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ABSTRACT
Background

The development of soccer has led to congested schedules, resulting in higher risks of
overload. Therefore, monitoring the workload and fitness of players has become more
important. Using fitness tests to monitor players’ fitness imposes extra burden and interferes
with regular training program. If it is possible to measure players’ fitness using workload data,
this will decrease the need for fitness tests. And with that it could create some space to rest
or recover in the congested schedule and thereby this will decrease the chance of overload.
Aim

The aim of this study is to investigate if with the use of workload data it is possible to
measure player’s fitness in elite soccer.
Methods

Workload data (distance and sRPE-TL) of every training and match and fitness data (Interval
Shuttle Run Test (ISRT)) collected from one elite soccer team playing on the second highest
level in Dutch soccer during the season 2018 – 2019 was used. Data was collected for three
moments (T1, T2 and T3). Training efficiency index scores were calculated for workload data
for every day and for ISRT data. For workload these scores were transformed to one value
using the exponentially weighted movement averages for the timeframes of 1, 2, 3 and 4
weeks before ISRT. Structural equitation modelling was used to calculate overall and separate
correlations over T1, T2 and T3.
Results

All participants were male (n=27), with mean age of 24.0 years (± 3.8 years). Completed ISRTtest were available for 100% at T1 and T3 and 88.9% at T2. Found overall correlation is almost
equal between the timeframes ranging from r = 0.108 – 0.152, which can be interpreted as
weak. Correlations on T1, T2 and T3 were also weak (respectively r = 0.088 – 0.341).
Conclusion and key findings

We conclude that it is not possible to measure players fitness with the use of distance and
sRPE data. For now, it is not possible to stop using fitness tests to determine players’ fitness.
It might be rewarding to use different workload metrics (e.g. acceleration/deceleration and
heart-rate), or small sided games to measure players’ fitness in future studies.
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INTRODUCTION
Is it possible to derive players’ fitness trough workload data? Elite soccer has developed
considerably in recent years. The game has become faster, which leads to a higher intensity
for the players. And with that players’ fitness becomes more important. In addition, there are
more competitions, with national and international cups whereof the matches alternate. This
has led to a congested schedule with more travel time and less time to rest(1,2). Both, the
congested schedule and the high intensity of the game is accompanied by higher physical
load and psychological pressure for players(1–5). This higher load could lead to positive
adaptations such as an increase in physical fitness, but could also lead to an increase in
fatigue and chronic overload during a season(5–7). Chronic overload appears to be related to
reduced fitness, increased fatigue, non-functional overreaching and injuries(8–11). Therefore
it is essential to prevent chronic overload on players and with that, monitoring players’
workload and fitness has become very important in soccer(12–15).
Player workloads are monitored using the data from training sessions and matches.
Workload data can be divided in External Load (EL) and Internal Load (IL). EL is the physical
work a player performs during a training session or match expressed through, for example
velocity, distance, acceleration and deceleration(14–16). IL is the player’s physical and
physiological response, accounting for the player-specific characteristics, to the external
training load measured. IL is usually measured using heart-rate (HR) and session rate of
perceived exertion total load (sRPE-TL)(16–19).
Fitness is the physical capacity consisting of different components. The maximum oxygen
uptake (VO2Max), intermittent endurance and strength are key factors for fitness(20–22).
Various tests are available to monitor these parameters, like submaximal- and maximal
Interval Shuttle Run Test (ISRT), Running-based Anaerobic Sprint Test (RAST) and Repeated
Sprint Ability Test (RSA)(23–26). However, a disadvantage of these tests is that they interfere
with the regular training program and impose an extra burden on the players and staff in an
already congested schedule. This could lead to an overload which is related to fatigue, nonfunctional overreaching injuries and reduced fitness(8–11). Therefore, the medical and
performance staff seek opportunities to monitor players’ fitness in different ways, like player
workload monitoring(27).
The EL and IL can be transformed into one value; the Training Efficiency Index (TE¡). The
TE¡ is described as a system to track the internal response to a prescribed external load
during team-sport training(19). To calculate the TE¡ and detect subtle changes in TE¡, it is
crucial to choose the right load metrics depending on the correlation between external and
internal workload and the activity(19). In literature there is a lack of consensus on which load
metrics should be used within the TE¡(19,28–30). For EL, for example the total distance and
acceleration-deceleration, and for the IL the heart rate derived training impulse (TRIMP) and
sRPE-TL, can be used as load metric. The external load metrics have a stronger correlation
with sRPE-TL than with TRIMP(29). Within the external load metrics, Total Distance (TD) seems
to correlate best with the internal load metrics. With that, the strongest correlations was
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found between the sRPE-TL and the Total Distance (TD) respectively r = 0.79 (95% CI: 0.74 –
0.83)(29). Therefore, it is suggested to use these variables.
In current literature it is unknown if workload data can be used to measure players’ fitness.
While deriving the physical fitness of soccer players from workload data through the TE¡
would significantly decrease the need for physical testing as it is part of the usual routine.
With that the disadvantages of these tests (interfere with training program and extra burden)
will be eliminated. This will create some space to rest or recover in the congested schedule
and thereby this will decrease the chance of overload. We hypothesize that the workload data
is positively correlated with physical fitness and therefore can be used as a substitute for
physical fitness tests. Therefore, the aim of this study is to investigate if with the use of
workload data it is possible to measure player’s fitness in elite soccer.
METHODS
In this cohort study, data collected from one elite male soccer team (n=27) in the
Netherlands playing in the second highest level in Dutch soccer (Keuken Kampioen Divisie)
during the season 2018 – 2019 was used. Data was collected by the medical and performance
staff as part of usual training, match and fitness tests monitoring. Keepers were excluded
from this study, because they have a different training program than field players and
encounter different workloads during matches and training session. All players provided
informed consent prior to the start of the season, withdrawal from the study was possible at
any time. This study was conducted according to the Declaration of Helsinki, the Medical
Research Involving Human Subjects Act (WMO) and Good Clinical Practice (GCP). This study
was approved by the Medical Ethics Committee of the University Medical Center Utrecht,
Netherlands (reference number WAG/mb/19/000338).
Procedures
Player characteristics (e.g. age, weight, BMI and position) were collected at the start of the
season. During each match and training-session players’ data were monitored, using Heartrate technology (10 Hz) and GPS-technology (Polar Team Pro, Kempele, Finland). This data
was digitally reported using Microsoft Excel for every player for every day. In addition, players
filled in their Rate of Perceived Exertion (sRPE) using SurveyMonkey on their smartphone
immediately after every match and training session. Data was extracted from SurveyMonkey
and added to the Microsoft Excel file. Additionally, the Interval Shuttle Run Testmax (ISRT) was
performed at the start of the season and the ISRTsubmax was performed every six weeks, if the
congested schedule allowed, to determine players’ fitness(25,26,31).
Training Efficiency Index
For both workload and fitness data a Training Efficiency Index (TE¡) was calculated using the
formula of Delaney (TE¡ = EL / (IL ^x), where x represents the average slope of the
relationship between the log-transformed EL and IL for each training day and match
session(19)). The average slope (x) was determined by the R-squared of the correlation
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between EL and IL variable for every player for every day. This average slope was used for
workload and fitness data. Delaney indicates that with less than 10 observations the average
slope has to be set at 0.85. With more than 10 observations the test becomes more accurate
because of the calculated individual slope(19). We have data of one month before every
measurement moment (T1, T2 and T3), so we used these data to calculate a personal average
slope for every player for T1, T2 and T3. This personal average slope was also used in
workload data and fitness data when this data consisted less than 10 observations. This was
done to correct for personal characteristics and thereby increasing the precision of the
TE¡(19,28).
Outcome measures
Workload data
Workload data consists of external load and internal load. The external load comprises
multiple load metrics, like total distance (TD), acceleration, deceleration and number of
sprints, which were measured using GPS-technology(9,19,30). For the external load we
choose the TD as load metric, the TD has the best correlation with the internal load
metrics(29). TD was measured as all meters covered by a player during training session or
match. The internal load comprises the Session Rate of Perceived Exertion Total Load (sRPETL) and heart-rate data(9,19,30). The best correlation with the external load metrics was
found with the sRPE-TL(29). Therefore, we choose the sRPE-TL as load metric for the internal
load, the sRPE-TL was calculated using the sRPE-score multiplied by the time in minutes of
the session in. The sRPE is a score ranging from 1 – 10 (1 = not hard at all and 10 = extremely
hard), representing the question: “How hard did you think this training/match was?”(32,33).
This was filled out by every player immediately after every training and match. Workload data
was collected over different timeframes, respectively 1, 2, 3 and 4 weeks prior to the ISRTdate. This was done to investigate which timeframe is the best to measure fitness. This
resulted in multiple TE¡-scores per timeframe (7, 14, 21 and 28 scores). To transform these
scores into one TE¡-score we used the Exponentially Weighted Movement Average (EWMA).
The EWMA is considered to give a more appropriate representation of the chronic workload
correcting for time(34). The EWMA uses a weighted model, which assigns a decreasing
weighting to older load values and thereby giving more weight to the recent load(34,35).
EWMA was calculated using the formula: EWMA-TE¡today= (TE¡today * (2/(β+1)))

+ ((1-

(2/(β+1)))*EWMA-TE¡yesterday)(34,36). Herein β represents the number of days in the set
timeframes of 1, 2, 3 and 4 weeks (7, 14, 21 and 28 days respectively). Resulting for workload
data in EWMA1week, EWMA2weeks, EWMA3weeks and EWMA4weeks.
Fitness
The submaximal Interval Shuttle Run Test (ISRT), was used to measure fitness. During the test
participant alternately run and walk, running distance is 20 meters and walking distance is 8
meters. The running speed starts at 10km/h and is increased with 1.0km/h every 90 seconds
until 13.0km/h. From 13.0km/h speed is increased with 0.5km/h every 90 seconds. The ISRT
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was executed up to level 73 (14.5 km/h)(31). For fitness data the same load metrics were used
as for workload data, respectively the TD and sRPE-TL.
Statistical Analyses
For continuous variables of the player characteristics (age, weight and BMI) and workload and
fitness data (TE¡ISRT and TE¡workload) standard deviations (SD) and ranges were reported. For
categorical data (Sex and Field position) frequencies and percentage were used.
For analyses the structural equation method (SEM) was used. This method analyzed all
players regardless of missing TE¡ using the maximum likelihood estimation. However, before
analyses missing data were manually replaced. Missing data for IL, in workload and fitness
data, were manually replaced within each player using the following formula: sRPE-TLmissing =
TDday / (Total sRPE-TL4weeks / Total TD4weeks). For missing data in regarding EL workload data,
the following formula was used: TDmissing = sRPE-TLday * (Total sRPE-TL4weeks / Total TD4weeks).
However, for fitness data the missing TD-data were replaced using the average of available
ISRT-TD-data within the player.
After replacing missing data, data was checked to determine if assumptions for SEM were
met (respectively multivariate normality, equal variance, no systematic missing data,
sufficiently large sample size and correct model specification)(37). Multiple correlations were
calculated between workload data and fitness (table 1). Correlation coefficients were
interpreted according to Schober (<0.10 = negligible, 0.11 – 0.39 = weak, 0.40 – 0.69 =
moderate, 0.70 – 0.89 = strong and >0.90 = very strong correlation)(38). Analyses were
performed using SPSS version 25 and R 4.0.0.
Table 1: Performed analyses

Correlation variable 1

Correlation variable 2

Overall correlation

EWMAT1+T2+T3

FitnessT1+T2+T3

Correlation on T1

EWMAT1

FitnessT1

Correlation on T2

EWMAT2

FitnessT2

Correlation on T3

EWMAT3

FitnessT3

EWMA = exponentially weighted movement average

RESULTS
Descriptive statistics
A total of 27 participants were included in this study. All were males, with a mean age of 24.0
years (± 3.8 years). Field positions were quite equally divided between defenders, midfielders
and attackers (37.0%, 37.0% and 25.9% respectively). TE¡ EWMA and fitness were available
for three test-moments; 2018-08-02 (T1), 2018-09-04 (T2) and 2018-10-24 (T3). Completed
ISRT-test were available for 100% at T1 and T3 and 88.9% at T2 (table 2).
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Assumptions
Variation within the TE¡ EWMA differs significantly between T1 and T2 + T3. So the
assumption of equal variance was not met in this variable(39,40). Therefore we choose for
relaxation of this assumption to use four more parameters within the EWMA, so that analyses
were not influenced by this difference(39,40). All other assumptions were met.
Missing data
No missing data were reported in the player characteristics. A total of 21.3% missing not at
random (MNAR) (due to absence of training or match) and a total of 3.9% missing at random
(MAR) (due to missing sRPE or GPS-data) was reported. Within the missing MAR a total of
170 missing values were reported for IL (93.9%) and for EL 11 missing values were reported
(6.1%). These data were manually replaced as described in the method section.
Table 2: Descriptive statistics

N

%

Sex (male)

27

100.0

Age

27

100.0

24.0 (±3.8)

Weight

27

100.0

77.3 (±7.2)

BMI

27

100.0

23.0 (±1.5)

Field position

27

100.0

Defender

10

37.0

Midfield

10

37.0

Attacker

7

25.9

87

100.0

41

47.1

T1

13

31.7

T2

14

34.1

T3

14

34.1

20

23.0

T1

6

30.0

T2

7

35.0

T3

7

35.0

26

29.9

T1

10

38.5

T2

8

30.8

T3

8

30.8

24

88.9

Reported number of days
Training days

Match days

Days off

TE¡ EWMA (T1)
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TE¡ EWMA (T2)

27

100.0

4.87 (±2.37)

TE¡ EWMA (T3)

25

92.6

4.52 (±2.12)

TE¡ ISRT (T1)

27

100.0

1.83 (±0.39)

TE¡ ISRT (T2)

24

88.9

1.64 (±0.36)

TE¡ ISRT (T3)

27

100.0

1.81 (±0.41)

BMI = body mass index, EWMA = exponentially weighted movement
average, ISRT = interval shuttle run test, N = number of participants
providing information, SD = standard deviation, TE¡ = training efficiency
index

Workload vs. Fitness
The average overall correlation between the workload data and fitness is almost equal
between the timeframes ranging from r = 0.108 – 0.152 (table 3), which can be interpreted as
a weak correlation(38). None of these correlations were significant. The correlations found on
T1 for 2, 3 and 4 weeks are significant. Correlations seems to slightly improve with the
increasing of data (1 week vs. 4 weeks). Which might indicate that the use of workload data
over a longer period had a better correlation with fitness. Besides the correlation on T1 is
slightly higher than the correlation on T2 and T3. However, these differences were not
significant. This could potentially indicate that the correlation of workload and fitness differs
during the season.
Table 3: Calculated correlation coefficients

r

95% CI

EWMA 1 week

0.108

(-0.156 – 0.372)

EWMA 2 weeks

0.136

(-0.128 – 0.400)

EWMA 3 weeks

0.141

(-0.120 – 0.403)

EWMA 4 weeks

0.152

(-0.107 – 0.411)

EWMA 1 week

0.213

(-0.208 – 0.568)

EWMA 2 weeks

0.315

(0.102 – 0.637)

EWMA 3 weeks

0.340

(0.074 – 0.653)

EWMA 4 weeks

0.341

(0.072 – 0.655)

Overall correlation

Correlation on T1

Correlation on T2
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EWMA 1 week

0.168

(-0.253 – 0.535)

EWMA 2 weeks

0.165

(-0.255 – 0.533)

EWMA 3 weeks

0.140

(-0.279 – 0.514)

EWMA 4 weeks

0.122

(-0.296 – 0.501)

EWMA 1 week

0.088

(-0.319 – 0.467)

EWMA 2 weeks

0.093

(-0.314 – 0.471)

EWMA 3 weeks

0.095

(-0.312 – 0.472)

EWMA 4 weeks

0.100

(-0.308 – 0.476)

Correlation on T3

CI = confidence interval, EWMA = exponentially weighted movement average, r = correlationcoefficient

DISCUSSION
With this study we aimed to investigate if with the use of workload data it is possible to
measure player’s fitness in elite soccer. Statistical analyses showed a weak overall correlation
for all four timeframes between the workload data and the fitness of players using the
Training Efficiency Index (TE¡) with total distance and sRPE-TL as load metrics. This indicates
that regardless of EWMA timeframe there is almost no correlation between the workload
data and the fitness of players over a three months period.
Comparing the data of T1 with T2 and T3 we see that also the mean of workload on
T1 is significantly lower. This could possibly be explained by two reasons. First, workload data
of T1 contains both preseason and competitive season data, while T2 and T3 only consists of
competitive season data. It is known that during the preseason players’ fitness is lower than
during the season, which could lead to higher IL-scores and with that in lower TE¡scores(2,6,18,19,32). Another reason may be the fact that the adaptation of load, and thereby
prevention of overload, is easier within the preseason. For example, more substitutes are
allowed during preseason matches, and the preseason is scheduled by the medical and
performance staff itself, whereby a congested schedule can be avoided. This could lead to
lower external load metrics and with that lower TE¡-scores.
For calculating TE¡, there is no consensus in literature on which load metrics should be
used(19,28–30). Multiple studies showed that acceleration and total distance are main
parameters of external load in elite soccer(19,20,29,47). Within the internal load sRPE-TL and
TRIMP are considered as main parameters, with sRPE-TL as best parameter(29). We have
considered to calculate different TE¡-scores using acceleration and total distance for external
load. However, due to the lack of availability of acceleration data in this study, we choose the
total distance as external load metrics. At the same time it is known that the total distance
and sRPE-TL have a high correlation (r = 0.79) and therefore it is valid to use these load
metrics for calculating TE¡-scores(29).
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It is known that the intensity and resistance differs enormously during training and
matches(10,41,42), while during a (sub)maximal standardized fitness test these factors are
equal(26,31). In addition, it is known that environmental factors influence performance and
perceived exertion(32,33,43). For this study, it was not possible to correct for or eliminate
these factors, which might be the cause of the lack of correlation that has been found(44). To
create equal circumstances, for both workload and fitness data, it could be helpful to
standardize the workload data using a standardized training session(small sided games)(44–
46). The use of these small sided games could lead to several benefits. For instance these
small sided games can become a part of the regular training program, and thereby deduct
the extra burden that comes with fitness tests(44–46). Therefore it might be rewarding to
investigate the correlation between small sided games and players’ fitness in the future.
The precision of the submaximal ISRT test is highly dependent on the submaximal
running speed. In this study the submaximal running speed was set on 14.5 km/h, while the
study of Lemmink et al. (2004) showed that submaximal running speed should be higher for
elite soccer players (>15 km/h)(25,26). Therefore the ISRTsubmax as performed with submaximal
running speed of 14,5 km/h, might not be valid as submaximal test because it is too easy for
the players in this study. However, three correlations (correlation on T1 for 2, 3 and 4 weeks)
are significant. This might be caused by the reduced fitness during the preseason, which is
included on T1, and the ISRTsubmax performed up to 14,5 km/h. It is known that with reduced
fitness the submaximal running test should be set on a lower level than with better
fitness(25,26). Therefore it might be that the ISRTsubmax on T1 is a better reflection on the
actual state at T1 than on T2 and T3, resulting in a significant correlation. However, the
difference between these correlations is very small and therefore must be interpreted with
care.
In this study, with 27 players included and just three measurement moments, we did
not met the criteria of our power analyses. It is known that within elite soccer it is difficult to
obtain large populations, therefore it was important that more measurement moments (>6)
were included to obtain the power in this study(48). The ISRT was scheduled every six weeks
during the season, but due to the congested schedule only three ISRT’s were performed
during the season.
Data collection of the external workload and ISRT data GPS-technology was used,
which is very reliable to measure distance in intermittent team sports(49). Despite the fact
that the ISRT is standardized, the total distance on the test can differ(25). Therefore, it is very
important to measure the total distance during the test, rather than estimate the distance by
the protocol. Additionally, it is known that sRPE-score is strongly influenced by different
factors in the time between delivered effort and filling out of the sRPE, like individual
characteristics, music, image and video watching, consuming of food or pharmacological
products, environmental temperature and efferent or afferent sensory signals(32,33). To
eliminate these factors as much as possible, data collection of sRPE-TL always took place
immediately after every training or match. The use of GPS for workload and ISRT and the
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procedure of the sRPE have ensured that bias of data is reduced as much as possible in our
study.
For the training efficiency index the formula of Delaney was used, which is considered
to be a reliable formula for training intensity(19). In the formula we used a calculated
individual slope for every player for T1, T2 and T3. With this individual slope, the TE¡ is
corrected for personal characteristics, and with that the TE¡ becomes more accurate(19,28).
Since we had this individual slope we were also able to correct for personal characteristics
within the periods with less than 10 observations (TE¡1week and TE¡ISRT). This method has
reduced the chance of bias within the TE¡-scores. In addition the exponentially weighted
movement average (EWMA) was used to correct the workload data for time. The EWMA is
considered to give a more appropriate representation of the chronic workload correcting for
time(34,35). Thereby, EWMA-scores were calculated for multiple timeframes to investigate if
there is a difference between the different timeframes.
We recommend that future studies that focus on the relationship between workload
data and fitness to choose different parameters for external and internal load metrics. It is
known that fitness in soccer is influenced by acceleration and deceleration(29,47), and for
internal load the heart-rate data must be considered(29,50). Additionally, it might be
rewarding to investigate the possibility to calculate the TE¡ using multiple metrics for external
and internal load. Besides, it might be helpful to evaluate which submaximal- or maximal test
is appropriate to measure fitness in elite soccer players. On the other hand, it might be
rewarding to investigate the correlation between small sided games and players’ fitness in
elite soccer.
CONCLUSION
In short, this study provides insight in the relationship between workload data (total distance
and sRPE-TL) and fitness (submaximal ISRT), in elite soccer players. Looking at the main
outcome we found a weak correlation between the workload data and fitness in our study.
For now, we conclude that with workload monitoring, and in specific the Training Efficiency
Index, it is not possible to measure players’ fitness using the Training Efficiency Index.
Therefore, it may currently not be possible to stop using fitness tests to determine players’
fitness even though these tests interfere with the regular training program and impose an
extra burden on the players and staff in an already congested schedule. However, with the
use of other workload variables (e.g. acceleration and deceleration) or standardized training
and matches this might be possible in the future.

REFERENCES
1. Dellal A, Lago-Peñas C, Rey E, Chamari K, Orhant E. The effects of a congested fixture
period on physical performance, technical activity and injury rate during matches in a
professional soccer team. Br J Sports Med. 2015 Mar 1;49(6):390–4.
2. Rey E, Lago-Peñas C, Lago-Ballesteros J, Casais L, Dellal A. The effect of a congested fixture
period on the activity of elite soccer players. Biol Sport [Internet]. 2010 [cited 2019 Nov
[Justin Quint]

[Fitness in e lite socce r]

13

6];27(3):181–5. Available from:
https://www.researchgate.net/publication/232321763_The_effect_of_a_congested_fixtu
re_period_on_the_activity_of_elite_soccer_players
3. Ispirlidis I, Fatouros IG, Jamurtas AZ, Nikolaidis MG, Michailidis I, Douroudos I, et al. Timecourse of changes in inflammatory and performance responses following a soccer
game. Clin J Sport Med. 2008 Sep;18(5):423–31.
4. Barnes C, Archer DT, Hogg B, Bush M, Bradley PS. The evolution of physical and technical
performance parameters in the english premier league. Int J Sports Med. 2014 Jul
10;35(13):1095–100.
5. Dupont G, Nedelec M, McCall A, McCormack D, Berthoin S, Wisløff U. Effect of 2 soccer
matches in a week on physical performance and injury rate. Am J Sports Med. 2010
Sep;38(9):1752–8.
6. Joa˜ J, Silva JR, Magalha˜es JF, Magalha˜es M, Anto´ A, Ascensa˜o AA, et al. INDIVIDUAL
MATCH PLAYING TIME DURING THE SEASON AFFECTS FITNESS-RELATED
PARAMETERS OF MALE PROFESSIONAL SOCCER PLAYERS [Internet]. [cited 2019 Nov
6]. Available from: www.nsca-jscr.org
7. Ekstrand J, Waldén M, Hägglund M. A congested football calendar and the wellbeing of
players: Correlation between match exposure of European footballers before the World
Cup 2002 and their injuries and performers during that World Cup. Br J Sports Med.
2004 Aug;38(4):493–7.
8. Windt J, Gabbett TJ. How do training and competition workloads relate to injury? the
workload - Injury aetiology model. Vol. 51, British Journal of Sports Medicine. BMJ
Publishing Group; 2017. p. 428–35.
9. Gabbett TJ. The training-injury prevention paradox: Should athletes be training smarter
and harder? Vol. 50, British Journal of Sports Medicine. BMJ Publishing Group; 2016. p.
273–80.
10.
Drew MK, Finch CF, Drew MK. The Relationship Between Training Load and Injury ,
Illness and Soreness : A Systematic and Literature Review. Sport Med. 2016;46(6):861–
83.
11.
Meeusen R, Duclos M, Foster C, Fry A, Gleeson M, Nieman D, et al. Prevention,
diagnosis and treatment of the overtraining syndrome: Joint consensus statement of
the European College of Sport Science (ECSS) and the American College of Sports
Medicine (ACSM). Vol. 13, European Journal of Sport Science. 2013. p. 1–24.
12.
Akenhead R, Nassis GP. Training Load and Player Monitoring in High-Level Football :
Current Practice Training Load and Player Monitoring in High-Level Football : Current
Practice and Perceptions. 2015;(December 2017).
13.
Malone JJ, Michele R Di, Morgans R, Burgess D, Morton JP, Drust B. Seasonal TrainingLoad Quantification in Elite English Premier League Soccer Seasonal Training-Load
Quantification in Elite English Premier League Soccer Players. 2014;(November).
14.
Borresen J, Lambert MI. The Quantification of Training Load , the Training Response
and the Effect on Performance. 2009;39(9):779–95.
15.
Lambert MI, Borresen J. Measuring Training Load in Sports. 2010;(September).
16.
Slattery K, Coutts AJ. A comparison of methods for quantifying training load:
Relationships between modelled and actual training responses. 2013;(February 2019).
17.
Impellizzeri FM, Rampinini E, Coutts AJ, Marcora SM. Use of RPE-based training load in
soccer. 2004;(April 2018).
18.
Impellizzeri FM, Rampinini E, Marcora SM. Physiological assessment of aerobic training
in soccer. J Sports Sci. 2005 Jun;23(6):583–92.
19.
Delaney JA, Duthie GM, Thornton HR, Pyne DB. Quantifying the relationship between
internal and external work in team sports: development of a novel training efficiency
index. Sci Med Footb. 2018 Apr 3;2(2):149–56.
20.
Stølen T, Chamari K, Castagna C, Wisløff U. Physiology of soccer: An update. Vol. 35,
Sports Medicine. 2005. p. 501–36.
21.
Helgerud J, Rodas G, Kemi OJ, Hoff J. Strength and Endurance in Elite Football Players.
Int J Sports Med [Internet]. 2011 Sep 11 [cited 2019 Nov 8];32(09):677–82. Available
from: http://www.thieme-connect.de/DOI/DOI?10.1055/s-0031-1275742
22.
Hoff J, Helgerud J. Endurance and strength training for soccer players: Physiological
considerations. Vol. 34, Sports Medicine. 2004. p. 165–80.
[Justin Quint]

[Fitness in e lite socce r]

14

23.
24.
25.
26.
27.
28.
29.

30.

31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.

Baldi M, Da Silva JF, Buzzachera CF, Castagna C, Guglielmo LGA. Repeated sprint ability
in soccer players: Associations with physiological and neuromuscular factors. J Sports
Med Phys Fitness. 2017 Jan 1;57(1–2):26–32.
Keir DA, Thériault F, Serresse O. Evaluation of the running-based anaerobic sprint test
as a measure of repeated sprint ability in collegiate-level soccer players. J Strength
Cond Res. 2013 Jun;27(6):1671–8.
Lemmink KAPM, Visscher C, Lambert MI, Lamberts RP. THE INTERVAL SHUTTLE RUN
TEST FOR INTERMITTENT SPORT PLAYERS: EVALUATION OF RELIABILITY. Vol. 18,
Journal of Strength and Conditioning Research. 2004.
Lemmink KAPM, Verheijen R, Visscher C. The discriminative power of the Interval
Shuttle Run Test and the Maximal Multistage Shuttle Run Test for playing level of
soccer. J Sports Med Phys Fitness. 2004;44(3):233–9.
Malone S, Hughes B, Roe M, Collins K, Buchheit M. Monitoring player fitness, fatigue
status and running performance during an in-season training camp in elite Gaelic
football. Sci Med Footb. 2017 Sep 2;1(3):229–36.
Delaney JA, Mckay BA, Thornton HR, Murray A, Duthie GM. Training efficiency and
athlete wellness in collegiate female soccer. Sport Perform Sci Reports. 2018;19–21.
McLaren SJ, Macpherson TW, Coutts AJ, Hurst C, Spears IR, Weston M, et al. The
Relationships Between Internal and External Measures of Training Load and Intensity in
Team Sports: A Meta-Analysis. Sport Med [Internet]. 2018 [cited 2020 Mar 18];48:641–
58. Available from: https://doi.org/10.1007/s40279-017-0830-z
Weaving D, Scantlebury S, Roe GA, Jones B. Re: The Integration of Internal and External
Training Load Metrics in Hurling - Interpretation beyond a significant relationship
required. Vol. 60, Journal of Human Kinetics. Polish Academy of Science, Committee of
Physical Culture; 2017. p. 5–7.
Homeware [Internet]. [cited 2019 Dec 15]. Available from:
http://www.homeware.be/isrt.php
Haddad M, Stylianides G, Djaoui L, Dellal A. Session-RPE Method for Training Load
Monitoring : Validity , Ecological Usefulness , and Influencing Factors.
2017;11(November).
Haddad M, Padulo J, Chamari K. The usefulness of session rating of perceived exertion
for monitoring training load despite several influences on perceived exertion. Int J
Sports Physiol Perform. 2014;9(5):882–3.
Williams S, West S, Cross MJ, Stokes KA. Better way to determine the acute: Chronic
workload ratio? Vol. 51, British Journal of Sports Medicine. BMJ Publishing Group;
2017. p. 209–10.
Murray NB, Gabbett TJ, Townshend AD, Blanch P. Calculating acute: Chronic workload
ratios using exponentially weighted moving averages provides a more sensitive
indicator of injury likelihood than rolling averages. Br J Sports Med. 2017;51(9):749–54.
Hunter JS. The Exponentially Weighted Moving Average. J Qual Technol. 1986
Oct;18(4):203–10.
Donaldson L. Performance-Drien Organizational Change: The Organizational Portfolio.
Sage, Thousand Oaks, CA Donaldson L 2001 The Contingency Theory of Organizations.
Vol. 7, Organizational Behaiour. JAI Press; 1999.
Schober P, Schwarte LA. Correlation coefficients: Appropriate use and interpretation.
Anesth Analg [Internet]. 2018 May 1 [cited 2020 May 6];126(5):1763–8. Available from:
http://journals.lww.com/00000539-201805000-00050
McNeish D. Relaxing the Proportionality Assumption in Latent Basis Models for
Nonlinear Growth. Struct Equ Model. 2019;
Kumar S. Structure Equation Modeling Basic Assumptions and Concepts : A Novices
Guide. Asian J Manag Sci. 2015;03(07):25–8.
Ian Lambert M, Borresen J. Measuring training load in sports. Vol. 5, International
Journal of Sports Physiology and Performance. 2010. p. 406–11.
Malone JJ, Di Michele R, Morgans R, Burgess D, Morton JP, Drust B. Seasonal trainingload quantification in elite English Premier League soccer players. Int J Sports Physiol
Perform. 2015;10(4):489–97.
Watanabe N, Wicker P, Yan G. Weather conditions, travel distance, rest, and running
performance: The 2014 fifa world cup and implications for the future. J Sport Manag.

[Justin Quint]

[Fitness in e lite socce r]

15

44.
45.

46.
47.

48.
49.
50.

2017;31(1):27–43.
Dalen T, Sandmæl S, Stevens TG., Hjelde GH, Kjøsnes TN, Wisløff U. Differences in
Acceleration and High-Intensity Activities Between Small-Sided Games and Peak
Periods of Official Matches in Elite Soccer Players. J Strength Cond Res. 2019 Feb 6;1.
Hill-Haas S V, Dawson B, Impellizzeri FM, Coutts AJ. Physiology of small-sided games
training in football: A systematic review [Internet]. Vol. 41, Sports Medicine. 2011 [cited
2020 Jun 17]. p. 199–220. Available from:
https://www.researchgate.net/publication/50373597
Sarmento H, Clemente FM, Harper LD, Costa IT da, Owen A, Figueiredo AJ. Small sided
games in soccer–a systematic review. Vol. 18, International Journal of Performance
Analysis in Sport. Routledge; 2018. p. 693–749.
Harper DJ, Carling C, Kiely J. High-Intensity Acceleration and Deceleration Demands in
Elite Team Sports Competitive Match Play: A Systematic Review and Meta-Analysis of
Observational Studies [Internet]. Vol. 49, Sports Medicine. Springer International
Publishing; 2019 [cited 2020 Mar 18]. p. 1923–47. Available from:
http://link.springer.com/10.1007/s40279-019-01170-1
Frison L, Pocock SJ. Repeated measures in clinical trials: Analysis using mean summary
statistics and its implications for design. Stat Med. 1992;11(13):1685–704.
Townshend AD, Worringham CJ, Stewart IANB. Assessment of Speed and Position
during Human Locomotion Using Nondifferential GPS. :124–32.
Buchheit M, Racinais S, Bilsborough JC, Bourdon PC, Voss SC, Hocking J, et al.
Monitoring fitness, fatigue and running performance during a pre-season training
camp in elite football players. J Sci Med Sport. 2013 Nov;16(6):550–5.

[Justin Quint]

[Fitness in e lite socce r]

16

APPENDIX
Correlations on T1
TE¡1week

TE¡2weeks

TE¡3weeks

TE¡4weeks

[Justin Quint]

[Fitness in e lite socce r]

17

Correlations on T2
TE¡1week

TE¡2weeks

TE¡3weeks

TE¡4weeks

[Justin Quint]

[Fitness in e lite socce r]

18

Correlations on T3
TE¡1week

TE¡2weeks

TE¡3weeks

TE¡4weeks

[Justin Quint]

[Fitness in e lite socce r]

19

