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Thesis summary 

 

Performance in elite swimming is multifactorial and is influenced by training load, 

anthropometry, technique and physiology among other factors. Quantifying and 

mathematically modelling the relationships between these variables and their impact on 

performance, talent identification and training individualisation is a key role of swimming 

researchers in assisting coaches and athletes. To model these relationships effectively one must 

first accurately measure each of these variables. While the majority of these variables have well 

established field and laboratory measurement protocols, there is one major exception in 

swimming physiology research - the anaerobic energy system. The anaerobic energy system 

plays an important role in elite swimming performance given that 27 of 35 Olympic events 

derive 25-73% of their energy from anaerobic sources. As such it is vitally important for 

coaches to have a standardised test which assesses metrics related to both the aerobic and 

anaerobic systems and can be used to evaluate the impact of training. This thesis examines a 

practical issue in elite swimming; the lack of a simple standardised test to provide useful 

information which on performance metrics related to both the aerobic and anaerobic energy 

systems. A pool-based methodology based on the 3-minute test in cycling was proposed and 

assessed for reliability and validity. The newly proposed methodology for a 3-minute 

swimming test (12x25m) was then examined using a within-swimmer model to assess changes 

over a season, cross-sectionally between-swimmers, and correlated with competition 

performances. This methodology may provide coaches with a practical means for monitoring 

or assessing aspects of both the aerobic and anaerobic energy system which relate to 

performance using only a stopwatch and a spreadsheet. 

 

Initially the impact of training load on performance is examined within this thesis. The 

relationship between training load and performance is widely regarded as a dose-response 

relationship. However, there are a number of methodological procedures which have not been 

scientifically interrogated beyond their initial proposal and proof of concept investigations. To 

assess both the method of quantification, and the method of modelling, the training load-

performance relationship competition performances over 50 and 100 m efforts were matched 

to training load over >600 days for three elite swimmers. Two different methods of training 

quantification (5- and 7-zone methods) and three different methods of modelling the load-

performance relationship, the Banister, Busso and rolling averages models, were assessed. The 
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rolling averages approach, as it is much simpler mathematically, was deemed preferable if it 

could provide a similar level of accuracy when compared with the two alternatives which are 

considered industry standards. Both five- (mean r-value, 90% CI; 0.65, 0.28 – 1.00) and seven-

zone (0.62, 0.24 – 1.00) training load methods correlated similarly with performance. When 

comparing modelling methodologies the rolling average method was less accurate (standard 

error range 1.32-1.36 s) than either the Banister model (standard error range 0.62-0.64 s) or the 

Busso model (standard error range 0.70-0.73 s). This investigation highlighted that coaches use 

50 m performance to nominally assess the anaerobic system, demonstrating the need for a 

practical anaerobic test for swimmers. The critical speed (CS) and supra-CS distance capacity 

(D') framework was identified as an option that includes the more anaerobic aspects of 

performance.  

 

A time-trial based CS-D' test was assessed together with other variables including 

anthropometry, lower limb power and maturity which could modulate the relationship between 

this test and competition performance. Across 48 national age group swimmers (males 16.5 ± 

1.2 y, females 15.5 ± 1.1 y; mean ± SD) the results of the CS-D' test correlated highly with 

performance. When combined with anthropometric measures, lower limb power and maturity 

measurements CS and D' explained 93% and 82% of the variation in performance for male and 

female 100 m swimmers respectively. When assessing 200 m performance these measures 

explained 84% (males) and 44% (females) of the variance. The CS-D' test appears useful, 

however the multi-day nature of the time-trial methodology was deemed too arduous for wide 

adoption by coaches.  

 

A new methodology was formulated based on the cycling three-minute test. This protocol 

consisted of twelve 25 m efforts at maximal unpaced effort, with five seconds rest (12x25m 

test). Metrics calculated from this protocol were peak speed, CS, D' and drop off %. To assess 

reliability this test was performed by 14 national and international-level swimmers. Test re-test 

reliability was assessed for all metrics and CS and D' values were compared to the values 

derived using the time-trial method for 23 swimmers to evaluate the degree of criterion validity. 

These variables were deemed reliable, all ICC values were >0.97 and coefficient of variation 

values were: CS 1.2%, D' 5.7%, peak speed 0.5% and drop off % 4.5%. This protocol also 

compared favourably to the time-trial method and produced estimates of CS which correlated 

very well (r = 0.96, p<0.05) with the time-trial method. Estimates of D' also correlated strongly 

(r = 0.79, p<0.05) between methods, although correlations were not strong enough to conclude 
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the time trial and new protocol values are fully interchangeable. While reliability values are 

important, their relative size to the magnitude of their target signal has more bearing on whether 

they can be deemed sensitive enough to be useful or not. To assess this relationship Guyatt’s 

responsiveness index was calculated using data collected throughout multiple competitive 

seasons for a group of 27 national and international-level swimmers. For each of the four 

metrics the mean test to test difference was analysed and made relative to the standard deviation 

of the test-retest differences of a ‘stable’ population; in this case seven of the fourteen swimmer 

population used to calculate typical error values. The responsiveness index, which can be 

interpreted as a modified effect size, were computed as follows: CS 1.4, D' 2.2, peak speed 2.7 

and drop off % 1.6. All these are large effects and indicate that the magnitude of mean changes 

between testing sessions compare favourably to test-retest reliability values. While the 12x25m 

test appears responsive enough within an athlete, it is also important to ascertain whether it can 

distinguish between athletes, and also whether a swimmer with faster or larger measures will 

swim faster in a competition environment. Metrics from the 12x25m test were compared to 

competition performance in a group of 34 national and international-level swimmers. When 

stroke and sex were taken as covariates, critical speed correlated well with 50 m (r = -0.54), 

100 m (r = -0.57) and 200 m (r = -0.78) performances. Similarly, peak speed exhibited moderate 

to high relationships with performance especially in the shorter events (50m r = -0.75; 100m r 

= -0.79; 200m r = -0.59). Values for D' had a significant parabolic relationship with 50m (r = 

0.61) and 100m (r = 0.57), but not 200 m (r = 0.32) performances.  

 

The 12x25m is likely a practical option to estimate anaerobic capacity in highly trained 

swimmers. The metrics calculated using the 12x25m test are reliable and have adequate 

criterion validity. These metrics are also responsive to changes within athletes and show a 

similar ability to distinguish between performances across swimmers as other analogous 

variables calculated using alternative methods. The 12x25m test is a standardised assessment 

of a swimmer’s ability to swim at high intensities and can be completed with minimal 

technological support.  
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Preface 

 

A note on structure: throughout this thesis ideas and approaches have been developed from the 

published swimming studies, and discussions with many coaches, scientists and researchers. 

To present the information in the most logical way the review of the literature has been divided 

into three shorter specific reviews (sections). Each section relates to the specific extension of 

logic which occurred following studies 1 and 2, and the literature relevant to the design and 

analysis of the investigations which followed. This approach is the clearest and most authentic 

way to introduce the research themes and present the experimental data in a systematic, logical 

and accessible format. 
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Introduction 

 

Swimming is a mainstay of the modern Olympic Games schedule and has a proud history of 

competition between competitors from all over the world. Gold medals are a coveted prize and 

competitors commit long hours to training; honing their craft for often just a single opportunity 

to compete in an Olympic final against the best in the world. Researchers have, for years, 

partnered with these young women and men and their coaches to enhance performance using 

the best knowledge and techniques science has to offer. There have been progressive 

improvements in training methodologies and swimming techniques as a consequence of the 

hard work of the scientists and coaches who have dedicated themselves to improving training 

and competition performance in an aquatic environment. The disciplines from which scientific 

knowledge has assisted swimmers and coaches are wide and varied, as swimming performance 

itself is the end result of complex, multivariate system (Barbosa, Costa, & Marinho, 2013). In 

physiology much of the research has revolved around the aerobic system (Costill et al., 1985; 

Holmer, 1972; Pyne, Lee, & Swanwick, 2001). In contrast, the anaerobic system is important 

for the majority of Olympic events, and there is less research on the contribution, measurement 

and training of this energy system to enhance swimming performance. In particular, the 

availability of standardised pool-based testing of the anaerobic system in swimmers is a long-

standing limitation.  

 

Anaerobic energy production is important for swimming performance. In the majority (27 of 

35) of Olympic race distances the anaerobic energy system contributes ~25-73% (Figueiredo, 

Zamparo, Sousa, Vilas-Boas, & Fernandes, 2011; Sousa, Figueiredo, Zamparo, Vilas-Boas, & 

Fernandes, 2013; Zamparo, Capelli, Cautero, & Di Nino, 2000) of total energy production. 

However, while the anaerobic energy system is important, there is no well-established, 

validated and simple pool-based test or protocol for assessing anaerobic capacity in swimming. 

Many coaches use timed performances in training sets and competitions as a surrogate indicator 

of anaerobic energy production and track these changes over time (de Mello Vitor & Böhme, 

2010). Performances will vary due to, among other factors, both fatigue as well as positive 

adaptations throughout the season (Hellard et al., 2005; Mujika et al., 1995). Simple 

measurements of performance times do not successfully isolate the anaerobic system nor 

provide any metrics specific to producing energy in this way. 
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The assessment of the anaerobic system in swimming has focussed largely on the accumulation 

of blood lactate concentration as an indicator for glycolytic energy production (Di Prampero, 

Pendergast, Wilson, & Rennie, 1978) or a maximal accumulated oxygen deficit test (Ogita, 

Onodera, & Tabata, 1999). Both these techniques require expensive equipment and specially 

trained staff to conduct blood sampling, indirect calorimetry or operate a swimming flume. 

These costs effectively preclude access to these assessments by a wide range of swimmers and 

coaches of all socio-economic backgrounds and levels of technological literacy. In sports where 

mechanical power output is readily measurable, anaerobic capacity (W') which represents the 

total energy that can be utilised while working at an intensity exceeding critical power, is 

calculated using a series of efforts to exhaustion (Scherrer & Monod, 1960). The W' is used to 

indicate the total anaerobic energy that can be utilised in a single effort from both lactic and 

alactic sources (Miura et al., 1999; Miura, Sato, Sato, Hipp, & Fukuba, 2000). In swimming, 

critical speed (CS) and supra-CS distance capacity (D') established in a pool-based testing 

protocol, are often used to estimate mechanical power output in an aquatic environment. Speed 

is also used instead of mechanical power output in running (Lloyd, 1966). Given its anaerobic 

nature D' should be useful for distinguishing between athlete performances in shorter higher 

intensity events where anaerobic energy is more important, but less important in longer lower 

intensity events where there is a lower relative contribution from the anaerobic energy system. 

These relationships may also be affected by other variables as performances are multi-factorial. 

For example, anthropometric measures can impact on the relationship between maximal speed 

over 10 m, a highly anaerobic variable, and competition performance (Saavedra, Escalante, & 

Rodríguez, 2010). When anthropometry and pool-test measures were analysed together models 

were far more accurate than when either measure was assessed separately. Research is needed 

to identify which other variables might impact the relationship between CS, D' and competition 

performance to further understand this complex set of interactions. Further investigation in this 

area should provide substantial benefit to talent identification procedures by removing the over-

simplification of analysing data in isolation and providing a framework for assessing 

performance in more systematic, effective and informative approach.  

 

To assess D' and CS a three day (Hill, Steward, & Lane, 1995; Wakayoshi et al., 1993), to three 

week (Abe et al., 2006; Dekerle, Brickley, Alberty, & Pelayo, 2010; Dekerle, Sidney, & Hespel, 

2002; Zacca et al., 2010) time frame is typically required for testing. This extended testing 

period is often too long to be practical for coaches as it substantially impacts on the training 

their swimmers can undergo during this time. Even after three weeks performances can vary 
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substantially due to changes in training load (Busso, 2003; Hellard et al., 2005; Mujika et al., 

1995). A protocol where the assessment of these capacities could be completed within a single 

session would remove the barrier of time commitment from the uptake of the test by the 

swimming community. In cycling there has been promising steps towards a single session 

assessment protocol, known as the 3-minute test (Vanhatalo, Doust, & Burnley, 2008).  

 

The 3-minute test is a method that has emerged from the theory underpinning the CP-W' 

framework. This framework states that W' is an energetic reserve that, once expended, will 

result in a muscle, or athlete, being unable to maintain their current power output (Scherrer & 

Monod, 1960). However, when W' is entirely depleted and performance is consequently 

inhibited power output does not cease entirely, but decreases to a lower limit known as critical 

power. Critical power is an important boundary below which power outputs will elicit a steady 

state response in V̇O2, intra-muscular phosphocreatine (PCr) concentration and pH. Power 

outputs above CP will cause a continual increase in V̇O2 until V̇O2max is attained accompanied 

by a decrease in PCr and pH until fatigue occurs (Jones, Vanhatalo, Burnley, Morton, & Poole, 

2010). Fatigue, in this instance, is defined as an involuntary decrease in power output. This 

fatigue, as is almost always the case, is multifactorial in origin (Enoka & Duchateau, 2016). In 

the case of the 3-minute test progressive fatigue throughout the test is likely determined by the 

balance of perceived fatigability due to afferent feedback, the inhibitory effects of pH on 

glycolytic enzymatic action, and overall decrease in the availability of high energy phosphates. 

As power outputs at and below the CP do not elicit any further disruption to the intramuscular 

environment, CP represents the highest power that is possible in this fully ‘depleted’ state. 

Following from this logic, if researchers can quantify the amount of work completed prior to a 

full depletion of W', and the power output athletes are able to maintain at maximal effort 

following this depletion, they should be able to assess both W' and CP in the same test. This set 

of outcomes is exactly what the 3-minute test aims to provide. In cycling, power meters for 

laboratory and field measurement are commonplace, but this is not the case in swimming. Some 

promising initial work on adapting the 3-minute test to swimming using speed has been 

completed (Tsai & Thomas, 2017). However, it remains to be seen whether this type of 

approach can produce estimates of D' in a swimming environment which are reliable enough to 

assess meaningful changes in physiology and performance. 

 

In the research which has examined the 3-minute testing approach in swimming there have been 

promising initial results. The CS estimates from the 3-minute test have matched well with the 
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time trial method (Tsai & Thomas, 2017), as have D' estimates (Piatrikova, Sousa, Gonzalez, 

& Williams, 2018). However, there are two main methodological questions which need to be 

addressed. First, while the reliability of CS estimates is acceptably small (coefficient of 

variation = 0.9%), variability in D' estimates were far higher (CV = 9.1%) (Piatrikova, Sousa, 

Gonzalez, & Williams, 2018). In contrast to completing a 3-minute test on a cycle ergometer, 

in a swimming pool there is the limitation of the length of the pool. From speed kinematics in 

these investigations it is clear the turn has a substantial impact on the speed at which swimmers 

are travelling, and that the increase in speed following a turn is not uniform but varies 

throughout the test. The variability in the execution of a complex technical skill such as the 

swimming turn following high intensity exercise elicited by this type of assessment may be 

causing increased variability in D' estimates. The second methodological issue which requires 

assessment is the high technological cost of evaluation. In both these investigations swimmers 

were filmed and speed for each 10 m segment was calculated using video analysis following 

the test. While this may be acceptable for a laboratory assessment in a research setting, this 

approach does not allow for the routine implementation of this test by swimmers and coaches 

who do not have the equipment, nor technical training, to undertake this sort of analysis. A 

method which offers a low-tech alternative and a more reliable estimate of D' would be a 

welcome addition to the testing options for swimming coaches and sport science practitioners. 

Establishing basic criterion validity when compared to traditional methods of calculating D' in 

swimming is also an important step when assessing a new test. 

 

Establishing a protocol which offers a low-tech and reliable estimate of D' is only the first step 

in establishing a useful measure of anaerobic capacity. It is also important to assess the 

performance of newly developed protocols in a number of settings. There are two major criteria 

used to determine whether the test provides information of value to coaches in swimming. First, 

research is needed to assess whether a test of anaerobic capacity is sensitive enough to detect 

changes elicited by adaptation to training; this is the primary purpose of the protocol and 

therefore a key element to its usefulness. Secondly, how the test compares to competition 

performance is an important relationship to establish as its ability to distinguish high and 

relatively lower performers, and swimmers varying in stroke (i.e. freestyle vs backstroke or 

breaststroke or butterfly) and distances (i.e. 100 m vs 200 m swimmers) may determine how it 

is used by coaches as well. These questions will be addressed in the final chapters of this thesis. 
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Questions to be addressed 

 

The literature regarding the prediction of performance using training load does not contain 

many examples of comparisons of quantification techniques nor comparisons of modelling 

methodologies. Definitive answers as to which method of quantification is best for swimmers, 

as well as which performance-prediction model is most accurate, will take multiple projects 

over many years to address. However, contributions which describe methodologies to compare 

both quantification methods and modelling methods would be a useful addition. Thus, the first 

question to be addressed within this thesis is: is it possible to compare quantification 

methodologies for swimming training as well as modelling methodologies, and which of these 

of the most commonly used methods seem to be the most accurate? 

 

Following from this, due to some anecdotal observations regarding the way coaches assess the 

anaerobic system in practice, the need for a simple and practical performance-based test to 

assess the anaerobic system was identified. This method would need to relate to swimming 

performance, as well as be able to provide specific information regarding the aerobic and 

anaerobic energy systems. The next question to be answered, to ensure the chosen approach 

will provide valuable information in practice, is does the CS- D' framework relate to 

performance in a multi-factorial analysis? Finally, a single session test to assess the parameters 

of this model was required. The final question to be answered is does a modified 3-minute test 

in swimming provide reliable and valid estimates of CS and D', are these estimates sensitive 

enough to detect typical changes and do these values relate to performance the way CS and D' 

values calculated using traditional methods do? 

 

Aims 

 

This thesis addresses five main aims.  

 

The first aim was to establish whether traditional methods of training quantification and 

performance modelling in swimming are as accurate as some novel approaches, and whether 

some of these methodologies could be improved or simplified to make them more usable for 

coaches. To answer this question the degree of variation in performance throughout a season 

that can be attributed to deviations in training load was quantified. A comparison of model fits 
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was used to assess whether traditional performance models could be replaced by a simpler 

approach. Model fits were also examined to establish whether traditional forms of load 

monitoring in swimmers require additional detail to improve their accuracy and thus utility in 

elite swimming. 

 

Throughout the first investigation it was clear that, anecdotally, coaches utilised shorter efforts 

such as 50 m sprints to assess the improvement in swimmers’ anaerobic systems. The CS-D' 

framework was identified as a potential option to replace this practice with an assessment tool 

which might more successfully describe the differences between aerobic and anaerobic metrics 

and thus changes due to training which impact upon these metrics. 

 

The second aim of this thesis was then to assess which common physical performance tests and 

anthropometric measures might influence the relationship between CS, D' and swimming 

performance. Analysing these relationships in a multivariate manner to produce a more accurate 

model description of how these parameters interrelate was important to ensure the correct model 

interpretation. 

 

In this study the CS and D' test showed promise when relating to performance cross-sectionally 

across a group of swimmers. However, the methodology was arduous and took multiple testing 

sessions to complete. The need for a single-session testing method was then identified as a 

solution to make the test more accessible for coaches and swimmers. 

 

The third aim addressed in this thesis was whether a more reliable and practical method of 

estimating CS and D' in elite swimmers using a simple, single-session, low-tech alternative to 

current approaches could be established. The protocol proposed was also compared to the 

traditional method of calculating D' and CS in swimmers to establish criterion validity. 

 

The fourth aim was to analyse how the variables calculated using this protocol vary over a 

competitive season for individual swimmers. It was also important to establish whether the 

typical variation observed in the metrics of the test for swimmers completing elite training 

regimens can be reliably and confidently detected using the proposed pool-based testing 

protocol. 
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A fifth and final aim was to assess the degree of association the metrics derived from the 

proposed testing protocol had with competition performance. This analysis ascertained which 

measures were more important for swimmers of different sexes, strokes and distance 

specialties.
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Chapter 1 - Literature review – Swimming Energetics and Performance 

Modelling 

 

Performance over a swimming race is the outcome of a complex, multifactorial system which 

includes physical, technical and psychological factors. Researchers over the last century have 

worked to examine how to improve the training and competition performance of swimmers. 

This review will explore aspects of the energetics of swimming, as well as the use of training 

load and how these data can be matched to performance. This review will also examine the 

interactions between the three main energy systems and the factors which impact on mechanical 

efficiency, which will be discussed first. Methods of quantifying the total amount of anaerobic 

energy that can be tolerated by athletes in a field setting will then be explored along with 

methodological considerations for this type of analysis. Finally, the major methodologies for 

quantifying training load and using these data to predict performance will be addressed. 

 

1. Swimming Energetics 

 

The ability to create and effectively utilise energy from both aerobic and anaerobic sources is 

a key determining factor of performance in any cyclical sport. Swimming is one such sport and 

study of the physiological attributes that allow an athlete to produce energy, has been a key 

focus of research aimed at improving swimming performance. While the measurement of 

physiological components such as oxygen uptake (V̇O2) have historically been difficult in 

swimming given the inherent limitations of the aquatic environment, new technologies, 

protocols and insights are now permitting viable analysis of the physiological responses of 

swimmers. Researchers can measure a swimmer’s physiological responses to various training 

programs and interventions. Methods and technologies to quantify the training a swimmer has 

completed have also been developed. Scientists have successfully developed models describing 

the training load-performance relationship. Despite having some methodological questions still 

to be answered, these models could be used to optimise training through balancing the need for 

progressive overload to promote training adaptations (Neufer et al., 1987) with the risk of 

overtraining leading to illness (Foster, 1998) or injury (Anderson, Triplett-McBride, Foster, 

Doberstein, & Brice, 2003; Gabbett & Domrow, 2007; Gabbett & Jenkins, 2011). 
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1.1 Measurement and calculation of energetic contributions 

Measurement of the contribution of the three energetic systems: the aerobic, the anaerobic 

glycolytic and the anaerobic alactic systems, has been the focus of researchers for 50 years. 

There are several factors which can affect a swimmer’s velocity, particularly the energy cost of 

propulsion (C), usually measured in ml of O2 per metre. Variables which impact C include 

technical components such as propelling efficiency (Toussaint, 1990), velocity fluctuations 

(Barbosa et al., 2005), sprint/distance specific stroke patterns (Seifert et al., 2010), stroke 

(Capelli, Pendergast, & Termin, 1998), stroke rate (Ogita et al., 1999), stroke length (Barbosa, 

Fernandes, Keskinen, & Vilas-Boas, 2008) and other discrete factors such as sex (Klentrou & 

Montpetit, 1992), body composition and buoyancy (Onodera et al., 1999). For a given 

individual swimmer there are four main factors that can affect the relative contributions of the 

metabolic systems to a single maximal effort swim, or a series of swimming intervals, including 

velocity (Di Prampero et al., 1978; Fernandes, Marinho, Barbosa, & Vilas-Boas, 2006a), 

duration/distance (Capelli et al., 1998; Laffite et al., 2004), work:rest ratio (Shimoyama, 

Tomikawa, & Nomura, 2003) and fatigue (Zamparo et al., 2005). 

 

1.2 Aerobic energy 

While the measurement of V̇O2, has been relatively straightforward through indirect 

calorimetry systems, there have been two predominant methods employed in swimming 

studies. The first is using a snorkel-based system and either a breath-by-breath analyser or 

Douglas bags to measure the oxygen uptake throughout each effort performed. Where breath-

by-breath analysis has not been available, or feasible, a backwards extrapolation technique has 

been employed with some success. The backward extrapolation technique involves instructing 

the swimmers to take their final breath as they approach the wall to finish their prescribed 

distance, and then hold their breath until a mouthpiece can be positioned to capture their expired 

air. Once the mask has been positioned the swimmers are allowed to breath normally again and 

gas sampling will take place for anywhere from 6 s (Costa et al., 2013) to 2 min (Laffite et al., 

2004). The backward extrapolation method has been used in many studies in preference to 

continuous analysis (Chaverri, Iglesias, Schuller, Hoffmann, & Rodríguez, 2016; Zamparo et 

al., 2005). A 20 s sample has been validated as an accurate way to measure V̇O2 steady state 

for a constant velocity effort (r = 0.98, equation: V̇O2 swim (l.min-1) = (1.092 x 20 s V̇O2) – 

0.465) (Costill et al., 1985). The major criticism of the backward extrapolation approach is that 

to predict total aerobic energy production for exercise initiated from rest, researchers are 
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required to estimate the time constant of swimmers’ V̇O2 kinetics. These researchers may not 

account for the V̇O2 slow component which occurs at intensities above the respiratory 

compensation threshold. While the time constant associated with V̇O2 kinetics may be 

independent of workload in isolated muscle (Rossiter et al., 2002), a swimming-specific study 

analysing kinetics for speeds higher than the minimum velocity that will elicit V̇O2max 

(vV̇O2max) reported a significant effect of speed on the rate of increase of V̇O2 (Rodriguez & 

Mader, 2003). Additionally, a decrease in the amount of active muscle mass utilised increases 

the time constant for V̇O2 kinetics; 12.7 to 17.4 s in whole vs upper body swimming (Ribeiro 

et al., 2014). The time constant for the attainment of peak V̇O2 for a maximal effort over 100 

m and 400 m was 22.7 ± 5.0 s (mean ± standard deviation) and 27.9 ± 5.7 s respectively for 

males and 23.1 ± 8.3 s and 30.6 ± 4.9 s for females (Rodriguez & Mader, 2003), and as low as 

12.7 ± 3.1 s in a 100 m effort for male swimmers. More research is required to characterise the 

effect of speed on V̇O2 kinetics in swimming-specific conditions. However, it seems clear from 

the work that has been completed that using mean values may be limited given the substantial 

between-subject variation observed in time constants for V̇O2 kinetics. Another limitation is 

the assumption of a constant respiratory exchange ratio for estimating the energetic equivalent 

of oxygen, when this relationship actually follows the equation, where RER is respiratory 

exchange ratio (Weir, 1949): 

 

Equation 1.1  Energy	(kJ) 	= 	4.1868	x	(3.941	 + 	1.106	x	RER)	x	O9	(l) 

 

However, despite these limitations, the measurement of V̇O2 in swimming through back-

extrapolation has provided valuable insights into the physiological mechanisms of training and 

competition performance. Another advantage of the back-extrapolation technique is that 

swimmers can complete their repetition free from the extra drag associated with the snorkel 

system, and thus the applicability of the efficiency values are more accurate. While the analysis 

of oxygen consumption has proved somewhat challenging for researchers, the energetic 

contribution of the glycolytic and alactic anaerobic systems have been more difficult to 

measure. 

 

1.3 Anaerobic lactic energy 

Methods for estimating both aerobic and anaerobic glycolytic energy were pioneered by the 

work of Di Prampero and colleagues (1978). For 1 mmol.L-1.kg-1 of net lactate accumulation 
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in the blood the energetic equivalent was estimated as 2.71 ml of O2. While Di Prampero’s 

constant is now a staple for most energetics literature, some studies have used 3.0 ml O2.kg-1 

(Seifert et al., 2010). However, this value is specific to running not to swimming (Di Prampero 

& Ferretti, 1999). While this constant is a useful indicator, there are several issues with utilising 

a blood lactate concentration and multiplying this value by body mass to estimate energy 

production. These concerns are important when comparing calculated energy values between 

different swimmers; or for the same swimmer when a substantial amount of training has 

occurred between tests. The first issue is the use of blood lactate concentration - while it is the 

most practical measure it is prone to responding to biological changes other than increases or 

decreases in glycolytic activity. Blood lactate concentration is the end product of the processes 

of both lactate production and removal, and while clearance kinetics may remain reasonably 

stable acutely these can be altered by training (Hashimoto et al., 2007). A change in plasma 

volume, which can decrease with dehydration or an acute bout of high intensity exercise, or 

increase due to training (Kargotich, Goodman, Keast, & Morton, 1998), can elicit a false change 

in blood lactate concentration when the amount of energy produced through anaerobic 

metabolism has remained the same. Another consideration is the multiplication of the value by 

body mass, which does not account for the composition of that mass. Through this mechanism 

the amount of anaerobic energy calculated could vary substantially given confounding factors 

completely unrelated to energy production. However, there has yet to be a testing method 

proposed that fully addresses these concerns. However, despite the limitations discussed, values 

obtained using the blood lactate concentration method may still have utility for within-subject 

analysis. 

 

1.4 Anaerobic alactic energy 

Measurement of the anaerobic alactic system has been included in a number of studies, 

particularly after the work of Capelli and colleagues (1998). In this investigation, the 

contribution of the alactic system was calculated as 0.418 kJ.kg-1 multiplied by the mass of the 

subject. This constant was calculated using an assumption of 18.5 mmol of phosphocreatine 

(PCr) in each kg of wet muscle, and the estimate that 30% of overall mass was equivalent to 

the relevant working muscle mass specific to swimmers. This energetic equivalence constant 

was adjusted for younger swimmers, and deemed appropriate for those aged 21-30 y. The 

calculation of the alactic component of metabolic energy production has been employed more 

recently by Figueiredo and colleagues (2011), who quantified the energetic contributions for 

each of the four 50 m efforts constituting a 200 m race. A mono-exponential function was used 
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to describe the decrease in PCr stores at the onset of exercise. This function had a time constant 

of 23.4 s based on the work of Binzoni and colleagues (1992) although the value reported in 

Binzoni’s work was actually 23.3 s. Binzoni’s constant was deemed independent of workload 

for aerobic steady state, square wave type exercise; an assertion has been supported since 

although substantial (29-37% coefficient of variation) inter-individual differences in time 

constants have been observed (Rossiter et al., 2002). Rossiter and colleagues reported mean 

values of 33 and 38 s for moderate and high intensity exercise, a substantial difference from 

23.4 s. Both investigations utilised gastrocnemius/soleus contraction exercise rather than 

multiple joint exercise, however this may be generalisable to more complex exercise modalities 

given that the rate of anaerobic energy production at the working muscle and for whole body 

measures are highly correlated (r = 0.94) (Medbo & Tabata, 1993). Time constants can vary 

substantially between athletes; within a single study values ranged from 23 to 63 s for high 

intensity square wave exercise (Rossiter et al., 2002). These values were closely coupled to 

V̇O2 time constants for all subjects for both on and off kinetics, which may provide researchers 

an easier method for individualising this time constant than utilising magnetic resonance 

imaging. Further assumptions surround the decrement of the concentration of PCr in muscle 

when PCr stores are fully depleted, and how much muscle mass this should apply to. Values 

for concentration changes range from 17.8 to 37.7 mmol.kg-1 (Di Prampero, Francescato, & 

Cettolo, 2003), and major publications have utilised 27.75 mmol.kg-1 (Figueiredo et al., 2011) 

and 18.5 mmol.kg-1 (Capelli et al., 1998). Without a clear method for determining this resting 

concentration it is important that scientists account for the differences between studies when 

interpreting values presented for each of the three energy systems and their contribution to 

performance. In particular scientists should assess percentage values with caution and use 

absolute values to compare between investigations. Estimation of the mass of working muscle 

has involved constants of 0.3 x body mass (Capelli et al., 1998) and 0.5 x body mass (Figueiredo 

et al., 2011), yet neither of these studies cited sources for these values.  

 

Anaerobic alactic energy sources may be the most difficult of the three systems to estimate. 

Even though methodologies estimating alactic energy production between investigations may 

differ, comparisons within single studies or between studies with the same methodology are 

still possible.  

 

Equation 1.2   Aerobic	(kJ) = (∫
ABCDEFG

AH
) × 20.9

K

H
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Where V̇O2net is the V̇O2 above resting metabolic rate, t is the time over which the analysis has 

taken place and 20.9 is the energetic equivalent in kJ of 1 L of O2. 

 

Equation 1.3   AnL	(kJ) = ([La]Q −	[La]S) ×
9.T

UKKK
× 20.9 × BM 

 

Where [La]S is the initial lactate concentration (mmol.L-1), [La]Q is the peak lactate 

concentration after the swim, BM is the body mass of the athlete (kg), and 2.7 is the energetic 

equivalent of 1 mmol.L-1.kg-1.(ml O2)
-1 

 

Equation 1.4   Anaerobic	alactic	energy	(kJ) = (X[PCR][ − [PCR]\]. e
^	H/` +

														[PCR]\) × 0.3BM × 6.25/1000 × 20.9 

 

Where [PCR]S is the phosphocreatine concentration at rest, [PCR]Q is the lowest concentration 

that phosphocreatine will reach, t is the duration of effort, τ is the time constant usually 23.4 s 

(Medbo & Tabata, 1993), 0.3BM is the body mass of the athlete with a correction factor to 

convert total mass to wet weight of working muscle mass, and 6.25 is the equivalent amount of 

O2 (ml) to the breakdown of 1 mmol.kg muscle mass-1. 

 

2. Energy cost, swimming power and relative energetic contribution 

 

2.1 Speed 

The relationship between a swimmer’s centre of mass speed, referred to as speed hereafter, and 

the metabolic power output required to propel a swimmer through the water follows a cubic 

relationship (Equation 1.7) (Klentrou & Montpetit, 1992; Ogita et al., 1999; Wakayoshi, 

D'Acquisto, Cappaert, & Troup, 1995). A non-linear increase in C compared to velocity is also 

commonly reported in all four competitive strokes (Capelli et al., 1998). The relationship 

between C and power is proportional and both factors will increase non-linearly with increasing 

speed. As power and speed increase, the distance over which they are calculated remains 

constant but the time over which energy is produced decreases proportionally to the increase in 

speed. The C is the amount of energy required to overcome the increase in drag, and increases 

to the square of speed (Toussaint, Roos, & Kolmogorov, 2004). See equations 1.5 to 1.9. 
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Equation 1.5  Speed	 = 	distance. time^U 

 

Equation 1.6  C	 = 	total	energy. distance^U 

 

Equation 1.7  Power	 = 	a. Si 	+ 	bmr 

 

Where power is the metabolic power, S = the speed of the centre of mass during locomotion, a 

= a constant proportional to the active drag of the swimmer, and bmr = basal metabolic rate 

 

Equation 1.8   Total	energy	 = 	power. time 

 

Equation 1.9   C	 = 	power. time. distance^U, = 	 (a. Si). S^U = 	a. S9 

 

The speed-C relationship is generally accepted to be curvilinear in nature (equation 1.9). 

Although this relationship may appear linear over a small range of speeds (Barbosa et al., 2005; 

Fernandes et al., 2006b). The speed-C relationship may also have a lower limit below which C 

ceases to decrease any further (Unnithan et al., 2009). 

 

In terms of the energetic profile of a single effort, the contribution of the glycolytic system 

becomes increasingly important once a swimmer exceeds 85-90% of the velocity associated 

with maximal oxygen uptake (vV̇O2max) (Di Prampero et al., 1978). This outcome is likely due 

to the curvilinear C-speed and power-speed relationships and the resultant increase in power 

and metabolic output required to increase speed up to and beyond vV̇O2max. It is generally 

accepted that as speed increases the relative contribution of the anaerobic glycolytic system 

increases, a relationship observed experimentally (Seifert et al., 2010). This assertion fits well 

with the accepted physiological construct of increased power output increasing anaerobic 

energy production at intensities exceeding the lactate threshold, especially once the energy 

requirement approaches the maximal rate of the aerobic system.  

 

2.2 Duration 

There are two main effects that duration has on energy cost and the relative contributions of 

energy systems to total energy output. The first effect is related to the distribution of effort, that 

as duration increases the mean metabolic output that can be maintained over the effort 
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decreases. The second effect is the V̇O2 slow component, which is observed as an increase in 

V̇O2 towards maximal values during exercise which exceeds the intensity associated with the 

second lactate threshold (Demarie, Sardella, Billat, Magini, & Faina, 2001). 

 

It is a well-established phenomenon for cyclic sports that as duration increases, the maximal 

average speed or power output that can be maintained decreases. The relative contribution of 

energy systems will depend both on how quickly V̇O2 can be increased to meet the demand of 

exercise, as well as the absolute magnitude of the energetic requirement of this exercise. At the 

initiation of exercise there will be a period of time before V̇O2 can increase to the point where 

it meets either the total energetic demand for power outputs less than V̇O2max power, or at power 

outputs that exceed this value for V̇O2 to reach its maximal value. In swimming, mean values 

of the time constant for V̇O2 kinetics range from 22.7 s to 30.6 s (Rodriguez & Mader, 2003) 

for speeds greater than vV̇O2max, and are substantially shorter for faster speeds. In the initial 

~100 s period where energetic demand cannot be met entirely by the aerobic system, and 

throughout the entire effort if intensity exceeds the lactate threshold, metabolic energy will be 

derived from both lactic and alactic anaerobic sources. The shorter the duration of an effort the 

more this period will influence the measure of overall energetic contribution. For a 400 m event, 

lasting 3.7 to 4.5 min, the combined contribution of the anaerobic systems ranges from 14-18%, 

and 29-34% for a 200 m event (~2 mins in duration) and 48-49% for a 100 m event (~1 min). 

See Table 1.1 for these comparisons. 
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Table 1.1 Percentage energetic contributions to different length, maximal effort, freestyle 

intervals. Data are presented as mean ± SD. 

Paper Sex n Distance / 
Duration 

Stroke Aerobic  Glycolytic Alactic 

Rodriguez & 

Mader, 2003 
M 5 400 m FR 83 10 6 

 
F 5 400 m FR 86 9 5 

Laffite et al., 

2004 
M 7 400 m FR 81 ± 4 19 ± 4 

Zamparo et al., 

2000 
Mix 10 400 m FR 86 ± 2 ~ 14 

Ogita et al., 

1999* 
M 6 120-180 s FR 65-70 30-35 

Figueiredo et al., 

2011 
M 10 200 m FR 66 ± 7 14 ± 2 20 ± 2 

Zamparo et al., 

2000 
Mix 10 200 m FR 71 ± 5 ~ 29 

Sousa et al., 

2013 
M 10 200 m FR 74 15 11 

Capelli et al., 

1998 
M 8 182.9 m FR 62 ± 3 25 ± 3 14 ± 0.2 

Rodriguez & 

Mader, 2003 
M 5 100 m FR 54 26 19 

Rodriguez & 

Mader, 2003 
F 5 100 m FR 61 18 20 

Zamparo et al., 

2000 
Mix 10 100 m FR 47 ± 8 ~ 51 

Hellard et al., 

2018 
M 25 100 m FR 41 ± 6 25 ± 6 34 ± 4 

 
M 8 100 m BK 42 ± 7 27 ± 7 31 ± 3 

 
M 8 100 m BF 44 ± 6 22 ± 7 34 ± 3 

 
M 8 100 m BR 52 ± 5 15 ± 7 33 ± 2 

Ogita et al., 1999 
M 6 60 s FR 45-50 50-55 

Capelli et al., 

1998 
M 8 91.4 m FR 33 ± 2 47 ± 5 20 ± 3 

Peyrebrune et 

al., 2012 
M 8 30 s FR 33 67 

Ogita et al., 1999 
M 6 30 s FR 30-35 65-70 

Zamparo et al., 

2000 
Mix 10 50 m FR 27 ± 6 ~ 73 

Capelli et al., 

1998 M 8 45.7 m FR 15 ± 6 59 ± 8 26 ± 4 

* To exhaustion  
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Duration has an important effect on the energetics of a swimmer. Aside from the obvious 

increase in the aerobic contribution as exercise time increases which occurs in all modes of 

exercise (Table 1.1), the main effect of duration is its impact on technical efficiency. Over 

repetition distances which are commonly used in elite swimming training programs, 50 m to 

400 m, there are minimal differences in C when velocity is maintained (Bentley et al., 2005; 

Libicz, Roels, & Millet, 2005). However, when the duration of the repetition is sufficiently long 

there can be increases in C. Zamparo and colleagues (2005) reported that when repetition 

distance increased from 400 m to 2000 m there was a 21 ± 26% increase in C, which was 

attributed to a decrease in coordination and technical efficiency. 

 

The slow component of V̇O2 refers to the observed continual increase in V̇O2 once exercise 

intensities exceed critical speed (Demarie et al., 2001) or the slow increase to a steady state 

which occurs between critical speed and the speed at the first lactate threshold (Jones et al., 

2011). The slow component of V̇O2 may be attributed to the observed (continual) rise in 

intramuscular ADP and inorganic phosphate concentrations (Saks, Kongas, Vendelin, & Kay, 

2000) which occurs concurrently with a decrease in PCr concentration (Jones, Wilkerson, 

DiMenna, Fulford, & Poole, 2008) as the rate of aerobic energy release cannot match the 

demands of the mechanical power output. The amount of slow component will be determined 

by the difference between the V̇O2 at CS and the V̇O2max, while the rate of this increase will be 

determined by the difference between the athlete’s mechanical power output and the power 

output at CS. Once the athlete reaches their V̇O2max the duration of time they are able to continue 

at their current speed will be determined by the amount of anaerobic energy production they 

are able to tolerate. Slow component of V̇O2 is an important metric to understand when 

quantifying the energetic contributions of the three energy systems to efforts which exceed CS 

or CP. 

 

2.3 Interval manipulation: work:rest ratio and repeated efforts. 

Work:rest ratios allow coaches to manipulate the energetic contributions to a set of repetitions 

that influence the amount of initial oxygen debt accumulated at the beginning of each 

subsequent effort. Smaller work:rest ratios will result in a larger aerobic contribution due to the 

continual stimulation of the aerobic system, while larger ratios will permit a larger reduction in 

V̇O2 values following each repetition that increase the total anaerobic contribution to a set; an 

effect which is especially apparent at intensities which exceed the onset of blood lactate 

accumulation (Shimoyama et al., 2003). Typically values for V̇O2 off kinetics following an 
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effort exceed those of the on kinetics at the initiation of exercise. Thus it may take many times 

the duration of the effort for V̇O2 values to return to resting levels; higher V̇O2 values following 

an effort correlated highly (r = 0.75) with a longer time to recovery (Sousa et al., 2011). Each 

additional repetition that is performed is initiated from a higher V̇O2 value, which means more 

energy is immediately available to the working muscle from aerobic sources. This effect is 

particularly evident in high intensity swimming. At a work:rest ratio of 1:1 the aerobic 

contribution to a 30 s effort can increase from 25 to 52% over four repetitions (Peyrebrune, 

Toubekis, Lakomy, & Nevill, 2012). The amount of rest provided for a given repetition is an 

important component of training to consider when focussing on prescribing sets or sessions to 

elicit specific adaptations. While work to rest ratio may not directly yield a change in C, it will 

alter the proportional contributions of energy production from the three energy systems which 

may lead to a change in C due to other mechanisms. 

 

2.4 Fatigue 

As a set increases in duration there are also factors other than the relative contributions of the 

energy systems which play a role in determining an athlete’s physiological responses. Acute 

fatigue plays a large role as well. The cost of propulsion can be modified substantially by 

changes in stroke mechanics (Toussaint, Carol, Kranenborg, & Truijens, 2006) which can be 

elicited following high intensity exercise. The effect of acute fatigue on C may be more 

apparent at lower intensities. Following a 2000 m effort C can increase by 18 to 20% at speeds 

4 to 5% slower than 2000 m pace (Zamparo et al., 2005), an effect seemingly mediated by an 

increase in stroke rate and a decrease in stroke length. Values of C did not change at speeds 

which matched or exceeded 2 km pace in this investigation. When prescribing recovery 

intervals or calculating the effect of low intensity swimming following a high intensity effort, 

coaches should be mindful of the effects prior high intensity exercise can have on stroke 

mechanics and therefore energy cost. 

 

3. Technical factors 

 

While speed is a major contributor to the physiological response to swimming, its development 

is also relevant to both C and the relative contributions of energy systems. The conversion of 

metabolic power into useful mechanical work to produce effective propulsion depends on both 

the amount of water swimmers are able to push on and their ability to overcome drag. How 
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these factors relate to the energetic cost of locomotion is essential to improving a swimmer’s 

speed. 

 

3.1 Stroke rate and stroke length 

It is a well-established principle in swimming that speed is a function of stroke length and stroke 

rate (Equation 1.10). 

 

Equation 1.10   Swimming speed = stroke rate x stroke length 

 

The impact of stroke length and rate on C is exemplified in a study by Ogita et al. (1999), who 

reported that, when swimming in a flume, swimmers’ vV̇O2max increased by 4% when using 

hand paddles despite the swimmers exhibiting the same metabolic output. This effect was 

mainly attributed to a decrease in C at a given speed while wearing paddles which was thought 

to be driven by a decrease in internal mechanical power, a common observation in cycling 

(Hansen & Sjøgaard, 2007). Internal mechanical power is defined as the energy required to 

move the segment producing external work. However, increasing stroke length does not always 

result in a decrease in C at a given speed. Patterns of propulsion are typical to an individual and 

acute changes to stroking patterns may cause an increase in C at the same speed, even if stroke 

length is improved (Seifert et al., 2013). 

 

3.2 Propelling efficiency 

Propelling efficiency is the measure of the transfer of mechanical work into forward momentum 

at a given speed in swimmers. Calculated using the measurement of active drag system 

(Toussaint et al., 1988), as the ratio of work done when swimming and pushing against a series 

of submerged force plates and the work done when swimming at the same speed with no 

assistance, propelling efficiency is an important metric for technical proficiency. Propelling 

efficiency values have ranged from 30 to 77% (Cappaert, Bone, & Troup, 1992; Gatta, Cortesi, 

Swaine, & Zamparo, 2018; Ribiero et al., 2017; Seifert et al., 2015; Toussaint, 1990b; Zamparo, 

Turri, Peterson Silveira, & Poli, 2014). An increase in speed will result in a decrease in 

propelling efficiency (Zamparo, Carrara, & Cesari, 2017), as does the removal of the leg kick 

from the stroke (Silveira, De Souza Castro, Figueiredo, Vilas-Boas, & Zamparo, 2017). Any 

increase in propelling efficiency will decrease economy at a given velocity (Figueiredo et al., 

2011; Toussaint, 1990), as less metabolic work is required to produce the same mechanical 
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output. Propelling efficiency was similar between genders (Zamparo, 2006) for swimmers of a 

similar ability, but was larger in specialist swimmers than triathletes (Toussaint, 1990) and in 

faster swimmers compared to slower swimmers (Ribiero et al., 2017). Additionally, while 

propelling efficiency relates to the amount of useful power available at any given speed it was 

not a determining factor of maximal instantaneous speed between individuals (Gatta, Cortesi, 

Swaine, & Zamparo, 2018). In contrast, propelling efficiency was a determining factor between 

individuals for performance over 200 m (Zamparo, Turri, Peterson Silveira, & Poli, 2014). It 

seems propelling efficiency is a major component to technique that may distinguish skilled 

swimmers who produce lower C values at a given speed, and may be more relevant in races 

where efficiency rather than maximal power is more important. 

 

3.3 Skill level 

Highly trained swimmers have lower energy costs for a given speed than untrained or 

moderately trained swimmers (Holmer, 1972), likely due to differences in technique. Toussaint 

and colleagues (Toussaint, 1990) showed that swimmers had 5% greater propelling efficiency 

than similarly trained triathletes, and as a consequence had a higher speed at a power output 

equivalent to 1000 W due to a lower C. The same outcomes were observed in highly-trained 

swimmers compared to non-swimmers (Fernandes et al., 2006b), where at low speeds 

swimmers had a lower C (11.7 v 13.6 J.kg-1.min-1 at 1.2 m.s-1). However, the rate of increase 

in C with increasing speed was greater in the swimming group, indicating they were not more 

efficient over the complete range of speeds tested. It appears swimmers were able to minimise 

their drag more effectively at lower speeds, while producing more energy at higher speeds. 

Swimmers reached much higher speeds and produced enough energy to overcome the drag 

associated with these speeds than non-swimmers. While differences between swimmers and 

non-swimmers may have been in part due to physiological changes in response to training, 

superior technique and greater efficiency are also important distinguishing factors. However, 

more research on this topic is required as the available literature is quite sparse. An increase in 

efficiency is not the only way to decrease C via changes in technique, and more skilled 

swimmers apply more consistent force to the water to limit losses of speed throughout the stroke 

cycle. 
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3.4 Speed fluctuations 

A more consistent swimmer can maintain their speed and swim more efficiently to limit 

extraneous energy expended with unnecessary accelerations and decelerations through the 

water. These swimmers often exhibit low speed variations within their swimming stroke 

(Figueiredo, Silva, Sampaio, Vilas-Boas, & Fernandes, 2016a). Fluctuations in speed likely 

account for breaststroke and butterfly being less economical than backstroke and freestyle 

(Capelli et al., 1998). Indeed, there is a large correlation (r = 0.81) between C and horizontal 

speed fluctuations in butterfly swimmers (Barbosa et al., 2005). However, the interpretation of 

this observation is complicated by the association between C and speed, and the observed 

increase in speed fluctuations when swimming at higher speeds. It is difficult to distinguish 

which of these effects are causing an increase in C. A smaller relationship (r = 0.55 to 0.62) 

was evident for each individual stroke (Barbosa et al., 2006) between speed fluctuations and C 

when speed was controlled. In the same study the relationship between mean speed and 

fluctuations in speed was parabolic rather than linear. The shape of this association implies that 

theoretically there is a speed for each individual which is the least variable, and therefore 

potentially the most economical, at least in terms of controlling unnecessary energetic 

inefficiencies due to fluctuations in speed. Despite differences between strokes for the C-speed 

relationship, this relationship holds for each of the four competitive strokes (Capelli et al., 

1998). For a given speed the strokes are ranked freestyle, backstroke, butterfly then breaststroke 

for most to least economical. There are also individual differences between these strokes. 

 

3.5 Distance/sprint specificity 

The differences in the way a swimmer coordinates their stroke and how this affects C has been 

investigated primarily in freestyle. These coordination patterns can impact on C through 

changing the drag profile a swimmer has throughout their stroke as well as changing their 

velocity fluctuation as described above. There are two predominant timing models in freestyle 

swimming. The first is the ‘catch up’ stroke where a swimmer has a marked pause between the 

propulsive phase of the stroke for each arm, allowing the recovering arm to catch up to the first. 

This stroke pattern is thought to increase economy given the increase of a swimmer’s mean 

length, therefore decreasing their Froude number and thus drag (Kjendlie & Stallman, 2008). 

The decrease in drag and increase in stroke length increases economy despite the concurrent 

increase in speed fluctuations and associated increase in C. The second main technique is called 

‘opposition’, where there is little or no overlap in the propulsive phases of each arm and more 

constant propulsion applied to the water. This stroke pattern is typically used in sprint events 
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(Nikodelis, Kollias, & Hatzitaki, 2005) which, given their higher speeds, produce much higher 

drag forces. A pause in propulsion would cause a large decrease in speed in these events. 

However, it is not a simple case of a swimmer producing either one stroke pattern or the other, 

and there is a continuum of different patterns between swimmers. The ‘Index of Coordination’ 

is used to measure stroke patterns and quantifies the time-lag between strokes. The index of 

coordination then converts this measure to a percentage of the time taken for the entire stroke 

phase (Chollet, Chalies, & Chatard, 2000). A negative measure indicates that there is more of 

a lag between stroke phases as is the case with the ‘catch up’ technique, a measure of zero 

means there is no lag as in the ‘opposition’ pattern, and a positive measure indicates that both 

arms are providing propulsion at the same time, a much less common technique that is termed 

‘superposition’. Values for the index of coordination tend to be lower in distance events, such 

as an 800 m than for 100 m or 50 m events, indicating a preference for a ‘catch up’ stroke for 

longer events (Seifert et al., 2010). As speed increases, so does the index of coordination, 

moving towards the 0% that would indicate the opposition pattern. The index of coordination 

is correlated with energy cost (r = 0.87 to 0.98), which is possibly an artefact of the relationships 

between speed and both C and the index of coordination. An increase in the index of 

coordination is expected with increasing speed and the associated increase in drag (Seifert, 

Chollet, & Bardy, 2004; Seifert et al., 2015). However, when speed is kept consistent there is a 

negative correlation between the index of coordination and energy cost (r = -0.63) (Seifert et 

al., 2014). When manipulating the index of coordination it is important to be mindful that C 

values are lowest for self-selected technical patterns, even if index of coordination values are 

increased (Seifert et al., 2014) and it may take time for a swimmer to adjust to imposed technical 

changes. 

 

3.6 Anthropometry/sex 

Female swimmers often have a lower C for the same speed than their male counterparts. The 

magnitude of this difference has varied between studies. For example, females had a 10% lower 

vV̇O2max (Fernandes et al., 2008) than males. However, C at vV̇O2max was 20% less for females, 

likely due to the compounding effects of both improved efficiency and a 10% slower mean 

speed at V̇O2max for females. When speeds were matched females were still more economical, 

when values were interpolated females were 12% more economical at 1.35 m.s-1 (Zamparo et 

al., 2005). This value matches closely with results for backstrokers where the male to female 

differences in C is 14% over a range of speeds, 1.0-1.2 m.s-1 (Klentrou & Montpetit, 1992). 

Over a small range of speeds the differences in C between genders appears to be consistent 
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however when freestyle swimmers were assessed at speeds of 1.2, 1.4 and 1.6 m.s-1 females 

produced 19%, 15% and 10% less metabolic energy (Zamparo et al., 2000). As speeds increase 

the benefits females have in terms of C likely diminish. Females may, on average, be closer to 

their maximal speed at 1.6 m.s-1 than males and may modify their technique accordingly 

(Komar et al., 2012; Seifert et al., 2010). The differences in C between males and females occur 

due to a number of factors. The first of these factors is the smaller average size of female 

swimmers (Pelayo, Sidney, Kherif, Chollet, & Tourny, 1996), yielding a lower surface area, 

body mass and body length, all of which have been related to lower C values (Ratel & Poujade, 

2009) given the inverse relationship between these factors and passive drag. Indeed, including 

members of both sexes there is a significant correlation between total surface area and C at 

vV̇O2max (r = 0.86) (Fernandes et al., 2008). However, when data are corrected for this factor 

the differences between sexes are diminished but not completely explained (Pendergast, Di 

Prampero, Craig, AB, Wilson, & Rennie, 1977). Another possible explanation is the differences 

in adiposity and fat distribution between males and females. An increase in buoyancy can 

decrease C (Onodera et al., 1999), and an increase in adipose tissue decreases overall body 

density. The decrease in density and the associated increase in buoyancy may only be helpful 

to a certain point however, as C can increase beyond a threshold of ‘optimal’ buoyancy. The 

assistance provided by extra buoyancy could be offset by the increase in surface area associated 

with higher adipose tissue. It may not be the increased amount of adipose tissue but rather the 

distribution of this tissue which may assist in maintaining optimal body position and thus 

improve the economy of female swimmers (Ratel & Poujade, 2009). 

 

4. Training Load 

 

Training load measures are recorded so the coach can accurately quantify the training athletes 

are completing. Measuring training load is important because it is difficult to determine optimal 

levels of load if the amount of training cannot be measured acutely or chronically. There is an 

implicit assumption in training load monitoring methodology that the impact of training in the 

reduction of an athlete’s ability to perform acutely is related to energy expenditure. It is clear 

that there is a correlated increase in the acute effect on performance with increasing disruption 

of homeostasis in regard to both metabolite build up and core temperature (Ament & Verkerke, 

2009). Both these parameters rise with increasing exercise intensity and volume. Energy 

expenditure also escalates with increases in exercise intensity and quantity. Both the total 
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amount of work completed, as well as an athlete’s physiological response to this load, should 

be recorded to accurately assess a training intervention. 

 

The volume and intensity of exercise affects the homeostasis of the body and provides the 

stimulus for adaptation (Wenger & Bell, 1986). The combination of training intensity and 

volume is thought to give a more accurate representation of the impact of training than either 

component in isolation and has been termed the Training Impulse (TRIMP) (Banister, 1991; 

Banister, Calvert, Savage, & Bach, 1975). The quantity of training is measured as either the 

volume of work, for example metres swum (Banister, Calvert, Savage, & Bach, 1975), or the 

time taken to complete the work (Banister, 1991). The intensity component is more complicated 

in comparison. Typical measures of intensity include: heart rate (HR) (Banister, 1991), ratings 

of perceived exertion (RPE) (Foster, 1998), blood lactate concentration, intensity zones (Mujika 

et al., 1995), and speed (Banister et al., 1975). Each of these measures have strengths and 

weaknesses which must be considered when developing a training monitoring program for elite 

swimmers. The next step in optimising training is understanding how athletes react to stress 

and the subsequent impact on training and competitive performance. Modelling training 

responses can produce a more detailed understanding of the time frame of adaptation and 

improvement, as well as contributing factors to the adaptive process for each individual in a 

training program. 

 

Despite the potential benefits of having a valid and reliable measure of training load, the elite 

swimming community has yet to universally embrace any one quantification system; likely due 

to several factors. The aquatic environment is a major barrier to the automated quantification 

of training as the need to minimise drag does not facilitate the attachment of measurement units, 

such as accelerometers or power meters, similar to those used in other sports such as cycling 

and running. These units are often bulky and cause discomfort and/or changes to technique to 

compensate for the change in drag profile. Another possible contributing factor is the 

complicated nature of many of the quantification systems available in swimming which are 

normally based upon the assessment of training logs, and the manual allocation of each effort 

in to a specific training zone. Many of these quantification systems, particularly when matched 

to performance measures, are inaccessible to many coaches and athletes given the requirement 

for specialised equipment, or the complexity of the software and mathematical methods they 

employ. 
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4.1 Volume 

The majority of studies that have computed a unit of training load in swimming have used 

distance swum as their measure of the quantity of work (Avalos, Hellard, & Chatard, 2003; 

Banister et al., 1975; Calvert, Banister, & Savage, 1976; Hellard et al., 2005; Mujika et al., 

1995). However, there have also been studies which have utilised training duration as measure 

of load (Millet et al., 2002; Wallace, Slattery, & Coutts, 2009). Distance may be easier to 

communicate to swimmers and coaches and is also more practical to measure. Duration (time) 

is another way to measure quantity, but it must be understood that as intensity increases duration 

over the same distance will decrease - this relationship should be considered when interpreting 

load values. 

 

As a replacement for load, accumulated volume has also been used in a case study of two 

swimmers (Bielec & Makar, 2010) with mixed results. There was a high correlation between 

performance and accumulated volume in one swimmer (r = 0.85) but much smaller relationship 

for the other swimmer (r = 0.65). The accumulated volume method of measuring load neglects 

the intensity of the training that has been completed. The difference in relationships could 

potentially be explained due to the difference in training age between the two; the second 

swimmer was much more experienced. Intensity can be a more significant factor in terms of 

adaptation to training than volume in elite swimmers (Mujika et al., 1995). Using accumulated 

volume as a load measure also has the potential to bias the results of any training quantification 

towards presenting low intensity training as more beneficial than high intensity training given 

that more volume is accumulated when swimming at lower intensities.  

 

4.2 Intensity: heart rate 

Heart rate has long been one of the criterion measures for aerobic exercise intensity. Heart rate 

is considered a useful indicator of aerobic metabolic rate up to maximal oxygen uptake 

(V̇O2max) (Powers & Howley, 2009; Ueda & Kurokawa, 1995) and increases linearly with 

increasing speed until the lactate threshold (LT) is reached (Conconi, Ferrari, Ziglio, Droghetti, 

& Codeca, 1982). There is some conjecture about whether decoupling between HR and external 

stress occurs exactly at LT (Jones & Doust, 1997). However, it has been accepted for many 

years that at intensities that are close to V̇O2max this decoupling becomes more marked 

(Davies, 1968) and limits HR’s usefulness in quantifying exercise intensity above this point. 

An inability to accurately quantify high intensity training is a major limitation in the use of HR 

to indicate exercise intensity in swimming training as most coaches regularly prescribe speeds 
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which exceed the vV̇O2max. A study (Millet et al., 2002) performed using triathletes as subjects 

compared swimming training to cycling and running training - HR was the lone intensity 

indicator and only small correlations were evident between swimming training and swimming 

performance. It is unclear whether the use of a different method of quantifying swimming 

intensity would have yielded a stronger relationship.  

 

The majority of swimming training is of an intermittent nature and HR may not adequately 

reflect the metabolic demands of interval training in swimming, when compared with oxygen 

uptake (Bentley et al., 2005). Indeed, there may be a smaller correlation between HR and RPE 

based load metrics in elite endurance-based athletes (Wallace et al., 2009) (r = 0.74) than has 

been previously asserted (Foster, 1998) (r = 0.75 to 0.90). For these reasons HR may be a less 

useful method for quantifying swimming interval training intensity than for more continuous 

forms of exercise. There are also other sources of variation when it comes to HR. The steady 

state HR response will trend upward with prolonged exercise, a phenomenon known as cardiac 

drift (Hamilton, Gonzalez-Alonso, Montain, & Coyle, 1991; Laursen & Rhodes, 2001) 

particularly when hydration levels are not adequately maintained (Ganio, Wingo, Carroll, 

Thomas, & Cureton, 2006; Wingo, Lafrenz, Ganio, Edwards, & Cureton, 2005). Cardiac drift 

may be genetically determined, can differ between individuals (Ashley et al., 2006) and occur 

during interval-based training, making HR values less useful for assessing athletic workload 

for this type of exercise (Tocco et al., 2015). Dehydration itself can also cause a systematic 

increase in HR (Hamilton et al., 1991). Core temperature can cause an increase in HR as 

temperature rises (Coyle & lez-Alonso, 2001; González-Alonso, Mora-Rodríguez, Below, & 

Coyle, 1997). A further limitation of the use of HR in swimming is that there is not a real time 

feedback system available at present, although this is an area of development, and many 

systems that record HR for post-session analysis are awkward and uncomfortable for the 

athletes. Currently HR is taken at the end of an effort, does not provide any information 

regarding the rate of HR increase nor the mean HR at which swimmers are training. Given these 

shortcomings, while HR monitoring may be useful during submaximal swimming, other 

methods are required to quantify the intensity of swimming training. 

 

4.3 Intensity: ratings of perceived exertion 

Another popular method of quantifying intensity is the use of RPE. An early study cast doubt 

on the validity of this method in elite swimmers (Koltyn, O’Connor, & Morgan, 1991) however 

as scientists have learnt how best to administer RPE more recent studies have painted a different 
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picture. RPE-based training load measures have been validated in elite swimmers when 

compared to HR-based measures (Wallace et al., 2009). Large to very large correlations were 

evident between session RPE-based training load and HR-based TRIMP (r = 0.55 to 0.92) and 

HR-based intensity zone methods (r = 0.59 to 0.94), however not for total distance swum (r = 

0.37 to 0.85). While this is a useful outcome, the criterion measures were less than ideal given 

the inherent limitations in HR monitoring and the inclusion of a total distance measure with no 

intensity component. RPE has been compared to both HR and La for single efforts (Psycharakis, 

2011) in a 7x200m incremental step test in world class swimmers. There were substantially 

higher RPE scores when compared to HR during the final 200m for each swimmer, which were 

performed with maximal effort. This finding highlights the limitations of monitoring HR at 

high intensities and indicates that RPE may provide more useful information at selected (higher) 

intensities which HR fails to capture. To compare between metrics with different units each 

stage was assigned a z score based on the mean value of that measure throughout the test. Z 

scores for RPE were substantially lower (magnitude of difference not reported) when compared 

to those for La in the first two 200m efforts and were proportionately higher than La in the 4th 

and 5th efforts. The dynamics of the RPE response to incremental exercise do not match up with 

the changes in La, suggesting the two cannot be used interchangeably for intensity prescription. 

In cycling, the RPE is more closely related to HR than La (Green et al., 2006), this outcome 

was more prominent at both the low end and the high end of the workloads used, but not to the 

same extent in the intermediate workloads. Both these studies raise questions about the validity 

of RPE as an intensity measure as La is considered a useful tool in monitoring exercise intensity 

(Green, Crews, Pritchett, Mathfield, & Hall, 2004) when equipment and methodology are 

appropriately controlled (Pyne, Boston, Martin, & Logan, 2000; Tanner, Fuller, & Ross, 2010). 

Measures of RPE may be a valuable addition to a monitoring system, however when used as 

an intensity marker in a training load system the RPE values are missing one critical component; 

they do not increase in an exponential fashion. Lactate concentration increases in this manner, 

as does energy output, and when compared with these metrics an RPE-based training-load 

metric may underestimate the effects of high intensity training and overestimate the effects of 

lower intensity sessions.  

 

4.4 Intensity: blood lactate concentration 

Blood lactate concentration is a widely used measure of intensity in elite swimmers. Lactate 

testing been used for many years, particularly in relation to monitoring changes in La at 

submaximal speeds over periods of prescribed training (Clemente-Suarez et al., 2016; 
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Cornfield, Rosenthal, & Straker, 1979; Pyne et al., 2001; Ryan, Coyle, & Quick, 1990). 

Increases in speed at the same La values (4, 6 and 8 mmol.L-1) correlate (Spearman’s rho = 0.95 

for all three comparisons) with improved swimming performance (Thompson, Garland, & 

Lothian, 2006). Incremental test sets that measure La response over a range of submaximal 

speeds are often used to characterise the relationship between speed and La (Huang, Wu, & 

Lin, 2011; Pyne et al., 2001). There is a measurable, curvilinear relationship between increasing 

work and increased La over a wide range of workloads, which allows La to be a useful tool 

which may be proportional to the fatiguing effects of different intensities of exercise. However, 

the sensitivity of La is also a limitation as this value is reactive to multiple physiological 

variables such as overtraining (Bosquet, Léger, & Legros, 2001), diet (Lamb, Rinehardt, 

Bartels, Sherman, & Snook, 1990), age, gender, swimming stroke, distance covered (Vescovi, 

Falenchuk, & Wells, 2011), training status and training intensity (Londeree, 1997) which all 

need to be taken into consideration when interpreting La values. When these variables are 

accounted for La can be a useful tool for quantifying training intensity. The most common 

methodology for the quantification of training is a training zones approach based on an 

incremental La assessment. 

 

4.5 Intensity zones 

In swimming a set of five training zones is the most common method for assessing training load 

(Mujika et al., 1995). These zones are normally defined using set levels of La, HR, speed or a 

combination of these measures, and associated with a ‘weighting factor’ to reflect how fatiguing 

swimming a specified distance or amount of time in each zone is. These criteria are then related 

back to an external measure, in swimming this is most commonly speed, to allow for easy 

separation of training. Early on this method was used by Banister and colleagues (1975) and 

Calvert et al. (1976), who categorised training into three zones: low intensity, endurance 

training/moderate intensity and high intensity/interval training with weighting factors of one, 

two and three respectively. Banister’s system is quite simple, which may limit its ability to 

provide an accurate representation of the training that elite swimmers complete. The system has 

largely been superseded since these studies were completed given more recent evidence of an 

exponential relationship between swimming speed and energy output (Rodriguez & Mader, 

2011). This means that a linear weighting of intensity zones under-emphasises high speed 

training and over-emphasises the training classified into the slower zones in terms of how 

fatiguing these forms of training are. The underlying speed – metabolic output relationship has 
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been acknowledged through the widely used exponential weighting of HR-based TRIMP scores 

(Banister, 1991).  

 

The most commonly used training load quantification methodology in swimming is that of 

Mujika et al. (1995). These researchers separated swimming training into five intensity zones 

and equated different types of strength training to their closest equivalent swimming zone. 

Mujika’s model has been used since with minor variations (Avalos et al., 2003; Hellard et al., 

2005) in the method used to quantify strength training; including the separation of resistance 

training and general conditioning into two zones. The five swimming training zones were 

weighted exponentially and based upon blood lactate concentration. Swimming speeds 

determined from step tests were used to divide training. While this approach was a distinct 

improvement on Banister’s initially proposed zones, the methodology had shortcomings. One 

criticism of the design is that there was only one zone that captured all intensities below La 

~4mmol.L-1. The majority of swimming training occurs below this level and there is an 

important difference between the fatiguing effect of swimming at a speed that will elicit a HR 

of 150 beats.min-1 and a speed that will elicit a HR of 100 beats.min-1. Swimmers may need to 

more than double the force they produce to bridge this gap (Ueda & Kurokawa, 1995) yet both 

were included in a single zone. Despite this limitation Mujika’s methodology has produced 

moderate to strong relationships between a modelled performance and actual performances 

using calculated workloads (Mujika et al., 1996). A zones approach, particularly one using an 

exponential weighting system, seems to be a practical and reasonably accurate option for 

quantifying training in swimmers. 

 

 

4.6 Non-swimming training 

Another important factor in the quantification of training in elite swimmers is measurement of 

training completed outside the pool. Strength training and conditioning through non-swimming 

exercise are common in elite programs to enhance strength, power and muscular endurance 

(Bishop et al., 2013; Girold et al., 2012; Hawley, Williams, Vickovic, & Handcock, 1992) and 

ultimately swimming speed (Girold et al., 2012). The impact of resistance training in terms of 

performance changes, both acutely and chronically, on elite swimmers is not well understood. 

Strength training has previously been equated to a distance and intensity of swimming in 

consultation with athletes and coaches (Avalos et al., 2003; Banister et al., 1975; Mujika et al., 

1995). One hr of strength training was considered to be equivalent to 1 km of low intensity 
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swimming, 0.5 km of high intensity swimming and 0.5 km of maximal intensity swimming. 

While consultation with experts is a good starting point, this method may not necessarily 

produce the most accurate representation of the fatiguing effects of resistance training. 

Swimming is less damaging to muscle structures than exercise modalities which involve a large 

amount of eccentric movement, such as resistance training (Mougios, 2007). Swimmers do not 

always exhibit the same HR-RPE relationship across different modalities of training (Green, 

Michael, & Solomon, 1999). This outcome indicates that different exercise modalities can 

produce differing physiological responses despite a similar perception of effort in swimmers. 

The same may be the case for resistance training. Quantifying strength training load is important 

because if it is included into a zone which does not accurately describe the magnitude of this 

training modality’s performance impact this type of training causes the accuracy of the entire 

quantification system could be jeopardised. Including resistance training as a separate variable, 

rather than equating it to swimming volume, seems to be a more accurate method when 

comparing the results of studies that used different methodologies (Edelmann-Nusser, 

Hohmann, & Henneberg, 2002). 

 

4.7 Relation to modelling performance 

The training quantification system used to produce training load inputs to performance models 

can substantially impact how well these models predict performance. If the system does not 

accurately capture the balance of training, both how it causes decrements in performance or 

how much it will improve performance once adaptation occurs, no model will be able to relate 

these measures to performance in any meaningful way. The structure of the model itself will 

also play a large role determined primarily by how many variables the model considers, and 

how it maps the interactions between these variables. Historically there has been some high-

quality work completed in this area, however these models are yet to become ubiquitous in 

most high-performance programs around the world in the same way that standardised 

physiological testing and training load measurement have. 

 

5. Performance Modelling 

The next step for many of the studies that have quantified training load is to mathematically 

model the relationship between training, acute decreases in performance, adaptation and 

performance. This work has been undertaken with varying degrees of success. The main studies 

in this area are summarised in Table 1.2. The classic method, proposed by Banister and 
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colleagues (1975) used a systems model approach, which is also known as a ‘Impulse-

Response’ model. Banister’s method involved modelling a positive component, which 

represented the adaptation to training, and a negative component, which mapped the acute 

decrease in performance due to the effects of high intensity exercise, including muscle damage 

and the reduction of fuel stores. These components both represent exponentially decaying 

‘impulses’ which have antagonistic effects on performance. This system is illustrated 

particularly well within Banister’s original manuscript in Figure 1. Within the model structure 

the positive component has a relatively smaller magnitude but a longer decay constant while 

the negative component is larger and decays more quickly. The net effect of these two 

components produces a performance outcome which follows the supercompensation curve 

(Yakovlev, 1967). The net effect of each training impulse is then summed for a given day and 

performance predicted based on the ratio of short and long-term training stimuli. Since 

Banister’s original model there have been a number of key additions to the literature. The output 

of the model was such that the balance between the two components was used to indicate the 

performance level at any given time point. 
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Table 1.2 Research papers which predict performance or physiological adaptation to training based on training load data. 

Authors Year Sport Subjects n Training load method Model Coefficient of determination  

Banister et al. 1975 Swimming  Top class 1 male 
3 swimming zones, linearly 
weighted 

Two component 
impulse-response model R2 = 0.66 

Calvert et al. 1976 Swimming High level 1 3 zones, linear weighting 

Banister 1975. Third 
component included to 
describe delay in 
positive effect. Not reported 

Banister & 
Hamilton 1985 Running 

2-10 year 
experience 5 females 

TRIMP, with exponential 
weighting load = 0.86.exp(1.67.x) Banister et al. (1975) Not reported 

Morton et al. 1990 Running  Recreational 2 males TRIMP Banister et al. (1975) R2 = 0.71 and 0.96 

Busso 1991 Cycling Sedentary 8 males 
Duration x average power/max 
aerobic power 

1, 2, 3 and 4 component 
IR models.  1 comp - 0.69 ± 0.10. 2 comp - 0.72 ± 0.11 

Fitz-Clarke 1991 Theoretical    Banister et al. (1975) Not applicable 

Banister et al. 1992 Running  Recreational 2 males TRIMP Banister et al. (1975) Performance - 0.71 & 0.96 

Banister & Fitz-
Clark 1993 Running  Recreational 2 males TRIMP 

Banister et al. 
(1975)/Morton et al. 
(1990) Not reported 

Busso 1994 Hammer throw High level 1 male 

Load based on number of lifts, 
throws and jump and the relative 
intensity of these exercises. Banister et al. (1975) 0.91 

Mujika et al. 1996 Swimming 
 National and 
international 

18 (8 female 
10 male) 

5 swimming zones, exponentially 
weighted. 1 strength training zone.  Banister et al. (1975) R2 of 17 subjects = 0.66 ± 0.12 

Mujika et al.  1996 Swimming 
 National and 
international 

18 (10 
females, 8 
males) Mujika et al. 1995 Banister et al. (1975) R2 = 0.65 ± 0.12. 0.45 to 0.85 

Busso 1997 Cycling  Recreational  2  Average power/MAP 

 Two IR models, time 
variant and time-
invariant.  

Time Invariant = 0.68 and 0.67. Time variant 
= 0.88 for both subjects 

Banister 1999 Triathlon Not reported 11 males HR Trimp (Morton 1990) Banister et al. (1975) Not reported 

Millet et al 2001 Triathlon  International 4 TRIMP (Banister, 1991) Busso et al. (1991) R2 = 0.14 

Edelmann-
Nusser et al. 2002 Swimming  Olympic 1 female 

Three zone system, one strength 
value and one non-swimming 
conditioning value Neural Networks 

No R2 value. Mean error of +0.62 s and – 
0.61 s of 132.94 s race. 

Busso 2003 Cycling Untrained 6 males  
Three component 
impulse response 0.94 ± 0.01, 0.93 to 0.96 
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Authors Year Sport Subjects n Training load method Model Coefficient of determination  

Avalos et al. 2003 Swimming 
 National and 
international 

13 (6 female 
7 male) 

Modified version of Mujika et al. 
(1995) with 2 zones for non-
swimming training Mixed linear model R2 = 0.38, range from 0.15-0.66 

Hellard et al. 2005 Swimming  International 
7 (4 female 3 
male) Mujika et al. 1995 

Banister et al. 1975 & 
Two component IR with 
saturation function BM = 0.42 ± 0.1, MM = 0.52 ± 0.1 

Hellard et al. 2006 
International 
standard  Swimming 

9 (5 female, 4 
male) Mujika et al. (1995) Banister et al. (1975) R2 = 0.79 ± 13. Range from 0.61 to 0.95. 

Torrents et al.  2007 National level Gymnastics 2 females 

Quantitative load based on duration 
and intensity of training, qualitative 
load based on the number of 
different exercises completed. PerPot v4. Not reported 

Thomas et al. 2008 
International 
and national Swimming 

8 (4 female s4 
male) Mujika et al. (1995) Busso (2003) 0.56 ± 0.06; range 0.45 to 0.63 

Ishii et al. 2008 High School  Swimming 2 females Mujika et al. (1995) 
Systems model – 
Morton et al. (1990) R2 = 0.80 and 0.72 

Chancelon et al. 2012 
Regional to 
national level  Swimming 

10 (6 male, 4 
female) Mujika et al. (1995) Banister et al. (1975) R2 = 0.84 ± 0.14. Range 0.45 to 0.92 

Scordia et al. 2014 Professional  Swimming 138 

Multiple, comparison of Mujika et 
al. (1995), Avalos (2003), + 
weights derived from the data for 
three zones. Mixed effects models 

No R2 value. Mean prediction error for 
sprint, mid and long-distance swimmers: 
0.60 ± 0.89 s, 0.50 ± 0.62 s and  
0.10 ± 0.19 s. 

Chancelon et al. 2014 
Regional to 
national level  Swimming 

10 (6 male, 4 
female) Mujika et al. (1995) Busso (2003) R2 = 0.71 to 0.87 

Wallace et al. 2014 
Endurance 
Trained Running 

7 (sex not 
reported) sRPE, TSS and TRIMP Busso (2003) 

TSS - R2 = 0.70 ± 0.11. 0.55 to 0.84. sRPE - 
R2 = 0.60 ± 0.10. 0.53 to 0.77. TRIMP - R2 
= 0.65 ± 0.13. 0.51 to 0.86. 

Ludwig & 
Asteroth 2016 Recreational Cycling 20 males TSS 

Modified Banister et al. 
(1975) Not reported 

Kolossa et al. 2017 Athletes Swimming 5 Mujika et al. (1995) 
Kalman filter based on 
Busso (2003) Not reported 
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Since Banister’s original work the approach to mathematically relating training load data to 

performances or other measures of adaptive physiology has undergone some refinements, but 

the underlying structure of the models is largely the same. While a decrease in performance can 

be apparent immediately following or even during a training session, adaptations in response 

to exercise almost always occur over a longer period of time following the bout (Camera et al., 

2015; Damas, Phillips, Vechin, & Ugrinowitsch, 2015; Figueiredo et al., 2016b; MacDougall 

et al., 1995). To more accurately represent this physiological behaviour a delay was included 

for the positive effect of training, which improved model performance (magnitude of 

improvement not reported) (Calvert et al., 1976). The parameters which were calculated in this 

investigation were also recalculated over time and found to change in response to training. After 

three years the subject became less responsive to training in terms of fitness, however the 

magnitude of their decrease in performance in response to training remained unchanged. These 

conclusions suggest that, as far as is practicable, parameters should be recalculated as athletes 

adapt to training or made to vary as time progresses (Busso, Denis, Bonnefoy, Geyssant, & 

Lacour, 1997). A further refinement to the Banister model was the inclusion of an additional 

weighting factor and exponential decay function to allow the model to respond more accurately 

to the effect of the training completed within the two to five days prior to a performance (Busso, 

2003). The inclusion of these extra parameters meant models were more accurate (R2 = 0.94 ± 

0.01; R2 = 0.89 ± 0.05), however to produce an accurate fit a high frequency of performances 

(three per week in this investigation) is required to accurately estimate the model parameters. 

The inclusion of a ‘saturation’ function, which allows for a decrease in the response to training 

once it exceeds a certain level, also improved model fit (R2 = 0.52 ± 0.1; R2 = 0.42 ± 0.1) 

(Hellard et al., 2005). Saturation effects provide insights into the type of ‘responders’ individual 

athletes are and, if accurate, could provide guidance to coaches on optimising their preparations 

for individual athletes. Athletes with relatively low saturation loads could train substantially 

less and produce similar performances. Potential additions to these models might include the 

incorporation of machine learning, which has successfully matched training load to 

performance previously (Edelmann-Nusser et al., 2002). Machine learning also has promise in 

improving the accuracy of antagonistic functions (Kolossa et al., 2017). 

 

Another approach presented is the performance potential (PerPot) model developed by Perl 

(2000). Perl’s model uses two antagonistic functions in a similar manner to the Banister model 

however applies these in a way that more closely resembles electronic engineering than typical 

biological systems modelling. While these models operate in a similar manner to the Banister 
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model; each antagonistic function has a time constant associated with it, termed a ‘delay’, which 

must be offset to simulate the supercompensation process. The papers where these models have 

been described do not include much assessable data. For this reason the series of papers 

completed by Perl on the topic, of which there are seven which span from 2000 to 2017, have 

been excluded from Table 1.2. This approach has been applied to hypothetical data (Perl, 2000), 

running (Perl, 2005) and handball (Perl, 2017b). Additional analyses have included 

reconstructing load profiles based on a set of performances using genetic algorithms (Perl, 

2001; 2017a) and simulating motor learning using neural networks (Perl, 2002). However, in 

none of these papers are any predictions directly compared to performance data, and 

consequently the quality and application of this modelling technique is unclear. Prospective 

research in a cohort of athletes and comparison of model fits using standard statistical 

techniques are required before this approach should be considered for any application in a 

sporting context. For the moment the Banister model and its associated extensions should be 

the main approach used to match training load to performance data. 

 

The Banister model, as well as the refinements to the model structure which have occurred 

since, have been used successfully to predict changes in performance and to analyse the relative 

contributions of the negative impact of training on acute performances and adaptations to 

changes in training load. The same approach has shown success when matched to other adaptive 

physiological measures including iron status (Banister & Hamilton, 1985), serum enzyme 

activity (Banister & Fitz-Clarke, 1993; Banister, Morton, & Fitz-Clarke, 1992) and heart rate 

variability metrics (Chalencon et al., 2012; 2014). Training load is not only related to positive 

adaptations however, changes in training load can increase the risk of injury and illness (Hulin 

et al., 2014). Initially a ratio of a one-week and a four-week moving average was used which 

related to relative injury risk for fast bowlers in cricket. However, the ability of these models 

improved when an exponentially decaying structure similar to that of the Banister approach 

was employed (Murray, Gabbett, Townshend, & Blanch, 2017). While the accuracy of 

predicting injury risk may be improved by including an exponentially decaying structure to the 

models used to analyse these data, it remains to be seen whether there are differences in 

accuracy between these approaches when applied to a continuous variable such as swimming 

performance. If there are minimal differences this simpler approach could allow for a wider 

range of coaches to utilise performance modelling when assessing their athletes. 

 



 

 29 

While performance modelling has obvious utility in sports programs, criticisms of the 

approaches taken to date remain. These criticisms include the accuracy of these models as well 

as the complicated nature of their administration. Critics contest that performance models have 

not fit exceptionally well in the majority of publications to date. This shortcoming may be 

partially explained by the fact that not all the variability in swimming performance comes from 

training manipulation, and thus it would be impossible to gain an exact fit without including all 

factors which may affect this into a model. It may be that only 42 to 84% of variance in 

swimming performance, as seen in Table 1.2, is due to changes in training load and the 

remaining 16 to 58% relates to other contributors such as skill execution, motivation and 

technique. Refinements to the structure of these models, as discussed, has improved their 

accuracy implying that there is still research to be completed to find the ideal method of 

modelling this complex, non-linear relationship. There is substantial between-subject variation 

in how accurately a model will fit measured performance (Mujika et al., 1996) with R2 values 

ranging from 0.45 to 0.85. The fit of any model of swimming performance may also be affected 

by the adaptation of the swimmers themselves. The Banister impulse response model presumes 

a constant value for all sections of their equation apart from the workload variables, which is 

contrary to the observed adaptive properties of athletes (Busso, 2003; Busso et al., 1997; Calvert 

et al., 1976). Adaptation to training changes the system that is being modelled, and therefore 

the surrounding parameters, not just the differing workloads, need to be reassessed to maintain 

an accurate model of the system. Re-evaluating all components, provided there is sufficient 

performance data to do so, has the potential to improve the fit of models longitudinally. 

Recalculating parameters may also provide insight on how an athlete’s responses to training 

change over the course of their career, and permit changes in loading patterns to be made to 

maintain the optimal level of overload to continually improve performances. 

 

While current performance modelling practices provide some valuable information, they are 

complicated and require specialist knowledge and equipment to administer, and therefore are 

not sufficiently accessible to most coaches. Given this inaccessibility the use of performance 

models is curtailed and a substantial part of their potential value in elite swimming is lost. 

Ideally modelling could be used to show the effect of taper (Thomas, Mujika, & Busso, 2009), 

and how to manipulate different variables to indicate the best approach to training (Edelmann-

Nusser et al., 2002). However, if coaches and sport scientists cannot use these models then their 

usefulness becomes irrelevant. It seems that there is an opportunity for further research to 

develop a practical and accessible quantification and performance modelling system that 
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coaches are able to use easily. There are also other related analyses if these data were collected 

and pooled which could be of additional value. Once training load data are available for a 

sufficient amount of time on a sufficient number of athletes it is possible to perform analyses 

which can assess quite small changes with a high degree of accuracy. This is exactly the 

approach Hellard and colleagues (Hellard, Scordia, Avalos, Mujika, & Pyne, 2017) took when 

assessing a cohort of French international swimmers over a period of 20 years. This large-scale 

study provided specific recommendations which are immediately actionable by coaches, such 

as that any strength training above 10% of maximal load will have a negative impact on 

performance within the last 2 weeks of a preparation. These sorts of conclusions would not be 

possible without a large dataset and the mathematical methodology to make sense of the 

information. Another of the most promising uses for the mathematical modelling of training 

load data is the ability for these models to inform the training of an athlete using information 

gathered from other athletes (Edelmann-Nusser et al., 2002). If these two approaches were 

combined it would mean that any athlete who entered a program could have the likely effects 

of a training program predicted with little information about the athlete required; these 

predictions would get more accurate as more information was gathered about the individual as 

well. This type of quantitative feedback could become a staple for coaches when planning their 

periodisation strategy for a season. 

 

6. Conclusion – statement of the problem 
 

While there have been several investigations which have assessed varying methods of 

mathematically modelling the training load-performance relationship in swimming, there are a 

number of questions which remain unanswered. Initially, there are three main questions which 

could be addressed. First, most of the existing investigations have quantified training according 

to Mujika’s method, however no direct comparisons have been completed between this method 

and any other. Secondly, neural networks have not been compared to traditional impulse-

response models using the same dataset. Machine learning techniques will become more and 

more common in sport science and thus in swimming it is important to extend the results of 

Edelmann-Nusser and colleagues (2002). Further development of the training load-

performance predictions using neural networks, is an important first step. Finally, the third 

question to be answered is whether a simpler rolling averages approach to predicting 

performance compares favourably to the more traditional antagonistic exponentially weighted 
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impulse response model. A simpler version of this type of analysis should make it more 

accessible for coaches and athletes.  
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Chapter 2 - The impact of different training load quantification and 

modelling methodologies on performance predictions in elite 

swimmers 
 

In review: European Journal of Sport Science 

 

Abstract 
 

The use of rolling averages to analyse training data has been debated recently. We evaluated 

two training load quantification methods (five-zone, seven-zone) fitted to performances over 

two race distances (50 m and 100 m) using three separate longitudinal models (Banister, Busso 

and rolling averages) for three swimmers ranked in the top 8 in the world. A total of 1610 daily 

load measures and 108 performances were collected. Banister (standard error of the estimate 

(SEE) 0.64 s & 0.62 s; five-zone & seven-zone quantification methods) and Busso (SEE 0.73 

s & 0.70) models fitted more accurately (p < 0.001) than the rolling averages approach (SEE 

1.32 s & 1.36 s). The seven-zone quantification method did not produce more accurate 

performance predictions than the five-zone method, despite being a more detailed form of 

training load quantification. Neural network models were fitted and outperformed all 

longitudinal models (SEE 0.38, 0.41, 0.35 & 0.60 s) but did not track as predictably over time. 

Exponentially weighted impulse-response models appear more effective at predicting 

performance using training load data in elite swimmers than a rolling averages approach.  
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Introduction 
 

Training load assessment is a widely adopted practice in many sports and is used for a number 

of different applications. Training load can inform the relative risk of injury and illness 

(Hellard, Avalos, Guimaraes, Toussaint, & Pyne, 2015; Hulin et al., 2014), inform training 

approaches (Hellard et al., 2017) and help optimise tapering strategies (Hellard, Avalos, 

Hausswirth, & Pyne, 2013). Both internal and external loads have utility in these areas 

(Borresen & Lambert, 2009) and provide a valuable resource to many coaches and scientists. 

One of the most promising uses of training load data is predicting responses to training for an 

individual athlete (Banister et al., 1975; Busso, 2003; Hellard et al., 2005). 

 

The methodology for analysing longitudinal training load data and matching those to 

physiological adaptations has been debated widely in the sport science community. The two 

primary approaches have centred on the use of either rolling averages or exponentially-

weighted models. Proponents for both approaches have been robust in their support and 

criticism (Drew & Purdam, 2016; Menaspà, 2017). Menaspa asserts that rolling averages are 

not representative of the underlying physiological phenomena impacted by training. These 

phenomena tend to be exponential in nature (Hawley, 2002) and presumably an exponentially 

weighted approach should produce more precise results. Drew and colleagues point to previous 

research demonstrating the utility of rolling averages in assessing relative injury risk (Hulin et 

al., 2014). To resolve some of these disputes, and identify underlying strengths and weaknesses, 

more research is needed to compare these approaches using the same set of data in a cohort of 

elite-level athletes. 

 

Both groups of authors have made compelling arguments in support of the two models. Several 

studies have evaluated the use of non-linear modelling techniques largely based on Banister’s 

seminal work (Banister et al., 1975) which assigned each training dose a positive and negative 

effect which exponentially decay over time. In Banister’s model the magnitude of negative 

effect is larger than the positive effect and as a result immediately following a training session 

performance decreases to match the effect of fatigue. Then, over time, the negative effect 

decays quickly, leaving the positive effect to yield a small performance improvement. The net 

result of these two curves is a performance change that matches the super-compensation curve 

(Yakovlev, 1967). Refinements have been made to make the model more sensitive to short term 

overreaching (Busso, 2003a; Chalencon et al., 2014) and to add a saturation effect for training 
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dose (Hellard et al., 2005); both of which can improve model fit. While exponentially-weighted 

models have been the preferred performance prediction method, these models are not the only 

methodology used to quantify responses to training. The rolling averages approach, specifically 

the acute:chronic training load ratio, is related to injury and illness risk (Hulin et al., 2014). 

While this methodology has been widely adopted, criticisms include that it does not account 

for the decrease in the influence of a single training session over time. In the rolling averages 

technique, until a training dose is completely removed from a calculated average it has the same 

weight no matter if the session was yesterday or three weeks ago. However, the counterpoint 

to this argument is one of simplicity and utility. Rolling averages are easier to calculate and 

apply to a large number of athletes, can be effective in predicting relative injury risk, and are 

calculated using basic software and therefore accessible to more practitioners. While the latest 

evidence suggests that exponentially-weighted models are more accurate for assessing injury 

risk (Murray et al., 2017), these techniques have not been compared directly in their utility of 

predicting performance. 

 

There are two other major methodologies which have shown promise in relating training load 

to performance. Neural networks (Edelmann-Nusser et al., 2002) and mixed linear models 

(Avalos, Hellard, & Chatard, 2003; Scordia, Avalos, & Hellard, 2014). The neural network 

methodology successfully predicted the performance of a finalist at the 2000 Sydney Olympic 

games (error 0.05 s over a 200 m swimming event). Data collected from another athlete was 

used to refine the accuracy of this model, a feature that could help practitioners who have 

multiple athletes but limited historical data. The mixed linear model approach utilised mean 

values of training load from three pre-determined timeframes encompassing the eight weeks 

prior to each performance. Of course, the way training load data is analysed is not the only 

factor to consider. The quality of training load data may be just as important in producing 

accurate performance predictions. 

 

The predominant quantification methodology in swimming is based on the work of Mujika and 

colleagues (Mujika et al., 1995), who categorised swimming training in to 5 distinct zones and 

assigned a weighting coefficient to each zone. Weighting coefficients were then multiplied by 

the total daily meters in their assigned zone to produce a load. The total load from each zone 

was then summed and the total taken as the daily load. One criticism of this approach however 

is the lack of any distinction between intensities below the second lactate threshold. There can 

be substantially different physiological responses to exercise above and below the first lactate 
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threshold (Seiler, Haugen, & Kuffel, 2007). If aerobic zones were more specific, then 

performance predictions based on these load numbers might be improved. 

 

The aim of this study was to examine three different modelling techniques: The Banister 

method, the Busso method and neural networks, and compare these to a rolling averages 

approach. A secondary aim was to compare the performance predictions of these models using 

two different quantification methodologies. We expected that a seven training-zone approach 

would produce closer relationships to performance than the five-zone approach across multiple 

models. A proof-of-concept evaluation study was conducted on three elite level swimmers over 

an extended 400-600 day period including the preparation for an Olympic Games. 

 

Methods  
 

Three elite swimmers (A, B and C) took part in this prospective study over 66-85 weeks (two 

males, one female, age 21.7 ± 1.8 y; mean ± SD). Swimmer B was ranked in the top eight in 

the world for preferred event distance and stroke, whilst swimmers A and C were ranked inside 

the top three in the world for their preferred event during the data collection phase. For these 

three athletes there was a total of 1610 daily load data points and 108 individual performances.  

 

Swimmers were informed of the experimental procedures and risks associated with 

participation prior to providing informed consent. The study design and experimental 

procedures were approved by the Australian Institute of Sport Ethics Committee and the 

University of Canberra Committee for Ethics in Human Research. 

 

Training load 

Training volume was recorded daily as metres swum in each zone using training logs 

maintained by coaching staff. Within each training session each continuous effort separated by 

a rest period was allocated into one zone for each of two different quantification approaches. 

The first approach was that used by Mujika and colleagues (Mujika et al., 1995), which will be 

referred to as the five-zone method throughout this investigation, and the second was a more 

detailed approach using seven intensity zones, the so-called seven-zone method (Table 2.1). 

For both quantification methods where the data were available heart rate, BLa and speed were 
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all used to categorise these efforts into a specific zone. However, zone one and seven of the 

seven-zone approach were always defined using speed only.  

 

While physiological variables for each zone were standardised for all swimmers, speeds were 

individualised. The range of speeds for each zone for each swimmer were determined using a 

non-linear regression relationship between BLa response and mean speed of up to three of the 

last efforts prior to the blood sample taken during a training session. Where the beginning of 

efforts was less than two minutes apart, and of similar speed, averages were computed. When 

there was only a single effort prior to a BLa sample then the speed of that effort alone was used. 

The BLa values for each zone were then used to calculate the upper and lower limits for speed 

of each of the different zones. Given the speed-BLa relationship could change with training 

(Pyne et al., 2001) this relationship was recalculated midway through the study. 

 

Table 2.1 Descriptions of the five-zone and seven-zone methods of quantification 

Seven-
zone 

Five-
zone 

Blood Lactate 
Concentration 
(mmol.L-1) 

Heart 
Rate 
(bpm) 

Seven-zone 
weighting 
(units) 

Five-zone 
weighting 
(units) 

Exercise 
Intensity 

1 
1 

- - 1 
1 

Light 
2 0.8-1.9 120-140 1.5 Moderate 
3 2.0-3.0 141-160 2.5 Moderate 
4 2 3.1-5.4 161-185 4 2 Heavy 
5 3 5.5-7.9 ≥186 6 3 Severe 
6 4 ≥8.0 ≥186 10 5 Severe 
7 5 - - 10 8 Extreme 

 
Performance measures 

Total time in all Fédération Internationale de Natation (FINA) sanctioned races and time trials 

in training in both the 50-m and 100-m events in the swimmers’ preferred stroke were used as 

the performance measure. In training, 50-m efforts in the swimmers’ preferred stroke, which 

included a dive start and were immediately post warm-up, were also included. Only 

performances where swimmers were instructed to swim maximally were included in the 

analysis. 

 

Competition swims and time trials were electronically timed using touch pads (Omega, 

Switzerland) and training efforts were hand timed using a S141 stopwatch (Seiko, Japan), a 
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measure shown to be valid and reliable (Hetzler, Stickley, Lundquist, & Kimura, 2008), by the 

same experienced international level coach. 

 

Non-swimming training 

Strength and dryland training activities were not included in training load data or models. The 

decision was made to only examine the effect of swimming training on performance in 

preference to estimating the impact of strength and other training modalities, and then relating 

these to equivalent amounts of swimming training (Mujika et al., 1995). Given that strength 

training makes up just 0.2% of the total training that swimmers complete (Hellard et al., 2005), 

and the inherent difficulties of combining strength and swimming training loads, we focused 

this analysis solely on swimming training. 

 

Model fitting 

Three models were fit to the data for each individual athlete for both competition distances and 

for each quantification method; a total of twelve models per athlete. The Banister model 

(Banister et al., 1975), the Busso model (Busso, 2003) and a rolling averages model (equation 

1). 

Equation 2.1 

   p" = k%.
∑ ()*+,
*+-,
.,/%

− k1.
∑ ()*+,
*+-2
.2/%

 

Where pi = performance on day i, wn is the workload on each day (i-1 to i – τ1 or 2), τ1 = timeframe 

for negative responses (as our measures are in seconds, lower is beneficial), τ2 = timeframe for 

positive effects and k1 and k2 are scaling factors. For a detailed description of the methodology 

used to fit these models please see supplemental file 1. 

 

Neural network analysis  

Neural networks were also fit using the full dataset including all performances from all 

swimmers, the distance of the performance, and one of two different quantification 

summarisation methods. The first, summary method one, is that of Avalos et al. (Avalos et al., 

2003) where training loads over 8 weeks of training prior to each performance were summarised 

as short-term (1-14 days prior to performance), mid-term (15 – 28 days prior) and long-term 

(29 – 49 days prior) load. Summary method two describes training for 15 weeks prior to each 

performance and includes the mean training load of four exponentially increasing time frames; 
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1-7 days prior, 8-21 days priors, 22-49 days prior and 50-105 days prior. These models were fit 

using the neuralnet package (Fritsch & Guenther, 2016) in R using one hidden layer with three 

nodes. Data were split into training (80%) and testing (20%) sets to assess model fit. The 

network with the lowest mean error from 1000 iterations was selected. Standard error of the 

estimate (SEE) values were calculated using only the test data for each model. 

 

For each summary method there were different total number of data points as there were 19 

performances which occurred within the first 15 weeks of the dataset. Therefore, these data 

points were excluded from the analysis for the second summary method. The total number of 

performances analysed were 108 for summary method one and 86 for method two. Both these 

summary methods were applied to the five and seven-zone methods of training quantification.  

 

Comparison of model fits 

As leave-one-out cross validation calculates error from a series of models, each of which 

excludes a single data-point; this process produces a number of different models which describe 

essentially the same relationship. Each of the ‘leave-one-out’ models were used as a part of a 

‘population’ of models; ‘populations’ of models derived using different techniques have used 

in other areas of human biology (Britton et al., 2013). to quantify the differences between 

models for model fit (R2) and mean absolute error (total deviation from 0 when model 

prediction was subtracted from the true value of the data point intentionally left out of the 

dataset as a part of the cross-validation procedure). Mean absolute error and R2 data were 

assessed for normality using a Shapiro-Wilk test and these distributions were deemed to be 

significantly skewed. Therefore, a non-parametric generalised additive model approach for 

logistic regression was used to assess differences between models, quantification methods, 

swimmers and effort distance. This approach only analysed the Banister, Busso and rolling 

average methods, as the leave-one-out cross validation methodology was not used to assess 

neural network model fits given the differences in optimisation methodology and input data. A 

more detailed justification is provided in Supplemental file 1.  

 

Results 
 

The mean values for each of the three main model fits assessed in this investigation are 

presented in Table 2.2 Our generalised additive model analysis examined the comparison 
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between model, quantification method, swimmer and distance on both R2 values and the 

absolute error for each of the cross-validated models. 
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Table 2.2 Model components, correlation coefficients, p values and standard error of the estimate (SEE; sample calculation), presented as 

mean ± SD. These values were calculated from each model fitted for each individual swimmer for both 50 m and 100 m performances. 

Values for SEE were calculated using leave-one-out cross validation. Banister and rolling average models include two components (one 

and two) which relate to the negative and positive effects on performance respectively. The Busso model includes three components, two 

related to the negative effect (one and three) and a single component describing the positive effect of training (component two). Values 

for k represent scaling factors for each component of the model, while τ values represent how quickly the effects of each component decay 

over time. 

Model Method Component k τ R2 p SEE 

!""
#$%&	
())	#

*$+,-+#%&.$

 
!""
#$%&	
/)	#

*$+,-+#%&.$

 

Banister 7-zone One 0.10 ± 0.07 12.5 ± 10.4 
     

  Two 0.07 ± 0.08 32.6 ± 18.7 0.44 ± 0.15 0.02 ± 0.04 0.64 ± 0.18 1.2% 2.5% 

 5-zone One 0.13 ± 0.09 13.8 ± 11.5 
     

  Two 0.08 ± 0.08 36.3 ± 20.2 0.48 ± 0.18 0.02 ± 0.04 0.62 ± 0.16 1.1% 2.4% 

Rolling 
Averages 

7-zone One 0.23 ± 0.22 21.7 ± 7.2 
     

 Two 0.24 ± 0.19 42.9 ± 8.0 0.37 ± 0.21 0.20 ± 0.32 1.32 ± 0.10 2.4% 5.2% 

5-zone One 0.49 ± 0.23 20.7 ± 6.4 
     

  Two 0.49 ± 0.25 44.1 ± 8.7 0.42 ± 0.24 0.17 ± 0.17 1.36 ± 0.12 2.5% 5.3% 

Busso 7-zone One 
 

8.0 ± 3.5 
     

  Two 0.003 ± 0.003 31.3 ± 14.9 
     

  Three 0.00039 ± 0.00030 5.3 ± 3.0 0.34 ± 0.26 0.13 ± 0.27 0.73 ± 0.21 1.4% 2.9% 

 5-zone One 
 

12.1 ± 7.5 
     

  Two 0.01 ± 0.01 39.1 s± 19.0 
     

    Three 0.00106 ± 0.00099 8.0 ± 6.0 0.40 ± 0.28 0.14 ± 0.33 0.70 ± 0.29 1.3% 2.7% 
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Performance 

Mean performance for 100 m efforts were 53.97 ± 3.34 s, for 50 m performances the mean 

performance time was 25.50 ± 1.75 s. 

 

Model 

Our analysis revealed that the Banister model had superior R2 values (0.15 higher, p < 0.001) 

but similar absolute error in estimated performance time (0.06 s less, p = 0.18) than the Busso 

approach. Both these approaches had lower mean error than the rolling averages approach 

(Banister, 0.55 s less, p < 0.001; Busso, 0.51 s less, p < 0.001). Although the Banister model 

had higher R2 values than the rolling averages approach (0.10 higher, p < 0.001) this was not 

the case for the Busso model (0.05 less, p = 0.002). Figure 2.1 illustrates the differences in fit 

for 50 m performances for swimmer B.
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Figure 2.1 Model fits to 50 m performance for swimmer B using the Banister, Busso and rolling averages approaches. 
 



 

 45 

Quantification method 

The analysis showed a small but substantially higher R2 value when utilising the five-zone 

method of quantification compared to the seven-zone method (0.04 higher, p = 0.001), but little 

difference in absolute error (0.02 s less, p = 0.65). It seems the extra detail incorporated in the 

seven-zone method of quantification did not translate to a better correlation with performance. 

Figure 2.2 shows the differences in fit for a Banister model formulated using data from each of 

the quantification methods. 
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Figure 2.2 Banister model fits to 50 m performances for swimmer B based on training loads calculated using the seven-zone and five-zone 
methods. There was little difference in absolute error between the methods. 

 



 

 47 

Distance 

Performances over 50 m had a lower level of predictability when compared with 100 m 

performances (R2 = 0.05 less, p < 0.001), however these were predicted with a similar level of 

absolute accuracy (0.02 s higher, p = 0.61). 

 

Swimmer 

Swimmer A had significantly less variance explained by the models than swimmers B and C 

(0.08 lower than both, p < 0.001), and had larger absolute error than swimmer B (0.15 s higher, 

p = 0.003) but similar error to swimmer C (0.06 s higher, p = 0.21). Swimmer B had very similar 

R2 values to swimmer C (0.03 higher, p 0.07), but lower mean error (0.09 s lower, p = 0.01). 

 

Neural networks 

Neural networks were fit using two training load summary methodologies and the five-zone 

and seven-zone load approaches. For the seven-zone approach, the method utilising four 

summary time-frames produced a SEE of 0.38 s (1.5%, compared to mean 50 m time; 0.7% 

compared to mean 100 m time). The method using three summary time-frames produced an 

SEE of 0.41 s (1.6%; 0.8%). The five-zone approach produced a SEE of 0.35 s (1.4%; 0.6%) 

for the four time-frame summary method, and 0.60 s (2.4%; 1.1%) when using the three time-

frame method. 

 

Discussion 

 

Our evaluation shows that a rolling averages approach is less effective than either the Banister 

or Busso methods when predicting 50 m and 100 m swimming performances from training load 

data. Standard error of the estimate values indicated that the rolling averages method (SEE 1.32 

& 1.36 s) was ~0.50 to 0.60 s worse at predicting 50 m and 100 m swimming performance from 

the same training load data than the Banister (SEE 0.64 & 0.62 s) or Busso (SEE 0.73 & 0.70 

s) models. To put these differences in prediction error in context, the smallest worthwhile 

change in swimming performance is 0.4% in top-ranked swimmers (Trewin, Hopkins, & Pyne, 

2004). The SEE values for exponentially-weighted models were ≈1.0 to 3.0% more accurate 

than the rolling average technique. However, we acknowledge that the error in prediction for 

the exponentially-weighted models was 3-7 times larger than the smallest worthwhile change. 

This level of prediction error indicates that the most practical use for these types of models is 
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likely assessing the performance capacity of an individual throughout the season, rather than 

for precise prediction of performances at a specific competition.  

 

These models can be viewed as an indicator of physiological and performance readiness but 

may simply not have had enough information to predict performance more accurately. Many 

factors can influence how a swimmer performs in a competition setting, including 

psychological readiness, diet and technique. These models do not incorporate data relating to 

any of these areas and thus cannot explain all the underlying variability in athletic 

performances. Aside from incorporating other sources of data, the choice of modelling 

methodology can also decrease prediction error. Neural network analyses produced SEE values 

which were lower than either of the exponentially-weighted models. Conversely, the changes 

in training load quantification approach examined did not improve accuracy when modelling 

performances. A seven-zone approach was no more accurate than the five-zone method and 

yielded slightly worse model fits in some cases. Detailed evaluation of these comprehensive 

models in three very highly ranked international swimmers supports the utility of impulse-

response modelling for this level of athlete. 

 

It seems that the shortcomings of the rolling-average approach made by Menaspa (2017) have 

legitimacy, in terms of predicting performance outcomes. A rolling averages approach may 

have utility in applications where the requirements for simplicity outweigh the need for 

precision. When a high level of precision is required, as in injury risk (Murray et al., 2017), 

using an exponentially-weighted approach may be more accurate. It is clear in Figure 2.1 at 

approximately day 150 and 380 that following periods of decreased load the rolling averages 

predicts a much larger fatigue effect, represented by the substantially slower performance 

predictions than either of the exponentially weighted models. At day 380 it appears these 

estimations do not match with reality and that both the Banister and Busso models are more 

representative of the swimmer’s capabilities due to changes in their training. 

 
The differences between the two impulse response models used in this investigation were 

unexpected. The Busso model has previously out-performed the Banister model (Busso, 2003), 

however our analysis did not replicate this outcome. While the differences between the methods 

were not large, the Banister model produced higher R2 values, and SEE measures for this 

method trended lower than for the Busso model. The differences between studies may relate in 

part to the level of athletes involved in our investigation compared to those who took part in 
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Busso’s research. Busso formulated his model based on relatively untrained athletes who were 

able to make large improvements over a short period of time (>20% improvement in power 

output over 15 weeks). With such a large signal a different model was more appropriate and 

fits more accurately than the Banister model. This idea was presented by the originators of the 

Banister model who suggested that a single transfer function, rather than antagonistic functions, 

may be just as appropriate for less-trained individuals (Calvert et al., 1976). The majority of 

our data featured fluctuations of 7% or less throughout a season, and much smaller changes 

between seasons. It may be that for athletes who are more highly trained the Banister model is 

more appropriate than the Busso version. We note that the Busso model was more difficult to 

fit, and often optimised towards the mean of the data rather than identifying fluctuations in the 

data as it was intended to, making starting values for optimisation more difficult to ascertain. 

A potential explanation for this difficulty may be the density of performance data. Since 

performances were distributed over a long period of time, and few instances where 

performances occurred within 1-3 days of each other, there may have been insufficient data to 

confidently estimate the smallest τ value. Previous examples where the Busso model has fit 

more successfully than the Banister model have had performance at least once per week 

(Chalencon et al., 2014) and up to five performance tests per week (Busso, 2003). 

 

As an additional analysis we fitted neural networks to ascertain whether we could replicate the 

findings of Edelmann-Nusser and colleagues (2002) in informing predictions for one swimmer 

using the data of another. We managed to replicate this outcome and produced mean predictions 

based on three and four summary measures that had lower mean error than any of the 

longitudinal models we used. However, while these models fitted well for the performances in 

the dataset, some short-term changes in load yielded performance predictions less accurate than 

the more mechanistic-based models. However, with further refinement these models could be 

quite valuable for practitioners and coaches looking to simulate the effects of small changes to 

their preparations. Using high quality training data from a group of athletes to train these models 

warrants further investigation. 

 

An increase in the resolution of training load data and a more aggressive weighting system did 

not improve the predictive capabilities of training load data. While there are differences in 

physiological responses to training at intensities above and below the first lactate threshold, 

these may not impact the performance of elite swimmers enough to influence model fit. 

Weighting coefficients could also be refined; the seven-zone coefficients were based on expert 
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opinion rather than any empirical process. Future research should develop more accurate 

magnitudes of performance impact for each training zone, which would not necessarily have to 

be the same for both the positive and negative effects of a training session. The methodology 

presented in this study, which assesses how closely aligned predictions were to actual 

performances using different methods of quantification, could be utilised to formulate more 

accurate weighting coefficients as well. This work would facilitate a more comprehensive 

evaluation of different quantification methods such as the sessional RPE method (Foster et al., 

2001), the TRIMP and TRIMPc methods (García-Ramos et al., 2014). 

 

Another factor which is important to acknowledge is there should be no expectation that the 

models presented in this investigation can fit to performance with 100% accuracy. Swimming 

performance is multifactorial (Barbosa et al., 2013), with training and physiological changes 

only comprising one piece of the puzzle. The inclusion of other measures which are also closely 

aligned to performance, such as propelling efficiency (Toussaint, 1990), may improve the 

ability of these models to accurately predict performance. While differences in propelling 

efficiency are more likely to explain variance between individuals, variation within swimmers 

could still be an important addition to the within-athlete predictions we have presented. 

 

Conclusion 

 

In conclusion, a comprehensive examination of elite swimmer training over >400 days indicates 

that exponentially-weighted impulse-response models are more accurate at predicting 50 m and 

100 m swimming performance than a rolling averages approach. A five-zone approach to 

quantifying training intensity based on blood lactate concentration values is sufficient to 

produce accurate performance predictions, while a seven-zone approach does not further 

improve these predictions. A neural networks approach shows promise, but this method 

requires a wide range of performances matched to large variety of training load conditions to 

appropriately train the model to produce reasonable predictions in all contexts. 

 

In this chapter I have demonstrated that a substantial amount of variation in both 100 m and 50 

m events can be attributed to training load. In the collection process for this chapter it was 

evident that the reason that so many 50 m efforts were collected by coaching staff was to serve 

as a surrogate for assessing the anaerobic system. While the majority of the energetic demand 
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for swimming 50 m at maximal speed is fulfilled by the anaerobic energy system, there is a 

significant portion that is delivered by the aerobic system as well (Zamparo et al., 2000). It 

seems that a standardised anaerobic test for swimmers would add substantial value to coaches 

and athletes. One such assessment tool that may help is the critical speed (CS) and supra-critical 

speed distance capacity (D') test (Wakayoshi et al., 1993). Further review of the literature is 

required to assess whether this methodology could be a useful standard to incorporate in to the 

standard monitoring procedures of elite swimmers.   
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Chapter 3 – Literature review – Anaerobic assessment in swimmers 

 

Anaerobic assessment in swimmers 

 

Anaerobic metabolism is commonly separated into two discrete systems, the alactic 

phosphocreatine (PCr) and the lactic glycolytic systems (Fiske & Subbarow, 1929). While the 

PCr system is limited by the amount of PCr in the muscle, Hill (1927) suggested the glycolytic 

system is limited by three factors: the amount of alkali buffering molecules available in an 

individual’s body, the rate at which the acid is produced, and ‘the resolution of the subject’. 

There are two main characteristics used to describe the function of these systems, their maximal 

rate of energy production (maximal anaerobic power) and the maximal amount of energy that 

can be produced (anaerobic capacity). The maximal anaerobic power is, in general, easier to 

measure than anaerobic capacity. Methodologies to assess maximal anaerobic power include 

the Wingate test (Ayalon, Inbar, & Bar-Or, 1974), or alactic tests such as a countermovement 

jump (Morton, 1952). Techniques to quantify the maximal amount of energy that can be 

produced using these systems (i.e., capacity) in a single effort have included the maximal 

accumulated oxygen debt (MAOD) (Medbo et al., 1988), the peak lactate (Hill, 1927), and the 

critical power (CP) and supra-critical power work capacity (W') (Scherrer & Monod, 1960) 

methods. These techniques have been translated to an aquatic environment with varying degrees 

of success, however none have been universally adopted as an indicator of anaerobic 

metabolism. Often, swimming coaches design sets which they believe will be improved through 

improvements to anaerobic metabolic pathways and use athletes’ performances during these 

sets as a surrogate for measuring anaerobic metabolism. 

 

Test sets 

Commonly, in elite training environments, swimming sets designed to assess anaerobic 

metabolism often take shape as very fast (faster than 100 m pace) efforts which have relatively 

large (> 1:2) work:rest ratios. While this design may be sound for anaerobic conditioning, it is 

less than ideal for assessing the anaerobic energy systems. Previous research has evaluated sets 

of 8x25 m on a three minute cycle (Vitor & Böhme, 2010). The mean speed of this set correlated 

highly with 100 m freestyle performance (r = 0.82), however performances also correlated well 

with critical speed (r = 0.58), which is generally accepted to be an indicator of aerobic 

metabolism. It is generally accepted that swimming performances have contributions from both 



 

 54 

aerobic and anaerobic energy production (Table 1.1). Additionally, this test provides 

information only on the maximal speed produced through utilising the anaerobic system but no 

information regarding how long these speeds may be maintained for, therefore addressing only 

one of the three key components of this system as identified by Hill. Mean performance of each 

swimmers’ three best events also correlated with mean time in a set of 6x50 m maximal efforts 

on a cycle of one minute and thirty seconds for both males (r = 0.69) and females (r = 0.78) 

(Saavedra et al., 2010). However, as performances have energetic contributions from both the 

aerobic and anaerobic metabolism these results do not suggest that improvements in this set 

will be driven exclusively through changes to the anaerobic pathway. A set of 6x50 m on a 

time-cycle of one minute and thirty seconds is likely to have a substantial aerobic contribution, 

which will increase as the set progresses (Peyrebrune et al., 2012). A repeated sprint protocol 

which has shown promise in assessing all three of Hill’s components of anaerobic energy 

production pathway, was proposed by Siegler and colleagues (2010). These researchers had 

their participants perform 8x25 m maximal efforts on five seconds rest. The set was completed 

using an all-out pacing strategy, where athletes were instructed to complete each 25 m effort as 

fast as they were capable of. This set significantly decreased pH, bicarbonate concentration and 

base excess, and was improved with bicarbonate loading. Further research into the use of this 

protocol suggested that the drop-off in speed as the test progressed correlated significantly with 

the changes in physiological markers of anaerobically mediated fatigue (pH, base excess, and 

bicarbonate) (Bielec, Makar, Laskowski, & Olek, 2013). A version of this protocol may be able 

to assess the maximal speed swimmers can produce using anaerobic energy production, the 

number of buffering molecules, and the resolution of the subjects. Buffering molecules such as 

bicarbonate are not the only substances which have been measured in blood and observed to 

correlate with anaerobic metabolism. Blood lactate concentration can also be used to quantify 

anaerobic-glycolytic energy production. 

 

Blood lactate concentration 

In elite swimming programs in Australia, as well as in much of the literature, the most common 

method used to assess the characteristics of an athlete’s anaerobic-glycolytic system has been 

the measurement of blood lactate concentration. There appear to be two main approaches to 

assessing lactate accumulation as an indicator of acute glycolytic energy production. The first 

approach is comparing peak lactates across individuals or across time while the second is to 

measure or calculate the energetic contribution of each energy system simultaneously, then 

convert measured blood lactate concentrations in to their energetic equivalents to compare 
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contributions across energy systems. Peak lactate testing alone is also useful as it correlates 

with improvements in performance due to caffeine ingestion (Collomp, Ahmaidi, Chatard, 

Audran, & Préfaut, 1992), and cross-sectionally with faster performances over 100 m (r = -

0.60) (Lätt et al., 2010). Peak blood lactate concentration also significantly correlates with 

supra-CS distance capacity (D') calculated from the time-trial method with r values ranging 

from 0.88 (Biggerstaff, Hill, Jackson, & Sams, 1992) to 0.69-0.80 (Hill et al., 1995). When 

applying the second approach, every mmol.L-1 of lactate accumulation in the blood is estimated 

to have an energetic equivalent of 2.7 ml of O2 (Di Prampero et al., 1978) per kg of body mass. 

This means 1 mmol.L-1 of lactate accumulation is the equivalent of ~0.056 kJ.kg-1 assuming 

that 20.9 kJ of energy is released per L of O2 (Zamparo, Capelli, & Pendergast, 2010). Many 

investigations have utilised the energetic equivalent of the peak blood lactate concentration 

following a maximal effort to assess how swimmers have utilised their anaerobic-glycolytic 

system (Figueiredo et al., 2011; Figueiredo, Toussaint, Vilas-Boas, & Fernandes, 2013; 

Hellard, Pla, Rodríguez, Simbana, & Pyne, 2018; Laffite et al., 2004; Rodriguez & Mader, 

2003; Zamparo et al., 2000). These authors accounted for the contribution of the PCr system 

by making three assumptions. Assumption number one is that PCr breakdown occurs 

exponentially with a time constant of ~23.4 s (Binzoni et al., 1992) in maximally contraction 

muscle. Assumption number two is that the resting concentration of the muscle is ~27.75 

mM.kg-1 (Prampero, Francescato, & Cettolo, 2003) and thirdly it is assumed that ~50% of body 

mass is active muscle mass being used at maximal effort during swimming (Figueiredo et al., 

2011). While these calculations provide substantial insight in to anaerobic energy production, 

they are by no means guaranteed to be accurate.  

 

To calculate the amount of energy produced by the anaerobic glycolytic system the equations 

suggested by Di Prampero and colleagues (1978) take in to account body mass, but do not take 

into account the individual composition of the body and the potential implications this has for 

total body water and therefore the concentration of lactate in bodily fluids. Muscle mass is 

composed of 70% water, while adipose tissue only includes 23% water (Forbes, Cooper & 

Mitchell, 1953). Thus changes in the composition of the body, while maintaining the same 

absolute mass, could create inaccuracies in this method as it does not take individual 

composition into account. The same estimation issues also apply to the methodology for 

estimating the contribution from PCr. As an example, a group of elite male swimmers had a 

mean lean mass value of 61.75 kg, and a mean weight of 71.4 kg; lean mass represented 87% 

of total mass in these swimmers (Paschoal & Amancio, 2004). Additionally, an elite group of 
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female swimmers had a mean total mass of 56.4 kg and a mean lean mass of 44.6 kg, which 

equates to 79% of total mass (Ferry et al., 2010). The mean ratio of muscle mass to the mass of 

other lean mass structures (organs, skin etc.) is 54% (Gallagher et al., 1998). When combined 

these ratios would produce total muscle mass of 33.3 kg for males, which represents 47% of 

total mass, and 24.0 kg of muscle for females, 43% of total mass. When these values are 

juxtaposed with the 50% used for this calculation it may seem a small inaccuracy, however 

when combined with no male to female correction for the estimation of muscle mass nor the 

measurement of any individualised lean mass, these assumptions may propagate in to larger 

errors. To give a hypothetical example to illustrate this point we will take two swimmers, a 

male and a female, both weighing 70 kg who have completed a 100 m freestyle in 54 seconds. 

Assuming a resting intra-muscular PCr concentration of 27.75 mM.kg-1 an active muscle mass 

of 0.5 times body mass, this would equate to 66 kJ of energy being derived from the utilisation 

of this system for both athletes. However, using the ratios give above the male swimmer would 

have a calculated energetic contribution of 62 kJ for PCr and the female swimmer would have 

a calculated energetic contribution of 56 kJ, an error of 6% and 15% respectively. For total 

energy expenditure, assuming a net increase of 3.0 L in V̇O2 and a net blood lactate 

accumulation of 10 mmol.L-1 these errors equate to a 3% and 7% overestimation in the total 

energy cost of the 100 m effort. Having acknowledged these limitations these calculations are 

useful tools, they can provide guidance to training programs as well as highlight strengths and 

weaknesses in a swimmer’s physiology. However, this methodology requires indirect 

calorimetry measurement which can be quite expensive as well as blood sampling which is a 

specialised technique which most coaches and athletes do not have access to.  

 

Maximal accumulated oxygen deficit 

In cycling and running the MAOD method is a common way to measure maximal anaerobic 

capacity and utilises indirect calorimetry to estimate how much anaerobic energy production 

an individual can tolerate (Medbo et al., 1988). This technique uses an incremental test to create 

an individualised equation to estimate the energy cost of running or cycling at an intensity 

which exceeds that of V̇O2max; this intensity varies between studies but is normally ~110% of 

V̇O2max speed or power. Athletes then complete a square-wave exercise trial to exhaustion at 

the calculated intensity while V̇O2 is measured throughout. The difference between the 

measured oxygen consumption and the energy required to maintain the intensity are then 

calculated for the entire test and converted to kJ. This value is termed the maximal oxygen debt. 

The MAOD technique has a coefficient of variation (CV) of 6.8% (Doherty, Smith, & Schroder, 
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2000) and typical error (TE) of 0.66-0.86 L (typical values were approximately 3.9 L) (Zagatto, 

Bertuzzi, Miyagi, Padulo, & Papoti, 2016) in runners. Values for CV were similar in cycling, 

6.3-7.0% (Weber & Schneider, 2001), and there was no discernible effect on reliability of the 

intensity of the test was set to 110 or 120% of the power associated with V̇O2max. In swimming 

the MAOD technique has been employed successfully utilising a flume (Ogita et al., 1999), 

however this piece of equipment is not widely available and is prohibitively expensive. The 

MAOD method is quite useful in sports like running (Doherty et al., 2000) and cycling (Weber 

& Schneider, 2001) where ergometers are reasonably priced and commonplace; the technique 

requires equipment which can externally control workload and an indirect calorimetry 

measurement device. However, in a similar manner to the use of peak lactate and energetic 

calculations outlined previously, neither of these pieces of equipment are commonly available 

in swimming and certainly not available to most coaches, athletes and sport science 

practitioners. Additionally, the MAOD protocol provides no information regarding the maximal 

rate as which anaerobic energy can be produced, one of the three components identified by Hill. 

The CP- W' assessment technique may offer a low cost, low tech alternative for anaerobic 

capacity measurement in the field. Indeed, D' (the speed associated equivalent to W') has 

correlated with MAOD when MAOD has been converted to distance units (r = 0.43) (Berthoin, 

Baquet, Dupont, Blondel, & Mucci, 2003) and methods assessing these two components of 90 

s in cycling have found stronger correlations (r=0.72) (Dekerle et al., 2005). 

 

Critical power and W' 

The CP- W' framework was originally proposed by Scherrer and Monod (1965; 1960). These 

researchers defined critical power as ‘the critical power of a muscle (or muscular group) 

corresponds to the maximum rate it can keep up for a very long time without fatigue’. A linear 

relationship was reported between the maximal amount of work completed at a given power 

output by a single muscle and the time to fatigue for that muscle. The lower the power output 

the longer the time to fatigue; this time to fatigue is theoretically infinite when power output is 

equal to CP according to this investigation. Using this linear relationship, the time limit for any 

individual muscular group can be calculated according to equation 3.1. 

 

Equation 3.1   !"#$ =
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Where W' is a constant work capacity, CP is critical power and P is the power output for which 

the time to fatigue is being calculated. Monod and Scherrer described W' in this instance as an 

energetic reserve, which once fully utilised would mean the muscle would cease to be able to 

operate at the power output required. A very similar relationship was then observed in the world 

record times over different distances in running, suggesting that the CP- W' concept could be 

extended beyond single muscles to a whole-of-body approach (Lloyd, 1966) using speed as a 

surrogate for power output. However, while the existence of the CP- W' phenomena had been 

established, the mechanisms behind these observations remained undetermined. 

 

A note on terminology 

In the next section of this review the use of critical power in sports, or its equivalent where the 

measurement of power is not available or impractical, critical speed (CS). Much of the literature 

refers to CS as critical velocity however this terminology is not technically correct. Velocity is 

defined as displacement over time and displacement is a vector quantity and occurs in a 

particular direction. If athletes are beginning and finishing their efforts at the same position 

then their total displacement is equal to zero, and thus so is their mean velocity. Speed, however, 

is a scalar quantity calculated from distance and has no directional component. Thus, because 

CS is not directionally dependent it is technically correct to use speed rather than velocity to 

describe this metric. 

 

Physiological mechanisms of CP and W' 

Critical power, and its speed derived counterpart CS, are best described as the highest exercise 

intensity where it is possible to achieve a steady state for both muscle pH and PCr content 

(Jones et al., 2008) and blood lactate concentration (Dekerle et al., 2010; Takahashi, 

Wakayoshi, Hayashi, Sakaguchi, & Kitagawa, 2009). At intensities which exceed CP or CS a 

continual increase in V̇O2, known as a slow component, also occurs (Demarie et al., 2001). If 

exercise is continued at an intensity higher than CP or CS V̇O2 will continually increase until 

V̇O2max is reached. If exercise continues beyond this point eventually power output or speed 

will decrease. In the pool CS relates well to the speed at maximal lactate steady state (MLSS) 

(Wakayoshi et al., 1993), although while these values are very well correlated (r = 0.95) they 

do not always change together following a training block (Machado et al., 2011). Critical speed 

tends to be slightly faster than the swimming speed at the onset of blood lactate accumulation 

(OBLA) (Martin & Whyte, 2000; Wakayoshi et al., 1992). Critical power is generally higher 

than OBLA power in cycling as well (Dekerle, Baron, Dupont, Vanvelcenaher, & Pelayo, 2003; 
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Jenkins & Quigley, 1990; McLellan & Cheung, 1992), although these metrics do correlate well 

(r = 0.85) (Murgatroyd, Ferguson, Ward, Whipp, & Rossiter, 2011). While the mathematics of 

the two component model (Scherrer & Monod, 1960) suggest that CS can be maintained 

indefinitely, this does not match experimental data. While there is considerable inter-athlete 

variation, CP can be maintained for between ~20-40 minutes (Housh, Housh, & Bauge, 1989; 

Jenkins & Quigley, 1990; McLellan & Cheung, 1992). There are two sources of error that may 

be the cause this disconnect between theory and reality. The first source of error may be the 

mathematics used to calculate CP or CS. Morton and colleagues (1996) suggested that a three 

component model (Equation 3.2) that took in to account not only CS and D', but also a 

parameter for maximal speed, may be a closer approximation of reality. This analysis method 

produced estimates of CS which were significantly lower and thus closer to the intensities 

observed at OBLA. The researchers suggested than this estimate of CS may potentially be 

closer to a speed which athletes might be able to maintain ‘indefinitely’ while they have the 

fuel required to continue at that intensity. 

 

Equation 3.2  +, = 	
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These findings have also been replicated in swimmers (Zacca et al., 2010). A second source of 

error is the distance or time over which maximal efforts are completed to calculate CS or CP. 

When related to swimming CS can be considered a reliable field indicator of aerobic 

metabolism (Dekerle, Brickley, & Sidney, 2006) however, time trial distances should be greater 

than 200 m to maximise the accuracy of CS estimates (Dekerle et al., 2002). The same can be 

said of CP, where the number and time-frame for maximal efforts can substantially impact on 

estimates of both CP and W' (Bartram, Thewlis, Martin, & Norton, 2016; Housh, Housh, & 

Bauge, 1990). In swimmers, constant distance time trials are more reliable than constant speed 

or constant time efforts (Alberty et al., 2006) and thus may produce the most repeatable 

estimations of CS and D'. 

 

Anaerobic capacity measured using the CP/ W' method 

Traditionally anaerobic capacity estimates derived using the CP- W' framework have been less 

consistent and reliable than CP estimates, and hence have garnered less focus in the literature. 

There has been some debate as to what W' and D' represent physiologically. These values are 

in general thought of as the energy that can be contributed from the PCr (Miura et al., 1999) 
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and glycolytic (Miura et al., 2000) systems, as well as some contribution from the oxygen 

associated with myoglobin and venous haemoglobin (Jones et al., 2010). Thus, while W' and 

D' may not be entirely anaerobic in nature, the variation in these values can be largely attributed 

to shifts in anaerobic substrate availability and utilisation. Supporting the description of these 

variables as mostly anaerobic work capacities are the observations that W' is unaffected by 

hypoxia (Moritani, Nagata, Devries, & Muro, 1981) and correlates well with oxygen deficit (r 

= 0.87) (Hill, Rose, & Smith, 1993); although in some investigations MAOD values had to be 

converted to distance before correlating with W' (r = 0.45) (Berthoin et al., 2003). The lower r 

value when comparing these two investigations may be explained by the mean age of Berthoin 

and colleagues’ (2003) participants, 9.5 y, when compared to Hill et al. (1993) (23 y). The 

anaerobic system develops substantially during puberty, with muscle growth as well as 

glycolytic enzyme concentration increases (Boisseau & Delamarche, 2000; Petersen, Gaul, 

Stanton, & Hanstock, 1999), as does the variability in maximal efforts (Martin, Farrar, Wagner, 

& Spirduso, 2000). The low correlation observed in children may be a result of these 

participants having far more variable abilities to fully expend their physiological capabilities in 

different scenarios. The slow component of V̇O2 in a constant work trial also correlates with 

W' (r = 0.87) (Murgatroyd et al., 2011), this is intuitive as ADP is the main signal for the 

increase in V̇O2 and, as PCr is depleted the concentration of this molecule will increase. If 

aerobic metabolism can no longer meet the demands of the muscle for energy delivery, there 

will be a continual decrease in the intramuscular stores of PCr and ATP, which will produce 

more ADP as a biproduct (Jones et al., 2008). Additionally, W' varies in conjunction with PCr 

content (Miura et al., 1999). The W' in cyclists also correlates (r = 0.78) with mean blood lactate 

concentration in a 30 minute test (Jenkins & Quigley, 1990), and correlates with the total work 

completed in a Wingate test (r = 0.74) (Nebelsick-Gullett, Housh, Johnson, & Bauge, 1988). 

The W' relates quite well to the previously identified laboratory-based methods of anaerobic 

assessment, while being easier and cheaper to apply in the field. 

 

In swimmers, the use of D' as an anaerobic indicator is supported by large to very large 

correlations with peak blood lactate concentration (Hill et al., 1995) (r = 0.69 to 0.80) in 

multiple investigations (r = 0.88) (Biggerstaff et al., 1992). Although when peak blood lactates 

are measured following a maximal 200 m effort this may not be the case (Dekerle et al., 2002). 

Additionally D' correlates with 50 m performance in freestyle (r = 0.54) (Dekerle et al., 2002) 

and in breaststroke (r = 0.45) (Abe et al., 2006). Shifts in the underlying energetics behind D' 

cause disproportionate improvements in shorter events when compared to longer events, with 
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a 20% increase in the total anaerobic energy production resulting in an increase in D' of ~49% 

(Toussaint, Wakayoshi, Hollander, & Ogita, 1998). The distance and number of time trials used 

to calculate D' or W' can substantially impact the estimated value of these variables (Bartram 

et al., 2016; Dekerle et al., 2002). A three component model is recommended to avoid 

underestimation of the anaerobic capacity (Morton, 1996; Zacca et al., 2010). Researchers have 

also investigated the use of critical force, measured using a load cell while the swimmer is 

tethered to the wall and swimming in a stationary position in the water (Papoti et al., 2013). 

Critical force calculated in this manner was not significantly different to the force associated 

with OBLA force calculated using an incremental test and was correlated with 100 m (r = 0.48), 

200 m (r = 0.63) and 400 m (r = 0.60) performances. 

 

From a practicality point of view, it is quite difficult for coaches and athletes to access 

laboratory testing to assess the anaerobic system. Even for the most elite athletes this would 

only be possible on a small number of occasions per year. For coaches to get regular feedback 

on their exercise prescription and how they are developing their athletes’ anaerobic systems, 

there needs to be a simple standardised test which indicates whether the training program has 

produced the intended results. This test needs to have minimal drain technological, expertise 

and time resources and readily applied in a field setting to minimise travel requirements. Such 

a test would complement existing laboratory testing and provide coaches with more information 

from which to make better decisions regarding the development of their athletes. 

 

Conclusion – statement of the problem 

 

The critical speed and D' framework in swimming holds some promise according to the 

literature. An assessment of whether these values can discriminate between fast and slower 

performing swimmers, while controlling for other variables such as anthropometry and 

strength, may provide practical and helpful insights for coaches and athletes to assess the 

anaerobic energy system.  
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Chapter 4 - The relationship between talent identification testing 

parameters and performance in elite junior swimmers 

 

Mitchell, L. J. G., Rattray, B., Saunders, P. U., & Pyne, D. B. (2018). The relationship between 

talent identification testing parameters and performance in elite junior swimmers. Journal of 

Science and Medicine in Sport, 1–5. http://doi.org/10.1016/j.jsams.2018.05.006 

 
Abstract 

 
Objectives: In elite age-group swimming it is unclear to what degree common assessments of 

anthropometric, jump performance and front-crawl critical speed (CS) correlate with 

competition performance. 

Design: Cross-sectional field study. 

Methods: Forty eight elite national-level junior swimmers (22 males, age 16.5 ± 1.2 y, 26 

females, age 15.5 ± 1.1 y; mean ± SD) completed anthropometry tests, loaded and unloaded 

countermovement jumps and a series of front-crawl time-trials to determine CS and supra-CS 

distance capacity (D'). Years from peak height velocity (PHV) predicted from anthropometric 

data was used as a maturity indicator. Race performances within 3 months of testing were 

standardised to compare across distances and strokes. Multiple linear regression models were 

formulated using these data.  

Results: Loaded jump height, mass, D', PHV and humerus breadth best predicted 100 m 

performance in males (R2
Adj = 0.88, p < 0.001), while loaded jump height, chest depth and 

sitting height predicted female 100 m performances (R2
Adj = 0.74, p = 0.002). Loaded and 

unloaded jump height, mass, CS and PHV (R2
Adj = 0.73, p = 0.003) and CS and chest depth 

(R2
Adj = 0.33, p = 0.03) predicted 200 m performance in males and females respectively. 

Conclusions: Common assessments of power and aerobic capacity in elite junior swimmers 

explain more variance in competition performance for male than female swimmers, as well as 

for 100 m rather than 200 m events. These findings highlight the need to empirically assess 

testing regimens and suggest new tests in this population may be required.  



 

 64 

Introduction 

 

Modern elite swimmers undergo many different laboratory- and pool-based tests to assess their 

physical development. Testing methods are well established at the senior level (Tanner & Gore, 

2013) and are used to assess athlete (“2016 Junior Pan Pacific Championship Athlete Selection 

Criteria,” 2016) progression and for talent identification (TID). Monitoring of elite swimmers 

typically focuses on characteristics related to the biomechanical, physiological and 

psychological determinants of performance (Barbosa et al., 2013). Aspects of each of the three 

major determinants are measured to explain variation in performance, both within an individual 

and to distinguish between competitors. The predictive success of a measured parameter may 

depend partly on its interaction with other characteristics, and partly on the competition 

requirements.  

 

The event a swimmer is competing in can substantially influence the way a physical 

characteristic affects their performance. Selected anthropometric characteristics vary in 

swimmers competing in different distances and strokes, indicating there may be event-specific 

anthropometric requirements and events to which some swimmers may be better suited (Carter 

& Ackland, 1994). A single cohort study in adolescent, national-level swimmers indicated that 

anthropometric variables correlated moderately with performance (r = 0.30 – 0.72) (Silva et al., 

2007). In this investigation, anthropometric variables correlated more strongly with 200 IM 

performance than 400 m front-crawl performance. Event distance also seems likely to influence 

which variables are the most important between competitors. The effects of physiological 

characteristics are modulated by event distance; including both swimming-specific parameters, 

such as speed at lactate threshold, and general parameters such as V̇O2max and 

countermovement jump (CMJ) performance. Speed at lactate threshold (Silva et al., 2007) and 

V̇O2max (Strzala & Tyka, 2009) are both more important as events become longer, an expected 

result given longer events require more aerobic energy (Capelli et al., 1998; Rodriguez & 

Mader, 2003). Countermovement jump performance is more closely aligned to performances 

over shorter distances (Silva et al., 2007; Strzala & Tyka, 2009), an effect that is likely driven 

by the increased influence of the start (West, Owen, Cunningham, Cook, & Kilduff, 2011) on 

shorter duration events (Cossor & Mason, 2001). It seems that the selection of testing metrics 

should be specific to event distance to maximise the translation to competition performance. 
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While the energetic demands of competition are important, they are not the only variables that 

need to be considered when selecting monitoring parameters. Age, sex, maturity (Baxter-Jones 

& Helms, 1994), fitness and recent training history all contribute as well. The selection of 

assessments is an important process to ensure the time efficiency and effectiveness of testing 

procedures for coaches, swimmers and sport scientists. The ability of each parameter to 

discriminate between high- and low-level performers as well as its interactions with other 

factors should be considered. Practitioners should also consider that parameters which 

differentiate athletes at one competition level may not be as valuable as athletes progress. 

 

The aim of this study was to examine whether a contemporary TID testing battery successfully 

discriminated between high and lower performers in an elite junior swimming cohort. We 

utilised multiple regression models to examine the extent to which the parameters accounted 

for variation in competition performances across all competitive strokes. We also examined 

whether these relationships differ between sexes and event distances. The outcomes of this 

study should inform the choice and development of testing protocols used in elite junior 

swimmers. 

 

Methods 

 

Forty-eight elite national-level junior swimmers (22 males, age 16.5 ± 1.2 y, 26 females, age 

15.5 ± 1.1 y; mean ± SD) completed a TID testing battery at the Australian Institute of Sport. 

This research was approved by the Australian Institute of Sport Research Ethics Committee. 

 

A cross-sectional non-randomised design was used to assess physical and anthropometric 

parameters in accordance with the TID testing battery. This design was adopted given the 

logistical constraints of the testing period. Testing took place over four days in the morning 

prior to any swimming or dry-land training. The morning completion of maximal efforts would 

likely have limited any effects of circadian rhythm and training fatigue. Athletes were given 

the opportunity to eat prior to each morning testing session, although the content and timing of 

their meals were not recorded. The 400, 200 and 100 m steps of the CS test were conducted on 

days 1, 2 and 3 respectively, with jumps testing completed on day 4. Anthropometric testing 

took place on either day 3 or 4, prior to any other testing or exercise, and after breakfast. 
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All measures were a part of a TID testing battery at the time this investigation occurred. The 

testing battery aimed to produce a holistic description of a swimmer’s physical capabilities. 

 

To calculate CS and supra-CS distance capacity (D') each swimmer completed a series of 400 

m, 200 m and 100 m front-crawl maximal effort time trials on different days. Each time trial 

was completed in a long course (50 m) pool with a standard competition dive start and timed 

electronically using a touch pad system (Omega, Switzerland). Each time trial followed a 

standardised warm up (1700 m total, 400 m of race pace intensity including kick, pull and swim 

efforts) which concluded five min prior to the maximal effort. A linear regression relationship 

was then established for each individual swimmer (time = x, distance = y). The slope and the 

intercept terms of this line were then used as measures of CS and D' respectively (Wakayoshi 

et al., 1993). 

 

Athletes were measured for height, mass, sitting height, sum of 7 skinfolds, foot length, 

biacromial, biliocristal, transverse chest and femur breadths, and anterior-posterior chest depth 

using standardised methods (Stewart, Marfell-Jones, Olds, & de Ridder, 2011). Assessment 

was undertaken by individuals accredited to a minimum of level two by the International 

Society for the Advancement of Kinanthropometry (ISAK). Date of birth was also recorded. 

 

Sex, sitting height, height, mass and current age were used to calculate age at peak height 

velocity (Mirwald, Baxter-Jones, Bailey, & Beunen, 2002). Years from PHV was calculated as 

the difference between age at peak height velocity and current age (equations 4.1 and 4.2). A 

negative value indicated the swimmer was younger than PHV, a positive value indicated they 

were older. 

 

Equation 4.1 (Male). 

<=>	?@@AB! = −9.236 + 0.0002708	 ×	(NBO	 × 	PQRST) − 0.001663	 ×	 (WOB	 × 	NBO)

+ 0.007216	 ×	(WOB	 × 	PQRST) + 	0.02292	 ×	X
YZAA
ℎB\Oℎ!

	× 	100] 

Equation 4.2 (Female). 

<=>	?@@AB! = 	−9.376 + 0.0001882	 ×	(NBO	 × 	PQRST) + 0.0022	 ×	(WOB	 × 	NBO)

+ 0.005841	 ×	(WOB	 × 	PQRST) − 0.002658	 ×	(WOB	 × 	`B\Oℎ!)

+ 0.07693	 ×	X
YZAA
ℎB\Oℎ!

	× 	100] 
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Where: Age = days between date of testing and date of birth/365.25, Trunk = measured sitting 

height (cm), Height = measured standing height (cm), mass = measured mass (kg), Leg = Height 

– Trunk (cm). 

 

All swimmers were screened by a certified strength and conditioning coach to ascertain their 

strength training experience, and readiness to test. Eight swimmers with an injury or excessive 

fatigue were excluded from testing. The remaining athletes undertook six unloaded and three 

loaded countermovement jumps (10 kg, mass adjusted methodology of Kraska and colleagues 

(2009)). The unloaded jump test was performed after a 5-min dynamic warm-up, which 

included dynamic stretching, increasing intensity shuttle runs and body-weight squats followed 

by a series of jumps at progressively increasing intensities. Verbal instructions were provided 

for 50%, 75% and 100% of maximal effort. After the unloaded jump protocol swimmers were 

familiarised with the loaded jump protocol. Familiarisation for the loaded jump protocol 

occurred at a verbally instructed intensity of 85% of maximal effort. Swimmers were then given 

5 min of passive rest prior to testing the loaded condition. All jumps were separated by 3-5 min 

and the best jump, using jump height (typical error 2.4 cm, coefficient of variation 5.2%)19 as 

the criterion parameter, was taken for analysis in both conditions. Ground reaction forces, jump 

height and velocity were measured using a combined force plate and position transducer system 

(Innervations Inc., Muncie, IN). 

 

Swimming competition performances were sourced from publicly available websites. State and 

national sports association websites were searched for all state championship, national 

championship or state representative meet results within three months of the testing period. All 

competitions were short-course format. The duration between competition performance and the 

start of the testing period was 15 ± 17 days (mean ± SD). Each swimmers’ best time in each 

event at any of these competitions were recorded. Competition results in all strokes were 

divided by the current world record for their respective events to calculate a world record ratio 

(WRR) which was subsequently used as a standardised measure of performance (equation 4.3). 

The event that had the lowest WRR was recorded as the athlete’s best event and the stroke for 

this event deemed their best stroke. Where swimmers had 100 m and 200 m performances in 

their best stroke these were included in the distance-specific analyses. Swimmers were also 

categorised into ≤ 100 m or ≥ 200 m distance groups depending on their best event. 
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Equation 4.3  WRR	 = 	
cdefg

hijkl	jfmijlg
× 100 

 

Where timei is a performance in s in event i, and world record is the time in s for the same i 

event. World records were the current open age group short course records as of 1st of January 

2016. 

 

Descriptive statistics are reported as mean ± SD. Pearson’s correlations were used to analyse 

individual relationships between parameters. Multiple regression equation combinations were 

evaluated using the adjusted R2 measure. Multicollinearity of each component included in 

multiple linear regression models was assessed using variance inflation factor (VIF) values, 

with thresholds set at maximum of 10. For VIF interpretation the higher the value the greater 

the overall correlation the variable in question has with the rest of the explanatory variables. 

Normal distribution of parameters was assessed using the Shapiro-Wilk test. Heteroscedasticity 

was tested for using a Breusch-Pagan test and multivariate normality was assessed using 

Mardia’s multivariate normality test. Fishers r to z transformation tested differences in r values 

when comparing multiple linear regression models (alpha = 0.05). 

 

Predicted performance changes were calculated by first fitting each multiple linear regression 

model using the mean values of each parameter for the group the model was created for. An 

increase of two standard deviations as per the methodology of Higham and colleagues (2014), 

was then applied to one parameter, and differences between model outcomes were then 

calculated and reported as the predicted performance change. 

 

ANOVA analysis on distance group (< 100 m or > 200 m specialists) and sex effects on all 

parameters were tested for normally distributed residuals using the Shapiro-Wilk test. Where 

these were not normally distributed an aligned rank transformation was used. Data were also 

checked for homogeneity of variance using a Levene’s test. Tukey post-hoc analysis was 

performed for normally distributed data (alpha = 0.05). 

Results 

 

For clarity, we have separated the results section into two parts, the first section details the 

results of the group mean analysis and the second section consists of the multiple linear 
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regression analysis and describes the quantitative effect of selected parameters on the sub-

groups of our sample. 

 

Relevant variables that either had some influence on the overall interpretation of the data or 

were important for showing equivalence between sub-groups are presented in Table 4.1. There 

were significant differences between males and females in almost all parameters. Biiliocristal 

breadth was similar between sexes. Relative to the world record, competition performances 

were similar between sexes for 100 m and 200 m performances. The female group was 

approximately 1 year younger than the male group but were well matched for maturity (years 

from PHV). 
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Table 4.1 Differences in competitive performances, anthropometry, critical speed parameters 

and predicted maturity between sexes and event distance. 

  

Sex 

Parameter Male Female Difference 95% Confidence 
Limits (±) p value 

Critical speed (m.s-1) 1.45 1.32 0.12 0.03 < 0.001 
D' (m) 20.7 19.4 1.3 2.1 0.21 

Years from PHV (y) 3.2 3.2 0.0 0.5 0.88 

Age at PHV (y) 13.3 12.3 1.1 0.3 < 0.001 
Current Age (y) 16.5 15.5 1.0 0.7 < 0.01 
WRR 100 m (%) 114.9 113.2 1.7 2.1 0.11 

WRR 200 m (%) 113.0 112.7 0.4 1.9 0.70 

Distance Group 

Parameter 100 m 200 m Difference 95% Confidence 
Limits (±) p value 

Height (cm) 177.9 176.9 -1.3 3.3 0.03 
Sum of 7 Skinfolds 
(mm) 

62.9 68.9 6.0 8.2 < 0.01 

Critical speed (m.s-1) 1.33 1.41 0.08 0.03 < 0.01 
D' (m) 22.5 18.3 -4.2 2.1 < 0.001 
Years from PHV (y) 3.6 3.0 -0.6 0.6 < 0.01 
Age at PHV(y) 12.7 12.8 -0.1 0.3 0.72 

Current Age (y) 16.2 15.7 -0.5 0.7 0.03 
WRR 100 m (%) 112.5 115.0 2.5 2.1 0.02 
WRR 200 m (%) 114.0 112.3 -1.8 2.1 0.09 

Male Distance Group 

Parameter 100 m 200 m Difference 
95% Confidence 
Limits (±) p value 

D' (m) 24.4 19.3 -5.1 4.6 0.02 
Female Distance Groups 

Parameter 100 m 200 m Difference 95% Confidence 
Limits (±) p value 

Sum of 7 Skinfolds (mm) 69.
1 

87.9 18.9 14.4 0.01 

D' (m) 21.
6 

17.1 -4.5 3.7 0.01 

Years from PHV (y) 3.6 2.9 -1.1 1.0 0.03 
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There were two main outcomes from the multiple linear regression analysis. The first outcome 

was the models themselves, which are described in Table 4.2. The second outcome was the 

quantitative effect of each variable. To illustrate this a 2 SD change (Higham et al., 2014) and 

the corresponding effect on performance for each variable for each model is shown in Table 

4.3. Multiple linear regression models for males explained more variance than for the female 

swimmers. The models used a combination of anthropometry, maturation and performance 

parameters. 

 

The male 100 m group had the most variance explained (88%) using a combination of loaded 

jump height, years from PHV, humerus breadth, mass and D' (Table 4.2). Variance inflation 

factors were all <5.0, suggesting no overt issues with multi-collinearity. All parameters were 

positively associated with performance apart from mass, which was negatively correlated 

(Table 4.3). 
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Table 4.2 Final multiple regression models for estimating Male and Female 100 and 200 m World Record Ratios (WRRs). 

Group n r2 Adj r2 p VIF 1 VIF2 VIF3 VIF4 VIF5 
Residual standard error 
(degrees of freedom) 

Male 100 m WRR = -1.10 x (loaded jump height) – 5.15 x (humerus breadth) + 0.35 x (mass) – 0.31 x (D') – 1.53 x (years from PHV) + 172.12 

  16 0.93 0.88 < 0.001 1.72 1.72 4.84 1.31 3.85 1.52 (7) 

Male 200 m WRR = -1.95 x (years from PHV) + 4.90 x (loaded jump height) + 2.16 x (mass) - 0.48 x (Jump Height) – 48.96 x (CS) + -0.06 x 
(loaded jump height x mass) + 48.47 

  20 0.84 0.73 0.003 4.3 5.52 4.36 2.42 3.45 1.88 (9) 

Female 100 m WRR = -10.00 x (sitting height) – 56.44 x (chest depth) + 0.60 x (loaded jump height) + 0.61 x (chest depth x sitting height) + 1054.94 

 21 0.82 0.74 0.002 1.10 1.27 1.17   1.55 (9) 

Female 200 m WRR = -192.19 x (CS) – 14.33 x (chest depth) + 10.56 x (CS x chest depth) + 372.42 

  19 0.44 0.33 0.03 1.07 1.07    1.90 (15) 

*VIF values calculated excluding interaction effects        
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Male 200 m performances were differentiated using broadly similar parameters as male 100 m 

performances. However, the differences between events included the incorporation of both 

loaded jump height and jump height in the 200 m model (all VIF values <6.0) and replacing D' 

with CS as a swimming performance indicator. 

 

Female 100 m performances had marginally less total variance explained (74%) when 

compared to male 100 m performances (Fishers r to z, p = 0.09). D' did not increase the 

accuracy of the model, however in the female cohort the chest depth and sitting height 

interaction explained a substantial proportion of variation. 

 

Female 200 m performances were less related to physical or jump parameters than the 100 m 

performances in this investigation (Fishers r to z, p = 0.02). Larger chest depths and faster CS 

values were related to improved performance. In contrast to the male cohort where we observed 

a positive effect of maturity on performance, there was little explanatory value for years from 

PHV in our female cohort. 
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Table 4.3 Performance improvements based upon multiple linear regression for all cohorts. 

Performance improvements (sec) were calculated using the mean World Record Ratio (WRR) 

for each cohort converted to a performance time using the corresponding short course front-

crawl world record. Negative values indicate a performance improvement. 

 

Parameter r 2 SD Performance 
Improvement 
(% points) 

Performance 
Improvement 
(sec) 

Mean 
Performance 
Time 
(WRR & time) 

Male 100 m 
Loaded Jump 
Height (cm) 

-0.79 6.9 -7.6 -3.9 115% 

Years from PHV (y) -0.39 1.9 -3.0 -1.5 51.62 

Mass (kg) -0.55 14.8 5.2 2.7  
Humerus Breadth 
(mm) 

-0.41 0.7 -3.6 -1.9  

D' (m) -0.44 7.5 -2.3 -1.2  

Male 200 m 

Loaded Jump 
Height (cm) 

-0.47 10.9 0.3 0.4 113% 

Years from PHV (y) -0.39 2.0 -3.9 -4.4 1:52.32 

Mass (kg) -0.35 14.5 2.2 2.4  

Jump Height (cm) -0.55 8.5 -4.1 -4.6  
Critical speed (m.s-

1) 
-0.42 0.1 -5.1 -5.7  

Female 100 m 

Breadth AP Chest 
Depth (cm) 

-0.42 3.6 -4.3 -2.5 113% 

Sitting Height (cm) -0.50 5.9 2.2 1.3 57.73 

Loaded Jump 
Height (cm) 

-0.39 7.1 -4.3 -2.5  

Female 200 m 

Critical speed (m.s-

1) 
-0.47 0.1 -1.3 -1.7 112% 

Breadth AP Chest 
Depth (cm) 

-0.44 3.6 -1.5 -1.8 2:04.72 
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Discussion 

 

In this investigation we cross-sectionally differentiated between performances relative to the 

world record for male and female elite junior swimmers using selected TID testing parameters. 

These distinctions were across all strokes and especially effective for 100 m performances. 

Overall, it appears that more powerful, more mature and lighter males, and more powerful 

females with a larger chest depth and shorter sitting heights, had a competitive advantage in 

100 m events regardless of stroke. These insights may assist coaches when selecting talented 

junior swimmers. 

 

The TID testing parameters correlated more closely with 100 m performances than 200 m 

performances. The female 200 m group had the lowest variance in performance explained 

(33%) by the TID testing parameters, suggesting that most of the variation in this group relates 

to parameters outside our measures. The female 100 m group had a greater amount of variance 

explained (74%), largely in relation to the chest depth:sitting height interaction. The interaction 

of these parameters may partly explain contrasting findings on the effect of sitting height on 

performance. We observed that a larger sitting height was detrimental to performance when 

chest depth was kept constant. These variables were not highly correlated (Adjusted R2 = 0.13). 

This outcome contrasts earlier reports (Silva et al., 2007) that a larger sitting height was 

beneficial for performance. These differences could relate to differences in analyses or the 

higher performance level in our investigation (mean WRR = 113.3 compared to 125.1). 

 

Our multiple regression models also showed that selected anthropometric parameters did not 

relate as closely to performance in our cohort compared to previous research. These studies 

indicate substantial associations between height (Huijing et al., 1988; Jurimae et al., 2007; 

Siders, Lukaski, & Bolonchuk, 1993) and arm span (Lätt et al., 2010; Silva et al., 2007) for 

males and females. It is important to note that our models aimed to describe the best 

combination of parameters to explain variance in performances. Therefore, parameters such as 

height and arm span which were highly correlated with parameters (in this case sitting height) 

which were included in the models were not utilised to avoid multi-collinearity. 

 

In the female cohort, the TID testing parameters were less associated with performance than 

the males, agreeing with some previous research (Silva et al., 2007) and in contrast with other 
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investigations (Siders et al., 1993). Relative lower limb power was related to 100 m 

performances in combination with sitting height and chest depth, however relative leg power 

did not relate strongly to 200 m performance. It seems that female 200 m performances can be 

partly explained by the level of aerobic fitness indicated by CS. It may be that technical 

proficiency relates more closely to female than male 200 m performances (Silva et al., 2007). 

Technical proficiency tests, such as the 6 x 50 m stroke efficiency test, (Tanner & Gore, 2013) 

were not a part of the TID testing battery and could be explored in future research. 

 

Larger participant numbers and greater variation in performance level would have permitted 

clearer, more detailed results. The 3-month time frame for performances in relation to testing 

was also a limitation, although most athletes’ performances (31 of 48) were within 4 days of 

testing. If the competition results for the remaining 17 athletes had been closer to the testing 

period this may have led to clearer results. This shortcoming does not apply to all parameters 

however as some, such as height, vary little over a 3-month period even in adolescent athletes. 

 

Practically the results of our analysis indicate that current TID testing parameters appear more 

appropriate for male, rather than female athletes. It appears there is justification for introducing 

some new tests for female athletes that are more aligned with competitive performance. New 

tests for female athletes could focus on technical aspects, rather than physiology, such as the 

6x50 m stroke efficiency test.1 Furthermore, the testing protocols better align to performance 

in 100 m than 200 m swimming events. The predictive models estimate improvements related 

to trainable measures while controlling for important individual characteristics that are less 

influenced by environmental factors. For male participants, these models also provide insight 

in to the perennial question on the relative merits of training to increase muscle hypertrophy 

and/or strength/power characteristics, in light of the potential costs of increasing swimmer 

mass and related drag. The male 100 m model indicates a change of >0.3 cm in loaded jump 

performance per kg of muscle gained should improve swimming performance if all other 

parameters remain constant. Future research should examine whether a similar relationship is 

evident between body mass and upper body power measures. 
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Conclusion 

 

The results of our investigation suggest that for sprint-based male swimmers that loaded jump 

height, humerus breadth, mass, D' and years from PHV should be included for TID testing in 

the future. For female sprinters sitting height, chest depth and loaded jump height are the most 

important variables to include. For 200 m swimmers critical speed was an important parameter, 

but anthropometry and lower limb power parameters were less important. To refine this testing 

battery the addition of a test specifically for technical proficiency, which was not assessed in 

this investigation, may be of benefit; particularly for swimmers who specialise in longer events 

where efficiency may be more important.  

 

Practical applications from this analysis include that when applying TID testing for adolescent 

male swimmers practitioners should include some indication of maturity status. Practitioners 

should also note that loaded jump height was the most useful metric from lower limb power 

testing and should be prioritised when testing the physical capacities of junior swimmers of 

both sexes. For female swimmers, chest depth seems to be a particularly important 

anthropometrical parameter when differentiating adolescent athletes, however further 

refinement of TID testing protocols is required to explain more variation in performance 

between swimmers, particularly for female 200 m swimmers 

 

Critical speed and D' testing proved to be the most consistently useful measures for 

differentiating between athletic performance levels, especially for male swimmers. Throughout 

this chapter a time trial method was used to calculate these variables. While useful the 

demanding nature of this testing protocol, which takes three days to complete, means that it is 

prohibitive for use regularly by coaches. A single session test for these variables would be ideal 

for assessing anaerobic capacity.   
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Chapter 5 – Literature review – A single effort alternative for critical 

speed and D' assessment 

 

Whichever model is used to calculate critical speed and D', the testing procedures for collecting 

time trial or fixed duration maximal power trials remain a point of contention. In most cases 

time trials in swimming are completed on consecutive days (Hill et al., 1995; Wakayoshi et al., 

1993), or over a period of time of up to three weeks (Abe et al., 2006; Dekerle et al., 2002; 

2010; Zacca et al., 2010). Given the need for swimmers to produce efforts which are 

representative of their physiological capacity a series of time trials method can significantly 

impact on training. For this reason the multiple time trial method has not been widely adopted. 

A format involving three maximal time trials separated by a 30 minute rest period has been 

suggested as an alternative (Galbraith, Hopker, Lelliott, Diddams, & Passfield, 2014), with 

some promising results. However, D' estimates from this investigation showed substantial 

variation (CV = 13.3%), although CS values were highly reliable using this method (CV = 

0.4%). This testing procedure required a mean maximal exercise time of 28 min and 8 s for the 

athletes involved, which may be another barrier to wide adoption by most sports including 

swimming. The need to perform so much high intensity work in a single testing session may 

deter coaches from using this method to assess their athletes. Even when similar sessions were 

completed in cycling, to produce the most accurate parameter estimates athletes completed 29 

minutes of work. There is a need for a shorter alternative that provides similar information. 

 

The 3-minute test 

 

The 3-minute test (3MT) is a single effort test for estimating CP and Wʹ which has shown 

promise in cycling (Vanhatalo, Doust, & Burnley, 2007a). The theory behind this test is that 

after athletes fully expend their Wʹ in a single continuous effort, the maximal power they should 

be able to maintain will be equivalent to CP. In the 3MT athletes are instructed to maintain the 

highest cadence they are capable of for as long as possible. These instructions lead to a profile 

which is characterised by an initial rapid rise in power to a peak, then an exponential decrease 

as Wʹ is expended until power stabilises in approximately the last 30 seconds of the test. To 

calculate CP from the 3MT (CP3) the mean power output in the last 30 seconds of the test is 

computed (Burnley, Doust & Vanhatalo, 2006). Estimates of Wʹ are calculated from 3MT data 

(Wʹ3) by integrating the power curve and subtracting the end power multiplied by the duration 
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of the test. Estimates of Wʹ3 were ~1 kJ higher (p < 0.05) than time trial derived Wʹ values. 

However, these values correlated well (r = 0.84). In the same way as has been observed for 

time trial-derived estimates of CP, CP estimated using the 3MT has been validated as a barrier 

between steady-state and progressively fatiguing exercise (Burnley, Doust, & Vanhatalo, 

2006).  

 

While three minutes is a sufficient duration to reach a plateau in power output, a test lasting 

only 90 seconds was not (Dekerle, Vanhatalo, & Burnley, 2008). Although in some ways three 

minutes is an arbitrary duration, it is likely about the optimal duration for such an arduous test; 

long enough to produce accurate estimates, without having athletes complete several minutes 

of unnecessary and exhaustive exercise. Not all research regarding the 3MT has been positive. 

The CP3 in six elite cyclists has been reported to overestimated time trial CP by 51 W, a very 

large margin (Bartram, Thewlis, Martin, & Norton, 2017b). The W' in the same study was 

underestimated by 8.8 kJ. The D’ in runners has also been systematically underestimated by 

15% (de Aguiar et al., 2018) and in swimmers by 12% (Piatrikova et al., 2018). It appears the 

3MT is yet to be fully validated as a viable alternative to the time trial method. Athlete 

compliance could have played a role in the variable results. Convincing elite athletes to 

completely utilise their energetic reserves in a three-minute period is difficult.  

 

3-minute test CP and CS - Validity 

When assessing the metrics calculated using the 3MT the most logical place to start is 

comparing this methodology with the more traditional time trial method (Vanhatalo, Doust & 

Burnley, 2007). When compared to an estimate of CP derived using a two-parameter model 

fitted to five fixed duration maximal power time trials (CPTT) the mean power of the last 30 

seconds of the 3MT was highly correlated (r = 0.99) with CPTT in the original investigating 

describing the 3MT methodology. To establish the validity of the CP or CS derived from the 

3MT most investigators have generally taken one of two approaches. Some researchers have 

compared CP3 values to a method with established validity while others have compared the 

physiological responses to power outputs above and below CP3. As CP demarcates the 

boundary between heavy (steady state) and severe (non-steady state) exercise intensities these 

responses should be evident at power outputs or speeds above and below this barrier. Cyclists 

have a steady state physiological response to exercise that is as little as 15 W below CP3, while 

non-steady state responses are observed when power output exceeds CP3 by the same margin 
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(Burnley et al., 2006). These findings are replicated when the margins are set at 5% above and 

below CP3 (Vanhatalo et al., 2016). Additionally estimates of time-to-exhaustion at CP3 are 

lower than those observed for CPTT; 12.5-14.8 min on average (Bergstrom, Housh, Zuniga, 

Traylor, Lewis, et al., 2013b; McClave, LeBlanc, & Hawkins, 2011), indicating estimates may 

be slightly higher using the 3MT methodology. However, as demonstrated, these estimates are 

not more than 15 W or 5% from the true value of CP. Additionally, when compared to the time 

trial method, the 3MT produces CP estimates which are not significantly different (Clark, 

Gartner, Williams, & Pettitt, 2016; Dicks, Jamnick, Murray, & Pettitt, 2016; Vanhatalo, Doust, 

& Burnley, 2008) with TE values of 6-10 W (3-5%) and are very highly correlated (r = 0.95) 

(Vanhatalo et al., 2008), (ICC>0.93) (Clark, Gartner, Williams, & Pettitt, 2016).  

 

When assessing typical error values for CP these values are dependent on the way which time 

trial performances are analysed (Bergstrom, Housh, Zuniga, Traylor, Lewis, Camic, Schmidt, 

& Johnson, 2014). When using a three component model these data produced an estimate of 

CP which was 12% lower than the 3MT. Some investigations have shown larger errors of up 

to 51 W in elite cyclists (Bartram, Thewlis, Martin, & Norton, 2017b). When compared to 

physiological thresholds related to exercise intensity, the CP3 exhibits similar trends to 

traditionally calculated CP estimates. The CP3 is significantly higher than OBLA, ventilatory 

threshold (VT) (Bergstrom, Housh, Zuniga, Traylor, Camic, et al., 2013a; Francis, Quinn, 

Amann, & Laroche, 2010) and gas exchange threshold power outputs (Burnley et al., 2006), 

but correlates well with the powers at OBLA (r = 0.85) and VT (r = 0.87). 3-minute test CP 

also correlates well (r = 0.81-0.87) with respiratory compensation point (Wang, Fukuda, Stout, 

et al., 2017b) in multiple investigations (Bergstrom, Housh, Zuniga, Traylor, Camic, et al., 

2013a) (r = 0.91). The CP3 also correlates (r = 0.67) with the proportion of the athlete’s muscle 

made up of type I fibres (Vanhatalo et al., 2016). On the whole it seems the 3MT provides a 

usable estimates of CP in cycling. While cycling is arguably the easiest sport in which to assess 

3MT performance, this testing methodology has also been transferred in to multiple other 

modalities.  

 

Other sports which utilise the 3MT include running, rowing, cross-country skiing, team sports 

(shuttle running) and swimming. Running has the largest volume of literature on 3MT 

assessments in all of these sports. In the 3MT, as in the time trial method, when power output 

is not readily available speed is used as a surrogate measure. Estimates of CS and D' derived 

using the 3MT (CS3 and D'3) performed on the track with speeds measured using GPS have 
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been used to accurately (error < 2%) predict performances over 1600 m and 5000 m, however 

errors were larger as races became shorter (a %CV of 5.7% for an 800 m race) (Pettitt, Jamnick, 

& Clark, 2012). Comparing the 3MT to the time trial method on the track, CS3 were 5.7% 

faster than linear method calculated CSTT but 3.8% faster than the hyperbolic method of 

calculating CPTT (de Aguiar et al., 2018). In contrast to these findings, estimates of CP3 

calculated using tethered running on a non-motorised treadmill were similar to CPTT estimates 

and trended lower than CPTT calculated using the linear two component methodology (Gama, 

Reis, Sousa, & Gobatto, 2018). In running, as in cycling, CS3 correlated well with the first 

ventilatory threshold (r = 0.79) (Kuo, Cheng, Hsu, & Del P Wong, 2017) and was 6.9% faster 

but moderately correlated (r = 0.69) with MLSS speed (Sperlich, Zinner, Trenk, & Holmberg, 

2014). For rowers, CP3 estimates had larger error, TE ~9%, when compared with CPTT values 

as well as a lower correlation coefficient (r = 0.75-0.80) than cycling values (Cheng, Yang, 

Lin, Lee, & Wang, 2011). However, no bias was reported in rowing when comparing CP3 with 

CPTT. The opposite outcome was evident in cross-country skiing; when using a double-poling 

ergometer CP3 estimates are ~10% lower (p<0.05) than CPTT although correlate moderately r 

= 0.78) between methods (Kendall, Smith-Ryan, & Stout, 2013). For shuttle running as a 

specific modality for testing team sport athletes, CS3 was similar to CSTT (Saari, Dicks, 

Hartman, & Pettitt, 2017). 

 

3-minute test CP and CS - Reliability 

The reliability of CP3 estimates are important for practitioners so that they can appropriately 

interpret changes in these values. In cycling, CP3 estimates can be affected by methodological 

differences such as cadence (de Lucas et al., 2013), resistance settings (Wright, Bruce-Low, & 

Jobson, 2017) and data smoothing techniques (Johnson, Sexton, Placek, Murray, & Pettitt, 

2011). Estimates of reliability for CP3 in cycling are as follows: CV values from 1.2 to 10.2%, 

ICC = 0.98 and Pearson’s correlation coefficient between assessments = 0.998 (Burnley, Doust 

& Vanhatalo, 2006; Constantini, Sabapathy, & Cross, 2014; de Lucas et al., 2013; Johnson et 

al., 2011; Wright et al., 2017). The CS3 had more variable reliability results in running; CV = 

3.0% (temperate) to 13.9% (hot conditions), ICC = 0.74 (hot), TE = 0.22 m.s-1(hot) (de Aguiar 

et al., 2018; Kuo et al., 2017), although this could be attributed to environmental conditions. 

In rowing reliability data shows an ICC of 0.79 for CP3 and a TE value of 25.1 W (Cheng et 

al., 2011) and in cross-country skiing an ICC of 0.81 was observed for CP3, along with a TE 

of 12.1 W. For shuttle running the CS3 has a TE of 7.5% (Polglaze et al., 2018). 
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3-minute test W' and D' - Validity 

The results for W'3 have been more variable than those observed for CP3 in measurement 

studies. Originally W'3 was observed to be ~1 kJ less than W'TT (Vanhatalo, Doust, & Burnley, 

2007a). The same trend occurs when comparing to either a linear relationship based on power 

(W'3 = 1 kJ less than W'TT), or a linear relationship based on work (1.8 kJ less). The differential 

between methods is exacerbated when two or three component models are calculated which 

are hyperbolic (4.2 and 4.8 kJ less respectively) (Bergstrom, Housh, Zuniga, Traylor, Lewis, 

Camic, Schmidt, & Johnson, 2014). For elite cyclists this bias was even more pronounced as 

W'3 was 8.8 kJ less than W'TT (Bartram, Thewlis, Martin, & Norton, 2017b). The hyperbolic 

method of calculating fatigue-curve parameters does not relate to 3MT parameters as well as 

linear analysis methods for the time trial method (Clark et al., 2016; Dicks, Jamnick, Murray, 

& Pettitt, 2016). When comparing W'3 and W' calculated using these two variations of the time 

trial method ICC values were 0.76-0.78 (TE 1.7-2.5 kJ) and 0.52-0.73 (TE 2.0-2.6 kJ) for the 

linear and hyperbolic methods respectively. Despite the differences between the analysis 

methods used to assess time trial data, the observation that W'3 is significantly lower than W'TT 

is not consistent between studies. While it is not enough to establish the validity of the 3MT 

beyond doubt, the W'3 and W'TT correlated moderately to strongly (r = 0.63-0.84) and were not 

significantly different in some investigations (Clark et al., 2016; Dicks et al., 2016; Vanhatalo 

et al., 2008). The exact physiological mechanism, or combination of mechanisms, that W' 

represents is still a matter of debate. It is known that W'3 correlates moderately (r = 0.75) with 

the slow component of V̇O2 observed in a 3MT (Vanhatalo et al., 2016) and with end exercise 

concentrations in the muscle of both lactate (r = 0.88) and creatine (r = 0.86), but less so with 

end of exercise muscle PCr concentration (r = -0.73). 

 

When examining sports other than cycling the estimated W' seems somewhat less correlated 

across testing methodologies. In rowing, W’ only correlated to a small extent (r = 0.30) between 

the 3MT and the time trial method (Cheng et al., 2011) and was 26-35% higher when measured 

using a 3MT. The same effects were evident using a ski ergometer for cross country skiers 

(Kendall et al., 2013), although the mean values of W' between testing methodologies were not 

significantly different. Running W'3 values, calculated using a tethered load cell, mirrored these 

observations as well and were substantially less than W'TT (Gama et al., 2018). There seems to 

be a different trend in running for D'3 than is observed in cycling for W'3. Typically D'3 values 
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are reported as ~20% lower than D'TT (de Aguiar et al., 2018). While lower, D'3 values are 

significantly related to D'TT data calculated using the linear analysis method (ICC = 0.71-0.93) 

with typical error values between 8.0 and 26.9 m. In shuttle running D'3 is overestimated when 

compared to D'TT (Saari et al., 2017).  

 

3-minute test W' and D' - Reliability 

The reliability of the W'3 measure consistently reflects a more variable metric when compared 

to CP3. As CP3 is used in the calculation of W'3 this is logical, as any error associated with the 

estimation of CP3 will also be reflected in the estimation of W'3. In cycling W'3 has CV values 

of 5.4-27.5% (de Lucas et al., 2013; Johnson et al., 2011; Wright et al., 2017), ICCs of 0.94-

0.98 and a Pearson’s test-retest correlation of r = 0.92 (Constantini et al., 2014). The reliability 

of W'3 assessed in cycling was improved from 28 to 21% through filtering raw power data 

using a Butterworth two pass filter with a 5Hz cut-off (Johnson et al., 2011). In running, 

estimates of D'3 are more consistent, although like CS3 environmental conditions may play a 

part; CV values = 5.1 (normal) - 28.3% (hot), ICC = 0.61 (hot), TE = 35.8 m (hot) (de Aguiar 

et al., 2018; Kuo et al., 2017). For rowers W'3 was moderately reliable; ICC = 0.63, CV = 

30.1% (Cheng et al., 2011) and showed similar levels of agreement for cross-country skiers; 

ICC = 0.61, standard error of measurement = 1.74 kJ (Kendall et al., 2013). Clearly there are 

large differences in the reported reliability values for D'3 and W'3 values, ranging from usable 

(~5%) to unpredictable (~30%). There may be methodological factors which, if refined, could 

improve reliability values and make the 3MT a usable measurement tool for estimating D' and 

W'. 

 

Physiological considerations for the 3MT 

There are a number of methodological and physiological considerations underpinning the 

effective use of the 3MT in an applied setting. Simple aspects of performance, such as cadence, 

can have an effect on the values that are produced. An increase in average cadence by 10 rpm 

lead to a 3.9% reduction in CP3 values and a 9.2% reduction in W'3 compared to a normal test 

(Vanhatalo, Doust, & Burnley, 2007b). Reliability is also affected by cadence, with less reliable 

estimates of peak power, CP3 and W'3 being observed when cadence was maintained a 100 rpm 

rather than 60 rpm (de Lucas et al., 2013). This shift in reliability may have implications for 

other sports where cadence is more directly related to power output, such as running and 

swimming. Values at the beginning of a test where cadence is higher may be less reliable than 
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those collected later on. There may also be a trade-off between reliability and validity where 

cadence is concerned; while fixed cadence trials lead to more valid estimates as compared to 

time trial derived values, fixed resistance 3MTs are more reliable (Wright et al., 2017). Varying 

resistance can affect parameter estimates as well, as increasing mass leads to a decrease in CS3 

in tactical athletes completing a running 3MT. This decrease in speed correlated (r = -0.73) 

with the relative increase in mass. Values of D'3 were proportionally less affected and the 

changes in D'3 correlated far less (r = 0.17) with the relative increase in mass for each 

participant, suggesting D'3 may be more robust to these sorts of manipulations. Values of W'3 

and CP3 are also robust to pacing changes (Vanhatalo, Doust, & Burnley, 2007b) and may be 

resistant to mental fatigue (Martin, Thompson, Keegan, Ball, & Rattray, 2014) although this is 

likely dependent on the amount of fatigue elicited. 

 

While mental fatigue may not substantially affect 3MT parameters, physical fatigue can have 

a major impact. Immediately following two hours of heavy exercise CP3 values can decrease 

by 8% and W'3 values can drop by 20% (Clark et al., 2018). Alternatively, 3MT values were 

highly correlated and not significantly different when comparing an entirely unfatigued test to 

a 3MT performed 20 minutes following a ramp test to exhaustion (Constantini et al., 2014). 

Practitioners should be mindful that exercise between these two intensities, as well as a lack of 

passive rest prior to testing, may lead to error in 3MT values. Values from the 3MT are sensitive 

to training-induced changes in physiology due to high intensity interval-based training in both 

normoxia (Vanhatalo et al., 2008; Wang, Fukuda, Stout, et al., 2017b) and hypoxia (Wang, 

Fukuda, La Monica, et al., 2017a). Additionally, manipulations through ergogenic aids may 

also change 3MT values. Caffeine supplementation improved W'3 by 11% (Cheng, Hsu, Kuo, 

Shih, & Lee, 2016), and CP3 by 4.7% (Gerlach, Pettitt, & Morton, 2018), although both were 

not improved within the same investigation. Improvements due to bicarbonate supplementation 

are doubtful however as data implies that induced alkalosis does not improve W'3 values 

(Vanhatalo, McNaughton, Siegler, & Jones, 2010), suggesting that W' values are more closely 

aligned to PCr than to glycolysis. Importantly, CP3 estimates are closely aligned with 

endurance exercise performance (Black, Durant, Jones, & Vanhatalo, 2014). 

 

The use of the 3MT in swimming 

In swimming there has only been a limited amount of research conducted on the 3MT. Initially, 

researchers focussed on using a load cell to measure the forces swimmers applied to the water 
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throughout a stationary tethered 3MT. Critical force correlated strongly (r = 0.80) with the 

force associated with lactate minimum intensity (Kalva-Filho et al., 2014). Investigations using 

speed reported no significant difference between CS3 and CSTT in swimmers, as well as near 

perfect correlations (r = 0.95, both studies) (Piatrikova et al., 2018; Tsai & Thomas, 2017). 

When examining D'3 values however they were not as well correlated (r = 0.55) and 

significantly lower than time trial-derived estimates. The swimming CS3 is sensitive to 

training-induced changes (Courtright, Williams, Clark, Pettit, & Dicks, 2016). The reliability 

of CS3 values show positive signs, CV = 0.9%, however D'3 values are still more variable, CV 

= 9.1% (Piatrikova et al., 2018). Reliability values for a swimming-based 3MT seem lower 

than the values observed for running and cycling. However, researchers reported substantial 

variations in speed (1.4 to 2.2 m.s-1 within a single 25 yd effort) throughout the test, likely 

caused by the turn at each end of the pool.  

 

Conclusion – statement of the problem 

 

It is possible the 3MT may have utility for assessing training-induced changes in swimmers 

but reliability, particularly in the estimation of D'3, should be refined. The remaining sections 

of this thesis detail the development of a 3MT methodology which maximises the test-retest 

reliability in swimmers, and whether this methodology can successfully identify changes due 

to training. 
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Chapter 6 - Reliability and validity of a modified 3-minute all-out 

swimming test in elite swimmers 

 

 

Mitchell, L. J. G., Pyne, D. B., Saunders, P. U., & Rattray, B. (2018). Reliability and validity 

of a modified 3-minute all-out swimming test in elite swimmers. European Journal of Sport 

Science, 18(3), 307–314. http://doi.org/10.1080/17461391.2017.1413138 

 

 

Abstract 

 

Critical speed (CS) testing is useful in monitoring training in swimmers, however completing 

a series of time trials regularly is time-consuming. The 3-minute test may be a solution with 

positive initial findings. This investigation examined whether a modified 3-minute test 

(12x25m) could assess CS and supra-CS distance capacity (D') in swimmers. A series of 

12x25m intervals were completed unpaced at maximal effort, interspersed with 5 s rest periods. 

The model speed = a.eb.time + c was fitted to the data and integrated to calculate D'. The slowest 

two of the last four efforts were averaged to calculate CS. To assess reliability 15 highly-trained 

swimmers (9 female, 6 male) completed the 12x25m twice within 72 hours. Four measures 

were deemed reliable: peak speed (0.01 m.s-1; 0.5%, typical error and % coefficient of 

variation), CS (0.02 m.s-1; 1.2%), D' (1.22 m; 5.7%) and drop off % (0.70% points; 4.5%). To 

assess criterion validity 21 swimmers (9 from reliability, 12 other) completed two competition 

races within two weeks of a 12x25m in the same stroke. Traditional CS and D' measures were 

calculated from competition performances (time trial method). Time trial CS and 12x25m CS 

were highly correlated (adj R2 = 0.92, p<0.001). D' values were moderately correlated (adj R2 

= 0.60, p < 0.01). Two time trials may have been too few to estimate D' accurately. The 12x25m 

all-out swimming test is a reliable method for assessing CS and D' in swimmers, however the 

validity of D' requires further investigation. 
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Introduction 

 

The critical power (CP) and supra-critical power work capacity (W') framework was originally 

proposed by Scherrer and Monod (Monod & Scherrer, 1965; Scherrer & Monod, 1960). These 

investigators documented a linear relationship between the time to exhaustion and rate of 

energy expenditure in a single muscular group over a series of exercise trials at different power 

outputs. This framework has since been applied successfully to specific modalities of exercise, 

including cycling, running, rowing, kayaking and swimming. The CP/W' framework is useful 

for both monitoring training adaptations and informing pacing strategies (Skiba, Clarke, 

Vanhatalo, & Jones, 2014a) and training intensities (Pettitt, 2016). 

 

Given environmental and technological constraints in swimming, including the lack of 

equipment with which to measure power, the length of the pool and the therefore necessary 

inclusion of turns which affect overall speed, researchers have used critical speed (CS) and 

supra-CS distance capacity (D') as surrogates for CP and W'. Critical speed and D', in the same 

vein as proposed by Scherrer and Monod, are traditionally calculated using a series of maximal 

effort trials which have either a set power output or speed and variable time to completion 

(exhaustion), or a set distance or time to completion and variable speed or power output. 

Measured in this manner CS is considered a valid indicator of maximal lactate steady state 

(Takahashi et al., 2009; Wakayoshi, Yoshida, & Moritani, 2013) and correlates highly with 

lactate threshold (Papoti et al., 2009; Toubekis et al., 2011a). However differences in testing 

methodologies, particularly a combination of time trials that are too short in duration for 

estimating CS, can overestimate the likely true value of these metrics (Dekerle et al., 2003; 

Martin & Whyte, 2000). The series of time trials method (TT) is also cumbersome and can take 

many days to complete, given a minimum of five time trials are necessary to derive a reliable 

estimation of W' (Bartram et al., 2016; Dekerle et al., 2002). Critical speed and CP estimates 

are more robust but can be affected by the choice of time trial distance (Dekerle et al., 2002). 

The TT method is less than ideal from a practical and time efficiency point of view. Ideally a 

reliable estimate could be provided to swimmers and coaches from a single testing session. 

Such a methodology was developed in cycling by Vanhatalo and colleagues (Vanhatalo, Doust, 

& Burnley, 2007a) and is similar to an extended Wingate test (Patton, Murphy, & Frederick, 

2008) which lasts for three minutes rather than thirty seconds. 
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The 3-minute swimming test, developed as a single session alternative to the series of time 

trials method, could be a more practical solution provided it is sufficiently accurate and reliable. 

In cycling there are conflicting results for the 3-minute test. The originators of the methodology 

reported very good agreement between the TT method and the 3-minute test (Vanhatalo, Doust, 

& Burnley, 2007a) for both CP and W'. In contrast, many subsequent investigations indicate 

that the 3-minute test overestimates CP and underestimates W' (Bartram et al., 2016; 

Bergstrom, Housh, Zuniga, Traylor, Lewis, Camic, Schmidt, & Johnson, 2014; McClave et al., 

2011; Tsai & Thomas, 2017). More importantly however, 3-min derived CP was highly related 

to TT derived CP in rowing (Cheng et al., 2011), and this method was moderately reliable 

(standard error of the estimate of ~10%). The W' (Bartram et al., 2016; Bergstrom, Housh, 

Zuniga, Traylor, Lewis, Camic, Schmidt, & Johnson, 2014; Cheng et al., 2011) and D' (Tsai & 

Thomas, 2017) metrics have not been estimated as successfully by this test with several studies 

reporting only small correlations with the TT method. The variability observed in these 

relationships is inherent in calculation of both estimates of W'. However, most investigations 

have used less than the recommended five time trials when applying their TT methodology, 

which might explain the higher level of noise in estimation of this parameter. 

 

The application of the 3-minute test in free swimming has been examined in only one study to 

date (Tsai & Thomas, 2017). A continuous 3 min effort was utilised to replicate the 

methodology from cycling and yielded an estimate of CS that was similar relative to a four trial 

TT calculation. This outcome is at odds with other studies across different exercise modalities 

which have generally found an overestimation of CS/CP measures using the 3 min protocol. 

This 3 min test, on the evidence currently available, seems to be better in terms of validity in 

swimming when compared to other sports. Reliability statistics for a swimming 3-minute test 

have not been reported. 

 

The aim of this study was to quantify the reliability of a modified 3-minute swimming test, the 

12x25m test, in elite national and international level swimmers, and determine whether the test 

provides an accurate assessment of CS and D' compared with competition-derived CS and D' 

estimates. The 12x25m test was modified due to a-priori knowledge of the variability in turning 

performance and technique at high levels of fatigue and was designed to maximise the 

reliability of the estimates it provides. It was our hypothesis that this methodology would 

provide more reliable results than previous research on 3-minute test derived and time-trial 

derived estimates of CS and D'. 
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Methods 

 

Participants 

Two groups of highly-trained male and female swimmers were recruited for both segments of 

this investigation. 

 

Reliability 

Highly-trained national- and international-level swimmers (n=14, 8 female, 6 male, 17.4 ± 2.1 

y, body mass; male 77.0 ± 3.6 kg, female 61.3 ± 5.2 kg) volunteered for and completed the 

pool-based testing protocol. Swimmers were preparing for the upcoming national 

championships and completed between 7-10 swimming sessions per week. Swimmers were 

tested in two groups, the first was tested 8 weeks prior to the competition and the second group 

2 weeks after. Within the combined group there were 8 swimmers who completed the protocol 

in freestyle, 5 in breaststroke and 2 in backstroke. These swimmers specialised in 100 m (7), 

200 m (5) and 400 m (1) events in the stroke they completed the test using. In both segments 

of the investigation all swimmers provided informed consent. This segment of the investigation 

was approved by the University of Canberra Human Research Ethics Committee. One 

swimmer was excluded from the final analysis due to being an outlier of greater than two 

standard deviations from the mean for D' trial 1 – trial 2 difference and having quite obviously 

mis-paced Trial 1 from visual inspection of their data. 

 

Validity 

A group of 23 highly trained national- and international-level swimmers (11 female, 12 male, 

19.6 ± 2.5 y, body mass; male 78.0 ± 5.3 kg, female 66.6 ± 5.3 kg) completed the protocol as 

a part of the reliability section of the study (n=10) or as a part of their normal training (n=12). 

All swimmers were preparing for either the upcoming national championships or the World 

Championships or Olympic Games. Within this group there were 9 swimmers who completed 

the protocol in freestyle, 10 in breaststroke and 5 in backstroke. These swimmers specialised 

in 100 m (11), 200 m (11) and 400 m (1) events in the stroke they completed the test using. 

Only swimmers with a 100 m and a 200 m competition trial were included in this analysis for 

consistency, two swimmers did not meet this criteria and were excluded at this stage leaving a 

total of 21 (10 female, 11 male). 
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Reliability testing preparation 

Swimmers completed one familiarisation session a week prior to commencement of formal 

testing. Swimmers were instructed to refrain from exhaustive exercise in the 24 h prior to each 

testing session. To minimise the effect of diurnal variation, testing occurred at the same time 

of day (6:00-8:00 am) on each occasion. Testing sessions were separated by 48-72 h and 

swimmers recorded their dietary intake in the 24 h prior to each testing occasion. Swimmers 

were then instructed to repeat this intake for the subsequent session. All testing occurred in a 

25 m pool. 

 

Swimmers completed their own race warm up, which was prescribed and administered by their 

coach and kept consistent for each test. Approximately 15 min prior to initiating their 12x25m 

swimming test they completed their warm up and then rested prior to beginning the test. 

 

Validity 12x25m testing preparation 

Swimmers were instructed to refrain from exhaustive exercise in the 24 h prior to testing, 

completed their own individualised race warm ups prior to testing and given 4-5 min passive 

rest prior to the 12x25m test. 

 

12x25m testing procedures 

The modified 3-minute test, or 12x25m test, consisted of 12 consecutive 25 m efforts separated 

by a rest period of ~5 s (verbally controlled by the research team). A total of 12 efforts were 

chosen by the research team so that swimmers completed approximately 3 min of work, as one 

25 m effort in this population would take ~13 s (Burke, Pyne, & Telford, 1996) for freestyle. 

Allowing for fatigue as well as for other strokes this protocol would give an approximate 

average of 15 s per effort. Hence 12 x 15 s efforts should yield ~3 min of work. Prior to 

commencing their 12x25m test the swimmers rested for 4-5 min. During this time, swimmers 

were instructed that they swim each 25 m interval with a maximal effort and leave nothing in 

reserve for the rest of the test. Each swimmer was instructed to attempt to beat their personal 

best time for 25 m in the first effort. Swimmers were also instructed to perform 2 underwater 

dolphin kicks (apart from breaststrokers, who completed a single pull-out as they would in a 

race) to minimise the impact of underwater swimming on the mean speed of each effort. Time 

for each 25 m segment and stroke rate for the first 3 stroke cycles of each lap were measured 

using a handheld stopwatch by an experienced operator (Seiko, Japan). Stroke counts were 
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manually counted by a member of the research team and recorded for each 25 m effort. Peak 

blood lactate concentration was also measured using a Lactate Pro II analyser (Arkray, Tokyo). 

0.3 µl of blood was sampled from the earlobe every two min beginning at one min after the 

completion of the test and concluding when the blood lactate concentration stabilised or 

decreased. 

 

Validity competition performance 

Competition performances at swimming meets throughout the 2014, 2015 and 2016 seasons 

from both long and short course meets were accessed through a publically available online 

database (“Results Central,” 2017). All results in races with distances of 100 m or 200 m were 

examined. The fastest result for each race distance completed at each individual competition 

was recorded and used as a series of time trials to estimate critical speed and D' (Wakayoshi et 

al., 1993). Fifty metre races were not included as these very short events in CS models can 

negatively affect the accuracy of CS estimates (Dekerle et al., 2002). Unfortunately, given the 

limitations of swimming competitions, this meant that only 2 distances were available for each 

swimmer at each time point. Only 100 m and 200 m distance races were included maintain the 

consistency of analysis across all participants as these were the only distances available for 

swimmers who competed in a stroke other than freestyle. 

 

Data Analysis 

A list performance and physiological variables derived from the 12x25m swimming test is 

presented in Table 6.1. 

 

Statistical analysis 

Equation 6.1 model was fit to speed and time data using an iterative least squares fit. This 

model was used to calculate D' values through integration of the model fit according to 

Equation 6.2. The fitting of each model to was important due to the low sampling frequency to 

give a more accurate description of speed decay throughout the 12x25m test and a more reliable 

estimate of D'. 

 

Equation 6.1  !" = $. &'." + ) 

 

Where St = speed at time = t and a, b and c are scaling factors. 
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Equation 6.2  *′ = ((-. × !.) − (2! × -.)) + ((∫ $. &'." + )"4
"45 ) − 2!) 

 

Where t1 = total time (s) at the end of 25 #1, t12 = total time (s) at the end of 25 #12, CS = 

Critical Speed (m.s-1) calculated as the slowest two 25 m efforts in the last four of the test. 

 

Typical error and coefficient of variation were calculated according to methodology outlined 

previously (Hopkins, 2000). Standard deviations of log-transformed within-subject changes 

were used to calculate these measures. Intraclass correlations were also calculated. An 

ANOVA with a Tukey post-hoc test was used to assess the effect of stroke on the change 

between trial 1 and trial 2 for both CS and D'. A Shapiro-Wilk test was used to test the normal 

distribution of the residuals of these ANOVAs. For both these analyses an p value of 0.05 was 

set as the threshold for significance. 

 

Linear regression models were fitted between variables calculated using the time trial (TT) 

methodology and variables from the 12x25m swimming test. These models accounted for the 

length of the pool in which the TT variables were calculated. Model fit was assessed using an 

adjusted R2, rather than the standard R2 measure, as adjusted R2 is less likely to overestimate 

goodness of fit for small sample sizes and was therefore more appropriate for this dataset. A 

normal distribution was assessed using a Shapiro-Wilks test, heteroscedascity with a Breusch-

Pagan test. A student’s t-test was used to compare means of CS and D' calculated using 

different methods, and homogeneity of variance was assessed using a Levene’s test. Precision 

of estimation was indicated with 95% confidence intervals (CI). All statistics were calculated 

using the R statistical software package (R Core Team, 2013) . 

 
Results 

 

Reliability 

Coefficients of variation for all measures were less than 6.0% (Table 6.1). All coefficients of 

variation for individual efforts within the 12x25m test were less than 1.8%. 

 

Peak speed was the most reliable variable of the test, with a standard error of 0.08 s (Figure 

6.1). No subsequent 25 m effort’s CV value exceeded 1.8%. All CS calculation methodologies 
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had similar reliability. The intraclass correlation results for the three main outcome variables, 

peak speed, CS (slowest 2 of last 4) and D' are presented in Figure 6.1. 

 

Figure 6.1 shows near perfect correlations between Trial 1 and Trial 2. Intraclass correlations 

indicate that peak speed was the most reliable of these three variables (Table 6.1). 

Figure 6.1 Intraclass correlations between main outcome variables from Trial 1 and 

Trial 2.  
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The effect of stroke on the change between trial 1 and trial 2 showed that no significant 

differences (p = 0.73 – 0.99). All residuals were normally distributed (Shapiro-Wilk p = 0.09 

(D'), p = 0.27 (CS)). 

 

Mean peak blood lactate concentration following the test were 11.6 ± 4.1 mmol.L-1. 
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Table 6.1 Reliability of variables measured during the 12x25m test. Coefficient of variation values were calculated according to the method of 

Hopkins (2000). 

Variable Description Typical 
Error 
(units) 

Coefficient 
of Variation 

(%) 
Peak Speed Mean speed of the first 25 m segment – An indication of 

maximal anaerobic power 
0.01 (m.s-1) 0.5% 

CS (9-11) Critical speed calculated from the end speed of the 
12x25m test. The mean of the speed for 25s 9 to 11, to 
avoid an end spurt pacing mistake. 

0.02 (m.s-1) 1.1% 

CS (10-12) Critical speed calculated from the end speed of the 
12x25m test. The mean of the speed for the final three 25 
m efforts. 

0.02 (m.s-1) 1.2% 

CS (11-12) Critical speed calculated from the end speed of the 
12x25m test. The mean of the speed for the final two 25 
m efforts (approximately the last 30 seconds to replicate 
the methodology of Vanhatalo and colleagues (2007a). 

0.02 (m.s-1) 1.1% 

CS (Slowest 2 of last 4) Critical speed calculated using the slowest two 25 m 
efforts from the last 4. This protects against an end spurt 
pacing mistake, while also maintaining the ~30 s time 
period replicating the methodology of Vanhatalo and 
colleagues (2007). 

0.02 (m.s-1) 1.2% 

D' calculated as integration of Speed~Time 
Model Calculated according to Equation 6.2 1.22 (m) 5.7% 

Relative Drop off (%) [SAP = 9-11] The percentage decrease in speed from Peak Speed to CS 
(9-11) 

0.62 (% points) 
 

3.5% 
 

Relative Drop off (%) [SAP = Int Term 
Speed~Time Model] 

The percentage decrease in speed from Peak Speed to CS 
(slowest 2 of last 4) 

0.70 (% points) 4.5% 
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Validity 

To illustrate the average results of the test Figure 6.2 shows the mean results of each 25 m 

effort. It can be seen clearly that after effort number 8 no significant change speed occurs, 

which can be interpreted as a plateau in sprint performance. 

 

Figure 6.2 Mean data for all tests included in the validity data set. Paired t tests were 

used to compare sequential points, with a Bonferroni correction for multiple 

comparisons. Each significance indicator is placed above the first of the two points 

being compared. p < 0.001 = ***, p < 0.01 = **, p > 0.05 and < 0.1 = #. Dotted lines 

indicate 1 SD variation in speed, error bars indicate 1 SD of variation for time points. 
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To further illustrate the differences this test can identify we provide two examples of some of 

our female athletes, a sprint freestyler (100 m) and an endurance freestyler (400 m) of a similar 

competition performance level, for each of the four metrics of the 12x25m test. Speed variables 

are expressed in both m.s-1 and s.25m-1, as the second metric will be particularly meaningful to 

coaches and athletes. For Peak Speed: Sprint; 1.86 m.s-1, 13.41 s, Endurance; 1.81 m.s-1, 13.81 

s. For CS: Sprint; 1.41 m.s-1, 17.74 s, Endurance; 1.61 m.s-1, 15.49 s. For D' Sprint; 24.4 m, 

Endurance; 10.7 m. For Drop off %: Sprint; 24.4%, Endurance 10.9%. This is typical of our 

results, endurance athletes generally have a slower peak speed, a faster decay (lower D') and a 

faster CS and therefore a lower percentage drop in their speed over the duration of the test. 
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Figure 6.3 A multi-panel plot showing A) Time trial-derived critical speed (controlling 

for competition pool length) compared to 12x25m-derived critical speed. B and D) 

Bland Altman plots for CS and D' values. C) Time trial-derived D' compared to 

12x25m-derived D'. 

 
 

Critical speed 

Taking in to account whether the performances were long or short course the following 

relationship was established between CS (12x25) and CS (TT) methods (Figure 6.3). 

 

The equation for the critical speed relationship in Figure 6.3 is as follows (Equation 6.3): 
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Equation 6.3 

!"#$#%&'	)*++,	(..) = 	0.777	 × 	!)	(127259) + 	0.116	 ×	()! = 1, =! = 0) + 0.213 

 

Data were all homoscedastic (Breusch – Pagan test, p = 0.44) and normally distributed 

(Shapiro-Wilk test, CS (TT) p = 0.71, CS (12x25m) p = 0.13). 

 

Critical speed values calculated using the 12x25m test were significantly greater (paired T test, 

p < 0.002) than CS values calculated using the series of time trials methodology. The mean 

difference was 0.06 m.s-1 (0.03 to 0.10; 95% CI). Time trial derived CS had a mean value of 

1.43 ± 0.15 m.s-1, while 12x25m test derived CS was 1.49 ± 0.17 m.s-1. 

 

D' 

 

D' values derived by the two methods showed a moderate level of agreement as seen in Figure 

6.3 panel C. 

 

Equation 6.4  ?@(..) = 	0.426	 ×	?@(127259) + 	8.025 

 

All data were homoscedastic (Breusch-Pagan test p = 0.94) and normally distributed (Shapiro-

Wilk test, D' (TT) p = 0.64, D' (12x25m) p = 0.85). Time trial derived D' had a mean value of 

14.9 ± 3.4 m, while D' calculated using the 12x25m test was 16.2 ± 6.3 m. A paired T-test 

revealed no significant difference between the two measures (p = 0.18). When the mean D' 

value from both trials was compared with the mean peak blood lactate concentration these two 

variables significantly correlated (r = 0.67, p<0.05). On average participants gained 1.06 m in 

D' for every 1 mmol.L-1 they accumulated, with an error term of 5.49 m. 

 

Discussion 
 

The 12x25m swimming protocol is a reliable test for estimating both critical speed and D', and 

the two novel parameters of peak speed and drop off %. When data were converted using the 

methodology proposed in this paper critical speed values were highly related to those 

calculated using the TT approach. When compared with CS, the estimation of D' did not show 

the same level of agreement. This disparity may relate to noise in the initial estimation of D', 
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as 2 time trials may not be sufficient to provide a reliable estimate of this variable. A minimum 

of 5 time trials (Bartram et al., 2016) is recommended while the combination of differing 

distances for a 2 trials TT approach can also produce substantially different estimations of D' 

(Dekerle et al., 2002). Unfortunately, we were not able to collect more time trials without 

interfering with swimmers’ preparations for competition. The validity of D' measured using 

the 12x25m testing method should be established in future research using a full 5 trials TT 

protocol. 

 
In terms of overall bias the outcomes of our analyses were consistent with previous studies 

reporting an overestimation of the CS (Bartram et al., 2016; Bergstrom, Housh, Zuniga, 

Traylor, Lewis, Camic, Schmidt, & Johnson, 2014; McClave et al., 2011; Tsai & Thomas, 

2017). However, we also observed D' (12x25m) values that were not significantly different 

from time-trial derived D' values and correlated moderately with this metric while 

overestimating D' (TT) at higher values. Differences in both D' and CS variables may have 

been due to the testing methodology. As swimmers’ times were measured from feet off to hand 

touch, the time it takes for a swimmer to turn (~1.2 s (Puel et al., 2012)) was not incorporated 

in the overall time, but was included in the TT method. When comparing 12x25m with the TT 

methodology, the turn time for each length of the 12x25m test needs to be accounted for if the 

TT method was completed in a short course (25-m) pool. If the TT was completed in a long 

course (50-m) pool then every odd-numbered 25 m effort needs to be adjusted for turn time, 

and every even-numbered 25 m effort needs to be adjusted for the time it would take for the 

swimmer to swim the distance between their outstretched hand and their feet. While 

acknowledging that eliminating the turn decreases the 12x25m test’s accuracy in predicting 

training times, this was not the original intention of the test. The decision to eliminate the turn 

was made so that the test was as sensitive to training-induced changes as possible.  

 

Reliability values for three of the major metrics measured using the 12x25m test compare 

favourably with previous estimates. The reliability of critical speed (CV = 1.2%) is a good 

example, when compared with other methods of estimating speed or power at lactate threshold 

in running and cycling the CV was on the low end of these values (range 0.5 – 6.4% (Galbraith 

et al., 2014; W G Hopkins, Schabort, & Hawley, 2001)). The estimates were also lower than 

other methods of estimating CS or critical power (range 2.3 – 7.6%). Our examination of D' 

(CV = 5.7%,) also compares favourably to previous research which reported CVs between 8.4 
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– 13.3%. The final measure directly comparable between methods was peak speed (CV = 

0.5%), which was on the low end of estimated reliability for peak speed or peak power (range 

0.8 – 3.3%). While the methodology we chose affected the ability of the 12x25m test to 

estimate training speeds, we deemed it important that the measure be as sensitive as possible 

to changes in swimming speed. 

 

A contributing factor specific to our investigation was the 5 s of passive rest at the end of each 

effort, which likely artificially inflated estimates of D' given the rephosphorylation of 

phosphocreatine stores (Skiba, Chidnok, Vanhatalo, & Jones, 2012). Having acknowledged 

this the values for D' (12x25m) were slightly lower in our study (mean ± SD; 16.2 ± 6.3 m ) 

compared with previous reports (Tsai & Thomas, 2017) (17.5 ± 7.5 m). This effect may be due 

to the fitness level of our cohort and may have been even more apparent if we had not included 

the rest intervals in our design. We did not attempt to account for reconstitution of work 

capacity during the 5 s of passive rest as suggested by Skiba and colleagues (Skiba et al., 2012). 

As this methodology was derived using external power, rather than speed, we assert that extra 

variability would have been introduced to the metrics had we calculated metabolic power using 

the equations of Capelli and colleagues (Capelli et al., 1998). We therefore treated the 

intermittent data series (12x25m) as though it were a continuous effort, which may have led to 

overestimation of D' compared with having swimmers continue swimming in a straight line for 

3 min. In the interests of practicality for a swimmer in regular training, and to enhance test-

retest reliability, we minimised the complexity of our analysis as much as possible. Our 

protocol of repeated short efforts also eliminates variability associated with the tumble turn. 

 

Conclusion 
 

The 12x25m swimming test provides a quick (3-4 min to complete), simple and reliable pool-

based method for estimating CS, D′, peak speed and drop off %. The protocol is not reliant on 

specialised technology or sport science support in any short course pool environment. The 

12x25m test CS has good agreement with the time trial method, and small bias which is largely 

inherent in the testing process. The derived metrics from this test should provide further 

insights into training-induced physiological and performance adaptations in high-level 

swimmers. This method of testing a 3 minute protocol has provided estimates of CS and D' 

which compare favourably to the rest of the literature in terms of their test-retest repeatability, 
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however it is unknown what the size of the ‘signals’ they are trying to pick up are. We are able 

to deduce from relative forms that the 12x25m testing methodology can pick up changes that 

are smaller than other methods in the literature, but there is little information on what the likely 

size of these changes might be. A comparison with a population undergoing change would 

provide some valuable insight in to how well the 12x25m test might detect these changes. 

When assessing a metric it is important to know the ratio between the statistical ‘noise’ and the 

expected ‘signal. Logically, a test metric with a test-retest reliability of 10% is notionally worse 

than a metric with a coefficient of variation of 2%, however if these tests are trying to detect 

changes of 50% and 1% respectively this picture starts to look very different. Thus, assessing 

this variation within swimmers undergoing training is a key consideration in the assessment of 

the 12x25m as a testing methodology. An index which would allow for such a comparison is 

the Guyatt’s responsiveness index (Guyatt, Walter, & Norman, 1987), which, while common 

in clinical settings has only been suggested for use in sport in the more recent past (Impellizzeri 

& Marcora, 2009). Assessing this index for the 12x25m test may provide more information 

regarding its utility in ecologically valid settings. 
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Chapter 7 - Responsiveness and seasonal variation of a 12x25m 

swimming test 
 

Mitchell, L. J. G., Wu, P., Rattray, B., Saunders, P. U., & Pyne, D. B. (2018). Responsiveness 

and seasonal variation of a 12x25m swimming test.  

 

In second round review: International Journal of Sports Physiology and Performance.  

 

Abstract 
 

Purpose: Critical speed (CS) and supra-CS distance capacity (D') are useful metrics for 

monitoring changes in swimmers’ physiological and performance capacities. However, the 

utility of these metrics across a season has not been systematically evaluated in high level 

swimmers. Methods: Twenty-seven swimmers (18 female; age 19.1 ± 2.9 y, 9 male; 19.5 ± 1.9 

y, mean ± SD) completed the 12x25m swimming test multiple times (4 ± 3 tests/swimmer) 

across a two-year period. Season-best times in all distances for the test stroke were sourced 

from publicly available databases. Swimmers’ distance speciality was determined as the event 

with the time closest to world record. Four metrics were calculated from the 12x25m test: CS, 

D', peak speed and drop off %. Results: Guyatt’s Responsiveness Index values were calculated 

to ascertain the practically relevant sensitivity of each 12x25m metric: CS = 1.5, peak speed = 

2.3, D' = 2.1 and drop off % = 2.6. These values are modified effect sizes (ES); all are large 

effects. Bayesian mixed-modelling showed substantial between-subject differences between 

genders and strokes for each variable, but minimal within-subject changes across the season. 

Drop off % was lower in 200 m swimmers (14.0 ± 3.3%) compared to 100 m swimmers (18.1 

± 4.1%, p = 0.003, ES = 1.10). Conclusion: The 12x25m test is best suited to differentiating 

between swimmers of different strokes and events. Further development is needed to improve 

its utility in quantifying meaningful changes over a season for individual swimmers.  
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Introduction 
 

Physiological monitoring in elite swimming and associated research has historically focused 

on the aerobic adaptations resulting from training. Commonly studied areas include the lactate 

threshold using a step test (Anderson, Hopkins, Roberts, & Pyne, 2006; Costa et al., 2013; Pyne 

et al., 2001) the maximal lactate steady state using a critical speed (CS) approach (Takahashi 

et al., 2009; Toubekis, Tsami, Smilios, Douda, & Tokmakidis, 2011b; Wakayoshi et al., 1993) 

and energy expenditure using indirect calorimetry (Bar-Or, Dotan, Inbar, & Rothstein, 1980; 

Moritani et al., 1981). While all these techniques are useful for tracking aerobic adaptations, 

the aerobic system is not the only energy pathway important for swimming performance.  

 

The anaerobic energy system contributes substantially to the majority of the swimming events 

contested at the Olympic Games. Of the 35 pool events 27 are 200 m or less. Estimates of the 

anaerobic contributions to these events range from ~30% to greater than 70% (Hellard et al., 

2018; Ogita et al., 1999; Rodriguez & Mader, 2003; Zamparo et al., 2000). When Olympic 

events are regularly decided by less than 0.1 of a second, even 30% of total energy production 

underlines the importance of assessing anaerobic capacities with adequate precision on a 

regular basis. To assess the anaerobic energy system there are two main descriptive metrics, 

maximal anaerobic power and the tolerance of high intensity work, known as anaerobic 

capacity. 

 

While the anaerobic energy system has not been widely assessed in swimming it has been 

measured successfully in other sports. In cycling, a three minute all-out test has been proposed 

as a method to monitor two important variables; critical power (CP) - an index of the aerobic 

capacity - and a finite supra-CP work capacity (W') (Vanhatalo, Doust, & Burnley, 2007a). 

While there is discussion regarding the nature of CP, it is generally thought of as an indicator 

of the power at maximal lactate steady state.  The W' is an estimate of the total work that can 

be completed anaerobically given observations that it is unaffected by hypoxia and correlates 

well with oxygen deficit (Moritani et al., 1981). The three minute all-out cycling test involves 

athletes completing a maximal, un-paced effort similar to a Wingate test except the test is 

extended to three minutes instead of the usual 30 seconds.  
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The three minute test has also shown promise in swimming (Tsai & Thomas, 2017) where 

estimated CS was comparable with the same value derived from the traditional time trial 

method. Swimming researchers have used speed as a surrogate for power output given the 

limited availability of technology which can accurately assess mechanical power output in an 

aquatic environment. When the three minute methodology was further modified to suit a pool 

environment, in particular eliminating the tumble turn, the three minute test produced reliable 

estimates of speed variables proportional to both maximal anaerobic power production (peak 

speed; with the typical error measure of coefficient of variation (CV) 0.5%), supra-CS distance 

capacity (D'; CV 5.7%) and CS (CS; CV 1.2%) (Mitchell, Pyne, Saunders, & Rattray, 2018). 

While reliability values have been established, interpreted in isolation these do not provide 

sufficient information to make an informed decision on whether the 12x25m test is sensitive 

enough to confidently detect real changes. Typical error values provided by reliability 

assessments only provide one variable for a decision making process which requires two pieces 

of information. Typical error values quantify the amount of change which can be attributed to 

inherent biological or performance variability or methodological noise, however they provide 

no information regarding the normal magnitude of change within a variable. For example, if 

variables A and B both have a typical error of 2.5%, with no extra information we might 

reasonably conclude that the utility of both these metrics to detect a change is the same. 

However, variable A has a mean change score of 1.25%, while variable B has a mean change 

of 10%, we may reach a different conclusion. For variable A the majority of tests may be within 

the typical error, which means that we cannot be confident of the change, while for variable B 

we can be very confident as the expected change far exceeds the measurement error. To 

quantify this relationship in medical literature a value known as responsiveness is used 

(Stratford, Binkley, & Riddle, 1996). Responsiveness indicates how effectively a test can detect 

changes over time. It is unknown whether a 12x25m test in swimmers is responsive enough to 

quantify typical changes throughout a season. As longitudinal tracking is the main purpose of 

the 12x25m test as it has been proposed, determining these values is essential to establishing 

whether it is a useful tool in swimmers. Therefore, this investigation determined whether the 

12x25m test is responsive enough to quantify typical changes over a season and the magnitude 

of these typical changes. We expected that a 12x25m test would be sufficiently responsive to 

confidently identify changes in performance across a season. This analysis will be completed 

while taking in to account both the sex of each swimmer and the stroke which they use in the 

12x25m test as both these factors could have a large impact on test results. 
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A secondary objective of this investigation was to assess whether the 12x25m methodology 

may have utility in terms of event selection. We hypothesized that this may be the case given 

similarities in pacing strategy and pre-test instructions between the 12x25m and Wingate tests 

and that the fatigue index calculated using the Wingate test relates to muscle fiber type (Bar-

Or et al., 1980). In addition, swimmers who specialize in shorter distances anecdotally tend to 

have faster peak speeds and lower CS values than their aerobically-oriented competitors who 

are more suited to longer events. The ratio between these measures may provide a continuous 

variable in swimming for quantifying the balance between the aerobic and anaerobic energy 

systems. 

 

Methods 
 

Subjects 

Twenty seven national-level and international-level swimmers (18 female; 19.1 ± 2.9 y, 66.4 

± 6.3 kg, 9 male; 19.5 ± 1.9 y, 77.4 ± 6.2 kg) completed the 12x25m test as a part of their 

regular sport science support. Participants were associated with a regional high-performance 

program in Australia and included current and former senior and junior national-team 

members. The mean performance of this cohort of swimmers in their best events was 106.5 ± 

4.2% of world record time. Swimmers provided their informed consent for participation in this 

investigation which was approved by the Human Ethics Committee of the University of 

Canberra, approval number: 15-243. 

 

Design 

A combination of cross sectional and longitudinal analyses of swimmers was conducted across 

multiple three to six-month training seasons, which culminated in either a national or 

international championship event. Swimmers were not all a part of the same training group and 

therefore periodization plans differed between athletes. While this design is ‘real-world’ and is 

thus directly applicable to the daily training environment there are also limitations due to the 

lack of pre-defined structure, these include an imbalance in the number of tests according to 

sex and other factors. 
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Methodology 

The test involved swimmers completing twelve 25 m maximal effort swims from a push start 

separated by 5 seconds rest. Tests were always completed in a 25 m pool but locations differed 

depending on the availability of athletes and pool space. A maximum of 2 underwater butterfly 

kicks were allowed at the beginning of each effort for backstroke and freestyle; breaststroke 

swimmers completed an underwater pull-out. These efforts were hand-timed using a stopwatch 

(Seiko, Japan) to the nearest 100th of a second by the research team. Swimmers completed the 

test in their specialist stroke, with the exception of butterfly swimmers and individual medley 

swimmers, who completed the test in freestyle unless they had a secondary specialist stroke. 

Strokes were kept consistent for each swimmer for all trials. Immediately prior to beginning 

the test swimmers completed their own individualized race-specific warm up and then rested 

passively for approximately 4 min. 

 

Before they began the test the swimmers were given specific instructions regarding the required 

pacing strategy. Swimmers were instructed to swim as fast as they could on each individual 25 

m effort and hold nothing in reserve for the remainder of the test. As this pacing strategy is 

atypical each swimmer performed at least one familiarization trial. Given the level of the 

athletes as well as observing their response to testing, we have considered their efforts were, at 

least, very near maximal levels. Swimmers were instructed to abstain from intense exercise 24 

hours prior to testing and completed their normal race warm up immediately before being 

assessed. While this methodology is discontinuous it has been validated to produce the same 

fatigue profile as continuous testing procedures and end in a plateau representative of full D' 

depletion (Mitchell et al., 2018). 

 

Test analysis 

Peak speed, CS, D' and drop off % metrics were analyzed using the same methodology as has 

been described previously (Mitchell et al., 2018). Peak speed was calculated as the mean speed 

of the first 25 m effort. The CS was calculated as the mean speed of the slowest two 25 m 

efforts in the last four efforts. Drop off % was the percentage difference between the peak speed 

and the CS, and D' (1.22 m; 5.7%) was calculated by integrating a model fit (equation 1), of 

the speed-time curve between efforts two and twelve and subtracting CS multiplied by the time 

between the start of 25 m number two and the end of the twelfth effort. This value was then 
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added to the mean value of the speed for the first 25 m effort, minus CS, then multiplied by the 

total time for the first 25 m effort. 

 

Equation 7.1  )*++, = &. +C.D + % 

 

Where Speed = speed at time = t and a, b and c are all scaling factors. 

 

Competition Performance 

Publicly available competition performances for the period 2015 – 2017 were taken from the 

Swimming Australia results website (http://results.swimming.org.au, 2017). The fastest 

performances for each distance for both the swimmer’s preferred stroke and, where this 

differed, the stroke that they completed the test set in, were recorded. These performances were 

then standardized to the world record, according to equation 2, producing a world record ratio 

(WRR). The lowest value was then taken as that individual’s best event. 

 

Equation 7.2   WRR	 = 	 GHIJK
LMNOP	NJQMNPK

× 100 

 

Where timei is a performance in s in event i, and world record is the time in s for the same i 

event. World records were the current long course records as of 1 December 2017. 

 

Due to the low number of 400-m swimmers only the drop off % values for the 100-m and 200-

m groups were compared. Drop off % was tested for normality using a Shapiro-Wilk test, and 

no significant deviations from a normal distribution were identified. An unpaired t-test was 

used to compare means and the magnitude of change computed using Cohen’s d. 

 

Seasonal Changes in Parameters 

Performances in the 12x25m test for swimmers who had multiple tests were further analyzed 

to assess variation associated with different strokes and changes over time. The dataset for 

seasonal variation included twenty seven swimmers with 4 ± 3 observations (mean ± SD) per 

athlete. There were 10 breaststroke, 11 freestyle and 6 backstroke swimmers. The data from 

these athletes were also analyzed to determine the magnitude of change throughout a 

competitive season. Each test in the database was assigned to which third of the preparation 

(tertile) between the previous competition and the goal competition it occurred during. This 
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time was assigned as early, mid or late season. The greatest time difference for an individual 

swimmer spanned >800 days of training with 13 tests completed in that timeframe, while the 

average swimmer in the database completed four 12x25m tests. The total number of 12x25m 

tests for each subgroup of swimmers is presented in Table 7.1. 
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Table 7.1 The total number of 12x25m tests completed within each tertile of the season for 

each sex- and stroke-specific subgroup. 

 

Sex Backstroke Breaststroke Freestyle Total 
Female 24 27 39 90 
Early 6 11 12 29 
Mid 14 15 22 51 
Late 4 1 5 10 
Male 10 17 3 30 
Early 2 6 1 9 
Mid 6 9 2 17 
Late 2 2 0 4 
Total 34 44 42 120 

 

Statistical analysis 

To assess the effect of sex, stroke and time of the season a set of four mixed effects models 

were fitted using the Bayesian framework. An individual model was fitted to each of the 

metrics calculated from the 12x25m test; peak speed, CS, D' and drop off %. These models 

utilized time of the season as a fixed effect, with a nested hierarchy of dependency by athlete 

which was grouped by stroke and sex. Using the Bayesian methodology, the probability of a 

change between sections of the season as well as the mean ± 95% credible limits of the 

magnitude of that change was calculated explicitly from the posterior predictive distribution. 

 

Responsiveness was calculated using Guyatt’s Responsiveness Index (GRI) (Guyatt et al., 

1987). The GRI reflects how effective a diagnostic test is at identifying clinically (or 

practically) relevant change over time. There are multiple versions of this index depending on 

the design - we compared the variability in a stable group to the mean change expected in a 

‘treatment’ group. To calculate these values a sub-group of seven swimmers who also 

participated in our previous work (Mitchell et al., 2018) were used. The standard deviation of 

change scores from reliability testing was used as an indication of the typical variation in a 

stable group. The treatment condition was the mean change once these swimmers were exposed 

to training which has a dose-response relationship with performance (Banister et al., 1975; 

Busso, 2003; Hellard et al., 2005) (equation 3). 

 

Equation 7.3  Guyatt@s	Responsiveness	Index = 	aJbc	QdbceJ	(fNJbGIJcG	gNMhi)
jk	Ml	QdbceJm	(jGbnOJ	gNMhi)
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Results 
 

Seasonal Variation 

Mean competition performance for participants in this investigation was a world record ratio 

of 106.5 ± 4.2%. As is presented in Table 7.2, the four Bayesian mixed models analyzed for 

both within- and between-subject variations. Mean values for each metric for each sex- and 

stroke-specific subgroup are also presented in Table 7.3 for context. Results for between-

subject changes showed likely effects for each of the three stroke comparisons on both critical 

and peak speed values. The largest effect was between peak speed values for breaststroke when 

compared to freestyle swimmers. When comparing freestyle and backstroke there were no 

likely differences between D' values. However, when either of the long-axis strokes were 

compared to breaststroke these effects were much larger. There were fewer clear differences 

when assessing the within-subject changes. While there was a likely improvement in CS 

between the early section of the season and the middle tertile, no other changes had a likelihood 

of >70%. These data seem to indicate that, likely due to the limited size of the dataset, the 

uncertainty associated with changes in the metrics of the 12x25m test is large compared to 

changes in these metrics throughout the season.  
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Table 7.2 The effect of sex, stroke, chronological time and stage of the season on the aerobic 

and anaerobic parameters derived from the 12x25m test as determined through a Bayesian 

mixed effects model analysis. This table also contains the Guyatt’s Responsiveness Index 

values for descriptive metrics. Both effect sizes and Guyatt’s Responsiveness Index values were 

interpreted according to previous recommendations (Hopkins, Marshall, Batterham, & Hanin, 

2009). Likelihood of changes is denoted as * >70%, ** >80%, *** >90%. 
 

Between-subject differences 

Variable  R2 Male - Female 
Front-Crawl - 

Backstroke 

Backstroke - 

Breaststroke 

Breaststroke - 

Front-Crawl 

Critical Speed (m.s-1) 0.95 0.14 0.14 0.21 -0.35 

Effect size  0.9* 0.6* 5.9*** -1.5*** 

Peak Speed (m.s-1) 0.98 0.23 0.22 0.30 -0.51 

Effect size  1.0** 0.6* 9.0*** -1.4*** 

D' (m) 0.74 5.6 4.4 4.6 -9.0 

Effect size  0.8* 0.4 2.0*** -0.9** 

Drop Off (% point) 0.73 4.6 3.8 3.1 -7.0 

Effect size  0.9** 0.5* 1.7*** -0.9** 

Within-subject changes 

Variable  R2 

Guyatt’s 

Responsiveness 

Index 

Early to Mid Mid to Late Early to Late 

Critical Speed (m.s-1) 0.95 1.4 -0.02 0.06 0.04 

Effect size   -1.35*** 0.26 0.19 

Peak Speed (m.s-1) 0.98 2.7 -0.00 0.03 0.03 

Effect size   -0.39 0.09 0.08 

D' (m) 0.74 2.2 0.5 1.5 2.0 

Effect size   0.46 0.15 0.21 

Drop Off (% point) 0.73 1.6 0.6 0.6 1.2 

Effect size    0.85* 0.08 0.17 

 

Guyatt’s responsiveness index results are reported in Table 7.2. These values all exceeded the 

threshold of 1.2 and can be considered large effects (Hopkins et al., 2009). According to this 

framework small effects were classified as ≥0.2 and <0.6, moderate effects were ≥0.6 and <1.2. 
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Critical speed was the least responsive and peak speed was the most responsive of the metrics 

assessed. 

Table 7.3 Mean values for each of the four metrics of the 12x25m test for each sex- and stroke-

specific subgroup. Data presented as mean ± SD. 

 

Female Backstroke Breaststroke Freestyle 
Critical Speed (m.s-1) 1.57 ± 0.07 1.34 ± 0.06 1.65 ± 0.05 
D' (m) 19.8 ± 4.1 12.7 ± 5.4 19.8 ± 4.7 
Peak Speed (m.s-1) 1.85 ± 0.07 1.53 ± 0.04 1.94 ± 0.06 
Drop off % 14.8 ± 2.2 11.4 ± 3.9 15.0 ± 2.5 
Male Backstroke Breaststroke Freestyle 
Critical Speed (m.s-1) 1.63 ± 0.08 1.44 ± 0.04 1.75 ± 0.04 
D' (m) 22.2 ± 4.8 18.4 ± 5.6 27.9 ± 5.9 
Peak Speed (m.s-1) 1.98 ± 0.04 1.69 ± 0.08 2.26 ± 0.05 
Drop off % 18.0 ± 4.0 13.9 ± 4.9 23.3 ± 2.5 

 

Event 

A secondary aim of this investigation was to assess the effect of event specialty on drop off %. 

The mean drop off % for the 100-m swimmers (18.1 ± 4.1%) was significantly larger 

(standardized difference 1.10 (95% CI 0.35 to 1.85), p=0.003) than for 200 m swimmers (14.0 

± 3.3%). 

 

Discussion 
 

Our responsiveness data show that the 12x25m swimming test is sensitive enough to detect 

differences in physiological metrics between groups of swimmers over a season. While these 

values were dominated by uncertainty when assessed in terms of the tertiles of the season, 

Bayesian mixed effects modelling indicates that stroke and sex likely impact the values of the 

12x25m metrics. Further analysis supported our second expectation of a substantial difference 

between drop off % for 100 m swimmers and 200 m swimmers. Drop off % may have utility 

as an event selection tool for individual swimmers if coaches are unsure whether their athletes 

are better suited to the 100 m or the 200 m race distance. Our results did not confirm the utility 

of the 12x25 test to assess changes in performance capacities over a training season. 
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Measures of responsiveness indicated that the 12x25m test shows a favorable ratio of expected 

change (signal) relative to noise (Table 7.2 – Within-subject changes), indicating that sport 

scientists can be confident in identifying meaningful differences and changes, rather than 

measurement error. Responsiveness was chosen for this investigation to give context to 

estimates of the typical error in measurement of 12x25m metrics reported by our laboratory 

previously (Mitchell et al., 2018). While the values of absolute and relative error are important, 

when interpreted in isolation these values do not provide enough information to assess the 

usefulness of a physiological test. Guyatt’s Responsiveness Index was chosen to represent the 

signal-to-noise ratio as it allowed for the comparison of two cohorts measured using the same 

test, rather than comparing to an external criterion measure which was not available for this 

dataset. The GRI’s calculated were all greater than 1.3. As GRI values can be interpreted as a 

modified effect size, all effects were considered large as they exceeded a threshold of 1.2 

(Hopkins et al., 2009). Thus, the 12x25m test can be used to confidently assess likely 

differences in both CS, D' and peak speed measures in national- and international-level 

swimmers across a training season leading to a major competition. 

 

The Bayesian mixed effects analyses performed in this investigation built on previous research 

which shows the 12x25 test produces reproducible results and matches the fatigue profile of 

other approaches for 3 min testing (Mitchell et al., 2018). The results of these models describe 

the differences between sexes and between strokes which, at this early stage in the research 

regarding the 12x25 test, is useful to characterize the typical values observed throughout this 

assessment protocol. These models also showed that within some stroke and sex specific 

groups there were variable effects or trends according to the tertiles of the season, but these 

were not consistent in their magnitude nor direction. When data were analyzed to ascertain 

overall trends, the results showed no clear change according to the tertile of the season in which 

the 12x25m test was performed. Using a Bayesian approach to hierarchical modelling, it was 

possible to simultaneously capture complex dependencies and random effects arising from 

gender, stroke and seasonal effects on D' and CS performances. Given a high level of 

uncertainty in the effects described by the Bayesian models, likely arising from the small 

number of observations of swimmers of different sexes (especially males), stroke 

specialisations and time of the season (especially late in the season), the Bayesian approach is 

useful in identifying the probability of underlying effect, which are not explicitly computed 

using classical approaches.  
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Our Bayesian analysis also yielded variable results for the magnitudes of effects of season 

tertiles due to relatively small mean changes and large uncertainties (posterior variance). These 

uncertainties stem in part from a small number of late season tests (n=14) compared to the mid 

and early season time points (n=68 and 38 respectively). It may also be reasonable that, outside 

of these differences in sample numbers, the responses between athletes may differ, and as the 

time between tests increases so will the range of values for a group of athletes who are 

prescribed different training or responding differently to the same training prescription. Overall 

changes across tertiles were unclear, however the pattern of these mean differences makes 

intuitive sense. For CS data there appears to be a period of functional overreaching after a 

return from rest which causes a decrease in performance in the middle of the season, then 

progressive increases in physiological capacities towards the end of the season with mean 

changes ~1.5 to 3-fold larger than typical error values (Mitchell et al., 2018). In future, a 

continuous approach to quantifying seasonal variation, rather than the less sensitive tertile 

method, might be more informative. 

 

The drop off % values for 100 m swimmers were substantially larger than the values measured 

for 200 m specialists. This outcome supports our secondary hypothesis and is similar to 

previous reports of fatigability and whether athletes are more aerobic or anaerobically biased. 

Specifically our results were similar to the reported relationship between fast twitch area/slow 

twitch area ratio and the decrement in power observed throughout a Wingate test (Bar-Or et 

al., 1980). This finding makes intuitive sense; sprint athletes will typically have higher absolute 

and relative peak power than more endurance-based athletes (Vandewalle, Peres, Heller, Panel, 

& Monod, 1987) or higher maximal speed values (Zacca et al., 2010) depending on the exercise 

modality. Endurance-based athletes will, in turn, have a higher CS values than their more 

sprint-based counterparts (Zacca et al., 2010). It seems likely that the ratio between maximal 

power, or maximal speed in our case, and the corresponding value at critical power or speed 

could provide insights on the duration of the event that an athlete may perform best in given 

their current physiological characteristics or profile. We consider this ratio could be used as an 

indicator of anaerobic/aerobic balance, which requires event-specific training depending on the 

demands of competition. Our investigation indicates that this optimal point may be lower for 

200 m swimmers (14.0 ± 3.3%) than for 100 m swimmers (18.1 ± 4.1%). It is beyond the scope 

of the current study to determine whether a similar trend occurs within athletes; that is as drop 

off % decreases does the swimmer become more successful in more aerobically dominant 
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events, as seems to be the case between athletes. Future research should also examine whether 

there is an individual ‘set point’ value for drop off % for each swimmer, as aerobic/anaerobic 

balance seems to be partly genetically determined (Henderson et al., 2005).  

 

Practical applications 

The 12x25m test appears to be sufficiently responsive for use by coaches and practitioners 

looking to estimate changes and differences in CS, D' and peak speed between high-level 

swimmers, and perhaps within athletes over time. These adaptations should be interpreted in 

light of the typical changes expected at different points in the season. The 12x25m test also 

shows promise to be able to distinguish whether an athlete may be better suited as a 100-m or 

a 200-m swimmer.  

 

Conclusions 

Using a standard measure of assessing responsiveness, the Guyatt’s responsiveness index, the 

metrics of the 12x25m test are sensitive enough to pick up what might be considered ‘normal’ 

changes. However, despite this there were no clear patterns of adaptation across the tertiles of 

a season evident for this cohort of swimmers. There were differences evident between sexes 

and between swimmers who completed the test using different strokes. Swimmers who perform 

better in a shorter event had larger drop off % values than those who performed better over a 

longer event. 

 

Appendix 
 

The aim of the model is to understand how performance changes over a season for each athlete 

whilst accounting for the nested effects of the stroke and gender. Additionally, each athlete has 

a unique gender and stroke preference that is assumed to remain constant. A hierarchical model 

allows to encode this structure whilst encapsulating the variability in the performance of 

athletes, by stroke, by gender, and overall.  

 

We fit independent models for critical speed, peak speed, D’ and drop off taking into account 

gender # (female or male), athlete o and data point p. The response q is modelled as follows: 

qrs~uv&wr + &xry+&yz{.9#, + &|ry+&yz{. '&$+, }~|� 

&wr~u(ÄwÅ + ÄxÅy$"zp+. Ä" + Ä|Åy$"zp+. Ç", ÉC) 



 

 119 

&xr~u(%wÅ + %xÅy$"zp+. Ä" + %|Åy$"zp+. Ç", ÉÑ) 

&|r~u(,wÅ + ,xÅy$"zp+. Ä" + ,|Åy$"zp+. Ç", ÉÖ) 

Non-informative normal priors are placed on the following parameters: 

ÄwÅ, ÄxÅ, Ä|Å, %wÅ, %xÅ, %|Å, ,wÅ, ,xÅ, ,|Å~u(0.0,1000) 
Non-informative gamma priors are placed on the variance: 

1
}~|
~Ü&99&(0.001,0.001) 

 

The model is formulated as a Bayesian mixed model and fitted with MCMC. All data is 

standardised (scaled and centred). Here, &wr represents ‘baseline’ early season performance 

and its variability as explained by fixed effects of stroke within the hierarchy of gender effects 

#. This structure is also applied to random slope terms for mid and late season effects. As a 

result, it is possible to make inferences about changes in performance over a season whilst 

comparing to baseline early season variation, by stroke and gender.  

 

Using MCMC chains for model parameters, we can obtain, in addition to stroke, gender and 

season effects, the mean gender effect, mean effect of stroke by integrating over stroke and 

season: 

Mean gender effect (male over female) = mean over seasons (over strokes) 

9&'+Åáx − Ç+9&'+Åáw
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Mean season effect = mean over strokes (over gender) 
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Chapter 8 – The relationship between modified 3-minute test values 

and competition performance in elite swimmers 
 

Mitchell, L. J. G., Rattray, B., Saunders, P. U., & Pyne, D. B. (2018). The relationship between 

modified 3-minute test values and competition performance in elite swimmers. Presented at 

the XIIIth International Symposium of Biomechanics and Medicine in Swimming, Tsukuba, 

Japan, September 2018. 

 

Abstract 
 

Thirty-four elite swimmers (22 female, 12 male, world record ratio = 107.0 ± 3.1%) completed 

a modified 3 minute test (12x25m) as a part of their routine sport science support. This test 

involved a series of unpaced maximal 12x25m intervals interspersed with 5 s rest periods. The 

model speed = a.eb.time + c was fitted to the data and integrated to calculate supra-critical speed 

distance capacity (D'). The slowest two of the last four efforts were averaged to calculate 

critical speed (CS). Peak speed was recorded as the fastest average speed for a single 25 m 

effort and drop off % was the percentage difference between peak speed and CS. Season’s best 

times in 50 m, 100 m and 200 m events were compared to world record to calculate a world 

record ratio (WRR) where WRR = Swimmers time/World Record x 100. Variables were all 

compared to performance using a multiple linear regression model with sex and stroke as 

covariates. This analysis showed that peak speed had a strong relationship with 100 m WRR; 

R2 = 0.62. Faster peak speeds related to lower WRRs. This was also true for CS which related 

to 200 m performance with an R2 = 0.61. Drop off % comparisons showed trivial relationships 

to performance, and D' related best with 50 m WRR (R2 = 0.37). For D' a second order 

polynomial model achieved a higher R2 value, indicating that for 50 m and 100 m events there 

may be an optimal value for this metric, 24.2 and 25.2 m respectively. The 12x25m test is a 

simple, practical and viable alternative for CS testing and also offers two useful metrics, peak 

speed and D', for the assessment of the anaerobic system as well.  
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Introduction 
 

Sport scientists have been monitoring the physiological and performance adaptations of elite 

swimmers to training for many years. Much of this work has focussed on aerobic adaptations, 

specifically the lactate threshold (LT) (Pyne et al., 2001) and speed at maximal lactate steady 

state (MLSS) (Mezzaroba & Machado, 2013; Wakayoshi et al., 1993). Assessments of LT and 

MLSS are well established, however they often require >1000 m of submaximal swimming, 

blood sampling and qualified staff to produce accurate results. An alternative is the critical 

power (CP) and supra-critical power work capacity (W') approach (Monod & Scherrer, 1965) 

originally investigated in a single muscle group and has since been generalised to cycling and 

other sports where power is readily measurable. The CP-W' framework was designed to predict 

the time to muscular fatigue based on two parameters. The first parameter CP estimates the 

highest possible power output that will produce a ‘steady state’ physiological environment (Hill 

& Ferguson, 1999). The second parameter is W' which represents a finite supra-CP work 

capacity that, once used, cannot be replenished until power output decreases below CP.  

 

In swimming, power is substituted for speed, as there is no reliable method for measurement 

of power output in the pool. The energetics and mechanics of speed are closely linked to power 

(Capelli et al., 1998), Critical speed (CS) rather than critical power is calculated in the same 

manner, with a series of maximal effort time trials. This method has been validated against the 

MLSS (Wakayoshi et al., 1993) and is usually completed over multiple sessions or days. This 

methodology should include efforts of greater than 100 m to avoid inaccuracies (Dekerle et al., 

2002), particularly when calculating the equivalent of W', namely D′. Critical speed testing is 

useful for monitoring aerobic adaptations to training and the D' value calculated from this 

protocol may be of interest when tracking changes in anaerobic capacity. However, the CS 

testing protocol itself may take too much time and this is a potential barrier to wide usage in 

the swimming community. Other methods of LT testing may be more practical from a time 

perspective as most are completed in a single session. However, the majority of the tests 

described in the literature give little to no information regarding anaerobic adaptations and 

require specialised equipment and expertise in blood sampling. Given the shortcomings of the 

testing protocols described to date a single session testing method which does not require blood 

sampling would be of considerable interest to the swimmers and coaches. 
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A single session testing method to establish aerobic and anaerobic parameters based on the 

critical power and W' framework was first established in cycling and involved athletes 

completing a three minute Wingate-style test (Vanhatalo, Doust, & Burnley, 2007a). These 

cyclists were instructed to complete as much work as possible over the three minutes in an 

unpaced manner. This approach has shown positive initial results in cycling, as well as rowing 

(Cheng et al., 2011) and swimming (Tsai & Thomas, 2017). However, concerns regarding bias 

of critical power estimates, a 51 W mean overestimation in 6 elite cyclists, from the three 

minute method in cycling have been raised recently (Bartram, Thewlis, Martin, & Norton, 

2017b). Despite this conjecture, we confirmed the metrics were both reliable and valid against 

time-trial methodology, from a modified version of the three minute protocol in swimming 

(Mitchell et al., 2018). Our group used a similar methodology to Siegler et al. (2010), 

prescribing 5 s rest at the end of each 25 m effort to minimise the variability of turning 

performance under fatigue. However, when applying the test in our laboratory the test was 

extended by 4x25 m efforts compared to Siegler et al.’s approach to fit within the three-minute 

framework. Further investigation is required to establish the utility of these testing measures, 

in particular how strongly they relate to competition performance. 

 

To establish whether a modified three-minute test (12x25m) can effectively discriminate 

between swimmers of differing performance levels, we assessed whether the degree of 

association (correlation) between metrics derived from this test and season’s best competition 

performances across a range of elite and sub-elite swimmers. We expected that each 12x25m 

metric would substantially correlate with competition performance, and that better performing 

swimmers would have either faster or larger values for these metrics. Additionally, we 

expected drop off % to have an optimal value for each different competition distance as we 

hypothesise this value would give some indication of fibre-type distribution or the balance 

between the aerobic and anaerobic systems and would therefore favour some events over others 

when at specific values. 

 

Methods 
 

Thirty-four elite swimmers (22 female, 12 male, world record ratio (WRR) 107.0 ± 3.1%, 

males; 78.3 ± 5.8 kg, 20.0 ± 1.5 y, females; 65.5 ± 5.2 kg, 18.7 ± 3.6 y; mean ± SD) were 

recruited through a regional academy of sport. Swimmers provided their informed consent for 
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participation in this investigation which was approved by the Human Ethics Committee of the 

University of Canberra. 

 

A cross sectional analysis of each swimmer’s best competition performance within a training 

season, and the 12x25m test closest to this performance, was completed. The testing protocol 

was used as part of the swimmers’ normal preparation and thus swimmers were tested in 

varying states of fitness. 

 

12x25m testing 

Swimmers were instructed to abstain from intense exercise 24 hours prior to testing and 

complete their normal race warm up prior to testing.  

 

Swimmers then completed twelve 25 m maximal effort swims from a push start separated by 

5 seconds rest. A maximum of two underwater kicks were allowed at the beginning of each 25 

m effort. These were hand timed (Seiko, Japan) by a research investigator. Tests were 

completed in each swimmer’s specialist stroke, with the exception of butterfly specialists and 

individual medley swimmers, who completed the test in freestyle unless they had a secondary 

specialist stroke. This was to limit the potential technical breakdown for butterfly swimmers 

and to keep values consistent for individual medley swimmers as completing the test in a 

combination of strokes would add extra variability and make values un-interpretable. Strokes 

were kept consistent within each swimmer for all trials. 

 

From the speed and time data four descriptive metrics were calculated. These were peak speed, 

critical speed (CS), supra-critical speed distance capacity (D') and drop off %. The methods for 

calculating each of these metrics are presented in Table 8.1. 

 

Table 8.1 Calculation methodology for the four descriptive metrics of the 12x25m test 

  

Variable Calculation 
Peak Speed (m.s-1) The average speed of the fastest 25 m effort, in all cases this was 

the first effort of the test 
Critical Speed (m.s-1) The average speed of the slowest two 25 m efforts of the final 

four 
D' (m) Calculated according to equation 8.1 
Drop off % Calculated according to equation 8.2 
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Equation 8.1   D@ = (25 − CS. Timex) × ∫ va. en.GHIJ + c� − CSGHIJö
GHIJöõ

 

 

Where a, b and c are all scaling factors, CS is critical speed as described above. Time1 is the 

total cumulative swimming time taken after the first 25 m effort and time12 is the total 

cumulative swimming time after the twelfth effort. 

 

Equation 8.2   Drop	off	% = 	 üJb†	jiJJP	°	¢NHGHQbO	jiJJP
üJb†	jiJJP

	× 100 

 

Competition performances 

 

Season’s best performances in 50 m, 100 m and 200 m events were sourced from a publicly 

available database (results.swimming.org.au, 2017). Raw times were then converted in to a 

world record ratio (WRR) according to equation 8.3 so that pooled comparisons of sexes and 

distances could be completed. 

 

Equation 8.3  WRR	 = 	 GHIJK
LMNOP	NJQMNPK

× 100 

 

Where timei is a performance in seconds in event i, and world record is the time in seconds for 

the same i event. World records were the current long course records as of 1st of December 

2017. 

 

For the athletes in this investigation, all 34 had 100 m times, 33 had 200 m times and 31 had 

50 m times. These times were all in the same stroke and the stroke matched the stroke for each 

swimmer’s 12x25m test. 

 

Statistical analysis 

All data were assessed for normality using a Shapiro-Wilk test. The four outcome measures of 

the 12x25m test were then compared to competition performance using a multiple linear model 

approach. For each model stroke and sex were included as covariates. As multiple variables 

were related to performance multivariate normality was assessed using Mardia’s test, and 

heteroscedasticity of each model was assessed using a Breusch-Pagan test. The dataset was 

assessed to have a non-normal multivariate distribution (p < 0.001). As a result, all multiple 
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linear models were fit using a generalised additive model approach, which is a non-parametric 

modelling technique robust to skewed distributions, using the mgvc package (Wood, 2010) in 

R (R Core Team, 2017). Leave-one-out cross-validation was used to calculate the stability of 

correlation coefficients (reported as mean ± SD) as well as the standard error of the estimate 

(SEE) according to Equation 8.4. 

 

Equation 8.4  SEE = 	§∑(¶°¶ß)õ

®°|
 

 

Where N is the number of participants, Y is the measured value for the metric in question and 

Y’ is the predicted value for this metric. 

 

Results 
 

Peak speed and critical speed both related strongly to performance. These relationships 

progressed in a predictable way, with peak speed relating more strongly to 100 m and 50 m 

performance, while CS related more closely to 200 m performance. D' was strongly related to 

50 m and 100 m performance when fit with a second order polynomial model. This model 

structure meant that an optimal D’ was able to be calculated and these values are reported 

following the Figure 2 and Figure 3. Drop off % had little relationship with performance in any 

distance. Descriptive statistics for each of the mixed linear models can be viewed in Table 8.2. 
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Table 8.2 Goodness of fit and p value statistics for multiple linear regression models for each 

metric of the 12x25m test. D' data were fit using a second order polynomial, all other variables 

were fit using linear models. Standard error of the estimate (calculated according to Equation 

8.4) data are reported in percentage points for WRR predictions. 

 

Variable Statistic 50 m 100 m 200 m 

Critical Speed R2 0.29 ± 0.03 0.32 ± 0.03 0.61 ± 0.02 

 p 0.03 0.008 < 0.001 

 SEE 4.0 3.3 2.6 

Peak Speed R2 0.56 ± 0.03 0.62 ± 0.02 0.35 ± 0.02 

 p < 0.001 < 0.001 0.003 

 SEE 3.1 2.4 3.2 

D' R2 0.37 ± 0.03 0.32 ± 0.03 0.10 ± 0.02 

 p 0.01 0.02 0.74 
 SEE 3.9 3.4 4.0 
Drop off % R2 0.14 ± 0.03 0.09 ± 0.02 0.10 ± 0.02 
 p 0.55 0.77 0.76 

 SEE 4.5 4.0 4.1 
 

 

Peak speed explained the most variation in 100 m performance (62%) when sex and stroke 

were taken in to account, while CS explained a similar amount of variation (61%) for 200 m 

performance. Individual relationships for these can be seen in Figure 8.2B and 8.3A. 

Polynomial relationships showed a significant relationship between D' and 50 m and 100 m 

performances, explaining 37 and 32 % of the variation in performance for each of these 

respectively (Figure 8.1C and 8.2C). Drop off % was poorly related to performance over any 

distance, whether modelled using a linear or second order polynomial relationship. As none of 

these models were significant second order polynomial results are reported here (Table 8.2) to 

match the shape proposed in our original hypothesis. 
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Figure 8.1 Relationships between 50 m performance and critical speed (A), peak speed 

(B), D' (C) and drop off % (D). Closed grey points represent males, open black points 

represent females. Diamonds and full lines denote freestyle, triangles and evenly 

spaced dashed lines denote backstroke and circles and alternately large and small 

dashed lines represent breaststroke.  
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Figure 8.2 Relationships between 100 m performance and critical speed (A), peak 

speed (B), D' (C) and drop off % (D). Closed grey points represent males, open black 

points represent females. Diamonds and full lines denote freestyle, triangles and evenly 

spaced dashed lines denote backstroke and circles and alternately large and small 

dashed lines represent breaststroke. 

 
As the shape of the D' relationship to speed appears to be a second order polynomial, rather 

than the linear improvements seen for CS and peak speed, minimums were able to be 

calculated. For 50 m this ‘optimal’ level of D' was 24.2 m and for 100 m the value was 25.2 m. 
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Figure 8.3 Relationships between 200 m performance and critical speed (A), peak 

speed (B), D' (C) and drop off % (D). Closed grey points represent males, open black 

points represent females. Diamonds and full lines denote freestyle, triangles and evenly 

spaced dashed lines denote backstroke and circles and alternately large and small 

dashed lines represent breaststroke. 

 
There were no substantial relationships between Drop off % and performance across any of the 

distances examined in this investigation. We expected that this relationship, in a similar fashion 

to the shape of the D' relationships, would have an optimal value for each distance however the 

data presented here indicates this is not likely the case. 

 

Discussion 
 

Peak speed and CS were highly related to performance across 50 m, 100 m and 200 m events 

and explained substantial variation between the performance levels of the swimmers in this 

investigation. This outcome is particularly relevant for critical speed and adds credence to the 
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case that the 12x25m test is producing robust estimates of CS. The relationships we observed 

in our data match the magnitude and direction of previous descriptions of correlations between 

CS measures and competition performances in swimmers. This is the first investigation to show 

that D' calculated from a three-minute test relates to competition performance across a group 

of swimmers, although the parabolic shape of the relationship was not anticipated. It was 

surprising that Drop off % metric only correlated trivially with swimming performance. 

 

Our results regarding peak speed mirror similar findings in repeated sprint testing in running. 

The peak speed over a 6x35 m repeated sprint test with 10 s rest had correlation coefficients of 

R2 = 0.45 for 200 m running performance and R2 = 0.21 in relation to 400 m performances on 

the track (Zagatto et al., 2011). Our correlations may be stronger given a longer effort duration 

(~6 s vs ~13 s) which may have driven the energetic demands on the first effort to more closely 

aligned with those required to perform over 50 m or 100 m in the pool. The results of our 

investigation also agree with data showing a significant relationship between 200 individual 

medley performance and speed at a blood lactate concentration at 4 mmol.l-1 (R2 = 0.43) (Silva 

et al., 2007). This correlation is smaller in magnitude than the R2 = 0.61 correlation between 

CS and 200 m performance identified in this investigation, which may be explained by the 

stroke specificity of our dataset. Longer events tend to have higher correlations with aerobic 

metabolism indicators such as LT; the same researchers reported that 4 mmol.l-1 speed 

correlated more closely with 400 m freestyle performances (R2 = 0.57), while others have 

reported correlations as high as R2 = 0.75 (Wakayoshi et al., 1992) and R2 = 0.79 (Ribeiro et 

al., 1990) between LT and 400 m freestyle performances. Our results show the same trend for 

CS which related far more closely to 200 m performances than it did to either 100 m (R2 = 

0.32) or 50 m (R2 = 0.29) performances. It appears the 12x25m test may be as useful as other 

protocols for estimating the CS, while being easier to administer and more appropriate for 

shorter events with large anaerobic energetic contributions. 

 

The parabolic shape of the relationship between D' and performance was unexpected. An 

explanation for this finding may relate to muscle fibre type. In swimming, even in the shortest 

event, the 50 m freestyle, swimmers derive ~20-30% of energy from aerobic sources (Ogita et 

al., 1999; Zamparo et al., 2000). Further, the proportion of energy from aerobic sources can 

exceed 50% over 100 m events for some athletes. Clearly the aerobic system is an important 

contributor to swimming performance. From an anaerobic perspective, W' appears to correlate 

with the amount of phosphocreatine an athlete can store in their muscle (Jones et al., 2008) and 
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one strategy that could improve W' (or potentially its counterpart, D') is creatine 

supplementation (Eckerson et al., 2004). Athletes who have a higher proportion of fast twitch 

fibres are known to have higher phosphocreatine contents per kg of muscle than athletes who 

have more slow twitch fibres (Kushmerick, Moerland, & Wiseman, 1992). Taken together and 

in context of swimming performance it seems likely that there will be an ideal proportion of 

fibre types for a given distance. If a swimmer’s fast twitch fibre content is too high this could 

be detrimental to their performance due to the negative correlation between fast twitch fibre 

content and V̇O2max values (Bar-Or et al., 1980), which are important for swimming 

performance (Rodriguez & Mader, 2003). An optimal balance between fast and slow twitch 

fibres for performance may have inadvertently been mirrored in an optimal D' value due in part 

to the differences in phosphocreatine content between athletes. It should be noted that almost 

all (32 of 34) of these swimmers performed better over 100 m compared to 50 m, and therefore 

the optimal levels of D' presented in this work may relate more closely to 100 m events than 

50 m events. 

 

Despite our initial expectation, the Drop off % metric was poorly correlated with performance. 

While this was an unexpected finding, it does match previous research which failed to identify 

a substantial link between fatigue index, a very similar metric to Drop off %, and blood 

parameters related to anaerobic fatigue including pH and base excess (Bielec et al., 2013). We 

expected that there may be an optimal level of this measure for each competitive distance we 

examined, however our data do not support this conclusion. It may be that simply assessing the 

maximal speed at which a swimmer can swim is not sufficient to fully characterise their 

anaerobic energy system. Thus, the ratio of this speed and CS is not enough to capture the 

physiological differences between athletes which would correlate with performing better in one 

distance over another. It may also be the case that a continuous performance variable is not 

appropriate for assessing event specificity, for example the fastest 200 m swimmer in this 

dataset relative to the world record actually performed better in the 100 m event in the same 

stroke. 

 

It appears that physiological capacities (and the ability to express them) can vary substantially 

throughout a competitive season. Consequently, a limitation of this investigation was the ability 

to test closer to competitive performance; in some cases, we tested more than three months 

before or after competition. We also tested swimmers as part of their routine sport science 

support throughout the season and, while efforts were made to ensure they were in a similar 
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physiological state, there is no guarantee that their training load or diet were identical to each 

other as these data were not collected. However, it is encouraging that we identified significant 

associates between performance and energetic estimates despite these potential causes of 

variation. 

 

Conclusion 
 

Our data suggests that the 12x25m test correlates with athlete performances in 50 m, 100 m 

and 200 m events, and that there may be an optimal level of supra-CS distance capacity for 50 

m and 100 m events. Correlations between CS and season’s best performance times were of a 

similar magnitude to previous reports of this relationship, indicating that the 12x25m test is a 

simple, practical and viable alternative for aerobic testing that yields useful metrics for 

assessment of aerobic and anaerobic systems.  
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Chapter 9 – Discussion 
 

In elite swimming, changes in the anaerobic energy systems can have a large impact on 

performance. As such, coaches are very interested in changes in the anaerobic energy systems 

and have often used performances over short distances, such as a 50 m maximal effort, in order 

to monitor how these systems are adapting to training. While our data supports previous 

findings that these performances change in a predictable manner with training load, as well as 

the additional novel finding that performances over different distances respond in a different 

manner to the same training load, it is well established that variations in 50 m performance 

cannot be entirely ascribed to changes in the anaerobic energy systems. When assessing 

components which are more specific to these energy systems, CS and D', they explain a 

substantial amount of cross-sectional variation in performance among adolescent swimmers. 

Testing these metrics in a time effective manner may provide coaches with a more specific 

assessment methodology than utilising 50 m maximal efforts for assessing the adaptations of 

the anaerobic energy systems. The 12x25m test provides a simple methodology which allows 

these variables to be assessed in under four minutes. 

 

Our data show that the 12x25m test may be a simple solution to quantifying physiological 

adaptations in swimmers, particularly for anaerobic changes, which addresses a need in elite 

swimming. The 12x25m test is both reliable and responsive enough to be used in a practical 

setting. While there are other methods of assessing anaerobic metabolism these often require 

quite expensive and specialised equipment as well as trained staff with the expertise to 

implement these tests. The 12x25m test only requires split times which can be collected by any 

coach. Additionally, metrics calculated from the speed data in this test are able to distinguish 

between relatively high and low performing swimmers. The 12x25m test provides two more 

metrics which are physiologically relevant and can be tracked over time, peak speed and drop 

off %. 

 

The lack of a standard, simple test to assess indicators of anaerobic tolerance in swimmers was 

observed from the research team’s anecdotal experience and a thorough examination of the 

literature. Coaches, in our experience, have and are using 50 m performances as a surrogate 

measure for assessing the anaerobic system. While it is known that the energy utilised in 50 m 

events is 65 – 73% anaerobic (Ogita et al., 1999; Zamparo et al., 2000), 50 m efforts may not 
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be appropriate for assessing the anaerobic system in isolation. The anaerobic system is 

important for the majority of Olympic swimming events, including all relay events, but is 

relatively under researched in this sport. In cycling, however, there is a substantial amount of 

information available regarding the use of this energy system, and in particular how it relates 

to mechanical power output. The 3MT is likely a useful, easy to administer and meaningful 

test of a cyclist’s maximal physiological capabilities (Vanhatalo, Doust, & Burnley, 2007a; 

Wang, Fukuda, La Monica, et al., 2017a). Thus, it was our goal to first assess whether the 

critical power-W' framework might be useful in predicting performance in swimmers. 

 

Load monitoring and performance modelling 
 

The data collected and analysed within the initial sections of this thesis compared two methods 

of quantifying training intensity and four methods of matching these data to performance 

outcomes. Our results revealed that five zones were sufficiently accurate to match training to 

fatigue, and that increasing the complexity of this method to seven zones did not improve the 

prediction of performance. Additionally, exponential impulse-response models in both the 

Busso and Banister forms outperformed a simple rolling averages approach when predicting 

performance outcomes. Finally, a basic machine learning approach using a neural network, and 

combining the data for each of the swimmers outperformed the predictive accuracy of all three 

of the other models, despite using input variables of lower complexity.  

 

The outcomes of our analyses of load data indicate that only the five-zone quantification 

method is required for this technique and that models could be used by coaches to optimise 

short term preparations for races. This method could also be used in conjunction with other 

measures to assess whether swimmers are adapting in the manner the coach expects they 

should. If models were available for swimmers their coach could use these to predict how 

fatigued their athletes should be during an intensified training block. If swimmers are 

substantially slower than their predicted values this could indicate either a clinically relevant 

issue, such as an infection, underlying fatigue or low energy availability. Alternatively, if 

swimmers are faster than normal these responses might indicate that the training is potentially 

better matched in terms of its overall balance when compared to previous seasons, or that they 

have improved some other practice outside of the training pool. Future research should look to 
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incorporate the use of performance testing in conjunction with training load as a leading 

indicator for potential maladaptation to training. 

 

The use of machine learning techniques to predict performance based on training load values 

also has promising future applications. However, these applications require further research to 

be properly utilised by coaches. In our investigation we showed that the data of three swimmers 

could be combined to improve the prediction of performance for any one of these athletes. This 

methodology could allow coaches and scientists to provide accurate feedback on the likely 

response of a swimmer to a training plan, including multiple different training modalities, 

based on demographic and phenotypical information. These predictions would then continue 

to improve as more information was collected on a particular swimmer. Depending on the 

quality of the underlying database these models could provide insight in to the correct balance 

of training types, as well as the total load to be applied. To produce this type of analysis 

indicators of the aerobic and anaerobic energy systems which match very closely to 

performance would be quite useful. The underlying relationships between these indicators and 

variables which could impact on their correlation with performance would be very important 

to quantify and understand to ensure the accuracy and interpretability of these models. 

 

Talent identification and multivariate analysis 
 

Typical talent identification measurement variables predict performance outcomes more 

accurately for 100 m events and male swimmers than for 200 m events and female swimmers. 

There are a number of variables which impact on the way critical speed and D' influence 

performance. For male 100 m swimmers D' was an important predictor along with maturity 

level and anthropometry metrics; the same was true of 200 m performance however CS was 

more useful in this model. These models explained a large amount of the variance in 

performance, 93 and 84% respectively. For females D' did not improve model fit for 100 m 

performances, but CS was still an important variable to predict 200 m performance. 200 m 

performances were less predictable using the testing metrics in female swimmers with only 

44% of the variance explained by the model. 

 

While these common assessments seem to be appropriate for adolescent male sprinters, they 

are less important for explaining the differences in performance levels for female 200 m 
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swimmers. These analyses highlight the importance of assessing variables within a multi-

variate model, rather than in isolation. For example, when the correlation between mass and 

100 m performance for males was assessed in isolation, mass and performance correlated with 

an r value of -0.53 and a p = 0.06, indicating that heavier swimmers were on average somewhat 

faster than their lighter peers. However, when assessed as a part of a large framework of 

variables the relationship between mass and performance completely reversed. Using this 

multivariate model, if two swimmers were assessed who had the same values for all four of the 

other covariates but had different masses, the heavier swimmer would be predicted to swim 

slower than the lighter swimmer. This may have been due to the lighter swimmer possessing a 

superior power to weight ratio among other explanations. The advice that can be delivered to 

coaches and athletes can be entirely different depending on the analysis methodology used. It 

is vital that scientists produce the most accurate mathematical representation of swimming 

performance, so that advice is helpful and does not harm performance. Variables should be 

assessed while taking in to account their interactions with other variables in the system as often 

as is practical. A key outcome of the talent identification analysis was that critical speed and 

D' both contributed to improving the accuracy of these performance models. However, the time 

commitment required to measure these variables using the time trial methodology was deemed 

a barrier to wide adoption through the swimming coaching community. 

 

Critical speed 
 

Critical speed varies due to several factors, including stroke, sex and aerobic capabilities. Sex 

in particular is an important covariate to consider when assessing the relationship between CS 

and performances over 50, 100 and 200 m distances, and significantly affects the relationship 

between CS and performance over these distances when calculated using the 12x25m test. 

Obviously, for a male to perform relatively as well in international swimming he needs to swim 

faster than a female team mate. These models give guidance as to the magnitude of this 

difference for the metrics of the 12x25m. These models could provide coaches with ranking 

information for the swimmers they have completing the 12x25m test, even if those swimmers 

are of a different sex and complete the test in different strokes. This information may be useful 

despite not taking in to account the relative competition those athletes might encounter in their 

chosen events on the international stage. When CS values were calculated using the time trial 

method and compared to 100 m performance, using the same linear regression methodology, 
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this correlation did not reach statistical significance even when controlling for sex and stroke 

(r = 0.43, p=0.35). The relationship between 200 m performances and CS were largely 

correlated for this cohort, however correlation coefficients (females r = -0.53, p<0.05; males r 

= -0.58) were much lower than the large to very large correlations found between performance 

and the CS values produced using the 12x25m (100 m r = -0.57; 200 m r = -0.78). A partial 

explanation may be that because the 12x25m test was performed using the same stroke as the 

competition performances and that the time trial method was completed only in freestyle. 

Given the stroke specificity of the 12x25m values these stronger relationships are to be 

expected. This was the case even though performances were normalised to world record in both 

investigations. While performances should have been comparable between athletes, the 

normalisation process did not account for technical proficiency in each different stroke. It may 

be the case that those swimmers who did not specialise in freestyle and who completed the 

time trial method for establishing CS using freestyle were not able to produce speeds which 

accurately reflected their physiological capacities. This speed deficit may have occurred due 

to technical deficiencies which decreased their propelling efficiency when compared to their 

freestyle-specialist counterparts. 

 

D' 
 

Quantifying the maximal capacity of the anaerobic system, or a variable representative of this 

capacity, is a substantial challenge for sport science practitioners, not just because of the 

requirements for complex equipment but also due to the multivariate nature of the capacity 

itself. The D' is a performance characteristic which purportedly represents the balance between 

afferent feedback, proposed central drive (St Clair Gibson & Noakes, 2004), intramuscular 

limitations such as PCr concentration (Jones et al., 2008) and the inhibitory action of excess 

hydrogen ions on the glycolytic pathway (Sutton, Jones, & Toews, 1981). While the 

physiological mechanisms surrounding this metric are complex, the assessment of D' does not 

necessarily have to be. The need for a rapid, simple, low-tech test for the assessment of D' was 

one of the main aims of the work. The 12x25m test has shown promise in this area, with a 

usable level of reliability (5.7%), especially when compared with the mean changes that are 

expected in a population of swimmers undergoing a training intervention (Guyatt’s 

responsiveness index = 2.1).  
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When contrasting the correlations with performance for D' calculated using the modified 3-

minute test and the time trial method it seems the 12x25m methodology was more closely 

aligned. These differences may relate to the shape of the model fit for the 12x25m test (second 

order polynomial) compared to the time trial method (linear). This difference in model fit could 

be explained by the stroke specificity introduced by the 12x25m. When assessing the time trial 

method, we found that D' only significantly improved the multiple linear regression fit for 100 

m performances for our male cohort, not our female cohort. However, when examining the 

relationship between D' and 100 m performances in isolation there was a moderate correlation 

between these variables for the female group (r = -0.50, p<0.05). Furthermore, the correlation 

coefficient for this relationship was higher for the female cohort than for the male group (r = 

0.44, p=0.09). Including the stroke that swimmers’ 100 m performances were completed in did 

not substantially improve the fit for females (r = -0.62, p=0.15). While including this variable 

improved the fit for the male cohort this model did not reach significance (r = -0.73, p=0.06). 

These results further highlight the need to assess the sexes separately or take in to account the 

differences between them within the framework of analysis.  

 

When analysing data collected using the 12x25m test we found there may be an optimal level 

of D' for the highest performing athletes using a second order polynomial model. When 

assessing time trial methodology data using a second order polynomial model structure it was 

apparent that in both males and females these models performed no better than their linear 

counterparts; males (r = -0.44, p=0.24), females (r = -0.53, p=0.05). It may be that the 

swimmers assessed using the time trial method were not at a sufficiently high level to produce 

the same shape of relationship as the swimmers measured in using the 12x25m test. The mean 

performance level for 12x25m method athletes was a world record ratio of ~107%, whereas 

the mean values for time trial method male 100 m swimmers was 115% and for female 

swimmers was 113%. Potentially the entire cohort analysed using the time trial method were 

on one side of the polynomial for D' and therefore these results appeared linear. The 12x25m 

appears to out-perform the time trial method when matched to competition performances and 

may be a useful metric to track for the optimisation of performance.  

 

Reliability, responsiveness and variability 
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Comparing and contrasting values from testing to competition performance is important, but 

the within-test variability and how well a test can detect changes are just as important when 

determining the usefulness of a protocol. The maximal test-to-test variation we observed in the 

12x25m values was 8.9% for CS and 8.7% for peak speed, which are similar in magnitude to 

the levels of overreaching we observed in our training load analysis (approximately 7% was 

the maximal variation in this case). Of note however were the capacity and fatigue index 

analyses conducted for the 12x25m test. The mean of the largest sequential shift in this cohort 

was 30 ± 21 % for D' and 29 ± 19% for drop off %.  

 

While this level of variability may seem excessive at first glance, these values may in fact be 

reasonable given the ‘amplification’ effect which is observed when physiological changes are 

measured using performance capacities (Toussaint et al., 1998). In their investigation Toussaint 

and colleagues reported that a 20% increase in the total anaerobic energy available to a 

swimmer across a number of race distance resulted in a 49% increase in D', while a 20% 

decrease resulted in a 55% decrease in D'. These results may relate to the extrapolative nature 

of the two-component model utilised, however illustrate that while directions of change may 

align between methodologies that the magnitude of these changes may differ substantially. 

Given previously observed changes in maximal anaerobic energy production in an exhaustive 

task in response to structured training, which can improve by as much as 16 to 28% (Harmer 

et al., 2000; Medbo & Burgers, 1990; Tabata et al., 1996; Weber & Schneider, 2002), the 

magnitude of change we observed in D' appears realistic. This ‘amplification’ of the signal may 

be the reason we saw such large variations in D' values when compared with the variation of 

critical and peak speed variables. While a more variable measure with a higher coefficient of 

variation may intuitively seem like a worse tool for analysis, responsiveness index analyses 

suggest that D' measures are sensitive enough to detect typical changes. Indeed, D' values 

measured using the 12x25m are actually more likely to detect changes than the critical speed 

metrics despite critical speed having a much lower coefficient of variation (1.2% compared to 

5.7%). Additionally, because the calculation of D' utilises CS the typical variability of this 

metric must include the typical error associated with CS as well. Another source of variability 

may be the speed-time model fit to the data, although this method fitted the majority of datasets 

strongly to near perfectly. While the test-to-test variation in 12x25m metrics did not necessarily 

relate to any particular tertile of the season, this was likely due to differences in training load 

prescription methodologies employed by different coaches for athletes within this cohort. 
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Ideally, load could be taken in to account when assessing testing data, such as that from the 

12x25m, to indicate the context of the test. Instead of assuming that fatigue levels are similar, 

these fatigue levels could be taken into account to assess changes in test performance accurately 

in relation to the training undertaken. The methodologies outlined in our analysis of training 

load data will likely perform just as well on these test metrics as they do for competition 

performance data. While we did not have the data to perform this type of analysis on the cohort 

which completed multiple 12x25m tests, this is an area future research should examine in more 

detail.  

 

When applying the 12x25m test in a practical setting, anecdotally we suggest that the 

experience level of the athlete, their current state of fatigue and the timeframe for upcoming 

racing should be considered. For experienced athletes this test will be challenging, but with the 

appropriate instruction and pre-test instructions these athletes have executed the test to an 

analysable standard on their first attempt in almost all cases. For less experienced athletes there 

can be a pacing effect apparent in the final 25 m effort, and for these athletes it is recommended 

that a familiarisation trial be completed prior to any assessments from which any advice 

regarding training responses might be required. Following their first test swimmers often 

experience a level of apprehension on their second attempt, focussing on ensuring their 

performance on the first 25m is maximal is important to maintaining high data quality. 

Swimmers who are excessively fatigued due to training stressors are more likely to have 

breakdowns in their technique towards the latter stages of the test which can cause their CS to 

appear slower than it truly is. My recommendations for when to use this test is following 48 hr 

of relative rest, or during a planned deloading week throughout the periodisation plan. The 

12x25m test is a maximally fatiguing assessment, and as such swimmers can experience fatigue 

in the 48 to 72 hours following the test. We recommend leaving at least 48 hours between an 

assessment and any racing and being mindful of the fatigue induced by the test if assessing 

swimmers close to their major meet of the season. 

 

When interpreting changes in the metrics of the 12x25m it is important to understand the 

training prescription that has occurred between tests. Future research should examine the likely 

effects of different types of training on each of the measures provided by the test. However, 

until this research is completed recommendations which are based upon previous observations 

of physiological adaptations assessed using different methodologies must be used. Training 

may be adjusted to have a more polarised approach if critical speed is no longer responding to 
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high volumes of lactate threshold intensity training, and the total amount of high intensity sprint 

metres may be increased or decreased depending on the responses of peak speed. Additionally, 

if D' values appear too low coaches and swimmers may employ a combination of high intensity 

interval training and a supplementation regimen to support both their intra- and extra-muscular 

pH buffering systems. As we have observed, faster critical and peak speeds generally relate to 

faster swimming, while D' values may have to be balanced and may take more individual 

observation to ‘tune’ for a given athlete and performance goal. 

 

Conclusion 
 

When matching training load data to performances current quantification methodologies are 

sufficiently accurate, however researchers should explore the use of machine learning 

techniques in preference to simpler models. These modelling techniques can take in to account 

a number of different variables as well as their interactions, which we have observed is 

important when assessing CS and D' in talent identified swimmers. When accounting for 

multiple factors it seems these two variables are generally useful but could be assessed in a 

more time efficient manner. The 12x25m test is a simple, quick and reliable method for 

assessing CS and D' in swimmers. The metrics derived using the 12x25m test are responsive 

to change, although a structured training study would confirm the test’s utility in assessing 

physical changes across a training season. Additionally, 12x25m test metrics correlate well 

with performance across a group of elite swimmers. The 12x25m test provides a low-tech 

option for coaches who would like to assess how their swimmers are adapting anaerobically 

and, because it does not require any specialised equipment, is cheap and easy to administer. 

While there is further work to be done on refining the protocol and determining whether it is 

useful in all contexts, having a simple field test for anaerobic capacity is a step forward for the 

sport of swimming. This test could be used to assess the effects of bicarbonate and beta alanine 

on individuals, assess the improvements in muscular buffering capacities due to altitude, and 

individualise training programs through the assessment of how a swimmer adapts to different 

training methodologies. In the future this protocol will help coaches and sport scientists make 

more informed decisions regarding their athletes’ anaerobic development and thus assist 

swimmers swim faster.  
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Delimitations 
 

The 12x25m test has shown promise in the holistic assessment of anaerobic system in 

swimmers. However, there are delimitations inherent in the methodology that will need to be 

overcome in future research. It is important to note that the design of the 12x25m test was an 

attempt to maximise test-retest reliability and not necessarily to make the results generalisable 

for use in pacing prediction models or predicting competition performance. However, if future 

research were completed to allow for these while maintaining the test-retest reliability this 

would add substantial value to the testing methodology. One method that could be used to 

achieve this would address the specific limitation of the calculation of speed per 25 m length. 

Currently mean speed is being calculated from hand-timed time measurements according to 

Equation 9.1. 

 

Equation 9.1    9+&{	y*++, = 	 |©	™
´Å™¨	(mJQ)

 

 

However, this methodology produces speeds which are not entirely representative of 

swimming speed as athletes are being timed from the time their feet leave the wall to when 

their hand touches the opposing wall. This means in this time their centre of mass is travelling 

25 m minus the distance between their pointed toe and their outstretched hand, a distance 

between 2-2.5 m for the majority of swimmers. This ~8-10% decrease in distance travelled 

produces estimates that are not entirely relevant to swimming speed over more than a single 25 

m effort as they do not account for the time spent in a turn, nor the extra distance, the swimmers 

need to travel when they are completing a lap where they are required to turn at the end rather 

than finishing with a hand touch. There are two possible methods for solving this issue, the 

first would be to relate the swimmer’s stroke rate to speed over a series of different distances, 

then use this relationship to translate the stroke rates observed in the 12x25m test to speed. The 

other methodology would be to use accelerometery to measure instantaneous speed and use 

mid-lap speeds to calculate CS, peak speed and the other relevant metrics rather than relying 

on average speed for each 25 m effort. Future research should explore whether these methods 

are credible. Another delimitation is the level of athlete tested; throughout this thesis the results 

of the 12x25m test have been measured and calculated using at least national level swimmers. 

The results may differ in less proficient swimmers with less ingrained motor patterns. Despite 
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these delimitations it is important to note that the 12x25m test was designed to be as simple 

and repeatable, and therefore as practical, as possible. 

 

Limitations 
 

Improvements to the 12x25m methodology could be achieved through the acquisition of 

additional types of data, however there are some factors affecting the results of the test which 

are currently unavoidable. The first factor is a technological limitation; the measurement of 

mechanical power output for swimmers. While there are emerging technologies available 

which can measure the mechanical power output of a swimmer’s hands, there is yet to be a 

system which allows for the measurement of the total mechanical power being produced by a 

swimmer. As a consequence, speed is used as a surrogate for mechanical power in many 

analyses in swimming, including the calculation of critical speed and D'. If the measurement 

of CP and W' were possible this would mean the 12x25m test could be more usable for 

predicting the outcomes of pacing strategies as well as for training prescription, as is done in 

cycling (Skiba et al., 2012; 2014a).  

 

Utilising speed for monitoring training is a practical approach for coaches and athletes, but 

comes with some inherent flaws, not least of which is the non-linear relationship between speed 

and mechanical power output. The energy required to propel an athlete through the water 

increases non-linearly with an increase in speed (Capelli et al., 1998), which means that for 

each unit increase in speed from rest, the energy required increases by a factor of speed to the 

power of two. For the calculation of D' and utilising this value to predict pacing outcomes, 

there is a contestable assumption that any unit increase in speed above critical speed will 

deplete this capacity proportionally. For example, if a swimmer’s critical speed is 1.5 m.s-1, 

and their D' = 10 m, then the assumption in the critical speed – D' framework is that this 

swimmer will be able to maintain a speed of 1.6 m.s-1 for 100 s (1.6-1.5 = 0.1 m.s-1, therefore 

0.1 m of the 10 m total capacity is being depleted per second, and can therefore be maintained 

for 10/0.1 = 100 s). Continuing this logic, the same swimmer should be able to maintain 1.7 

m.s-1 for 50 s and 1.8 m.s-1 for 33.3 s. However, this may not be the case because the difference 

in energy required to maintain a swimmers speed at 1.6 m.s-1 and 1.7 m.s-1 will be less than the 

difference between the energy cost of locomotion at 1.7 m.s-1 and 1.8 m.s-1. It remains to be 

seen how much of an impact on the real-world use and interpretation these non-linearities may 
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have. A further limitation regarding the speed – mechanical power relationship is the inherent 

assumption within the 12x25m test that, between tests, mechanical efficiency remains constant. 

This assumption may not necessarily be the case and if mechanical efficiency improves due to 

technical improvements, or a swimmer finds a method to maintain their efficiency more 

effectively following a substantial amount of high intensity exercise, the resultant improvement 

in speed could be erroneously interpreted as an improvement in metabolic power. In any case 

the availability of mechanical power output metrics would substantially increase the value of 

the 12x25m or any other critical speed – D' testing methodology. 

 

Technological advances may provide a solution for measuring mechanical power output in 

swimmers, and they could help solve the other major limitation facing the use of critical speed 

and D' assessment in swimmers as well. The lack of any industry accepted, robust ergometer 

for swimmers means that testing must occur in a discontinuous environment, i.e. the swimming 

pool. Unlike running or cycling, for swimmers to complete three minutes of work they have 

the requirement to turn at each end of the pool. This action creates a disturbance to their 

contraction patterns and gives some muscles, particularly those of the upper body which 

provide the majority of the propulsive force throughout the free-swimming section of the race, 

a short period of relative rest. Turns also create an opportunity for swimmers to artificially 

increase their speed and produce momentum they would not have otherwise been able to use 

to propel themselves forward. Turns also represent a short period of hypoxia which, at very 

high intensities, could become detrimental to the maintenance of central drive and therefore 

speed. An option to have swimmers complete a test in an environment which does not include 

turns may be ideal for the most accurate assessment of CS and D'. The only method for 

assessing this type of swimming may be in a flume where performing a 3MT, given the 

continual adjustment of the speed of the swimmer due to fatigue, may be prove quite 

methodologically challenging. The ideal method for assessment in this environment may be 

using a time-to-exhaustion protocol and a three-component critical speed model. 

 

Future research 
 

As with any new scientific knowledge, one of the most important aspects of our work is to 

identify the next line of inquiry. Following from the results of our analysis into training load 

and performance modelling, one such path should be the application of machine learning 
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techniques in this area. In particular, researchers should examine whether it is possible to 

incorporate a larger number of athletes’ training and performance results, and whether this 

approach can produce accurate predictions for swimmers who have little historical data. This 

analysis could be expanded beyond predicting performance to include other outcomes which 

may be relevant, such as the relative risk of illness or injury. 

 

The addition of two extra zones did not improve the model fit when compared to the traditional 

five-zone method. However, the number of zones is not the only component of the traditional 

quantification methodology which has yet to be experimentally verified. The weighting factors 

assigned to training zones have been developed using expert opinion but have not been 

objectively confirmed nor challenged. Researchers should investigate the accuracy of model 

fit across a number of participants to experimentally determine how much weight to assign to 

each zone. This outcome could be established by systematically varying the weighting factors 

and optimising models so as to produce the best fit, or the volume in each zone could be used 

as a separate individual input to the performance prediction model. The coefficients assigned 

to each of these values could then be used as the weighting factors. In either case a very large 

dataset would be required and individual differences between swimmers would have to be 

taken in to consideration. 

 

When assessing common talent identification testing procedures, we found the variables we 

measured did not differentiate very well between relatively faster and slower female swimmers. 

It seems that one area which could benefit those coaches and scientists attempting to identify 

the next generation of talent would be to identify which variables might be more appropriate 

for this cohort. Likely, metrics not assessed in our investigation explain the differences 

observed in performance. These metrics could include maximal propulsive force as well as 

technical metrics including index of coordination, propelling efficiency and active drag.  

 

Other areas that future research should examine surround the calculation of D'. Replenishment 

rates for W' are well established in cycling and are used to model race performances and predict 

the outcome of pacing strategies within individuals and across teams (Bartram, Thewlis, 

Martin, & Norton, 2017a; Skiba et al., 2012; Skiba, Jackman, Clarke, Vanhatalo, & Jones, 

2014b). Incorporating modelling similar to the mathematics utilised in these investigations into 

the 12x25m methodology would allow for a more accurate representation of the effect of the 5 

second rest periods at the end of each lap. This approach may allow for a more accurate 
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estimate of D' as these rest periods should, although this has not been experimentally 

confirmed, slightly inflate D' values when compared to a single continuous effort. According 

to simulated research there are also differences between D' values and the metabolic W' values 

which they represent (Toussaint et al., 1998), most likely because D' values calculated from 

speed traces do not account for the non-linearity between metabolic energy cost and increases 

in speed (Capelli et al., 1998). As discussed, advances in technology may allow for calculation 

of mechanical power output in swimmers in the future. Dependent upon these developments, 

the calculation of CP and W', rather than the useful but not infallible CS and D', will provide 

practitioners with more relevant and useful information to provide to coaches and athletes. 

 

As an extension of the work presented in this thesis, a more tightly controlled training study 

would be welcome. When analysing changes due to training we identified no discernible 

pattern over the course of a season, however this dataset included multiple athletes from many 

different programs, which likely led to a substantial variability in the duration, frequency and 

intensity of the training prescribed. A controlled investigation where swimmers and a control 

group underwent properly quantified and tightly prescribed training could provide a more 

definitive answer to the question of whether the 12x25m test is sensitive enough to detect 

physiological changes due to training in a similar manner to the 3MT in cycling (Wang, 

Fukuda, La Monica, et al., 2017a).  

 

Combining two elements explored in our work, another area of future research which could be 

of value is matching the training load data collected to the results of the 12x25m test using a 

Banister model. This analysis could provide insights on the expected changes in these metrics 

due to a training intervention. Using such a framework could improve the confidence of 

practitioners in the changes in their testing metrics, as often when testing athletes in a practical 

setting there can be questions regarding their fatigue status and validity of the data produced. 

Having a continuous variable to describe the expected state of an athlete could allow 

practitioners to match closely the state of their athletes each time they test, or at the very least 

take into account their relative level of fatigue.  

 

In a manner similar to the future research suggested for training load and performance analysis, 

an extension of this work should be to match the volume of individual training zones to the 

changes in a test metric such as that of the 12x25m test. By applying this type of analysis, 

practitioners could quantify the effect of each type of training on each physiological 
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characteristic. It would be expected that more aerobic training zones would have a larger effect 

on a measure like critical speed than on D' for example. Conversely it may be the case that high 

intensity training has a larger impact on D'. The differences in these relationships between 

athletes could then provide a means of quantitative individualisation. 

 

There are a number of ways to artificially manipulate the biochemistry the anaerobic capacity, 

including the ingestion of caffeine, creatine, sodium bicarbonate and beta alanine. In cycling, 

W' has improved due to interventions such as creatine ingestion and caffeine ingestion. In 

swimming, a shorter version of the 12x25m test has also been seen to improve mean speed 

with the introduction of sodium bicarbonate supplementation. A future area of research should 

assess whether the effects of creatine and caffeine can be replicated in swimmers using the 

12x25m test, as well as whether the effects of other ergogenic aids such as beta alanine. 

Practically assessing D' in this manner would allow coaches to quickly assess the effectiveness 

of these supplementation interventions; not just in terms of whether they assist but also how 

large the effect is. Measuring D' would allow coaches to modify their dosage or re-evaluate the 

use of these ergogenic aids entirely using an evidence-based decision-making process.  

 

Interventions which may improve buffering capacity which do not necessarily include the 

ingestion of ergogenic aids could be analysed. Altitude and high intensity training are two 

examples which could be assessed in a systematic way in swimmers using the 12x25m 

methodology. Additionally, the effect of altitude on CS through an improvement in oxygen 

delivery would also be of interest. 

 

Finally, a simple assessment of the protocol to determine how well the 12x25m detects the 

boundary between steady-state and non-steady-state exercise could be performed. This type of 

investigation would include determination of the CS from the 12x25m method, then the use of 

pacing aids such as lights to set speeds which are approximately 5% faster and slower than CS. 

Swimmers would then perform a set number of 25 m efforts with 5 s rest and values such as 

blood lactate could be taken to confirm or refute whether this speed does in fact represent this 

physiologically relevant boundary. As an extension, a series of speeds above CS could be set 

using the same pacing control methodology, and time to fatigue estimated using the D' value 

from the assessment. Depending on the data produced this investigation could indicate the 

validity of the D' estimate produced using the current 12x25m methodology. There are a large 

number of applications for this type of whole-body assessment of anaerobic capacity which 
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could provide new insights on the changes which occur to the physiology of swimmers from a 

variety of different interventions.   
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