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ABSTRACT

This study aims to quantify the issuance of coaching certifications in Tiirkiye using artificial neural networks
(ANN) and an adaptive neuro-fuzzy inference system (ANFIS). Coaching plays a pivotal part in athlete
development, and meticulous preparation is essential for the enduring success of sports. The study compared the
performance of ANN and ANFIS models using coaching certificate data from 2002 to 2022. The findings indicate
that the ANFIS model yields more precise predictions compared to the ANN model, with R? = 0.9998 and MAPE
=0.9. The ANN model has somewhat inferior performance, with R?> = 0.9420 and MAPE = 8.3. In summary, the
ANFIS model has demonstrated superior accuracy in predicting non-linear data sets and serves as an excellent
instrument for determining the requisite number of coaches. This study's findings indicate that artificial
intelligence-based models for projecting coaching certificate numbers in Tiirkiye are beneficial and serve as a
valuable asset for strategic planning in sport management.
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OZET

Bu calisma, Tiirkiye'de antrenorlilk sertifikalariin verilmesini yapay sinir aglart (ANN) ve adaptif néro bulanik
¢ikarim sistemi (ANFIS) kullanarak nicellestirmeyi amaglamaktadir. Antrendr, sporcularin gelisiminde énemli bir
rol oynar ve titiz bir hazirlik, sporun siirdiiriilebilir basarisi i¢in gereklidir. Calisma, 2002'den 2022'ye kadar olan
antrenorliik sertifikast verilerini kullanarak ANN ve ANFIS modellerinin performansini karsilagtirdi. Bulgular,
ANFIS modelinin ANN modeline kiyasla daha hassas tahminler sagladigini, R? = 0,9998 ve MAPE = 0,9
degerleriyle gosteriyor. ANN modeli ise R? = 0,9420 ve MAPE = 8,3 ile biraz daha diisiik bir performansa sahiptir.
Ozetle, ANFIS modeli, dogrusal olmayan veri setlerini tahmin etmede istiin bir dogruluk sergilemis ve gerekli
antrenor sayisini belirlemede miitkemmel bir ara¢ olarak hizmet etmistir. Bu ¢alismanin bulgulari, Tiirkiye'de
antrenorlilk belgesi sayilarini tahmin etmek igin yapay zeka tabanli modellerin faydali oldugunu ve spor
yonetiminde stratejik planlama igin degerli bir varlik olarak hizmet ettigini gostermektedir.

Anahtar Kelimeler: Antrendrliik sertifikalari, spor yonetimi, makine 6grenimi, tahmin yontemleri
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1. INTRODUCTION

In recent years, the study of sports performance has garnered significant attention,
revealing a deeper understanding of the diverse elements that influence an athlete's success
(Yang et al., 2024). The coaches represent one of these elements. Coaches are critical in creating
a conducive training and competitive environment that fosters motivation, encourages
participation, and improves performance at the same time (De Backer et al., 2021; Van Meervelt
et al., 2024). Athletes attribute their success to a confluence of sport-specific elements, such as
governmental financial and political backing, access to advanced facilities, and the opportunity
to receive high-caliber coaching and training encompassing technical, tactical, and cognitive
expertise from proficient coaches (Zheng & Chen, 2016). As a result, coaching is critical in

both sports and for players.

The demographic composition of Tiirkiye includes a significant proportion of children
and adolescents (TurkStat, 2024). Turkish individuals have consistently engaged in and
prioritized sports. Children were compelled to engage in sports from a young age (Akca & Ozer,
2016). Based on empirical research, developed nations in sports have structured their coaching
training programs, which significantly influence athlete development and success (Tiryaki,
1994). Coaches, who significantly influence the training and success of players, are the focus
of sports in developed nations. In Tiirkiye, the General Directorate of Youth and Sports (GSGM)
Department of Sports Education and university faculties of sports sciences are responsible for
coach training, as mandated by Law No. 3289, with training programs grounded in scientific
research (Acikada et al., 2022; Sunay & Imamoglu, 1996) Sport significantly contributes to the

economic, social, and cultural advancement of a nation (Yetim, 2000).

The sports industry positively impacts the economy at both micro and macro levels,
exhibits high participation rates, attracts media interest, serves as a significant source of
government revenue (including tax income), and involves extensive advertising and
promotional activities (Sivrikaya & Demir, 2019). Consequently, the role of coaching in sports
and athlete development may be significant for a nation. Machine learning, a subset of artificial
intelligence, provides a methodical framework for deriving insights from data and developing
models for precise predictions (Jia et al., 2023). Artificial Neural Networks (ANN), a subset of
machine learning, are recognized for their efficacy in predicting computations (Colak & Colak,

2024; Senol et al., 2024b). The Adaptive Neuro-fuzzy Inference Systems (ANFIS) are much
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better than traditional and artificial intelligence methods at accurately modeling and predicting
processes with complex and non-linear input-output interactions (Al-Mahasneh et al., 2016).
Consequently, it can be asserted that artificial intelligence in the realm of sports is progressively

advancing each day.

The current literature contains several instances of machine learning research in the
domain of sports, both globally and within Tiirkiye. Schlembach et al. (2022) forecast the
Olympic medals for 206 nations utilizing the random forest (RF) methodology. Lokhande et al.
(2024) forecasted cricket pitcher performances utilizing Random Forest (RF), Support Vector
Machine (SVM), Decision Tree (DT), AdaBoost, XGBoost, and LightGBM methodologies.
Nguyen et al. (2022) used linear regression (LR), gradient boosting machine (GBM), SVM, RF,
and ANN to predict how well NBA players would do and how popular they would be.
Jauhiainen et al. (2021) advocated for RF and logistic regression (LGR) in identifying injury
risk variables among youth team players. Hubacek et al. (2019) employed the LGR approach
in their research on profitability in the NBA sports betting industry. In research on sports
prediction and betting, Wilkens (2021) favored LGR, neural networks (NN), RF, gradient
boosting machines (GBM), and SVM for tennis analysis. Langaroud and Yamaghani (2019)
employed ANN, Bayesian methods (BM), LGR, SVM, and ANFIS to forecast sports outcomes.
Zhu and Sun (2020) favored SVM in their research on athlete performance. Chu et al. (2022)
employed the CatBoost algorithm in their research on the recuperation from sports-related
concussions. Amendolara et al. (2023) conducted a study and comparison of the literature about
machine learning applications in sports injuries. Atasoy et al. (2017) estimated the number of
licensed athletes in the field of combat sports using ANN. Dalkili¢ et al. (2017b) employed
ANN to estimate the number of licensed wrestlers. Dalkili¢ et al. (2017a) opted for ANN to
estimate the number of licensed athletes with disabilities. Dalkili¢ et al. (2017c) utilized
artificial neural networks to predict the number of licensed athletes in underwater sports, water
polo, and swimming. Colak and Senol (2023) utilized ANN to estimate the number of licensed
athletes in Tiirkiye by the year 2030. Komar et al. (2023) analyzed the statistics of the Turkish
and Italian volleyball super leagues from 2013 to 2020 using machine learning methods.
Altundag et al. (2024) use ANN to predict the rankings of the Turkish Volleyball Federation's

Efeler and Sultanlar Leagues.

This study aims to estimate the quantity of coaching certifications granted in Tiirkiye

using ANN and ANFIS methodologies. Coaching certifications are crucial in the athlete training
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process and immediately influence the quality and quantity of instructors. In Tiirkiye, which is
characterized by a youthful demographic and the significant role of sport in social, cultural, and
economic advancement, the education and accreditation of coaches are essential for the
enduring success of athletics. To enhance the efficacy of state policies, sports infrastructure,
and training programs, it is essential to strategically prepare for the future need for coaches and
their training. This study seeks to forecast the number of coaches over certain years by
analyzing the efficacy of machine learning techniques in sports administration and education.
Because they can handle complex and nonlinear datasets, ANN and ANFIS models have been
shown to be useful for predicting future patterns based on past patterns of coach certificate
issuance. The study's predictions seek to enhance the formulation of effective tactics in sports
management and the advancement of coach education programs. Furthermore, this modeling
can improve Tiirkiye's sports policy management and facilitate national achievement in sports
by setting a significant precedent for the application of artificial intelligence methodologies in

sports sciences.
2. Theoretical Method
2.1 Artificial neural networks

ANNSs, are computer programs that try to copy the structure and behavior of biological
neurons found in the brain (Geirhos et al., 2017). ANNs include linked nodes or neurons
organized in layers, with one or more hidden layers that link the input layer to the output layer
(Senol et al., 2024b; Senol et al., 2024c). These pieces are carefully linked to create a network.
This architecture is engineered to adeptly handle certain inputs and exemplifies the intricate
operational framework of neural networks (Ding et al., 2013; Hasan et al., 2024; Senol et al.,
2024a; Senol et al., 2021). These outputs, which are the intended predictions obtained from the
predictive variables in the input layer, are determined by the learning algorithm (Silva et al.,
2024). The attributes of its components, the architecture of its interconnections, and the
modifications to these connections throughout the training process influence the selection of an
ANN (Mateo-Barcos et al., 2024). Various activation functions are employed to provide output
results (Liu et al., 2023). The tangent sigmoid function was utilized in the ANN developed for
prediction (Equation 1).
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Levenberg-Marquardt (LM) is a robust and adaptable optimization method extensively
employed in diverse scientific and engineering domains, particularly for addressing intricate
nonlinear least squares issues (Gavin, 2019). The LM technique is appropriate for optimizing a

nonlinear multivariate objective function (Equation 2)(Liu et al., 2024).

Xk+1:Xk_(JkTJk"'ﬂl)_l‘]ka(Xk) (2)

In Equation 2, f(xk) denotes the positional error at the kth iteration, while the deviation vector
of the geometric parameters at the kth iteration is referred to as xx. At the kth iteration, k
denotes the Jacobian matrix, whereas p is referred to as the damping factor. Figure 1

illustrates the process diagram of the artificial neural network (ANN).
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Figure 1. Artificial neural networks workflow.

The ANN model developed for forecasting the issuance of coaching certifications in

Tiirkiye from 2002 to 2022 utilized the Matlab R2019a software. The LM algorithm was used
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as the training method. Tangent sigmoid functions were employed as activation functions. The
dataset was partitioned into 80% training, 10% validation, and 10% test sets. The dataset was
utilized to assess the networks' performance using the coefficient of collinearity (R?). The ANN
model utilized population, gross domestic product (GDP), exports, power consumption, the

number of sports clubs, and the number of athletes as input parameters, resulting in the 6-15-1

structured ANN architecture seen in Figure 2.
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Figure 2. Artificial neural network architecture (6-15-1) (Gross domestic product).

2.1.1. Sensitivity analyses

Sensitivity Analysis reveals the effect of various input parameters on model results and
measures their importance by including the product of link weights from a trained neural
network-based model (Llanto et al., 2024). In the sensitivity analyses of the models for the
prediction of the number of coaching certificates, Garson algorithm and Yoon algorithm were

preferred for ANN model.
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2.1.2. Garson algorithm

The relative significance (RI) of the input parameters to the stability number is
determined using the Garson algorithm (Garson, 1991). The magnitude of the various weighted
connections within the ANN architecture infers the significance of the input parameters.

Equation 3 presents the formula for the Garson algorithm (Yoonirundorn et al., 2024)

i (W / i’wii ‘)X‘ij ‘)

RI(%); = 5

n m n

20 (W, £ yx W )

x100 (3)

Here, RI denotes the relative significance of the input variables, whereas Wij and Wik establish
the weights of the connections between the input layer and the hidden layer and between the

hidden layer and the output layer, respectively.

2.1.3. Yoon algorithm

Yoon algorithm quantifies the proportion of one input variable to another and considers
the direction of the individual contributions, without considering their absolute values

(Equation 4) (Senol et al., 2024a).

h .
ijlwl]ij

m h=1
Zi=1 | Zi=1 WI.] ij |

RI(%)x =

x 100 4)

Wi represents the connection weight between the input unit i and the hidden unit j,

whereas Wik designates the connection weight between the hidden unit j and the output unit k.
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2.2. Adaptive neuro fuzzy inference system (ANFIS)

ANFIS integrates the effective data analysis skills of fuzzy logic with the ability of
neural networks to model intricate nonlinear relationships (Ma et al., 2024). ANFIS structures
its technique around a collection of fuzzy rules that encompass elements such as fuzzy input,
membership function, and rule weight (Linhares et al., 2015). ANFIS could change these fuzzy
rules and membership functions to reduce output distortion or show how the inputs and outputs
of'a complex system are connected (Ghenai et al., 2022). There exist three categories of ANFIS
models: Tsumoto, Mamdani, and Takagi-Sugeno. The Takagi-Sugeno inference model is the
basic structure of ANFIS (Al-qaness et al., 2022). It uses IF-THEN rules to set up input-output
mappings. This study favors the Takagi-Sugeno model for estimating the number of coaching
certifications. The model was developed using six inputs (population, gross domestic product,
exports, power consumption, number of sports clubs, and number of athletes) and 64 rules

(Figure 3).
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Figure 3. ANFIS architecture.
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2.3. Model error performance

The metrics selected for evaluating the error performance of the models utilizing ANN
and ANFIS were mean squared error (MSE), sum of squared error estimates (SSE), mean
absolute percentage error (MAPE), and R?. The MSE value denotes the mean of the squared
discrepancies between the actual value and the projected values (Senol et al., 2021). SSE is the
estimated deviation statistic from the real value of the data (Senol, 2025). MAPE denotes a
metric for assessing prediction accuracy in statistics (Senol et al., 2024a). R? represents the ratio
of variations in the independent variables to variations in the dependent variable (Elibol, 2025).

Table 1 comprises formulas that incorporate error metrics.

Table 1. Error performance metrics.

Zn: (Yi _9i )2
1 i=1

RE=1-1L
Z(yi _yi)2
i=1

Z(yi _yi)2

MSE =L —

n

SSE =3 (Y, - §,)°

i=1

MAPE =@2i I bl
n Yi

Within the provided context, $;" identifies the actual value, yi represents the expected

value, and n indicates the number of observations.
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The target data of the study conducted by the Ministry of Youth and Sports of the

Table 2. Target datas for predictions models.

Years Data

2002 3173

2003 784

2004 1649

2005 14,955
2006 13,798
2007 15,268
2008 8777

2009 10,258
2010 13,599
2011 13,048
2012 18,181
2013 18,998
2014 19,043
2015 18,769
2016 17,034
2017 17,834
2018 15,424
2019 19,583
2020 10,453
2021 18,733
2022 21,785

Table 3 shows the input data for the ANN model obtained from TUIK (TurkStat, 2024),

DrDataStats (DrDataStats, 2024) and TEIAS (T.E.T.J.S.C., 2024).

Table 3. Input parametres datas for Artificial Neural Networks model.

GDP  Export  Elektricity Number

Population (Dollar) (Dollar) Comsunptin of Sport Number of
Years (109 (109 (109 (TWh) Clubs Athletes
2002 67.8 358 36.1 129.4 6035 278,047
2003 68.6 404 47.3 140.6 6122 405,083
2004 67.3 489 63.1 150.7 6364 607,893
2005 68.1 576 735 162.0 6842 917,818
2006 69 660 85.5 176.3 7532 1,123,042
2007 69.9 760 107.3 191.6 8593 1,262,891
2008 70.8 778 132 198.4 9410 1,469,352
2009 71.8 617 102.1 194.8 9978 1,621,394
2010 73 731 113.9 210.4 10,498 1,764,756
2011 74 774 134.9 229.4 11,071 1,951,216
2012 75 880 152.5 239.3 11,695 2,331,159
2013 75.9 950 151.8 240.2 12,411 2,817,773
2014 76.8 935 157.6 252.0 13,706 3,219,324
2015 78 861 143.8 261.8 13,441 3,534,312
2016 79 863 1425 273.6 14,009 3,841,600
2017 78.8 857 157 295.5 15,828 4,428,835
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81.2
82.3
82.8
83.9
85.3

797
761
720
806
900

167.9
180.8
169.5
2254
254.2

303.4
291.6
305.4
329.6
334.0

16,341
17,220
18,745
19,400
20,000

4,907,955
5,000,000
6,000,000
7,000,000
12,000,000

3. Results and Discussion

3.1. Prediction of the number of coaching certificates with ANN

2025:4(1) :(41-63)
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The number of coaching certificates was determined by modeling the 6-15-1

architectural network established between 2002 and 2022 using the LM technique. The data

clustering rates were established at 80% for training, 10% for validation, and 10% for testing.

The regression model exhibited performance metrics of R* = 0.99988 for training, R*=1.00000

for validation, R? = 1.00000 for testing, and R? = 0.97494 for total performance. In the sixth

iteration out of twelve, the model achieved the minimum MSE, and we made predictions based

on these results (Figure 4).
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Figure 4. Regression plots (a) and mse plot (b) for the model.
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While a 10.3% decrease was observed between the forecast and actual data for 2002, an

increase of 0.4% was observed between the forecast and actual data for 2022 (Figure 5).
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Figure 5. Actual data and Artificial Neural Network prediction data graphs.

3.1.1. The ANN Model's Sensitivity Analysis

The sensitivity analysis favored the Garson and Yoon method for six inputs. The Garson

algorithm study revealed that the input exerting the greatest influence on the model's output

was the number of athletes (19.5%). This outcome indicates that variations in the athlete count

significantly influence the model's predictive efficacy. Exports (18.1%) and GDP (17.9%) are

two additional significant inputs. These two factors demonstrate that economic indicators have

a significant influence on sport-related predictions. The population input contributes somewhat

to the model, accounting for 17.0% of the influence. However, we identified Number of Sports

Clubs (14.0%) and Electricity Consumption (13.6%) as inputs with relatively minimal

influence. These results make it clear which inputs have the biggest impact on the model. This

gives us a direction that lets us focus on the important parts (Figure 6).
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GARSON ALGORITHM
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Athletes Population

17%

19%

Number of
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14Cy0 GDP
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Electricity
Consumption Export
14% 18%

Figure 6. Garson algorithm for artificial neural network model.

The research using the Yoon algorithm revealed that GDP was the most significant
variable influencing the model's output, accounting for 22.2%. This conclusion indicates that
economic expansion is crucial to sport-related outcomes. After GDP, the quantity of athletes
(18.8%) emerges as the most significant variable. The increase in the number of athletes is a
significant factor in the development of sports activities and infrastructure.
Both population and export factors contributed equally (16.2%). This indicates that population
size and export income have a comparable influence on the development of sports-related
metrics. The population supports the expansion of a broader athlete base and sports
infrastructure, but export profits significantly influence the distribution of economic resources

to sports

Conversely, electricity consumption (13.3% and the number of sports clubs (13.3%)
exert a comparatively lesser influence but remain significant factors. Electricity consumption
may signify economic activity and the operation of sports facilities, whereas the quantity of
sports clubs may reflect the prevalence of sports activities and the rise in sports participation.
The results elucidate the determinants influencing the model's performance and offer direction
on the elements to prioritize in strategic planning for the sports industry. Specifically, economic
development and fluctuations in the athlete population significantly influence the model's

findings (Figure 7).
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Figure 7. Yoon algorithm for Artificial Neural Network model.

3.1. Prediction of the number of coaching certificates with ANFIS

The ANFIS model effectively predicted nonlinear data sets by integrating the benefits
of fuzzy logic and artificial neural networks (ANNs). This study demonstrated the model's
ability to understand intricate correlations between inputs and outputs, resulting in extremely
accurate predictions. The application of Gaussian membership functions facilitated the
fuzzification of input variables over diverse ranges, thereby improving the model's ability to
accommodate uncertain inputs.
The comparison of anticipated values with actual values reveals that the ANFIS model has
robust predictive ability. The low values of MSE, MAPE, and SSE demonstrate that the model
effectively generates predictions and exhibits a satisfactory level of fit to the data. Furthermore,
the R? value indicated that the model accounted for a substantial percentage of the variation in

the dataset.

Training the model for 100 epochs enhanced its success. The model effectively
optimized the parameters of the membership functions throughout the training phase,
understanding the influence of the input variables on the output. The grid partitioning approach
generated a fuzzy rule foundation that effectively modeled the interactions between inputs and
outputs.

The ANFIS model has the capability for very accurate predictions, particularly in nonlinear
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systems. The findings of this investigation confirm that ANFIS effectively exhibits its
predictive capabilities on intricate data sets. Future research will assess the model's capacity to

provide more complete forecasts through the utilization of diverse data sets and parameter

optimizations, indicating potential for further enhancement.

The projections showed a 1.6% decline for 2002 between the projected and actual data,

and a negligible loss of 0.01% for 2022 (Figure 8).

Number of coaching Number of coaching
certificates actual data certificates ANFIS prediction
data
26000 26000
21785 21783
21000 21000
[+ —
8 16000 £ 16000
11000
11000
6000
3173 6000
o 3122
1000 ]
2002 2022 1000

Figure 8. Actual data and ANFIS prediction data graphs.

3.3. Error performance of models

R?, MSE, SSE and MAPE were preferred for the performance errors in the prediction models
(Table 4).

Table 4. Performance error metric values of the models

Model/ Metrics R? MSE SSE MAPE
ANN 0.9420 2,019,071 42,400,498 8.3
ANFIS 0.9998 4.12E-07 8.64E-06 0.9
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The ANN model has a robust correlation with a R? value of 0.9420, signifying a high
degree of concordance between the anticipated and actual values. The MSE of 2,019.071 and
SSE of 42,400,498 suggest a considerable residual variation, indicating substantial
discrepancies between the anticipated and actual values. The MAPE score of 8.3 signifies that
the average percentage error in the forecasts is considerable, potentially constraining the

model's efficacy, particularly in situations necessitating accurate predictions.

The ANFIS model has demonstrated nearly flawless performance. The R? score of
0.9998 indicates that the model aligns with the data quite flawlessly. The MSE of 4.12E-07 and
SSE of 8.64E-06 indicate that the residual variance is minimal, reflecting a negligible disparity
between the anticipated and actual values. The MAPE of 0.9 indicates that the ANFIS model
possesses exceptional precision, demonstrating its excellent performance in real applications.
Consequently, the ANFIS model is better suitable for situations demanding reduced error and

enhanced precision.
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3.4 Comparative results of predictions
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Figure 9. Comparative graph of actual data and prediction methods.

The graph meticulously analyzes the models' performance by comparing the predicted
values of the ANN and ANFIS models with the actual data (Figure 9). Both the ANN and
ANFIS models eftectively captured the overarching patterns; however, the ANFIS model
demonstrated a distinct advantage in its alignment with the actual data compared to the ANN
model. The ANFIS predictions, particularly at all data points, closely align with the actual
values, demonstrating the model's excellent accuracy. Upon examination of the graph, the
values predicted by the ANFIS model align precisely with the actual data at several locations,

while the model's error remains at an almost imperceptible level.
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Particularly between 2005 and 2010, while both models yielded comparable accuracy
levels, the ANN model exhibited discrepancies over specific intervals after these years. The
ANN model's projected values greatly diverged from the actual data post-2010. This indicates
that the ANN was unable to completely adjust to the trend fluctuations in specific years,
resulting in a decline in its predictive ability. Throughout this period, the ANFIS model

consistently adhered to the actual values and generated high-accuracy outcomes.

Significant swings and discrepancies in the values predicted by the ANN model were
detected between 2015 and 2020. This indicates that the model exhibits heightened sensitivity
to abrupt alterations or trend disruptions in the data and is unable to completely adjust to these
fluctuations. Conversely, the ANFIS model demonstrated consistent predictions during this
period, accurately forecasting abrupt fluctuations and mostly aligning with the actual data. Both
models forecasted a significant decline in 2020; however, the ANFIS model more precisely
anticipated both the reduction and the subsequent strong rebound. The ANN model, however,
failed to correctly represent the extent of these changes, resulting in greater discrepancies in the

predictions.

The graph indicates that both models produced forecasts consistent with the first low
data from 2000 to 2005. It is important to notice that beyond this period, the ANN model
struggled to adhere to overall patterns and deviated from actual data during some intervals.
Throughout this period, the ANFIS model successfully kept its estimations close to actual
values. During these times, ANFIS demonstrably outperforms the ANN model with reduced
error rates and trend adaptation. These results indicate that the ANFIS model not only identifies
overall trends but also exhibits heightened sensitivity to abrupt changes and fluctuations in the
data. This sensitivity distinguishes ANFIS as a more reliable model, especially in scenarios that
require high precision and minimal errors. While the ANN model demonstrates overall effective
performance, discrepancies at certain intervals and a decline in estimation accuracy underscore

that ANFIS is a more consistent and trustworthy approach.

3.5. Recommendations for the future

This study effectively employed ANN and ANFIS models to estimate the number of
coaching certificates in Tiirkiye. The results demonstrate the ANFIS model's ability to produce

highly accurate estimates, particularly in non-linear and complicated data sets. In future
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research, it is advisable to create predictive models for sports administration and education

using more extensive data sets and various machine learning algorithms.

1. Dataset Expansion: While the dataset employed in this work provides a solid
foundation for predicting coaching credentials in Tiirkiye, utilizing bigger and more diverse
datasets might enhance the model's overall performance. Comparative analyses of sports data

from other nations may be crucial in assessing the model's generalizability.

2. Analysis of Various Machine Learning Models: This work employed ANN and ANFIS
models; however, alternative machine learning techniques (e.g., XGBoost, Random Forest,
Support Vector Machines) may also be utilized for analogous predictive challenges in sports
administration and assessed for comparative outcomes. Further research will be beneficial in

analyzing the efficacy of these models.

3. Comparison of Predicted Values with Actual Data: This study evaluated the precision
of the predictions by comparing the model to the actual data. Future research should include
long-term monitoring of anticipated values and frequent comparisons with actual data to ensure

ongoing model refinement and enhancement.

4. Expansion of Artificial Intelligence in Sports Management: This study employed
artificial intelligence-based predictive models; nevertheless, the incorporation of artificial
intelligence applications into sports management and education will uncover other research
avenues in the future. Specifically, enhancing coach education programs and athlete
management systems with artificial intelligence can yield novel solutions across several

domains in sports.

5. Incorporation of Economic and Social Considerations: Economic considerations play
a significant role among the variables used in forecasting the quantity of coaching certificates.
To improve predictive accuracy, future research may incorporate social and cultural elements
that influence coach education and athlete development into the model. Individual participation
rates in sports, the prevalence of sports culture, and the influence of government regulations

may be analyzed to broaden the model's reach.

This study's results suggest that sports management and teaching can effectively utilize
artificial intelligence technologies. Future research can provide more novel solutions in sports
administration by concentrating on extensive data sets, diverse machine learning algorithms,

and strategic planning that will enhance sports policy formulation.
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4.Result

This study sought to quantify the coaching certifications awarded in Tiirkiye utilizing
Artificial Neural Networks (ANN) and Adaptive Neuro-Fuzzy Inference System (ANFIS)
models, while also comparing the efficacy of these two models. The results indicated that both
ANN and ANFIS models effectively captured overall patterns; however, the ANFIS model
yielded estimates significantly closer to the actual data. The ANFIS model achieved great
accuracy with a R? of 0.9998 and a MAPE of 0.9, but the ANN model demonstrated
comparatively worse performance with a R? of 0.9420 and a MAPE of 8.3. The results
demonstrate the efficacy of the ANFIS model, particularly in nonlinear data frameworks.
Coaching is essential for the physical, technical, and psychological advancement of athletes. As
aresult, a precise assessment of the number of coaches is strategically critical for the sustainable
development of sports. In nations such as Tiirkiye, where there is significant potential for youth
and sports development, strategic training planning and coach allocation are critical for the
sustained success of athletics. The results of this study may inform the development of coach

training and certification protocols in alignment with future requirements.

The sensitivity analysis revealed that the number of athletes is the variable exerting the
most significant influence on the quantity of coaching certificates. This finding suggests that an
increase in the number of athletes necessitates a greater need for coaches. Among other
significant factors, economic indices, particularly GDP and exports, are prominent. This
demonstrates that economic expansion has a significant impact on sports infrastructure and
coaching education. The design of sports policy in Tiirkiye should prioritize both athlete

development and economic advancement.

Consequently, artificial intelligence and machine learning techniques exhibit significant
promise in domains necessitating strategic planning, such as forecasting the quantity of
coaching licenses in Tiirkiye. These models may help to optimize coach training and
certification procedures to align with future requirements. The quality and quantity of coaches
significantly influence player performance; hence, effective planning and training of coaches is

essential for the overall success of the sport.
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