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Introduction 

The evaluation and adjustment of the training process as a mean to reach a certain physical 

performance goal requires regular monitoring of the training process and outcome (Borresen & 

Lambert, 2009). While the training process involves the organization, quality and quantity of 

exercise prescribed to create a specific training stimulus, the training outcome starts with the 

response to that stimulus and ultimately becomes relevant through its manifestation in changes in 

the goal-related performance capability, or training status (Impellizzeri et al., 2019) (Figure 1). In 

football, the monitoring of training load (TL) and match load (ML) can help assess training stimulus 

and training status. In order to do so, professional football clubs monitor various load parameters in 

an attempt to capture the complex demands of the game (Akenhead & Nassis, 2016). These 

parameters can be characterized as measures of external load (EL) or internal load (IL) (Impellizzeri 

et al., 2004). EL is the physical work exerted by an athlete (Impellizzeri et al., 2019). Measures 

such as total distance covered (TD), high speed running distance (HSRD), accelerations or 

metabolic power (Osgnach et al., 2010) describe EL. IL refers to the psychophysiological response 

to EL (Impellizzeri et al., 2019) and commonly includes parameters such as heart rate (HR) derived 

training impulse (TRIMP), oxygen uptake and rating of perceived exertion (RPE). It is this 

psychophysiological response that stimulates the adaptations causing a specific training outcome 

(Impellizzeri et al., 2005). 

Despite the variety of approaches to load monitoring, the end goal always stays the same – 

improvement of performance and reduction of injuries (Akenhead & Nassis, 2016). In order to 

predictably achieve these goals, two requirements need to be fulfilled: 

1) The monitoring needs to provide unique and relevant information 

2) The information needs to be interpreted correctly to improve decision-making 

Information is unique if it adds to the available knowledge. Information is relevant if it helps to 

systematically influence performance and injury risk. The implementation of load monitoring to  
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Figure 1 

Theoretical framework of the training process (Impellizzeri et al., 2019)  

Note. Figure from Impellizzeri et. al – Internal and External Training Load: 15 Years On. (2019) 

provide such information relies on the assumption of predictable stimulus-response relationships 

between training stimuli and training outcomes. The premise is that if the training response is 

predictable by a measurable stimulus, that stimulus can be deliberately applied to yield the desired 

result. When the desired training response is performance related, this premise is reasonable, given 

that various load measures have been directly related to changes in performance indicators 

(Borresen & Lambert, 2009). The utility of load monitoring in predicting and preventing injury on 

the other hand is more controversial. Attempts to ascribe injury prediction abilities to measures of 

TL and ML have been criticized due to conceptual and methodological issues (Impellizzeri et al., 

2020a, 2020b; McCall et al., 2017). When testing stimulus-response relationships, load measures 

are necessary for the quantification of stimuli, while responses can be measured with a variety of 

available performance tests and physiological assessments. But these methods of response 
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evaluation have certain disadvantages, prompting an interest in the utility of load measures as an 

assessment tool. These disadvantages will be explained in more detail after elucidating the 

relationship between performance, fitness and fatigue. Further, the potential of integrated measures 

of IL and EL to address the issues of traditional training status assessments will be outlined. 

Afterwards, previous approaches to integrating the two will be summarized along with their 

advantages and disadvantages before finally, the value of adding context variables in order to 

increase the sensitivity and specificity of an integrated approach will be assessed. 

Performance, fitness and fatigue 

The fitness-fatigue model attempts to explain the change in performance that occurs in response to a 

training stimulus (Banister, 1991). According to it, a stimulus elicits two distinct responses – a 

fitness and a fatigue response (Banister, 1991). Today it is well established that both fitness and 

fatigue are complex multifactorial phenomena. A stimulus does not elicit one fitness and one 

fatigue response. Instead, it triggers multiple physiological processes, that each have distinct time 

curves and implications for performance (Burton et al., 2004; Hughes et al., 2018; Vanrenterghem 

et al., 2017). Finally, these processes cause certain anatomical and physiological adaptations with 

specific effects on performance (Burton et al., 2004; Hughes et al., 2018; Vanrenterghem et al., 

2017). Other than being the consequence of physiological processes, changes in performance 

capability can also arise directly from the effects of mechanical stress on certain tissues, especially 

those of the musculoskeletal system (Vanrenterghem et al., 2017). Going forward, the terms 

“fitness-” and “fatigue response” will refer to all chronic performance-enhancing and acute 

performance-deteriorating effects, respectively, that are triggered by a specific stimulus. As a rule 

of thumb, changes in fitness can mostly be ascribed to the adaptations, that are the result of the 

physiological processes caused by both the biochemical and mechanical properties of the stimulus. 

Fatigue, on the other hand, can be described as a direct effect of those processes, rather than of their 

result, and an effect of the changes in tissue properties caused by mechanical stress. Both 
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physiological processes and changes in tissue properties can also have acute performance enhancing 

effects, which are often referred to as postactivation potentiation (Wilson et al., 2013).  

The nature and magnitude of a fitness or fatigue response depends on the stimulus. Both are 

performance-specific, meaning that the manifestation of a given response in performance can be 

vastly different depending on the type of performance. Different definitions and operationalizations 

of fitness and fatigue can be useful in different contexts. In this context, it is practical to create a 

framework in which fitness or fatigue measures are classified as global or partial. Within this 

framework, global measures do not refer to some sort of general, universally valid type of fitness or 

fatigue. Instead, global measures are defined in relation to a specific performance. Hence, they 

encapsulate all components of fitness and fatigue that are relevant to that performance, weighted in 

a way that reflects their impact on said performance. In football, a global fitness measure is a 

quantitative indicator of an athlete’s preparedness to deal with the physical task requirements of a 

football game in the absence of fatigue. A global fatigue measure quantifies the acute performance-

deteriorating effects on football match physical performance. Partial measures assess specific 

components of the overall training status. They can directly measure certain sub-performances that 

are relevant to the overall performance (e.g. maximum sprint speed, maximal aerobic speed or 

counter-movement-jump height), assess biological performance correlates (e.g. cortisol, resting HR, 

heart rate variability (HRV), capillary density, muscle cross-sectional area or tendon stiffness) or 

use subjective methods of training status quantification.  

Global measures of fitness and fatigue reflect the multifactorial nature of a performance, 

thus including a defined number of factors, namely all those that affect a specific overall 

performance. Partial measures can theoretically assess any number of factors that is smaller than 

that involved in the overall performance, even possibly isolating single factors. Since, normally, not 

all factors relevant to a certain performance and their contributions to that performance are perfectly 

understood and measurable, assessing global fitness or fatigue as a function of their partial 
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measures is prone to error. Hence, a more accurate approach is measuring the actual target 

performance (Knicker et al., 2011). The complex multifactorial nature of global fitness and fatigue 

measures makes them infeasible for establishing specific stimulus-response relationships, but their 

assessment helps determine the relevance of certain partial measures of fitness and fatigue and their 

relationship with overall performance. These partial measures should, due to the smaller number of 

factors they pertain, enable more precise evaluation of the exact effects of a stimulus. This will 

simplify the assessment of relevant stimulus-response relationships, enabling more targeted 

prescription of stimuli to achieve a desired effect. When aiming to prescribe a stimulus based on a 

stimulus-response relationship, fitness or fatigue related, the following factors need to be taken into 

account: 

o The dose-response relationship 

o The response time curve 

o The relationship between the response and overall performance 

Assessing training status  

The evaluation of physical performance, or performance relevant qualities, is important for two 

reasons. First, it is necessary in order to establish the relationship between specific stimuli and their 

associated response. Second, it provides baseline data. Knowledge of the (prescribed) dose and the 

dose-response relationship alone can only predict change. Only its combination with a known 

baseline allows to predict outcome. More frequent assessments of performance and/or performance-

relevant qualities allow for more precise understanding of the stimulus-response relationship and 

more frequent opportunities to evaluate and possibly adjust the training process by comparing 

planned to actual training outcomes. The better the ability to distinguish between different 

responses (both fitness and fatigue) to different stimuli, the more precise these stimuli can be 

prescribed in order to reach the desired outcome. 
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There are numerous ways to assess an athlete’s training status (Akenhead & Nassis, 2016, 

Impellizzeri, 2005). Some are highly specific to certain fitness and fatigue components, others more 

general. Training status assessments can be performed at the biological, performance or 

psychological level (Coutts & Cormack, 2014) (Table 1). Typically, measurements at the biological 

level involve the assessment of certain physiological performance correlates (Djaoui et al., 2017). 

These can be invasive or non-invasive. Performance correlates can be invasively obtained, for 

example, through blood sampling or tissue biopsy. Invasive measurements are generally not fit for 

frequent use (Buchheit et al., 2013). Non-invasive methods assess measures like heart-rate derived 

indices, oxygen consumption or salivary hormones. In general, they are deemed more appropriate 

for daily implementation (Thorpe et al., 2017). Some invasive and non-invasive measurements need 

to be performed at rest (e.g. creatine kinase, muscle glycogen, resting HR, HRV), while others 

require standardized exercise protocols (e.g. VO2max, lactate, HR recovery). Not all non-invasive 

methods are suitable for regular implementation however as they can be expensive, time-consuming 

or require specific expertise and/or equipment (e.g. ultrasound). Furthermore, the assessment of 

certain markers such as VO2max or lactate thresholds involves highly exhaustive exercise protocols, 

which can place a substantial physical load on athletes (Pyne et al., 2014). Because these protocols 

are not designed to provide a specific training stimulus, they can cause a significant fatigue 

response in the absence of a targeted fitness response. This is especially undesirable during the 

season (Pyne et al., 2014), when a busy competitive schedule complicates the provision of a 

sufficient training stimulus while minimizing the performance-compromising fatigue response 

(Ritchie et al., 2016). Moreover, in order for these tests to validly assess fitness or certain 

physiological fitness indices, the confounding effects of fatigue need to be controlled for, meaning 

that accumulated fatigue should be minimal at the start of the test. This further complicates the 

necessary planning involved in the implementation of such tests and reduces the opportunities for 

providing fitness-enhancing training stimuli, not only after, but even before a certain test. Especially 
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in-season, resources are scarce and should be used efficiently, mostly through allocation to 

competition or specific training stimuli, not the evaluation of their effects (Pyne et al., 2014). 

Accordingly, frequent implementation of these tests is infeasible. 

The same applies to some of the tests that aim to assess training status at the performance 

level. Endurance focused tests like the Yo-Yo Intermittent Recovery Test (Bangsbo et al., 2008) or 

15-30 Intermittent Fitness Test (Buchheit, 2008) often involve gradual increments in intensity until 

the athlete is no longer able to perform sustain the required output. Other endurance tests simply 

require maximal performance over a specific time (e.g. Cooper Test, Cooper, 1980) or distance (e.g. 

maximal aerobic speed, Bellenger et al., 2015). Different tests that aim to assess neuromuscular 

performance do not induce as much fatigue because of the lower loads they are associated with 

(Halson, 2014). They usually measure kinematic (velocity, time distance, acceleration) or kinetic 

(e.g. force, rate of force development) aspects of movements like sprints, jumps or certain types of 

maximal voluntary contractions (Claudino et al., 2017; Halson, 2014). Another way to measure 

training status at the performance level is the assessment of joint range of motion (Thorpe et al., 

2017). 

Lastly, training status can be assessed at psychological level through the use of athlete self-

report measures (ASRM) (Thorpe et al., 2017). While numerous questionnaires exist that aim to 

assess well-being and fatigue, their utility in measuring fitness has not been investigated. When it 

comes to assessing fatigue, some ASRMs show even greater sensitivity to variations in TL and ML 

than common objective measures (Saw et al., 2015). Their implementation, however, needs to 

follow certain standards, in order for them to yield reliable results (Saw et al., 2017). These 

standards can be difficult or to fulfil in practice (Saw et al., 2017). Common single-item ASRMs 

that attempt to solve some of the difficulties of practical implementation have often not been 

validated (Jeffries et al., 2020). 
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The regular objective assessment of some partial measures of fitness and fatigue is possible 

using neuromuscular performance tests and physiological performance correlates (Halson, 2014). 

Yet, there is still a need for additional assessments that allow regular implementation in order to 

gain a better understanding of higher-frequency fluctuations in an athlete’s overall training status. 

Especially endurance related qualities are difficult to monitor on a regular basis, due to the high 

loads associated with according tests. The use of submaximal performance tests has been suggested 

in order to address those issues (Buchheit, 2014). They usually involve measurements of internal 

load while completing a fixed amount of external work at a fixed submaximal intensity, as assessed 

through EL measures. Running economy is a common example of such a test which measures 

oxygen consumption at certain running velocities (Barnes & Kilding, 2015). Submaximal 

performance tests can be described as assessments of efficiency, as they measure the required 

internal work to produce a fixed external output (cost/output relationship). While these measures 

have been found to be a valuable tool for acquiring relevant insights into an athlete’s training status 

with relatively little effort, they do have limitations in detecting football relevant changes in fitness 

and fatigue (Buchheit et al., 2012), thus not fully satisfying the need for additional assessment 

methods suitable for frequent implementation. The different types of training status assessments are 

summarized in Table 1. 

The discussed assessments of training status either have issues related to practical 

implementation and/or they only measure specific components of fitness and fatigue. The latter is 

not an issue per se, since specific partial fitness and fatigue indicators are important to acquire both 

relevant and unique information about the particular effects of specific stimuli (when assessed in 

relation to load measures) and their relevance for overall performance (when assessed in relation to 

global training status measures). In other words, partial measures create a link between a stimulus 

and its manifestation in the overall performance. Yet, they do not address the need for football-

specific global fitness and fatigue indicators which can link stimulus-induced changes in partial 
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performance indicators to overall performance – an insight that the more specific partial measures 

alone cannot provide. 

 

Table 1   

Summary of different training status assessments 

   

 Examples Suitability for frequent implementation 
   

Biological Non-invasive: HRrest, HRV, cortisol, muscle 
architecture, anthropometric measures 
 
Invasive: lactate, creatine kinase, muscle glycogen 
 

Non-invasive: low to very high 
 
 
Invasive: Very low to low 

Performance Endurance: Yo-Yo IR, 30-15 IFT, Cooper Test 
 
Neuromuscular: Maximum voluntary contraction, 
CMJ, maximum sprint speed 

Endurance: Low 
 
Neuromuscular: Medium to high 

Psychological ASRM: wellness questionnaires, DOMS, POMS Medium to very high 

Efficiency Submaximal tests, IL:EL or EL:IL ratios, 
Multivariate measures integrating IL and EL 

High to very high 

 

Possible benefits of integrated measures of EL and IL 

Submaximal physical performance tests aim to assess efficiency by measuring IL while controlling 

for EL (Buchheit, 2014) – something that is infeasible in training and impossible (or at least 

strongly recommended against) to do in matches. Integrated measures, instead of controlling for it, 

simply measure and account for EL. Both assess IL in relation to EL, only that in one, EL is fixed, 

while in the other it is not. Integrating measures of EL and IL to assess training status through 

athlete efficiency might be able to add value by 

1) providing more football-specific global measures of training status, especially when using ML 

2) doing so without requiring any investment of time- or physical resources from athletes. 
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The theoretical rationale  

The EL of a competition is a function of the competition’s physical task requirements and the 

athlete’s ability and willingness to meet those requirements. IL is a function of EL, individual 

characteristics (both fixed and flexible) and environment. Some sports have fixed physical task 

requirements. In those cases, assuming an athlete’s willingness to perform, EL, in time- or 

repetition-fixed, or completion time, in load-fixed events, are direct indicators of athlete ability. In 

other words, physical performance is a direct reflection of an athlete’s performance-specific training 

status. In football, on the other hand, the physical task requirements fluctuate between and within 

games depending on situational factors such as tactics, opponents and behavior of teammates 

(Buchheit & Simpson., 2017; Carling et al., 2008; Drust et al., 2007; Lago-Peñas, 2012). Hence, 

despite (semi-) fixed performance duration, EL is a poor indicator of training status (Buchheit & 

Simpson, 2017; Carling et al., 2008; Drust et al., 2007; Lago-Peñas, 2012). Even assuming perfectly 

accurate measurements, knowledge of physical match performance allows for only minimal 

inferences to be made about physical fitness and fatigue. Thus, instead of assessing physical 

performance, it is more valuable to assess physical performance capability, or training status, as a 

function of fitness and fatigue. 

Figure 1 depicts an updated version of a model first introduced by Impellizzeri et al. in 

2005. It illustrates the relationship between EL, IL and training outcome in the training process. It 

also provides a theoretical rationale for the integration of EL and IL measures to assess training 

status. According to the model, IL is a direct consequence of EL. Their relationship is further 

affected by a handful of other variables, including training status. Assuming the influence of other 

variables in the model such as individual characteristics, genetics or environment to be negligible or 

stable within individuals, integrating EL and IL allows for inferences to be made regarding within-

subject variations in training status. 



11 

 

Current research 

Multiple scientific papers have elaborated on the potential benefits of integrating measures of 

internal and external TL and ML (Carling et al., 2013; Burgess, 2017; Weaving et al., 2017). 

Akubat et al. (2014) validated two IL:EL ratios against three physiological performance measures 

(velocity at lactate threshold (vLT), velocity at onset of blood lactate accumulation (vOBLA) and 

VO2max) in sample of ten amateur football players. TD, HSRD and iTRIMP (Akubat et al., 2012) 

where assessed during simulated match-play. Significant correlations with large effect sizes were 

found for iTRIMP:HSRD and vOBLA, as well as iTRIMP:TD and vLT, suggesting the validity of 

these ratios as measures of fitness. Those findings were followed up on to assess the effects of 

fatigue on the ratios of HSRD, TD, as well as PlayerLoad and mean metabolic power over iTRIMP 

(Akubat et al., 2018). In order to do so two match-play simulations were conducted 48 hours apart. 

The relationships of almost all ratios with vOBLA and vLT (both assessed while rested) were lower 

for the second simulation than for the first one. Hence, the ratios not only seem to be sensitive to 

between-subject differences in fitness, but also in fatigue response. Suarez-Arrones et al. (2014) 

similarly used the ratio of mean running speed and average HR, which they measured during actual 

professional football match-play, as an efficiency measure. They found this ratio to differ between 

playing positions with the positions associated with lower efficiency also being assosociated with 

less TD. In a 2016 follow-up, Arrones et al. compared efficiency between first and second half and, 

as expected, found it to be lower in the latter. Buchheit et al. (2016) succeeded to reflect a heat 

acclimatization response over an eight-day training camp by using a ratio of RPE:distance/minute 

assessed during both training and match-play.  

Since EL measures like TD or HSRD alone are insufficient to reflect the overall demands of 

football match-play (Weaving et al., 2017), Grünbichler et al. (2019) suggested the assessment of 

workload efficiency as the ratio between equivalent distance (Osgnach et al., 2010) and TRIMPMOD 

(Stagno et al., 2007). They tracked workload efficiency in 16 competitive matches over a 13-week 

period and assessed its sensitivity to TL variations in the last 5 days leading up to a competition. A 
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stepwise multiple regression was conducted in which five predictors (each a specific HR measure 

on a specific day) were identified as significant, that were able to explain 26,6% of the variance in 

workload efficiency. 

An attempt to solve the issue of the multifactorial nature of the physical work performed in 

rugby was conducted by Delaney et al. (2018a), albeit in a training rather than match context, by 

comparing the fitness and fatigue sensitivity of multiple combinations of EL and IL parameters. 

Instead of simply computing ratios between EL and IL, they applied log- and back-transforming to 

each combination of variables in order to get a more robust estimate of their relationship. The 

resulting variables were named training efficiency indices. The authors assessed seven EL 

indicators, three of which, metabolic work (Osgnach et al., 2010), impulse and mechanical work, 

were compound measures attempting to more holistically quantify EL. The relationship of each of 

the seven indicators with each, HR-TRIMP (Banister, 1991) and sRPE-TL, was examined. The 

resulting training efficiency indices were validated by assessing their sensitivity to detect changes in 

fitness and fatigue in a longitudinal design, in which fitness was assessed by a shuttle-test. 

Sensitivity to fatigue was tested by correlating the different measures to a four-week exponentially 

weighted rolling average of external HR, which was assumed to be predictive of a fatigue response. 

They found comparing measures of EL in relation to HR-TRIMP to be superior to sRPE-TL. 

Moreover, compound, or global measures of external HR incorporating body mass, speed- and 

acceleration-based running were deemed to be most meaningful. Combinations between those 

measures and TRIMP showed a significant correlation with the used indicators of fitness and 

fatigue. Delaney et al. (2018b) followed up by examining two training efficiency indices (impulse 

and mechanical work compared to TRIMP) in a sample of female division 1 collegiate soccer 

athletes. They found that both indices were poorly associated with wellness measures and acute HR 

(3-day exponentially weighted moving average) and only slightly associated with chronic HR (21-

day exponentially weighted moving average).  
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Lacome et al. (2018a) applied multiple regression analyses to predict the HR response to 

small-sided games based on measures of EL on an individual level, while accounting for 

temperature. Afterwards, they compared predicted to actual HR responses, the differences between 

which (HR∆) were tested for their ability to assess training status. HR∆ was able to reflect a gradual 

increase in fitness from July to September associated with pre-season and the start of the season. 

Furthermore, HR∆ was found to be correlated with HR during standardized submaximal tests. All 

relationships were assessed on the individual level (within-subject). 

Integrated measures of EL and IL can provide information about an athlete’s training status 

without requiring any additional effort from that athlete. Since they assess the relationship between 

an output (EL) and a cost (IL) they can be described as measures of work efficiency (Lacome et al., 

2018a). Only a small number of studies have explored the opportunities of these ‘invisible’ training 

status assessments. The existing literature is very heterogenous suggesting various approaches to 

measuring efficiency. Which type of efficiency they measure (e.g. biomechanical or physiological) 

depends on the exact parameters they examine. Since none of the studies specified an intention to 

assess particular partial measures of fitness or fatigue, it can be assumed that that they attempt to 

provide global measures of efficiency that are highly sensitive to any changes in an athlete’s 

performance-specific training status. Load indicators like mechanical work or equivalent distance 

aim to assess EL in its entirety. They seem superior to EL measures less representative of the 

overall demands of football match-play, such as TD, when it comes to assessing training efficiency 

in conjunction with IL parameters (Delaney et al., 2018a). Yet, they are still likely not able to 

encompass the whole complexity of football’s physical demands. Thus, when attempting to assess 

global work efficiency, it might be more accurate to incorporate multiple measures of EL into one’s 

model. Lacome et al. (2018a) were the only ones to do so by not isolating the relationship between 

two single indicators of EL and IL. Instead, they integrated multiple external measures to predict a 

HR response as a measure of efficiency in an approach that further allows better individualization, 
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thus taking into account the effect of individual differences. Table 2 (Appendix) summarizes all the 

discussed approaches to integrating EL and IL. 

The present study 

This study aims to add to the knowledge about integrated measures of EL and IL as a tool for 

‘invisible’ training status assessments Only few studies have explored the opportunities such an 

approach can provide. Lacome et al. (2018a) proposed a promising multivariate approach to assess 

athlete readiness. However, while HR measurements provide an excellent opportunity for daily 

feedback, assessing match-play work efficiency might allow additional insights and enable 

establishing a relationship between weekly TL and match-day training status, first attempts to which 

have been made by Grünbichler et al. (2019). Competitive matches are however subject to much 

more variable contextual factors than team training, including playing surfaces, level of opponents, 

crowds and travel. In order to adopt an approach like that of Lacome et al. (2018a) to match-play, it 

might be favorable to take some of these factors into account to increase sensitivity and specificity 

to actual changes in fitness and fatigue. This study aims to assess the suitability of multivariate 

models of EL and IL as a measure of match-play efficiency (i.e. training status). Further, 

confounding effects of certain contextual factors that could compromise sensitivity and specificity 

of such an approach to changes in training status will be assessed. 

First, the benefits of integrating multiple indicators of EL to predict the HR response to 

football match-play are assessed. Based on the well-established knowledge that relationships 

between EL and IL vary depending on the exact measures used (McLaren et al., 2018) and the 

strong conceptual background indicative of different relationships (Impellizzeri et al., 2019, 

Vanrenterghem et al., 2017), it is believed that a combination of EL measures is able to better 

explain match-play HR response than each of the measures individually (hypothesis 1). Second, the 

effect of certain contextual variables on HR response will be tested. Various contextual variables 

have been shown to directly affect HR before (Achten & Jeukendrup, 2003) and thus it is expected 
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that a combination of contextual factors and measures of EL explains more variance in HR response 

than EL alone (hypothesis 2). Lastly, it will be assessed whether taking into account contextual 

factors will improve the model’s ability to detect changes in fatigue, which is believed to be the 

case (hypothesis 3).  

Methods 

Research design 

The study was conducted in a longitudinal observational design following a male u18 team over the 

course of one and a half seasons. HR and EL data were not measured particularly for the purpose of 

this study, but rather as part of the team’s monitoring routine. Contextual data were collected 

retrospectively from various sources (see data collection). 

Participants 

Study participants were 22 field players that played for the male u18-team of an English 

professional football club in between July 2018 and December 2019. Players that officially 

belonged to the u16 and u15 teams of the club’s academy but played matches for the u18 team 

during the measurement period were also included in the analysis. The participants’ age range was 

14 to 18 years. 

Variables 

HR-response was measured as average HR. TD, HSRD (>19m*s
-1

), number of accelerations 

(>3m*s
-2

) and number of decelerations (<–3m*s
-2

) were selected as EL measures. Even though, 

when using single measures of EL, superior results had been reported using more global measures 

of EL (Delaney et al., 2018a), the combination of selected parameters was believed to be a practical 

heuristic for reflecting the overall demands of football match-play without the high efforts 

associated with computing more advanced metrics from raw data. This assumption was based on 

the common critique of TD or HSRD for neglecting the important acceleration related demands of 

football (Osgnach et al., 2010). Thus, combining two measures that are usually more associated 

with physiological load (TD and HSRD) with two measures more associated with biomechanical 
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load (acceleration and deceleration) (Vanrenterghem et al., 2017) was hoped to provide a pragmatic 

solution. Furthermore, previous findings suggest that even simple integrations (i.e. EL:IL ratios) of 

TD or HSRD with HR measures can be a valuable monitoring tool (Akubat et al., 2014, 2018; 

Buchheit et al., 2016; Delaney et al., 2018a; Suarez-Arrones et al., 2014, 2018). Hence, a 

combination of the two along with additional consideration of two complementary indicators of EL 

should provide even better results. All measures of EL were adjusted for time by dividing them by 

minutes played and then multiplying them by 90 minutes. 

The contextual variables assessed were match location (home vs away), temperature and 

rain (rain vs no rain). Their selection was based on availability but also on previous literature 

showing relationships of match location (Lago-Peñas, 2012; Trewin et al., 2017) and temperature 

(Achten & Jeukendrup, 2003; Buchheit et al., 2016) with EL and HR. In football match-play, Mohr 

et al. (2012) found EL to decrease at high temperatures, while HR did not change significantly 

compared to normal temperatures, indicating that temperature might contribute to variations in EL-

IL relationships. Lacome et al. (2018b) speculated on the potential effects of pitch surface. Despite 

a lack of research, logical thinking suggests that the lower friction associated with a wet playing 

surface could have a significant effect on movement efficiency. 

HR∆ was computed as the difference between actual and predicted HR (i.e. residuals) and its 

ability to detect fatigue was tested by looking at congested scheduling. If a player had participated 

in at least 70 minutes of match-play within the last 72 hours before a match, he was expected to 

display signs of fatigue in that match. This is in line with prior research investigating match-play 

induced fatigue and the effects of congested scheduling (Julian et al., 2021; Nédélec et al., 2012).  

Inclusion criteria 

Only data collected during league matches were included in the analysis. Match recordings were 

included only if the player had played for 70 minutes or longer. Since locomotor activity (Carling et 

al., 2013) and efficiency (Suarez-Arrones et al., 2014) decline over the course of the game, 70 
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minutes were chosen as a compromise to reduce confounding effects of playing time without ending 

up with too small of a sample size. If HR and/or EL data were not recorded for the whole duration 

of a player’s appearance, they were removed entirely from the analysis. Only players of whom data 

was available for at least two matches were included in the analysis to emphasize the assessment of 

within-subject effects, since differences between players are difficult to interpret due to a multitude 

of confounding factors (Carling et al., 2018). 

Data collection 

HR and EL were recorded using Polar Team Pro Sensors (Polar Electro), which combine 10Hz 

GPS, 200Hz accelerometer, gyroscope and magnetometer recordings with HR monitoring (Polar 

Team Pro | Wearable GPS athlete tracking and performance, n.d.). These and similar devices have 

previously been validated and found to have acceptable accuracy and reliability, although both seem 

to decrease at higher intensity activities (Akyildiz et al., 2020; Coutts & Duffield, 2010). Weather 

conditions were assessed retrospectively using timeanddate (https://www.timeanddate.com/). 

Data preparation 

Recordings were uploaded into the Polar Web App (Polar Electro), where they were edited to only 

include actual playing time (rather than warm-up, halftime break and/or cool-down) and visually 

inspected for measurement errors. Data were then exported to .csv format. Microsoft Excel for Mac 

(version 16.13.1) was used to integrate load and contextual data and further check whether inclusion 

criteria were met. 

Data analysis 

Hypothesis 1 and 2. A multilevel regression analysis with full maximum likelihood estimation was 

conducted in RStudio (RStudio Team, 2021) using the nlme package. The study’s repeated 

measures design meant that the individual recordings at level 1 were nested within the subjects at 

level 2. Since the main purpose was the evaluation of within-subject effects, no level 2 predictors 

were included to explain between-subject variance. In order to test hypothesis 1 and 2, a 
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hierarchical model building approach was applied (Figure 2). Fixed effects were added in blocks 

(EL and context). Chi-square likelihood ratio tests were used to compare model fit. If random 

effects did not significantly improve model fit, they were removed before adding the next random 

effects predictor or proceeding to Model 4. Variables were group mean centered to improve 

interpretability of level 1 effects. Finally, variances explained by each individual predictor and each 

block of predictors were computed according to Rights & Sterba (2019) using their r2mlm package. 

The assumptions of heteroscedasticity and normal distribution of residuals were checked by plotting 

standardized residuals against fitted values and creating a q-q normal plot of the residuals, 

respectively. Based on visual inspection, it was concluded that there was no heteroscedasticity and 

residuals were normally distributed. 

 

Figure 2 

Hierarchical model building approach 

 

Note. Blockwise entry of EL fixed effects and context fixed effects. Random effects were entered 

individually. 

 

Model 1 Fixed intercept

Model 2 Random intercept

Model 3 EL fixed effects

Model 3b + EL random effects

Model 4 + Context fixed effects

Model 4b + Context random effects
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Hypothesis 3. In order to test hypothesis 3, two more multilevel analyses were conducted 

comparing residuals (i.e. HR∆) for observations that a) were affected by congested scheduling and 

b) were not affected by congested scheduling. This was done twice – Once for HR∆ computed based 

on the final version of model 3 and once based on the final version of model 4. Only players that 

were affected by congested scheduling at least twice were included. The dependent variable was 

HR∆ and the only explanatory variable was congested scheduling at level 1. Models were 

immediately computed with a random effect of congested scheduling, meaning no hierarchical 

model building was performed, in order to account for high inter-individual differences in fatigue 

response (Nédélec et al., 2012). Explained variances of both models were compared in order to test 

their ability to detect the effects of congested scheduling. This approach was chosen over null-

hypothesis significance testing because of the expected small sample size and small number of 

observations affected by a congested schedule. 

Results 

Participant flow 

397 data points recorded in 40 players over the course of 45 matches were exported to Microsoft 

Excel. After removing observation that did not meet inclusion criteria, 235 data points (22 players, 

41 matches) remained. The number of observations per player ranged from 2 to 28. Regarding 

hypothesis 3, only seven participants were affected at least twice by congested scheduling, resulting 

in 116 observations, 17 of which were affected by a congested schedule. 

Hypothesis 1 and 2 

Model 1, 2, 3 and 4 all exhibited significantly better fit than the previous model (Table 3). The only 

random effect to significantly improve model fit was that of temperature, which is thus included in 

the final model (Model 4b). As can be seen in Table 4 and Figure 3, that summarize the parameter 

estimates, not all coefficients were significant. Table 5 breaks down the within-subject variance 

explained by each predictor for both models. Partitioning of total variance and correlations can be 

found in Tables 6 and 7 (Appendix), respectively. 
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Table 3 

Hierarchical model building model fit (Hypothesis 1 and 2) 

        

 
df AIC BIC logLik Test L.Ratio p-value 

        

Model 1 2 1593.387 1600.306 -794.6937    

Model 2 3 1473.193 1483.572 -733.5967 1 vs 2 122.19404 <.0001*** 

Model 3 7 1413.791 1438.008 -699.8955 2 vs 3 67.40228 <.0001*** 

Model 4 10 1389.013 1423.609 -684.5067 3 vs 4 30.77767 <.0001*** 

Model 4b 12 1386.255 1427.77 -681.1273 4 vs 5 6.75878 0.0341* 

        

Note. Model 4b adds a random effect for temperature, which was the only random effect found to 

significantly improve model fit. 

 

Table 4 

Parameter estimates for full model (Model 4b) 

Predictors Estimates CI p df 

(Intercept) 166.6 164.3 – 168.9 <0.001
*** 

206 

TD 3.37 2.30 – 4.44 <0.001
*** 206 

HSRD 0.00 -0.00 – 0.01 0.453 206 

Accelerations 0.09 -0.02 – 0.20 0.126 206 

Decelerations 0.13 0.05 – 0.22 0.004
** 206 

Away -1.28 -2.30 – -0.25 0.016
* 206 

Temperature 0.22 0.08 – 0.37 0.003
** 206 

Rain -1.15 -2.78 – 0.49 0.175 206 

SD intercept 5.19 

SD slope 0.21 

SD residual 3.78 

N Participants 22 

Observations 235 

Note. TD is in km, HSRD in m. 
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0.27 ***

0.04 

0.06 

0.12 **

−0.09 *

0.15 **

−0.05 
Rain

Temperature

Location

Decelerations

Accelerations

High Speed Distance

Total Distance

−0.25 0.00 0.25 0.50
Standardized Beta

Rain

Temperature

Location

Decelerations

Accelerations

High Speed Distance

Total Distance

−0.25 0.00 0.25 0.50
Standardized Beta

Figure 3 

Standardized coefficients of Model 4b 

 

 
 

  

TD  

HSRD  

Accelerations  

Decelerations  

Location  

Temperature  

Rain  

  

 

Table 5 

Percentage of within-subject variance explained by each predictor and block 

 

 
In full model Compared to null model Difference 

External load 32.05 25.30 -6.75 

Context 14.42 7.67 -6.75 

TD 11.68 20.95 9.27 

HSRD 0.17 12.06 11.89 

Accelerations 0.42 5.91 5.48 

Decelerations 3.02 9.80 6.78 

Away 2.81 0.97 -1.84 

Temperature 10.95 6.29 -4.67 

Temperature slope 4.97 1.30 -3.67 

Rain 0.47 0.31 -0.16 

    

Explained variance 39.72   

    

Note. Temperature random slope was compared to only temperature fixed slope 

instead of null model. Temperature entails both fixed and random slope. 

-0.05 

-0.09
* 

0.15
** 

0.12
** 

0.06 

0.04 

0.5 0.25 0.00 

0.27
*** 

0.25 
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Table 6 

Total variance explained by EL only (Model 3) and  

EL + context (Model 4b) 

 
Model 3 Model 4b Difference 

    

Between-subject 0.53 0.53 0.00 

Within-subject 0.12 0.19 0.07 

Combined 0.65 0.72 0.07 

 

Hypothesis 3 

The analysis of congested schedule affected matches and others did not reveal any differences 

between the matches and between the two models. Table 8 contains means and standard deviations 

of HR∆ for congested schedule affected and others as assessed by both models. Within-subject 

variance explained by both models can be seen in Table 9. 

 

Table 8 

Mean and SD of residual in congested schedule affected 

(CS) and not affected (Norm) 

 
EL 

 
EL+Context 

 
Norm CS 

 
Norm CS 

   

 

  

Mean 0.07 -1.08  -0.01 -0.65 

SD 3.73 3.82  3.41 2.70 

 

 

 

Table 9 

Within-subject variance explained by 

effects of a congested schedule 

 
EL EL+Context 

   

Random intercept 0.01 0.00 

Random slope 0.01 0.00 

Combined 0.02 0.00 
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Discussion 

High performance sports practitioners always seek to tweak their approach in order to maximize 

their athlete’s performance and injury resilience. Regular assessments of athlete status are necessary 

to evaluate and adjust the training process. Shortcomings in traditional methods have led 

practitioners and scientists to search for new tools to help navigate the complexities of physical 

performance and with ever increasing technological opportunities, there is an abundance of data at 

our hands. A promising avenue is the integration of some of these data, specifically indicators of 

external and internal training and match load, to assess physical efficiency and allow what has been 

referred to as ‘invisible’ training status assessments. This study attempts to shed some light on the 

use of these methods in football match-play and the role that contextual variables play in this 

approach. In particular, three questions have been addresses: 

1) Can a combination of EL measures better predict HR response than individual measures? 

2) Do contextual factors explain variations in HR response that certain measures of EL cannot? 

3) Does taking contextual factors into account improve the model’s ability to detect fatigue 

induced through the effects of congested scheduling? 

Are combined measures superior to individual ones? 

The first hypothesis is confirmed by our data. Even though TD makes by far the greatest 

contribution, the inclusion of other variables helps further explain variations in HR response, 

making an argument for the integration of multiple measures of EL in such models to increase 

accuracy. Lacome et al. (2018a) found acceleration-based parameters like mechanical work and 

force load to best explain variations in HR response, followed by TD and finally HSRD. In our 

study, acceleration and deceleration counts did not show the same explanatory power. The arbitrary 

thresholds used for these, as well as HSRD, neglecting interindividual differences and relevant 

loads at lower intensities (Abt & Lovell, 2009), might explain their poor association with HR. 

Interestingly, Jaspers et al. (2018) identified acceleration counts at above 3.5ms
-2

 to be the most 
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important predictor of RPE using a machine learning approach, highlighting the dependence of 

findings on the chosen parameters.  

While Lacome et al. (2018a) found large interindividual differences in the relationship 

between external and internal load, this was not the case in our sample. Taking into account such 

potential differences for each EL measure did not significantly improve the model. There are three 

reasons that could possibly explain these differences. First, our sample might be more homogenous 

than theirs, due to a smaller age range, similar cultural background and similar training history. 

Second, they could be related to the exact EL measures used and third, we might have simply not 

had sufficient statistical power due to relatively few observations per participant. 

Overall, the integration of EL measures used in this study proved superior to using each 

measure individually. However, in line with findings by Delaney et al. (2018a), compound 

measures like metabolic power or mechanical work seem to be preferable over or at least equivalent 

to a combination of simple EL indicators like those used here.  

Do contextual variables add value? 

The inclusion of the contextual variables match-location, temperature and rain explain more 

variation in HR than EL alone. Furthermore, the two combined could explain even more variance 

than the sum of their individual contributions. Especially the contextual variables showed strong 

increases in explanatory power when EL was taken into account. This has important practical 

implications, since it suggests that the given contextual factors affect EL without affecting HR as 

much. This means that changes in the IL EL relationships can occur without necessarily being 

related to changes in training status. Not taking these contextual factors into account could thus 

cause misinterpretations either leading to false positives or false negatives. Especially playing 

location and the random effect of temperature display this effect, further suggesting relatively large 

interindividual variability in the way that temperature affects EL. Lacome et al. (2018a) accounted 

for the effects of temperature using a fixed coefficient, but given our findings and the relatively low 
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additional effort that would be associated with such an approach, taking individually different 

reactions to temperature changes into account may be a low-hanging fruit to improve model 

accuracy. The effect of rain, though insignificant, was contrary to what was expected based on 

changes in playing surface. Instead of a softer playing surface requiring higher internal work for the 

same external output, rain seemed to be related to slightly decreased heart rate due to its associated 

decrease in temperature. However, rain also exhibited a positive relationship with acceleration 

count which seems unrelated to temperature or changes in heart rate. These findings have important 

practical implications as taking contextual information into account seems to have an important 

impact on the interpretation of differences in the EL IL relationship. 

Is congested schedule induced fatigue detectable? 

Despite the inclusion of contextual variables yielding a more accurate model, this did not have any 

impact on detecting the effects of a congested schedule. There was a slight trend for the EL only 

model derived HR∆ to be more affected by congested scheduling, but that effect can be explained by 

the correlation between congested scheduling and temperature and rain. In turn, some of the 

variance that was actually related to the contextual variables was explained by the congested 

schedule. Not accounting for weather did in this case pose a risk for type 1 error, even though the 

effect was very small. The correlation is likely to only be a statistical artifact due to the small 

number of congested scheduling affected observation, since there is no conceptual relationship 

between the two, other than congested scheduling perhaps being more common during certain 

phases of the season. 

 This insensitivity to acute fatigue is in line with findings from Delaney et al. (2018a, 2018b) 

who reported their approach to be better suited for recognizing long-term trends. It is also likely that 

an approach using HR as an indicator of EL is not suitable to detect fatigue due its inconsistent 

fatigue response (Thorpe et al., 2017) and its poor ability to reflect neuromuscular loads (Borresen 
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& Lambert, 2009). When attempting to assess global fatigue, RPE might thus be a more appropriate 

choice. 

Important considerations 

The complex relationships between different indicators of EL and IL (McLaren et al., 2018) must 

be taken into account when integrating them in order to assess efficiency. The exact combination of 

measures has important implications as to which kind of efficiency is assessed. Using 

biomechanical load measures is probably more specific to neuromuscular efficiency, whereas 

physiological load likely assesses a combination of neuromuscular and cardiovascular efficiency 

(Vanrenterghem et al., 2017). The decision of which load measures to combine should be based on 

the question what exactly one attempts to assess. Conceptual rather than just statistical (i.e. 

correlational) considerations need to be made before creating a model. The method of validation 

should then be chosen to reflect that conceptual relationship. A good plan of action would be to 

consider these four questions:  

1) What do I want to measure? Partial vs global? Neuromuscular vs physiological? 

2) The relationship between which load measures could reflect that? 

3) Which contextual factors might affect their relationship? 

4) How can I specifically validate what I attempt to measure? 

Limitations 

The external validity of this study is limited due to its small number of observations compared to 

the number of variables tested, especially given the large interindividual differences affecting the 

relationship between EL and IL. Further, there were only very few observations of certain 

conditions (rain and congested schedule affected matches) reducing statistical power. The assessed 

effects of context variables are specific to the load variables included in this model and do not have 

to be equally relevant when assessing other measures of EL and IL. 
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Conclusion 

Integrated measures of EL and IL are a promising tool to provide training status information 

without the necessity for explicit testing procedures. However, the research is still limited. Various 

approaches exist, but none have been thoroughly researched. We found that taking into account the 

effect of contextual variables can reduce noise, thus potentially improving sensitivity and specificity 

to actual changes in training status. While these findings are specific to our sample and the load 

variables included in this model, they do show the relevance that contextual factors can have, 

emphasizing the need for further research. Going forward, it is important to develop a more 

streamlined approach in order to better understand the relationship between certain EL and IL and 

how they relate to performance. 
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