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Abstract
Background  This scoping review aimed to identify how Ecological Momentary Assessment methodologies using 
mobile health technologies are applied to monitor training load and the stress-recovery process in athletes. The 
review focused on mapping the technologies and methodologies employed, examining their use in team and 
individual sports, and exploring the relationships between external and internal load measures, as well as the extent 
to which subjective and objective indicators are integrated within monitoring systems.

Method  Following PRISMA-ScR guidelines, a systematic search across four databases identified 71 studies published 
between 2012 and 2025 that met eligibility criteria.

Results  Half of studies focused on elite or international athletes (50.68%), with a predominance of male participants 
(63.4%). Team sports represented the vast majority (87.3%), particularly soccer (42.5%) and basketball (15.1%). A wide 
range of technologies was reported, from advanced wearable systems to smartphone applications, with external 
load commonly tracked via GPS and accelerometry, and internal load through heart rate indices, Training Impulse, 
Rating of Perceived Exertion, and wellness questionnaires. However, only seven studies directly compared subjective 
and objective measures of internal load, revealing partial convergence and underscoring the value of multimodal 
monitoring strategies.

Conclusions  Ecological Momentary Assessment-based mobile health systems provide valuable insights into athlete 
load and recovery, but important gaps remain in individual sports, female representation, and recovery-related 
behaviors. Future research should prioritize methodological transparency, broader inclusion of populations, and the 
adoption of emerging non-invasive biosensing technologies to achieve a more holistic and ecologically valid model 
of athlete monitoring.
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Background
During physical activity, athletes face situations that can 
affect their performance. These situations may be related 
to the demands of the sport itself or to external issues, 
causing physical or psychological fatigue. Conceptually, 
fatigue can be understood both as a progressive decre-
ment in performance over time (fatigability) and as the 
subjective experience of needing rest or perceiving a 
discrepancy between the effort invested and the perfor-
mance achieved [1]. The inability to sustain athletic per-
formance, together with inadequate rest and recovery, 
may constitute a significant source of stress for athletes. 
To preserve well-being and sustain optimal performance, 
athletes must therefore prioritize recovery. Effective 
management of the stress–recovery process can only be 
achieved by considering all relevant factors, including 
training characteristics, sleep, nutrition, social environ-
ment, and health status, among others, and should con-
sequently be approached as holistically as possible [2–4].

Within sport science, a central objective is to moni-
tor and interpret athletes’ status to mitigate injury, ill-
ness, and non-functional overreaching [2, 5] and to 
ensure day-to-day readiness [6]. The work performed 
in training and competition is typically summarized as 
training load [7] and comprises both external and inter-
nal components [8]. Measuring the external load gives 
information about the work done by the athletes, while 
measuring the internal load relates to knowing the stress 
that the body has been subjected to [9]. There are several 
parameters used to evaluate both internal and external 
load. Parameters of time, distance, power output or com-
posite methods derived from acceleration (Player Load) 
correspond to external load [10, 11], while blood lactate, 
oxygen uptake, heart rate indices, rating of perceived 
exertion (RPE) or wellness questionnaires correspond to 
internal load, among others [9, 10]. Both measures are 
important; however, the key to determining whether an 
athlete is fatigued lies in the relationship between exter-
nal and internal load [6] and in the integration of these 
measures within a holistic framework of fatigue assess-
ment, thereby enabling a more individualized training 
process [12]. For example, high internal load levels when 
the external load is low, may indicate a lack of adaptation 
to training. Moreover, athletes can be in a state of under-
recovery not only due to high stress but also as a result 
of insufficient recovery [3]. To restore the resources that 
have been invested, athletes need to engage in recovery 
strategies, which may be either physical or psychological. 
Periodization and monitoring of recovery is important 
for optimal athlete performance [13], as athletes spend 
more time recovering than training itself [14].

Technological advancements have enabled the cre-
ation of comprehensive monitoring systems that offer 
detailed insights into an athlete’s performance and health 

[15, 16]. Mobile health (mHealth) is the use of mobile 
and wireless technologies (e.g., smartphones, apps, and 
wearable sensors) to deliver health-related services and 
to collect health data in real time [17]. The combination 
between these devices and advanced analytics software 
has become a cornerstone of contemporary training pro-
grams. These tools provide real-time data within athletes’ 
natural environments and thereby facilitate Ecologi-
cal Momentary Assessment (EMA). EMA refers to the 
repeated, real-time assessment of individuals’ behaviors, 
experiences, and physiological states in their everyday 
contexts, reducing recall bias and increasing ecologi-
cal validity [18]. This methodological approach enables 
coaches and sports scientists to obtain rich, timely 
information to guide decision-making regarding ath-
letes’ status [11, 19]. This is especially important in ath-
lete monitoring, as EMA is well suited to capturing the 
dynamic nature of stress and recovery, which can fluctu-
ate across days and within the same day in response to 
training, competition, and contextual demands [3]. Fur-
thermore, with the increasing reliance on objective met-
rics, recent perspectives emphasize the need to integrate 
subjective monitoring to achieve a more holistic under-
standing of athletes’ states [20]. Nevertheless, sports staff 
generally prefer assessment tools that are simple, easy to 
use, time-efficient, non-invasive, and non-fatiguing for 
athletes [5, 21]. Given the wide variety of training load 
measures and monitoring systems available, there is a 
need-to-know not only which measures and technolo-
gies are the most used but also in what context, for which 
type of sport, and which might be the most suitable.

Previous studies have addressed this need by conduct-
ing systematic reviews to classify the measures used to 
examine the state of athletes [22–25] and the techno-
logical devices employed for monitoring [26–28]. In 
their meta-analysis, McLaren et al. [29] reported associa-
tions among wearable-derived variables, including links 
between heart-rate-based training impulse (TRIMP) 
and total distance covered. More recently, Helwig et al. 
[30] summarized wearable-based relationships between 
external and internal indicators, highlighting the fre-
quently studied pairing of session RPE (sRPE) with accel-
erometry-derived load. However, both reviews primarily 
focused on team sports athletes, overlooking individual 
sports athletes and considered invasive technology for 
the monitoring of the internal parameters. Notably, 
female athletes remain underrepresented in the athlete-
monitoring literature, potentially limiting the generaliz-
ability of existing findings [31]. Accordingly, applying 
monitoring frameworks derived primarily from male 
athletes may be problematic, as sex-specific physiology 
and hormone fluctuations can influence commonly used 
internal-load and recovery markers such as HRV [32].
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For this reason, the objective of this scoping review 
is (a) to identify EMA methodologies through mHealth 
technology to monitor the training load or the stress-
recovery process in athletes, (b) to classify the meth-
odologies and technology used according to individual 
or team sports, (c) to describe the relationship between 
external parameters (distance, accelerations, decelera-
tions, etc.) and internal parameters (physiological, car-
diovascular, neuromuscular, subjective, etc.), and (d) to 
analyze the relationship between subjective and objective 
parameters of the internal measures.

Method
The study was carried out in conformity with the 
PRISMA Extension for Scoping Reviews (PRISMA-ScR) 
recommendations [33]. The protocol for this scoping 
review was previously registered at the International 
Platform of Registered Systematic Review and Meta-
Analysis Protocols (INPLASY) with the registration 
number: INPLASY202330089 [34]. In accordance with 
the principles of open science, all datasets and supple-
mentary information referenced in the following sections 
are publicly available in the CORA repository and can be 
accessed at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​3​4​8​1​​0​/​​d​a​t​a​2​6​1​3.

Search strategy
The search for the primary studies was carried through 
four databases: APA PsycInfo by ProQuest, PubMed by 
US National Center for Biotechnology Information, Web 
of Science Core Collection by Clarivate, and SPORTDis-
cus by EBSCOHost.

The search strategy followed the Peer Review of Elec-
tronic Search Strategies (PRESS) [35] and PRISMA for 
Searching (PRISMA-S) guidelines [36], and consisted of 
three groups of search terms referring to: (a) sports and 
physical activity, (b) wireless/wearable technologies and 
mobile applications, and (c) training load or stress-recov-
ery state. We also added a fourth group of terms preceded 
by the Boolean operator NOT to improve the specificity 
of the search strategy and exclude injured athletes.

The generic search expression used was: (“sport$” 
OR “athlet*” OR “exercis*” OR “physical activit*”) AND 
(“mobile health” OR “mHealth” OR “eHealth” OR 
“e-Health” OR “wearable$” OR “wireless technolog*” OR 
“microsensor$” OR “microtechnolog*” OR “GPS” OR 
”accelerometer” OR “training monitoring” OR “mobile 
app*” OR “smartphone app*”) AND (“stress” OR “fatigue” 
OR “load” OR “workload” OR “overtraining” OR “under-
recovery” OR “staleness” OR “overreaching” OR “rest” 
OR “recovery” OR “exhaustion” OR “tiredness” OR 
“readiness”) NOT (“Injur*”). The specific syntax adapted 
to each of the bibliographic databases consulted is avail-
able in the supplementary file “Database-specific search 
syntax”.

The search was performed on 6 April 2025 and was 
restricted to publications from 2012 to 2025. The year 
2012 was selected because it marks a turning point in 
smartphone use (e.g., smartphone adoption in Europe 
reached approximately 47.6% [37] and in the system-
atic use of mobile devices to promote physical activity 
[38]. Only articles published in English or Spanish were 
included.

Study selection
Eligible studies involved athletes aged 13–65 (youth, 
amateur, or high-performance) in team or individual 
sports, using EMA via mHealth to monitor training 
load or stress–recovery, with experimental, single-case, 
cohort, or cross-sectional designs. We excluded studies 
on injured athletes; validation/reliability papers without 
monitoring; one-off lab/field tests without longitudinal 
monitoring; and those measuring only internal or only 
external load or lacking their relationship. Full criteria 
are detailed in the previously published protocol [34].

References identified by the search strategy were 
entered into Mendeley bibliographic software, and dupli-
cates were removed by one reviewer (JG). Two review-
ers (JG & EP) independently screened the articles in two 
phases. In the first phase, the inclusion and exclusion 
criteria were applied to all titles and abstracts. Articles 
meeting the inclusion criteria were chosen, and in cases 
where decisions could not be reached based solely on the 
title and abstract, the complete article was retrieved. In 
the second phase, the full-text inclusion and exclusion 
criteria was assessed. A third author (LC) solved dis-
crepancies during the process. Cohen’s kappa coefficient 
was calculated to measure the agreement between the 
reviewers during the reviewing process.

Data management/data extraction
A data extraction protocol was designed for the selected 
studies (supplementary file “Data extraction”). The 
extracted information included:

 	• General information: title, author, year of publication 
and journal.

 	• Research design.
 	• Characteristics of the target population of the study: 

number of participants, age, gender, sport level and 
sport type.

 	• The monitoring process: technology, stress-recovery 
variables (based on Bourdon et al. [10], periodicity 
and the main results.

Since our exploratory review was designed to be explor-
atory and descriptive, which differs fundamentally from 
the analytical and evidence-based approach of systematic 

https://doi.org/10.34810/data2613
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reviews, no formal assessment of the quality of the 
included studies was performed [39].

Data analysis
A narrative synthesis was performed to analyze and pres-
ent the results. Information extracted from the included 
studies was organized in tables and complemented by 
graphical representations to facilitate the identification 
of patterns and trends. The analysis of the results was 
carried out taking into account the variability that could 
be related to the following moderating variables: year of 
publication, gender, age, analysis approach and geograph-
ical origin of the study, type of sport and whether it was 
classified as an individual or team sport, and the types of 
portable devices used to monitor the internal or external 
load variables in each study.

Results
Study selection
The search identified a total of 9175 articles across the 
four databases. After eliminating duplicate studies and 
screening by title and abstract, 435 studies were selected 
for review based on their full text. Ultimately, 71 stud-
ies met the eligibility criteria and were included in the 
review (see Fig. 1). A very good agreement between the 
reviewers was shown, as the Cohen’s kappa coefficient 
was 1 in the first phase and 0.836 (I.C 95%: 0.746–0.925) 
in the second phase.

Characteristics of the selected studies
Figure 2 shows the number of papers published every 
year since 2012. The years with more publications of 
studies included were 2021 (n = 16) and 2019 (n = 10).

Regarding participant characteristics, most stud-
ies included only male athletes (n = 1120), and only 21 
(29.57%) focused on female athletes (n = 323). Addition-
ally, four studies included mixed-gender participants. As 
for the number of participants, most studies included 
between 11 and 30, and only 11 studies (15.49%) had 
more than 30 participants. Regarding age distribution, 
according to the available data (with seven articles not 
providing this information), the reported mean ages 
range from 14.14 to 38.85 (with corresponding standard 
deviations ranging from 0.40 to 8.88). Regarding com-
petitive level [40], approximately half of the athletes were 
classified as elite or international, most of the remaining 
participants competed at a highly trained national level, 
and only a small proportion were considered trained or 
developmental. As for analytical approaches, most stud-
ies employed conventional methods (descriptive, cor-
relational, or regression analyses), and only a quarter 
used advanced techniques such as principal component 
analysis, machine learning, or mixed models. In terms of 
location, the United States and Australia were the most 

represented countries, followed by Spain and Portugal, 
with the remaining studies distributed across Europe, 
Africa, and Asia (see Table 1). The included studies gen-
erally reported evidence of device validity and/or reliabil-
ity for objective measures of external load and internal 
load, whereas greater heterogeneity was observed in the 
assessment of subjective internal load. Reporting of miss-
ing data also varied across studies: some attributed miss-
ingness to injury or playing role/position, and several did 
not report reasons for missing data. Importantly, all stud-
ies described the procedures followed during data collec-
tion, with protocols tailored to the specific sport context, 
the monitoring technologies employed, and the variables 
assessed.

Sports participation
In relation to the sports included in the studies, soccer 
was the most present (n = 31, 42.46%), followed by bas-
ketball (n = 11, 15.06%) and rugby (n = 4, 5.47%). Figure 3 
displays all the sports included, split by the type of sport, 
individual (blue, n = 9, 12.67%) or team (yellow, n = 62, 
87.32%) sports.

The monitoring process of the included studies are 
summarized in Table 2, involving the training load mea-
sures employed and the duration of data collection. Three 
studies (4.22%) monitored athletes for less than one 
week, 14 studies (19.71%) for periods between two weeks 
and one month, and 16 studies (22.53%) for one to three 
months. Half of the studies (n = 36, 50.70%) collected 
data over periods longer than three months, whereas two 
studies did not report the duration of monitoring.

External and internal load variables and technologies
The most frequently reported external load variables were 
distance (n = 44, 24.86%), Player Load (n = 41, 23.16%), 
speed (n = 36, 20.34%), and acceleration/deceleration 
(n = 24, 13.56%). These metrics were commonly moni-
tored using branded systems such as Catapult (n = 26, 
36.62% of studies, e.g., [36, 56, 78]), Polar Team (n = 9, 
12.68%, e.g., [73, 80, 81]), SPI (n = 9, 12.68%, e.g., [49, 96, 
100]), STATSports (n = 8, 11.27%, e.g., [39, 41, 97]). Other 
technologies such as WIMU [61, 67, 90], Zephyr Biohar-
ness [65, 94] and PlayerTek [55] were used less frequently. 
Regarding the integration of technology trademarks and 
external load variables (Fig.  4A), distance was mainly 
assessed with Catapult (n = 14) and SPI (n = 8); Player 
Load almost exclusively with Catapult (n = 22); speed 
with Catapult (n = 12) and STATSports or SPI (n = 7); and 
acceleration/deceleration with Catapult or Polar Team 
(n = 7). When stratified by sport type, Player Load (n = 19) 
and distance and speed (both n = 12) were the most fre-
quently reported variables in team sports (Fig.  4B), 
whereas in individual sports (Fig. 4C) time, distance, and 
Player Load (each n = 5) were reported most frequently.
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As shown in Fig.  5, the most used objective internal 
load variables included heart rate indices (n = 39, 32.77%) 
and TRIMP scores (n = 19, 15.96%). The most commonly 
used technology trademarks to collect objective mea-
sures were Polar (n = 34, 69.39% of studies, e.g., [35, 92, 
95, 99]) and FirstBeat (n = 4, 8.16%, e.g., [44, 63, 86, 88]).

The most frequently reported subjective internal load 
variables were Wellness (n = 24, 20.17%), RPE (n = 23, 
19.33%), and sRPE (n = 13, 10.42%). Wellness measures 
commonly included self-reported perceptions of fatigue, 
stress, muscle soreness, and sleep quality, and were 
assessed using different Likert scales (e.g., 1–5, 0–10, 

Fig. 1  PRISMA flowchart of the scientific literature search and the selection of studies
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or 1–7), whereas RPE was consistently reported using a 
0–10 Likert scale. These were mostly collected through 
smartphone apps (n = 25, 73.53% of studies, e.g., [36, 46, 
51]) like TeamBuildr or online forms (n = 8, 23.53%, e.g., 
[60, 74, 75]). Regarding the integration between technol-
ogy trademarks and variables (Fig. 5A), Polar was mainly 
used to capture heart rate indices (n = 26) and TRIMP 
(n = 15). Smartphone apps were most frequently used for 
RPE (n = 20), sRPE (n = 11), and Wellness (n = 16). When 
analyzed by sport type, heart rate indices were the most 
frequently reported variables in both team (Fig. 5B) and 
individual sports (Fig. 5C).

Associations between external and internal load
Moderate to very strong correlations between external 
and internal load were reported in 28 studies, with rep-
resentative examples including several investigations 
(e.g., [35, 49, 52, 56, 59, 66, 90, 95, 105]). Variables such 
as total distance, Player Load, and acceleration volume 
were frequently associated with TRIMP, %HRmax, or 
HR zone-based metrics. For example, TRIMP based 
parameters correlated strongly with total distance (r 
= .79–0.84) and Player Load (r = .81–0.85) [59], while 

Player Load alone explained up to 87% of the variance 
in HR response during intermittent field hockey train-
ing [66]. Other approaches employed ratio-based indi-
ces to relate external and internal load [103, 107, 111]. 
These indices confirmed differences according to play-
ing role and exposure time, with HR-derived indicators 
(e.g., HRmax, cardiovascular capacity) varying by posi-
tion and match progression, and efficiency indexes (effin-
dex: mean speed/%HRmax) differentiating positions and 
match halves. Similar comparisons of average heart rate, 
external intensity, and performance index were also used 
to examine external–internal load relationships [91].

In contrast, heart rate variability (HRV) indicators such 
as lnRMSSD showed trivial to small associations with 
external load in several studies [39, 44, 55, 67, 86]. For 
instance, external load decreased significantly during a 
two-week preseason, yet HRV remained unchanged [62], 
while non-significant correlations (r < .20) were observed 
between HRV and training volume or distance [74]. An 
exception was reported by Sánchez-Sánchez et al. [93], 
who found negative associations between pre-match 
HRV parameters (e.g., LF/HF ratio) and in-match exter-
nal load metrics such as sprint distance and sprint count.

Fig. 2  Number of included studies by publication year since 2012

 



Page 7 of 18Guillen Cots et al. BMC Sports Science, Medicine and Rehabilitation          (2026) 18:199 

Session RPE (sRPE) consistently showed moderate to 
strong correlations with external load (e.g., [36, 45, 48, 
56, 89, 99]). For example, a one-unit increase in RPE pre-
dicted an additional 106 m of high-speed running and 49 
AU of Player Load [52], while sRPE explained up to 65% 
of the variance in TRIMP [106]. Data were commonly 

collected via smartphone applications [43, 96] or stan-
dardized post-session scales [63, 106].

Wellness measures such as the perception of fatigue, 
soreness, sleep quality, and stress were assessed in 24 
studies (e.g., [41, 53, 74, 82, 102]). High external loads, 
particularly accelerations and match load, were negatively 
associated with subsequent wellness measures (percep-
tion of fatigue, soreness, sleep quality, and stress), espe-
cially on the first (MD + 1) and second (MD + 2) day after 
the match. Strong associations were observed between 
total distance and both muscle soreness (r = –.67) and 
perceived stress (r = –.70) [89]. Conversely, other studies 
found no significant associations between wellness rat-
ings and load metrics [44, 50, 67, 68]. For instance, pre-
match wellness scores showed only trivial relationships 
with match load outcomes [44]. Sleep quality and per-
ceived energy emerged as the most consistent predictors, 
with significant associations reported in several studies 
[53, 82, 109]. Notably, athletes with good sleep quality 
covered ~ 300  m more per training day compared with 
those reporting poor sleep [53].

Relationship between subjective and objective internal 
load measures
Seven studies directly compared subjective (sRPE, RPE, 
wellness) and objective (HR, TRIMP) internal load mea-
sures. A moderate correlation (r = .45) between sRPE 
and Summated Heart Rate Zones (SHRZ) was reported 
[94]. Shared variances between sRPE, TRIMP, and 
SHRZ ranged from 14% to 38%, indicating partial over-
lap between perceptual and physiological load markers 
[96]. sRPE-TL predicted TRIMP with high accuracy (R² = 
0.65), and model fit improved by an additional 11% when 
total distance was included [106]. Comparisons between 
RPE and HR-derived indices also revealed statistically 
significant associations [51], while perceived exertion rat-
ings were moderately aligned with SHRZ and %HRmax 
metrics in elite football contexts [63]. Studies on well-
ness-based load perception demonstrated weak or incon-
sistent correlations with HR and TRIMP [50], although 
others noted stronger alignment between wellness indi-
cators and HR zones [80].

Contextual and individual modifiers
Contextual factors influenced load-response relation-
ships across multiple studies. Changes in both external 
and internal load were associated with different competi-
tion phases, such as pre-season versus international tour-
naments [64, 108]. During high-density match periods, 
training loads were reduced while game loads remained 
high [85]. Position-specific differences in workload and 
physiological response indicated that player role modi-
fies both external load exposure and internal responses 
(physiological and perceptual) [91, 101]. For instance, 

Table 1  Frequency distribution of general characteristics
Variable Category Frequency

n %
Gender Female 21 29.57

Male 45 63.38

Mixed 4 5.63

Not specified 1 1.40

Participants 1–10 17 23.94

11–30 42 59.15

> 30 11 15.49

Not specified 1 1.41

Level* Elite/International 37 50.68

Highly trained/National 32 43.83

Trained/Developmental 4 5.47

Analysis† Advanced 19 26.76

Conventional 52 73.24

Country United States of America 15 21.12

Australia 13 18.30

Spain 9 12.67

Portugal 6 8.45

France 2 2.81

Lithuania 2 2.81

Sweden 2 2.81

Canada 2 2.81

United Kingdom 2 2.81

Italy 2 2.81

Ireland 2 2.81

South Africa 2 2.81

Other countries‡ 12 16.90

Sport§ Soccer 31 42.46

Basketball 11 15.06

Rugby 4 5.47

Hockey 3 4.10

American Football 3 4.10

Badminton 2 2.73

Gaelic football 2 2.73

Ice Hockey 2 2.73

Lacrosse 2 2.73

Other sports¶ 13 17.80
* Level classification based on McKay et al. [40] framework

 † Analysis advanced includes principal component analysis, machine learning 
and mixed models. Conventional includes descriptive, correlational and 
regression analyses

‡ Other countries (n = 1): Chile, Malaysia, Belgium, Germany, Russia, Brazil, 
Norway, Denmark, Qatar, Iran, Singapore, Mexico

§ The total number of sports included is 73, since Campbell et al. [41] studies 
three sports

¶ Other sports (n = 1): Surf, Cycling, Handball, Cross-Country, Squash, Netball, 
Volleyball, Beach Volleyball, Trail-Running, Cricket, Tennis, Biathlon, Waterpolo
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players in more physically demanding positions may 
accumulate greater high-intensity efforts and exhibit 
stronger cardiovascular responses than those in lower 
demanding roles, thereby influencing their subjective 
perception of effort.

Discussion
The primary objective of this scoping review was to iden-
tify EMA methodologies using mHealth technologies 
for monitoring training load or the stress-recovery pro-
cess in athletes. Specifically, the review aimed to classify 
the methodologies and technologies used according to 
individual or team sports, to describe the relationship 
between external parameters (e.g., distance, accelera-
tions) and internal parameters (e.g., physiological, cardio-
vascular, neuromuscular, subjective), and to analyze the 
relationship between subjective and objective internal 
load measures.

The findings align in part with previous systematic 
reviews [29, 30]. Like those works, this review confirms 
moderate to very strong associations between heart rate–
derived internal load (e.g., TRIMP, %HRmax) and exter-
nal load variables (e.g., total distance, Player Load) across 
sports and contexts [42, 59, 66, 97, 102]. However, this 

review extends prior findings by incorporating a wider 
range of internal load constructs and exploring differ-
ences by sport type, competitive context, and data acqui-
sition methodology.

An important contribution of this review is the identi-
fication of advanced analytical approaches. For instance, 
Campbell et al. [41] applied machine learning models 
to predict training load from wellness scores, although 
these models showed limited predictive power. In addi-
tion, Rago et al. [88] used unsupervised machine learning 
to reveal strong associations between internal and exter-
nal load measures and to identify parameters that distin-
guished between player groups and temporal patterns. 
Others studies used canonical correlations [42], stepwise 
regression [78], or multilinear models [99] to explore 
multidimensional interactions. While still underused, 
these approaches point toward a more sophisticated, 
data-informed future in athlete monitoring.

An important distinction that emerged from this 
review relates to sport type and gender. Studies mainly 
focused on team sports (n = 62), especially soccer (n = 33), 
while individual sports (n = 9) were notably under-
represented. Given that individual athletes often fol-
low highly personalized training and recovery patterns, 

Fig. 3  Sports and type of sports (individual - team) of the included studies. Individual sports in blue color and team sports in yellow

 



Page 9 of 18Guillen Cots et al. BMC Sports Science, Medicine and Rehabilitation          (2026) 18:199 

St
ud

y
Sp

or
ts

M
on

ito
ri

ng
 p

ro
ce

ss

Tr
ai

ni
ng

 lo
ad

 m
ea

su
re

s†

In
te

rn
al

Ex
te

rn
al

D
ur

at
io

n

O
bj

ec
tiv

e
Su

bj
ec

tiv
e

TR
IM

P
H

Ri
O

A
RP

E
sR

PE
W

el
ln

es
s

D
is

ta
nc

e
PL

Sp
ee

d
A

cc
/D

ec
M

RC
Ti

m
e

PO
M

P
A

c
<1

w
.

<1
m

.
1-

3m
.

>3
m

.
A

bd
ul

la
hi

 e
t a

l. 
(2

01
9)

 [4
2]

Ba
dm

in
to

n
X

X
X

X
X

A
sk

ow
 e

t a
l. 

(2
02

1)
 [4

3]
So

cc
er

X
X

X
X

X
X

X
X

X

Be
lli

ng
er

 e
t a

l. 
(2

02
0)

 [4
4]

So
cc

er
X

X
X

X
X

Bi
ss

ch
off

 e
t a

l. 
(2

01
6)

 [4
5]

Ba
dm

in
to

n
X

X
X

X
X

X
X

Ca
m

pb
el

l e
t a

l. 
(2

02
1)

 [4
1]

C
ric

ke
t, 

Ru
gb

y 
& 

So
cc

er
X

X
X

X
X

C
hr

is
m

as
 e

t a
l. 

(2
01

9)
 [4

6]
So

cc
er

X
X

X
X

X

C
le

m
en

te
 (2

01
8)

 [4
7]

So
cc

er
X

X
X

X
X

C
le

m
en

ts
 e

t a
l. 

(2
02

5)
 [4

8]
So

cc
er

X
X

X
X

X

Co
nt

e 
et

 a
l. 

(2
02

1)
[4

9]
Ba

sk
et

ba
ll

X
X

X
X

X
X

Co
nt

e 
et

 a
l. 

(2
02

1)
 [5

0]
Ru

gb
y

X
X

X
X

X

Co
st

a 
et

 a
l. 

(2
01

9)
 [5

1]
So

cc
er

X
X

X
X

X
X

C
ro

te
au

 e
t a

l. 
(2

02
3)

 [5
2]

W
at

er
 p

ol
o

X
X

X
X

X

C
ro

uc
h 

et
 a

l. 
(2

02
1)

 [5
3]

La
cr

os
se

X
X

X
X

X
X

Cu
lle

n 
et

 a
l. 

(2
02

1)
 [5

4]
So

cc
er

X
X

X
X

X
X

X
X

de
 D

io
s-

A
lv

ar
ez

 e
t a

l. 
(2

02
3)

[5
5]

So
cc

er
X

X
X

X
X

X
X

X

D
el

an
ey

 e
t a

l. 
(2

01
8)

[5
6]

Ru
gb

y
X

X
X

X
X

D
ou

ch
et

 e
t a

l. 
(2

02
1)

 [5
7]

So
cc

er
X

X
X

X
X

X
X

D
ra

pe
r e

t a
l. 

(2
02

1)
 [5

8]
So

cc
er

X
X

X
X

X
X

X
X

X

El
lis

 e
t a

l. 
(2

02
1)

 [5
9]

So
cc

er
X

X
X

X
X

Ev
an

s 
et

 a
l. 

(2
02

2)
[6

0]
So

cc
er

X
X

X
X

X

Fe
rn

an
de

z 
et

 a
l. 

(2
02

1)
 

[6
1]

H
oc

ke
y

X
X

X
X

X
X

X

Fi
el

ds
 e

t a
l. 

(2
02

1)
 [6

2]
So

cc
er

X
X

X
X

X

Fo
x 

et
 a

l. 
(2

02
0)

[6
3]

Ba
sk

et
ba

ll
X

X
X

X
X

Fo
x 

et
 a

l. 
(2

01
8)

 [6
4]

Ba
sk

et
ba

ll
X

X
X

X

G
ie

le
n 

et
 a

l. 
(2

02
2)

 [6
5]

Vo
lle

yb
al

l
X

X
O

G
on

za
le

z-
Fi

m
br

es
 e

t a
l. 

(2
01

9)
 [6

6]
H

oc
ke

y
X

X
X

G
ón

za
le

z-
G

ar
cí

a 
& 

Ro
m

e-
ro

-M
or

al
ed

a 
(2

02
4)

 [6
7]

So
cc

er
X

X
X

X
X

G
ov

us
 e

t a
l. 

(2
01

8)
 [6

8]
A

m
er

ic
an

 
fo

ot
ba

ll
X

X
X

G
ra

ce
 e

t a
l. 

(2
02

3)
 [6

9]
La

cr
os

se
X

X
X

X
X

X

Ta
bl

e 
2 

C
he

ck
lis

t o
f t

he
 m

on
ito

rin
g 

pr
oc

es
s 

of
 th

e 
in

cl
ud

ed
 s

tu
di

es



Page 10 of 18Guillen Cots et al. BMC Sports Science, Medicine and Rehabilitation          (2026) 18:199 

St
ud

y
Sp

or
ts

M
on

ito
ri

ng
 p

ro
ce

ss

Tr
ai

ni
ng

 lo
ad

 m
ea

su
re

s†

In
te

rn
al

Ex
te

rn
al

D
ur

at
io

n

O
bj

ec
tiv

e
Su

bj
ec

tiv
e

TR
IM

P
H

Ri
O

A
RP

E
sR

PE
W

el
ln

es
s

D
is

ta
nc

e
PL

Sp
ee

d
A

cc
/D

ec
M

RC
Ti

m
e

PO
M

P
A

c
<1

w
.

<1
m

.
1-

3m
.

>3
m

.
H

ei
sh

m
an

 e
t a

l. 
(2

01
8)

 [7
0]

Ba
sk

et
ba

ll
X

X
X

X

H
en

de
rs

on
 e

t a
l. 

(2
01

9)
 

[7
1]

Ru
gb

y
X

X
X

X
X

Ih
sa

n 
et

 a
l. 

(2
01

7)
 [7

2]
H

oc
ke

y
X

X
X

X
X

X

Ja
m

es
 e

t a
l. 

(2
02

1)
 [7

3]
Sq

ua
sh

X
X

X
X

X

Ja
va

lo
ye

s 
et

 a
l. 

(2
02

1)
 [7

4]
Cy

cl
in

g
X

X
X

Kå
rs

tr
öm

 e
t a

l. 
(2

02
4)

 [7
5]

Bi
at

hl
on

X
X

X

Kn
iu

ba
ite

 e
t a

l. 
(2

01
9)

 [7
6]

H
an

db
al

l
X

X
X

La
co

m
e 

et
 a

l. 
(2

01
8)

 [7
7]

So
cc

er
X

X
X

X
X

Le
m

pk
e 

et
 a

l. 
(2

02
2)

 [7
8]

C
ro

ss
-C

ou
nt

ry
X

X
X

X

Lo
ng

 e
t a

l. 
(2

02
4)

 [7
9]

So
cc

er
X

X
X

X
X

X

Lo
pe

z-
La

va
l e

t a
l. 

(2
02

2)
 

[8
0]

Ba
sk

et
ba

ll
X

X
X

X
X

M
ar

a 
et

 a
l. 

(2
01

5)
 [8

1]
So

cc
er

X
X

X
X

X

M
at

os
 e

t a
l. 

(2
01

9)
 [8

2]
Tr

ai
l r

un
ni

ng
X

X
X

X
X

Pe
te

rs
on

 &
 Q

ui
gg

le
 (2

01
7)

 
[8

3]
Ba

sk
et

ba
ll

X
X

X
X

Pe
xa

 e
t a

l. 
(2

02
3)

 [8
4]

So
cc

er
X

X
X

X
X

X

Po
w

er
 e

t a
l. 

(2
02

4)
 [8

5]
Ba

sk
et

ba
ll

X
X

X
X

Ra
bb

an
i e

t a
l. 

(2
01

9)
 [8

6]
So

cc
er

X
X

X
X

X
X

Ra
go

 e
t a

l. 
(2

02
2)

 [8
7]

H
oc

ke
y

X
X

X

Ra
go

 e
t a

l. 
(2

02
5)

 [8
8]

H
oc

ke
y

X
X

X
X

Ra
hi

lly
 e

t a
l. 

(2
02

3)
[8

9]
So

cc
er

X
X

X
X

X
X

Re
in

a 
et

 a
l. 

(2
01

9)
 [9

0]
Ba

sk
et

ba
ll

X
X

X

Re
in

ha
rd

t e
t a

l. 
(2

02
0)

 [9
1]

So
cc

er
X

X
X

X

Re
na

gh
an

 e
t a

l. 
(2

02
4)

 [9
2]

So
cc

er
X

X
X

Sá
nc

he
z-

Sá
nc

he
z 

et
 a

l. 
(2

02
1)

 [9
3]

So
cc

er
X

X
X

X
X

Sa
ns

on
e 

et
 a

l. 
(2

02
2)

[9
4]

Ba
sk

et
ba

ll
X

X
X

X
X

Sa
ns

on
e 

et
 a

l. 
(2

02
5)

 [9
5]

Ba
sk

et
ba

ll
X

X
X

X

Sc
an

la
n 

et
 a

l. 
(2

01
4)

 [9
6]

Ba
sk

et
ba

ll
X

X
X

X

Sc
ot

t e
t a

l. 
(2

01
3)

 [9
7]

So
cc

er
X

X
X

X
X

Sc
ot

t &
 L

ov
el

l (
20

18
) [

98
]

So
cc

er
X

X
X

X
X

Si
lv

a 
et

 a
l. 

(2
02

1)
 [9

9]
Su

rf
X

X
X

X
X

X
X

Si
lv

a 
et

 a
l. 

(2
01

8)
 [1

00
]

So
cc

er
X

X
X

X
X

Ta
bl

e 
2 

(c
on

tin
ue

d)

 



Page 11 of 18Guillen Cots et al. BMC Sports Science, Medicine and Rehabilitation          (2026) 18:199 

St
ud

y
Sp

or
ts

M
on

ito
ri

ng
 p

ro
ce

ss

Tr
ai

ni
ng

 lo
ad

 m
ea

su
re

s†

In
te

rn
al

Ex
te

rn
al

D
ur

at
io

n

O
bj

ec
tiv

e
Su

bj
ec

tiv
e

TR
IM

P
H

Ri
O

A
RP

E
sR

PE
W

el
ln

es
s

D
is

ta
nc

e
PL

Sp
ee

d
A

cc
/D

ec
M

RC
Ti

m
e

PO
M

P
A

c
<1

w
.

<1
m

.
1-

3m
.

>3
m

.
Si

m
ps

on
 e

t a
l. 

(2
02

0)
 [1

01
]

N
et

ba
ll

X
X

X
X

X

So
bo

le
w

sk
i (

20
20

) [
10

2]
A

m
er

ic
an

 
fo

ot
ba

ll
X

X
X

X
X

X
X

X
X

Su
ar

ez
-A

rr
on

es
 e

t a
l. 

(2
01

5)
 [1

03
]

So
cc

er
X

X
X

Te
ix

ei
ra

 e
t a

l. 
(2

02
3)

 [1
04

]
So

cc
er

X
X

X
X

X
X

X
X

Te
nd

er
o-

O
rt

iz
 e

t a
l. 

(2
02

4)
 

[1
05

]
Te

nn
is

X
X

X
X

X
X

X

To
m

et
z 

et
 a

l. 
(2

02
2)

 [1
06

]
Be

ac
h 

vo
lle

yb
al

l
X

X
X

X
X

To
rr

en
o 

et
 a

l. 
(2

01
6)

 [1
07

]
So

cc
er

X
X

X
X

Vi
lla

se
ca

-V
ic

uñ
a 

et
 a

l. 
(2

02
3)

 [1
08

]
So

cc
er

X
X

X
X

X
X

O

W
el

lm
an

 e
t a

l. 
(2

01
9)

 [1
09

]
A

m
er

ic
an

 
fo

ot
ba

ll
X

X
X

X
X

W
iig

 e
t a

l. 
(2

02
0)

 [1
10

]
So

cc
er

X
X

X
X

X

Za
fa

r e
t a

l. 
(2

02
4)

 [1
11

]
So

cc
er

X
X

X
†B

as
ed

 o
n 

Bo
ur

do
n 

et
 a

l. 
[1

0]
. X

: I
nd

ic
at

es
 th

at
 th

e 
va

ria
bl

e 
ap

pe
ar

s 
in

 th
e 

st
ud

y,
 o

r t
he

 d
ur

at
io

n 
of

 d
at

a 
co

lle
ct

io
n.

 O
: I

nd
ic

at
es

 th
at

 th
e 

du
ra

tio
n 

of
 th

e 
da

ta
 c

ol
le

ct
io

n 
is

 n
ot

 re
po

rt
ed

TR
IM

P 
Tr

ai
ni

ng
 Im

pu
ls

e,
 H

Ri
 H

ea
rt

 r
at

e 
in

di
ce

s,
 O

A 
O

th
er

 a
ss

es
sm

en
ts

, R
PE

 R
at

in
g 

of
 P

er
ce

iv
ed

 E
xe

rt
io

n,
 s

RP
E 

se
ss

io
n 

Ra
tin

g 
of

 P
er

ce
iv

ed
 E

xe
rt

io
n,

 P
L 

Pl
ay

er
 L

oa
d,

 A
cc

/D
ec

 A
cc

el
er

at
io

n/
D

ec
el

er
at

io
n,

 M
RC

 M
ov

em
en

t 
re

pe
tit

io
n 

co
un

ts
, P

O
 P

ow
er

 O
ut

pu
t, 

M
P 

M
et

ab
ol

ic
 P

ow
er

, A
c 

A
cc

el
er

om
et

ry
, w

 w
ee

k,
 m

. m
on

th
s

Ta
bl

e 
2 

(c
on

tin
ue

d)

 



Page 12 of 18Guillen Cots et al. BMC Sports Science, Medicine and Rehabilitation          (2026) 18:199 

Fig. 5  Internal load variables and technology trademarks used in the included studies. A shows total values across all included studies, B shows team-
sport studies, and C shows individual-sport studies. n: indicates the number of occurrences across all studies, not the number of studies. TRIMP: Training 
Impulse. HR indices: Heart rate indices. RPE: Rating of Perceived Exertion. sRPE: session Rating of Perceived Exertion. Example measurement units reported 
across studies include: RPE (0–10 Likert scale), sRPE (arbitrary units; calculated as RPE × session duration in minutes), wellness (arbitrary units from Likert 
scales; e.g., 1–5 or 1–7), heart-rate indices (beats per minute for HRmean/HRmax; percentage of HRmax; and milliseconds for HRV metrics such as RMSSD 
or SDNN), TRIMP (arbitrary units), and tensiomyography (milliseconds for contraction time)

 

Fig. 4  External load variables and technology trademark used in the included studies. A shows total values across all included studies, B shows team-
sport studies, and C shows individual-sport studies. n: indicates the number of occurrences across all studies, not the number of studies. Acc/Dec: Ac-
celeration/Deceleration. Example measurement units reported across studies include: distance (meters), Player Load (arbitrary units), speed (meters per 
second or kilometers per hour), accelerations/decelerations (meters per second squared), movement repetition counts (e.g., changes of direction, jumps), 
time (seconds or minutes), accelerometry (x-, y-, and z-axis g-force), metabolic power (watts per kilogram), and power output (joules)
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this imbalance reveals a clear gap in the literature and 
highlights the need for future research exploring EMA-
based monitoring strategies tailored to individual sport 
contexts. In terms of gender, 45 studies included exclu-
sively male athletes (n = 1120), whereas only 21 focused 
on female participants (n = 323). This gender disparity 
further underscores the need to expand research efforts 
to better represent female athletes and their specific 
training and recovery profiles. Although four studies 
recruited mixed-gender samples, none reported sepa-
rate analyses for male and female athletes in the relation-
ship between internal and external loads. In addition, 
the review revealed important differences in techno-
logical accessibility. While elite-level environments fre-
quently employed advanced systems such as Catapult, 
STATSports, or Polar Team Pro, these tools are often 
cost-prohibitive for clubs, individual athletes, or teams 
with limited budgets. However, several studies demon-
strated that simpler, low-cost alternatives such as mobile 
apps or basic subjective scales can still deliver valid and 
useful data [43, 96]. These findings emphasize the poten-
tial of accessible monitoring solutions to extend best 
practices beyond high-performance environments and 
into more resource-limited or amateur settings, support-
ing more equitable athlete care and decision-making.

Regarding the relationship between external and inter-
nal load, most studies confirmed robust associations 
(r = .79–0.85). In addition to classic correlations, some 
adopted derived indices to evaluate internal-to-exter-
nal load ratios [91, 103, 107], while others related HR-
derived cardiovascular capacity to positional demands 
[111]. These indices offered deeper insights into athlete 
adaptation and performance economy. By contrast, HRV 
metrics such as lnRMSSD showed limited responsiveness 
to training load in many studies [46, 62, 74], supporting 
previous claims that HRV is more effective for long-term 
recovery monitoring than short-term load assessment. 
Nevertheless, recent advancements in wearable biosens-
ing technologies [112] now enable the non-invasive and 
continuous monitoring of internal load parameters like 
lactate or glucose, via sweat. These parameters were 
previously restricted to invasive blood-based methods, 
and their integration into mHealth systems represents 
a promising step toward more comprehensive and real-
time internal load monitoring in the field.

Subjective measures, particularly sRPE, proved reli-
able and were moderately to strongly correlated with 
external load [40, 49, 52, 93, 103]. Components of well-
ness like sleep quality and perceived energy were among 
the most predictive variables [53, 109], though others like 
stress or soreness yielded inconsistent results [44, 67, 68]. 
However, this review revealed that many studies did not 
report how subjective variables were collected, and sev-
eral still used non-digital tools, despite the demonstrated 

benefits of mobile-based EMA approaches in improv-
ing data quality and ecological validity [21]. This lack of 
methodological transparency and technological integra-
tion has also been highlighted in practice-focused studies 
[113], showing that subjective measures are widely used 
but often inconsistently applied, with limited feedback 
to athletes and little standardization. Our findings com-
plement this by showing that while subjective metrics 
are valuable and commonly used, their implementation 
often lacks the rigor and integration found in objective 
monitoring.

Moreover, only 7 studies compared subjective and 
objective internal load. These studies compared physi-
ological metrics such as TRIMP, %HRmax, or SHRZ 
with perceptual indicators like sRPE or wellness scores. 
Results revealed a partial convergence between these two 
domains: although correlations were generally signifi-
cant, the shared variance between sRPE and TRIMP-type 
models ranged from 14% to 38% [94, 96, 106]. This indi-
cates that while sRPE captures a meaningful portion of 
physiological load, it also reflects additional psychologi-
cal, contextual, or perceptual dimensions not accounted 
for by objective measures. Beyond this, sRPE has become 
one of the most widely adopted subjective indicators, by 
conveying a more global sense of effort relative to a given 
external load [114]. However, the substantial variance not 
shared with physiological markers such as TRIMP sug-
gests that other aspects of cognitive exertion may play an 
important role. Incorporating such cognitive measures, 
particularly when collected in ecological settings through 
mHealth solutions, may offer a complementary perspec-
tive that is less invasive, more affordable, and broadly 
feasible across sporting environments. This approach 
aligns with the need for multimodal monitoring strat-
egies, especially in field-based contexts where physi-
ological data may not always be accessible. They also 
reinforce the notion that subjective data—far from being 
secondary—provide unique insights into how athletes 
perceive and integrate training stimuli, including stress, 
fatigue, and readiness perception. Subjective and objec-
tive measures should not be treated as interchangeable, 
but rather as synergistic components of athlete moni-
toring. Furthermore, these align with recent views that 
athlete monitoring must be framed within a complex sys-
tems perspective [20]. In this view, perception, recovery 
behaviors, and environmental context are not peripheral 
but central to understanding load adaptation. By ana-
lyzing both types of internal load and their relationship 
to external demands, this review contributes to a more 
integrated and ecologically valid model of athlete moni-
toring. The potential impact lies in promoting multi-
modal, ecologically valid approaches that incorporate not 
only physiological and perceptual load, but also recov-
ery behaviors and emerging biosensing technologies. In 
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applied practice, such frameworks can guide coaches and 
clinicians in tailoring interventions, preventing injury, 
and optimizing adaptation, while stimulating the devel-
opment of future sport-specific guidelines.

This scoping review is subject to several limitations. 
First, although the search strategy was comprehensive, 
relevant studies may have been missed due to database 
indexing limitations, language restrictions, or the exclu-
sion of grey literature. Second, the evidence base iden-
tified within the selected timeframe (2012–2025) was 
skewed toward team sports, particularly soccer, and 
toward elite/international male athletes. Importantly, the 
comparatively lower number of included studies in indi-
vidual sports should be interpreted cautiously, as it may 
reflect the post-2012 expansion and uptake of mHealth/
EMA tools in intermittent team-sport settings rather 
than a definitive lack of monitoring research in individ-
ual disciplines. In contrast, the under-representation of 
female cohorts constitutes a more substantive evidence 
gap and limits the generalizability of current findings. 
Third, the heterogeneity of methodologies, technologies, 
and measurement tools used across studies made direct 
comparisons difficult. In particular, the lack of stan-
dardization in the collection and reporting of subjective 
internal load measures, such as RPE or wellness scores 
was notable, as many studies did not specify the format 
or timing of data collection. Future research would ben-
efit from the adoption of more standardised protocols. 
Table  3 provides an example checklist to support con-
sistent implementation and reporting of these measures, 
including: (1) scale specification (2) timing of adminis-
tration in relation to training or competition (3) mode of 
administration, (4) contextual factors, and (5) reporting 
procedures for data aggregation and interpretation.

Moreover, there were substantial differences in the 
periodicity of data collection (e.g., daily, weekly, post-
session) and in the characteristics of the participants, 
which ranged widely in age, competitive level, and sport 
discipline. Additionally, even within the same technol-
ogy brands as Catapult, STATSports or Polar, different 
models and device generations were used across studies, 

potentially affecting the consistency and comparability of 
the collected data. This variability may limit the compa-
rability and transferability of findings across contexts.

Conclusions
This scoping review provides an updated and compre-
hensive overview of Ecological Momentary Assessment 
methodologies using mHealth technologies to moni-
tor training load and the stress-recovery process in ath-
letes. The findings confirm well-established relationships 
between external load variables and heart rate–based 
internal measures, while highlighting the growing role 
of subjective metrics such as sRPE and wellness scores. 
However, only seven studies directly compared subjective 
and objective internal load, revealing partial convergence 
and underscoring the need for multimodal monitoring 
strategies that combine both types of data to better cap-
ture athletes’ psychophysiological responses. This review 
thus reinforces recent perspectives that advocate for a 
complex systems approach, where perception, recovery 
behaviour, and environmental context are integral to 
understanding training adaptation.

Moreover, the emergence of non-invasive, continuous 
biosensing technologies capable of capturing internal load 
markers such as lactate and glucose opens new avenues 
for real-time, field-based monitoring that complements 
traditional methods. In parallel, this review identified a 
notable lack of attention to recovery-related behaviours, 
which remain insufficiently monitored despite their cru-
cial role in performance and injury prevention. From a 
practical standpoint, coaches and practitioners seeking 
to implement EMA and mHealth-based monitoring sys-
tems should prioritize simplicity, consistency, and athlete 
engagement. The choice of tools ought to be guided not 
only by technological sophistication but also by ease of 
use, low burden, and compatibility with existing routines.

Future research should prioritize greater methodologi-
cal transparency, particularly in the collection of sub-
jective data, extend monitoring strategies to individual 
sports, and incorporate behavioural recovery markers into 
EMA-based systems. Doing so will bring the field closer to 
a truly integrated and ecologically valid model of athlete 
monitoring. A key agenda is the development of person-
alized models of monitoring, in which individual stress–
recovery profiles, thresholds, and early-warning signals of 
maladaptation can be identified. In addition, more sophis-
ticated quantification of recovery is needed, integrating 
physiological, psychological, and behavioral markers into 
coherent indices that can inform real-time adjustments to 
training prescription. Finally, advances in machine learn-
ing and AI-driven analytics offer promising opportuni-
ties to handle the complexity of multimodal data, identify 
non-linear interactions among training loads and perfor-
mance, and generate individualized recommendations.

Table 3  Checklist to ensure consistent use of subjective 
measures
Scale specification CR-10, 0–100 for RPE; number and type 

of items for wellness questionnaires
Timing of administration Pre-session for wellness, post-session for 

RPE

Mode of administration App, online forms, verbal

Contextual factors Individual vs. group setting, environmen-
tal conditions

Aggregation & 
interpretation

Derived summary scores, decision 
thresholds, missing-data handling, and 
dashboard-style visualization.

RPE Rating of Perceived Exertion
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