Project 2
Feature Selection Methods in Machine Learning

Dataset: WineQT (Red Wine Quality)
Course: Machine Learning

1 Download dataset from Kaggle

2 Handle missing values

3 Apply ML models with Grid Search

4 Feature Selection (2 methods)

5 Apply ML models to selected features

6 Save and export as PDF



Step 1: Download Dataset from Kaggle

The WineQT dataset was downloaded from Kaggle. It contains 1,143 samples of red wine with 11 chemical
features and a quality score as the target variable.

Dataset Link: https://www.kaggle.com/datasets/yasserh/wine-quality-dataset

i mport pandas as pd

i mport nunpy as np

inport matplotlib.pyplot as plt

i nport war ni ngs

war ni ngs. filterwarnings('ignore')

# Load dat aset

df = pd.read_csv("WneQrl. csv")
print("Shape:", df.shape)
print (df.head())

Step 2: Handle Missing Values

Before applying any machine learning model, the dataset must be cleaned. The following steps were
performed:

# Check mi ssing val ues
print("Mssing Values:")
print(df.isnull().sum))

# Check duplicates
print("Duplicate Rows:", df.duplicated().sun())

# Check data types
print (df.dtypes)

# Statistical summary
print (df.describe())

# Handl e m ssing val ues (nedian inputation as best practice)
for col in df.select_dtypes(include=np.nunber).col ums:
df[col].fillna(df[col].nedian(), inplace=True)

# Renove duplicate rows
df . drop_dupl i cat es(i npl ace=Tr ue)
print ("Shape after cleaning:", df.shape)

# Drop Id colum (not a feature)
df . drop(colums=["1d"], inplace=True)

# Define features and target
X = df .drop(' quality', axis=1)
y =df['quality"]



print("Features:", |ist(X colums))
print("Target: quality")

Step 3: ML Models with Grid Search Optimizer

Three regression models were trained using GridSearchCV with 5-fold cross-validation to find the optimal
hyperparameters for each model.

from skl earn. nodel _sel ection inport train_test_split, GidSearchCV

from skl earn. preprocessing i nport StandardScal er

from sklearn.tree inport DecisionTreeRegressor

from skl earn. ensenbl e i nport Randonfor est Regressor

from skl earn. svminport SVR

fromsklearn.netrics inport nean_absolute_error, nmean_squared_error, r2_score

# Train-test split
X train, X test, y train, y test = train_test_split(
X, y, test_size=0.2, random st at e=42

)

# Scal e data (needed for SVR)

scal er = StandardScal er ()

X train_scaled = scaler.fit_transform X_train)
X test_scaled = scaler.transform X test)

# mm @id Search Paraneters EEEEEEEEEEEEEEEEEEESEEEEEEEEEN
dt _params = {

"max_depth': [3, 5, 10, None],

'mn_sanples_split':[2, 5, 10],

'mn_sanples_leaf': [1, 2, 4]

}

rf _parans = {
'n_estimators': [100, 200],
"max_depth': [5, 10, None],
'"mn_sanples_split': [2, 5]
}

svr_parans = {

'C: [0.1, 1, 10],
"epsilon': [0.1, 0.2],
"kernel': ['rbf', "linear']

}

# mm @id Search Function EEEEEEEEEEEEEESESSEEEEEEEEEEEEEER
def run_grid _search(nodel, paranms, X tr, Xte, y tr, y te, nane):
print(f"\nhMdel: {nane}")

grid = GidSearchCV(

esti mat or =nodel , param gri d=par ans,

cv=5, scoring='r2', n_jobs=-1

)



grid. fit(X_tr, y_tr)
print("Best Parans:", grid.best_parans_)
print("Best CV R2:", round(grid.best_score_, 4))

y_pred = grid. best_estimator_.predict(X_ te)

mae = mean_absol ute_error(y_te, y_pred)

rmse = np.sqrt(mean_squared_error(y_te, y_pred))

r2 =r2_score(y_te, y_pred)

print(f"MAE: {mae:.4f} | RVBE {rnse:.4f} | R2:{r2:.4f}")
return {' Model': name,' MAE :round(nee, 4),

' RVBE' :round(rnse, 4),' R2' :round(r2,4)}

results_all =]

resul ts_all.append(run_grid_search(

Deci si onTr eeRegr essor (random st at e=42), dt_par ans,
X train, X test, y train, y test, "Decision Tree"))

resul ts_all.append(run_grid_search(
Randontor est Regr essor (random st at e=42), rf _parans,
X train, X test, y train, y test, "Random Forest"))

results_all.append(run_grid_search(
SVR(), svr_parans,
X train_scaled, X test_scaled, y_train, y test, "SVR"))

results_all _df = pd. DataFrame(results_all)
print("\nAl|l Features Performnce:")
print(results_all _df)

Step 4. Feature Selection (Two Methods)

Method 1: Mutual Information (Filter Method)

Mutual Information measures the statistical dependency between each feature and the target variable. Higher
score = more important feature.

from skl earn. feature_sel ection inport Sel ect KBest, nutual _i nfo_regression

# Calculate M scores for all features
selector_m _all = Sel ectKBest(mutual _info_regression, k="all")
selector_m _all.fit(X train, y train)

m _df = pd. Dat aFr ame({

' Feature': X colums,

"M Score': selector_m _all.scores_
}).sort_values('M Score', ascendi ng=Fal se)

print("Mitual Information Scores:")
print(m _df)



# Pl ot

plt.figure(figsize=(10, 5))

plt.bar(m _df[' Feature'], m _df['M Score'], color='steel blue')
pl t. xl abel ("Feature")

plt.ylabel ("M Score")

plt.title("Feature |Inportance - Mutual |nformation")
plt.xticks(rotation=45, ha="right')

plt.tight _|ayout()

pl t.show()

# Select top 5 features

k =5

sel ector_m = Sel ect KBest (nmutual _i nfo_regressi on, k=k)
X train_m = selector_m.fit_transform(X_ train, y_train)
X test_m = selector_m.transform X test)

sel ected_m = X colums[sel ector_m .get_support()]
print("Selected Features (M):", list(selected_ni))

Method 2: RFE + Random Forest (Wrapper Method)

Recursive Feature Elimination trains a Random Forest model iteratively, removing the least important feature at
each step until only k features remain.

from skl earn. feature_sel ection inport RFE

# Apply RFE with Random For est

rf_rfe = Randonfor est Regressor (n_esti mat or s=200, random st at e=42)
k =5

rfe = RFE(estimator=rf_rfe, n_features_to_sel ect=k)

rfe.fit(X train, y_train)

rfe_df = pd. Dat aFrane({
'Feature': X. colums,
"Ranking': rfe.ranking_,
"Selected' : rfe.support_
}).sort_val ues(' Ranking')

print ("RFE Feature Ranking:")
print(rfe_df)

# Pl ot

colors_bar = ['green' if s else 'steelblue' for s in rfe_df['Selected ]]
plt.figure(figsize=(10, 5))

plt.bar(rfe_df[' Feature'], rfe_df[' Ranking'], col or=col ors_bar)

pl t. xl abel ("Feature")

plt.yl abel ("RFE Ranking (1 = Selected)")

plt.title("Feature Ranking - RFE + Random Forest (Green = Sel ected)")
plt.xticks(rotation=45, ha="right')

plt.tight _|ayout()

pl t.show()



X train_rfe = rfe.transform X_train)
X test _rfe = rfe.transforn( X test)
selected rfe = X columms[rfe.get_support()]

print("Selected Features (RFE):", list(selected rfe))
# Conpare
print("\nCommon Features:", list(set(selected_m) & set(selected_rfe)))

Step 5: Apply ML Models to Selected Features

The three regression models (Decision Tree, Random Forest, SVR) are applied to features selected by each
method and evaluated using MAE, RMSE, and R2 Score.

# mm Models on M-Selected Features EEEEEEEEEEEEEEEEEEEER
print ("MODELS ON MJUTUAL | NFORVATI ON FEATURES")

scal er_m = StandardScal er ()

X train_m _sc = scaler_m.fit_transform(X_train_m)

X test_m _sc = scaler_m.transforn( X test_m)

nmodel s = {

"Decision Tree": DecisionTreeRegressor(random st ate=42),
"Random Forest": Randonfor est Regressor (n_esti mat or s=200,
random st at e=42),

"SVR': SVR(kernel ='rbf")

}

results_m =[]

for name, nodel in nodels.itens():

X tr = Xtrain_m _sc if name=="SVR' else X train_m
X te = Xtest_m _sc if nane=="SVR' else X test_m
nmodel . fit (X tr, y_train)

y_pred = nodel . predict(X te)

resul ts_m . append({

' Model ' : nane,

'MAE' : round(nmean_absol ute_error(y_test, y_pred), 4),
'"RVMBE' : round(np.sqgrt(nean_squared_error(y_test,y pred)), 4),
"R2': round(r2_score(y_test, y pred), 4)

9]

print(f"{nanme}: R2={r2_score(y_test,y_pred):.4f}")

results_m _df = pd. DataFrane(results_m)

# mm Model s on RFE-Selected Features EuEEEEEEEEEEEEEEEEEEN
print("MODELS ON RFE FEATURES")

scal er _rfe = StandardScal er ()

X train_rfe_sc = scaler_rfe.fit_transform(X_train_rfe)

X test _rfe_sc = scaler_rfe.transform X test_rfe)

results_rfe =[]
for name, nodel in nodels.itens():



X tr = Xtrain_rfe_sc if name=="SVR' else X train_rfe

X te = Xtest_rfe_sc if name=="SVR' else X test_rfe

nmodel . fit(X_ tr, y_train)

y_pred = nodel . predict(X te)

resul ts_rfe.append({

' Model ' : nane,

' MAE' : round(nmean_absol ute_error(y_test, y_pred), 4),

'"RVBE' : round(np.sqgrt(mean_squared_error(y_test,y pred)), 4),
"R2': round(r2_score(y_test, y pred), 4)

b

results_rfe_df = pd. DataFrame(results_rfe)

# mm Final Conparison ENEEEEEEESEESEEEEEEENENENENEEEENENENENE

results_all _df["'Method'] = "Al Features'
results_m _df['Method'] = 'Mitual Information (k=5)'
results rfe df[' Method'] = 'RFE + Random Forest (k=5)'

final _df = pd.concat (

[results_all _df, results_m _df, results_rfe_df],
i gnor e_i ndex=Tr ue

)[[' Method',' Model',' MAE' ,' RVSE',' R2']]

print ("\ nFl NAL COVPARI SON: ")
print(final_df.to_string(index=Fal se))

best = final _df.loc[final _df['R2"].idxmax()]
print(f"\nBest: {best['Mdel']} with {best['Method' ]} -> R2={best['R2']}")

# mm Bar Chart ConpariSOn EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEN
nmodel s_list = ['Decision Tree', 'Random Forest', 'SVR ]

r2_all_vals = results_all _df['R2'].val ues

r2_m _vals =results_m _df['R2'].val ues

r2_rfe_vals = results_rfe_df['R2'].val ues

x
1

np. arange(l en(nodel s_Ilist))
w = 0.25

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

ax. bar(x-w, r2_all_vals, w |abel="A1l Features', color="steelblue')
ax.bar(x, r2_m _vals, w, label="M (k=5)"', color='orange')
ax. bar(x+w, r2 rfe vals, w, |abel=RFE (k=5)', color='green')
ax. set _xl abel (' Model ")

ax. set _yl abel (' R2 Score')

ax.set _title(' R2 Score: Al Features vs M vs RFE')

ax. set _xticks(x)

ax. set _xtickl abel s(nodel s_Iist)

ax. | egend()

ax.grid(axis="y', linestyle='--', alpha=0.5)
plt.tight_|ayout()

plt.show()



Summary: Evaluation Metrics Explained

meanly - y_pred| Lower is better
MSE mean(y - y_pred)"2 Lower is better
RMSE sqrt(MSE) Lower is better
R2 1-SS res/SS_tot Closerto 1

Average absolute error
Penalizes large errors
Same unit as target

Variance explained by model
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