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ABSTRACT

Central attacking midfielders are one of the most vital squad members because of their decisive contributions
to the team in the field of play. With teams now acquiring some talented players for as much as 103 million
euros, it has become more important than ever to critically investigate the attributes of a central attacking
midfielder. This study is designed to investigate the correlation between attributes (variables) such as crossing,
finishing, short passing, volleys, dribbling, curve, long passing, ball control, acceleration, sprint speed, agility,
stamina, vision, penalties, and composure, using multivariate analysis techniques. The study used canonical
correlation analysis (CCA) to analyze these correlations. The study produced three statistically significant
(p < 0.05) canonical functions (CF) with canonical correlations of 0.951, 0.661, and 0.570, respectively.
The study also showed that canonical function 1 (CF,) showed more significance (Wilks's 2 = 0.036 and
F(27,132.066) = 10.345). A principal component analysis (PCA) was conducted to determine the most
important variables for a central attacking midfielder. The PCA generated four components. The first
component showed itself to be optimal, with variables such as short passing, long passing, vision, composure,
and ball control highlighted as the most relevant attributes of a central attacking midfielder. The study also
developed a dynamical system that can be analyzed to understand the efficiency of the central attacking
midfielder with respect to the given variables and parameters.
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1. Introduction

Central attacking midfielders (CAM) in the sport of football, such as Bruno Fernandes
(Manchester United F.C.), Kevin De Bruyne and Bernardo Silva (Manchester City F.C.), Jamal
Musiala (FC Bayern Munich), Jude Bellingham and Luka Modric (Real Madrid CF), and co.,
are central attacking midfielders who are positioned between central midfield and the team’s
forwards, which is considered a more advanced midfield position. The central attacking
midfielders are molded to be primarily offensive and can have attributes such as dribbling, ball
control, and short passing. The study is interested discovering the most relevant attributes that
describe a standard central attacking midfielder. Players in this position have very expensive
price tags because of their immeasurable usefulness to the team. But finding prodigies with
lower price tags can also be an option for teams that are interested in recruiting from other
teams.

The club football transfer market is usually very intense, with Jude Bellingham costing
Real Madrid CF 103 million euros to secure his signature from Borussia Dortmund
(Mukherjee, 2024). It is important for club owners, management, and football coaches to
exercise caution when recruiting central attacking midfielders with heavy price tags. Players
can sometimes not replicate the performance for which the current club got attracted while they
were in their former clubs (Ritchie, 2024). In light of this uncertainty, it is important for teams
to be specific about the attributes they are looking for in their preferred central attacking
midfielder. It is also important to note that these central attacking midfielders’ attributes, such
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as crossing, finishing, short passing, volleys, dribbling, curve, long passing, ball control,
acceleration, sprint speed, agility, stamina, vision, penalties, and composure, can sometimes be
correlated with one another. Sometimes, recruiting agents might be focused on the ratings of
CAM players on certain attributes and might be discouraged when these players don’t rate
highly in those attributes, which might be a loss to the interested clubs, especially if these
players are available in the transfer market with considerable price tags.

The study has utilized canonical correlation analysis (CCA) and principal component
analysis (PCA), which are important multivariate statistical methods that can determine the
correlations between these attributes and therefore highlight substitute attributes to recruiters
in case the players of interest are not well rated in their attributes of interest. The footballer’s
attribute rating data was collected from FIFA players ratings online sources. The image below
shows the playing position of the CAM on the playing field.

Canonical correlation analysis is a measure of the interrelationships between sets of
multiple dependent variables and multiple independent variables (Akbas et al., 2005). The
method is a generalization of multiple regression analysis with more than one set of dependent
variables. It explores the relationship between two multivariant sets of variables (vectors)
measured on the same individual (Iweka et al., 2018; Kuss et al., 2003; Filho et al., 2022). Until
recent years, CCA was a relatively unknown statistical technique (Yang et al., 2008). The
technique is efficient for data reduction and interpretation (Lu et al., 2014; Akbas et al., 2005;
Filho et al., 2022; Nayir et al., 2022).

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 (Richardson, 2009; Ramakrishna et al., 2024), The PCA is one
of the most important results of applied linear algebra (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 (Janicijevic¢ et al., 2022; Divya et al., 2024). The position of a CAM
player on the field can be seen in the image below.

Figure 1.1. The position of a CAM player (Image credit: Google.com).

2. Material and Methods
The study is an analysis of attributes associated with a football central attacking
midfield player using canonical correlation analysis, and principal component analysis, which
are multivariate analysis techniques.
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2.1 Data Collection

The football player ratings data used in this study was extracted from players rating
website (https://fifaratings.com, accessed on 18 February 2022). The study has used both
Microsoft Word and Microsoft Excel as a data configuration and deposit bank before
proceeding to use SPSS for the analysis.

2.2 Procedure and Data Analysis

The quantitative data used in this study was analyzed using SPSS 25 (IBM, 2017). The
study tested the data for missing data, multivariate normality, linearity, multicollinearity, and
singularity before conducting the multivariate analysis using canonical correlation analysis and
principal component analysis techniques.

3. Multivariate Assumption Testing
In this section, 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 Tests of Normality
Table 3.1. Tests of Normality

Shapiro-Wilk
Statistic df Sig.
Crossing 975 57 .284
Finishing .964 57 .084
Short Passing .968 57 129
Volleys .962 57 .073
Dribbling .965 57 .099
Curve .960 57 .058
Long Passing 974 57 .243
Ball Control 975 57 278
Acceleration .976 57 .306
Sprint Speed .984 57 .655
Agility .982 57 541
Stamina .967 57 116
Vision 979 57 418
Penalties .981 57 .500
Composure .985 57 704

A Shapiro-Wilk test was conducted, and from Table 3.1, we can see the statistics for
all the variables (crossing, finishing, short passing, volleys, 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
assumption of normality.
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Figure 3.1. Boxplot for the data outlier check

The boxplot in Figure 3.1 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 assumption on outliers, the study has ensured
that only points within the interquartile range (IQR) were retained. Points below the 25th (Q,)
percentile and above the 75th (Q3) percentile have been removed from the dataset. As we can
see, variables such as crossing, finishing, short passing, vision, dribbling, etc. are within the
IQR. Therefore, we infer that there are no outliers in the dataset, and the assumptions have not
been violated (Grubbs, 1969; Ruan et al., 2005; Zimek et al., 2018; Hodge et al., 2004; Barnett
et al., 1994; Ramaswamy et al., 2000; Schubert et al., 2012).

3.2 Test for Non-Multicollinearity

The study has tested for multicollinearity, which, of course, occurs when the
independent variables are highly correlated (Gujarati, 2009; Leamer, 1973; Giles, 2011). 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 test shows that curve and crossing are
both significantly highly correlated with a value of 0.822, which is above 0.80. Acceleration
and sprint speed are also significantly highly correlated with a value of 0.802..This study has
removed curve and sprint speed from the model.

3.3 Test for Independence of Observation

The study has tested for the independence of observation using the Durbin-Watson test
statistics. The Durbin-Watson test statistics have values ranging between 0 and 4 (Durbin et
al., 1950). A value of 0 < x < 2 indicates a positive autocorrelation, and avalue of 2 < x < 4
indicates a negative autocorrelation (Durbin et al., 1951). Although Durbin-Watson test
statistics value of 1.5 < x < 2.5 can be accepted to show the independence of the observations
(King, 1983; Dufour et al., 1985; Fahidy, 2006).

Table 3.2. Test for Independence of Observation

Model Dependent Variables Durbin-Watson

1 Finishing 2.154
2 Crossing 2.068
3 Short Passing 2.001
4 Volleys 2.062
5 Dribbling 2.242
6 Long Passing 2.010
7 Ball Control 2.003
8 Acceleration 2.041
9 Agility 2.002
10 Stamina 2.372
11 Vision 2.013
12 Penalties 2.476
13 Composure 2.000
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The test for independence of observation using the Durbin-Watson test statistics shown
in Table 3.2 indicates that there is a negative autocorrelation between the dependent variables
and the predictor variables (finishing, crossing, stamina, acceleration, penalties, long passing,
volleys, composure, ball control, vision, agility, short passing, and dribbling). Therefore, the
study infers that the variables taken as the dependent variables, the assumption of independence
of observations is not violated.

3.4 Test for Homoscedasticity

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

The study tested the data for homoscedasticity by plotting histograms of standardized
residual. The study tested each of the variables independently to ensure that the assumption is
not violated. The plots of the variables (finishing, crossing, short passing, volleys, dribbling,
long passing, ball control, acceleration, agility, stamina, vision, penalties, and composure). A
visual inspection of the histograms showed that the data contained 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 (finishing, crossing, short passing, volleys,
dribbling, long passing, ball control, acceleration, agility, stamina, vision, penalties, and
composure) have an element of deviation from normality at some point along the line. This is
because some points can be seen to not be exactly on the line but very close to it. We infer that
these negligible deviations, 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 (finishing, crossing, short passing,
volleys, dribbling, long passing, ball control, acceleration, agility, stamina, vision, penalties,
and composure) are evenly spread from left to right without any major clutter. This also affirms
the claim that the data for the various variables under consideration are normally distributed.
Considering results and discoveries from the histogram plots, P-P plots, and scatterplots of data
for these variables, the study hence infer that these data do not violate the homoscedasticity
condition.

4, Result

The study shall analyze the central attacking midfield data using both the canonical
correlation analysis and the principal component analysis.
4.1 Canonical Correlation Analysis

Let the dependent variables be crossing, finishing, and short passing, while the
independent variables be dribbling, long passing, ball control, acceleration, agility, stamina,
vision, penalties, and composure.

Table 4.1. Canonical Correlations

Correlation Eigenvalue Wilks Statistic F Num D.F Denom D.F. Sig.
1 .951 9.492 .036 10.345 27.000 132.066 .000
.661 77 .380 3.578 16.000 92.000 .000

570 481 .675 3.232 7.000 47.000 .007
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Table 4.1 shows the three canonical functions generated and their canonical correlations when
the CCA was conducted using the variables crossing, finishing, and short passing as the
dependent variables and dribbling, long passing, ball control, acceleration, agility, stamina,
vision, penalties, and composure as the independent variables. The canonical functions (CF)
with canonical correlations of 0.951, 0.661, and 0.570 can be seen in the table. The table also
indicates that these canonical functions are statistically significant (p < 0.05). With Wilks's
A = 0.036 and F(27,132.066) = 10.345, canonical function 1 (CF;) showed more
significance with correlation value of 0.951. The eigenvalues (9.492,0.777, and 0.481) are
the shared variance between the three canonical variates of dependent and independent
variables.
Table 4.2. Set 1 Canonical Loadings

Variable 1 2 3

Dribbling -.480 .084 523
Long Passing -.484 .501 -.588
Ball Control -.740 .081 221
Acceleration -.180 -447 215
Agility -.375 -.023 .383
Stamina -.180 -.344 -.758
Vision -.921 -.021 .078
Penalties -.435 -.107 .148
Composure -.660 .020 -.076

The canonical loadings shown in Table 4.2 are the contributions or effects of the
independent variables on the canonical functions. The table shows that three canonical
functions were generated, and as seen from the second row, the variables have numerical values,
which plays a significant role in the ranking of the canonical functions in terms of relevance.
The values of -0.480, -0.484, and -0.740 for dribbling, long passing and ball control,
respectively, implies that these variables have a negative effect on the first canonical function.
The table also shows that the variable, dribbling, has a positive effect on both the second and
third canonical functions with values 0.084, and 0.523, respectively.

Table 4.3. Set 2 Canonical Loadings

Variable 1 2 3

Crossing =172 .017 .636
Finishing -421 -.907 -.018
Short Passing -.870 .346 -.352

Table 4.3 shows the canonical loadings of the three dependent variables on the
canonical functions. It can be seen that the variables crossing, finishing, and short passing have
values of -0.772, -0.421, and -0.870, respectively. This implies that they have negative effects
on the first canonical function. In the second and third canonical functions, it can be seen that
crossing has a positive effect of 0.017, while the other two both have negative effects.

Table 4.4. 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 .299 271 510 461
2 .066 .029 314 137
3 .163 .053 176 .057

Table 4.4 shows the proportion of variance between the canonical loadings of the
canonical functions in set 1 (Table 4.2) and set 2 (Table 4.3). The second and fourth columns
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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.
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Figure 4.1. CC CF; diagram

The diagram in Fig. 4.1 is a pictorial representation of the canonical correlation of
canonical function 1 (CF;) in Table 4.1 with respect to the independent and dependent
variables shown. It also shows the corresponding canonical loadings of the given canonical
functions in Tables 4.2 and 4.3. The diagram also shows the variances of the independent and
dependent variables, as seen in Table 4.4.
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Figure 4.2. CC CF, diagram
The diagram in Fig. 4.2 is a pictorial representation of the canonical correlation of
canonical function 2 (CF,) in Table 4.1 with respect to the independent and dependent
variables shown. It also shows the corresponding canonical loadings of the given canonical
functions in Tables 4.2 and 4.3. The diagram also shows the variances of the independent and
dependent variables, as seen in Table 4.4.
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Figure 4.3. CC CF; diagram

The diagram in Fig. 4.3 is a pictorial representation of the canonical correlation of
canonical function 3 (CF;) in Table 4.1 with respect to the independent and dependent
variables shown. It also shows the corresponding canonical loadings of the given canonical
functions in Tables 4.2 and 4.3. The diagram also shows the variances of the independent and
dependent variables, as seen in Table 4.4.

Considering the multiple canonical functions generated when using CCA, it is
recommended that researchers only interpret those canonical functions that explain a
reasonable amount of variance between the variable sets or risk interpreting an effect that may
not be noteworthy (Sherry et al., 2005). In their example, they chose to interpret the first two
canonical functions, as they explained 38.1% and 20.0% of the variance within their canonical
functions, respectively. In this study, the study shall only interpret canonical functions as they
have the highest variance between the variable sets, and in some cases, the first two canonical
functions if the second canonical function is of considerable significance.

4.2 Principal Component Analysis

The study shall use the principal component analysis (PCA) to reduce the variables in
the data for each of the playing positions we are considering in this study. The PCA can do this
by grouping the variables into components called principal components. This mathematical
technique generates a few linear combinations of the original variables that maximally explain
the variance of all the variables.

The study shall carry out a principal component analysis (PCA) of the central attacking
midfield data.
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Table 4.5. Correlation matrix
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Correlation  Crossing 1.000 .298 453 455 543 822 .148 .624 .205 .054 414 -146 704 372 457
Finishing .298 1.000 .058 508 137 .232 -.101 .245 .338 372 160 .286 .380 .237 .253
Short Passing 453 .058 1.000 .282 .312 .484 .633 .586 .003 -121 228 222 741  .306 .565
Volleys 455 508 282 1.000 .298 512 -.037 376 .186 199 279 -.049 411 440 .354
Dribbling 543 137 312 298 1.000 .597 -.196 762 .606 341 730 -248 .338 .060 .203
Curve 822 232 484 512 597 1.000 .095 .680 .220 129 435 -172 538  .444 .400
Long Passing 148 -.101 .633 -.037 -196 .095 1.000 139 -.273 -299 -154 210 .486 .115 .314
Ball Control 624 245 586 376 .762 .680 139 1.000 .325 101 634 -054 521 .223 483
Acceleration 205 .338 .003 .186 .606 .220 -.273 .325  1.000 .802 .732 .083 .163 .009 .039
Sprint Speed .054 372 -121 199 341 129 -.299 101 .802 1.000 .392 .122 -.005 .047 -.013
Agility 414 160 228 279 730 435 -.154 .634 132 392 1.000 .005 .334 .165 277
Stamina -146  .286 222 -.049 -248 -.172 210 -.054 .083 122 .005 1.000 .098 .100 .246
Vision 704 .380 741 411 338 538 486 521 163 -005 .334 .098 1.000 .351 .532
Penalties 372 237 306 440 .060 .444 115 223 .009 .047 165 .100 .351 1.000 .329
Composure 457 253 565 .354 .203 .400 314 483 .039 -013 277 246 532 .329 1.000

a. Determinant = 5.974E-6

Table 4.5 shows the correction matrix of the central attacking midfield analysis, which indicates the level at which each variable correlates
with other variables and itself. The table shows the correlations between these variables, which go from 0 to 1. The study shall consider values
less than 0.3, meaning that the variables concerned are less correlated or weakly correlated. The study shall also consider values above 0.8 to be
strongly correlated. The study shall neglect values near 0.8 in this study. Note that all variables will have correlation values equal to 1 between
themselves. The determinant of the matrix can be seen at the bottom of the table, with a value of 5.974 x 10~°. This shows that the correlation
matrix is nonsingular.
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Table 4.6. Sampling adequacy and sphericity test
KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .687
Bartlett's Test of Sphericity Approx. Chi-Square 603.412
df 105
Sig. .000

Table 4.6 shows the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy and
Bartlett's test of sphericity. The KMO assesses the suitability of the data for principal
component analysis by measuring the degree of coherence between variables. VValues from the
test go from 0 to 1, with values greater than 0.5 considered suitable and values within 0.9
considered excellent (IBM, 2024). The Bartlett's test measures the hypothesis of homogeneity
of the correlation matrix. The significance value (p-value) of the Bartlett's test is appropriate
when less than 0.05 (Kaiser et al., 1974; IBM, 2024; Cureton et al., 2013; Dziuban et al., 1974).
The table shows a KMO value of 0.687 and a significant value less than 0.0001 in the Bartlett’s
test, with both results indicating that central attacking midfield analysis data are suitable for
the principal component analysis.

Table 4.7. Extracted component results
Total Variance Explained
Rotation Sums of

Initial Eigenvalues Extraction Sums of Squared Loadings Squared Loadings?
% of

Component  Total Variance ~ Cumulative % Total % of Variance = Cumulative % Total

1 5.535 36.899 36.899 5.535 36.899 36.899 3.795
2 2.769 18.457 55.356 2.769 18.457 55.356 3.908
8 1.670 11.133 66.489 1.670 11.133 66.489 2.033
4 1.342 8.944 75.433 1.342 8.944 75.433 3.536
5 734 4.893 80.326

6 .672 4.477 84.803

7 498 3.323 88.126

8 455 3.036 91.162

9 .396 2.643 93.804

10 .315 2.101 95.905

11 .256 1.705 97.610

12 129 .858 98.467

13 112 .748 99.216

14 .068 455 99.670

15 .049 .330 100.000

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

Table 4.7 shows the total variance explained by the variables in the central attacking midfield
analysis. The initial eigenvalue compartment in the table contains three columns. This compartment
accounts for the variances explained by the full set of initial factors. For optimality, the study choose
the components whose eigenvalues are greater than one (IBM, 2024). The extraction sums of squared
loadings compartment show that the PCA has extracted four components, which can account for
75.433% of the variances in the analysis. This implies that the PCA has reduced the factors to four. The
last compartment in the table shows the rotation sums of squared loadings, which show the variances
explained by the rotated factors.

Table 4.8. Component matrix
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Component
1 2 3 4

Ball Control .832 -.253 A77
Curve .819 -.264 -.240
Crossing .816 124 -.217 -.206
Vision .768 .389

Dribbling 720 -.437 -.385 .180
Agility .678 -.467 -.101 .297
Short Passing .657 .557 .329
Volleys .615 192 -.537
Composure .613 373 .206

Penalties 463 .230 .220 -.459
Long Passing .182 755 .369
Acceleration 474 -.743 .208 .297
Sprint Speed .285 -.708 400 101
Stamina .180 776 .361
Finishing 443 -.175 .617 -.324

Extraction Method: Principal Component Analysis.
a. 4 components extracted.

Table 4.8 shows the correlations between the variables and the four unrotated factors
(components). We can see the four components generated by the PCA for the central attacking
midfield analysis. The columns show the correlation between the variables and the components
under consideration. The table shows that the correlation between the variable ball control and
the first PCA component is 0.832.

Table 4.9. Pattern matrix

Component
1 2 3 4

Short Passing 911

Long Passing .850 276 .185 .183
Vision .690 -.124 -.318
Composure .614 119 -.284
Acceleration -.125 -.955 .204

Agility .168 -.850 -117

Dribbling 138 -.786 -431

Sprint Speed -.307 -.726 .350 -.152
Ball Control 494 -.519 -.323

Stamina .366 .848

Curve .283 -.232 -.476 -.457
Volleys -117 -.830
Finishing -.106 -.164 .383 -.730
Penalties 110 .202 -.720
Crossing .353 -.195 -.419 -.448

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.

a. Rotation converged in 22 iterations.

Table 4.9 shows the partial correlations between the variables and the four rotated
factors (components) generated by the PCA for the central attacking midfield analysis after 22
iterations using the Oblimin with Kaiser normalization method. This study will consider values
above 0.45 (IBM, 2024; Larsen et al., 2010; Kaiser et al., 1960; Velicer, 1976). The columns
show that 14, 11, 12, and 9 variables have been grouped into the first, second, third, and fourth
components, respectively.
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Table 4.10. Component correlation matrix

Component 1 2 3 4

1 1.000 -.072 -.141 -.279
2 -.072 1.000 .094 312
3 -.141 .094 1.000 .060
4 -.279 312 .060 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.

Table 4.10 shows the correlations among each of the four components and themselves.
The study will only consider correlation values that are less than or equal to 0.32 (Taherdoost
etal., 2014; IBM, 2024). The table shows that the correlation between component one and the
other three components is weak since the values are seen to be -0.072, -0.141, and -0.279,

respectively. This result also implies that the PCA is adequate for the central attacking midfield
data.
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Figure 4.4. 3D component plot
Figure 4.4 shows the 3D component plot of the first three components extracted by the PCA
for the central attacking midfield data. The axes are scaled 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).

4.3 Mathematical Model Formulation: Attack-Oriented Play

This model is designed to analyze the central attacking midfield contribution to the
game. The variables in consideration are both those derived from the optimal variables of the
canonical correlation analysis and principal component analysis of attributes of the playing
position and the in play attainable realities.

4.3.1 Model Assumption
The model was developed under these assumptions.
1. The contributing variables are attributes.
2. The parameters are rates at which the attributes contribute to the receiving (in play)
variables.
3. The attributes are skills, and the in-play variables depend on the measure of the skills
used.
4. Possession is retained throughout the period of analysis.
Initiating an attack is prioritized.
6. Increasing the use of these skills is prioritized.

o
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Figure 4.5. Flow chat of the model
Table 4.11. Description of variables and parameters

Variables Description

Sp Short passing

Lp Long passing

|4 Vision

Cc Composure

B¢ Ball control

D Dribbling

A Assists

To Take-on

Cc Goal scoring chances created

Py Play switch

D, Dribbles

P, Pass accuracy

Parameters Description Value
Ha Rate at which short passes result to assists --
Uc Rate at which short passes result to goal scoring chances --
Upa Rate at which short passes are accurate passes

ay Rate at which long passes result to assists --
ac Rate at which long passes result to goal scoring chances --
Apg Rate at which long passes are accurate passes --
ap Rate at which long passes result to play switch --
Ppa Rate at which vision contribute to accurate passes --
Pp Rate at which vision contribute to play switch --
P Rate at which vision contribute to take-on --
P4 Rate at which vision contribute to assists --
oc Rate at which composure contribute to the creation of goal scoring chances --
op Rate at which composure contribute to dribbles --
04 Rate at which composure contribute to assists --
wr Rate at which ball control contribute to take-on --
®p Rate at which ball control contribute to dribbles --
wp Rate at which ball control contribute to play switch --
Br Rate at which dribbling contribute to take-on --
B Rate at which dribbling contribute to dribbles --

Following the model flow chart in Figure 4.5 and the assumptions in Table 4.11, we

have the following partial differential equations;
as

a_tp = —UaSp — UcSp — UpaSp

aLp

at —aygLlp —aclp — apglp — aplp
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av

5 = “WYedV —YpV =V =PV
ac

Py —@cC — opC — @uC

aa% = _(UTBC - (UDBC —_ wPBC

aD
Py —pBrD — BpD

Z_f = UaSp + aglp + PV + @4C
aaLtO = wrB¢ + frD

% = pucSp +aclp + PV + @cC
% = apLp +YpV + wpB,

aaDtr = ¢pC+ wpBc + BpD

P,

ET 1paSp + ApaLp + PpaV
Let the initial conditions be:

Sp = (0),Lp = (0),V = (0),C = (0),B; = (0),D = (0),A = (0),T, = (0),Cc >
(0), Ps = (0),Dr 2 (0), Fy = (0).

5. Discussion

The canonical correlation analysis result for central attacking midfield Analysis was
conducted using the variables crossing, finishing, and short passing as the dependent variables
and dribbling, long passing, ball control, acceleration, agility, stamina, vision, penalties, and
composure as the independent variables to evaluate the multivariate shared relationship
between the two variable sets. The CCA yielded three canonical functions (CF) with canonical
correlations of 0.951, 0.661, and 0.570 for each successive canonical function. It is important
to state that all the canonical functions are statistically significant (p < 0.05), but canonical
function 1 (CF;) showed more significance if we consider Wilks's 4 = 0.036 and
F(27,132.066) = 10.345, as shown in Table 4.1. The variance between the dependent and
independent canonical variates of CF; is 88.3% (Table 4.4). This was obtained from
calculating the percentage of the eigenvalue of CF;.

The canonical loadings (Table 4.2 and 4.3), 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 —0.480, —0.484, —0.740, —0.180,—0.375,—0.180, 0.921, —0.435,
and —0.660, respectively. The variance of these nine variables is 29.9%. This was obtained
from Table 4.1, column 1 (proportion of variance explained). Looking at the dependent
variables in Table 4.3 (set 2), we can see that the canonical loadings of the variables crossing,
finishing, and short passing on CF; are —0.772,—0.421, and —0.870. Also, from Table 4.4,
column 2, the variance of these three variables is 51%. We can see from above that the highest
contributors to the canonical function CF; are vision, ball control, and composure, with values
of —0.921, —0.740, and —0.660, respectively. While in the response set (set 2), we can see
that short passing and crossing are most affected, with response values of —0.870 and —0.772,
respectively, for the independent variables. This is not to say that the other predictor and
response variables are inconsequential, as we can see that their values are considerably high as
well, apart from acceleration and stamina, whose values can be seen to be less than —0.2.

A quick look at CF, shows that the independent variables (dribbling, long passing, ball
control, acceleration, agility, stamina, vision, penalties, and composure) have values of
0.084,0.501,0.081,—0.447, —0.023, —0.344, —0.021, —0.107, and 0.020, respectively.
The CF, dependent variables have coefficients of 0.017,—0.907, and 0.346. The variance of
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these nine control variables is 6.6%, while the variance of these three response variables is
31.4%. We can see that the highest control variable coefficients of CF, are long passing and
acceleration, with values of 0.50 and —0.447, respectively. The most affected variable in the
response set is finishing (—0.907). Although we shall not consider working with CF, and CF;
because the variance between the dependent and independent canonical variates is low (7.23%
and 4.47%, respectively).

The principal component analysis (PCA) result for central attacking midfield analysis
was conducted using the variables crossing, finishing, short passing, volleys, dribbling, long
passing, ball control, acceleration, agility, stamina, vision, penalties, curve, sprint speed, and
composure. The PCA reduced the factors to four, showing the results of the four retained
components (factors). The component correlation matrix (Table 4.10) showed that the four
extracted components have weak correlations between themselves. Table 4.9 shows the pattern
in which the variables correlate with the four rotated factors (components) generated by the
PCA for the central attacking midfield data. We shall be considering variables with correlation
values above 0.45, which implies that we shall accept only the first and fourth components.
The optimal variables in the first component are short passing, long passing, vision, composure,
and ball control. The fourth component will contain only one variable, stamina. We infer that
after 22 iterations, the PCA grouped the variables in the first and fourth components as the
most relevant variables (attributes) for a central attacking midfield player.

6. Conclusion

The canonical correlation analysis showed that the first canonical function showed
better correlation between the variates. The attributes dribbling, long passing, ball control,
agility, vision, penalties, and composure showed huge influences on the attributes crossing,
finishing, and short passing, which are more associated with players playing in such positions
(central attacking midfield). This analysis suggests that central attacking midfielders should be
scouted for possible recruitment and considered for possible selection in games, considering
the first attributes listed above. These attributes have been considered by this analysis to be the
major influencers of performance attributes (crossing, finishing, and short passing). The
principal component analysis (PCA) result produced four principal factors. The results showed
that the four extracted components have weak correlations between themselves. The first
component can be considered optimal, with variables such as short passing, long passing,
vision, composure, and ball control considered by the analysis as the most relevant qualities of
a central attacking midfielder. The dynamical system in figure 4.5 was generated to show how
these optimal attributes relate with each other to produce an efficient central attacking
midfielder. The mathematical model can be analyzed to understand the efficiency of the CAM
with respect to the given variables and parameters.
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