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TOMADA DE DECISAO

* O profissional de Educacao Fisica precisa tomar decisdes sobre quais
métodos ou procedimentos adotar no planejamento e na
intervencao.

* Normalmente essas decisdes baseiam-se em principios pedagogicos,
fisiolégicos e psicolégicos associados ao raciocinio, conhecimento
adquirido, a observacao pessoal e a intuicao.

(Pereira et al. 2020)




TOMADA DE DECISAO

* Entretanto qual o papel da informacao na tomada de decisao?
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Pareados por idade.

38 cenas
2 Familiarizacao
36 Teste

12 sem informacao preévia

24 com informacoes prévias
12 congruentes
12 incongruentes

Aleatorio.
Murta et al. (Submitted)
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Note. CI: congruent information; Il: incongruent information; NI: no information. Murta et al. (Submitted)




RESUMO...

Profissionais envolvidos devem submeter os atletas a treinamentos
exigentes impondo cargas elevadas e cada vez mais proximas dos limites

tole I’éVEiS (SZMUCHROWSKI; COUTO, 2012).

Mesmo quando os atletas sao submetidos a cargas individualizadas, as
respostas a estas cargas Sao0 imprevisiveis (SZMUCHROWSKI; COUTO, 2012).

Planejamento dos treinos, sem o acompanhamento das adaptacoes
decorrentes dos treinos, nao é suficiente para garantir uma melhora do
desem pen ho (IMPELLIZZERI; MARCORA; COUTTS, 2019).




A carga de treinamento pode ser descrita como externa ou interna, dependendo se os
aspectos mensuraveis ocorrem interna ou externamente ao atleta (IMPELLIZZERI;
MARCORA; COUTTS, 2019)
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PLANEJADO E EXECUTADO

Carga Externa
(ex. Nimero de Séries
MNimero de repeti¢oes

Intensidade, etc.)

RESPOSTA

Carga Interna
(ex. PSE, PSE-sessdo, TRIMP etc.)

ADAPTACOES

Positivas ou Negativas

(Adaptado de Nakamura, 2020)
UFMG
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[r = 0.74 (95% ClI - 0.64-0.82), p < 0.001]
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Scatter plot illustrating repeated measures correlations between the internal training load and external training load in
each training section.




[r=0.71 (95% CI - 0.45-0.86), p < 0.001]
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Scatter plot illustrating repeated measures correlations between the weekly internal training load and
weekly external training load.
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Figure 1. Flowchart of data collection over the season.
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(Received 1 November 2018; accepted 17 July 2019) Table 3. Sequential multiple regression of motivation and overtraining on burnout for soccer athletes.

Model Step Predictor beta (p) beta (95% CI) beta standardised Adjusted R*> SEE

Model 1 (Baseline to Preparatory)

Total burnout 1 AM 0.24 (0.001)*  (0.1-0.36) 588 0.32 0.25

EPE 1 AM 0.41 (0.001)*  (0.22-0.60) 629 0.38 0.39

Model 2 (Baseline to Competitive)

Total burnout 1 AM 0.40 (0.001)*  (0.20-0.60) 610 0.35 0.40

EPE 1 AM 0.25 (0.002)*  (0.09-0.40) 517 0.24 0.32

Model 3 (Preparatory to Competitive)

Total burnout 1 AM 0.29 (0.001)*  (0.19-0.40) 551 0.54 0.35
2 SSS 0.37 (0.001)*  (0.20-0.53) 473 0.72 0.27

EPE 1 AM 0.22 (0.001)*  (0.15-0.30) 538 0.56 0.24
2 SSS 0.25 (0.001)*  (0.13-0.37) 439 0.73 0.19

Note: beta = unstandardised coeflicient; p = p value; beta standardised = standardised coefficients; Adjusted R*= adjusted
R squared; SEE = standardised error of the estimate; CI = 95% confidence interval of beta value; EPE = emotional and
physical exhaustion; AM =amotivation; and SSS = sport-specific stress. *p < 0.05.




TOMADA DE DECISAO

* Quanto mais informacao de qualidade eu tenho...

* Maior probabilidade de tomar boas decisdes!

e Contribuicao indireta para TD — Fornecer
informacao as pessoas que tomam decisoes.




Facilidades

 Desenvolvimento da Ciéncias no Ultimos ANOS;
* Tecnologia de disponivel (hardware e software);
* Grande disponibilidade de livros/cursos/etc.




Dificuldades

* Grande quantidade de informacao gerada;
* Conhecimento de Programacao;
 Conhecimento em Estatistica;

* |dioma.




TOMADA DE DECISAO
“direta”
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75 attributes presented

Those match  attributes
were from the physical
indicators (distances
covered, speed and sprints

etc.) and technical
indicators (number of
passes, passes received,
pass success, fouls, shots ...
etc.)

Matches attributes in the
input layer Xi to Xe

Similar matches attributes
clustered in the hidden
layer

Final matches results in the output layer

Figure 1. Radial Basis Function (RBF) network. G is Gaussian function, W is weights.

72.7% - 83.3%



Original article.

Title of the article: Ranking position and nationality of competitors can predict
Taekwondo winners in the high-level competition: An analysis of the 2019 World

Taekwondo Championship

Preferred running head: Ranking and nationality predict TKD winners and losers
Full names of the authors and institutional/corporate affiliations:

Maicon  Rodrigues  ALBUQUERQUE!ABDEE)  Paulo  Henrique  Caldeira
MESQUITA2(ADE), Tomas HERRERA-VALENZUELA3-4ADE), Daniele

DETANICO>@ADE) Emerson FRANCHINIS(ADE)

* Ranking

* Pais de Origem




Combine the extracted ranking data

Information Collection and the country tradition index

Data normalizationOto 1
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Final dataset

Final dataset




Rank Score - All Sample

mean = 0: 145

0% < 0 < 100%

| 95%HDI
0

0,122
1 1
0.10

Iy —Ho

Rank Score - Female Sample

mean=0.103

0% <0 < 100%

95% HDI _
0.138

Rank Score - Male Sample

mean = 01 74

0% < 0 < 100%

95% HDI
0.144

Figure 2: Bayesian estimation to compare the rank scores between winners and losers in

the whole sample, male, and female groups.|
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Figure 3: Bayesian estimation to compare the country tradition index between winners
and losers in whole sample, male, and female groups
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Combine the extracted ranking data

informatignCollection and the country tradition index

Data normalizationOto 1
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Train dataset Support-vector machines
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1) The rank of the athlete and the rank of the opponents (Model 1)
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2) The country tradition index of the athlete and the country tradition index of the opponents (Model 2)
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3) The rank and country tradition index of the athlete and the rank and country tradition index of the opponents (Model 3)




E agora?

* Ter modelos cada vez mais robustos;
* SUJEITO! “Single — Case Report”

* Quantidade enorme de dados

* Séries temporais...




Resumo

* Ciéncias de Dados é uma realidade muito distante da pratica?
* NAO!

e Cada vez mais estamos migrando de um modelo “indireto” para modelos
“diretos”
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