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ABSTRACT 
 
Introduction: Multilayer artificial neural networks (MLP's) have proven to be effective in discriminating morphological and 
biomechanical specificities of young elite athletes. However, they have not yet verified the effectiveness of MLP's to identify the 
interaction of confounding factors, such as biological maturation (BM). BM influences morphological and biomechanical factors, 
so if MLPs have not considered this confounding factor they may group young athletes by maturational rather than sport 
characteristics. Objective: Analyze the morphological and neuromuscular discriminatory factors of young athletes of different 
sports using MLP’s to assess the interaction with BM. Methods: This is a cross-sectional study. The sample consisted of 56 
young national level Brazilian athletes (tennis, rowing, football, Brazilian jiu-jitsu (BJJ), swimming and volleyball) of both sexes 
(13.0±1.0-yrs). Measurements included standing and sitting height, leg length, BM (by peak height velocity, PHV), body 
composition (by DEXA), upper limb performance, handgrip and squat (SJ) and countermovement (CMJ) jumps. Analyses were 
performed using canonical correlations and MLP's. Results: BM, sitting height, bone density (BMD), CMJ and handgrip 
discriminated 39.3% of athletes (F=2.432; p<0.001). Specifically, sitting height, handgrip, CMJ and BMD produced the 
probability of discriminating volleyball athletes by 80%, football by 78.1%, BJJ by 55.5%, tennis by 33.9%, swimming by 30.9% 
and rowing by 16.6%. BM interacted positively in the discrimination process of athletes in 90% in football, in 80% in volleyball 
and in 54.5% in swimming. Conclusion: MLP's have been shown to be effective in finding the interaction of confounding factors. 
MLP's can be used to aid in the selection process of young athletes. 
 
Keywords: Performance; Sport; Puberty; Biological Maturation. 
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INTRODUCTION 

 

 Several programs have been successful in 

selection of young athletes using morphological factors, 

motor tests and physiological data for advancement to 

elite opportunities (PION et al., 2015; ZHAO et al., 

2019). Elite sports schools implement athlete selection 

based on standards (i.e., morphological, motor and 

physiological) of established elite athletes of specific 

modalities to match performance capabilities (REES et 

al., 2016). This process occurs through the observations 

of sports professionals, anthropometrics and 

physiologists, and is centered on periodic documentation 

of the performance characteristics (RIKBERG; 

RAUSEPP, 2011; PION et al., 2014). 

Predictive player and sport selection occurs in 

team, individual, combat, water, and resistance sports, 

among others (PION et al., 2014). For example, young 

elite volleyball players have a better jumping ability and 

a higher stature when compared to their peers who have 

not reached the elite level (PION et al., 2015). Young 

gymnasts have better jumping skills when compared to 

swimmers, handball players and tennis players of the 

same age (BENCKE et al., 2002). For fencers, they are 

not superior in long jump capabilities when compared to 

weightlifters and fighters (KRISHNAN et al., 2017). 

 It is noted that many sports are based on a 

complex and multidimensional performance profile 

(BUEKERS; BORRY; ROWE, 2015), making the 

selection of athletes focused on a multifaceted physical, 

physiological, psychomotor and psychological 

performance variables (WILLIAMS; REILLY, 2000). 

However, previous investigations using complex 

batteries of tests or discriminating models of young 

athletes have not fully considered the interaction and/or 

the influence of biological maturation on these 

morphological and neuromuscular parameters of 

performance (MALINA et al., 2015; WONDISFORD, 

2020).  

Considering that biological maturation is not 

always synchronized with the movement patterns and 

body characteristics expected for a given chronological 

age group, the subjects may be biologically delayed or 

advanced, which can confound the judgment of those 

involved in athlete selection (MALINA et al., 2015). 

Recently, it was observed that biological maturation has 

significant effects on upper and lower limb muscle 

strength in young elite athletes, and in addition, athletes 

with advanced biological maturation had advantages in 

relation to body morphology (ALMEIDA-NETO et al., 

2020a). Previous studies have found a biological 

maturation influence in relation to morphological and 

neuromuscular parameters in young non-athletes and 

athletes (BARROS et al., 2017; SILVA; OLIVEIRA, 

2010).  

 In a recent meta-analysis study, it was 

demonstrated that biological maturation is a determining 

factor for neuromuscular performance in young athletes 

(ALMEIDA-NETO et al., 2021). However, in the 

application to athletics, using biological maturation for 

predictive purposes requires the use of specific tests such 

as x-ray of the hand-wrist or the use of generalized 

equations that require anthropometric data collection 

(LLOYD et al., 2014). Due to these limitations, it may be 

valuable to explore ways to integrate biological 

maturation more systematically. Computerized artificial 

neural networks are used to assist professionals in 

various fields in decision making, reducing subjective 

bias, increasing the impersonality of the evaluator 

(HAYKIN, 2001). In sports, multilayer neural networks 

(MLP's) were useful to discriminate athletes from 

different sports (judo, volleyball, swimming, fencing, 

basketball and table tennis) through anthropometric 

characteristics (ZHAO et al., 2019). Additionally, they 

showed the biomechanical pattern of rowing athletes 

(BENSISAID et al., 2021) and androgenic hormones and 

biological maturation in relation to the neuromuscular 

performance of young athletes of both sexes 

(ALMEIDA-NETO et al., 2020b; 2020c). However, 

MLP's have not yet been tested to verify the interaction 

of biological maturation with morphological and 

neuromuscular discriminant factors in young athletes. 

Thus, it is likely that in addition to discriminating 

the main morphological factors for different sports, the 

MLP's are able to verify the interaction of confounding 

factors such as biological maturation. Thus, the 

implementation of the use of artificial neural network 

algorithms can help minimize human error, optimizing 

the selection and guidance of young talents in sports. 

Thus, we hypothesized that MLP's would be able to 

discriminate elite athletes from different sports by 

identifying the interaction of the confounding factor 

biological maturation. Given this, our objective was to 

use multilayer perceptron artificial neural networks to 

analyze the morphological and neuromuscular 

discrimination factors of young athletes from different 

sports, verifying the interaction of biological maturation 

as a confounding factor.  

 

 

 

 



 

 

4488 

 

Artigos 
Originais 

MATERIALS AND METHODS 

  

 This is a cross-sectional study. This study used a 

sample of 56 young Brazilian athletes (74% male and 

26% female)recruited from clubs in the city of Natal - 

RN in 2019. The sample included athletes from different 

sports:Rowing (10.5%, 5 male and 1 female), Brazilian 

Jiu-jitsu (BJJ) (15.8%, 8 male and 1 female), Soccer 

(19.3 %, 11 male), Swimming (19.3%, 7 male and 4 

female), Tennis (15.8%, 9 male) and Volleyball (17.5%, 

2 male and 8 female). According to the state federation of 

each sport, all athletes were ranked among the 20 best in 

their category (in Brazilian ranking) as well as being 

nominated for the best athletes of the year preceding this 

research in the Brazilian confederation of their respective 

sports. Based on information from the national 

confederations, and according to the classification by 

Matsudo, Rivet & Pereira (1987), the sample is classified 

as national level athletes. 

 We emphasize that an a priori sample calculation 

using the open source software G* Power® (Version 3.0; 

Berlin, Germany) was performed considering the effect 

size of 0.954 found by Pion et al. (2014) in a canonical 

correlation analysis to discriminate U13 category athletes 

from different sports through anthropometric and motor 

variables. Thus, we considered an α <0.05 and a β of 0.8 

and arrived at a minimum sample size of five subjects per 

group (Power= 0.9). 

The inclusion criteria were: (1) Being an athlete 

officially registered with a state sports federation. (2) 

Ranked among the best athletes in their respective 

categories. (3) Have a weekly training load of more than 

three days. Athletes who reported osteomioarticular 

injuries in the last six months prior to the research were 

excluded. 

The research was approved by the Ethics and 

Research Committee of the Federal University of Rio 

Grande do Norte - Brazil (CAEE: 

15865619.7.0000.5537) according to Resolution 466/12 

of the National Health Council, on 12/12/2012, strictly 

respecting the national and international ethical 

principles of the Declaration of Helsinki. Additionally, 

the study complied with all the international requirements 

and standards of the STROBE checklist for observational 

studies of incidence and prevalence (VON ELM et al., 

2014). We emphasize, that we informed the participants 

and their respective guardians about the risks and 

benefits of participating in the research. Subsequently, all 

participants and their guardians signed the informed 

consent forms agreeing to participate in this research. 

 

After signing the consent form, the athletes 

underwent a physical assessment that included variables 

of strength, anthropometry and body composition. All 

measurements were carried out at the Movement 

Laboratory (LABMOV) - UFRN. 

 

Anthropometry 

 

Anthropometric assessments were performed 

according to the International Society of the 

Advancement of Kinanthropometry protocols 

(KARUPAIAH, 2018). Body mass was measured using a 

digital scale with an accuracy of 0.1 kg (FILIZOLA®, 

São Paulo, Brazil). Height and sitting height were 

assessed using a stadiometer with an accuracy of 0.01 cm 

(SANNY®, São Paulo, Brazil). Leg length was calculated 

by subtracting sitting height from height (MIRWALD et 

al., 2002). The perimeter was measured using an 

anthropometric tape (SANNY®, São Paulo, Brazil), and 

the bone diameters were measured using a caliper 

(SANNY®, São Paulo, Brazil).  

 

Body composition 

 

Body composition was assessed with dual energy 

x-ray bone densitometry (DXA) (LUNAR® / GE 

PRODIGY - LNR 41,990, United States) using specific 

algorithms for the pediatric population (enCORE, GE 

Healthcare®, version 15.0, Madison, WI, USA). This 

procedure is considered one of the most reliable 

standards for measuring body composition 

(KHADILKAR et al., 2020). DXA used the following 

standardization during the evaluations: Full Body 

Evaluation, Voltage (kV): 76.0, Current (mA): 0.150, 

Radiation dose (µGγ): 0.4 (Very low, no health risk). 

 

Upper Limb Performance and Handgrip 

 

We used the medicineball throw test (MELLO et 

al., 2016) to determine upper limb power (ULP). For the 

test we used a medicineball with a mass of two kilograms 

(Ax Sports®, Tangará, Brazil). The participant was 

instructed to hold the medicineball at the height of the 

sternum and after the evaluator emitted a sound signal or 

participant launched the medicineball horizontally. 

During the throw both hands held the medicineball and 

the trunk was not allowed to move. Each participant 

performed the test three consecutive times interspersed 

with three minutes of rest; the best result was considered 

for further analysis.   



 

 

4489 

 

Artigos 
Originais 

Through the handgrip test (using a hydraulic 

dynamometer, JAMAR®, Cambuci, Brazil; calibrated 

before each evaluation) we evaluated the isometric 

strength of the upper limbs. During the handgrip test, the 

participants remained seated on an adjustable chair with 

backrest, keeping the right forearm flexed at 90° and the 

knees flexed at 90° with the feet fixed on the ground. 

Each participant performed three maximal isometric 

contractions (lasting 3-s) interspersed with one minute of 

rest, the best performance was used for further analysis.  

 

Lower Limbs Performance 

 

Using a force platform(with interrupt system) 

(CEFISE®, São Paulo, Brazil), we used protocols 

established by Bosco et al., (1982) to evaluate squat jump 

(SJ) and countermovement jump (CMJ). Thus, we 

determined the performance of lower limbs. Prior to the 

evaluations, the subjects performed familiarization jumps 

of each type and were given feedback as needed to 

execute the protocol properly. Then, starting from an 

orthostatic position, held for three seconds, with the 

knees flexed at approximately 90º and the hands fixed on 

the waist, the subjects were instructed to perform a 

maximal vertical jump. For CMJ analysis the same 

recommendations were adopted, however, the subjects 

started in the upright position and performed a squat 

followed by the jump. A 10-minute recovery interval was 

observed between SJ and CMJ. For both tests, three 

attempts were made, interspersed with 60s of passive 

recovery and the best attempt was used for data analysis. 

We used the height of the jumps in centimeters as a 

parameter for the performance of the lower limbs. 

 

Biological maturation analysis 

 

Biological maturation was defined as years from 

attainment of peak height velocity (PHV; termed 

maturity offset), using the following equations 

(MIRWALD et al., 2002): 

(1) Maturity offset in males = – 9.236 + [0.0002708 * 

(Leg Length*sitting height)] + [–0.001663 * (Age* 

Leg length)] + [0.007216 * (Age*sitting height)] + 

[0.02292 * (Weight/ Height) * 100] 

(2) Maturity offset in females = – 9.376 + [0.0001882 

* (Leg Length * sitting height)] + [0.0022 * (Age * 

Leg length)] + [0.005841 * (Age* sitting height)] – 

[0.002658 * (Age* Weight)] + [0,07693 * (Weight/ 

Height) * 100] 

Age at PHV was calculated as age at 

measurement - maturity offset. Three maturity categories 

were identified (MIRWALD et al., 2002): (1) Pre-PHV 

(Maturity offset<-1); (2) circum-PHV (Maturity offset ≥-

1 to ≤+1); (3) Post-PHV (Maturity offset >+1). 

Categorizing the stages of maturation by means of 

predictive equations proved to be a valid method 

compared to the gold standard (hand-wrist X-ray) 

(ALMEIDA-NETO et al., 2022). 

 

STATISTICS ANALYSIS 

 

All analyzes were performed using the statistical 

software R (version 4.1.1; R Foundation for Statistical 

Computing®, Vienna, Austria), and p<0.05 was 

considered significant. 

 

Z-score identification 

 

To normalize the results of all sports, the Z-score 

of the morphological and neuromuscular variables was 

used in all analyses, the data’s weighted Z-Score can be 

found in Supplementary file 1. To calculate the Z-score, 

the following were taken into account: (a) Gender (b) 

Age (c) Sport. The average variance of each 

measurement was verified by age group in the total 

sample and by age group within each specific sport, then 

the sample standard deviation was used for the 

calculation:  Z score = (Va – VaG) / SdG. Where: Va = 

Average of a single subject for the analyzed variable. 

VaG = Group average in relation to the analyzed 

variable. SdG = Standard deviation of the group in 

relation to the analyzed variable. 

 

Data normality and discriminant analysis 

 

The normality of the data was verified by the 

Shapiro-Wilk and Z-score tests for asymmetry and 

kurtosis (-1.96 to 1.96). Discriminant analyses were 

carried out with canonical correlations and cross-

validations in relation to the selection of young athletes 

for their respective sports of origin, using the variables: 

morphological, neuromuscular and biological maturation. 

It should be noted that in addition to the use of the 

specific Z-score for each sex, the difference between 

males and females were controlled in the analyses by the 

arithmetic method of “Backdoor”, allowing subjects of 

both sexes to be allocated in the same group in relation to 

their respective sports (PEARL, 2009). Sport was used as 

a dependent grouping variable, and the test results 
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(morphological and neuromuscular) were used as a set of 

independent variables. 

 

Programming of Artificial Neural Networks 

 

Multilayer perceptron artificial neural networks 

(MLP’s) were programmed with the objective of 

verifying the probability of correct prediction in relation 

to the discrimination of athletes for their respective sports 

based on the patterns of morphological and 

neuromuscular variables. MLP’s were also programmed, 

to determine the interaction of biological maturation 

patterns and discriminating athletes for their respective 

sports. Subsequently, both MLP’s were combined in a 

mixed model, aiming to assess the interaction of 

maturation together with morphological and 

neuromuscular variables to discriminate between athletes 

and their respective sports. MLP’s have been 

programmed with back propagation algorithms to adjust 

synaptic weights. 100% of the sample was used for 

MLP’s training and testing in 10,000 run times, the 

procedures were repeated five times in a row and the 

average results of the five repetitions were taken as the 

final result (CIABURRO; VENKATESWARAN, 2017). 

In all analyses, the test results (morphological, 

neuromuscular and biological maturation) were used as a 

set of independent variables and sports as a dependent 

grouping variable. The MLP's had a performance of 

93.7%, which indicates good reliability (CIABURRO; 

VENKATESWARAN, 2017).  

 

Mixed Analyzes 

 

To prioritize which characteristics were more 

relevant for a respective sport in relation to the others, 

discriminant analyses in conjunction with MLP’s were 

programmed to identify the percentage of importance of 

each variable individually (From Scores - Z). The MLP's 

had a performance of 90.2%, which indicates good 

reliability (HAYKIN, 2001; CIABURRO; 

VENKATESWARAN, 2017). In each analysis, athletes 

were grouped into two groups that served as a 

dichotomous dependent variable: (i) specific sport group. 

(ii) group all the remaining sports.  

 

Technical error of anthropometrics 

 

The technical error of anthropometric 

measurements was analyzed as follows: Acceptable for 

anthropometric measurements of body dimensions and 

circumferences ≤ 1.0% (PERINI et al., 2005). The 

standard error was obtained from the product generated 

by dividing the standard deviation by the square root of 

the sample size of each group. 

 

RESULTS 

 

The sample characterization was presented 

descriptively by means and standard deviations of the 

variables (Table 1). Although the chronological age was 

similar between the sports groups, somatic maturation 

stages showed different numerical patterns for each sport 

group. Specifically, the classification varied between pre 

(for soccer and tennis) and circum-PHV (for BJJ, rowing, 

swimming and volleyball). Table 1 also highlights the 

patterns of the morphological and muscular strength 

variables between sports (technical error <1 % for all 

variables).
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Table 1. Sample characterization. 

BJJ = Brazilian Jiujitsu. BMD = Bone mineral density. BMC = Bone mineral content. ULP = Upper limb performance. CMJ 

=Countermovement jump.

In relation to the analyzed variables, the 

discriminant analyses showed that the strongest set of 

variables to discriminate athletes to their respective 

sports were: sitting height, BMD, CMJ and Handgrip. 

The model with discriminant functions based on this set 

of variables managed to discriminate athletes by 37.5% 

for their respective sports (F = 1.453; p = 0.02) (Figure 

1). However, after cross-validation, the model was only 

able to discriminate young athletes by 16.1%. When 

considering only the maturation to discriminate athletes 

to their respective sports, the discriminating function was 

more satisfactory (F = 9.081; p <0.001) and to 

discriminate the subjects in 42.9% for their respective 

sports. which were unchanged after validation. By 

combining the variables maturation, sitting height, BMD, 

CMJ and Handgrip in the same model of discriminating 

functions, the model correctly discriminated athletes in 

their sports by 51.8% (F = 2.432; p < 0.001) dropping to 

39.3% after cross-validation. 

Figure 1. Discriminant analysis considering maturity, sitting height, BMD, CMJ and Handgrip. Function 1 = linear discrimination 

function of the random vector Y. Function 2 = linear discrimination function of the random vector X. 1= Brazilian Jiu jitsu. 2 = 

Rowing. 3 = Soccer. 4 = Swimming. 5 = Tennis. 6 = Volleyball. 

Variables BJJ Rowing Soccer  Swimming Tennis Volleyball 

Age (years) 13.4 ± 1.1 13.4 ± 1.1 12.9 ± 0.6  13.2 ± 1.1 12.4 ± 0.7 13.2 ± 1.0 

Biological Maturation (PHV) -0.5 ± 1.8 -0.7 ± 1.8 -1.2 ± 1.2  -0.4 ± 1.8 -1.4 ± 1.6 -0.4 ± 1.9 

Stature (cm) 161.1 ± 10.8 161.0 ± 11.0 159.2 ± 10.9  159.9 ± 10.3 157.2 ± 10.9 160.1 ± 10.5 

Sitting height (cm) 80.1 ± 9.0 79.7 ± 9.2 75.9 ± 9.9  79.3 ± 8.7 74.8± 10.0 79.4 ± 8.8 

Leg length (cm) 80.9 ± 7.3 81.3 ± 7.6 83.3 ± 7.6  80.6 ± 7.2 82.3 ± 8.5 80.6 ± 11.1 

Body Weight (kg) 51.9 ± 11.8 51.6 ± 11.6 48.5 ± 12.0  50.4 ± 11.2 46.2 ± 8.7 50.3 ± 11.1 

Lean Mass (kg) 37.8 ± 9.0 38.0 ± 8.5 25.8 ± 7.7  36.4 ± 8.2 34.6 ± 7.2 36.4 ± 8.1 

Fat Mass (kg) 12.5 ± 5.8 12.0 ± 5.7 11.3 ± 6.9  12.4 ± 5.8 10.1 ± 2.8 12.4 ± 5.9 

BMD (g/cm²) 1.5 ± 0.4 1.5 ± 0.4 1.4 ± 0.4  1.5 ± 0.4 1.4 ± 0.3 1.5 ± 0.4 

BMC (g) 2.3 ± 0.8 2.2 ± 0.8 2.1 ± 0.7  2.0 ± 0.8 2.2 ± 0.5 2.0 ± 0.8 

Handgrip (kgf) 25.6 ± 8.5 25.8 ± 8.6 22.9 ± 7.7  24.6 ± 8.3 21.8 ± 6.5 24.5 ± 8.1 

ULP (m) 3.3 ± 0.9 3.3 ± 0.8 3.1 ± 0.7  3.1 ± 0.8 3.1 ± 0.7 3.2 ± 0.8 

CMJ (cm) 25.8 ± 5.2 25.8 ± 5.2 21.2 ± 4.6  25.3 ± 5.0 25.2 ± 4.3 25.3 ± 5.1 

Squat jump (cm) 23.6 ± 4.8 23.6 ± 4.8 22.0 ± 3.9  23.2 ± 4.6 22.4 ± 3.8 23.3 ± 4.7 

 Absolut Technical Error (Relative Technical Error %) 

Stature (cm) 0.3 (0.0) 0.2 (0.0) 0.1 (0.0)  0.1 (0.0) 0.3 (0.0) 0.2 (0.0) 

Sitting height (cm) 0.0 (0.0) 0.1 (0.0) 0.1 (0.0)  0.2 (0.0) 0.1 (0.0) 0.0 (0.0) 

Leg length (cm) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)  0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 

Body Weight (kg) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)  0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 

Handgrip (kgf) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)  0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 

ULP (m) 0.1 (.03) 0.1 (.04) 0.1 (.04)  0.2 (.06) 0.2 (.06) 0.1 (.05) 

CMJ (cm) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)  0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 

Squat jump (cm) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)  0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 
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The analysis of MLP's, showed that the 

discrimination of young athletes for their respective 

sports through the model adjusted by the present study 

(sitting height, handgrip, CMJ and BMD), points out the 

probability of being 80% correct for volleyball, in 78.1 % 

soccer, 55.5% for the BJJ, 33.9% for tennis, 30.9% for 

swimming and 16.6% for rowing (Table 2). The neural 

networks analyses suggest that the biological maturation 

interacted in the process of discrimination of athletes 

(90% for soccer, in 80% for volleyball and 54.5% for 

swimming). The combined model proposed presently 

using biological maturation stages indicated the 

probability of discriminating young athletes correctly 

was 83.4% for soccer, 78.0% for volleyball, 54.3% for 

swimming, 53.3% for tennis, 35.5% for BJJ and 20% for 

rowing.

 
Table 2. MLP’s analysis for the probability of correct answers in relation to the discrimination of young athletes and the 

interaction of biological maturation with the model of discriminating factors. 

Group Model BM interaction with the discriminant model Model + BM 

BJJ 55.5 % 00.0 % 35.5 % 

Rowing 16.6 % 00.0 % 20.0 % 

Soccer 78.1 % 90.0 % 83.4 % 

Swimming 30.9 % 54.5 % 54.3 % 

Tennis 33.9 % 00.0 % 53.3 % 

Volleyball 80.0 % 80.0 % 78.0 % 

BJJ = Brazilian Jiu jitsu. Model = Analysis of artificial neural networks of the multilayer typeperceptron based on the variables: sitting height, 

handgrip, countermovement jump and bone mineral density. BM = biological maturation (PHV). 

 

Handgrip proved to be a discriminating 

characteristic for BJJ athletes while upper limb 

performance and lean mass were identified as the main 

discriminating factors for rowers (Table 3). For soccer, 

BMD and CMJ were the main discriminating factors. In 

swimmers, the length of the lower limbs and the SJ are 

the main discriminating factors. For tennis players, the 

handgrip and upper limb performance were 

discriminating factors for the sport while height and the 

length of the legs discriminated in volleyball athlete. The 

probability of discriminating ranged from 77.8% and 

97.4% in these MLP analyses.
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Table 3. Discriminating factors and their importance for each sport. 

Groups Discriminating Factors % Importance (MLP’s) F p 

 Factor 1 Factor 2 Factor 1 Factor 2 Factor 1 Factor 2  

BJJ HG --- 93.7% --- 17.375 --- 0.003 

Rowing ULP LM 86 % 90.3% 15.845 16.379 <0.005 

Soccer BMD CMJ 79.5 % 87.6% 4.591 19.301 <0.001 

Swimming LL SJ 88.9% 97.2% 3.751 15.419 <0.00001 

Tennis HG ULP 77.8% 88.3% 11.370 14.090 <0.0001 

Volleyball Stature LL 97.4 % 85.6 % 3.456 2.510 <0.005 

BJJ=Brazilian Jiu jitsu. MLP’s = % of importance estimated by artificial multilayer perceptron neural networks. HG = Handgrip. ULP = Upper 

limbs performance. LM = Lean Mass. LL = Leg length. BMD =Bone mineral density. CMJ= Countermovement Jump. SJ = Squat Jump. 

 

DISCUSSION 

 

This study aimed to use artificial neural networks 

to analyze the morphological and neuromuscular 

discrimination factors of young athletes from different 

sports, as well as to analyze whether biological 

maturation interacts with the discrimination process of 

athletes from different sports. Thus, our initial hypothesis 

was confirmed by demonstrating that artificial neural 

networks were effective at discriminating young athletes 

and to support the interaction of biological maturation in 

this process.  

As far as we know, this is the first study to use 

MLP’s to assess the interaction of biological maturation 

with morphological and neuromuscular factors in young 

athletes. It should be noted that MLP's are non-linear 

models that aim to examine with high precision the 

importance of certain factors within a predetermined 

model, forecast strength of a dependent variable in 

relation to an independent variable and/or the interaction 

of a determined variable within of a predetermined model 

(TINO; BENUSKOVA; SPERDUTI, 2015). In this 

sense, artificial neural networks have learning capacity 

and can identify the interaction of patterns of a given 

covariate on the analysis variables (HAYKIN, 2001). 

 Thus, in the present study, biological maturation, 

body morphology and neuromuscular performance were 

identified as factors discriminating athletes in their 

respective sports by 39.3%. Morphological 

characteristics, such as the height and length of the upper 

and lower limbs, were suggested by Ziv & Lidor (2009), 

as discriminating factors for young athletes specialized in 

basketball. Similarly, Hohmann et al., (2018) identified 

the importance of the same factors for swimming athletes 

and Lidor et al., (2007) suggested that for volleyball, the 

same patterns are significant for the discrimination of 

athletes. 

The present study identified that, when 

considering biological maturation, it was possible to 

discriminate in more than 42% young Brazilian athletes 

from six different sports. These findings occurred at 

random, demonstrating that there were young athletes 

from the same group with similar patterns of maturation 

stages. Thus, in more than 40% of the cases, the athletes 

were directed to the same group of origin, which suggests 

that the selection of these subjects was possibly 

influenced by their biological advantages from a 

maturational perspective.  

Biological maturation is the biological 

mechanism responsible for the improvement of several 

systems (i.e., neurological, muscular, endocrine, etc.) that 

interacts with the growth process (i.e., increase in body 

dimensions), influencing morphological characteristics 

(i.e., height, length of upper and lower limbs, 

predominance of lean mass, etc.) (WONDISFORD, 

2020). Moreover, Malina et al. (2015) argue that during 

the selection of young athletes, biological maturation is a 

factor that can confuse those involved in the process, 

especially when considering that, in relation to 

chronological age, subjects may be biologically delayed, 

synchronized or advanced (LLOYD et al., 2014). In 

general, it is natural that subjects in advanced stages of 

biological maturation have advantages of morphological 

characteristics in relation to their delayed biological 

maturation counterparts (MALINA et al., 2015). 

Therefore, there are no guarantees that these performance 

advantages will remain until the young athlete reaches 

adulthood. Many young people with advanced biological 

maturation, classified as promising athletes, end up 

stagnating when their late maturing peers catch up 

maturational (Malina, 1994; WONDISFORT et al., 

2020). 

In addition, when considering a specific analysis 

of MLP’s, the present research found that biological 

maturation interacted significantly on the process of 

discriminating against 54% of swimmers, 90% of soccer 

athletes and 80% of volleyball athletes. This may be 

justified due to the advancement of biological maturation 
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being related to upper and lower limb performance in 

adolescent athletes (ALMEIDA-NETO et al., 2020b; 

2020c). Moreover, several studies indicate that biological 

maturation is associated with morphological advantages 

(height, wingspan and lean mass) and the increase in 

muscle strength of the body segments (LLOYD et al., 

2014; SCHEFFLER; HERMANUSSEN, 2018; 

DANTAS et al., 2018). 

 In the findings of the present study, MLP's 

identified that a model of selection of athletes based on 

the sitting height, handgrip, CMJ and BMD proved to be 

effective in discriminating over 35% of BJJ athletes, 

more than 53% of swimming athletes and tennis and 

more than 78% of soccer and volleyball athletes. Zhao et 

al. (2019) showed morphological characteristics (chest 

width, length of lower limbs, thigh circumference, etc.) 

to be discriminating factors for the identification of 

young Chinese athletes from six different sports (judo, 

fencing, table tennis, swimming, volleyball and 

basketball). Hunter et al. (2015) observed that the length 

of the Achilles tendon was associated with the 

performance of runners. In volleyball, young athletes 

with superior performance have greater body stature 

(RIKBERG; RAUDSEPP, 2011). It is noteworthy that 

the model under discussion used by the present study and 

the models used by the previous investigations did not 

consider the influence of biological maturation on the 

morphological factors associated with the discrimination 

of elite athletes.  

 In addition, the present study is the first to 

investigate discriminating models in adolescents rowing 

athletes. However, the discriminant model based on 

sitting height, handgrip, CMJ and BMD only achieved 

16.6% rate of discriminating rowing athletes. This may 

be explained by the characteristics of the sport, that 

despite having a significant demand for handgrip, 

athletes do not rely on maximal strength of lower limbs 

(CMJ) and do not perform activities of joint impact (i.e., 

such as running and jumping) that cause the increase in 

BMD (HARUN; NASRUDDIN; SYAHROM, 2020). 

Thus, the discriminant model used in the present study, 

demonstrated a strong classification performance in 

athletes of modalities (BJJ, volleyball, soccer, tennis and 

swimming) who frequently use the strength of lower 

limbs and joint impact activities. 

 When considering the high cost invested in the 

selection of elite athletes, it is important that coaches 

make the least number of mistakes possible (MALINA et 

al., 2015; PION et al., 2015). Thus, the selection of 

athletes requires a high precision and with tools that are 

accessible to coaches (PION et al., 2017). The analysis of 

maturation stages can be carried out in a practical way 

and can significantly assist in the selection process of 

young athletes, due to the effect of biological maturation 

on morphological characteristics and muscle strength 

levels (LLOYD et al., 2014; MALINA et al., 2015).  

 In the present research, the mixed analyses of 

discriminating factors together with MLP’s, indicated 

that neuromuscular and morphological factors have 

different degrees of importance for each analyzed 

modality. The main factors identified for each sport were: 

handgrip for BJJ, upper limbs performance and lean mass 

for rowing, BMD and CMJ for soccer, leg length and SJ 

for swimming, handgrip and upper limbs performance for 

tennis, stature and length of the legs for volleyball 

performance. The results of the present study corroborate 

previous research that identified characteristics regarding 

the importance of morphological and neuromuscular 

patterns for different sports. Zhao et al. (2019) suggested 

that young athletes of judo, basketball and volleyball 

have among the most important characteristic of dynamic 

strength of the back, and swimmers have a smaller width 

of the iliac crest and a greater Achilles tendon length as 

the most important characteristics for performance. 

Likewise, quadriceps strength is an important factor for 

fencing athletes and sprinters (MOROUÇO et al., 2011; 

TURNER et al., 2014). 

 

Limitations and key-points  

 

 Despite the relevance of the results, the main 

limitation of the manuscript is that the neural networks 

were not trained with a distinct sample, using the same 

subjects in cross-validation causes the model to overlap 

with the sample, which makes it impossible for us to 

generalize the results to other samples.   Furthermore, the 

sample size is small to allow us to make generalizations 

of the findings to larger groups. However, the sample 

calculation performed a priori indicated that the sample 

size was adequate for a pilot study. And our main goal 

was to expose that artificial neural networks are efficient 

in assisting in the selection of elite athletes.  Thus, the 

present study brings as a key-point, the use of artificial 

intelligence as a useful tool to help sports professionals 

identify discriminating factors in young athletes, and to 

verify possible covariates that may interact with such 

discriminating factors. This can be useful for profiling 

sports using processes of selecting and guiding athletes in 

the sport. 

 

CONCLUSION 

  

Artificial neural networks are useful to identify 

discriminating factors in young elite athletes, as well as 
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to determining the interaction of covariates in such 

discriminating factors. Thus, as neural networks can be 

used to assist in the process of selecting and mentoring 

young talent in sport. This may assist in minimizing 

human failure by analyzing morphological and 

biomechanical factors that have particularities specific to 

different sports. Furthermore, as artificial neural 

networks can help identify the interaction of confounding 

factors such as biological maturation that is related to 

body morphology and biomechanical performance 

independently of sports practice.
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