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Abstract: Explainable artificial intelligence (XAI) models with Shapley additive explanation (SHAP)
values allows multidimensional representation of movement performance interpreted on both global
and local levels in terms understandable to human intuition. We aimed to evaluate the swim-
ming performance (World Aquatics points) predictability of a combination of demographic, train-
ing, anthropometric, and biomechanical variables (inputs) through XAI. Forty-seven swimmers
(16 males), after completing a training questionnaire (background and duration) and anthropometric
assessment, performed, in a randomised order, a 25 m front crawl and three countermovement jumps,
at maximal intensity. The predicted World Aquatics points (516 ± 159; mean ± SD) were highly
correlated (r2 = 0.93) with the 529 ± 158 actual values. The duration of swimming training was the
most important variable (95_SHAP), followed by the countermovement jump impulse (37_SHAP),
both with a positive effect on performance. In contrast, a higher percentage of fat mass (21_SHAP)
corresponded to lower World Aquatics points. Impulse, when interpreted together with dryland
training duration and stroke rate, shows the positive effects of upper and lower limb power on
swimming performance. Height should be interpreted together with arm span when exploring
positive effects of anthropometric traits on swimming performance. The XAI modelling highlights
the usefulness of specific training, technical and physical testing, and anthropometric factors for
monitoring swimmers.

Keywords: performance prediction; anthropometry; deep learning; competitive swimming

1. Introduction

Artificial neural networks can be employed to form a simplified model of the brain cells’
cooperation in performing a desired function in human movement based on recognition
and patterns classification. This type of network uses a series of non-linear interconnected
mathematical equations to calculate an output variable (e.g., swimming performance) based
on independent input variables [1–3]. These models can be used for different tasks (e.g.,
classification, data noise reduction, and prediction [4]), with interpretation and translation
important for implementation in practical settings. Artificial neural network complexity
and difficulty in understanding the interaction between input variables (the so-called “black
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box” effect [5]), for example the hidden layers where computations performed on the input
data extract increasingly abstract features and patterns, have limited applications in sports
performance prediction, particularly in swimming [6,7]. However, deep learning models
have been used for assessing key movement points and swimming techniques [8,9]. Studies
that used these models in swimming prediction typically combined them with correlation
and/or regression analysis for data interpretation [10–12], potentially limiting the accuracy
of the artificial neural networks.

Nevertheless, swimming performance prediction using simpler models (e.g., linear and
non-linear regression) remains commonplace given their easy-to-interpret results [13,14].
However, their lack of generalisation power and the likelihood of substantial prediction
errors in the interactions between the inputs should be considered. In this context, the
explainable AI (XAI) has begun to be implemented. XAI is a branch of artificial intelligence
dedicated to developing models that can offer clear and interpretable explanations for
their predictions and decisions [15,16]. Among the most widely used techniques in this
field, SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic
Explanations (LIME) stand out for human performance modelling; however, the latter only
present local (individual) explanations [17]. SHAP values are based on cooperative game
theory and offer a measure of feature importance with both local and global accuracy [15,17].
Other XAI approaches can be found in the literature, with their usefulness dependent on
the objective and type of AI used [18].

Artificial neural network interpretation can be as simple as the outputs obtained from
correlations and regressions models in combination with the SHAP due to their additive
interpretation [15,19,20]. SHAP values are a useful visualisation tool that make a deep
machine learning model explainable and interpretable by visualizing its output in terms
understandable to human intuition [16,19]. XAI with SHAP values permits more accurate
and interpretable predictive models (presenting lower error than traditional statistical
methods), with better generalisation and representation of non-linear system behaviours
like human athletic performance [6,11,19–21]. This approach has begun to be applied in
team-sports-related research [17,22] but to our knowledge only one technical study has
applied the SHAP interpretation method to swimming performance prediction, specifically
backstroke-to-breaststroke turn performance by age group [2], while another study used
SHAP to predict teamwork effects on individual effort expenditure in swimming relays [21].

Given the multifactorial nature of swimming performance, and that a predicting model
should be as practical as possible [10], the input data selection should be derived from the
literature (biomechanical, physiological, psychological, genetical, and contextual [23,24])
and integrate data easy to collect and apply in the training context [25,26]. Since the
variables that influence swimming performance are not independent of the underlying
subjects [10,13,24,27], the predictive models should be able to separate taxonomically
homogenous groups, like swimmers of different performance levels.

The XAI approach with SHAP, given its straightforward interpretation on both global
and local levels, will introduce new methods for interpreting commonly used variables in
the training and monitoring of swimmers [23,26]. This modelling allows us to test theoreti-
cal foundations on how specific variables interact and impact swimming performance using
a multidimensional approach, analysing all variables simultaneously to explore their con-
tributions and impacts without bias by not forcing linear or non-linear relationships [20,21].
With its practical component, XAI should be helpful for coaches and swimmers to under-
stand how their daily training information and simple tests can be linked to changes in
performance.

Therefore, using a three-hidden-layers deep artificial neural network model with
SHAP values, the aim of the current study was to assess the explanatory accuracy and
relationship strength of age, training background (years of practice) and duration (hours
per week), anthropometry, countermovement jump, and general biomechanical-related
variables (stroke rate and length) on swimming performance. We hypothesised that when
XAI models are employed, simpler and more training-specific evaluations should be capable
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of explaining variations in competitive swimming performance with high accuracy. We
also hypothesised that the XAI model could be applied separately for elite and non-elite
swimming groups.

2. Materials and Methods

Forty-seven swimmers (males, n = 16, age 16.6 ± 1.2 y; females, n = 31, 15.2 ± 1.8 y)
voluntarily participated in the current study. The total sample was divided into 17 elite/sub-
elite (5 male) and 30 national/regional level (11 male) swimmers with 718 ± 41 and
423 ± 84 World Aquatics (WA) points, respectively. The elite/sub-elite and national/regional
swimmers were classified as level 3 and 4, respectively [28]. All swimmers were healthy
(without serious injuries or illnesses in the last six months) and familiar with the testing
experiments and apparatus. Swimmers provided individual consent for participation after
being told the purpose, procedures, benefits, and risks of the study, in accordance with the
local research ethics committee (CEFADE 28 2019), the Declaration of Helsinki, and the
guidelines of the World Medical Association for research on humans.

2.1. Experimental Design

Using an observational cross-sectional study design, after a brief training background
questionnaire and conducting an anthropometric characterisation, the experimental pro-
tocol was applied in a randomised order (with 2 h between evaluations; Figure 1). After
a 1000 m low-to-moderate intensity warm-up in a 27 ◦C-water-temperature and 1.90 m-
deep 25 m indoor swimming pool, swimmers performed a maximal 25 m front crawl. An
acoustic signal was used for in-water starts and time measured using a manual stopwatch
(S141, Seiko, Tokyo, Japan). The 25 m was performed with a controlled push-off, and
without an underwater phase to reduce the effect of pushing on the free swim velocity.
The swimmers also performed three countermovement jumps on a portable force platform
(OR6-WP, AMTI, Watertown, NY, USA) with 30 s rest in between. Each jump was initiated
while standing on the platform with the lower limbs extended and hands on hips for
weight calibration. Then, the lower limbs were flexed to 90◦ and explosively extended in a
coordinated manner aiming for maximum height [29], with the ground contact made with
the toes first.
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2.2. Data Collection

The swimrankings.net database was used to assess each swimmer’s best competitive
swimming performance (WA points; output) and performance level (regional, national,
or elite), based on the events closest to the experimental protocol (Figure 2). Swimming
and dryland training duration (h spend in each type of training) were assessed by a short
questionnaire administered to both the swimmers and coaches. The anthropometric data
were recorded to the nearest 0.1 cm or kg and obtained in duplicate. Body mass and fat mass
were assessed using a bio-impedance scale (InBody 720; InBody, CA, USA), height measured
using a stadiometer (Holtain Ltd., Crymych, UK), arm span with an anthropometer, and
hand length using a sliding calliper (Sibe-Hegner, GPM, Zurich, Switzerland).
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Figure 2. Distribution of swimming events used to assess competitive swimmers’ performance based
on World Aquatics points (model output).

During the 25 m front crawl, stroke rate was determined manually (using a Seiko
stopwatch with a base 3 frequency meter function), and stroke length was calculated by
dividing the mean velocity by stroke rate [26,30]. From the force-velocity, -time, and -
acceleration traces using a custom-made MATLAB routine (MATLAB R2023a, MathWorks,
Natick, MA, USA [26,31]) were computed the countermovement-jump-related variables,
particularly the flight time and impulse.

2.3. Statistical Analysis

A sample size of 47 participants was deemed adequate based on a 0.95 statistical
power (β), a 0.50 large effect size, and a 5% level of significance (G*Power 3.1.9.7, Heinrich-
Heine-Universität Düsseldorf, Düsseldorf, Germany). The post hoc (correlation: bivariate
normal model) power analysis showed that correlations between the variables selected and
WA points presented a statistical power from 0.93 to 1.00. Normality of distribution and
variance homogeneity were confirmed using Shapiro–Wilk and Levene tests, respectively,
and descriptive analysis (mean and standard deviation) were obtained for all variables
(IBM® Corp, Armonk, NY, USA, SPSS® Statistics 27.0.1.0). Student’s t-test for independent
samples with effect size estimation [32] was used for comparing swimmers (separated by
sex) from elite and non-elite groups. Pearson correlation coefficients (controlled for sex) and
95% confidence intervals were calculated between age, training background and duration,
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anthropometry, countermovement jump, and general biomechanical-related variables and
WA Points.

After inferential procedures, we developed a predictive deep artificial neural network
model to assess the relationship between the dependent variables and WA points. The
model structure was developed in Python (version 3.9.2) using the TensorFlow© library
(v2.10.0, Google). A total of 16 variables were included in the input layer, 1000 neurons in
each of the three hidden layers (hyperbolic tangent, sigmoid, and linear rectified activation
functions), and one variable in the output layer (WA points; Figure 3).
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Figure 3. Artificial neural network model structure: 16 variables in the input layer, hyperbolic tangent
(Tanh), sigmoid and linear rectified activation (ReLu) functions corresponding to the three hidden
layers with 1000 neurons each and World Aquatics points in the output layer.

The sample was then divided randomly into data sets for the model training (70%) and
testing (30%), and the seed identifier (SID) was saved to ensure model reproducibility and
consistency. The current model training used the root mean square propagation adaptive
learning algorithm with a loss function based on the mean square error and a learning rate
of 0.001 [20]. A limit of 200,000 epochs was established for training (since computational
power was not an issue), and to avoid overtraining, the information of the best weight
configuration (by monitoring the root mean square error) was stored by a checkpoint
function [20]. The final model reached a root mean square error of 0.0001 after 25,640
epochs. The model training, test, and total sample sets were measured through linear
regressions and correspondent coefficients of determination between targets (predicted)
and output (real) values (see Figure 4; predictive validity), and interpretation of the model
performed by computing Shapley additive explanations values through the SHAP model
(v0.041.0) for Python [19].
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World Aquatics points) and output (estimated World Aquatics points) values in training, testing, and
total sample sets (panels A, B, and C, respectively).

3. Results

The age, training background and duration, anthropometry, countermovement jump,
general biomechanical variables, and swimming performance for both performance groups
are presented in Table 1. The elite swimmers were older than the non-elite, but only elite
female swimmers had a greater training background. The elite swimmers also presented
higher swimming and dryland training durations, but the training ratio of 90 to 10% (for
swimming and dryland, respectively) was similar between the two groups.

Table 1. Comparison of elite and non-elite swimmers’ age, training background and duration,
anthropometry, swimming performance, countermovement jump, and swimming biomechanics.

Variables Elite Male
(n = 5)

Non-Elite
Male

(n = 11)
p-Value Effect Size

(95% CI)
Elite Female

(n = 12)

Non-Elite
Female
(n = 19)

p-Value Effect Size
(95% CI)

Age (years) 17.6 ± 0.6 16.1 ± 1.1 0.015 1.5 (0.3–2.7) 16.2 ± 0.7 14.5 ± 1.9 0.003 1.0 (0.3–1.8)
Training background

(years) 8 ± 0.7 6.2 ± 2.4 0.119 1.4 (0.3–2.5) 7.5 ± 1.0 5.5 ± 2.3 0.002 1.1 (0.3–1.8)

Swimming training
(h· week−1) 19.2 ± 1.1 10.9 ± 1.1 <0.001 7.4 (4.5–10.3) 18.5 ± 1.2 10.5 ± 1.0 <0.001 7.4 (5.4–9.4)

Dryland training (h·
week−1) 1.8 ± 0.4 0.9 ± 0.2 <0.001 3.0 (1.5–4.5) 1.8 ± 0.9 0.7 ± 0.2 <0.001 1.9 (1.0–2.7)

Swimming performance
(WA points) 706 ± 31 445 ± 108 <0.001 2.8 (1.3–4.3) 723 ± 44 409 ± 66 <0.001 5.3 (3.8–6.9)

Height (cm) 176.9 ± 3.5 177.8 ± 4.5 0.717 −0.2
(−1.3–0.9) 167.5 ± 4.0 162.0 ± 5.6 0.006 1.1 (0.3–1.2)

Body mass (kg) 66.6 ± 5.2 66.2 ± 8.9 0.924 0.1 (−1.0–1.1) 57.9 ± 4.0 55.4 ± 6.3 0.216 0.5 (−0.3–1.2)
Body mass index

(kg · m2−1
)

21.3 ± 1.1 20.9 ±3 0.743 0.2 (−0.9–1.2) 20.7 ± 1.2 21.1 ± 2.1 0.528 −0.2
(−1.0–0.5)

Hand length (cm) 18.7 ± 0.5 18.7 ± 0.8 0.789 0.1 (−1.0–1.1) 18.2 ± 0.5 17.2 ± 1.3 0.012 1.0 (0.2–1.8)
Arm span (cm) 179.5 ± 3.0 178.1 ± 4.5 0.686 0.2 (−0.8–1.3) 172.1 ± 5.2 161.7 ± 6.9 <0.001 1.7 (0.8–2.5)
Waist/hip ratio 0.85 ± 0.01 0.80 ± 0.03 0.001 1.6 (0.4–2.8) 0.78 ± 0.03 0.75 ± 0.03 0.026 0.9 (0.1–1.6)

Fat mass (%) 7.1 ± 1.6 12.9 ± 2.8 <0.001 −2.3
(−3.6–−0.9) 15.6 ± 3.2 22.8 ± 5.3 <0.001 −1.6

(−2.4—0.7)
Flight time (s) 0.55 ± 0.04 0.48 ± 0.04 0.005 1.8 (0.5–3.0) 0.48 ± 0.03 0.40 ± 0.04 <0.001 2.2 (1.3–3.1)
Impulse (N·s) 177.3 ± 20.6 148.6 ± 22.8 0.032 1.3 (−0.1–2.4) 133.0 ± 13.7 108.6 ± 16.7 <0.001 1.6 (0.7–2.4)

Stroke rate
(cycle· min−1) 54.4 ± 12.0 54.0 ± 5.6 0.875 0.1 (−1.0–1.1) 52.9 ± 4.6 47.5 ± 4.2 0.002 1.2 (0.4–2.0)

Stroke length
(m· cycle−1) 2.20 ± 0.14 2.00 ± 0.19 0.055 1.1 (0.0–2.2) 2.04 ± 0.17 1.91 ± 0.15 0.026 0.9 (0.1–1.6)
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Correlational analysis showed that all the assessed variables had moderate to high
direct relationships with swimming performance (r > 0.4), except the inverse relationship
for fat mass (negative r), and the trivial correlations for body mass and body mass index
(r < 0.3; see Table 2). In addition, when the correlations were computed for the elite and non-
elite level groups separately, none of the variables in the elite group correlated positively
with swimming performance, and in the non-elite group only swimming training and
arm span showed direct relationships with performance (r = 0.630, p < 0.001 and r = 0.453,
p = 0.014, respectively).

Table 2. Relationships between swimming performance and age, training background, anthropometry,
countermovement jump, stroke rate, and stroke length.

Variables Pearson r (WA Points) 95% CI p-Value

Age (years) 0.512 (0.208–0.840) <0.001
Training background (years) 0.482 (0.237–0.690) 0.001

Swimming training (h· week−1) 0.920 (0.883–0.952) <0.001
Dryland training (h· week−1) 0.695 (0.583–0.842) <0.001

Body mass (kg) 0.232 (−0.032–0.458) 0.122
Height (cm) 0.429 (0.169–0.643) 0.003

Body mass index (kg · m2−1
) −0.025 (−0.302–0.262) 0.871

Hand length (cm) 0.435 (0.223–0.676) 0.003
Arm span (cm) 0.620 (0.459–0.749) <0.001
Waist/hip ratio 0.519 (0.294–0.740) <0.001

Fat mass (%) −0.614 (−0.728–−0.495) <0.001
Flight time (s) 0.714 (0.545–0.837) <0.001
Impulse (N·s) 0.625 (0.438–0.767) <0.001

Stroke rate (cycle· min–1) 0.695 (0.240–0.651) 0.001
Stroke length (m· cycle–1) 0.695 (0.174–0.595) 0.005

The artificial neural network model predicted average scores of 515 ± 161, 519 ± 155,
and 516 ± 159 WA points (based on the coefficients of determination; see Figure 4), while
the true average scores were 515 ± 161, 560 ± 145, and 529 ± 158 WA points for the
training, test, and all sets, respectively (cf. Figure 4). In Figure 5, the relative importance of
each variable to swimming performance (global impact on the model) is presented, where
the hours of swimming training appear as the most important variable, followed by the
countermovement jump impulse and fat mass percentage (95, 37, and 21 Shapley additive
explanation values, respectively). In contrast, stroke length, flight time, and waist-to-hip
ratio only showed marginal global impacts in explaining the swimming performance, but
were important for the model construction (0.24, 0.03, and 0.02 Shapley additive explanation
values, respectively).

The directions (positive or negative) of the variables’ impact on swimming perfor-
mance are presented in Figure 6. Swimming training and impulse contributed positively
to swimming performance, where more hours of swimming training and impulse were
associated with higher WA points. In contrast, fat mass contributed negatively to swim-
ming performance. In Figure 7, the importance of variables (global impact on the models)
was altered when the model was exposed only to elite or non-elite swimmers separately.
The impulse went to the first place of importance in both groups’ models, and swimming
training duration went to the eighth and seventh place in elite and non-elite groups, respec-
tively. In the elite group, the duration of dryland training presented a larger global impact,
capable of better explaining the changes in competitive swimming performance than the
swimming training duration.
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4. Discussion

We investigated relationships between swimming performance and a set of demo-
graphic measures, training background and duration, anthropometry and easily applicable
training tests in swimmers. We employed an XAI model with SHAP values to interpret the
importance of these relationships. The model interpretation showed that the swimming
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training duration, lower-body impulse from the countermovement jump, and fat mass were
the principal variables explaining differences in swimming performance. However, when
exploring separately the cohorts of elite or non-elite swimmers, the differences in swimming
performance were principally related to impulse generated during the countermovement
jump.

The utility of the employed XAI approach permits simple physical tests and swimming
training background to predict/explain differences in swimming performance. Artificial
neural networks do not force the variables into a linear or non-linear relationship and are
multidimensional, with the benefit of reducing the possibility of misinterpreting how that
variable interacts with the outcome [15,16]. On this basis, neural networks are an attractive
alternative to statistical methods for computing quantitative measurements of confidence
and correlation [6,19]. Moreover, when regressions are used, the input variables are deemed
independent of each other, which may not always be the case in real-life settings. This
shortcoming of regression analysis can increase the error of estimation and diminish the
strength of the relationships and interpretations. In contrast, an artificial neural network
works in an unsupervised and unbiased way [6], getting closer to the real-world context.

The selection of the variables included in predictive models normally depends on the
determinant factors of the underlying event. In swimming, the selection should follow the
concepts of kinematic, kinetic, and energetic performance determinants (e.g., [33–35]) and
studies detailing predictive models (e.g., [10,35,36]). However, even variables that present
contradictory results in the literature, given the inevitable heterogeneity in methodologies
and subjects, should also be explored using artificial models [26]. If a variable needs to be
removed from a model, it will be identified by the high predictive error during the model
training. The redundant information problem is easily solved by the model that uses that
information to control the model, instead of diminishing its predictive capability.

Machine learning approaches have been proposed as a beneficial approach to mod-
elling and interpreting human (athletic) performances [17,21,37]. In our results, the duration
of swimming training, a simple characteristic easily measured and understood by coaches
and swimmers, was the highest contributor to swimming performance when both competi-
tive levels were analysed together. The XAI model showed that the second most important
variable was lower-body countermovement jump impulse, which only presented the fifth
highest correlation value. Height of the swimmer presents a positive correlation but, in the
model, had a negative effect on swimming performance, showing that this measure should
be combined with other anthropometric variables, particularly arm span and hand length,
in seeking a mechanical advantage.

Individual linear correlation analysis must be used with caution when interpreting
the relations of the variables included in the neural network to avoid contentious interpre-
tations [10], eliminating the main quality of the artificial intelligence of not forcing one type
of relationship between the input and output, and missing the local explanations provide
by XAI approaches such as SHAP values [15,17,21]. The contrast between the correlation
approach and XAI allowed for testing theoretical foundations on how specific variables
interact and impact swimming performance using a multidimensional approach without
bias [21]. This comparison highlighted the novel contributions that can be discovered when
applying such explainable deep learning methods.

Our results support the widely held but untested assertion that the time swimmers have
in contact with the water environment is fundamental to achieving better performances [25].
The importance of an extensive period of training is widely acknowledged [25], as it improves
the responses to underlying swimming constraints [38]. Our elite and non-elite swimmers
completed more swimming training [39]—though of a similar kind [25]—than previous
studies. Importantly, training duration is different from volume, where numerous hours of
swimming training can be associated with high volumes [39] or with high intensities with
increased resting periods [40].

The impulse (power test) appeared as the second most important variable, while
stroke rate is a useful explanatory variable (with a mainly positive effect) useful to interpret



Appl. Sci. 2024, 14, 5218 11 of 15

the higher swimmer’s training durations as also higher intensity and quality work. The two
tests where the impulse and stroke rate were computed are related with explosive and high-
intensity training, while low-intensity training can also elicit reductions in stroke rate [41,42]
and have a negative effect on performance. Even with similar distribution of the swimming
and dryland training durations, the elite group completed almost twice the number of total
hours of training, exemplifying the dedication of the elite group to swimming practice. The
ratio of dryland/swimming training (10%) was substantially higher than in a previous
study (0.2% [43]), mainly explained by the different methodologies used.

The impulse’s positive effect on swimming performance, with a dispersion parallel
to the range of WA points (see Figure 6), showed that the lower limb power capability
is important. This result can reopen an old discussion of the role (balance of swimming
technique) and importance of lower limbs to the overall swimming velocity (possibly more
than the 10% previously identified [44]). Our results are in line with other data indicating
the importance of lower limb strength and power in dryland capability to apply force
in-water [36,45]. Moreover, the lower limb actions’ contribution to the force production
in front crawl (~31% [45]) and velocities performed only using the lower limbs’ actions
(from 57–86% of full technique [46]) justify further explorations using new mathematical
approaches.

The countermovement jump is used frequently to train and evaluate lower limb
explosive power in swimming [27,47]. The results of jump testing help to explain why
the dryland training duration elicited a positive effect on swimming performance in our
model [48]. Collectively, the results confirm the utility of dryland training in promoting
the generation of force in water [49] and why dryland training should be part of the daily
practice of swimmers [50].

Our swimmers present similar anthropometric profiles to previous studies of swim-
mers of different performance levels [48,51,52]. In swimming, the taller and longer-arm-
span swimmers typically have biomechanical advantages [47,51]. On this basis, our results
showing that height presented negative effects on swimming performance were unexpected.
In early ages, an anthropometric advantage is related with early maturational develop-
ment [53]; however, in adult swimmers the main anthropometric variables (such as height,
weight, and body mass index) are less likely to distinguish the higher-performance-level
swimmers [48,51]. Nevertheless, the outcome that arm span presented positive effects on
swimming performance conforms with existing data [47], and demonstrates that arm span
is more important in terms of biomechanical advantage than height. It is important to
understand that anthropometry is only one of the determinants that influence swimming
performance [23], and being tall alone is not sufficient to swim at a high standard. The
model highlighted that swimmers need to have an arm span (5.15 SHAP) substantially
greater than their height (8 SHAP) to positively impact their swimming performance, and
that larger hand lengths can help in providing this effect.

The negative effects of body fat and weight on swimming performance need to be
interpreted together, since heavier swimmers normally present higher muscle mass but
also body fat [51,52]. In competitive swimming, elite swimmers typically present lower
body fat values than non-elite counterparts [47,48,51], as exemplified in the current results,
likely a consequence of a higher level of training and lean mass values. The small but
positive effect of hand length is justified by increased propelling surface [54]. Given that
height, arm span, and hand length are largely inherited, and interrelated due to scaling
effects [51], talent identification processes should be implemented until the swimmers are
fully developed. After maturation is completed, changes in these variables are no longer
expected, and may not be influenced by the training process. The exception here might be
body weight, which is sensitive to strength training and dietary practices.

Power capability in the water is associated with sprint swimming and high stroke
rates [55], and the 25 m test allows us to determine the highest stroke rates that swimmers
are able to perform [56]. Moreover, swimming velocity can be increased by improving
stroke rate, stroke length, or both, and these factors represent a swimmer’s technical
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ability in water [24,34]. Elite swimmers exhibit higher stroke lengths than non-elite for the
same stroke rates, and higher stroke rates for the same stroke length [57,58], corroborating
the tendency observed for the elite male swimmers of a higher stroke length for similar
stroke rate and higher stroke length and rates of the elite female swimmers compared to
their counterparts. The front crawl test was chosen as >50% of the swimmers’ training is
performed with this technique [59], and 80% of this cohort presented their best performance
in freestyle events (see Figure 2). However, the unexpected substantial effect of a lack of
stroke length on the WA points can be justified by stroke parameters being assessed from
a maximal 25 m front crawl test [56] (swimmers in this cohort typically specialized in
longer distances). Also, these results can be related to the already high importance given to
arm span in the model and its high association of achieving higher stroke lengths in front
crawl [26].

The positive effects of training background together with age on swimming perfor-
mance were expected, since a constant progression in swimmers’ performance is evident
between subsequent Olympic Games and within the pre-Olympic year [60]. The elite
swimmers were older than their non-elite counterparts, and consequently presented a
larger training background. When the swimmers reach the junior and senior age groups
but not an elite level, they normally have a greater tendency to drop out from competitive
swimming, instead of progressing further in competition [61].

The duration of swimming training loses most of its performance explanation capa-
bility when the model is interpreted for elite and non-elite groups separately. This effect
mainly relates to the homogeneous training durations within each performance group.
Interestingly, lower-body jump impulse appears as the most important explanatory variable
in both groups, highlighting the importance of lower limb power on competitive swimming
performance. In the elite group, even the dryland training duration climbed to fifth place,
showing that strength training is an important part of competition preparation.

One limitation of the study was that our sample was composed of approximately
35 and 65% elite and non-elite swimmers (respectively), with a large gap in performance
between the groups that could have harmed the overall accuracy of the model. Another
limitation was that training durations were based only on estimated time spent in each
activity/training set, limiting the interpretations particularly of the swimming training
content. Future research should include in the model both training intensity and internal
and external load metrics and explore the interplay of the presented impacts when including
metabolic (e.g., anaerobic threshold and maximal oxygen uptake) and force-velocity-curves-
related variables.

5. Conclusions

The artificial neural network model combined with Shapley additive explanation
values showed that training background and duration, anthropometry, impulse, and stroke
rate are relevant variables that could explain competitive performance in swimmers. Dry-
land training was more beneficial for achieving higher WA points in the elite group. The
lower limb power (expressed by lower-body countermovement jump impulse) is highly im-
portant irrespective of the level of the swimmer. A test battery of countermovement jumps
and anthropometric measures is simple to use in the field, which increases the practical
relevance of our study protocol. When analysed in separate performance level groups, our
model can be used to generalise the interpretation of non-elite swimmers, given a relatively
heterogeneous distribution of performances within this group and predominance of this
competitive level on the model training. The application of this XAI approach can assist
swimming coaches, scientists, and researchers interested in identifying, developing, and
applying new strategies to improve swimmers’ performance.
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