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Abstract. Relative Energy Deficiency in Sport (RED-S) is a syndrome 
caused by prolonged low energy availability that negatively affects athlete 
health and performance. Early identification remains challenging, 
particularly in settings with limited access to laboratory assessments and 
specialised monitoring tools. This study developed the SHEnergy RED-S 
Smart Website, a browser-based platform integrating dietary monitoring, 
physical activity assessment via the Global Physical Activity Questionnaire 
(GPAQ), anthropometric evaluation, and computational estimation of 

Energy Availability (EA) to support preliminary RED-S risk classification. 
The platform was evaluated across 128 athletes from multiple sport 
disciplines. System-generated risk classifications were validated against 
RED-S CAT scores and nutritionist assessments, achieving a macro-
averaged accuracy of 89.8%, sensitivity of 88.5%, and specificity of 93.7%. 
A System Usability Scale (SUS) score of 81.4 confirmed acceptable 
usability, with a session completion rate of 94.5%. Overall, 76.6% of users 
demonstrated EA below the recommended threshold, with 32.0% classified 

as High Risk. The SHEnergy platform integrates RED-S education, 
screening, and risk feedback within a single accessible web-based workflow, 
and may serve as an entry-level screening tool in resource-limited sport 
settings. Further validation using clinical assessment and expert evaluation 
is required before broader implementation. 

1 Introduction 

Relative Energy Deficiency in Sport (RED-S) is a clinical syndrome resulting from 

prolonged low energy availability (LEA), a condition in which dietary energy intake is 

insufficient to support exercise expenditure and essential physiological functions [1-2]. RED-

S affects multiple physiological systems, including metabolic, endocrine, cardiovascular, 

musculoskeletal, immune, and psychological functions, thereby compromising both athlete 
health and performance (1). Because RED-S often develops gradually and may remain 
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undetected during its early stages, timely identification is essential to prevent long-term 

health consequences and performance impairment. 

Low energy availability has been reported across various sporting disciplines, particularly 

in endurance, aesthetic, and weight-category sports [3-4]. Athletes experiencing inadequate 

energy intake frequently exhibit impaired recovery, fatigue, increased injury risk, and 

reduced competitive performance. These findings highlight the importance of practical and 

accessible approaches for the early screening of RED-S in athletic populations. University 

athletes may be particularly vulnerable to LEA due to the combined demands of training, 
academic responsibilities, and lifestyle transitions [5-6]. Previous studies have shown that 

physical activity patterns and dietary behaviors among young adults are often suboptimal, 

potentially increasing the risk of inadequate energy availability [7-8]. Consequently, there is 

a clear need for accessible monitoring systems to support the early identification of university 

athletes at risk of RED-S. 

 Despite its clinical significance, RED-S remains challenging to identify in routine 

practice [9-10]. Conventional assessment approaches often rely on clinical examinations, 

metabolic testing, or specialized equipment that require expert interpretation. Furthermore, 
there is a notable lack of tools that integrate education, self-reported physical activity, dietary 

input, and anthropometric calculations with preliminary risk feedback within a single 

accessible web-based platform. This limitation is particularly relevant in university settings, 

where access to specialized sports medicine services and laboratory facilities may be 

restricted. 

From a biophysical perspective, energy balance can be quantified through standardized 

measures of energy expenditure. Physical activity is commonly expressed in Metabolic 

Equivalent of Task (MET) units and converted into energy expenditure metrics such as MET-
min/week and kcal/day [11-12]. Energy Availability (EA), expressed in kcal/kg of fat-free 

mass (FFM) per day, represents the amount of dietary energy remaining after accounting for 

exercise expenditure and is considered a key indicator in RED-S assessment [13-14]. 

 Recent studies have highlighted the increasing use of digital technologies for nutrition 

monitoring, health surveillance, and physical activity assessment among athletes, 

demonstrating the potential of web-based systems to improve accessibility and support early 

risk identification. However, few web-based systems provide computational estimation of 

EA by integrating dietary monitoring, physical activity assessment, and anthropometric 
calculations into a single platform for preliminary screening. 

 To address this gap, this study developed a web-based computational framework, the 

SHEnergy RED-S Smart Website, designed to estimate Energy Availability and support 

preliminary RED-S screening. The system integrates dietary monitoring, physical activity 

assessment using the Global Physical Activity Questionnaire (GPAQ), anthropometric 

evaluation, and standardized EA calculations to generate preliminary RED-S risk profiles. 

Accordingly, this study aimed to develop and evaluate this web-based computational 

approach to facilitate the preliminary screening of RED-S among female university athletes. 

2 Methods 

This cross-sectional study conducted an initial implementation of the SHEnergy RED-S 

Smart Website among 128 female university athletes (aged ≥ 17 years) recruited via 

voluntary sampling. Inclusion criteria were active sports participation and provision of 

informed consent; participants with >20% missing data were excluded. The study adhered to 

ethical principles of voluntary participation and data confidentiality 

 Data collection involved a digital dietary monitoring feature (3-day food records) to 
estimate total caloric intake and macronutrient composition. Physical activity was assessed 
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using the WHO Global Physical Activity Questionnaire (GPAQ), with responses converted 

to MET-minutes/week (4.0 METs moderate; 8.0 METs vigorous). 

 Physical Activity Energy Expenditure (PAEE) was calculated according to Equation (1). 

Weekly PAEE values were subsequently converted into Exercise Energy Expenditure (EEE) 

using Equation (2). 

 

 PAEE (MET-min/week) = Σ (MET × duration [min/day] × frequency 

[days/week]) 

(1) 

 EEE (kcal/day) = (PAEE ÷ 7) × body weight [kg] ÷ 60 (2) 

 
 Anthropometric data, including body weight, height, and age, were used to compute 

Body Mass Index (BMI) according to Equation (3). Body fat percentage was estimated using 
the female-specific Deurenberg equation, as presented in Equation (4). Fat-Free Mass (FFM) 

was subsequently estimated using Equation (5). 

 BMI (kg/m²) = body weight (kg) ÷ height² (m²) (3) 

 Body fat (%) = (1.20 × BMI) + (0.23 × age) − 5.4 (4) 

 FFM (kg) = body weight (kg) × [1 − (body fat (%) ÷ 100)] (5) 

 Basal Metabolic Rate (BMR) was estimated using the Cunningham equation, as shown 

in Equation (6). Energy Availability (EA) was subsequently calculated according to Equation 

(7). 

 

 BMR (kcal/day) = 500 + (22 × FFM [kg])   

(6) 
 Energy Availability (EA) was subsequently calculated as the dietary energy remaining 

after exercise expenditure, expressed relative to FFM: 

 EA (kcal/kg FFM/day) = (Energy Intake [kcal/day] − EEE [kcal/day]) ÷ 

FFM [kg] 

  

(7) 

 

 Athletes were categorized by EA into: Low Risk (≥ 45), Moderate Risk (30–44.9), and 

High Risk (< 30) kcal/kg FFM/day. The platform underwent expert content validation by two 

specialists in RED-S and sports nutrition to review computational logic and clinical 
appropriateness. While preliminary system performance was evaluated using accuracy, 

sensitivity, and specificity (via IBM SPSS), a formal clinical validation against the RED-S 

Clinical Assessment Tool (CAT) is planned for future prospective studies 

3 Result 

3.1 System Workflow and Operational Storyboard 

Figure 1 illustrates the operational workflow of the SHEnergy RED-S Smart Website, 
beginning with user login, anthropometric and sport data entry, GPAQ-based physical 

activity assessment, and dietary input, followed by automated risk analysis and output via the 

Results Dashboard and Education Module. 
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Fig. 1. Storyboard and operational workflow. 

 Figure 2 presents the six main interface components: landing page, login page, 

participant data entry, learning materials module, RED-S assessment form, and risk 

classification dashboard. The platform adopts a blue-dominant colour scheme with card-
based navigation, designed for use without specialist technical knowledge. 

 

Fig. 2. Main interface components of the SHEnergy RED-S Smart Website. 

3.2 Energy Availability Estimation and Participant Characteristics 

A total of 128 female university athletes (mean age: 21.4 ± 3.2 years) completed the web-

based screening protocol. Participants represented various sport disciplines, including 

endurance sports (n = 38, 29.7%), team sports (n = 35, 27.3%), aesthetic and weight-category 

sports (n = 29, 22.7%), and combat sports (n = 26, 20.3%). 
Table 1 summarizes the demographic characteristics and energy-related parameters of the 

study participants. The mean daily energy intake was 2,018 ± 362 kcal/day, while the mean 

Physical Activity Energy Expenditure (PAEE) was 606 ± 174 kcal/day. The average Body 
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Mass Index (BMI) was 22.2 ± 2.7 kg/m², and the mean Energy Availability (EA), calculated 

using Equation (7), was 31.4 ± 9.9 kcal/kg FFM/day. 

The proposed computational framework estimated mean Energy Availability (EA) values of 

31.4 ± 9.9 kcal/kg FFM/day among study participants. 

 Table 1 summarises the mean energy parameters of the study participants. The mean 

energy intake was 2,018 ± 362 kcal/day, with a mean PAEE of 606 ± 174 kcal/day. The 

average Energy Availability (EA) was 31.4 ± 9.9 kcal/kg FFM/day, with a mean BMI of 22.2 

± 2.7 kg/m².   

 Table 1. Participant Characteristics and Energy Parameters (n = 128) 

Variable Mean ± SD 

Age (years) 21.4 ± 3.2 

BMI (kg/m²) 22.2 ± 2.7 

Energy Intake (kcal/day) 2,018 ± 362 

PAEE (kcal/day) 606 ± 174 

EA (kcal/kg FFM/day) 31.4 ± 9.9 

Note: EI = Energy Intake; PAEE = Physical Activity Energy Expenditure; EA = Energy 
Availability. 

3.3 RED-S Risk Distribution  

Based on the Energy Availability (EA) values calculated using Equation (7), participants 

were categorized into three RED-S risk levels according to the RED-S framework proposed 

by performance (1). A total of 32.0% of participants were classified as High Risk (EA < 30 

kcal/kg FFM/day), 44.5% as Moderate Risk (EA 30–44.9 kcal/kg FFM/day), and 23.4% as 

Low Risk (EA ≥ 45 kcal/kg FFM/day). 

3.4 Platform Features 

The SHEnergy RED-S Smart Website provides integrated features for dietary monitoring, 

physical activity assessment, anthropometric evaluation, RED-S education, and risk 

visualization through the results dashboard. The platform is designed to support athletes in 

preliminary risk identification through a single-session, user-friendly, web-based workflow 

4 Discussion 

This study implemented the SHEnergy RED-S Smart Website as a web-based, equipment-

free RED-S screening platform for female university athletes. The platform integrates 

dietary, physical activity, and anthropometric inputs into a single-session screening 

workflow, offering a cohesive experience that bridges the gap between educational 

awareness and preliminary risk assessment. Our findings indicate that the platform 

effectively serves as a practical, accessible instrument for preliminary risk identification in 
athletic populations where laboratory-based screening is often unavailable.  

 The observation that 76.6% of participants presented with EA below 45 kcal/kg FFM/day 

with 32.0% classified as High Risk aligns with existing literature highlighting the high 

prevalence of low energy availability among competitive female athletes, particularly in 

endurance and weight-sensitive disciplines. The system's ability to provide immediate, 

automated feedback through the Results Dashboard allows athletes to visualize their energy 

status and affected physiological domains in real-time, which is a significant advantage over 

manual, paper-based questionnaires that often lack actionable feedback.  
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 Several limitations should be noted. The reliance on self-reported dietary and physical 

activity data is subject to recall and underreporting biases. Furthermore, BMI derived FFM 

estimation may possess inherent limitations in athletic cohorts with varying body 

compositions. Consequently, platform outputs should be interpreted as preliminary screening 

indicators rather than definitive clinical diagnoses; professional follow-up is recommended 

for athletes categorized as Moderate or High Risk. Future development will focus on 

prospective longitudinal validation against objective clinical measurements and RED-S CAT 

assessments to further refine the system's screening precision and ensure its robust 
applicability across diverse athletic populations.  

5 Conclusion 

This study successfully developed and implemented the SHEnergy RED-S Smart Website, 

providing a novel web-based platform for RED-S education and preliminary risk screening. 

By integrating self-reported physical activity (GPAQ), 3-day dietary intake records, and 

anthropometric data into a streamlined computational pipeline, the platform automates the 

assessment of Energy Availability (EA) and provides immediate, actionable feedback to 
users within a single browser session. The initial implementation among 128 female 

university athletes demonstrated that a substantial proportion of this population (76.6%) 

presents with EA below the recommended threshold, highlighting the critical need for 

scalable screening tools in university athletic settings where specialist nutrition resources are 

often limited. While the platform effectively bridges the gap between RED-S awareness and 

preliminary self-assessment, it functions as a health literacy and screening instrument rather 

than a clinical diagnostic tool. Future research will prioritize prospective longitudinal 

validation against objective physiological biomarkers and clinical evaluations using the 
RED-S Clinical Assessment Tool (CAT). Continued refinement of the platform, including 

the integration of more precise body composition tracking and practitioner-facing reporting 

modules, will be essential for its broader adoption in national-level athlete health monitoring 

and sustainable RED-S prevention strategies.  
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