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6.4 Comparison with the benchmark  

For comparison of models, we will analyze the two efficient frontier we have 

simulated, and especially look at the location of the tangency portfolio of the 

portfolios. Specifically, the portfolios that use the different forecasted returns, 

variances and correlations and compare this to a situation with full knowledge, in 

which we insert the realized returns and realized weights of the FTSE. In the table 

below, we have compared the different returns, volatility and Sharpe ratio for our 

models with the FTSE benchmark. 

 
Table 5: Comparison of the models return, volatility and Sharpe ratio with the FTSE benchmark portfolio 

Table 6 shows the different weights for every simulated portfolio compared with 

the FTSE benchmark index. While figure 14 and 15 visualize and compare the 

weighting for both CER and TVER portfolio with the benchmark in a histogram.  

 
Table 6: Comparison of the model's weights with the FTSE benchmark portfolio 
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Figure 14: CER vs Benchmark weights                                                  

                                                                                       

 Figure 15: TVER vs Benchmark weights 
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6.5 Discussion 

When we started this research, we wanted to examine if it is possible to optimize 

the asset allocation of the Norwegian Government Pension Fund – Global, 

without looking at influencing factors such as political, economic and ethical 

decisions, and rather concentrate on the risk and return relationship. After 

comparing the results from our estimation in Python with the realized data from 

the FTSE benchmark index, we see that the results are somewhat different.  

 

As mentioned in chapter 3.3 there are essentially two types of investors, a risk-

averse or a risk-loving investor. The risk-averse investor would construct the 

minimum variance portfolio. Which from our results, has an expected return of 

2,75% and an accompanying expected volatility of 24,51% and a Sharp ratio of 

0,11 for the CER portfolio, and the TVER portfolio has an expected return of 

4,06% with an accompanying expected volatility of 25,08% and a Sharp ratio of 

0,16. With the minimum variance portfolio, one will get the highest possible 

return, with the lowest level of risk. While an investor who is risk-neutral or a 

risk-lover, an investor seeking the maximum risk-adjusted return, would construct 

the maximum Sharpe ratio portfolio. This portfolio has an expected return of 

2,95% and an accompanying expected volatility of 24,52% and a Sharp ratio of 

0,12 for the CER portfolio, and the TVER portfolio has an expected return of 

8,59% with an accompanying expected volatility of 28,42% and a Sharp ratio of 

0,30. If an NBIM investor chooses the latter portfolio, then the investor is willing 

to take on more risk to achieve a higher return.  

 

Our results show a sizeable difference between the constant- and time-varying 

expected return results. This is as expected based on the literature. The 

assumption of constant risk premia implies that the composition of an optimal 

portfolio is constant over time for both short-term and long-term investors. 

However, much research suggests that expected asset returns seem to vary so that 

investment opportunities are not constant (Norges Bank Investment Management, 

2012). The fact that risk premia is time-varying, generates time variation in 

optimal portfolios. Both short-term and long-term investors should seek to “time 

the markets”, holding more risky assets when the rewards for doing so are high. 

Campbell and Viceira (1999) show that there are large utility losses from holding 
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a constant-mix portfolio when risk premia are time-varying. In other words, the 

simulation of the time-varying portfolio should be closer to reality.  

 

Further, when we look at the FTSE benchmark index it shows a result of 11,60% 

return with an accompanying volatility of 8,90% and a Sharpe ratio of 0,50, which 

is far-off from most of our simulated portfolios. However, the time-varying 

maximum Sharpe ratio portfolio has a slightly better return of 8,59%, but a higher 

volatility of 28,42%, which is a Sharpe ratio which is not far from the benchmark. 

After all, the benchmark includes more countries than we have in our research, 

suggesting that the index is more diversified than our portfolio. We are missing 

some countries in South America, the Middle East and Asia that may have an 

impact because many of them are emerging economies. Moreover, we have a time 

frame of ten years, which can be considered as somewhat short in a stock marked 

context. Regarding this, our results are not that far-off considering that we also do 

not take any political, economic or ethical decisions in our investment strategy. 	

 

Nevertheless, our portfolios have quite different weights than the FTSE 

benchmark index as you can see in figure 16. In this figure we have plotted the 

weights from the time-varying maximum Sharpe ratio portfolio and the weights 

from the benchmark. The biggest and most secure countries like Germany, 

France, United States and United Kingdom and emerging countries like China 

obtains the highest weights in the benchmark. The time-varying maximum Sharpe 

ratio portfolio invests in these countries as well, though the weights are more 

evenly distributed between all the countries than in the benchmark index. Our 

portfolio has higher weights in emerging countries like Russia, Poland and the 

Czech Republic which will naturally give the portfolio higher volatility because 

there is higher risk involved with these investments. It is also interesting to notice 

that our portfolios chose such a low weight in the United States compared with 

the benchmark, that might have something to do with us not looking at political or 

economic influencing factors.  
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Figure 16: Comparison of the TVER: sharpe ratio weights with the FTSE Benchmark Index 

  

09448990942547GRA 19502



   
 

Page 40 of 70 
 

7. Conclusion and limitations 

Modern portfolio theory implies that there are benefits from investing in different 

countries to diversify and lower the overall risk. As the main purpose of this study 

– we wanted to examine if the optimal asset allocation for the Norwegian 

Government Pension Fund – Global can be improved without taking any political, 

economic or ethical assumptions. 

To test this, we programmed a mean-variance optimization model in Python, 

where the highest Sharpe ratio and the minimum variance was used as 

measurements for performance. Mean-variance optimization focuses on the first 

two moments of a distribution which assumes that the returns are normally 

distributed. We used excess return and standard deviation for all countries to 

calculate a constant expected return portfolio, and a rolling window of three years 

to simulate the time-varying expected return portfolio. Further we divided these 

two portfolios into a maximum Sharpe ratio portfolio and a minimum variance 

portfolio. The minimum variance portfolio is seeking the lowest volatility of 

return, while the maximum Sharpe ratio portfolio seeks the maximum risk-

adjusted return. Our computations gave us in the end four different portfolios with 

different optimal asset allocations.  

From our Python program and computations, the time-varying expected return 

Sharpe ratio portfolio has the highest Sharpe ratio and is the closest to the 

benchmark. This is simulated without having any political, economic or ethical 

decisions in the investment strategy. Our weights are more evenly diversified 

throughout the countries than the benchmark index and is targeting more 

emerging markets. As a result of this, our portfolio has higher volatility too. 

NBIM are investing more heavily in secure countries, where one is almost 

guaranteed a high return without unnecessary risk. We believe our research proves 

that it is possible to achieve a decent return by only concentrating on the return 

and variance trade-off. This could be of value as a correction to a more complex 

model – as increased complexity always introduces and increased chance for 

introducing errors. In the future this could be a possible investment strategy for 

NBIM if they are willing to take on more risk. Even though, our portfolios were 
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not too far below the benchmark. We conclude that we were not able to 

outperform the FTSE benchmark with our asset allocation by only looking at the 

risk-return relationship, and that even better results can be obtained by including 

other influencing factors such as political, economic and ethical decisions in the 

investment strategies.  

7.1 Limitations and recommendations for future research  

This study is subject to certain limitations regarding the number of the countries 

included. NBIM tend to disclose very limited public information. Therefore, there 

is not a well-designed and advanced database or other sources that give proper 

and complete data about the Norwegian Government Pension Fund’s transactions. 

Consequently, we have worked with 25 countries and their historical return data. 

Without doubt, if we had had more observations, our results would have been 

more reliable. We also have a somewhat limited time period of ten years, which is 

considered short in a stock market context, however it is considered a suited time 

period for a master thesis.  

Further studies could include more assets classes in the optimization model such 

as fixed income and real estate. This study limited the scope to only equity and 25 

countries. Additional research could analyze more in-depth when it comes to the 

influence of political-, economic- and ethical decisions and review other risk-

factors. An analysis of individual markets can also be done, rather than investing 

in a benchmark index. Currency hedging and short selling were not addressed in 

this study and therefore, further analysis on asset allocation could factor in these 

two elements.  
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Appendix 

Master Thesis Code   

1. In [192]:   
2.    
3. import numpy as np   
4. import pandas as pd   
5. from IPython.display import Image   
6. import matplotlib.pyplot as plt   
7. import cvxopt as opt   
8. from cvxopt import blas, solvers   
9. import seaborn as sns   
10. import scipy.optimize as sco   
11. import statsmodels.tsa.api as smt   
12. from statsmodels.tsa.stattools import adfuller, kpss   
13. %matplotlib inline   
14. Import data   
15. In [1]:   
16.    
17. data = pd.read_excel('MASTER.xlsx', "Monthly",index_col = 'Date')   
18. data.columns = data.columns.str.lower()   
19. data.head()   
20. Building returns   
21. Norway   
22. In [194]:   
23.    
24. norway = data.copy()   
25. norway = norway [['norwayltgovbondyield10y','norway3m','norwaycpi','norw

aydivyld']]   
26.    
27. #norway risk-free   
28. norway ['RiskFree'] = np.log(1+(norway['norway3m']).shift(1)/(100*12))   
29. norwayRiskFree = norway['RiskFree']   
30. Australia   
31. In [ ]:   
32.    
33. australia = data.copy()   
34. australia = australia[['australialtgovbondyield10y', 'australia3m', 'aus

traliacpi', 'australiadivyld']]   
35. australia.head()   
36.    
37. #Monthly log dividend yield   
38. australia['australiaStock_DY'] = australia['australiadivyld']   
39. australia['australiaLog_Stock_DY'] = np.log(australia['australiaStock_DY

'])   
40.    
41. #Monthly lagged stock index   
42. australia['australiaStock_Index'] = australia['australiacpi']   
43. australia['australialag_Stock_Index'] = (australia['australiaStock_Index

']).shift(1)   
44. lag_Stock_Index = australia['australialag_Stock_Index']   
45.    
46. #Stock Return   
47. australia['australiaStock_Ret'] = np.log(australia['australiaStock_Index

']/australia['australialag_Stock_Index']+australia['australiaStock_DY'])
                                        

48.                             
49. #Stock Excess Return   
50. australia['australiaStock_ExRet'] = australia['australiaStock_Ret'] - no

rway['RiskFree']   
51.    
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52. australia1 = australia[['australiaLog_Stock_DY','australialag_Stock_Inde
x','australiaStock_Ret','australiaStock_ExRet']]   

53. australia1 = australia1[~np.isnan(lag_Stock_Index)]   
54. australia1.head()   
55. Austria   
56. In [ ]:   
57.    
58. austria = data.copy()   
59. austria = austria[['austrialtgovbondyield10y', 'austria3m', 'austriacpi'

, 'austriadivyld']]   
60. austria.head()   
61.    
62. #Monthly log dividend yield   
63. austria['austriaStock_DY'] = austria['austriadivyld']   
64. austria['austriaLog_Stock_DY'] = np.log(austria['austriaStock_DY'])   
65.    
66. #Monthly lagged stock index   
67. austria['austriaStock_Index'] = austria['austriacpi']   
68. austria['austrialag_Stock_Index'] = (austria['austriaStock_Index']).shif

t(1)   
69. lag_Stock_Index = austria['austrialag_Stock_Index']   
70.    
71. #Stock Return   
72. austria['austriaStock_Ret'] = np.log(austria['austriaStock_Index']/austr

ia['austrialag_Stock_Index']+austria['austriaStock_DY'])                
                        

73.                             
74. #Stock Excess Return   
75. austria['austriaStock_ExRet'] = austria['austriaStock_Ret'] - norway['Ri

skFree']   
76.    
77. austria1 = austria[['austriaLog_Stock_DY','austrialag_Stock_Index','aust

riaStock_Ret','austriaStock_ExRet']]   
78. austria1 = austria1[~np.isnan(lag_Stock_Index)]   
79. austria1.head()   
80. Belgium   
81. In [ ]:   
82.    
83. belgium = data.copy()   
84. belgium = belgium[['belgiumltgovbondyield10y', 'belgium3m', 'belgiumcpi'

, 'belgiumdivyld']]   
85. belgium.head()   
86.    
87. #Monthly log dividend yield   
88. belgium['belgiumStock_DY'] = belgium['belgiumdivyld']   
89. belgium['belgiumLog_Stock_DY'] = np.log(belgium['belgiumStock_DY'])   
90.    
91. #Monthly lagged stock index   
92. belgium['belgiumStock_Index'] = belgium['belgiumcpi']   
93. belgium['belgiumlag_Stock_Index'] = (belgium['belgiumStock_Index']).shif

t(1)   
94. lag_Stock_Index = belgium['belgiumlag_Stock_Index']   
95.    
96. #Stock Return   
97. belgium['belgiumStock_Ret'] = np.log(belgium['belgiumStock_Index']/belgi

um['belgiumlag_Stock_Index']+belgium['belgiumStock_DY'])                
                        

98.                             
99. #Stock Excess Return   
100. belgium['belgiumStock_ExRet'] = belgium['belgiumStock_Ret'] - nor

way['RiskFree']   
101.    
102. belgium1 = belgium[['belgiumLog_Stock_DY','belgiumlag_Stock_Index

','belgiumStock_Ret','belgiumStock_ExRet']]   
103. belgium1 = belgium1[~np.isnan(lag_Stock_Index)]   
104. belgium1.head()   
105. Canada   
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106. In [ ]:   
107.    
108. canada = data.copy()   
109. canada = canada[['canadaltgovbondyield10y', 'canada3m', 'canadacp

i', 'canadadivyld']]   
110. canada.head()   
111.    
112. #Monthly log dividend yield   
113. canada['canadaStock_DY'] = canada['canadadivyld']   
114. canada['canadaLog_Stock_DY'] = np.log(canada['canadaStock_DY'])   
115.    
116. #Monthly lagged stock index   
117. canada['canadaStock_Index'] = canada['canadacpi']   
118. canada['canadalag_Stock_Index'] = (canada['canadaStock_Index']).s

hift(1)   
119. lag_Stock_Index = canada['canadalag_Stock_Index']   
120.    
121. #Stock Return   
122. canada['canadaStock_Ret'] = np.log(canada['canadaStock_Index']/ca

nada['canadalag_Stock_Index']+canada['canadaStock_DY'])                 
                       

123.                             
124. #Stock Excess Return   
125. canada['canadaStock_ExRet'] = canada['canadaStock_Ret'] - norway[

'RiskFree']   
126.    
127. canada1 = canada[['canadaLog_Stock_DY','canadalag_Stock_Index','c

anadaStock_Ret','canadaStock_ExRet']]   
128. canada1 = canada1[~np.isnan(lag_Stock_Index)]   
129. canada1.head()   
130. Chech Republic   
131. In [ ]:   
132.    
133. chechrepublic = data.copy()   
134. chechrepublic = chechrepublic[['chechrepublicltgovbondyield10y', 

'chechrepublic3m', 'chechrepubliccpi', 'chechrepublicdivyld']]   
135. chechrepublic.head()   
136.    
137. #Monthly log dividend yield   
138. chechrepublic['chechrepublicStock_DY'] = chechrepublic['chechrepu

blicdivyld']   
139. chechrepublic['chechrepublicLog_Stock_DY'] = np.log(chechrepublic

['chechrepublicStock_DY'])   
140.    
141. #Monthly lagged stock index   
142. chechrepublic['chechrepublicStock_Index'] = chechrepublic['chechr

epubliccpi']   
143. chechrepublic['chechrepubliclag_Stock_Index'] = (chechrepublic['c

hechrepublicStock_Index']).shift(1)   
144. lag_Stock_Index = chechrepublic['chechrepubliclag_Stock_Index']   
145.    
146. #Stock Return   
147. chechrepublic['chechrepublicStock_Ret'] = np.log(chechrepublic['c

hechrepublicStock_Index']/chechrepublic['chechrepubliclag_Stock_Index']+
chechrepublic['chechrepublicStock_DY'])                                 
       

148.                             
149. #Stock Excess Return   
150. chechrepublic['chechrepublicStock_ExRet'] = chechrepublic['chechr

epublicStock_Ret'] - norway['RiskFree']   
151.    
152. chechrepublic1 = chechrepublic[['chechrepublicLog_Stock_DY','chec

hrepubliclag_Stock_Index','chechrepublicStock_Ret','chechrepublicStock_E
xRet']]   

153. chechrepublic1 = chechrepublic1[~np.isnan(lag_Stock_Index)]   
154. chechrepublic1.head()   
155. Chile   
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156. In [ ]:   
157.    
158. chile = data.copy()   
159. chile = chile[['chileltgovbondyield10y', 'chile3m', 'chilecpi', '

chiledivyld']]   
160. chile.head()   
161.    
162. #Monthly log dividend yield   
163. chile['chileStock_DY'] = chile['chiledivyld']   
164. chile['chileLog_Stock_DY'] = np.log(chile['chileStock_DY'])   
165.    
166. #Monthly lagged stock index   
167. chile['chileStock_Index'] = chile['chilecpi']   
168. chile['chilelag_Stock_Index'] = (chile['chileStock_Index']).shift

(1)   
169. lag_Stock_Index = chile['chilelag_Stock_Index']   
170.    
171. #Stock Return   
172. chile['chileStock_Ret'] = np.log(chile['chileStock_Index']/chile[

'chilelag_Stock_Index']+chile['chileStock_DY'])                         
               

173.                             
174. #Stock Excess Return   
175. chile['chileStock_ExRet'] = chile['chileStock_Ret'] - norway['Ris

kFree']   
176.    
177. chile1 = chile[['chileLog_Stock_DY','chilelag_Stock_Index','chile

Stock_Ret','chileStock_ExRet']]   
178. chile1 = chile1[~np.isnan(lag_Stock_Index)]   
179. chile1.head()   
180. China   
181. In [ ]:   
182.    
183. china = data.copy()   
184. china = china[['chinaltgovbondyield10y', 'china3m', 'chinacpi', '

chinadivyld']]   
185. china.head()   
186.    
187. #Monthly log dividend yield   
188. china['chinaStock_DY'] = china['chinadivyld']   
189. china['chinaLog_Stock_DY'] = np.log(china['chinaStock_DY'])   
190.    
191. #Monthly lagged stock index   
192. china['chinaStock_Index'] = china['chinacpi']   
193. china['chinalag_Stock_Index'] = (china['chinaStock_Index']).shift

(1)   
194. lag_Stock_Index = china['chinalag_Stock_Index']   
195.    
196. #Stock Return   
197. china['chinaStock_Ret'] = np.log(china['chinaStock_Index']/china[

'chinalag_Stock_Index']+china['chinaStock_DY'])                         
               

198.                             
199. #Stock Excess Return   
200. china['chinaStock_ExRet'] = china['chinaStock_Ret'] - norway['Ris

kFree']   
201.    
202. china1 = china[['chinaLog_Stock_DY','chinalag_Stock_Index','china

Stock_Ret','chinaStock_ExRet']]   
203. china1 = china1[~np.isnan(lag_Stock_Index)]   
204. china1.head()   
205. Denmark   
206. In [ ]:   
207.    
208. denmark = data.copy()   
209. denmark = denmark[['denmarkltgovbondyield10y', 'denmark3m', 'denm

arkcpi', 'denmarkdivyld']]   
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210. denmark.head()   
211.    
212. #Monthly log dividend yield   
213. denmark['denmarkStock_DY'] = denmark['denmarkdivyld']   
214. denmark['denmarkLog_Stock_DY'] = np.log(denmark['denmarkStock_DY'

])   
215.    
216. #Monthly lagged stock index   
217. denmark['denmarkStock_Index'] = denmark['denmarkcpi']   
218. denmark['denmarklag_Stock_Index'] = (denmark['denmarkStock_Index'

]).shift(1)   
219. lag_Stock_Index = denmark['denmarklag_Stock_Index']   
220.    
221. #Stock Return   
222. denmark['denmarkStock_Ret'] = np.log(denmark['denmarkStock_Index'

]/denmark['denmarklag_Stock_Index']+denmark['denmarkStock_DY'])         
                               

223.                             
224. #Stock Excess Return   
225. denmark['denmarkStock_ExRet'] = denmark['denmarkStock_Ret'] - nor

way['RiskFree']   
226.    
227. denmark1 = denmark[['denmarkLog_Stock_DY','denmarklag_Stock_Index

','denmarkStock_Ret','denmarkStock_ExRet']]   
228. denmark1 = denmark1[~np.isnan(lag_Stock_Index)]   
229. denmark1.head()   
230. France   
231. In [ ]:   
232.    
233. france = data.copy()   
234. france = france[['franceltgovbondyield10y', 'france3m', 'francecp

i', 'francedivyld']]   
235. france.head()   
236.    
237. #Monthly log dividend yield   
238. france['franceStock_DY'] = france['francedivyld']   
239. france['franceLog_Stock_DY'] = np.log(france['franceStock_DY'])   
240.    
241. #Monthly lagged stock index   
242. france['franceStock_Index'] = france['francecpi']   
243. france['francelag_Stock_Index'] = (france['franceStock_Index']).s

hift(1)   
244. lag_Stock_Index = france['francelag_Stock_Index']   
245.    
246. #Stock Return   
247. france['franceStock_Ret'] = np.log(france['franceStock_Index']/fr

ance['francelag_Stock_Index']+france['franceStock_DY'])                 
                       

248.                             
249. #Stock Excess Return   
250. france['franceStock_ExRet'] = france['franceStock_Ret'] - norway[

'RiskFree']   
251.    
252. france1 = france[['franceLog_Stock_DY','francelag_Stock_Index','f

ranceStock_Ret','franceStock_ExRet']]   
253. france1 = france1[~np.isnan(lag_Stock_Index)]   
254. france1.head()   
255. Germany   
256. In [ ]:   
257.    
258. germany = data.copy()   
259. germany = germany[['germanyltgovbondyield10y', 'germany3m', 'germ

anycpi', 'germanydivyld']]   
260. germany.head()   
261.    
262. #Monthly log dividend yield   
263. germany['germanyStock_DY'] = germany['germanydivyld']   
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264. germany['germanyLog_Stock_DY'] = np.log(germany['germanyStock_DY'
])   

265.    
266. #Monthly lagged stock index   
267. germany['germanyStock_Index'] = germany['germanycpi']   
268. germany['germanylag_Stock_Index'] = (germany['germanyStock_Index'

]).shift(1)   
269. lag_Stock_Index = germany['germanylag_Stock_Index']   
270.    
271. #Stock Return   
272. germany['germanyStock_Ret'] = np.log(germany['germanyStock_Index'

]/germany['germanylag_Stock_Index']+germany['germanyStock_DY'])         
                               

273.                             
274. #Stock Excess Return   
275. germany['germanyStock_ExRet'] = germany['germanyStock_Ret'] - nor

way['RiskFree']   
276.    
277. germany1 = germany[['germanyLog_Stock_DY','germanylag_Stock_Index

','germanyStock_Ret','germanyStock_ExRet']]   
278. germany1 = germany1[~np.isnan(lag_Stock_Index)]   
279. germany1.head()   
280. Hungary   
281. In [ ]:   
282.    
283. hungary = data.copy()   
284. hungary = hungary[['hungaryltgovbondyield10y', 'hungary3m', 'hung

arycpi', 'hungarydivyld']]   
285. hungary.head()   
286.    
287. #Monthly log dividend yield   
288. hungary['hungaryStock_DY'] = hungary['hungarydivyld']   
289. hungary['hungaryLog_Stock_DY'] = np.log(hungary['hungaryStock_DY'

])   
290.    
291. #Monthly lagged stock index   
292. hungary['hungaryStock_Index'] = hungary['hungarycpi']   
293. hungary['hungarylag_Stock_Index'] = (hungary['hungaryStock_Index'

]).shift(1)   
294. lag_Stock_Index = hungary['hungarylag_Stock_Index']   
295.    
296. #Stock Return   
297. hungary['hungaryStock_Ret'] = np.log(hungary['hungaryStock_Index'

]/hungary['hungarylag_Stock_Index']+hungary['hungaryStock_DY'])         
                               

298.                             
299. #Stock Excess Return   
300. hungary['hungaryStock_ExRet'] = hungary['hungaryStock_Ret'] - nor

way['RiskFree']   
301.    
302. hungary1 = hungary[['hungaryLog_Stock_DY','hungarylag_Stock_Index

','hungaryStock_Ret','hungaryStock_ExRet']]   
303. hungary1 = hungary1[~np.isnan(lag_Stock_Index)]   
304. hungary1.head()   
305. Israel   
306. In [ ]:   
307.    
308. israel = data.copy()   
309. israel = israel[['israelltgovbondyield10y', 'israel3m', 'israelcp

i', 'israeldivyld']]   
310. israel.head()   
311.    
312. #Monthly log dividend yield   
313. israel['israelStock_DY'] = israel['israeldivyld']   
314. israel['israelLog_Stock_DY'] = np.log(israel['israelStock_DY'])   
315.    
316. #Monthly lagged stock index   
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317. israel['israelStock_Index'] = israel['israelcpi']   
318. israel['israellag_Stock_Index'] = (israel['israelStock_Index']).s

hift(1)   
319. lag_Stock_Index = israel['israellag_Stock_Index']   
320.    
321. #Stock Return   
322. israel['israelStock_Ret'] = np.log(israel['israelStock_Index']/is

rael['israellag_Stock_Index']+israel['israelStock_DY'])                 
                       

323.                             
324. #Stock Excess Return   
325. israel['israelStock_ExRet'] = israel['israelStock_Ret'] - norway[

'RiskFree']   
326.    
327. israel1 = israel[['israelLog_Stock_DY','israellag_Stock_Index','i

sraelStock_Ret','israelStock_ExRet']]   
328. israel1 = israel1[~np.isnan(lag_Stock_Index)]   
329. israel1.head()   
330. Italy   
331. In [ ]:   
332.    
333. italy = data.copy()   
334. italy = italy[['italyltgovbondyield10y', 'italy3m', 'italycpi', '

italydivyld']]   
335. italy.head()   
336.    
337. #Monthly log dividend yield   
338. italy['italyStock_DY'] = italy['italydivyld']   
339. italy['italyLog_Stock_DY'] = np.log(italy['italyStock_DY'])   
340.    
341. #Monthly lagged stock index   
342. italy['italyStock_Index'] = italy['italycpi']   
343. italy['italylag_Stock_Index'] = (italy['italyStock_Index']).shift

(1)   
344. lag_Stock_Index = italy['italylag_Stock_Index']   
345.    
346. #Stock Return   
347. italy['italyStock_Ret'] = np.log(italy['italyStock_Index']/italy[

'italylag_Stock_Index']+italy['italyStock_DY'])                         
               

348.                             
349. #Stock Excess Return   
350. italy['italyStock_ExRet'] = italy['italyStock_Ret'] - norway['Ris

kFree']   
351.    
352. italy1 = italy[['italyLog_Stock_DY','italylag_Stock_Index','italy

Stock_Ret','italyStock_ExRet']]   
353. italy1 = italy1[~np.isnan(lag_Stock_Index)]   
354. italy1.head()   
355. Japan   
356. In [ ]:   
357.    
358. japan = data.copy()   
359. japan = japan[['japanltgovbondyield10y', 'japan3m', 'japancpi', '

japandivyld']]   
360. japan.head()   
361.    
362. #Monthly log dividend yield   
363. japan['japanStock_DY'] = japan['japandivyld']   
364. japan['japanLog_Stock_DY'] = np.log(japan['japanStock_DY'])   
365.    
366. #Monthly lagged stock index   
367. japan['japanStock_Index'] = japan['japancpi']   
368. japan['japanlag_Stock_Index'] = (japan['japanStock_Index']).shift

(1)   
369. lag_Stock_Index = japan['japanlag_Stock_Index']   
370.    
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371. #Stock Return   
372. japan['japanStock_Ret'] = np.log(japan['japanStock_Index']/japan[

'japanlag_Stock_Index']+japan['japanStock_DY'])                         
               

373.                             
374. #Stock Excess Return   
375. japan['japanStock_ExRet'] = japan['japanStock_Ret'] - norway['Ris

kFree']   
376.    
377. japan1 = japan[['japanLog_Stock_DY','japanlag_Stock_Index','japan

Stock_Ret','japanStock_ExRet']]   
378. japan1 = japan1[~np.isnan(lag_Stock_Index)]   
379. japan1.head()   
380. Mexico   
381. In [ ]:   
382.    
383. mexico = data.copy()   
384. mexico = mexico[['mexicoltgovbondyield10y', 'mexico3m', 'mexicocp

i', 'mexicodivyld']]   
385. mexico.head()   
386.    
387. #Monthly log dividend yield   
388. mexico['mexicoStock_DY'] = mexico['mexicodivyld']   
389. mexico['mexicoLog_Stock_DY'] = np.log(mexico['mexicoStock_DY'])   
390.    
391. #Monthly lagged stock index   
392. mexico['mexicoStock_Index'] = mexico['mexicocpi']   
393. mexico['mexicolag_Stock_Index'] = (mexico['mexicoStock_Index']).s

hift(1)   
394. lag_Stock_Index = mexico['mexicolag_Stock_Index']   
395.    
396. #Stock Return   
397. mexico['mexicoStock_Ret'] = np.log(mexico['mexicoStock_Index']/me

xico['mexicolag_Stock_Index']+mexico['mexicoStock_DY'])                 
                       

398.                             
399. #Stock Excess Return   
400. mexico['mexicoStock_ExRet'] = mexico['mexicoStock_Ret'] - norway[

'RiskFree']   
401.    
402. mexico1 = mexico[['mexicoLog_Stock_DY','mexicolag_Stock_Index','m

exicoStock_Ret','mexicoStock_ExRet']]   
403. mexico1 = mexico1[~np.isnan(lag_Stock_Index)]   
404. mexico1.head()   
405. Netherland   
406. In [ ]:   
407.    
408. netherland = data.copy()   
409. netherland = netherland[['netherlandltgovbondyield10y', 'netherla

nd3m', 'netherlandcpi', 'netherlanddivyld']]   
410. netherland.head()   
411.    
412. #Monthly log dividend yield   
413. netherland['netherlandStock_DY'] = netherland['netherlanddivyld']

   
414. netherland['netherlandLog_Stock_DY'] = np.log(netherland['netherl

andStock_DY'])   
415.    
416. #Monthly lagged stock index   
417. netherland['netherlandStock_Index'] = netherland['netherlandcpi']

   
418. netherland['netherlandlag_Stock_Index'] = (netherland['netherland

Stock_Index']).shift(1)   
419. lag_Stock_Index = netherland['netherlandlag_Stock_Index']   
420.    
421. #Stock Return   
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422. netherland['netherlandStock_Ret'] = np.log(netherland['netherland
Stock_Index']/netherland['netherlandlag_Stock_Index']+netherland['nether
landStock_DY'])                                        

423.                             
424. #Stock Excess Return   
425. netherland['netherlandStock_ExRet'] = netherland['netherlandStock

_Ret'] - norway['RiskFree']   
426.    
427. netherland1 = netherland[['netherlandLog_Stock_DY','netherlandlag

_Stock_Index','netherlandStock_Ret','netherlandStock_ExRet']]   
428. netherland1 = netherland1[~np.isnan(lag_Stock_Index)]   
429. netherland1.head()   
430. New Zealand   
431. In [ ]:   
432.    
433. newzealand = data.copy()   
434. newzealand = newzealand[['newzealandltgovbondyield10y', 'newzeala

nd3m', 'newzealandcpi', 'newzealanddivyld']]   
435. newzealand.head()   
436.    
437. #Monthly log dividend yield   
438. newzealand['newzealandStock_DY'] = newzealand['newzealanddivyld']

   
439. newzealand['newzealandLog_Stock_DY'] = np.log(newzealand['newzeal

andStock_DY'])   
440.    
441. #Monthly lagged stock index   
442. newzealand['newzealandStock_Index'] = newzealand['newzealandcpi']

   
443. newzealand['newzealandlag_Stock_Index'] = (newzealand['newzealand

Stock_Index']).shift(1)   
444. lag_Stock_Index = newzealand['newzealandlag_Stock_Index']   
445.    
446. #Stock Return   
447. newzealand['newzealandStock_Ret'] = np.log(newzealand['newzealand

Stock_Index']/newzealand['newzealandlag_Stock_Index']+newzealand['newzea
landStock_DY'])                                        

448.                             
449. #Stock Excess Return   
450. newzealand['newzealandStock_ExRet'] = newzealand['newzealandStock

_Ret'] - norway['RiskFree']   
451.    
452. newzealand1 = newzealand[['newzealandLog_Stock_DY','newzealandlag

_Stock_Index','newzealandStock_Ret','newzealandStock_ExRet']]   
453. newzealand1 = newzealand1[~np.isnan(lag_Stock_Index)]   
454. newzealand1.head()   
455. Poland   
456. In [ ]:   
457.    
458. poland = data.copy()   
459. poland = poland[['polandltgovbondyield10y', 'poland3m', 'polandcp

i', 'polanddivyld']]   
460. poland.head()   
461.    
462. #Monthly log dividend yield   
463. poland['polandStock_DY'] = poland['polanddivyld']   
464. poland['polandLog_Stock_DY'] = np.log(poland['polandStock_DY'])   
465.    
466. #Monthly lagged stock index   
467. poland['polandStock_Index'] = poland['polandcpi']   
468. poland['polandlag_Stock_Index'] = (poland['polandStock_Index']).s

hift(1)   
469. lag_Stock_Index = poland['polandlag_Stock_Index']   
470.    
471. #Stock Return   
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472. poland['polandStock_Ret'] = np.log(poland['polandStock_Index']/po
land['polandlag_Stock_Index']+poland['polandStock_DY'])                 
                       

473.                             
474. #Stock Excess Return   
475. poland['polandStock_ExRet'] = poland['polandStock_Ret'] - norway[

'RiskFree']   
476.    
477. poland1 = poland[['polandLog_Stock_DY','polandlag_Stock_Index','p

olandStock_Ret','polandStock_ExRet']]   
478. poland1 = poland1[~np.isnan(lag_Stock_Index)]   
479. poland1.head()   
480. Portugal   
481. In [ ]:   
482.    
483. portugal = data.copy()   
484. portugal = portugal[['portugalltgovbondyield10y', 'portugal3m', '

portugalcpi', 'portugaldivyld']]   
485. portugal.head()   
486.    
487. #Monthly log dividend yield   
488. portugal['portugalStock_DY'] = portugal['portugaldivyld']   
489. portugal['portugalLog_Stock_DY'] = np.log(portugal['portugalStock

_DY'])   
490.    
491. #Monthly lagged stock index   
492. portugal['portugalStock_Index'] = portugal['portugalcpi']   
493. portugal['portugallag_Stock_Index'] = (portugal['portugalStock_In

dex']).shift(1)   
494. lag_Stock_Index = portugal['portugallag_Stock_Index']   
495.    
496. #Stock Return   
497. portugal['portugalStock_Ret'] = np.log(portugal['portugalStock_In

dex']/portugal['portugallag_Stock_Index']+portugal['portugalStock_DY']) 
                                       

498.                             
499. #Stock Excess Return   
500. portugal['portugalStock_ExRet'] = portugal['portugalStock_Ret'] -

 norway['RiskFree']   
501.    
502. portugal1 = portugal[['portugalLog_Stock_DY','portugallag_Stock_I

ndex','portugalStock_Ret','portugalStock_ExRet']]   
503. portugal1 = portugal1[~np.isnan(lag_Stock_Index)]   
504. portugal1.head()   
505. Russia   
506. In [ ]:   
507.    
508. portugal = data.copy()   
509. portugal = portugal[['portugalltgovbondyield10y', 'portugal3m', '

portugalcpi', 'portugaldivyld']]   
510. portugal.head()   
511.    
512. #Monthly log dividend yield   
513. portugal['portugalStock_DY'] = portugal['portugaldivyld']   
514. portugal['portugalLog_Stock_DY'] = np.log(portugal['portugalStock

_DY'])   
515.    
516. #Monthly lagged stock index   
517. portugal['portugalStock_Index'] = portugal['portugalcpi']   
518. portugal['portugallag_Stock_Index'] = (portugal['portugalStock_In

dex']).shift(1)   
519. lag_Stock_Index = portugal['portugallag_Stock_Index']   
520.    
521. #Stock Return   
522. portugal['portugalStock_Ret'] = np.log(portugal['portugalStock_In

dex']/portugal['portugallag_Stock_Index']+portugal['portugalStock_DY']) 
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523.                             
524. #Stock Excess Return   
525. portugal['portugalStock_ExRet'] = portugal['portugalStock_Ret'] -

 norway['RiskFree']   
526.    
527. portugal1 = portugal[['portugalLog_Stock_DY','portugallag_Stock_I

ndex','portugalStock_Ret','portugalStock_ExRet']]   
528. portugal1 = portugal1[~np.isnan(lag_Stock_Index)]   
529. portugal1.head()   
530. South Africa   
531. In [ ]:   
532.    
533. southafrica = data.copy()   
534. southafrica = southafrica[['southafricaltgovbondyield10y', 'south

africa3m', 'southafricacpi', 'southafricadivyld']]   
535. southafrica.head()   
536.    
537. #Monthly log dividend yield   
538. southafrica['southafricaStock_DY'] = southafrica['southafricadivy

ld']   
539. southafrica['southafricaLog_Stock_DY'] = np.log(southafrica['sout

hafricaStock_DY'])   
540.    
541. #Monthly lagged stock index   
542. southafrica['southafricaStock_Index'] = southafrica['southafricac

pi']   
543. southafrica['southafricalag_Stock_Index'] = (southafrica['southaf

ricaStock_Index']).shift(1)   
544. lag_Stock_Index = southafrica['southafricalag_Stock_Index']   
545.    
546. #Stock Return   
547. southafrica['southafricaStock_Ret'] = np.log(southafrica['southaf

ricaStock_Index']/southafrica['southafricalag_Stock_Index']+southafrica[
'southafricaStock_DY'])                                        

548.                             
549. #Stock Excess Return   
550. southafrica['southafricaStock_ExRet'] = southafrica['southafricaS

tock_Ret'] - norway['RiskFree']   
551.    
552. southafrica1 = southafrica[['southafricaLog_Stock_DY','southafric

alag_Stock_Index','southafricaStock_Ret','southafricaStock_ExRet']]   
553. southafrica1 = southafrica1[~np.isnan(lag_Stock_Index)]   
554. southafrica1.head()   
555. South Korea   
556. In [ ]:   
557.    
558. southkorea = data.copy()   
559. southkorea = southkorea[['southkorealtgovbondyield10y', 'southkor

ea3m', 'southkoreacpi', 'southkoreadivyld']]   
560. southkorea.head()   
561.    
562. #Monthly log dividend yield   
563. southkorea['southkoreaStock_DY'] = southkorea['southkoreadivyld']

   
564. southkorea['southkoreaLog_Stock_DY'] = np.log(southkorea['southko

reaStock_DY'])   
565.    
566. #Monthly lagged stock index   
567. southkorea['southkoreaStock_Index'] = southkorea['southkoreacpi']

   
568. southkorea['southkorealag_Stock_Index'] = (southkorea['southkorea

Stock_Index']).shift(1)   
569. lag_Stock_Index = southkorea['southkorealag_Stock_Index']   
570.    
571. #Stock Return   
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572. southkorea['southkoreaStock_Ret'] = np.log(southkorea['southkorea
Stock_Index']/southkorea['southkorealag_Stock_Index']+southkorea['southk
oreaStock_DY'])                                        

573.                             
574. #Stock Excess Return   
575. southkorea['southkoreaStock_ExRet'] = southkorea['southkoreaStock

_Ret'] - norway['RiskFree']   
576.    
577. southkorea1 = southkorea[['southkoreaLog_Stock_DY','southkorealag

_Stock_Index','southkoreaStock_Ret','southkoreaStock_ExRet']]   
578. southkorea1 = southkorea1[~np.isnan(lag_Stock_Index)]   
579. southkorea1.head()   
580. Spain   
581. In [ ]:   
582.    
583. spain = data.copy()   
584. spain = spain[['spainltgovbondyield10y', 'spain3m', 'spaincpi', '

spaindivyld']]   
585. spain.head()   
586.    
587. #Monthly log dividend yield   
588. spain['spainStock_DY'] = spain['spaindivyld']   
589. spain['spainLog_Stock_DY'] = np.log(spain['spainStock_DY'])   
590.    
591. #Monthly lagged stock index   
592. spain['spainStock_Index'] = spain['spaincpi']   
593. spain['spainlag_Stock_Index'] = (spain['spainStock_Index']).shift

(1)   
594. lag_Stock_Index = spain['spainlag_Stock_Index']   
595.    
596. #Stock Return   
597. spain['spainStock_Ret'] = np.log(spain['spainStock_Index']/spain[

'spainlag_Stock_Index']+spain['spainStock_DY'])                         
               

598.                             
599. #Stock Excess Return   
600. spain['spainStock_ExRet'] = spain['spainStock_Ret'] - norway['Ris

kFree']   
601.    
602. spain1 = spain[['spainLog_Stock_DY','spainlag_Stock_Index','spain

Stock_Ret','spainStock_ExRet']]   
603. spain1 = spain1[~np.isnan(lag_Stock_Index)]   
604. spain1.head()   
605. Sweden   
606. In [ ]:   
607.    
608. sweden = data.copy()   
609. sweden = sweden[['swedenltgovbondyield10y', 'sweden3m', 'swedencp

i', 'swedendivyld']]   
610. sweden.head()   
611.    
612. #Monthly log dividend yield   
613. sweden['swedenStock_DY'] = sweden['swedendivyld']   
614. sweden['swedenLog_Stock_DY'] = np.log(sweden['swedenStock_DY'])   
615.    
616. #Monthly lagged stock index   
617. sweden['swedenStock_Index'] = sweden['swedencpi']   
618. sweden['swedenlag_Stock_Index'] = (sweden['swedenStock_Index']).s

hift(1)   
619. lag_Stock_Index = sweden['swedenlag_Stock_Index']   
620.    
621. #Stock Return   
622. sweden['swedenStock_Ret'] = np.log(sweden['swedenStock_Index']/sw

eden['swedenlag_Stock_Index']+sweden['swedenStock_DY'])                 
                       

623.                             
624. #Stock Excess Return   
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625. sweden['swedenStock_ExRet'] = sweden['swedenStock_Ret'] - norway[
'RiskFree']   

626.    
627. sweden1 = sweden[['swedenLog_Stock_DY','swedenlag_Stock_Index','s

wedenStock_Ret','swedenStock_ExRet']]   
628. sweden1 = sweden1[~np.isnan(lag_Stock_Index)]   
629. sweden1.head()   
630. Switzerland   
631. In [ ]:   
632.    
633. switzerland = data.copy()   
634. switzerland = switzerland[['switzerlandltgovbondyield10y', 'switz

erland3m', 'switzerlandcpi', 'switzerlanddivyld']]   
635. switzerland.head()   
636.    
637. #Monthly log dividend yield   
638. switzerland['switzerlandStock_DY'] = switzerland['switzerlanddivy

ld']   
639. switzerland['switzerlandLog_Stock_DY'] = np.log(switzerland['swit

zerlandStock_DY'])   
640.    
641. #Monthly lagged stock index   
642. switzerland['switzerlandStock_Index'] = switzerland['switzerlandc

pi']   
643. switzerland['switzerlandlag_Stock_Index'] = (switzerland['switzer

landStock_Index']).shift(1)   
644. lag_Stock_Index = switzerland['switzerlandlag_Stock_Index']   
645.    
646. #Stock Return   
647. switzerland['switzerlandStock_Ret'] = np.log(switzerland['switzer

landStock_Index']/switzerland['switzerlandlag_Stock_Index']+switzerland[
'switzerlandStock_DY'])                                        

648.                             
649. #Stock Excess Return   
650. switzerland['switzerlandStock_ExRet'] = switzerland['switzerlandS

tock_Ret'] - norway['RiskFree']   
651.    
652. switzerland1 = switzerland[['switzerlandLog_Stock_DY','switzerlan

dlag_Stock_Index','switzerlandStock_Ret','switzerlandStock_ExRet']]   
653. switzerland1 = switzerland1[~np.isnan(lag_Stock_Index)]   
654. switzerland1.head()   
655. United Kingdom   
656. In [ ]:   
657.    
658. uk = data.copy()   
659. uk = uk[['ukltgovbondyield10y', 'uk3m', 'ukcpi', 'ukdivyld']]   
660. uk.head()   
661.    
662. #Monthly log dividend yield   
663. uk['ukStock_DY'] = uk['ukdivyld']   
664. uk['ukLog_Stock_DY'] = np.log(uk['ukStock_DY'])   
665.    
666. #Monthly lagged stock index   
667. uk['ukStock_Index'] = uk['ukcpi']   
668. uk['uklag_Stock_Index'] = (uk['ukStock_Index']).shift(1)   
669. lag_Stock_Index = uk['uklag_Stock_Index']   
670.    
671. #Stock Return   
672. uk['ukStock_Ret'] = np.log(uk['ukStock_Index']/uk['uklag_Stock_In

dex']+uk['ukStock_DY'])                                      
673.                             
674. #Stock Excess Return   
675. uk['ukStock_ExRet'] = uk['ukStock_Ret'] - norway['RiskFree']   
676.    
677. uk1 = uk[['ukLog_Stock_DY','uklag_Stock_Index','ukStock_Ret','ukS

tock_ExRet']]   
678. uk1 = uk1[~np.isnan(lag_Stock_Index)]   
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679. uk1.head()   
680. United states   
681. In [ ]:   
682.    
683. us = data.copy()   
684. us = us[['usltgovbondyield10y', 'us3m', 'uscpi', 'usdivyld']]   
685.    
686. #Monthly log dividend yield   
687. us['usStock_DY'] = us['usdivyld']   
688. us['usLog_Stock_DY'] = np.log(us['usStock_DY'])   
689.    
690. #Monthly lagged stock index   
691. us['usStock_Index'] = us['uscpi']   
692. us['uslag_Stock_Index'] = (us['usStock_Index']).shift(1)   
693. lag_Stock_Index = us['uslag_Stock_Index']   
694.    
695. #Stock Return   
696. us['usStock_Ret'] = np.log(us['usStock_Index']/us['uslag_Stock_In

dex']+us['usStock_DY'])                                        
697.                             
698. #Stock Excess Return   
699. us['usStock_ExRet'] = us['usStock_Ret'] - norway['RiskFree']   
700.    
701. us1 = us[['usLog_Stock_DY','uslag_Stock_Index','usStock_Ret','usS

tock_ExRet']]   
702. us1 = us1[~np.isnan(lag_Stock_Index)]   
703. us1.head()   
704. Constant Expected Return (CER) Analysis   
705. In [222]:   
706.    
707. df = pd.concat([austria.loc['2008-08-01':'2018-04-

01'],                   
708.                 belgium1.loc['2008-08-01':'2018-04-01'],    
709.                 canada.loc['2008-08-01':'2018-04-01'],   
710.                 chechrepublic.loc['2008-08-01':'2018-04-01'],   
711.                 chile.loc['2008-08-01':'2018-04-01'],    
712.                 china.loc['2008-08-01':'2018-04-01'],   
713.                 denmark.loc['2008-08-01':'2018-04-01'],     
714.                 france.loc['2008-08-01':'2018-04-01'],    
715.                 germany.loc['2008-08-01':'2018-04-01'],    
716.                 hungary.loc['2008-08-01':'2018-04-01'],    
717.                 israel.loc['2008-08-01':'2018-04-01'],    
718.                 italy.loc['2008-08-01':'2018-04-01'],   
719.                 japan.loc['2008-08-01':'2018-04-01'],   
720.                 mexico.loc['2008-08-01':'2018-04-01'],    
721.                 netherland.loc['2008-08-01':'2018-04-01'],   
722.                 poland.loc['2008-08-01':'2018-04-01'],    
723.                 portugal.loc['2008-08-01':'2018-04-01'],    
724.                 russia.loc['2008-08-01':'2018-04-01'],    
725.                 southafrica.loc['2008-08-01':'2018-04-01'],    
726.                 southkorea.loc['2008-08-01':'2018-04-01'],    
727.                 spain.loc['2008-08-01':'2018-04-01'],    
728.                 sweden.loc['2008-08-01':'2018-04-01'],    
729.                 switzerland.loc['2008-08-01':'2018-04-01'],    
730.                 uk.loc['2008-08-01':'2018-04-01'],    
731.                 us.loc['2008-08-01':'2018-04-01']], axis=1)   
732. In [ ]:   
733.    
734. CERportfolio = df[['austriaStock_ExRet',   
735.         'belgiumStock_ExRet',   
736.         'canadaStock_ExRet',   
737.         'chechrepublicStock_ExRet',   
738.         'chileStock_ExRet',   
739.         'chinaStock_ExRet',   
740.         'denmarkStock_ExRet',   
741.         'franceStock_ExRet',   
742.         'germanyStock_ExRet',   
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743.         'hungaryStock_ExRet',   
744.         'israelStock_ExRet',   
745.         'italyStock_ExRet',   
746.         'japanStock_ExRet',   
747.         'mexicoStock_ExRet',   
748.         'netherlandStock_ExRet',   
749.         'polandStock_ExRet',   
750.         'portugalStock_ExRet',   
751.         'russiaStock_ExRet',   
752.         'southafricaStock_ExRet',   
753.         'southkoreaStock_ExRet',   
754.         'spainStock_ExRet',   
755.         'swedenStock_ExRet',   
756.         'switzerlandStock_ExRet',   
757.         'ukStock_ExRet',   
758.         'usStock_ExRet']]   
759.    
760. plt.figure(figsize=(20, 10))   
761. plt.plot(CERportfolio, alpha=20);   
762. plt.xlabel('Date')   
763. plt.ylabel('Returns')   
764. In [ ]:   
765.    
766. #Compute the cumulative sum of excess returns   
767. Ri = np.log(CERportfolio).diff().diff().dropna()*12   
768. Ri = pd.DataFrame(Ri)   
769.    
770. plt.figure(figsize=(20, 10))   
771. plt.plot(Ri, alpha=20);   
772. plt.xlabel('Date')   
773. plt.ylabel('Returns')   
774. A common way to present the "effect" of a mutual fund's performan

ce over time is to show the cumulative return with a visual such as a mo
untain graph.   

775. In [ ]:   
776.    
777. CERportfolio.kurtosis()   
778. In [ ]:   
779.    
780. CERportfolio.skew()   
781. In [227]:   
782.    
783. norwayRiskFree = norwayRiskFree.loc['2008-08-01':'2018-04-01']   
784. In [228]:   
785.    
786. Rreturns_annual = CERportfolio.mean()   
787. cov_annuals = CERportfolio*100   
788. Rcov_annual = cov_annuals.cov()   
789. In [229]:   
790.    
791. # empty lists to store returns, volatility and weights of imigina

ry portfolios   
792. Rport_returns = []   
793. Rport_volatility = []   
794. Rsharpe_ratio = []   
795. Rstock_weights = []   
796. In [230]:   
797.    
798. # set the number of combinations for imaginary portfolios   
799. Rnum_assets = 25   
800. Rnum_portfolios = 50000   
801. In [231]:   
802.    
803. #set random seed for reproduction's sake   
804. np.random.seed(101)   
805. In [232]:   
806.    
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807. # populate the empty lists with each portfolios returns,risk and 
weights   

808. for single_portfolio in range(Rnum_portfolios):   
809.     weights = np.random.random(Rnum_assets)   
810.     weights /= np.sum(weights)   
811.     returns = np.dot(weights, Rreturns_annual)   
812.     volatility = np.sqrt(np.dot(weights.T, np.dot(Rcov_annual, we

ights)))   
813.     sharpe = returns/ volatility   
814.     Rsharpe_ratio.append(sharpe)   
815.     Rport_returns.append(returns)   
816.     Rport_volatility.append(volatility)   
817.     Rstock_weights.append(weights)   
818. In [ ]:   
819.    
820. sum(weights)   
821. In [234]:   
822.    
823. # a dictionary for Returns and Risk values of each portfolio   
824. portfolio = {'Returns': Rport_returns,   
825.              'Volatility': Rport_volatility,   
826.              'Sharpe Ratio': Rsharpe_ratio}   
827. In [235]:   
828.    
829. # extend original dictionary to accomodate each ticker and weight

 in the portfolio   
830. for counter,symbol in enumerate(CERportfolio):   
831.     portfolio[symbol+' Weight'] = [Weight[counter] for Weight in 

Rstock_weights]   
832. In [236]:   
833.    
834. # make a nice dataframe of the extended dictionary   
835. df1 = pd.DataFrame(portfolio)   
836. In [237]:   
837.    
838. # get better labels for desired arrangement of columns   
839. column_order = ['Returns', 'Volatility','Sharpe Ratio'] + [stock+

' Weight' for stock in CERportfolio ]   
840. In [ ]:   
841.    
842. # reorder dataframe columns   
843. df1 = df1[column_order]   
844. df1.head()   
845. In [ ]:   
846.    
847. # plot frontier, max sharpe & min Volatility values with a scatte

rplot   
848. plt.style.use('seaborn-dark')   
849. df1.plot.scatter(x='Volatility', y='Returns', c='Sharpe Ratio', c

map='RdYlGn',    
850.                 edgecolors='black', figsize=(10, 10), grid=True) 

  
851. plt.xlabel('Volatility(Std. Deviation)')   
852. plt.ylabel('Expected Returns')   
853. plt.title('Efficient Frontier')   
854. plt.show()   
855. In [240]:   
856.    
857. # find min Volatility & max sharpe values in the dataframe (df)   
858. min_volatility1 = df1['Volatility'].min()   
859. max_sharpe1 = df1['Sharpe Ratio'].max()   
860. In [241]:   
861.    
862. # use the min, max values to locate and create the two special po

rtfolios   
863. sharpe_portfolio1 = df1.loc[df1['Sharpe Ratio'] == max_sharpe1]   
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864. min_variance_port1 = df1.loc[df1['Volatility'] == min_volatility1
]   

865. In [ ]:   
866.    
867. ## plot frontier, max sharpe & min Volatility values with a scatt

erplot   
868. plt.style.use('seaborn-dark')   
869. df1.plot.scatter(x='Volatility', y='Returns', c='Sharpe Ratio',   
870.                 cmap='RdYlGn', edgecolors='black', figsize=(10, 1

0), grid=True)   
871. plt.scatter(x=sharpe_portfolio1['Volatility'], y=sharpe_portfolio

1['Returns'], c='red', marker='D', s=200)   
872. plt.scatter(x=min_variance_port1['Volatility'], y=min_variance_po

rt1['Returns'], c='blue', marker='D', s=200 )   
873. plt.ylabel('Expected Returns')   
874. plt.xlabel('Volatility (Std. Deviation)')   
875. plt.title('Efficient Frontier')   
876. plt.show()   
877. In [ ]:   
878.    
879. # print the details of the 2 special portfolios   
880. print(min_variance_port1.T)   
881. In [ ]:   
882.    
883. print(sharpe_portfolio1.T)   
884. Time Varying Expected Return (TVER) Analysis   
885. Create returns at different frequencies   
886. In [245]:   
887.    
888. austriaStock_Ret1y = austria['austriaStock_Ret'].rolling(window=1

2).mean()*12   
889. austriaStock_Ret3y = austria['austriaStock_Ret'].rolling(window=3

6).mean()*36   
890. austriaStock_Ret3Ya = austriaStock_Ret3y/3    
891.    
892. belgiumStock_Ret1y = belgium['belgiumStock_Ret'].rolling(window=1

2).mean()*12   
893. belgiumStock_Ret3y = belgium['belgiumStock_Ret'].rolling(window=3

6).mean()*36    
894. belgiumStock_Ret3Ya = belgiumStock_Ret3y/3    
895.    
896. canadaStock_Ret1y = canada['canadaStock_Ret'].rolling(window=12).

mean()*12    
897. canadaStock_Ret3y = canada['canadaStock_Ret'].rolling(window=36).

mean()*36    
898. canadaStock_Ret3Ya = canadaStock_Ret3y/3    
899.    
900. chechrepublicStock_Ret1y = chechrepublic['chechrepublicStock_Ret'

].rolling(window=12).mean()*12    
901. chechrepublicStock_Ret3y = chechrepublic['chechrepublicStock_Ret'

].rolling(window=36).mean()*36    
902. chechrepublicStock_Ret3Ya = chechrepublicStock_Ret3y/3    
903.    
904. chileStock_Ret1y = chile['chileStock_Ret'].rolling(window=12).mea

n()*12    
905. chileStock_Ret3y = chile['chileStock_Ret'].rolling(window=36).mea

n()*36    
906. chileStock_Ret3Ya = chileStock_Ret3y/3    
907.    
908. chinaStock_Ret1y = china['chinaStock_Ret'].rolling(window=12).mea

n()*12    
909. chinaStock_Ret3y = china['chinaStock_Ret'].rolling(window=36).mea

n()*36    
910. chinaStock_Ret3Ya = chinaStock_Ret3y/3    
911.    
912. denmarkStock_Ret1y = denmark['denmarkStock_Ret'].rolling(window=1

2).mean()*12    
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913. denmarkStock_Ret3y = denmark['denmarkStock_Ret'].rolling(window=3
6).mean()*36    

914. denmarkStock_Ret3Ya = denmarkStock_Ret3y/3    
915.    
916. franceStock_Ret1y = france['franceStock_Ret'].rolling(window=12).

mean()*12    
917. franceStock_Ret3y = france['franceStock_Ret'].rolling(window=36).

mean()*36    
918. franceStock_Ret3Ya = franceStock_Ret3y/3    
919.    
920. germanyStock_Ret1y = germany['germanyStock_Ret'].rolling(window=1

2).mean()*12    
921. germanyStock_Ret3y = germany['germanyStock_Ret'].rolling(window=3

6).mean()*36    
922. germanyStock_Ret3Ya = germanyStock_Ret3y/3    
923.    
924. hungaryStock_Ret1y = hungary['hungaryStock_Ret'].rolling(window=1

2).mean()*12    
925. hungaryStock_Ret3y = hungary['hungaryStock_Ret'].rolling(window=3

6).mean()*36    
926. hungaryStock_Ret3Ya = hungaryStock_Ret3y/3    
927.    
928. israelStock_Ret1y = israel['israelStock_Ret'].rolling(window=12).

mean()*12    
929. israelStock_Ret3y = israel['israelStock_Ret'].rolling(window=36).

mean()*36    
930. israelStock_Ret3Ya = israelStock_Ret3y/3    
931.    
932. italyStock_Ret1y = italy['italyStock_Ret'].rolling(window=12).mea

n()*12    
933. italyStock_Ret3y = italy['italyStock_Ret'].rolling(window=36).mea

n()*36   
934. italyStock_Ret3Ya = italyStock_Ret3y/3    
935.    
936. japanStock_Ret1y = japan['japanStock_Ret'].rolling(window=12).mea

n()*12    
937. japanStock_Ret3y = japan['japanStock_Ret'].rolling(window=36).mea

n()*36    
938. japanStock_Ret3Ya = japanStock_Ret3y/3    
939.    
940. mexicoStock_Ret1y = mexico['mexicoStock_Ret'].rolling(window=12).

mean()*12    
941. mexicoStock_Ret3y = mexico['mexicoStock_Ret'].rolling(window=36).

mean()*36    
942. mexicoStock_Ret3Ya = mexicoStock_Ret3y/3    
943.    
944. netherlandStock_Ret1y = netherland['netherlandStock_Ret'].rolling

(window=12).mean()*12    
945. netherlandStock_Ret3y = netherland['netherlandStock_Ret'].rolling

(window=36).mean()*36    
946. netherlandStock_Ret3Ya = netherlandStock_Ret3y/3   
947.    
948. polandStock_Ret1y = poland['polandStock_Ret'].rolling(window=12).

mean()*12    
949. polandStock_Ret3y = poland['polandStock_Ret'].rolling(window=36).

mean()*36    
950. polandStock_Ret3Ya = polandStock_Ret3y/3    
951.    
952. portugalStock_Ret1y = portugal['portugalStock_Ret'].rolling(windo

w=12).mean()*12    
953. portugalStock_Ret3y = portugal['portugalStock_Ret'].rolling(windo

w=36).mean()*36    
954. portugalStock_Ret3Ya = portugalStock_Ret3y/3    
955.    
956. russiaStock_Ret1y = russia['russiaStock_Ret'].rolling(window=12).

mean()*12    
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957. russiaStock_Ret3y = russia['russiaStock_Ret'].rolling(window=36).
mean()*36    

958. russiaStock_Ret3Ya = russiaStock_Ret3y/3    
959.    
960. southafricaStock_Ret1y = southafrica['southafricaStock_Ret'].roll

ing(window=12).mean()*12    
961. southafricaStock_Ret3y = southafrica['southafricaStock_Ret'].roll

ing(window=36).mean()*36    
962. southafricaStock_Ret3Ya = southafricaStock_Ret3y/3    
963.    
964. southkoreaStock_Ret1y = southkorea['southkoreaStock_Ret'].rolling

(window=12).mean()*12    
965. southkoreaStock_Ret3y = southkorea['southkoreaStock_Ret'].rolling

(window=36).mean()*36    
966. southkoreaStock_Ret3Ya = southkoreaStock_Ret3y/3    
967.    
968. spainStock_Ret1y = spain['spainStock_Ret'].rolling(window=12).mea

n()*12    
969. spainStock_Ret3y = spain['spainStock_Ret'].rolling(window=36).mea

n()*36    
970. spainStock_Ret3Ya = spainStock_Ret3y/3    
971.    
972. swedenStock_Ret1y = sweden['swedenStock_Ret'].rolling(window=12).

mean()*12    
973. swedenStock_Ret3y = sweden['swedenStock_Ret'].rolling(window=36).

mean()*36    
974. swedenStock_Ret3Ya = swedenStock_Ret3y/3    
975.    
976. switzerlandStock_Ret1y = switzerland['switzerlandStock_Ret'].roll

ing(window=12).mean()*12    
977. switzerlandStock_Ret3y = switzerland['switzerlandStock_Ret'].roll

ing(window=36).mean()*36    
978. switzerlandStock_Ret3Ya = switzerlandStock_Ret3y/3    
979.    
980. ukStock_Ret1y = uk['ukStock_Ret'].rolling(window=12).mean()*12    
981. ukStock_Ret3y = uk['ukStock_Ret'].rolling(window=36).mean()*36    
982. ukStock_Ret3Ya = ukStock_Ret3y/3    
983.    
984. usStock_Ret1y = us['usStock_Ret'].rolling(window=12).mean()*12    
985. usStock_Ret3y = us['usStock_Ret'].rolling(window=36).mean()*36   
986. usStock_Ret3Ya = usStock_Ret3y/3    
987.    
988. norway_RF_Ret3y = norwayRiskFree.rolling(window=36).mean()*36   
989. Excess returns 3Y horizon   
990. In [246]:   
991.    
992. austriaStock_ExRet3Y = austriaStock_Ret3y - norway_RF_Ret3y   
993. belgiumStock_ExRet3Y = belgiumStock_Ret3y - norway_RF_Ret3y   
994. canadaStock_ExRet3Y = canadaStock_Ret3y - norway_RF_Ret3y   
995. chechrepublicStock_ExRet3Y = chechrepublicStock_Ret3y - norway_RF

_Ret3y   
996. chileStock_ExRet3Y = chileStock_Ret3y - norway_RF_Ret3y   
997. chinaStock_ExRet3Y = chinaStock_Ret3y - norway_RF_Ret3y   
998. denmarkStock_ExRet3Y = denmarkStock_Ret3y - norway_RF_Ret3y   
999. franceStock_ExRet3Y = franceStock_Ret3y - norway_RF_Ret3y   
1000. germanyStock_ExRet3Y = germanyStock_Ret3y - norway_RF_Ret3y   
1001. hungaryStock_ExRet3Y = hungaryStock_Ret3y - norway_RF_Ret3y   
1002. isrealStock_ExRet3Y = israelStock_Ret3y - norway_RF_Ret3y   
1003. italyStock_ExRet3Y = italyStock_Ret3y - norway_RF_Ret3y   
1004. japanStock_ExRet3Y = japanStock_Ret3y - norway_RF_Ret3y   
1005. mexicoStock_ExRet3Y = mexicoStock_Ret3y - norway_RF_Ret3y   
1006. netherlandStock_ExRet3Y = netherlandStock_Ret3y - norway_RF_Ret3y

   
1007. polandStock_ExRet3Y = polandStock_Ret3y - norway_RF_Ret3y   
1008. portugalStock_ExRet3Y = portugalStock_Ret3y - norway_RF_Ret3y   
1009. russiaStock_ExRet3Y = russiaStock_Ret3y - norway_RF_Ret3y   
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1010. southafricaStock_ExRet3Y = southafricaStock_Ret3y - norway_RF_Ret
3y   

1011. southkoreaStock_ExRet3Y = southkoreaStock_Ret3y - norway_RF_Ret3y
   

1012. spainStock_ExRet3Y = spainStock_Ret3y - norway_RF_Ret3y   
1013. swedenStock_ExRet3Y = swedenStock_Ret3y - norway_RF_Ret3y   
1014. switzerlandStock_ExRet3Y = switzerlandStock_Ret3y - norway_RF_Ret

3y   
1015. ukStock_ExRet3Y = ukStock_Ret3y - norway_RF_Ret3y   
1016. usStock_ExRet3Y = usStock_Ret3y - norway_RF_Ret3y   
1017. Make dataframes of the Excess returns 3Y horizon   
1018. In [247]:   
1019.    
1020. austriaStock_ExRet3Y = pd.DataFrame(austriaStock_ExRet3Y)   
1021. belgiumStock_ExRet3Y = pd.DataFrame(belgiumStock_ExRet3Y)   
1022. canadaStock_ExRet3Y = pd.DataFrame(canadaStock_ExRet3Y)   
1023. chechrepublicStock_ExRet3Y = pd.DataFrame(chechrepublicStock_ExRe

t3Y)   
1024. chechrepublicStock_ExRet3Y = pd.DataFrame(chechrepublicStock_ExRe

t3Y)   
1025. chileStock_ExRet3Y = pd.DataFrame(chileStock_ExRet3Y)   
1026. chinaStock_ExRet3Y = pd.DataFrame(chinaStock_ExRet3Y)   
1027. denmarkStock_ExRet3Y = pd.DataFrame(denmarkStock_ExRet3Y)   
1028. franceStock_ExRet3Y = pd.DataFrame(franceStock_ExRet3Y)   
1029. germanyStock_ExRet3Y = pd.DataFrame(germanyStock_ExRet3Y)   
1030. hungaryStock_ExRet3Y = pd.DataFrame(hungaryStock_ExRet3Y)   
1031. isrealStock_ExRet3Y = pd.DataFrame(isrealStock_ExRet3Y)   
1032. italyStock_ExRet3Y = pd.DataFrame(italyStock_ExRet3Y)   
1033. japanStock_ExRet3Y = pd.DataFrame(japanStock_ExRet3Y)   
1034. mexicoStock_ExRet3Y = pd.DataFrame(mexicoStock_ExRet3Y)   
1035. netherlandStock_ExRet3Y = pd.DataFrame(netherlandStock_ExRet3Y)   
1036. polandStock_ExRet3Y = pd.DataFrame(polandStock_ExRet3Y)   
1037. portugalStock_ExRet3Y = pd.DataFrame(portugalStock_ExRet3Y)   
1038. russiaStock_ExRet3Y = pd.DataFrame(russiaStock_ExRet3Y)   
1039. southafricaStock_ExRet3Y = pd.DataFrame(southafricaStock_ExRet3Y)

   
1040. southkoreaStock_ExRet3Y = pd.DataFrame(southkoreaStock_ExRet3Y)   
1041. spainStock_ExRet3Y = pd.DataFrame(spainStock_ExRet3Y)   
1042. swedenStock_ExRet3Y = pd.DataFrame(swedenStock_ExRet3Y)   
1043. switzerlandStock_ExRet3Y = pd.DataFrame(switzerlandStock_ExRet3Y)

   
1044. ukStock_ExRet3Y = pd.DataFrame(ukStock_ExRet3Y)   
1045. usStock_ExRet3Y = pd.DataFrame(usStock_ExRet3Y)   
1046. In [248]:   
1047.    
1048. austriaStock_ExRet3Y.columns = ['austriaStock_ExRet3Y']   
1049. belgiumStock_ExRet3Y.columns = ['belgiumStock_ExRet3Y']   
1050. canadaStock_ExRet3Y.columns = ['canadaStock_ExRet3Y']   
1051. chechrepublicStock_ExRet3Y.columns = ['checkrepublicStock_ExRet3Y

']   
1052. chileStock_ExRet3Y.columns = ['chileStock_ExRet3Y']   
1053. chinaStock_ExRet3Y.columns = ['chinaStock_ExRet3Y']   
1054. denmarkStock_ExRet3Y.columns = ['denmarkStock_ExRet3Y']   
1055. franceStock_ExRet3Y.columns = ['franceStock_ExRet3Y']   
1056. germanyStock_ExRet3Y.columns = ['germanyStock_ExRet3Y']   
1057. hungaryStock_ExRet3Y.columns = ['hungaryStock_ExRet3Y']   
1058. isrealStock_ExRet3Y.columns = ['isrealStock_ExRet3Y']   
1059. italyStock_ExRet3Y.columns = ['italyStock_ExRet3Y']   
1060. japanStock_ExRet3Y.columns = ['japanStock_ExRet3Y']   
1061. mexicoStock_ExRet3Y.columns = ['mexicoStock_ExRet3Y']   
1062. netherlandStock_ExRet3Y.columns = ['netherlandStock_ExRet3Y']   
1063. polandStock_ExRet3Y.columns = ['polandStock_ExRet3Y']   
1064. portugalStock_ExRet3Y.columns = ['portugalStock_ExRet3Y']   
1065. russiaStock_ExRet3Y.columns = ['russiaStock_ExRet3Y']   
1066. southafricaStock_ExRet3Y.columns = ['aouthafricaStock_ExRet3Y']   
1067. southkoreaStock_ExRet3Y.columns = ['southkoreaStock_ExRet3Y']   
1068. spainStock_ExRet3Y.columns = ['spainStock_ExRet3Y']   
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1069. swedenStock_ExRet3Y.columns = ['swedenStock_ExRet3Y']   
1070. switzerlandStock_ExRet3Y.columns = ['switzerlandStock_ExRet3Y']   
1071. ukStock_ExRet3Y.columns = ['ukStock_ExRet3Y']   
1072. usStock_ExRet3Y.columns = ['usStock_ExRet3Y']   
1073. Return decomposition 3Y horizon   
1074. In [249]:   
1075.    
1076. austriaStock_CG3Y = (np.log((austria['austriaStock_Index'])/(aust

ria['austriaStock_Index']).shift())).rolling(window=36).mean()*36    
1077. belgiumStock_CG3Y = (np.log((belgium['belgiumStock_Index'])/(belg

ium['belgiumStock_Index']).shift())).rolling(window=36).mean()*36    
1078. canadaStock_CG3Y = (np.log((canada['canadaStock_Index'])/(canada[

'canadaStock_Index']).shift())).rolling(window=36).mean()*36   
1079. chechrepublicStock_CG3Y = (np.log((chechrepublic['chechrepublicSt

ock_Index'])/(chechrepublic['chechrepublicStock_Index']).shift())).rolli
ng(window=36).mean()*36    

1080. chileStock_CG3Y = (np.log((chile['chileStock_Index'])/(chile['chi
leStock_Index']).shift())).rolling(window=36).mean()*36    

1081. chinaStock_CG3Y = (np.log((china['chinaStock_Index'])/(china['chi
naStock_Index']).shift())).rolling(window=36).mean()*36    

1082. denmarkStock_CG3Y = (np.log((denmark['denmarkStock_Index'])/(denm
ark['denmarkStock_Index']).shift())).rolling(window=36).mean()*36    

1083. franceStock_CG3Y = (np.log((france['franceStock_Index'])/(france[
'franceStock_Index']).shift())).rolling(window=36).mean()*36    

1084. germanyStock_CG3Y = (np.log((germany['germanyStock_Index'])/(germ
any['germanyStock_Index']).shift())).rolling(window=36).mean()*36    

1085. hungaryStock_CG3Y = (np.log((hungary['hungaryStock_Index'])/(hung
ary['hungaryStock_Index']).shift())).rolling(window=36).mean()*36     

1086. israelStock_CG3Y = (np.log((israel['israelStock_Index'])/(israel[
'israelStock_Index']).shift())).rolling(window=36).mean()*36    

1087. italyStock_CG3Y = (np.log((italy['italyStock_Index'])/(italy['ita
lyStock_Index']).shift())).rolling(window=36).mean()*36    

1088. japanStock_CG3Y = (np.log((japan['japanStock_Index'])/(japan['jap
anStock_Index']).shift())).rolling(window=36).mean()*36    

1089. mexicoStock_CG3Y = (np.log((mexico['mexicoStock_Index'])/(mexico[
'mexicoStock_Index']).shift())).rolling(window=36).mean()*36    

1090. netherlandStock_CG3Y = (np.log((netherland['netherlandStock_Index
'])/(netherland['netherlandStock_Index']).shift())).rolling(window=36).m
ean()*36    

1091. polandStock_CG3Y = (np.log((poland['polandStock_Index'])/(poland[
'polandStock_Index']).shift())).rolling(window=36).mean()*36    

1092. portugalStock_CG3Y = (np.log((portugal['portugalStock_Index'])/(p
ortugal['portugalStock_Index']).shift())).rolling(window=36).mean()*36  
  

1093. russiaStock_CG3Y = (np.log((russia['russiaStock_Index'])/(russia[
'russiaStock_Index']).shift())).rolling(window=36).mean()*36    

1094. southafricaStock_CG3Y = (np.log((southafrica['southafricaStock_In
dex'])/(southafrica['southafricaStock_Index']).shift())).rolling(window=
36).mean()*36    

1095. southkoreaStock_CG3Y = (np.log((southkorea['southkoreaStock_Index
'])/(southkorea['southkoreaStock_Index']).shift())).rolling(window=36).m
ean()*36    

1096. spainStock_CG3Y = (np.log((spain['spainStock_Index'])/(spain['spa
inStock_Index']).shift())).rolling(window=36).mean()*36    

1097. swedenStock_CG3Y = (np.log((sweden['swedenStock_Index'])/(sweden[
'swedenStock_Index']).shift())).rolling(window=36).mean()*36    

1098. switzerlandStock_CG3Y = (np.log((switzerland['switzerlandStock_In
dex'])/(switzerland['switzerlandStock_Index']).shift())).rolling(window=
36).mean()*36   

1099. ukStock_CG3Y = (np.log((uk['ukStock_Index'])/(uk['ukStock_Index']
).shift())).rolling(window=36).mean()*36    

1100. usStock_CG3Y = (np.log((us['usStock_Index'])/(us['usStock_Index']
).shift())).rolling(window=36).mean()*36    

1101. Portfolio Allocation with univariate TS models   
1102. In [250]:   
1103.    
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1104. Ret3y = pd.concat([norway_RF_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1105.                    austriaStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1106.                    belgiumStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1107.                    canadaStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1108.                    chechrepublicStock_Ret3y.loc['2008-07-
01':'2018-04-01'],   

1109.                    chileStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1110.                    chinaStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1111.                    denmarkStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1112.                    franceStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1113.                    germanyStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1114.                    hungaryStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1115.                    israelStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1116.                    italyStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1117.                    japanStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1118.                    mexicoStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1119.                    netherlandStock_Ret3y.loc['2008-07-01':'2018-
04-01'],   

1120.                    polandStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1121.                    portugalStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1122.                    russiaStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1123.                    southafricaStock_Ret3y.loc['2008-07-01':'2018-
04-01'],   

1124.                    southkoreaStock_Ret3y.loc['2008-07-01':'2018-
04-01'],   

1125.                    spainStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1126.                    swedenStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1127.                    switzerlandStock_Ret3y.loc['2008-07-01':'2018-
04-01'],   

1128.                    ukStock_Ret3y.loc['2008-07-01':'2018-04-
01'],   

1129.                    usStock_Ret3y.loc['2008-07-01':'2018-04-
01']], axis=1)   

1130. In [251]:   
1131.    
1132. Ret = pd.concat([norwayRiskFree.loc['2008-07-01':'2018-04-01'],   
1133.                  austria['austriaStock_Ret'].loc['2008-07-

01':'2018-04-01'],   
1134.                  belgium['belgiumStock_Ret'].loc['2008-07-

01':'2018-04-01'],   
1135.                  canada['canadaStock_Ret'].loc['2008-07-

01':'2018-04-01'],   
1136.                  chechrepublic['chechrepublicStock_Ret'].loc['200

8-07-01':'2018-04-01'],   
1137.                  chile['chileStock_Ret'].loc['2008-07-01':'2018-

04-01'],   
1138.                  china['chinaStock_Ret'].loc['2008-07-01':'2018-

04-01'],   
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1139.                  denmark['denmarkStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1140.                  france['franceStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1141.                  germany['germanyStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1142.                  hungary['hungaryStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1143.                  israel['israelStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1144.                  italy['italyStock_Ret'].loc['2008-07-01':'2018-
04-01'],   

1145.                  japan['japanStock_Ret'].loc['2008-07-01':'2018-
04-01'],   

1146.                  mexico['mexicoStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1147.                  netherland['netherlandStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1148.                  poland['polandStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1149.                  portugal['portugalStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1150.                  russia['russiaStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1151.                  southafrica['southafricaStock_Ret'].loc['2008-
07-01':'2018-04-01'],   

1152.                  southkorea['southkoreaStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1153.                  spain['spainStock_Ret'].loc['2008-07-01':'2018-
04-01'],   

1154.                  sweden['swedenStock_Ret'].loc['2008-07-
01':'2018-04-01'],   

1155.                  switzerland['switzerlandStock_Ret'].loc['2008-
07-01':'2018-04-01'],   

1156.                  uk['ukStock_Ret'].loc['2008-07-01':'2018-04-
01'],   

1157.                  us['usStock_Ret'].loc['2008-07-01':'2018-04-
01']],axis=1)   

1158. In [252]:   
1159.    
1160. ExRet = pd.concat([austria['austriaStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1161.                    belgium['belgiumStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1162.                    canada['canadaStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1163.                    chechrepublic['chechrepublicStock_ExRet'].loc[

'2008-07-01':'2018-04-01'],   
1164.                    chile['chileStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1165.                    china['chinaStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1166.                    denmark['denmarkStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1167.                    france['franceStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1168.                    germany['germanyStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1169.                    hungary['hungaryStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1170.                    israel['israelStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1171.                    italy['italyStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
1172.                    japan['japanStock_ExRet'].loc['2008-07-

01':'2018-04-01'],   
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1173.                    mexico['mexicoStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1174.                    netherland['netherlandStock_ExRet'].loc['2008-
07-01':'2018-04-01'],   

1175.                    poland['polandStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1176.                    portugal['portugalStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1177.                    russia['russiaStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1178.                    southafrica['southafricaStock_ExRet'].loc['200
8-07-01':'2018-04-01'],   

1179.                    southkorea['southkoreaStock_ExRet'].loc['2008-
07-01':'2018-04-01'],   

1180.                    spain['spainStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1181.                    sweden['swedenStock_ExRet'].loc['2008-07-
01':'2018-04-01'],   

1182.                    switzerland['switzerlandStock_ExRet'].loc['200
8-07-01':'2018-04-01'],   

1183.                    uk['ukStock_ExRet'].loc['2008-07-01':'2018-04-
01'],   

1184.                    us['usStock_ExRet'].loc['2008-07-01':'2018-04-
01']],axis=1)   

1185. In [253]:   
1186.    
1187. ExRet3y = pd.concat([austriaStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1188.                      belgiumStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1189.                      canadaStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1190.                      chechrepublicStock_ExRet3Y.loc['2011-07-

01':'2018-04-01'],   
1191.                      chileStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1192.                      chinaStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1193.                      denmarkStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1194.                      franceStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1195.                      germanyStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1196.                      hungaryStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1197.                      isrealStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1198.                      italyStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1199.                      japanStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1200.                      mexicoStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1201.                      netherlandStock_ExRet3Y.loc['2011-07-

01':'2018-04-01'],   
1202.                      polandStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1203.                      portugalStock_ExRet3Y.loc['2011-07-

01':'2018-04-01'],   
1204.                      russiaStock_ExRet3Y.loc['2011-07-01':'2018-

04-01'],   
1205.                      southafricaStock_ExRet3Y.loc['2011-07-

01':'2018-04-01'],   
1206.                      southkoreaStock_ExRet3Y.loc['2011-07-

01':'2018-04-01'],   
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1207.                      spainStock_ExRet3Y.loc['2011-07-01':'2018-
04-01'],   

1208.                      swedenStock_ExRet3Y.loc['2011-07-01':'2018-
04-01'],   

1209.                      switzerlandStock_ExRet3Y.loc['2011-07-
01':'2018-04-01'],   

1210.                      ukStock_ExRet3Y.loc['2011-07-01':'2018-04-
01'],   

1211.                      usStock_ExRet3Y.loc['2011-07-01':'2018-04-
01']] ,axis=1)   

1212. In [254]:   
1213.    
1214. #Compute the cumulative sum of excess returns   
1215. TVERportfolio = np.log(ExRet3y).diff().diff().dropna()*12   
1216. TVERportfolio = pd.DataFrame(TVERportfolio)   
1217. In [ ]:   
1218.    
1219. plt.figure(figsize=(20, 10))   
1220. plt.plot(TVERportfolio, alpha=20);   
1221. plt.xlabel('date')   
1222. plt.ylabel('returns')   
1223. In [ ]:   
1224.    
1225. TVERportfolio.skew()   
1226. In [ ]:   
1227.    
1228. TVERportfolio.kurtosis()   
1229. In [258]:   
1230.    
1231. ExRreturns_annual = TVERportfolio.mean()*-100   
1232. ExRcov_annual = TVERportfolio.cov()*100   
1233. In [259]:   
1234.    
1235. # empty lists to store returns, volatility and weights of imigina

ry portfolios   
1236. EXport_returns = []   
1237. EXport_volatility = []   
1238. EXsharpe_ratio = []   
1239. EXstock_weights = []   
1240. In [260]:   
1241.    
1242. # set the number of combinations for imaginary portfolios   
1243. ExRnum_assets = 25   
1244. ExRnum_portfolios = 50000   
1245. In [261]:   
1246.    
1247. #set random seed for reproduction's sake   
1248. np.random.seed(101)   
1249.    
1250. # populate the empty lists with each portfolios returns,risk and 

weights   
1251. for single_portfolio in range(ExRnum_portfolios):   
1252.     weights = np.random.random(ExRnum_assets)   
1253.     weights /= np.sum(weights)   
1254.     returns = np.dot(weights, ExRreturns_annual)   
1255.     volatility = np.sqrt(np.dot(weights.T, np.dot(ExRcov_annual, 

weights)))   
1256.     sharpe = returns/ volatility   
1257.     EXsharpe_ratio.append(sharpe)   
1258.     EXport_returns.append(returns)   
1259.     EXport_volatility.append(volatility)   
1260.     EXstock_weights.append(weights)   
1261. In [262]:   
1262.    
1263. # a dictionary for Returns and Risk values of each portfolio   
1264. portfolio = {'Returns': EXport_returns,   
1265.              'Volatility': EXport_volatility,   
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1266.              'Sharpe Ratio': EXsharpe_ratio}   
1267.    
1268. # extend original dictionary to accomodate each ticker and weight

 in the portfolio   
1269. for counter,symbol in enumerate(TVERportfolio):   
1270.     portfolio[symbol+' Weight'] = [Weight[counter] for Weight in 

EXstock_weights]   
1271. In [263]:   
1272.    
1273. # make a nice dataframe of the extended dictionary   
1274. df2 = pd.DataFrame(portfolio)   
1275. In [264]:   
1276.    
1277. # get better labels for desired arrangement of columns   
1278. column_order = ['Returns', 'Volatility', 'Sharpe Ratio'] + [stock

+' Weight' for stock in TVERportfolio]   
1279. In [ ]:   
1280.    
1281. # reorder dataframe columns   
1282. df2 = df2[column_order]   
1283. df2.head()   
1284. In [ ]:   
1285.    
1286. # reorder dataframe columns   
1287. df2 = df2[column_order]   
1288. df2.head()   
1289. In [267]:   
1290.    
1291. # find min Volatility & max sharpe values in the dataframe (df)   
1292. min_volatility2 = df2['Volatility'].min()   
1293. max_sharpe2 = df2['Sharpe Ratio'].max()   
1294. In [268]:   
1295.    
1296. # use the min, max values to locate and create the two special po

rtfolios   
1297. sharpe_portfolio2 = df2.loc[df2['Sharpe Ratio'] == max_sharpe2]   
1298. min_variance_port2 = df2.loc[df2['Volatility'] == min_volatility2

]   
1299. In [ ]:   
1300.    
1301. # plot frontier, max sharpe & min Volatility values with a scatte

rplot   
1302. plt.style.use('seaborn-dark')   
1303. df2.plot.scatter(x='Volatility', y='Returns', c='Sharpe Ratio',   
1304.                 cmap='RdYlGn', edgecolors='black', figsize=(10, 8

), grid=True)   
1305. plt.scatter(x=sharpe_portfolio2['Volatility'], y=sharpe_portfolio

2['Returns'], c='red', marker='D', s=200)   
1306. plt.scatter(x=min_variance_port2['Volatility'], y=min_variance_po

rt2['Returns'], c='blue', marker='D', s=200 )   
1307. plt.xlabel('Volatility (Std. Deviation)')   
1308. plt.ylabel('Expected Returns')   
1309. plt.title('Efficient Frontier')   
1310. plt.show()   
1311. In [ ]:   
1312.    
1313. # print the details of the 2 special portfolios   
1314. print(min_variance_port2.T)   
1315. In [ ]:   
1316.    
1317. print(sharpe_portfolio2.T)   
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