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ABSTRACT

The International Paralympic Committee has directed International Federations that govern
Para sports to develop evidence-based classification systems. This study defined the impact
of limb deficiency impairment on 100 m freestyle performance to guide an evidence-based
classification system in Para Swimming, which will be implemented following the 2020
Tokyo Paralympic games. Impairment data and competitive race performances of 90
international swimmers with limb deficiency were collected. Ensemble partial least squares
regression established the relationship between relative limb length measures and
competitive 100 m freestyle performance. The model explained 80% of the variance in 100
m freestyle performance, and found hand length and forearm length to be the most
important predictors of performance. Based on the results of this model, Para swimmers
were clustered into four-, five-, six- and seven-class structures using nonparametric kernel
density estimations. The validity of these classification structures, and effectiveness against
the current classification system, were examined by establishing within-class variations in
100 m freestyle performance and differences between adjacent classes. The derived
classification structures were found to be more effective than current classification based
on these criteria. This study provides a novel method that can be used to improve the
objectivity and transparency of decision-making in Para sport classification. Expert
consensus from experienced coaches, Para swimmers, classifiers and sport science and
medicine personnel will benefit the translation of these findings into a revised classification

system that is accepted by the Para swimming community.

1. INTRODUCTION

Classification systems are used in Para sport to promote the vision of the Paralympic
Movement: ‘to enable Para athletes to achieve sporting excellence and inspire and excite the
world.” Classification systems define who is eligible to compete in Para sports and group
athletes into classes to minimise the impact of impairment on the competition outcome.™?
For para swimmers with a physical impairment, a functional classification system is currently

used to assess the activity limitation caused by the impairment type, location, and severity,

and group athletes into S (Freestyle, Backstroke and Butterfly) and SB (Breaststroke)
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classes.® There are ten S (S1-S10) and nine SB classes (SB1-SB9) with lower class numbers
indicating greater activity limitation caused by swimmers’ physical impairments. Para
swimmers with short stature, limb deficiency, leg length difference, impaired passive range
of movement, impaired muscle power, hypertonia, ataxia, and athetosis, are eligible to
compete within the same class if their impairments are judged to have a similar impact on

swimming performance.

Following the inception of the functional classification system in the 1990’s, the
effectiveness of the World Para Swimming classification system has often been questioned,
as it fails to delineate performance between adjacent classes and disadvantages certain
physical impairment types within classes.*® These concerns may result from difficulties with
measurement weighting and aggregation, stemming from a lack of understanding of the
impact that physical impairments have on swimming performance.>’ To address these
concerns the governing body of Para sport, the International Paralympic Committee (IPC),
has mandated the development of evidence-based methods of classification in Para sports.8
An evidence-based classification system is one that has a clearly stated purpose, being to
minimise the impact of impairment on the outcome of competition, and that the methods
used to assign class are based on empirical evidence.? The most fundamental aspect of
developing evidence-based methods of classification is the quantification of the relationship

. . -1
between impairment and sports performance.”™?

Para swimmers with limb deficiency, resulting from trauma or congenital birth defect, have
reduced body surface area that impacts their ability to produce propulsive forces and

minimise their resistance in the water.2*®

The current classification system uses direct limb
length measurements and body segment parameters (in cases of bilateral impairments) to
determine the relative length of para-swimmers’ affected limb segments and summate a
points score used for classification.? Points are allocated for the hand, forearm, upper arm,
foot, shank, and thigh based on each limb segments’ expected contribution to performance
in the swimming strokes of the S and SB classes. Direct limb length measurements have
been shown to have acceptable reliability, and allow classifiers to measure limb length using

a time efficient and user-friendly procedure requiring basic equipment.”’19

However, it is
unclear whether the points weighting for limb segment lengths result in fair and equitable

classification for Para swimmers with limb deficiency.
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Establishing the association between limb length measurements and swimming
performance will allow for an improved scientific basis for the classification of swimmers
with limb deficiency. Previous research has found measures of absolute limb length or limb
segment ratios to have significant associations with swimming performance in non-disabled

202 4t s important that these factors are not accounted for during the

swimmers.
classification process, otherwise swimmers that have a natural advantage due to limb length
characteristics unrelated to their impairment may be disadvantaged by the classification
process. Limb length measures that are expressed as a percentage of the estimated
‘healthy’ limb segment length might allow for a useful impairment measure whilst

accounting for the natural variance in anthropometric determinants within a cohort of Para

swimmers with limb deficiency.

This study aimed to provide scientific evidence to guide a revised classification system,
specifically for Para swimmers with limb deficiency that is due for implementation following
the 2020 Tokyo Paralympic games. The objectives were: (i) to establish the relationship
between limb deficiency impairment and swimming performance, and (ii) propose a novel
method for deriving fair and equitable classification structures for Para swimmers with limb
deficiency. It was hypothesised that limb length measures would collectively explain the
majority of variance in swim performance, and a scientific method for deriving classification
structures would result in larger differences between adjacent classes than the current Para

swimming classification method.

2. METHODS
2.1. Study design and participants

A cross-sectional study design was employed. Measures of limb segment length and a
performance measure (personal best 100 m freestyle race time) were analysed for 90 male
Para swimmers registered in the International Paralympic Committee (IPC) Sport Data
Management System (SDMS) as having a limb deficiency (Table 1). Data were obtained from
the IPC SDMS (https://db.ipc-services.org/sdms) for Para swimmers that had received

international swimming classification, were registered as being ‘active’ (i.e. currently
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competing) at the time of data collection and had previously competed at a Paralympic or
World Championship event. Para swimmers were removed from analysis if they had a
secondary impairment other than limb deficiency. Data were obtained with permission from
World Para Swimming under approved ethical guidelines from the institution’s Human

Research Ethics Committee (A/16/891).
2.2. Data

All data were obtained from athlete classification records listed on the IPC SDMS. Personal
best race time for the 100 m freestyle was recorded for each Para swimmer and expressed
as mean race speed (m/s). Race times that were recorded during short course events were
excluded. Para swimmers’ limb deficiency impairments were described using broad
classifications (e.g. single below elbow) and novel measures of limb length. Absolute limb
length measures were obtained from Para swimmers’ classification records and converted
to relative limb length measures for analysis. Relative limb length measures expressed the
remaining length of the limb segment as a percentage of the corresponding ‘healthy’ limb
segment length. In cases where Para swimmers had no corresponding limb segment for
comparison, the ‘healthy’ limb segment length was estimated using body segment ratios
that are found in the classification manual.® A total of six limb length measures were
calculated for each Para swimmer that described the remaining limb length of the hand,
forearm, upper arm, foot, shank and thigh segments, with the left and right limb segments
each contributing to half of the score. The body landmarks and procedures used to define

these limb segments are outlined in the classification manual.?
2.4. Statistical analyses

Statistical analyses were carried out using the R Stats package version 3.4.0 (R Core Team,
2017). Normative values (mean and standard deviation) for 100 m freestyle performance
were established for limb deficiency impairment groups. Pearson’s correlation coefficients
were calculated to establish the absolute strength of association between limb length

measures and 100 m freestyle performance.
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2.4.1. Ensemble partial least squares regression

The relationship between limb deficiency impairment and personal best 100 m freestyle
performance was established using an ensemble partial least squares regression analysis.23
The partial least squares method transforms the data to reduce both the predictor
(independent) and response (dependent) variables to x- and y-components. The derived x-
components are then used to predict the response using regression analysis. The advantage
of partial least squares regression is that while the independent variables may be collinear,
the derived x-components will be independent of one another while also keeping most of

the variance explained in the dataset.?*

The “enpls” argument in the enpls package® was used to conduct partial least squares
regression on 500 Monte Carlo experiments with a sampling ratio of 0.8. As the determined
effects of independent variables to any model are dependent upon the cases included in
analyses, ensemble learning methods may improve prediction accuracy and stability of
regression models by exploiting the statistical distribution of variable coefficients and
prediction errors.” K-fold cross validation was used to examine the stability of the ensemble

partial least squares model using the “cv.enpls()” argument.”

Variable coefficients and importance scores were calculated using the “fs.enpls()” function
in the enpls package.”” The vector of regression coefficients across multiple Monte Carlo
experiments were used to indicate predictor importance because it is a single measure of

25,2 . .
>26 The variable importance

association between the predictor variables and the response.
score was calculated as the mean of the variable coefficient divided by the standard
deviation of the variable coefficient for the 500 Monte Carlo experiments.” Thus, a larger
variable importance score indicates a larger and more consistent regression coefficient

across the 500 Monte Carlo experiments.
2.4.2. Cluster analysis via nonparametric density estimation

To derive new classification structures clusters were identified from the kernel density
estimations of ‘predicted performance’ using the pdfCluster package. Various bandwidths
were used to adjust the smoothing parameters and identify local maxima and minima of a

four-, five-, six- and seven-class structure. The ‘predicted performance’ of Para swimmers is
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a measure of estimated activity limitation that does not explain their actual sporting
performance or ability, but the level of difficulty that Para swimmers are expected to have

for the 100 m freestyle resulting from their limb deficiency impairment.
2.4.3. Evaluating the fairness and equity of classification structures

The existing and new classification structures were evaluated by determining the
differences in ‘actual performance’ between adjacent classes, and the within-class
variations in actual and predicted performances. A more effective classification structure
was considered to show larger differences in performance between adjacent classes, and
smaller within-class variations in actual and predicted performance (i.e. estimated activity

limitation).>*"?®

The magnitude of group differences between adjacent classes were
determined using standardised differences with the precision of estimates indicated with
90% confidence limits (CL). The magnitude of difference was assessed as trivial (<0.2), small
(0.21-0.6), moderate (0.61-1.2), large (1.21-2.0), and very large (>2.0) based on previously
standardised criteria.?® The difference was reported as unclear when the 90% CL crossed the

thresholds for both a substantially positive (0.2) and negative (-0.2) value.

3. RESULTS

The existing S classes and personal best 100 m freestyle performances of Para swimmers
included in this study are reported in Table 1. Para swimmers’ personal best 100 m freestyle
mean race speed (time) ranged from 0.75 m/s (133.3 s) to 1.84 m/s (54.3 s). The remaining
limb lengths of the forearm (r = 0.70, p<0.01), hand (r=0.61, p<0.01), upper arm (r=0.52,
p<0.01), thigh (r=0.38, p<0.05), shank (r=0.33, p<0.05), and foot (r=0.23, p<0.05) were found

to have significant correlations with 100 m freestyle performance.
3.1. Ensemble partial least squares regression

A minimum of 2 and maximum of 3 components were extracted from partial least squares
analysis for 500 Monte Carlo experiments. The components of separate partial least squares
regressions explained between 74.9% and 83.6% of the variance in 100 m freestyle

performance, and between 75.0% and 88.1% of the variance in limb length variables. The
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ensemble partial least squares regression explained 79.5% of the variance in 100 m freestyle
performance (R* = 0.795, RMSE = 0.118), and 10-fold cross validation reported similar
prediction accuracy and error (R’= 0.767, RMSE = 0.125) (Figure 1). The most important

predictor variable was forearm length, followed by hand length and shank length (Figure 2).

Predicted 100 m freestyle race speeds ranged from 0.96 m/s (104.2 s) to 1.82 m/s (54.9 s).
There were gradual differences in predicted performance for Para swimmers with a single
below ankle (range = 1.77 to 1.82 m/s), below knee (range = 1.67 to 1.77 m/s) and above
knee (range = 1.47 to 1.65 m/s) limb deficiency impairment, as well as for Para swimmers
with a single below wrist (range = 1.74 to 1.78 m/s), below elbow (range = 1.61 to 1.73 m/s)
and above elbow (range = 1.48 to 1.53 m/s) impairment. Para swimmers with limb
deficiency affecting two or more limbs showed large variations in predicted performance
(Figure 3A). All types of limb deficiency impairment showed similar distributions in residuals
(Figure 3B), and no limb deficiency group reported a significant difference between actual

and predicted 100 m freestyle performance.
3.2. Validity of classification structures

There was considerable overlap in the predicted performances of Para swimmers in their
current S class, particularly between classes S4 and S5 and S5 and S6 (Table 2). Although
other classes showed larger differences with their adjacent classes, there were cases of
predicted performance overlapping for every adjacent class. Cluster analyses using kernel
density estimations with variable smoothing parameters (bandwidths = 0.02 to 0.04)
identified cluster centres and cut-points in the distribution of predicted 100 m freestyle
performance to derive a four-, five-, six- and seven-class structure (Figure 4). The four-
(ES£90% CL = 1.240.7 to 2.1+0.5), five- (ES90% CL = 0.940.6 to 1.5+0.5) and six-class
(ES+90% CL = 0.8+0.8 to 1.6+0.7) structures showed consistently larger differences in actual
performance between adjacent clusters than for the current classification system (ES+90%
CL = 0.520.9 to 1.4+0.6) (Table 2). The seven-class system showed an unclear difference

between cluster 2 and 3 (ES+90% CL = 0.2+1.0).
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4. DISCUSSION

The IPC has mandated that research be conducted to guide the development of evidence-
based classification systems in Para sport.3 The most fundamental aspect of developing
evidence-based classification systems is the quantification of the relationship between
impairment and sports performance.l'2 This study used ensemble modelling to establish the
relationship between limb deficiency impairment and Para swimming performance, and to
provide a one-dimensional estimate of activity limitation that was used to develop
classification structures and allocate class. The following sections will discuss the efficacy of
this classification method, which is partial to the accuracy of the prediction model, the
fairness of classification structures that are derived from the model, and how the

classification method might be perceived by relevant stakeholders in Para swimming.
4.1. Modelling the impact of limb deficiency impairment on performance

Limb segment length measures explained 80% of the variance in 100 m freestyle
performance in Para swimmers with limb deficiency (R? = 0.80, RMSE = 0.12). The amount of
variance in performance that should be explained by physical impairment is difficult to
determine, as a certain amount of variance will be explained by technical, physiological and
psychological attributes that shouldn’t account for Para swimmers’ classification. In another
study, measures of arm and trunk impairment explained between 23% and 37% of the total
variance in performance tests in wheelchair rugby and basketball athletes.™ The results of
this study on international-standard Para swimmers are promising, particularly as the partial
least squares regression showed relatively consistent prediction accuracies across multiple
Monte Carlo experiments (R*= 0.75-0.84) and cross-validation reported similar prediction
accuracy and error to the partial least squares regression (R%w = 0.77, RMSE., = 0.13). These
results indicate that the ensemble partial least squares regression model has sufficient
accuracy and stability, suggesting it may provide an accurate estimate of activity limitation

resulting from Para swimmers’ limb deficiency impairments.

When examining the prediction accuracy of the ensemble partial least squares regression, it
appears that the model overestimates the performance of Para swimmers with personal
best 100 m freestyle performances <1.15 m/s (Figure 1). These Para swimmers often use

modified swimming strokes in freestyle events due to the severity of their impairment,
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rather than swimming front crawl as more typical in the higher sport classes. Therefore,
limb segment lengths may have varied contributions to the performance of these Para
swimmers depending on their unique stroke pattern. It is also possible that the impact of
impairment severity on sports participation and training progression might result in lower
competitive standards in the classes in which these Para swimmers compete. For instance,
Para swimmers with severe impairments need greater assistance in accessing suitable
training facilities and have considerably less training volume than Para swimmers in higher
classes, which could stunt their training progression.30 Better prediction accuracies for these
Para swimmers might be reported once participation rates and competitive standards in the

lower sport classes improve with continued progression of the Paralympic Movement.

The interpretation of the partial least squares regression and whether it is perceived to be
‘correct’ by coaches, athletes and spectators is an important consideration if it is to be used
to allocate class. The results indicated forearm length, hand length, and shank length to be
the most important predictors of 100 m freestyle performance (Figure 2). These results are
partially supported by correlation coefficients between limb length variables and 100 m
freestyle performance, that showed forearm length (r=0.70, p<0.01) and hand length
(r=0.61, p<0.01) to have the strongest correlations with performance. The upper limbs
contribute to the majority of propulsive force during tethered front crawl swimming,31 and
the hand and forearm segment have been shown to produce greater hydrodynamic forces
than the upper arm due to greater angular and linear velocities during the swim stroke.3%%
Interestingly, upper arm length had a stronger correlation (r = 0.52, p<0.01) with 100 m
freestyle performance than all the lower-body limb segment lengths (r = 0.23 to 0.38,
p<0.03), despite upper arm length being the least important predictor variable (Figure 2).
These results are likely explained by high collinearity between the upper- and lower-body
limb segments that is accounted for by the transformation of predictor variables into latent
structures during partial least squares analysis. Indeed, research has suggested that the
upper arm segment might even contribute to net resistive drag forces during front crawl
swimming, as greater angular velocities of the upper arm segment are required to create
positive net propulsive force with proportionate increases in swimming speed.16’34’35 These
findings emphasise the importance of classification methods being based on research that

uses multivariate statistical models to establish the relative contribution of impairment
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measures to sports performance, rather than absolute associations that have been

established in isolation.

It is interesting to note that forearm length was found to be a more important predictor of
100 m freestyle performance than hand length (Figure 2). According to the partial least
squares regression, a single through elbow impairment (1.59 m/s, 86.1%) is estimated to
have an additional 7.6% decrement in performance than a single through wrist impairment
(1.74 m/s, 93.8%) compared with the estimated performance of an able-bodied swimmer
(1.85 m/s). These results are counter-intuitive to research showing the hand segment to
create considerably larger hydrodynamic forces during front crawl swimming than the
forearm segment.®® The hand has advantage in terms of linear velocities and swimmers use
minor hand movements at the wrist joint so that the hand is in the most efficient position

323338 There are several explanations for

possible relative to the other upper arm segments.
the results of our study. First, while there may be greater hydrodynamic forces reported at
given sites for the hand segment, the forearm segment might contribute greater net
positive propulsive force than the hand due to having greater propelling surface area.***
Further, the relative contribution of the forearm segment to 100 m freestyle performance
may increase for Para swimmers with an upper limb impairment, as they show varied stroke
patterns to increase the angular and linear velocities of their ‘intact’ limb segments and

163839 Second, this study only included

maximise their net propulsive force during swimming.
Para swimmers in the analyses, of which the least impaired Para swimmers with an upper
limb impairment would have up to ~50% of their hand length intact as per the minimum
impairment eligibility criteria.’> It is possible that the contribution of hand length to 100 m
freestyle performance was underestimated by the partial least squares regression, as the

results are dependent upon the cases included in the analysis that explain the variance

within the dataset.
4.2, Validity of classification structures

The second objective of this study was to derive new classification structures for Para
swimmers based on the estimated activity limitation resulting from their limb deficiency
impairment. Kernel density estimations of Para swimmers ‘predicted performance’ were

used to derive a four-, five-, six- and seven-class structure (Figure 4). The validity of these
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structures was evaluated by establishing the within-class variation in estimated activity

27,28 Based on

limitation and differences in actual performance between adjacent classes.
these criteria, the newly derived classification structures were found to be fairer and more
equitable than the current classification system as the classification method: (i) better
accounts for the impact that limb deficiency impairment has on Para swimming
performance, (ii) results in classes that have sequential and clear differences in 100 m

freestyle performance, and (iii) allocates class cut-points along the spectrum of activity

limitation where there is less chance of Para swimmers being allocated to the wrong class.

In this study, the current classification system was shown to have unclear differences in 100
m freestyle performance between existing classes S7 and S6 and S6 and S5 (Table 2). Two or
more of these classes could be collapsed to provide a fairer classification system. However,
there was also considerable overlap in the predicted performance of Para swimmers
between all adjacent classes based on the results of the partial least squares regression. This
suggests that in all classes of the current classification system, there are swimmers that are
advantaged or disadvantaged by the location and severity of their limb deficiency

impairment.

There are two limitations of the current classification method that might contribute to this
problem. First, the points allocated to different limb segments do not equate to a
summative point score that accurately defines the activity limitation of Para swimmers for
the 100 m freestyle.3 Second, the S class is used to structure competition for all event
distances of the freestyle, butterfly and backstroke swim strokes, not just the 100 m
freestyle. The relative importance of limb segment lengths might change for different swim
strokes and event distances, as do other important variables including stroke frequency and
length, temporal coordination of propulsive actions, upper-limb and lower-limb muscle
activity and coordination, and the contribution of race segments to overall performance.*>*
Methods that better account for the influence of swim stroke and event distance on the

activity limitation resulting from limb deficiency impairments might provide fairer and more

equitable classification structures.
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The valid classification structures that were derived from Para swimmers’ predicted
performances is further evidence that the ensemble partial least squares regression better
estimates the activity limitation resulting from limb deficiency impairment than current
classification methods. The four-, five- and six-class structures all showed adjacent clusters
had moderate to large differences in actual 100 m freestyle performance (Table 2). The
seven-class structure showed an unclear difference between clusters 2 and 3, suggesting
that a classification structure with no more than six classes will provide fair and equitable
competition. Deciding whether a four-, five- or six-class structure should be used for

classification of these swimmers is a more challenging task.

The IPC position stand’ does not define what the difference in performance between classes
should be, other than ‘within any given class, the range of activity limitation should never be
so large that athletes with impairments causing the greatest activity limitation are
significantly disadvantaged when competing against those with impairments causing the
least activity limitation.” Experimental research that investigates the sport-specific
determinants of performance in Para swimmers within these classes might provide further
insight into the optimal number of classes and their cut-points. Regardless, these results
demonstrate the potential of using ensemble modelling to estimate the activity limitation
resulting from physical impairment and to improve the objectivity and transparency of

decision-making in Para classification.

An advantage of the classification method developed in this study is that a one-dimensional
estimate of activity limitation can be calculated to provide a direct comparison of the impact
that various limb deficiency impairments have on sport performance. These comparisons
are meaningful as they report the results of classification in a real-life context that provide
key stakeholders (i.e. Para swimmers, coaches, classifiers, sport science personnel and
administrators) with an understanding of the scientific evidence underpinning class
allocation and structure. In this study, Para swimmers with diverse types of limb deficiency
(i.e. location) were grouped into the same classes based on their estimated activity
limitation, with class cut-points established along the spectrum of activity limitation where
there were relatively fewer Para swimmers. This is advantageous for structuring
competition in Para Swimming that includes Para athletes with diverse types and severity of

physical impairment. Further, establishing class cut-points in this way minimises the risk of
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Para swimmers being allocated to the wrong class because they are situated close to the

class cut-point.
4.3. Study limitations and future research directions

This study was limited to the 100 m freestyle in a male-only cohort of Para swimmers. This
was intentional as the statistical modelling was complex and a single sample of 90
swimmers of international-standard was considered the most appropriate approach. Future
studies could apply these methods to different swimming events as it has been postulated
that swim stroke and event distance might influence the relationship between physical
impairment and per1°ormance.4'6 Such studies might have important implications for the
structure of classification systems in Para swimming; in particular, whether classification
should account for any influence of swim stroke or event distance on the impact that
physical impairment has on performance. Further, although sex is unlikely to influence the
impact of limb deficiency on Para swimming performance, research is warranted to
determine the relationships between limb length measures and performance in female

cohorts.

The difficulty in lay interpretation of this study’s results might limit the impact it has on a
revised classification system. It is important that the results of this study are corroborated
by further research. The contribution of the limb segments to swim performance is complex,
as the upper and lower limb extremities have been shown to have non-linear contributions
to swim velocity during maximal arms-only, legs-only and full stroke swimming in able-
bodied participants.44 These contributions are likely to be more complex based on the
variations in impairment severity and location that occur in a Para swimming population.
Experimental studies that investigate the impact of limb deficiency impairment on
instantaneous velocity, propulsion and drag profiles of Para swimmers might evidence the
relative contribution of different limb segments to Para swimming performance. Further,
studies should investigate measures that might better describe the severity and distribution
of impairment that are associated with activity limitation, such as surface area and

asymmetry measurements.
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Despite the advantages of this study’s methods, it’s important to note that there are
numerous statistical algorithms that could be used to derive valid classification structures in
Para sport. Each algorithm would result in a different classification structure with its own
advantages and disadvantages, although how classification systems are perceived and
interpreted by internal (e.g. Para athletes, coaches) and external (e.g. media, spectators)
stakeholders ultimately influences their effectiveness in promoting the vision of the
Paralympic Movement. Expert consensus by experienced coaches, Para swimmers,
classifiers, sport science personnel and administrators is important to validate this study’s
findings so that they can be translated into a revised classification system that is accepted

by key members of the Para Swimming community.

5. PERSPECTIVE

This study’s findings can help guide a revised classification system due for implementation
following the 2020 Tokyo Paralympic games. Ensemble partial least squares regression was
shown to provide accurate predictions on the activity limitation experienced by Para
swimmers with limb deficiency for the 100 m freestyle. Based on these predictions, fair and
equitable classification structures were derived that showed clearer and more consistent
differences in 100 m freestyle performance between adjacent classes than for existing
classification. The translation of this study’s findings into an effective classification system
that is accepted by the Para swimming community will be aided by further research that (i)
examines the influence of swim stroke and event distance on the impact of limb deficiency
on Para swimming performance, (ii) investigates the relationships between limb deficiency
impairment and propulsion and drag profiles of Para swimmers, and (iii) gains expert
consensus from experienced coaches, Para swimmers, classifiers, sport science and
medicine personnel, and administrators. In addition to guiding revised classification in Para
swimming, this study provides a novel scientific method that can be used in other Para

sports to improve the objectivity and transparency of decision-making in classification.
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TABLES

Table 1. Current S class and personal best 100 m freestyle performance of Para swimmers

with limb deficiency.

S class PB 100 m freestyle (m/s)

n Range Mean (SD)
Entire cohort 90 4-10 1.49 (0.26)
Three or more limbs 16 4-8 1.17 (0.27)
Double, upper and lower limb 5 4-6 1.31(0.19)
Double, above or below knee 7 7-10 1.45 (0.19)
Single, above knee 10 9 1.60 (0.11)
Single, below knee 9 9-10 1.72 (0.08)
Single, below ankle 2 10 1.73 (0.04)
Double, above or below elbow 10 4-8 1.30(0.22)
Single, above elbow 10 7-8 1.48 (0.14)
Single, below elbow 16 9 1.69 (0.10)
Single, below wrist 5 10 1.74 (0.08)
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Table 2. Normative values, differences and within class variations in 100 m freestyle

performance for the current classification system, and the newly derived class structures.

Actual 100 m freestyle (m/s)

Predicted 100 m
freestyle (m/s)

stﬂ:::re dai“::f;{oer Mean (SD)  CV(%) ES(QO)  Mean(SD)  CV (%)
510 (n=15) 1.72 (0.08) 45 mod 1.74 (0.04) 25
59 (n=29) 1.66 (0.11) 6.7 la 1.64 (0.07) 4.5
Current $8 (n=15) 1.49 (0.13) 8.9 mod 1.51 (0.04) 2.7
Swrni::mg $7 (n=6) 1.38 (0.18) 12.9 unc 1.37 (0.13) 9.7
ethod $6 (n=12) 1.29 (0.17) 13.1 unc 1.24 (0.11) 8.5
S5 (n=7) 1.15 (0.21) 186  mod 1.15 (0.13) 11.1
54 (n=6) 0.97 (0.15) 15.4 1.08 (0.11) 10.6
Cluster 4 (n=39) 1.70 (0.09) 6.2 via 1.70 (0.06) 36

4-class  Cluster 3 (n=25) 1.48 (0.13) 9 la 1.50 (0.05) 3

structure  Cluster 2 (n=15) 1.28(0.19) 14.8 la 1.25 (0.06) 4.8
Cluster 1 (n=11) 1.05 (0.18) 17.4 1.06 (0.06) 5.7
Cluster 5 (n=27) 1.72 (0.07) 3.9 mod 1.73 (0.04 22
Cluster 4 (n=13) 1.65 (0.10) 6.2 la 1.62 (0.02) 1.1
StSrUCC'iZie Cluster 3 (n=24) 1.47 (0.13) 9 la 1.50 (0.04) 2.9
Cluster 2 (n=15) 1.28(0.19) 14.8 la 1.25 (0.06) 4.8
Cluster 1 (n=11) 1.05 (0.18) 17.4 1.06 (0.06) 5.7
Cluster 6 (n=27) 1.72 (0.07) 3.9 mod 1.73 (0.04) 2.2
Cluster 5 (n=13) 1.65 (0.10) 6.2 la 1.62 (0.02) 1.1
6-class Cluster 4 (n=23) 1.48 (0.13) 8.8 la 1.50 (0.04) 2.4
structure  Cluster 3 (n=16) 1.28(0.18) 143  mod 1.26 (0.07) 5.2
Cluster 2 (n=7) 1.13 (0.16) 13.9 la 1.10 (0.03) 23
Cluster 1 (n=4) 0.90 (0.12) 13.2 0.99 (0.02) 1.8
Cluster 7 (n=27) 1.72 (0.07) 3.9 mod 1.73 (0.04) 2.2
Cluster 6 (n=13) 1.65 (0.10) 6.2 la 1.62 (0.02) 1.1
Cluster 5 (n=23) 1.48 (0.13) 8.8 la 1.50 (0.04) 2.4
sti;l:jie Cluster 4 (n=9) 1.37 (0.14) 10.4 la 1.31(0.04) 33
Cluster 3 (n=7) 1.16 (0.17) 14.4 unc 1.19 (0.01) 1.3
Cluster 2 (n=7) 1.13 (0.16) 13.9 la 1.10 (0.03) 23
Cluster 1 (n=4) 0.90 (0.12) 13.2 0.99 (0.02) 1.8

SD = standard deviation, CV = coefficient of variation, ES = effect size, QO = qualitative outcome, unc = unclear

difference, mod = moderate difference, la = large difference, vla = very large difference.
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FIGURE LEGENDS

Figure 1. Prediction plot showing the accuracy and error of the ensemble partial least
squares regression to predict personal best 100 m freestyle performance from limb length

variables. R® = coefficient of determination; RMSE = Root mean square error.

Figure 2. Regression coefficients (A) and variable importance scores (B) of limb length
variables for the ensemble partial least squares regression. (A) Data are median, quantiles
and range of regression coefficients for limb length variables for 500 Monte Carlo
experiments. (B) Data are variable importance scores for limb length variables calculated as
the mean regression coefficient divided by the standard deviation of the regression

coefficient.

Figure 3. Boxplots showing the median, quartiles and range of (A) predicted 100 m
freestyle performance and (B) residuals for Para swimmers with limb deficiency derived

from the ensemble partial least squares regression.

Figure 4. The (A) four-class, (B) five-class, (C) six-class, and (D) seven-class classification
structures that were derived from Para swimmers predicted 100 m freestyle performance.
(Left) Kernel density estimations were used to identify local minima and maxima and
establish class cut-off points. (Middle) The fairness of derived classification structures was
evaluated by examining differences in performance between adjacent classes and the
within-class variation in actual and predicted performances. (Right) Count plots show the

types of limb deficiency groups that from within the derived classes.
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