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This is the second post of “An Introduction to PCA (Primary Component Analysis)”
series. You can directly start from this post, but if you are not familiar with PCA I'd

suggest you take a look at the introduction post first.



An Introduction to Principal Component Analysis (PCA) with 2018
World Soccer Players Data

What is PCA and Why is it Useful in Real World?

blog.exploratory.io

Today, I'm going to use the same PCA algorithm, which I used in the to reduce the
original dimensionality of the soccer player skill measures down to just two newly
created dimensions (or components) so that I can place the original soccer player
measures and the players from a given pair of two countries together on the two
dimensional space (X axis and Y axis). I'm hoping that this will help us understand

how the players from the two countries perform on those skill measures

to reduce the dimensionality of these variables so that I can have just two artificially
created new dimensions, which should carry as much information as the original
data has, to visualize how the soccer players from a given pair of two countries

perform on the skill measures and compare the two countries.

For example, how the players from Brazil and Japan are different in terms of how
they score on the skill measures? Can we tell if Brazil is stronger than Japan by

looking at the information the PCA algorithm generates?

Let’s take a look.

Data
Just like the previous post, I'm going to use the same 2018 FIFA Soccer Player data

that has the following information.

o Player personal data like Nationality, Photo, Club, Age, Wage, Salary etc.
o Player skill measures such as Dribbling, Aggression, GK Skills etc.

e Playing position related data.
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have just two artificially created new dimensions, which should carry as much

information as the original data has, to visualize how the soccer players from a

given pair of two countries perform on the skill measures and compare the two

countries.

I'm going to start with Brazil and Japan because they can show the difference clearly

in terms of the player skills, which helps us understand how to interpret the result

easier.

Once we set the ground, then we can move onto the teams that actually played the

world cup games against each other.

Comparing Two Countries — Brazil and Japan

Let’s say we want to compare the players from Brazil and Japan. We have 812

Brazilian players and 469 Japanese players in this data set.
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And here is a chart that I have broken down by the positions.
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It’s interesting to see that the number of Goal Keepers (Green) is pretty much the
same between Brazil and Japan while other positions are significantly different in

terms of the number of the players. But that’s not really the point of this post.



Comparing with Average
Now, we can take a look at the average scores of all the skill measures for the two
countries with Error Bar chart and compare the two countries side by side. The blue

is Brazil and the orange is Japan.
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(The black bar-ish things at the top of blue/orange bars indicate ‘standard errors’.)

Brazilian players score much higher on almost all the measures except for the ones
for Goal Keepers. Again, there is something about Japanese Goal Keepers here... &

Anyway, it’s clear that Brazilian players are a lot better than Japanese players in

general by looking at the average scores of these skills.
But is it?

Do the average scores tell us the full story? The average is known to be highly

influenced by a tiny set of outliers.

Comparing with Distribution
So, we can take a look at the distributions of the skill measures instead of the
summarized value, which is the average in this case, by using the Boxplot chart like

below.
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Here, again, the players from Brazil are better than the ones from Japan in general.
But some measures like Balance and Jumping are pretty much the same between
the two countries. And when it comes to the Goal Keeper skill measures, it’s not like

Japanese players are better, they are pretty much the same as Brazilian players.

Now, we start getting a better sense about how the players from Brazil and Japan are
scoring on the skill measures. But, we still don’t know who are the ones making
some of the measures higher or lower. These charts shown above are missing a
sense of how the individual players score on the skill measures and how they make

the characteristics of the two countries different.

This is when we want to use the PCA algorithm.

Comparing with PCA
I have run PCA against the data that I have filtered to keep only non-Goal Keeper

players who are either Brazilian or Japanese.

Here is the Biplot chart. The blue dots are the Brazilian and the orange dots are the

Japanese players.
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Two things are very clear.

First, most of the Japanese players (Orange) are at the right hand side top quarter

area, which means that they are scoring low on all measures.
Second, Brazilian players (Blue) are scoring high on almost all the measures.

But, here is the cool thing about PCA. Just because Brazilian players are scoring
higher on almost all the measures, it doesn’t mean that there are no Japanese

players who score high on some of the measures.

For example, Keisuke Honda is scoring pretty high on some of the measures.
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Here is a zoomed-in version that has expanded the area around Honda.
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Crossng

And there are some Japanese players mixed with Brazilian players in the red circled

area below.
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What are these measures? Instead of listing those measures one by one, we can

switch the color assignment from Nationality to Position like below.
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From this view, we can say that the measures some of the Japanese players are
scoring well along with the Brazilian players have the characteristics of the Forward
and the Mid Field players.

And the measures only Brazilian players are scoring well have the characteristics of

the Defense players.
So, here is what we have found:

e Brazilian players are better than Japanese players in general if we judge them

based on how they score on the skill measures.

¢ There are some Japanese players who are scoring on some of the measures as
high as the top Brazilian players. They tend to be the offense side of players such

as Forward.

e When it comes to the skills that are required for Defense, Japanese players are

not doing well compared to Brazilian players.



This information might not be as accurate as we hope because these two
dimensions (X and Y) that are used for the charts above have captured only about

60% of the original information.
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But, you can still get a good understanding of how the players are on those skills and

compare the characteristics of the two countries.
Oh, you want to know something funny?

Who is the Brazilian player that is at the most left hand side? This player is on a line
that we extend Penalties measure to.
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Now, let’s take a look at three games that have actually happened at 2018 World Cup.

Belgium vs. Japan

First, let’s take a look at the players from Belgium and Japan by using PCA.

Round of 16 Quarter-finals Semi-finals Final
FT
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Portugal 1 FT
== Uruguay 0
FT I ] France 24
I | France 44

.. Argentina 3 Tue, 7/10, 11:00 AM
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& Brazil 1
FT I ] Belgium 24
l I Belgium 34
@® Japan 2 Final
Sun, 7/15, 8:00 AM
¥ 18D
FT (P) ¥ 18D
= Spain 1(3)
B Russia 1(4) « tomarrow, 11:00 AM
mm Russia

Japan has lost to Belgium, and if we run PCA for all the players from the two
countries we get something like below.
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Now, if we change the color to Nationality, we can see that the players from Belgium
(Blue) tend to score higher on the Mid Field player skills and the Defense player
skills.
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Just like we saw when we compared Brazilian and Japanese players, more Japanese
players (Orange) are at the right hand side top quarter.

This goes to show that Belgium players tend to be measured better on most of the
skills.
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So, it is actually amazing that the Japan team played almost evenly with the Belgium
team at the World Cup.

Belgium vs. Brazil
Now, let’s take a look at the players from Belgium and Brazil with PCA. Belgium beat

Brazil at the quarter final.



Round of 16 Quarter-finals Semi-finals
ET
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== Uruguay 0
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I ) France 44
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® Japan 2
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- Diesia
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Final
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¥ TBD

First, let’s understand the two reduced dimensions first. The defense players tend to
be at the right hand side (Blue dots) and mid fielders are at the left hand side (Green
dots) and forward players tend to be at the left hand side bottom area (Orange dots).
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If we change the color to Nationality, we get something like below.
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Here, we can see more Belgium players (Blue) at right hand side bottom area and we
can see more Brazilian players (Orange) scoring higher on the Mid field players and

Forward players skills.

We can see Neymar from Brazil at the very left side, which means he scores high on
Dribbling, Volleys, Positioning, Long shots, Vision, and Penalty!

On the other hand, you can see De Bruyne from Belgium on the direction of Ball

Control, Free Kick Accuracy, Shot Power, Long Shot, Vision.
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Just to see the distribution of all the skill measures for the two teams, we get

something like below with Boxplot chart.
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It is amazing that Brazilian players are scoring higher on almost all the skills in

general, yet they have lost the game to Belgium.

Belgium vs. France

Let’s take a look at the players from Belgium and France. France beat Belgium at the

Semi-final.
Round of 16 Quarter-finals Semi-finals Final

FT
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Portugal 1 FT

== Uruguay
FT I | France 24
I | France 44
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I ] France 14
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FT I ] Belgium 24
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@ Japan 2 S

Sun, 7/15, 8:00 AM
I ] France

FT(P) == Croatia
£ Spain 1(3)
B Russia 1(4) « FT(P)

@ Russia 2(3)
ET (B =2 Croatia 2 (4)

And here’s the result of running PCA against the players from France and Belgium.
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The players from these two countries are spread everywhere in a same way. It is

hard find a clear difference.

If we look at the Boxplot, again it’s hard to tell the difference between the two teams.
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Croatia vs. France

Here is the last one and it’s about the final match. As of writing (2018/07/10), we
don’t know who is going to win yet.
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- I ] Belgium 0
i€ Brazil 24
I°] Mexico 0 FT
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im Denmark  1(2) -
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Here’s the Biplot chart by PCA. The blue dots are the Croatian and the orange dots
are the French players.
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There are much less Croatian players compare to the French.

Now, the Croatian players are scoring well especially on Crossing, Ball Control,

Vision, Free Kick, and Accuracy, which are at the left hand side.
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And the French players are scoring well on the Forward skills such as Finishing,
Volleys, Positioning, Dribbling, Long Shot, and the Defense skills such as Jumping,
Strength, Sliding Tackle, Standing Tackle, etc.

Here’s a Boxplot chart comparing the distributions of the measures between the two

.
countries.
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We can see that the top players from France are scoring better than the top players
from Croatia. But when we compare the 50% of the players at the middle between

Croatia and France, the Croatian players are scoring better.
So it looks like both teams have a good chance to win the championship!

Summary
Having PCA in your toolbox will give you an effective and an intuitive way to

understand the relationships that are hidden in the data.

In this post, by using the PCA algorithm, we could not only find out which skill
measures are similar to one another, but also visualize how the soccer players are

scoring on those measures and compare them by their countries and their field

positions.



Happy PCA!

Try it for yourself!

If you want to try this out quickly, you can download the data from here, import it in
Exploratory Desktop, and follow the steps.

If you don’t have Exploratory Desktop yet, you can sign up from here for 30 days free

trial!
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Scientists or Engineers. You need them to find hidden...
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Learn Data Science without Programming
If you are interested in learning various powerful Data Science methods ranging

from Machine Learning, Statistics, Data Visualization, and Data Wrangling without

programming, go visit our Booster Training home page and enroll today!

Data Science Booster Training

Data Science is not just for Data Scientists. It is for Everybody. Start
learning Data Science without Programming!
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