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1 YioiojEet Z2&XtE 24 CHI

import numpy as np

import pandas as pd

{'f1':[1, 2, 3, 4, 5, 6, 7, 8, 9, 10],
'f2': [10., None, 20., 30., None, 50., 60., 70., 80., 90.],

missdict

'f3': [IAI, IAI, 'A', 'A', IBI, IBI, 'B', IBI, ICI, 'C']}

missdata = pd.DataFrame( missdict )

missdata.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 10 entries, 0 to 9
Data columns (total 3 columns):

# Column Non-Null Count Dtype

0 f1 10 non-null int64
1 f2 8 non-null float64
2 13 10 non-null object

dtypes: float64(1), int64(1), object(l)

memory usage: 368.0+ bytes

missdata.isna() .mean()

f1 0.0
£2 0.2
£3 0.0

dtype: float64

tmpdatal = missdata.dropna()

tmpdatal



f1 12

—
w

1 10.0
3 200
4 300
6 50.0
7 60.0
8 70.0
9 80.0
10 90.0

© w0 N o ;W N O
QO Q @I T = e o

tmpdata2 = missdata.dropna( subset=['f3'] )

tmpdata?2

—
—

£2

=
w

10.0
NaN
20.0
30.0
NaN
50.0
60.0
70.0
80.0
90.0

© 0 NS T A W N = O
© 0 O Gl A W N e
Q QW W w w = = = >

—_
]

numdata = missdata.select_dtypes(include=['int64', 'float64'])
tmpdata3d = numdata.fillna( -999, inplace=False )

tmpdata3.describe ()

f1 f2

count 10.00000 10.000000
mean 5.50000  -158.800000
std 3.02765  443.562297
min 1.00000  -999.000000
25%  3.25000  12.500000
50%  5.50000  40.000000
75%  7.75000  67.500000



f1 2

max  10.00000 90.000000

numdata.mean()

f1 5.50
£2 51.25
dtype: float64

tmpdata4 = numdata.fillna( numdata.mean(), inplace=False )

tmpdata4d

—
=

£2

10.00
51.25
20.00
30.00
51.25
50.00
60.00
70.00
80.00
90.00

© 0 N O Ot s W N = O
© 00 N O Ot ke W NN -

—_
)

missdata.groupby('£f3')['f2'] .mean()

£3

A 20.0
B 60.0
C 85.0

Name: f2, dtype: float64

missdata.groupby('f3') ['f2'].transform('mean')

0 20.0
1 20.0
2 20.0



20.
60.
60.
60.
60.
85.
85.

© 00 N O O b W
O O O O o o o

Name: f2, dtype: float64

tmpdatab = numdata.copy()
tmpdatab['f2'] .fillna( missdata.groupby('f3')['f2'] .transform('mean'), inplace=True)
tmpdatab

/var/folders/n2/jbh_0_091bx8qgz7j87t2qwc0000gp/T/ipykernel _25894/622840210.py:2: FutureWarning: !

The behavior will change in pandas 3.0. This inplace method will never work because the intermed:

For example, when doing 'df [col].method(value, inplace=True)', try using 'df.method({col: valuel}.

tmpdatab['f2'] .fillna( missdata.groupby('£3')['f2'].transform('mean'),inplace=True)

—
—

f2

10.0
20.0
20.0
30.0
60.0
50.0
60.0
70.0
80.0
90.0

© 0 N O Ot ke W NN~ O
© 0 N O Ot s W N

—_
o

missdata_tr = missdata.dropna()

X_tr = missdata_tr[['f1']]

y_tr = missdata_tr['f2']

from sklearn.linear_model import LinearRegression

model = LinearRegression()

10



model.fit( x_tr, y_tr )

missdata_ts = missdata [ missdata.isnull().any(axis=1) ]

x_ts = missdata_ts[['f1']]

predicted_values = model.predict( x_ts )

tmpdata6 = missdata.copy()

tmpdata6.loc[ tmpdata6['f2'].isnull(), 'f2'] = predicted_values
tmpdatab

—
—

£2

—
w

10.000000
14.191176
20.000000
30.000000
41.985294
50.000000
60.000000
70.000000
80.000000
10 90.000000

© 0 N S T A W N O
© 0 N S Gl oA W N
Q QW W w I = = > >

missdata_num = missdata.copy()

missdata_num['f3']=missdata_num['f3'] .map({'A':1,'B':2,'C':3})

missdata_num

-
—

f2 f3

10.0
NaN
20.0
30.0
NaN
50.0
60.0
70.0
80.0
90.0

© 0 N O Ot ke W N = O
© 0 N O Ut ke W NN =
W W NN ===

—_
()
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from sklearn.impute import KNNImputer
imputer = KNNImputer(n_neighbors=2)

tmpdata7 = imputer.fit_transform(missdata_num)

pd.DataFrame( tmpdata7 )

0 1 2
0 1.0 100 1.0
1 20 150 1.0
2 30 200 1.0
3 40 30.0 1.0
4 50 400 2.0
5 6.0 500 20
6 7.0 60.0 20
7 80 70.0 2.0
8 9.0 80.0 3.0
9 10.0 90.0 3.0

outdict = {'A': [10, 0.02, 0.3, 40, 50, 60, 712, 80, 90, 1003],
'B': [0.05, 0.00015, 25, 35, 45, 205, 65, 75, 85, 3905]}

outdata = pd.DataFrame( outdict )

Q1 = outdata.quantile(0.25)

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

outdata.quantile(0.75)

upper_bound = Q3 + 1.5 * IQR

((outdata < lower_bound) | (outdata > upper_bound))

A B

False False
False False
False False
False False
False False

False True

S U s W N = O

True False

12



A B

7 False False
8 TFalse False
9 True True

outliers = ((outdata < lower_bound) | (outdata > upper_bound)).any(axis=1)
outliersdata = outdatal[ outliers ]

outliersdata

A B

5 60.0 205.0
6 7120 65.0
9 1003.0 3905.0

standardizeddata = (outdata - outdata.mean()) / outdata.std()

standardizeddata

A B

-0.552206 -0.364647
-0.580536 -0.364688
-0.579741 -0.344154
-0.467047 -0.335940
-0.438661 -0.327727
-0.410274 -0.196309
1.440519  -0.311300
-0.353501 -0.303086
-0.325115  -0.294872
2.266563  2.842723

© 00 N O Ut ke W NN = O

outliers2 = ((standardizeddata < -3) | (standardizeddata > 3)).any(axis=1)
outliersdata2 = outdatal outliers2 ]

outliersdata2

13



import matplotlib.pyplot as plt

np.random. seed (42)

X_inliers = 0.3 * np.random.randn(100, 2)

X_outliers = np.random.uniform(low=-4, high=4, size=(20, 2))

X = np.r_[X_inliers + 2, X_inliers - 2, X_outliers]

plt.figure(figsize=(5, 4))
plt.scatter(X[:, 0], X[:, 1], color='k', s=20)

from sklearn.neighbors import LocalOutlierFactor

clf = LocalOutlierFactor(n_neighbors=20, contamination=0.1)
y_pred = clf.fit_predict(X) # 1: inlier, -1: outlier

outlier_mask = y_pred == -1

plt.figure(figsize=(5, 4))
plt.scatter(X[:, 0], X[:, 1], color='b', s=20, label='Inliers')

plt.scatter(X[outlier_mask, 0], X[outlier_mask, 1], color='r', s=50,label='0Outliers')

plt.
plt.
plt.

xlabel ("Feature 1")
ylabel("Feature 2")
legend ()

14
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Feature 1

from sklearn.ensemble import IsolationForest
clf2 = IsolationForest(contamination=0.1)

# contamination : O|AFX| H

o

# n_estimators : LF22| 25 (defalut 100)
# max_features : Z LIRYH E4

clf2.fit( X )

Am

M ~0| ZH4=(default 1)

y_pred2 = clf2.predict( X ) # 1: inlier, -1: outlier
outlier_mask2 = y_pred2 == -1

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

plt.scatter(X[:, 0], X[:, 1], color='b', s=20, label='Inliers')

plt.scatter (X[outlier_mask2, 0], X[outlier_mask2, 1], color='r'

plt.xlabel("Feature 1")
plt.ylabel("Feature 2")
plt.legend ()

15
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3 e Inliers ®
@ Outliers .
2 ¢ o
14 ° e
% 0- ® ®
15}
I.?-_:| _1 - .
[
_2 — .
_3 — . .
[ [
_4 4 I I I I I I I
—4 -3 =2 -1 0 1 2 3
Feature 1
clf2.score_samples(X)
array([-0.39567479, -0.43973362, -0.38576701, -0.4625295 , -0
-0.39353101, -0.44632054, -0.4539587 , -0.39410011, -0
-0.43802322, -0.4231585 , -0.38600184, -0.40324911, -0
-0.46849881, -0.4075734 , -0.43420431, -0.45140279, -0
-0.40036102, -0.38335266, -0.42666089, -0.41104579, -0
-0.38744281, -0.39942914, -0.44257912, -0.38938554, -0
-0.39006555, -0.42881353, -0.44275864, -0.40154039, -0
-0.42434279, -0.42743206, -0.57699503, -0.38628797, -0
-0.3864026 , -0.44513991, -0.39598029, -0.41231495, -0
-0.40568073, -0.39005843, -0.43210962, -0.38601781, -0
-0.41991455, -0.40181793, -0.38788591, -0.48400217, -0
-0.47693547, -0.50815903, -0.39115267, -0.40423505, -0
-0.4254748 , -0.48475901, -0.4890737 , -0.40357175, -0
-0.42406868, -0.40171635, -0.44870204, -0.38761922, -0
-0.42364173, -0.43593615, -0.39560681, -0.4391784 , -0
-0.38550106, -0.38910014, -0.39558501, -0.48693408, -0
-0.40964165, -0.43730378, -0.41716448, -0.47893783, -0
-0.40492088, -0.38431516, -0.39544321, -0.42208103, -0
-0.41839783, -0.40171635, -0.39362168, -0.39333773, -0
-0.40208128, -0.40907841, -0.39096216, -0.38929625, -0
-0.38953796, -0.43147334, -0.38691831, -0.45292849, -0
-0.40064735, -0.46513506, -0.48209563, -0.39635657, -0

16

.39169087,
.42823486,
.38778406,
.4113938
.44476313,
.40470075,
.39729665,
.45454533,
.39270763,
.38485125,
.38538727,
.43216634,
.39439224,
.43170548,
.39543452,
.41865632,
.39791987,
.53522817,
.44128807,
.40645206,
.39365031,
.44569517,



.4496465 , -0

.46462545, -0
.40082304, -0
.39237271, -0
.39044555, -0
.42956023, -0
.38356507 , -0
.40122018, -0
.44945534, -0
.47610349, -0
.42189161, -0
.44785724, -0
.41810669, -0
.38177641, -0
.4086809 , -0
.41509113, -0
.41557892, -0
.39756969, -0
.60259641, -0
.64786135, -0
.70698798, -0
.67178443, -0

.43243444, -0
.40782229, -0
.38971614, -0
.40320941, -0
.43501511, -0
.42799201, -0
.4556408 , -0
.40401747, -0
.4060406 , -0
.49275615, -0
.49261883, -0
.40375287, -0
.44560803, -0
.39724261, -0
.43961327, -0
.38081908, -0
.40347146, -0
.41357841, -0
.44411547, -0
.55623141, -0
.63422967, -0
.67084008, -0

.39406682, -0
.42572527, -0
.4628486 , -0
.42432754, -0
.4324525 , -0
.56257644, -0
.406217 , -0
.4443972 , -0
.38476589, -0
.38344594, -0
.48518689, -0
.45749968, -0
.38806155, -0
.40279204, -0
.40404401, -0
.39036169, -0
.39318444, -0
.38429305, -0
.57052254, -0
.45375541, -0
.64031155, -0
.685680391, -0

17

.40625773, -0
.46599338, -0
.4219109 , -0
.40309339, -0
.40503508, -0
.38875652, -0
.40385118, -0
.38320086, -0
.46817324, -0
.40974845, -0
.40901991, -0
.40496115, -0
.455623273, -0
.46677259, -0
.45862325, -0
.42441162, -0
.38921027, -0
.40297782, -0
.50247903, -0
.68754218, -0
.78183101, -0
.71446705, -0

.39826724,
.42852596,
.46365237,
.40204058,
.40259674,
.47585014,
.39458774,
.3834212 ,
.38466101,
.42395885,
.39452123,
.4260838 ,
.38817405,
.42162856,
.40473907,
.52130968,
.46342999,
.40881293,
.73212838,
.67833274,
.65477657,
.64861428])
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2.1 Question 1

1. probl_bank.csv At2E O X2
Holg= 1ol EFYE LElles &4

LIEtH = =8 B2 74850 AT

MM
~

52

7|

(m]
=

CH

Il 2k ]|

Fold=0 7t

O3l =
Hiﬁt

Z20M M3 oo|go|Ct O

x| oRE

<54
age : Lt0|
job : E 0| HEY

marital : ZE AEf

A
Haps

education : &3
default :
balance :
housing :
loan: 7§¢l CHE O

contact : ¢&f

J

<Z2HPHES
y: 2740] FI| ool FHYUR=A R
2.1.1 (1)
Foldl AR F WP WS Aol ths) AAE A S Aujsty 7 ehstele}
import numpy as np
import pandas as pd
bank = pd.read_csv('data/probl_bank.csv')
bank.info() # ZX| 117§ Ztzdof nullzte glond,

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 4521 entries, O to 4520

Data columns (total 11 columns):

# Column Non-Null Count Dtype

HAT— HA—

18

HES O U Ak 274



0 age 4521
1 job 4521
2 marital 4521
3 education 4521
4  default 4521
5 balance 4521
6  housing 4521
7 loan 4521
8 contact 4521
9 month 4521
10 vy 4521

dtypes: int64(2), obj

memory usage: 388.6+

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
ect(9)
KB

int64

object
object
object
object
int64

object
object
object
object

object

bank.select_dtypes(include='object') .nunique()

# HEY ol B, =X
job 12
marital
education
default
housing

loan

w NN N W

contact
month 12
y 2
dtype: int64

Py —1
EE

bank['job'].value_counts()

# el B2,
# &=

job

management 969
blue-collar 946
technician 768
admin. 478
services 417
retired 230

127142 HE=2

M7t glooz -5 elagom

=55

19
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self-employed 183

entrepreneur 168
unemployed 128
housemaid 112
student 84
unknown 38

Name: count, dtype: int64

bank['marital'].value_counts()

1.
# A2 of=L AI/FE/0|E 3FESY. M7t glonE 23 AIYS=E M| oY

marital

married 2797
single 1196
divorced 528

Name: count, dtype: int64

bank['education'].value_counts()
# st2of| cist LH2E primary - secondary - tertiary #0|2Z 1~3 zfHolag Xz| o™
=

# unknown2 SIEHFEO0| A Nez Fd, 022 X2|5t0] stte| SEHZL=Z ZtFE.

fjo

7ts4dol

i
jo

education

secondary 2306

tertiary 1350
primary 678
unknown 187

Name: count, dtype: int64

bank['contact'].value_counts()
# olzfgiol| st LH2E telephone - cellular =22 ¢izlo| HEZ|FIE2Z2 1~2 2fHQIFAE X2| o™

# unknown2 Q= Ho[Ho| JtE HOEH A2 =Hel. 022 X2[5t0] 2tdlaE XM2| oF

—

contact

cellular 2896
unknown 1324
telephone 301

Name: count, dtype: int64

20



bank [ 'month'] .value_counts()

# 2ol chet L8822, 1~1274HE &=Mo| g 2tel3d X2l ol d

month

may 1398
jul 706
aug 633
jun 531
nov 389
apr 293
feb 222
jan 148
oct 80
sep 52
mar 49
dec 20

Name: count, dtype: int64

# 1. job, marital -> One-Hot Encoding

bank = pd.get_dummies(bank, columns=['job', 'marital'], drop_first=True)

# 2. education, contact, month > Label Encoding
edu_map = {'unknown': O, 'primary': 1,'secondary': 2,'tertiary': 3}

bank['education'] = bank['education'].map(edu_map)

contact_map = {'unknown': O, 'telephone': 1,'cellular': 2}

bank['contact'] = bank['contact'].map(contact_map)

month_order = ['jan', 'feb', 'mar', 'apr', 'may', 'jun',
'jul', 'aug', 'sep', 'oct', 'mov', 'dec']
month_map = {month: i for i, month in enumerate(month_order)}

bank['month'] = bank['month'].map(month_map)

# 3. default, housing, loan, y > Label Encoding (binary, yes=1 / no=0)
binary_cols = ['default', 'housing', 'loan', 'y']

for col in binary_cols: bank[col] = bank[col] .map({'yes': 1, 'mo': 0})

21



print (bank.info())

<class 'pandas.core.frame.DataFrame'>
RangelIndex: 4521 entries, O to 4520

Data columns (total 22 columns):

#  Column Non-Null Count Dtype
0 age 4521 non-null int64
1 education 4521 non-null int64
2  default 4521 non-null int64
3 balance 4521 non-null int64
4  housing 4521 non-null int64
5 loan 4521 non-null int64
6 contact 4521 non-null int64
7  month 4521 non-null int64
8 y 4521 non-null  int64
9  job_blue-collar 4521 non-null  bool
10 job_entrepreneur 4521 non-null bool
11  job_housemaid 4521 non-null  bool
12 job_management 4521 non-null  bool
13 job_retired 4521 non-null  bool
14  job_self-employed 4521 non-null  bool
15 job_services 4521 non-null  bool
16 job_student 4521 non-null  bool
17 job_technician 4521 non-null  bool
18 job_unemployed 4521 non-null  bool
19 job_unknown 4521 non-null  bool
20 marital_married 4521 non-null bool
21 marital_single 4521 non-null  bool

dtypes: bool(13), int64(9)
memory usage: 375.4 KB

None

2.1.2 (2)

Fol A2 4413 W4 22t ol A WA= E dejeta

import matplotlib.pyplot as plt

import seaborn as sns

22



Count

plt

sns

plt.
plt.
plt.
plt.
plt.

# 2.
plt.

sns

plt

plt.
plt.
plt.
plt.

. age 22X
.figure(figsize=(10, 4))
.histplot(bank['age'], bins=30, kde=True)

title("Distribution of Age")
xlabel("Age")
ylabel("Count")
tight_layout ()

show ()

balance 2=

figure(figsize=(10, 4))

.histplot(bank['balance'], bins=30, kde=True)

.title("Distribution of Balance")

xlabel("Balance")
ylabel("Count")
tight_layout ()
show ()

Distribution of Age

100 +
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Distribution of Balance

4000 -

3000 -

Count

2000 ~

1000 ~

T
0 10000

bank['age'] .describe()

# age= @E% skewst OIMBHH U= HFEES It Hef.

count 4521.000000
mean 41.170095
std 10.576211
min 19.000000
25% 33.000000
50% 39.000000
75% 49.000000
max 87.000000

Name: age, dtype: float64

bank['balance'] .describe()

# balance= 2%E =Xi5tD, I

T T T T T
20000 30000 40000 50000 60000

Balance

i
A
tol
i
g
02

# O|= LOF HAloz 5 X[GHS0l| CHEE O|&X| EX|, 2F 1% +=&F2| O|&X| XA ol F

count 4521.000000
mean 1422.657819
std 3009.638142
min -3313.000000
25% 69.000000
50% 444.000000
75% 1480.000000
max 71188.000000

Name: balance, dtype: float64
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from sklearn.preprocessing import StandardScaler
from sklearn.neighbors import LocalOutlierFactor

import numpy as np

# 1. balance ZH3 (2% CHH|)
min_bal = bank['balance'].min()

bank['log_balance'] = np.loglp(bank['balance'] - min_bal + 1)

# 2. balance + age EES|
scaler = StandardScaler()

bank[['std_log_balance', 'std_age']] = scaler.fit_transform(bank[['log_balance', 'age'l])

# 3. LOF O|AX| EMX| (CiHZF: log_balance + age)

# XH™ot of2tolB =F2=E balance?| Z4, FOiZtE FAH2ZE M| A
X_scaled = bank[['std_log_balance', 'std_age'l]

lof = LocalOutlierFactor(n_neighbors=30, contamination=0.01)

bank['is_outlier'] = (lof.fit_predict(X_scaled) == -1).astype(int)

# 4. O|AMX| AlZt3l (scatter plot)
plt.figure(figsize=(10, 6))
sns.scatterplot (data=bank, x='std_log_balance', y='std_age',
hue='is_outlier', palette='Setl', alpha=0.7)
plt.title("Scatter Plot of Standardized Log Balance vs. Age\n(LOF Outlier Detection)")
plt.xlabel("Standardized Log Balance")
plt.ylabel("Standardized Age")
plt.legend(title="0utlier")
plt.tight_layout ()
plt.show()
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Scatter Plot of Standardized Log Balance vs. Age
(LOF Qutlier Detection)

Outlier
e 0
o 1

Standardized Age
[l
i

T T T
=20 -15 -10 -5 0 5
Standardized Log Balance

# O|&X| 107t MHE HE EHlE = JUS
bank_clean = bank[bank['is_outlier'] == 0].copy()

bank_clean

age education default balance housing loan contact month y  job_ blue-collar job__studs

0 30 1 0 1787 0 0 2 9 0 False False
1 33 2 0 4789 1 1 2 4 0 False False
2 35 3 0 1350 1 0 2 3 0 False False
3 30 3 0 1476 1 1 0 5 0 False False
4 59 2 0 0 1 0 0 4 0 True False
4515 32 2 0 473 1 0 2 6 0 False False
4516 33 2 0 -333 1 0 2 6 0 False False
4518 57 2 0 295 0 0 2 7 0 False False
4519 28 2 0 1137 0 0 2 1 0 True False
4520 44 3 0 1136 1 1 2 3 0 False False
2.1.3 (3)

Fol7l Aol Fel s Badol GiA) SIg 5, olo] dhat A A A WES Adste] Waystolat
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# 2F 9:12 0(No) 2| H|S0| YEXMoE wWa. ZHAEDE =X

class_counts = bank_clean['y'].value_counts(normalize=True)

plt.figure(figsize=(6, 4))

sns.barplot (x=class_counts.index, y=class_counts.values, legend=False)

plt.title("Class Imbalance")
plt.xlabel("y")

plt.ylim(0, 1)
plt.tight_layout ()
plt.show()

Class Imbalance

1.0

0.8

0.6

0.4

0.2

0.0 -

b

>
Il

bank_clean[['std_log_balance','std_age']]
bank_clean['y"']

<
]

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

plt.plot(X.locl[y == 0, 'std_log_balance'], X.locly

plt.plot(X.locly == 1, 'std_log_balance'], X.locly
plt.legend ()

plt.xlabel("std_log_balance")
plt.ylabel("std_age")

plt.title("Scatter Plot by Class (y)")

plt.show()
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= 0, 'std_age'], 'b+', label="class 0")

= 1, 'std_age']l, 'rx', label="class 1")



std_age

Scatter Plot by Class (y)

+ class 0
* class1
+
+
T T T T T
=2 0 2 4 6

std_log_balance

—

# ZEo| I} M2 HO|EZ oversampling X

# O|O|Ee| =7} OCkX| S&SHA| gfor SMOTE € n2[EFE HE5SH0] XM2|

from imblearn.over_sampling import SMOTE

oversamplel = SMOTE()

0X,
plt
plt
plt
plt.
plt.
plt.
plt.
plt.

Oy = oversamplel.fit_resample(X, y)

.figure(figsize=(10, 6))
.plot(0X.loc[0y == 0, 'std_log balance'], 0X.loc[Oy == 0, 'std_age'], 'b+', label="class 0"
.plot(0X.loc[0y == 1, 'std_log_balance'], 0X.loc[Oy == 1, 'std_age'l, 'r*x', label="class 1"

legend ()

xlabel("std_log_balance")

ylabel("std_age")

title("Scatter Plot by Class (y)\n After Oversampling using SMOTE")
show ()
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Scatter Plot by Class (y)
After Oversampling using SMOTE

+ + class 0
4 4 * class1
3_
2_
]
L=}
©
= 14
7 +
O_ +
_1_
_2—
T
6

std_log_balance

2.2 Question 2

2. prob2_cardcsv AtRE Ol MEFIE 3Z|AIS| 1M HO|HE, MEFIE A& HEHE LIE

Ue ofd 59 B4S2 4R AT

CUST_ID . ME7tE ALEXL ID
BALANCE : 70 X} ZFheY

E g|x| ¥2)~1(AF YOiolE ) Atole e 7HE.
PURCHASES : TtO0 A Zt2E2E{Q| FOjY

olef gk 7Ha.

PURCHASES_TRX : 0§ Haj 7%

PURCHASES_FREQUENCY : 70§ HI&= X|=2, 0(AtF TOHstX|

BALANCE_FREQUENCY : 70j A=} Tto| HHO|E &&= Y& X2, oXlF Ydlo|

U)~1(RF TOHE At

2.21 (1)

Folx 2tz o] KB+t Clustering &118]&2 #8510, 44

=
r-Ll
mp
>~

= pd.read_csv('data/prob2_card.csv')
df.info()

<class 'pandas.core.frame.DataFrame'>

RangeIndex: 8950 entries, 0 to 8949
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Data columns (total 6 columns):

#

W N, O

5

Column Non-Null Count Dtype
CUST_ID 8950 non-null object
BALANCE 8950 non-null float64

BALANCE_FREQUENCY 8950 non-null float64
PURCHASES 8950 non-null float64
PURCHASES_FREQUENCY 8950 non-null float64
PURCHASES_TRX 8950 non-null int64

dtypes: float64(4), int64(1), object(l)

memory usage: 419.7+ KB

df .describe()

BALANCE BALANCE FREQUENCY PURCHASES

PURCHASES FREQUENCY PURCHASI

count  8950.000000  8950.000000

8950.000000

mean 1564.474828  0.877271 1003.204834
std 2081.531879  0.236904 2136.634782
min 0.000000 0.000000 0.000000
25%  128.281915 0.888889 39.635000
50%  873.385231 1.000000 361.280000

75%  2054.140036  1.000000
max  19043.138560 1.000000

1110.130000
49039.570000

8950.000000
0.490351
0.401371
0.000000
0.083333
0.500000
0.916667
1.000000

8950.000000
14.709832
24.857649
0.000000
1.000000
7.000000
17.000000
358.000000

from sklearn.cluster import KMeans
from sklearn.metrics import silhouette_score

# CUST_ID= ZEAHEZON| AIEsHK] (o2 N

rs——

X = df.drop(columns=["CUST_ID"])

#

=3t

FE

scaler = StandardScaler ()
X_scaled = scaler.fit_transform(X)

scaled_df = pd.DataFrame(X_scaled, columns=X.columns)

# =M K EfM
inertia_list = []
silhouette _list = []

K_range = range(2, 11)
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for k in K_range:

kmeans KMeans (n_clusters=k, random_state=42, n_init=10)

labels

kmeans.fit_predict(X_scaled)
inertia_list.append(kmeans.inertia_)

silhouette_list.append(silhouette_score(X_scaled, labels))

best_k = K_range[silhouette_list.index(max(silhouette_list))]

# KEE 2 2o 670 PR EREASH, USE 32H-320071=2 HRIDH
kmeans_final = KMeans(n_clusters=best_k, random_state=42, n_init=10)

scaled_df ["KMeans_Label"] = kmeans_final.fit_predict(X_scaled)

summary_table_kmean = scaled_df.groupby("KMeans_Label") .mean()
summary_table_kmean["Count"] = scaled_df.groupby("KMeans_Label").size()

summary_table_kmean

BALANCE BALANCE_FREQUENCY PURCHASES PURCHASES FREQUENCY PU]
KMeans_ Label

0 -0.679901 -2.105347 -0.305189 -0.528487 -0.4
1 1.906921 0.444930 10.782703 1.119309 9.8¢
2 -0.331950 0.368356 0.087095 0.960328 0.22
3 -0.068576 0.366930 -0.369541 -0.895659 -0.5
4 0.696282 0.475045 2.042474 1.179006 2.71
5 2.320551 0.483046 -0.159336 -0.433551 -0.2

# K8a &St AlztEt

summary_table_kmean.drop(columns="Count") .plot.bar(figsize=(12, 6))
plt.title("Standardized Mean of Variables by KMeans Cluster")
plt.xlabel("Cluster Label")

plt.ylabel("Standardized Mean Value")

plt.tight_layout ()
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Standardized Mean Value

Standardized Mean of Variables by KMeans Cluster

BALANCE
BALANCE_FREQUENCY
PURCHASES
PURCHASES_FREQUENCY
PURCHASES_TRX

10 4

| I

_2 4

T T T T T T

[=] — ™~ m = [Ta]
Cluster Label

2.2.2 (2)

Fo171 2tz DBSCAN Clustering &il2]52 4-85tof, 249 245 A/4dstofz=t.

from sklearn.cluster import DBSCAN

# DBSCAN 27 : eps 2! min_samplest= 02 Hi=2g 3 Ao X§E2 ZE5IUS.

# 7|F ¢ BRIt URE AL HX| AE=E(E~671), HF AUt M2 2RI QUES

dbscan = DBSCAN(eps=0.6, min_samples=4)

labels

dbscan.fit_predict(X_scaled)

# 2l S oo[E{=ai| ol =7t

scaled_df ["DBSCAN Label"] = labels

# DBSCAN ZZ!5F Znt : &2 (-1)0| 2f 2% =Zstx|oilen], & 57| RE ez EF(17770~62007H4)
summary_table_db = scaled_df.drop(columns="KMeans_Label") .groupby ("DBSCAN_Label") .mean()
summary_table_db["Count"] = scaled_df.groupby("DBSCAN_Label").size()

summary_table_db

BALANCE BALANCE FREQUENCY PURCHASES PURCHASES FREQUENCY PT
DBSCAN Label
-1 1.776034 0.211613 3.221764 0.832535 2.
0 -0.056781 -0.007807 -0.107234 -0.028259 -0
1 -0.355658 0.518084 3.714917 1.207553 4.
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BALANCE BALANCE_FREQUENCY PURCHASES PURCHASES FREQUENCY PI
DBSCAN Label

2 -0.397981 -0.121515 2.012334 -0.148985 -0
3 2.124764 0.518084 2.221881 1.269843 3.
4 4.623668 0.518084 0.235086 0.231676 -0
5 -0.384296 0.422144 4.876114 1.269843 3.

summary_table_db.drop(columns="Count") .plot.bar(figsize=(12, 6))
plt.title("Standardized Mean of Variables by DBSCAN Cluster")
plt.xlabel("Cluster Label")

plt.ylabel("Standardized Mean Value")

plt.tight_layout ()

Standardized Mean of Variables by DBSCAN Cluster

51 mmm BALANCE
B BALANCE_FREQUENCY
EEE PURCHASES
BN PURCHASES_FREQUENCY
44 mmm PURCHASES TRX
v
=1
23
=
1+
v
=
-
w
N 2
B
]
=]
(=
i
w
1
0 -
T ‘ T T T ‘ T
-—I1 (=] - ™ m < Ta]
Cluster Label

FE K%+ DBSCAN

2H28H 5+ 670 67 (-1 23

SeaH A HA 32, X 32537 A 4, |t 8657

o]/ 2] A= = -12 2617 A7

+dH B BERVIE 9gst w7l RO, ORE SR £
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2.2.5 (5)

t-SNE <1255 28510 Fo131 A 5E 22 o= S4stofzt. 1 23t
Aol Agol th2 A mAH 22HY A =2 A7 S}sto] 2,

£, (3ol A

from sklearn.manifold import TSNE

tsne = TSNE( n_components=2 )
df2dim = tsne.fit_transform( X scaled )
df2dim = pd.DataFrame( df2dim, columns=['tl','t2'] )

df2dim['Labels' ] = scaled_df["KMeans_Label"]

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

34

o5t melo] 27 #o] 2o wat

s=60, alpha=0.8)

sns.scatterplot(data=df2dim, x="t1", y="t2", hue="Labels", palette="tabl0",
plt.title("2D t-SNE Scatter Plot by Cluster Label")

plt.xlabel("t-SNE Dimension 1 (t1)")

plt.ylabel("t-SNE Dimension 2 (t2)")

plt.legend(title="Cluster Label", bbox_to_anchor=(1.05, 1), loc='upper left')
plt.tight_layout ()

plt.show()



t-SNE Dimension 2 (t2)

2D t-SNE Scatter Plot by Cluster Label

100 1 Cluster Label

e 0

75 o1

e 2

e 3

50 1 e 4

e 5
25 A
0 -
_25 |
_50 -
_?5 |
—100 A

T T
=100 —-75 —-50 —25 0 25 50 75
t-SNE Dimension 1 (t1)

# &t : DBSCAN A|ztsF Z1f
df2dim['Labels' ] = scaled_df ["DBSCAN_Label"]

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

sns.scatterplot (data=df2dim, x="t1", y="t2", hue="Labels", palette="tabl0", s=60, alpha=0.8)
plt.title("2D t-SNE Scatter Plot by Cluster Label")

plt.xlabel("t-SNE Dimension 1 (t1)")

plt.ylabel("t-SNE Dimension 2 (t2)")

plt.legend(title="Cluster Label", bbox_to_anchor=(1.05, 1), loc='upper left')
plt.tight_layout ()

plt.show()
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2D t-SNE Scatter Plot by Cluster Label
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2.3 Question 3

3. O CIoEOM SdHs0l X= 8o i, SEM0 Y= F& JtA S LIEHO)L

oA w N =
N AN 2w X
-
w

2.3.1 (1)

XGBoost 1252 A-&ste] ECE Adtta & o, ARA E2|] A nprjoAf Ao Za7]|Ee] FAJAE
Toteizt &, A5o] obd 4719 A (D 1~1D 497t o]- 82 A AlFext 4GS A8, e 27|14k 0= 0.5
2 7oL, qtA stold mEtvl = 02s A4

"
st
o
3
r
2
o
i)
o
filo
ﬁ,
ol
=l
2
2
i
sk
oy

1. Gradient 2 Hessian A4t

e Gradient: g, =y, —y; =05 —y;

o Hessian: h; = 1 (AF22 £ 44
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1 1.25 -0.75 1
2 1.20 -0.70 1
3 1.30 -0.80 1
4 1.50 -1.00 1

2. Split $R 2 Gain AAt

Gain 54 (A = 0):

1 G%+G%% (G +GR)°
2|H, "H, H,+Hp

Gain =

Split 1: X < 1.5

e Left: ID 2 — G, =—0.70, H, =1

e Right:ID 1,3,4 — Gp=—255 Hp =3

1
Gain; = 3 (0.49 + 2.1675 — 2.640625) = 0.0084

Split 2: X < 2.5

e Left: ID 2,3 — G, = —1.50, H, =2

« Right: ID 1,4 — Gp = —1.75, Hp = 2

(1.125 4+ 1.53125 — 2.640625) = 0.0078

DN | =

Gain, =

Split 3: X <3.5

e Left:ID1,2,3—~G, =-225 H, =3
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Gaing =

DN | =

(1.6875 + 1 — 2.640625) = 0.0234

4
Split 71 Gain
X<1.5 0.0084
X <25 0.0078
X <35 0.0234

2.3.2 (2)

XGBoost €18 &2 &

g3t EE AL

g o, A Efe] A upr oA X o gho] A=<

222 AT F o] ZOoR Hujo} ¥AE Astelel.

MN

9je] 24 £ 7]

e Left: ID 1,2, 3~ G, =—225 H, =3

X < 3.5 whet, ot A&

1. 2Z0]ID 590 AL (Y =1.4)
.« g:=05—14=—09 hy=1
Case A: 91202 HY AL

« G, =—315H, =4
« Gp=—-100,Hp=1

(—4.15)?

Case B: R2%08 RH HQ

) = 0.0181
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1 ((=2.25)2 (=192 (—4.15)2

= 0.0240
3 2 5 )

AE: A5l ID 59 F-¢, LEZC| ¢ ¢

2. 25| ID 6% 3¢ (Y =1.3)
« 9o =05—13=—08 hs=1
Case A: 94Zo g HH AQ

« G, =—3.05,

« Gp=-1.00,Hy =1

Case B: 2072 Hd Ao
b GL = —225, HL =3

« Gp=—18 Hp=2

1 [/ (—2.25)2 —1.8)2 —4.05)2
Gainﬁ,right=2(< 3 ) +( 2) _{ - ))=0.0135

2E:1ID 62 9%°| 9 {7

=]

AZID Y 3 9% Gain 2E2Z& Gain ¢ Y& ®HdF

D5 1.4 0.0181 0.0240 LEE
ID 6 1.3 0.0229 0.0135 A=
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4C|0|E{2t I BAIREA Z2HME (Team 4)

XGboost €1ES EE34 2P e Fr o o5 2d 75

ZAHE(20259013) 7

1

2 Z2AEE= o2 Holg AA 7Y (E

|l

ZH

IE

XGBoost 5)&

He

7193H(20249132) 5-415.(20249264) o] @F(20249349) X A1 (20249430) A= (20249433)

23, VJ“L 2435 )3 WAlEy FRAF 1N BR, A95E

= AA SgHolE o A-geHa

°1% 9I5) 1]% Lending Club®] P2P th& o615 ALgatgom, Hue) 4S9 ofefet 24t

1. dlojgjo] 72, 4 wot (EDA)

glole o] A (54l mte 24 71,

B v Al

3. XGBoost €255 0|8 HE Ao o= B 5 3 7}

2. olo|E{e] 2=, §4 (EDA)

HlolE{ 2]

pay |
T =

2=

<class 'pandas.core. frane.DataFrame'>

RangeIndex: 396030 entries,

0 to 396029

Data columns (total 27 columns):

# Column
0 loan_amnt

1 term

2 int_rate

3 installment

4 grade

5 sub_grade

6 emp_title

7 emp_length

8 home_ownership

9 annual_inc

10 verification_status
11 issue_d

12 loan_status

13 purpose

14 title

15 dti

16 earliest_cr_line

17 open_acc

18 pub_rec

19 revol_bal

20 revol_util

21 total_acc

22 initial_list_status
23 application_type

24 mort_acc

25 pub_rec_bankruptcies
26 address

Non-Null Count
396030 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
373103 non-null
377729 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
394274 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
396030 non-null
395754 non-null
396030 non-null
396030 non-null
396030 non-null
358235 non-null
395495 non-null
396030 non-null

dtypes: float64(12), object(15)

memory usage: 81.6+ MB

A
B

=

= Q% 24 (SHAP), Cat/Light GBM 5 th2 mdl7} @

Ztsf A 27709 2 (A9 12 + 29 15) 2 & o]FojAglom,

B (A4, Charged off) 2 o]XEF EA|dYct,

Dtype
float64
object
float6d
float6d
object
object
object
object
object
float6d
object
object
object
object
object
float6d
object
float64
float64
float64
float6a
float6a
object
object
loat64
float64
object

Class Imbalace

300000 A

250000 -
200000 -
]
7 150000 -

100000 -

50000 A

Fully Paid Charged Off
loan_status
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FEBA L& Heatmap o 2 AW HEGFUT. tiA|H o2 WS T AFBAL vn|stil o, A5 ZEAT7 &2

< HpAE oA Al lshs & Ed] AAE S Tl T8 EAE EE A" AU

-1.0
loan_amnt -
int_rate : . 0.079 ! -0.036 -0.083
-0.8
installment -
annual_inc ! - . -0.082 0.14

dti 0.016 -0.082 0.14
open_acc L 0.19 0.14 0.14 -0.018 0.22
pub_rec & -0.068 -0.014 -0.018 0.1 -0.076
revol_bal b - X b 0.22 0.1 0.23

revol_util L b . -0.13 -0.076 0.23
total_acc
mort_acc

pub_rec_bankruptcies gt} 0.057 -0.099 -0. - . 0. -0.087 0.042 0.027

[

int_rate

loan_amnt
installment
annual_inc
open_acc
pub_rec
revol_bal
revol_util
total_acc
mort_acc

pub_rec_bankruptcies -
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250000 - loan_status 160000 4 loan_status
m Fully Paid = Fully Paid
mmm Charged Off 140000 mmm Charged Off
200000 A
120000 1
+ 150000 A o 100000 A
c c
> 3
8 S 80000 -
100000 - 60000 4
40000 1
50000 -
20000 4
0- 0- T T T
36 months 60 months RENT MORTGAGE OWN OTHER NONE ANY
term home_ownership
loan_status loan_status
100000 mm Fully Paid 175000 - = Fully Paid
B Charged Off mmm Charged Off
150000
80000 -
125000
o o
£ 60000 S 100000 -
8 8
75000 +
40000 A
50000 -
20000 1
25000
0- 0-

Not Verified Source Verified

verification_status

el 2, 41858 (A1~-GH)ol et o] oA FolE Eilon, 49

B A AQ5t= Aol autAY Ao Hejyrh

Loan Status by Grade

Verified

20000

15000

Count

10000

Al A2 A3 A4 A5 B1 B2 B3 B4 B5 C1 C2 C3C4 C5D1 D2 D3 D4 D5 E1 E2 E3 E4 E5 F1 F2 F3 F4 F5 G1
Grades

= Fully Paid
wes Charged Off

G2 G3 G4 G5

42

c
o
=
I
2
>

debt_consolidation

T & ] v T ® [ o o T >
S REREE IR
£ ¢ 3 L g ¥ g g 5
e ° 9 g S o
S a4 T = T =
£ K= ©
o & g E
E g
2
purpose
WSS F 9RE 347ko] U got
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earliest_cr_line 684
initial_list_status 2
application_type 3
address 393700
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<class 'pandas.core. frame.DataFrame'>
Index: 274448 entries, 3412 to 121958
Data columns (total 41 columns):

3D t-SNE Visualization of Isolation Forest Outliers # Colum Non-NulL Count  Dtype
[ loan_amnt 274448 non-null float64
° Inliers 1 term 274448 non-null int64
e Outliers 2 int_rate 274448 non-null  float64
3 installment 274448 non-null float64
4 sub_grade 274448 non-null  intéd
5 annual_inc 274448 non-null float64
6 dti 274448 non-null  float64
7 revol_bal 274448 non-null float64
8 revol_util 274448 non-null  float64
9 total_acc 274448 non-nu 1L float64
75 10 mort_acc 274448 non-null  float6s
. o 11 home_ownership_OTHER 274448 non-null bool
£o° Jongy 5.0 12 home_ownership_OWN 274448 non-null bool
. 13 home_ownership_RENT 274448 non-null bool
s s “ . 2.5 14 verification_status_Source Verified 274448 non-null bool
\,"‘\‘ s 2 15 verification_status_Verified 274448 non-null  bool
TR H 16 purpose_credit_card 274448 non-null bool
o & 030‘ { 17 purpose_debt_consolidation 274448 non-null  bool
‘4 18 purpose_educational 274448 non-null bool
19 purpose_home_improvement 274448 non-null bool
20 purpose_house 274448 non-nu 11 bool
21 purpose_major_purchase 274448 non-null  bool
22 purpose_medical 274448 non-null bool
23 purpose_moving 274448 non-null bool
24 purpose_other 274448 non-null  bool
25 purpose_renewable_energy 274448 non-null bool
26 purpose_small_business 274448 non-null  bool
27 purpose_vacation 274448 non-null bool
28 purpose_wedding 274448 non-null  bool
29 initial_list_status_w 274448 non-null bool
30 application_type_INDIVIDUAL 274448 non-null bool
31 application_type_JOINT 274448 non-null  bool
32 - code_05113 274448 non-null boo
33 code_11650 274448 non-nu bool
34 le Code,ZZSQO 274448 non-1 V\ull bool
35 zip_code 29597 274448 non-null  bool
36 zip_code_30723 274448 non-null bool
37 zip_code_48052 274448 non-nu 1l bool
38 zip_code_70466 274448 non-null bool
39 21p_code 6630 274448 non-null  bool
40 zip_code_93700 274448 non-null bool

dtypes: bool(30), ﬂuatGMGJ int64(2)
memory usage: 33.0
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<< ZZE XGBoost R M5 >>
F1 Score: 0.9354695016927006
ROC AUC: ©.9081721636844388

=25 BIM:

precision recall fl-score support

0 0.92 0.48 0.63 23302

1 0.89 0.99 0.94 95507

accuracy 0.89 118809
macro avg 0.90 0.74 0.78 118809
weighted avg 0.89 0.89 0.88 118809

1 98] Gradiant boosting A€ 9] &1 2|&} vl

F2 A3 XGBoost ©]2]of = Tkt Gradiant boosting Al € dAHE dare]Eo] ATt

o XGBoost: Regularization? Eg] F+x & 3}e] 34-& 7F Gradient Boosting 23 |

o CatBoost: {53 W4 2H5 914 7]550] 1= Gradient Boosting 7]%F =&

o LightGBM: W2 g5 &0 W2 v 2] AFE-9] Gradient Boosting 7]%F L&

» Soft Voting: CatBoost, Light GBM 9] & =& F+o= &2t AP (IEE) =4

o Stacking: CatBoost, Light GBM €] ¢|= A3}-E Logistic Regression®] Agsh= wef 2@ 7|9t A4S

.=t o AR5 AR &5 U Fl-Scoree

GFE (Soft Voting) Ldle], ROC-AUC A4+ XGBoost 7} 7V 4554t

a4 F1 Score ROC AUC =md F1 Score ROC AUC
CatBoost 0.9355 0.9073 Soft Voting 0.9356 0.9072
LightGBM 0.9353 0.9066 Stacking 0.9330 0.9072
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SIE[E Hell ™= 7|2kl

20249132 A PJ %

from tqdm import tqdm

from statsmodels.tsa.stattools import adfuller
from itertools import combinations, product
from joblib import Parallel, delayed

import statsmodels.api as sm

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

# 7|Z H|0|E{E RE 7+35t0{ 2022~20242| snpb007MHE= H|O|ET H7|10, long forme = HH&t
snp500_return = pd.read_csv("data/snp500_return.csv'")
snp500_return['date'] = pd.to_datetime(snp500_return['date'])

snp500_return.head ()

date permno ticker comnam return

2022-01-03 10104 ORCL ORACLE CORP 0.007912
2022-01-03 10107 MSFT  MICROSOFT CORP -0.004668
2022-01-03 10138 TROW T ROWE PRICE GROUP INC -0.010476

2022-01-03 10145 HON HONEYWELL INTERNATIONAL INC -0.008201
2022-01-03 10516 ADM ARCHER DANIELS MIDLAND CO 0.004439

= W NN = O

# ZHE 27 HHES 95 vide form MM, £% M2 MEEIIE 95 244 1U7S HAE 2xoz 2

snp500_return_train = snp500_return[snp500_return["date"] < "2024-01-01"]

snp500_return_test snp500_return[snp500_return["date"] >= "2024-01-01"]

snp500_return_wide = snpb500_return_train.pivot(index='date', columns='permno', values='return'

snpb500_return_wide_test snp500_return_test.pivot(index='date', columns='permno', values='ret

snp500_prices_wide = (1 + snp500_return_wide) .cumprod()

snpb500_prices_wide_test (1 + snp500_return_wide_test) .cumprod()
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print (snp500_return_wide.info())

print (snp500_return_wide_test.info())

<class 'pandas.core.frame.DataFrame'>

DatetimeIndex: 501 entries, 2022-01-03 to 2023-12-29
Columns: 456 entries, 10104 to 93436
dtypes: float64(456)

memory usage: 1.7 MB

None

<class 'pandas.core.frame.DataFrame'>

DatetimeIndex: 252 entries, 2024-01-02 to 2024-12-31
Columns: 456 entries, 10104 to 93436
dtypes: float64(456)

memory usage: 899.7 KB

None

tqdm.pandas (desc="ADF Test")
pvals =
non_sta = pvals[pvals >= alpha].index.tolist()
filtered_prices_wide = snp500_prices_wide[non_stal
print (f"Number of total stocks : {len(pvals)}")

print (f"Number of non-stationary stocks(p<{alphal)

ADF Test: 100%|

Number of total stocks : 456

Number of non-stationary stocks(p<0.05) : 370

# B2 AN oM AMY 285E A% AW A2l
# 2

corr_threshold = 0.3

corr = filtered_prices_wide.corr().abs()

pairs = [

o1

snp500_prices_wide.progress_apply(lambda ts:

| 456/456 [00:03<00:00, 130.26it/s]

adfuller(ts) [1])

: {len(non_sta)}")



i, 3)
for i, j in combinations(filtered_prices_wide.columns, 2)

if corr.loc[i, j] > corr_threshold]

print (f"Number of whole pairs : {len(list(combinations(filtered_prices_wide.columns, 2)))}")

print (£"Number of correlated(>{corr_threshold}) pairs : {len(pairs)}")

Number of whole pairs : 68265
Number of correlated(>0.3) pairs : 43997

# Engle-Granger E|AEE S &2 24 AHH

alpha_coint = 0.01

min_obs = 50

def test_pair(pair):
tl, t2 = pair
df = filtered_prices_wide[[t1l, t2]].dropna()
if len(df) < min_obs:
return None

df [t1]

y

X

sm.add_constant (df [t2])
sm.0LS(y, x).fit(Q

model

resid = model.resid
try:
pval = adfuller(resid, autolag=None) [1]
if pval < alpha_coint:
return {"permno_1": t1, "permno_2": t2, "pvalue": pval}
except:

return None

return None
results = Parallel(n_jobs=-1, verbose=5) (

delayed(test_pair) (pair) for pair in pairs

results = [r for r in results if r is not None]

coint_pairs = pd.DataFrame(results)
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[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]1:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:
[Parallel(n_jobs=-1)]:

Using backend LokyBackend with 16 concurrent workers.

Done
Done
Done
Done
Done
Done
Done
Done
Done

Done

40 tasks
168 tasks
2080 tasks
7264 tasks
13600 tasks
21088 tasks
29728 tasks
395620 tasks

43966 out of 43997 | elapsed:
43997 out of 43997 | elapsed:

| elapsed:
| elapsed:
| elapsed:
| elapsed:
| elapsed:
| elapsed:
| elapsed:
| elapsed:

4.4s
4.7s
6.0s
9.3s
13.6s
17.4s
22.1s
27 .4s

30.4s remaining: 0.0s

30.5s finished

print (f"Number of cointegrated(significant level={alpha_coint:.0%}) pairs : {len(coint_pairs)}

Number of cointegrated(significant level=1%) pairs :

# o2 57 SHE §lof

topb_pairs

===
=

2565

top5_pairs = coint_pairs.sort_values("pvalue").head(5).copy()

comnam_map = snp500_return.drop_duplicates("permno").set_index("permno") ["comnam"].to_dict()

top5_pairs["comnam_1"], top5_pairs["comnam_2"] = top5_pairs["permno_1"].map(comnam_map), top5_

permno 1 permno 2 pvalue

comnam__ 1

comnam__ 2

320 11850 93246
2308 76605 77730
376 13407 86580
1419 24643 52708
2495 87137 90215

9.981788e-07
1.170548e-05
1.595093e-05
1.624042e-05
2.325270e-05

EXXON MOBIL CORP

AUTOZONE INC

META PLATFORMS INC

HOWMET AEROSPACE INC

GENERAC HOLDINGS INC
TYSON FOODS INC
NVIDIA CORP

LENNAR CORP

DEVON ENERGY CORP NEW SALESFORCE INC

pair_list

total_pairs

records = []

len(pair_list)
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# Pair=0| CHst BtZt7|, Historical Mean Crossing, &l|X|H|&, Hurst X|5=, Pearson Corr Z|At

list(coint_pairs[["permno_1","permno_2","pvalue"]].itertuples(index=False))

for permno_1, permno_2, pval in tqdm(pair_list, total=total_pairs, desc="Compute metrics"):

pair = pd.concat([filtered_prices_wide[permno_1], filtered_prices_wide[permno_2]], axis=1,

if len(pair) < 252:



continue2

yl, y2 = pair.iloc[:,0], pair.iloc[:,1]

# OLSZ hedge ratio F3H
X

sm.add_constant (y2.values)

res = sm.0LS(yl.values, X).fit()

beta = res.params[1]
spread = yl - beta * y2
# Hurst exponent

lags = np.array([2,5,10,20,50])
tau = np.array([np.std(spread.diff(1).dropna()) for 1 in lags])

H = np.polyfit(np.log(lags), np.log(tau), 1)[0]

# Half-life

spread_lag = spread.shift (1) .dropna()

spread_ret = spread.diff () .dropna().loc[spread_lag.index]

reg = sm.OLS(spread_ret.values, sm.add_constant(spread_lag.values)).fit()
b_coef = reg.params[1]

phi_ar = b_coef + 1

half_life = -np.log(2) / np.log(phi_ar)

# Historical mean crossings per year

m = spread.mean()

centered = spread - m

signs = np.sign(centered)

crossings = np.sum(signs.diff().fillna(0) !'= 0)

years = (spread.index[-1] - spread.index[0]).days / 365.25

mean_cross_year = crossings / years
# Pearson Corr
ret_pair = snpb00_return_wide.loc[:, [permno_1, permno_2]].dropna(how="any")

pearson_corr = ret_pair.corr().iloc[0,1] if len(ret_pair) > 1 else np.nan

records.append ({

"permno_1": permno_1,
"permno_2": permno_2,
"pvalue": pval,

54



"hedge_ratio": beta,

"hurst": H,

"half_ life": half_life,
"mean_cross_year'": mean_cross_year,

"pearson_corr": pearson_corr

)

metrics_df_lpct = pd.DataFrame(records)

metrics_df_1pct["comnam_1"] = metrics_df_1ipct["permno_1"].map(comnam_map)

metrics_df_1pct["comnam_2"] metrics_df_1lpct["permno_2"] .map(comnam_map)

Compute metrics: 100%]| | 25665/2565 [00:23<00:00, 111.44it/s]

# Hurst,Half-life,Mean-crossings,pearson_corr ZE{Z

filtered_pairs = metrics_df_1ipct[

(metrics_df_1pct["hurst"] < 0.5) &
(metrics_df_1pct["half life"] > 1) &
(metrics_df_1pct["half_life"] < 30) &
(metrics_df_1pct["mean_cross_year"] > 5) &

(metrics_df_1lpct["pearson_corr"] > 0.5)

1.copyQ)

# A A & FHF Ho] =&

filtered_pairs["score"] = (
-filtered_pairs["pvalue"].rank() +
-filtered_pairs["half_life"].rank() +
filtered_pairs["mean_cross_year"].rank() +

filtered_pairs["pearson_corr"].rank()

best5_pairs = filtered_pairs.sort_values("score", ascending=False).iloc[0:5]

print (f"Number of Filtered pairs : {len(filtered_pairs)}")

bestb_pairs

Number of Filtered pairs : 322
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permno_1 permno_2 pvalue hedge_ratio hurst half life mean_ Cross_year pearson_ COrIT

853 19286 78987 0.000158 0.680322 0.314507 7.191855  32.242759 0.605119
340 12084 48486 0.001111 0.596882 0.360651 10.127506  29.220000 0.792955
2107 58819 64936 0.000495 0.300429 0.402952 12.482854 29.220000 0.761218
1178 23931 24109 0.000785 0.848911 0.393015 12.980947 29.220000 0.886921
848 19286 60871 0.001356 0.737086 0.314549 8.868845  29.723793 0.621187

# 2N A2 olgstol Met TN, HIY} I1E BS FUYHLTIES MIYSHAM testHO[EZ I MA|
pair = bestb5_pairs.iloc[0]

pl, p2 = pair.permno_1, pair.permno_2

hedge_ratio = pair.hedge_ratio

comnaml, comnam2 = pair.comnam_1, pair.comnam_2

# 714 H|o|H
price_is = snp500_prices_wide[[p1, p2]].dropna()

price_is.columns = [comnaml, comnam?2]

# Tl2fojE| &5
entry_z_list = [0.5 ,1.0, 1.5, 2.0, 3.0]
exit_z_list = [0.0, 0.1, 0.3, 0.5]

transaction_cost = 0.0003 # 7He2{H|E 3bp

results = []

for entry_z, exit_z in product(entry_z_list, exit_z_list):
spread = price_is[comnaml] - hedge_ratio * price_is[comnam?2]
mu, sigma = spread.mean(), spread.std()

z = (spread - mu) / sigma

long_entry z < —entry_z

short_entry = z > entry_z

exit_signal = z.abs() < exit_z

# ZX|M HdF

pos = np.where(long_entry, 1,
np.where(short_entry, -1,
np.where(exit_signal, O, np.nan)))

pos = pd.Series(pos, index=z.index).ffill().fillna(0)
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# olE At

ret = price_is.pct_change() .dropna()

strat_ret = pos.shift() * (ret[comnaml] - hedge_ratio * ret[comnam2])
# Hefd| 8 vt (ZX|M #HE Al H[E L)

pos_chg = pos.diff().abs()

cost = pos_chg.shift().fillna(0) * transaction_cost

strat_ret_net = strat_ret - cost

cum_ret = (1 + strat_ret_net).cumprod()
sharpe = strat_ret_net.mean() / strat_ret_net.std() * np.sqrt(252)

mdd = (cum_ret / cum_ret.cummax() - 1).min()

results.append ({
"entry_z": entry_z,
"exit_z": exit_z,
"final return": cum_ret.iloc[-1],
"sharpe": sharpe,
"mdd": mdd
b

# 2uF g2
opt_results = pd.DataFrame(results).sort_values(by="sharpe", ascending=False).reset_index(drop

display(opt_results)

entry_z exit_z final return sharpe mdd
0 1.5 0.5 2.015736 3.152895 -0.044008
1 1.5 0.3 2.098776 3.035545 -0.056847
2 05 0.5 2.709583 2.929092 -0.088697
3 1.0 0.3 2.527457 2.925949 -0.070058
4 1.5 0.1 2.165035 2.904456 -0.068544
5 1.0 0.5 2.366084 2.890452 -0.070058
6 0.5 0.3 2.716753 2.780591 -0.088697
7 05 0.1 2.743286 2.626813 -0.088697
8 1.0 0.0 2.926148 2.523193 -0.093610
9 1.0 0.1 2.314327 2.489392 -0.076772
10 0.5 0.0 2.780223 2.405471 -0.093610
11 1.5 0.0 2.411925 2.112670 -0.102202
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entry_z exit_z final return sharpe mdd
12 2.0 0.5 1.262682 1.875213 -0.038795
13 2.0 0.3 1.278799 1.811135 -0.038795
14 3.0 0.5 1.099983 1.519723 -0.031609
15 3.0 0.1 1.114023 1.294801 -0.031609
16 3.0 0.3 1.114023 1.294801 -0.031609
17 2.0 0.1 1.288337 1.231710 -0.101385
18 2.0 0.0 1.496786 1.036650 -0.139779
19 3.0 0.0 1.121741 0.578127 -0.080870

# Z|& entry_z, exit_z

entry_z_opt = opt_results.iloc[0] ["entry_z"]

exit_z_opt = opt_results.iloc[0]["exit_z"]

entry_z_list = [0.5 ,1.0, 1.5, 2.0, 3.0]

exit_z_list = [0.0, 0.1, 0.3, 0.5]

spread = price_is[comnaml] - hedge_ratio * price_is[comnam?2]

mu, sigma = spread.mean(), spread.std()

z = (spread - mu) / sigma

fig, axs = plt.subplots(3, 1, figsize=(14, 10), sharex=True)

# (1 714 2=

axs[0] .plot(price_is[comnaml], label=comnamil)

axs[0] .plot(price_is[comnam2], label=comnam?2)

axs[0] .set_ylabel("Price")

axs[0] .1legend ()

axs[0] .set_title("Price Path (2022~2023)")

# (2) AZyE + 7|&EM

axs[1] .plot(spread, label="Spread")

axs[1] .axhline(mu, color="black", linestyle="--",

for ez in entry_z_list:

alpha = 1.0 if ez

entry_z_opt else 0.1

label="Mean")

axs[1] .axhline(mu + sigma * ez, color="red", linestyle="--", alpha=alpha, label=f"+{ez}" i

axs[1] .axhline(mu - sigma * ez, color="red", linestyle="--", alpha=alpha, label=f"-{ez}" i
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for ez in exit_z_list:

alpha = 1.0 if ez == exit_z_opt else 0.1

axs[1] .axhline(mu + sigma * ez, color="green", linestyle="--",

axs[1] .axhline(mu - sigma * ez, color="green", linestyle="--", alpha=alpha, label=f"-{ez}"

axs[1] .set_ylabel("Spread")

axs[1] .set_title("Spread with All Entry/Exit Thresholds")

# (3) z-score + 7|&=M

axs[2] .plot(z, label="Z-score")

axs[2] .axhline(0, color="black", linestyle="--")

for

for

ez in entry_z_list:
alpha = 1.0 if ez == entry_z_opt else 0.1
axs[2] .axhline(ez, color="red", linestyle="--", alpha=alpha)

axs[2] .axhline(-ez, color="red", linestyle="--", alpha=alpha)

ez in exit_z_list:
alpha = 1.0 if ez == exit_z_opt else 0.1
axs[2] .axhline(ez, color="green", linestyle="--", alpha=alpha)

axs[2] .axhline(-ez, color="green", linestyle="--", alpha=alpha)

axs[2] .set_ylabel("Z-score")

axs[2] .set_title("Z-score with Entry/Exit Candidates")

plt.
plt.

tight_layout ()
show ()
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# 00S 714 d|o|H
price_oos = snp500_prices_wide_test[[pl, p2]].dropna()

price_oos.columns = [comnaml, comnam2]

# =™ meto|g
entry_z = opt_results.iloc[0] ["entry_z"]

exit_z = opt_results.iloc[0]["exit_z"]

# AT E 4l z-score
spread_oos = price_oos[comnaml] - hedge_ratio * price_oos[comnam?2]
mu, sigma = spread_oos.mean(), spread_oos.std()

z_oos = (spread_oos - mu) / sigma

# ZEX|M

long_entry z_oos < -—entry_z

short_entry = z_oos > entry_z

exit_signal = z_oos.abs() < exit_z

pos = np.where(long_entry, 1,
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np.where(short_entry, -1,
np.where(exit_signal, 0, np.nan)))

pos = pd.Series(pos, index=z_oos.index).f£fill1().£fillna(0)

# TUE ALt
ret = price_oos.pct_change() .dropna()

strat_ret = pos.shift() * (ret[comnaml] - hedge_ratio * ret[comnam2])

# el E At
pos_chg = pos.diff().abs().fillna(0)
cost = pos_chg.shift().fillna(0) * transaction_cost

strat_ret_net = strat_ret - cost

cum_ret (1 + strat_ret_net).cumprod()

# 4ax|

3

sharpe = strat_ret_net.mean() / strat_ret_net.std() * np.sqrt(252)

mdd = (cum_ret / cum_ret.cummax() - 1).min()

# R/ A A

entry_longs = ((pos.shift(1) == 0) & (pos == 1))
entry_shorts = ((pos.shift(1) == 0) & (pos == -1))
exits = ((pos.shift(1) '= 0) & (pos == 0))

entry_longs_idx = entry_longs[entry_longs].index
entry_shorts_idx = entry_shorts[entry_shorts].index

exits_idx = exits[exits].index

# AlZtst

fig, axs = plt.subplots(3, 1, figsize=(14, 10), sharex=True)

# (1) 714

axs[0] .plot(price_oos[comnaml], label=comnaml)
axs[0] .plot(price_oos[comnam2], label=comnam2)
axs[0] .set_ylabel("Price")

axs[0] .legend ()

axs[0] .set_title("Price Path (00S)")

# (2) Spread + Entry/Exit 7|&=M
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axs[1] .plot(spread_oos, label="Spread")

axs[1] .axhline(mu + sigma * entry_z, color="red", linestyle="--", label="Entry Z")
axs[1] .axhline(mu - sigma * entry_z, color="red", linestyle="--")

axs[1] .axhline(mu + sigma * exit_z, color="green", linestyle="--", label="Exit Z")
axs[1] .axhline(mu - sigma * exit_z, color="green", linestyle="--")

axs[1] .axhline(mu, color="black", linestyle="--", label="Mean")

# U/ HL S E
axs[1] .scatter(entry_longs_idx, spread_oos.locl[entry_longs_idx], marker='"', color='blue', lab
axs[1] .scatter(entry_shorts_idx, spread_oos.loc[entry_shorts_idx], marker='v', color='red', la

axs[1] .scatter(exits_idx, spread_oos.loclexits_idx], marker='o', color='black', label='Exit',

axs[1] .set_ylabel("Spread")
axs[1].legend ()
axs[1] .set_title("Spread (00S)")

# (3) & =&

axs[2] .plot(cum_ret, label="Cumulative Return")
axs[2] .axhline(1, color="black", linestyle="--")
axs[2] .set_ylabel ("Cumulative Return")

axs[2] .1legend ()

axs[2] .set_title("Strategy Cumulative Return (2024)")

plt.tight_layout ()
plt.show()

62



Spread Price

Cumulative Return

Price Path (00S)

1.2

1.1 A

1.0

0.9

0.8 q

0.7 1

—— OTIS WORLDWIDE CORP
—— MICROCHIP TECHNOLOGY INC

Spread (00S)

0.65

0.60 4

0.55

0.50 1

0.45 1

0.40

0.35

0.30 1

—— Spread
-—- Entry Z
=== ExitZ
—-=-- Mean

A long Entry
w - short Entry

Strategy Cumulative Return (2024)

1.20 4

1159

1.10 1

1.05 4

1.00 7

—— Cumulative Return

pr
pr

print(f" 2. Sharpe ratio

print(f" 3. Max Drawdown

T
2024-01

int ("-—-

int(£" 1.

T
2024-03

T
2024-05

T T T T
2024-07 2024-09 2024-11 2025-01

Pair tradind Perfomance in 2024 ---")

Cummulative return : {cum_ret.iloc[-1]:.4f}")
: {sharpe:.2f}")
: {mdd:.2%}")

- Pair tradind Perfomance in 2024 ---

Cummulative return
Sharpe ratio

Max Drawdown

-16.66Y%
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e
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L eeto]7] gy,

U7 Z2u)200 A2 S AR AREA, dAAHAA HEHS E 5T 5 3

Aol FA71702 of Tl Br 24 F7HAR)E T4 7170l R ghitsto] YAt

V Kospi2001_y) x /Calendar days
UTarget - \/ﬁ

Call strike = Kospi200p) X (1 + 0pg,ger) rounded up to 2.5pt
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ol&A FAIAL A5 V-Kospi2007} 15pt & wff BhAt W50 oF 5% (Fhat 2.5%) 71 AUt =,

o A9 o4 M5 (V-Kospi200) 0] & 15% ©1 -> B A7H MAE 7R QA 24t &4 74 S4
o ARSI ®EAdol A 15% IRt -) YA MAE 7SR FA AAst] Zju|d 4o SHist

2 AR 2 AHSstRR % 159 HEAol adyh wEbA, 308 542 YEti= V-Kospi200
< 7] mismatch7b AT, @7]7He] S A o= 2 2o]7t YL o] 9] ﬂ%%(e.g. 7-day VIX)e] glo] V-

Kospi200& It & AM&stg4U T
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o Kospi200 » FAZHE A, E&4 A
o Kospi200 < A7 shet, Aol A
o ©]Q|0] H-p, A PAFE]A] gho} A A4 A

=

(Exercise = 0)

V-
. AAHAEAS T Kospi200 2 5of] 2-86t0] FAZEA AFSHHATM +£6-& 2.5pt B2 23 /U=h) A&
A

4, &4 MEeFFQ,,.; = nominal/(kospi200 x multiplier))

-

= (callprice + putprice) x Q,.,; X multiplier)
thS 3 wh7] A7k MMF o £2F (Interest = (nominal + Premium) x MMF x 32)

At

—

=
=

365

A, G PA £4-8 XG5t F|E49) A& (Revenue = Premium+ Interest — Exercise)

&4 B (Exercise = (Kospi200 — Strike,,;) x multiplier)
ES

=
A A (Ezercise = (Strike,,,, — Kospi200) x multiplier)

7. T HFLEYE BAnominal,,,.,, = nominal ;3 + Revenue)stil, EARERAE7IA] 1. ~ 6. Y& HHE

- 1

3. Backtesting

HIOIE| £7 ¥ MAM2|, ZEEE|R 7

o

W71 570 (2020~2024) 291200 52 A4/54 7H, 52 FHsIA o™, EX = offiet 25yt

st=2Hell & M EH|o|E{A|AH (data.krx.co.kr) : FAL200 2 V-Kospi200X|%3

8t=7{2ll& OpenAPI(openapi.krx.co.kr) : FAH2008M 2 Q22ISM S=29Y J1H

st=223 AX|EHA|AH (ecos.bok.or.kr) : 2w MMF(7¢) Zz|

=713 4 OpenAPIE 83 HolH 3 oA

R

KRX | OPEN API MelA2 | AEisolg 283 HOEE | ooimolx|

S22 A HEC0[EfA AR

OPEN API

S| HI0|EE 0| 85t0] IS #88 4 TS OPEN API AHIAE RIZRLICH

F8 Mul2

APIAHA 270 APIAH| 2 0| Bt API2IE7| 413 AP A B8

API &4 json Hlo|HE 38 4= 9l o, o]5 Dataframe(python) % tibble(r) 2 H3sto] 85195
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import requests; import json
url = 'http://data-dbg.krx.co.kr/svc/sample/apis/drv/opt_bydd_trd?basDd=20250312"
headers = {'AUTH_KEY': '74D1B99DFBF345BBA3FB4476510A4BED4C78D13A"}

res = requests.get(url=url, headers=headers); res.text

'{"0OutBlock_1": [{"BAS_DD":"20250312" ,"PROD_NM":"ZFAm200 SM","RGHT_TP_NM":"CALL","ISUCD":"20

AT dlolH= R& ol-8ste] A5l on, £ Holgiloz gofatglaynt.

1. ZEEZQ 7|E AR A W74 (WF), 4 EHd, MMFS2], Kospi200, AL V-K200, AAtd&d 4=

BAS_DD VOL DIFF_DAY MMF KOSPI200 LAG_VK200PRIOR TARGET C TARGET P K
20241219  0.0248719 7 0.0334 322.38 17.96 24124 332.5 312.5
20241212 0.0285279 7 0.0335 329.04 20.60 24123 340.0 317.5
20241205  0.0295527 7 0.0341 323.87 21.34 24122 335.0 312.5
20241128  0.0252043 7 0.0340 331.45 18.20 24121 340.0 322.5
20241121  0.0276001 7 0.0344 329.49 19.93 24114 340.0 320.0
20241114  0.0344274 7 0.0340 317.70 24.86 24113 330.0 305.0

2. A R - ZEZD L 7|2 AR H-eH e AMd g3l S7F A0 -+ A2

BAS DD PRICE TARGET (PHHCE TARGET PAGC TRDVOL TARGETRAGC HRDVOL TARGET P |

20241219 0.29 0.74 343 137
20241212 0.42 0.78 190 196
20241205 0.44 0.91 65452 51417
20241128 0.34 0.43 288 201
20241121 0.37 0.53 115 201
20241114 0.43 0.74 329 165

olg Bl R4, Zejulgl, o)l Wel il 52 MEstel ZERY QS FASIYG .

BAS_DD VOL SELL_AMTPREMIUM INTEREST EXERCISE REVENUE RATE
20200102 0.0203434 137.7648 29963837 2789154 0 32752991 0.0032753
20200109 0.0221160 135.8650 20040080 2844044 9510547 13373578 0.0013374
20200116 0.0185154 132.1091 18825550 2824485 0 21650035 0.0021650

20200123 0.0197895 132.3058 23815037 2787444 219296795  -192694314 -0.0192694
20200130 0.0235286 138.7107 45080972 2793358 109234664 -61360333 -0.0061360
20200206 0.0252458 133.0451 46565774 2774504 0 49340278 0.0049340
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AR ey Date] 712 5%} vt 40 4o dhet g5 A 02 2AHT gL ofmlghch

Jm2 ; Eyd F A 20075 (FA) 2 FAHE H (M) L5
0
500 =8= Kospi 200
400
@
10% =.
=
o
© 300 Py
o {
S 2
@ 2
=)
X 200 E?
5% 3
=
=
: ‘ ““‘
2020 2021 2022 2023 2024 2025

71




Backtesting A1}

A 5197H2020~2024) VW S| =9} 4320045 / OTM 5% Sul=S v ws) 25y

E1:AnE AEH 24 129 PHiE TESE @ P 7241 20045 At

YEAR  Expiry NoExercise Premium Interest Loss  Revenue Return Return_ K200
2020 50 0.74 4385 184 5338 -769 -0.04 0.33
2021 47 0.91 2974 142 728 2387 0.12 0.01
2022 52 0.79 3304 421 4152 -427 -0.03 -0.26
2023 52 0.81 2456 732 1758 1430 0.08 0.23
2024 49 0.80 3697 719 3454 962 0.05 -0.11
T2 ARY Ui JulE FESE 0 Y FAT 20075 47

YEAR  Expiry NoExercise Premium Interest Loss  Revenue  Return Return_ K200

2020
2021
2022
2023
2024

12 0.58 16507 847 37851 -20497 -0.23 0.33
12 1.00 9887 605 0 10492 0.13 0.01
12 0.50 10207 1819 15098 -3071 -0.04 -0.26
12 0.83 4591 3176 884 6883 0.09 0.23
12 0.75 9850 3072 9589 3333 0.04 -0.11

YEAR : A&t A /
NoExercise : 3477 dof| PAE] 2]

Premium : F+F 34 Ta]|0]

=

xpiry : wA%7] Sl (Z2|n| o TA Sl)
Y2 e (A 0] MASHA] ¢f2 7 Hl8)
el
=

Lo
okel) / Interest : Y& @ Tajn| QoA TAYFH HiF o] =2 (7H¢)

*

A 4 (
Loss : S4AdA=3A= QI8 B &4 (1|34 2F) / Revenue : F+F ©]¢) (Premium + Interest - Loss)

Return : ZTEE2] Q9] AgH: 4=9]

€ / Return__ K200 : 2120049 dgat &

27 9129 Pl ZES 00| 78 Akt g 24U
S ERT] HAAL - 32D : @35S AM 2 mu|ed 5o Fejat
VWSl ;

Q4 O I epe] A E) & (e YA & A Aol whet 0-50%714] £ Eoz W

NME, B EEEE 0L PAH USIE WEA SE] 2ASER &) 10-30%5F0E gl
0] g@ A57H5H R EESY 0 WEHo] AHHON 18] 2UE F 7F5d FFOE S
47 VW= AL 5018, 243 ZHo|H 224720074 2 Q9 Ful= A2 Outperform
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B3 Amd VWHE, 95 G, 39 2002059 5018 9 WEH (A4S )
YEAR Return  main Return  sub Return K200 Vol main Vol sub Vol K200
2020 -0.04 0.33 0.08 0.19 0.27
2021 0.12 0.01 0.03 0.02 0.11
2022 -0.03 -0.26 0.08 0.08 0.25
2023 0.08 0.23 0.04 0.01 0.17
2024 0.05 -0.11 0.07 0.08 0.16
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5. Appendix : Python, R code

Pyhon code : C|O|E{ £ 2 X 2|

import requests
import json

import pandas as pd
import aiohttp

import asyncio

# KRX OpenAPI OflA|

url = 'http://data-dbg.krx.co.kr/svc/sample/apis/drv/opt_bydd_trd?basDd=20250312"
headers = {'AUTH_KEY': '74D1B99DFBF345BBA3FB4476510A4BED4C78D13A"'}

res = requests.get(url=url, headers=headers)

res.text

# KRX OpenAPIZ 0|23 M 0|5 37 (WEY3 #HY a|)
idx_data = pd.read_csv('data/idx_data.csv')

url = 'http://data-dbg.krx.co.kr/svc/apis/drv/opt_bydd_trd?basDd='

key 'BDFA640BBCE84C4B8A465EA024D50D6F3FDOOSFF !
async def fetch(session, url, bas_dd):
async with session.get(url + bas_dd, headers={'AUTH KEY': key}) as response:

return await response.json()

async def fetch_all(bas_dd_list, url):
async with aiohttp.ClientSession() as session:
tasks = [fetch(session, url, str(bas_dd)) for bas_dd in bas_dd_list]

return await asyncio.gather (*tasks)

async def main():

bas_dd_list = idx_data['BAS_DD'].astype(str).tolist()

responses await fetch_all(bas_dd_list, url)

data_list = [pd.json_normalize(res['OutBlock_1']) for res in responses if 'OutBlock_1' in

options = pd.concat(data_list, axis=0, ignore_index=True)

# CSV XMZ

options.to_csv("options_data.csv", encoding="utf-8-sig", index=False)
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print("complete")

R code 1 : H|0|E{ 7}Z, Backtesting

rm(list=1s())
library(tidyverse)
library(knitr)
library (patchwork)

# 1. A20oly &H|
options_raw <- read_csv("data/options_data.csv") %>% tibble()
idx_raw <- read_csv("data/idx_data.csv") %>% tibble()

mnf_raw <- read_csv("data/mmf.csv") %> tibble()

# 2-1. Ojo|E ©X2| : KRX openAPI ZMO|O|E FX{Z|
options <- options_raw %>
# K200, WK200 o|2le] SM XN 2|
filter (substr (PROD_NM,1,3)=="3AO|") %>%
# BP0t ele 49 A JIEIHE(O|B7HH) A8
mutate (PRICE = as.double(if else(TDD_CLSPRC=="-" NXTDD_BAS_PRC,TDD_CLSPRC))) %>Y%
drop_na(PRICE) %,>%
select (BAS_DD,ISU_NM,PRICE,ACC_TRDVOL) %>%
separate(ISU_NM, into=c("PROD","RGHT","EXP","EXER_PRC"), sep=' ') %>%
mutate (EXER_PRC=as.double (EXER_PRC),
EXPMM=if else (PROD=="3Au[200",substr (EXP,3,6) ,substr (EXP,1,4)),
EXPWW=if_else(PROD=="3Amu|200",2,as.integer (substr (EXP,6,6)))) %>/
filter (EXER_PRC>min (idx_raw$KOSPI200)*0.85,
EXER_PRC<max (idx_raw$K0SPI200)*1.15,
PROD!="Z AL Z2M") %>} # 2 Tt7| Z2lsM <

mutate (PRIOR=as.integer (EXPMM) *10+EXPWW) # CI7|7} B2 £0=2 M2 Hof

# 2-2. dlo|g MKzl : SM 27| Hlo|E MY
target_date <- options %>%
distinct(.,BAS_DD, PRIOR) %>%
arrange (PRIOR, desc(BAS_DD)) %>%
group_by (PRIOR) %>%
slice(1) %>%
ungroup() %>%
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distinct (BAS_DD) %>%
arrange (desc(BAS_DD)) %>%
filter (BAS_DD<20241231, BAS_DD>20200101)

# 2-3. H|O|E ™MX 2| : KRX ™MEC|O|E{A|AH K200 L V-K200KX|z= ®AAZ|
idx_data <- idx_raw %>%
arrange (BAS_DD) %>Y%
mutate (LAG_K200=1ag(KOSPI200),
LAG_VK200=1ag(VKOSPI200))

K200_portfolio=idx_data %>
left_join(mmf_raw, by="BAS_DD") %>%
mutate (RATE=(KOSPT200-LAG_K200) /LAG_K200,
YEAR = substr(BAS_DD, 1, 4),
YM = ym(substr(BAS_DD, 1, 6))) %>%
group_by(YEAR, YM) %>%
summarise (RATE_K200 = if_else(is.na(prod(1 + RATE)),0,prod(1 + RATE)),
MMF = mean(MMF) /100,
.groups = "drop") %>%

ungroup ()
# 3-1. ZEZE|Q FH : VWWUNHE ZEZZ(Q J7|=H-HE MM
target_info <- target_date %>%

left_join(options, by="BAS_DD") %>’

distinct(BAS_DD,PRIOR) %>%

arrange (desc(BAS_DD) ,PRIOR) %>%

group_by (BAS_DD) %>%

# 0|7t 22t SME NSt M= =2 M MH-

slice(2) %>%

ungroup() %>%

arrange (desc(BAS_DD)) %>%

left_join(idx_data, by="BAS_DD") %>%

left_join(mmf_raw, by="BAS_DD") %>%

# 2M BER7(7 2 eo|Z2|(MMF) A4t

mutate (DIFF_DAY=as.integer (ymd(lag(BAS_DD))-ymd(BAS_DD)),
MMF=MMF*0.01) %>%

# M ER7|7t0l sHEot= AR7ICHHESA AAHV-K200&2)

mutate (VOL=LAG_VK200*sqrt (DIFF_DAY) /sqrt(365)/100) %>%

# HESMo| o2 SM #AtAE AMCH(2.552 28]) 2 SHEH(2.55He| LHED) ALt
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mutate (TARGET _C_K=ceiling (KOSPI200% (1+VOL)*0.4)/0.4,
TARGET_P_K=floor (KOSPI200% (1-VOL)*0.4)/0.4) %>%

drop_na(DIFF_DAY) 7%,>Y%

select (BAS_DD,VOL,DIFF_DAY,MMF,KOSPI200,LAG_VK200,PRIOR,TARGET_C_K,TARGET_P_K)

# 3-2. TEZZ|Q TN : VWUINE ZEZEZ|Q Mt SM HE AN
target_options <- target_info %>
select (BAS_DD, PRIOR, TARGET_C_K, TARGET P_K) %>%
pivot_longer (cols=c("TARGET_C_K","TARGET_P_K") ,names_to = "GRP", values_to = "EXER_PRC") %>%
mutate (RGHT=substr (GRP,8,8)) %>%
left_join(options,by=c("BAS_DD","PRIOR","RGHT","EXER_PRC")) %>%
select (BAS_DD,GRP,PRICE,ACC_TRDVOL) %>%
pivot_wider(names_from = "GRP", values_from = c("PRICE","ACC_TRDVOL"))

# 2AZ 100242 b

cash = 10000%10000%*100

# 4. ZEZZ|2 78 : WO s 7350 dXtd

I8
o
N
>

portfolio <- target_info %>
left_join(target_options,by="BAS_DD") %>’
arrange (BAS_DD) 7>%
# 230 ME =M = ALt
mutate (SELL_AMT=cash/250000/K0SPI200) %>%
# 2M Z2|0|d@O=F2)) Albt
mutate (PREMIUM=SELL_AMT* (PRICE_TARGET C_K+PRICE_TARGET P_K)*250000) %>%
# 23 2 =Z2(0|He| MMF O|Xto] & HEZ[RAREA ALt
mutate (INTEREST=(cash+replace_na(PREMIUM,0))*MMF+DIFF_DAY/365,
EXERCISE=(if else(lead (KOSPI200)-TARGET_C_K>0,lead(KOSPI200)-TARGET C_K,0)+
if else(TARGET P_K-lead (KOSPI200)>0,TARGET P_K-lead (KOSPI200),0))*250000%
# o ZEE2|2 29 AL(FZ 100Y 7HY, YU FXA| otE2F MAsEg o))
mutate (REVENUE=PREMIUM+INTEREST-EXERCISE) %>
# Hefiche SM0| JEEUX| 42 29, MMF+28F 05
mutate (REVENUE=if else(is.na(REVENUE), INTEREST,REVENUE)) %>%

A0
_I_—!

10

mutate (RATE=REVENUE/cash) FCHQ| ZEEZ|

L]

# 5. Hluz ZEEZ2|2 MY : 29 5) 0TM Aoi= ™=t
options2 <- options %>%

filter (PROD=="3A1|200")
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# 3M oA i) My
target_date2 <- options2 %>
distinct(.,BAS_DD, PRIOR) %>7
arrange (PRIOR, desc(BAS_DD)) %>%
group_by(PRIOR) %>%
slice(1) %%
ungroup () %>%
distinct (BAS_DD) %>%
arrange (desc(BAS_DD)) %>%
filter (BAS_DD<20241231, BAS_DD>20200101)

# st Yol

H

EEZ2 7|2 EE dd
target_info2 <- target_date2 %>%
left_join(options2, by="BAS_DD") %>%
distinct (BAS_DD,PRIOR) %>%
arrange (desc(BAS_DD) ,PRIOR) 7%>%
group_by (BAS_DD) %>%
# 2H7(0F =25t &M

to =27t

ljo
o
H>
Hi
rlo
mo
pn
[l
2

M2
slice(2) %>%
ungroup() %>%
arrange (desc(BAS_DD)) %>%
left_join(idx_data, by="BAS_DD") %>%
left_join(mmf_raw, by="BAS_DD") %>%
# 2M 297(2F 2 cty|Z2| (MMF) A4t
mutate (DIFF_DAY=as.integer (ymd(lag(BAS_DD))-ymd (BAS_DD)),
MMF=MMF*0.01,
VOL=0.05) %>%
# HEMo| w2 M SAItA AoH(2.5E 28]) 2 SHEH(2.55H] LHED AlAt
mutate (TARGET_C_K=ceiling (KOSPI200*(1+VOL)*0.4)/0.4,
TARGET P_K=floor (KOSPI200% (1-VOL)*0.4)/0.4) %>%
mutate (DIFF_DAY=if else(is.na(DIFF_DAY),28,DIFF_DAY)) %>%
select (BAS_DD,VOL,DIFF_DAY,MMF,KOSPI200,LAG VK200,PRIOR,TARGET C_K,TARGET P_K)

# et o= ZEEZE|2 Helitld S

target_options2 <- target_info2 7>
select (BAS_DD, PRIOR, TARGET_C_K, TARGET_P_K) %>%
pivot_longer (cols=c("TARGET_C_K","TARGET_P_K") ,names_to = "GRP", values_to = "EXER_PRC") %>%
mutate (RGHT=substr(GRP,8,8)) %>’
left_join(options2,by=c("BAS_DD","PRIOR","RGHT","EXER_PRC")) %>Y%
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select (BAS_DD,GRP,PRICE,ACC_TRDVOL) %>%
pivot_wider(names_from = "GRP", values_from = c("PRICE","ACC_TRDVOL"))

# dt Ol ZEZZ|2 73
portfolio2 <- target_info2 %>
left_join(target_options2,by="BAS_DD") %>%
arrange (BAS_DD) %>Y%
# 220l OE M =2k ALt
mutate (SELL_AMT=cash/250000/K0SPI200) %>%
# M =Z2(0|g@Oi=)) At
mutate (PREMIUM=SELL_AMT*(PRICE_TARGET C_K+PRICE_TARGET P_K)*250000) %>%
# A= 2 =Z2(0[¢ke] MMF O|Xt==<] LU Hz|HAREA ALt
mutate (INTEREST=(cash+replace_na(PREMIUM,0))*MMF*DIFF_DAY/365,
EXERCISE=(if_else(lead(KOSPI200)-TARGET_C_K>0,lead(KOSPI200)-TARGET_C_K,0)+
if else(TARGET P_K-lead (KOSPI200)>0,TARGET P_K-lead(KOSPI200),0))*250000%
mutate (EXERCISE=if_else(is.na(EXERCISE),O0,EXERCISE)) %>%
# TR ZEZZ(Q 29 AL (EZ 100 JtH, Y FXA| CrSF Asdelg oln))
mutate (REVENUE=PREMIUM+INTEREST-EXERCISE) %>7
# JHefiold S40| MEE UK @2 d2, MFnh 12
T

mutate (REVENUE=if_else(is.na(REVENUE) ,INTEREST,REVENUE)) 7>%

(0]

mutate (RATE=REVENUE/cash) # LI ZEZZ|Q £ E

J

# 6. MIEM @ VWWHOHE ZEEZ|IQ
performance <- portfolio %>%
drop_na(PREMIUM, EXERCISE) %>%
mutate (YEAR = substr(BAS_DD, 1, 4),
YM = ym(substr(BAS_DD, 1, 6))) %>%
group_by(YEAR, YM) %>%
summarise (PREMIUM = sum(PREMIUM),
sum (INTEREST),
sum (EXERCISE) ,

INTEREST

EXERCISE

REVENUE = sum(REVENUE),
RATE = prod(l + RATE),
.groups = "drop") %>%

ungroup ()

#6. MTHEA : Udh YOS

e
I

E=Zz|2
performance2 <- portfolio2 %>

drop_na (PREMIUM, EXERCISE) %>%
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mutate (YEAR = substr(BAS_DD, 1, 4),
YM = ym(substr(BAS_DD, 1, 6))) %>%
group_by(YEAR, YM) %>%
summarise (PREMIUM = sum(PREMIUM),
sum (INTEREST) ,
sum (EXERCISE),

INTEREST
EXERCISE
REVENUE = sum(REVENUE),

RATE = prod(l + RATE),
.groups = "drop") %>%

ungroup ()

# AZE S
graphl_1 <- performance %>%
arrange (YM) %>7
left_join(K200_portfolio,by=c("YEAR","YM")) %>%
mutate (CUM_RATE = cumprod(RATE) * 100 - 100,
CUM_RATE_K200 = cumprod(RATE_K200) * 100 - 100) %>%
bind_rows (tibble(YM=ym(201912),CUM_RATE=0,CUM_RATE_K200=0))

graphl_2 <- performance2 7>
arrange (YM) %>%
left_join(K200_portfolio,by=c("YEAR","YM")) %>%
mutate (CUM_RATE = cumprod(RATE) * 100 - 100,
CUM_RATE_K200 = cumprod(RATE_K200) * 100 - 100) %>%
bind_rows (tibble (YM=ym(201912),CUM_RATE=0,CUM_RATE_K200=0))

graphl_3 <- graphl_1 7>7
inner_join(graphl_2, by = "YM", suffix = c("_1", "_2")) %>%
mutate (REVENUE_DIFF = (REVENUE_1 - REVENUE_2) / 1e8)

graph2_1 <- performance 7>
arrange (YM) %>%
left_join(K200_portfolio,by=c("YEAR","YM")) %>7
filter(as.integer(YEAR) > 2021) %>%
mutate (CUM_RATE = cumprod(RATE) * 100 - 100,
CUM_RATE_K200 = cumprod(RATE_K200) * 100 - 100) %>%
bind_rows (tibble (YM=ym(202112) ,CUM_RATE=0,CUM_RATE_K200=0))
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graph2_2 <- performance2 7>
arrange (YM) %>%
left_join(K200_portfolio,by=c("YEAR","YM")) %>%
filter(as.integer (YEAR) > 2021) 7>%
mutate (CUM_RATE = cumprod(RATE) * 100 - 100,
CUM_RATE_K200 = cumprod (RATE_K200) * 100 - 100) %>Y%
bind_rows (tibble (YM=ym(202112) ,CUM_RATE=0,CUM_RATE_K200=0))

graph2_3 <- graph2_1 %>/,
inner_join(graph2_2, by = "YM", suffix = c("_1", "_2")) %>%
mutate (REVENUE_DIFF = (REVENUE 1 - REVENUE 2) / 1e8)

graph3_1 <- portfolio %>7
mutate(YM = ym(substr(BAS_DD, 1, 6))) %>%
group_by(YM) %>%
summarise(TargetVol=mean(VOL),

Kospi200=mean (KOSPI200)) %>’ ungroup()

graphl=ggplot() +
geom_line(data = graphl_1, aes(x = YM, y = CUM_RATE, color = "Vol-adj. Weekly"), size = 1) +
geom_point(data = graphl_1, aes(x = YM, y = CUM_RATE, color = "Vol-adj. Weekly"), shape = 16
geom_line(data = graphl_2, aes(x = YM, y = CUM_RATE, color = "5J, OTM Monthly"), size = 1) +
geom_point(data = graphl_2, aes(x = YM, y = CUM_RATE, color = "5% OTM Monthly"), shape

16,
geom_line(data = graphl_1, aes(x = YM, y = CUM_RATE_K200, color = "Kospi 200"), size = 1, al
geom_point(data = graphl_1, aes(x = YM, y = CUM_RATE_K200, color = "Kospi 200"), shape

16,
geom_bar(data = graphl_3, aes(x = YM, y = REVENUE_DIFF * 3),
stat = "identity", alpha = 0.5, fill = "gray") +

scale_x_date(date_breaks = "1 year", date_labels = ")Y") +

scale_y_continuous(limits = c(-30, 50), breaks = seq(-30, 50, 10), labels scales: :number f

sec.axis = sec_axis(~ . / 3, name = "Overperform (100M)", breaks = c(-10,

scale_color_manual(values = c("Vol-adj. Weekly" = "red", "5% OTM Monthly" = "blue", "Kospi 2
labs(x = NULL, y = "Cumulative Return (%)", color = "") +
theme minimal() +

theme (legend.position = c(0.4, 0.93), legend.direction = "horizontal")

graph2=ggplot() +
geom_line(data = graph2_1, aes(x = YM, y = CUM_RATE, color = "Vol-adj. Weekly"), size = 1) +
geom_point(data = graph2_1, aes(x = YM, y = CUM_RATE, color = "Vol-adj. Weekly"), shape = 16
geom_line(data = graph2_2, aes(x = YM, y = CUM_RATE, color = "5) OTM Monthly"), size = 1) +
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geom_point(data = graph2_2, aes(x = YM, y = CUM_RATE, color = "5% OTM Monthly"), shape 16,

geom_line(data = graph2_1, aes(x = YM, y = CUM_RATE_K200, color = "Kospi 200"), size = 1, al

geom_point(data = graph2_1, aes(x = YM, y = CUM_RATE_K200, color = "Kospi 200"), shape = 16,

geom_bar(data = graph2_3, aes(x = YM, y = REVENUE_DIFF * 3),
stat = "identity", alpha = 0.5, fill = "gray") +
scale_x_date(date_breaks = "1 year", date_labels = "%Y") +

scale_y_continuous(limits = c(-30, 20), breaks = seq(-30, 30, 10), labels = scales::number_f

sec.axis = sec_axis(~ . / 3, name = "Overperform (100M)", breaks = c(-10,
scale_color_manual(values = c("Vol-adj. Weekly" = "red", "5% OTM Monthly" = "blue", "Kospi 2
labs(x = NULL, y = "Cumulative Return (%)", color = "") +

theme _minimal() +

theme (legend.position = c(0.4, 0.93), legend.direction = "horizontal")

graph3=ggplot() +
geom_line(data = graph3_1, aes(x = YM, y = Kospi200, color = "Kospi 200"), size = 1) +
geom_point(data = graph3_1, aes(x = YM, y = Kospi200, color = "Kospi 200"), shape = 16, size
geom_bar(data = graph3_1, aes(x = YM, y = TargetVol * 7000),
stat = "identity", alpha = 0.7, fill = "blue") +
geom_hline(yintercept = 200, size=0.5, color = "black", alpha=0.5)+
scale_x_date(date_breaks = "1 year", date_labels = "JY") +

scale_y_continuous(limits = c(0, 500), breaks = seq(100, 500, 100),

sec.axis = sec_axis(~ . / 7000, name = "Strike Range(Monthly)", breaks =
scale_color_manual (values = c("Kospi 200" = "red")) +
labs(x = NULL, y = "Kospi 200", color = "") +

theme _minimal() +

theme (legend.position = c(0.1, 0.93), legend.direction = "horizontal")

# 20t

8

1 : VWWEEEZ|?
tablel <- portfolio %>’
drop_na (PREMIUM, EXERCISE) %>7
mutate (YEAR = substr(BAS_DD, 1, 4),
CNT=1,
NO=if_else(EXERCISE==0,1,0)) %>%
group_by (YEAR) %>%
summarise (Expiry = sum(CNT),
NoExercise = round(sum(NO)/sum(CNT),2),
Premium = round(mean(PREMIUM)/10000,0),
Interest = round(mean(INTEREST)/10000,0),
Loss = round(mean(EXERCISE)/10000,0),
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Revenue = round(mean(REVENUE)/10000,0),
Return = round(prod(1l + RATE)-1,2),
.groups = "drop") %>%
left_join(K200_portfolio %>% group_by(YEAR) 7>} summarise(Return_K200=round(prod(RATE_K200)-
by="YEAR")

# QOFE 2 : Ut

e

EE2|Q

—_

a8

table2 <- portfolio2 %>%
drop_na(PREMIUM, EXERCISE) %>7%
mutate (YEAR = substr(BAS_DD, 1, 4),
CNT=1,
NO=if else(EXERCISE==0,1,0)) %>%
group_by (YEAR) %>
summarise (Expiry = sum(CNT),
NoExercise = round(sum(NO)/sum(CNT),2),
Premium = round(mean(PREMIUM)/10000,0),
Interest = round(mean(INTEREST)/10000,0),
Loss = round(mean(EXERCISE)/10000,0),
Revenue = round(mean(REVENUE)/10000,0),
Return = round(prod(l + RATE)-1,2),
.groups = "drop") %>%
left_join(K200_portfolio %>% group_by(YEAR) %>} summarise(Return_K200=round(prod(RATE_K200)-
by="YEAR")
# Qo2 3 @ ZEEZZ|IR HEY H|W
Voll <- graphi_1 %>} group_by(YEAR) %>/, summarise(Vol=round(sd(RATE)*sqrt(12),2),
Vol_K200=round(sd (RATE_K200)*sqrt(12),2))
Vol2 <- graphl_2 7>} group_by(YEAR) %>J, summarise(Vol=round(sd(RATE)*sqrt(12),2))

table3 <- tablel %>/
select (YEAR,Return,Return_K200) %>%
left_join(Voll, by="YEAR") %>%
mutate (Return_main=Return,
Vol main=Vol) %>%

select (YEAR, Return_main,Vol_main,Return_K200,Vol_K200) 7%>%
left_join(table2 %>%

select (YEAR,Return) %>%

left_join(Vol2, by="YEAR") %>%

mutate (Return_sub=Return,
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Vol_sub=Vol) 7%>%
select (YEAR,Return_sub,Vol_sub), by="YEAR")

R code 2 : M2t H=

rm(list=1s())

library(tidyverse)

library(knitr)

library(patchwork)

setwd ("homepage/study_25spring/data/")

# 1. =2dlolg| &=H
options_raw <- read_csv("options_data_test.csv") %>} tibble()
idx_raw <- read_csv("idx_data_test.csv") %>% tibble()

mmf_raw <- read_csv("mmf_test.csv") %>% tibble()

# 2-1. H|O|{ ™MXe| : KRX openAPI ZMO|O|E{ MAMZ|
options <- options_raw %>
# K200, WK200 0|2/ M A <
filter(substr(PROD_NM,1,3)=="3Am|") %>
# Bt el E2 A 7IE7HH (0|B7tA) AL
mutate (PRICE = as.double(if_else(TDD_CLSPRC=="-",NXTDD_BAS_PRC,TDD_CLSPRC))) %>%
drop_na(PRICE) %>%
select (BAS_DD,ISU_NM,PRICE,ACC_TRDVOL) %>%
separate (ISU_NM, into=c("PROD","RGHT","EXP","EXER_PRC"), sep=' ') %>%
mutate (EXER_PRC=as.double (EXER_PRC),
EXPMM=if else(PROD=="3Au200",substr (EXP,3,6),substr(EXP,1,4)),
EXPWW=if_else (PROD=="FAm200",2,as.integer (substr(EXP,6,6)))) %>%
filter (EXER_PRC>min(idx_raw$KOSPI200)*0.85,
EXER_PRC<max (idx_raw$K0OSPI200)*1.15,
PROD!="FAL|2Z2IM") %>% # 2L 7| Z2laM A<

mutate (PRIOR=as.integer (EXPMM) *10+EXPWW) # CH7|7} &S 02 2Ma2| 2o

# 2-2. ©|o|E| AXE| : SM 07| HoE] MM
target_date <- optiomns %>%
distinct(.,BAS_DD, PRIOR) %>%
arrange (PRIOR, desc(BAS_DD)) %>%

group_by (PRIOR) %>%
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slice(1) %>%

ungroup () %>%

distinct (BAS_DD) %>%
arrange (desc(BAS_DD)) %>%
filter (BAS_DD<20250411)

# 2-3. 0| ™MX2Z| : KRX ™MEH|O|E{A|AH K200 L V-K200X|z= A Z|
idx_data <- idx_raw %>’
arrange (BAS_DD) %>
mutate (LAG_K200=1ag(KOSPI200),
LAG_VK200=1ag(VKOSPI200))

K200_portfolio=idx_data %>%
left_join(mmf_raw, by="BAS_DD") %>%
mutate (RATE=(KOSPI200-LAG_K200) /LAG_K200,

YEAR = substr(BAS_DD, 1, 4),

YM = ym(substr(BAS_DD, 1, 6))) %>%
group_by (YEAR) %>
filter(is.na(RATE)==FALSE) %>/
summarise (RATE_K200 = prod(1 + RATE),

MMF = mean(MMF) /100,
.groups = "drop") %>%

ungroup ()

# 3-1. TEE2|Q 7Y : WAHE ZEZ2Z |2 J7|=™HE MY
target_info <- target_date %>/

left_join(options, by="BAS_DD") %>’

distinct (BAS_DD,PRIOR) %>%

arrange (desc(BAS_DD) ,PRIOR) %>

group_by (BAS_DD) %>’

# 07|17t Zeiste SME Melstn =7t =2 M MH

slice(2) %>%

ungroup() %>%

arrange (desc(BAS_DD)) %>%

left_join(idx_data, by="BAS_DD") %>%

left_join(mmf_raw, by="BAS_DD") %>%

# 58 ER7(2 2 |22 (MMF) A4t

mutate (DIFF_DAY=as.integer (ymd(lag(BAS_DD))-ymd(BAS_DD)),
MMF=MMF*0.01) %>%
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# 2 BRIz sigst=s AIZ7IHESY AL (V-K200&-8)
mutate (VOL=LAG_VK200*sqrt (DIFF_DAY)/sqrt(365)/100) %>%
# HESMO| 2 SM SAPFA ACH(2.50H2] 28]) L FHEH(2.55H] LHE) At
mutate (TARGET_C_K=ceiling(KOSPI200* (1+VOL)*0.4)/0.4,
TARGET P_K=floor (KOSPI200%(1-VOL)*0.4)/0.4) %>%
# drop_na(DIFF_DAY) %>%
select (BAS_DD,VOL,DIFF_DAY,MMF,KOSPI200,LAG_VK200,PRIOR,TARGET C_K,TARGET P _K)

# 3-2. ZEEZ T : WUIHE ZEEZ2|2 Helichd SM HE MY
target_options <- target_info %>
select (BAS_DD, PRIOR, TARGET_C_K, TARGET P_K) %>%
pivot_longer (cols=c("TARGET_C_K","TARGET_P_K") ,names_to = "GRP", values_to = "EXER_PRC") %>%
mutate (RGHT=substr(GRP,8,8)) %>
left_join(options,by=c("BAS_DD","PRIOR","RGHT","EXER_PRC")) %>’
select (BAS_DD,GRP,PRICE,ACC_TRDVOL) %>%
pivot_wider(names_from = "GRP", values_from = c("PRICE","ACC_TRDVOL"))

# A= 10093 7+d

cash = 10000%10000%*100

# 4. ZEEZL|2 78 : VWi s 750 dXtd

b
o
N
>

portfolio <- target_info %>
left_join(target_options,by="BAS_DD“) W>%
arrange (BAS_DD) %>Y%
# AZ0| ME SM =2 ALt
mutate (SELL_AMT=cash/250000/K0SPI200) %>%
# M Z2(0|Y (=) ALt
mutate (PREMIUM=SELL_AMT* (PRICE_TARGET C_K+PRICE_TARGET P_K)*250000) %>%
# 22 L Z=2|0[ge| MMF O|Xp=2l LU Hz|HAREA it
mutate (INTEREST=(cash+replace_na(PREMIUM,0))*MMF*DIFF_DAY/365,
EXERCISE=(if else(lead (KOSPI200)-TARGET C_K>0,lead(KOSPI200)-TARGET C_K,0)+
if else(TARGET P_K-lead (KOSPI200)>0,TARGET P_K-lead (KOSPI200),0))*250000%
Fote] ZEEZ2|2 &9 A (FZ 100Y 7™, =2 £XHA| oS5 MASEeg 2o))
mutate (REVENUE=PREMIUM+INTEREST-EXERCISE) %>
# Hefiche SM0| HEEUX| 42 2%, MMF+8F 03
mutate (REVENUE=if else(is.na(REVENUE), INTEREST,REVENUE)) %>%
mutate (RATE=REVENUE/cash,

Group="Vol-adj. Weekly") # FH2| ZEEZZ|Q UE
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#5. HIT ZEZ2|Q MM : ¥ 5% 0TM Uojs mat
options2 <- options %>%

filter (PROD=="3Au|200")

# 34 oL @OiE) MY
target_date2 <- options2 %>
distinct(.,BAS_DD, PRIOR) %>%
arrange (PRIOR, desc(BAS_DD)) %>%
group_by(PRIOR) %>%
slice(1) %%
ungroup() %>%
distinct (BAS_DD) %>%
arrange (desc(BAS_DD)) %>%
filter (BAS_DD<20250411)

# ald} OI:DHE

=2L_- o

H

EEZ|2 7|2 EE MY
target_info2 <- target_date2 >/
left_join(options2, by="BAS_DD") %>%
distinct (BAS_DD,PRIOR) %>%
arrange (desc(BAS_DD) ,PRIOR) %>%
group_by (BAS_DD) %>%

# OH|7F =2liste SME Melsta M=L(7t

i
ro
mo
[
x
17

slice(2) %%

ungroup () %>%

arrange (desc(BAS_DD)) %>%

left_join(idx_data, by="BAS_DD") %>%

left_join(mmf_raw, by="BAS_DD") %>%

# 2M 287|272 & ct7|Z2| (MMF) AlAt

mutate (DIFF_DAY=as.integer (ymd(lag(BAS_DD))-ymd(BAS_DD)),
MMF=MMF*0.01,
VOL=0.05) %>%

# HEMo| 2 SM MAZZ ACH(2.58HR] 22]) 2 SHEH(2.55H9] LHE) AHlAH

mutate (TARGET_C_K=ceiling(KOSPI200* (1+VOL)*0.4)/0.4,
TARGET_P_K=floor (KOSPI200% (1-VOL)*0.4)/0.4) %>%

mutate (DIFF_DAY=if else(is.na(DIFF_DAY),28,DIFF_DAY)) %>%

select(BAS_DD,VOL,DIFF_DAY,MMF,KOSPI200,LAG_VK200,PRIOR,TARGET_C_K,TARGET_P_K)

#Uul YUiE TEBE|2 HCHY S

target_options2 <- target_info2 7>
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select (BAS_DD, PRIOR, TARGET_C_K, TARGET P_K) %>%
pivot_longer(cols=c("TARGET_C_K","TARGET_P_K"),names_to = "GRP", values_to = "EXER_PRC") %>%
mutate (RGHT=substr(GRP,8,8)) %>
left_join(options2,by=c("BAS_DD","PRIOR","RGHT","EXER_PRC")) %>%

select (BAS_DD,GRP,PRICE,ACC_TRDVOL) %>%

pivot_wider (names_from = "GRP", values_from = c("PRICE","ACC_TRDVOL"))

# Ul YOl ZEEe|e P

portfolio2 <- target_info2 %>/

left_join(target_options2,by="BAS_DD") 7>%
arrange (BAS_DD) 7>%
# RZ0l| E SH =2 ALt
mutate (SELL_AMT=cash/250000/K0SPI200) %>%
# M Z2|0|Pd@OH=2)) Akt
mutate (PREMIUM=SELL_AMTx(PRICE_TARGET C_K+PRICE_TARGET P_K)*250000) %>%
# 2= 2 =Z2(0|He| MMF O|Xto] & HE[RAREA ALt
mutate (INTEREST=(cash+replace_na(PREMIUM,0))*MMF+DIFF_DAY/365,
EXERCISE=(if else(lead(KOSPI200)-TARGET C_K>0,lead(KOSPI200)-TARGET C_K,0)+
if_else(TARGET_P_K-lead (KOSPI200)>0,TARGET_P_K-lead (KOSPI200),0))*250000%
mutate (EXERCISE=if else(is.na(EXERCISE),O,EXERCISE)) %>%
# 2| ZEZ2|2 &9 AMH(EZ 100 Jtd, 2 XAl ChEF As&eg ola))
mutate (REVENUE=PREMIUM+INTEREST-EXERCISE) %>
# Heliche SM0| JEEORJUX| 42 d9, MMFogt 15
mutate (REVENUE=if_else(is.na(REVENUE) , INTEREST,REVENUE)) %>%
mutate (RATE=REVENUE/cash,

Group="Monthly") # FLCIQ ZEZEZ|2 $UE

portfolio <- portfolio %>% filter(BAS_DD!=20250410)
portfolio2 <- portfolio2 %>% filter (BAS_DD!=20250410)
portfolio3 <- portfolio %>%

summarise (across(where(is.numeric), sum)) %>

mutate (Group="Vol-adj. Weekly Sum")

# Q0T 4 : AZ X2

table4 <- portfolio %>/

union_all(portfolio2) %>%
union_all(portfolio3) %>%
group_by (BAS_DD, Group) %>’
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summarise (Premium = round(mean(PREMIUM)/10000,0),
Interest = round(mean(INTEREST)/10000,0),
Loss = round(mean(EXERCISE)/10000,0),
Revenue = round(mean(REVENUE)/10000,0),
Return = round(prod(1l + RATE)-1,2),

.groups = "drop")

# Jef= 4 . AS7|2HE ZALIO200K|3 0|

graph4 <- ggplot(idx_raw, aes(x = ymd(BAS_DD))) +

KOSPI200, color = "KOSPI200"), size = 1.2) +

geom_line(aes(y (VKOSPI200 - 19) / 26 * 60 + 300, color = "VKOSPI200"), size = 1.2) +
geom_vline(xintercept = ymd(c("20250313", "20250320", "20250327", "20250403","20250410")),

geom_line(aes(y

linetype = "dotted", color = "grey40") +

scale_y_continuous(name = "KOSPI200",limits = c(300, 360),

sec.axis = sec_axis(

~ (.=-300) / 60 * 26 + 19, name = "VKOSPI200")) +

scale_color_manual (values = c("KOSPI200" = "blue", "VKOSPI200" = "red"),

guide = guide_legend(direction = "horizontal")) +
labs(title = "Kospi200 & V-Kospi200 indices",x = NULL,color = NULL) +
theme minimal() +
scale_x_date(date_breaks = "3 days", date_labels = "/m-%d") +
theme (axis.text.x = element_text(angle = 45, hjust = 1),

legend.position = ¢(0.5, 0.95))
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ol HjE|o]FA 0] 9F FF 2, Wr|7A] shHolgte vl 2]o] (20%) o2 stetot= -7t EAohH 24 A-7F AebA] L
(Down-and-Out), 941 6% 9] rebates A E5H= LxJY )

B7te ZH7RE R Algdelds o8 AlFeln, Numerix pricer o} 5 At 2025-4-2945 7|2 2 pricingsHe=

SHAE U WA, vig]o] g4 B71E 913 parameter+ oFef et Zo] AHE|otA5 YTt

o Sy 1 S&P500A]4=9] #2717 B 7HE (25.3.19) F7F (5,675.29pt)
o S; 1 S&P500A5=2] B7HL (25.4.29) F71 (5,560.83pt)

o K : Down-and-out put options HA7FE (=S, x 100%)
e B Down-and-out put options Hj&]o17}4 (=S, x 80%)
o 7 FFIAE(=3% 71

o ¢! S&P500 BiFolE(=0% 7+47)

o 017|224 AEE(=20% 7HY)

o T, : FET7](=324/365)

o T viE]ol5A BrH ] (=321/365)

o n ! ZHIER AlEH O] A3

o m: AEH A A2 B3 AL (AL, 220)

o rebate : Hi2] o154 Knock-out A 2|3 5h= 2 (=6%)
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- RE&o|Xt& : o|30|AM= SOFR, USD-libor, FFR 50| 42| AFEE0{, Swap rate S22 =34l
term-structureE FAMStH= Zo| JtaF MLUSH ghHelL|ct, BMo| chastE s 3hE JHHSIASLICt
- S&P500 HHEY=UE : ItAH HiEO| |X|ECID 7I™stHALE, HEL| RHEE Soll 7[ZHF=E FM5t=
Zdo| JHa Mg gHQILICH. 2419| ChestE loll HHHO| QICtD JHYSIASLICE.

- HIIcHATt Q71" otdol| =M payoffit ZHEEZ2, 3HE LS XISt 2tE &8st SLICH

- JIE=EARE HESYE 0 AEVHAE 286 LA SdE 0|85t 0], Local Vol S Sdlf SurfaceE

T35t A|Zal0|M SH= ZHo| 7tz MAUSE ghHQIL|CH. Cfol, EAMo| CheStE 25 2042 7HHSIASLICE

- A2 28 73 : Lookback period?| Ztzo| 10o|2E Hel|Ys+ZE 2SR SLICH

St

71 L2 NYSEE 7|#0 &2 4H&5

import pandas_market_calendars as mcal

from datetime import date

exp_dd = date(2026, 3, 19); strt_dd =

exptime = (exp_dd - strt_dd).days

'2025-04-30"'; end='2026-03-16"'; nyse

strt
timesteps = nyse.valid_days(start_date=strt

print("Day to maturity is :",exptime)

print ("Number of trading day(timestep) is

Day to maturity is : 324

Number of trading day(timestep) is : 220

F2 3, o] 8= yahoo finance, cme, cboes 3115H%]

date (2025, 4, 29);

mcal.get_

, end_date=end)

:",len(timesteps))

calendar ('NYSE') ;

"Hotgngls
71221411 S&P500 A7t GBM S WEth= 71y stoll A& o]-85to] w75 7td7tA] 9] 71552 Al
ol Adgt AglolH, dareF2 offiet ZH YTt

3] GBM2 A5, Euler’s discretization

(1) @A F7HS) & H7(Ty), H58 (o), 7IHsAdEp =r—dE F

= 5ol 2487 Lrttt F7HE A

. WA, W) e

i)

rel

=
= [e)
i1 =
L=

£ Fgotol U
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n/l A4 (Stratified sampling, Moment matching, Antithetic variate



o Zrn7fe] E7tattt, 1 A2 9] 247(F (n-1)*n) i 2] dE A (Antithetic variate 2-8)3}31, brownian
bridge WS ol LAY o|4tetsE &

(2) 7} 7 &t} Knock o5 WA7HA S 1efste] 2] o]-&41 9] payoffe} npvE 24

e Knock-out &4y : =9 6% 2] rebateEs A FHS
e Knock-out a4y : %7}‘?}7]%1 Z 710l whet A WAZHAE AS3ES

o 7} payoft & ZFEREZ|(T) ol thslf E<lste] npvE A&

@) olell w} 2HEH npvE AteB e Sl viFolwA (ELB) o 347H & At

etnz|E 28 (Python code)
Python®.2 F&s}¢ o, vje]ol 5] 7143} 7| 22410l H 2 (GBM)E HHetot= &2 Aot st

import numpy as np

import scipy.stats as sst

def DownAndOutPut_Price(s, k, r, q, t, sigma, n, b, m, rebate):
dt = t/m; dts = np.arange(dt, t+dt, dt) # Set timesteps
# (1) Stratified sampling, z_t makes price at T & z makes brownian bridge
z_t = sst.norm.ppf((np.arange(n) + np.random.uniform(0,1,n)) / n)
z = np.random.randn(n,m)
# (2) Moment matching in z_t
z_t = np.where(n>=100, (z_t - z_t.mean()) / z_t.std(ddof=1), z_t - z_t.mean())
# (3) Antithetic variate
z_t, z = np.concatenate([z_t, -z_t], axis=0), np.concatenate([z, -z], axis=0)
# Generate underlying paths using brownian bridge

w_t, w = 2z_t * np.sqrt(t), z.cumsum(axis=1) * np.sqrt(dt) # winner process

bridge = dts * ((w_t- wl[:,-1]).reshape(len(w),1) + w / dts) # brownian bridge
paths = s#*np.exp((r-q-0.5*sigma**2)*dts + sigma*bridge) # underlying path

# Determine Knock-out

knock = paths.min(axis=1) < b # knock-out = 1 else 0

barrier_flag = ~knock

# Caculate options payoff

plain_npv = np.maximum(k-paths[:,-1], 0) * np.exp(-r*t)

barrier_npv = barrier_flag * plain_npv + knock * rebate * np.exp(-r*t)

barrier_price = barrier_npv.mean()

return barrier_price, paths
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3. =7} Z30} 2 "2 (Numerix Pricer)

Hi2|o{EM 714 & 7I=AH B2

7

A5t 2025-4-2991 0] 71% uhalu] g2 o] &5to] Hgol&
7_:]]

A 0] 7}

AlEdlold SeE 109 7|E 2=, o] whah w7} oF 1-29 EAISIASE U

= 0.03; g = 0; sigma = 0.2; rebate =
tl = exptime / 365; t2 = (exptime-3) /

Down-and-0ut Barrier Put options price is :

= 5675.29; s1 = 5560.83; k = s0; b =

notional = 10000; nxprice = 366.8977875

price, GBMpath = DownAndOutPut_Price(sl,

0.8 * s0

0.06 * s0

365; n =

Alge ol el o]-§d 7| 2AHT e A2 E AlZteket Aykiyt.

Underlying paths generated from GBM (100 samples)

A BrrslRoks YT

S W22 10,0008 7|Fo 2 oF 365Q0|H, o ER A4S o] oF 3.65% YUt}

100000; m = len(timesteps)

364.2851

print (f"Down-and-Out Barrier Put options price is : {price:.4f}")

3t 558 5 2 ATIY ol & A8 o] 971X 9] Lognormal dist. JEi7F 2 vepd
Algdold F wie]oj7td Bo 2 sttt 74971 A e Knock-out 9] H[ &2 9F 22.7% = WES

k, r, q, t2, sigma, n, b, m, rebate)

price = price * np.exp(r*(t2-t1)) / sO * notional # Convert discount & notional

Distribution at expiration (Total simulation)
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Numerix Pricer2} H|11

o] fof| A ARt e} et FAFSHE S 7]&E Numerix pricer"ﬂ/ﬂ T do|x& B 9

20% TAZto 2 S=Astg oW, 7| 224 ] JFAE 2025-4-29Y E

97

0

2000 4000 6000

8000

10000

Number of sample

oﬁ

1

2000 14000

16000



olof wret =4 Numerix & -8t vi2]ol&A4 7122 F 366.94(3.67%) & AHE5 A5H .

MODEL.EQ.BS10715 CO ntr0| Pa nel

MODEL

9 BarrierLevel 0.2

NOWDATE 2025-04-29 .
CURRENCY usD StrikeLevel 0
DIVIDENDCURVE APR-2025-00-00-007EQ.USD-US-SPX.DIV
DOMESTICYIELDCURVE hwan_RFR

SPOTPRICE 5560.83 Couponout 0.06

ASSETNAME USDUSSPX

FIXCALENDAR NewYork C 0
FIXCONVENTION F Oupon

NOTICEPERIOD 28D " .

DISCRETEDIVIDENDCON |n|t|a|PI’|Ce 567529
MARKETDATA 5-00-00-00ACONTAINER_QUOTES10110
INSTRUMENTS QEUROPEANINSTRUMENTSCOMP_10993 P

SIGMAT 5 VOLATILITY.CURVECALIBRATION11431 PamﬂpatlonRate 1
LIBRARY NAME TOOLKIT

OPTIONFILTER 15.OPTIONSFILTER.OPTIONSFILTER11436 PV 366 8977875

CONTAINER DD_SEL_20250429_29-APR-2025-00-00-00

llé)PDATED APR-2025-OO-OO-OO’\5|\7/I503D(§L.(I)Eg();fl??:52‘120;’1’\;1 COU pon Rate 0.037693897

LOCAL ID MODEL.EQ.BS10715 O 241

TIMER 0.0323633
TIMER CPU 0.03125

T M7 ARl 1% vt fEL R, AYS] FAR A 9

Knock-out H]- &% Numerix©oA 2F 24% 2 7]Z2] oF 23% 2} uj-& SAs 5 UTh

Difference ratio is : 0.0072

4. AH

Down-and-out put options €] ELBE 7|24l Black-sholes 54 7|§t 0 g2 F712] ¥4 0 2 P54

Yt

)

1. Montecarlo Simulation : 7| Z2HFe] 7A A 25 A4St H2]o]&-4 2] payoff & F 7t

2. Numerix pricer : Numerix |4 A|-5-5}= Black =2 % Kernel object& ©]-835}o] 712 H7}

Numerix pricero| A= 7|22 1 MCSHH #utofye}, o|2& /o /5 5 7ITHFZXE /I = HsE
o

2 At ol dAl 71 %E7te] A8 4 e Bl AN

98



B 540 gAEE thope M2 ANA ) Aol AHolik A YUk 4ET NTEE WYoka) 2E P

—

o M2

ghotah, B4 the Al ghokot NS A0l AR A48l MCSe} Numerix pricer ] 72]-&o] Z71sh=
F HgEU

B7tH o 2 QuantLib library & ©]-835to] 53t vf2]o]-8-4 9] Analytic priceE &2 231, MCS 2 Nu-
merix AT Z 207} FYTE °l Analytic priceE AAEE W @EAIME 7SR R, AA F7h=RE Bdshe

daily AIZFZtAHH] Knock-out H&°] EolA 34 7H4& AB7ste 2oz F4HU.

@ QuantLib2 ©]-43 wig]o]-3 4 B}

Analytic Price is : 357.1444

import QuantLib as ql

today = ql.Date(29, 4, 2025); maturity = ql.Date(16, 3, 2026)

gl.Settings.instance() .evaluationDate = today

payoff = gl.PlainVanillaPayoff(ql.Option.Put, k)
euExercise = ql.EuropeanExercise(maturity)

barrierOption = gl.BarrierOption(ql.Barrier.DownOut, b, rebate, payoff, euExercise)

spotHandle = gl.QuoteHandle(ql.SimpleQuote(sl))

flatRateTs

ql.YieldTermStructureHandle(ql.FlatForward(today, r, ql.Actual365Fixed()
flatVolTs = ql.BlackVolTermStructureHandle(ql.BlackConstantVol(today, gql.NullCalendar
bsm = gl.BlackScholesProcess(spotHandle, flatRateTs, flatVolTs)

analyticBarrierEngine = ql.AnalyticBarrierEngine(bsm)
barrierOption.setPricingEngine(analyticBarrierEngine)

analytic_price = barrierOption.NPV() * np.exp(r*(t2-t1)) / sO * notional

print(f"Analytic Price is : {analytic_price:.4f}")
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Standard 1 : Professionalism

A.

Hel olset £4

(Knowledge of the Law)

A. Knowledge of the Law

Members and Candidates must understand and comply with all applicable laws, rules,
and regulations (including the CFA Institute Code of Ethics and Standards of
Professional Conduct) of any government, regulatory organization, licensing agency, or
professional association governing their professional activities. In the event of conflict,
Members and Candidates must comply with the most strict law, rule, or regulation.
Members and Candidates must not knowingly participate or assist in and must dissociate

from any violation of such laws, rules, or regulations.
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> Relationship between the Code and Standards and Applicable Law
» Participation in or Association with Violations by Others
> Investment Products and Applicable Laws

101




2. Following the Highest Requirements

Laura Jameson works for a multinational investment advisor based in the United States.
Jameson lives and works as a registered investment advisor in the tiny, but wealthy, island
nation of Karramba. Karramba’s securities laws state that no investment advisor registered and
working in that country can participate in initial public offerings (IPOs) for the advisor’s
personal account. Jameson, believing that as a U.S. citizen working for a U.S.-based company
she need comply only with U.S. law, has ignored this Karrambian law. In addition, Jameson
believes that, as a charterholder, as long as she adheres to the Code and Standards requirement
that she disclose her participation in any [PO to her employer and clients when such ownership
creates a conflict of interest, she is meeting the highest ethical requirements.

Comment: Jameson is in violation of Standard I(A). As a registered investment advisor in
Karramba, Jameson is prevented by Karrambian securities law from participating
in IPOs regardless of the law of her home country. In addition, because the law
of the country where she is working is stricter than the Code and Standards, she
must follow the stricter requirements of the local law rather than the requirements
of the Code and Standards.

4.  Failure to Maintain Knowledge of the Law

Colleen White is excited to use new technology to communicate with clients and potential
clients. She recently began posting investment information, including performance reports and
investment opinions and recommendations, to her Facebook page. In addition, she sends out
brief announcements, opinions, and thoughts via her Twitter account (for example, “Prospects
for future growth of XYZ company look good! #makingmoney4U”). Prior to White’s use of
these social media platforms, the local regulator had issued new requirements and guidance
governing online electronic communication. White’s communications appear to conflict with
the recent regulatory announcements.

Comment : White is in violation of Standard I(A) because her communications do not comply
with the existing guidance and regulation governing use of social media. White
must be aware of the evolving legal requirements pertaining to new and dynamic
areas of the financial services industry that are applicable to her. She should seek
guidance from appropriate, knowledgeable, and reliable sources, such as her
firm’s compliance department, external service providers, or outside counsel,
unless she diligently follows legal and regulatory trends affecting her professional
responsibilities.
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2ot 42 (Independence and Objectivity)

B. Independence and Objectivity
Members and Candidates must use reasonable care and judgment to achieve and
maintain independence and objectivity in their professional activities. Members and
Candidates must not offer, solicit, or accept any gift, benefit, compensation, or
consideration that reasonably could be expected to compromise their own or another’s

independence and objectivity.
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Buy-Side Clients

Fund Manager and Custodial Relationships

Investment Banking Relationships

Performance Measurement and Attribution

Public Companies

Credit Rating Agency Opinions

Influence during the Manager Selection/Procurement Process
Issuer-Paid Research

Travel Funding
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5. Influencing Manager Selection Decisions

Adrian Mandel, CFA, is a senior portfolio manager for ZZYY Capital Management who
oversees a team of investment professionals who manage labor union pension funds. A few
years ago, ZZY'Y sought to win a competitive asset manager search to manage a significant
allocation of the pension fund of the United Doughnut and Pretzel Bakers Union (UDPBU).
UDPBU’s investment board is chaired by a recognized key decision maker and long-time
leader of the union, Ernesto Gomez. To improve ZZYY’s chances of winning the competition,
Mandel made significant monetary contributions to Gomez’s union reelection campaign fund.
Even after ZZYY was hired as a primary manager of the pension, Mandel believed that his
firm’s position was not secure. Mandel continued to contribute to Gomez’s reelection campaign
chest as well as to entertain lavishly the union leader and his family at top restaurants on a
regular basis. All of Mandel’s outlays were routinely handled as marketing expenses
reimbursed by ZZYY’s expense accounts and were disclosed to his senior management as
being instrumental in maintaining a strong close relationship with an important client.

Comment : Mandel not only offered but actually gave monetary gifts, benefits, and other
considerations that reasonably could be expected to compromise Gomez’s
objectivity. Therefore, Mandel was in violation of Standard I(B).
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C. Misrepresentation

Members and candidates must not knowingly make any misrepresentations relating to

investment analysis, recommendations, actions, or other professional activities.
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» Impact on Investment Practice
» Performance Reporting

» Social Media

> Omissions

» Plagiarism

»  Work Completed for Employer

4.  Plagiarism

Claude Browning, a quantitative analyst for Double Alpha, Inc., returns in great excitement
from a seminar. In that seminar, Jack Jorrely, a well publicized quantitative analyst at a
national brokerage firm, discussed one of his new models in great detail, and Browning is
intrigued by the new concepts. He proceeds to test this model, making some minor
mechanical changes but retaining the concept, until he produces some very positive results.
Browning quickly announces to his supervisors at Double Alpha that he has discovered a new
model and that clients and prospective clients alike should be informed of this positive finding as
ongoing proof of Double Alpha’s continuing innovation and ability to add value.

Comment: Although Browning tested Jorrely’s model on his own and even slightly modified
it, he must still acknowledge the original source of the idea. Browning can
certainly take credit for the final, practical results; he can also support his
conclusions with his own test. The credit for the innovative thinking, however,
must be awarded to Jorrely.

6.  Avoiding a Misrepresentation

Trina Smith is a fixed-income portfolio manager at a pension fund. She has observed that the
market for highly structured mortgages is the focus of salespeople she meets and that these
products represent a significant number of trading opportunities. In discussions about this
topic with her team, Smith learns that calculating yields on changing cash flows within the deal
structure requires very specialized vendor software. After more research, they find out that
each deal is unique and that deals can have more than a dozen layers and changing cash flow
priorities. Smith comes to the conclusion that, because of the complexity of these securities,
the team cannot effectively distinguish between potentially good and bad investment options.
To avoid misrepresenting their understanding, the team decides that the highly structured
mortgage segment of the securitized market should not become part of the core of the fund’s
portfolio ; they will allow some of the less complex securities to be part of the core.

Comment : Smith is in compliance with Standard 1(C) by not investing in securities that she
and her team cannot effectively understand. Because she is not able to describe
the risk and return profile of the securities to the pension fund beneficiaries and
trustees, she appropriately limits the fund’s exposure to this sector.
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Standard 2 : Integrity of Capital Markets

A.

=
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&t 0|3 7™ E (Material Nonpublic Information)

A. Material Nonpublic Information

Members and Candidates who possess material nonpublic information that could

affect the value of an investment must not act or cause others to act on the information.
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What [s “Material” Information?

What Constitutes “Nonpublic” Information?
Mosaic Theory

Social Media

Using Industry Experts

Investment Research Reports
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4. Materiality Determination

Larry Nadler, a trader for a mutual fund, gets a text message from another firm’s trader, whom
he has known for years. The message indicates a software company is going to report strong
earnings when the firm publicly announces in two days. Nadler has a buy order from a
portfolio manager within his firm to purchase several hundred thousand shares of the stock.
Nadler is aggressive in placing the portfolio manager’s order and completes the purchases by
the following moming, a day ahead of the firm’s planned earnings announcement.

Comment: There are often rumors and whisper numbers before a release of any kind. The text
message from the other trader would most likely be considered market noise.
Unless Nadler knew that the trader had an ongoing business relationship with the
public firm, he had no reason to suspect he was receiving material nonpublic

information that would prevent him from completing the trading request of the
portfolio manager.
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x+ (Market Manipulation)

B. Market Manipulation

Members and Candidates must not engage in practices that distort prices or artificially

inflate trading volume with the intent to mislead market participants.
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» Information-Based Manipulation
» Transaction-Based Manipulation

3.

Personal Trading and Volume

Rajesh Sekar manages two funds—an equity fund and a balanced fund—whose equity
components are supposed to be managed following the same model. According to that model,
the funds’ holdings in stock of Digital Design Inc. (DD) are excessive. Reduction of the DD
holdings would not be easy because the stock has low liquidity in the stock market. Sekar
decides to start trading larger portions of DD stock back and forth between his two funds to
slowly increase the price, believing that market participants would see growing volume and

increasing price and become interested in the stock. If other investors are willing to buy the DD
stock because of such interest, then Sekar would be able to get rid of at least some part of his
overweight position without inducing price decreases. In this way, the whole transaction will
be for the benefit of fund participants, even if additional brokers’ commissions are incurred.

Comment: Sekar’s plan would be beneficial for his funds’ participants but is based on

artificial distortion of both trading volume and price of DD stock and thus
constitutes a violation of Standard II(B).
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5. Manipulating Model Inputs

Bill Mandeville supervises a structured financing team for Superior Investment Bank. His
responsibilities include packaging new structured investment products and managing
Superior’s relationship with relevant rating agencies. To achieve the best rating possible,
Mandeville uses mostly positive scenarios as model inputs-scenarios that reflect minimal
downside risk in the assets underlying the structured products. The resulting output statistics
in the rating request and underwriting prospectus support the idea that the new structured
products have minimal potential downside risk. Additionally, Mandeville’s compensation
from Superior is partially based on both the level of the rating assigned and the successful sale
of new structured investment products but does not have a link to the long-term performance of
the instruments. Mandeville is extremely successful and leads Superior as the top originator of
structured investment products for the next two years. In the third year, the economy
experiences difficulties and the values of the assets underlying structured products
significantly decline. The subsequent defaults lead to major turmoil in the capital markets, the
demise of Superior Investment Bank, and Mandeville’s loss of employment.

Comment : Mandeville manipulates the inputs of a model to minimize associated risk to
achieve higher ratings. His understanding of structured products allows him to
skillfully decide which inputs to include in support of the desired rating and price.
This information manipulation for short-term gain, which is in violation of
Standard II(B), ultimately causes significant damage to many parties and the
capital markets as a whole. Mandeville should have realized that promoting a
rating and price with inaccurate information could cause not only a loss of price
confidence in the particular structured product but also a loss of investor trust in
the system. Such loss of confidence affects the ability of the capital markets to
operate efficiently.
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Standard 3 : Duties to Clients

A. TZ40|| i3 &M 9|2 (Loyalty, Prudence, and Care)

A. Loyalty, Prudence, and Care
Members and Candidates have a duty of loyalty to their clients and must act with

reasonable care and exercise prudent judgment. Members and candidates must act for
the benefit of their clients and place their clients’ interests before their employer’s or

their own interests.
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Understanding the Application of Loyalty, Prudence, and Care
Identifying the Actual Investment Client

Developing the Client’s Portfolio

Soft Commission Policies

Proxy Voting Policies
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3. Managing Family Accounts

Adam Dill recently joined New Investments Asset Managers. To assist Dill in building a
book of clients, both his father and brother opened new fee-paying accounts. Dill followed all
the firm’s procedures in noting his relationships with these clients and the developing their
investment policy statements.

After several years, the number of Dill’s clients has grown, but he still manages the original
accounts of his family members. An IPO is coming to market that is a suitable investment for
many of his clients, including his brother. Dill does not receive the amount of stock he
requested, so to avoid any appearance of a conflict of interest, he does not allocate any shares
to his brother’s account.

Comment : Dill has violated Standard III(A) because he is not acting for the benefit of his
brother’s account as well as his other accounts. The brother’s account is a regular
fee-paying account comparable to the accounts of his other clients. By not
allocating the shares proportionately across all accounts for which he thought the
IPO was suitable, Dill is disadvantaging specific clients.

Dill would have been correct in not allocating shares to his brother’s account if
that account was being managed outside the normal fee structure of the firm.
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B. xt#dZ x| (Fair Dealing)

B. Fair Dealing
Members and Candidates must deal fairly and objectively with all clients when
providing investment analysis, making investment recommendations, taking investment

action, or engaging in other professional activities.
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» Investment Recommendations
» Investment Action

2.  Fair Dealing and Transaction Allocation

Eleanor Preston, the chief investment officer of Porter Williams Investments (PWI), a
medium-sized money management firm, has been trying to retain a difficult client, Colby
Company. Management at the disgruntled client, which accounts for almost half of PWI’s
revenues, recently told Preston that if the performance of its account did not improve, it would
find a new money manager. Shortly after this threat, Preston purchases mortgage-backed
securitiecs (MBS) for several accounts, including Colby’s. Preston is busy with a number of
transactions that day, so she fails to allocate the trades immediately or write up the trade tickets.
A few days later, when Preston is allocating trades, she notes that some of the MBS have
significantly increased in price and some have dropped. Preston decides to allocate the profitable
trades to Colby and spread the losing trades among several other PWI accounts.

Comment: Preston violated Standard III(B) by failing to deal fairly with her clients in taking
these investment actions. Preston should have allocated the trades prior to
executing the orders, or she should have had a systematic approach to allocating
the trades, such as pro rata, as soon after they were executed as practicable.
Among other things, Preston must disclose to the client that the advisor may act
as broker for, receive commissions from, and have a potential conflict of interest
regarding both parties in agency cross transactions. After the disclosure, she
should obtain from the client consent authorizing such transactions in advance.
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. EXt9| &t (Suitability)

C. Suitability
1. When members and candidates are in an advisory relationship with a client, they
must :

a. Make a reasonable inquiry into a client or prospective client’s investment experience,
risk and return objectives, and financial constraints prior to making any investment
recommendation or taking investment action and must reassess and update this
information regularly.

b. Determine that an investment is suitable to the client’s financial situation and
consistent with the client’s written objectives, mandates, and constraints prior to
making an investment recommendation or taking investment action.

c.  Judge the suitability of investments in the context of the client’s total portfolio.

2. When members and candidates are responsible for managing a portfolio to a
specific mandate, strategy, or style, they must only make investment
recommendations or take investment actions that are consistent with the stated

objectives and constraints of the portfolio.
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Developing an Investment Policy
Understanding the Client’s Risk Profile
Updating an Investment Policy

The Need for Diversification

Addressing Unsolicited Trading Requests
Managing to an Index or Mandate
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4. Investment Suitability-Risk Profile

Samantha Snead, a portfolio manager for Thomas Investment Counsel, Inc., specializes in
managing public retirement funds and defined-benefit pension plan accounts, all of which have
long-term investment objectives. A year ago, Snead’s employer, in an attempt to motivate
and retain key investment professionals, introduced a bonus compensation system that rewards
portfolio managers on the basis of quarterly performance relative to their peers and to certain
benchmark indices. In an attempt to improve the short-term performance of her accounts,
Snead changes her investment strategy and purchases several high-beta stocks for client
portfolios. These purchases are seemingly contrary to the clients’ investment policy statements.
Following their purchase, an officer of Griffin Corporation, one of Snead’s pension fund
clients, asks why Griffin Corporation’s portfolio seems to be dominated by high-beta stocks of
companies that often appear among the most actively traded issues. No change in objective or
strategy has been recommended by Snead during the year.

Comment : Snead violated Standard ITI(C) by investing the clients’ assets in high-beta stocks.
These high-risk investments are contrary to the long-term risk profile established
in the clients’ IPS. Snead has changed the investment strategy of the clients in an
attempt to reap short-term rewards offered by her firm’s new compensation
arrangement, not in response to changes in clients’ investment policy statements.

See also standard VI(A)-Disclosure of Conflicts.
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