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Abstract

Proxy indicators have been proposed as practical screening tools to assess low energy
availability (LEA) risk among athletes. We evaluated the utility of the Low Energy Avail-
ability in Females Questionnaire (LEAF-Q), resting metabolic rate (RMR) ratio, and relative
RMR (rRMR) in identifying LEA risk compared with estimated energy availability (EA).
Twenty mixed-sport female athletes (24.8 ± 4.8 years) participated in this cross-sectional
study. EA was estimated using four-day food and activity logs. LEAF-Q scores were
obtained via questionnaires. RMR was measured via indirect calorimetry while predicted
RMR was calculated using the 1980 Cunningham equation. RMR ratio was computed
using measured RMR over predicted value, and rRMR computed using measured RMR
over fat-free mass (FFM), as assessed by dual-energy X-ray absorptiometry. Participants
were classified ‘at risk’ of LEA based on LEAF-Q score ≥8, RMR ratio <0.90, and rRMR
<30 kcal/kg FFM/day. RMR-derived measures displayed high sensitivity (100%) and low
specificity (44.4%), while LEAF-Q exhibited low sensitivity (27.3%) and moderate specificity
(55.6%). EA was moderately correlated with RMR ratio (r = 0.47, p = 0.035) and strongly
correlated with rRMR (r = 0.63, p = 0.003). RMR-based measures may be promising rapid
screening tools for LEA risk in mixed-sport female athletes.

Keywords: energy availability; metabolic suppression; athlete health

1. Introduction
Adequate energy availability (EA) is crucial for maintaining optimal physiological

function and performance in athletes [1]. Low energy availability (LEA) is characterised
by insufficient residual energy available to support normal physiological processes [2,3].
This condition often arises from inadequate energy intake (EI), increased exercise energy
expenditure (EEE), or a combination of both. It can lead to menstrual dysfunction, reduced
bone mineral density, hormonal disruptions, and psychological issues, as well as increased
risks of injury and illness [1,2,4]. Chronic or severe LEA may also progress to Relative
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Energy Deficiency in Sport (REDs), a syndrome marked by compromised physiological
and psychological functioning [5], thus highlighting the critical need for early detection.

EA can be assessed using a variety of methods, with no single standardised approach.
Broadly, these methods can be categorised into laboratory-based assessments, field-based
estimation methods, and proxy indicators of LEA [4]. Laboratory-based assessments
involve highly controlled measurements of components contributing to EA, such as EI,
EEE, and body composition. They generally provide greater precision but are resource-
intensive, costly, and difficult to implement in free-living athletes. In contrast, field-based
methods estimate EA using self-reported dietary records and exercise logs, offering greater
practicality and ecological validity but remaining susceptible to reporting bias and errors
in estimating EI and EEE. Finally, proxy indicators of LEA, including questionnaire-based
screening tools, physiological markers, and endocrine biomarkers, are commonly used
to identify athletes at risk of LEA. However, these indicators reflect the physiological
consequences of LEA rather than directly quantifying EA.

Given the logistical challenges associated with laboratory-based assessments, esti-
mated EA derived from dietary and activity records remains one of the most commonly
used field-based approaches in LEA research despite its recognised limitations. How-
ever, these methods may increase participant burden and require considerable time and
resources for data processing [6], potentially limiting the early identification of athletes
at risk of LEA. Consequently, there is a need for practical, reliable, and less burdensome
approaches to screen for LEA risk. Several proxy indicators have therefore been proposed,
including the Low Energy Availability in Females Questionnaire (LEAF-Q) [7], resting
metabolic rate (RMR) ratio [8], and relative RMR (rRMR) [9].

The LEAF-Q is a 25-item self-reported questionnaire designed to rapidly detect symp-
toms associated with LEA, focusing on injury history, gastrointestinal symptoms, and
menstrual function [7]. Validated against clinical markers of persistent LEA, the LEAF-Q
has demonstrated an acceptable sensitivity (78%) and specificity (90%) among female
endurance athletes [7]. Despite potential LEA risk misclassification due to limited gener-
alisability beyond endurance athletes, the LEAF-Q is widely used across endurance and
non-endurance sports because of its convenient and rapid administration [10,11].

Alternatively, RMR-derived measures offer more objectivity in assessing LEA risk.
RMR represents the body’s basal energy requirements and constitutes approximately
60–75% of total daily energy expenditure [12]. Chronic LEA is often associated with
suppressed RMR, where significant reductions up to 20% have been reported, and this is
likely attributable to adaptive thermogenesis resulting from prolonged energy deficiency [2].
As a result, the RMR ratio and rRMR have been postulated to identify LEA-related metabolic
suppression [13]. However, although RMR-derived measures are increasingly used, their
validity as LEA risk screening tools remains less well-established.

The reported global prevalence of LEA in sports ranges from 15% to 88% [14]. This
wide variation in prevalence highlights that LEA risk could be influenced by differences
in assessment methods, energy expenditure, training volume, sex differences, and sport
disciplines. While LEAF-Q has been widely used to detect LEA risk, its validation is largely
confined to endurance athletes and there is still a lack of established screening tools for
mixed-sport disciplines. Furthermore, a focused lens on female athletes is warranted as
they may be more susceptible to LEA than males due to the additional energetic cost of
sustaining reproductive function alongside sport-specific demands [2]. Moreover, female
athletes are more likely than males to restrict their diet in pursuit of leanness or weight
control. Hence, studying female athletes within a mixed-sport cohort is important for
evaluating the potential applicability of proxy indicators for identifying LEA risk across
different sporting disciplines.
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Therefore, our pilot study aimed to evaluate the utility of the LEAF-Q, RMR ratio, and
rRMR in identifying LEA risk in mixed-sport female athletes, using estimated EA from
four-day food and activity logs as a comparative reference measure. We hypothesised that
the RMR ratio would demonstrate greater sensitivity in identifying athletes at risk of LEA
and exhibit a stronger correlation with EA than rRMR and LEAF-Q. Identifying accessible
and practical screening tools can facilitate the early detection of LEA risk, enabling timely
interventions to mitigate detrimental health outcomes.

2. Materials and Methods
2.1. Participants

Healthy female athletes aged 18 to 39 years from various sports backgrounds
(e.g., fencing, rowing, taekwondo) were recruited via word-of-mouth and advertisements
at the Singapore Sport Institute and on social media. Participants were excluded if they
had a training duration of <12 h per week, injuries requiring training modifications or
cessation, contraceptive use within the past year, menstrual disorders affecting period
regularity, chronic illnesses or metabolic diseases, use of medications influencing metabolic
or reproductive hormones, clinical diagnoses of eating or psychiatric disorders, and current
or suspected pregnancy. All participants were screened for eligibility and provided written
informed consent before the study commenced. All procedures performed in the study
involving human participants were in accordance with the 1964 Declaration of Helsinki
and its later amendments or comparable ethical standards. Ethics approval was obtained
from the Singapore Sport Institute Institutional Review Board (Ref no.: NU-EXP-029).

2.2. Experimental Design

The study was conducted as a cross-sectional observational pilot investigation from
March to September 2024 to evaluate the feasibility of detecting LEA risk using metabolic
and/or questionnaire-based markers for active mixed-sport athletes. In this context, a
sample of n = 20 athletes was selected, consistent with prior pilot studies on EA and
metabolic adaptation studies, which commonly include 6–20 trained participants due to
the high commitment (involving self-reporting, food and activity logs) needed to complete
the protocols [15–17]. All participants completed three data collection sessions (Figure 1).
The first session took place at the Singapore Sport Institute, where anthropometric mea-
surements, RMR assessment via indirect calorimetry, and the LEAF-Q were completed.
The second session, held within a week after the first session, involved a dual-energy X-ray
absorptiometry (DEXA) scan at an external imaging centre to evaluate participants’ body
composition. The third session, conducted remotely within two weeks after the first session,
required participants to complete a four-day food and activity log to assess EI and EEE,
respectively. Participants’ age, sporting background, and average weekly training hours
were recorded.

2.3. Anthropometry

Participants’ height and weight were measured with a Harpenden wall-mounted
stadiometer (Model 602VR, Holtain Ltd., Crymych, Pembrokeshire, Wales, UK) and an
electronic weighing scale (Model SPIDER2-150, Mettler Toledo, Greifensee, Switzerland),
respectively. Eight-site skinfold measurements (triceps, subscapular, biceps, suprailiac,
supraspinale, abdominal, front thigh, and medial calf) were performed using a Harpenden
skinfold calliper (Model HSB-BI-3, Baty International, West Sussex, England, UK) by an
assessor certified by the International Society for the Advancement of Kinanthropometry
(Level 1). The total body mass, fat mass, and lean body mass (LBM) were directly assessed
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using DEXA, while fat-free mass (FFM) was calculated separately as total mass (kg) − fat
mass (kg).

Figure 1. Experimental design involving anthropometry, indirect calorimetry, LEAF-Q, body com-
position assessments, and food and activity logs over three sessions. Abbreviations: EA = energy
availability, LEAF-Q = Low Energy Availability in Females Questionnaire, RMR = resting metabolic
rate, RPE = rating of perceived exertion.

2.4. Measurement of RMR

RMR measurements were scheduled to coincide with participants’ habitual wake times.
The TrueOne 2400 metabolic cart (Model MMS-2400, ParvoMedics Corp, Salt Lake City,
UT, USA) was used in a controlled environment (temperature 21.8–26.9 ◦C, humidity
62.9–69.1%, barometric pressure 755.7–759.3 mmHg), which was recorded using a data log-
ger (testo 176 P1, Testo SE & Co. KGaA, Titisee-Neustadt, Baden-Württemberg, Germany).
Volume and gas calibrations were performed daily according to manufacturer protocols,
achieving ±2.9% precision for volume of oxygen consumption (VO2) and volume of carbon
dioxide production (VCO2) measurements. Participants arrived at the laboratory by ride-
service vehicles in an overnight fasted state (i.e., no food intake for ≥12 h, no fluid intake
for ≥8 h, no caffeine intake for ≥4 h, no alcohol for ≥2.5 h, and no exercise for ≥14 h). This
protocol was applied consistently across all participants to standardise pre-test conditions
and minimise inter-individual variability arising from recent ingestion or exercise. Par-
ticipants lay supine on a plinth under a ventilated canopy for 30 min, remaining awake
and still during gas exchange measurement. CO2 levels in the canopy were maintained
between 0.9% and 1.1% using a dilution pump. The first 5 min of data were discarded,
and a steady-state period of 3–5 min (≤10% coefficient of variation in VO2 and VCO2)
was selected for RMR determination [18] after visual confirmation on the VO2 and VCO2

graphs. RMR was computed using the Weir equation [19] via the metabolic cart’s software
(TrueOne Metabolic System; RMR 24-3541HU, ParvoMedics Corp, Salt Lake City, UT, USA).

2.5. RMR Ratio, rRMR, and LEAF-Q

The 1980 Cunningham equation was used to calculate predicted RMR as follows:
Predicted RMR (kcal/day) = 500 + 22 × LBM (kg) [20]. The RMR ratio and rRMR were
calculated respectively as follows: (1) RMR ratio = Measured RMR (kcal/day) ÷ Predicted
RMR (kcal/day) [13], (2) rRMR = Measured RMR (kcal/day) ÷ FFM (kg) [9]. For LEAF-Q,
the paper-based questionnaire was administered and participants’ LEAF-Q scores were
tallied using the standardised scoring system [7].

Participants were categorised into ‘At risk’ and ‘Not at risk’ of LEA groups based on
their RMR ratio, rRMR values, and LEAF-Q scores. Thresholds for being at risk of LEA
were set at RMR ratio <0.90 [13], rRMR <30 kcal/kg FFM/day [9], and LEAF-Q score ≥8 [7].
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2.6. Measurement of EA

EA was computed using the following equation: EA (kcal/kg FFM/day) = [EI (kcal/day)
− EEE (kcal/day)] ÷ FFM (kg). Participants with an estimated EA <30 kcal/kg FFM/day
were classified as having LEA based on the commonly applied threshold proposed [3].

EI was evaluated using a food log recorded via the Snap-N-Send method [21]. The
log spanned three non-consecutive weekdays and one weekend day, incorporating at
least one rest day. Participants photographed every food item with a reference card for
scale before and after consumption and provided descriptions of the consumed items,
which were submitted via the Telegram messaging application. Ambiguous pictures
or descriptions were clarified with the participants. Dietary data were analysed using
Foodworks Professional Online (Version 1, Xyris Pty Ltd., Brisbane, Queensland, Australia)
to compute EI, with two researchers independently analysing and cross-checking portion
sizes to minimise variability.

EEE was assessed over the four days corresponding to the food logs. Participants
documented the type and duration of their physical activities, and perceived exertion
was rated using the 10-point modified Borg scale [22]. Based on the Compendium of
Physical Activities, each activity was assigned a MET value that best matched its type and
intensity [23], with ambiguous descriptions clarified to ensure accurate classification. Only
planned training activities related to the athlete’s sport were recorded. Corrected MET
values were then calculated using participants’ measured RMR to obtain the total thermic
effect of activity during exercise [23,24]. The final EEE was calculated by subtracting RMR
energy expenditure during the exercise period from total energy expenditure. All data
were recorded and processed using Microsoft Excel (Version 2407, Microsoft 365 Apps for
Enterprise, Redmond, WA, USA).

2.7. Statistical Analysis

Data was analysed using STATA 18.0 Basic Edition (Version 18.0, StataCorp LLC,
College Station, TX, USA). Data normality was assessed using the Shapiro–Wilk test. An
independent t-test was used to compare the mean EA, RMR ratio, rRMR and LEAF-Q
score between LEA and non-LEA groups. Diagnostic 2 × 2 tables were created using the
user-written ‘diagti’ package in STATA 18.0 Basic Edition to generate the sensitivity, speci-
ficity, and predictive values for each proxy indicator relative to estimated EA. Fisher’s exact
test assessed the alignment of the LEAF-Q, RMR ratio, and rRMR risk classifications with
estimated EA. Effect sizes were calculated using Cramer’s V and interpreted as small (0.1),
medium (0.3), or large (0.5) for values with one degree of freedom [25]. Pearson correlation
analysis examined the associations between EA and the proxy indicators. Strength of corre-
lations was interpreted as very weak (<0.20), weak (0.20–0.39), moderate (0.40–0.59), strong
(0.60–0.79), or very strong (>0.80) [26]. Goodness-of-fit was assessed using the coefficient of
determination (R2). A p-value of <0.05 was considered statistically significant. Normally
distributed data are presented as mean ± SD, while non-normal data are presented as
median with interquartile range.

3. Results
3.1. Participant Characteristics

Of 26 female athletes assessed for eligibility, four were ineligible based on the exclusion
criteria (e.g., training <12 h per week and contraceptive use within the past year) and
two withdrew before data collection at their coaches’ request, leaving a final sample
of 20 participants (mean age 24.8 ± 4.8 years) who were included in the data analysis.
Participant characteristics are presented in Table 1. Participants represented various sports,
namely artistic gymnastics, badminton, beach volleyball, bowling, canoe/kayak sprint,

https://doi.org/10.3390/sports14080319

https://doi.org/10.3390/sports14080319


Sports 2026, 14, 319 6 of 13

cycling, fencing, rowing, swimming, taekwondo, and ultimate frisbee. Participants with
LEA (n = 11) had a lower mean EA (15.3 ± 8.6 vs. 40.1 ± 7.9 kcal/kg FFM/day, p < 0.001)
and rRMR (25.5 ± 2.5 vs. 29.4 ± 3.9 kcal/kg FFM/day, p = 0.016) than those without LEA
(n = 9). There were no differences in RMR ratio (0.81 ± 0.07 vs. 0.86 ± 0.08, p = 0.104) and
LEAF-Q scores (5.6 ± 3.9 vs. 7.0 ± 3.5, p = 0.430) between both groups.

Table 1. Participant details categorised by LEA classification.

All (n = 20) Non-LEA (n = 9) LEA (n = 11)

Characteristics
Age (years) 24.8 ± 4.8 22.9 ± 4.4 26.5 ± 4.7
Weight (kg) 56.7 ± 6.1 52.9 ± 6.6 59.7 ± 3.6
Height (cm) 161.7 ± 7.4 159.5 ± 9.3 163.5 ± 5.0

Body mass index (kg/m2) 21.6 ± 1.6 20.7 ± 1.5 22.4 ± 1.3
Average training (h/week) 15.0 (13.0–21.5) 14.0 (12.5–15.0) 19.0 (14.5–24.0)

Body composition—skinfolds
Sum of 8 skinfolds (mm) 101.8 ± 25.0 102.8 ± 22.8 101.0 ± 27.8
Body composition—DEXA

Fat mass (kg) 14.1 ± 2.7 14.0 ± 2.7 14.1 ± 2.9
Body fat (%) 24.9 ± 5.2 26.8 ± 5.3 23.4 ± 4.7

FFM (kg) 42.9 ± 6.6 38.8 ± 6.5 46.3 ± 4.5
FFM (%) 75.1 ± 5.2 73.2 ± 5.3 76.6 ± 4.7
LBM (kg) 40.5 ± 6.3 36.6 ± 6.3 43.8 ± 4.3
LBM (%) 70.9 ± 5.1 69.0 ± 5.4 72.5 ± 4.5

Variables
EI (kcal/kg FFM/day) 44.7 ± 12.8 54.9 ± 8.0 36.4 ± 9.6

EEE (kcal/kg FFM/day) 17.2 (12.6–20.1) 11.0 (9.9–17.5) 17.9 (15.6–29.9)
EA (kcal/kg FFM/day) 26.5 ± 15.0 40.1 ± 7.9 15.3 ± 8.6 *

Measured RMR (kcal/day) 1152 ± 118 1124 ± 134 1175 ± 104
Predicted RMR (kcal/day) 1392 ± 138 1306 ± 138 1463 ± 94

LEA risk proxy indicators
RMR ratio 0.83 ± 0.08 0.86 ± 0.08 0.81 ± 0.07

rRMR (kcal/kg FFM/day) 27.3 ± 3.7 29.4 ± 3.9 25.5 ± 2.5 *
LEAF-Q score 6.3 ± 3.7 7.0 ± 3.5 5.6 ± 3.9

Note: Normally distributed data are presented as mean ± SD and non-normal data as median with interquartile
range in parentheses in this table. * denotes significance set at p < 0.05. Abbreviations: DEXA = dual-energy X-ray
absorptiometry, EA = energy availability, EEE = exercise energy expenditure, EI = energy intake, FFM = fat-free
mass, LBM = lean body mass, LEA = low energy availability, LEAF-Q = Low Energy Availability in Females
Questionnaire, RMR = resting metabolic rate, rRMR = relative RMR.

3.2. Diagnostic Performance

Table 2 summarises the diagnostic performance of the proxy indicators. RMR ra-
tio and rRMR demonstrated high sensitivity (100%, 95% CI 71.5–100.0%), identifying
all participants classified as having LEA in this cohort, but had low specificity (44.4%,
95% CI 13.7–78.8%) and a positive predictive value of 68.8% (95% CI 41.3–89.0%). The
negative predictive value was 100% (95% CI 39.8–100.0%), confirming no false negatives.
A large effect size observed (Cramer’s V = 0.6, p = 0.026) suggests a stronger association
between the RMR-derived measures and estimated LEA classification in this cohort.

In comparison, LEAF-Q displayed low sensitivity (27.3%, 95% CI 6.0–61.0%) and
moderate specificity (55.6%, 95% CI 21.2–86.3%), with a positive predictive value of
42.9% (95% CI 9.9–81.6%) and a negative predictive value of 38.5% (95% CI 13.9–68.4%).
This indicates a high likelihood of missing true LEA cases. No significant association with
LEA was observed (p = 0.642).
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Table 2. Diagnostic performance of the proxy indicators in detecting LEA risk.

Proxy Indicator
(Threshold)

LEAF-Q
(≥8)

RMR Ratio
(<0.90)

rRMR
(<30 kcal/kg FFM/day)

Sensitivity 27.3% 100.0% 100.0%
[95% CI] [6.0%, 61.0%] [71.5%, 100.0%] [71.5%, 100.0%]

Specificity 55.6% 44.4% 44.4%
[95% CI] [21.2%, 86.3%] [13.7%, 78.8%] [13.7%, 78.8%]

Positive predictive value 42.9% 68.8% 68.8%
[95% CI] [9.9%, 81.6%] [41.3%, 89.0%] [41.3%, 89.0%]

Negative predictive value 38.5% 100.0% 100.0%
[95% CI] [13.9%, 68.4%] [39.8%, 100.0%] [39.8%, 100.0%]

p-value † 0.642 0.026 * 0.026 *

* denotes significance set at p < 0.05. † Each proxy indicator’s classification alignment with estimated EA was
assessed via Fisher’s exact test. Abbreviations: CI = confidence interval, LEAF-Q = Low Energy Availability in
Females Questionnaire, RMR = resting metabolic rate, rRMR = relative RMR.

Although RMR ratio and rRMR exhibited identical diagnostic performance metrics
in the present study, they did not classify exactly the same individuals as being at risk of
LEA (Table 3). The identical diagnostic performance values arose because the discordant
classifications occurred among participants without LEA. Hence, it did not alter the overall
sensitivity, specificity, or predictive values.

Table 3. Mapping of LEA and LEA risk according to participant.

Participant EA LEAF-Q RMR Ratio rRMR

1 ▲ • •
2 ▲ • • •
3 ▲ • •
4 ▲ • •
5 ▲ • • •
6 ▲ • •
7 ▲ • •
8 ▲ • •
9 ▲ • •

10 ▲ • • •
11 ▲ • •
12 • • •
13 •
14
15 •
16 • •
17
18 • • •
19 • • •
20 •

Legend: ▲ = LEA derived from estimated EA <30 kcal/kg FFM/day, • = at risk of LEA based on thresholds. Abbre-
viations: EA = energy availability, LEAF-Q = Low Energy Availability in Females Questionnaire, RMR = resting
metabolic rate, rRMR = relative RMR.

3.3. Associations Between Proxy Indicators and EA

There was negligible association between LEAF-Q and EA (r = −0.08, R2 = 0.01,
p = 0.730) (Figure 2a). Conversely, we observed a moderate positive correlation between
RMR ratio and EA (r = 0.47, R2 = 0.22, p = 0.035; Figure 2b), and a strong positive correlation
for rRMR (r = 0.63, R2 = 0.40, p = 0.003; Figure 2c).
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Figure 2. Associations between LEAF-Q score (a), RMR ratio (b), rRMR (c), and EA. Abbreviations:
FFM = fat-free mass, LEAF-Q = Low Energy Availability in Females Questionnaire, RMR = resting
metabolic rate.

4. Discussion
Our findings provide preliminary evidence that RMR-derived measures may be more

sensitive than LEAF-Q for the assessment of LEA risk. While both RMR ratio and rRMR
exhibited similar diagnostic performances, rRMR was more strongly associated with EA
than RMR ratio. This finding was contrary to our hypothesis and could be attributed to
the potential advantage of rRMR in capturing subtle inter-individual variations in EA.
However, this interpretation remains speculative because rRMR has yet to be validated as
a proxy indicator of LEA risk in athletes [5]. To our knowledge, this is the first study to
evaluate the utility of rRMR and its correlation with EA, providing preliminary insights
regarding its potential application as a screening tool. On the other hand, the findings
regarding RMR ratio align with previous research, demonstrating its high sensitivity, low
specificity, and positive correlation with EA [27,28].

The observed high sensitivity of RMR-derived measures likely arises from their re-
liance on direct physiological markers of metabolic suppression. LEA triggers early en-
docrine adaptations to conserve energy, and these are rapidly reflected in a suppressed
RMR [5]. One key mechanism involves cortisol-induced disruption of thyroid hormone
levels as part of the body’s adaptive stress response to prolonged energy deficiency [29].
This allows for the detection of metabolic suppression before overt clinical signs such
as menstrual dysfunction, recurrent illness, or injury manifest. Therefore, these findings
provide preliminary evidence that RMR ratio and rRMR have potential utility as proxy
indicators for identifying athletes at risk of LEA. Nonetheless, further validation in larger
studies is warranted.

On the other hand, the low specificity observed for both RMR-derived measures
could be attributed to inter-individual variability, sport-specific demands, training volume,
physical stress, and sleep deprivation, all of which significantly influence metabolic function
and RMR [4,5,13]. Recent evidence suggests that menstrual cycle phases exert minimal
effect on RMR [9], thus any differences in menstrual phase are unlikely to influence the
RMR findings in the present study.

The accuracy of the RMR ratio greatly depends on the predictive equation chosen
to compute the predicted RMR, and this could explain the differences in the diagnostic
performances between RMR ratio and rRMR. Although the 1980 Cunningham equation
was originally developed for non-athletic adults [20], it has been widely adopted in athletic
populations due to its strong correlation with measured RMR [28,30,31]. As the key variable
in this predictive equation, LBM accounts for roughly 70% of variations in RMR [20].
However, because of this exclusive focus on LBM, it may have contributed to the reduced
specificity of the RMR ratio as gender and other anthropometric characteristics contribute
to metabolic differences [32]. Notwithstanding these limitations, the 1980 Cunningham
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equation outperforms other predictive equations and remains the most accurate option for
estimating RMR in athletes [30,33,34].

As opposed to relying on predictive equations, adjusting RMR relative to FFM ac-
counts for differences in body composition and potentially enhances the identification of
RMR suppression [31]. Unlike RMR ratio, rRMR is calculated entirely using individually
measured RMR and FFM. It thereby avoids inaccuracies associated with population-based
predictive models and better reflects inter-individual variations, contributing to its ob-
served high sensitivity. Compared with LBM, FFM is the preferred metric as it is more
metabolically active and captures a broader and more accurate spectrum of LEA-related
metabolic adaptations. This may account for the stronger positive correlation between
rRMR and EA as compared to the RMR ratio. However, it should also be acknowledged
that this observed correlation may have been partially influenced by mathematical coupling
owing to the shared denominator (FFM) in the computations of both rRMR and EA.

Notably, rRMR may display reduced specificity in athletes with higher FFM, increasing
the likelihood of false-positive LEA risk classification. This may be because increases in
FFM are largely driven by skeletal muscle, which has a lower metabolic rate than high-
metabolic-rate organs (e.g., liver, kidneys, heart, and brain) that do not scale proportionally
with FFM [35]. Consequently, rRMR may appear lower in athletes with high FFM despite
adequate EA. In addition, FFM may fluctuate across the training season and is typically
higher during competitive periods than the off-season, further complicating interpretation
of rRMR values [35]. To minimise false positives, rRMR may be assessed during non-
competitive periods or interpreted relative to an individual’s baseline rather than an
absolute threshold. However, these suggestions remain to be further investigated in
future studies.

In comparison to RMR-derived measures, LEAF-Q displayed notably lower sensitivity
(27.3%) and specificity (55.6%) in this mixed-sport cohort. Our findings are corroborated
by previous studies involving similar cohorts where the LEAF-Q showed limited speci-
ficity [36,37]. This contrasts with studies conducted in endurance athletes, where sensitivity
and specificity values observed ranged from 78–79% and 50–90% [7,38]. The reduced diag-
nostic performance and negligible association with EA in this study may be attributed to
the low relevance of questions regarding injuries and gastrointestinal symptoms to mixed-
sport athletes. For instance, overuse injuries are commonly linked to endurance sports
as a direct result of LEA [39]. However, such injuries can also occur in non-endurance,
high-impact sports (e.g., fencing, gymnastics) due to the nature of the sport itself, with
physical and mechanical demands contributing to injury risk [40,41]. Furthermore, gas-
trointestinal symptoms are more prevalent among endurance athletes, possibly owing to
exercise-induced gut damage caused by high-volume training [5,37]. Hence, the digestive
issues reported in the LEAF-Q may be less pertinent to athletes in other sports with lower
physical demands and training volume (for instance, bowling). Collectively, these factors
may affect the LEAF-Q scoring accuracy in non-endurance athletes, increasing the risk of
misclassification when applied to mixed-sport cohorts.

An additional consideration is the potential influence of the study’s exclusion criteria
on the apparent diagnostic performance of the LEAF-Q. We have excluded participants with
injuries requiring training modifications or cessation, recent contraceptive use, or menstrual
disorders affecting cycle regularity, since these individuals may exhibit clinical features
captured by the LEAF-Q (e.g., injury history, contraceptive use, menstrual dysfunction,
and gastrointestinal symptoms) independently of LEA. Nonetheless, this exclusion may
have limited the generalisability of our results to athletes with such conditions, and the
performance of the LEAF-Q in these populations warrants further investigation. Overall,
our findings suggest that the LEAF-Q demonstrated poorer diagnostic performance in this
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mixed-sport cohort and may have limited utility for identifying LEA risk among female
athletes from diverse sports.

This study recruited athletes from a range of sporting disciplines with differing train-
ing loads, energy demands, body composition profiles, and injury patterns. These variables
may have influenced the performance of the proxy indicators in detecting LEA risk. Nev-
ertheless, such heterogeneity was necessary to evaluate the broader utility of these proxy
indicators regardless of sporting background.

Prolonged LEA is detrimental to an athlete’s health and performance. Thus, highly
sensitive screening tools are necessary to facilitate early detection despite a risk of false
positives. While false positives may cause unnecessary treatment and psychological dis-
tress, false negatives can instead delay the identification and management of LEA, hence
worsening outcomes. Therefore, such tools are prioritised to mitigate the greater risks
posed by false negatives. In this cohort, both the RMR ratio and rRMR demonstrated high
sensitivity despite their modest specificity, while the LEAF-Q displayed poor sensitivity.
Hence, RMR ratio and rRMR may serve as promising screening tools, with athletes flagged
as ‘at risk’ of LEA referred to a sports medicine physician for further assessment.

There are some limitations to note in this study. The small sample size and cross-
sectional study design may limit the generalisability of our results to the broader athletic
population. Therefore, future studies should include larger sample sizes from various
sports to yield more representative findings. Additionally, while we have adopted cur-
rent best practices for the indirect calorimetry protocol, it was challenging to objectively
ascertain whether all participants were fully rested and relaxed before and during the RMR
measurements. This may have hindered the attainment of steady-state conditions and
influenced the RMR values obtained. Future research can strive to improve measurement
accuracy by monitoring physiological parameters (e.g., heart rate variability) to confirm
a rested state, as well as verifying the sleep quality and quantity of participants through
sleep-tracking devices prior to RMR testing. Furthermore, the duration of sport participa-
tion and training age were not recorded in this study. As training history may influence
physiological adaptations, energy requirements, and susceptibility to LEA, the absence
of this data may have introduced unaccounted variability into the findings. While it is
important to understand sport-specific differences in LEA risk detection across the tools,
such comparisons were not made in this study due to the relatively small sample size and
limited representation from each sport. Lastly, information regarding postpartum status,
breastfeeding, and motherhood, which was not recorded in this study, should be considered
in future research as these may independently influence RMR, EA, and LEAF-Q responses.

Estimated EA was derived from four-day food and activity logs and therefore repre-
sents only a short-term snapshot of participants’ energy status. In contrast, suppressed
RMR may reflect a longer-term physiological adaptation to sustained LEA. Consequently, a
temporal mismatch may exist between the EA classification and RMR-derived measures,
potentially influencing the observed diagnostic performance. Moreover, both EI and EEE
values derived from self-reported data are subject to potential reporting biases and esti-
mation errors, making it challenging to determine EA accurately. This also impacts the
diagnostic performances interpreted in this study. Future studies may benefit from using
longer-duration (up to 7 days) or repeated assessments of dietary intake and physical
activity to better characterise habitual EA and its relationship with RMR-derived measures.
The use of more objective measures, such as weighed food records and the use of wearable
activity trackers, may also improve the accuracy of EI and EEE assessment.

Lastly, while DEXA is highly accurate for determining body composition, its high
cost and limited accessibility restrict its use in most applied settings and hence limit the
adoption of RMR-derived proxy indicators. Therefore, exploring alternative methods such
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as skinfold measurements and bioimpedance analysis may offer a more affordable and
accessible avenue for LEA risk screening in larger athletic populations.

5. Conclusions
In summary, the present findings suggest that the RMR ratio and rRMR are promising

tools for assessing LEA risk and may be more sensitive than the LEAF-Q in a cohort of
mixed-sport female athletes. However, sport-specific comparisons are not possible given
the relatively small sample size of this study. Future research with larger and more diverse
cohorts should incorporate more objective parameters to ensure the accuracy of EI, EEE,
and RMR assessments. Exploring affordable and accessible tools for body composition
assessment may also enhance the practicality of using RMR-derived measures in applied
settings. This study provides preliminary evidence supporting the usefulness of RMR-
derived proxy indicators as screening tools for LEA risk in real-world settings. These tools
may help identify athletes who could benefit from further assessment for LEA, particularly
where appropriate equipment and expertise are available.
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EA Energy Availability
EI Energy Intake
EEE Exercise Energy Expenditure
FFM Fat-Free Mass
LBM Lean Body Mass
LEA Low Energy Availability
LEAF-Q Low Energy Availability in Females Questionnaire
REDs Relative Energy Deficiency in Sport
rRMR Relative Resting Metabolic Rate
RMR Resting Metabolic Rate
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VCO2 Volume of Carbon Dioxide Production
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