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Contribution of limbs’ actions to the four competitive swimming strokes: a
nonlinear approach
Raul F. Bartolomeu a,b, Mário J. Costa b,c and Tiago M. Barbosa b,d,e

aDepartment of Sport Sciences, Exercise and Health, University of Trás-os-Montes and Alto Douro, Vila Real, Portugal; bResearch Center in Sports
Sciences, Health and Human Development (CIDESD), Vila Real, Portugal; cDepartment of Sport Sciences, Polytechnic Institute of Guarda, Guarda,
Portugal; dDepartment of Physical Education and Sports Science, Nanyang Technological University, Singapore; eDepartment of Sport Sciences,
Polytechnic Institute of Bragança, Bragança, Portugal

ABSTRACT
The aim of our study was to assess the effect of the limbs’ actions on the nonlinear properties of the
four competitive swimming strokes. Forty-nine swimmers performed all-out sprints at front-crawl,
backstroke, breaststroke and butterfly, each one at full stroke (FS), only the arms’ stroke (AS), and
only leg kicking (LK), in a total of 12 bouts, 6 per day. A speedo-meter cable was attached to the
swimmer’s hip, to collect the speed-time raw data (f = 50Hz). Velocity, speed fluctuation, sample
entropy and fractal dimension were derived from the speed-time series. Significant and moderate-
strong effects were noted for both stroke and condition in all variables in the study (p ≤ 0.001;
0,560<η2 < 0,952). The four competitive strokes and their three conditions exhibited nonlinear proper-
ties. The swimming pattern was less complex and more predictable for LK in comparison to AS and FS.
Breaststroke and butterfly have more complex but more predictable patterns than backstroke and
front-crawl.
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Introduction

Swimming is an aquatic locomotion technique defined by per-
iodic actions of the upper and lower limbs to overcome the
drag force and propel the body forward (Barbosa, Costa, Morais,
et al., 2013).

In front-crawl, the contribution of the arm’s stroke to the
overall swimming speed (i.e. full stroke performing the stroke-
pull and the kicking) is approximately 87–90% (Hollander, de
Groot, van Ingen Schenau, Kahman, & Toussaint, 1988; Ribeiro
et al., 2015; Watkins & Gordon, 1983). On the other hand, leg
kicking seems to have a partial contribution to the overall
swimming speed of approximately 10–13%. As far as our
understanding goes, the previous studies assessed the differ-
ence between the speeds performing the full stroke (i.e. con-
current flutter kicking and stroke-pull) and the arm stroke (i.e.
only stroke-pull) to estimate the contribution of the kicking.
One may argue that this approach can impose an underesti-
mation of the contribution by the kicking to overall speed.
However, this remains to be cleared. Moreover, all studies
focused on front-crawl stroke, disregarding the partial contri-
bution of lower and upper limbs actions to the overall speed
in the remaining swimming strokes.

During swimming, horizontal velocity of the body displa-
cement changes over each stroke cycle. These changes
occur both in value and in direction, due to the non-uni-
form periodic actions of the lower and upper limbs. This
intra-cyclic variation of the horizontal velocity of the body is
also known as “speed fluctuation”. This fluctuation within

each stroke cycle can be tested by classical biomechanics
(Barbosa et al., 2005; Miyashita, 1971). This parameter is
higher in breaststroke and butterfly compared to front-
crawl and backstroke (Barbosa et al., 2006, 2013). Both
swim velocity and speed fluctuation have been reported
as a good proxy of performance and efficiency, respectively
(Barbosa, Costa, & Marinho, 2013).

An alternative assessment of human locomotion are non-
linear parameters.

The nonlinear parameters selected on regular basis aim to
provide insight on the entropy and fractal proprieties of human
locomotion techniques. Both entropy and fractal analysis have
been used to study a wide range of systems in medicine and
biomechanics, for example the variability of the heart rate in an
electrocardiogram (Madeiro, Seisdedos, Cortez, & Marques, 2013)
and the human gait (Hausdorff, Peng, Ladin, Wei, & Goldberger,
1995; Schiffman, Chelidze, Adams, Segala, & Hasselquist, 2009;
Wuehr et al., 2013) where evidences were found that human
walking showed long-time correlations in the time series, thus
presenting a fractal-like behavior.

Two variables are reported very often to assess the entropy:
(i) the approximate entropy and; (ii) the sample entropy.
Although Approximate Entropy is reported in a large variety
of scientific fields, which enables comparisons, its algorithm is
largely dependent on the length of the data-series and may
lack relative consistency (Chen, Zhuang, Yu, & Wang, 2009;
Richman & Moorman, 2000; Yentes et al., 2013), unlike Sample
Entropy (SampEn).
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SampEn is the negative natural logarithm of the conditional
probability that two sequences similar for m points remain
similar at the next point. Therefore, the lower the SampEn
value, the greater the self-similarity in the time-series, thus,
the greater the regularity and the predictability of this para-
meter. In human swimming, there are up to four limbs moving
concurrently. In training sessions, swimmers may often
undergo sets performing only kicking or the stroke-pull.
Having different limbs and number of limbs in action, may
impose changes in the motor behavior and hence in the
entropy (i.e., changing its predictability).

The fractal analysis focuses on the time-evolutionary prop-
erties of data-series and on their correlation structure
(Delignieres et al., 2006). The value at a particular time is
related not only to the immediately preceding values but
also to fluctuations in the remote past (Delignieres et al.,
2006). One of the most common ways to calculate the
Fractal Dimension (FD) relies on the Higuchi’s algorithm. The
FD provides information about the intra-cyclic complexity and
irregularity of a given time-series’ variations. The lower the
value, the less complex and irregular the motor behavior is.
There are other ways of calculation the FD, for instance, the
Petrosian’s and the Katz’s algorithm. However, Higuchi’s algo-
rithm is reported to be more accurate in calculating the FD of
a time-series (Esteller, Vachtsevanos, Echauz, & Litt, 2001;
Wang, Sourina, & Nguyen, 2011).

Our understanding is that there is no report in the literature
regarding the effect of different limbs’ actions on the non-
linear parameters. One might hypothesize that the use of only
the upper or lower limbs might influence the motor behavior,
thus making it less complex than the full stroke (i.e. concurrent
action by lower and upper limbs).

One of the perspectives in the motor control learning
process is based on the constraint-led approach. The con-
straints can be environmental, organismic or related to the
task (Newell, 1986). In opposition to the traditional theories
of skill acquisition, this approach views the motor control
learning process as an ongoing dynamic process involving a
search for and a stabilization of specific, functional move-
ment patterns as each individual adapts to a variety of
changing constraints (Davids, Button, & Bennett, 2008). This
theoretical framework is complemented by the nonlinear
pedagogy, which involves manipulating key task constraints
on learners to facilitate the emergence of functional move-
ment patterns and decision-making behaviors (Chow et al.,
2006). Thus, through the manipulation of specific con-
straints, in this case complexity and predictability, teachers/
coaches are able to assist the learner’s search for more
effective coordination patterns and behaviors, that are
needed to overcome the proposed task (Araújo, Davids,
Bennett, Button, & Chapman, 2004; Chow et al., 2006).
However, to properly manipulate these specific constraints,
one has to deeply understand how they affect the behavior
and the task of the swimmer.

The aim of our study was to assess the effect of the limbs’
actions on the nonlinear properties of the swimming pattern
of the four competitive swimming strokes. It was hypothesized
that: i) the segmental actions of the upper and lower limbs
separately would make the pattern more predictable and less

complex than the full stroke; ii) both arms and legs alone as
well as the full body stroke would influence the nonlinear
properties of the swimming strokes, and influence them
differently.

Methods

Participants

Forty-nine swimmers were recruited to take part in this
research (24 boys and 25 girls, 14.20 ± 1.71 years old). The
participants were swimmers with training volumes of approxi-
mately 16,000 meters per week, from regional to national
level, which personal records at 100m freestyle represent
73,29% of the world record for boys and 70,97% for girls. As
inclusion criteria, the following parameters were considered: (i)
being a competitive swimmer; (ii) at least 2 years of experi-
ence; (iii) competing at regional and/or national events; (iv)
not having a muscle-skeletal or neurologic injury in the past
6 months.

All procedures were in accordance with the Helsinki
Declaration regarding human research, and with the research
design being approved by the University’s Institutional Review
Board. All coaches, parents/guardians and swimmers gave
their informed written consent for the participation in this
study.

Protocol

The trials took place in two different pools: in one of them at
the morning period with the water temperature at a mean of
28,5º C, and the other at the afternoon period with the water
temperature at a mean of 29ºC. The swimmers performed a
1000m standard warm-up beforehand. Each swimmer per-
formed 25m all-out sprints at front-crawl, backstroke, breast-
stroke and butterfly (counterbalanced randomly assigned
crossover design). Three conditions were selected for each
swimming stroke: (i) the full stroke (i.e., arms’ stroke-pull plus
kicking, full stroke; FS); (ii) arms’ stroke-pull (i.e. only the arms’
stroke; AS) and only the kicking (i.e., leg kicking; LK). Ten
athletes were randomly assigned at each time and their eva-
luations took place in two consecutive days, as only two
swimming strokes (at all three conditions) were swam per
day. Overall, each swimmer undertook 3 bouts per competi-
tive swimming stroke, in a total of 12 bouts, 6 for each day. All
bouts started in-water and swimmers were encouraged to
begin to swim right after the push-off, gliding and dolphin-
kicking as less as possible in this phase. Every swimmer rested
for at least a 30min between bouts to ensure a total recovery.
The nearby lanes were empty to reduce drafting, drag and
other potential confounding factors on the data.

Data collection

A mechanical system to measure swimming velocity (Swim
speedo-meter, Swimsportec, Hildesheim, Germany) was placed
on a starting block in head-wall of the swimming pool. A cord
was attached from the speedo-meter to the swimmer’s hip.
The signal was acquired at a frequency of 50Hz and
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transmitted by a 12-bit acquisition card (USB-6008, National
Instruments, Austin, Texas, USA) to a software interface in
LabView (v.2010. National Instruments, Austin, USA), which
displays the speed-time data in real time. Data were then
exported to a signal-processor software (AcqKnowledge v.3.5,
Biopac Systems, Santa Barbara, USA and filtered with a 5Hz
cut-off low-pass 4th order Butterworth filter upon residual
analysis. The push-off from the wall (first five meters) and
the finish (last meter) were discarded from the analysis to
avoid the high variance in the motor behavior that are not
caused by the swim stroke.

Kinematic variables
Mean velocity was calculated on the signal-processor software.
The intra-cyclic variation of the horizontal velocity of the hip
was calculated as reported in the literature (Barbosa et al.,
2013) as:

dv ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i

ðvi�vÞ�2�Fi
n

r
P
i

vi�Fi
n

� 100 (1)

where dv is the speed fluctuation, v is the swimming mean
velocity, vi is the swimming instantaneous velocity, Fi is the
acquisition frequency and n is the number of observations.

The mean velocity and dv were measured between the
11th and the 24th meters from the head-wall to remove the
effect of both start and finish.

Nonlinear parameters
SampEn was computed by the algorithm proposed by Richman
and Moorman (2000) on a MatLab routine (v.R20013a,
MathWorks, Natick, USA) and calculated as:

SampEn m; r;Nð Þ ¼ � ln
A
B

(2)

Where SampEn is the sample entropy, m is the length of
sequences to be compared, r is the tolerance for accepting
matches, N is the length of the time series and A/B is the
conditional probability that two sequences within a tolerance
r for m points remain within r of each other at the next point
(Robeva et al., 2007). A is the total number of forward matches
of length m + 1 and B is the total number of template matches
of length m, calculated as:

A ¼ N�m� 1ð Þ N�mð Þ
2

� �
Am rð Þ (3)

B ¼ N�m� 1ð Þ N�mð Þ
2

� �
Bm rð Þ (4)

Where Am(r) is the probability that two sequences will match
for m + 1 points and Bm(r) is the probability that two
sequences will match for m points, calculated as:

Am rð Þ ¼ N�mð Þ�1
XN�m

i¼1

Am
i rð Þ (5)

Bm rð Þ ¼ N�mð Þ�1
XN�m

i¼1

Bmi rð Þ (6)

Where Am
i rð Þ is (N-m-1)−1 times the number of vectors xm+1(j)

within r of xm+1(i), where (j) ranges from 1 to N-m and j ≠ i and
Bmi rð Þ is (N-m-1)−1 times the number of vectors xm(j) within r of
xm(i), where j ranges from 1 to N-m, and j ≠ i to exclude self-
matches.

Yentes et al. (2013) and Richman and Moorman (2000)
suggested that time-series records should be larger than 200
points and 100 points, respectively, to reduce the bias of
correlation templates to <3%. Hence, our N was set to be
higher than 500 speed-time pairs. There is no standardized
combination of the length of sequences to be compared (m)
and the tolerance value (r), only generally accepted values
ranging from 1 < m < 3 and 0.1 < r < 0.25 (Davids,
Hristovski, Serre, Button, & Passos, 2014; Richman &
Moorman, 2000; Robeva et al., 2007; Yentes et al., 2013).
According to literature (Chen et al., 2009; Richman &
Moorman, 2000), values of m = 2 and r = 0.2 seem to be
appropriate as it fits the theoretical values of SampEn for
random numbers with a uniform distribution in data lengths
between 500 and 1000 points; which is in tandem to what was
used in our study.

The FD was computed by the Higuchi’s algorithm (Higuchi,
1988) as this algorithm is the most accurate for the analysis of
time-series (Esteller et al., 2001). This algorithm considers a
given time series x(1), x(2), x(3), . . ., x(N) of a time interval
equals to k and constructs k new time series as:

xkm ¼ x mð Þ; x mþ kð Þ; x mþ 2kð Þ; . . . ;

x mþ N�m
k

k

� �
m ¼ 1; 2; . . . ; kð Þ (7)

Where m is the initial time, k is the interval time, ⌊⌋

represents both m and k are integers. For each xkm, the lengths
Lm(k) are then calculated as:

Lm kð Þ ¼
XN�m

k

i¼1

X mþ ikð Þ � Xðmþ i� 1ð Þkj j
0
@

1
AN� 1

N�m
k k

8<
:

9=
;=k

(8)

Where N is the total number of samples and the term N-1/
[(N-m)/k]k is a normalization factor for the curve length of xkm.
The length of the curve L(k) was then calculated for the time
interval k as the mean value over k sets of Lm(k), as:

L kð Þ ¼ 1
k

Xk
m¼1

Lm kð Þ (9)

Finally, log(L(k)) was plotted against log(1/k) and a straight
line was fitted according to the least-square best-fitting pro-
cedure. The slope of the least-squares linear best fit is the
estimate of the FD.

D ¼ d logN L kð Þð Þ
d log kð Þ (10)

Where D is the fractal dimension, N is the number of
points from the speed-time series, k is the scaling factor
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and L is the length of the time series. The algorithm was
also computed on a MatLab routine (v.R20013a,
MathWorks, Natick, USA).

Statistical analysis

The Shapiro-Wilk test was used to test the normality of
the data distribution. Descriptive statistics include the
mean, 1 SD and 95% of confidence interval. A two-way
repeated measures ANOVA was performed to analyze the
effect of swim stroke (front-crawl, backstroke, breaststroke
and butterfly stroke) and stroke condition (FS, AS, LK)
(p < 0.05) in each selected variable. Whenever needed, a
repeated measures ANOVA with Bonferroni post hoc test
was performed (p < 0.05). The assumptions of an ANOVA
were tested. Every time the assumption of sphericity was
violated, the Greenhouse-Geisser correction was used to
adjust the degrees of freedom of the F-ratio. Eta
Squared (η2) was calculated as the effect size index and
considered as: (i) minimum effect size if 0.04<η2 ≤ 0.25;
(ii) moderate effect size if 0.25<η2 ≤ 0.64; and (iii) strong
effect size if η2 > 0.64 (Ferguson, 2009). All statistical
procedures were performed in the IBM Statistical
Package for The Social Sciences (SPSS) (v.21, IBM, New
York, USA).

Results

Velocity

There was a significant and strong main effect of swim stroke
(F3,69 = 60.549; p < 0.001; η2 = 0.689) and condition
(F2,46 = 308.337; P = 0.000; η2 = 0.892) in the swim velocity
and an interaction in stroke*condition (F6,138 = 31.095;
p < 0.001; η2 = 0.556) (Table 1). There were significant differ-
ences in all pairwise comparisons across conditions (p < 0.001)
as well as in all pairwise comparisons between strokes
(p < 0.001) with the exception of backstroke vs butterfly.

When analyzing the partial velocity, the sum of AS velocity
and LK velocity was higher than 100% for all strokes (Table 1).
For all the swim strokes, in comparison to FS, the partial
contribution of the AS velocity was higher in boys and the
partial contribution of the LK velocity was higher in the girls.

Speed fluctuation

A significant and strong effect of the swim stroke
(F1.584,36.439 = 470.784; p < 0.001; η2 = 0.952) and condition
(F2,46 = 40.635; P = 0.000; η2 = 0.560) in the dv was found, as
well as a stroke*condition interaction (F3.416,78.566 = 12.729;
p < 0.001; η2 = 0.334) (Table 2). With the exception of front-
crawl vs. backstroke, there were significant differences in all
pairwise comparisons between swim strokes (p < 0.001). The

Table 1. Comparison of the swim velocity (v) for the three conditions in the four swimming strokes, its main effects and interactions.

Velocity (v, m/s)

Full stroke
Mean ± 1 SD

(95CI)
%
FS

Arm stroke
Mean ± 1 SD

(95CI)
%
FS

Leg kicking
Mean ± 1 SD

(95CI)
%
FS

Front-crawl Boys 1.404 ± 0.105 * 100 1.234 ± 0.139 †* 88 0.795 ± 0.128 †§ 57
(1.346–1.463) (1.158–1.311) (0.724–0.866)

Girls 1.187 ± 0.134 ‡ 100 0.934 ± 0.220 †‡ 79 0.737 ± 0.122 †§ 62
(1.091 ± 1.283) (0.777–1.092) (0.650–0.824)

Overall 1.317 ± 0.158 100 1.114 ± 0.228 † 84 0.772 ± 0.126 †§ 59
(1.252–1.383) (1.020–1.208) (0.720–0.824)

Backstroke Boys 1.178 ± 1.117 * 100 1.002 ± 0.115 †* 85 0.782 ± 0.099 †§ 66
(1.114–1.243) (0.938–1.066) (0.727–0.870)

Girls 1.042 ± 0.143 100 0.880 ± 0.124 † 84 0.726 ± 0.102 †§ 70
(0.940–1.144) (0.791–0.968) (0.652–0.799)

Overall 1.124 ± 0.142 100 0.953 ± 0.131 † 85 0.759 ± 0.102 †§ 68
(1.065–1.182) (0.899–1.007) (0.717–0.802)

Breaststroke Boys 1.004 ± 0.119 * 100 0.789 ± 0.158 *† 79 0.783 ± 0.080 † 78
(0.938–1.069) (0.702–0.877) (0.739–0.828)

Girls 0.867 ± 0.098 100 0.667 ± 0.137 † 77 0.747 ± 0.092 †§ 86
(0.796–0.937) (0.569–0.765) (0.681–0.813)

Overall 0.949 ± 0.129 100 0.740 ± 0.159 † 78 0.769 ± 0.085 † 82
(0.896 – 1.002) (0.675–0.806) (0.734–0.804)

Butterfly Boys 1.167 ± 0.155 * 100 1.050 ± 0.198 †* 90 0.807 ± 0.107 †§* 69
(1.081–1.253) (0.940–1.159) (0.748–0.867)

Girls 0.966 ± 0.165 100 0.776 ± 0.186 † 80 0.703 ± 0.094 † 73
(0.848–1.084) (0.644–0.909) (0.636–0.770)

Overall 1.087 ± 0.185 100 0.940 ± 0.233 † 86 0.766 ± 0.113 †§ 71
(1.010–1.163) (0.844–1.037) (0.719–0.812)

ANOVA
df F-ratio p-value η2

Stroke 3,69 60.549 <0.001 0.689
Condition 2,46 308.337 <0.001 0.829
Gender 1,23 12.061 0.002 0.344
Stroke * condition 6,138 31.095 <0.001 0.556
Stroke * gender 3,69 4.306 0.008 0.049
Condition * gender 2,46 14.344 <0.001 0.042
Stroke*condition*gender 6,138 1,846 0.094 0.033

† – Different from full stroke for pairwise comparisons (i.e. post-hoc test); § – Different from arm stroke; * – Different from girls; ‡ – Different from overall (p < 0.05)
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same happened in all pairwise comparisons between condi-
tions (p < 0.001) except for the FS vs AS.

SampEn

There was a significant and strong effect of the swim stroke
(F1.974,45.401 = 129.449; P = 0.000; η2 = 0.823) and condition
(F2,46 = 35.456; P = 0.000; η2 = 0.593) in the SampEn. There was
also a stroke*condition interaction (F6,138 = 24.998; p < 0.001;
η2 = 0.488) (Table 3). Furthermore, there were significant
differences between breaststroke and the remaining strokes
(p < 0.001). Finally, significant differences were also found in
all pairwise comparisons between conditions (p < 0.001),
except for FS vs AS.

Fractal dimension

Regarding the FD, significant and strong effects of the swim
stroke (F1.878,41.315 = 79.320; p < 0.001; η2 = 0.769) and condi-
tion (F1.574,34.628 = 51.427; p < 0.001; η2 = 0.696) were found,
with a stroke*condition interaction (F3.226,70.979 = 29.774;
p < 0.001; η2 = 0.570) (Table 4). There were also significant
differences across all pairwise comparisons for the swim
strokes (0.001 < P < 0.002). All pairwise comparisons between

conditions returned significant differences (P = 0.001) except
for FS vs AS.

Discussion

The aim of this work was to assess the effect of the limbs’
actions on nonlinear properties of the four competitive swim-
ming strokes’ speed patterns. All swimming strokes and con-
ditions showed nonlinear properties, especially a typical
fractal-like behavior. Therefore, the level of predictability and
complexity of these patterns changes with the number of
limbs in action.

Velocity

Velocity is the most measured parameter in competitive swim-
ming and considered the best predictor of performance
(Barbosa, Marinho, Costa, & Silva, 2011). The fastest competitive
strokes in world-class swimmers are front-crawl, followed by
butterfly, backstroke and breaststroke (Kennedy, Brown,
Chengalur, & Nelson, 1990). We noted the fastest strokes to be
front-crawl, followed by backstroke, butterfly and breaststroke,
both in the FS (0.949 ± 0.129 m·s−1 < v < 1.317 ± 0.158 m·s−1) as
intheASconditions(0.740±0.159m·s−1<v<1.114±0.228m·s−1).
This difference between literature and our study can be

Table 2. Comparison of the speed fluctuation (dv) for the three conditions in the four swimming strokes, its main effects and interactions.

Speed fluctuation (dv, dimensionless)

Full stroke
Mean ± 1 SD

(95CI)

Arm stroke
Mean ± 1 SD

(95CI)

Leg kicking
Mean ± 1 SD

(95CI)

Front-crawl Boys 7.299 ± 1.625 * 7.980 ± 2.193 * 12.223 ± 4.405 †§

(6.399–8.199) (6.766–9.195) (9.783–14.663)
Girls 9.648 ± 1.796 11.261 ± 3.654 10.149 ± 5.895

(8.363–10.933) (8.647–13.874) (5.932–14.366)
Overall 8.239 ± 2.032 9.292 ± 3.241 11.393 ± 5.043 †

(7.400–9.078) (7.955–10.630) (9.312–13.475)
Backstroke Boys 6.524 ± 2.308 8.594 ± 2.205 † 8.725 ± 3.668 †

(5.246–7.802) (7.373–9.815) (6.694–10.756)
Girls 7.464 ± 3.235 9.771 ± 3.614 † 8.479 ± 3.313

(5.149–9.778) (7.186–12.356) (6.109–10.849)
Overall 6.900 ± 2.693 9.065 ± 2.842 † 8.627 ± 3.461 †

(5.788–8.012) (7.892–10.238) (7.198–10.055)
Breaststroke Boys 44.266 ± 4.770 36.812 ± 7.277 † 49.510 ± 6.219 †§

(41.625–46.908) (32.782–40.84) (46.066–52.953)
Girls 46.409 ± 1.733 39.066 ± 5.565 † 51.213 ± 5.687 †§

(45.170–47.649) (35.085–43.057) (47.145–55.282)
Overall 45.070 ± 4.002 37.714 ± 6.616 † 50.191 ± 5.951 †§

(43.418–46.722) (34.983–40.445) (47.735–52.647)
Butterfly Boys 24.603 ± 9.184 22.961 ± 7.222 * 38.580 ± 9.793 †§

(19.518–29.689) (18.961–26.961) (33.157–44.004)
Girls 29.362 ± 10.188 32.184 ± 12.799 34.260 ± 11.956

(22.074–36.650) (23.028–41.339) (25.707–42.813)
Overall 26.507 ± 9.684 26.650 ± 10.636 † 36.852 ± 10.867 †§

(22.509–30.504) (22.260–31.040) (32.441–41.264)
ANOVA

df F-ratio p-value η2

Stroke 1.584,36.439 470.784 <0.001 0.952
Condition 2,46 40.635 <0.001 0.560
Gender 1,23 1.693 0.206 0.069
Stroke*condition 3.416,78.566 12.729 <0.001 0.334
Stroke*gender 1.584,36.439 0.555 0.647 0.001
Condition*gender 2,46 8.909 0.001 0.123
Stroke*condition*gender 3.416,78.566 2.375 0.069 0.062

† – Different from full stroke for pairwise comparisons (i.e. post-hoc test); § – Different from arm stroke; * – Different from girls; ‡ – Different from overall (p < 0.05)

JOURNAL OF SPORTS SCIENCES 5

D
ow

nl
oa

de
d 

by
 [

b-
on

: B
ib

lio
te

ca
 d

o 
co

nh
ec

im
en

to
 o

nl
in

e 
IP

G
] 

at
 0

3:
26

 1
0 

Ja
nu

ar
y 

20
18

 



explained by the swimmer specialization, given that world-class
swimmers tend to be specialized in only one swimming stroke.
In this study, LK was the slowest condition in all strokes with the
exception of breaststroke. Previous studies have reported that
the propulsive force and breaststroke speed in the LK are similar
or higher than for the AS (Chollet, Seifert, Leblanc, Boulesteix, &
Carter, 2004; Craig, Termin, & Pendergast, 2006; Vorontsov &
Rumyantsev, 2000). The reason relies on the orientation of the
propulsive forces generated by the legs’ actions. The horizontal
orientation of the leg movements in breaststroke generates
greater propulsion than the other strokes, where this orienta-
tion is vertical (Vorontsov & Rumyantsev, 2000).

Overall, the velocity for front-crawl AS found in the present
study is in agreement with the 87–90% reported on segmental
velocity for this stroke (Hollander et al., 1988; Ribeiro et al., 2015;
Watkins & Gordon, 1983) with slight differences between males
and females also as reported in other previous interventions in the
same topic (Watkins & Gordon, 1983). Similar results obtained in
the remaining swim strokes. The AS accounted for 85% of the
velocity in backstroke, 78% in breaststroke and 86% in butterfly
(again with slight differences between genders). Interestingly, the
LK accounted for between 59 and 82% of the velocity for the
different strokes, making the sum of segmental velocities greater
than 100% (front crawl: 143%; backstroke: 153%; breaststroke:
160% and; butterfly: 157%). The chosen leg kicking frequency
during swimming seems to be a natural process, as each leg kick

matches a specific arms’ action (Yanai, 2003). Without the arms’
actions, swimmers may choose a higher leg kicking rate, as legs
are no longer dependent on the arm/leg coordination. The
absence of the arm pull also makes the legs the main propellant,
thus, swimmers need to kick faster to maintain the body’s hor-
izontal position and move forward (Yanai & Wilson, 2008). In line
with this, our results suggest that there is a typical task constraint
in the FS condition in all four strokes, that lead to a loss of
efficiency between the segmental strokes and the style as a
whole, where kick-to-stroke rate may be the main influencing
factor.

Speed fluctuation

Speed fluctuation is a key-variable to be assessed in competitive
swimming (Kolmogorov & Duplishcheva, 1992). It allows: (i) the
identification of critical issues or mistakes over the stroke cycle; (ii)
collection of relevant data for practitioners; (iii) determination of
swimming economy (Barbosa, Bragada, et al. 2010). The dv is
influenced by both the thrust and drag force. The swim strokes
that produce higher variations in these external forces over the
cycle, also present the highest dv, therefore being related with
energy cost (Barbosa et al., 2005; Vilas-Boas, Vilas-Boas, Barbosa, &
Fernandes, 2010). So, a swimmer with a lower dv value has a
higher swimming efficiency, as high variations on dv require
extra energy to overcome inertial forces.

Table 3. Comparison of sample entropy (SampEn) for the three conditions in the four swimming strokes, its main effects and interactions.

Sample Entropy (SampEn, dimensionless)

Full stroke
Mean ± 1 SD

(95CI)

Arm stroke
Mean ± 1 SD

(95CI)

Leg kicking
Mean ± 1 SD

(95CI)

Front-crawl Boys 0.581 ± 0.032 0.564 ± 0.032 * 0.575 ± 0.056 *
(0.563–0.598) (0.546–0.582) (0.544–0.605)

Girls 0.566 ± 0.043 0.523 ± 0.035 0.520 ± 0.064
(0.535–0.596) (0.498–0.548) (0.474–0.566)

Overall 0.575 ± 0.037 0.549 ± 0.038 † 0.553 ± 0.064
(0.560–0.590) (0.533–0.565) (0.526–0.579)

Backstroke Boys 0.566 ± 0.037 0.544 ± 0.030 0.520 ± 0.069 †

(0.546–0.586) (0.528–0.561) (0.482–0.558)
Girls 0.547 ± 0.044 0.546 ± 0.036 0.504 ± 0.082

(0.516–0.579) (0.521–0.572) (0.446–0.563)
Overall 0.558 ± 0.040 0.545 ± 0.032 0.514 ± 0.073 †§

(0.542–0.575) (0.532–0.558) (0.484–0.544)
Breaststroke Boys 0.354 ± 0.054 0.409 ± 0.083 0.202 ± 0.058 †§

(0.325–0.384) (0.363–0.455) (0.170–0.234)
Girls 0.315 ± 0.049 0.449 ± 0.054 † 0.209 ± 0.054 †§

(0.280–0.350) (0.410–0.488) (0.170–0.248)
Overall 0.338 ± 0.054 0.425 ± 0.074 † 0.205 ± 0.055 †§

(0.316–0.360) (0.394–0.455) (0.182–0.228)
Butterfly Boys 0.517 ± 0.064 0.506 ± 0.094 0.459 ± 0.092 †§*

(0.482–0.552) (0.454–0.559) (0.408–0.510)
Girls 0.545 ± 0.054 0.542 ± 0.059 0.568 ± 0.104

(0.507–0.584) (0.500–0.583) (0.493–0.643)
Overall 0.528 ± 0.060 0.521 ± 0.082 0.503 ± 0.110

(0.503–0.553) (0.487–0.554) (0.457–0.548)
ANOVA

df F-ratio p-value η2

Stroke 1.974, 45.401 129.449 <0.001 0.823
Condition 2,46 35.456 <0.001 0.593
Gender 1,23 0,010 0,920 0,000
Stroke*condition 6,138 24.998 <0.001 0.488
Stroke*gender 1.974, 45.401 4.879 0.012 0.031
Condition*gender 2,46 1,266 0,292 0,020
Stroke*condition* gender 6,138 3.202 0.006 0.063

† – Different from full stroke for pairwise comparisons (i.e. post-hoc test); § – Different from arm stroke; * – Different from girls; ‡ – Different from overall (p < 0.05)
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Unlike the nonlinear variables, detailed below, dv is well known
to be dependent on limbs’ movements. dv also brings insight on
the inter-limb coordination (Leblanc, Seifert, Tourny-Chollet, &
Chollet, 2007; Schnitzler, Seifert, Ernwein, & Chollet, 2008) as spe-
cific limb actions over the stroke cycle are able to decrease/
increase the dv (Barbosa, Fernandes, Morouco, & Vilas-Boas,
2008; Sanders, Cappaert, & Pease, 1998; Silva et al., 2008).

For all conditions, the strokes with higher dv were breast-
stroke, followed by butterfly, front-crawl and backstroke. This
result is in agreement with literature (Barbosa et al., 2013)
where breaststroke and butterfly have a clear higher dv than
front-crawl and backstroke. The conditions with the highest
and the lowest dv were LK and FS, respectively. In literature, dv
is reported as being inversely related to velocity (Barbosa,
Bragada, et al. 2010; Barbosa et al., 2013). This correlation
justifies our results, given that, with the exception of breast-
stroke, velocity increased from LK to FS.

SampEn

SampEn provides insight of the randomness of the inter-cyclic
variations over the time-series. The lower its value, the higher
the predictability of the time-series. The swim strokes with
higher SampEn were the same among the three conditions,
with front-crawl displaying the highest value, followed by
backstroke, butterfly and breaststroke. These results ranged

between 0.202≤SampEn≤0.581 (boys’ breaststroke LK and
boys’ front-crawl FS, respectively). The values obtained in the
FS condition, in the four swim strokes, were slightly lower than
those found in the few research that computed the entropy of
human swimming (Barbosa, Goh, Morais, & Costa, 2016;
Barbosa, Goh, Morais, Costa, & Pendergast, 2016). However,
different algorithms return slightly different outcomes which
could explain the difference in the order of the strokes’
entropy.

There is again a clear difference between the strokes with
simultaneous arms and legs actions, and the remaining strokes.
Although less complex, front-crawl and backstroke’s swimming
patterns showed to be less predictable. Contributing to this
outcome could be the task constraint of synchronizing four
alternated limbs, each one in a different phase of the motor
path, adding a full body rotation in backstroke’s case. Whereas
in strokes with simultaneous limbs’ actions, two of the 4 limbs
are always in the same phase. We found that the FS condition
exhibited a higher SampEn than the AS and LK conditions in all
strokes. This is in accordance with what was stated above, as in
FS there are more limbs to coordinate.

Fractal dimension

FD provides information about the intra-cyclic complexity and
irregularity of a given time-series variations. The higher the FD,

Table 4. Comparison of the fractal dimension (FD) for the three conditions in the four swimming strokes, its main effects and interactions.

Fractal dimension (FD, dimensionless)

Full stroke
Mean ± 1 SD

(95CI)

Arm stroke
Mean ± 1 SD

(95CI)

Leg kicking
Mean ± 1 SD

(95CI)

Front-crawl Boys 1.9191 ± 0.022 1.9176 ± 0.021 1.8747 ± 0.048 †§

(1.907–1.931) (1.906–1.929) (1.848–1.901)
Girls 1.9096 ± 0.016 1.9253 ± 0.023 1.8298 ± 0.071 †§

(1.898–1.921) (1.909–1.942) (1.779–1.880)
Overall 1.9153 ± 0.020 1.9205 ± 0.021 1.8567 ± 0.061 †§

(1.907–1.924) (1.912–1.929) (1.832–1.882)
Backstroke Boys 1.8904 ± 0.042 1.9126 ± 0.031 † 1.7771 ± 0.077 †§

(1.867–1.914) (1.896–1.930) (1.734–1.820)
Girls 1.8732 ± 0.032 1.9069 ± 0.041 1.7644 ± 0.085 †§

(1.850–1.896) (1.877–1.936) (1.703–1.826)
Overall 1.8835 ± 0.039 1.9103 ± 0.035 † 1.7720 ± 0.079 †§

(1.868–1.899) (1.896–1.925) (1.739–1.805)
Breaststroke Boys 1.9553 ± 0.010 1.9494 ± 0.014 1.9496 ± 0.012

(1.950–1.961) (1.942–1.957) (1.943–1.956)
Girls 1.9549 ± 0.008 1.9517 ± 0.011 1.951 1 ± 0.009

(1.949–1.961) (1.944–1.959) (1.945–1.958)
Overall 1.9551 ± 0.009 1.9503 ± 0.012 1.9502 ± 0.011

(1.951–1.959) (1.945–1.955) (1.946–1.955)
Butterfly Boys 1.9510 ± 0.004 1.9350 ± 0.014 † 1.9522 ± 0.006 §

(1.949–1.953) (1.927–1.943) (1.949–1.955)
Girls 1.9491 ± 0.011 1.9330 ± 0.013 † 1.9477 ± 0.011 §

(1.941–1.957) (1.924–1.942) (1.940–1.956)
Overall 1.9501 ± 0.008 1.9342 ± 0.013 † 1.9503 ± 0.009 §

(1.947–1.953) (1.929–1.940) (1.947–1.954)
ANOVA

df F-ratio p-value η2

Stroke 1.878,41.315 79.320 0.000 0.769
Condition 1.574,34.628 51.427 0.000 0.696
Gender 1,22 2.545 0.125 0.104
Stroke * condition 3.226,70.979 29.774 0.000 0.570
Stroke*gender 1.878,41.315 1.716 0.194 0.017
Condition*gender 1.574,34.628 0.616 0.508 0.006
Stroke*condition*gender 3.226,70.979 0.437 0.741 0.010

† – Different from full stroke for pairwise comparisons (i.e. post-hoc test); § – Different from arm stroke; * – Different from girls; ‡ – Different from overall (p < 0.05)
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the more complex and irregular the behavior is. The FD varies
according to the swim stroke and the level of expertise
(Barbosa, Goh, Morais, & Costa, 2016; Barbosa, Goh, Morais,
Costa, & Pendergast, 2016). This study is a follow-up providing
evidence that the variations in nonlinear parameters are also
dependent on the number of limbs in action, which confirmed
the tested hypothesis.

The significant main effect of swimming stroke on FD
verified in the present study is in accordance with the
scarce literature (Barbosa, Goh, Morais, & Costa, 2016;
Barbosa, Goh, Morais, Costa, & Pendergast, 2016). Adding
on to their findings, in our work, the swim strokes with
higher FD in their swimming patterns, and therefore with
a more complex behavior, are the same, independently of
sex, expertise and swimming condition: breaststroke fol-
lowed by butterfly, front crawl and backstroke (the excep-
tion is the LK condition, having butterfly the highest FD).
One may argue that both breaststroke and butterfly, which
feature simultaneous action by both upper- and lower-
limbs, influence the complexity of the strokes’ behavior,
and therefore lead to higher FD. The conditions with higher
FD were different across the swim strokes. The strokes with
the least complex swimming patterns were front-crawl and
backstroke, given that they showed the lowest FD. In fact,
LK in front crawl and backstroke exhibited the lowest FD
value of all conditions of all strokes (1.8567 ± 0.061 and
1.7720 ± 0.079, respectively). This is probably due to the
less complexity of the leg kicking in these strokes, which is
made of only two movements that are mostly in the vertical
plane (upbeat and downbeat).

According to Seifert, Seifert, Chollet, and Bardy (2004),
finding the best swimming pace associated with the swim-
mer’s arm coordination, or conversely, adapting the arm
coordination when it is not compatible with the swimming
pace, is part of the exploration and learning process. In
agreement with the nonlinear pedagogy, the manipulation
of this constraint could help a preferential coordination
pattern to emerge, that can then be stabilized for specia-
lization (Seifert, Chollet, & Rouard, 2007). In our study, all
swimming strokes and conditions exhibited long-time cor-
relations, i.e. fractal-like behavior. The swimming patterns
of the swim strokes featuring simultaneous action by both
upper- and lower-limbs (i.e. breaststroke and butterfly) are
less random than the other two, however, more complex.
The LK condition is less complex than AS and FS condi-
tions. Interestingly, some teaching programmes even
advise pupils to learn first front-crawl and backstroke
(Costa, Barbosa, Morais, Miranda, & Marinho, 2017), and
the findings herein seem to backup such assumption.

Practical applications

The results of our study can help the swimming teacher to be
aware of the complexity level of each limb action in each
swimming stroke pattern. This awareness enables the creation
of task constraints resorting to arms’ and/or legs’ actions to
complicate or simplify a specific task in order to facilitate the
learning of a specific skill.

Limitations and future perspectives

Some limitations can be raised for this study: (i) two different
periods of the day were used to perform the data collection,
and it may have affected the swimmer´s performances; (ii) it is
unclear if the same findings would be obtained in elite and
master swimmers, albeit in these groups of swimmers are
prone to be highly-specialized in only one or two strokes;
(iii) follow-up studies should try to understand the role of
drag and thrust on the nonlinear swimming behavior; (iv) it
would also be interesting to understand the changes in the
nonlinear behavior swimming at different paces because in
this research participants performed all-out bouts.

Conclusions

It can be concluded that the four competitive strokes exhibit
nonlinear properties, performing the full stroke, and only the
upper- or lower-limbs actions. The swimming patterns are less
complex and more predictable performing the kicking when
compared to the arm-pull stroke and full stroke. Comparing
the four competitive strokes, breaststroke and butterfly have
more complex but more predictable swimming patterns com-
pared to backstroke and front-crawl.
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