Appendix

Figure Al: Top 20 pairs S&P500

Summary of strategy performance for the top 20 portfolio on S&P500. The cumulative
strategy return is compared with the return of the S&P500 index in the top left chart.

Figure A2: Top 20 pairs OSE

Summary of strategy performance for the top 20 portfolio on the OSE. The cumulative
strategy return is compared with the return of the OSEBX index in the top left chart.
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Table Al: S&P500 results with explicit TC

Pairs portfolio Top 5 Top 10 Top 20 All
A: Excess return

distribution

Average excess return 0.00002 0.00003 0.00009 0.00003
Annualized excess return 0.00605 0.00630 0.02344 0.00630
t-Statistic 0.21580 0.26925 1.14699 0.38215
pvalue 0.82915 0.78775 0.25144 0.70237

FExcess return distribution

Median 0.00000 0.00000 0.00000 0.00000
Standard deviation 0.00745 0.00633 0.00551 0.00450
Skewness 0.15589 0.44111 0.78204 0.79083
Kurtosis 9.73473 12.42605 16.84887 19.09057
Minimum -0.05467 -0.04748 -0.04351 -0.04351
Maximum 0.07091 0.07091 0.07091 0.05289

B: Systematic risk of
pairs trading

Sharpe Ratio 0.00322 0.00395 0.01688 0.00556

Intercept 0.00007 0.00003 0.00009 0.00002

(0.64500) (0.29200) (1.13600) (0.34300)

Market -0.01890 -0.00340 0.00580 0.01310
(-1.87000)*  (-0.39600) (0.78400)  (2.17000)**

SMB 0.01340 0.03790 0.04400 0.03140
(0.68300)  (2.30100)**  (3.07000)***  (2.69100)***

HML -0.02710 -0.02830 -0.02060 -0.02580
(-1.47200)  (-1.82400)*  (-1.52500)  (-2.34600)**

Momentum -0.03170 -0.03700 -0.04020 -0.03200
(-2.46600)**  (-3.40900)***  (-4.25900)***  (-4.15800)***

R’ 0.00200 0.00400 0.00700 0.00900

Panel A: Summary statistics of the daily excess returns applying the strategy on the
S&P500 but adjusted for standard transaction cost such as commissions and short selling
fees. Panel B: Summary of risk profile of the obtained returns. Daily returns regressed
against Fama-French three factor model and Carhart’s momentum factor.
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Table A2: OSE results with explicit TC

Pairs portfolio Top 5 Top 10 Top 20 All
A: Excess return

distribution

Average excess return 0.00163 0.00169 0.00156 0.00072
Annualized excess return 0.41177 0.42664 0.39388 0.18043
t-Statistic 4.98742 6.07211 7.01941 4.60163
p-value 0.00000 0.00000 0.00000 0.00000

FExcess return distribution

Median 0.00000 0.00000 0.00000 0.00000
Standard deviation 0.02237 0.01904 0.01520 0.01062
Skewness 0.67228 0.38684 0.64957 0.08351
Kurtosis 16.40217 9.20571 11.51896 16.56312
Minimum -0.18488 -0.12482 -0.11293 -0.11293
Maximum 0.27059 0.21724 0.18203 0.09326

B: Systematic risk of pairs

trading
Sharpe ratio 0.07305 0.08894 0.10281 0.06741
Intercept 0.00160 0.00160 0.00140 0.00070
(4.85600)***  (5.70600)***  (6.44900)***  (4.69200)***
Market -0.01360 -0.07420 -0.06840 0.00170
(-0.34100)  (-2.19300)**  (-2.56800)*** (0.09100)
SMB 0.10080 -0.01030 -0.01260 0.00490
(2.26800)**  (-0.27300) (-0.42300) (0.23400)
HML 0.00370 -0.03900 -0.01030 0.01590
(0.10800) (-1.35300) (-0.45200) (0.98600)
Momentum -0.04790 -0.03280 -0.03440 -0.04460
(-1.61100) (-1.29600) (-1.72600)**  (-3.15500)***
R’ 0.00400 0.00200 0.00300 0.00200

Panel A: Summary statistics of the daily excess returns applying the strategy on the OSE
but adjusted for standard transaction cost such as commissions and short selling fees. Panel
B: Summary of risk profile of the obtained returns. Daily returns regressed against Fama-
French three factor model and Carhart’s momentum factor.
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Table A3: Performance on Bottom and Top spread portfolios

S&P500 OSE
A: Bottom spread portfolio
Average excess return 0.00034 0.00004
Annualized excess return 0.08568 0.01008
t-Statistic 3.62283 0.16730
p-value 0.00029 0.86714
Excess return distribution
Median 0.00000 0.00000
Standard deviation 0.00638 0.01532
Skewness 1.69139 -0.23631
Kurtosis 21.02821 14.98725
Minimum -0.04615 -0.18605
Maximum 0.08895 0.12610
Annualized Sharpe Ratio 0.85 0.04
B: Top spread portfolio
Average excess return 0.00117 0.00267
Annualized excess return 0.29484 0.67284
t-Statistic 5.82546 7.83020
p-value 0.00000 0.00000
Excess return distribution
Median 0.00000 0.00000
Standard deviation 0.01366 0.02331
Skewness 0.51067 0.85283
Kurtosis 9.35137 10.35755
Minimum -0.11031 -0.16418
Maximum 0.11193 0.27856
Annualized Sharpe Ratio 1.36 1.82

The table summarize the excess returns and its distribution for the portfolios containing
the 30% most liquid stocks and the portfolios containing the 30% least liquid stocks for
both the S&P500 and OSE, measured by the relative bid-ask spread.
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Table A4: Performance on Bottom and Top spread portfolios with 1 day

lag and including explicit T'C

S&P500 OSE
A: Bottom spread portfolio inc. 1 day
lag and explicit TC
Average excess return 0.00005 0.00003
Annualized excess return 0.01310 0.00781
t-Statistic 0.59829 0.09267
pvalue 0.54967 0.92617
Excess return distribution:
Median 0.00000 0.00000
Standard deviation 0.00594 0.02272
Skewness 1.71382 3.06829
Kurtosis 23.29081 158.90822
Minimum -0.04544 -0.39856
Maximum 0.08193 0.58065
Annualized Sharpe Ratio 0.13362 0.02166
B: Top spread portfolio inc. 1 day
lag and explicit T'C
Average excess return 0.00008 0.00208
Annualized excess return 0.02092 0.52492
t-Statistic 0.70225 4.49086
pvalue 0.48256 0.00001
Excess return distribution:
Median 0.00000 0.00000
Standard deviation 0.00807 0.03168
Skewness 1.05147 0.82808
Kurtosis 10.93792 12.94110
Minimum -0.04891 -0.24811
Maximum 0.07218 0.38182
Annualized Sharpe Ratio 0.16319 1.04393

The table summarize the excess returns and its distribution for the portfolios containing

the top and bottom 30" percentile of stocks sorted by their liquidity. The relative bid-

ask spread is used as a measure of liquidity.
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Table A5: S&P500 Performance with explicit TC and relative BA-spread

Pairs portfolio Top 5 Top 10 Top 20 All

A: Excess return

distribution

Average excess return -0.00005 -0.00005 0.00001 -0.00006

Annualized excess return -0.01210 -0.01361 0.00227 -0.01512

t-Statistic -0.43665 -0.58213 0.11314 -0.90302

p-value 0.66238 0.56051 0.90993 0.36656

Excess return

distribution:
Median 0.00000 0.00000 0.00000 0.00000
Standard deviation 0.00751 0.00634 0.00552 0.00451
Skewness 0.30682 0.40876 0.73320 0.75858
Kurtosis 9.26784 12.16502 16.47296 18.99981
Minimum -0.05467 -0.04748 -0.04351 -0.04351
Maximum 0.06978 0.06978 0.06978 0.05289

B: Risk characteristics of
pairs trading

Sharpe Ratio -0.00639 -0.00851 0.00163 -0.01329
Intercept -0.00004 -0.00005 0.00001 -0.00006
(-0.39100) (-0.55800) (0.64500) (-0.94500)
Market -0.01070 -0.00380 -0.01890 0.01300
(-1.06300) (-0.44100)  (-1.87000)*  (2.14500)**
SMB 0.03260 0.03750 0.01340 0.03110
(1.66400)*  (2.27000)**  (0.68300)  (2.65500)***
HML -0.03440 -0.02830 -0.02710 -0.02610
(-1.86800)*  (-1.81700)*  (-1.47200)  (-2.36300)**
Momentum -0.03760 -0.03700 -0.03170 -0.03200
(-2.91800)***  (-3.40300)***  (-2.46600)**  (-4.14400)***
R’ 0.00300 0.00400 0.00200 0.00900

Panel A: Summary statistics of the daily excess returns applying the same pairs trading
strategy as before but adjusted for standard transaction and average relative bid ask
spreads. Panel B: Summary of risk profile of the obtained returns. Daily returns regressed
against Fama-French three factor model and Carhart’s momentum factor.
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Table A6: OSE Performance with explicit TC and relative BA-spread

Pairs portfolio Top 5 Top 10 Top 20 All

A: Excess return distribution

Average excess return 0.00015 0.00003 -0.00022 -0.00094
Annualized excess return 0.03755 0.00731 -0.05645 -0.23587
t-Statistic 0.44500 0.10192 0.99915 5.86567
pvalue 0.65634 0.91883 0.31777 0.00000
Excess return distribution

Median 0.00000 0.00000 0.00000 0.00000
Standard deviation 0.02279 0.01946 0.01533 0.01090
Skewness 0.53614 0.21687 0.41488 -0.31438
Kurtosis 15.76179 9.07968 11.74605 16.18632
Minimum -0.18488 -0.13571 -0.11293 -0.11293
Maximum 0.27059 0.21724 0.18203 0.09288

B: Systematic risk of pairs

trading 0.10377 0.02365 -0.23197  -1.36317
Sharpe ratio 0.00654 0.00149 -0.01461 -0.08587
Intercept 0.00010 -0.00005  -0.00030  -0.00090
(0.40000)  (-0.16000)  (-1.28100)  (-5.58600)

Market 0.00120 -0.06160  -0.05420 0.01540
(0.03000)  (-1.77900)  (-1.98900)*  (0.79200)

SMB 0.11840 0.00440 0.00240 0.02130
(2.61400)***  (0.11300)  (0.08000)  (0.98200)

HML 0.00830 -0.03380 0.00140 0.02190
(0.24000)  (-1.14600)  (0.06200)  (1.32400)

Momentum -0.04310 -0.02550  -0.02840  -0.04260
(-1.42400)  (-0.98600)  (-1.39300)  (-2.93900)

R’ 0.00400 0.00200 0.00300 0.00200

Panel A: Summary statistics of the daily excess returns applying the same pairs trading
strategy as before but adjusted for standard transaction and average relative bid ask
spreads. Panel B: Summary of risk profile of the obtained returns. Daily returns regressed
against Fama-French three factor model and Carhart’s momentum factor.
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import pandas_datareader as web

import matplotlib.pyplot as plt

import datetime as datetime

import seaborn as sns

import matplotlib.cm as cm

import statsmodels.api as sm

from sklearn import linear_model

from sklearn.cluster import KMeans, DBSCAN
from sklearn.decomposition import PCA
from sklearn.manifold import TSNE

from sklearn import preprocessing

from statsmodels.tsa.stattools import coint
from statsmodels.tsa.stattools import adfuller
import statsmodels.regression.linear_model as rg
from scipy import stats

import statsmodels.api as sm

import statsmodels.tsa.stattools as ts

from statsmodels.api import add_constant
import os

#Import data
crsp_data = pd.read_csv('CRSP_data_FIXED.csV', index_col=0, sep="'

# Import benchmarks
oslo_bors_benchmark_index = pd.read_csv(\
'‘Oslo_bors_benchmark_index.csVv', index_col=0,\
sep=",', encoding='latin-1")
oslo_bors_benchmark_index.index =\
pd.to_datetime(oslo_bors_benchmark_index.index, format="'%Y%m%d')

SP500_index = pd.read_csv('SP500_benchmark_index.csv', index_col=0, sep=","\
, encoding="latin-1')
SP500_index.index = pd.to_datetime(SP500_index.index, format='%Y %m%d')

# Calculate cumulative return on benchmarks
oslo_bors_benchmark_index['return'] =\
oslo_bors_benchmark_index['Oslo BA rs Benchmark Index_GlI'].pct_change()
oslo_bors_benchmark_index['cumulative return'] =\
np.cumprod(1+oslo_bors_benchmark_index['return'])-1
oslo_bors_benchmark_index.fillna(0)

SP500_index.index = pd.to_datetime(SP500_index.index, format='%Y %m%d’)
SP500_index['cum_ret'] = np.cumprod(1+SP500_index['sprirn‘)-1

#% %
#

# Create FORMATION period datasets with daily stock prices

#.

7

list_of_formation_datasets_prices = []

y=0

while y < (5040-126):
temp = crsp_data.iloc[y:y+252]
list_of_formation_datasets_prices.append(temp)
y += 126

list_of_formation_datasets_prices.pop()
list_of_formation_datasets_prices.pop()
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#

list_of_trading_datasets_prices = []

y=0

while y < (5040-126):
temp = crsp_data.iloc[y:y+126]
list_of_trading_datasets_prices.append(temp)
y += 126

list_of_trading_datasets_prices.pop(0)
list_of_trading_datasets_prices.pop(0)

£

77

# Clean data for missing values
£

b

# for formation datasets
for dataset in list_of_formation_datasets_prices:
dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_formation_datasets_prices:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_formation_datasets_prices:
dataset.dropna(axis=1, how="'any', thresh=None, subset=None, inplace=True)

# for trading datasets:
for dataset in list_of_trading_datasets_prices:
dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_trading_datasets_prices:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_trading_datasets_prices:
dataset.dropna(axis=1, how="'any', thresh=None, subset=None, inplace=True)

# Make sure we have the same securities in the formation and trading period.
# Remove securities that are not present in both periods

common_tickers = []
for i in range(len(list_of_formation_datasets_prices)):
common_cols = list_of_formation_datasets_prices[i].drop([col for col in\
list_of_formation_datasets_prices][i].columns if col in\
list_of_formation_datasets_prices[i].columns and col not in\
list_of_trading_datasets_prices][i].columns], axis = 1)

common_tickers.append(common_cols)

for i in range(len(list_of_formation_datasets_prices)):
list_of_formation_datasets_prices[i] = list_of_formation_datasets_prices][i]\
[common_tickers[i].columns]
list_of_trading_datasets_prices]i] = list_of_trading_datasets_prices[i]\
[common_tickers[i].columns]

# Calculating returns from closing prices

list_of_training_returns = []

for dataset in list_of_formation_datasets_prices:
stock_returns = dataset.pct_change()
list_of_training_returns.append(stock_returns)
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list_of_trading_returns = []

for dataset in list_of_trading_datasets_prices:
stock_returns = dataset.pct_change()
list_of_trading_returns.append(stock_returns)

for dataset in list_of_trading_returns:
dataset.iloc[0:1] = 0

#% %

#
# PCA

#.

77

extracted_pca_data = []
for dataset in list_of_training_returns:

pca = PCA(n_components = 20) # nr. of components is set fo 12
pca.fit(dataset)

pca.explained_variance_ratio_.cumsum() # determine nr. of components
print('The shape of the array after PCA is : ', pca.components_.T.shape)
extracted_data = preprocessing.StandardScaler().\
fit_transform(pca.components_.T)

print (‘The shape of the array is now:', extracted_data.shape)

extracted_pca_data.append(extracted_data)

PC_values = np.arange(pca.n_components_) + 1
plt.plot(PC_values, pca.explained_variance_ratio_,

plt.title('Scree Plot')

plt.xlabel('Principal Component’)
plt.ylabel('Proportion of Variance Explained')
plt.title('Scree Plot for US data')

plt.show()

plt.close()

ro-', linewidth=2)

plt.plot(np.cumsum(pca.explained_variance_ratio_), color = 'blue’)

plt.xlabel('number of components')
plt.ylabel('‘cumulative explained variance');
plt.title(Cumulative Scree Plot for US data')
plt.show()

#.

# DBSCAN

#.

extracted_DBSCAN_data = []
extracted_labels =[]
extracted_clustered_series = []
extracted_clustered_series_all = []
extracted_labels =[]
extracted_ticker_count_reduced = []
extracted_n_clusters =[]

for i in range(len(extracted_pca_data)):
clustering = DBSCAN(eps=1, min_samples=4)
# eps = 1 for SP500, eps = 0.6 for OSE
print(clustering)
clustering.fit(extracted_pca_data[i])
labels =clustering.labels_
extracted_labels.append(labels)

n_clusters_ = len(set(labels)) - (1 if -1 in labels else 0)
print (\nClusters discovered : %d' % n_clusters_)

extracted_n_clusters.append(n_clusters_)
clustered = clustering.labels_
extracted_DBSCAN_data.append(clustered)
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data=extracted_DBSCAN_data[i])
extracted_clustered_series_all.append(clustered_series)
clustered_series = clustered_series[clustered_series = -1]
extracted_clustered_series.append(clustered_series)

CLUSTER_SIZE_LIMIT = 200

counts = clustered_series.value_counts()

ticker_count_reduced = counts[(counts>1) & counts<=CLUSTER_SIZE_LIMIT]

extracted_ticker_count_reduced.append(ticker_count_reduced)

print('Clusters formed: %d' % len(ticker_count_reduced))

print('Pairs to evaluate: %d' % (ticker_count_reduced*\
(ticker_count_reduced-1)).sum())

#% %

#Plot multidimension dataset of returns into 2D
#This creates a t-SNE plot of all stocks with clusters noted
for i in range(36):
extracted_data_tsne = TSNE(learning_rate=500, perplexity=18, \
random_state=1337).fit_transform(extracted_pca_data[i])

#PLOT
plt.figure(1, facecolor="white', figsize=(10,6))

plt.clf()
#plt.axis(‘off)

#unclustered in the background

plt.scatter(
extracted_data_tsne[(extracted_clustered_series_all[i]==-1).values, 0],
extracted_data_tsne[(extracted_clustered_series_all[i]==-1).values, 1],
s=120,
alpha=0.2,
c='grey’

)

#clustered

plt.scatter(
extracted_data_tsne[(extracted_labels[i]'=-1), 0],
extracted_data_tsne[(extracted_labels[i]!=-1), 1],
s=120,
alpha=0.85,
c=extracted_labels]i][extracted_labels]i]!=-1],
cmap=cm.cool,
edgecolors = 'grey’

)

plt.title('T-SNE of DBSCAN clusters for US data’, fontsize = 20)
plt.xlabel('Dimension 1', fontsize = 12)

plt.ylabel('Dimension 2', fontsize = 12)

plt.show()

#% %

#.
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# This part prepares the data for performing a cointegration test on all pairs

# in each cluster
£

77

# Get the number of stocks in each cluster
extracted_counts = []
for i in range(len(extracted_clustered_series)):
counts = extracted_clustered_series]i].value_counts()
extracted_counts.append(counts)
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clusters_vis_list = list(extracted_counts[i][(extracted_counts[i]<500) & \
(extracted_counts[i]>1)].index[::-1])
extracted_clusters_vis_list.append(clusters_vis_list)

extracted_training_new = []

for dataset in list_of_training_returns:
training_new_draft = ((dataset + 1).cumprod()-1)
training_new = training_new_draft[0:252]
extracted_training_new.append(training_new)

# Create a list to use as x-axis in plot:
x=list(range(1,253))

# Plot the stock time series for all clusters
extracted_tickers_list = []
for i in range(len(extracted_clusters_vis_list)):
temp = extracted_clustered_series|i]
tickers2 = temp[temp==0]
tickers1 = temp[temp==1]
tickers3 = temp[temp==2]
tickers4 = temp[temp==3]
tickers5 = temp[temp==4]
tickers6 = temp[temp==5]
tickers7 = temp[temp==6]
tickers8 = temp[temp==7]
tickers9 = temp[temp==8]
tickers10 = temp[temp==9]
tickers11 = temp[temp==10]
tickers12 = temp[temp==11]
tickers13 = temp[temp==12]
tickers14 = temp[temp==13]
tickers15 = temp[temp==14]

# tickers4 = tempftemp ==[]]
if list(tickers1)!=[]:
extracted_tickers_list.append(tickers1)
if list(tickers2)!=[]:
extracted_tickers_list.append(tickers2)
if list(tickers3)!=[]:
extracted_tickers_list.append(tickers3)
if list(tickers4)!=[]:
extracted_tickers_list.append(tickers4)
if list(tickers5)!=[]:
extracted_tickers_list.append(tickers5)
if list(tickers6)!=[]:
extracted_tickers_list.append(tickers6)
if list(tickers7)!=[]:
extracted_tickers_list.append(tickers7)
if list(tickers8)!=[]:
extracted_tickers_list.append(tickers8)
if list(tickers9)!=[]:
extracted_tickers_list.append(tickers9)
if list(tickers10)!=[]:
extracted_tickers_list.append(tickers10)
if list(tickers11)!=[]:
extracted_tickers_list.append(tickers11)
if list(tickers12)!=[]:
extracted_tickers_list.append(tickers12)
if list(tickers13)!=[]:
extracted_tickers_list.append(tickers13)
if list(tickers14)!=[]:
extracted_tickers_list.append(tickers14)
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if list(tickers1) == [] and list(tickers2) == [] and list(tickers3) == []\
and list(tickers4) == [] and list(tickers5) == [] and \
list(tickers6) == [] and list(tickers7) == [] and list(tickers8) == [\
and list(tickers9) == [] and list(tickers10) == [] and \
list(tickers11) == [] and list(tickers12) == [] and \
list(tickers13) == [] and list(tickers14) == [] and \
list(tickers15) == []:
extracted_tickers_list.append([])

#% %

#.

L

# Setting up cointegration test
#.

# COINTEGRATION TEST (From Larkin (2017))

def cointegrated_stocks(data, significance=0.05):
n = data.shape[1] # gives us the number of stocks in cluster
score_matrix = np.zeros((n, n)) # creates an nn array of zeros
pvalue_matrix = np.ones((n, n))
# \ this array will be updated with cointegration p-values
keys = data.keys() # store the ticker symbol of stocks
pairs = [] # create an empty list

for i in range(n):
for j in range(i+1, n):
S1 = datalkeysi]]
S2 = datalkeys[j]]

result = coint(S1, S2) # no intercept needed
score = result[0] # store result index/0]
pvalue = result[1]

score_matrix(i, j] = score

pvalue_matrix[i, j] = pvalue

if pvalue < significance:
pairs.append((keys[i], keys[j]))
return score_matrix, pvalue_matrix, pairs

# Create a new index to allow for several clusters in each formaiton period
new_index = []
for i in range(len(extracted_counts)):
X =i
if len(extracted_counts]i]) == 2:
new_index.append(x)
new_index.append(x)
elif len(extracted_counts]i]) == 3:
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts]i]) == 4:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts[i]) == 5:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts]i]) == 6:
new_index.append(x)
new_index.append(x)
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new_index.append(x)

elif len(extracted_counts]i]) == 7:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)

elif len(extracted_counts]i]) == 8:
new_index.append(x

)

(x)

(x)

(x)
new_index.append(x)
(x)

(x)

)

new_index.append(x
elif len(extracted_counts[i]) == 9:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts][i]) == 10:
new_index.append(x

)
)
)
)
)
)
)
)
)
)

new_index.append(x
elif len(extracted_counts[i]) == 11:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_countsJi]) == 12:
new_index.append(x

)
)
)
)
)
x)
)
)
)
)
)
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new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts[i]) == 14:
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
new_index.append(x)
elif len(extracted_counts][i]) == 15:
new_index.append(x

)
)
)
)
)
)
)
x)
)
)
)
)
)
)
)

else:
new_index.append(x)

#.

# Loop through formation periods to find cointegrated pairs in each cluster
#
cluster_dictionary = {}
score_matrix_list = []
pvalue_matrix_list = []
pairs_list = []

count = 0
for i in range(0, len(new_index)):

if len(extracted_tickers_list[i]) == 0:
count += 1
print(i)
continue
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stock_ticks = extracted_tickers_list{count]

print(stock_ticks)# An index list of all stocks in cluster

print(list_of_formation_datasets_prices[period].columns)

score_matrix, pvalue_matrix, pairs = cointegrated_stocks\
(list_of_formation_datasets_prices[period][stock_ticks.index]

)

score_matrix_list.append(score_matrix)
pvalue_matrix_list.append(pvalue_matrix)
pairs_list.append(pairs)

cluster_dictionary[i] = {}

cluster_dictionary[i]['period'] = period
cluster_dictionary[i]['score_matrix'] = score_matrix
cluster_dictionary[i]['pvalue_matrix'] = pvalue_matrix
cluster_dictionary[i]['pairs'] = pairs

count += 1
potential_pairs = []
for clust in cluster_dictionary.keys():

potential_pairs = cluster_dictionary[clust]['pairs']

print('The following pairs will be traded in this period:')
print(set(cluster_dictionary[clust]['pairs))

print('We found %d pairs.' % len(potential_pairs))
print('In those pairs, there are %d unique tickers.' % \
len(np.unique(potential_pairs)))

potential_pairs.extend(cluster_dictionary[clust]['pairs'])

#

77

# Plot a cluster with cointegrated pairs noted
#.

77

Cluster = extracted_clustered_series[1][extracted_clustered_series[1]==0]
our_pairs = cluster_dictionary[3]['pairs']

stocks = list(np.unique(our_pairs))
X_df = pd.DataFrame(index=list_of_training_returns[1].T.index, \
data=extracted_pca_data[1])

stocks = list(np.unique(our_pairs))
X_pairs = X_df.loc[Cluster.index]

X_tsne = TSNE(learning_rate=50, perplexity=3, random_state=1337).\
fit_transform(X_pairs)

plt.figure(1, facecolor='white')

plt.clf()

plt.axis('off')

for pair in our_pairs:
ticker1 = pair[0]
loc1 = X_pairs.index.get_loc(pair[0])
x1, y1 = X_tsne[loc1, ]

ticker2 = pair[0]

loc2 = X_pairs.index.get_loc(pair[1])

x2, y2 = X_tsne[loc2, ]

plt.plot([x1, x2], [y1, y2], 'k-', alpha=0.2, c='gray');

plt.scatter(X_tsne[:, 0], X_tsne[:, 1], s=220, alpha=1, c=[Cluster.values], \
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#% %

#

# Trading setup and execution in FORMATION periods
#
# creating datasets for all potential pairs in the formation period containing
#returns, spread, trading signals, positions and spread returns

pairs_datasets = []
for clust in cluster_dictionary:
for i in range(len(set(cluster_dictionary[clust]['pairs1))):
pair_tickers = list(cluster_dictionary[clust]['pairs'][i])
period = cluster_dictionary[clust]['period']
trading_pair = list_of_formation_datasets_prices[period][pair_tickers]
#trading_pair.columns = ['S1, 'S27

trading_pair['S1_ret'] = trading_pair[pair_tickers[0]].pct_change(1)
trading_pair.iloc[0,2] = O
trading_pair['S2_ret'] = trading_pair[pair_tickers[1]].pct_change(1)
trading_pair.iloc[0,3] = 0

# CALCULATE ROLLING Z-SCORE
rolling_window = 20

# OLS Regression (can be used to decide long/short position size)

Im_pair = rg.OLS(trading_pair[pair_tickers[0]],\
trading_pair[pair_tickers[1]]).fit()

trading_pair_b1 = Im_pair.params[0]

# Create new column called pairs spread
trading_pair['pairs_spread] =\
(trading_pair[pair_tickers[0]] - trading_pair[pair_tickers[1]])\
/ trading_pair[pair_tickers[1]]

# Rolling 10-day covariance
rolling_pair_cov = trading_pair.loc[:, [pair_tickers[0],\
pair_tickers[1]]].rolling(window=rolling_window)\
.cov(trading_pair.loc[:, [pair_tickers[0], pair_tickers[1]]],\
pairwise=True)

# Slice multi index df to single index df if pairs covariance

idx = pd.IndexSlice

rolling_pair_cov = rolling_pair_cov.loc[idx[:, pair_tickers[0]], \
pair_tickers[1]]

# Convert Date and Stock index info date index by making stock at
# index level 1 into a new column
rolling_pair_cov = rolling_pair_cov.reset_index(level=1)

# Calculate the 10-day rolling variance
rolling_pair_var = trading_pair[pair_tickers[0]].\
rolling(window=rolling_window).var()

# Rolling Beta
trading_pair['rolling_pair_b1" = rolling_pair_cov[pair_tickers[1]]\
/ rolling_pair_var

# Calculation of 10-day rolling spread
trading_pair['rolling_pair_spread'] = trading_pair['pairs_spread'].\
rolling(window=rolling_window).mean()

trading_pair['spread_std'] = trading_pair['pairs_spread1.\
rolling(window = rolling_window).std()
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# TRADING SIGNAL ALGORITHM
# z-score the day before
trading_pair['rolling_Z_score(-1)'] =\
trading_pair['rolling_Z_score'].shift(1)
# z-score two days before

trading_pair['pair_signal'] = 0
pair_signal = 0

# Signal generation
for i, rin enumerate(trading_pair.iterrows()):
if r[1]['rolling_Z_score(-1)'] > -2 and \
M 1]['rolling_Z_score'] < -2:
pair_signal = -2
elif [1]['rolling_Z_score(-1)'] < -0 and \
r1]['rolling_Z_score'] > -0:
pair_signal = -1
elif r[1]['rolling_Z_score(-1)'] < 2 and \
r[1]['rolling_Z_score'] > 2:
pair_signal = 2
elif r{1]['rolling_Z_score(-1)'] > 0 and \
r[1]['rolling_Z_score'] < 0:
pair_signal = 1
else:
pair_signal = 0
trading_pair.iloc[i, 10] = pair_signal

# Positions: 1 = Long Spread Trade, -1 = Short Spread Trade
trading_pair['position'] = 0
for i, r in enumerate(trading_pair.iterrows()):

if r[1]['pair_signal'] == -2:

position = 1

elif r[1]['pair_signal'] == -1:
position = 0

elif [1]['pair_signal'] == 2:
position = -1

elif [1]['pair_signal'] == 1:
position = 0

else:

position = trading_pair['position'].ilocfi-1]
trading_pair.ilocfi,11] = position

# Computing returns without bela
trading_pair['spread_returns'] = trading_pair['S1_ret] -\
trading_pair['S2_ret']
trading_pair['return'] = trading_pair['spread_returns] *\
trading_pair['position'].shift(1)
#set this to .shift(2) to impose
#a 1 day lag

# checking which period the pair is from and adding it to the datasets
trading_pair['period’] = cluster_dictionary[clust]['period]

# append trading_pair to the list containing all datasets
pairs_datasets.append(trading_pair)

#% %

#.

77

# Calculate the sharpe ratios for all pairs in the training periods
£

7

sharpe_ratios = []
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pairs_datasets[i]['SR'] = pairs_datasets][i]['avg_ret] /\
pairs_datasets[i]['std_dev_ret']

# Put all sharpe ratios in a list together with their period number
list_of_all_sharpe_ratios =[]
list_of_all_periods =[]
for i in range(len(pairs_datasets)):
sharpe_ratio = pairs_datasets[i]['SR'].mean()
period = pairs_datasets[i]['period'].mean()
list_of_all_sharpe_ratios.append(sharpe_ratio)
list_of_all_periods.append(period)

SR_p_merged = pd.DataFrame()
SR_p_merged['SR] = list_of_all_sharpe_ratios
SR_p_merged['period'] = list_of_all_periods

# Group by highest sharpe and period

# We pick the 10 pairs with highest sharpe from each training period
groups = SR_p_merged.sort_values(['period', ‘SR']).groupby('period').tail(5)
# adjust the .tail() to the number of stocks you want to trade on
groups.reset_index(inplace=True)

# Match the highest sharpe ratios with the tickers that belongs to these
tickers_with_highest_sharpe =[]

for i in range(len(groups)):
for j in range(len(pairs_datasets)):
if groups['SR[i] == pairs_datasets[j][SR'].mean() and \
groups|['period][i] == pairs_datasets][j]['period'].mean():
tickers_with_highest_sharpe.append(pairs_datasets[j].iloc[:,0:21])

optimal_trading_pairs = []
for i in range(len(tickers_with_highest_sharpe)):
print(i)
new_trading_pair = list_of_trading_datasets_prices\
[int(tickers_with_highest_sharpe[i]['period].mean())]\
[tickers_with_highest_sharpe[i].iloc[:,:2].columns]
optimal_trading_pairs.append(new_trading_pair)

#% %

#.

# Calculate daily return when trading at every cointegrated pair in each

# cluster every training period
#.

77

dataframe = pd.DataFrame()
dataframe_index = pd.DataFrame()
for i in range(len(pairs_datasets)):
temp = pairs_datasets[i]
temp2 = temp|['return’]
temp = temp.shift(-1)[temp['position']!=0]['return’]
dataframe = pd.concat([dataframe, temp])
dataframe_index = pd.concat([dataframe_index, temp2])
#trading_dataframe.drop_duplicates(inplace=True)
dataframe.columns = ['return’]

dataframe.reset_index(inplace=True)
grouped_dataframe = dataframe.groupby('index').agg('mean’)

dataframe_index.reset_index(inplace=True)
grouped_dataframe_index = dataframe_index.groupby('index').agg('mean’)
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training_results['cumulative return'] = np.cumsum(training_results['return'])
training_results.reset_index(inplace=True)

plt.figure(figsize=(10,7))
plt.plot(training_results['cumulative return'], linewidth=1, color="blue’)

plt.grid(color = 'black’, linestyle = '--', linewidth = 0.5)
plt.title('Cumulative return for all pairs in the training periods ')
plt.show()

training_std_of_returns = training_results['return'].std()
training_average_return = training_results['return'].mean()
print('The annualized return in the training period is:', \
(training_average_return * 252))
print('The annualized SR in the training period is:', \
((training_average_return/training_std_of_returns) * np.sqrt(252)))

#.

# Calculate the daily return on the x number of pairs with the highest sharpe
# ratio. The x is decided by the .tail()

#.

77

highest_SR_dataframe = pd.DataFrame()
highest_SR_dataframe_index = pd.DataFrame()
for i in range(len(tickers_with_highest_sharpe)):
temp = tickers_with_highest_sharpe][i]
temp2 = temp['return’]
temp = temp.shift(-1)[temp['position']!=0]['return’]
highest_SR_dataframe = pd.concat([highest_SR_dataframe, temp])
highest_SR_dataframe_index = pd.concat([highest_SR_dataframe_index,temp2])
#trading_dataframe.drop_duplicates(inplace=True)
highest_SR_dataframe.columns = ['return’]

highest_SR_dataframe.reset_index(inplace=True)
grouped_highest_SR_dataframe=highest_SR_dataframe.groupby('index’).agg('mean’)

highest_SR_dataframe_index.reset_index(inplace=True)
grouped_highest_SR_dataframe_index =\
highest_SR_dataframe_index.groupby('index').agg('mean’)

training_results_high_SR = pd.DataFrame(index =\
grouped_highest_SR_dataframe_index.index, data =\
grouped_highest_SR_dataframe['return'])
training_results_high_SR = training_results_high_SR.fillna(0)

training_results_high_SR['cumulative return'] =\
np.cumsum(training_results_high_SR['return'])
training_results_high_SR.reset_index(inplace=True)

plt.figure(figsize=(10,7))
plt.plot(training_results_high_SR['cumulative return'], linewidth=1, \
color='blue")
plt.grid(color = 'black’, linestyle = '--', linewidth = 0.5)
plt.title('Cumulative return for the pairs with highest sharpe ratio in the \
formation periods ')
plt.show()

training_std_of_returns_high_SR = training_results_high_SR['return'].std()

training_average_return_high_SR = training_results_high_SR['return'].mean()

print('The annualized return in the training period is:', \
(training_average_return_high_SR * 252))

print('The annualized SR in the training period is:', \
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#% 7%
#.

# Trading setup and execution in FORMATION periods
#.

77

semi_annual_spread =\
pd.read_csv('semi_annual_liquidity.csv', index_col=0, sep="

commission = 0.0005
short_fee = 0.000179

optimal_pairs_datasets = []

# create new datasets for pairs that will be traded

# these are the pairs chosen in the .tail() above

for i in range(len(optimal_trading_pairs)):
trading_pair = optimal_trading_pairs[i]
#trading_pair.columns = ['S1, 'S27]
trading_pair['S1_ret'] = trading_pair.iloc[:,0].pct_change(1)
trading_pair.iloc[0,2] = O
trading_pair['S2_ret'] = trading_pair.iloc[:,1].pct_change(1)
trading_pair.iloc[0,3] = 0
pair_tickers = [trading_pair.iloc[:,0].name, \

trading_pair.iloc[:,1].name]

# CALCULATE ROLLING Z-SCORE
rolling_window = 20

# OLS Regression

Im_pair = rg.OLS(trading_pair[pair_tickers[0]], \
trading_pair[pair_tickers[1]]).fit()

trading_pair_b1 = Im_pair.params[0]

# Create new column called pairs spread

trading_pair['pairs_spread'] =\

(trading_pair[pair_tickers[0]] - trading_pair[pair_tickers[1]]) / \
trading_pair[pair_tickers[1]]

# Rolling 10-day covariance
rolling_pair_cov = trading_pair.loc[:, [pair_tickers[0], \
pair_tickers[1]]].rolling(window=rolling_window)\
.cov(trading_pair.loc[:, [pair_tickers[0], pair_tickers[1]]], \
pairwise=True)

# Slice multi index df to single index df if pairs covariance

idx = pd.IndexSlice

rolling_pair_cov = rolling_pair_cov.loc[idx[:, pair_tickers[0]],\
pair_tickers[1]]

# Convert Date and Stock index into date index by making stock at index
#level 1 intp a new column
rolling_pair_cov = rolling_pair_cov.reset_index(level=1)

# Calculate the 10-day rolling variance
rolling_pair_var = trading_pair[pair_tickers[0]].\
rolling(window=rolling_window).var()

# Rolling Beta
trading_pair['rolling_pair_b1"] = rolling_pair_cov[pair_tickers[1]]\
/ rolling_pair_var

# Calculation of 10-day rolling spread
trading_pair['rolling_pair_spread'] = trading_pair['pairs_spread’].\
rolling(window=rolling_window).mean()
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# 10-aay rolling z-score
trading_pair['rolling_Z_score'] = (trading_pair['pairs_spread] - \
trading_pair['rolling_pair_spread?) / trading_pair['spread_std']

# TRADING SIGNAL ALGORITHM

# z-score the day before

trading_pair['rolling_Z_score(-1)'] = trading_pair['rolling_Z_score\
.shift(1)

# z-score two days before

trading_pair['pair_signal'] = 0

pair_signal = 0

# Signal generation
for i, r in enumerate(trading_pair.iterrows()):
if r[1]['rolling_Z_score(-1)'] > -2 and \
r1]['rolling_Z_score'] < -2:
pair_signal = -2
elif r{1]['rolling_Z_score(-1)'] < -0 and \
r[1]['rolling_Z_score'] > -0:
pair_signal = -1
elif [1]['rolling_Z_score(-1)'] < 2 and \
r[1]['rolling_Z_score'] > 2:
pair_signal = 2
elif r{1]['rolling_Z_score(-1)'] > 0 and \
r[1]['rolling_Z_score'] < 0:
pair_signal = 1
else:
pair_signal = 0
trading_pair.iloc[i, 10] = pair_signal

# Positions: 1 = Long Spread Trade, -1 = Short Spread Trade
trading_pair['position'] = 0
for i, r in enumerate(trading_pair.iterrows()):

if r[1]['pair_signal'] == -2:

position = 1

elif r[1]['pair_signal'] == -1:
position = 0

elif [1]['pair_signal'] == 2:
position = -1

elif [1]['pair_signal'] == 1:
position = 0

else:

position = trading_pair['position'].iloc[i-1]
trading_pair.ilocfi,11] = position

# Computing returns without beta
trading_pair['spread_returns'] = trading_pair['S1_ret] -\
trading_pair['S2_ret']
trading_pair['return'] = trading_pair['spread_returns] *\
trading_pair['position'].shift(1)
#set this to .shift(2) to impose
#a 1 day lag

# checking period
count =0
for j in list_of_trading_datasets_prices:
if sum(trading_pair.index == j.index) == len(j.index):
trading_pair['period] = count
j['period’] = count
break
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count = 1
prev=20
TC_Op =0
trading_pair[ TC_Op'1 =0
for i, row in enumerate(trading_pair.iterrows()):
if (row[1]['pair_signal] == -2 or row[1]['pair_signal'] == 2) \

and prev == 0:
TC_Op = 4*commission + 9 * short_fee
else:
TC_Op =0

trading_pair.iloc[i,15] = TC_Op
prev = row[1]['position']
count += 1

TC_CI=0
trading_pair[ TC_CI'1 = 0
for i, row in enumerate(trading_pair.iterrows()):
if ((row[1]['pair_signal’] == 1 or row[1]['pair_signal'] == -1)\
and (row[1]['return'] |= 0)):

TC_Cl=0
else:
TC_Cl=0

trading_pair.iloc[i,16] = TC_CI
optimal_pairs_datasets.append(trading_pair)

for i in range(len(optimal_pairs_datasets)):
optimal_pairs_datasets[i][new_TC'] =\
optimal_pairs_datasets[i][ TC_Op'].shift(1)
#set this to .shift(2) to impose
#a 1 day lag
optimal_pairs_datasets]i]['return_inc_TC'] = optimal_pairs_datasets][i]\
['return'] - optimal_pairs_datasets[i]['new_TC']

#% %

£

77

# Visualizing return of some of the optimal pairs
£

b

for i in range(len(optimal_pairs_datasets)):
# Create x-axis to use in plot
x_axis=list(range(len(optimal_pairs_datasets[i])))
optimal_pairs_datasets[i][np.isnan(optimal_pairs_datasets]i])] = 0

for i in range(10):

plt.figure(figsize=(10,7))

optimal_pairs_datasets[i][ Cumulative return] =\
np.cumprod(optimal_pairs_datasets[i]['return']+1) - 1

optimal_pairs_datasets[i][ Cumulative return with TC'T =\

np.cumprod(optimal_pairs_datasets[i]['return_inc_TC"+1) - 1

optimal_pairs_datasets[i]['Security 1 return] =\
np.cumprod(optimal_pairs_datasets[i]['S1_ret]+1) - 1

optimal_pairs_datasets[i]['Security 2 return] =\
np.cumprod(optimal_pairs_datasets][i]['S2_ret]+1) - 1

plt.plot(x_axis, optimal_pairs_datasets[i]['Cumulative return, \
c='blue’, label = 'Strategy return’)
plt.plot(x_axis, optimal_pairs_datasets[i]['Cumulative return with TC'],\
c='orange’, label = 'Strategy return’)

plt.plot(x_axis, optimal_pairs_datasets][i]['Security 1 return’], \
c='grey’, label = 'Security 1')

plt.plot(x_axis, optimal_pairs_datasets][i]['Security 2 return’], \
c='black’, label = 'Security 2')
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£

77

# Visualizing trading signal and positions of a few pairs
#.

77

for i in range(10):
x_axis=list(range(len(optimal_pairs_datasets]i])))
plt.figure(figsize=(10,7))

plt.axhline(y =2, color='green’, linestyle="--', linewidth=.7, \
label='Upper threshold')
plt.axhline(y =-2, color="red', linestyle="--', linewidth=.7, \

label='Lower threshold')
plt.plot(x_axis, optimal_pairs_datasets[i]['rolling_Z_score'], \
color='blue’, alpha=.5, label='Z-score')
plt.legend(loc="upper left')
plt.show()

plt.figure(figsize=(10,2))

plt.plot(x_axis, optimal_pairs_datasets[i]['position'], color="black’, \
label="Position")

plt.show()

#% %

#.

77

# Compute sharpe ratio for every pair traded
£

for i in range(len(optimal_pairs_datasets)):
optimal_pairs_datasets][i]['avg_ret] =\
optimal_pairs_datasets[i]['return'].mean()
optimal_pairs_datasets][i]['std_dev_ret] =\
optimal_pairs_datasets[i]['return'].std()
optimal_pairs_datasets[i]['SR'] = optimal_pairs_datasets[i]['avg_ret] \
/ optimal_pairs_datasets][i]['std_dev_ret']

for i in range(len(optimal_pairs_datasets)):
optimal_pairs_datasets[i][np.isnan(optimal_pairs_datasets][i])] = 0

#% %

#.

# Compute the daily excess return in the trading periods
#

trading_dataframe = pd.DataFrame()
trading_dataframe_index = pd.DataFrame()
for i in range(len(optimal_pairs_datasets)):
temp = optimal_pairs_datasets][i]
temp2 = temp['return’]
temp = temp.shift(-1)[temp['position']!=0]['return’]
trading_dataframe = pd.concat([trading_dataframe, temp])
trading_dataframe_index = pd.concat([trading_dataframe_index, temp2])
#trading_dataframe.drop_duplicates(inplace=True)
trading_dataframe.columns = ['return']

temp_index = pd.read_csv(temp_index.csv', index_col=0, sep=",")

trading_dataframe.reset_index(inplace=True)

grouped_trading_dataframe = trading_dataframe.groupby('index').agg('mean’)

trading_dataframe_index.reset_index(inplace=True)

grouped_trading_dataframe_index = trading_dataframe_index.groupby('index'’).\
agg('mean’)

trading_results = pd.DataFrame(index = grouped_trading_dataframe_index.index,\
data = grouped_trading_dataframe['return'])



GRA 19703

trading_results|'’cumulative return’] = np.cumsum(trading_results|'return’])
trading_results.reset_index(inplace=True)

# Calculate the strategy drawdown over the trading period

trading_results[HWM'] = trading_results['cumulative return']l.cummax()

trading_results['Drawdown’] = ((1+trading_results[' HWMT)-\
(1+trading_results['cumulative return']))/(1+trading_results['HWM')

#% %
# Fill in days or were no trades are made with zero return
test_trading_dataframe = pd.DataFrame()
for i in range(len(list_of_trading_datasets_prices)):
temp = list_of_trading_datasets_prices[i]
test_trading_dataframe = pd.concat([test_trading_dataframe, temp])

trading_results.set_index('index’, inplace=True)

test_trading_results = pd.DataFrame(index = temp_index.index, \
data = grouped_trading_dataframe['return'])
test_trading_results = test_trading_results.fillna(0)

test_trading_results['cumulative return'] =\
np.cumsum(test_trading_results['return’])
test_trading_results.reset_index(inplace=True)

# Calculate the strategy drawdown over the trading period
test_trading_results[ HWM7 =\

test_trading_results['cumulative return‘].cummax()
test_trading_results['Drawdown'] = ((1+test_trading_results['HWM)-\
(1+test_trading_results['cumulative return']))/(1+test_trading_results[ HWM')

#% %

#.

77

# Plot cumulatice return and some performance measures
£

77

# Plot cumulative return of strategy and benchmark

plt.figure(figsize=(10,7))

plt.plot(x_axis, SP500_index['cumulative return'], linewidth=1, color="red', label="S&P500 Index')
plt.plot(test_trading_results['cumulative return’], linewidth=1, color="'blue’, label='Strategy’)
plt.grid(color = 'black’, linestyle = '--', linewidth = 0.5)

plt.legend(loc="upper left')

plt.title('Cumulative strategy return 2000 - 2019 vs. benchmark’)

plt.show()

# Plot drawdown

plt.figure(figsize=(10,7))

plt.plot(test_trading_results['Drawdown, linewidth=1, color = 'red’)
plt.title('Strategy drawdown 2000 - 2019')

plt.show()

# Plot daily return

plt.figure(figsize=(10,7))

plt.plot(test_trading_results['return’], linewidth=1, color = 'blue’)
plt.title('Strategy daily return 2000 - 2019')

plt.show()

# Plot distribution of daily returns

plt.figure(figsize=(10,7))

plt.hist(grouped_trading_dataframe['return'], color = 'blue’, bins = 150)
plt.grid(color = 'black’, linestyle = '--', linewidth = 0.5)
plt.title('Distribution of daily returns')

plt.show()
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trading_std_ot_returns = test_trading_results|'return’|.std()
trading_average_return = test_trading_results['return'].mean()
print('The annualized return in the trading period is:', \
(trading_average_return * 252))
print(The annualized SR in the trading period is:', \
((trading_average_return/trading_std_of_returns) * np.sqrt(252)))

# Additional summary statistics
test_trading_results.agg(
{
return’: ['mean’, 'median’, 'std', 'skew’, 'kurtosis', 'min’, 'max,
1
)

# T-test to check significance of daily excess returns
stats.ttest_1samp(test_trading_results['return'], popmean=0)

#% %

#.

77

# Calculate the daily return and cumulative return after transaction costs
#.

b

grouped_trading_dataframe_index = pd.DataFrame()
grouped_trading_dataframe_index = pd.DataFrame()
trading_results_inc_TC = pd.DataFrame()
new_trading_dataframe = pd.DataFrame()
new_trading_dataframe_index = pd.DataFrame()
for i in range(len(optimal_pairs_datasets)):
new_temp = optimal_pairs_datasets][i]
new_temp2 = new_temp['return’]
new_temp = new_temp.shift(-1)[new_temp['position']!=0]['return_inc_TC']
new_trading_dataframe = pd.concat([new_trading_dataframe, new_temp])
new_trading_dataframe_index = pd.concat([new_trading_dataframe_index, \
new_temp2])
#trading_dataframe.drop_duplicates(inplace=True)
new_trading_dataframe.columns = ['return_inc_TC']
new_trading_dataframe.reset_index(inplace=True)
new_grouped_trading_dataframe = new_trading_dataframe.groupby('index)\
.agg('mean’)
new_trading_dataframe_index.reset_index(inplace=True)
new_grouped_trading_dataframe_index =\
new_trading_dataframe_index.groupby('index').agg('mean’)

trading_results_inc_TC = pd.DataFrame(index =\
new_grouped_trading_dataframe_index.index,\
data = new_grouped_trading_dataframe['return_inc_TC'")
trading_results_inc_TC = trading_results_inc_TC fillna(0)

# Calculate cumulative return of the strategy

trading_results_inc_TC['cumulative return'] =\
np.cumsum(trading_results_inc_TC['return_inc_TC'")

trading_results_inc_TC.reset_index(inplace=True)

# Calculate the strategy drawdown over the trading period
trading_results_inc_TC['HWM =\
trading_results_inc_TC['cumulative return'].cummax()
trading_results_inc_TC['Drawdown'] = ((1+trading_results_inc_TC['HWMT)-\
(1+trading_results_inc_TC['cumulative return']))/A
(1+trading_results_inc_TC['HWM)

#.

# Descriptive statistics
#
trading_std_of_returns = trading_results_inc_TC['return_inc_TC'"].std()
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(trading_average_return * 252))
print('The annualized SR in the trading period is:',\
((trading_average_return/trading_std_of_returns) * np.sqrt(252)))

# Additional Summary statistics
trading_results_inc_TC.agg(
{
return_inc_TC": ['mean’, 'median’, 'std’, 'skew’, 'kurtosis', 'min', 'max,
1
)

#T-test to check significance of daily excess returns
stats.ttest_1samp(trading_results_inc_TC['return_inc_TC'], popmean=0)

#% %

#

77

# Analyzing systemtic risk of strategy by regressing returns on known pricing

# factors
#.

77

FF_factors_daily = pd.read_csv('FF_factors.csv', index_col=0, sep=",")

# Reset index of trading restuls dattaset
trading_results_inc_TC.set_index('index’, inplace=True)

# Make sure that only the same dates are included in the pricing factor dataset
FF_factors_daily = pd.DataFrame(index = temp_index.index ,data =\
FF_factors_daily[FF_factors_daily.index.isin(trading_results_inc_TC.index)])
FF_factors_daily = FF_factors_daily.fillna(0)

factors = FF_factors_daily[['mktrf', 'smb’, 'hml’, 'umd']]
returns = trading_results_inc_TC['return_inc_TC']
factors = add_constant(factors)

model = sm.OLS(returns, factors)

results = model.fit()

results.summary()
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#importing moaules

import pandas as pd

import numpy as np

import pandas_datareader as web

import matplotlib.pyplot as plt

import datetime as datetime

import seaborn as sns

import matplotlib .cm as cm

from sklearn import linear_model

from sklearn . cluster import KMeans, DBSCAN
from sklearn . decomposition import PCA

from sklearn . manifold import TSNE

from sklearn import preprocessing

from statsmodels . tsa . stattools import coint
from statsmodels . tsa . stattools import adfuller
import statsmodels . regression . linear_model as rg
from scipy import stats

import statsmodels.api as sm

import statsmodels.tsa.stattools as ts

#lmport data
ose_dataset_close_2000_2019 = pd.read_csv('CRSP_data_FIXED.csVv', index_col=0, sep=","

# Import benchmark
oslo_bors_benchmark_index = pd.read_csv('Oslo_bors_benchmark_index.csv', index_col=0, sep='",', encoding='latin-1")

# Datasels containing the daily relative spread for all stocks at OSE
ose_rel_spread_close_2000_2019 = pd.read_csv('CRSP_rel_spread.csVv', index_col=0, sep=",’

# Calculate cumulative return on benchmark

oslo_bors_benchmark_index['return'] = oslo_bors_benchmark_index['Oslo BA rs Benchmark Index_GI.pct_change()
oslo_bors_benchmark_index['cumulative return'] = np.cumprod(1+oslo_bors_benchmark_index['return'])-1
oslo_bors_benchmark_index.filina(0)

#% %
4

#H#n A A A A Creating TRAINING period datasets . ####### #HH## HHH A HHARHHHAHHHAAHHAAAHHAAHHAAAHHAAAH

#.

77

list_of_training_datasets_prices = []

y=0
while y < (5040-126):

temp = ose_dataset_close_2000_2019.iloc[y:y+252]
list_of_training_datasets_prices.append(temp)

y += 126

list_of_training_datasets_prices.pop()
list_of_training_datasets_prices.pop()

#
b

HAHHHHA A AR A A A A HAH Creating TRADING period dalasets : ####### ##HH#H HHHHHHHAHHHAAHHHA A HHAA AR HHAAHHHAAH
list_of_trading_datasets_prices = []

y=0
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list_of_trading_datasets_prices.append(iemp)
y += 126

list_of_trading_datasets_prices.pop(0)
list_of_trading_datasets_prices.pop(0)

#.

#####H AR AR A A AR Creating spread portfolios TRAINING period :
R dr dav

#

77

list_of_training_spread_datasets =[]
y=0
while y < (5040-126):

temp = ose_rel_spread_close_2000_2019.iloc[y:y+252]
list_of_training_spread_datasets.append(temp)

y += 126

list_of_training_spread_datasets.pop()
list_of_training_spread_datasets.pop()

£

#####H AR AR AR A Creating spread portfolios TRAINING period :
B AR R B B R R R R i et

#
list_of_trading_spread_datasets = []
y=0

while y < (5040-126):

temp = ose_rel_spread_close_2000_2019.iloc[y:y+126]
list_of_trading_spread_datasets.append(temp)

y += 126

list_of_trading_spread_datasets.pop(0)
list_of_trading_spread_datasets.pop(0)

#Removing missing values:
# for training datasets
for dataset in list_of_training_datasets_prices:
dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_training_datasets_prices:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_training_datasets_prices:

dataset.dropna(axis=1, how="'any', thresh=None, subset=None, inplace=True)

# for trading datasets:
for dataset in list_of_trading_datasets_prices:
dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_trading_datasets_prices:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_trading_datasets_prices:
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#### Tor Spread porirolios ####
#Training:
for dataset in list_of_training_spread_datasets:
dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_training_spread_datasets:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_training_spread_datasets:

dataset.dropna(axis=1, how="'any', thresh=None, subset=None, inplace=True)
# Trading
for dataset in list_of_trading_spread_datasets:

dataset.dropna(axis=1, how="all', thresh=None, subset=None, inplace=True)

for dataset in list_of_trading_spread_datasets:
dataset.fillna(method = 'bfill', inplace=True, limit=10)

for dataset in list_of_trading_spread_datasets:
dataset.dropna(axis=1, how="'any', thresh=None, subset=None, inplace=True)

# Make sure that we have the same securities in both the training and trading period. Remove securities that are not
# present in both periods

# mmmmen For aaily close data -------
common_tickers = []
common_tickers_2 =[]
for i in range(len(list_of_training_datasets_prices)):
common_cols = list_of_training_datasets_prices[i].drop([col for col in list_of_training_datasets_prices[i].columns if col in
list_of_training_datasets_prices][i].columns and col not in list_of_trading_datasets_prices[i].columns], axis = 1)

common_tickers.append(common_cols)

for i in range(len(list_of_training_datasets_prices)):
list_of_training_datasets_prices]i] = list_of_training_datasets_prices[i][common_tickers[i].columns]
list_of_trading_datasets_prices[i] = list_of_trading_datasets_prices[i]lcommon_tickers][i].columns]

# =mmmmmen For spread portfolios ---------
common_tickers = []
common_tickers_2 =[]
for i in range(len(list_of_training_spread_datasets)):
common_cols = list_of_training_spread_datasets[i].drop([col for col in list_of_training_spread_datasets[i].columns if col in
list_of_training_spread_datasets][i].columns and col not in list_of_trading_spread_datasets[i].columns], axis = 1)

common_tickers.append(common_cols)

for i in range(len(list_of_training_spread_datasets)):
list_of_training_spread_datasets][i] = list_of_training_spread_datasets[i][common_tickers[i].columns]
list_of_trading_spread_datasets]i] = list_of_trading_spread_datasets[i]jcommon_tickers][i].columns]

common_tickers = []
common_tickers_2 =[]
for i in range(len(list_of_trading_spread_datasets)):
common_cols = list_of_trading_spread_datasets]i].drop([col for col in list_of_trading_spread_datasets]i].columns if col in
list_of_trading_spread_datasets][i].columns and col not in list_of_trading_datasets_prices][i].columns], axis = 1)

common_tickers.append(common_cols)
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common_tickers = []
common_tickers_2 =[]
for i in range(len(list_of_trading_spread_datasets)):
common_cols = list_of_trading_spread_datasets]i].drop([col for col in list_of_trading_spread_datasets]i].columns if col in
list_of_trading_spread_datasets][i].columns and col not in list_of_training_spread_datasets[i].columns], axis = 1)

common_tickers.append(common_cols)

for i in range(len(list_of_trading_spread_datasets)):
list_of_trading_spread_datasets]i] = list_of_trading_spread_datasets[i][common_tickers[i].columns]
list_of_training_spread_datasets][i] = list_of_training_spread_datasets[i][common_tickers[i].columns]

# Calculating returns from closing prices

list_of_training_returns = []

for dataset in list_of_training_datasets_prices:
stock_returns = dataset.pct_change()
list_of_training_returns.append(stock_returns)

for dataset in list_of_training_returns:
dataset.iloc[0:2] = 0

list_of_trading_returns =[]

for dataset in list_of_trading_datasets_prices:
stock_returns = dataset.pct_change()
list_of_trading_returns.append(stock_returns)

for dataset in list_of_trading_returns:
dataset.iloc[0:2] = 0

#% %
# Create porifolios based on the size of the relative bid-ask spread in the training period

list_of_top_spreads = []

list_of_bottom_spreads = []

for i in range(len(list_of_training_spread_datasets)):
avg_rel_spread = pd.DataFrame(list_of_training_spread_datasets[i].mean())
avg_rel_spread.columns= ['rel_spread

top_rel_spread = avg_rel_spread.nlargest(178, 'rel_spread', keep="first')
list_of_top_spreads.append(top_rel_spread)

bottom_rel_spread = avg_rel_spread. nsmallest(178, 'rel_spread', keep="first')
list_of_bottom_spreads.append(bottom_rel_spread)

list_of_training_bottom_spreads = []

list_of_training_top_spreads = []

for i in range(len(list_of_training_spread_datasets)):
tickers = list(list_of_bottom_spreads][i].index.values)
training_pairs = list_of_training_spread_datasets]i][tickers]
list_of_training_bottom_spreads.append(training_pairs)

tickers2 = list(list_of_top_spreadsJi].index.values)
training_pairs2 = list_of_training_spread_datasets[i][tickers2]
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top_spreads_prices = ||

bottom_spreads_prices = []

for i in range(len(list_of_training_datasets_prices)):
pairs = list_of_training_datasets_prices[i][list_of_training_bottom_spreads]i].columns]
bottom_spreads_prices.append(pairs)

pairs2 = list_of_training_datasets_prices]i][list_of_training_top_spreads]i].columns]
top_spreads_prices.append(pairs2)

top_spreads_trading_prices = []

bottom_spreads_trading_prices = []

for i in range(len(list_of_trading_datasets_prices)):
pairs = list_of_trading_datasets_prices]i][list_of_training_bottom_spreads]i].columns]
bottom_spreads_trading_prices.append(pairs)

pairs2 = list_of_trading_datasets_prices]i][list_of_training_top_spreads]i].columns]
top_spreads_trading_prices.append(pairs2)

top_spreads_returns = []

bottom_spreads_returns = []

for dataset in top_spreads_prices:
returns = dataset.pct_change()
top_spreads_returns.append(returns)

for dataset in top_spreads_returns:
dataset.iloc[0:1] = 0

for dataset in bottom_spreads_returns:
returns = dataset.pct_change()
bottom_spreads_returns.append(returns)

for dataset in bottom_spreads_returns:
dataset.iloc[0:1] = 0



