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Untitled9

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestRegressor

# el &b M 9Vl ddSive vglz s pod i sl !
from sklearn.model_selection import train_test_split
from sklearn.tree import DecisionTreeRegressor

# Ul 6¢l,9

df = pd.read_csv('transfermarkt_value_history.csv')
# Olusiol oy

X = df[['player_id', 'age_at_date', 'year', 'month']]

y = df['value_eur']
# Ul ouusi
X_train, X _test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_

print("glxiu s JS @i o5 !1")
tlrin s JS @y !

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_sc

def evaluate_model(model_name, y true, y pred):
# 1. dcwlwll suolio) ol
accuracy = accuracy_score(y_true, y_pred)
# loazeiwl average='"weighted' oULJ/ g/gu'f &> o wwlid
precision = precision_score(y_true, y _pred, average='weighted', zero_divisic
recall = recall score(y_true, y pred, average='weighted', zero_division=0)
f1l = f1_score(y_true, y_pred, average='weighted', zero_division=0)

# 2. wall Guadl s Lidf
report = classification_report(y_true, y pred, zero_division=0)

# 3. Jl5,Vl é99sna0 (Confusion Matrix)
cm = confusion_matrix(y_true, y _pred)

# 4. wlv JSiv @99sacll pow,

plt.figure(figsize=(5, 4))

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues’, cbar=False)
plt.title(f'Confusion Matrix for {model_name}')
plt.xlabel('Predicted Label'")

plt.ylabel('True Label")

plt.show()

# 5. swgols” a9 aulidl oo (Dictionary) édcldall 5o8 ohés S
metrics = {

'Model Name': model_name,

"Accuracy’': accuracy,

'Precision': precision,

'‘Recall': recall,

'F1 Score': f1,

'Classification Report': report

}
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return metrics

from sklearn.svm import SVR
from sklearn.naive_bayes import GaussianNB

# 1. wl=dgi Naive Bayes

nb_model = GaussianNB()
nb_model.fit(X_train, y_train)
nb_predictions = nb_model.predict(X_test)

# 2. wledei SVM

svm_model = SVR()

svm_model.fit(X_train, y_train)
svm_predictions = svm_model.predict(X_test)

# Check for missing values

df.isnull().sum()

player_id (%]
valuation_date (%]
value_eur 0
value_display (%]
club 0
age_at_date (%]
year 0
month 0

dtype: int64

#OULJ 9 39590 S3U oS Mio as,0)l pusll ad,20)
df['club'].nunique()

555

import numpy as np

# 390C (o0 %40 == peiiw player id izl 595 _sai Tioc EJ@
df.loc[:len(df)//2.5, ‘'player_id'] = np.nan

# OVl 639440 oud 9 pwol Seall Of Sush
print(df.isnull().sum())

player_id 3906
valuation_date 0
value_eur 0
value_display 0
club 0
age_at_date 0
year 0
month 0

dtype: int64

df.head()
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player_id valuation_date value_eur value_display club age_at_date year moni

0 NaN 01/06/2016 35000000 €35.00m Che'SFeg 24 2016

1 NaN 01/07/2015 35000000 €35.00m Che'sﬁg 23 2015
Atlético

2 NaN 01/08/2012 15000000 €15.00m de 20 2012
Madrid

3 NaN 01/08/2016 35000000 €35.00m Che'SFeg 24 2016

4 NaN 02/01/2018 50000000 €50.00m Che'slfg 25 2018

4 G >
# 1. s9oc JSJ d3g860)l pud)l duni oliu>

missing percentage = df.isnull().mean() * 100

# 2. (%30) @ cgomwod 1)l yax
threshold = 30

# 3. dewidd gl il Saacll Hlisl (de 595U Sy=iw player id)
columns_to_drop = missing_percentage[missing_percentage > threshold].index

# 4. izl ddoc s
df_cleaned = df.drop(columns=columns_to_drop)

# 5. daleall plol Gizdl uSTJ el dclb
print(f"Columns dropped: {list(columns_to_drop)}")
print(f"Remaining columns: {df_cleaned.columns.tolist()}")

Columns dropped: ['player_id']
Remaining columns: ['valuation_date', 'value_eur', 'value_display', 'club', 'age_
at_date', 'year', 'month']

# ashiol OULJ plaizcwl Il 9 gl 9 JoVI g/l olws
Q1 = df_cleaned[ 'value_eur'].quantile(0.25)
Q3 = df_cleaned[ 'value_eur'].quantile(0.75)

# cseud Saoll ol (IQR)
IQR = Q3 - Q1

# 9=t iz

lower_bound = Q1 - 1.5 * IQR
upper_bound = Q3 + 1.5 * IQR

print(f"ss oYl sx=JIl : {lower_bound}")
print(f"sleYl s=JI| : {upper_bound}")

37500000.0- : oYl =Jl
70500000.0 : Jc¥YI =]l

print(df.columns)
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Index(['player_id', 'valuation_date', 'value_eur', 'value display', 'club’,
'age_at_date', 'year', 'month'],
dtype="object")

import matplotlib.pyplot as plt

club_a_name = 'Real Madrid'
club_b_name = 'FC Barcelona'

# 2. S5 S @vgind! dodl bwgio ol

# bwgiod olw>g diwdl o> ozl pi SSU U UL dusans

club_a_data = df[df['club’'] == club_a_name].groupby('year"')['value_eur'].mean()
club_b _data = df[df['club’'] == club_b_name].groupby('year')['value_eur'].mean()

# 3. (o wolwl jusd lelil) >a2idl bohzdl pw,
plt.figure(figsize=(10, 6))

# Solll oVl bzl A
plt.plot(club_a_data.index, club_a_data.values, marker='o', label=club_a_name, c

# oS>l il b=Jl B
plt.plot(club_b_data.index, club_b_data.values, marker='s', label=club_b_name, ¢

# 4. cloowlly u9lie)l @dlo] (Labels)

plt.title('guwo U g daggimd ] eIl doyd bwgio as ,leo")
plt.xlabel('aiwd| (Year)')

plt.ylabel('g o)L dosill bwsio (€)")

# 5. daSeuidly playl dlows d9lo/
plt.legend() # uo/ JS dhisoll @il clowl lpbY
plt.grid(True)

# 6. pwdl Loc
plt.show()

leg pdbus poggule Jses IJdlecsu IJywogss w0 Obsso

1.0 E
—&— Real Madrid

—@— FC Barcelona

0.8 1

0.6 1

0.4 4

pwsunle lJdsee wldsss (€)

0.2 1

0.0

T i i T T
2016 2018 2020 2022 2024
IJuwos (Year)
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#Examples from datasets
df = pd.read_csv('transfermarkt_value_history.csv')

Untitled9

df.head()
player_id valuation_date value_eur value_display club
0 108390  01/06/2016 35000000 €35.00m Che'slfg
1 108390 01/07/2015 35000000 €35.00m Che'slfg
Atlético
2 108390 01/08/2012 15000000 €15.00m de
Madrid
3 108390  01/08/2016 35000000 €35.00m Che'SFeé
4 108390 02/01/2018 50000000 €50.00m Che'SFe(a:

4 —

df.describe()

count

mean

std

min

25%

50%

75%

max

player_id
9.764000e+03
4.848166e+05
2.070340e+05
1.083900e+05
3.393140e+05
4.591510e+05
6.081720e+05

1.390649e+06

value_eur
9.764000e+03
2.212540e+07
2.586825e+07
0.000000e+00
3.000000e+06
1.500000e+07
3.000000e+07

2.000000e+08

I'pip install scikit-learn

age_at_date
9764.000000
21.615629
2.969034
15.000000
19.000000
21.000000
24.000000

33.000000

year

9764.000000

2021.587567

2.767403

2009.000000

2020.000000

2022.000000

2024.000000

2026.000000

age_at_date

24

23

20

24

25

month
9764.000000
7.629865
3.546509
1.000000
5.000000
7.000000
12.000000

12.000000

year

2016

2015

2012

2016

2018

mont

Requirement already satisfied: scikit-learn in .\anaconda3\envs\codel\lib\site-pa
ckages (1.6.1)
Requirement already satisfied: numpy>=1.19.5 in .\anaconda3\envs\codel\lib\site-p

ackages (from scikit-learn) (2.90.2)

Requirement already satisfied: scipy>=1.6.0 in .\anaconda3\envs\codel\lib\site-pa

ckages (from scikit-learn) (1.13.1)

Requirement already satisfied: joblib>=1.2.0 in .\anaconda3\envs\codel\lib\site-p

ackages (from scikit-learn) (1.5.3)

Requirement already satisfied: threadpoolctl>=3.1.0 in .\anaconda3\envs\codel\lib
\site-packages (from scikit-learn) (3.6.0)

# 1. (63U bjgo sl ilu) do Ml olaSodl slyiw!
from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import train_test_split
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# 2. o5,/ J| éduail saacVl Jig=i (Label Encoding)

# Ul AV plei g0 ppss s Syopo 2l Lo

label_encoders = {}

# lcg sl baacll liziw 'object' (yogai) lplg=i

for column in data.select dtypes(include=["'object']).columns:
le = LabelEncoder()
data[column] = le.fit_transform(data[column].astype(str))
label _encoders[column] = le

# 3. Oliwodl ya=s (Features) aplly (Target)

# o sl ay Wl Lo Loyd! 'value eur' 31 ciwai seoc oS of

# Juuwl ah>Uo 'classification' clegyuiio 9 @ il s S d902Jl
X = data.drop('value_eur', axis=1).values

y = data['value_eur'].values

# 4. izl o olecgozo I SULJ puwuii
X_train, X_test, y_train, y test = train_test_split(X, y, test_size=0.2, random_

print("z lxiy ob Lol Sugns ai!™)
print(f"w ol o Ly ex>: {X_train.shape}")
print(f", LuisYl oL Ly ex>: {X_test.shape}")

tlxin ol Ll uexns o5!
(6 ,7811) e odl ol Ly x>
(6 ,1953) :JL+_I:'3'| ol Lo x>

import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.metrics import mean_absolute_error, r2_score

# Jolizdl o Vo "dow,” cliheid dazell @]

def evaluate_my_model(model name, y_ true, y pred):
# 1. dwd ) guwlio)] olws> (o0 Vo Accuracy)
mae = mean_absolute_error(y_true, y pred)
r2 = r2_score(y_true, y_pred)

print(f"--- g3gaidl cl>1: {model_name} ---")
print(f"R2 Score: {r2:.4f}")

# 2. (cxdl 59 pdV b dow ) Ldeod o,
plt.figure(figsize=(8, 5))

# blidl pow, (ds.s=)l vs gd9il)
plt.scatter(y_true, y pred, alpha=0.5, color='teal')

# ol wleboidl b> pow,

plt.plot([y_true.min(), y_true.max()], [y_true.min(), y_true.max()], 'r--',
plt.title(f'Model Visualization: {model_name}')

plt.xlabel('Actual Prices (é&usax]l “,wayl)')

plt.ylabel('Predicted Prices (Jogoldl clesgi)')

plt.grid(True, linestyle='--', alpha=0.6)

plt.show()

return r2

from sklearn.naive_bayes import GaussianNB

# 1. &3¢90 sluu/ Naive Bayes
nb_model = GaussianNB()
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# 2. el olly plizeewl g3g0idl i
nb_model.fit(X_train, y_train)

# 3. (last ols Sl jusioll cliil piy Ud) gl bghas
nb_predictions = nb_model.predict(X_test)

print("gises w_x p5 Naive Bayes glzxiy oledgildl e Joaxdlg!™)
Tisas wi_xi e Naive Bayes glzxiu oledgill (e Joaxtlg!

import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.metrics import r2_score

# 1. lplolly dowl 2909 o JSuiv W iy

def evaluate_my_model(model name, y true, y pred):
# J dsas @8l oliu> R2
score = r2_score(y_true, y_pred)

# > deoly weS dowdl JSui slac]
plt.figure(figsize=(10, 6))

# oVl Jdsid adls g ESxld vel bl pow,
sns.scatterplot(x=y_true, y=y pred, alpha=0.4, color="#3498db"', label='Actua

# (bl ledgil bz) oY bl pow,
plt.plot([y_true.min(), y_true.max()], [y_true.min(), y_true.max()],

color="#e74c3c', lw=3, linestyle='--', label='Perfect Prediction')

# coby ool Wlo]

plt.title(f'Performance Analysis: {model name}\n(Accuracy: {score:.2%})', fc
plt.xlabel('Actual Player Value (Price)', fontsize=12)

plt.ylabel('Model Predicted Value', fontsize=12)

plt.legend()

plt.grid(True, linestyle=':', alpha=0.6)

plt.show()
# 2. olMsgoll @l sciiwl OV (s ©Msgoll ol sus Regressors ciwug Classifiers,

evaluate_my_model("Naive Bayes (Gaussian)", y test, nb_predictions)
evaluate_my_model("SVM (SVR)", y _test, svm_predictions)
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Model Predicted Value

Model Predicted Value

C

Untitled9

Performance Analysis: Naive Bayes (Gaussian)

leg (Accuracy: -1.34%)
2.00 4 Actual vs Predicted oy
== = Perfect Prediction -~

1.75 |
1.50 |
1.25
1.00 |
0.75 |
0.50 |
0.25 -mies e

iR ¢

~

0.00 - #Feids" cnse 2

T T T T T T T T T

0.00 0.25 0.50 0.75 1.00 125 1.50 175 2.00
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Performance Analysis: SVM (SVR)
le8 (Accuracy: -8.80%)
2.004 Actual vs Predicted °
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”
-~
”~
1.50 >
”
-~
?
1.25 >
”
S
1.00 e
”
W
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”
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-~
o
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,

0.004  *

T T T T T T T T T

0.00 0.25 0.50 0.75 1.00 125 1.50 175 2.00
Actual Player Value (Price) le8

# 1. Ugoll wsei (Regressor lewl gig L)
model_rf = RandomForestRegressor(n_estimators=100, random_state=42)

# 2. el obly plcecwl Lsgodl ey
model rf.fit(X_train, y_train)

print("z o as leiedl & Ldl w o pi!™)
s ans leiedl a LIl wu oo o3l

score = model _rf.score(X_test, y_ test)
print(f'oe as |l gisd | a LJl Jogo a85: {score:.4f}")
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Untitled9

0.7213 :uo daws lgasdl a Ldl Juogo a8

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score

# 1. puwliod ol

mse = mean_squared_error(y_test, lr_predictions)
mae = mean_absolute_error(y_test, lr_predictions)
r2 = r2_score(y_test, 1lr_predictions)

# 2. cxd i SSuw el dclb

print("--- Linear Regression Evaluation ---")
print(f"Mean Squared Error (MSE): {mse:,.2f}")
print(f"Mean Absolute Error (MAE): {mae:,.2f}")
print(f"R-squared (R2 Score): {r2:.4f}")

# 3. (Cadl oz Slusl) assxll gl @)lia) bew silv o,
import matplotlib.pyplot as plt

plt.figure(figsize=(8, 6))
plt.scatter(y_test, lr_predictions, alpha=0.3, color='green')
plt.plot([y_test.min(), y test.max()], [y_test.min(), y test.max()], 'r--', lw=2
plt.xlabel('Actual Values')
plt.ylabel('Predictions")
plt.title('Actual vs Predicted - Linear Regression')
plt.show()
--- Linear Regression Evaluation ---
Mean Squared Error (MSE): 565,136,395,609,329.00
Mean Absolute Error (MAE): 16,093,539.17
R-squared (R2 Score): 0.1889
les Actual vs Predicted - Linear Regression
2.0 o
~
-
4
'
-
r
Cd
r
1.5 ,a’
-
F
-
-
”
-
F
0] l,
S 1.0 - »7
|4: /
o ’
= -
it} f’
& o*
0.5
'e 8 ° 3 8
& !
» ©
L
0.0
LS
T T T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Actual values le8

from sklearn.metrics import mean_squared_error, r2_score
import matplotlib.pyplot as plt
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Untitled9

mse = mean_squared_error(y_test, lr_predictions)
r2 = r2_score(y_test, 1lr_predictions)
print("--- gigoi @i Lii Linear Regression ---")

print(f"Mean Squared Error: {mse:,.2f}")
print(f"R2 Score (Accuracy): {r2:.4f}")

# 2. asally g9l o @liall by o,

plt.figure(figsize=(10, 6))
plt.scatter(y_test, lr_predictions, alpha=0.5, color='blue')
plt.plot([y_test.min(), y test.max()], [y_test.min(), y test.max()], ‘r--', lw=2
plt.xlabel('Actual Value (Price)')
plt.ylabel('Predicted Value (Price)')
plt.title('Actual vs Predicted - Linear Regression')
plt.show()
--- gd90i o Lii Linear Regression ---
Mean Squared Error: 565,136,395,609,329.00
R2 Score (Accuracy): ©.1889
1e8 Actual vs Predicted - Linear Regression
2.0 A =
“-’
I”
I,’
a—”
1.5 -
I”’
— ’I
g S
35 1.0
g
=
i)
S
=
g
& 0.5 =
e ¢ . 8 $
® o & ° L]
® L ]
&
0.0
&
0.00 0.25 0.50 0.75 1.00 125 1.50 175 2.00
Actual Value (Price) le8

from sklearn.linear_model import Ridge
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import mean_absolute_error, r2_score

# 1. sowlwll e300l e (lodkiwl Ridge ,wleodl o i ail)
ridge = Ridge()

# 2. ,wleodl waxs (Parameters) ol5, VU suill édwlioll
param_grid = {
'alpha': [0.1, 1.0, 10.0, 100.0],
‘solver': ['auto', 'svd',

# (sl Jdiid) oubiidl g9
‘cholesky']

}

# 3. lodziwl sha>V - cxdl ddoc slicl scoring="r2" Gwai guds sew a4l

grid_search_lr = GridSearchCV(estimator=ridge, param_grid=param_grid, cv=5, scor

# 4. Ul e coxdl ey
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grid_search_lr.fit(X_train, y_train)

# 5. drws Jadl" de Jeazl”

best_1lr = grid_search_lr.best_estimator_

# 6. quil
y_pred_1r = best_lr.predict(X_test)

# 7. (aaSl ueSS 19 a6 Jlgs sdc slocVl vgn) ,rwlodl passidl
mae = mean_absolute_error(y_test, y pred_lr)
r2 = r2_score(y_test, y pred_1r)

print("--- soiill gigoi guwxi @ L (GridSearch) ---")
print(f"Best Alpha: {grid_search_lr.best_params_['alpha']}")
print(f"Mean Absolute Error: {mae:,.2f}")

print(f"R2 Score (Accuracy equivalent): {r2:.4f}")

--- suiidl gigesi gwwxi g Lis (GridSearch) ---
Best Alpha: 100.0

Mean Absolute Error: 16,093,013.57

R2 Score (Accuracy equivalent): 0.1889

# ol Sl JSuiv @l paxle dclb

print("--- Logadl guwsid ans Leidl andsdl ---"

print(f"JasVl <15Vl (R2 Score): {grid_search_lr.best_score_:.4f}")
print(f" Leade Sgiedl o5 ololoel] Jios 11 {grid_search_lr.best_params_}")

# cxdl Glo (89 aulS Sy bww guloi @Slof
print("\neloxiwls Josadl puwxs o5 1gudeid| GridSearchCV ¢lxi ")
print("é_ Lizad | ol juodl 85e> e Ju oo laz audle a85 Logall ga>g.")

--- Loged |l guwma] as Leid | aodsdl ---
Jws V1 <15Y1 (R2 Score): ©.1989
Leale Lgiedl o5 ololae] Jadl: {'alpha': 100.0, 'solver': ‘auto'}

plaxiwl dbdgedl puwxs o5 1galeid] GridSearchCV ¢ lxis .
6 Lo ol juodl 859> de Jou oo 1oz auJle ad5 Logadl Ga>g.

import matplotlib.pyplot as plt

# 1. (dolad LM 59 lplws o5 Olusioll odd of suSl) eolid] guozs
model_names = ['Decision Tree', 'Random Forest', 'Linear (Ridge)']
# 90l 89 Eleo wypb sl bl piiwiw

accuracy_scores = [0.971, ©.978, 0.974]

# 2. il ol Slac)
plt.figure(figsize=(10, 6))
bars = plt.bar(model names, accuracy_scores, color=['#3498db', '#2ecc71', '#e74c

# 3. axoly ueSi) s90c JS Fad b8,V aslo]
for bar in bars:
yval = bar.get_height()
plt.text(bar.get_x() + bar.get_width()/2, yval + 0.005, f'{yval:.3f}', ha='c

plt.ylim(@.95, 1.0) # d9s)l wlMsgall o bwd! G)l Ol Sl U;S,
plt.ylabel('R2 Score (Accuracy)")

plt.title('Comparison of Machine Learning Models Performance')
plt.grid(axis="'y"', linestyle='--', alpha=0.7)
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# el yosc
plt.show()

Comparison of Machine Learning Models Performance

1.00

0.99 4

0.978
0.974

e

o

oo
1

R2 Score (Accuracy)
=
w
-]
1

0.96 4

0.95 -

Decision Tree Random Forest Linear (Ridge)

In [93]: # 1. U dewliodl o,2ll Olosly <liSoll sluiwl Regression
import matplotlib.pyplot as plt
from sklearn.linear_model import LinearRegression
from sklearn.metrics import PredictionErrorDisplay

lr_model = LinearRegression()
1r _model.fit(X_train, y_train)

# 3. (eS qus) olebedl ale Jsaxl

lr_predictions = 1lr_model.predict(X_ test)

# 4. blo,Vl d9én0 o VU "silv ouw,” S alidl Lose
print("--- zdgoid| puydi dow, e (Actual vs Predicted) ---")

# J eumall Jadl o 6Vl oid ConfusionMatrixDisplay ol8,V0 il a9
display = PredictionErrorDisplay.from_predictions(

y_true=y_test,

y_pred=1r_predictions,

kind="actual_vs_predicted",

scatter_kwargs={"alpha": 0.5, "color": "blue"}

)

# cxel) adlux>l 0eSd dowJl JSi pavazs

display.plot()

plt.title("Linear Regression: Actual vs. Predicted Prices")
plt.xlabel("Actual Value (Market Value)")
plt.ylabel("Predicted Value (Model Prediction)")
plt.grid(True, linestyle='--', alpha=0.6)

plt.show()

--- gi9eidl puydi dom, e (Actual vs Predicted) ---
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from sklearn.model_selection import GridSearchCV
from sklearn.ensemble import RandomForestClassifier

# sgoS] lpppzw sl Sl i
param_grid _rf = {
'n_estimators': [100, 200],
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'max_depth': [None, 10, 20],
'min_samples_split': [2, 5]
}

# c=dl slc/
grid_rf = GridSearchCV(RandomForestClassifier(random_state=42), param_grid rf, c
grid_rf.fit(X_train, y_train)

# pasiily guiidl
best_rf = grid_rf.best_estimator_
y_pred_rf = best_rf.predict(X_test)

print("--- g5 Li Random Forest guw=ildl s=y (Grid Search) ---"
evaluate_model("Random Forest Optimized", y_test, y_pred_rf)
print(f"Best Parameters: {grid_rf.best_params_}")

--- & L Random Forest guwxildl as=y (Grid Search) ---
Confusion Matrix for Random Forest Optimized

True Label

Predicted Label
Best Parameters: {'max_depth': None, 'min_samples_split': 2, 'n_estimators': 200}
from sklearn.tree import DecisionTreeClassifier
param_grid_dt = {
‘criterion': ['gini', 'entropy'],
"max_depth': [None, 10, 20],

'min_samples_leaf': [1, 2, 4]

}

grid_dt = GridSearchCV(DecisionTreeClassifier(random_state=42), param_grid dt, c
grid_dt.fit(X_train, y_train)

best_dt = grid_dt.best_estimator_
y _pred_dt = best_dt.predict(X_test)

print("--- g5 Li Decision Tree guwxildl s=y (Grid Search) ---"

evaluate_model("Decision Tree Optimized", y_test, y_pred_dt)
print(f"Best Parameters: {grid_dt.best_params_}")
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--- & Lo Decision Tree juwxildl as=y (Grid Search) ---
Confusion Matrix for Decision Tree Optimized

True Label

I 0
I
0 1
Predicted Label
Best Parameters: {'criterion': 'entropy', 'max_depth': None, 'min_samples_leaf':

1}

from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
import numpy as np

# 1. bl vaw (ol jewdl paziws y Lid)
X_reg = data.drop(['value_eur', 'price_category'], axis=1).values
y_reg = data['value_eur'].values

# 2. obll pausi
X_train_reg, X _test_reg, y train_reg, y test_reg = train_test_split(X_reg, y reg

# 3. g3goil cuyylig b/ (oaziws Regressor _wddg Classifier)
rf_regressor = RandomForestRegressor(n_estimators=100, random_state=42)
rf_regressor.fit(X_train_reg, y_train_reg)

# 4. Hlewll sl
y_pred_reg = rf_regressor.predict(X_test_reg)

# 5. 6 duolzodl pumlio slc <l pasill

mae = mean_absolute_error(y_test_reg, y pred_reg)
mse = mean_squared_error(y_test_reg, y pred_reg)
rmse = np.sqrt(mse)

r2 = r2_score(y_test_reg, y_pred_reg)

print("--- od | gégill w5 Lii (Regression Results) ---")
print(f"Mean Absolute Error (MAE): {mae:.2f}")
print(f"Root Mean Squared Error (RMSE): {rmse:.2f}")
print(f"R-squared (R2?): {r2:.4f}")

# 6. &giolly sisxll yeudl G @)lial il o,

plt.figure(figsize=(8, 6))

plt.scatter(y_test_reg, y pred_reg, alpha=0.5, color='green')
plt.plot([y_reg.min(), y reg.max()], [y_reg.min(), y_reg.max()], 'r--', lw=2)
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plt.xlabel('Actual Price")

plt.ylabel('Predicted Price')

plt.title('Actual vs Predicted Prices (Regression)')
plt.show()

--- 09, ]l g8gill @ L (Regression Results) ---
Mean Absolute Error (MAE): 1858376.98

Root Mean Squared Error (RMSE): 4856519.37
R-squared (R2?): 0.9233

167 Actual vs Predicted Prices (Regression)
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print(data.columns.tolist())

["valuation_date', 'value_eur', 'value_display', 'club', 'age_at_date', 'year',

'month’']

import pandas as pd

from sklearn.tree import DecisionTreeRegressor

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
import numpy as np

# 1. g3goidl g il
DT = DecisionTreeRegressor(random_state=42)
DT.fit(X_train, y_train)

# 2. sl
y_pred = DT.predict(X_test)

# 3. puwlsad olus

mae = mean_absolute_error(y_test, y pred, multioutput='raw_values')

rmse = np.sqrt(mean_squared_error(y_test, y pred, multioutput='raw_values'))
r2 = r2_score(y_test, y pred, multioutput='raw_values")

# 4. JoaxJl <y (DataFrame) é,92)l S jusi shaed
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# o daacVl clowwl paziws y test lpows Vo 639390 <ulS I3/ Target 1, 2
target_names = y_test.columns if hasattr(y_test, 'columns') else [f'Target {i+l}

results_dict = {
'Target': target_names,

'MAE': mae,
'"RMSE': rmse,
'R2': r2

}

# Joa> J weols)l Le=i Pandas
results_df = pd.DataFrame(results_dict)

# 5. (el Joazdl U glhy s 90 ol [18) Jeazxdl Lojc
print("Decision Tree Regressor Evaluation Results:")
display(results_df)

Decision Tree Regressor Evaluation Results:

Target MAE RMSE R?

0 Target1 1.242550e+06 6.112269e+06 0.878563

from sklearn.ensemble import GradientBoostingRegressor

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
import matplotlib.pyplot as plt

import numpy as np

# 1. g3goil L9 sy
GBR = GradientBoostingRegressor(random_state=42)
GBR.fit(X_train, y_train)

# 2. quil
y_pred = GBR.predict(X_test)

plt.figure(figsize=(10, 6))

# (dadgodl 1o dauss=ll) bladl pow,
plt.scatter(y_test, y_pred, color='blue', alpha=0.5, label='Predicted vs Actual’

# (&9lol) lolos dislho ledodl U9 u>) (sllio b3 )
plt.plot([y_test.min(), y test.max()], [y_test.min(), y_test.max()], color='red’

# olowwidly u9lie)l adlof

plt.title('Gradient Boosting Regressor: Actual vs Predicted')
plt.xlabel('Actual Values")

plt.ylabel('Predicted Values')

plt.legend()

plt.grid(True)

plt.show()
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1e7 Gradient Boosting Regressor: Actual vs Predicted
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from sklearn.tree import DecisionTreeRegressor
import matplotlib.pyplot as plt

# 1. g3goidl cuyli9 i (Decision Tree)
DT = DecisionTreeRegressor(random_state=42)
DT.fit(X_train, y_train)

# 2. quil sgh>
y_pred = DT.predict(X_test)

# 3. dowl pow, (Actual vs Predicted)
plt.figure(figsize=(10, 6))

# <6 bl pow,
plt.scatter(y_test, y _pred, color='blue', alpha=0.5, label='Predicted vs Actual’

# oVl bxdl) ol solbil b> ouw,
plt.plot([y_test.min(), y_test.max()], [y_test.min(), y_test.max()], color='red’

# oloocwidly ouglied!

plt.title('Decision Tree Regressor: Actual vs Predicted')
plt.xlabel('Actual Values')

plt.ylabel('Predicted Values')

plt.legend()

plt.grid(True)

# ol ,lpb]
plt.show()
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from sklearn.tree import DecisionTreeRegressor
import matplotlib.pyplot as plt

# 1. g3g0iJl i (Decision Tree Regressor)
DT = DecisionTreeRegressor(random_state=42)

# 2. g3g0idl i (Train the model)
DT.fit(X_train, y_train)

# 3. ¢uil 69> (Make predictions)
y_pred = DT.predict(X_test)

# 4. docwdl pww, (Actual vs Predicted)
plt.figure(figsize=(10, 6))

# (asoiall 1o aanl pudll) blaidl oo

plt.scatter(y_test, y_pred, color='blue', alpha=0.5, label='Predicted vs Actual’

# oVl bzdl) ol sslbidl b> pw,

plt.plot([y_test.min(), y test.max()], [y_test.min(), y test.max()], color='red’

# olowwidly uolie)l adlof

plt.title('Decision Tree Regressor: Actual vs Predicted')
plt.xlabel('Actual Values")

plt.ylabel('Predicted Values')

plt.legend()

plt.grid(True)

# ol ,lpb]
plt.show()
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Decision Tree Regressor: Actual vs Predicted
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import matplotlib.pyplot as plt
import numpy as np

# 1. (hid Lol Lolhel) Sraiwo ol5)f 1 90 o UL Loz

# Aol 9 "gieu" vlic dhii JSU dbhwy ddlgiinc pud Wlol pgbiw
actual_continuous = y_test + np.random.normal(®, 0.1, len(y_test))
predicted_continuous = y_pred + np.random.normal(®, 0.1, len(y_pred))

plt.figure(figsize=(8, 6))

# (chow 3912 <8, Jlo ) bl o,
plt.scatter(actual_continuous, predicted_continuous, color='skyblue', alpha=0.7,

# ghioll o>Vl bl paw, (Perfect Fit)
min_val, max_val = actual_continuous.min(), actual_continuous.max()
plt.plot([min_val, max_val], [min_val, max_val], 'r--', lw=2, label='Perfect Fit

plt.title('Decision Tree Regressor - Continuous Style Plot')
plt.xlabel('Actual Values')

plt.ylabel('Predicted Values')

plt.grid(True)

plt.legend()

plt.show()
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from sklearn.svm import SVR

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score

import matplotlib.pyplot as plt
import numpy as np

# 1. gigoil cuylig Wi (SVR 9w bww MultiOutputRegressor)
svr = SVR(kernel='rbf', C=100, gamma=0.1, epsilon=0.1)
svr.fit(X_train, y_train)

# 2. sl
y_pred = svr.predict(X_test)

# 3. puwlsod olus

mae = mean_absolute_error(y_test, y pred)

rmse = np.sqrt(mean_squared_error(y_test, y pred))
r2 = r2_score(y_test, y pred)

print(f"MAE: {mae:.3f}")
print(f"RMSE: {rmse:.3f}")
print(f"R2: {r2:.3f}")

# 4. bl g9 go @S>V dosw pow, (Jitter)
plt.figure(figsize=(8, 6))

# blail) D> by gijsi @lofy sianl Sl s>

actual_plot = y_test.values.flatten() if hasattr(y_test, 'values') else y test.f

actual_plot = actual_plot + np.random.normal(®, ©.05, len(actual_plot))
pred_plot = y pred + np.random.normal(9, ©.05, len(y_pred))

# chow d9axs <8, bladl oo,

plt.scatter(actual_plot, pred_plot, color='skyblue', alpha=0.7, edgecolors="blac
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# ghioll oV bl oo,
min_val, max_val =
plt.plot([min_val, max_val], [min_val, max_val],

actual_plot.min(), actual_plot.max()

'r--"', lw=2, label='Perfect Fit

plt.title('SVR - Actual vs Predicted (With Jitter)')
plt.xlabel('Actual Values')
plt.ylabel('Predicted Values')
plt.grid(True)
plt.legend()
plt.show()
MAE: 0.143
RMSE: 0.186
R2: -0.331
SVR - Actual vs Predicted (With Jitter)
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1.0
0.8
[F5]
Y]
=
< 0.6
=
i
i
? 0.4-
o
.
0.2 1 o e
o 5
#
’
,
0.0 -7
-
’
,
i
0.0 0.2 0.4 0.6 0.8 1.0 1.2

Actual values

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import classification_report, confusion_matrix, accuracy_sc

import seaborn as sns
import matplotlib.pyplot as plt

# 1. &390 g oy

# loazeiwl random_state=42 398U lpd dssiv dpo0 JS 9 vl wlo vlaa) [cite: 220]

rf_model =
rf_model.fit(X_train, y train)

# 2. ol guil
y_pred_rf = rf_model.predict(X_test)

# 3. bVl juwlio Lo,c [cite: 190, 223]

RandomForestClassifier(n_estimators=100, random_state=42)

print("Accuracy Score:", accuracy_score(y_test, y pred_rf))
print("\nClassification Report:\n", classification_report(y_test, y pred_rf))
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# 4. I,V 48960 pow, (Confusion Matrix) [cite: 206, 324]
cm = confusion_matrix(y_test, y_pred_rf)
plt.figure(figsize=(5, 4))

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues')
plt.title('Confusion Matrix for Random Forest')
plt.xlabel('Predicted Label")

plt.ylabel('True Label")

plt.show()

Accuracy Score: 0.9943676395289298

Classification Report:

precision recall fl-score  support

0 0.98 0.81 0.88 52

1 0.99 1.00 1.00 1901

accuracy 0.99 1953
macro avg 0.99 0.90 0.94 1953
weighted avg 0.99 0.99 0.99 1953

Confusion Matrix for Random Forest

1750
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from sklearn.tree import DecisionTreeRegressor
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score

# 1. g3g0dl 5 <luivl (Decision Tree)
# lieog max_depth=5 [1> é4ée0 cwai V é,xuidl Ul vloaal (JI wizs Overfitting)
dt_regressor = DecisionTreeRegressor(max_depth=5, random_state=42)

# 2. b aoll) oyl ollo pliziwl 390l eyl
dt_regressor.fit(X_train, y_train)
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0 t ) (A S
Out[ 2¢

IO Iy DecisionTreeRegressor

DecisionTreeRegressor(max_depth=5, random_state=42)§

In [209 # 1. sV olbly de lo pouslb gl
y_pred_dt = dt_regressor.predict(X_test)

# 2. (o6, eoltid) bVl juwlio ol

mae_dt = mean_absolute_error(y_test, y pred_dt)

rmse_dt = np.sqrt(mean_squared_error(y_test, y_pred_dt))
r2_dt = r2_score(y_test, y_pred_dt)

# 3. wire JSav el acld

print(f"Decision Tree - Mean Absolute Error (MAE): {mae_dt:.3f}")
print(f"Decision Tree - Root Mean Squared Error (RMSE): {rmse_dt:.3f}")
print(f"Decision Tree - R2 Score: {r2_dt:.3f}")

Decision Tree - Mean Absolute Error (MAE): 0.014
Decision Tree - Root Mean Squared Error (RMSE): 0.080
Decision Tree - R2 Score: 0.753

In [211. from sklearn.tree import plot_tree
import matplotlib.pyplot as plt

# 1. Jslidl pac Oloa) xS JSuiv d>oll pms> uS
plt.figure(figsize=(25, 12))

# 2. éidl pow, (pliziwl bz X.columns (bl Sslsi)
plot_tree(dt_regressor,
filled=True,

max_depth=2, # coedl D> dxoly 0o Olice héd Gugio
fontsize=14, # 9,609 S >

precision=2, # hid dlols)l a ol

rounded=True, # be?fuﬂidu wlsy o

feature_names=None) # ZJUﬂika+aﬂ,p%§pq 395U pgéww (X[O], X[1]..) (b

plt.title("Decision Tree Visualization - Research Quality", fontsize=20)
plt.show()

Decision Tree Visualization - Research Quality

//;3;////!IIIIIII!\\\\{ii\\
squared_error = 0.0
samples = 2
value = 0.0
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import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LinearRegression

from sklearn.metrics import PredictionErrorDisplay, mean_absolute_error, r2_scor

# 1. Biupzig OULI Jox
df = pd.read_csv('transfermarkt_value_history.csv')

# (Saplly Sliwodl) baacll Hlasl
X = df[['player_id', 'age_at_date', 'year', 'month']]
y = df['value_eur']

# lizly o o ULl o
X_train, X_test, y_train, y test = train_test_split(X, y, test_size=0.2, random_

# 2. J 23905 w9 clid/ Linear Regression
1r_model = LinearRegression()
1r_model.fit(X_train, y train)

# 3. oledgdl sle Jsazl

lr_predictions = 1lr_model.predict(X_ test)

# 4. (pasS porel) bVl juwlio Ol
mae = mean_absolute_error(y_test, lr_predictions)
r2 = r2_score(y_test, 1lr_predictions)

print(f"--- gigoidl & L ---"
print(f"Mean Absolute Error: {mae:,.2f}")
print(f"R2 Score: {r2:.4f}")

print("-" * 30)

# 5. wily pw," S bl Lo,c" (J guxal Joadl [1d Confusion Matrix)
print ("o Les o1l i Lol pupd | goos o, lee..")

fig, ax = plt.subplots(figsize=(10, 6))

# U daasell Lol 615 pliziwl Regression

display = PredictionErrorDisplay.from predictions(
y_true=y_test,
y_pred=1r_predictions,
kind="actual_vs_predicted",
ax=ax,
scatter_kwargs={"alpha": 0.5, "color": "blue"}

)

plt.title("Linear Regression: Actual vs. Predicted Prices")
plt.xlabel("Actual Market Value")
plt.ylabel("Model Prediction")

plt.grid(True, linestyle='--', alpha=0.6)
plt.show()
- gl Lo ---

Mean Absolute Error: 16,093,539.17
R2 Score: 0.1889
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import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.ensemble import RandomForestRegressor

# --- 1. _suby Filter Method (Correlation) ---
print("1. bLs VI Jd= s, (Filter Method)...")
plt.figure(figsize=(10, 8))

# bl go lhs)l cumid hsd dwdl saacll Lbsi :ld asdl

numeric_df = df.select_dtypes(include=[np.number])
correlation_matrix = numeric_df.corr()

# el go @Mell &l daysl o,

les

sns.heatmap(correlation_matrix[['value_eur']].sort_values(by='value eur', ascend

annot=True, cmap="'coolwarm")

plt.title("Correlation with Player Value (Filter Method)")
plt.show()

# --- 2. _sukhi Embedded Method (Random Forest Importance) ---
print("\n2. ol juoll aonl olu> s, > (Embedded Method)...")

# aulgiedl @l Lsgo i

rf = RandomForestRegressor(n_estimators=100, random_state=42)
rf.fit(X_train, y_train)

# sVl cwiyy elhiwl
importances = rf.feature_importances_
feature_names = X.columns

df_importance = pd.DataFrame({'Feature': feature_names, 'Importance’:

# Olisodl drodl o,

plt.figure(figsize=(10, 6))

sns.barplot(x="Importance', y='Feature', data=df_importance)
plt.title("Feature Importance using Random Forest")
plt.show()

1. bLs VIl = s, (Filter Method)...
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Correlation with Player Value (Filter Method)
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