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import pandas as pd
import numpy as np

# %pip install lifetimes

2.C|0JE] =H]
- 72 gl72| 0|23 2% HO[EIE 2A0 U7 &3

SELECT CustomerID
, COUNT(DISTINCT DATE(TransactionDate)) - 1 AS frequency
, DATE_DIFF(DATE(MAX(TransactionDate)), DATE(MIN(TransactionDate)), DAY) AS recency

# discountElZd 1ne2{st
, AVG(TotalAmount) AS monetary_value

# SAMLRME 2024 52 120/2tn 7HA
DATE_DIFF('2024-05-01', DATE(MIN(TransactionDate)), DAY) AS T
FROM emlnent ring-451902-n9.ai.retail_transaction’
GROUP BY CustomerID
HAVING frequency > 0
LIMIT 1000;

df = pd.read_csv('/content/sample_data/retail_fregmoreone.csv', index_col=0)
df.head() # frequency = 70/ =7} F20f %l // recency = X70f9t OfX[8 20f Afojel Z|zF // monetary = &zt F0f F (2HA9] FOf0fA

frequency recency monetary_value T

CustomerID
121413 1 103 448.843328 131
818911 1 79 258.033574 104
418277 1 195 448.615587 349
628270 1 67 241.698151 332
147124 1 335 196.334731 342
o P9 HHE ElliE, n7Ho| o= 9o| HOIL} X1 FOHEX|(BG/NBD ZE)

[ )
mh

x
O
ted oSt Aot £X](Gamma-Gamma 22)SS oS 7hs

3.BG/NBD 2

i
mjo
o

TYS 0|8 NH0| "YOT A} T TOHEXAHE XIAER|"S 3}
o 2 DOICH“EHY MER7H BLES AIR"O| kS 4 IO, 704 514 22 20/ 2E(NBD)Z, Ol (HIZAE HHS HE 222 7hy

data = df[['frequency', 'recency', 'T'l]
data.head()



frequency recency T

CustomeriD
121413 1 103 131
818911 1 79 104
418277 1 195 349
628270 1 67 332
147124 1 335 342
print(datal['frequency', 'recency', 'T'l]l.describe())
print(datal['frequency', 'recency', 'T'l].isnull().sum())
frequency recency T
count 1000.000000 1000.000000 1000.000000
mean 1.046000 123.748000 249.207000
std 0.218934 85.765122 85.725685
min 1.000000 1.000000 13.000000
25% 1.000000 51.000000 185.000000
50% 1.000000 112.000000 263.000000
75% 1.000000 185.000000 321.250000
max 3.000000 356.000000 367.000000
frequency 0
recency 0
T 0
dtype: int64
from lifetimes import BetaGeoFitter # BetaGeoFitter= frequency, recency, TE 2/&zlo= A=,

# BG/NBD ZZ ZHx| Mo
bgf = BetaGeoFitter(penalizer_coef=0.01)

# OJOJE{0] Q= frequency, recency, TE O/&3 22 fitting
bgf.fit(datal'frequency'], datal'recency'l, datal'T'])

# 24 mpefolE =g
bgf

<lifetimes.BetaGeoFitter: fitted with 1000 subjects, a: 0.66, alpha: 229.96, b: 0.06, r: 2.26>

1. 2 oet0|E 3 A:

e r, alpha:
s 0§ HIEE 20|8 2% (Negative Binomial) 2 7HE3ISM| 2 El DS
= DZHo| o S R E AY

2. penalizer_coef(HHat Al%):
o 9 EQO?
C|OJE{7} DR R 7{Lt, Dz 2 ZCHMQl frequency/recency 2X 7t S, 20| 2EHX o2 X|RE LS (overfitting).
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= OECHZZL(0: 0.0001, 001)S &FE5HH, Ti20|E{7H HF HX[AL 20X =X S WRISHA, ZH0| & O 2FdH.

o Zrol el

s QUNORZ 0.0 ~ 0.1 AO|Q] 2L,
= 0.0 0|H F+tat glo] a2tz g,

bgf.summary

coef se(coef) lower 95% bound upper 95% bound

r 2.260015  0.125195 2.014633 2.505396
alpha 229.960700 16.886742 196.862685 263.058715
a 0.662256 0.149945 0.368363 0.956149

b 0.055920 0.015328 0.025877 0.085962



o 2HEHEO Chsf &S U 7IZHAIZIEIS)) Sot oy Pof H4Ut My HEE,

o ="gto20| T0j 52 7|ChR|"
from lifetimes.plotting import plot_frequency_recency_matrix

plot_frequency_recency_matrix(bgf)

<Axes: title={'center': 'Expected Number of Future Purchases for 1 Unit of Time,\nby Frequency and Recency of a Custome
r'}, xlabel="Customer's Historical Frequency", ylabel="Customer's Recency">

Expected Number of Future Purchases for 1 Unit of Time,
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from lifetimes.plotting import plot_probability_alive_matrix

plot_probability_alive_matrix(bgf)

<Axes: title={'center': 'Probability Customer is Alive,\nby Frequency and Recency of a Customer'}, xlabel="Customer's His
torical Frequency", ylabel="Customer's Recency">



Probability Customer is Alive,
by Frequency and Recency of a Customer
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conditional_expected_number_of_purchases_up_to_time(t, frequency, recency, T) £ A3l Zt =2 #C}+ t 7|2H Sot oA oj Bl E 75 S O

US 71ECE 1S Fst= AYLIC.

# conditional_expected_number_of_purchases_up_to_time(t, frequency, recency, T) HAE &
t =7 # ge=z g Zorl O 0%

datal['predicted_purchases'] = bgf.conditional_expected_number_of_purchases_up_to_time(t, datal'frequency'], datal'recency’

# FY5E, Y9 n Y 5

data.sort_values(by='predicted_purchases', ascending=False).head(5) # 0{7/M &g/ 59

frequency recency T predicted_purchases

CustomerID
340516 3 204 208 0.062279
294753 2 74 83 0.054933
892820 3 195 242 0.049623
693531 2 136 143 0.047032
818275 2 136 148 0.045346

# ooz 302 Fot
t = 30

data['predicted_purchases'] = bgf.conditional_expected_number_of_purchases_up_to_time(t, datal'frequency'], datal'recency'



# ZEolu, 42 n F =5
data.sort_values(by='predicted_purchases', ascending=False).head(5)

frequency recency T predicted_purchases

CustomerID
340516 3 204 208 0.259558
294753 2 74 83 0.225307
892820 3 195 242 0.207212
693531 2 136 143 0.194194
818275 2 136 148 0.187319
for t in [7, 30, 90]:

I mo

#
t
d

atal'predicted_purchases']

col = f'predicted_purchases_{t}d"
datalcol]l = bgf.conditional_expected_number_of_purchases_up_to_time(
t,
datal'frequency'l],
datal['recency'l,
datal['T']

~

Z 902 =of 0%
90

# FEstu, 49 n F £
data.sort_values(by='predicted_purchases', ascending=False).head(5)
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# Zt
def

= bgf.conditional_expected_number_of_purchases_up_to_time(t, datal'frequency'l],

datal['recency'

frequency recency T predicted_purchases predicted_purchases_7d predicted_purchases_30d predicted_purchases_90d

tomerID
340516 3 204 208 0.728845 0.062279
294753 2 74 83 0.611746 0.054933
892820 3 195 242 0.584289 0.049623
693531 2 136 143 0.534418 0.047032
818275 2 136 148 0.515993 0.045346
=
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. predicted_purchases & A4:

BG/NBD 2% (bgf)2| conditional_expected_number_of_purchases_up_to_time HAE=E SEFLICE
zt 70| k& t 7|2t LY FOHE o2 O ZE|= 8l4-E ALY predicted_purchases Zoi| X{&EtLICE,

ME J7|1&
MaME 7IE o|oj
VIP >0.10 CHS 302 Wi Z{720H7t EstA| ol &=l &ate| 02
Potential 0.05 ~ 0.10 HEst X7 7ts Y U=
Passive  0.01~0.05 7tsMd2 SX|ot Hoels 1
Churn Risk <0.01 Ol 7tsd0| R =2 12

Lot JlZzo2 55 28
classify_customer(x):
if x > 0.10:

return 'VIP'
elif x > 0.05:

return 'Potential’
elif x > 0.01:

return 'Passive'
else:

return 'Churn Risk'

0.259558
0.225307
0.207212
0.194194

0.187319

0.728845

0.611746
0.584289
0.534418

0.515993



datal'segment'] = datal'predicted_purchases_30d'].apply(classify_customer)

# 2Z ol

datal['segment'].value_counts()

Outl[ 1: count
segment
Churn Risk 675

Passive 291

VIP 24
Potential 10
dtype: int64

In [ ]: import matplotlib.pyplot as plt
import seaborn as sns

# MIBEY M XF
segment_palette = {

'VIP': '#FF6B6B', # Red
'Potential': '#FFDO3D', # Yellow
'Passive': '#6BCB77', # Green
'Churn Risk': '#4D96FF' # Blue

¥

# AlZts}

plt.figure(figsize=(8, 5))
sns.countplot(data=data, x='segment', order=['VIP', 'Potential', 'Passive', 'Churn Risk'], palette=segment_palette)

plt.title('Customer Segment Distribution (30-day Prediction)', fontsize=14)
plt.xlabel('Segment', fontsize=12)
plt.ylabel('Number of Customers', fontsize=12)

plt.grid(axis='y', linestyle='—--', alpha=0.4)
plt.tight_layout()
plt.show()
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from lifetimes.plotting import plot_period_transactions
plot_period_transactions(bgf)

<Axes: title={'center': 'Frequency of Repeat Transactions'}, xlabel='Number of Calibration Period Transactions', ylabel

='Customers'>
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t = 10 # 3027t o=

individual = data.iloc[20]
bgf.predict(t, individuall'frequency'], individuall'recency'], individuall'T'])

np.float64(0.005807447546305386)

transaction_data = pd.read_csv('/content/sample_data/Retail_Transaction_Dataset.csv')

transaction_data.head()



CustomerID ProductlD Quantity Price TransactionDate PaymentMethod StoreLocation

176 Andrew
(0] 109318 C 7 80.079844 12/26/2023 12:32 Cash Cliffs\nBaileyfort,
HI 93354

11635 William
Well Suite
809\nEast Kara,
MT 19483

1 993229 C 4 75.195229 8/5/2023 0:00 Cash

910 Mendez Ville
2 579675 A 8 31.528816 3/11/2024 18:51 Cash  Suite 909\nPort
Lauraland, MO...

87522 Sharon

10/27/2023 PayPal Corners Suite
22:00 500\nLake
Tammy, MO...

3 799826 D 5 98.880218

0070 Michelle
Island Suite
143\nHoland, VA
80142

4 121413 A 7 93188512 12/22/2023 11:38 Cash

from lifetimes.plotting import plot_history_alive
id = 294753
days_since_birth = 400

sp_trans = transaction_data.loc[transaction_datal'CustomerID'] == id]
plot_history_alive(bgf, days_since_birth, sp_trans, 'TransactionDate')

ProductCategory

Books

Home Decor

Books

Books

Electronics

DiscountApplied (%)

18.677100

14.121365

15.943701

6.686337

4.030096
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# monetary_valueZfX| Q& CIO/EA ZE2{<27]

# L BHHOl MPOIE Bt AFEIERF (MEE THE CfY!)

df.head()
frequency recency monetary_value T
CustomeriD
121413 1 103 448.843328 131
818911 1 79 258.033574 104
418277 1 195 448.615587 349
628270 1 67 241698151 332
147124 1 335 196.334731 342
g‘& OzTrh.%:_: : Gamma-Gamma Z220|A] CLVE A|4teH, 'monetary value'?} 'purchase frequency' AO]of| 2tz

ol

o T2fA SHAO|M, O] REIZ AMRSIY| [5M O] & 7HX| ALO|0f| Pearson CorrelationO| 00| Z7H7H2X| 2kQIsHOFst,

# ZWEHE O2E AFO[OfA] 'monetary_value' &F

'frequency' 9l 1EY

df [['monetary_value', 'frequency'll.corr()

monetary_value frequency
monetary_value 1.000000 0.040852

frequency 0.040852 1.000000

# APty stolziond, D gl
from lifetimes import GammaGammaFitter

ggf = GammaGammaFitter(penalizer_coef
ggf.fit(df['frequency'],
df['monetary_value'l)

ggf

= 0.01)
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<lifetimes.GammaGammaFitter: fitted with 1000 subjects, p: 4.02, q: 0.38, v: 3.80>

# ggf7f MEIot= HMEZ "2t 1240] gtz sHH pOfgtay ZiCfE= R 7O FAE ofF
result = ggf.conditional_expected_average_profit(

df['frequency'], #ox20 017|M FA OHE(FEE OISIAEIEE E3) £ Cfe=Z o5
df['monetary_value']
) # 2t DHIDYZE o)FE T FO0fF0| Al2[= FEf=Z

result.head(10)

CustomerID

121413 534.960998
818911 309.449982
418277 534.691839
628270 290.143747
147124 236.530392
589251 161.260519
608105 433.630972
201514 228.668338
91439 277.374586

301389 510.046635

dtype: float64

plt.figure(figsize=(8, 5))

sns.histplot(result, bins=40, kde=True, color='skyblue')
plt.title('Predicted Average Purchase Value Distribution (Gamma-Gamma)')
plt.xlabel('Predicted Average Value')

plt.ylabel('Number of Customers')

plt.grid(axis='y', linestyle='—--', alpha=0.4)
plt.tight_layout()
plt.show()
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import pandas as pd

temp = pd.DataFrame({
‘segment': datal'segment'],
'expected_avg_value': result,



In [ ]:

'predicted_purchases_30d': datal'predicted_purchases_30d"']

})
plt.figure(figsize=(8, 5))
sns.boxplot(

data=temp,

x="segment',

y="expected_avg_value',

order=['VIP', 'Potential', 'Passive', 'Churn Risk'l],

palette=segment_palette
)
plt.title('Predicted Average Purchase Value by Segment')
plt.xlabel('Customer Segment')
plt.ylabel('Predicted Average Purchase Value')
plt.grid(axis='y', linestyle='—-', alpha=0.4)
plt.tight_layout()
plt.show()
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plt.
.scatterplot(
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plt.
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figure(figsize=(8, 5))

data=temp,
x='predicted_purchases_30d',
y="'expected_avg_value',
hue='segment',
palette=segment_palette

tight_layout()
show()
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title('Predicted Purchase Frequency vs. Average Order Value')
xlabel('Expected Purchases in 3@ Days')

ylabel('Predicted Average Purchase Value')

.grid(True, linestyle='—-', alpha=0.3)

plt.
plt.




Predicted Purchase Frequency vs. Average Order Value
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# A aZo) CHst OfF FOjZHY Lt
# Expected conditional avg profit (=220 0jF5t H#3%) VS. Average profit (& CO/E0fA ZSEHE HmZ)
print("Expected conditional average profit: %s, Average profit: %s" % (
ggf.conditional_expected_average_profit(
df['frequency'],
dfl['monetary_value'l
) .mean(),
df [df['frequency']>0]['monetary_value'].mean()

))
Expected conditional average profit: 192.68685396004423, Average profit: 254.40209095919482



