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ABSTRACT
Background: Anthropometric characteristics are important factors that affect
swimming performance. The aim of this study is to build a discriminant model using
anthropometric factors to identify elite short-to-medium-distance freestyle
swimmers through an adaptive Lasso approach.
Methods: The study recruited 254 swimmers (145 males and 109 females) who were
divided them into elite (aged 17.9 ± 2.2 years, FINA points 793.8 ± 73.8) and
non-elite (aged 17.1 ± 1.3 years, FINA points 560.6 ± 78.7) groups. Data for 73
variables were obtained, including basic information, anthropometric and derivative
indicators. After filtering out highly correlated variables, 24 candidate variables were
retained to be used in adaptive Lasso to select variables for prediction of elite
swimmers. Deviance and area under the curve (AUC) were applied to assess the
goodness of fit and prediction accuracy of the model, respectively.
Results: The adaptive Lasso selected 12 variables using the whole sample, with an
AUC being 0.926 (95% CI [0.895–0.956]; P = 2.42 × 10−29). In stratified analysis by
gender, nine variables were selected for male swimmers with an AUC of 0.921 (95%
CI [0.880–0.963]; P = 8.82 × 10−17), and eight variables were for female swimmers
with an AUC of 0.941 (95% CI [0.898–0.984]; P = 7.67 × 10−15).
Conclusion: The adaptive Lasso showed satisfactory performance in selecting
anthropometric characteristics to identify elite swimmers. Additional studies with
longitudinal data or data from other ethnicities are needed to validate our findings.

Subjects Anatomy and Physiology, Kinesiology, Sports Medicine
Keywords Elite swimmer, Anthropometric characteristics, Discriminant modeling, Talent
identification, Adaptive Lasso

INTRODUCTION
Anthropometric characteristics are widely considered as important factors affecting sport
performance (Barbosa et al., 2010; Saavedra, Escalante & Rodríguez, 2010; Ugarkovic et al.,
2002). Anthropometrics that matches the characteristics of a sport helps to master the
movement techniques, shorten training time, and plan targeted exercise program to
achieve peak performance (Putra et al., 2020). In swimming, arm length and girth, or the
ratios (e.g., hand-length/forearm-length and forearm-girth/wrist-girth) were found to be
significantly associated with the performance of breaststroke (Sammoud et al., 2018a),
front crawl (Jürimäe et al., 2007; Lätt et al., 2010) or freestyle (Nevill, Oxford & Duncan,
2015), backstroke (Sammoud et al., 2019), and butterfly (Sammoud et al., 2018b),
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highlighting the limb advantage of longer levers. In addition, leg length, trunk breadth
(Sammoud et al., 2018a), and sitting height (Sammoud et al., 2019) were also found to
affect swimming performance, but their effect could vary by stroke. From these findings, it
is reasonable to hypothesize that anthropometric factors could be useful in the
identification of elite swimmers.

Indeed, previous studies have examined the feasibility of identifying elite swimmers by
utilizing anthropometric factors. However, in these studies, ordinary regression and
discriminant analysis were commonly used to explore the relationship between
anthropometric factors and swimming performance (Lätt et al., 2009a, 2009b; Saavedra,
Escalante & Rodríguez, 2010). The sample sizes are often very limited, with a large number
of different anthropometric factors available, and traditional methods often perform
poorly. In this study, we tackled the relationship between multiple anthropometric factors
and swimming performance using an adaptive Lasso (Least Absolute Shrinkage and
Selection Operator) method (Bhattacharya & McNicholas, 2014; Schneider & Wagner,
2012), which has advantages in consistent variable selection. Thus, the main aim of this
study is to build a discriminant model using anthropometric factors to identify elite
swimmers through an adaptive Lasso approach.

MATERIALS AND METHODS
Participants
From 2016 to 2018, a total of 254 short-to-medium-distance (50-m event, 100-m event,
200-m event, and 400-m event) (Robertson et al., 2009) freestyle swimmers were recruited,
all of whom were from two provincial teams and three university teams. Swimmers who
attained the highest level with a stroke other than freestyle or a distance of more than
400-m were excluded. Skeletal age and menstrual status indicate that these swimmers have
largely matured, minimizing the effect of physical maturity on athletic performance
(Vaeyens et al., 2008).

They were grouped into two categories, i.e., elite (achieving national grade or higher,
FINA points: 793.8 ± 73.8 at long course 50 ~ 400-m freestyle) and non-elite (achieving 1st

grade or lower, FINA points: 560.6 ± 78.7 at long course 50 ~ 400-m freestyle), according
to their highest competitive level which was achieved between 2009 and 2018 and was
retrieved from the official website of the General Administration of Sport of China (http://
app.gjzwfw.gov.cn/jmopen/webapp/html5/tyzjydyjsdjcx/index.html). The rating
standards of the training levels were shown in Table S1.

All the study participants provided written informed consent. Ethical approval of the
study was obtained from the Ethics Committee of the School of Life Sciences of Fudan
University (No. 497).

Anthropometry
Somatic measurements were taken by qualified anthropometrists following standardized
procedure as specified in the “Shanghai Sport Talent Selection Test Guide” (manual for
internal training, File S4). There were 36 assessments: 17 for length, seven for breadth, and
12 for circumference. A second-generation digital display Martin ruler (Martin-CHN;
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Shanghai Quyi Technology Co., Ltd, Shanghai, China) and a standard soft tape measure
were used. The intra-assessment agreement (technical error of measurement, TEM) of
these measurements was 0.26-cm (95% CI [0.20–0.32]) (Hardy et al., 2018). Body
composition data were obtained by a multi-frequency body composition analyser (Inbody
720; Biospace, Seoul, Korea).

Considering that season had minimal effect on our measurements (Putra et al., 2020),
and the cooperativeness of the athletes and coaches, each swimmer was measured only
once in December (i.e., off-season) during the study. Measurements were taken in the
morning, starting with a body composition test in a fasting situation. The rest of the
anthropometric measurements were conducted half an hour after eating. Of the swimmers
tested during a day, we randomly selected 3% for re-testing to verify reliability. Other basic
information of the swimmers was collected from the test record form.

In addition, 28 derivative indexes were calculated, and basic information, such as age of
attending the highest level, gender, and competitive level, were also collected, leading to a
total of 73 characteristic variables (Table S2).

Statistical analysis
Among the 73 variables in this study, competitive level (elite vs non-elite) is a binary
dependent variable, gender is a binary predictor, and the remaining 71 are continuous
variables. The pairwise correlation between the variables were calculated to eliminate
variables that were highly correlated (i.e., the absolute value of the correlation coefficient |r|
>0.7 in the corresponding column).

The adaptive Lasso-penalized logistic model was then adopted to identify optimal
anthropometric variables for the identification of elite swimmers. Although this method
may produce some degree of asymptotic bias for the non-zero regression parameters, it can
provide consistent variable selection and is efficient in coefficient estimation (Das, Gregory
& Lahiri, 2019; Zheng, Gallagher & Kulasekera, 2016). Moreover, it can reduce estimation
bias and improve prediction accuracy (Alhamzawi & Ali, 2018). The model takes the
following form:

logit pið Þ ¼ ln
pi

1� pi

� �
¼ XTb;

where pi ¼ P yi ¼ 1jxið Þ represents the probability of being an elite swimmer, given the
anthropometric characteristics, X is a n × p design matrix, and b is the corresponding
coefficient vector of p × 1. b can be estimated using adaptive penalty by:

b ¼ argbmin �
Xn
i¼1

yi ln pið Þ þ 1� yið Þ ln 1� pið Þ½ � þ k
Xq
i¼1

xi bij j
( )

;

where the penalty parameter λ is commonly determined using the k-fold cross-validation
or the Bayesian information criterion (BIC) (Bhattacharya & McNicholas, 2014; Schwarz,
1978), and the penalty weights xi is generally taken as the inverse of the absolute value of
the estimated coefficients from the ordinary least square (OLS) or ridge regression
(Alhamzawi & Ali, 2018). In this study, we used 10-fold cross-validation to determine λ
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and OLS to determine xi. The goodness of fit and prediction accuracy of the constructed
model was assessed by deviance and area under the curve (AUC), respectively.

RESULTS
Table 1 illustrates the basic information of the swimmers. A total of 71 continuous
variables composed a 71 × 71 lower triangular matrix with the diagonal and the above
elements being zero. The pairwise correlation analysis eliminated 48 continuous variables,
leading to a total of 24 candidate variables (23 continuous plus gender) for subsequent
analyses (Table S3).

Table 1 Basic information of the included swimmers.

Variables Elite swimmers (n = 89) Non-elite swimmers (n = 165) P

Age of attaining the highest level (years) 17.94 ± 2.17 17.11 ± 1.28 0.001

Gender, female (n, %) 41 (46%) 68 (41%) 0.5

FINA point 793.8 ± 73.8 560.6 ± 78.7 <0.001

Stature (cm) 179 ± 8 176 ± 7 <0.001

Weight (kg) 72 ± 11 70 ± 11 0.2

Back of foot height (cm) 7.58 ± 0.53 7.50 ± 0.58 0.3

Head circumference (cm) 56.47 ± 1.85 57.14 ± 1.60 0.004

Body fat percentage (%) 15 ± 6 18 ± 7 0.007

Skeletal muscle mass (kg) 34.5 ± 6.4 32.3 ± 6.3 0.009

Body mass index (BMI, kg/m2) 22.23 ± 2.15 22.50 ± 2.80 0.4

Ratio of arm to stature 44.18 ± 0.84 43.80 ± 0.96 0.001

Ratio of arm to leg length A 81.70 ± 1.53 81.18 ± 1.84 0.018

Torso length (cm) 54.6 ± 3.2 52.4 ± 3.0 <0.001

Torso length index 1.92 ± 0.11 1.86 ± 0.11 <0.001

Biceps circumference difference (cm) 2.15 ± 0.85 1.84 ± 0.80 0.004

Ratio of hand breadth to length 43.31 ± 1.93 43.75 ± 2.13 0.093

Ratio of ankle circumference to achillis tendon length 96 ± 8 100 ± 9 0.003

Ratio of upper to lower leg length 115.3 ± 3.7 115.5 ± 3.9 0.8

Ratio of leg length A to stature 54.09 ± 1.04 53.97 ± 1.11 0.4

Leg length A to H 93.09 ± 1.00 92.67 ± 0.95 0.001

Leg length B to H 87.47 ± 0.88 87.37 ± 1.12 0.4

Leg length C to H 76.50 ± 1.26 75.95 ± 1.26 0.001

Ratio of bitrochanteric to biacromial breadth 76.4 ± 3.6 77.9 ± 4.1 0.003

Ratio of biiliocristal to bitrochanteric breadth 86.9 ± 2.9 86.6 ± 3.3 0.5

Ratio of waist to chest 79.0 ± 3.3 81.2 ± 4.5 <0.001

Ratio of waist to hip 83.0 ± 3.3 82.3 ± 4.4 0.2

Ratio of foot breadth to length 36.08 ± 1.75 36.29 ± 1.68 0.3

Notes:
Data were presented as mean ± SD or n (%). The P-values were calculated by Welch two sample t-test and Pearson’s Chi-squared test.
SD, standard deviation.
BMI means weight/height2 (kg/m2); Arm means upper limb length (cm); Leg length A means iliospinale posterior height (cm); Torso length means acromion height—
trochanterion height (cm); Torso length index means torso length/biiliocristal breadth; Biceps circumference difference means maximum biceps circumference—
minimum biceps circumference (cm); Upper leg length means thigh length (cm); Leg length H means eristailiaca height (cm); Leg length B means trochanterion height
(cm); Leg length C means gluteal height (cm).
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In the whole-sample model, gender was firstly converted into a dummy variable, with 0
being male and 1 being female. The obtained coefficient solution path and the
corresponding BIC were shown in Figs. 1 and 2, respectively, and the minimum BIC was
−465.387. The penalty parameter was then chosen to shrink the coefficients of some of the
candidate variables to zero (i.e., excluded from the model), and finally 12 out of the 24
variables were selected (Table 2).

Figure 1 The coefficient solution path of adaptive Lasso.
Full-size DOI: 10.7717/peerj.14635/fig-1

Figure 2 BIC variation with the number of entered variables. BIC, the Bayesian Information Criterion.
The minimum BIC was −465.387 when 15 variables entered.

Full-size DOI: 10.7717/peerj.14635/fig-2
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According to the chosen variables, a logistic model was built and statistical inference
was performed (Fig. 3). The predicted values were between 0 and 1, representing the
probability of becoming an elite athlete. The estimated coefficients of the selected variables
were shown in Table 2. This model explained 48.23% of the deviance. The receiver
operating characteristics (ROC) curve was shown in Fig. 4, with an AUC (obtained by the
bootstrapping) of 0.926 (95% CI [0.895−0.956]; P = 2.42 × 10−29).

Table 2 Logistic regression results using variables selected by adaptive Lasso (whole sample).

Coefficient OR 95% CI P

Intercept −69.203 – – 0.014

Age of attaining the highest level 0.304 1.355 [1.052–1.789] 0.024

Gender, male 5.301 200.591 [32.352–1,577.368] <0.0001

Ratio of arm to leg length A 0.190 1.209 [0.942–1.566] 0.141

Ratio of hand breadth to length −0.153 0.859 [0.683–1.064] 0.174

Torso length 0.294 1.342 [1.148–1.585] <0.0001

Leg length A to H 0.942 2.566 [1.601–4.313] <0.0001

Ratio of bitrochanteric to biacromial breadth −0.201 0.818 [0.698–0.947] 0.009

Head circumference −0.787 0.455 [0.32–0.624] <0.0001

Ratio of waist to chest −0.264 0.768 [0.647–0.897] 0.001

Ratio of waist to hip 0.239 1.27 [1.107–1.474] 0.001

Biceps circumference difference 0.407 1.502 [0.86–2.692] 0.159

Skeletal muscle mass 0.287 1.332 [1.165–1.542] <0.0001

Notes:
The penalty parameter was then chosen to shrink the coefficients of some of the candidate variables to zero (i.e., excluded
from the model), and finally 12 out of the 24 variables were selected for the whole sample.
OR, odds ratio; CI, confidence interval.
Arm means upper limb length (cm); Leg length A means iliospinale posterior height (cm); Torso length means acromion
height—trochanterion height (cm); Leg length H means eristailiaca height (cm); Biceps circumference difference means
maximum biceps circumference—minimum biceps circumference (cm).

Figure 3 Fitted logistic graph of the probability of being an elite swimmer. The predicted values were
between 0 and 1, representing the probability of becoming an elite athlete.

Full-size DOI: 10.7717/peerj.14635/fig-3
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In stratified analysis by gender, nine out of 23 variables were selected for male swimmers
(Table 3), while eight variables for female athletes (Table 4). The model for male explained
46.49% of the deviance, with an AUC of 0.921 (95% CI [0.880–0.963]; P = 8.82 × 10−17;
Fig. 5). The model for female explained 54.85% of the deviance, with an AUC of 0.941
(95% CI [0.898–0.984]; P = 7.67 × 10−15; Fig. 6).

DISCUSSION
In this study, we built a mathematical model using anthropometric factors to identify elite
freestyle swimmers (≤400 m) through an adaptive Lasso approach. The adaptive Lasso

Figure 4 ROC curve of adaptive Lasso model using the whole sample. This model explained 48.23% of
the deviance, with an AUC (obtained by the bootstrapping) of 0.926 (95% CI [0.895–0.956]; P = 2.42 ×
10−29). Full-size DOI: 10.7717/peerj.14635/fig-4

Table 3 Logistic regression results using variables selected by adaptive Lasso (male).

Coefficient OR 95% CI P

Intercept −129.538 – – 0.003

Ratio of arm to stature 0.072 1.074 [0.496–2.353] 0.856

Ratio of arm to leg length A 0.063 1.065 [0.71–1.596] 0.760

Torso length 0.386 1.471 [1.194–1.859] 0.001

Leg length A to H 1.45 4.261 [2.007–10.43] <0.0001

Head circumference −0.812 0.444 [0.256–0.708] 0.002

Ratio of waist to chest −0.426 0.653 [0.488–0.836] 0.002

Ratio of waist to hip 0.43 1.537 [1.23–1.997] <0.0001

Biceps circumference difference 1.02 2.773 [1.393–6.152] 0.006

Skeletal muscle mass 0.176 1.192 [1.001–1.443] 0.056

Notes:
Nine out of 23 variables were selected for male swimmers.
OR, odds ratio; CI, confidence interval.
Arm means upper limb length (cm); Leg length A means iliospinale posterior height (cm); Torso length means acromion
height—trochanterion height (cm); Leg length H means eristailiaca height (cm); Biceps circumference difference means
maximum biceps circumference—minimum biceps circumference (cm).
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selected 12 variables using the whole sample, and six of them were consistently selected in
sex-specific analysis. The models showed satisfactory performance in the identification of
elite short-to-medium-distance freestyle swimmers. To the best of our knowledge, this is
the first study that adopted the adaptive Lasso approach to identify elite swimmers using
anthropometric characteristics.

Fat free mass, which primarily consists of skeletal muscle, was reported to be one of the
best predictors of swimming performance (Lätt et al., 2009a; Nevill, Oxford & Duncan,
2015). For example, freestyle swimming speed could increase by 33.1% with an increase of
1-kg lean body mass (Nevill, Oxford & Duncan, 2015). More lean body mass often means
more appendicular lean mass as well as more skeletal mass in the limbs, leading to greater

Figure 5 ROC curve of adaptive Lasso model for male swimmers. The model for male explained
46.49% of the deviance, with an AUC of 0.921 (95% CI [0.880–0.963]; P = 8.82 × 10−17).

Full-size DOI: 10.7717/peerj.14635/fig-5

Table 4 Logistic regression results using variables selected by adaptive Lasso (female).

Coefficient OR 95% CI P

Intercept 0.659 – - 0.980

Ratio of arm to stature −0.065 0.937 [0.359–2.429] 0.891

Ratio of arm to leg length A 0.357 1.429 [0.892–2.373] 0.146

Torso length 0.332 1.393 [1.058–1.88] 0.022

Head circumference −0.918 0.399 [0.201–0.694] 0.003

Ratio of waist to chest −0.391 0.676 [0.51–0.853] 0.002

Ratio of waist to hip 0.321 1.379 [1.136–1.732] 0.002

Skeletal muscle mass 0.512 1.669 [1.239–2.434] 0.002

Body fat percentage −0.076 0.927 [0.781–1.075] 0.344

Notes:
Eight out of 23 variables were chosen for female athletes.
OR, odds ratio; CI, confidence interval.
Arm means upper limb length (cm); Leg length A means iliospinale posterior height (cm); Torso length means acromion
height—trochanterion height (cm).
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stroke rate and subsequent propulsive force, and finally quicker swimming speed (Nevill,
Oxford & Duncan, 2015; Sammoud et al., 2018b). Consistent with these findings, in our
study, skeletal muscle mass was selected as a significant predictor of elite swimmers: with
1-kg increase in skeletal muscle mass, the odds of becoming an elite swimmer increased by
33% (OR = 1.33, 95% CI [1.17–1.54]; P < 0.0001) and 67% (OR = 1.67, 95% CI [1.24–2.43];
P = 0.002) in the analysis using the whole sample and female swimmers, respectively
(Tables 2 and 4). Although skeletal muscle mass was not significantly associated with being
an male elite swimmers, it still contributed to the prediction accuracy (OR = 1.19, 95% CI
[1.00–1.44]; Table 3). These findings corroborated the importance of muscularity
component in performance prediction and talent identification.

The trunk is an essential segment for swimming performance. Long torso was found to
positively affect backstroke swimming speed (Sammoud et al., 2019). Expanding to the
overall competitive performance (i.e., not restricted to one stroke and/or distance), torso
length (sitting height) was the only anthropometric variable selected in the multiple lineal
regression model in male swimmers, and sitting height explained 34% of the variance in
swimming performance (Saavedra, Escalante & Rodríguez, 2010). In our study, we found
that torso length contributed to the prediction of being an elite swimmer: with 1-cm
increase in torso length, the odds of becoming an elite swimmer increased by 34%
(OR = 1.34, 95% CI [1.15–1.59]; P < 0.0001). Stratification analysis by gender yielded
similar results (Tables 3 and 4). These results were further supported by previous findings
regarding the advantage of having shorter legs in freestyle swimming, as wave drag could
be reduced due to longer torso, leading to increased hull speed and decreased energy
consumption (Nevill, Oxford & Duncan, 2015; Papic & Sanders, 2018; Sammoud et al.,
2019). Long torso is thus a promising indicator of elite swimmers.

Figure 6 ROC curve of adaptive Lasso model for female swimmers. The model for female explained
54.85% of the deviance, with an AUC of 0.941 (95% CI [0.898–0.984]; P = 7.67 × 10−15).

Full-size DOI: 10.7717/peerj.14635/fig-6
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In addition to length of the trunk, horizontal size of the trunk also plays an important
role in swimming performance. Biacromial breadth (r = −0.61, P < 0.01) and biiliocristal
breadth (r = −0.46, P < 0.01) were significantly correlated with swimming sprint
performance in young male swimmers (Geladas, Nassis & Pavlicevic, 2005). Furthermore,
each 1-cm increase in biacromial breadth and biiliocristal breadth increased 100-m
butterfly speed by 48.9% and 29.2%, and 100-m breaststroke speed by 56.5% and 40.3%,
respectively (Sammoud et al., 2018a, 2018b). In our study, trunk breadth ratio (i.e.,
bitrochanteric breadth/biacromial breadth) and trunk circumference ratios (i.e., waist
circumference/chest circumference, and waist circumference/hip circumference) were
selected as significant predictors: in the whole sample, a 1-unit increase in the first two
ratios decreased the odds of being an elite swimmer by 18.2% (OR = 0.818, 95% CI
[0.698–0.947]; P = 0.009) and 23.2% (OR = 0.768, 95% CI [0.647–0.897]; P = 0.001),
respectively; while a 1-unit increase in the last ratio increased the odds by 27% (OR = 1.27,
95% CI [1.107–1.474]; P = 0.001) (Table 2). Similar results for trunk circumference ratios
were observed in stratified analysis by gender (Tables 3 and 4). These observations
suggested that greater biacromial breadth and chest circumference were associated with
higher likelihood of being an elite swimmer, while bitrochanteric breadth and hip
circumference showed a reverse association with the likelihood of being an elite swimmer.
Our results, combined with the negative association of head circumference, supported that
a ‘streamlined’ body shape was essential to an elite swimmer as it could reduce resistance
during the underwater phase (Sammoud et al., 2018b). Together, our findings suggested
that coaches should take trunk into account as a key anthropometric predictor of being an
elite swimmer.

We found different indicators for male and female elite swimmers, implying that there
may be differences in anthropometric characteristics that affect swimming performance in
male and female swimmers. Previous literature attributed gender differences in swimming
performance to differences in somatic features (Knechtle et al., 2020). For example, having
a higher lean body mass and lower body fat in male swimmers compared to females was
found to be significantly associated with shoulder strength and swimming performance
(Avlonitou et al., 1997). In addition, anthropometric characteristics also contributed to
differences in swimming biomechanics (e.g., upper and lower segment coordination,
energy cost, and swimming economy) between male and female swimmers. For instance,
female swimmers have a smaller body size, which allows them to have lower body torque
due to reduced distance between the center of mass and the center of volume, leading to a
smaller body cross-sectional area in the water and improved swimming economy (Seifert,
Barbosa & Kjendlie, 2011).

Early (de)selection and early specialization is a concern for long-term athlete
development, while early diversification is considered as a remedy measure for early
specialization. Both early age of peak performance of swimmers and the “10-year rule”
suggested the need for early specialization of swimmers (Born et al., 2022). However, the
unique performance environment of swimming limits effectiveness of early diversification
practices in transferring performance elements and cross-training from other diversified
sports (Baker, 2003). Nonetheless, dry-land strength training programs are still important
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for swimmers as upper-body strength was found to contribute significantly to the full
stroke cycle: with 1-kg increase in the upper-body dry-land strength, the thrust is increased
by 0.397 N (95% CI [0.189–0.605]; P = 0.002) (Morais et al., 2020a).

This study has some limitations. We only considered anthropometric factors in the
model, and the included somatic indicators were not comprehensive. Future studies are
needed to explore whether adding other factors (e.g., physiological and bioenergetical
factors) and other anthropometric factors (e.g., frontal surface area, trunk transverse
surface area, maximal rate of change in cross-sectional area, and posterior form gradient of
the waist-hip) that indicate actual athletic swimming performance can further improve the
performance of the prediction model (Morais et al., 2011;Morais et al., 2020b; Papic et al.,
2020). In addition, considering test efficiency, we only used the traditional soft tape to
collect circumference features, while several studies reported that new procedures, such as
3D scanners, could provide reliable and accurate data (Rumbo-Rodríguez et al., 2021).
We only used cross-sectional data in model building. It is possible that changes in
anthropometric factors over time may be better indicators for identification of elite
swimmers (Abbott & Collins, 2002). Future studies utilizing longitudinal data and
advanced analytical methods, such as joint modeling (Wulfsohn & Tsiatis, 1997) and
time-varying effects modeling (Tan et al., 2012), might provide better predictive
performance. Joint modeling takes both longitudinal follow-up data and time-to-event
information into account, leading to more precise estimation and more accurate prediction
than modeling the two types of data separately (Koslovsky et al., 2020; Li & Luo, 2019;
Rizopoulos et al., 2016), while time-varying effects modeling targets intensive longitudinal
data, and can provide dynamic predictions when more longitudinal data are available,
making it ideal for identification of elite swimmers. To represent the homogeneity of
swimmers as much as possible, event specificity was not strictly controlled for in this study.
Future studies are needed to explore anthropometric factors associated with each specific
event by recruiting swimmers who participate in the same events after sample size
calculation. In addition, our study is of retrospective nature. Prospective studies that align
sampling time with the time at which an athlete achieves his/her highest level could
provide more robust and accurate prediction. This study was conducted on Chinese
swimmers, and it is not known whether our findings can be generalized to swimmers of
other ethnicities. More studies with data from other ethnicities are needed to validate our
findings.

CONCLUSIONS
The present study adopted the adaptive Lasso method to select anthropometric factors to
establish a model for the prediction of elite short-to-medium-distance freestyle swimmers.
Our analysis pinpointed several anthropometric factors that were associated with being an
elite swimmer, such as torso length, leg length A to H, head circumference, ratio of waist to
hip, and skeletal muscle mass. The models showed satisfactory predictive performance,
implying that they might be helpful to coaches in the identification of elite freestyle
swimmers in the late adolescence. They also indicated that the adaptive Lasso approach
can be applied in talent identification in other sports.

Pan et al. (2023), PeerJ, DOI 10.7717/peerj.14635 11/15

http://dx.doi.org/10.7717/peerj.14635
https://peerj.com/


ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by the Science and Technology Commission of Shanghai
Municipality under Grant (Nos. 16JC1400503, 18DZ1200600, and 22DZ1205100).
The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Science and Technology Commission of Shanghai Municipality: 16JC1400503,
18DZ1200600, and 22DZ1205100.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Qile Pan conceived and designed the experiments, performed the experiments, analyzed
the data, prepared figures and/or tables, authored or reviewed drafts of the article, and
approved the final draft.

� Rongxin Zhu performed the experiments, analyzed the data, prepared figures and/or
tables, and approved the final draft.

� Jun Qiu conceived and designed the experiments, authored or reviewed drafts of the
article, and approved the final draft.

� Guang Cai conceived and designed the experiments, performed the experiments,
authored or reviewed drafts of the article, and approved the final draft.

Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):

The Ethics Committee of the School of Life Sciences of Fudan University granted
Ethical approval to carry out the study (No. 497).

Data Availability
The following information was supplied regarding data availability:

The raw measurements are available in the Supplemental File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.14635#supplemental-information.

REFERENCES
Abbott A, Collins D. 2002. A theoretical and empirical analysis of a ‘State of the Art’ talent

identification model. High Ability Studies 13(2):157–178 DOI 10.1080/1359813022000048798.

Pan et al. (2023), PeerJ, DOI 10.7717/peerj.14635 12/15

http://dx.doi.org/10.7717/peerj.14635#supplemental-information
http://dx.doi.org/10.7717/peerj.14635#supplemental-information
http://dx.doi.org/10.7717/peerj.14635#supplemental-information
http://dx.doi.org/10.1080/1359813022000048798
http://dx.doi.org/10.7717/peerj.14635
https://peerj.com/


Alhamzawi R, Ali HTM. 2018. The Bayesian adaptive lasso regression. Mathematical Biosciences
303(3):75–82 DOI 10.1016/j.mbs.2018.06.004.

Avlonitou E, Georgiou E, Douskas G, Louizi A. 1997. Estimation of body composition in
competitive swimmers by means of three different techniques. International Journal of Sports
Medicine 18(5):363–368 DOI 10.1055/s-2007-972647.

Baker J. 2003. Early specialization in youth sport: a requirement for adult expertise? High Ability
Studies 14:85–94 DOI 10.1080/13598130304091.

Barbosa TM, Costa M, Marinho DA, Coelho J, Moreira M, Silva AJ. 2010. Modeling the links
between young swimmers’ performance: energetic and biomechanic profiles. Pediatric Exercise
Science 22(3):379–391 DOI 10.1123/pes.22.3.379.

Bhattacharya S, McNicholas PD. 2014. An adaptive LASSO-Penalized BIC. Available at https://
arxiv.org/pdf/1406.1332.pdf.

Born D-P, Stäcker I, Romann M, Stöggl T. 2022. Competition age: does it matter for swimmers?
BMC Research Notes 15(1):589938 DOI 10.1186/s13104-022-05969-6.

Das D, Gregory K, Lahiri SN. 2019. Perturbation bootstrap in adaptive Lasso. The Annals of
Statistics 47(4):2080–2116 DOI 10.1214/18-AOS1741.

Geladas ND, Nassis GP, Pavlicevic S. 2005. Somatic and physical traits affecting sprint swimming
performance in young swimmers. International Journal of Sports Medicine 26(2):139–144
DOI 10.1055/s-2004-817862.

Hardy J, Kuter H, Campbell M, Canoy D. 2018. Reliability of anthropometric measurements in
children with special needs. Archives of Disease in Childhood 103(8):757–762
DOI 10.1136/archdischild-2017-314243.

Jürimäe J, Haljaste K, Cicchella A, Lätt E, Purge P, Leppik A, Jürimäe T. 2007. Analysis of
swimming performance from physical, physiological, and biomechanical parameters in young
swimmers. Pediatric Exercise Science 19(1):70–81 DOI 10.1123/pes.19.1.70.

Knechtle B, Dalamitros AA, Barbosa TM, Sousa CV, Rosemann T, Nikolaidis PT. 2020. Sex
differences in swimming disciplines—can women outperform men in swimming? International
Journal of Environmental Research and Public Health 17(10):3651 DOI 10.3390/ijerph17103651.

Koslovsky MD, Hébert ET, Businelle MS, Vannucci M. 2020. A Bayesian time-varying effect
model for behavioral mHealth data. The Annals of Applied Statistics 14(4):1878–1902
DOI 10.1214/20-AOAS1402.

Lätt E, Jürimäe J, Haljaste K, Cicchella A, Purge P, Jürimäe T. 2009a. Longitudinal development
of physical and performance parameters during biological maturation of young male swimmers.
Perceptual and Motor Skills 108(1):297–307 DOI 10.2466/pms.108.1.297-307.

Lätt E, Jürimäe J, Haljaste K, Cicchella A, Purge P, Jürimäe T. 2009b. Physical development and
swimming performance during biological maturation in young female swimmers. Collegium
Antropologicum 33(1):117–122.

Lätt E, Jürimäe J, Maestu J, Purge P, Ramson R, Haljaste K, Keskinen KL, Rodriguez FA,
Jürimäe T. 2010. Physiological, biomechanical and anthropometrical predictors of sprint
swimming performance in adolescent swimmers. Journal of Sports Science & Medicine
9(3):398–404.

Li K, Luo S. 2019. Dynamic predictions in Bayesian functional joint models for longitudinal and
time-to-event data: an application to Alzheimer’s disease. Statistical Methods in Medical
Research 28(2):327–342 DOI 10.1177/0962280217722177.

Morais JE, Costa MJ, Mejias EJ, Marinho DA, Silva AJ, Barbosa TM. 2011.Morphometric study
for estimation and validation of trunk transverse surface area to assess human drag force on
water. Journal of Human Kinetics 28(2011):5–13 DOI 10.2478/v10078-011-0017-x.

Pan et al. (2023), PeerJ, DOI 10.7717/peerj.14635 13/15

http://dx.doi.org/10.1016/j.mbs.2018.06.004
http://dx.doi.org/10.1055/s-2007-972647
http://dx.doi.org/10.1080/13598130304091
http://dx.doi.org/10.1123/pes.22.3.379
https://arxiv.org/pdf/1406.1332.pdf
https://arxiv.org/pdf/1406.1332.pdf
http://dx.doi.org/10.1186/s13104-022-05969-6
http://dx.doi.org/10.1214/18-AOS1741
http://dx.doi.org/10.1055/s-2004-817862
http://dx.doi.org/10.1136/archdischild-2017-314243
http://dx.doi.org/10.1123/pes.19.1.70
http://dx.doi.org/10.3390/ijerph17103651
http://dx.doi.org/10.1214/20-AOAS1402
http://dx.doi.org/10.2466/pms.108.1.297-307
http://dx.doi.org/10.1177/0962280217722177
http://dx.doi.org/10.2478/v10078-011-0017-x
http://dx.doi.org/10.7717/peerj.14635
https://peerj.com/


Morais JE, Marques MC, Rodríguez-Rosell D, Barbosa TM, Marinho DA. 2020a. Relationship
between thrust, anthropometrics, and dry-land strength in a national junior swimming team.
The Physician and Sportsmedicine 48(3):304–311 DOI 10.1080/00913847.2019.1693240.

Morais JE, Sanders RH, Papic C, Barbosa TM, Marinho DA. 2020b. The influence of the frontal
surface area and swim velocity variation in front crawl active drag. Medicine & Science in Sports
& Exercise 52(11):2357–2364 DOI 10.1249/MSS.0000000000002400.

Nevill AM, Oxford SW, Duncan MJ. 2015. Optimal body size and limb length ratios associated
with 100-m personal-best swim speeds. Medicine & Science in Sports & Exercise
47(8):1714–1718 DOI 10.1249/MSS.0000000000000586.

Papic C, McCabe C, Gonjo T, Sanders R. 2020. Effect of torso morphology on maximum
hydrodynamic resistance in front crawl swimming. Sports Biomechanics 2020:1–15
DOI 10.1080/14763141.2020.1773915.

Papic C, Sanders R. 2018. Chapter 5: Towards an understanding of how torso shape influences
human swimming performance. In: The Science of Swimming and Aquatic Activities.
Hauppauge: Nova Science Publishers.

Putra RBA, Rahayu T, Kasmini W, Sulaiman. 2020. The importance of paying attention to
anthropometrics in the selection athletes. In: International Conference on Science and Education
and Technology (ISET 2019).

Rizopoulos D, Taylor JMG, Rosmalen JV, Steyerberg EW, Takkenberg JJM. 2016. Personalized
screening intervals for biomarkers using joint models for longitudinal and survival data.
Biostatistics 17(1):149–164 DOI 10.1093/biostatistics/kxv031.

Robertson EY, Pyne DB, Hopkins WG, Anson JM. 2009. Analysis of lap times in international
swimming competitions. Journal of Sports Sciences 27(4):387–395
DOI 10.1080/02640410802641400.

Rumbo-Rodríguez L, Sánchez-SanSegundo M, Ferrer-Cascales R, García-D’Urso N,
Hurtado-Sánchez JA, Zaragoza-Martí A. 2021. Comparison of body scanner and manual
anthropometric measurements of body shape: a systematic review. International Journal of
Environmental Research and Public Health 18(12):6213 DOI 10.3390/ijerph18126213.

Saavedra JM, Escalante Y, Rodríguez FA. 2010. A multivariate analysis of performance in young
swimmers. Pediatric Exercise Science 22(1):135–151 DOI 10.1123/pes.22.1.135.

Sammoud S, Nevill AM, Negra Y, Bouguezzi R, Chaabene H, Hachana Y. 2018a. 100-m
breaststroke swimming performance in youth swimmers: the predictive value of
anthropometrics. Pediatric Exercise Science 30(3):393–401 DOI 10.1123/pes.2017-0220.

Sammoud S, Nevill AM, Negra Y, Bouguezzi R, Chaabene H, Hachana Y. 2018b. Allometric
associations between body size, shape, and 100-m butterfly speed performance. The Journal of
Sports Medicine and Physical Fitness 58(5):630–637 DOI 10.23736/S0022-4707.17.07480-1.

Sammoud S, Nevill AM, Negra Y, Bouguezzi R, Helmi C, Hachana Y. 2019. Key somatic
variables in young backstroke swimmers. Journal of Sports Sciences 37(10):1162–1167
DOI 10.1080/02640414.2018.1546547.

Schneider U, Wagner M. 2012. Catching growth determinants with the adaptive Lasso. German
Economic Review 13(1):71–85 DOI 10.1111/j.1468-0475.2011.00541.x.

Schwarz G. 1978. Estimating the dimension of a model. The Annals of Statistics 6(2):461–464
DOI 10.1214/aos/1176344136.

Seifert L, Barbosa TM, Kjendlie P-L. 2011. Biophysical approach to swimming: gender effect.
In: Davies SA, ed. Gender Gap: Causes, Experiences and Effects. Hauppauge: Nova Science
Publishers, 59–80.

Pan et al. (2023), PeerJ, DOI 10.7717/peerj.14635 14/15

http://dx.doi.org/10.1080/00913847.2019.1693240
http://dx.doi.org/10.1249/MSS.0000000000002400
http://dx.doi.org/10.1249/MSS.0000000000000586
http://dx.doi.org/10.1080/14763141.2020.1773915
http://dx.doi.org/10.1093/biostatistics/kxv031
http://dx.doi.org/10.1080/02640410802641400
http://dx.doi.org/10.3390/ijerph18126213
http://dx.doi.org/10.1123/pes.22.1.135
http://dx.doi.org/10.1123/pes.2017-0220
http://dx.doi.org/10.23736/S0022-4707.17.07480-1
http://dx.doi.org/10.1080/02640414.2018.1546547
http://dx.doi.org/10.1111/j.1468-0475.2011.00541.x
http://dx.doi.org/10.1214/aos/1176344136
http://dx.doi.org/10.7717/peerj.14635
https://peerj.com/


Tan X, Shiyko MP, Li R, Li Y, Dierker L. 2012. A time-varying effect model for intensive
longitudinal data. Psychological Methods 17(1):61–77 DOI 10.1037/a0025814.

Ugarkovic D, Matavulj D, Kukolj M, Jaric S. 2002. Standard anthropometric, body composition,
and strength variables as predictors of jumping performance in elite junior athletes. The Journal
of Strength and Conditioning Research 16(2):227–230.

Vaeyens R, Lenoir M, Williams AM, Philippaerts RM. 2008. Talent identification and
development programmes in sport. Sports Medicine 38(9):703–714
DOI 10.2165/00007256-200838090-00001.

Wulfsohn MS, Tsiatis AA. 1997. A joint model for survival and longitudinal data measured with
error. Biometrics 53(1):330–339 DOI 10.2307/2533118.

Zheng Q, Gallagher C, Kulasekera KB. 2016. Robust adaptive Lasso for variable selection.
Communications in Statistics – Theory and Methods 46(9):4642–4659
DOI 10.1080/03610926.2015.1019138.

Pan et al. (2023), PeerJ, DOI 10.7717/peerj.14635 15/15

http://dx.doi.org/10.1037/a0025814
http://dx.doi.org/10.2165/00007256-200838090-00001
http://dx.doi.org/10.2307/2533118
http://dx.doi.org/10.1080/03610926.2015.1019138
http://dx.doi.org/10.7717/peerj.14635
https://peerj.com/

	Construction of an anthropometric discriminant model for identification of elite swimmers: an adaptive lasso approach
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


