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1.1

1 In [1]: %paste

2| for i in range(1,11):
3 if %2 == 1:

4 print(i)

6| ## — End pasted text —
711

3
5
10| 7
9

11
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In [1]:
Out[1]:

In [2]:
Out[2]:

In [3]:
Out[3]:

In [4]:
Out[4]:

In [5]:
Out[5]:

type((1,3,5,7))
tuple

type( pi )
str

type(5>6)

bool

type ({ High :7.45, Low :7.30})
dict

type ([ Hello world’
list

3,4,(d /B ), Truel)

In [1]:
Out[1]:

In [2]:
Out[2]:

In [3]:
Out[3]:

In [4]:
Out[4]:

(3+4j)*(4+3j)
25j

3/4
0.75

True *3

0.003-0.0022222
0.0007777999999999999

[17:
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3[In [2]: b=a

si{In [3]: b
6|Out[3]: [1, 2, 3]

s/ In [4]: id(a)==id (b)
9| Out[4]: True

10
11 In [5]: b[0]=3
12
13/ In [6]: a

14| Out[6]: [3, 2, 3]
15
16/ In [7]: id(a)==id (b)
17| Out[7]: True

t{In [1]: a=tuple(range(1,11))

1{In [2]: b=tuple((i+1 for i in range(20) if (i+1)%2==1))

ifIn [3]: c=[5*i for i in range(11)]

1 In [4]: %paste
2/ d=[];

3| for i in range(1,6):

4 j=0

5 while (j <3):

6 d.append(i)
7 j+=1

s d

9

10| # — End pasted text ——
11| Out[4]: [1, 1,1, 2, 2, 2, 3, 3, 3, 4, 4, 4, 5, 5, 5]

(d)-
1 In [5]: e=set({ NASDAQ , Dowjones , DAX , FTSE })

-

t{In [1]: tuple( abc )
2|Out[1]: (d ,'B ,"  ¢)
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In [2]:
Out[2]:

In [3]:
Out[3]:

list( abc )
[d.,'B," ¢]

set( abd )
{d,'"bB," ¢}

In [1]:
In [2]:
Out[2]:

characters={ A tord( A ), B :ord( B ), \l :ord( \ri )}
characters
{A: 65" "\d: 10,'B : 98}
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In [1]:
Out[1]:

In [2]:
Out[2]:

In [3]:
Out[3]:

In [4]:
Out[4]:

In [5]:
Out[5]:

In [6]:
Out[6]:

3+4

3.4*4

13.6

3//4

id([ 4 ,3,True ;| scd ][1])== id(3)

True

3==4 in [1, 345 ,3+4j,4 in [1 2

False

(3==4*45%2 is 0) in [3,4, Tom , ¢
False

311

in’

comic ' ]

. is HEHIR MR R T IR A RS —FE, == HIIRERA S —F.

In [1]:
In [2]:

a=[1,2,3]
c=2

In [3]: sum([i>c for i in a])==len(a)

Out[3]:

False

In [1]:

import random

#R AN, RBERTRAINRR
In [2]: a=[random.normalvariate(0,1) for i in range(20)]

In [3]:

In [4]:

a.sort ()

a[0]
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Out[4]:

In [5]:
Out[5]:

In [6]:
Out[6]:

—1.5288923718112197

a[—1]
2.2531121988580143

sum(a)
5.7283863023842905
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#75E Python EHiEA]

In [1]: %paste
def is odd(i):
if type(i) == int:
return(i if i%2==1 else 0)
else:
print( ERROR: Please input an integer. )
is_odd(7)

## — End pasted text —
Out[1]: 7

In [2]: %paste
import random
a=[random.normalvariate(0,1) for i in range(5)]
for j in a:
if j>=0:
print( Bid )
else:

print( Small )

## — End pasted text —
Small

Small

Big

Small

Big

In [3]: %paste
I =[]
for i in range(5):
row = [0 for j in range(5)]

row[i] =1

10
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| .append (row)

()

o/ ## — End pasted text —

10 Out[5]:

11| [[1, 0, 0, 0, 0],
12 [0, 1, 0, O, O],
13 [0, O, 1, O, O],
14| [0, O, O, 1, 0],
15| [0, O, O, O, 1]]

11

ifIn [4]: for i in (-1,0,1,2,39):
2 print(i in range(1,5))

5| False
6| False
7| True
8| True

o| False

1 In [5]: %paste

2| Hilbert = []

3| for i in range(4):

4 Hilbert.append ([])

5 for j in range(4):
6 Hilbert[i].append(1/(i+j+1))
7| Hilbert

o/ ## — End pasted text —

10| Out[6]:

11| [[1.0, 0.5, 0.3333333333333333, 0.25],

12| [0.5, 0.3333333333333333, 0.25, 0.2],

13| [0.3333333333333333, 0.25, 0.2, 0.16666666666666666],
14| [0.25, 0.2, 0.16666666666666666, 0.14285714285714285]]
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In [1]: def permutation(x):
x[0],x[-1]1=x[-1],x[0]
return(x)

..... y=permutation(x)
L.l y is x

Out[1]: True

[ury

In [2]: def sum lists(x,y):

return ([x[i]+y[i] for i in range(len(x))])

. In [3]: def sum2(*lists):
if len(lists)==2:

return(sum lists(lists[0],lists[1]))
else:

return(sum lists(lists [0],sum2(*lists[1:])))

e

N

©

[N

In [4]: %paste
def fibo(n):
if(n<3):
a=1
else:
a=fibo (n—1)+fibo (n-2)
return(a)
def seqfibo(n):
for i in range(1,n+1):
print(fibo(i))
seqfibo (5)

12
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## — End pasted text —
1

1
2
3
5

13

In [5]: %paste
def multi_abs (*numbers) :

return (list (map(abs, numbers)))
multi_abs(-5,55,-6,0,-7)

## — End pasted text —
Out[7]: [5, 55, 6, 0, 7]

In [6]: %paste
def count _positive(returns):

return (sum(map(lambda x: x>0,returns)))
ret=[-0.4,0.5,-0.34,0.45,0.50]

count_positive(ret)

## — End pasted text —
Out[9]: 3
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In [1]: class account:
def init__(self, name, balance):
self .name=name
self.balance=balance
def deposit(self,amount):
self.balance += amount
def withdraw (self ,amount) :
if amount>self.balance:
print( 2% AL, £H KW )
else:
self.balance —= amount
(@)
1ilIn [2]: sam = account( Sami ,1000)
t{In [3]: sam.deposit(500)
2 In [4]: sam.withdraw(1200)
()
i/ In [5]: sam.balance
2| Out[5]: 300
1i{In [6]: class account:

def init__(self, name, balance):
self .name=name

self. balance=balance

def deposit(self,amount):

self. balance += amount

14
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10

11

12

13

14

15

16

17

18

19

20

21

def withdraw(self ,amount) :
if amount>self.balance:
print( REA L, X H KW )
else:

self. balance —= amount

def get balance(self):
return(self. balance)

def set balance(self,amount):

self. balance = amount

15

In

[7]:

class account:
def init_(self, name, balance):
self .name=name

self. balance=balance

def deposit(self,amount):

self. balance += amount

def withdraw(self ,amount) :
if amount>self. balance:
print( RHGA L, ZH KW )
else:

self. balance —= amount

def get balance(self):

return(self. balance)

def set balance(self,amount):

self. balance = amount

def transfer(self,amount, target):
if amount>self. balance:
print( REHALE, T HKMW )
else:
target.deposit (amount)

self.withdraw (amount)
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27

28

29

30

31
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34

16

[8]: sam = account( Sami ,1000)

[9]: john = account( Johr ,3000)

[10]: john.transfer(1000,sam)

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

[11]: class check(account):

def

def

__init__(self,name, balance, credit):
self .name=name

self. balance=balance

self.credit = credit

self.overdraft = 0

deposit(self ,amount) :

if self.overdraft > 0 and self.overdraft—amount < O:
self. balance = amount — self.overdraft
self.overdraft = 0

elif self.overdraft > 0O:
self.overdraft —= amount

else:

self. balance += amount

def withdraw (self ,amount) :

if self. balance==0 and amount + self.overdraft > self.credit:
print( Bl EHEE, TH KW )
return (1)
elif self. balance==0:
self. overdraft += amount
return(0)

elif 0 < self._balance < amount and amount — self. balance <=

self.credit:

self.overdraft = amount — self. balance
self. balance=0
return(0)

elif 0 < self. balance < amount:

print( BHHEEHEE, THEK )
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30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

In [12]: sam
In [13]: sam.
Out[13]: O
In [14]: sam.
i S R R,
Out[14]: 1

return(1)
else:
self. balance —= amount

return(0)
def transfer(self,amount, target):
result = self.withdraw (amount)

if result == 0:

target.deposit (amount)

= check( Sami ,1000,1000)

withdraw (700)

withdraw (1500)
Lo R

17
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BNE Python fREESHIERE

In [1]: import datetime as dt
In [2]: now = dt.datetime.now()
In [3]: now.strftime ( %Y-%m9%d )
Out[3]: ' 2017-01-17
In [4]: def create name():
name = input( % AN H /7 &\d )
if ord(name[0])<65 or ord(name[0]) >122:
print( A 4 w21 L5 & IF K )
return(create_name())
else:
return (name)
In [5]: def verify passwd (passwd):
head = 65 <= ord(passwd[0]) <= 122
contain_number = any([str(x) in passwd for x in range(9)])
contain_symbol = any([str(x) in passwd for x in ( ' [ * [ #)])
return (head and (contain_number or contain_symbol))
In [6]: def create passwd():

passwd = input( i A Z5\d )
is legal = verify passwd (passwd)
if is_legal:
return (passwd)
else:

return (create_passwd())

18
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27
28

20| In [7]: def create_account():

30 Lo create name ()

31 el create_passwd ()

32 print( H /@& ik )
33

34

35/ In [8]: create_account()
36| i N H 44

37| python

38| f N\ % 1Y

39| ffw342—rw

ao| H 7 41 2 B T

19

3.

iIn [10]: evens = [i+1 for i in range(100) if (i+1)%2==0]

o| #output & %

4. (a)r
ifIn [1]: dates = [dt.datetime(2015,1,13)+dt.timedelta(i) for i in range(5)]
2

3l In [2]: closes [7.31,7.28,7.40,7.43,7.41]

5 In [3]: prices {dates[i]:closes[i] for i in range(5)}

1 In [4]: prices[dt.datetime(2015,1,20)] = 7.44

3 In [5]: dates.append(dt.datetime(2015,1,20))

(o)
1{In [16]: prices[dt.datetime(2015,1,21)-dt.timedelta(4)]

Out[6]: 7.41

=

N

-

In [7]: prices[dt.datetime(2015,1,16)] = 7.50

e

@)
1 In [8]: %paste

2| import math
3| cash = 10000
share = {dates[0]:0}

5| for i in range(1,6):

S

if prices[dates[i]]>prices[dates[i—1]]:

()

7 buyshare = math. floor (0.5*cash/prices[dates[i]])
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8 share[dates[i]]= buyshare

9 cash=cash—buyshare*prices[dates[i]]+share[dates[i —1]]*prices[dates[i]]
10 else:

11 share[dates[i]]= O

12| share

13

14| ## — End pasted text —

15| Out[8]:

16| {datetime.datetime (2015, 1, 13, 0, 0): O,
17| datetime.datetime(2015, 1, 14, 0, 0): O,
18| datetime.datetime(2015, 1, 15, 0, 0): 675,
19| datetime.datetime(2015, 1, 16, 0, 0): 333,
20| datetime.datetime(2015, 1, 17, 0, 0): O,
21| datetime.datetime(2015, 1, 20, 0, 0): 508}
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B+E EHE=7FE: Numpy ESZ 454

In [1]: import numpy as np

In [2]: hilbert =1 / (np.arange(4)+np.arange(1,5) [:,np.newaxis])

In [1]: %paste

import datetime as dt

import numpy as np

import datetime as dt

import math

dates = [dt.datetime(2015,1,13)+dt.timedelta(i) for i in range(5)]
closes = [7.31,7.28,7.40,7.43,7.41]

prices = {dates[i]:closes[i] for i in range(5)}
prices[dt.datetime(2015,1,20)] = 7.44
dates.append(dt.datetime(2015,1,20))

cash = 10000
share = {dates[0]:0}
for i in range(1,6):

if prices[dates[i]]>prices[dates[i—1]]:
buyshare = math. floor(0.5*cash/prices[dates[i]])
share[dates[i]]= buyshare
cash=cash—buyshare*prices[dates[i]]+share[dates[i —1]]*prices[dates[i]]
else:
share[dates[i]]= O
buyDates=[np.datetime64(date) for date in share.keys() if share[date]>0]
buyDates

## — End pasted text —

Out[1]:

[numpy. datetime64 ( 2015-01-15T00:00:00.000000 ),
numpy. datetime64( 2015-01-20T00:00:00.000000 ),
numpy . datetime64( 2015-01-16T00:00:00.000000 )]

In [2]: %paste

21
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FRAHE=7 % NUMPY &5 % %40

[prices[dt.datetime.

strptime (np.datetime_as_string(date) [:10],
"%Y-%m%d' )] for date in buyDates]

## — End pasted text —

Out[2]:

[7.4, 7.44, 7.43]

22

In [1]:

cosin = np.cos(np.linspace(0,2*np.pi,1001))

In [3]:
Out[3]:

In [4]:
Out[4]:

In [5]:
Out[5]:

: sample = np.array([0.5,1.43,-1.36,-0.16,0.29,-0.59,

1.16,-0.33,0.07,-1.36])

: np.mean(sample)
: —0.035000000000000031

np.var (sample)
0.78990499999999986

np.std (sample)
0.88876599844953552

np.median(sample)
—0.044999999999999998
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F+—5F EHE=FE: Pandas SHELIE

In [2]:

In [3]:

: import numpy as np

odds

odds

np.array (odds)

[i+1 for i in range(20) if (i+1)%2==1]

In [4]:

In [5]:

three

three np.array (three)

tuple([i+1 for i in range(40) if (i+1)%3==0])

In [6]:

In [7]:
[ 3 9]

In [8]:

same_number = odds[np.in1d(odds, three)]

print (same_number[: round (len (same_number) /2)])

for i in range(round(len(same number)/2)):

print(same number[i])

In [9]:
Out[9]:

np.random.uniform(0,10,10)

array ([ 9.84971956, 5.63717566,

2.67350085, 3.43081329,
7.8112453 , 0.92119308, 7.00992592, 6.31048269,

6.949389

4.73561598,
D

In [10]:

In [11]:
Out[11]:

In [12]:

even = np.arange(2,22,2)

even[—5:]
array([12, 14, 16, 18, 20])

even[len (even) —5:]

23
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~

Out[12]: array([12, 14, 16, 18, 20])

e

In [1]: %paste

2| import pandas as pd

3| data = pd.DataFrame({ id :[d ;B , ¢, d,/ €&/ f ], namé :
4 [ Alice ;| Bob | Charli¢ ;| David , Esther | Fanny ],/ agé :
5 [34,36,30,29,32,36]})

71 data.T.ix[2]

o/ ## — End pasted text —

10| Out[1]:

11| 0 Alice
12 1 Bob
13| 2 Charlie
14| 3 David
15| 4 Esther
16| 5 Fanny

17|Name: name, dtype: object

1 In [2]: %paste

2|new = pd.DataFrame({ id :[' d ], namé :[ Johd ], agé :[19]})
3| data = data.append (new)

4| data.index = data.age

5| data

7| ## — End pasted text —

8| Out[2]:

9 age id name
10| age

11| 34 34 a Alice
12| 36 36 b Bob
13/ 30 30 ¢ Charlie
14| 29 29 d David
15/ 32 32 e Esther
16/ 36 36 f Fanny
17119 19 g John

18
19| In [3]: %paste
20 data = data.drop(30)
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23

24

25

26

27

28

29

30

31

32

data

## — End pasted text —
Out[3]:
age id name

age
34 34 a Alice
36 36 b Bob
29 29 d David
32 32 e Esther
36 36 f Fanny

9

19 19 John

25
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In [1]: %paste

3| import pandas as pd
a| import numpy as np

5| import matplotlib.pyplot as plt

7|Money = pd.read csv( Data/Part1/012/Money.csvV ,
8 index_col= daté )

9

10| axis1 = plt.subplot()

11| axis1. plot(Money.index ,Money.m, - )

12| plt. title ( Money Supply of Canadd )
13| plt.xlabel ( Year )

14| axis2 = axis1.twinx()

15| axis2 . plot(Money.y, - )

16
17| ## — End pasted text —

18] Out[1]: [<matplotlib.lines.Line2D at 0x7f223a2e9b70>]
19

20/ In [2]: plt.show()

26
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Money Supply of Canada
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In [1]: %paste

Journals = pd.read csv( Data/Part1/012/Journals.csV )

plt.
plt.
plt.
plt.
plt

scatter(Journals.citestot ,Journals.libprice)

title( Price vs Citations )
xlabel ( Citations )
ylabel ( Pric€ )

.show ()
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In [1]: %paste
mtcars = pd.read _csv( Data/Part1/012/mtcars.csvV )
types=np.array ([0.2,0.6])
number = mtcars.groupby ([ gear ;| vs ])[ vs ].agg(len)
plt.bar(types,number.ix[3],width=0.3,label= gear=3 )
plt.bar(types,number.ix[4],width=0.3,
bottom=number.ix [3],color= r ,
labelZ gear=4 )
plt.bar(types,number.ix[5],width=0.3,
bottom=number. ix[3]+number.ix [4],
color2 y ,label2 gear=5 )
plt.xlim([0,1])
plt.ylim([0,25])
plt.legend ()
plt.xticks (types+0.3/2,[0,1])
plt.show ()
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Il gear=3
B gear=4
[ gear=5
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29

4.

tIn [1]: %paste

2| Arthritis = pd.read csv( Data/Part1/012/Arthritis.csv )
3l plt. hist(Arthritis.Age)

4 plt.xlabel ( Agé )

5/ plt.title ( Histogram of Agé )

[}

plt.show ()
7| ## — End pasted text —

Histogram of Age

Age

12.4: @ 4

5

1 In [1]: %paste

2lnorm1 = np.random.normal(0,1,100)
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norm2 = np.random.normal(0,2,100)

norm3 = np.random.normal(0,3,100)

norm4 = np.random.normal(0,4,100)

plt.boxplot ([norm1,norm2,norm3, norm4])

plt.xlabel( Standard Deviation )

plt.title ( Normal Distributions with Different Standard Deviation )
plt.show ()

## — End pasted text —

30

Normal Distributions with Different Standard Deviation

0
il

Standard Deviation

12.5: @ 5

In [1]: %paste

norm1 = np.random.normal(0,1,100)
norm2 = np.random.normal(0,2,100)
norm3 = np.random.normal(0,3,100)

norm4 = np.random.normal(0,4,100)

figure ,axes = plt.subplots(2,2)
axes[0,0].scatter(range(100) ,norm1)
axes[0,1].scatter(range(100) ,norm2)
axes[1,0].scatter(range(100) ,norm3)
axes[1,1].scatter(range(100) ,norm4)
plt.show ()

## — End pasted text —
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In [1]: %paste
tan_value = np.tan(np.linspace(0,2*np.pi,10001)) [np.newaxis,:]
tan_value=np.concatenate ((np.linspace(0,2*np.pi,10001) [np.newaxis,:],
tan_value) ,0)
tan_value=np.where(tan_value >200,200,
np.where(tan_value <-200,—-200,tan_value))
plt.plot(tan_value[0],tan value[1], J )
plt.show ()
## — End pasted text —
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In [1]: import pandas as pd
In [2]: history = pd.read csv( Data/Part2/001/history.csv ,
index _col ="' Daté )
In [3]: history.index = pd.to_datetime (history.index, format= %Y-%m%d )
In [4]: history.head()
Out[4]:
Convertible.Arbitrage CTA.Global Distressed.Securities \
Date
1997-01-31 0.0119 0.0393 0.0178
1997-02-28 0.0123 0.0298 0.0122
1997-03-31 0.0078 —0.0021 —-0.0012
1997-04-30 0.0086 —0.0170 0.0030
1997-05-31 0.0156 —0.0015 0.0233
Emerging . Markets Equity.Market. Neutral Event.Driven \
Date
1997-01-31 0.0791 0.0189 0.0213
1997-02-28 0.0525 0.0101 0.0084
1997-03-31 -0.0120 0.0016 —-0.0023
1997-04-30 0.0119 0.0119 —0.0005
1997-05-31 0.0315 0.0189 0.0346
Fixed.Income. Arbitrage Global.Macro Long.Short.Equity \
Date
1997-01-31 0.0191 0.0573 0.0281
1997-02-28 0.0122 0.0175 —0.0006
1997-03-31 0.0109 —-0.0119 —0.0084
1997-04-30 0.0130 0.0172 0.0084
1997-05-31 0.0118 0.0108 0.0394
Merger. Arbitrage Relative.Value Short.Selling
Date

33
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33| 1997-01-31 0.0150 0.0180 -0.0166
34/ 1997-02-28 0.0034 0.0118 0.0426
35/ 1997—-03-31 0.0060 0.0010 0.0778
36| 1997-04—-30 —0.0001 0.0122 -0.0129
371 1997—-05-31 0.0197 0.0173 —-0.0737
1/ In [5]: history[ Emerging.Markets ].mean()
2| Out[5]: 0.0082460526315789474

()
t{In [6]: history[ Emerging.Markets ].median()
2/ Out[6]: 0.013649999999999999
t{In [7]: history[ Emerging.Markets ].mode()
2| Out[7]:
310 0.016

IS

dtype: float64

(d)-

e

In [8]: history[ Emerging.Markets 1].
Out[8]:

31 0.1 —0.03844

4/ 0.9 0.04798

N

quantile ([0.1,0.9])

5| Name: Emerging.Markets, dtype: float64

(@)r

e

Out[9]: 0.1328

N

In [9]: history[ Event.Driven ].max() — history[ Event.Driven ].min()

-

-

Out[10]: 0.012804657202216066

-

N

In [10]: history[ Event.Drivernd ].mad()

(o)~

e

N

Out[11]: 0.00033673989369118157

IS

()]

Out[12]: 0.018350473936418688

In [11]: history[ Event.Driverd ].var()

In [12]: history[ Event.Driven ].std()

1{In [13]: history[[ Relative.Value€ | Fixed.Income.Arbitrage ]].plot()
2| Out[13]: <matplotlib.axes. subplots.AxesSubplot at 0x7f3eef48a908>
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In [14]:
Out[14]:

In [15]:
Out[15]:

In [16]:
Out[16]:

In [17]:
Out[17]:

history[ Relative.Valué ].mean()
0.0067013157894736854

history[ Fixed.Income.Arbitrage ].mean()
0.0042309210526315791

history[ Relative.Valué ].std()
0.0131946807807631

history[ Fixed.Income.Arbitragée ].std()
0.014171294713188018

IR, WE NP SR EE AR RO, I, FATE R IR

0.04

0.02

iy MW e

-0.02

=Y
3

-0.04

=0.06

-0.08

— Relative.Value
— Fixed.Income.Arbitrage

~0.10. N I I I I I
1997 1999 2001 2003 2005 2007 2009

Date

Kl 13.1: & 3

In [18]: history.describe ()
Out[18]:
Convertible.Arbitrage CTA.Global Distressed.Securities \

count 152.000000 152.000000 152.000000
mean 0.006409 0.006489 0.007953
std 0.020047 0.025131 0.018348
min —0.123700  —0.054300 —0.083600
25% 0.000925 -0.011500 —0.000175
50% 0.009200 0.005250 0.009700
75% 0.014600 0.022675 0.018225
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11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

B

count
mean
std
min
25%
50%
75%

count
mean
std
min
25%
50%
75%

count
mean
std
min
25%
50%
75%

\

Rt
0.061100 0.069100 0.050400
Emerging.Markets Equity.Market. Neutral Event.Driven
152.000000 152.000000 152.000000
0.008246 0.006003 0.007622
0.038571 0.009006 0.018350
—0.192200 —0.058700 —0.088600
—0.011400 0.002400 —0.000025
0.013650 0.006300 0.010150
0.028875 0.010125 0.018650
0.123000 0.025300 0.044200
Fixed.Income. Arbitrage Global.Macro Long.Short.Equity \
152.000000 152.000000 152.000000
0.004231 0.007672 0.007760
0.014171 0.017020 0.022174
—0.086700 —0.031300 —0.067500
0.002275 —0.003600 —0.003700
0.006000 0.006200 0.010150
0.009950 0.016450 0.021450
0.036500 0.073800 0.074500
Merger. Arbitrage Relative.Value Short.Selling
152.000000 152.000000 152.000000
0.006785 0.006701 0.004161
0.011168 0.013195 0.055099
—0.054400 —0.069200 —0.134000
0.001775 0.001850 —0.025450
0.007700 0.008450 —0.000200
0.013725 0.014500 0.035925
0.027200 0.039200 0.246300

36




1

i{In [1]: import pandas as pd

2

3lIn [2]:

Bwages = pd.read csv( Data/Part2/002/Bwages.csV )

(@)

=

11Iln [3]:
2| Out[3]:

Bwages.wage. hist (normed=True)
<matplotlib.axes. subplots.AxesSubplot at 0x7f8c7c879fd0>

p
In

[y

N

[4]:
Out[4]:

Bwages.wage. hist (normed=True, cumulative=True)
<matplotlib.axes. subplots.AxesSubplot at 0x7f8c7c7f75f8>

(o)

1l In

3/ In

9 In
10

11| In

1

N

[5]:

[6]:

[7]:

[8]:

[9]:

from scipy import stats

import matplotlib.pyplot as plt

import numpy as np

kde = stats.gaussian_kde (Bwages.wage)

bins=np.linspace (0, 50, num=200)

[10]: plt.plot(bins, kde(bins).cumsum())

Out[10]: [<matplotlib.lines.Line2D at 0x7f8c7c01fe80 >]
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i{In [11]: history = pd.read csv( Data/Part2/001/history.csv ,index col =" Daté )

@
1 In [12]:revenue=len (history[ Emerging.Markets ][ history[ Emerging.Markets

1>0])

e

In [13]: loss=len(history[ Emerging.Markets ][ history[ Emerging.Markets ]<0])

(o)

e

In [14]: p=revenue/(revenue+loss)

e

In [15]: 1-stats.binom.cdf(6,12,p)
Out[15]: 0.86700957009568247

N

e

In [16]: from math import sqrt

w

In [17]: norm_bins=np.linspace(-5, 5, num=200)

5 In [18]: plt.plot(norm bins, stats.norm.pdf(norm_bins,0,1) ,labelZ N(0,1) )

7 .... plt.plot(norm_bins, stats.norm.pdf(norm _bins,0,sqrt(0.5)),

8 label=Z N(0,0.5) )

9

10 .... plt.plot(norm_bins, stats.norm.pdf(norm_bins,0,sqrt(2)),labelZ N(0,2) )
11

12 .... plt.plot(norm_bins, stats.norm.pdf(norm bins,2,1) ,label= N(2,1) )

13

14 .... plt.legend()

15| Out[18]: <matplotlib.legend.Legend at 0x7f8c6c47bb38>
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N(0,0.5)
N(0,2)
05 N(2,1)
063
0.2
01
14.2: @i 3
(a)
P(a)=Cioip" (1-p)" "
(b)
E(z)=1
Var (z) = 1};”
€)
F(x) = —exp <_X)
(b)
E(z)=X
Var (z) = A2
(c)r
1/ In [19]: import numpy as np
2
3 In [20]: sample = np.random.exponential(2,10000)
4
s In [21]: sample.mean()
6l Out[21]: 2.0077693716605811
.
g/ In [22]: sample.var ()
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[y

w

[

[2)

e

9L0ut [22]: 3.9950035039304801
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(a)

(b) RBCIMEFIbRAEZEYI Y 1

In [23]: import matplotlib.pyplot as plt

In [24]: log_bins=np.linspace(0, 10, num=200)

In [25]: plt.plot(log bins, stats.lognorm.pdf(log bins,1,0,1))
Out[25]: [<matplotlib.lines.Line2D at 0x7f8c6c403c50>]
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(@)

1 In [1]: import numpy as np

2

3 In [2]: import math

4

s In [3]: from scipy import stats

6

7 In [4]: mu=np.mean((6.683,6.678,6.767,6.692,6.672,6.678))

8

o| In [5]: std=np.std((6.683,6.678,6.767,6.692,6.672,6.678))
10

11/ In [6]: low = mu — stats.t.ppf(0.95,5) * std / math.sqrt(6)
12

13 In [7]: high = mu + stats.t.ppf(0.95,5) * std / math.sqrt(6)
14

15 In [8]: low

16| Out[8]: 6.6680404901748709

17

18 In [9]: high

19| Out[9]: 6.7219595098251279

(b)~

1

2

3

10

oop BEEAKEN 0.9 BEEIXIEN (6.668,6.722)

In

In

In

In

In

[9]:

[10]

[117]:

[12]:

[13]:
Out[13]:

mu=np.mean((6.661,6.664,6.668,6.666,6.665))

: std=np.std((6.661,6.664,6.668,6.666,6.665))

low = mu — stats.t.ppf(0.95,4) * std / math.sqrt(5)

high = mu + stats.t.ppf(0.95,4) * std / math.sqrt(5)

low
6.6625927405704291

42
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10

11

12

13

11
12(In [14]: high
13| Out[14]: 6.6670072594295702

43

cop BFIEEKEN 0.9 FEGXECN (6.663,6.667)

In [15]: mu=np.mean((5.9,7.3,6.6,5.8,5.7,5.3,5.9,7,6.5))

In [16]: std=np.std((5.9,7.3,6.6,5.8,5.7,5.3,5.9,7,6.5))

In [17]: low = mu — stats.t.ppf(0.975,8) * std / 3

In [18]: high = mu + stats.t.ppf(0.975,8) * std / 3

In [19]: low
Out[19]: 5.7431779225460415

In [20]: high
Out[20]: 6.7012665218984031

oo REARKF4 0.95 BYEASIX A (5.743,6.701),
xRN (u, %)

E(z)=p

2

Var (z) =

#(278) - 22 -0

Var( f) = Varggjnu) = 52% =1

SCPRI A A AN T 285 A PR BE AL AR AT — A B EAT Inosiate B ia 550 75 iR A IE 2

BRI RREAIE: & = mtebeto,
WA 5 = Y (@ — )

S0t BT

;E
o/

’I’L

L~ N (0,1)

In [1]: import pandas as pd

In [2]: import matplotlib.pyplot as plt

In [3]: Bwages = pd.read csv( Bwages.csV )

In [4]: mu = Bwages.wage.mean ()

In [5]: std=Bwages.wage. std ()
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10

11

12
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14
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16
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19

In [6]:
)

In [7]:
))

In [8]:
Out[8]:

In [9]:
Out[9]:

low = mu — stats.t.ppf(0.975,len(Bwages)—-1) * std / math.sqrt(len(Bwages)

high = mu + stats.t.ppf(0.975,len(Bwages)—-1) * std / math.sqrt(len(Bwages

low
10.823074026756808

high
11.278158191999699

~wage MEE/KFR 0.95 FIEEXEDY (10.82307,11.27816)

In [10]:
Out[10]:

In [11]:

In [12]:
Out[12]:

Bwages.wage. hist (normed=True)
<matplotlib.axes. subplots.AxesSubplot at 0x7fa538a0a940>

bins=np.linspace(0,50,200)

plt.plot(bins, stats.norm.pdf(bins,mu,std))
[<matplotlib.lines.Line2D at 0x7fa53808cb38>]
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15.1: /i 6

AER], wage FIMAR BT B S IR 700 1 i 2R BOV R, BT ABRATRO IR B2 5 B

i{In [1]: from scipy import stats
3/ In [2]: MT=(0.225,0.262,0.217,0.24,0.23,0.229,0.235,0.217)
sIn [3]: Sn=(0.209,0.205,0.196,0.21,0.202,0.207,0.224,0.223)
71 In [4]: stats.ttest ind (MT,Sn)

g/ Out[4]: Ttest indResult(statistic=3.6170843653195446,
9 pvalue=0.0028018899619853565)

PN p {59 0.002802, /T 0.05, BT LASRAIN HaE 4 5 Bise. B, PIAZAES TS B/ SO 8 i 3 AN BEALR
(B R L AT R 2B PR 22 57
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i{In [1]: from scipy import stats

3/ In [2]: region1=(168,180,181,172,165,160,166,165,177,174)
s In [3]: region2=(169,170,176,173,166,167,166,173,171,170)
7/ In [4]: stats.ttest ind(region1,region2)

8| Out[4]: Ttest indResult(statistic=0.28303531904272478,
9| pvalue=0.78037906653623068)

oA p (B8 0.7804, KT 0.05, FrCABAIAGEIRLE BB, A, XM IX A 5 i A BAT B2 57

1{In [1]: import pandas as pd

3 In [2]: from scipy import stats

5/ In [3]: Bwages = pd.read csv( Data/Part2/002/Bwages.csV )
7/ In [4]: stats.ttest 1samp (Bwages.wage,11)

8| Out[4]: Ttest 1sampResult(statistic=0.4363476178926709, pvalue
=0.66264857119758025)

oA p {HN 0.6626, KT 0.05, A LLRAIABEHE 4545 1% -

1{In [1]: import pandas as pd

3 In [2]: from scipy import stats

5 In [3]: history = pd.read csv( Data/Part2/001/history.csv ,

6 index _col ="' Daté )

g/ In [4]: stats.ttest ind (history[ Emerging.Markets 1,
9 history[ Global.Macrd 1)

o|Out[4]: Ttest indResult(statistic=0.1677641921908746,
1| pvalue=0.86688108106493611)

PN p {9 0.8669, KT 0.05, T LABRATAREAE L BB I AGLI0 T M 117 37 XM X o 5t < M1 4 TR 22 T XA o s
W R ABRA BEEE R

1{In [5]: stats.ttest rel(history[ Emerging.Markets ],
2 history[ Global.Macrd 1)
3| Out[5]: Ttest relResult(statistic=0.23846933281992622,
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4| pvalue=0.81184041604248691)

47

o p {2 0.8118, KT 0.05, A LABRAIABEHE 4858 1% -
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5
FSS = > 10x (% -

= 10 x (11.4 —10.7)* + 10 x (11.7 — 10.7)°
+ 10 % (9.9—10.7)> 410 x (9.8 — 10.7)* + 10 x (7.9 — 10.7)°
= 10738

5 10
ESS = Z Z (.’L‘ij — fj)g =445.9

j=11i=1

_ FSS/4
F= ESS/45 — 2.72

FATATELE R Fy45,0.05 KA 2.56. BN F Gt ERERT 2.56, BrUAIRAIN 3048 5B B, B, 5 LX)
PHIF B R REEESR .

4
FSS =Y "5x (& — )
=1
=5x (1.138% — 0.5785%)+5x (0.002% — 0.5785%)>
+5 % (0.22% — 0.5785%)% + 5 x (0.954% — 0.5785%)>

= 0.046%

4 5
SS =" "(zi; — ;)" = 0.42%

j=1i=1

_ FSS/3
F = 555 = 0.58

FATATELE R F3 16,0.05 FIMEN 3.24. BN F Gt R AEADNT 3.24, FrUAIRAIAREIR A 5B, R, IR 07 S0t
FAEERIE A B W PR .

48
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(&)

N ‘.

3
FSS=Y"5x(&;—z)°
=1

=5 x (43.6 — 39.87)> + 5 x (30.2 — 39.87)> + 5 x (45.8 — 39.87)°

= T712.93

5
ESS =" (wi; — ;)" = 278.8

j=1i=1

_ FSS/2
F = ook =15.34

FATATELE R Fo 12,0.05 KA 3.89. BN F Gt & AERT 3.89, FrAIRANIN H3n4 )5 B, B, mibp Ty
o B REVENZE SR

In [1]: import pandas as pd

In [2]: managers = pd.read csv( Data/Part2/004/managers.csV ,index _colZ Daté )

In [3]: MANA = managers.iloc[:,(0,2,3)]

(@)r
In [4]: ((MANA.HAMT-MANA.HAM1.mean())**2) .sum()

Out[4]: 0.08604549181818183

e

N

IS

In [5]: ((MANA.HAM3-MANA.HAM3.mean() ) **2) .sum()
Out[5]: 0.1746451887878788

[}

In [6]: ((MANA.HAM4-MANA.HAM4.mean())**2) .sum()
Out[6]: 0.37073304333333335

~

©

-

In [7]: mu = MANA.mean() .mean()

-

In [8]: ((MANA.HAMT.mean()—mu)**2 + (MANA.HAM3.mean()—mu)**2 +(MANA.HAM4. mean
()—mu) **2) * 132
Out[8]: 0.00016766787878787911

-

w

IS

(o)
In [9]: 0.0001676679+0.08604549+0.1746452+0.370733

Out[9]: 0.6315913579

ure

N
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(d) ESS. FSS. TSS B HESHIN 393, 2. 395, =HMFE R N: dfgss + dfrss = dfrsse

_ 0.0002/2 _
(e) F= (0.086+0.175+0.371)/393 0.062

FATATULE R Fy10,0.05 FIEN 3.07. BN F GEit &HEANT 3.07, FrARATARIEA R, B, X=%
Pl s R ARG BEEE SR .

In [10]: from statsmodels.formula.api import ols

In [11]: import statsmodels.stats.anova as anova
In [12]: returns = pd.DataFrame (pd.concat ([MANA.HAM1,MANA.HAM3,MANA.HAMA4] ) )
In [13]: returns[ Class ] = [ HAM1 for i in range(132)]+[ HAM3 for i in range
(132)]+[ HAMA for i in range(132)]
In [14]: returns.columns = [ Returnd ;| Class ]
In [15]: model = ols( Return~C(Class) ,data=returns).fit ()
In [16]: print(anova.anova_Im(model))
df sum_sq  mean sq F PR(>F)
C(Class) 2.0 0.000168 0.000084 0.052178 0.949166
Residual 393.0 0.631424 0.001607 NaN NaN

ATLLEE], anova.anova Im() 211 F BUESRATE CrH 520 45 RIRA .
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i/ In [1]: import matplotlib.pyplot as plt

2

3 In [2]: x = list(range(1952,2016,4))

4

siIn [3]: y = (29.3,28.8,28.5,28.4,29.4,27.6,27.7,27.7,

6 27.8,27.4,27.8,27.1,27.3,27.1,27.0,27.5)
.

g In [4]: plt.plot(x,y)
9| Out[4]: [<matplotlib.lines.Line2D at 0x7f4eec296518>]

Zism 1982

(b) z = =3
j— 2112761@/ =27.9
h— Zii@=Di=9) _ _( 34

E}i1($1_-z)2
a=7y—br =94.647

y KT x MEMHERIAGTFEN y = 94.647 — 0.034z

t{In [5]: import statsmodels.api as sm

3 In [6]: model=sm.OLS(y ,sm.add constant(x)).fit ()

In [7]: print(model.summary())

(%2}

=

51
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OLS Regression Results

52

Dep. Variable: ' R-squared: 0.711
Model : oLS Adj. R—sguared: 0.690
Method: Least Sguares F-statistic: 34.41
Date: Fri, 20 Jan 2017 Prob (F-statistic): 4.11e—-05
Time : 18:20:40 Log-Likelihood: —-7.8861
No. Observations: 16 AIC: 19.77
Df Residuals: 14 BIC: 21.32
Df Model: 1
Covariance Type: nonrobust

coef std err T P>t [25.0% Conf. Int.]
const 94 .6468 11.380 317 0.000 70.239 119.054
=1 —-0.0337 0.008 —5.86%6 0.000 —0.04¢ -0.021
omnibus: 5.698 Durbin-Watson: 2.210
Prob (Omnibus) : 0.058 Jarque—Bera (JB) : 3.021
Skew: 0.985 Prob (JB) : 0.221
Kurtosis: 3.807 Cond. No. 2.13e+05

() t = WEREoD® 5 e64
j"j t14’0.975 =2.145 < |t|; ﬁﬁu?ﬂl‘]ﬂuﬁ?@@ﬁiﬁo
(d) ¥ z =2016 fRAAI1H: y = 26.103. FrLL, 2016 54 H 28Iz < 5+ 10000 K e 4 1 G FiliE >y 26.103.

295

/
x5 // \\
|

VA )
\ /\/
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In [1]: import pandas as pd
In [2]: EU = pd.read csv( Data/Part2/005/EuStockMarkets.csv )
In [3]: plt.plot(EU.DAX,EU.FTSE, . )

plt.xlabel ( DAX )
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10| Out[3]: <matplotlib.text.Text

[RE]

plt.ylabel( FTSE )

at Ox7f4eec208f98>
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C)e
t{In [1]: import statsmodels.api as sm
2/ In [2]: model = sm.OLS(EU.DAX,sm.add constant(EU.FTSE)). fit ()
1 In [3]: print(model.summary())

OLS Regression Results

Dep. Variable: DAX R—squared: 0.951
Model: OLS Adj. R-squared: 0.951
Method: Least Squares F-statistic: 3.604e+04
Date: Tue, 17 Jan 2017 Prob (F—-statistic): 0.00
Time: 15:49:50 Log-Likelihood: —-12834.
No. Observations: 1860 ATIC: 2.567=+04
Df Residuals: 1858 BIC: 2.568e+04
Df Model: 1
Covariance Type: nonrobust

coef std err T P>t [25.0% Conf. Int.]
const —1331.2374 21.092 —-63.115 0.000 —-1372.604 -1289.871
FTSE 1.0831 0.00¢ 129.838 0.000 1.072 1.094
Omnibus : 329.509 Durbin-Watson: 0.012
Prob (Omnibus) : 0.000 Jarque—Bera (JB): el2.319
Skew: 1.084 Prob (JB) : 1.09e-133
RKurtosis: 4.789 Cond. No. 1.40e+04
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[4]: plt.plot(EU.FTSE,EU.DAX, . ,EU.FTSE,model.fittedvalues

plt.xlabel( FTSE )

plt.ylabel ( DAX )

Out[4]: <matplotlib.text.Text at Ox7f4ed2e6edel>
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In [1]:

Out[1]:
In [2]:
In [3]:

In [4]:

plt.plot(model.fittedvalues ,model.resid, . )

plt.xlabel( Fitted )

plt.ylabel( Residual )
<matplotlib.text.Text at Ox7f4ed2e58748>

import scipy.stats as stats

sm.qqgplot(model.resid pearson, stats.norm, line=Z 45 )

plt.plot(model.fittedvalues ,model.resid pearson**0.5

plt.xlabel( Fitted )

plt.ylabel( Square Root of Standardized Residual )

I
1
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(@)r

i/ In [1]: import matplotlib.pyplot as plt

2 .... import statsmodels.api as sm

3 .... import numpy as np

4

5

6 In [2]: x = [20,25,30,35,40,50,60,65,70,75,80,90]

.

gfIn [3]: y=11.81,1.7,1.65,1.55,1.48,1.4,1.3,1.26,1.24,1.21,1.2,1.18]
9

1ol In [4]: plt.plot(x,y, . )

11| Out[4]: [<matplotlib.lines.Line2D at 0x7f4ed2cddb70>]

~
Lo _ Cxk . .

i{In [5]: independent = np.array([x,[i**2 for i in x]]).T

2

3/ In [6]: model = sm.OLS(y,sm.add constant(independent)). fit ()

4

s In [7]: print(model.summary())

-

OLS Regression Results
Dep. Variable: Vi R—squared: 0.997
Model: oLS Adj. R-sgquared: 0.997
Method: Least Squares F-statistic: 1767 .
Date: Tue, 17 Jan 2017 Prock (F-statistic): 2.10e—-12
Time: 20:01:19 Log-Likelihood: 37.58¢
No. Observations: 1z AIC: -69.17
Df Residuals: 9 BIC: —-67.72
Df Model: 2
Covariance Type: nonrobust
coef std err t P>t [85.0% Conf. Int.]

const 2.1983 0.0z3 97.485 0.000 2.147 2.249
x]l —0.0225 0.001 —23.898 0.000 —0.025 —-0.020
x2Z 0.0001 g8.66e—-06 14.44¢6 0.000 0.000 0.000
omnibus: 0.874 Durkin-Watson: 2.783
Prob (Omnibus) : 0.e4¢ Jarque—Bera (JB): 0.e42
Skew: —-0.09¢ Prob (JB) : 0.72¢
Kurtosis: 1.884 Cond. No. 2.65e+04

(o) R4 ENELE R A F Statistic, FATAT LB 5K
(d)-

t{In [8]: model.predict(np.array([1,95,95**2]).T)
2/ Out[8]: array ([ 1.18735552])
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i{In [1]: import pandas as pd

3/ In [2]: import statsmodels.formula.api as smf

s In [3]: import numpy as np

7/ In [4]: cps = pd.read csv( Data/Part2/005/CPS1988.csV )

(@)r

1 In [5]: cps.head()

2| Out[5]:

3 wage education experience ethnicity smsa region parttime
40 35494 7 45 cauc yes northeast no
51 123.46 12 1 cauc yes northeast yes
62 370.37 9 9 cauc yes northeast no
713 754.94 11 46 cauc yes northeast no
8|4 593.54 12 36 cauc yes northeast no

1/ In [6]: model = smf.ols( np.log(wage)~experience+education+ethnicity ,
2 data=cps) . fit ()

(o)

1{In [7]: print(model.summary())
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OLS Regression Results

59

Dep. Variable: np.log(wage) R-squared: 0.221
Model: OLS adj. R-sguared: 0.221
Method: Least Sguares F-statistic: 2665.
Date: Tue, 17 Jan 2017 Prob (F-statistic): 0.00
Time: 20:04:22 Log-Likelihood: —-27020.
No. Observations: 28155 AIC: 5.405e+04
Df Residuals: 28151 BIC: 5.408e+04
Df Model: 3
Covariance Type: nonrobust

coef std err t P>t [95.0% Conf. Int.]
Intercept 4.2889 0.023 183.656 0.000 4.243 4.335
ethnicityI[T.cauc] 0.2431 0.014 17.395 0.000 0.21¢ 0.271
experience 0.019%¢ 0.000 65.198 0.000 0.019 0.020
education 0.09296 0.001 73.258 0.000 0.097 0.102
Omnibus: 2846.769 Durbin-Watson: 1.814
Prob (Cmnibus) : 0.000 Jarque—Bera (JB): 4634.595
Skew: -0.733 Prob (JB) : 0.00
Kurtosis: 4.343 Cond. No. 163.

(d)r
1/ In [8]: model. fittedvalues.head()

2| Out[8]:
30 6.110772
4 5.746557

1

2 5.604576
63 6.528665

4 6.432310

dtype: float64

[e8

1 In [9]: model2 = smf.ols( np.log(wage)~experience+np.power(experience,2)+
education+ethnicity ,
2 data=cps) . fit ()

7. (@)
1{In [10]: print(model2.summary())

OLS Regression Results

Dep. Variable: np.log(wage) R—-squared: 0.335
Model: OLS Adj. R-squared: 0.335
Method: Least Squares F-statistic: 3541.
Date: Tue, 17 Jan 2017 Prob (F-statistic): 0.00
Time: 20:06:23 Log-Likelihood: —24801.
No. Observations: 28155 AIC: 4.96le+04
Df Residuals: 28150 BIC: 4.965e+04
Df Model: 4
Covariance Type: nonrobust

coef std err T B>t [95.0% Conf. Int.]
Intercept 4.0780 0.022 187.08¢ 0.000 4.035 4.121
ethnicity[T.cauc] 0.2434 0.013 18.839 0.000 0.218 0.269
experience 0.0775 0.001 88.033 0.000 0.076 0.079
np.power (experience, 2) -0.0013 1.8e-05 -69.312 0.000 -0.001 -0.001
educaticn 0.0857 0.001 67.343 0.000 0.083 0.088
Omnibus: 2034.828 Durbkin-Watson: 1.785
Prob (Omnibus) : 0.000 Jarque-Bera (JB): 3963.309
Skew: -0.508 Prob (JB) : 0.00
Kurtosis: 4.532 Cond. No. 5.23e+03
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(b) H, WAL R L&, experience?® I REUE 3 1 o 1X U WA FAT TN AZ0K FOMARE R 177 B, DN experience?
&, R R2 AR TR Kk, MR TE A, AR BT,

8. NGIRKFE, F Giit&N 3541, p (HIZ/NT 0.05. KL, FRAIRZIEL FRBL

9. MNGIRKE, Bs I p /T 0.05. Flt, FATVNMIEL B BAUEE, G BE AN 0.
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(@) Ry =Hits — —4.4%

(b) Rs(2) = B5lt = -7.2%

(€) Rz (8) = PizPs = —1.2%

Rz (8) =12, (1 + R) — 1

DRy =Pl = 83%

. (14 R)*® =1+0.03416

f#f3: R =0.0092%

. R=15% x 12 = 6%

Ry = limg oo (14 2)" = 1= limyy o (14 2) 7 =1 = — 1
. n(1+ R) = 0.06

R =6.18%

. R=05%x12=6%

In [1]: import pandas _datareader.data as web

In [2]: import datetime as dt

In [3]: import numpy as np

(@)r

1| In [4]: start = dt.datetime(2014,1,1)

2

3l In [5]: end = dt.datetime(2014,12,31)

5 In [6]: baidu = web.DataReader( BIDU | yahod ,start,end)

i{In [7]: returns = (baidu.Close — baidu.Close.shift(1))/baidu.Close.shift (1)
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p
In [8]: comp_returns = np.log(baidu.Close/baidu.Close.shift(1))
=

In [9]: comp_returns.sum()

Out[9]: 0.23631272416563825

I

In [10]: returns.plot()

-

In [11]: comp_returns.plot()
-
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HE A TGRS B A D AR, Bk Joik b, #A T RER— A 2L

R A RIEE Do BRI IR R R 8 Umb

(@) E(R) =0.3x8%+ 0.7 x 6% = 6.6%

o =1/(0.3 x 0.02)% + (0.7 x 0.03)> + 2 x 0.3 x 0.7 x 0.5 x 0.02 x 0.03 = 0.025
Ve )

(b) E(R)=0.6 x8%+ 0.4 x 6% ="17.2%

o= \/(0.6 % 0.02)% + (0.4 x 0.03)% +2 x 0.6 x 0.4 x 0.5 x 0.02 x 0.03 = 0.021

. PR RS AN 5%, FrLLRANTR BRI R4S, BN A FIB. AR C. B4 8 A FI B IS, ARl B HELES
BN 0.6 F1 0.4, HEMIFRHEZA 0.016. J4ES5N A F1 CHF, PIEIILLES SR 0.2 F1 0.8, HEHEZEN

0.023. Arbl. AN ZikFHE A F B,

- EEFIRISCTR B, RATAT P i/ N T Z2 R il 2k

In [1]: %paste

import numpy as np

import math

import matplotlib.pyplot as plt
import ffn

import pandas as pd

import pandas _datareader.data as web
import datetime as dt

from scipy import linalg

class MeanVariance:
def init_(self, returns):
self.returns=returns
def minVar(self,h goalRet):
covs=np.array(self.returns.cov())
means=np. array (self.returns.mean())
L1=np.append(np.append(covs.swapaxes(0,1) ,[means],0),

[np.ones(len(means))],0) .swapaxes(0,1)
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L2=list (np.ones(len(means)))
L2.extend ([0,0])
L3=list (means)
L3.extend ([0,0])
L4=np.array ([L2,L3])
L=np.append(L1,L4,0)
results=linalg.solve(L,np.append(np.zeros(len(means)) ,[1,goalRet],0))
return(np.array ([list (self.returns.columns) ,results[: —2]]))
def frontierCurve (self):
goals=[x/500000 for x in range(—100,4000)]
variances=list (map(lambda x: self.calVar(self.minVar(x)[1,:].astype(np.
float)) , goals))
plt.plot(variances, goals)
def meanRet(self, fracs):
meanRisky=ffn.to _returns(self.returns).mean()

1

assert len(meanRisky)==len(fracs), ' Length of fractions must be equal to
number of assets
return (np.sum(np. multiply (meanRisky,np.array (fracs))))
def calVar(self, fracs):

return (np.dot(np.dot(fracs, self.returns.cov()), fracs))

AR, 2l N ZE RS 2

(@)

1

2

3
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11

12

13

14
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17

18

In [2]: %paste

sclg = web.DataReader( 600039.SS | yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31)).Close

sclqRet=((sclg—sclq.shift(1))/sclqg.shift(1))

sclqRet.name= sclq

## — End pasted text —

In [3]: %paste

hsly = web.DataReader( 600054.SS ;| yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31)).Close

hslyRet=((hsly—hsly.shift(1))/hsly.shift (1))

hslyRet.name= hsly

## — End pasted text —

In [4]: %paste
wldc = web.DataReader( 600173.SS ;| yahod |,
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BHRELELAR IR

dt.datetime(2009,1,2),dt.datetime(2012,12,31)).Close
wldcRet =((wldc—wldc. shift (1)) /wldc.shift(1))

wldcRet.name= wldd

## — End pasted text —

In [5]: %paste

ghny = web.DataReader( 600256.SS | yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31)) .Close

ghnyRet=((ghny—ghny. shift (1)) /ghny.shift (1))

ghnyRet.name= ghny

## — End pasted text —

In [6]: %paste

zhjt = web.DataReader( 600252.SS , yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31)).Close

zhjtRet=((zhjt—zhjt.shift(1))/zhjt.shift(1))

zhjtRet.name= zhjt

## — End pasted text —

In [7]: %paste
fiveStocks=pd.concat([sclgRet, hslyRet,wldcRet, ghnyRet, zhjtRet],1)
fiveStocks=fiveStocks .dropna ()

## — End pasted text —

In [8]: minVar=MeanVariance (fiveStocks)

In [9]: minVar.frontierCurve ()

-
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In [10]: %paste

goal return=0.05
portfolio_weight=minVar.minVar(goal return)
portfolio_weight

## — End pasted text —

Out[10]:
array ([[ scld , " hsly , " wld¢ , " ghny , ' zhjt ],
[ 9.040199555721635 , ' —44.98072150897727 , ' 9.347995192679459 ,
' 24.975718390028632 , ' 2.6168083705475422 1],
dtype= <U32 )

. IRFEH R

A B C D

1 0 0 0

0 -1 0 1

1 0 -1 0

FHikAE: (0.06,0.02,0.03)

50 AE: (0.85,0.90,0.75)

OB IR SR

In [1]: %paste

import numpy as np

import math

import matplotlib.pyplot as plt

import pandas as pd




thE BAEAEEALIEE

()

~

©

©

10

11

12

1

w

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

4

N

43

44

45

import pandas _datareader.data as web
import datetime as dt
import ffn

from scipy import linalg

## — End pasted text —

In [2]: %paste
def blacklitterman(returns,tau, P, Q):
mu=returns.mean()
sigma=returns.cov ()
pil=mu
ts = tau * sigma
Omega = np.dot(np.dot(P,ts) ,P.T) * np.eye(Q.shape[0])
middle = linalg.inv(np.dot(np.dot(P,ts) ,P.T) + Omega)
er = np.expand dims(pil,axis=0).T + np.dot(np.dot(np.dot(ts,P.T), middle),
(Q — np.expand_dims(np.dot(P, pi1.T),axis=1)))
posteriorSigma = sigma + ts — np.dot(ts.dot(P.T).dot(middle).dot(P),ts)

return [er, posteriorSigma]

def blminVar(blres,h goalRet):

covs=np.array(blres[1])

means=np. array (blres[0])

L1=np.append(np.append ((covs.swapaxes(0,1)) ,[means. flatten ()],0),

[np.ones(len(means))],0) .swapaxes(0,1)

L2=list (np.ones(len(means)))

L2 .extend ([0,0])

L3=list (means)

L3.extend ([0,0])

L4=np.array ([L2,L3])

L=np.append(L1,L4,0)

results=linalg.solve(L,np.append(np.zeros(len(means)) ,[1,goalRet],0))

return (pd.DataFrame(results[: —2],

index=blres [1].columns, columns=[ p_weight ]))

## — End pasted text —

In [3]: %paste

np.array([1,0,0,0])
np.array([0,—-1,0,1])
np.array([1,0,-1,0])

pickT
pick2
pick3
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P = np.array ([ pick1, pick2, pick3])
Q=np.array ([[0.06],[0.02],[0.03]])

## — End pasted text —

In [4]: %paste
lcxx = web.DataReader( 000977.SZ | yahod ,

dt.datetime(2012,1,2) ,dt.datetime(2014,12,31)) .Close
lcxxRet=((lexx—lexx.shift(1))/lcxx.shift (1))

l[cxxRet.name= lcxX

pfyh = web.DataReader( 600000.SS | yahod ,

dt.datetime(2012,1,2) ,dt.datetime(2014,12,31)).Close
pfyhRet=((pfyh—pfyh.shift(1))/pfyh.shift(1))
pfyhRet.name= pfyh

htzq = web.DataReader( 601688.SS | yahod ,
dt.datetime(2012,1,2),dt.datetime(2014,12,31)).Close

htzqRet=((htzg—htzq.shift (1)) /htzq.shift(1))

htzqRet.name= htzq

zgb = web.DataReader( 300052.SZ , yahod ,
dt.datetime(2012,1,2),dt.datetime(2014,12,31)) .Close

zqbRet=((zqb—zqgb.shift(1))/zgb.shift (1))

zgbRet.name= zqW

## — End pasted text —

In [5]: %paste

Stocks=pd.concat ([ lcxxRet, pfyhRet, htzqRet,zgbRet], 1)
Stocks=Stocks.dropna ()

## — End pasted text —

In [6]: %paste

res=blacklitterman (Stocks,0.1, P, Q)

blminVar(res,0.75/252)

## — End pasted text —
Out[6]:
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86 p_weight
87| lexx —0.015149
ss| pfyh 0.810286
89| htzq 0.082629
90|zgb  0.122235

9. BBAREMEN w =30 wiws, IATRNIT RN 7 25 55/ Mb B A -
min Var (w)
subject to

Z?:l w; =1

S wiRi = 0.05

e, BATA LUESLANR BIRiag 8 H B 2
5 5
L(w17w27w37w47w5a /\17 >\2) =Var (w) - )\1 <Z w; — 1) - )\2 (Z ’LUZRfL — 005)
i=1 =1

BR Var (w) = Yo wVar (Ri) + Y0y Y23 s wiw;Cov (Ry, Ry), BTRARRATI T SRR T 315 B AL AT 73 81
7 % /MU S E

2Var (R)w; +23720 ., wjCov (R, Ry) = A\ — MR =0 i=1,2,3,4,5

VR, 2T R T RE ROARAE . BTEZBIH, TR /MY, T H2 M
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St
=

(@ R= Ry + (Rm — Rf) =10%
(b) R= Ry +1.5(R,, — Ry) = 13%

() R=Rf+0.7(R,, — Rf) =82%

. AL B, CHEBAHRIEN T .

(a) TR
(b) ZF e T AR ZE R, AR A AR B 1E.
(C) IZFAFIEAR T AR B SSALR, A EEAR 7 AR 6 {E-

(a) ZA R RGN S 74 & KU A2 2 I A 7 1) — 2
(b) iz AR GRS TR & AR T %

- R POB R B ROZIERE B AEN 0.7 KIS, DA B EBORR I 2 R ) R G0 AR R T+ 3 240 & B i ok

_ Cov(Ra,Rm) _ 0.96 __
ﬂ - Var(?:i’,m) ~ 0.66 1.45
CARFER o RN 9% — (4% 4+ 1.2 x 6%) = —2.2%

B AR o fHN: 12% — (4% + 1.3 x 6%) = 0.2%
FTLL, 58 NAZIEI B AR RE

In [1]: import pandas as pd
: import pandas _datareader.data as web
: import datetime as dt
: import statsmodels.formula.api as smf

In [2]: rf=1.036**(1/360)-1
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TR = RMARER

[3]: nyyh = web.DataReader( 601288.SS , yahod ,

[4]: returns =

[5]: indexcd=pd.read csv( Data/Part3/003/TRD Index.csV ,index colZ Trddt )

(nyyh.Close—nyyh.Close.shift(1))/nyyh.Close.shift (1)

dt.datetime(2014,1,1),dt.datetime(2014,12,31))

[6]: mktcd=indexcd[indexcd.Indexcd==902]

72

[7]: mktret=pd. Series (mktcd.Retindex.values,index=pd.to_datetime (mktcd.index))

[8]: mktret.name= mktret

[9]: mktret=mktret[ 2014-01-02 ! 2014 ]

[10]: dat

[11]: dat

dat — rf

pd.concat ([ mktret, returns],1)

[12]: model = smf.ols( Close~mktret ,data=dat).fit ()

[13]: print(model.summary())

OLS Regression Results

Dep. Variable: Close R-sguared: 0.118
Model: OLS Adj. R-sgquared: 0.114
Method: Least Squares F-statistic: 3z.41
Date: Tue, 17 Jan 2017 Prob (F-statistic): 3.5%e-08
Time: 20:47:27 Log-Likelihood: 66l.60
No. Observations: 245 AIC: -1319.
Df Residuals: 243 BIC: -1312.
Df Medel: 1
Covariance Type: nonrebust

coef std err t B> |t | [95.0% Conf. Int.]
Intercept 0.0009 0.001 849 0.397 —0.001 0.003
mktret 0.5339 0.094 693 0.000 0.349 0.719
omnibus: 130.83% Durbin-Watson: 1.954
Prob (Omnibus) : 0.000 Jarque—Bera (JB): 2133.880
Skew: 1.687 Prob (JB) : 0.00
Kurtosis: 17.058 Cond. No. 89.9

FrL, #A

Hf, Ry =1.036/30 -1,

R; — Ry = 0.0009 + 0.5339 x (R,, — Ry) +¢
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(a)r

i{In [14]: from statsmodels.api import add constant

2

3 In [15]: rf=1.036**(1/360)-1

4

5 In [16]: Isw = web.DataReader( 300104.SZ ;| yahod ,

6 dt.datetime(2014,1,1) ,dt.datetime(2014,12,31))

.

s|In [17]: returns = (lsw.Close—Isw.Close.shift(1))/lsw.Close.shift(1)

9

o[ In [18]: indexcd=pd.read csv( Data/Part3/003/TRD Index.csV ,index colZ Trddt
)

11

12| In [19]: mktcd=indexcd[indexcd.Indexcd==902]

13

14/ In [20]: mktret=pd. Series (mktcd.Retindex.values,index=pd.to_datetime (mktcd.
index))

15

16/ In [21]: mktret.name= mktret

17

18/ In [22]: mktret=mktret[ 2014-01-02 ! 2014 ]

19

20/ In [23]: dat = pd.concat ([ mktret, returns],1)

21

22| In [24]: dat = dat — rf

23

24/ In [25]: model = smf.ols( Close~mktret ,data=dat).fit ()

25

26/ In [26]: print(model.summary())
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OLS Regression Results

Dep. Variable: Close R-squared: 0.07%
Model : OLS Adj. R-sguared: 0.075
Method: Least Squares F-statistic: 20.77
Date: Tue, 17 Jan 2017 Prob (F-statistic): g.21le-06
Time: 20:49:55 Log-Likelihood: 504 .68
Wo. Observations: 245 ATIC: -1005.
Df Residuals: 243 BIC: —-958.4
Df Medel: 1
Covariance Type: nonrocbust

coef std err t P>|t| [95.0% Conf. Int.]
Intercept -0.0017 0.002 —-0.870 0.385 —0.006 0.002
mktret 0.8108 0.178 4,557 0.000 0.480 1.161
omnibus: 27.033 Durbin-Watson: 1.956
Prob (Omnibus) : 0.000 Jarque-Bera (JB): 57.347
Skew: 0.545 Prob (JB) : 3.53e-13
Kurtosis: 5.105 Cond. No. 89.9

-

In [27]: ret_2015=pd. Series (mktcd.Retindex.values,index=pd.to_datetime (mktcd.
index))[ 2015-071 ]

In [28]: ret 2015.name= mktret

In [29]: ret 2015 = (ret_ 2015 — rf)

In [30]: prediction = model.predict(add constant(ret 2015) ,transform=False)

B A B AT AR B . BRI, TIINME 5 S PR R A ZE B0 R LUK 1 o IX B T 3 [l R A2 ik e
SRR R, BATE TR EHABKIZR . F— % Fama-French = [ 7R A2 — N0 BEA B 4
AL IR o

2. MTFIEEAZ, EILARAT B ZEME ATudl. M Stock.accdb ST Hade FARAT P2 L i I 22 43 3 5 3. CAPM
PR, JEffEH 2013 4E alpha fE & KHIAT 3 RS .

1l In

[1]: %paste

2| import pypyodbc

3| import pandas as pd

4| import datetime as dt

5| import numpy as np

6| import statsmodels.formula.api as smf

7| from statsmodels.api import add constant

o/ ## — End pasted text —

(a)

1

ARHURAT PP BERAHS

(In [2]: %paste
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for line in open( Data/Part3/003/industryCodes. txt ):
listData=line.split( | )
fileName=listData [0]
listData[—1]=listData[—1][:6]
if fileName=2 #17 :
break

## — End pasted text —

N

DL AL 8 A i R A D T 3 it R Bt

In [3]: %paste

indexcd=pd.read table( Data/Part3/003/TRD Index.txt , sep= \t ,index colZ
Trddt )

mktcd=indexcd [indexcd . Indexcd==902]

mktret=pd. Series (mktcd.Retindex.values,index=pd.to_datetime (mktcd.index))

mktret.name= mktret

## — End pasted text —

-

SRR FERRBEER M alpha 1H.

In [4]: %paste
def GetStockAlpha(symbol, mktret):
if symbol[0]== :
i=0
while (symbol[i]== 0 ):
i+=1
symbol=symbol[i :]
#2877 % & Microsoft Access Database Engine
#7 VA % Microsoft T #& ¥ v F & Microsoft Access Database Engine
conn = pypyodbc.connect(r Driver=Microsoft Access Driver (*.mdb, *.
accdb) ;DBQ=%s; %accessName )
cursor = conn.cursor ()
cursor.execute( select Stkcd, Trddt, Clsprc from stock where Stkcd= +
symbol+ " )
data=cursor.fetchall ()
prices =[]
dates =[]
for entry in data:
prices.append(entry[—1])
time=str (entry[1])
date=pd.to_datetime(time[1:])
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20 dates.append(date)

21 price=pd. Series (np.array (prices) ,index=dates)[ 2013 ]

22 returns = (price—price.shift(1))/price.shift(1)

23 returns.name= stocK

24

25 rf=1.036**(1/360)-1

26 dat = pd.concat ([ mktret[ 2013-01-06 2013 ],returns[ 2013-01-06
2013 ]11,1)

27 dat = dat — rf

28 model = smf.ols( stock~mktret ,data=dat).fit ()

29 return (model.params[0])

30
31| ## — End pasted text —
32

33 In [4]: %paste

34| alphas ={}

35| for symbol in listData[1:]:

36 try:

37 alphas[symbol]=GetStockAlpha (symbol, mktret)
38 except Exception as e:

39 print (Exception,” " ,e)

40

41| ## — End pasted text —

-

76

(d) #fiik alpha fE T 3 K4S & H: alpha 15

-

ure

In [5]: %paste
selectAlpha=[( —00 ,—100000),( —00 ,—100000),( —00 ,—100000)]
for symbol in alphas.keys():

N

w

4 if alphas[symbol]>selectAlpha[0][1]:
5 selectAlpha[0]=(symbol, alphas[symbol])
6 selectAlpha.sort(key=lambda d:d[1])

7| selectAlpha

o/ ## — End pasted text —

10| Out[5]:

11| [( 601998 , —0.00056736014634597726),
12| ( 600000 , —0.00032213839451176914),
13| ( 600016 , —0.0002028846807797023)]

-
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In [1]:

In [2]:

In [3]:

In [4]:

In [5]:

In [6]:

In [7]:

In [8]:

import pandas as pd

import pandas datareader.data as web

import datetime as dt

import statsmodels.formula.api as smf

: from statsmodels.api import add constant

wanke = web.DataReader( 000002.SZ | yahod ,
dt.datetime(2015,1,1),dt.datetime(2015,12,31))

gldc = web.DataReader( 600185.SS | yahod ,
dt.datetime(2015,1,1),dt.datetime(2015,12,31))

price = pd.concat ([wanke.Close, gldc.Close],1)

price.columns=[ wanké , geli ]

ret = (price—price.shift(1)) / price.shift(1)

model = smf.ols( wanke~geli ,data=ret).fit()

print (model.summary () )

77
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oﬁs Regression Results

Dep. Variable: wanke R-sguared: 0.176
Model: OLS Adj. R-sgquared: 0.173
Method: Least Sgquares F-statistic: 55.25
Date: Tue, 17 Jan 2017 Prob (F-statistic): 1.56e-12
Time: 20:58:05 Log-Likelihood: 568.10
No. Observations: 260 AIC: -1132.
Df Residuals: 258 BIC: -1125.
Df Model: 1
Covariance Type: nonrobust

coef std err t B>t [95.0% Conf. Int.]
Intercept 0.0024 0.002 398 0.1e3 -0.001 0.00¢
geli 0.2808 0.038 433 0.000 0.206 0.355
Oomnikbus: 43.977 Durbin-Watscn: 1.947
Prob (Omnibus) : 0.000 Jargue—Bera (JB): 103.520
Skew: 0.799 Prob (JB) : 3.32e-23
Kurteosis: 5.646 Cond. No. 22.3

78

BRI 25 R ORASE geli fRBURRER, YAHIRE 7™ BB B SE AT R B — B B R AT I

i

1.

CAPM HE7Y A0 = P] A5 Y 4 7 [7] o«

(a) MR A T I ST R PR R AR TR A B ER IR 2 R A 3R

i. CAPM #R UG R T — A7, Mg 1 = AT A5 18 1 g U I DX 1 i L EAL AR i v £

O 73X = B 5

ii. CAPM iR 2% i 1 iy MU, = PR AR 1 T3 XU BASE, B 25 18 1 AN TR 24 7] A B 138 i 1% DU
WP IUHMERERIER, I 758 1 BRI R I R =

2. SMBy =1/3(SL; + SM, + SH,) — 1/3(BL; + BM, + BH,) = —0.03

e

S

)

)

HML, =1/2(SLy + BL;) — 1/2(SH, + BH,) = 0.1

(@) 0.01

(b) Ri = Ry +0.01 4+ 1.2 x (2% — 0.5%) + 0.5 x 2.4% + 0.1 x 1.8% = 4.68%

In [10]: zyhy.index=pd.to_datetime (zyhy.index)

In [9]: zyhy = pd.read table( Data/Part3/004/problem21.txt ,
sep= \t ,usecols=[ zyhy | Daté ],index colZ Daté )

In [11]: ret = (zyhy—zyhy.shift(1))/zyhy.shift(1)

In [12]: ThreeFactors = pd.read table( Data/Part3/004/ThreeFactors.txt ,
sep= \t ,index _colZ TradingDaté )
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In [13]: ThreeFactors.index=pd.to_datetime(ThreeFactors.index)
In [14]: ThrFac=ThreeFactors[ 2014 ]
In [15]: ThrFac=ThrFac.iloc[:,[2,4,6]]
In [16]: dat=pd.concat([ret,ThrFac],1)
In [17]: model = smf.ols( zyhy~RiskPremium2+SMB2+HML2 ,data=dat).fit ()
In [18]: print(model.summary())
OLS Regression Results

Dep. Variable: zyvhy R-squared: 0.223
Model: OLS Adj. R-squared: 0.213
Method: Least Squares F-statistic: 23.01
Date: Mon, 23 Jan 2017 Prob (F-statistic): 3.94e-13
Time: 15:56:16 Log-Likelihood: 598.75
No. Observations: 245 ATIC: -11%0.
Df Residuals: 241 BIC: —1175.
Df Model: 3
Covariance Type: nonrobust

coef std err t P>t [95.0% Conf. Int.]
fntereept o002 o.001 1507 o133 Co.cor 0005
RiskPremium?2 0.9948 0.126 7.893 0.000 0.746 1.243
SMB2 -0.7332 0.223 —3.288 0.001 -1.172 —0.294
HML2 0.7493 0.211 3.559 0.000 0.335 1.1¢4
Omnibus: 105.816 Durbin-Watson: 1.766
Prob (Omnibus) : 0.000 Jarque—-Bera (JB): 440.407
Skew: 1.763 Prob (JB) : 2.33e-%96
Kurtosis: 8.542 Cond. Wo. 220.
In [19]: zhongxin = pd.read table( problem21.txt ,sep= \t ,usecols=[ zhongxin |

Daté ],index _colZ Daté )
In [20]: zhongxin.index=pd.to_datetime (zhongxin.index)
In [21]: ret = (zhongxin—zhongxin.shift(1))/zhongxin.shift(1)
In [22]: ThreeFactors = pd.read table( ThreeFactors.txt ,sep= \t ,index col=
TradingDate )

In [23]: ThreeFactors.index=pd.to_datetime(ThreeFactors.index)
In [24]: ThrFac=ThreeFactors[ 2014 ]
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13| In [25]: ThrFac=ThrFac.iloc[:,[2,4,6]]
14

15| In [26]: dat=pd.concat([ret,ThrFac],1)

(@)
1{In [27]: model = smf.ols( zhongxin~RiskPremium2 ,data=dat).fit ()

2

3/ In [28]: print(model.summary())

OLS Regression Results

Dep. Variable: zhongxin R-squared: 0.207
Model: oLS adj. R-squared: 0.204
Method: Least Sguares F-statistic: 63.51
Date: Mon, 23 Jan 2017 Prob (F-statistic): €.1%9e—-14
Time: 15:59:44 Log-Likelihood: 557.71
No. Observations: 245 AIC: -1111.
Df Residuals: 243 BIC: -1104.
Df Model: 1
Covariance Type: nonrobust

coef std err t P>t [95.0% Conf. Int.]
Intercept 0.0015 0.002 0.8950 0.343 —-0.002 0.005
RiskPremium2 1.1710 0.147 7.970 0.000 0.882 1.460
Oomnibus: 89.839 Durbin-Watson: 1.71¢
Prob (Omnibus) : 0.000 Jarque—Bera (JB): 370.027
Skew: 1.4¢e0 Prob (JB) : 4 _ 46e—-81
FKurtosis: 8.265 Cond. No. 92.2

(b)-
1 In [29]: model2 = smf.ols( zhongxin~RiskPremium2+SMB2+HML2 ,data=dat). fit ()

2

3 In [30]: print(model2.summary())

OL3 Regression Results

Dep. Variable: zhongxin R-sgquared: 0.377
Model: oLS Adj. R-squared: 0.369
Method: Least Sgquares F-statistic: 48.59
Date: Tue, 17 Jan 2017 Prok (F—-statistic) : 1.35e—-24
Time: 21:05:23 Log—Likelihood: 587.21
No. Observations: 245 ATIC: —-1166.
Df Residuals: 241 BIC: —1152.
Df Model: 3
Covariance Type: nonrobust

coef std err t P>t [25.0% Conf. Int.]
Intercept 0.0011 0.001 0.786 0.433 —0.00z2 0.004
RiskPremium2 1.1763 0.132 8.9203 0.000 0.916 1.437
SMBZ2 —0.0076 0.234 -0.032 0.974 -0.468 0.453
HML.2 8663 0.221 3.926 0.000 0.432 1.301
Oomnibus: 84.500 Durkbin-Watson: 1.780
Prob (Omnibus) : 0.000 Jarcque—Bera (JB): 388.225
Skew: 1.318 Prob (JB) : 4_99e-85
Rurtosis: 8.575 Cond. No. 220.

(©r

1i{In [31]: ThrFac=ThreeFactors[

2

2015-01 ]
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In [32]: preCAPM = model. predict(add _constant(ThrFac.RiskPremium2) ,transform=
False)

In [33]: preFactors = model2. predict(add constant(ThrFac[[ RiskPremium2
SMB2 | HML2 11),

transform = False))

In

[1]: %paste

import pandas as pd

codes = pd.read csv( Data/Part3/004/codes.csV , header=None, dtype=str)

ThreeFactors = pd.read table( Data/Part3/004/ThreeFactors.txt , sepZ \t ,

index_col= TradingDaté€ )

ThreeFactors.index=pd.to _datetime(ThreeFactors.index)

ThrFac=ThreeFactors[ 2014 ]

ThrFac=ThrFac.iloc[:,[2,4,6]]

def create func(model):

def cal _alpha(code, model name=model) :
price = web.DataReader(code, yahod ,
dt.datetime(2014,1,1),dt.datetime(2014,12,31)).Close

ret = (price—price.shift(1))/price.shift(1)
ret.name ="' ret
dat=pd.concat([ret, ThrFac],1)
if model name== CAPM :
model = smf.ols( ret~RiskPremium2 ,data=dat).fit ()
elif model name== factors :

model = smf.ols( ret~RiskPremium2+SMB2+HML2 ,data=dat). fit ()

return (model.params[0])

return(cal _alpha)
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33| ## — End pasted text —

6.

(@)r
1{In [14]: alpha CAPM=list (map(create func( CAPM ), codes[0].values))

2
3l In [15]: alpha CAPM2=pd. Series (alpha CAPM) .sort(ascending=False ,inplace=False
)

)]

In [16]: alpha CAPM2][:3]

6| Out[16]:

7112 0.001531
8 8 0.000900
9 9 0.000768

10| dtype: float64

-

e

In [17]: alpha_factors=list (map(create func( factors ),codes[0]))

w

In [18]: alpha factors2 = pd.Series(alpha factors).sort(ascending=False,

inplace=False)

(9]

In [19]: alpha_factors2[:3]
Out[19]:

7112 0.001128

8 8 0.000532

13 0.000476

10| dtype: float64

)]

©
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1. #%
2.
i{In [1]: import pandas as pd
2 .... import matplotlib.pyplot as plt
3 .... Yen=pd.read csv( Data/Part4/001/Yen.csV ,index colZ daté )
4
5 In [2]: Yen.index=pd.to _datetime(Yen.index, format= %Y ¥d )

3. X T xts MR, plot() —RARELH— . Pt BATERALRE s fl. TTLED], K 2210 /FEE YR
TR

1{In [3]: Yen.s.plot()
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22.1: 7 3

e

In [4]: pfyh=pd.read csv( Data/Part4/001/pfyh.csv ,index _colZ Daté )

w

In [5]: pfyh.index=pd.to _datetime (pfyh.index, format= %Y-%n-%d )

siIn [6]: returns=(pfyh.Close—pfyh.Close.shift(1))/pfyh.Close.shift (1)

84




71In [7]: returns=returns[1:]

©

In [8]: returns.plot()
10| Out[8]: <matplotlib.axes. subplots.AxesSubplot at 0x7f8c47c6b358>
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(@ &0 Hk=1K rp=corr (X, X¢_r) =corr(es —er_1,6i_1 — €4_2) = 7%;
M k> 1H, rp=corr (Xg, X¢_x) = corr (es — er_1,€t— 1k — €r—x—1) =0
(b) 7, HEMKALEN 0.
ri = corr (X¢, X¢—i) = corr (3,3 (t —k)) =0
(© &, HAMKREEN 0.
ri = corr (Xy, Xy—k) = corr ((—l)t e, (—1)7F et,k> = (=1)*"" corr (ey,e4_1) = 0

2. BN X, =Y, FRUMEERN &, X, FEES Y BEF. Bt W HERERBE 0, £ttt € T, X
EEB r .

Fx (x4, 25, ,2,) = Fy (24,) = Fx (@ty 47 Ttagr, -+ Ttytr)

FRUA Xy 5PV Rai. XN Y FRAESEMT 2, Tl X, R 59 T A2

3.
Cov(X¢,Xt—1) _ Cov(er—0.4et—140.3es—2,e;—1—0.4des—2+0.3es-3) _ 0416, k=1
\/Var(Xt)Var(Xt,l) 1.2502 . )
re = Cov(X¢,Xt—2) — Cov(e;—0.4e;_140.3e¢_2,e4_2—0.4de;_340.3e¢_4) —0.24 k=2
VVar(Xy)Var(X,_2) 1.2502 A
Cov(X¢,X¢—1) _ Cov(et—0.4es—140.3es—2,es—x —0.4es—p_14+0.3es_p—2) _ 0 k> 2
\/Var(Xt)Var(Xt_k) 1.2502 )

B, Xy FEMRRES ¢ TR, Pl X, 255 AR,

4. {X,} Wi faET 2071 R
1—x2=0

BOTREME— AN 2, KT 1. B, (X} R PRREA. AR REON:

ri = 0.5"

5.
i{In [1]: import pandas as pd

2

3 In [2]: import matplotlib.pyplot as plt

86
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In

[3]: CRSPday=pd.read csv( Data/Part4/002/CRSPday.csV )

In [4]: ibm=CRSPday.ibm

87
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In [5]:
Out[5]:

ibm. plot ()
<matplotlib.axes. subplots.AxesSubplot at 0x7f09015cb240>

r

In [6]:
In [7]:
Out[7]:

from statsmodels.graphics.tsaplots import *
plot_acf(ibm, lags=20)
<matplotlib.figure.Figure at 0x7fe634701cf8>

M ACF B, JATRTAE ], FrA i B R REERA R, Frel IBM Y H [RHR R AR AT A2 FgE A .

In [8]:

In [9]:

from statsmodels.tsa import stattools
LjungBox=stattools.q stat(stattools.acf(ibm)[1:13],len(ibm))

In [10]: LjungBox[1][—-1]
Out[10]: 0.47767342041175087

Ljung-Box 46 p 168 0.4777, KT 0.05, [FIFEZRY] IBM B H Bk & H B~
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1. In [11]: ge=CRSPday.iloc|[:,3]
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In [12]:
Out[12]:

ge.plot()
<matplotlib.axes. subplots.AxesSubplot at 0x7f08e54a9da0>

In [13]:

-

plot_acf(ge, lags=20)

r

In [14]:
In [15]:
Out[15]:

LjungBox=stattools.q stat(stattools.acf(ge)[1:2],len(ge))
LjungBox[1][—1]
0.63415629590274136

~

In [16]:

LjungBox=stattools.q stat(stattools.acf(ge)[1:9],len(ge))
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2/ In [17]: LjungBox[1][—1]
3| Out[17]: 0.038343684289074531

(&) HIRAVEEA 2 Biri) HAH G R BRI, Ljung-Box FBG i) p {4 0.6342. T 43RAEH 9 B i) B AHC R 4L
e, Ljung-Box K p 604 0.0383. Wi M4SRse e, X R MBI A Iid > 2 T 206 (1
p A . B, 7ESERREH] Ljung-Box Kt iy, FAT ek 6 — 15 Biriks H A 5C R 4.
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1 In [18]: SP500=pd.read csv( Data/Part4/002/SP500.csV )

2
3In [19]: r500=SP500.r500
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1 In [20]: r500.plot()

2| Out[20]: <matplotlib.axes. subplots.AxesSubplot at 0x7f1593321128>

(b)

1
2

3

IS

(%2}

10

11

12

13

14

15

16

PR 500 FREH H IR FRBESEE 0 L Nsh, BAPRA LA Sl K, HEARR TR BT
i

p
In

In

=

[21]: plot_acf(r500,lags=20)

Out[21]: <matplotlib.figure.Figure at Ox7fe62ee44780>

[22]: plot_pacf(r500,lags=20)

Out[22]: <matplotlib.figure.Figure at 0x7fe62ee54cc0>

In

[23]: from arch.unitroot import ADF

[24]: adf=ADF(r500,lags=3)

[25]: print(adf.summary().as_text())
Augmented Dickey—Fuller Results

Test Statistic —28.096
P—value 0.000
Lags 3

=

Trend: Constant
Critical Values: -3.43 (1%), —2.86 (5%), —2.57 (10%)
Null Hypothesis: The process contains a unit root.

Alternative Hypothesis: The process is weakly stationary.

ADF IS4t 8 1E N —28.096, /T 5% HIGFE —2.86. KL, Fr 500 850 H Bl E 2 T

o

FATAE (@) H R IERA Y -
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@
(a) MA Hi, ¢ =2
(b) MAHHY, g =4

(d) AR 8, p=2

2. B Xy —A MA(q) BRI A Xy =37 Oier—io 2 k> q I

_ Cov (X, Xy_) Cov (Xl o bier—i, >t Oier—k—s)
Pk = Var (Xy) o Var (Xy)

AMY i #£ 51, Covl(ese;) =0. FTLL, pp =00

3. % 5 WM TIE N 7.45875,

i{In [1]: import statsmodels.tsa.arima_process as sm

3l In [2]: from statsmodels.graphics.tsaplots import *
s In [3]: arma=sm.ArmaProcess([-1,-0.6],[1])

7/ In [4]: sample=arma.generate _sample(200)

o/ In [5]: plot_acf(sample, lags=20)

10| Out[5]: <matplotlib.figure.Figure at 0x7ffb9b7bfc88>
11

12/ In [6]: plot_pacf(sample,lags=20)
13| Out[6]: <matplotlib.figure.Figure at 0x7ffb78ac8240>

ACF B 2L R B &%, m PACFE B —Fri 5 Ak LB L . Rk, MRIEZH k) ACF K5
PACF [, FRATRIZEHE AR(T) AR, IZARRIAT & H A B o

92
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Autocorrelation
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Partial Autocorrelation

0.5

24.1: H5 4

i/ In [7]: arma=sm.ArmaProcess([-1],[1,0.4])

3/ In [8]: sample=arma.generate_sample(200)

5 In [9]: plot_acf(sample, lags=20)
6| Out[9]: <matplotlib.figure.Figure at 0x7ffb78ae1470>

g/ In [10]: plot_pacf(sample,lags=20)
9| Out[10]: <matplotlib.figure.Figure at 0x7ffb749feac8>

£ ACF i, — i B R ELS ) B R AR S 2 1. T AE PACF [, — B B AR REGE R &M, 2
Ja R AR R RBCE AN B35 . HG, ARYE ACF EIF1 PACF B, AT RERIERE MAQ) B2 AR(T). XK, i%
FHBR A AT G HEEOL T RRBOVEMEGL D, PRSI EAERRINME. £L5H, FAThE
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WA, 2220 LR, AR — kIR ACF 5 PACF. tonii, #EASEF, AT LI 2 251K
ARMA(1,1) 5 MA(1) XML

Autocorrelation
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[1]:

[2]:

[3]:

[4]:

[5]:

import statsmodels.tsa.arima process as sm

from statsmodels.graphics.tsaplots import *

import numpy as np

import pandas as pd

numbers=np.random.normal(size =100)
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11/ In [6]: numbers=pd. Series (numbers)

(a)

1
2

3

IS

[}

(b)

1
2

3

IS

10

U
11

r

In [7]:
Out[7]:

In [8]:
Out[8]:

numbers. plot ()
<matplotlib.axes. subplots.AxesSubplot at 0x7f24c58a2358>

plot_acf(numbers, lags=20)
<matplotlib.figure.Figure at 0x7f24c528b828>

RIAE, numbers HSeE 0 L REENLEZD, 1mHIE ACF #AEE . Bk, AT LLIAKH numbers A [

—4=

o

r

-

In [9]: from statsmodels.tsa import stattools

In [10]: stattools.arma order_select _ic(numbers.values,max ma=4)
Out[10]:

{ bic : 0 1 2 3 4
0 301.560380 305.113771 309.241432 313.831146 318.394066

1 305.268515 309.372041 313.826739 318.431879 322.992102

2 309.240906 313.835172 318.902116 323.034685 324.016683

3 313.840677 318.439734 NaN 327.099384 NaN

4 318.346121 323.058940 324.742326 331.636021 334.205935,

bic_ min_order : (0, 0)}

arma_order_select_ic( ) BRAES 2145 54 ARIMA(0,0,0), thmt @i, AR ged FHIE KRB numbers

M. AT, XEFEmERA, BATERET

B
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1. In [1]: zgsy=pd.read csv( Data/Part4/003/zgsy.csV )

2

3 In [2]: clprice=zgsy.iloc[:,4]

(@)
11 In [3]:

2|Out[3]:
3
alIn [4]:
5| Out[4]:

=

clprice.plot()
<matplotlib.axes. subplots.AxesSubplot at 0x7f24e3de8160>

plot acf(clprice,lags=20)
<matplotlib.figure.Figure at 0x7f24e3cb3f98>

clprice [IRS1A] P2 B 2 BLH WLR 1O T REEASS, 1 HIE ACF thigZemigifint. Kk, cprice AR

(b)-

i/ In [5]:from arch.unitroot import ADF
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10
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(@)
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IS

(d)

10
11
12
13

14

(e)

...:adf=ADF(clprice ,lags=6)

In [6]: print(adf.summary().as_text())
Augmented Dickey—Fuller Results

Test Statistic
P—value

Lags

—1.185
0.680
6

Trend: Constant
Critical Values:

Null Hypothesis:

-3.46 (1%), —-2.87 (5%), —-2.57 (10%)

The process contains a unit root.

Alternative Hypothesis: The process is weakly stationary.

97

ADF K34 it 88 —1.185, KT 5% MlmAHE. Bk, FATABIELE R, cprice AF 2.

r

In [7]: logReturn=pd.Series ((np.log(clprice))).diff().dropna()

In [8]: logReturn.plot()
Out[8]: <matplotlib.axes. subplots.AxesSubplot at 0x7f24e3cd1cf8>

ATLAE R, logReturn B%E 0 L NS, JEEA 20 HH BB,

Ve

In [9]: adf=ADF(logReturn,lags=6)

In [10]: print(adf.summary().as _text())
Augmented Dickey—Fuller Results

Test Statistic
P—value

Lags

Trend: Constant
Critical Values:

Null Hypothesis:

N

-3.46 (1%), —-2.87 (5%), —2.57 (10%)

The process contains a unit root.

Alternative Hypothesis: The process is weakly stationary.

ADF for 56 i) 25 SRR HIRATAT LR IR, I log Return /2 F AR -

r

iIn [11]: plot_acf(logReturn,lags=20)
2| Out[11]: <matplotlib.figure.Figure at 0x7f24e3c19748>
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3
4/ In [12]: plot_pacf(logReturn,lags=20)
5{Out[12]: <matplotlib.figure.Figure at Ox7f24e3b7c828>

98

7E ACF ElHh, BMHX RN MR AEE. /£ PACF KBt fm HAHX REFFE N T2

Fo B, FATHT LA PN IEFE—MA(T) A1 AR(T).

R

()

t{In [13]: from statsmodels.tsa import arima_model

2

3/ In [14]: modell=arima_model.ARIMA(logReturn.values,order=(0,0,1)).fit ()

RUNNING THE L—-BFGS—EB CODE
Machine precision = 2_.220D—16
N = =2 M = 1z

This problem is unconstrained.

At ®O 0 wariakles are exactly at the bounds
At iterate s} f= —3.28295D+00 Iproj gl= 4.68026D—04
At iterate s f= —3.28295D+00 Ilproj gl= 9.1926S5SD—06

Tit = total number of iterations
T™nf = total number of function evaluations
Tnint = total numbkber of segments explored during Cauchy searches
Skip = number of BFGES updates skipped
Nact = number of active bounds at final generalized Cauchy point
Projg = norm of the final projected gradient
= = final function walue
= * =
o Tit Tnf Tnint sSkip Nact Projg F
z =3 16 1 o o 3.864D—06 —3.283D+00
F = —3.2829527560393754

CONVERGENCE: REL_ REDUCTION OF F <= FACTR*EPSMCH
Cauchy time O.000E+00 seconds.
Subspace minimization time 0.000E+00 seconds.

Line search tTime O.000E+00 seconds.

Total User time O0.000E+00 seconds.

1 In [15]: modell.summary ()
2| Out[5]:

3| <class ' statsmodels.iolib.summary.Summary >

wwr

ARMA Model Results

I

Dep. Variable: v No. Observations: 259
Model: ARMA (0, 1) Log Likelihood 850.285
Method: css-mle 5.D. of innovations 0.009
Date: Sun, 22 Jan 2017 ATC —1694.570
Time: 00:44:06 BIC —-1683.899
Sample: o] HQIC -16580.276%

coef std err zZ P>|z| [95.0% Conf. Int.]
const -0.0006 0.001 -0.953 0.342 -0.002 0.001
ma.Ll.y 0.1411 0.056 2.505 0.013 0.031 0.252

Roots
Real Imaginary Modulus Fregquency

o
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1{In [16]: model2=arima_model .ARIMA(logReturn.values, order=(1,0,0)). fit ()

RUNNING THE L—BFGS—B CODE

Machine precision = 2.220D—16

84 2 ™M = 12

This problem is unconstrained.
At =0 0 wariables are exactly at the bounds
At iterate o £f= —32.28458D+00 lproj ol= 2.81846D—02
At diterate =3 f= —3.28458D+00 lproj gl|l= 2.97518D—03
At iterate 10 f= —3.28458D+00 lproj gl= 2.8843SD—02
At diterate 1is f= —3.28458D+00 lproj agl= 2 .36255D—05

*x = =
total number of iterations
total number of function evaluations

total number of sSegments explored during Cauchy searches

0n
w
i
o
L |

number of BFGES updates skipped
Nact number of active bounds at final generalized Cauchy point
Projg norm of the final projected gradient
F final function walue
= = =
o Tit Tnf Tnint Skip Nact Prodijg F
2 17 20 1 o s} 0.000D+00 —3.285D+00

F = —3.2845776032338465
CONVERGENCE: NORM_ OF_ PROJECTED_ GRADIENT_<=_ PGTOL
cauchy time O.000E+00 seconds.

Subspace minimization time 0.000E+00 seconds.
Line search time O0.000E+00 seconds.

Total User time O0.000E+00 seconds.

1 In [17]: model2.summary ()
2| Out[17]:

3| <class ' statsmodels.iolib.summary.Summary >

wan

ARMA Model Results

Dep. Variabkle: v No. Observations: 259
Model: ARMA (1, 0) Log Likelihood 850.70¢6
Method: css-mle S.D. of inncvations 0.009
Date: Sun, 22 Jan 2017 AIC -1€85.411
Time: 00:44:08 BIC -1e84.741
Sample: 0 HQIC -1€81.121

coef std err Zz P>|z| [95.0% Conf. Int.]
const —-0.000¢ 0.001 -0.913 0.362 —-0.002 0.001
ar.Ll.y 0.16l5 0.06l 2.638 0.008% 0.042 0.281

Roots

Real Imaginary Modulus Frequency

AR.1 6.1938% +0.000073 6.1939 0.0000

FAI R T MAQT) BERAN AR(T) B fEIXPI MR, AR W . R, IRATTICVEIE R R A B ok
PR, Xy, FATAT LS AIC RIZFRA, R, model2 1) AIC BN, BL, FRATRAIZESE model2, Wi
7& AR(1) #i7,
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[y

In [1]: baiyun=zgsy=pd.read csv( baiyun.csV ,index colZ Daté )

3 In [2]: baiyun.index=pd.to_datetime (baiyun.index)

(&)

In [3]: clprice=baiyun.Close

@
1 In [4]: logReturn=pd.Series ((np.log(clprice))).diff().dropna()

2
3 In [5]: logReturn.plot ()
Out[5]: <matplotlib.axes. subplots.AxesSubplot at 0x7efdb08b41d0>

IS

-

1 In [6]: adf=ADF(logReturn,lags=6)

3l In [7]: print(adf.summary().as_text())

4 Augmented Dickey—Fuller Results

5| == ==== ====

6 Test Statistic -6.189
7| P—value 0.000
8| Lags 6

10| Trend: Constant
11| Critical Values: —-3.46 (1%), —-2.87 (5%), —2.57 (10%)
12| Null Hypothesis: The process contains a unit root.

13| Alternative Hypothesis: The process is weakly stationary.

&

ADF faia gt &/ T 5% Milm FHE, Pt RATREw IR R, W o2 T Aai.

(o)
1{In [8]: plot_acf(logReturn,lags=20)

2| Out[8]: <matplotlib.figure.Figure at 0x7f24e3ae7c50>

3

IS

In [9]: plot _pacf(logReturn,lags=20)
Out[9]: <matplotlib.figure.Figure at O0x7f24e39f5ef0>

()]

~

In [10]: modell=arima_model .ARIMA(logReturn.values,order=(0,0,2)). fit ()

©

In [11]: model2=arima_model .ARIMA(logReturn.values,order=(2,0,0)).fit ()
10
11| In [12]: modell. aic

12 Out[12]: —1563.422363156626

13

14/ In [13]: model2. aic
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15L0ut [13]: —1561.4132520773128
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7E ACF B9, AR REOE B M. MifE PACF B, B B A R A& B8 1. Bk, 3k
TATLLUER: MARR) 5 AR2) #8L . [RIH 1, modell [ AIC B/, Fitk, FRATMIZIEE MA(2) FE4,

(d)r
i{In [14]: import math

2
3 In [15]: stdresid=model2.resid/math.sqrt (model2.sigma2)
4
s In [16]: stdresid.plot()

6l Out[16]: <matplotlib.axes. subplots.AxesSubplot at 0x7efdb077edd8>

g In [17]: plot_acf(stdresid,lags=20)

9| Out[17]: <matplotlib.figure.Figure at 0x7f24e3b64dd8>
10
11/ In [18]: LjungBox=stattools.q stat(stattools.acf(stdresid)[1:13],len(stdresid
))

12
13[In [19]: LjungBox[1][—1]

14| Out[19]: 0.21712592584238385

B oK BRI RIARAETR 2 I, KE 7 OB AR £2 2, X RUIIRATRA RO Bl S /3R 8 . 26 5K
KRR ZER ACF &, I EAHR BB R AR . ik, JATATELANRZEZ — P EMEAS . Z 534
4T 7 Ljung-Box fa e, p {09 0.2171, RUPREFFFINAMERS . Kb, BT VO BRATHIH R Z —A
AHEHIREA.

(e)r
1 In [20]: pd.Series(model2.forecast(10)[0]).plot()

2| Out[20]: <matplotlib.axes. subplots.AxesSubplot at 0x7efdb068a550>
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F£_+HE GARCH

-

..o Cov (5t»5t7k) =FE ((Et - K (Et)) (5t7k - F (5t7k))) =F (526526719) - K (Et) E (Etfk) =F (Ututgtfkutfk) =
E(0o¢)E(0t—k) E (ut) E (uz—g) =0
~Cor(gg,e4-1) =0

2. EE = OtlUt

22 _ 2 2 2 _ 2
cet=oiui=o0}t+0f(Wi-1)=0f+mn

o7 = Y0y aze; WUATLVEHON: ef = 30 ) aue? +

i{In [1]: import pandas as pd

3/ In [2]: CRSPday=pd.read csv( CRSPday.csV )

(&)

In [3]: ibm=CRSPday.ibm

@
1 In [4]: ibm.plot()

2| Out[4]: <matplotlib.axes. subplots.AxesSubplot at Ox7f1f4albd198>

W DEE], BOKRBEh R B AR EREEE — S BORBsl, TN B sh e W ER A BN Es . Bk, B

HIL T BN s TR G
(b)~
i In [5]: from statsmodels.graphics.tsaplots import *

2

3 In [6]: plot_acf(ibm**2,lags=20)

IREIE, FUBT R E A RECER R R . Bk, BATTLLAK ibm B ARCH 2.
() r

i{In [7]: from statsmodels.tsa import stattools

2

3l In [8]: LjungBox=stattools.q stat(stattools.acf(ibm**2)[1:13],len(ibm))

()]

In [9]: LjungBox[1][—1]
Out[9]: 8.5307836575770328e-12

-

[}

Ljung-Box ta%: ) p {H N 8.53¢ — 12, /T 0.05. Bk, ZFHIAZ—AEMERE, FRATATLLUAN ibm BA
ARCH %3

107
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In [10]:

In [11]:

In [12]:

In [13]:

In [14]:

import pandas_datareader.data as web

import datetime as dt

google = web.DataReader( GOOGL | yahod ,

dt.datetime(2004,1,1) ,dt.datetime(2015,12,31))

google = google.asfreq( M ;| ffill' ; end )

googleRet = (google.Close—google.Close.shift(1))/google.Close.shift (1)

googleRet = googleRet.dropna()

(@)r
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1/ In [15]: googleRet.plot ()
2| Out[15]: <matplotlib.axes. subplots.AxesSubplot at 0x7f1f487240b8>

MITEFPFIE B3, googleRet JEEA W RIS, &AM & 751,

(b)~
1/In [16]: plot_acf(googleRet, lags=20)

2

3 In [17]: plot_pacf(googleRet, lags=20)

45 ACF EIF1 PACF B, google Ret Mg —/FAaJFSI, bt —DEBEA.

(©)r
1{In [18]: LjungBox=stattools.q stat(stattools.acf(googleRet)[1:13],len(

googleRet))

w

In [19]: LjungBox[1][—1]
Out[19]: 0.78429206851907785

IS

Ljung-Box ta4& ) p 164 0.7843, KT 0.05. Bk, 2552 —MEEH.

(d)r
1 In [20]: (googleRet**2).plot ()

2| Out[20]: <matplotlib.axes. subplots.AxesSubplot at 0x7f1f2d3e36d8>

i 2 11 P 4 75 B TR) P 0 11, JRATT AT BASE s 5 MR L A1 RISl SRR I G . FEZ I, SEh REEIL G
HARWI .

(e)r
1{In [21]: plot_acf(googleRet**2,lags=20)

2

3l In [22]: plot_pacf(googleRet**2,lags=20)
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-

W

IS

(b)

1
2

3

10
11

12

In [23]: LjungBox=stattools.q stat(stattools.acf(googleRet**2)[1:13],len(
googleRet))

In [24]: LjungBox[1][—1]

Out[24]: 0.93944694696639508

111

Ljung-Box #4611 p fH4 0.9394, KT 0.05. Fk, ZFH2 DA, BIHAIE ARCH 208,

FATAE WA —A GARCH(1,1) BERKE B AT AT HIS5 18 /2 75 IEH -

In [25]: from arch import arch_model
In [26]: am = arch_model(googleRet)
In [27]: model = am. fit (update freq=0)
Optimization terminated successfully. (Exit mode 0)

Current function value: 1489.58011154

Iterations: 10

Function evaluations: 68

Gradient evaluations: 10
In [28]: print(model.summary())

Constant Mean — GARCH Model Results
Dep. Variable: Close R-sguared: —0.002
Mean Model: Constant Mean Adj. R-sguared: —0.002
vol Model: GARCH Log-Likelihood: 116.703
Distribution: Normal AIC: —225.407
Method: Maximum Likelihecod BIC: -213.756
No. Observations: 136
Date: H, 1B 22 2017 Df Residuals: 132
Time: 11:44:44 Df Model: 4
Mean Model
L

coef std err t P>t 25.0% conf Int

hiiib] 0.02¢1 7.2962-03 3.580 3.430e-04 [1.182e-02,4.042e-02]
Volatility Model

coef std err t P>t 25.0% Cconf. Int.
omega 5.€277e-03 1.€98e-03 3.313 9.214e-04 [2.299e-03,8.957e-03]
alphalll 0.8281 0.47¢6 1.741 8.169e-02 [ -0.104, 1.760]
betalll] 0.0000 €.237e-02 0.000 1.000 [ -0.122, 0.122]

Covariance estimator: robust

ALVER], REAE 5% MAKCFEARE, U8 Google )7 BEW a8 2 7 HI i S A7 1E ARCH 208
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In [29]: cny = web.DataReader( CNY=X , yahod ,
2 dt.datetime(2015,1,1),dt.datetime(2015,12,31))

[y

In [30]: ret = (cny.Close—cny.Close.shift(1))/cny.Close.shift(1)

S

[}

In [31]: ret = ret.dropna()

(@)
1 In [25]: cny.Close.plot()

2| Out[25]: <matplotlib.axes. subplots.AxesSubplot at 0x7f7a18599ef0>

KPR R R BT, I ARMBEEA R — PP

(b)r
Tn [27]: ret.plot()

2| Out[27]: <matplotlib.axes. subplots.AxesSubplot at 0x7f7a18475630>

HSAEMRYCRAR, HAZH 2 RPN RRES, 22— TRl

(©)r
i{In [28]: plot_acf(ret,lags=20)

2

3 In [28]: plot_pacf(ret,lags=20)

E A LR A ACE AT PACF B R LA RG34 10, BRI, P AT REFFANE — N A

(d)r
1{In [29]: LjungBox=stattools.q stat(stattools.acf(ret)[1:13],len(ret))

2
3In [30]: LjungBox[1][-1]
Out[30]: 0.0036343939189770673

IS

Ljung-Box ) p {4 0.00363, DAIBLEATAT AR LR B B . 45 RAEW] 1 3] L1 (048, 223l 5 5 Le P 3]
FEATE A MR

(e)r
i In [31]: (ret**2).plot()

2| Out[31]: <matplotlib.axes. subplots.AxesSubplot at 0x7f7a1849a550>

R, BORKIBEh BN BN 0 i B ERAE 2. AL, AR F - 58 B Bl R R

-
i{In [28]: plot_acf(ret**2,lags=20)

2

3 In [28]: plot_pacf(ret**2,lags=20)
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1 In [29]: LjungBox=stattools.q stat(stattools.acf(ret**2)[1:13],len(ret))
2

3 In [30]: LjungBox[1][-1]

4/ Out[30]: 0.14677921787366507

Ljung-Box 1 p {E 4 0.1467, FBLIEAIAREIEL . X 5ERATZ AT ACF KA1 PACF ElIf5 H 4518
A—F, G, BATATLUEL A GARCH BALKE B 2K A WA ARCH 208,

(h)~
i/ In [39]: from arch.univariate import ARX,GARCH

2

3/ In [40]: model=ARX(ret,lags=1)

4

5 In [41]: model.volatility=GARCH()
6

71In [41]: res = model. fit ()

o/ In [44]: print(res.summary())

AR — GARCH Model Results

Dep. Variable: Close R—sguared: 0.081
Mean Model: AR Adj. R-scuared: 0.077
Vol Model: GARCH Log-Likelihood: 1288.18
Distribution: Normal ATC: —2566.36
Method: Maximum Likelihood BIC: —2548.59

No. Observations: 258
Date: H, 18 z2 2017 Df Residuals: 253
Time: 129:45:35 Df Mcodel: 5

Mean Model

coef std err t P>t 95.0% Conf. Int
Const 1.2963e-04 1.221e-05 10.619 2.444e-2¢6 [1.057e-04,1.536e—-04]
Close[1] 0.2839 0.104 2.720 &.520e—03 [7.236=—02, 0.488]

Volatility Model

coef std err ol P>t | 895_.0% conf. Int.
omega 1.3716e—-06 1.105=e—-12 1.241e+086 0.000 [1.372e-06,1.372e—-06]
alphall] 0.0500 0.218 0.229 o.819 [ —0.378, 0.478]
betall] 0.4500 0.461 0.%976 0.32%9 [ —0.454, 1.354]

Covariance estimator: robust

WA RIRRA

R E IR, volatility model I REFA R, BHIIF A/ ARCH 25

cnyy = 1.296e — 03 4 0.284cnyi—1 + €4

&t = OtUyg

o? = 1.372¢ — 06 + 0.05007_; + 0.450¢%



%=—+tx% GARCH 116

0.020

0.015 - B

0.010 - B

0.005 - B

0.000

—0.005 (- B

—0.010

-,_o‘\" 75)'\" 1,0\6 —,p'f’ (Jaf’

o o ) >
o T g P e P e

) ©
1g\ o>
¥ 2 o"‘&

<& o

Date

Autocorrelation

10

0.8

0.6

0.4

0.2

Partial Autocorrelation

10

0.8

0.6

0.4

25.5: @ 5



=

10

11

12

13

14

15

16

17

|.

N
Y

EZTRE ENRXH

In

In

In

[1]: import pandas as pd

import pandas datareader.data as web

import datetime as dt

import statsmodels.formula.api as smf

import numpy as np

: from arch.unitroot import ADF

[2]: zgyh

[3]: zxyh

web.DataReader( 601988.SS ;| yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31))

web.DataReader( 601998.SS ;| yahod ,
dt.datetime(2009,1,2),dt.datetime(2012,12,31))

(a)

1
2

3

()]

(o)

(b)

r

In [4]:
In [5]:

In [6]:
Out[6]:

train_zgyh = zgyh.Close[ 2009 ! 2017 ]

train_zxyh = zxyh.Close[ 2009 ! 20171 ]

train_zxyh.corr(train_zgyh)
0.81995687956478036

PIE A O R B RE 0.82, R WIEATTAT AR Y SR BEAT FEXS

r

In [7]:

In [8]:

In [9]:

trainset=pd.concat([train_zxyh , train zgyh],1)

trainset.columns=[ zxyh ;| zgyH ]

trainset=np.log(trainset)
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In [10]: model

In [11]: resid

118

smf.ols( zgyh~zxyh ,data=trainset).fit ()

model. resid

In [12]: adf=ADF(resid, trend= n¢ )

In [13]: print(adf.summary().as_text())

Augmented Dickey—Fuller Results

Test Statistic
P—value

Lags

—2.428
0.015
1

Trend: No Trend

Critical Values:

Null Hypothesis:

-2.57 (1%), -1.94 (5%), —-1.62 (10%)

The process contains a unit root.

Alternative Hypothesis: The process is weakly stationary.

-~

ARKIR ST RN —2.428, /N 5% WG SHE. B, 2R T Aa .

r

In [14]: spread = trainset.zgyh — trainset.zxyh

In [15]: resid.describe()

Out[15]:

count 7.280000e+02
mean 2.976862e-16
std 6.673705e-02
min —1.094785e-01
25% —5.151544e-02
50% —2.006203e-02
75% 4.786318e-02
max 2.227136e-01

Name: None, dtype: float64

i

In [16]: sh50 = pd.read csv( Data/Part5/001/sh50.csV )
In [17]: code = sh50.Code[:20]

#2 St HSSD & #

In [18]: def pair(a):
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[111}))

Bt % 5

if len(a) == 2:
stock_a = web.DataReader( %d.SS % a[0], yahod ,
dt.datetime(2015,1,1),dt.datetime(2015,6,30))
stock b = web.DataReader( %d.SS % a[1], yahod ,
dt.datetime(2015,1,1) ,dt.datetime(2015,6,30))
np.log(stock a.Close)

X
y = np.log(stock b.Close)

ret x = x.diff()[1:]

ret y = y.diff()[1:]

standard x = (1+ret_x).cumprod ()

standard y = (1+ret_y).cumprod ()
SSD = ((standard x-standard y)**2).sum()
return (pd.DataFrame ({ SSD :[SSD], stockT :[a[0]], stockZ2 :[a

else:
dat = pd.DataFrame({ SSD :[0], stockT :[0], stock2 :[0]})
for i in range(1,len(a)):
dat = dat.append(pair([a[0],a[i]]))
return (dat.append(pair(a[1:])))

In [19]: pair_ SSD = pair(code.values)
20| #& IRSSDAA ) T 169 AL & 3t 17 B 2t
In [20]: pair SSD = p

air_SSD [pair_SSD.SSD!=0]

In [21]: pair_SSD = pair_SSD[pair_SSD.SSD<=1]
#ir &R H %%
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In [1]: %paste

import pandas as pd
import numpy as np
import candle as cd

import matplotlib.pyplot as plt

shzheng = pd.read csv( Data/Part5/001/problem27—-1.csv ,
index_col=Z daté )
shzheng.index.name= Daté
shzheng.index = pd.to_datetime (shzheng.index, formatZ %Y-%m-%d )
shzheng13=shzheng[ 2013-03-0T : 2013-05-371 ]
cd.candleVolume (shzheng13,
candletitleZ Candle Plot of Shanghai Composite IndexX ,

bartitleZ volumé )

Candle Plot of Shanghai Composite Index

2350

2300

2250

candle and price line

2200

H H 1 H 1 1 1 H 1 H 1 1 1
03/04/201303/11/201303/18/201303/25/201304/01/2013 04/08/201304/15/201304/22/201304/29/2013 05/06/201305/13/201305/20/201305/27/2013

volume
:

400000 -

300000 -t

volume

200000

100000

0
03/04/201303/11/201303/18/201303/25/201304/01/201304/08/201304/15/201304/22/201304/29/201305/06/201305/13/201305/20/201305/27/2013

27.1: 1

121




10

11

12

13

14

15

16

17

18

19

20

FoteE K& 122
In [1]: shzheng = pd.read csv( Data/Part5/001/problem27—-2.csv ,
index_col= daté )
In [2]: shzheng.index.name= Daté
In [3]: shzheng.index = pd.to_datetime (shzheng.index, format= %Y-%m-%d )
In [4]: shzheng131=shzheng[ 2013-01-0T1 : 2013-06-30 ]
In [5]: CL.OP = shzheng131.Close — shzheng131.Open
In [6]: CL OP.describe()
Out[6]:
count 78.000000
mean —1.854376
std 25.289310
min —-105.627076
25% —15.605286
50% 0.348023
75% 11.783997
max 59.637939

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

dtype: float64

In [7]:

R index=CL OP.index)

In [8]: Doji[Doji==1].index

Out[8]:

Datetimelndex ([ 2013—-03-01 ,
' 2013-03-22 ,
' 2013-04-02 ,
' 2013-04-22 ,

' 2013-05-13 ,

' 2013-05-27 ,
' 2013-06-05
' 2013-06-27 ],

dtype= datetime64[ns] , name=

2013-03-08
2013-03-27
2013-04-03
2013-05-02
2013-05-15
2013-05-29
2013-06-18

In [9]: cd.candlePlot(shzheng131,
e titleZ Candle Plot of Shanghai Composite Index )

2013-03-117
2013-03-29
2013-04-10
2013-05-07

' 2013-05-22

2013-05-30
2013-06—-19

Doji = pd.Series(np.where(np.abs(CL OP.values) <8,1,0),

2013-03-21
2013-04-01
2013-04-17
2013-05-08

' 2013-05-24

2013-06-03
2013-06—-26

Daté , freq=None)
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a)r

(i In [1]: shzheng = pd.read csv( Data/Part5/001/problem27—-3.csv ,

2 index_col= daté )

3

4/ In [2]: shzheng.index.name= Daté

5

6/ In [3]: shzheng.index = pd.to _datetime (shzheng.index, format= %Y-%m-%d )

10

11
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17

18

19

CRARCIE - SN

In [4]:

In [5]:
Out[5]:
count
mean
std

min

25%

50%

75%

max

CL OP = shzheng.Close — shzheng.Open

CL OP.describe ()

243.000000
2.244368
22.884043
—73.685059
—11.442016
1.513183
14.296997
91.843994

dtype: float64

In [6]:

In [22]:

dat = pd.concat([CL OP,CL OP.shift(1),CL OP.shift(2)],1)

candle = np.all([np.abs(dat.iloc[:,1])<=3,dat.iloc[:,2]>11,
dat.iloc[:,0]< -6,
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(a)

e
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[}

[y
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IS

~

np.abs(dat.iloc[:,0])<np.abs(dat.iloc[:,2]) /2],
0)

#7 8 +F 2
In [8]: dataCOP = pd.concat([shzheng.Close,shzheng.Open.shift (1),

shzheng.Close.shift (1) ,shzheng.Open.shift(2)],1)
In [9]: Doji = np.all ([dataCOP.iloc[:,1] >dataCOP.iloc[:,3],
: dataCOP.iloc[:,1] >dataCOP.iloc[:,0],
: dataCOP.iloc][:,2] >dataCOP.iloc[:,3],

: dataCOP.iloc][:,2] >dataCOP.iloc[:,0]],0)

#%) ® Lk oik A

124

In [10]: ret = (shzheng.Close—shzheng.Close.shift(1))/shzheng.Close.shift (1)

In [11]: trend = np.all([ret.shift(2)>0,ret.shift(1)>0],0)

In [12]: signal = np.all([candle, Doji, trend],0)

In [13]: sum(signal)
Out[13]: O

m%, BARI “HEZAE.

Ve

In [28]: shzheng = pd.read csv( Data/Part5/001/problem27—4.csv ,

index col=Z daté )
In [29]: shzheng.index.name= Daté

In [30]: shzheng.index = pd.to_datetime (shzheng.index, format= %Y-%mn%d )

#7) B ¥k F AR
In [31]: CL OP = shzheng.Close — shzheng.Open

In [32]: candle = np.all ([CL OP<0,CL OP.shift(1) >0],0)
#%) & 0 £ 3B

In [33]: diffPrice = np.all ([shzheng.Open>shzheng.Close.shift(1),shzheng.
Close<shzheng.Open. shift(1)],0)
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#%) @ bk A%
In [34]: ret = (shzheng.Close—shzheng.Close.shift(1))/shzheng.Close.shift (1)

In [35]: trend = np.all([ret.shift(2)>0,ret.shift(1)>0],0)

r

In [36]: signal = np.all([candle, diffPrice,trend],0)

In [37]: sum(signal)
Out[37]: O

-

%%, TAVFRARIL BB

r

#iE LA
#7) @ R0k K AR

In [38]: CL OP.describe()
Out[38]:

count 245.000000
mean 0.886421
std 28.573461
min —85.802002
25% —15.752930
50% 0.811035
75% 17.271973
max 84.511963
dtype: float64

LRARCIE I SN
In [39]: candle = np.all ([CL OP<0,CL OP.shift(1)>17],0)

#%) @ H % £ 3B
In [40]: diffPrice = np.all([shzheng.Close<shzheng.Open.shift(1)],0)

#%) @ bk A%
In [41]: trend = np.all([ret.shift(1)>0,ret.shift(2)>0],0)

-

In [42]: signal = pd.Series(np.all([candle, diffPrice,trend],0),index=CL OP.

index)
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In [43]: signal[signal==True]
Out[43]:

Date

2011-01-20 True
2011-05-04 True
2011-09-22 True

dtype: bool

In [44]: cd.candlePlot(shzheng[ 2011-01-0T : 2011-02-15 ], 2011-01-20 )

In [45]: cd.candlePlot(shzheng[ 2011-04-15 : 2011-05-15 ], 2011-05-04 )

In [46]: cd.candlePlot(shzheng[ 2011-09-15 : 2011-10-15 ], 2011-09-22 )

126
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In [1]: import pandas as pd

In [2]: pufa

import numpy as np

pd.read _csv( Data/Part5/002/problem28—1.csv ,index_col= daté )

In [3]: pufa.index.name= Daté

In [4]: pufa.index = pd.to_datetime(pufa.index, format= %Y-%m-%d )

(@)r

1
2

3

10
11
12
13

14

#6H 7 ¥

In [5]: mom6 1

pufa.Close — pufa.Close.shift(6)

In [6]: mom62 = (pufa.Close — pufa.Close.shift(6))/pufa.Close.shift(6)

#3080 3 &
In [7]: mom30 1

pufa.Close — pufa.Close.shift(30)

In [8]: mom30 2

(pufa.Close — pufa.Close.shift(30))/pufa.Close.shift(30)

#9080 3 =
In [9]: mom90 1

pufa.Close — pufa.Close.shift(90)

In [10]: mom90 2 = (pufa.Close — pufa.Close.shift(90))/pufa.Close.shift(90)

#E Xt E X H1z 5 H K
In [11]: def getSignal(x):
signal = np.where(x>0,1,np.where(x<0,-1,0))

return(signal)
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#THEXHE 5

In [12]:

In [13]:

In [14]:

signal6é = getSignal (mom6 2)

signal30 = getSignal (mom30 2)

signal90 = getSignal (mom90 2)

#it o B %

In [15]: ret = (pufa.Close—pufa.Close.shift(1))/pufa.Close.shift(1)
In [16]: ret6 = ret[6:]

In [17]: ret30 = ret[30:]

In [18]: ret90 = ret[90:]

In [19]: signal6é = pd.Series(signal6[6:],index=ret6.index)

In [20]: Mom6Ret = ret6[1:] * signal6.shift(1)[1:]

In [21]: signal30 = pd.Series(signal6[30:],index=ret30.index)
In [22]: Mom30Ret = ret30[1:] * signal30.shift(1)[1:]

In [23]: signal90 = pd.Series(signal6[90:],index=ret90.index)
In [24]: Mom90Ret = ret90[1:] * signal90.shift(1)[1:]

#it H R E

In [25]: winrate6 = sum(Mom6Ret>0)/sum(Mom6Ret!=0)

In [26]: winrate6

Out[26]: 0.44642857142857145

In [27]: winrate30 = sum(Mom30Ret>0)/sum(Mom30Ret!=0)

In [28]: winrate30

Out[28]: 0.44390243902439025

In [29]:

winrate90 = sum(Mom90Ret>0)/sum(Mom90Ret! =0)
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48/ In [30]: winrate90
49| Out[30]: 0.44966442953020136

FERX = ARG, =M ENRER VPR, 1 90 Hah R MsiE—%.

#Z XL HHEH 5 B K
In [31]: def getSignal(x):
first = x.iloc[:,0]
second = x.iloc[:,1]
signal = [1 if first[i]>0 and second[i]>0 else -1 if first[i]<0 and
second[i]<0 else 0 for i in range(len(first))]

return(signal)

#+E X HEF
In [32]: momen

pd.concat ([mom6 2,mom90 2], 1)

In [33]: momen = momen.dropna ()

In [34]: signal getSignal (momen)

In [35]: signal
#i+ H R &
In [36]: MomRet

pd.Series(signal,index= mom90 2.dropna() .index)

ret90[2:]1 * signal.shift(2)[2:]

In [37]: sum(MomRet>0)/sum(MomRet! =0)
Out[37]: 0.45000000000000001

t{In [1]: import pandas as pd

3 In [2]: import numpy as np

s In [3]: prices = pd.read csv( Data/Part5/002/problem28—-3.csv ,

6 index_col= daté )

g/ In [4]: prices.index.name= Daté
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In [5]: prices.index = pd.to _datetime(prices.index,format= %Y-%m-%d )

In [6]: prices prices.asfreq( M ,how= end ,method= ffill )

(prices.pfyh — prices.pfyh.shift(3))/prices.pfyh.shift(3)

In [7]: ret_pf

In [8]: ret_zg (prices.zgyh — prices.zgyh.shift(3))/prices.zgyh.shift(3)

(prices.msyh — prices.msyh.shift(3))/prices.msyh.shift(3)

In [9]: ret_ ms

In [10]: ret_gs (prices.gsyh — prices.gsyh.shift(3))/prices.gsyh.shift(3)

In [11]: ret_js = (prices.jsyh — prices.jsyh.shift(3))/prices.jsyh.shift(3)

-

131

-

In [12]: %paste
cash = np.ones(len(ret_pf))*1000000

stock = np.zeros(len(ret_pf))

for i in range(4,len(cash)):
momen = pd.Series ([ret_gs[i—1],ret js[i-1],
ret ms[i—1],ret pf[i—1],ret zg[i—1]])
if il=4:
momen lag = pd.Series ([ret _gs[i—2],ret js[i-2],
ret ms[i—2],ret pf[i-2],ret zg[i—-2]])
cash[i] = cash[i—1] + 10000 * prices.iloc[:,momen lag.idxmax () ]1[i]
stock[i] = 10000 * prices.iloc[:,momen.idxmax()][i]

cash[i] —= 10000 * prices.iloc[:,momen.idxmax()][i]

(cash[35]+stock[35]—-1000000)/1000000*len (cash)
## — End pasted text —

Out[16]: 0.072000000000000008
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E£_+/1LE RSI

In [1]: %paste
import pandas as pd
import numpy as np
def rsi(price,period=6):
import pandas as pd
clprcChange=price—price.shift (1)
clprcChange=clprcChange.dropna()
indexprc=clprcChange.index
upPrc=pd. Series (0,index=indexprc)
upPrc[clprcChange>0]=clprcChange[clprcChange >0]
downPrc=pd. Series (0,index=indexprc)
downPrc[clprcChange <0]=—clprcChange[clprcChange <0]
rsidata=pd.concat ([ price, clprcChange, upPrc,downPrc],\
axis=1)
rsidata.columns=[ price ;| PrcChangé | upPrc¢ | downPr¢ ]
rsidata=rsidata.dropna();
SMUP=]
SVDOMN=[]
for i in range(period,len(upPrc)+1):
SMUP. append (np.mean(upPrc.values [(i—period):i],\
dtype=np. float32))
SVDOWN. append (np.mean(downPrc. values [(i—period):i],\
dtype=np.float32))
rsi=[100*SMUP[i ]/ (SMUP[i]+SVDOWN[i]) \
for i in range(0,len(SMUP))]
indexRsi=indexprc[(period-1):]
rsi=pd.Series(rsi,index=indexRsi)

return(rsi)

## — End pasted text —

(B)
1{In [1]: import pandas as pd

132




$=F/% RS 133

3 .... import numpy as np

5 In [2]: jtyh = pd.read csv( Data/Part5/003/problem29—-1.csVv ,index _col= daté )

7/In [3]: jtyh.index.name= Daté

o/ In [4]: jtyh.index = pd.to_datetime(jtyh.index, format= %Y-%mnm-%d )
10
11/ In [5]: RSI5
12
13 In [6]: RSI6
14
s/ In [7]: RSI7
16
17| In [8]: RSI8

rsi(jtyh.Close,5)

rsi(jtyh.Close,6)

rsi(jtyh.Close,7)

rsi(jtyh.Close,8)

18

19 In [9]: RSI9 = rsi(jtyh.Close,9)

20

21 In [10]: RSI10 = rsi(jtyh.Close,10)
22

23/ In [11]: RSI12
24

25/ In [12]: RSI_all =pd.concat([RSI5,RSI6,RSI7,RSI8,RSI9,RSI10,RSI12],1)

rsi(jtyh.Close,12)

1{In [13]: jtyh = pd.read csv( Data/Part5/003/problem29-2.csVv ,index colZ dat€ )

3 In [14]: jtyh.index.name= Daté

5 In [15]: jtyh.index = pd.to_datetime(jtyh.index, format= %Y-%m-%d )

1{In [16]: import candle

3 In [17]: candle.candlePlot(jtyh, Candle Plot of Bank of Communications )

1{In [18]: RSI6 = rsi(jtyh.Close,6)

3 In [19]: RSI30 = rsi(jtyh.Close,30)

5 In [20]: RSI = pd.concat([RSI6,RSI30],1)




10

11

12

10

11

12

13

14

15

16

17

18

—+A% RSI

134

=

Out[36]:

In [21]: RSI.columns=[ RSI6 , RSI30 ]
In [22]: RSI.plot()
p
In [23]: signal = np.where(RSI6>90,—1,np.where(RS16<10,1,0))
In [24]: ret = (jtyh.Close—jtyh.Close.shift(1))/jtyh.Close.shift(1)
In [25]: ret6 = ret[6:]
In [26]: signal = pd.Series(signal,index=ret6.index)
In [27]: RSl ret = ret6[1:] * signal.shift(1)[1:]
In [28]: sum(RSI ret>0)/sum(signal!=0)
Out[28]: 0.40566037735849059
In [29]: RSI _all = pd.concat([RSI6,RSI30,RSI6.shift(1),RSI30.shift(1)],1)
In [30]: RSI_all = RSI_all.dropna()
In [31]: RSI _all.columns = [ RSI6 ;| RSI30 , L RSI6 | L RSI30 ]
In [32]: signal = [1 if RSI _all.RSI6[i] > RSI _all.RSI30[i] and RSI _all.L RSI6
[i] < RSI_all.L RSI30[i] else \
. -1 if RSI_all.RSI6[i] < RSI _all.RSI30[i] and RSI _all.
L RSI6[i] > RSI _all.L RSI30[i] else O \
for i in range(len(RSI _all))]
In [33]: ret30 = ret[30:]
In [34]: signal = pd.Series(signal,index=ret30.index)
In [35]: RSl ret = ret30[1:] * signal.shift(1)[1:]
In [36]: sum(RSI ret>0)/sum(signal!=0)

0.33695652173913043
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Candle Plot of Bank of Communications
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In [37]: RSI_all = pd.concat([RSI6,RSI30],1)[24:]
In [38]: signal = np.zeros(len(RSI _all))

In [39]: RSI _all.columns = [ RSI6 , RSI30 ]
#HHEXHEF
In [40]: for i in range(3,len(RSI all)):
: if RSI all.RSI6[i—3] < RSI_all.RSI30[i-3] and \
RSI all.RSI6[i—-2] > RSI _all.RSI30[i-2] and \

RSI _all.RSI6[i—1] > RSI _all.RSI30[i-1] and \
: (RSI_all.RSI6[i—1] — RSI _all.RSI30[i—-1]) < (RSI_all.RSI6[i-2] —
RSI_all.RSI30[i—-2]) and \
(RSI_all.RSI6[i] — RSI _all.RSI30[i]) > (RSI_all.RSI6[i—1] — RSI _all.
RSI30[i—1]):
signal[i] =1
In [41]: signal = pd.Series(signal,index = RSI _all.index)
In [42]: signal[signal==1]
Out[42]:
Date
2013-08-01 1.0

2013-10-29 1.0
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24

25

26

27

28

10

11

12

2014-01-09
2014-04-10
2014-09-04
2014-11-13

1.0
1.0
1.0
1.0

dtype: float64
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In [33]: buyDate=signal[signal==1]

In [34]: ret.

Out[34]:
Date
2013-08-01
2013-10-29
2014-01-09
2014-04-10
2014-09-04
2014-11-13

Name: Close,

shift(—1)[buyDate.index]

—0.002611
0.007092
0.002639
0.002577
0.006865

—0.008621

dtype: float64
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In [2]:

In [3]:

In [4]:

In [5]:

In [6]:

In [7]:

In [8]:

In [9]:

: import pandas as pd

import numpy as np

import movingAverage as ma

dow = pd.read csv( Data/Part5/004/problem30—1.csV , index colZ daté )

dow.index.name= Daté

dow.index = pd.to_datetime (dow.index, format= %Y-%m-%d )

sma = ma.smaCal(dow. Close,30)
wma = ma.wmaCal(dow. Close ,[(i+1)/465 for i in range(30)])
ema = ma.ewmaCal(dow.Close,30,0.8)

maValues = pd.concat([sma,wma,ema],1).replace(0,np.nan).dropna()

maValues.columns = [ smd , wma | emd |

In [10]: maValues. plot ()

AUER], =HRAFRZIDN . SE AT BLEATE S WMA A1 EMA IRCE, ISR A AZAL .
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30.1: 1
In [11]: zgyh = pd.read _csv( Data/Part5/004/problem30-2.csV ,index_colZ daté )
In [12]: zgyh.index.name= Daté
In [13]: zgyh.index = pd.to_datetime(zgyh.index, format= %Y-%m-%d )
(@)
1/ In [14]: import matplotlib.pyplot as plt
2
3 In [15]: mom14 = (zgyh.Close-zgyh.Close.shift(14))/zgyh.Close.shift(14)
4
s In [16]: mal4 = ma.smaCal(zgyh.Close,14)
6
71In [17]: data = pd.concat([zgyh.Close ,moml14,mal14],1) .dropna ()
8
o/ In [18]: data.columns = [ Clos€ , Mom | SMA ]
10
11] In [19]: axis1 = plt.subplot()
12
13 plot1, = axis1.plot(data.index,data.Close, —r ,labelZ Clos€ )
14 plot2, = axis1.plot(data.index,data.SMA,’ —d ,labelZ SMA )
15 axis2 = axis1.twinx()
16
17 plot3, = axis2.plot(data.index,data.Mom' —bB ,labelZ Mom )
18
19 plt.legend(handles=[plot1, plot2, plot3])
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20| Out[19]: <matplotlib.legend.Legend at 0x7f25cc421240>

=

1{In [20]: ret = (zgyh.Close—zgyh.Close.shift(1))/zgyh.Close.shift (1)

3 In [21]: signal np.all ([data.Close > data.SMA, data.Mom>0],0)

5| In [22]: signal pd.Series(signal ,index = ret[14:].index)
711n [23]: ret = ret[15:] * signal.shift(1)[1:]

ol In [24]: ret.sum()
10| Out[24]: —-0.2389164532938523

Bk AT T, LA DRI O R I 1508, T KT O WIERBIAN IEAE BTt BRIk, 3ATTmT B
BOEFEN— DA T s s IR Z E07 A RT 0 i, SR 288, KRR, fatsfiZ
B FHABONRER, T PR U R I8 2 S

4.5 T 0.15
—— Close
— SMA
Mom |10-10
4.0 fe
40.05
3.5 40.00
—0.05
3.0
’ -0.10
—0.15

2.5 L . . . . . . .
Feb 2010Aug 2010Feb 2011Aug 2011Feb 2012Aug 2012Feb 2013Aug 2013

Kl 30.2: @ 2

B)
i{In [1]: aapl = pd.read csv( problem30-3.csV ,index colZ daté )

2

3 In [2]: aapl.index.nameZ Daté

(&)

In [3]: aapl.index = pd.to_datetime(aapl.index, formatZ %Y-%m-%d )

(@)r

1/ In [4]: import candle

2
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In [5]: candle.candleLinePlots(aapl[ 2014-01 ! 2014-02 ],splitFigures=False,

candleTitleZ Candle Plot of AAPL ,Data=aapl.Close[ 2014-07 : 2014-02 ],)

HRAFRRKATRA, AT HHEG— 8K, & ikRTAdjusted Price, Bp T #

#%

In [6]: dif = ma.ewmaCal(aapl1.Adjusted,12,2/13)—ma.ewmaCal(aapl1.Adjusted
,26,2/27)

In [7]: dif = dif[25:]

In [8]: dea = ma.ewmaCal(dif,9,2/10)

In [9]: dea = dea[8:]

In [10]: dif = dif[8:]
In [11]: macd = dif —dea

In [12]: plt.subplot(211)
plt.plot(dif[12:],label=" DIF' ,color= K )
plt.plot(dea[12:], label=" DEA" ,color= B ,linestyle=Z dashed )
plt.title (" DIF and DEA’)
plt.legend()
plt.subplot(212)
plt.bar(left=macd[12:].index, height=macd[12:],

label2 MACD ,color2 r )
.... plt.legend()
Out[12]: <matplotlib.legend.Legend at 0x7f25cc6d9ac8>

w

In [13]: price = aapl1.Adjusted

In [14]: dat = pd.concat([price,dea, dif],1).dropna()]

In [15]: dat.columns = [ price | ded , dif ]

In [16]: asset = 100000 * np.ones(len(dat))

In [17]: cash = 100000 * np.ones(len(dat))

In [18]: share = np.zeros(len(dat))
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13 In [19]: for i in range(1,len(dat)):
14 cash[i]=cash[i—-1]+share[i—1]*dat. price[i]
15 asset[i]=cash[i]
16 if dat.dif[i] > dat.dea[i] >0 and dat.dif[i—-1] < dat.dea[i—-1]:
17 share[i]=100
18 cash[i]=cash[i]-100*dat. price[i]
19 elif dat.dif[i] < dat.dea[i] < O and dat.dif[i—1] > dat.deali
-17:
20 share[i]=—100
21 cash[i]=cash[i]+100*dat. price[i]
22
23
24
25/ In [20]: asset[—5:]
26| Out[20]: array ([ 100022.3615, 100183.0869, 100183.0869, 100183.0869,
100183.0869])
70 Candie Plot of AAPL ‘
\‘,\*@ «P\%Q\? «P\?'Q’& x‘,\??’o x‘&eﬁ@ \’;&‘& N@Q 5 >
K 30.3: & 3
4.
(a)r
t{In [21]: SMA6 = ma.smaCal(aapl.Close,6)
2
3l In [22]: BIAS6 = (aapl.Close-SMA6)/SMA6*100
t{In [23]: EMA9 = ma.ewmaCal(aapl.Close,9)
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3/ In [24]: SMA38 = ma.smaCal(aapl.Close,38)
4

siIn [25]: BIAS = (EMA9 — SMA38) /SMA38
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In [1]:

In [2]:

In [3]:

In [4]:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import candle
def bbands(tsPrice, period=20,times=2):
upBBand=pd. Series (0.0,index=tsPrice.index)
midBBand=pd. Series (0.0 ,index=tsPrice.index)
downBBand=pd. Series (0.0, index=tsPrice.index)
sigma=pd. Series (0.0,index=tsPrice.index)
for i in range(period—1,len(tsPrice)):
midBBand[ i]=np.nanmean(tsPrice[i —(period—-1):(i+1)])
sigmali]=np.nanstd(tsPrice[i —(period—1):(i+1)])
upBBand[i]=midBBand[i]+times*sigmali]
downBBand[ i]=midBBand[i]—times*sigmali]
BBands=pd.DataFrame ({ upBBand :upBBand[(period—-1):],\
" midBBand :midBBand[(period—-1):],\
" downBBand :downBBand[(period—1):],\
" sigmd :sigma[(period—1):1})

return (BBands)

Bands)

GSPC = pd.read csv( Data/Part5/005/problem31—-1.csVv ,index _col=Z daté

GSPC.index .nameZ Daté

GSPC.index = pd.to_datetime (GSPC.index, format= %Y-%m-%d )

143
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[5]: GSPCT = GSPC[: 2014-02 ]

[6]: candle.candleLinePlots(GSPC1, candleTitle2 Candle Plot of SPY500 ,Data
=GSPC1.Close)

[7]: candle.candleLinePlots(GSPC1, candleTitle2 Candle Plot of SPY500 ,
Data=bbands(GSPC1.Close) [[ downBBand , upBBand ]])
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[8]: upbound = pd.rolling_max (GSPC.High,10)
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In [9]: lowbound = pd.rolling_min (GSPC.Low,10)
In [10]: midbound = (upbound+lowbound)/2
In [11]: bounds = pd.concat ([upbound, lowbound, midbound], 1)
In [12]: bounds.columns=[ upbound , lowbound ; midbound ]
In [13]: bounds.dropna() .plot()
Out[13]: <matplotlib.axes. subplots.AxesSubplot at 0x7f8465df1550>
In [14]: std = pd.rolling_std (GSPC. Close,10)
In [15]: midbound = pd.rolling mean (GSPC.Close,10)
In [16]: upbound = midbound + 1.5 * std
In [17]: lowbound = midbound — 1.5 * std
In [18]: bounds = pd.concat ([upbound, lowbound, midbound], 1)
In [19]: bounds.columns=[ upbound , lowbound , midbound ]
In [20]: bounds.dropna() .plot()
Out[20]: <matplotlib.axes. subplots.AxesSubplot at 0x7f8465d9dc50>
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In [21]: bounds = bbands(GSPC. Close)

In [22]: bvalue
downBBand)

In [23]: bvalue.plot()
Out[23]: <matplotlib.axes. subplots.AxesSubplot at 0x7f84644af080>
-

(GSPC. Close — bounds.downBBand) /(bounds.upBBand-bounds.

-

In [24]: bvalue = bvalue.dropna()

In [25]: dat = pd.concat ([GSPC. Close, bvalue],1).dropna()
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[26]:

[27]:

[28]:

[29]:

[30]:

dat.columns = [ bvalué | pric€ ]

asset = 100000 * np.ones(len(dat))

cash = 100000 * np.ones(len(dat))

share = np.zeros(len(dat))

for i in range(1,len(dat)):
cash[i]=cash[i-1]+share[i—1]*dat. price[i]
asset[i]=cash[i]
if dat.bvalue[i—1]<0:
share[i]=100
cash[i]=cash[i]-100*dat. price[i]
elif dat.bvalue[i-1]>0:
share[i]=—100
cash[i]=cash[i]+100*dat. price[i]
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{In [31]: BW = (bounds.upBBand — bounds.downBBand) /bounds.midBBand
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In [32]: BW.describe ()

Out[32]:

count 233.000000
mean 0.046497
std 0.023566
min 0.012923
25% 0.028057
50% 0.042070
75% 0.061352
max 0.119867

dtype: float64

-
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In

In

[33]: midbound = (pd.rolling_mean(GSPC.Close,3) + pd.rolling_mean (GSPC. Close
6)\

S + pd.rolling_mean (GSPC.Close,12) + pd.rolling mean (GSPC. Close
24))/4

[34]: std = pd.rolling_std (midbound,11)

[35]: upbound = midbound + 6 * std

[36]: lowbound = midbound — 6 * std

[37]: bounds = pd.concat ([upbound, lowbound, midbound], 1)

[38]: bounds.columns=[ upbound , lowbound ;| midbound ]

[39]: bounds.dropna() .plot()

Out[39]: <matplotlib.axes. subplots.AxesSubplot at 0x7f8464405860>
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£=+"5 KDJ

In [1]:

[2]:

[3]:

[4]:

[5]:

[6]:

[7]:

[8]:

[9]:

[10]: D

[11]: )

[12]: )

import pandas as pd

import numpy as np

import movingAverage as ma

import matplotlib.pyplot as plt

GSPC = pd.read csv( Data/Part5/006/problem32—-2.csv ,index colZ daté )

GSPC.index.name= Daté

GSPC.index = pd.to_datetime (GSPC.index , format= %Y-%m-%d )

minValue = GSPC.Low. rolling (9).min()

maxValue = GSPC.High.rolling (9) .max()

RSV

(GSPC.Close — minValue) /(maxValue — minValue) * 100

RSV

RSV.dropna ()

K = ma.ewmaCal(RSV,2,1/3)[1:]

ma.ewmaCal(K,2,1/3)[1:]

3*K — 2*D

J.dropna ()

[13]: KDJ = pd.concat([K,D,J],1).dropna()
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In [14]: KDJ.columns = [ K [ D | J ]
In [15]: signal1l = [1 if KDJ.K[i] < 20 else —1 if KDJ.K[i] > 80 else 0 for i in
range(len(KDJ))]
In [16]: signal2 = [1 if KDJ.D[i] < 20 else —1 if KDJ.D[i] > 80 else 0 for i in
range(len(KDJ))]
In [17]: signal3 = [1 if KDJ.J[i] < O else -1 if KDJ.J[i] > 100 else O for i in
range(len(KDJ))]
In [18]: signal = np.array(signall) + np.array(signal2) + np.array(signal3)
In [19]: signal = pd.Series(signal, index = KDJ.index)
In [20]: ret = (GSPC.Close — GSPC.Close.shift(1))/GSPC.Close.shift(1)
In [21]: KDJRet = ret * signal.shift(1)
In [22]: KDJRet = KDJRet.dropna ()
In [23]: sum(KDJRet>0)/sum(KDJRet!=0)
Out[23]: 0.45977011494252873
(@)
1 In [24]: minValue = GSPC.Low. rolling (14).min()
2
3/ In [25]: maxValue = GSPC.High.rolling (14).max()
4
5/ In [26]: WR = (maxValue — GSPC.Close) / (maxValue — minValue) * 100
6
7/ In [27]: WR = WR.dropna ()
1 In [28]: signal = [1 if WR[i]>80 else -1 if WR[i]<20 else O for i in range(
len (WR)) ]
2
3l In [29]: signal = pd.Series(signal,index = WR.index)
4
s/ In [30]: WRRet = ret * signal.shift(1)
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In [31]: WRRet = WRRet.dropna ()

In [32]: sum(WRRet>0)/sum(signal!=0)
Out[32]: 0.48148148148148145
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i{In [1]: import pandas as pd

3 ...: import numpy as np

4

5 .... import movingAverage as ma

6

7 .... import matplotlib.pyplot as plt
8

9 ...: import candle

10

11/ In [2]: cjzq = pd.read csv( Data/Part5/007/problem33—-1.csV ,index colZ daté )
12
13/ In [3]: cjzq.index.name= Daté
14
15| In [4]: cjzq.index = pd.to_datetime(cjzq.index, format= %Y-%m-%d )
16

171 In [5]: candle.candleVolume(cjzq, candletitle= Candle Plot of Changjiang

Securities ,bartitleZ Volume of Changjiang Securities )
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[6]:

[71:
[71:
nt

mean

std
min
25%
50%
75%

max

close = cjzq.Close

close.describe ()

260.000000
9.335538
0.784656
7.570000
8.802500
9.385000
9.900000

11.040000

Name: Close, dtype: float64

In

[8]:

[9]:

[10]:

[11]:

[12]:

[13]:

BreakClose = np.ceil (close)

BreakClose.name ="' BreakClosé

volume = cjzq.Volume

PrcChange = close.diff ()

UpVol = volume.replace (volume[PrcChange >0],0)

UpVol[0] = 0
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[14]:

[15]:

[16]:

[17]:

[18]:

[19]:

[20]:

hx & 155

DownVol = volume.replace (volume[PrcChange<=0],0)

DownVol[0] = O

def VOblock(vol):

return ([np.sum(vol[BreakClose==x]) for x in range(6,12)])

cumUpVol = VOblock(UpVol)

cumbDownVol = VOblock (DownVol)

ALLVol = np.array ([cumUpVol,cumDownVol]) .transpose ()

fig ,ax=plt.subplots ()

ax1=ax.twiny ()

ax.plot(close)

ax.set_title( Cumulative volume in different price intervals )

ax.set ylim(6,12)

ax.set xlabel( timé )

plt.setp(ax.get xticklabels (), rotation=20,horizontalalignment= center )

ax1.barh(bottom=range(6,12) ,width=ALLVol[:,0],
height=1,colorZ d ,alpha=0.2)

ax1.barh (bottom=range(6,12) ,width=ALLVol[:,1], height=1,left=ALLVol[:,0],
colorZ t ,alpha=0.2)

Out[20]: <Container object of 6 artists>
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In [21]: VOMA = np.zeros(len(cjzq))

In [22]: for i in range(5,len(cjzq)):
Volume = volume[i—5:i]
Close = close[i—5:i]

VoMA[i] = sum(Close * Volume / sum(Volume))

In [23]: VOMA = pd.Series (VoMA, index = cjzq.index).replace(0,np.nan).dropna()

In [24]: VoMA. plot ()
Out[24]: <matplotlib.axes. subplots.AxesSubplot at 0x7f16bc5ec208>
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33.3: # 3

[25]:

[26]:

[27]:

[28]:

[29]:

[30]:

[31]:

[32]:

[33]:

midbound = VoMA
upbound = midbound + 1.5 * pd.rolling_std (midbound, 6)
lowbound = midbound — 1.5 * pd.rolling_std (midbound, 6)
dat = pd.concat([close,upbound,lowbound], 1) .dropna ()
dat.columns = [ pric€ | upbound , lowbound ]
asset = 2000 * np.ones(len(dat))
cash = 2000 * np.ones(len(dat))
share = np.zeros(len(dat))
for i in range(1,len(dat)):
cash[i]=cash[i-1]+share[i-1]*dat. price[i]
asset[i]=cash[i]
if dat.price[i—-1]< dat.upbound[i —1]:
share[i]=100
cash[i]=cash[i]-100*dat. price[i]
elif dat.price[i—1]>dat.lowbound[i —1]:

share[i]=—100
cash[i]=cash[i]+100*dat. price[i]
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In [1]: import pandas as pd

In [2]: import numpy as np

In [3]: she = pd.read csv( Data/Part5/008/problem34—1.csv ,
index_col= daté )

In [4]: she.index.nameZ Daté

In [5]: she.index = pd.to_datetime(she.index, format= %Y-%m%d )

In [6]: MendOBV = (she.Volume * ((she.Close-she.Low) — (she.High-she.Close))\
/(she.High — she.Low)).cumsum() .dropna ()

In [7]: signal = pd.Series(np.where(MendOBV. diff ()>0 , 1, —1),index = MendOBV.
index) [1:]

In [8]: ret = (she.Close — she.Close.shift(1))/she.Close.shift(1)

In [9]: OBVret = ret[2:] * signal.shift(1)[1:]
#it HoR M F

In [10]: sum(OBVret>0)/len(signal)

Out[10]: 0.48589341692789967

HFAE M =K P

In [11]: %paste

dat = pd.concat([signal,she.Close],1).dropna()
dat.columns = [ signal | pric€ ]

asset = 10000 * np.ones(len(dat))

cash = 10000 * np.ones(len(dat))

share = np.zeros(len(dat))
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for i in range(1,len(dat)):

cash[i]=cash[i—1]+share[i—1]*dat. price[i]

asset[i]=cash[i]

if dat.signal[i-1] == 1:
share[i]=100
cash[i]=cash[i]-100*dat. price[i]

elif dat.signal[i—-1] == —1:
share[i]=—100
cash[i]=cash[i]+100*dat. price[i]

## — End pasted text —
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In [12]: %paste
difClose = she.Close. diff ()

difClose[0] = O

volume = she.Volume

volume = volume.replace(0, np.nan).dropna()

difClose = difClose[volume.index]

OBV=(((difClose>=0)*2—1) * she.Volume) .cumsum()

dat = pd.concat ([OBV,she.Close],1) .dropna()

dat.columns = [ OBV | pric€ ]

asset = 10000 * np.ones(len(dat))

cash = 10000 * np.ones(len(dat))

share = np.zeros(len(dat))

for i in range(2,len(dat)):
cash[i]=cash[i—1]+share[i—1]*dat. price[i]
asset[i]=cash[i]

if dat.OBV[i—2] < 0 and dat.OBV[i—-1] > O:
share[i]=100
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cash[i]=cash[i]-100*dat. price[i]

elif dat.OBV[i—-2] > 0 and dat.OBV[i—-1] < O:
share[i]=—100
cash[i]=cash[i]+100*dat. price[i]

## — End pasted text —

161

In [13]: %paste

wanke = pd.read csv( Data/Part5/008/problem34—-3.csv ,
index _col=Z daté )

wanke.index.name= Daté

wanke.index = pd.to _datetime (wanke.index, format= %Y-%mn%d )

difClose = wanke.Close.diff ()

difClose[0] = 0

wanke . Volume

volume

volume = volume.replace (0, np.nan).dropna()
difClose = difClose[volume.index]
OBV=(((difClose>=0)*2—-1) * wanke.Volume) .cumsum()

smOBV = pd.rolling mean (OBV,12)

## — End pasted text —




