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1-2. Python 4> 7)La—F

# Project 1: BARIEEITENNM
# CODOR DataScience BootCamp - Template

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import KMeans

# --- Step 1: F—XFARAH ---
# df = pd.read_csv('your_ecommerce_data.csv')
# Y TINT—RER
np.random.seed(42)
n = 500
df = pd.DataFrame({
‘customer_id': range(1, n+1),
‘recency’': np.random.randint(1, 365, n),
‘frequency': np.random.randint(1, 50, n),
‘monetary’': np.random.uniform(106, 50000, n).round(2)
})

# --- Step 2: RFMO#HT ---
def rfm_score(df):
df[ 'R_score'] pd.qcut(df[ 'recency'], q=5, labels=[5,4,3,2,1]).astype(int)
df[ 'F_score'] pd.qcut(df['frequency'].rank(method="'first'), q=5, labels=
[1,2,3,4,5]).astype(int)
df['M_score'] = pd.qcut(df[ 'monetary'], q=5, labels=[1,2,3,4,5]).astype(int)
df[ 'RFM_total'] = df['R_score'] + df['F_score'] + df['M_score']
return df

df = rfm_score(df)

# --- Step 3: /7R &X!)>7 (K-Means) ---
features = ['recency', 'frequency', 'monetary']
scaler = StandardScaler()

X_scaled = scaler.fit_transform(df[features])



kmeans = KMeans(n_clusters=4, random_state=42, n_init=10)
df[ 'cluster'] = kmeans.fit_predict(X_scaled)

# --- Step 4: ARtk ---
fig, axes = plt.subplots(1, 2, figsize=(14, 5))

# RFMZX a7 9%

axes[0] .hist(df[ 'RFM_total'], bins=20, color='steelblue', edgecolor='white")
axes[@].set_title('RFM Score Distribution')

axes[@].set_xlabel('RFM Total Score')

axes[0].set_ylabel('Count')

# 07 AR —H8HK

scatter = axes[1].scatter(df['recency'], df['monetary'],
c=df['cluster'], cmap='viridis', alpha=0.6)

axes[1].set_title('Customer Clusters (Recency vs Monetary)')

axes[1].set_xlabel('Recency (days)')

axes[1].set_ylabel('Monetary (¥)')

plt.colorbar(scatter, ax=axes[1], label='Cluster')

plt.tight_layout()
plt.savefig('rfm_analysis.png', dpi=150, bbox_inches="'tight")
plt.show()

# --- Step 5: 77 Rx—4FHEHYT)— ---

cluster_summary = df.groupby('cluster')[features].mean().round(2)
print("\n=== Cluster Summary ===")

print(cluster_summary)

1-3.SQLH>7)La—F

-- RFMzt&EZ- 1)
WITH order_stats AS (
SELECT
customer_id,
DATEDIFF(CURDATE(), MAX(order_date)) AS recency,
COUNT (DISTINCT order_id) AS frequency,
SUM(order_amount) AS monetary
FROM orders
WHERE order_date >= DATE_SUB(CURDATE(), INTERVAL 1 YEAR)
GROUP BY customer_id
),

rfm_scores AS (



SELECT
customer_id,
recency,
frequency,
monetary,
NTILE(5) OVER (ORDER BY recency DESC) AS r_score,
NTILE(5) OVER (ORDER BY frequency ASC) AS f_score,
NTILE(5) OVER (ORDER BY monetary ASC) AS m_score
FROM order_stats
),
rfm_segments AS (
SELECT *,
(r_score + f_score + m_score) AS rfm_total,
CASE
WHEN (r_score + f_score + m_score) >= 12 THEN 'Champions’
WHEN (r_score + f_score + m_score) >= 9 THEN 'Loyal Customers'
WHEN (r_score + f_score + m_score) >= 6 THEN 'Potential Loyalists'
ELSE 'At Risk / Lost'
END AS segment
FROM rfm_scores

)

SELECT
segment,
COUNT (*) AS customer_count,
ROUND (AVG(monetary), ©) AS avg_monetary,

ROUND (AVG(frequency), 1) AS avg_frequency
FROM rfm_segments
GROUP BY segment
ORDER BY avg_monetary DESC;
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2-2. Python 4> 7 )La—F

# Project 2: St EFHEFT 7
# CODOR DataScience BootCamp - Template

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split, cross_val_score

from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
from sklearn.preprocessing import LabelEncoder

import warnings

warnings.filterwarnings('ignore')

# --- Step 1: o 7IT—RER ---

np.random.seed(42)

dates = pd.date_range('2022-01-01', '2024-12-31', freq='D")
n = len(dates)

df = pd.DataFrame({
"date': dates,

‘sales': (
3000 +
np.sin(np.arange(n) * 2 * np.pi / 365) * 500 + # Z=FEik
np.arange(n) * 0.5 + # LK
np.random.normal(@, 200, n) # /M4X

) .round(0),

"temperature': np.random.normal(20, 10, n).round(1),
'is_holiday': np.random.choice([0, 1], n, p=[0.95, 0.05]),
"promotion': np.random.choice([0, 1], n, p=[0.85, 0.15])

)

# --- Step 2: HET =TT ---
df[ 'year'] = df['date'].dt.year
df[ 'month'] = df['date'].dt.month

df[ 'day_of_week"']
df[ 'quarter']

df[ 'date'].dt.dayofweek
df['date'].dt.quarter
df['is_weekend'] (df['day_of_week'] >= 5).astype(int)
df['sales_lag7'] df['sales'].shift(7) # 7H#INOEL
df['sales_lag30'] = df['sales'].shift(30) # 30H#INEL
df['rolling_mean_7'] = df['sales'].rolling(7).mean()

df = df.dropna()



# --- Step 3: EFILFY ---

features = ['year', 'month', 'day_of_week', 'quarter', 'is_weekend',
"temperature', 'is_holiday', 'promotion’,
'sales_lag7', 'sales_lag30', 'rolling_mean_7"']

df[features]

df[ 'sales']

X
y

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,
shuffle=False)

models = {
'RandomForest’': RandomForestRegressor(n_estimators=100, random_state=42),
'GradientBoosting': GradientBoostingRegressor(n_estimators=100,
random_state=42)

}

results = {}
for name, model in models.items():
model.fit(X_train, y_train)
y_pred = model.predict(X_test)
results[name] = {
"MAE': round(mean_absolute_error(y_test, y_pred), 2),
"RMSE' : round(np.sqrt(mean_squared_error(y_test, y_pred)), 2),

'R2": round(r2_score(y_test, y_pred), 4)
}
# --- Step 4: HRFXR ---
print("=== Model Comparison ===")

for name, metrics in results.items():
print(f"{name}: MAE={metrics['MAE']}, RMSE={metrics['RMSE']}, RZ2=
{metrics['R2']1}")

# --- Step 5: FHHEEEE ---
best_model = models|'RandomForest']
importance_df = pd.DataFrame({
'feature': features,
"importance’' : best_model.feature_importances_
}).sort_values('importance', ascending=False)

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

plt.barh(importance_df['feature'], importance_df['importance’],
color="steelblue')

plt.title('Feature Importance - Random Forest')
plt.xlabel('Importance')

plt.tight_layout()

plt.savefig('feature_importance.png', dpi=150, bbox_inches='tight")
plt.show()
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-- B L&At + HHEEMN
WITH daily_sales AS (

SELECT
DATE (order_date) AS sale_date,
SUM(order_amount) AS daily_sales,

COUNT(DISTINCT order_id) AS order_count,
COUNT(DISTINCT customer_id) AS unique_customers
FROM orders
GROUP BY DATE(order_date)
),
sales_with_features AS (
SELECT
sale_date,
daily_sales,
order_count,
unique_customers,

YEAR(sale_date) AS year,
MONTH(sale_date) AS month,
DAYOFWEEK (sale_date) AS day_of_week,
QUARTER(sale_date) AS quarter,

-- ZUNHEE

LAG(daily_sales, 7) OVER (ORDER BY sale_date) AS sales_lag_7d,
LAG(daily_sales, 30) OVER (ORDER BY sale_date) AS sales_lag_36d,
-- BEITH
AVG(daily_sales) OVER (
ORDER BY sale_date
ROWS BETWEEN 6 PRECEDING AND CURRENT ROW
) AS rolling_avg_7d,
-- HIFERIAL
LAG(daily_sales, 365) OVER (ORDER BY sale_date) AS same_day_last_year,
ROUND (
daily_sales / NULLIF(LAG(daily_sales, 365) OVER (ORDER BY sale_date),
0) - 1,
4
) AS yoy_growth_rate
FROM daily_sales
)
SELECT * FROM sales_with_features
WHERE sale_date >= '2023-01-01'
ORDER BY sale_date;
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3-2. Python 4> 7 )La—F

# Project 3: EERIHS AT LA
# CODOR DataScience BootCamp - Template

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.ensemble import IsolationForest

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import classification_report, confusion_matrix
import seaborn as sns

# --- Step 1: o 7IT—RER ---
np.random.seed(42)

n_normal = 950

n_fraud = 50

normal_data = pd.DataFrame({
"transaction_amount': np.random.normal(5000, 2000, n_normal).clip(160),
"hour_of_day": np.random.randint(8, 22, n_normal),
"transactions_today': np.random.poisson(3, n_normal),
"distance_from_home': np.random.exponential(10, n_normal),
‘is_fraud': ©

1)

fraud_data = pd.DataFrame({
"transaction_amount': np.random.normal(80000, 30000, n_fraud).clip(10000),
"hour_of_day': np.random.choice([1, 2, 3, 23, @], n_fraud),
"transactions_today': np.random.poisson(15, n_fraud),
"distance_from_home': np.random.exponential(200, n_fraud),
"is_fraud': 1

1)



df = pd.concat([normal_data, fraud_data], ignore_index=True)

# --- Step 2: HIUE ---
features = ['transaction_amount', 'hour_of_day',
"transactions_today', 'distance_from_home' ]

scaler = StandardScaler()
X = scaler.fit_transform(df[features])
y_true = df['is_fraud']

# --- Step 3: Isolation Forest ---
clf = IsolationForest(contamination=0.05, random_state=42, n_estimators=200)
df[ 'anomaly_score'] = clf.fit_predict(X)

df[ 'is_predicted_fraud'] = (df['anomaly_score'] == -1).astype(int)

# --- Step 4: ¥l ---

print("=== Classification Report ===")

print(classification_report(y_true, df['is_predicted_fraud'],
target_names=[ 'Normal', 'Fraud']))

# --- Step 5: RE{TIIDAIRNE ---

cm = confusion_matrix(y_true, df['is_predicted_fraud'])

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

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues’,
xticklabels=["'Normal', 'Fraud'],
yticklabels=["'Normal', 'Fraud'])

plt.title('Confusion Matrix - Anomaly Detection')

plt.ylabel('True Label')

plt.xlabel('Predicted Label')

plt.tight_layout()

plt.savefig('confusion_matrix.png', dpi=150, bbox_inches="'tight")

plt.show()

# --- Step 6: REXAT7HMH ---

fig, ax = plt.subplots(figsize=(10, 5))

ax.scatter(df[df['is_fraud']==0]["'transaction_amount'],
df[df['is_fraud']==0][ 'distance_from_home'],
alpha=0.4, label='Normal', color='steelblue', s=30)

ax.scatter(df[df['is_fraud']==1]["'transaction_amount'],
df[df['is_fraud']==1]["'distance_from_home'],
alpha=0.8, label='Fraud', color='crimson', s=60, marker='x")

ax.set_xlabel('Transaction Amount (¥)')

ax.set_ylabel('Distance from Home (km)")

ax.set_title('Transaction Pattern: Normal vs Fraud')

ax.legend()

plt.tight_layout()

plt.savefig('fraud_scatter.png', dpi=150, bbox_inches="'tight")

plt.show()
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- BbLWiZ ¥ o a3kt
WITH transaction_stats AS (

SELECT
customer_id,
AVG(amount) AS avg_amount,
STDDEV (amount) AS std_amount,

AVG(amount) + 3*STDDEV(amount) AS upper_threshold
FROM transactions
WHERE transaction_date >= DATE_SUB(CURDATE(), INTERVAL 90 DAY)
GROUP BY customer_id
),
daily_tx_count AS (
SELECT
customer_id,
DATE(transaction_date) AS tx_date,
COUNT (*) AS tx_count_today,
SUM(amount) AS total_amount_today
FROM transactions
GROUP BY customer_id, DATE(transaction_date)
),
fraud_flags AS (
SELECT
t.transaction_id,
t.customer_id,
t.amount,
t.transaction_date,
-- 7571 FiH+304 B A D SEEE]
CASE WHEN t.amount > ts.upper_threshold THEN 1 ELSE © END AS
flag_large_amount,
-- 7772 KRG (0-58)
CASE WHEN HOUR(t.transaction_date) BETWEEN © AND 5 THEN 1 ELSE © END AS
flag_late_night,
-- 7773 LHEGIR#EAREIZZWL
CASE WHEN dtx.tx_count_today > 10 THEN 1 ELSE @ END AS
flag_high_frequency,
(
CASE WHEN t.amount > ts.upper_threshold THEN 1 ELSE © END +
CASE WHEN HOUR(t.transaction_date) BETWEEN © AND 5 THEN 1 ELSE © END

CASE WHEN dtx.tx_count_today > 10 THEN 1 ELSE © END
) AS total_flags

FROM transactions t
LEFT JOIN transaction_stats ts ON t.customer_id = ts.customer_id
LEFT JOIN daily_tx_count dtx

ON t.customer_id = dtx.customer_id

AND DATE(t.transaction_date) = dtx.tx_date

WHERE t.transaction_date >= CURDATE() - INTERVAL 7 DAY



)
SELECT *,

CASE
WHEN total_flags >= 2 THEN 'HIGH RISK'
WHEN total_flags = 1 THEN 'MEDIUM RISK'
ELSE 'LOW RISK'
END AS risk_level
FROM fraud_flags
WHERE total_flags >= 1
ORDER BY total_flags DESC, amount DESC;
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