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Abstract

Purpose To assess the validity of methods for quantify-
ing training load, fitness and fatigue in endurance athletes
using a mathematical model.

Methods ~ Seven trained runners (VO,max: 51.7 + 4.5 mL
kg~! min~!, age: 38.6 + 9.4 years, mean + SD) com-
pleted 15 weeks of endurance running training. Training
sessions were assessed using a heart rate (HR), running
pace and rating of perceived exertion (RPE). Training
dose was calculated using the session-RPE method, Ban-
isters TRIMP and the running training stress score (rTSS).
Weekly running performance (1,500-m time trial), fit-
ness (submaximal HR, resting HR) and fatigue [profile
of mood states, heart rate variability (HRV)] were meas-
ured. A mathematical model was applied to the training
data from each runner to provide individual estimates of
performance, fitness and fatigue. Correlations assessed
the relationships between the modelled and actual weekly
performance, fitness and fatigue measures within each
runner.

Results Training resulted in 5.4 £+ 2.6 % improvement
in 1,500-m performance. Modelled performance was cor-
related with actual performance in each subject, with
relationships being r = 0.70 £ 0.11, 0.60 + 0.10 and
0.65 £ 0.13 for the rTSS, session-RPE and TRIMP input
methods, respectively. There were moderate correla-
tions between modelled and actual fitness (submaximal
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HR) for the session-RPE (—0.43 £ 0.37) and TRIMP
(—0.48 £ 0.39) methods and moderate-to-large corre-
lations between modelled and actual fatigue measured
through HRV indices for both session-RPE (—0.48 %+ 0.39)
and TRIMP (—0.59 + 0.31) methods.

Conclusions These findings showed that each of the train-
ing load methods investigated are appropriate for quantify-
ing endurance training dose and that submaximal HR and
HRV may be useful for monitoring fitness and fatigue,
respectively.

Keywords Training dose - Fitness - Fatigue -
Performance

Introduction

Physical training load is the dose of training completed by
an athlete during an exercise bout. There are a variety of
different methods used to quantify training loads under-
taken by athletes (Borresen and Lambert 2009). These
methods can be described as either external [i.e., the train-
ing completed by the athlete (e.g., distance, power)] or
internal [i.e., the athlete’s response to external training
load (e.g., heart rate (HR), perception of effort)] loads.
Typically, measures of internal training load [i.e., the HR-
based training impulse (TRIMP) and session-RPE (sRPE)]
have been reported to be more appropriate for monitoring
the training process as these methods incorporate the rela-
tive physiological stress imposed on the athlete (Viru and
Viru 2000). However, recent technological developments
(e.g., power meters, GPS devices, accelerometers, etc.)
and commercially available software (e.g., training peaks)
have made external training load measures increasingly
popular amongst athletes (Jobson et al. 2009). Indeed, the
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training stress score (TSS), which can be calculated from
power meters, uses the concept of normalized power and
an intensity factor based on an individual’s lactate thresh-
old of each training bout to provide a single estimate of the
overall training load and physiological stress created by
that training session. Whilst initially developed for cycling,
the TSS concept has been modified for running using
speed/distance measures and a unique algorithm based on
the demands of running (Skiba 2006). These methods have
recently attracted substantial interest from the coaching
and athletic community; however, they are yet to receive
critical scientific evaluation. Therefore, at present it is not
known which method for quantifying training load is more
appropriate for monitoring the training process or which
relates best to the training outcomes (i.e., performance, fit-
ness and fatigue).

Mathematical models can be used for describing and
estimating the influence of physical training on athletic per-
formance (Taha and Thomas 2003; Borresen and Lambert
2009). The first model proposed by Banister et al. (1975)
considered the input dose effect that training has on the
response elements of fitness and fatigue. The difference
between these variables was suggested to reflect the perfor-
mance of an athlete at a given time. This simplified model
was shown as

Performance = Fitness — Fatigue

This basic model has been shown to significantly fit the
training responses of athletes undertaking swimming, run-
ning, cycling, triathlon and hammer throwing [for review
see (Taha and Thomas 2003)]. The accuracy of such mod-
els have since been refined (Busso 2003), with the intro-
duction of time invariant parameters to take into account
the accumulative effects of fatigue. This model showed a
significantly improved fit compared with previous models
described in the literature (Busso et al. 1991, Banister et al.
1975; Calvert et al. 1976).

Despite these refinements in modelling techniques,
systems models have been unable to consistently predict
performance on an individual basis in a real-world set-
ting (Busso and Thomas 2006; Taha and Thomas 2003).
This may be attributed to the lack consensus as to the
most appropriate method quantifying training load, perfor-
mance, fitness and fatigue. At present, the most commonly
used methods for quantifying fitness and fatigue param-
eters include HR information at rest and during exercise,
as well as blood lactate, biochemical markers and subjec-
tive questionnaires (Hooper and Mackinnon 1995; Lambert
and Borresen 2006). More recently, heart rate variability
(HRV) has been shown to reflect changes in the autonomic
nervous system and has been suggested as a useful tool
for measuring training adaptation and fatigue (Aubert
et al. 2003; Achten and Jeukendrup 2003; Buchheit et al.
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2010). Although HRV has been shown to be useful in guid-
ing training in recreational athletes (Kiviniemi et al. 2009;
Kiviniemi et al. 2007), the efficacy of HRV information in
monitoring training in well-trained adult athletes remains
unclear.

Since the influence of different training load inputs
into systems models is not well understood, the purpose
of the present investigation was to compare currently used
methods for quantifying internal (i.e., TRIMP, sRPE) and
external (i.e., rTSS) training loads using the time-invariant
systems model previously described (Busso 2003). Fur-
thermore, this investigation also compared the influence of
a variety of fitness and fatigue markers on goodness-of-fit
predictions within the model.

Methods
Participants

Seven trained endurance runners (mean £ SD, VOzmax:
51.7 £ 4.5 mL kg~! min~!, age: 35.8 + 9.1 years) volun-
teered to participate in this study. Each athlete had trained
prior to the commencement of the study and completed
between 5 and 10 sessions per week. All athletes were
fully informed of the potential risks and benefits associ-
ated with participation. Written informed consent was
obtained by each athlete and ethical approval was granted
by the University Human Research Ethics Committee for
all procedures.

Experimental design

A modelling post facto longitudinal research design was
used to compare the performance, fitness and fatigue
responses during a 15-week period. A 15-week period
was chosen to complete sufficient performance fitness
and fatigue measures for within-individual correlations
between actual and modelled responses. Individual training
dose was measured via a Polar RS 800 HR monitor with a
Polar s3 foot pod stride sensor™ W.LN.D. (Polar Oy, Polar
Electro, Kempele, Finland). Foot pods were calibrated at
the commencement of the study and at the mid-way test-
ing point according to the recommendations of the manu-
facturer. Running speed, distance and heart rate (HR) were
recorded during each session. In addition, perception of
effort was also measured following each training session
using a rating of perceived exertion (RPE) according to the
category ratio scale (CR ten-scale) of Borg et al. (1985).
Throughout the investigation period, selected per-
formance, physiological and psychological tests were
completed by the athletes. Specifically, a 1,500-m run-
ning time-trial and a standardised submaximal HR test
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(HRpmax) Were performed weekly. These tests were com-
pleted at the same time of day (16:00) following a stand-
ardised warm-up. Upon waking on the morning of these
tests, each athlete completed a HRV test and recorded
resting HR (HR,.) values. Directly following the HRV
test, each athlete was required to complete the POMS
psychological questionnaire to assess psychological state
(McNair et al. 1971).

Testing procedures

Each athlete was tested at the same time of day following a
full day of rest. Athletes were administered written guide-
lines on carbohydrate consumption prior to the study and
were asked to standardise their diet for the 24 h prior to
each testing session.

Physiological measures

Maximal oxygen uptake (VOzmax) was measured using
an incremental treadmill running test to exhaustion on
a motorised treadmill (Startrac Unisen Inc., USA). Fol-
lowing a 5-min warm up at 8 km h™!, the workload pro-
tocol commenced at a speed of 8.5 km h™!. The workload
was increased by 1.5 km h™! every 4 min until volitional
fatigue. The athletes received a 1-min rest period between
workloads. Maximum oxygen uptake was measured using
a gas analysis System (Physio-dyne® Fitness Instrument
Technologies, Quogue, NY, USA) and was calibrated
before and after each test with reference and calibration
gases of known concentrations. The pneumotach was cali-
brated with ambient air using a 3-L syringe (Hans Rudolph
Inc, Kansas City, USA). The reliability of VOzmax meas-
ures for this laboratory were acceptable [coefficient of
variation (CV %, £90 % confidence intervals (CI) = 2.5
(1.8-4.3)].

Performance measures

Each athlete completed a 1,500-m time-trial once a week
for the duration of the study. Maximal effort time trials
have previously been suggested as ideal for evaluation of
performance (Jeukendrup et al. 1996). Prior to the time-
trial each athlete was required to complete a standardised
warm up consisting of an 800-m jog, followed by the sub-
maximal fitness test. Each athlete was then required to run
1,500 m on a tartan track in the shortest time possible. To
minimise the effects of pacing, the athletes began the time
trial in a staggered start with 10 s between each participant.
The athletes were not informed of their lap splits and given
equal verbal encouragement. The test—retest reliability of
the 1,500-m time-trial was high [% CV (90 % CI) = 2.7
(2.1-3.9)].

Submaximal fitness test

The HR,..x Tequired athletes to complete a 1,500-m cir-
cuit at a standardised pace of 210 m min~!. This test was
completed on a weekly basis prior to the 1,500-m time-
trial. Pacing was achieved using instantaneous feedback
from the Polar s3 stride sensor™ W.L.N.D. and RS800 run-
ning computer (Polar Oy, Polar Electro, Kempele, Finland).
Heart rate information was collected during the entire exer-
cise bout. Submaximal HR response was taken as the mean
HR during the final 30 s of the exercise bout. A measure of
RPE (6-20 scale) was also collected at the completion of
the test (Borg 1973).

Training load quantification

A variety of methods were used to quantify the training
load of the athletes during each exercise bout. The meth-
ods selected utilise a variety of training responses includ-
ing HR-based information, perception of effort as well as
external load measures. The TRIMP method proposed by
Banister (1991) was used to quantify internal training load.
This method was calculated using the following equation:

TRIMP = D(AHR ratio)e?AHR ratio) (1)

where D = duration of training session, b = 1.67 for
females and 1.92 for males and (AHR ratio) is determined
using the following equation:

AHR ratio = (HRex — HRyest)/ (HRmax — HRyest), 2

where HR ., = the average heart rate during rest and
HR,, = the average HR during exercise (Morton et al.
1990).

The sRPE method proposed by Foster et al. (1995) was
also used to quantifying internal training load. This method
requires athletes to subjectively rate the intensity of the
entire training session using a RPE according to the cat-
egory ratio scale (CR-10) of Borg et al. (1985). The RPE
value was then multiplied by the total duration (min) of
the training session. To ensure the athletes reported a RPE
for the entire training session, RPE measures were taken
30 min following the completion of the session. Stand-
ard instructions and anchoring procedures were explained
during the familiarisation process (Noble and Robertson
1996).

Daily training load was also quantified from velocity
data recorded with a Polar RS 800 running computer and
a calibrated Polar s3 foot pod stride sensor™ W.LN.D.
(Polar Oy, Polar Electro, Kempele, Finland) and expressed
as a rTSS. The rTSS is calculated using the gravity ordered
velocity stress score (GOVSS) algorithm according to pre-
viously described methods (Skiba 2006). In general, this
measure is a TRIMP measure derived from external load
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data and is calculated similar to other training impulse
measures that combine exercise duration and intensity
(Allen and Coggan 2006; McGregor et al. 2009). McGregor
et al. (2009) have previously described this method for run-
ning using training data collected from training logs. The
test—retest reliability of the foot pod units for measuring
distance was determined in pilot testing was high [% CV
(90 % CI) = 2.6 (2.1-3.5)].

Fitness

A variety of methods were used to measure fitness or adap-
tation to training. HR ., was collected upon waking, each
morning of the performance tests. The measurement was
recorded as the minimum HR obtained during 5 min of
lying in a supine position. Additionally HR ... and sub-
maximal RPE (RPE, ... 6—20) taken during the standard-
ised submaximal warm-up were also used as a measure of
fitness.

Fatigue

Several methods were used to assess the fatigue of the ath-
letes in the study. Prior to each weekly performance test,
each athlete completed mood states (POMS) questionnaire
(McNair et al. 1971). This is a 65-item inventory of six
subscales: tension-anxiety, depression-dejection, anger-
hostility, vigour-activity, fatigue-inertia and confusion-
bewilderment. The athlete used a five-point scale (0—‘not at
all’ to 4—‘extremely’) to respond to each term according to
the question, “How have you been feeling for the past week
including today?” A specific sub-analysis of the POMS
data using only the responses to the fatigue-inertia subset
was completed and reported as a score out of 20.

Heart rate variability was recorded upon waking on each
morning prior to the performance test. Polar RS 800 HR
monitors (Polar Oy, Polar Electro, Kempele, Finland) were
used to record R—R intervals at a timing accuracy of 2 ms.
The measurement started with 5 min of lying supine fol-
lowed by 5 min of standing. The R-R interval data were
downloaded to a personal computer using Polar Pro-
Trainer5 software (version 5.40.171, Finland) and analysed
using Kubios HRV software (version 2.0, Biosignal Anal-
ysis and Medical Imaging Group, Finland). Occasional
ectopic beats were automatically replaced with interpo-
lated adjacent R-R interval values. Power spectral analysis
was performed on the data using a traditional Fast Fourier
Transform algorithm and a parametric method based on
autoregressive time series modelling to establish power
(ms?) in distinct frequency bands: the high frequency (HF)
range (HF = 0.15-0.40 Hz) and the low frequency (LF)
range (LF = 0.04-0.15 Hz). The HRV ratio was deter-
mined as the HF/LF. In addition, the standard deviation of
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instantaneous beat-to-beat R—R interval variability meas-
ured from Poincaré plots (SD1) (Huikuri et al. 1996) was
calculated during the last 3 min of the 5-min standing
period as a vagal-related HRV index (Tulppo et al. 1996).
Due to technical difficulty, only data were collected from
six participants.

Fitting the model

The time-invariant systems model used in this study has
been previously described (Busso 2003). This model
assumes that the gain term of the fatigue effect is mathe-
matically related to the training dose using a first-order fil-
ter. Performance output can be described as

n—1 n—1
ﬁn — p* +ky Zwie—(n—i)/rl _ Zkéwie—(n—i)/r2

i=1 i=1

in which the value of k, at day i is estimated by mathemati-
cal recursion using a first-order filter with a gain terms k4
and a time constant °:

i
ké =k3 Z we—(=N/T3

j=1

The parameters for the model were determined by fitting
the model performances with actual performances using the
least squares method using the Solver function in Micro-
soft Excel (Microsoft, Redmond, USA). The set of model
parameters was determined by minimizing the residual sum
of squares between modeled performance and actual per-
formances (RSS):

N
RSS =Y [p" "%

n=1

where n takes the N value corresponding to the days of
measurement of the actual performance. Successive mini-
mization of the RSS with a grid of values for each time
constant gave the total set of model parameters.

Statistical analyses

Models were developed for each athlete and the good-
ness of fit values were used to determine the best fitting
model from either the rTSS, HR- or RPE-based training
load measures. The coefficient of determination (%), giv-
ing the variation explained by the model, was calculated to
establish the goodness of fit for the model. Within-individ-
ual correlations between the various actual and predicted
measures of performance, fitness and fatigue were analysed
using the Pearson’s correlation coefficient. The follow-
ing criteria were adopted to interpret the magnitude of the
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correlation (r) between test measures: <0.1 trivial, 0.1-0.3
small, 0.3-0.5 moderate, 0.5-0.7 large, 0.7-0.9 very large,
and 0.9-1.0 almost perfect. Differences between the mean
within-individual correlations between each of the methods
were assessed using a one-way ANOVA with Tukey HSD
post hoc to locate differences. Statistical significance was
set at p < 0.05. All data are presented as mean £ SD unless
otherwise stated.

Results

Five hundred and forty-two individual training sessions
were analysed during the investigation period. Individuals
completed an average of 77 + 20 individual training ses-
sions with the weekly training duration of 389 4+ 168 min
and weekly training distance of 68 £ 36 km. This training
resulted in a 5.4 &+ 2.6 % improvement in 1,500-m time-trial
performance (pre 5:33 £ 0:30, post: 5:08 £ 0:31 min:s).
Modelled performance significantly correlated with actual
performance in each athlete, with average correlations
being 0.70 £ 0.11 (Table 1), 0.60 £ 0.10 (Table 2) and

0.65 £ 0.13 (Table 3) for the rTSS, sRPE and TRIMP input
methods, respectively. The within-individual correlations
between each of these methods were not significantly dif-
ferent between methods (p = 0.33).

Maximum oxygen uptake was not significantly changed
(51.7 £ 4.5mL kg ! min~! vs. 51.3 + 6.1 mL kg~! min~!,
p > 0.05). Fitness measured by HR ;... decreased non-sig-
nificantly from 77.9 &£ 5.1 to 74.8 & 5.5 % during the study
(p > 0.05, Fig. la). Tables 2 and 3 show that there were
moderate correlations between modelled and actual fit-
ness measures (HR;,..,) for the sSRPE (—0.43 £ 0.37) and
TRIMP (—0.48 £ 0.39) methods, respectively. Addition-
ally, RPE ;... did not significantly change (11.7 &= 1.0 to
11.3 £ 1.4, from week 1 to week 15) during the test period
and small correlations with modelled fitness using each of
the training load input methods (p > 0.05, Fig. 1b). Finally,
there were no significant group changes in HR ., during the
study. There were only trivial correlations between HR
and modelled fitness outcomes using any of the different
training load measures (Tables 1, 2, 3).

Using the fatigue subset of the POMS questionnaire, the
athletes reported substantial fluctuations in fatigue status

Table 1 Individual and mean & SD correlations (r) between modelled and actual performance, fitness and fatigue using rTSS as the training

load input method

Subject Performance  Relationships with modelled fitness Relationships with modelled fatigue
HRpmax HR, RPE pmax POMS Fatigue HRYV ratio SD1
1 0.75 —0.14 -0.33 0.36 —0.10 0.06 0.06 0.02
2 0.55 0.02 —0.48 0.20 0.16 0.41 0.75 -0.59
3 0.60 —0.57 0.06 —0.57 —0.16 —0.33 0.13 —0.75
4 0.82 —0.41 0.13 —0.01 —0.02 0.16 —0.03 —0.67
5 0.63 0.29 —0.44 —0.62 —0.27 —0.27 0.00 —0.01
6 0.69 —0.74 0.99 —0.76 —0.19 —0.43 - -
7 0.84 —0.72 —0.35 —0.23 0.65 0.43 0.44 —0.40
Mean £SD  0.70 £0.11 —-032£039 -006+£052 —-023+043 0.01£031 000£035 023+031 —-040£033

Table 2 Individual and mean £ SD correlations (r) between modelled and actual performance, fitness and fatigue using SRPE as the training

load input method

Subject Performance  Relationships with modelled fitness Relationships with modelled fatigue
HRpmax HR . RPE 1 max POMS Fatigue HRYV ratio SD1
1 0.52 —0.02 —0.39 0.26 —0.20 —0.32 —0.05 0.20
2 0.62 0.10 -0.29 0.25 0.20 0.24 0.71 —0.76
3 0.69 —0.52 0.16 —0.53 0.09 0.05 0.07 —0.69
4 0.53 —-0.34 0.14 —0.11 —0.07 0.15 —0.08 —0.64
5 0.53 —0.95 —0.15 —0.41 —0.01 0.42 0.16 —0.08
6 0.57 —0.69 0.94 —0.67 —0.19 —0.37 - -
7 0.77 —0.58 —0.25 —0.21 —0.74 0.02 —0.74 —0.83
Mean £ SD  0.60 £0.10 —-043+037 002+046 —-0204+0.36 —0.134+030 0.03+£029 001047 —047+042
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Table 3 Individual and mean =+ SD correlations (r) between modelled and actual performance, fitness and fatigue using Banister’s TRIMP as

the training load input method

Subject Performance Relationships with modelled fitness Relationships with modelled fatigue
HRpmax HR,. RPE 1 max POMS Fatigue HRV ratio  SDI
1 0.78 —0.14 —0.37 0.29 —0.17 —0.02 0.09 —0.05
2 0.55 0.04 —0.47 0.17 0.18 0.48 0.76 —0.72
3 0.66 —0.56 0.09 —0.57 —0.11 —0.29 0.00 —0.65
4 0.67 —0.27 0.18 —0.17 0.21 0.35 0.08 —0.65
5 0.54 —0.95 —0.12 —0.40 0.05 —0.39 0.30 —0.29
6 0.51 —0.72 0.95 —0.76 —0.36 —0.28 - -
7 0.86 —0.73 —0.38 —0.21 —0.67 —0.07 —0.68 —0.90
Mean+SD 0.65+0.13 —-048+036 —-0.024+049 —-024+038 —-0.12+031 —-0.03+£0.33 0.09+047 —0.544+031
Fig. 1 Mean £ SD fitness (a _ Fithess ~ Fatigue
HR,,, .. b HR . and ¢ RPE- ~ '0A 207D
wbmay) and fatigue (d POMS- £ 90- 3
fatigue, e HRV ratio and f SD1) x < 151
measures during the 15-week X 804 qé)
stud Y = 109
Y g 70 8
14 ") 54
£ 60 =
2 g
T 50- 0-
E s0qpg 801 E
a -
> 70- % 704
w T
€ g0- L 60+
T L
% 504 & 50
2 40- & 40
"g‘g’ I
o 30- 30-
S 16 2504
S e F
= 14+ 2007
L
b « 150
% 12- o)
w 9 100+
.-§ 10+ 50
g
g s- 0-
T T T T T T T T T T T T T T T 1 T T T T T T T T T T T T T T T 1
012345678 9101112131415 012345678 9101112131415
Week Week

across the 15-weeks training period (range 7-20). However,
there were no group changes in the POMS fatigue scores
during the study period (Fig. 1d). Notably, however, these
measures showed trivial correlations with modelled fatigue
using each of the various training load input methods. Simi-
larly, the HRV ratio was unrelated to the modelled fatigue in
this study (Fig. le). In contrast, there were moderate-to-large
correlations between modelled and actual fatigue measures
using SD1 when both sRPE (—0.48 £ 0.39, Table 2) and
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TRIMP (—0.59 £ 0.31, Table 3) methods were used as the
input methods. There were no significant group changes in
SD1 during the study (Fig. 1f).

Discussion

The purpose of this study was to compare the validity of
three common methods for quantifying training load (i.e.,
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rTSS, sRPE & TRIMP) using a systems model approach.
This study also examined the influence of the various train-
ing load inputs on actual training outcomes (i.e., perfor-
mance, fitness and fatigue) compared with those predicted
by the model. The main results demonstrated large correla-
tions between each of the different methods for quantifying
training loads and modelled running performance. Nota-
bly, the relationships between rTSS and performance were
slightly larger than both methods for quantifying internal
training load (i.e., SRPE and TRIMP). These results con-
trast with common training theory which suggests that it
is the internal stimulus that determines training adaptation
(Booth and Thomasson 1991; Viru and Viru 2000; Impel-
lizzeri et al. 2005). A possible explanation for the reduced
relationship between the internal training load methods
and performance may be attributed to the relatively poor
measurement reliability of the CR10 Borg scale for esti-
mating exercise intensity and/or the inability of the generic
HR methods to adjust for individual fitness/performance
characteristics.

We have recently observed high measurement error
of the session-RPE using the CR-10 scale (CV 28.1 %)
compared with HR (CV 3.9 %) during endurance cycling
(Wallace et al. 2013) and with intermittent running proto-
cols (CV 31.9 %) (Scott et al. 2013). More specifically, we
have observed a poor sensitivity to small changes in inten-
sity during moderate-to-hard exercise with this scale. In
the present study, 63 % of all training sessions were rated
as ‘moderate-to-hard’, which may have influenced the fit
of the between modelled and actual performance. There-
fore, the combination of the higher measurement error
of the CR-10 RPE scale coupled with the scales reduced
sensitivity at moderate-to-high intensities may explain the
reduced relationship between sRPE and predicted running
performance.

Relatively poor levels of test-retest reliability for the
Banisters’ generic HR TRIMP (15.6 % CV) have also been
reported in healthy individuals undertaking steady-state
cycle training in a laboratory setting (Wallace et al. 2013).
Notably, however, the reliability of the HR TRIMP method
improved when adjusted to account for individual differ-
ences in ventilatory thresholds [i.e., Banister’s TRIMP
(15.6 % CV) versus Lucia’s TRIMP (10.7 % CV)] (Wallace
et al. 2013). Moreover, it has also been shown that train-
ing loads calculated from individual HR-lactate relation-
ships (i.e., the individual HR-based TRIMP) rather than the
Banister’s TRIMP were related to both changes in fitness
(running speed and 2 and 4 mmol L~! blood lactate) and
running performance (5,000 and 10,000-m time trials) in
eight long-distance runners during a 9-week training period
(Manzi et al. 2009). Taken collectively with these previous
observations, the present findings suggest that the relation-
ship between HR TRIMP methods and training outcomes

may be improved if the TRIMP calculation is modified
to account for individual physiological thresholds. The
absence of this individualised process in the present study
may explain the reduced relationship between the TRIMP
method and endurance running performance.

Running speed was also collected which was then
expressed as an arbitrary measure of external training
load using the rTSS. Similar to the individualised TRIMP
methods, the rTSS calculates training dose by multiplying
training duration with training intensity. However, unlike
TRIMP and sRPE, the rTSS calculates training intensity
using an intensity factor calculated from a percentage of an
individuals’ ‘threshold’ running pace. The rTSS is based on
the TSS, where exercise intensity is calculated from nor-
malised power measures (Allen and Coggan 2006). The
TSS was originally adapted from Banister’s TRIMP and
has been reported to be appropriate for monitoring indi-
vidual training (Allen and Coggan 2006). Whilst the pre-
sent study is the first to examine the relationship between
rTSS and running performance, previous studies have suc-
cessfully used the TSS to quantify training load in cycling
(MacLeod and Sunderland 2009) and running (McGregor
et al. 2009). In this study, the relationship between rTSS
and modelled performance was the strongest of each of the
training load methods. The improved associations between
the rTSS compared with the SRPE and HR TRIMP methods
are likely explained by the ability of the rTSS to adjust for
differences in individual performance characteristics and
the improved measurement reliability of the foot pods com-
pared with the other training load quantification methods.

Whilst internal training load methods appear to be theo-
retically robust for quantifying training load (Impellizzeri
et al. 2005; Viru and Viru 2000), more work is required to
determine appropriate weighting factors for HR methods
and to increase measurement reliability when using percep-
tual measures to assess exercise intensity. It is possible that
the substitution of the CR-10 scale with the CR100 or 6-20
RPE scales may, in part, address this issue. Indeed, whilst
the present study shows that the rTSS relates best to pre-
dicted performance, further research is required to assess
the efficacy of this tool in a different cohort of athletes with
varying training goals.

The second purpose of this investigation was to examine
the relationships between actual and predicted measures of
fitness and fatigue using a systems modelling approach for
assessing training responses. Moderate correlations were
observed between HR, ... and predicted fitness when
TRIMP and sRPE were used as training inputs. It is widely
recognised that HR, -~ decreases with endurance train-
ing in adult populations with these changes being largely
attributed to decreases in sympathetic activity of the heart
(Carter et al. 2003) and increased plasma volume (Cover-
tino 1991). Despite this, several previous studies have only
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shown small to moderate changes in HR_, . in trained
endurance athletes following intensive training periods
(Buchheit et al. 2010; Uusitalo et al. 1998; Swaine et al.
1994). It was suggested that training elicits differing effects
on indices of fitness which limit the efficacy of HR ..., as
a marker of cardiovascular fitness. These previous findings
may explain the moderate relationship between HR ..
and predicted fitness using HR and sRPE load input meth-
ods in the present study. Collectively, the current findings
support the use of HR ;... as a valid simple fitness test for
assessing fitness changes in endurance runners; however,
the moderate strength of the correlations indicate that other
measures may be required to accurately monitor how an
athlete is responding to training.

Many studies have shown HR,., to decrease slightly fol-
lowing endurance training (Uusitalo et al. 1998; Buchheit
et al. 2010; Wilmore et al. 2001). This phenomenon has
been attributed to decreases in intrinsic rhythmicity of the
heart and an increase in the predominance of parasympa-
thetic control (Smith et al. 1989). Despite this, no relation-
ships were observed between actual HR . and modelled
fitness in the runners in the present study. These findings
are in accordance with previous research showing no
decreases in HR ., following periods of intensified training
(Melanson and Freedson 2001; Fry et al. 1992; Zavorsky
2000). The lack of agreement between the findings between
these studies may be due to the differences in training
undertaken by the participants and/or the inter-individual
differences of the training status of the athletes. Further-
more since HR ., can also be influenced by factors such as
age, hydration and environmental conditions, the present
study does not support the use of HR, as an idiosyncratic
marker of cardiovascular fitness.

Heart rate variability represents the beat-to-beat vari-
ation in R-R intervals and is widely used as a non-inva-
sive measurement of autonomic nervous system activ-
ity (Achten and Jeukendrup 2003). Recent research has
focussed on the effectiveness of HRV for assessing train-
ing adaptation at the level of the individual athletes (Hau-
tala et al. 2010; Buchheit et al. 2011; Buchheit et al. 2010)
and guiding training on an individual basis (Kiviniemi
et al. 2009, 2007). We observed moderate-to-large correla-
tions between instantaneous beat-to-beat variability (SD1)
and predicted fatigue when sRPE and TRIMP were used
as training load inputs. However, in contrast, there were
no significant relationships between predicted fatigue and
most other HRV indices (i.e., HF, LF, tMSSD, SD2, data
not reported) within time and frequency domains. The
lack of association between these measures with modelled
fatigue may be due to the level of accumulated fatigue
which may not have been sufficient to alter changes in
cardiac autonomic function or the large noise from these
measure when assessed in a field setting. Whilst the SD1
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results indicate that this measure may provide a non-inva-
sive and objective method for assessing short-term fatigue
in endurance athletes, the majority of HRV measures have
low practical efficacy when used to monitor training in the
field setting.

Psychological tools such as the profile of mood states
(POMS) questionnaire have been used to assess mood
states in athletic populations (Martin et al. 2000; Hooper
et al. 1997). From these investigations, several links have
been made between changes in POMS fatigue scores in
athlete undertaking intensified training periods (Martin
et al. 2000; Liederbach et al. 1992) or exhibiting symptoms
of overtraining or staleness (Hooper et al. 1997). How-
ever, in the present study, a poor relationship was observed
between the fatigue subset of POMS and predicted fatigue.
These results are similar to one earlier study examining
the relationship between the fatigue subset of POMS and
predictions of fatigue using a modelling approach (Wood
et al. 2005). The previous authors reported a moderate
correlation between the fatigue subset of POMS and pre-
dicted fatigue, but only provided data from a single run-
ner where ten fatigue (POMS) measures were taken over a
12-week training period. The reduced strength in this cor-
relation was attributed to the inability of the fatigue subset
to detect the source of fatigue (i.e., global fatigue vs. train-
ing induced fatigue). The poorer correlation in the present
study compared with Wood et al. (2005) may be explained
by the increased number of POMS measures taken from
the runners in this study (10 versus 15). Importantly, some
individuals in this study did exhibit large-to-moderate cor-
relations between predicted fatigue for the POMS-subset
with each of the training load inputs. Collectively, however,
the lack of relationship between the POMS fatigue sub-
sets and predicted fatigue suggests that these measures are
insensitive to small changes in cumulative fatigue in trained
athletes. It may be that other psychometric tools that assess
sport-related fatigue, rather than mood states, such as the
RESTQ-sport (Kellmann and Kallus 1993), the daily analy-
sis for life demands of athletes (DALDA) (Rushall 1990) or
the training distress questionnaire (Main and Grove 2009)
are more appropriate for assessing training-related fatigue
in endurance athletes. In particular, the RESTQ-sport may
be more appropriate for monitoring training as it assesses
components of both stress and recovery. It also possible
that a limitation of the model used in this study is that it
does not account for the influence of recovery practices on
performance, fitness and fatigue.

There are some limitations of this study that must be
acknowledged. First, the efficacy of the mathematical
model itself consists of several limitations that may reduce
its adequacy. It is generally reported that a large number
of performance tests are required to gain a stable fit in the
model. Indeed, it has been suggested that between 20 and



Eur J Appl Physiol (2014) 114:11-20

19

200 performance tests are required within a short time to
obtain a robust model (Taha and Thomas 2003). Whilst
we measured performance 15 times, which is high in com-
parison with most other modelling studies, the stability of
the model maybe inadequate to truly describe the relation-
ships reliably. Since it would be practically unrealistic to
substantially increase the number of maximal performance
tests with athletes in a normal training environment, this
approach may only be limited to laboratory studies. Sec-
ond, although reasonable attempts were made to control
the performance test environment, not all factors could be
controlled. It is possible that factors such as the climate
(i.e., temperature, wind, etc.) and athlete motivation may
have affected 1,500-m time-trial performance independ-
ent of the other factors assessed in this study and, there-
fore, also influences the relationships between the modelled
and actual performance. Finally, the athletes in this study
were endurance athletes who do not regularly compete in
relatively short events such as 1,500 m-time-trial or train
for these events. It is, therefore, possible that the lack of
specificity in the performance test may have reduced the
strength of the training impulse-performance outcome for
these athletes.

Conclusions

The main findings of this study are that there were large
relationships between each of the different methods for
quantifying training loads and modelled running perfor-
mance. However, notably, the relationships between rTSS
and modelled 1,500-m time-trial performance were slightly
larger than both methods for quantifying internal train-
ing load (i.e., SRPE and TRIMP). From a practical point
of view, these results suggest that it is important to select
a reliable measure of training load and that methods for
quantifying load should be adjusted to account for individ-
ual athlete characteristics. However, other factors such as
practical usefulness need to be considered when monitor-
ing athletes (particularly large groups). Therefore, the HR
and in particular, the session-RPE method may be suitable
practical choices for monitoring load in a training envi-
ronment. The moderate relationships between some of the
fitness (i.e., %HRmax) and fatigue (i.e., SD1) variables
indicate that these markers may be useful for monitoring
athletes to better understand their response to the training
process. Taken together, these results suggest that each of
the methods used in this study is appropriate for monitor-
ing training dose in endurance athletes. However, coaches
and scientists should be aware that ideally, the training load
measures should be reliable and account for differences
in individual physiological/performance characteristics of
athletes.
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