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ABSTRACT

The relevance of center defensive midfielders (CDM) in football cannot be
overemphasized. During football games, they are the interlocutor between de-
fense and attack and can be tasked with huge responsibilities. Given the high
cost of acquiring an efficient and readily available CDM, we designed this
study to use multivariate analysis techniques to determine the correlation be-
tween attributes (variables) of a center defensive midfielder such as crossing,
short passing, volleys, dribbling, long passing, ball control, and others. With
the nonexistence of a multivariate analysis of CDM attributes, we have used
canonical correlation analysis (CCA) to investigate these correlations. The
study produced four statistically significant (p < 0.05) canonical functions
(CF), that showed that attributes such as dribbling, sprint speed, agility, and
stamina should be considered more when football clubs are considering a cen-
tral defensive midfielder. Principal component analysis (PCA) was conducted
to discover the most important variables for a CDM. The PCA generated three
components. The first component was optimal and highlighted short passing,
composure, ball control, interceptions, long passing, vision, and dribbling as
the most relevant attributes of a CDM.
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1 Introduction

In football, the center defensive midfielder, most often referred to as the
”CDM,” is a vital position that plays a key role in both defense and attack
(Hamilton, 2023). The duties of the CDM are to galvanize the defense while
also assisting the attack. In assisting the attack, the CDM can sometimes be
mistaken for a central attacking midfielder (CAM), but the difference is that
the latter has a more advanced role and defensive duties are not so much an
obligation. This can also depend on the technical formation (style of play) of
the team. The CDM players that are currently most rated are Rodrigo Hernan-
dez (Manchester City), Carlos Casemiro (Manchester United), Joshua Kim-
mich (Bayern Munich), N’golo Kante (Al Ittihad), Aurelien Tchouameni (Real
Madrid), and a few others. Rodrigo of Manchester City demonstrates that
holding midfielders are key to their teams’ success, (Karen, 2023). The hold-
ing midfield role is a bespoke one; these players need to be technically gifted,
not just a destroyer of opposition attacks, but they must have a high-level
understanding of the game. This helps them to know when to drop into the
backline and also break forward. This also depends on the teams’ style of
play (Karen, 2023; Wright, 2023). A CDM is expected to be able to effec-
tively pass the ball to support the team; this can be in the form of initiating
a counterattack (Hamilton, 2023; Wright, 2023; Karen, 2023). This is to say
that they need to be relentless pressers, able to read every situation imaginable,
but also talented on the ball, capable of intricately stroking the ball around in
the form of short or long passes, which are the unquestionable qualities of a
center defensive midfielder. The best defensive midfielders in the world are
the ball-winners, anchormen, tough tacklers, and water carriers who move the
needle (Mewis, 2024; Wright, 2023).

It is obvious that these players don’t come cheap these days, as can be
seen in the recent acquisitions of Declan Rice (117.4 million euros), Moises
Caicedo (117.1 million euros), and Aurelien Tchouameni (80 million euros)
from West Ham, Brighton, and Monaco, respectively (Stead, 2023). It has
not become difficult for football scouting agents and club owners to identify
center defensive midfielders with the right qualities, considerable price tags,
and necessary attributes to fit into their teams’ style of play. This is because
these center defensive midfielders can sometimes find it difficult to replicate
the performance for which they have been purchased (Ritchie, 2024).

The attributes of a CDM can come in several forms, and it is necessary
for teams to identify the specifics they are looking for in their preferred center
defensive midfielder. CDM attributes, such as crossing, short passing, vol-
leys, dribbling, long passing, ball control, acceleration, sprint speed, agility,
stamina, long shots, interceptions, vision, and composure, can have tenden-
cies of correlation, (Pena, 2024). These can pose a major worry to scouts who
are unaware of the correlation between these attributes while looking at the
players performance statistics and attributes. This study is intended to identify
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Fig. 1. Manchester City Vs. Real Madrid (Image credit: Totalfootballanaly-
sis.com)

CDM attributes (variables) that are correlated, which can serve as substitutes
for each other, and help the club make an informed recruiting decision.

Canonical correlation analysis (CCA) and principal component analysis
(PCA) have been used in this study to analyze these attributes. These multi-
variate statistical methods can determine the correlations between these vari-
ables and highlight substitute variables. The study collected data (footballer’s
attribute rating data) from FIFA player ratings online sources. CCA is a mea-
sure of the interrelationships between sets of multiple dependent variables
and multiple independent variables (Akbas et al., 2005). The technique is best
understood by considering it as an extension of multiple regression and cor-
relation analysis (Meloun et al., 2011; Bai et al., 2003; Iweka et al., 2018;
Kuss et al., 2003; Filho et al., 2022). The use of CCA has evolved over recent
time (Yang et al., 2008). It reduced the size of the data effectively (Filho et
al., 2022; Nayir et al., 2022; Lu et al., 2014; Akbas et al., 2005). This is in
line with our objective in this study. The principal component analysis is a
multivariate data analysis that also has its roots in linear algebra. PCA uses
sophisticated underlying mathematical principles to transform a number of
correlated variables in a collection into a smaller number of variables called
principal components or factors (Vidal, Ma, and Sastry, 2016; Richardson,
2009, Ramakrishna et al., 2024). The position of a CDM player on the field
can be seen in the images below. The images in Fig 1 and 2 show the positions
of Rodrigo Hernandez (Manchester City), and Carlos Casemiro (Manchester
United) in a UEFA champions league match.

2 Methodology

The study is an analysis of attributes associated with a football center de-
fensive midfield player using multivariate analysis techniques: canonical cor-
relation analysis, and principal component analysis. CCA is also concerned
with two sets of variables related to each other and how much variance in one
set is common with or predictable from the other set. It is the largest corre-
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Fig. 2: Manchester City Vs. Real Madrid (Image credit: Besoccer.com)

lation method that applies linear combination, and the goal is to maximize
the correlation as in most other techniques. It explores the relation between
two multivariant sets of variables (vectors), measured on the same individual,
(Iweka and Magnus-Arewa, 2018; Kuss and Graepel, 2003, Filho and Toebe,
2022). The PCA is one of the most important results of applied linear alge-
bra (Shlens, 2005). It can effectively be used to analyze large data sets. The
vector space transform is deployed by PCA to reduce the dimensionality of
large data sets. Since the number of components is reduced by using principal
components, the complexity of the analysis itself is also reduced by avoiding
analyzing a large number of output variables (Janiéijevi¢ et al., 2022; Divya
et al., 2024). These two multivariate analysis techniques are adequate for this
study.

2.1 Data Sources

The data used in this study was extracted from players rating website
(https://fifaratings.com, accessed on 9 May 2022). The study used both Mi-
crosoft Word and Microsoft Excel for data configuration and storage.

2.2 Procedure and Data Analysis

SPSS 25 (IBM, 2017) was used to analyze the quantitative data used in
this study. The data was tested for missing points. The study also tested the
data for multivariate normality, linearity, multicollinearity, and singularity be-
fore performing the analyses using canonical correlation analysis and princi-
pal component analysis techniques.

3 Assumption Test Results and Discussion

Here, we shall consider some relevant results from the multivariate as-
sumption tests, canonical correlation analysis and principal component anal-
ysis.

104 ISSN-2424-6271 TIASSL



Attributes of Center Defensive Midfielder in Football

Table 1: Tests of Normality
Shapiro-Wilk
Statistic  df | Sig.

Crossing 981 55 | .549
Short Passing | .982 551 .584
Volleys 959 55| .056
Dribbling .980 55 1.503

Long Passing | .977 55 [ .356
Ball Control | .973 55 [ .253
Acceleration | .978 55 [ .400
Sprint Speed | .943 55 [ .051
Agility 976 551 .335
Stamina 972 551 .234
Long Shots 954 55 1.054
Interceptions | .976 55 ] .336
Vision 983 55| .615
Composure 987 551 .806

3.1 Multivariate Assumption Testing

The study shall subject the dataset with respect to the proposed variables
for analyzing this playing position to multivariate assumption testing. The
study shall ensure that the data satisfy multivariate analysis assumptions.

3.1.1 Tests of Normality

A Shapiro-Wilk test was conducted, and from Table 1, we can see the
statistics for all the variables (crossing, finishing, short passing, volleys, drib-
bling, stamina, etc.) in the first column, with their p-values given in the last
column, and showing all of the variables having values (p > 0.05). This shows
that the data did not show evidence of non-conformity or violation of the as-
sumption of normality.

The boxplot in Figure 3 shows that there are no more outliers in the data.
The initial data consisted of extreme points (outliers), which, if not dealt with,
may affect the outcome of this study. As recommended by the multivariate as-
sumption on outliers, we have ensured that only points within the interquartile
range (/QR) were retained. Points below the 25th percentile and above the
75th (Q3) percentile have been removed from the dataset. As we can see, vari-
ables such as agility, stamina, ball control, short passing, vision, dribbling, etc.
are within the /@) R. Therefore, we infer that there are no outliers in the dataset,
and the assumptions have not been violated (Ramaswamy et al., 2000; Schu-
bert et al., 2012; Grubbs, 1969; Ruan et al., 2005; Zimek et al., 2018; Hodge
et al., 2004; Barnett et al., 1994).
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Fig. 3: Box-plot for the data outlier check

3.1.2 Test for Non-Multicollinearity

The study tested the data for multicollinearity. This occurs when the inde-
pendent variables are highly correlated (Leamer, 1973; Giles, 2011; Gujarati,
2009). Hence, we have removed from the dataset one of the two variables that
are correlated with values above 0.8 (Kalnins et al., 2023; Gujarati, 2009). The
study shows that short passing and ball control are both significantly highly
correlated with a value of 0.854, which is above 0.80. Thus, ball control has
been removed from the analysis.

3.1.3 Test for Independence of Observation

Independence of observation using the Durbin-Watson test statistics was
tested. The Durbin-Watson test statistic have values ranging between 0 and 4
(Durbin et al., 1950). It is important to note that a value of 0 < x < 2 indi-
cates a positive autocorrelation, 2 indicates no autocorrelation, and a value of
2 < x < 4 indicates a negative autocorrelation (Durbin et al., 1951). Autocor-
relation describes the correlation of a variable (data) with a delayed version of
itself (Hotyst, 2017). A Durbin-Watson test statistics value of 1.5 < z < 2.5
can be accepted to imply no autocorrelation, and independence of the obser-
vations (Dufour et al., 1985; Fahidy, 2006; King, 1983).

The test for independence of observation using the Durbin-Watson test
statistics shown in Table 2 indicates that there is a negative autocorrelation
between the dependent variables and the predictor variables (crossing, vol-
leys, dribbling, long passing, ball control, acceleration, sprint speed, agility,
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Table 2: Test for Independence of Observation

Model | Dependent Variables | Durbin-Watson
1 Crossing 2.024
2 Volleys 2.141
3 Dribbling 2.211
4 Long Passing 2.012
5 Ball Control 2.047
6 Acceleration 2.316
7 Sprint Speed 2.323
8 Agility 2.231
9 Stamina 2.021
10 Long Shots 2.222
11 Interceptions 2.143
12 Vision 2.042
13 Composure 2.324

stamina, long shots, interceptions, vision, and composure). Therefore, we in-
fer that the assumption of independence of observations was not violated.

3.1.4 Test for Homoscedasticity

The study has tested the variance of the residuals for constancy, by plotting
the standardized residuals against the predicted values and visualize the plot
using a histogram, line graph, and a scatterplot (Angrist et al., 2009; Long et
al., 1993; White, 1980; Engle, 1982; Gujarati et al., 2009).

Homoscedasticity test was conducted by plotting histograms of standard-
ized residual. Each of the variables were tested independently to ensure that
the assumption is not violated. The variables (crossing, volleys, dribbling,
long passing, ball control, acceleration, sprint speed, agility, stamina, long
shots, interceptions, vision, and composure) were plotted and investigated.
The study visually inspected the histograms, which revealed that the data con-
tained approximately normally distributed errors, which is corroborated in the
normal P-P plot of the standardized residuals of the respective variables.

The P-P plots showed that these variables have an element of deviation
from normality at some point along the line. Some points can be seen to not
be exactly on the line but very close to it. We infer that these negligible devi-
ations, which are expected, are also inconsequential, and we have chosen to
neglect these slight deviations. We infer that the error terms of the residuals
follow a normal distribution.

The scatterplots showed that the data of the variables are evenly distributed
from left to right without any major clutter. This affirms the claim that the data
for the various variables are normally distributed. After these investigations
(histogram plots, P-P plots, and scatterplots) of data for these variables, the
study, hence, infers that the data does not violate the homoscedasticity condi-
tion.
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Table 3: Canonical Correlations

Correlation | Eigenvalue | Wilks Statistic | F Num D.F | Denom D.F. | Sig.
1].901 4.330 .048 5.504 | 36.000 159.131 .000
2| .828 2.174 257 3.116 | 24.000 125314 .000
3] .393 183 817 .670 | 14.000 88.000 798
4| .184 .035 966 264 | 6.000 45.000 951

Table 4: Set 1 Canonical Loadings
Variables | 2 3 4
Crossing -2871.399 | 470 | .399
Volleys - 133 1 419 | 214 | -.048
Dribbling -449 | 527 | -.264 | -.230
Sprint Speed | -.824 [ -251 | -.013 | -.057
Agility -.800 | -.015 | .151 | .057
Stamina -.355 | 419 | -341 | .293
Long Shots | -.256 | 415 | .420 | -.530
Vision -.129 | 812 | .301 | -.012
Composure | -.104 | .837 | -.142 | .144

4 CCA and PCA Results

The study shall analyze the central defensive midfield data using both the
canonical correlation analysis and the principal component analysis.

4.1 Canonical Correlation Analysis

Let the variables be crossing, volleys, dribbling, long passing, short passing,
ball control, acceleration, sprint speed, agility, stamina, long shots, intercep-
tions, vision, and composure.

Table 3 shows the four canonical functions generated and their canonical
correlations when the CCA was conducted using the variables long passing,
acceleration, interceptions, and short passing as dependent variables, while
the independent variables be crossing, volleys, dribbling, sprint speed, agility,
stamina, long shots, vision, and composure. Table 3 shows the canonical func-
tions (C'F") with correlations of 0.901, 0.828, 0.393, and 0.184. The table also
indicates that the first two canonical functions are statistically significant (p <
0.001). With Wilks’s A = 0.048 and F'(36, 159.131) = 5.504, canonical func-
tion 1 (C'F}) showed more significance with correlation value of 0.901. The
eigenvalues (4.330,2.174,0.183, and 0.035) are the shared variance between
the four canonical variates of dependent and independent variables.

The canonical loadings shown in Table 4 are the contributions or effects
of the independent variables on the canonical functions. The table shows that
four canonical functions were generated, and as seen from the second row, the
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Table 5: Set 2 Canonical Loadings
Variable | 2 3 4
Short Passing | -.249 | .909 | -.047 | .331
Long Passing | -.104 | .860 | .495 | -.071
Acceleration | -.989 | -.149 | .000 | -.007
Interceptions | -.107 | .801 | -.389 | -.442

Table 6: Proportion of Variance Explained

Canonical Variable | Set 1 by Self | Set 1 by Set 2 | Set 2 by Self | Set 2 by Set 1
1 204 .166 265 216
2 265 181 558 382
3 .085 013 .100 015
4 068 .002 077 .003

variables have numerical values, which plays a significant role in the rank-
ing of the canonical functions in terms of relevance. The values of —0.287,
—0.133, —0.449, and —0.824 for crossing, volleys, dribbling, and sprint speed,
respectively, implies that these variables have a negative effect on the first
canonical function. The table also shows that the variable, crossing, volleys,
and dribbling have a positive effect on both the second canonical function
with values of 0.399, 0.419, and 0.527, respectively.

Table 5 shows the canonical loadings of the four dependent variables on
the canonical functions. It can be seen that the variables short passing, long
passing, acceleration, and interception have values of —0.249, —0.104, —0.989,
and —0.107, respectively. This implies that they have negative effects on the
first canonical function. In the second canonical functions, it can be seen that
short passing, long passing, and interception all have a positive effect on the
canonical function.

Table 6 shows the proportion of variance between the canonical loadings
of the canonical functions in set 1 (Table 4) and set 2 (Table 5). The second
and fourth columns contain the variances explained by canonical loadings of
each canonical function and themselves. The third and fifth columns contain
the variances of each canonical function and other canonical functions.

The diagram in Fig. 4 is a pictorial representation of the canonical correla-
tion of canonical function 1 (C'F}) in Table 3 with respect to the independent
and dependent variables shown. It also shows the corresponding canonical
loadings of the given canonical functions in Tables 4 and 5. The diagram also

shows the variances of the independent and dependent variables, as seen in
Table 6.
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Table 7: KMO and Bartlett’s Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy.  .776

Bartlett’s Test of Sphericity | Approx. Chi-Square 446.655
df 91
Sig. .000

Table 8: Total Variance Explained

Component || Initial Eigenvalues Extraction Sums of Squared Loadings
Total | % of Variance | Cumulative % Total | % of Variance | Cumulative

1 5.541 | 39.576 39.576 5.541 | 39.576 39.576

2 2.479 | 17.709 57.285 2479 | 17.709 57.285

3 1.428 | 10.203 67.488 1.428 10.203 67.488

4 961 6.867 74.355

5 .705 5.038 79.392

6 .638 4.554 83.947

7 524 3.741 87.687

8 479 3.419 91.107

9 345 2.466 93.573

10 275 1.963 95.536

11 202 1.445 96.981

12 .198 1.411 98.392

13 129 919 99.311

14 .096 .689 100.000

Extraction Method: Principal Component Analysis.
a. When components are correlated, sums of squared loadings cannot be
added to obtain a total variance.

The diagram in Fig. 5 is a pictorial representation of the canonical correla-
tion of canonical function 2 (C'F) in Table 3 with respect to the independent
and dependent variables shown. It also shows the corresponding canonical
loadings of the given canonical functions in Tables 4 and 5. The diagram also
shows the variances of the independent and dependent variables, as seen in
Table 6.

The study shall only interpret the first two canonical functions if the sec-
ond canonical function is of considerable significance (Sherry et al., 2005).

4.2 Principal Component Analysis

The PCA was used to reduce the variables in the data for each of the play-
ing positions. The PCA groups the variables into components called principal
components (Forkman et al., 2019; Hotelling, 1993; Jolliffe, 2002; Stewart,
1993). The results of the PCA can be seen below:

Table 7 shows a Kaiser-Meyer-Olkin (KMO) measure of sampling ade-
quacy value of 0.776 and a significant value less than 0.0001 in the Bartlett’s
test, with both results indicating that the data are suitable for the principal
component analysis (Kaiser et al., 1974; Cureton et al., 2013; IBM, 2024;
Dziuban et al., 1974).

Table 8 shows the total variance explained by the variables in the cen-
ter defensive midfield analysis. The initial eigenvalue compartment in the
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Table 9: Component matrix

Component

1 2 3
Short Passing 860 | -.172 | -.204
Ball Control 856 | -.113 | -.167
Long Passing 786 | -.275
Vision 769 | -.198
Dribbling 712 | 214 -.122
Composure 700 | -.334 | -234
Interceptions 698 | -.262 | -.245
Crossing .609 | .153 497
Stamina 448 | 237 -.291
Acceleration 250 | .890 -.190
Sprint Speed .820 -.155
Agility 352 | 716
Volleys 553 .694
Long Shots 553 | 184 .587

Extraction Method: PCA
a. 3 components extracted.

table contains three columns. This compartment accounts for the variances
explained by the full set of initial factors. For optimality, we shall choose the
components whose eigenvalues are greater than one (IBM, 2024). The extrac-
tion sums of squared loadings compartment show that the PCA has extracted
three components, which can account for 67.488 percent of the variances in
the analysis. This implies that the PCA has reduced the factors to three.

Table 9 shows the correlations between the variables and the three unro-
tated factors (components). We can see the three components generated by the
PCA for the center defensive midfield analysis. The columns show the cor-
relation between the variables and the components under consideration. The
table shows that the correlation between the variable short passing and the
first PCA component is 0.860.

Table 10 shows the partial correlations between the variables and the three
rotated factors (components) generated by the PCA for the center defensive
midfield analysis after 4 iterations using the Oblimin with Kaiser normaliza-
tion method. This study will consider values above 0.45 (IBM, 2024; Velicer,
1976; Larsen et al., 2010; Kaiser et al., 1960; Velicer, 1976). The columns
show that 10, 7, and 8 variables have been grouped into the first, second, and
third components, respectively.

Table 11 shows the correlations among each of the three components and
themselves. The study will only consider correlation values that are < 0.4
(Taherdoost et al., 2014; IBM, 2024). The table shows that the correlation be-
tween component one and the other two components is weak since the values
are seen to be 0.128, and 0.382, respectively. The correlation between compo-
nents two and three is 0.154. This result also implies that the PCA is adequate
for the center defensive midfield data.

Figure 6 shows the 3D component plot of the first three components ex-
tracted by the PCA for the center defensive midfield data. The axes are scaled
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Table 10: Pattern matrix

Component

1 2 3
Short Passing || .880
Composure .837 -.147
Ball Control .830
Interceptions 813
Long Passing 741 -.149 | .208
Vision 731 154
Dribbling .555 344 | 139
Stamina 440 381 -.117
Acceleration 945
Sprint Speed -.178 | .842
Agility 758 .146
Volleys .905
Long Shots 812
Crossing 116 733
Extraction Method: PCA

Rotation Method: Oblimin with Kaiser
Normalization.
a. Rotation converged in 4 iterations.

Table 11: Component correlation matrix

Component 1 2 3

1 1.000 | .128 382
2 128 1.000 | .154
3 382 154 1.000

Extraction Method: PCA
Rotation Method: Oblimin with Kaiser
Normalization.

Component Plot in Rotated Space

Component2

n

: = a
cﬂmponent 1 Cw\po"\°‘ﬁ

Fig. 6: 3D component plot
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from —1 to 1. We can see the variables represented on the plot. Coefficients
close to —1 or 1 indicate that the variable strongly influences the component,
either negatively or positively (IBM, 2024; Barnett et al.,1987).

5 Discussion

The canonical correlation analysis was conducted using the variables short
passing, long passing, acceleration, and interception as the dependent vari-
ables and crossing, volleys, dribbling, sprint speed, agility, stamina, long shots,
vision, and composure as the independent variables to evaluate the multivari-
ate shared relationship between the two variable sets. The CCA yielded four
canonical functions(CF) with canonical correlations of 0.901, 0.828, 0.393,
and 0.184 for each successive canonical function. Only two of the canoni-
cal functions (C'F}) and (C'Fy) are statistically significant (p < 0.001), but
canonical function 1 (C'F}) showed more significance if we consider Wilks’s
= 0.048 and F'(36,159.131) = 5.504, as shown in Table 3. The variance be-
tween the dependent and independent canonical variates for C'F} is 64.42%
(Table 6).

The canonical loadings (Tables 4 and 5), which are the values contributed
to the canonical functions by each of the variables in the independent set
(set 1) and dependent set (set 2), have values of —0.287, —0.133, —0.449,
—0.824, —0.800, —0.355, —0.256, —0.129, and —0.104, respectively, for the
control variables. The variance of these nine variables is 20.4%. The depen-
dent variables in Table 5 (set 2) contain the canonical loadings of the depen-
dent variables on C'F} as —0.249, —0.104, —0.989, and —0.107. Also, from
Table 6, column 2, the variance of these four variables is 26.5%. We can see
from above that the highest contributors to the canonical function C'F} are
sprint speed, and agility, with values of —0.824, and —0.800, respectively.
While in the response set (set 2), we can see that acceleration is most af-
fected, with a response coefficient of —0.989. This is not to say that the other
predictor and response variables are inconsequential.

A quick look at C'F;, shows that the independent variables have values of
0.399,0.419,0.527, —0.251, —0.015,0.419,0.415, 0.812, and 0.837, respec-
tively. The C'F; dependent variables have coefficients of 0.909, 0.860, —0.149,
and 0.801. The variance of these nine control variables is 26.5%, while the
variance of these three response variables is 55.8%. We can see that the high-
est control variable coefficients of C'F} are vision and composure, with values
of 0.812 and, —0.837, respectively. The most affected in the response were
set short passing, acceleration, and interception (0.909, 0.860 and 0.801). The
variance between the dependent and independent canonical variates is 32.%.
The study shall not consider C'F; and C'F; because the variance between the
dependent and independent canonical variates is low.

The PCA was conducted using the variables crossing, short passing, vol-
leys, dribbling, long passing, ball control, acceleration, agility, stamina, vi-
sion, sprint speed, and composure. The PCA reduced the factors to three,
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showing the results for the three retained components (factors). The compo-
nent correlation matrix (Table 11) showed that the three extracted components
have weak correlations between themselves. Table 11 shows the pattern in
which the variables correlate with the three rotated factors (components) gen-
erated by the PCA for the center defensive midfield data. We shall be consid-
ering variables with correlation values above 0.45, which implies that we shall
accept only the first, second, and third components. The optimal variables in
the first component are short passing, composure, ball control, interceptions,
long passing, vision, and dribbling, with stamina falling short with a value
of 0.44. The second component will contain the variables acceleration, sprint
speed, and agility. The third component will contain variables such as volleys,
long shots, and crossing. We infer that after 4 iterations, the PCA grouped the
variables into three components as the most relevant variables (attributes) for
a center defensive midfield player.

6 Conclusion

The CCA showed that the first and second canonical functions were the
most significant. The study showed in the first canonical function, that at-
tributes such as dribbling, sprint speed, agility, and stamina should be consid-
ered more when considering a central defensive midfielder, especially when
acceleration is also a desire. This is because these attributes have a signifi-
cant influence on acceleration. The study also showed in the second canon-
ical function, that crossing, volleys, dribbling, stamina, long shots, vision,
and composure should be considered when selecting a central defensive mid-
fielder, as these attributes have huge influences on performance attributes such
as short passing, long passing, and interception. The canonical function is
more realistic and considers more attributes associated with a central defen-
sive midfielder, which is therefore more acceptable. The PCA produced three
principal factors. The results showed that the three extracted components have
weak correlations between themselves. The first component can be considered
optimal, with variables such as short passing, composure, ball control, inter-
ceptions, long passing, vision, and dribbling considered by the analysis as the
most relevant attributes of a center defensive midfielder.
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