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Abstract

Background: Competitive swimming performance is influenced by the interaction of biomechanical efficiency,
physiological responses, anthropometric characteristics, and training exposure. Conventional analyses may overlook
complex relationships among these domains.

Aims: This study aimed to develop an explainable machine-learning model for predicting 100-m swimming
performance and to identify the variables contributing most strongly to prediction.

Methods: This observational study included 150 competitive swimmers (86 males and 64 females). Data comprised
anthropometric variables, stroke rate, stroke length, stroke index, swimming velocity, intra-cycle velocity variability,
start and turn time, resting, mean and peak heart rate, rating of perceived exertion, oxygen saturation, weekly
swimming distance, training frequency, session duration, session RPE, and weekly training load. The 100-m
performance time was used as the dependent outcome. Descriptive analysis, correlation analysis, and multivariable
regression were combined with machine-learning prediction. Model interpretability was assessed using SHAP-based
feature importance.

Result: Mean 100-m performance time was 56.9 + 4.3 s, with values ranging from 48.00 to 65.19 s. Swimming
velocity demonstrated the strongest bivariate association with performance time (r = —0.71, p < 0.001), followed by
stroke index (r=—0.62, p < 0.001) and stroke length (r = —0.48, p < 0.001). The multivariable model explained 68%
of performance variance (R? = 0.68). The machine-learning model achieved a test-set R? of 0.73, RMSE 0f2.32 s, and
MAE of 1.79 s. SHAP analysis identified swimming velocity, stroke index, intra-cycle velocity variability, stroke
length, and turn time as the leading predictors.

Conclusion: Explainable machine learning can integrate multidimensional swimming data while identifying
practically meaningful predictors of 100-m performance.
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1. INTRODUCTION

Competitive swimming performance is a complex
outcome produced by the interaction of technical,
biomechanical, physiological, and training-related
factors. Race time, although simple to record, reflects a
multidimensional process involving the swimmer’s
ability to generate propulsion, minimize resistive forces,
regulate stroke mechanics, sustain race-specific
metabolic demands, and tolerate the accumulated effects
of training. Contemporary swimming research therefore
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increasingly emphasizes an integrative assessment of
performance rather than relying on a single
physiological or technical indicator. Swimming
velocity, for example, can be understood through the
interaction between stroke length and stroke frequency,
while propulsion, drag, intra-cycle velocity fluctuations,
swimming economy, and internal load provide
additional information about how effectively an athlete
converts physical capacity into forward movement
(Seifert & Carmigniani, 2023; Vilas-Boas, 2025).

Biomechanical characteristics are particularly important
because relatively small differences in stroke mechanics
can translate into meaningful differences in competitive
performance. Recent evidence from elite freestyle
swimming demonstrates that the relationship between
stroke rate, stroke length, and swimming velocity varies
according to race distance and performance level. In
sprint events, stroke length may have a stronger
relationship with velocity, whereas the contribution of
stroke rate becomes more prominent as race distance
increases. These findings indicate that successful
swimmers do not necessarily optimize one technical
variable in isolation; rather, they develop individual
combinations of stroke rate and stroke length that allow
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them to maintain high velocity under event-specific
constraints (Fernandes etal., 2022, 2023; Staunton et al.,
2025). Similarly, recent biomechanical research has
shown significant associations between stroke length,
stroke frequency, glide characteristics, and swimming
performance, reinforcing the importance of evaluating
technique as a dynamic system rather than as a
collection of independent variables (Baydemir et al.,
2026; Terzi et al., 2021).

Physiological characteristics provide another essential
dimension of competitive performance. Swimming
requires the coordinated contribution of aerobic and
anaerobic energy systems, and the relative importance
of these systems changes according to race distance and
intensity. Variables such as maximal oxygen uptake,
lactate concentration, lactate threshold, heart rate, and
critical swimming speed can therefore provide
information about an athlete’s physiological capacity
and ability to sustain race-specific effort. Recent
longitudinal evidence in elite open-water swimmers
illustrates this interaction: changes in physiological
measures and swimming kinematics did not always
occur in parallel, while swimming speed at aerobic and
lactate thresholds was associated with maximal
swimming speed. Such findings suggest that
physiological and biomechanical indicators may capture
different but complementary dimensions of performance
and should ideally be examined together (Alzahrani &
Ullah, 2024; Lopez-Belmonte et al., 2026; Seshadri et
al., 2020).

Training load represents a further critical component
because performance is not determined solely by the
athlete’s  current physiological and technical
characteristics but also by the training stimulus
preceding competition. Training volume, intensity,
session duration, and internal responses such as session
rating of perceived exertion can influence adaptation,
fatigue, and readiness. Research in competitive
swimmers has demonstrated that training-load patterns
are associated with subsequent performance, while more
recent evidence suggests that the relationship between
training load and performance is dynamic and may
differ according to the phase of the training cycle
(Astridge et al., 2024; Marinof et al., 2026). Moreover,
arecent study of high-level swimmers demonstrated that
an overload period increased both prescribed and
perceived training loads while swimming performance
remained relatively stable, with heart-rate variability
showing greater sensitivity to short-term training-load
changes (Carvalho et al., 2026; Chen et al., 2026). The
study also demonstrated the potential of explainable
artificial intelligence (XAI) for identifying meaningful
relationships between training-load variation and
physiological responses. These findings reinforce the
argument that performance prediction should account
for the athlete’s recent training state rather than treating
performance as a static characteristic.

The increasing availability of athlete-monitoring
technologies has consequently generated datasets
containing multiple biomechanical, physiological, and
training-load  variables. ~However, conventional
statistical approaches may have difficulty representing

the nonlinear relationships and interactions that
characterize these data. Machine learning (ML) provides
an alternative approach because it can identify complex
predictive patterns across multiple variables without
requiring all relationships to follow a predefined linear
structure. Recent swimming research has already
demonstrated  the  potential of interpretable
computational modeling. For example, a 2026 study
using symbolic regression combined biomechanical and
physiological variables to predict 1500-m freestyle
performance and identified different predictive
structures between male and female swimmers,
including contributions from stroke efficiency, maximal
oxygen uptake, pacing, and metabolic-stress indicators
(Chainok et al., 2026; Loépez-Belmonte et al., 2023,
2024). These findings support the feasibility of data-
driven approaches while also highlighting the
importance  of  preserving physiological and
biomechanical interpretability.

Nevertheless, prediction accuracy alone is insufficient
for high-performance sport. A highly accurate model
that provides no meaningful explanation of why an
athlete is predicted to perform better or worse may have
limited practical value for coaches and sports scientists.
Explainable machine learning addresses this problem by
providing information about the contribution and
direction of individual predictors. Methods such as
SHapley Additive Explanations (SHAP) can quantify
the contribution of individual features to both overall
model behavior and individual predictions. Recent
applications in sports have demonstrated that
explainable ML can identify the relative importance of
performance-related variables and reveal athlete-
specific patterns that may be obscured by conventional
aggregate analyses (Abrufiedo-Lombardero et al., 2025;
Dong et al., 2026). In swimming specifically, the recent
application of XAl to training-load monitoring indicates
that explainability can help translate complex
monitoring data into information that is more relevant to
practical decision-making.

Despite these advances, an important research gap
remains.(Carvalho et al., 2026) demonstrated the value
of explainable artificial intelligence for assessing
variations in training load and their relationships with
physiological and performance-related responses in
high-level swimmers. However, their XAI application
primarily addressed the monitoring and interpretation of
training-load variation rather than the prediction of
competitive race performance from a multidimensional
set of biomechanical, physiological, anthropometric,
and training-load characteristics. Similarly, (Chen et al.,
2026) provided a comprehensive scoping review of
biomechanical and physiological assessment tools in
elite and highly trained swimmers, highlighting
substantial methodological gaps in the reliability and
validity of acute and long-term monitoring indicators.
However, this work synthesized existing assessment
methods rather than developing an individual-level
predictive  model of competitive swimming
performance.

Accordingly, the novelty of the present study lies in
integrating multiple performance domains within a
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single explainable predictive framework for 100-m
swimming performance. Rather than focusing primarily
on training-load monitoring or the methodological
evaluation of assessment tools, the present study
combines biomechanical, physiological,
anthropometric, and training-load variables to predict
100-m race time using XGBoost and to interpret the
contribution of individual predictors using SHAP. This
framework allows the study to address two
complementary questions: how accurately can 100-m
performance be predicted from multidimensional athlete
characteristics, and which measurable characteristics
contribute most strongly to those predictions? By
linking predictive accuracy with feature-level
explanation, the study extends existing swimming XAl
research toward an integrated performance-prediction
framework that may help identify the relative
contribution of technical, physiological,
anthropometric, and training-related characteristics.

Therefore, integrating biomechanical, physiological,
and training-load variables within an explainable ML
framework provides a theoretically and practically
relevant approach to competitive swimming
performance prediction. Such a framework can move
beyond the question of “how accurately can
performance be predicted?” toward the more useful
question of “which measurable characteristics
contribute most to the prediction, in what direction, and
for whom?” The present study consequently aims to
develop an explainable ML approach for predicting
competitive swimming performance from
multidimensional biomechanical, physiological, and
training-load variables. By combining predictive
modeling with feature-level interpretation, the study
seeks to identify the most influential performance-
related variables and provide an evidence-based
foundation for individualized performance assessment,
training prescription, and competition preparation.
Importantly, the resulting explanations are intended to
support performance decision-making rather than to
imply causal relationships where the observational data
cannot establish causality.

2. MATERIAL AND METHOD
2.1 Study Design and Participants

This study used a quantitative predictive modeling
design to examine competitive swimming performance
using biomechanical, physiological, anthropometric,
and training-load characteristics. The analysis included
150 competitive swimmers comprising female and male
participants. Each observation contained demographic,
anthropometric, swimming-specific, physiological, and
training-related measurements.

The primary outcome was 100-m swimming
performance, expressed in seconds, with lower values
representing better performance. The predictor variables
were organized into three principal domains:
biomechanical characteristics, physiological
characteristics, and training-load characteristics. Age,
sex, height, body mass, and body mass index (BMI)

were retained as additional individual characteristics
because these variables may contribute to differences in
swimming performance and may influence the
interpretation of biomechanical and physiological
measures.

A total of 150 competitive swimmers were included in
the present observational analysis. Participants were
recruited from the available competitive swimming
population and included both male and female
swimmers. The final sample consisted of 86 males
(57.3%) and 64 females (42.7%), with a mean age of
20.8 £ 2.7 years and an observed age range of 16.0-28.8
years.

Participants were eligible if they were actively engaged
in competitive swimming and had complete records for
the variables required for the present analysis, including
anthropometric, biomechanical, physiological, training-
load, and 100-m performance measures. Participants
with incomplete or unusable records for the variables
required for predictive modeling were excluded from the
analytical dataset. The available study records did not
retain sufficiently detailed information to reconstruct the
original recruitment procedure or to classify participants
systematically according to national, regional, or club
competition level. Similarly, individual years of formal
swimming training experience were not consistently
retained in the available dataset. Therefore, these
characteristics were not retrospectively assigned or
inferred.

This limitation should be considered when interpreting
the generalizability of the findings. The sample
represents competitive swimmers within the available
dataset rather than a systematically stratified national or
international athlete population. Consequently, the
predictive model should be interpreted as an exploratory
model requiring external validation across swimmers
with different competitive levels, training backgrounds,
and performance standards.

2.2 Ethical Approval

The study was conducted in accordance with the ethical
principles governing research involving human
participants. Ethical approval was obtained from
Universitas Negeri Manado prior to the commencement
of the study. All participants were informed about the
purpose and procedures of the study, and participation
was conducted voluntarily. Informed consent was
obtained from the participants before their data were
included in the analysis. Participant information was
handled confidentially, and personal identifiers were not
used in the statistical and machine-learning analyses.
The study procedures were conducted in accordance
with the principles of respect for participants,
confidentiality, and responsible use of research data.

2.3 Study Variables

The anthropometric variables comprised sex, age,
height, body mass, and BMI. Sex was treated as a
categorical variable, whereas age, height, body mass,
and BMI were treated as continuous variables.
The biomechanical domain consisted of stroke rate,
stroke length, stroke index, swimming velocity,
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velocity-related characteristics, start time, and turn time.
Stroke rate described the frequency of stroke cycles,
while stroke length represented the distance covered
during each stroke cycle. Stroke index was considered
an integrated technical indicator incorporating
swimming velocity and stroke length. These variables
were selected because swimming velocity is closely
related to the interaction between stroke frequency and
stroke length, while stroke index provides information
about technical efficiency. Recent research involving
100-m freestyle swimming has demonstrated
meaningful relationships among velocity, stroke rate,
stroke length, and stroke index, supporting their use in
performance analysis.

Data were obtained from standardized competitive
swimming performance and training records and were
organized into biomechanical, physiological, and
training-load domains. Biomechanical variables
included stroke rate, stroke length, stroke index,
swimming velocity, intra-cycle velocity variability, start
time, and turn time. These wvariables represented
technical and race-phase characteristics recorded during
swimming performance assessment. Stroke length and
stroke index were derived from the recorded swimming
velocity and stroke rate, whereas start and turn time
represented the corresponding race-phase durations.

Physiological variables included resting heart rate, mean
heart rate, peak heart rate, rating of perceived exertion
(RPE), and peripheral oxygen saturation (SpO-). Resting
heart rate was obtained before performance assessment,
while mean and peak heart rate represented the average
and highest recorded values during the relevant
assessment period. RPE was recorded using a 0-10
scale, and SpO: was expressed as a percentage.

Training-load data included weekly swimming distance,
training-session frequency, session duration, session
RPE, and weekly training load. Session training load
was calculated as session RPE multiplied by session
duration in minutes, and weekly training load
represented the accumulated session-level load. The
primary outcome was 100-m swimming performance
time in seconds. Because the retrospective dataset did
not retain complete device-level metadata, specific
camera specifications, sampling frequency, timing-
system characteristics, and equipment models could not
be independently verified and were therefore not
inferred.

The physiological domain included resting heart rate,
mean blood pressure, peak blood pressure, rating of
perceived exertion (RPE), and peripheral oxygen
saturation (SpO2). These variables represented
cardiovascular status, perceived exercise intensity, and
peripheral oxygenation. They were included as
complementary predictors rather than interpreted as
direct measures of maximal aerobic capacity.

The training-load domain consisted of weekly
swimming distance, training-session frequency, session
duration, session RPE, and overall training load. Weekly
distance represented external training volume, while
session frequency and duration represented the amount
and distribution of training exposure. Session RPE

represented perceived internal training intensity, and the
training-load variable represented the accumulated
training stimulus captured in the dataset.

2.4 Measurement Validity and Reliability

The Dbiomechanical variables were treated as
standardized swimming-performance measures because
stroke rate, stroke length, stroke index, and swimming
velocity are established indicators of swimming
technique and performance. Recent evidence supports
the reliability and validity of biomechanical assessment
in competitive swimmers, although measurement
quality depends on the specific assessment technique
and equipment used. A recent scoping review of
swimming assessment methods emphasized that both
validity and reliability should be considered when
interpreting ~ biomechanical and  physiological
monitoring variables in trained swimmers.

Start and turn performance were treated as race-specific
technical measures because these phases contribute
directly to overall race time. Contemporary swimming
research continues to demonstrate the importance of
start and transition mechanics for sprint performance.
Video-based swimming-start analysis has also
demonstrated measurable concurrent validity and inter-
and intra-rater reliability for relevant kinematic
variables.

For RPE and training-load measurements, the session-
RPE approach was considered an established method for
quantifying internal training load. Evidence from
competitive swimmers has demonstrated significant
relationships between session-RPE and heart-rate-based
measures of internal training load, supporting its
practical application in swimming environments.

Heart rate, blood pressure, and SpO: were treated as
physiological monitoring variables rather than definitive
measures of aerobic fitness. Their interpretation was
therefore restricted to the physiological information
represented by the recorded measurements. Because the
dataset did not specify the manufacturer and model of
the measurement devices, no unsupported device-
specific validity or reliability coefficients were assigned.
This approach avoids attributing measurement
characteristics to instruments that cannot be
independently verified from the study records.

2.5 Data Preparation

The 150 observations were screened before predictive
modeling for missing values, duplicate records,
inconsistent units, and implausible measurements. The
identification variable (ID) was excluded from
predictive modeling because it served only to
distinguish individual observations. Sex was encoded as
a categorical predictor, while continuous variables were
retained according to their original measurement scales.

The distribution of continuous variables was examined
using descriptive statistics and graphical inspection.
Potential outliers were evaluated in relation to the
physiological and performance characteristics of
competitive swimmers rather than being automatically
removed because of statistical extremity. Missing
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observations were assessed according to their frequency
and pattern before model development.

Potential redundancy among predictors was also
examined. Particular attention was given to variables
describing related aspects of swimming mechanics, such
as stroke rate, stroke length, stroke index, and velocity.
Correlation analysis was used to identify strong
associations among predictors, while multicollinearity
diagnostics were considered when interpreting the
contribution of highly related variables.

Because several predictors represented closely related
aspects of swimming performance, multicollinearity
was assessed quantitatively before multivariable
regression. Variance inflation factor (VIF) and tolerance
values were calculated for each predictor included in the
regression model. VIF values were interpreted as
indicators of the degree to which the variance of an
estimated regression coefficient was inflated because of
linear relationships with other predictors, whereas
tolerance represented the reciprocal of VIF. The
diagnostics were examined for all predictors retained in
the final multivariable model, including swimming
velocity, intra-cycle velocity variability, turn time,
stroke length, weekly training load, mean heart rate, and
age. The resulting VIF and tolerance values are reported
for each predictor in Table 8. Predictors with
substantially elevated VIF or very low tolerance were
considered indicative of potential multicollinearity and
were evaluated in relation to the conceptual overlap
among swimming-performance  variables.  This
procedure was used to provide quantitative evidence that
the regression coefficients could be interpreted without
relying solely on a narrative assessment of predictor
redundancy.

2.6 XGBoost Predictive Modeling

Extreme Gradient Boosting (XGBoost) was selected as
the primary machine-learning algorithm because it can
model nonlinear relationships and interactions between
multiple predictors and has been increasingly applied to
complex sports-performance prediction problems.
Recent sports research has demonstrated the practical
combination of XGBoost with SHAP analysis to obtain
both predictive performance and interpretable
information regarding the contribution of individual
performance variables.

The model was developed to predict continuous 100-m
swimming time. Predictor variables included the
biomechanical, physiological, anthropometric, and
training-load characteristics available in the study data.

Model development was conducted in Python using the
XGBoost library and incorporated data partitioning,
model training, and validation to minimize overfitting.
Hyperparameters were optimized within the model-
development stage rather than being selected using the
final evaluation observations. Predictive performance
was evaluated using R?, root mean squared error
(RMSE), and mean absolute error (MAE), calculated
using the scikit-learn framework.

Predictive performance was evaluated using R?, root
mean squared error (RMSE), and mean absolute error

(MAE). R? represented the proportion of variance in
100-m performance explained by the model, while
RMSE and MAE quantified prediction error. Higher R?
and lower RMSE and MAE indicated better predictive
performance.

2.7 Explainable Machine Learning

SHapley Additive Explanations (SHAP) were applied to
the trained X GBoost model to quantify the contribution
of individual predictors to the model's predictions of
100-m swimming performance. SHAP values were
calculated for each observation and predictor, allowing
both global and observation-level interpretation of
model behavior.

Global feature importance was summarized using the
mean absolute SHAP value for each predictor. In
addition to the numerical feature-importance ranking, a
SHAP summary (beeswarm) plot was generated to
visualize the distribution and direction of individual
predictor contributions across observations. In this
visualization, positive SHAP values indicated that a
predictor increased the model-predicted 100-m time,
whereas negative values indicated a contribution toward
a lower predicted 100-m time.

SHAP dependence plots were generated for the three
most influential predictors identified from the global
SHAP analysis: swimming velocity, stroke index, and
intra-cycle velocity variability. These plots were used to
examine how the observed value of each predictor was
associated with its corresponding SHAP contribution
and to identify potential nonlinear patterns.

SHAP visualizations were generated from the same
trained XGBoost model used for the reported predictive-
performance evaluation. Feature importance was
interpreted as predictive contribution rather than causal
influence. A large SHAP contribution indicates that a
variable was influential in the model's prediction but
does not demonstrate that manipulating that variable
would necessarily cause a change in competitive
swimming performance.

2.8 Statistical Analysis

Descriptive statistics were calculated for all study
variables. Continuous variables were summarized using
mean and standard deviation, while categorical variables
were summarized using frequencies and percentages.
Normality was examined using distributional
assessment, and correlation analysis was conducted to
characterize  preliminary  relationships  between
predictors and 100-m swimming time.

The machine-learning analysis emphasized out-of-
sample predictive performance rather than statistical
significance alone. Model evaluation was based on R2,
RMSE, and MAE, while SHAP analysis was used to
establish the relative importance and direction of
predictor contributions.

All statistical and machine-learning analyses were
conducted using IBM SPSS Statistics version 27.0 and
Python version 3.11. IBM SPSS Statistics 27.0 was used
for descriptive statistics, correlation analysis, and
multivariable linear regression, whereas Python was
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used for machine-learning modeling and explainable
artificial intelligence analysis. The XGBoost algorithm
was implemented using the XGBoost library, while
scikit-learn ~was used for data partitioning,
preprocessing, and calculation of predictive
performance metrics, including R?, RMSE, and MAE.
SHapley Additive Explanations (SHAP) were
implemented using the SHAP library to quantify global
and observation-level feature contributions. A fixed
random seed was maintained throughout the
computational workflow to facilitate reproducibility.

A fixed randomization procedure was maintained
throughout model development to ensure that the
analysis could be repeated under the same conditions.
The combination of XGBoost and SHAP provided a
unified framework for predicting 100-m swimming
performance while simultaneously identifying the
biomechanical, physiological, anthropometric, and
training-load characteristics most strongly associated
with the model's predictions.

3.  RESULTS AND DISCUSSION
3.1 Result
Participant Characteristics

A total of 150 competitive swimmers were included in
the analysis, consisting of 86 males (57.3%) and 64
females (42.7%). The participants had a mean age of
20.8 £2.7 years. Mean height and body mass were 169.9
+ 7.9 cm and 63.9 + 8.0 kg, respectively, with a mean
BMI of 21.7 £+ 2.7 kg/m?. The sample showed sufficient
variation in age, anthropometric characteristics,
swimming technique, physiological responses, and
training exposure.

Table 1. Characteristics of the study participants

Variable Total (n = 150)
Male, n (%) 86 (57.3)
Female, n (%) 64 (42.7)

Age, years 20.8 +2.7
Height, cm 1699+ 7.9
Weight, kg 63.9+£8.0
BM]I, kg/m? 21.7+2.7

Age ranged from 16.0 to 28.8 years, while height ranged
from 150.0 to 190.3 cm and body mass ranged from 43.3
to 91.7 kg. BMI values ranged from 14.5 to 31.0 kg/m?.
These distributions indicate considerable inter-
individual variation within the sample.

Descriptive Statistics of Biomechanical,
Physiological, and Training-Load Variables

The descriptive analysis demonstrated variation across
all major predictor domains. Biomechanically, stroke
rate ranged from 27.0 to 44.3 strokes/min, stroke length
from 1.45 to 1.97 m/stroke, and stroke index from 1.52
to 3.11 m*s. Swimming velocity ranged from 1.05 to
1.66 m/s. Intra-cycle velocity variability ranged from
4.0% to 16.0%.

Physiological responses also varied between swimmers.
Resting heart rate ranged from 53 to 73 bpm, mean heart
rate from 135 to 183 bpm, and peak heart rate from 170
to 205 bpm. RPE values ranged from 3.7 to 8.8, whereas
SpO: remained relatively stable across participants.
Training exposure showed substantial variation,
particularly in weekly distance and total training load.
Weekly swimming distance ranged from 11,220 to
32,000 m, while weekly training load ranged from 900
to 4,078 AU.

Table 2. Descriptive statistics of the study variables

Domain Variable Mean = SD Range

Biomechanical Stroke rate, strokes/min 342+3.7 27.0-44.3
Stroke length, m/stroke 1.72 +0.13 1.45-1.97
Stroke index, m?/s 2.38+0.39 1.52-3.11
Swim velocity, m/s 1.34 +0.15 1.05-1.66
Intra-cycle velocity variability, % 9.1 £2.7 4.0-16.0
Start time, s 0.81 £0.09 0.60-1.00
Turn time, s 1.19£0.11 0.89-1.45

Physiological  Resting HR, bpm 62.1+4.4 53-73

Mean HR, bpm 153.0 +13.0 135-183

Peak HR, bpm 182.4+10.1 170-205

RPE, 0-10 6.1£1.0 3.7-8.8

SpO2, % 97.5+0.6 96.0-98.5
Training load  Weekly distance, m 21,000 = 5,300 11,220-32,000

Session frequency, sessions/week 4.1 + 1.0 3-6

Session duration, min 77.8+13.5 50.0-110.0

Session RPE, 0-10 55+1.0 3.3-7.7

Weekly training load, AU 1,850 + 800 900—4,078
Performance 100-m time, s 56.9+4.3 48.0-65.19

The primary performance outcome, 100-m time, ranged
from 48.00 to 65.19 s. The relatively wide range of
performance times provided adequate variability for
subsequent predictive modeling.

Normality and Homogeneity Assessment

The distribution of the continuous variables was
assessed using the Shapiro—Wilk test. Homogeneity of
variance between male and female participants was
examined using Levene’s test. Overall, the variables
demonstrated acceptable distributional characteristics
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for the subsequent correlation, regression, and machine-
learning analyses.

Table 3. Results of normality and homogeneity tests

Variable Shapiro—Wilk W p-value Levene’s F p-value
Age 0.983 .061 1.842 177
Height 0.989 284 0.924 338
Weight 0.976 .015 1.637 203
BMI 0.981 .041 1.274 261
Stroke rate 0.988 218 1.116 293
Stroke length 0.982 .047 0.873 352
Stroke index 0.979 .028 1.452 .230
Swim velocity 0.985 .104 1.327 251
Intra-cycle velocity variability 0.974 .009 1.705 .194
Start time 0.987 176 0.684 410
Turn time 0.980 .035 1.093 298
Resting HR 0.991 462 0.527 469
Mean HR 0.982 .044 1.968 163
Peak HR 0.978 .022 1.584 210
RPE 0.975 011 0.742 390
SpO2 0.971 .006 0.618 433
Weekly distance 0.979 .029 2.137 146
Session frequency 0.923 <.001 1.285 259
Session duration 0.986 137 1.763 .186
Session RPE 0.981 .040 0.956 330
Weekly training load 0.974 .009 2.418 122
100-m time 0.982 .043 1.637 .203

Although several variables showed statistically
significant Shapiro—Wilk results (p < 0.05), the
departures from normality were generally modest.
Given the sample size of 150 participants and the
predictive nature of the study, these variables were
retained for subsequent analyses. The Levene’s test
results were non-significant for all variables (p > 0.05),
indicating no statistically significant difference in
variance between male and female participants.

For the subsequent predictive modeling, the continuous
variables were therefore retained in their original form,
with appropriate standardization applied where required
by the modeling procedure. The normality assessment
was used primarily to characterize the data distribution
and inform the selection of statistical procedures rather
than as an exclusion criterion for individual predictors.

Associations Between Candidate Predictors and 100-
m Performance

Correlation analysis demonstrated that several
biomechanical variables were significantly associated
with 100-m performance time. Swim velocity showed
the strongest association with performance, followed by
stroke index and stroke length. The associations were
negative, indicating that greater values of these variables
corresponded to faster 100-m performance, represented
by lower completion times.

Intra-cycle velocity variability, start time, and turn time
showed positive associations with 100-m time. Among
the physiological variables, mean heart rate and peak
heart rate demonstrated weaker associations than the
principal biomechanical variables. Training-load
variables  showed modest relationships  with

performance, with weekly training load demonstrating
the clearest association within this domain.

Table 4. Associations between candidate predictors
and 100-m performance

Correlation with

Predictor 100-m time (r) p-value
Age —0.18 .028
Height —-0.24 .003
Weight —0.09 270
BMI 0.07 391
Stroke rate —-0.31 <.001
Stroke length —0.48 <.001
Stroke index —0.62 <.001
Swim velocity -0.71 <.001
Intr.a—c.y'cle velocity 0.39 <001
variability

Start time 0.32 <.001
Turn time 0.35 <.001
Resting HR 0.08 .335
Mean HR —0.29 <.001
Peak HR —-0.22 .007
RPE 0.19 .020
SpO- —-0.11 178
Weekly distance -0.21 .010
Session frequency  —0.24 .003
Session duration —-0.17 .037
Session RPE —=0.20 .014
Weekly  training 0.33 <001

load

The  correlation  coefficients  indicated  that
biomechanical measures, particularly swim velocity and
stroke index, had stronger relationships with 100-m time
than most physiological and training-load variables.
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These variables were therefore considered in the
subsequent multivariable modeling.

Variable Selection for Multivariable Regression

Candidate predictors were initially considered from the
biomechanical, physiological, anthropometric, and
training-load domains. Preliminary correlation analysis
with 100-m performance was used to characterize the
strength and direction of associations and to inform
candidate selection. Conceptual relevance to swimming
performance and potential redundancy among closely
related predictors were also considered. The final
multivariable regression model was therefore specified
as a parsimonious model rather than by entering every
available variable simultaneously.

The final regression model included swimming velocity,
intra-cycle velocity variability, turn time, stroke length,
weekly training load, mean heart rate, and age. These
variables represented the principal biomechanical,
physiological,  training-load, and  individual-
characteristic dimensions considered most relevant to
the regression analysis. Age was retained as an
individual characteristic despite its weaker bivariate
association because it was considered potentially

relevant to between-swimmer performance differences.

Sex, height, body mass, BMI, resting heart rate, peak
heart rate, RPE, SpO:, stroke rate, stroke index, start
time, weekly distance, session frequency, session
duration, and session RPE were not included
simultaneously in the final multivariable regression

model. Their exclusion does not indicate that these
variables were statistically unimportant; rather, the
regression analysis used a restricted predictor set to limit
model complexity and overlap among related variables.
In particular, stroke index was not simultaneously
entered with swimming velocity and stroke length
because it is mathematically derived from these
variables.

Predictors were not selected solely on the basis of
statistical significance. This is evident from the retention
of age in the final model despite its non-significant
coefficient (p = .194). The multivariable regression was
therefore interpreted as an adjusted explanatory model
based on the prespecified candidate set rather than as a
significance-based variable-selection procedure.

Multivariable Prediction of 100-m Performance

A multivariable regression model was developed with
100-m time as the dependent variable. The model
incorporated relevant biomechanical, physiological,
anthropometric, and training-load variables while
accounting for potential overlap among related
predictors.

The overall model was statistically significant and
explained approximately 68% of the variance in 100-m
performance (R?> = 0.68; adjusted R? = 0.66). Swim
velocity demonstrated the largest standardized
contribution to the model. Intra-cycle velocity
variability, turn time, stroke length, weekly training
load, and mean heart rate also contributed to the
prediction of 100-m time.

Table 5. Multivariable regression model for 100-m performance

Predictor

Standardized p SE

95% CI p-value

Swim velocity —0.51

Intra-cycle velocity variability  0.22

0.17 -0.68to—0.34 <.001
0.08 0.07 to 0.37 .004

Turn time 0.19 0.07 0.05t00.33 .009
Stroke length -0.17 0.08 -0.32t0—-0.02 .028
Weekly training load —0.16 0.07 —0.30to—0.03 .019
Mean HR —0.12 0.06 -0.24t0—0.01 .041
Age —0.08 0.06 —-0.20t00.04  .194

The direction of the coefficients was consistent with the
correlation analysis. Higher swim velocity and longer
stroke length were associated with lower 100-m times,
whereas greater velocity variability and longer turn
times were associated with higher performance times.

Explainable Machine-Learning Model

The machine-learning analysis was performed to
evaluate whether the combination of biomechanical,
physiological, anthropometric, and training-load
variables could predict 100-m performance while also
providing an interpretable ranking of predictor
importance.

The model demonstrated a test-set R? of 0.73, with an
RMSE of 2.32 s and an MAE of 1.79 s. These results
indicated that the model captured a substantial

proportion of between-swimmer variation in 100-m
performance.

Table 6. Predictive performance of the machine-
learning model

Evaluation metric Test-set result

R? 0.73
RMSE, s 2.32
MAE, s 1.79

The explainability analysis showed that swim velocity
was the most influential predictor, followed by stroke
index, intra-cycle velocity variability, stroke length, turn
time, and weekly training load.

Table 7. Relative feature importance based on SHAP
analysis
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Rank Predictor Relative importance

1 Swim velocity 0.31
2 Stroke index 0.23
Intra-cycle
3 elocityvaniabilitga o
4 Stroke length 0.11
5 Turn time 0.07
6 Weekly training 0.05
load
7 Mean HR 0.03
8 Stroke rate 0.02
9 Weekly distance 0.02
10 Other variables 0.02

The ranking indicated that biomechanical variables
accounted for the largest proportion of the model's
predictive information. Training-load and physiological
variables contributed additional information, although
their relative importance was lower than that of the
principal biomechanical measures.

Overall, the statistical and machine-learning analyses
produced a consistent pattern. Swim velocity, stroke-
related characteristics, velocity consistency, and turn
performance were among the variables most strongly
associated with 100-m performance, while weekly
training load and selected physiological variables
provided additional predictive information. This
combination of conventional statistical modeling and
explainable machine learning allowed the contribution
of multiple performance domains to be examined within
a single analytical framework.

Multicollinearity Diagnostics

Table 8. Multicollinearity diagnostics for predictors
included in the multivariable regression model

Predictor VIF

Tolerance Interpretation

sggg y 482 0.207 Acceptable
lsgflzlt‘lf 3.96 0.253 Acceptable
Intra-

3Zfé‘zlty 1.68  0.595 Acceptable
variability

Turn time 191 0.524 Acceptable
Weekly

training 1.74 0.575 Acceptable
load

Mean HR  2.13 0.469 Acceptable
Age 1.27 0.787 Acceptable

3.2 Discussion
Interpretation of the Main Findings

The present study examined whether competitive
swimming performance could be predicted from an
integrated set of biomechanical, physiological,
anthropometric, and training-load variables using an
explainable machine-learning approach. The main
finding was that swimming velocity and stroke-related
characteristics provided the strongest predictive
information for 100-m performance. The machine-
learning model explained a substantial proportion of

performance variation, while SHAP analysis showed
that swim velocity, stroke index, intra-cycle velocity
variability, stroke length, and turn time were among the
most influential predictors. This pattern was broadly
consistent with the conventional regression analysis,
suggesting that the predictive model was not driven
solely by a complex algorithm but reflected meaningful
characteristics of swimming performance.

The strong contribution of swimming velocity is
physiologically and biomechanically plausible because
100-m performance is ultimately expressed through the
ability to maintain high forward velocity over the race
distance. Recent swimming research has similarly
emphasized race velocity as an important discriminator
of performance level. A 2025 machine-learning study
using race-video variables found that velocity in specific
race segments was among the most important features
differentiating performance levels, with SHAP analysis
confirming the importance of velocity-related variables
(Postiglione et al., 2025; Veiga et al., 2014, 2016). In the
present study, the high importance assigned to swim
velocity therefore supports the broader view that
performance prediction should retain direct measures of
propulsion and race velocity rather than relying
exclusively on physiological indicators.

Stroke mechanics also made an important contribution.
Stroke index and stroke length were among the highest-
ranked predictors, indicating that the relationship
between the distance covered per stroke and swimming
velocity was relevant to the observed differences in 100-
m performance. This finding is consistent with recent
biomechanical evidence showing that stroke length,
stroke frequency, and related technical parameters are
closely associated with swimming performance.
Research using path-analysis modeling has also
demonstrated ~ meaningful  interactions = among
anthropometric, kinetic, and kinematic characteristics in
explaining 100-m freestyle performance (Morais et al.,
2016, 2020, 2024). These findings suggest that effective
performance is better understood as an interaction
between propulsion, body characteristics, and technical
execution than as a consequence of a single isolated
variable.

Implications

An important finding was the contribution of intra-cycle
velocity variability. Greater variability was associated
with slower performance and remained informative in
the multivariable model. From a practical perspective,
this suggests that producing a high average velocity may
not be sufficient if velocity fluctuates considerably
within the stroke cycle. A swimmer who maintains a
more stable velocity profile may convert each stroke
cycle into forward progression more effectively. This
interpretation should nevertheless be treated cautiously
because the present observational design cannot
establish whether reducing velocity variability directly
causes faster performance.

Turn time also remained an important predictor. This
result highlights the contribution of race components
beyond clean swimming. In the 100-m event, relatively
small differences during starts and turns can accumulate
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into meaningful differences in finishing time. Evidence
from competitive swimming research likewise identifies
start and turn performance as important components of
sprint swimming performance. A recent randomized
trial examining strength-training loads reported
improvements not only in swimming performance but
also in start and turn measures, demonstrating the
practical relevance of these race components (Amara et
al., 2021; Dingley et al., 2015; Saeterbakken et al., 2022;
Suijkerbuijk et al., 2017; Wang et al., 2025)

The physiological variables contributed less predictive
information than the principal biomechanical variables.
Mean and peak heart rate were associated with
performance, but their relative importance was lower in
the machine-learning model. This does not imply that
physiological capacity is unimportant. Rather, heart-rate
measures may provide complementary information
about the internal response to swimming while being
less directly related to the mechanical expression of race
performance. Training-load research in swimmers
similarly indicates that physiological and perceptual
measures should be considered together because
different indicators can respond differently to training
stress. Thus, the relatively modest contribution of heart
rate in the present model should not be interpreted as
evidence that physiological monitoring lacks practical
value.

Weekly training load showed an additional contribution
to performance prediction. The relationship was weaker
than that of the major biomechanical variables, but it
remained relevant after accounting for swimming
mechanics. This finding is consistent with research
demonstrating that training-load quantification can
contribute to the prediction and interpretation of
swimming performance. Mitchell et al. (2020) showed
that different approaches to modeling training load can
produce different performance-prediction
characteristics in elite swimmers, emphasizing the
importance of selecting an appropriate representation of
training exposure (Baldassarre et al., 2019; Born et al.,
2020; Gonjo et al., 2020; Pla et al., 2019). More recent
evidence also suggests that session-RPE and training-
load measures can provide useful information when
monitoring changes in elite swimming performance
(Afonso et al., 2024; Inoue et al., 2022; Kong et al.,
2025; Torres et al., 2025).

Research Contribution

One of the strengths of the present approach was the
combination of conventional statistical modeling with
explainable machine learning. Regression analysis
provides interpretable coefficients and estimates of
association, whereas machine learning can capture more
complex relationships among multiple predictors.
SHAP analysis then provides an additional layer of
interpretability by showing which variables contribute
most strongly to individual predictions. This is
particularly valuable in sports performance research
because a prediction model is more useful to coaches
when its output can be connected to measurable
performance characteristics rather than presented as an
unexplained prediction score.

Limitations

Several limitations should be considered. First, the
cross-sectional nature of the dataset limits causal
interpretation. The identified relationships describe
patterns among swimmers at the time of assessment and
cannot establish that changing a particular predictor will
necessarily improve performance. Second, the sample
size of 150 participants is adequate for exploratory
predictive modeling but remains relatively modest for
machine-learning applications involving numerous
correlated predictors. Third, several biomechanical
variables are conceptually and mathematically related,
creating a potential risk of multicollinearity. Finally, the
model was developed from a single dataset, so external
validation in an independent group of competitive
swimmers is required before the model can be
generalized to other populations or competitive levels.

Suggestions for Future Research

Overall, the findings support an integrated approach to
performance prediction in competitive swimming. The
most  informative  predictors were  primarily
biomechanical, particularly swim velocity and stroke-
related characteristics, while physiological and training-
load variables added complementary information. The
use of SHAP-based explainability further demonstrated
that machine learning can move beyond prediction
toward a more practical understanding of which
measurable characteristics are most relevant to
performance. Future research should validate the model
prospectively across different competitive levels,
swimming events, and training phases and should
incorporate longitudinal training data to determine
whether changes in the identified predictors are
accompanied by meaningful changes in competitive
performance.

4. CONCLUSION

This study demonstrates that competitive 100-m
swimming performance can be predicted by integrating
biomechanical, physiological, anthropometric, and
training-load variables within an explainable machine-
learning framework. Among the examined predictors,
swimming velocity and stroke-related characteristics
emerged as the most informative factors, while intra-
cycle velocity variability and turn time provided
additional performance-related information.
Physiological indicators, particularly mean and peak
heart rate, and training-load measures contributed
complementary information but showed comparatively
smaller predictive importance.

The machine-learning approach provided a useful
predictive framework while maintaining interpretability
through SHAP-based feature analysis. The consistency
between the regression findings and feature-importance
results indicates that the prediction was largely driven
by meaningful characteristics of swimming performance
rather than by an isolated statistical association. These
findings suggest that coaches and practitioners may
benefit from combining technical and training-
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monitoring data when evaluating competitive
performance.

In practical terms, performance assessment should not
focus exclusively on physiological capacity or training
volume. Greater attention to swimming velocity, stroke
efficiency, velocity consistency, and turn execution may
provide more direct information for performance-
oriented decision-making. Nevertheless, the findings
should be interpreted within the limitations of the
observational design and sample size. Future studies
should validate the predictive model using larger,
longitudinal, and independent swimmer cohorts to
establish its generalizability and practical value across
different competitive levels and race conditions.
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