers felt that it would automatically reflect gender differences since women
have reduced FFM compared to men (Kang 2008). McArdle et al. also felt, for this same
reason, that this single equation could be used for all ages because the reduction in
RMR as people age can largely be explained by decreasing FFM (Kang 2008). What
this equation did not take into account, however, are the differences in RMR between
highly-trained athletes and the moderate or low-fitness levels in the average population
or the biological differences between males and females that cannot be accounted for
by using FFM. Due to these factors and other unmentioned factors that cause
variability, it is important that a specific validated equation is developed so female
athletes will understand the amount of calories their bodies need at rest in order to

maintain energy balance and maximize performance.
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Determination of Energy Expenditure

Resting metabolic rate can be measured or estimated using several different
methods. Direct calorimetry is the most accurate and involves the measurement of heat
production during metabolism (Kang 2008). Direct measurement of heat production is
precise and is based on the concept that 1 calorie is equal to the amount of heat
required to raise the temperature of 1 gram of water by 1°C (Kang 2008). Subjects
would live and perform activities inside a closed chamber for an extended period of
time. These chambers are extremely expensive and require days of subject isolation in
order to get accurate readings. Also, the results can be affected by extra heat that
machines produce within the environment to operate that is not the result of metabolism
(Kang 2008). Measuring resting energy expenditure using direct calorimetry is
complicated and requires controlling for a large number of factors that, in many
situations, is impractical. As a result, it has become common for measurements of
resting metabolic rate to be completed using indirect calorimetry.

Indirect calorimetry is the measurement of whole-body respiratory gas exchange
in order to estimate the amount of energy produced through the body’s internal
oxidative process (Kang 2008). Essentially all bioenergetic processes are oxygen
dependent which is how the rationale behind indirect calorimetry was developed (Kang
2008). This method determines how much oxygen is required to complete biological
combustion. There is a direct relationship between the amount of heat produced and
oxygen consumption as a result of biological oxidation, which is why this method can be
used as an indirect means of estimating energy metabolism (Kang 2008). While the

measurement process itself is relatively easy, indirect calorimetry is also complicated by
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the need for expensive, technical and highly sophisticated equipment to complete these
measurements. The equipment requires careful calibration by trained professionals and
the tests are time consuming, especially for large populations of NCAA athletes,
rendering the testing process unfeasible. Furthermore, many universities do not have
access to metabolic testing equipment for use with their athletes for the purpose of
nutritional counseling. For these reasons, statistical prediction equations have been
developed in a number of populations to predict resting metabolic rate using very simple
and inexpensive data that can easily be obtained from any person (e.g., age, height,
and weight).

Prediction of Energy Needs

The most commonly used prediction equations include the Harris-Benedict,
Mifflin, Owen, Schofield, McArdle and Cunningham equations. In 1919, Harris and
Benedict published their report that provided the first prediction equation in human
physiology for resting metabolic rate (Harris & Benedict 1919). The impact of their work
remains unquestioned as their formulas are used across all aspects of dietetics and
clinical nutrition settings (Rodriguez et al. 2009a; Turocy et al. 2011). In their original
study, Harris and Benedict measured the metabolic rate in 239 subjects they classified
as normal whose ages ranged from 8 — 93 years. As comprehensive as their study
cohort is, only 18 of the men were classified as athletes (according to 1919 standards)
and none of the subjects were female (Frankenfield et al. 1998).

While the Harris-Benedict equation, and other equations like it, appear to be
suitable for determining resting metabolic needs in normal, healthy volunteers, their

approach may not be accurate for other specialized populations. For example, Roza
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and Shizgal reanalyzed a portion of data to determine if existing equations can be used
in malnourished populations (Roza and Shizgal 1984) and concluded marginal success
was achieved. Similarly, Li and colleagues compared the ability of the Harris-Benedict
equations and other published equations to accurately predict metabolic rates and
determined that all equations grossly overestimated caloric needs in a population of
young, healthy females (Li et al. 2010). Owen in 1986 was one of the first authors to
publish a study that developed a prediction equation that was suitable for healthy
women, but only 8 female athletes were included in their study cohort (Owen et al.
1986). An excellent systematic review published by Frankenfield in 2005 compared
several predictive equations for their ability to consistently and accurately predict resting
metabolic rate in healthy non-obese and obese adults and concluded that the Harris-
Benedict and Mifflin-St. Joer equations performed the best, but both had limitations in
this population (Frankenfield et al. 2005).

Currently, very limited research is available that has utilized competitive athletes
in the development of a metabolic prediction equation. Due to high energy expenditure
rates, lower amounts of fat mass, and higher amounts of fat-free mass, athletes
represent a unique population from a metabolic perspective. As mentioned previously,
only sixteen male athletes were a part of the original Harris-Benedict study cohort and
no females were included. In 1986, Owen used a study population of only females
between the ages of 18 and 65 years to determine a predictive equation (only 8 of these
women were athletes and none were college-aged) (Owen et al. 1986). In 1996,
Thompson and Manore used data from 37 trained endurance athletes (24 men, 13

women) to determine the accuracy of several existing prediction equations and found
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that the Cunningham equation (Cunningham 1980), which requires determination of fat-
free mass, performed the best (Thompson and Manore 1996). De Lorenzo and
investigators in 1999 used data from 51 male athletes to predict metabolic rate. These
authors compared the performance of their newly determined prediction equation
against other generalized, non-athlete equations and concluded that their equation
predicted resting metabolic rate with the greatest degree of accuracy (De Lorenzo et al.
1999).

It is commonly accepted that individuals, such as athletes, who participate in high
amounts of daily exercise, whether it is in the form of training or competition, expend
greater amounts of energy and as a result have greater total daily caloric requirements
(Rodriguez et al. 2009a). An athlete’s dietary status is one key factor that can impact
how well they perform, the quality of their training, and how effectively their body can
adapt and recover from cumulative exercise stress (Rodriguez et al. 2009a). As such,
accurate determination of the caloric needs of an athlete is critically important to ensure
all dietary requirements are met.

In conclusion, accurately predicting metabolic rate is an important and
convenient way for dietitians, athletes, parents, and coaches to estimate daily caloric
needs of athletes. In athletic populations, particularly female athletes, widespread use
of the Harris-Benedict equations may not yield accurate outcomes and currently only
two published studies have incorporated data from 21 female athletes (8 in one study,
13 in another). Most recently, a 2010 paper by Li and colleagues compared the ability
of six previously published equations in a sample of 47 young, healthy, active (non-

athlete) females and concluded that no available equation performed suitably. In their
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conclusion they recommended a new equation be validated for, and prospectively

tested, in young women.

21




Chapter lll: Research Manuscript

This chapter presents a complete manuscript that describes the study in traditional
journal article form including an abstract, introduction, methods, results, discussion,
acknowledgements, and references. The manuscript, entitled “Determining a Resting
Metabolic Rate Prediction Equation for Female Athletes” will be submitted to the
International Journal of Sport and Exercise Metabolism, Journal of the Academy of
Nutrition and Dietetics or Journal of Strength and Conditioning Research when all data
collection is completed. It is currently authored by Alicia Watson, Kyle Witherbee,
Andrea Sulavik, Kimi Peterson, Brad Gieske and Chad Kerksick. The final manuscript
will follow the formatting and style guidelines of the journal. The references cited are

provided at the end of the manuscript.
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INTRODUCTION

Resting metabolic rate (RMR) represents the amount of energy required to
sustain the body’s internal systems without the consideration of activity and accounts for
60-75% of an individual's total daily energy expenditure (Byrne & Wilmore 2001a; Kang
2008). Since resting metabolic rate comprises such a large percentage of daily total
energy expenditure, slight changes can drastically impact weight and performance in
athletes. It is vital to determine resting metabolic rate in athletes in order to optimize
body composition to create a competitive advantage in terms of strength-to-mass ratio,
aesthetic appearance, and/or efficiency of movement (Trexler et al. 2014). The most
influential factor affecting RMR is fat-free mass (FFM) (Byrne & Wilmore 2001a; Byrne
& Wilmore 2001b), a tissue component found in high proportion in athletes.

Dietary requirements in female athletes are critical to overall health and optimal
athletic performance. All nutritional requirements must be met by the body to fuel
muscles and promote sufficient repair and recovery. Participation in athletics and the
volume of training that accompanies such participation increases the caloric
requirements by the body as well as the body’s need for key nutrients such as
carbohydrates and protein (Rodriguez et al. 2009h; Genton et al. 2010). In order to
control body composition, calories ingested versus calories expended needs to be the
appropriate ratio according to weight goals. Energy balance needs to be equal for
maintenance, positive for weight gain, and negative for weight loss. Consuming too
many or too little calories can have a negative impact on health and performance. For
example, weight gain and increases in body fat are often the result of consuming too

many calories when compared to how many calories are being burned each day; a
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situation associated with a decrease in athletic performance (Turocy et al. 2011).
Similarly, if too few calories are consumed, the body is forced to operate in an energy
deficient state which over time can reduce the quality of training, ability to recover, and,
if prolonged, can negatively impact both health and performance (Rodriguez et al.
2009a).

Resting metabolic rate is largely obscured when athletes are under caloric
restriction or undergoing rapid weight loss (Byrne & Wilmore 2001a). Both conditions
are interrelated and cause an immediate reduction in RMR. Energy restriction is
accompanied by the body’s defensive mechanisms including changes in circulating
hormones, mitochondrial efficiency, and energy expenditure that are meant to minimize
the energy deficit, attenuate weight loss, and promote weight regain (Trexler et al.
2014). Caloric restriction causes a negative energy balance, and in combination with
intense exercise will further increase the negative energy balance and RMR. Rapid
weight loss usually is associated with unwarranted loss of FFM. Eating disorders are far
more prominent in female athletes and are a risk factor to consider especially in
aesthetic sports. Byrne and Wilmore state that any “efforts to increase fat-free mass
under such conditions are likely to be suboptimal” (Byrne & Wilmore 2001a). Increasing
fat-free mass in athletes is a primary goal for weight training sessions and is important
to obtain an ideal body composition for success in sport. Accurately determining the
energy requirements of female athletes is integral to providing nutritional counseling to
enhance sports performance. Under or overestimation of athletes’ energy requirements
can result in the loss of FFM, diminished athletic performance and increased risk of

injuries in collegiate female athletes (Castro-Sepulveda et al. 2015).
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Measurement of metabolic needs using either direct or indirect calorimetry is very
limited for use with the athletes in a university setting due to the time, expertise, and
expense of the testing procedures. To avoid these limitations, mathematical equations
have been developed to predict the metabolic activity of individuals using very simple
and inexpensive data that can easily be obtained from any person (e.g., age, height and
weight). One of the most commonly used prediction equations to estimate the resting
metabolic rate of males and females was published in 1919 (Harris & Benedict 1919).
While these equations are widely used across all aspects of dietetics and clinical
nutrition settings, the equations were not developed for use in athletic populations
whereby the entire study population of over 200 participants only included 18 individuals
classified as athletes and none of those individuals were female (Frankenfield et al.
1998).

There is limited published literature is available that has utilized athletic
populations and only three studies are clearly documented to have used female athletes
in their study populations (Owen et al. 1986; Thompson and Manore 1996). One of
these studies was published in 1986 (Owen et al. 1986) and incorporated 8 female
athletes and another study was published in 1996 and used 13 female athletes
(Thompson and Manore 1996). The final study used ninety-three Japanese female
athletes and was recently published in 2011 (Taguchi et al. 2011). This study is the
largest study using only female athletes, but it does not propose a validated equation to
use for estimating resting metabolic rate. Its purpose was to determine if resting energy
expenditure could be accurately assessed using fat -ree mass in female athletes of

varying body size. Ultimately, there are a very limited number of equations that exist in
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the literature that could accurately be used to predict resting metabolic rate in female
collegiate athletes. To this day no validated formula exists to estimate the caloric needs
of female athletes specifically. This is surprising considering recent data from the
National Collegiate Athletic Association (NCAA) which indicated that over 207,800
female athletes participated in NCAA sanctioned sports across all three NCAA divisions
(NCAA 2013).

This study’s purpose is to develop a validated prediction equation to estimate the
resting metabolic needs of female athletes. Findings from this study could greatly
enhance the accuracy and ability to calculate dietary requirements of NCAA female
athletes in all divisions, which will help all athletes, coaches and support staff better
understand the dietary requirements of female athletes.

METHODS

Overview of Research Design

After observing an overnight fast (~10 hours), competitive NCAA Division |l
female athletes arrived for testing in the morning hours between 0600 — 1000. In a
standardized fashion, demographic and anthropometric information, dietary intake, and
resting metabolic rate using indirect calorimetry were determined in all athletes. Multiple
regression statistical techniques to determine the efficacy of a prediction equation for
determination of resting metabolic rate and appropriate cross-validation techniques
were employed. Cross-validation of the developed equation was completed through the
use of paired samples t-tests between predicted RMR values.

Study Participants
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Sixty-three female NCAA Division Il athletes (19.7 + 1.1 years, 169 + 9 cm, 67.5
+ 9.1 kg, 26.4 + 4.9 % fat) participating in basketball, field hockey, golf, gymnastics, ice
hockey, softball, tennis, and volleyball were recruited from Lindenwood University to
participate in this study. Prior to their participation, study participants were given a
detailed explanation of the experimental procedures and then provided their written
consent by signing an informed consent document approved by an accredited IRB
(Integreview, protocol # LU-CK-001, approval date: January 20, 2015). Prior to testing,
all subjects completed a health history questionnaire to identify potential risks or
medications that would affect testing results. Approximately 45% reported regular use of
oral contraceptives. All subjects were healthy and not taking any medications or dietary
supplements that are known to alter metabolism. No athletes reported as being regular
consumers of nicotine and all study participants were asked not to consume caffeine,
alcohol, or nicotine for seven days prior to measurement of their resting metabolic rate.
Subjects were directed to fast for at least 10 hours prior to the determination of their
resting metabolic rate. Participants who deviated from these pre-testing guidelines were
excluded from analysis in the final dataset. Table 1 presents demographic information
for all participants.

Anthropometric Measurements

Upon arrival, all study participants had their height determined using a wall
mounted stadiometer according to standardized procedures. Body mass was
determined using a calibrated electronic scale to the nearest 0.22 kilograms and height
to the nearest 1.3 centimeters. Body surface area was computed using the formula of

Du Bois and Du Bois in 1989: BSA = 0.007184 x Weight®42> x Height®72° (Du Bois and
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Du Bois 1989). Body fat was measured using body density calculated through three-site
skinfold measurements (Jackson and Pollock 1985). Briefly, skinfold thickness
measurements were taken at the triceps, suprailliac, and thigh locations using a
calibrated Lange skinfold caliper in sequential order. The average of two skinfolds was
used unless the second measurement failed to be within two millimeters of the first
measurement. In this instance, a third measurement was taken and the average of the
two closest skinfolds was computed and used for determination of body density. Body
composition (body fat %) was determined using the Siri equation (Thompson et al.
2010; Siri 1993).

Resting Metabolic Rate Measurement

Resting metabolic rate measurements were made using a Parvo Medics
TrueOne Metabolic System (Sandy, UT). Participants completed the non-exertional test
in a fasted state while lying in a supine position on a padded table. A clear, hard, plastic
hood connected to a soft, clear plastic drape was placed over the participants’ neck and
head in order to determine resting oxygen uptake and energy expenditure. If requested,
a blanket was provided for them to keep warm. The laboratory used was a quiet
environment kept between 21 and 24°C. Participants remained awake while lying
motionless for approximately 20 minutes. The metabolic cart was calibrated daily for
gas concentrations and air flow measurements at or below 1% difference. Data were
recorded after the first ten minutes of testing during a five minute period of time in which
criterion variables (VOz2, L/min) changed less than 5% (Matarese 1997).

Dietary Analysis
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Prior to their arrival, study participants were required to complete a four-day diet
log (three week days, one weekend day) for determination of average energy and
macronutrient intake. Diet logs were analyzed by study investigators using an online
dietary analysis platform (Vitabot, Inc.).

Statistical Approach

All statistical determinations were made using a p-value of 0.05 or less and
analyzed using SPSS for Windows, version 22 (Cary, NC). Pearson correlations were
used to determine significant relationships between variables while multiple regression
techniques were used to develop a prediction equation to predict resting metabolic rate
from the available data. Validation of the regression equation was completed by
extracting a random sample from our original cohort and comparing it using correlations
and paired samples t-tests. Further validation using paired samples t-tests were
completed using predicted resting metabolic rate values from previously published
prediction equations.

RESULTS

Results from the one way ANOVA can be found in table 1 for all demographic
variables. Across the entire cohort, age (p = 0.38) was not significantly different while
height (p < 0.001), weight (p< 0.001) and body surface area (p < 0.001) exhibited
significant between-group differences.

Skinfold data collected revealed significant between-group differences for body
density (p < 0.001), sum of skinfolds (p = 0.003), percent body fat (p = 0.001), fat mass
(p = 0.005) and fat-free mass (p < 0.001) (See Table 2). Tukey post-hoc follow-up tests

revealed significant differences (p < 0.05) in body density between the gymnasts and
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field hockey, golf, ice hockey, tennis, softball and volleyball subjects. Body fat
percentages were significantly different (p < 0.05) between gymnasts and the field
hockey, golf, ice hockey, tennis, softball and volleyball subjects. Fat mass estimations
were significantly different (p < 0.05) between the gymnasts and basketball, ice hockey,
tennis, softball and volleyball athletes. Finally, fat-free mass estimates were significantly
different (p < 0.05) between the basketball players and field hockey, golf, gymnasts,
tennis, and softball athletes. Resting metabolic rate calculations revealed that non-
normalized metabolic rate values (kcals/day) were very near the statistical significant
threshold (p = 0.063) while normalized resting metabolic rate values did not appear to
exhibit significant between-group differences (p = 0.21) (Table 3).

Simple bivariate correlations of demographic variables with measured resting
metabolic rate are found in Table 4. Significant correlations between predicted
metabolic rate and height (r = 0.52, p < 0.05), weight (r = 0.59, p < 0.05), and fat-free
mass (r = 0.50, p, 0.05) while age (r = 0.12) and sum of the skinfolds (r = 0.24) were
not significantly correlated (p > 0.05).

Multiple regression techniques involving demographic variables to predict resting

metabolic rate (RMR, kcals/day) values yielded two equations:

Eq. 1: RMR = 88.1 + (2.53 * Height [cm]) + (8.42 * Weight [kg]) + (19.46 * Age [years])

r=0.62, (p <0.01), Standard error of estimate (SEE): 120 kcals, CV: 8.2 %

Eq. 2: RMR = 11.6 + (5.99 * Height [cm]) + (6.16 * FFM [kg]) + (6.8 * Age [years])

r=0.55, (p <0.01), Standard error of estimate (SEE): 128 kcals, CV: 8.7%.
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A number of cross-validation attempts were made to validate the newly
established equations. Paired samples t-tests were first completed using the measured
RMR value and predicted RMR values for both equations. Using the entire study cohort,
the mean resting metabolic rate was 1466.5 + 150.4 kcals while the predicted metabolic
rate for equation 1 was 1466.4 + 93.9 kcals and equation 2 was 1463.9 £ 83.4 kcals. No
significant difference was found between the measured RMR values and the predicted
RMR value from equation 1 (Mean difference: 0.117 + 117.5 kcals [mean + SD], p =
0.99) and equation 2 (Mean difference: 2.59 + 124.0 kcals [mean + SD], p = 0.87).
Significant pairwise correlations were found between the measured RMR and predicted
RMR values from equation 1 (r = 0.624, p < 0.001) and equation 2 (r = 0.566, p <
0.001). Additionally, a random sampling of the study cohort (n = 22) was made and
dummy coded against the remainder of the study cohort (n = 22). Independent samples
t-tests were performed and revealed no statistically significant differences between the
random sample and the remainder of the study cohort for both equation 1 (p = 0.083)
and equation 2 (p = 0.22).

Additional cross-validation of the first equation was completed by computing
predicting resting metabolic rate values using eight previously published equations:
Harris-Benedict, Revised Harris-Benedict, Schofield, Mifflin 1, Mifflin 2, Mifflin 3, Owen
and the World Health Organization (Table 5). Significantly different predicted resting
metabolic values were yielded (p<0.001). Post-hoc comparisons incorporating the
currently developed equation 1 and the previously published equations yielded

significant differences between the Harris-Benedict equation (-53.3 £ 118 kcals, p =
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0.02), Mifflin 3 (71.5 + 134 kcals, p = 0.003) and the World Health Organization equation
(188.1 £ 121 kcals, p < 0.001) and non-significant differences between the revised
Harris-Benedict (-42.6 £ 118 kcals, p = 0.21), Schofield (-17.9 + 125 kcals, p = 1.0),
Mifflin 1 (-4.9 £ 125 kcals, p = 1.0), Mifflin 2 (-5.8 + 125 kcals, p = 1.0) and the Owen (-
4.4 + 153 kcals, p = 1.0) equations.
DISCUSSION

The primary findings revealed significant differences between groups in terms of
height, weight, body surface area, body fat %, fat mass, and fat-free mass. Regression
techniques were able to successfully develop two prediction equations for resting
metabolic rate using all study participants. Notably, the average resting metabolic rate
that was measured in all study participants (N = 63) was 1466.5 + 150 kcals while the
predicted value from equation 1 was found to be 1466.4 + 93.9 kcals and equation 2
yielded 1463.9 + 83.4 kcals; neither predicted value was found to be significantly
different from the measured RMR value (p > 0.05). Basketball and volleyball players
were found to be significantly taller, weighed more, and have greater body surface area
than gymnasts while basketball and volleyball players also were taller and had greater
body surface area than field hockey athletes (Table 1). Furthermore, gymnasts were
found to significantly differ from all sports except basketball for body density and body
fat % while basketball players were found to have significantly more fat-free mass than
field hockey, gymnasts, golf, tennis and softball athletes (Table 2). Overall these
findings are mostly expected due to the inherent nature of each sport and their

participants. These outcomes are also supported by the findings of Taguchi and
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colleagues who assessed anthropometric and body composition variables in a large
group (N = 93) of Japanese female athletes (Taguchi et al. 2011).

To date, very few equations exist to predict resting metabolic needs in
competitive athletes, and in particular female athletes. To this point, Taguchi and
colleagues in 2011 put forth what is the largest effort towards determination of metabolic
needs in female athletes. In this study, 93 competitive Japanese female athletes were
tested for a number of anthropometric, dietary, biochemical, and physiological
parameters. These authors concluded that resting energy expenditure of female
athletes could be accurately predicted by fat-free mass measurement, independent of
the body size of the athlete. Findings from our study support this outcome where we
were able to develop two prediction equations of resting metabolic rate, one that
included body mass (equation 1) and another that included fat-free mass (equation 2).
Both equations from the study were found to accurately predict resting metabolic rate
values and were not significantly different than our measured values for resting
metabolic rate. Of note, a paired samples t-test between the predicted RMR values of
both equation 1 and equation 2 revealed no statistically significantly difference between
the two predicted RMR values. In light of our cross-validation attempts and from a
practical consideration, equation 1 is slightly more accurate, but most importantly
incorporates variables that are more easily obtained: height in centimeters, weight in
kilograms, and age in years. For this reason alone, we feel equation 1 would allow for
greater use in all female athletes, coaches, dietitians, and athletic trainers. While the
second equation also accurately predicts the measured RMR, the need to accurately

determine fat-free mass in large groups of athletes makes this equation less desirable.
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Another important point was that the predictive accuracy of the presently
developed equations correlated well with predicted RMR values from other previously
published prediction equations. Predicted RMR values were computed using data from
our study cohort using the Harris-Benedict, Harris-Benedict Revised, Schofield, Mifflin,
Mifflin 2, Mifflin 3, Owen, and World Health Organization equations. The Harris-Benedict
, Harris-Benedict Revised, Schofield, Mifflin, Mifflin 2, and Owen equations all predicted
higher resting metabolic rate values than the current equation while the Mifflin 3 and
WHO equations both predicted lower RMR values than the developed equation. Outside
of the WHO equation (Mean difference = 188 + 121 kcals), all other equations predicted
within 71 kcals of our first equation, speaking to the accuracy and validity of the
proposed predictive equation.

This study was not without limitations; namely the variability that arises with
estimating total daily caloric needs from resting metabolic values determined using
indirect calorimetry. Certainly using direct calorimetry would offer accuracy advantages,
but this technique lacks practicality for a number of settings. While athletes were
encouraged to not complete testing soon after a workout, all testing was completed
during parts of the competitive season and as a result a large variation was present
between the testing time and the last bout of exercise. Exercise will increase the resting
metabolic rate for several hours after completion, with the time depending on factors
such as the length and intensity of exercise (Kang 2008). Additionally, all study
participants were not tested during the same phase of the menstrual cycle, which can
cause some variation in individual resting metabolic rates (Kang 2008). Because the

study did not include multiple tests for each individual for comparison, the protocol was
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not standardized in terms of having all subjects test during the same phase of
menstruation. To accommodate participant schedules, the metabolic cart was moved to
a nearby location and this move could have introduced some variability, although the
cart was successfully calibrated for measured respiratory gas concentrations and air
flow during respiration. This study design did not include a contingency plan for
ensuring that subjects were in a rested state during testing. All tests were performed in
the morning and participants did lie in a supine position for the entire duration of each
test, however, recording heart rate values during the testing would have ensured a
resting state was reached (Byrne & Wilmore 2001b).

For future research, this research study design should be used to expand the
subject pool in order to further validate the developed equation. It would also be
beneficial to determine multiple equations for female athletes based on their competitive
sport. In this respect, it was determined in the present study that large differences
between a gymnast and a basketball player exist in terms of fat-free mass, height, and
weight, but differences in training style, time, volume, and dietary intake could all
influence the individual athlete’s metabolic state. Thus, performing additional data
collection on additional samples of female athletes from specific sports could either
validate the already developed prediction equations or determine a more accurate
prediction equation for specific sports. In conclusion, results indicate, as expected, that
many demographic parameters were different amongst the different group of athletes.
Regression techniques were able to accurately determine an equation to accurately

predict resting metabolic rates values using simple and quick parameters (age, height,
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weight and fat-free mass) available to nearly all coaches, dietitians, strength and

conditioning coaches, athletic trainers and athletes.
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Table 1. Demographic information of all study participants.

Age Height Weight Body Surface
Sport (years) (cm) (kg) Area (m?)
Basketball (n = 9) 19.9+1.1 176 £ 93P 76.0+10.32 19210178
Field Hockey (n=7) 19.1+0.9 161+ 6 61.0+£7.5¢ 1.64 £0.12
Golf (n = 8) 196+ 1.1 169+ 9 64.5 + 6.8° 1.74 £ 0.14
Gymnastics (n = 6) 20.2+£1.2 160 + 4 56.5+2.8 1.58 + 0.06
Ice Hockey (n = 11) 19.6 £ 1.2 168 + 4 69.8 + 8.32 1.79+0.10°
Tennis (n = 3) 200+£1.0 174 £ 9 67.4+105 1.81+£0.17
Softball (n = 8) 201:+1.8 167 +7 66.8 £ 8.7 1.75+0.14
Volleyball (n = 11) 19.2+0.9 176 + 62 TL1237° 1.87 £ 0.072b
All Sports (N = 63) 87241 169 + 9t 67.5+9.11 1.78 £ 0.151

1 Significantly different using oneway ANOVA, p < 0.05.
a Significantly different than gymnastics, p < 0.05.

b Significantly different than field hockey, p < 0.05.

¢ Significantly different than basketball, p < 0.05.
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Table 2. Body composition data for all study participants. N=63.

Body Density Body Fat Fat Mass Fat-Free
Sport (grams/cm®) (%) (kg) Mass (kg)
Basketball (n = 9) 1.041 £ 0.008 25.0+27 19.0 £ 3.5° 57.0+7.6
Field Hockey (n=7) 1.036 £0.0152 27.6+5.72 1712950 440 £ 4.2°
Golf (n = 8) 1.034 £ 0.0072 27.4 + 3.32 17.843.9 46.7 + 3.8°
Gymnastics (n = 6) 1.057 £ 0.008 18.5+£32 10.54&£2.1 46.0 £ 1.5¢
Ice Hockey (n=11)  1.035+0.0082 27.6+3.72 19.5+4.92 50.3 + 4.1
Tennis (n = 3) 1.027 £ 0.006@ 30.3+2.52 20.6 + 4.82 46.9 +5.7°
Softball (n = 8) 1.038 £0.0092 26.9+4.32 18.2£5.0* 48.6 +5.0°
Volleyball (n = 11) 1.085 200112 28.1.£55% 20.0+4.42 51.1+40
All Sports (N = 63) 1.038 £0.0121 26.5+4.9% 18.1 £ 497 494 + 59t

T Significantly different using oneway ANOVA, p < 0.005.

a Significantly different than gymnastics, p < 0.05.
¢ Significantly different than basketball, p < 0.05.
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Table 3. Resting metabolic rate data for all study participants. N=63.

- Resting Metabolic ~ Resting Metabolic

Sport _ Rate (kcals/day) Rate (kcals/kg/day)
Basketball (n = 9) 1537 £ 90 205+2.7
Field Hockey (n=7) 1405+ 113' 232+24
Golf (n = 8) 1419+ 145  221+22
Gymnastics (1=6) 1316139 233415
Ice Hockey (n = 11) | 1464 + 176 211223
Teﬁnis (n=3) | 1530 + 274 22T +£1.7
Softball (n = 8) 1461 + 182 220+26
Volleyball (n = 11) - 154076 _ 21717
All Sports (n=63) 1464 + 152 . 219423

Non-normalized resting metabolic rate data (kcals/day) approached significance using
oneway ANOVA, p = 0.063.
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Table 4. Bivariate correlation matrix of demographic
variables against measured resting metabolic rate.

: Demographic Variable Correlation
i Age (years) 0:12
; Height (cm) 0.52*
| Weight (kg) 0.59*
‘ Fat-free mass (kg) 0.50*
J Sum of skinfolds 0.24

*Significant correlation coefficient against resting
’ metabolic rate values, p < 0.05.
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Table 5. Cross-validation table between predicted resting metabolic rate values and
previously published resting metabolic rate prediction equations.

Predicted Resting Metabolic Rate Data

| Mean Std Dev p-value

| Harris-Benedict 1519.8 95.9 0.02

| ggﬁ;gf'a”‘s‘ 1509.1 1016 0.21
Schofield 1484.4 129.2 1.00
Mifflin 1471.3 130.9 1.00

|
Mifflin 2 1472.2 165 1.00
Mifflin 3 1395.0 113.9 0.003
Owen 1470.9 183.9 1.00
World Health 1278.4 62.5 <0.001

Organization
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Chapter 4: Future Research and Recommendations

Summary of Findings

The primary findings revealed significant differences between groups in terms of
height, weight, body surface area, body fat %, fat mass and fat-free mass. Regression
techniques were able to successfully develop two prediction equations for resting
metabolic rate using all study participants that resulted in non-significant differences in
resting metabolic rate values.

As expected, basketball and volleyball players were found to be significantly
taller, weight more and have greater body surface area than gymnasts while basketball
and volleyball players also were taller and had greater body surface area than field
hockey athletes (Table 1). Moreover, gymnasts were found to significantly differ from all
sports but basketball for body density and body fat % while basketball players were
found to have significantly more fat-free mass than field hockey, gymnasts, golf, tennis
and softball athletes (Table 2). These outcomes are also supported by the findings of
Taguchi and colleagues who assessed anthropometric and body composition variables
in a large group (N = 93) of Japanese female athletes (Taguchi et al. 2011).

Future Research

The ultimate objective of this project was to develop a predictive equation of
resting metabolic rate that can be used for any female athlete. While this preliminary
objective was achieved, more data is needed, particularly in a number of different
sports. For example, sample sizes for ice hockey (n=11) and volleyball (n=11) were
adequate, but several other sports (basketball, n=9; field hockey, n=7; golf, n=8;

gymnastics; n=6, softball, n=8; tennis, n=3) need better representation while sports such
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as track & field, lacrosse, soccer, cross country and swimming were grossly under-
represented or not represented at all. Expanding data collection to more athletes and alll
sports will help to develop a robust equation, but most importantly might allow for the
development of predictive equations of small, medium and large frame athletes, an
approach introduced by Taguchi and investigators (Taguchi et al. 2011).

Recommendations

The primary recommendation at this point is to combine collection of
anthropometrics and indirect calorimetry with nutritional and physical activity data in an
effort to better understand what groups of athletes are meeting calorie and
macronutrient recommendations. If accomplished, this will arm sports dietitians with a
wealth of knowledge when counseling and developing meal plans for all types of female

athletes.
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