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Abstract 
The aim of this study was to compare the assessment of swim-
ming speed processed as a discrete variable and as a continuous 
variable in young swimmers. One-hundred and twenty young 
swimmers (60 boys: age = 12.91 ± 0.86 years; 60 girls: age = 
12.46 ± 0.94 years) were analysed. The dataset for each sex was 
divided into three tiers: (i) tier #1 - best-performing swimmers; 
(ii) tier #2: intermediate-performing swimmers, and; (iii) tier #3 - 
poorest-performing swimmers. As a discrete variable, swimming 
speed showed significant sex and tier effects, and a significant 
sex*tier interaction (p < 0.001). Speed fluctuation showed a non-
significant sex effect (p > 0.05), a significant tier effect (p < 
0.001), and a non-significant sex*tier interaction (p > 0.05). As a 
continuous variable, the swimming speed time-curve presented 
significant sex and tier effects (p < 0.001) throughout the stroke 
cycle, and a significant sex*tier interaction (p < 0.05) in some 
moments of the stroke cycle. Swimming speed fluctuation ana-
lysed as a discrete variable and as a continuous variable can be 
used in a complementary way. Nonetheless, SPM can provide 
deeper insight into differences within the stroke cycle. Thus, 
coaches and practitioners should be aware that different 
knowledge about the swimmers’ stroke cycle can be learned by 
assessing swimming speed using both methods.  
 
Key words: Assessment, biomechanics, modelling, performance, 
youth. 

 
 
Introduction 
 
As in other time-based sports, the goal in competitive 
swimming is to complete a given distance in the shortest 
possible time. Front-crawl, as the most popular swimming 
stroke, receives a significant amount of attention by re-
searchers, coaches, and support staff (Kwok et al., 2021; 
Morais et al., 2018; Nikolaidis and Knechtle, 2017). Swim-
ming speed is characterised by a periodically accelerated 
motion (Barbosa et al., 2010). Intra-cyclic variations of 
horizontal speed are commonly known as ‘speed fluctua-
tion’ (dv). Thus, dv quantifies the variation in instantane-
ous speed around its mean value over a full stroke cycle. 
Dv can be quantified as a discrete variable of the speed 
curve by calculating the coefficient of variation (CV) (Bar-
bosa et al., 2005): 
 

𝐶𝑉 ൌ
𝑆𝐷
𝑚𝑒𝑎𝑛

∙ 100 

 
in which CV is the coefficient of variation (in %), SD is the 
one standard deviation of a given time-series, and mean is 
the average of a given time-series. 

Due to the high complexity of data handling and 
analysis of time-series data, practitioners often refer to dv 
as a simple discrete value to assess the mechanical effi-
ciency and performance of the swimmer (Barbosa et al., 
2019; Seifert et al., 2010). Moreover, it is also used to get 
an overview of the magnitude of change observed by 
swimming speed (Barbosa et al., 2016). Previously, in 
swimming by age group, it was shown that faster swim-
mers in an event were more likely to have a lower dv than 
their slower counterparts (Barbosa et al., 2019; Figueiredo 
et al., 2016). Furthermore, Matsuda and co-workers (2014) 
observed that elite swimmers had significantly lower dv 
than beginners at various swimming speeds. The best-per-
forming pubescent swimmers of both sexes also had a 
lower dv than the worst-performing swimmers (Silva et al., 
2019a). However, the use of the CV to give an understand-
ing about the dv can be misleading if the standard deviation 
is not directly proportional to the mean (Reed et al., 2002). 
Therefore, the CV can be influenced by the mean when de-
creases and increases of the mean are much greater than 
those observed by the standard deviation (Gonjo et al., 
2023). 

Discrete data decreases the amount of potential in-
formation available, which may omit or overlook insightful 
details that could explain performance constraints (Richter 
et al., 2014). The CV of the dv falls in this rational. Based 
on the previously mentioned assumptions, it can be argued 
that the sensitivity to detect differences in swimming speed 
over an entire stroke cycle decreases when discrete catego-
risation and data compressing occur (as when using the dv). 
Discrete variables are unable to provide detailed infor-
mation about behaviour across the speed-time series during 
a complete stroke cycle, as they only provide an average 
value of the entire stroke cycle. It does not allow verifying 
hypothetical differences at a given moment in the stroke 
cycle. 

On the other hand, analysing continuous time-series 
data has significant advantages by providing more sensi-
tive details (Preatoni et al., 2013; Tassignon et al., 2018). 
1D Statistical Parametric Mapping (SPM) is a statistical 
procedure that allows a continuous time-series analysis. It 
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uses random field theory to perform topological inference 
by directly mapping the conventional Gaussian distribution 
to smooth n-dimensional data (Pataky, 2010). More specif-
ically, SPM is an n-dimensional methodology for the top-
ological analysis of smooth continuous changes associated 
with experimental interventions (Pataky, 2012). SPM can 
lessen the limitations indicated by discrete values, provid-
ing a framework for continuous statistical analysis of 
smooth bounded n-dimensional fields (Pataky, 2010). It 
has been stated that the SPM approach has two main ad-
vantages: (1) statistical results are presented directly in the 
original sampling space, so their space-time biomechanical 
context is immediately apparent, and; (2) there is no need 
to make assumptions regarding the spatial-temporal focus 
of the analysed signals (Pataky, 2010; 2012). Hence, SPM 
can be employed to maintain the integrity and sensitivity 
of time-series data. SPM is increasingly being used in 
sports science, contributing to a more detailed analysis of 
movement in specific performance settings (Bertozzi et al., 
2022; Warmenhoven et al., 2018). In the case of the swim-
ming speed time-curve, it will allow a better explanation of 
which moments of the stroke cycle differences may occur. 
In the context of swimming, continuous analysis was used 
to compare the arm-stroke kinematics between maximal 
and sub-maximal breaststroke swimming (Gourgoulis and 
Nikodelis, 2022), understand the underwater undulatory 
swimming kinematics (Ruiz-Navarro et al., 2021), and in-
vestigate inter-individual variability in muscle activation 
patterns during front crawl swimming (Martens et al., 
2016). Thus, using continuous procedures to compare and 
analyse the swimming speed between the best and worst-
performing swimmers during a complete stroke cycle can 
provide researchers and coaches with more detailed infor-
mation about the differences within the stroke cycle. 

Therefore, this study aimed to compare swimming 
speed during a complete stroke cycle in young swimmers 
of both sexes as a discrete variable and as a continuous var-
iable (SPM). For this, comparisons were made between 
performance levels (three tiers) according to sex. It was hy-
pothesised that swimmers included in the fastest tier (both 
sexes) would present a significantly faster swimming speed 
and the dv would be significantly lower. Furthermore, anal-
ysis through SPM would allow the identification of spe-
cific key moments within the stroke cycle in which differ-
ences may occur. 

 
Methods 
 
Participants 
One hundred and twenty young swimmers participated (60 
boys: age = 12.91 ± 0.86 years, height = 162.00 ± 11.07 
cm, body mass = 51.23 ± 9.01 kg, arm span = 167.45 ± 
11.07 cm, FINA points = 283.49 ± 85.18 points at the 100 
m freestyle event in short course meter; 60 girls: age = 
12.46 ± 0.94 years; height = 158.42 ± 5.87 cm, body mass 
= 49.51 ± 7.22 kg, arm span = 161.09 ± 6.10 cm, FINA 
points = 315.05 ± 85.72 points at the 100 m freestyle event 
in short course meter) who, at the time of data collection, 
were participating in regional and national levels competi-
tions (tier 2  swimmers, McKay et al., 2022). Swimmers 
had more than three years of competitive background and 

included age-group national record holders, age-group na-
tional champions, and swimmers enrolled in a national tal-
ent-identification scheme. Swimmers were taking part in 
five to six training sessions per week (90 minutes each ses-
sion). Parents or guardians, as well as swimmers, provided 
informed consent. All procedures were in accordance with 
the Declaration of Helsinki regarding human research, and 
the University Ethics Board approved the research design 
(N.º 72/2022). 

The dataset for each sex was divided into three tiers 
(each one with 20 swimmers) based on the fastest swim-
ming speed performed during an all-out trial of 25 m front-
crawl: (i) tier #1 - swimmers with the best performances 
(i.e., fastest swimming speed); (ii) tier #2 - swimmers with 
intermediate performances (i.e., intermediate swimming 
speed), and; (iii) tier #3 - swimmers with the poorest per-
formances (i.e., slowest swimming speed). Prior to data 
collection, swimmers underwent familiarisation sessions in 
a 25 m indoor swimming pool and performed a standard-
ised warm-up (Neiva et al., 2017). Data were collected on 
all 25 m trials and analysed over three consecutive stroke 
cycles between the 11th and 24th-meter marks. Swimmers 
were instructed to perform breathless stroke cycles during 
the 11th and 24th-meter marks to avoid disruptions/changes 
in stroke coordination or technique that could have a nega-
tive effect on swimming velocity (McCabe et al., 2015). A 
cohort comparison was performed between the three tiers 
by sex. 
 
Anthropometrics assessment 
Height was measured with a digital stadiometer (Seca 242, 
Seca) at the nearest 0.1 cm, and body mass with a digital 
scale (BC-730, Tanita) at the nearest 0.1 kg. Arm span was 
measured by digital photogrammetry (Morais, et al., 
2020a). For this, the swimmers were photographed next to 
a 2D calibration frame, in an orthostatic position, with both 
arms in lateral abduction at an angle of 90° in relation to 
the trunk. Both arms and fingers were fully extended. The 
distance between the tip of each third finger was measured 
with a dedicated software (Universal Desktop Ruler, AV-
PSoft, Pittsburgh, USA). 
 
Swimming speed and speed fluctuation assessment 
Swimmers were requested to perform three all-out trials in 
front-crawl with a push-off start. The best trial (i.e., the 
fastest) was used for further analysis. A mechanical appa-
ratus (Swim speedo-meter, Swimsportec, Hildesheim, Ger-
many) was attached to the hip (Morais et al., 2018). An in-
house built software (LabVIEW®, v. 2010) was used to 
acquire (f = 50Hz) and stream speed-time series over the 
trial. Data was exported from the speedometer to an inter-
face by a 12-bit resolution acquisition card (USB-6008, 
National Instruments, Austin, Texas, USA). Afterward, 
data was imported into a signal processing software (Ac-
qKnowledge v. 3.9.0, Biopac Systems, Santa Barbara, 
USA). The signal was filtered with a Butterworth 4th order 
low-pass filter (cut-off: 5Hz) upon residual analysis (Win-
ter, 2009). A video camera (Sony FDR-X3000, Japan) syn-
chronised with the mechanical apparatus recorded the 
swimmer’s performance in the sagittal plane to identify the 
hand’s underwater motor path at a sampling rate of 60 Hz. 
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It was placed 5 meters away and 20 cm deep, allowing the 
capture of three consecutive stroke cycles. Swimming 
speed (m/s) was retrieved from the software during each 
three consecutive stroke cycles (i.e., based on the hand en-
try that was closest to the video camera). The stroke fre-
quency (SF, in Hz) was calculated as the number of cycles 
per unit of time from the time it takes to complete a full 
cycle (f = 1/P; in which P is the period). The stroke length 
was calculated as SL = v ∙ SF (Craig and Pendergast, 1979), 
in which SL is the stroke length (m), v is the swimming 
speed (m/s), and SF is the stroke frequency (HZ). Figure 1 
shows the speed-time series of each tier by sex. The stroke 
cycle is characterised by five key events: (i) the left hand 
catch; (ii) the transition between the downsweep and the 
insweep of the left upper limb; (iii) the transition between 
the left upper limb upsweep and the exit, and the right-hand 
catch; (iv) the transition between the downsweep and the 
insweep of the right upper limb; (v) the transition between 
the right upper limb upsweep and the exit, and the left-hand 
catch (Morais et al., 2020b). As mentioned earlier, the dv 
was calculated as being the CV. 
 
Statistical analysis 
The Kolmogorov-Smirnov test indicated a normal distribu-
tion for both swimming speed and dv. Mean plus one 
standard deviation, mean differences between tiers, and 
95% confidence intervals (95CI) were computed as de-
scriptive statistics. 

A two-way ANOVA (p < 0.05) was used to analyse  

the variance of the swimming speed and the dv as discrete 
variables. Thus, two factors were considered: (i) “sex”, 
and; (ii) “tier”. Simple main effects were used to check for 
significant differences between pairs (p < 0.05). For the 
variance effect size index, the eta square (η2) was com-
puted and interpreted as: (i) without effect if 0 < η2 < 0.04; 
(ii) minimum if 0.04 < η2 < 0.25; (iii) moderate if 0.25 < η2 
< 0.64 and; (iv) strong if η2 > 0.64 (Ferguson, 2009). Co-
hen’s d was used to estimate the standardised effect sizes 
between pairs, and deemed as: (i) trivial if 0 ≤ d < 0.20; (ii) 
small if 0.20 ≤ d < 0.60; (iii) moderate if 0.60 ≤ d < 1.20; 
(iv) large if 1.20 ≤ d < 2.00; (v) very large if 2.00 ≤ d < 
4.00; (vi) nearly perfect if d ≥ 4.00 (Hopkins, 2019). 

Based on continuous variables, a two-way SPM 
ANOVA was used (Pataky, 2010). Once again, two factors 
were considered: (i) “sex”, and; (ii) “tier”. Simple main ef-
fects were used to verify for significant differences be-
tween pairs (p < 0.05). Prior to this analysis, each stroke 
cycle was normalised to its duration in an R routine (R 
Core Team, 2017). Cycle normalization is a method used 
to obtain a uniform representation of any cycle (i.e., stand-
ardisation) with the purpose of comparing or averaging 
data across participants. The usual method is based on rep-
resentation of a percentage of the complete cycle. Other-
wise, cycles between subjects could not be directly com-
pared as they would present temporal differences. SPM 
analyses were implemented using the open-source spm1d 
code on Matlab (v.M0.1, www.spm1d.org). 

 
 

 

 
 

 
 

Figure 1. Speed-time series by sex and tier. Panels A and B depict the average stroke cycle (mean of three stroke cycles) of boys 
and girls, respectively. Suffix 1 – swimmers included in tier #1 (best performances); Suffix 2 – swimmers included in tier #2 (intermediate perfor-
mances); Suffix 3 – swimmers included in tier #3 (worst performances). Solid line indicates the mean and dash line the 95% confidence interval. The 
numbers within the solid line designate time points of key events within front-crawl stroke cycle, specifically: 1 – left hand catch (non-dominant for all 
individual cases); 2 – transition between the downsweep and insweep of the left upper-limb; 3 – transition between the left upper-limb upsweep and 
exit, and right-hand catch (dominant for all individual cases); 4 – transition between the downsweep and insweep of the right upper-limb; 5 – transition 
between the right upper-limb upsweep and exit, and left-hand catch. 
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Table 1. Descriptive statistics (mean ± one standard deviation - 1SD) of the swim speed and dv as discrete variables in the three 
tiers groups by sex. It is also presented the anthropometric features by tier and sex. 

 Boys Girls 
 Mean ± 1SD 

(Tier #1) 
Mean ± 1SD 

(Tier #2) 
Mean ± 1SD 

(Tier #3) 
Mean ± 1SD 

(Tier #1) 
Mean ± 1SD 

(Tier #2) 
Mean ± 1SD 

(Tier #3) 

Speed [m/s] 1.56 ± 0.06 1.41 ± 0.03 1.21 ± 0.05 1.41 ± 0.03 1.30 ± 0.02 1.16 ± 0.07 
dv [%] 7.91 ± 2.19 7.91 ± 1.83 8.81 ± 2.15 8.05 ± 3.01 7.65 ± 2.04 10.01 ± 2.56 
Stroke frequency [Hz] 0.90 ± 0.10 0.89 ± 0.11 0.86 ± 0.11 0.81 ± 0.07 0.83 ± 0.08 0.79 ± 0.07 
Stroke length [m] 1.77 ± 0.20 1.60 ± 0.17 1.43 ± 0.19 1.75 ± 0.13 1.58 ± 0.14 1.48 ± 0.13 
Body mass [kg] 59.74 ± 7.24 48.33 ± 7.04 45.62 ± 5.65 51.51 ± 3.20 48.21 ± 7.90 48.81 ± 9.20 
Height [cm] 170.70 ± 6.99 159.75 ± 6.87 155.55 ± 7.17 162.35 ± 4.04 156.78 ± 4.56 156.03 ± 6.77 
Arm span [cm] 177.28 ± 9.17 165.21 ± 6.83 159.75 ± 8.74 163.50 ± 4.89 159.25 ± 6.15 160.50 ± 6.64 

dv – intra-cyclic variations of horizontal speed. 
 
Table 2. Simple main effects of the swim speed and dv as discrete variables between tiers by sex, and between sexes by tiers.  
 Boys 
 Tier #1 vs Tier #2 Tier #1 vs Tier #3 Tier #2 vs Tier #3 

 
Mean difference 

(95CI) 
p 

d 
[descriptor]

Mean difference
(95CI) 

p 
d 

[descriptor]
Mean difference 

(95CI) 
p 

d 
[descriptor] 

Speed [m/s] 
0.161 

(0.131 to 0.190) 
<0.001 

3.37 
[very large]

0.354 
(0.324 to 0.383)

<0.001
6.52 

[nearly  
perfect] 

0.193 
(0.163 to 0.223) 

<0.001 
4.85 

[nearly  
perfect] 

dv [%] 
0.000 

(-1.459 to 1.460) 
1.000 

0.00 
[trivial] 

-0.902 
(-2.361 to 0.557)

0.223
0.41 

[small] 
-0.903 

(-2.362 to 0.556) 
0.223 

0.45 
[small] 

 Girls 
 Tier #1 vs Tier #2 Tier #1 vs Tier #3 Tier #2 vs Tier #3 

 
Mean difference 

(95CI) 
p 

d 
[descriptor]

Mean difference
(95CI) 

p 
d 

[descriptor]
Mean difference 

(95CI) 
p 

d 
[descriptor] 

Speed [m/s] 
0.109 

(0.079 to 0.138) 
<0.001 

4.31 
[nearly  
perfect] 

0.256 
(0.226 to 0.286)

<0.001
4.64 

[nearly  
perfect] 

0.147 
(0.118 to 0.177) 

<0.001 
2.72 

[very large] 

dv [%] 
0.394 

(-1.065 to 1.853) 
0.594 

0.15 
[trivial] 

-1.973 
(-3.432 to -

0.514) 
0.008

0.71 
[moderate] 

-2.368 
(-3.827 to -0.908) 

0.002 
1.02 

[moderate] 

 Tier 
 Tier #1 – Boys vs Girls Tier #2 – Boys vs Girls Tier #3 – Boys vs Girls 

 
Mean difference 

(95CI) 
p 

d 
[descriptor]

Mean difference
(95CI)

p 
d 

[descriptor]
Mean difference 

(95CI) 
p 

d 
[descriptor]

Speed [m/s] 
0.156 

(0.127 to 0.186) 
<0.001 

3.37 
[very large]

0.104 
(0.075 to 0.134)

<0.001
4.31 

[nearly  
perfect] 

0.059 
(0.029 to 0.088) 

<0.001 
0.82 

[moderate] 

dv [%] 
-0.135 

(-1.594 to 1.324) 
0.855 

0.05 
[trivial] 

0.259 
(-1.200 to 1.718)

0.726
0.13 

[trivial] 
-1.206 

(-2.665 to 0.254) 
0.104 

0.51 
[small] 

dv - intra-cyclic variations of horizontal speed; p – p-value; d – Cohen’s d [effect size descriptor].  

 
Results 
 
Table 1 summarises the descriptive statistics according to 
sex and tiers. In addition to better performances, the boys 
in tier #1 also had lower dv, bigger anthropometric charac- 
teristics, faster SF, and greater SL, followed by swimmers 
in tier #2 and tier #3, respectively. As for girls, the trend 
observed in swimming speed was the same as for boys. 
However, girls in tier #2 were the ones with the lowest dv 
and fastest SF. 

The two-way ANOVA for the swimming speed re-
vealed a significant sex effect (F1,114 = 151.813, p < 0.001, 
η2 = 0.57), a significant tier effect (F2,114 = 416.126, p < 
0.001, η2 = 0.88), and a significant sex*tier interaction 
(F2,114 = 10.633, p < 0.001, η2 = 0.16). Regarding the dv, 
sex revealed a non-significant effect (F1,114 = 0.718, p = 
0.399, η2 = 0.01), and tier a significant effect (F2,114 = 5.875, 
p = 0.004, η2 = 0.09). Notwithstanding, a non-significant 
sex*tier interaction was observed (F2,114 = 1.059, p = 0.350, 

η2 = 0.02). As a significant sex*tier interaction was noted 
for swimming speed, simple main effects were calculated. 
Table 2 presents the tier comparison by sex and by sex for 
each tier. In boys, the greatest difference in swimming 
speed was observed between swimmers in tier #1 and tier 
#3 (mean difference = 0.354 m/s, 95CI: 0.324 m/s to 0.383 
m/s, p < 0.001, d = 6.52). The same trend was observed in 
girls (mean difference = 0.256 m/s, 95CI: 0.226 m/s to 
0.286 m/s, p < 0.001, d = 4.64). Regarding the difference 
between sexes of the same tier, the greatest difference was 
noted in tier #1 (mean difference = 0.156 m/s, 95CI: 0.127 
m/s to 0.186 m/s, p < 0.001, d = 3.37). Despite a non-sig-
nificant sex*tier interaction observed by the dv, simple 
main effects were also calculated as shown in Table 2. 

Figure 2 shows the time-series comparison of swim-
ming speed by SPM. As discrete values, SPM indicated a 
significant sex effect (Panel A: F = 9.272, p < 0.001) and a 
significant tier effect (Panel B: F = 6.215, p < 0.001) 
throughout the entire stroke cycle. A significant sex*tier 
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interaction (Panel C) was observed between ~6% and ~18% 
(p = 0.001; corresponding to the downsweep phase of the 
left upper limb), between ~62% and ~72% (p = 0.005; cor-
responding to the downsweep phase of the right upper 
limb), and between ~88% and ~92% (p = 0.024; the up-
sweep phase of the right upper limb) of the stroke cycle. 
As a significant sex*tier interaction was observed in swim-
ming speed, simple main effects were calculated. Figure 3 
depicts these simple main effects by sex and tier. For boys 
(Panels A) and girls (Panels B), a significant difference (p 

< 0.05) was observed during the entire stroke cycle. Re-
garding the comparison between sexes of the same tier 
(Panels C), boys and girls in tiers #1 and #2 showed a sig-
nificant difference (p < 0.05) throughout the entire stroke 
cycle. As for swimmers in tier #3, boys and girls differed 
significantly between ~2% and 3% (p = 0.043; the begin-
ning of the downsweep phase of the left upper limb), and 
between ~44% and ~56% (p = 0.004; the exit of the left 
hand and the catch of the right hand) of the stroke cycle.  

 
 

 

 
 

Figure 2. Main effects computed by SPM. Panel A – sex effect; Panel B – tier effect; Panel C – sex * tier interaction. SPM {F} – ANOVA 
statistic for a statistical parametric mapping. F – F-ratio; α – significance threshold; p – significance value. Grey area denotes significant differences (p 
< 0.05) within the speed-time curve. Dash lines represent the 95% confidence intervals (95CI).  
 

 

 
 

 
 

Figure 3. Simple main effects computed by SPM. Panel A – boys’ comparison by tier. Panel B – girls’ comparison by tier. Panel C – tier 
comparison by sex. Tier #1 – best performers; Tier #2 – intermediate performers; Tier #3 – worst performers. SPM {t} – t-test for a simple main effect. 
p – significance value. Grey area denotes significant differences (p < 0.05) within the speed-time curve. Dash lines represent the 95% confidence 
intervals (95CI). 
 

Discussion 
 

This study aimed to compare swimming speed during a 
complete stroke cycle in young swimmers of both sexes as 
a discrete variable and as a continuous variable (SPM). 

Swimming speed as a discrete variable presented a signifi-
cant sex and tier effect, as well as a significant sex*tier in-
teraction. By contrast, dv presented a non-significant sex 
effect, a significant tier effect, and a non-significant 
sex*tier interaction. SPM revealed that significant sex and 
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tier effects were observed throughout the entire stroke cy-
cle. As for the sex*tier interaction, SPM analysis allowed 
a more sensitive analysis of the swimming speed-time se-
ries. Significant differences were observed between ~6% 
and ~18%, ~62% and ~72%, and ~88% and ~92% of the 
stroke cycle. Thus, both hypotheses were accepted. 

Swimming research in both adult/elite and young 
swimmers has historically been performed based on dis-
crete variables (Denadai et al., 2000; Psycharakis et al., 
2010; Silva et al., 2019a). Swimming speed is one such 
case. The literature provides substantial evidence about a 
sex effect regarding swimming speed in both adult/elite 
(Seifert et al., 2007) and young swimmers (Dormehl and 
Osborough, 2015). However, research groups are still try-
ing to understand what differentiates swimmers of the same 
competitive level or age group in both sexes (Barbosa et al., 
2019; Seffrin et al., 2021; Silva et al., 2019b). Indeed, the 
data of the present study revealed a significant sex*tier in-
teraction in swimming speed. Moreover, simple main ef-
fects (tiers in each sex, and sex by tier) indicated a signifi-
cant difference between pairs. In general, the literature re-
ports that within the same competitive level or age-group, 
swimmers with larger body dimensions present better 
stroke kinematics (i.e., faster SF and larger SL) and, con-
sequently, faster swimming speeds (Barbosa et al., 2019). 
As observed in the present study, boys and girls included 
in the fastest tier presented bigger anthropometrics, faster 
SF, and larger SL. Moreover, boys presented bigger an-
thropometrics, faster SF, and larger SL than girls in a tier-
by-tier comparison. For a similar age-group as the one as-
sessed in the present study, it was observed that anthropo-
metrics (namely arm span and height) (Alves et al., 2022; 
Morais et al., 2017) and stroke kinematics (Morais et al., 
2017; Silva et al., 2019) were the main predictors of swim-
ming speed. Thus, within the same competitive level or 
age-group, swimmers with larger anthropometric features, 
faster SF, and larger SL are more likely to present better 
performances. 

Regarding the dv, it is generally used as an overall 
indicator of the swimming speed variation/fluctuation over 
the stroke cycle (Barbosa et al., 2010). In the present study, 
the dv was higher in the poorest performance tiers (tier #3), 
regardless of sex, which is in accordance with the literature 
(Morais et al., 2013; Silva et al., 2019a). There is also evi-
dence indicating that swimmers with lower dv present 
larger anthropometrics (Barbosa et al., 2019; Silva et al., 
2019a). Thus, it can be stated that anthropometry has a pos-
itive and significant relationship with both swimming 
speed and dv. However, and in contrast with the swimming 
speed outputs, the dv did not present a significant sex*tier 
interaction. Consequently, all pairwise (tiers in each sex, 
and sex by tier) delivered by calculating simple main ef-
fects did not present significant differences. It can be ar-
gued that the dv based on the hypothesis raised in the in-
troduction section can provide opposite findings to those 
verified by swimming speed. Indeed, it was reported that 
the dv may not always present a significant and negative 
effect on swimming speed (i.e., lower dv promotes faster 
swimming speeds) at least in maximal trials (Fernandes et 
al., 2022). 

Unlike discrete variables, continuous analyses can 
provide information about each time point in the time-se-
ries (Pataky, 2010). It turns out that, in human swimming, 
SPM (as a statistical procedure to analyse continuous vari-
ables) can identify significant differences at crucial mo-
ments in the stroke cycle that the dv is not able to provide. 
In this study, through SPM, it was possible to observe that 
the swimming speed presented significant sex and tier ef-
fects (during the entire stroke cycle), and a significant 
sex*tier interaction in some specific moments of the stroke 
cycle. Additionally, all pairwise (tiers in each sex) indi-
cated a significant difference throughout the entire stroke 
cycle. This means that faster swimmers of both sexes were 
faster throughout the stroke cycle than their slower coun-
terparts, and the same trend was observed when comparing 
tiers by sex. The transition between the downsweep and the 
insweep in both upper limbs was the key moment respon-
sible for the fastest swimming speed in all tiers in both 
sexes. Therefore, it can be argued that this key moment 
could be the main factor that determines the difference in 
swimming speed between groups. However, comparison 
through SPM between all tiers by sex showed significant 
differences across the entire stroke cycle and not just at a 
specific key period. Nonetheless, it was argued that the 
transition between the pull and push (i.e., key moments #2 
and #4) and the exit and early recovery phase were the most 
discriminating moments in muscle activity during the 
stroke cycle when analysed by SPM (Martens et al., 2016). 
Thus, it can be indicated that the differences observed be-
tween tiers within the stroke cycle may be related to differ-
ent thrust or drag values at every single point of the stroke 
cycle. That is, swimmers with greater thrust during the en-
tire stroke cycle or at specific key moments (Morais et al., 
2020a) and with less drag (Morais et al., 2020b) can 
achieve faster swimming speeds. 

Regarding the comparison between boys and girls 
at similar performance tiers (i.e., tier-by-tier comparison 
between sexes), the dv as a discrete value showed non-sig-
nificant differences between them based on simple main 
effects. Unlike comparisons between age-groups of the 
same sex, less information can be found about the compar-
ison between boys and girls of the same competitive level. 
Nonetheless, the data of this study is in line with the study 
by Silva et al. (2019), which did not observe significant 
differences in the dv (as a discrete value) between boys and 
girls of the same competitive level (i.e., experts: boys vs 
girls; non-experts: boys vs girls). On the other hand, SPM 
identified significant differences throughout the stroke cy-
cle between boys and girls in tiers #1 and #2 (boys being 
faster). Boys and girls are morphologically different, the 
former having bigger leverages and narrower waists 
(Nevill et al., 2020). Therefore, boys are likely to produce 
more thrust (Oliveira et al., 2021) and less active drag co-
efficient (Barbosa et al., 2015) than girls, leading to differ-
ences in speed. As mentioned earlier, measuring dv as a 
discrete variable was not sensitive enough to identify a sig-
nificant sex*tier interaction (despite a significant tier ef-
fect). On the other hand, SPM was sensitive enough to do 
so between boys and girls in tiers #1 and #2, which oc-
curred throughout the stroke cycle. 



Swimmers’ age-group comparison by SPM1d 
 

 

 

364 

Regarding the comparison between boys and girls 
with the poorest performances (tier #3, boys being faster), 
the SPM analysis revealed significant differences between 
~2% and 3%, and between ~44% and ~56% (as opposed to 
discrete variables). This corresponds to the beginning of 
the downsweep phase of the left upper limb and the exit of 
the left hand and the catch of the right hand, respectively. 
Regarding the latter, at least in pubescent swimmers, it was 
shown that, despite having a greater hand surface area, the 
left upper limb (considered as non-dominant for most) pro-
vided less propulsive force (Morais et al., 2020c). Conse-
quently, a slower swimming speed is achieved by this up-
per limb motion (Morais et al., 2020a). Notwithstanding, it 
should be mentioned that this was only observed during a 
short period of the stroke cycle. The former is related to the 
transition of propulsive phases between upper limbs. These 
swimmers followed the same training program regarding 
the motor control pattern in sprinting events or maximal 
trials. Nonetheless, it could be argued that measuring a mo-
tor control pattern could add deeper and more sensitive in-
formation to better understand the observed differences be-
tween tiers at that specific time. The index of coordination 
is a tool that measures the coordination of arm stroking by 
quantifying the lag time between the start of propulsion by 
one arm and the end of propulsion by the other (Chollet et 
al., 2000). Once again, when comparing pubescent boys 
and girls of the same competitive level, Silva et al. (2019) 
observed that boys had an index of coordination closer to 
zero than girls (despite non-significant differences). This 
indicates that boys tend to decrease the lag between their 
propulsive phases more than girls, leading them to a faster 
swimming speed. 

Using the swimming speed and dv as discrete vari-
ables can provide an overall understanding of the swim-
mers’ forward displacement and of the magnitude of accel-
eration and deceleration, respectively. Smaller speed fluc-
tuation is related to mechanical efficiency and better per-
formances (Barbosa et al., 2005). On the other hand, com-
paring swimming speed by SPM was more sensitive to dif-
ferences between competitive levels in both sexes than by 
the CV of the dv. The former provides an overview of the 
stroke cycle motor behaviour. The latter provides details 
that allow identifying at which key moments of the cycle 
differences can be observed. Thus, swimming speed ana-
lysed as a discrete variable and as a continuous variable 
(SPM) can be used in a complementary way. By assessing 
swimming speed and dv as discrete variables, coaches and 
practitioners can quickly obtain an overall profile of the 
stroke cycle. On the other hand, choosing a continuous var-
iable helps to identify which are the strongest and weakest 
key moments of the stroke cycle. Simultaneous selection 
of both discrete and continuous variables allows coaches 
and support staff to customise training programs and drills 
that each swimmer can perform to improve technique. 

As main limitations of this study, the following can 
be addressed: (i) the present assumptions are only for these 
age-groups; (ii) sprinting swimmers or trials in front-crawl; 
(iii) the study does not consider a hypothetical effect of 
breathing on swimming speed fluctuation, and; (iv) the 
measurement of the index of coordination could help to 
better understand the differences observed between tiers 

and sexes. Future studies about this topic should be carried 
out in different age-groups and events (swimming strokes 
and distances). Moreover, machine learning techniques can 
also help to statistically compare speed-time curves with 
another level of detail. Based on existing data, these algo-
rithms can identify trends and patterns and draw conclu-
sions for new unlabelled data sets. 

 
Conclusion 
 
Swimming speed compared as a discrete variable in age-
group swimmers showed significant sex and tier effects 
and a significant sex*tier interaction. On the other hand, 
the dv as a discrete variable of swimming speed fluctua-
tions indicated non-significant effects and interaction. 
Comparing the swimming speed time-curve as a continu-
ous variable by SPM revealed significant sex and tier ef-
fects and a significant sex*tier interaction in some mo-
ments of the stroke cycle. Thus, it made it possible to un-
derstand where within the stroke cycle boys and girls of 
different tiers differed. In summary, swimming speed and 
dv as discrete variables and through SPM (continuous var-
iables) provide additional details about the swimmers’ 
stroke cycle. Both should be considered in swimming re-
search and sports science services for swimmers. Further-
more, SPM, which has been increasingly employed in var-
ious land-based human movements, has also shown its use-
fulness in human swimming. 
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Key points 
 
 dv analysis provides insightful details about the swimmer’s 

net balance between thrust and drag. Less speed fluctuation 
is related to better performances.  

 dv and SPM of swim speed can be used complementary. The 
former gives an overall bird view of the stroke-cycle, of the 
motor behavior. The latter drills down allowing to pinpoint 
in which key-moment of the cycle differences can be ob-
served.  

 Through dv, coaches and practitioners can quickly get an 
overall profile of the stroke-cycle. Conversely, choosing a 
continuous analysis (SPM) helps to pinpoint what are the 
strongest and weakest key-moments of the stroke-cycle.  

 The selection of both dv and SPM of swim speed concur-
rently enables coaches and support staff to customize train-
ing programs and drills to improve technique.  
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