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One of  the main characteristics that we have highlighted during the

course on R and RStudio is their collaborative nature.   This aspect is

linked to the basic functionalities of  R. The software includes a

number of  functions and add-ons determined in its main installation,

but, as we have seen in the reading and video material, other libraries

are needed to make our analysis or data processing faster, and our

code cleaner or more efficient.  These libraries have been developed by

other professionals to respond to specific needs.   For example, there

are specific libraries for the processing and organization of  data, which

will make it  easier to manipulate and change its structure.   Other

libraries, for example, may focus on time series analysis, the clean up

and calculations of  time series.

The fundamental principle of  these functions is that they are created

from other functions and combined in such a way so that we meet

our goal as quickly as possible, provided that our data meets the

characteristics required by the function.
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Because of  this, we highlight the great advantage it  is to use RStudio.

  In the same way that professional data analysts, mathematicians

and physicists create specific packages to perform analyses in their

fields of  study, there are multiple sports science professionals who

share valuable content with concrete   characteristics related to the

type and origin of  their data, which may facilitate the analysis in our

field or with our players.

Thus, when we create functions that can be of  help to other

professionals and we are willing to share our work with the rest of  the

community of  RStudio users who could benefit from them, their

distribution can be done in a relatively simple way.

This module aims, firstly, to highlight a series of  methods of  physical

performance analysis which have been developed in recent years but

which have a common characteristic: there are specific packages in

RStudio or GitHub that can be downloaded and used as tools in our

analyses as sports scientists.   It  is not our objective to cover each of

the new trends in physical performance analysis, but to show that

there are tools to apply some of  these new trends without the need to

buy software or specific technology.   Secondly, we aim to encourage

you to create new content that could be useful for other professionals

and help in the growth and expansion of  impact analysis in sports

performance.



SUBMIT

3.1.1 Analysis of periods of maximal and submaximal
intensity

Knowledge of  the physical demands of  sport is the starting point for

any methodology on physical development and conditioning.

  Knowing the conditional stress to which the athlete is subjected

during competition and training is key to designing and periodizing

their training.   On many occasions, competition is the point of

reference to determine the players’ profile and physical performance.

The fundamental principle of software functions is that they are created from other

functions and combined in such a way so that we meet our goal as quickly as possible,

provided that our data meets the characteristics required by the function.
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In intermittent natured sports - in which phases of  action and rest are

interspersed (Lapuente-Sagarra, 2011), that is, they are not cyclical or

of  very short duration - the analysis of  the average demands of

competition does not reflect those phases in which the player is

subjected to higher intensities.

For example, in the following graph (Figure 1) we see how, during a

match, a football player’s speed signal shows that there are phases

where the player covers distances at higher speeds (high peaks)

which are interspersed by phases of  lower activity (lower lines). The

red horizontal line shows the average speed of  that match (which

stands at 4 .6 km/h, far from the peaks of  more than 25 km/h that the

player reaches).

Figure 1: Speed signal recorded by GPS during a football



Source: Author's own production

As we can see, the average speed is not representative of  the player’s

physical demands. If  we thought so, we would be ignoring that

intermittent nature that we highlighted earlier.   Therefore, this

average value presents a clear limitation if  used as a referent of

intensity when replicating the demands of  competition in our training

or introducing similar intensities in rehabilitation or pre-season

processes.

To overcome this problem, different approaches have been used to

analyse phases of  greater intensity than the match average

intensity.   In these first analyses, it  was decided to divide the total

duration of  the match into fixed time blocks in order to analyse that

average speed every 1.3 or 5 minutes.   However, Varley et al. (2012)

warn that this methodology may not be adequate to detect the most

intense phases since these periods can be found between the fixed

time blocks.

The method used to detect these periods between fixed time blocks is

called the rolling average.   Rolling averages allow us to capture the

average intensity of  the determined duration (1, 3, 5, etc. minutes)

throughout the entire time series.   For example, if  we use a rolling

average of  1 minute in a speed signal that gets data every second, at



a time point of  1'01'', we will have the average intensity from 1'' to

1'01''; then, at the time point 1'02'', the average intensity we will get

ranges from 2'' to 1'02'', and so on throughout the signal.

Figure 2: Difference between fixed-length (a) and rolling average

(b) methods for WCS

Source: Oliva-Lozano et al. (2020), p. 326

This visualization by Oliva Lozano et al. (2020) perfectly presents

these differences.   If  we want to analyse the minute of  greatest

intensity of  this speed signal, the minute in which the greatest

distance has been covered, splitting the intensity signal by fixed

windows of  1 minute, the value we get is 201 metres. Looking at the

graph, we see that it  occurred at minute 4, in the fourth block.

 However, in the second example, using the rolling average, we get a



distance of  almost 206 meters, and this is between two blocks of  fixed

time, which shows the advantages of  analysis using rolling averages.

Using this methodology, Garcia et al. (2018) analysed the periods of

highest intensity by positional group in football and compared these

intensities with those got during training to determine if  the intensity

stimulus during training was similar to the demands of  competition.

 To do this, they analysed time windows (rolling average durations) of

3, 5 and 10 minutes, for each of  the variables.

With these last two examples, we pretend to emphasize the

importance of  selecting an analysis criteria.   First, the intensity we

could get would be consistent with the duration analysed (Delaney et

al., 2017).    And we have to choose it  according to a given criteria. In

some contexts, the duration of  the time window is chosen based on

the duration of  the tasks we use in training; in other cases, the

selection may be justified in relation to physiological adaptations.

The same intensity signal is shown below using two time windows -

in the first graph (Figure 3), it  is 1 minute; in the second graph (Figure

4), it  is 5 minutes.  The intensity signal used in both cases is the speed

in km/h; the original speed signal is the one shown in black and

blurred in the background; and the rolling average is represented by

the blue line and gray shading.

Figure 3: Speed signal using a 1-minute time window



Source: Author's own production

Figure 4: Speed signal using a 5-minute time window

Source: Author's own production

It  is clear from the examples that the rolling average makes the signal

strength smooth; that is, we go from having a large number of  peaks



in the signal to a more continuous signal.   This is the goal of  the

rolling average: to summarize a signal with a lot of  "noise" (spikes and

changes in speed) to give information about what has happened

every X amount of  time.

The orange shaded bar shows the period of  greatest intensity in each

of the charts.  With this example, we aim to highlight the importance

of the criterion to select the time window. The minute of  greatest

intensity is located at a completely different point in the game than

the 5 most intense minutes, and the intensities of  each one are also

different (represented by the axis on the left).

The second aspect to consider is the variable that will be analysed.

  The periods of  greatest intensity are specific to the variable analysed.

Each of  the variables will reflect different aspects of  the load

(mechanical, locomotor, metabolic), so each of  the periods of  greatest

intensity will be specific to that variable.  

Figure 5: Acceleration density signal using a 1-minute time window



Source: Author's own production

This graph portrays the same session, but analysing the acceleration

density variable.   The time window is 1 minute, the same as in the

previous graph, and we can see that this period is in a place in the

time series different from the one on the speed signal.

Both points will have direct implications on the results and their

interpretation to guide the design or evaluation of  tasks that aim to

replicate the maximal intensities of  the game.   The sports scientist’s

criteria and context knowledge will be fundamental when deciding

the selection criteria.

We can add greater value to these analyses if  we follow the work of

Ju et al. (2022), in which they recorded the periods of  greater intensity

and analysed the actions carried out in the match are to discover the



type of  technical and tactical performance the players and the team

have in situations of  greater intensity.  

However, although the analysis of  periods of  maximal intensity can

be very useful, it  also has a series of  limitations.  Novak et al. (2021)

highlighted that there is great variability in the intensities got

between matches, and Illa et al. (2020) showed that there are a

considerable number of  periods in which the player achieves

intensities close to the maximal.  These two factors show that if  only

an isolated match value is analysed, other moments in which the

player has a high demand without reaching maximal values which

could have clear physiological implications may be ignored.

To analyse this type of  demand, in recent years the analysis of  sub-

maximal periods (SubMIP) has been proposed. This analysis aims to

analyse all the periods close to a maximal intensity and quantify their

intensity, duration and frequency (number of  periods).

In the same way that we analyse periods of  greater intensity, we

have to take into account a series of  criteria to analyse sub-maximal

periods:

Duration of  the time window: the chosen duration

will show the phases close to the maximal of  the

same duration or a slightly longer one.



Figure 6: Periods of maximal and submaximal intensity

Variable analysed: the phases close to the maximal

will be specific to the variable analysed.

Reference threshold: Here we need to define what

we consider to be near-maximal intensity (e.g. 85%

of the period of  maximal intensity).

Reference intensity: if  we use a time window of 1

minute, the maximal reference intensity should be a

time window of 1 minute.   We have to choose

whether that maximal is from the same session or

the same match that we analyse, or an all-time

maximal of  the position or the player.



Source: Author's own production

Using the same match as with the acceleration density signal, and

also using the 1 minute time window as a criterion and as a period of

maximal intensity, the value of  the previous graph, and a threshold of

85%, we can see that there are 6 periods in which the player exhibits

intensities close to the maximal for periods close to 1 minute.

With this type of  analysis, Caro et al. (2022) and Illa et al. (2020)

observed differences in the values got across players.     They

highlighted the importance of  analysis for the individualization of  the

preparation of  players; they also compared the values got in the

matches with those got in training.

In the same way that we analyse periods of greater intensity, we have to  take into

account a series of criteria to analyse sub-maximal periods.  Identify the 4 correct

criteria:

Duration of the time window

Variable analysed



SUBMIT

How should we apply these analyses to our data?

One of  the strengths of  using of  RStudio for data analysis is the

ability to replicate the methods proposed in different research studies.

  In the video material, we will see how to replicate this type of

analysis from   raw GPS data .   Moreover, we have highlighted that

there are resources at our disposal to facilitate certain processes.

In the case of  periods of  maximal and submaximal intensity, there is a

very simple package, developed as an example, which allows for

these analyses to be carried out more effectively, for those

professionals who are in a context where they do not have time to

elaborate the functions and replicate the steps proposed in academic

research; the package is called SubMIP.

Reference threshold

Reference intensity

Intensity threshold



We usually download packages or libraries directly from the RStudio

interface, but in many cases, we use packages created by individual

developers that are not published in CRAN (R Package Library), as

they do not meet all their publishing requirements or are still in

development. These packages are usually found on GitHub.

GitHub is a platform for developers that allows you to create, store,

and share old versions of  certain code.  We will use a line of  code that

we will place in our terminal to download any R package we want to

use from GitHub.

For maximal and sub-maximal periods, we will use the following code:

The devtools package must be installed beforehand to allow

installations from GitHub. Once installed, the package will meet our

goal.  It  has 3 very simple functions:

mip() function: it  allows you to find the period of  maximal

strength of  the chosen signal and the desired time window.   It

has two arguments:

devtools::install_github('davidpajon/SubMIP')



Metric or variable to be analysed

Duration or time window

submip() function: it  allows you to get the number of  periods of

intensity close to the maximal, their duration and intensity.   It

has four arguments:

Reference intensity value of  the period of  maximal intensity

Duration or time window

Metric or variable to be analysed

Threshold from which we want to detect periods.

Submip_plot() function: it  uses the same arguments as the

previous function and displays a graph of  the values obtained as

above.

This example aims to show a resource available to the sport scientist

that seeks to respond to possible analysis needs based on recent

research.

There are two fundamental advantages of  GitHub: we can access all

the code created by the developer and see how these functions have

been created; and, if  we need to go deeper into the analysis and we

have time, we can use the code base to extend its functionalities and

adapt it  to the context or the type of  data we have.  For example, the



SubMIP package functions we have described are configured to use

raw GPS data at 10 Hz; if  our data has a different sample rate, we

might adapt the codebase to meet our data requirements.  The same

would happen for multiple files or if  we wanted to analyse multiple

variables at once.

SUBMIT

What are two of the fundamental advantages of GitHub according to the text?

We can access all the code created by the developer.

It allows you to share code privately with a select group.

It facilitates the evolution and adaptation of the code
according to the context or type of data.

It offers us an integrated development environment (IDE).

It allows for the creation of unlimited public repositories.



Other resources available

As we have highlighted at the beginning of  the module, the academic

and professional field is constantly developing.   New technologies

appear and new methods of  physical performance analysis, load

control, injury risk analysis, among others, are proposed very

frequently.   RStudio allows us to explore advanced analyses and

propose new approaches.  Our concerns and the questions we need to

answer will influence our needs or search for jobs, code or packages to

use.  Using code found on GitHub or shared by other professionals is a

good practice to get familiar with certain types of  analysis and code-

writing methods, although we should always know where we have

got the codebase from.

Below there are other packages or resources related to the analysis of

physical performance, which have been developed by professionals in

our field whose objective it  is to facilitate the analysis and provide

efficient tools to other professionals.  

Acceleration-speed profile analysis

Pearson et al. (2024) have shared a package with

several functionalities to analyse the characteristics

of  the acceleration-speed profile from GPS data or

data measured by fraction of  time.



This analysis, originally by Morin et al. (2021), allows

for the player's mechanical performance to be

measured during the sprint, without the need for

tests or specific technology apart from the usual

training sessions.     The values got through this

analysis allow us to determine differences between

players, and inter-season and post-injury changes

(López-Sagarra et al., 2022).

We can find the information regarding this package

at the following link:

GitHub - aaronzpearson/midsprint

Dose-response model

Jovanovic et al. (2020) have shared a package to

apply Clarke and Skiba’s (2013) analyses, which aim

to determine the player's adaptation based on dose

control and determined physical test results.     This

package allows us to appreciate the methodology

behind this proposal and use it  in our context.

We can find the information regarding this package

at the following link:

GitHub - mladenjovanovic/dorem: Dose Response

Modeling



Biological and chronological age

Fernandez provides a package in which functions

and visualizations can be used to determine the

differences between the athlete’s biological and

chronological age, among others (R Core Team, n.d.).

  This is a key concept in talent identification which

should be considered by professionals in the physical

performance field.

We can find the information regarding this package

at the following link:

CRAN - Package matuR (r-project.org)

Asymmetries determination

Pearson (2024), following the work of  Bishop et al.

(2016), shares a package in which we can apply

functions to determine asymmetry in compliance

with the authors' requirements.

We can find the information regarding this package

at the following link:

GitHub - aaronzpearson/interlimb: An R Package to

Assess Interlimb Asymmetries
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