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1 Appendices

1.1 Python code for return

In [11: | Inport numpy as np # Mumey
import pandas as pd # pandos

import cufflinks as cf # CUffLinks

from sklearn. svm inport SUC & sckirit-learn

predictions

import warnings; warnings.simplefilter('ignore’)

from Statsmodels.tsa.stattools import adfuller

inport configoarser as cp
import matplotlib.pyplot as plt
import seaborn as sns

f

g

sklearn.model_selection import train_test_split

from sklearn. ensenble import RandonsorestRegressor

from sklearn import metrics

from sklearn.metrics inport mean_absolute_error

from sklearn.metrics inport mean_squared_error
rt sart

from functools inport partial

In [

dataset = £°C:/Users/Lenovo/Dounloads /Mémoire/Database/ cut/Close /Al

data = pd.read_excel{dstaset, index_col-d, parse_dates=True).dropna()

In [3]: | data.head()

20174140 0027110

T 00z

20174112 0023077
20174142 0025808

m [+

data.dropna(inplac

rue)

Calculating log returns
rets = np.log(dats / data.shift(1)}.dropna()

rets.head()

Date
20174140
AT

20174112

20174112

20174114 0018210

In [71:

adfuller(rets['ADA'])

# stationarit)

(-7.694393221543553,
2.22692558879237042 10,
13,

£245541763756704,
-2.5623865896545278,

-2.567758576991337 ]
295 2306275952227

Figure 1: Python code for

# Log returns

est of time series

return predictions of ADA - part 1

In [81: | cf.go_offline() #force Cufflinks to use offline Flotly mode (bug othersise)
In [2]: | rets. iplot(kind="histogran', subplots=True)
) o 0.2 T os e s
Export o piotly »
Add features
In [10]: | rets[ ‘sta1e"] - rets[ 4D’ ].rolling(14).std()
feature_names = ['std1a’] sempty List to hold the feature names.
for n in [14, 38, 5e]
rets['ma’ + str(n)] = talib.sua(rets['apa'].values, tineperiod
rets['rsi' + str(n)] = talib.RSI(rets["4DA'].values, timeperiod=n) #swa and AST methods to calculate the SWA and RSI: 14, 3
8, sa.
feature_names = feature_names + ['ma’ + Str(n), 'rsi’ + Str(n)] £Add the ma ond rsi variable names to the feature_names Lis
1 [1]: | feature_names
out[:1]: ['sta1e’, ‘mene’, ‘rsila’, ‘mae’, 'rsile’, ‘mase’, ‘rsise’]
I [12]: | rets
ADA sdtd mald rsitd med) w80 mes0 s
Date
21110 9167188 NN KaN NN Na NaN  Nah NaN
T 0011858 NaN KN NaN NaN Nah  Nah Nl
2017142 0134 NN maN NN NN N NN
17113 00736 NN KN NN Na Nah  Nah Nah
0174148 0010218 NeN NN NaN Nan NaN  Nan NaN

Figure 2: Python code for

return predictions of ADA - part 2



20220301 0.002520 005052 -0.010040 50315504 -0.002506 50219308 -0.003177 50134551
2022-03-02 -0.024919 0050675 -0.010347 48.557390 -0.003809 49.384944 -0.0045663 49.636410
20220303 003911 0049240 0008722 47633657 -D006244 45051355 -0.007I65 4937405
20220304 -0.068510 0051702 -0.012002 45694435 -0.006647 48.047372 -0.007610 48.841766
20220305 0026671 0052852 0010130 52444587 -D00S6I0 51073451 000792 50614555
1577 rows x & columns
Add the lags
¢F - rets
col_list = ['ADA', 'std14’, 'mald’, 'rsild’, 'ma3e’, 'rsi3e’, 'mase’, 'rsise’]
for col in col_list:
for x in range (1,8):

df[colsf __lag{x}'] - df[col].copy().shift(x)
rets

ADA  stdi4 matd reit4 ma30 rsi30 mas0 rsi50 ADA_lagl std14_lag1 mas0_lagé rsis0_lags ADA_lag7 std14
Date
W 067156 NeN NaN NaN Nal NaN NaN NaN NaN NaN NaN NaN NaN
I oomess NeN NaN NaN Nal Nal NaN NaN 0167156 NaN NaN NaN NaN
ﬁ:‘:i -0.134797 NaN NaN NaN NaN NaN NaN NaN 0011658 NaN NaN NaN NaN
W oomass NeM NaN NaN Nal Nal NaN NaN  -0.134787 NaN NaN NaN NaN
i ovezie NeN NaN NaN Nal NaN NaN NaN 0073589 NaN NaN NaN NaN
2022 poo2s20 005052 0010040 50315504 002505 50219308 0003177 50134551 0111760 0053294 . -0.008230 4QTIEI0 0038237 DO«
égzl)zi -0.024919 0.050675 -0.010347 48557390 -0.003809 49384944 -0.004663 49636410 0.002620 0.050592 -0.007408 49799644 -0.022579 0.02

Figure 3: Python code for return predictions

In [17]:

In [13]:

In [13]:

In [20]:

out[28]

2022-

2305 D011 0040240 DO0T22 47SIIEST DO0S244 48051253 DOOTIES 4037B405 DO24313 005075
022 D008BET 220 2007 17 5

22 om0 0008847 4304 007610 48341768 1 ome2e0
222 ouzoeT1 D0SZT DOINI 2444547 000068 S10TMS! QNOTHZ S0S14ES D00EII0  0.051702

1577 rows x 64 columns

rets. columns

Tndex(["ADA®, 'stdld’, 'mal4’, 'rsila’, ‘ma3e’,
‘ADa_lagl', 'stdls_lsgi', ‘me1s_lagl', * lag1',
‘rsi3e_lagl’, ‘mase_lagl', 'rsis@_lagl’, 'ADA_lag2’,
‘mels_lag2', ‘rsizs_lage’, 'meze_lagz', 'rside_lag2’
*rsisa_lags’, 'ADA_lagd’', ‘stdi4 lagd', 'mals lagd’,
‘ma3e_lag3', ‘rsile lags’, ‘mase_laga', 'rsise_laga’
‘stdlZ_lagd’, 'mals_lagd', 'rsild_lagd’, 'ma3n_lagd’
‘mase_lags', ‘rsise_lags’, 'ADA_lags’, 'stols_lags’,
‘rsils_lags', 'me3e_lags', 'rsile_lags’, 'mase_lags'
*ADA_lags’, 'stdld_lags', 'mal4_lags’, ‘rsilé l:
‘rsise_lags', 'mese_lags', 'rsise_lage’, '
‘mal_lag?’, 'rsil4_lag?’, 'ma3@_lag?', 'rsi3e_lag?'
*rsise_lag7'],
dtype='abject’)

rets. dropna{inplace=True) #remove oLl the

null values

X = rets.drop([*ADA’, 'stdi4’, ‘rsil4’, ‘mase’,
t all the predictor variable co
Y=

rets['#DA'] #Extroct the Log returns

'mala’,

g

coLumn

X_train,X_test,_train,¥_test - train_test_split(x,v,test _size-s.1,shuffle =

Random Forest
regressor = RandomForestRegressor(n_estimators=18a)

regressor. fit(X_train,v_train)

RandonForestragrassor()

test_data_prediction - regressor.precict(x_test)

print{test_data_prediction)

81255954 -2.01445249
-.01331247  2.20202497
-0.68973735  3.20577333
-0.61890255  8.8@769217
-€.08156469 -2.20565576
-2.88527628 -8.29187259
©.80741569 -2.08753067
-0.08819633  3.21458363
©.80132909 -8.08624304
-2.8827583  -3.86B53292
©.01598424  8.01584626
©.80595253 ©.9@725367
-0.0154563  2.20573782
-0.08354609 -2.20012903
-2.60025355  3.2814804
-9.89632243  8.21865759
©.89435531 -2.00707202

-8.8059128
-9.22558694 -9.,00454533 -2.0853352

-9.88153871 ©.8821588
©.88138534 -9,B6542623 -8.0873762

2.20475766 ©.02541285 -2.0002623

-0.8822871 -9.B8307652 ©.003237

5138,
rom the rets datafrome

0.60542383  2.00135952

-5.88517741 2.01870323 8.00503544
£.88281217 9.88174251 ©.098811192
-8.83273436 -9.018227% €.01333507
-9.81699352 9.09954234 -8.09232129
-8.82529194 -0.02157714 ©.01254581
£.00332301 9.08520723 2.00410018
-.88135574

9.99216332 -9.01957882 ©.09178699

£.88229187 -9.61307382 -2.00218787
-2.82358341 9.02150482 ©.09453123

9.81604195 9.09371585 -8.09372091
-8.21357232 -€.02542172 -2.00134701

', 'mase’, ‘rsise’,

‘ma3e_lagl',
*std1z_lag2’,
» 'mese_lag2',
*rsila_lagd’,
5 ADA_laga’,
5 'rsize_lagd’,
‘ma14_lags’,
» 'rsise_lags',
‘ma3@_lags’,
‘stdis_lagr’,
» 'masa_lag7’,

fFrom the datofrome

"mase’, °rsise’],axis=1)

-5.00858508
-8.2024522
5.00243425
-9.8@119283
-8.20235292
-8.80875996
0.20623264
5.00420438
9.82207736
-9.81138136
-9.80293455
-8.20275924
-5.8052827
8.203193
9.88195235
9.80127094
-8.20254258

of ADA - part 3

0007085 51.088412 0018280 0.0:
6215 40013182 0050042 O
0000682 49.488709 -00M321 O
3

#Use the fegture_names List to extrac

False, randon_state-8)

Figure 4: Python code for return predictions of ADA - part 4



£438531 -9.0E797202 -0.91357835 -0.09542172 -9.80194781 -B,@E254358
£9994395 ©.0E693086 -0.92121541 0.91874551 9.@14@985  B.L@152788
01735245 ©.04061149 0.92409655 -0.89831144 -9.@0E7S283 B.L8479365
00222002 ©.955574 -B.91527392 2.0114558  2.00315659 -0.00963466
20396179 -2.00282234 -0.01151545 -0.0045577 -2.08790115 -8.00985311
-2.80324733 ©.00067263 -0.00373452 0.00151216 ©.91212454 ©,00238375
-2.80345015 -2.00445758 -0.0971621 -2.80232211 9.89952674 -0,90587875
-2.00391261 9.91467411 ©.09824506 -2,01956636 9.9954024% -9,20795651
-8.82484717 -.8G778565 -0.91285554 @,@1568455 -9.@0911533 ©,80115243
©.00457572  ©.86748179]

o0

In [23

Comparison_ADA_RF - pd.Dataframe({'Actusl returns': Y_test, ‘Predicted returns': test_data_prediction})

In [24]: | Comparison_aDa_RF

cut[24]:
Actusl returns  Predicted raturns
Date

20244005 0018242 0.012560
20241006 0008434 Q014454
20244047 0.028398 0.005813
20211008 0005433
20211009 0001060
20220301 0002820 0016625
20220302 0024818 0000115
20220303 -0.038111 0001152
20220304 -0.088510 0004580
20220305 0.026871 0007482

152 rows = 2 columns.

#performance ina
r_scor iCs.r2_: _test,test_data_prediction)
print("R squared valuz RF :%,r_score_RF)

print("MAE_R7:", mean_absolute_error(¥_test, test_data_prediction))
meansquaredError_AF-mean_squared_error(Y_test, test_dets_prediction)
print("MsE_RF:", meansquarederror_RF)
roctheansquaredError_RF - sqrt(meansquarederror_iF)
print("RMSE_RF: ", roctMeansquarederror s

R squared value_RF : -9.14529238934522445
MAE_AF: ©.83769839514550744

MSE_AF: ©.8024271168843556637

RMSE_RF: 8.849255769910316585

Figure 5: Python code for return predictions of ADA - part 5

In [25]:  comparison ADA RF.iplot(kind='lines', titl
eturns '),

s 1 actual returns vs Predicted returns(Random Forest)", xTitle='Date’, yTitl

ADA : Actual returns VS Predicted returns{Random Forest)

Actual returns
Predicted returns

-0.05

Dec 19 Jan16  Jan30  Feb13

Q10 Om24  Mov7  Now2l
2021

Date
Export ta plotly »

out[2s

(None, )

m[

Linear Regression

In [27]: from sklearn.linear_model import Linezrdegression

# Creation of the Regression model
model = Linearregrassion()

# Train the model
model. fit(X_train, Y_train)

LinearRegression()

# Moke predictions
y_pred_LA= model .predict(X_test)

1n [38]: print(y_pred LR)

[ 2.80326675 2.00584335 -0.01716241 -8.0217514 -2.01143542 8.@1525241
©.80389996 -0.00177963 -9.885E88764 60559874 -0.00293185 0.81232099
-2.82247895 ©,8@260137 -9.80165220 ©,01354%5 -0.@118036 -0.80026532
©.81775384 -5.01483123 -0.81175404 2.58473791 ©.00435233 0.21885536
-2.89625797 -9,@1218759 0.81639555 -2,01544412 -0,@6816071 6.26371117
©.80791385 £.00425344 0.32502553 -9.52033321 ©.00353583 0.00141332
2.81997127 9.0@628757 -9.22647271 -2.00193175 0.00281815 -0.21452521
2.01999626 ©.80592712 -9.29205255 -0.0025588 -0.00130447 -0.2032708
2.81256722 9.80075177 ©.22620975 -2.81623859 -2.00832442 -0.20328952
2.80421697 ©.00293669 -9.29252832 -9.01593162 ©.01912834 -0.20589619
©.81278448 ©.09156973 ©.82388256 -@,60567854 -8.82253352 -0.86819578

Figure 6: Python code for return predictions of ADA - part 6



2.82286217 -2.009827  -9.2951401% ©.01966775 0.80843414 0.21283732
©.8137161 -0.01594571 ©.82251935 @.51776115 -8.01712647 -.20824734
2.80896741 ©.00223929 ©.22908713 ©.02465734 -2.01019683 0.22134909
-2.01579293 ©.2065253 ©.20509115 @.0876151 ©.8132964 -0.9067838%
©.81321228 ©.08482395 ©.8172884 02862445 _9,@3181463 6.80632745
-2.00316998 ©.20207071 ©.21438435 -0,00256645 -0.01549042 0.9148627
©.82822321 ©.009E5563 -B.82757846 @.60877247 ©.02345433 0.867E2818

shdoomom

©.82894284 -9,06752065 -8.81152999 -@,60289258 ©.01440811 ©.86218139

2.01644677 9.00308512 ©.20020946 ©.01239724 0.00GI12E5 -0.22189751

©.8135846 -9.06733723 -8.B285743% @.61504246 ©.80247515 -0.81342343
@

-2.00517209 ©.20207056 -0.00339735 -0,00235287 ©.8@771252 -8.90343516
-2.8029354  2.21421655 ©.20052749 @.00599296 ©.91155341 -B.21367281
©.81553165 ©.80215561 -8.82674845 @.60598591 -8.00452363 -0.81128653
2.80573942 9.00327344 -0.210026533 ©.00074766 0.00267332 -0.20154374
2.80682674 -9,00029406]

In [31]: Comparison ADA LR - pd.DataFrame({'Actual returns': Y_test, 'Predicted returns’: y_pred_LR})

In [32]:  Comparison_ADA_LR

out[
Actual returns  Predicted returns
Date

201-10-05 0019849 0.003267
201-10-06 0009424 0.005848
2011007 0022889 Q017182
2021-10-08 -0.017842 -0.001751
202 -09 0.0131 -0.011405
2022-03-01 0.002620 0008748
2022-03-02 -0.024819 0000680
2022-03-03 -0o3e111 -0.001544
2022-03-04 -0.088510 0.008831
2022-03-05 0.026871 -0.000204

152 rows x 2 columns

In [33]: | #Performance indicators
r_score_LA=metrics.r2_score(y_test,y_pred LR)

print("R squared valus LR :",r_score_LR)

print("MAE_LR:", mean_absolute_error(Y_test, y_pred_LR))
meansquaredError_LA-mean_squared_error(Y_test, y_pred_LR)
print("MSE_LR: ", meansquarederror_LR)
rootMeansquarederror_LR = sqrt(meansquaredError_LR)
print("RMSE_LR: ", rootMeansquaredError_LR)

R squared value LR : -8,18433864314061265
MAE_LR: @,832244834318511816
MSE_LR: @,882582167951249255
RMSE_LR: ©.85882166581841572

Figure 7: Python code for return predictions of ADA - part 7

In [34]: Comparison ADA _LR.iplot(kind="lines', title="apA : actual returns vs Predicted returnsLinear Regression)”, xTitle='Date’, yTitl

e="Returns’),

ADA : Actual returns VS Predicted returns(Linear Regression)

2l retums.

—— Predicted retrns

0.05

A 1
AL RA AL R
:J\f\"lw;rflr‘ T

\ f
VY

Retums

-0.05

Octi0  Om24  Nov?  Nov2i Jan 16  Jan30  Febi3  Feb

2
2021 2022

Export to plot ly »

Dut[34]: (nane,}

[l

Decision Tree

1n [35]: from sklearn.tree import DecisionTresRegressor
# Create Decisi e regressor
dtree_regressor = DecisionTreeRegressor(random_state-g)

1n [38]: | # Train the model
dtres_regressor.fit(x_train,v_train)

DecisionTreeregressor(randon_stste=e)

In [37]: | # Make pred

pred_dtree - dtres_regressor.predict(X_test)

1n [38]: | print(pred_dtree)

[-0.0878357 ©.00102965 0.002972 -6.81333624 -8.02956703 -0.06401654
8.82351348 ©.84184873 ©6.06285962 8.91121443 9.88579526 ©.81121443
2.8142677 -2.085342313 -3.05342815 6.B8788576E -2.02833129 5.84832545
2.07857647 ©.00660054 0.8589353 ©.08650854 ©.G1171565 0.0803998
-2.83577242 -9.80921109 ©.24315237 -0.03808474 ©.00560854 -0.8358579%
-0.08078654 ©.00491604 -0.332271  ©.01033012 @.007858A2 -0.82645974
-2.86672755 ©.82431261 ©.22043827 ©.01496433 -0.05258316 ©0.81061224
-8.84377072 8.8148677 8.880921334 8.81141772 -8.81875128 ©.81833812
2.8537742 2.82856484 ©.83555772 ©.88336186 -9.84558721 -0.81689823
-2.81286879 -8.82786598 -0.10854275 -@.83731253 -8.85965197 -0.82523183
-8.81481717 2.82412825 ©.832289112 @.859426081 8.8913282 8.8185214
-e.12561608 ©.82762365 0.85071465 -0.0120325 -2.0545177 -0.24335053

Figure 8: Python code for return predictions of ADA - part 8



-2.60514083 -8.8549177 -0.02338847 -2.04936853
-2.64935053 -8.81027155 -0.03448804 9.01853281
-2.60219947 ©9.80957564 ©.02967837 ©.07896333
.B5795971 2.83475335 ©5.07390333 -0.01243814 ©.02475542 -5.8534981%
.B537742 -2.8332271 -8.0128687% -@.03577243 -8.02135742 -9.22481763

©.0032523 -9.83853825
B
8.
2. B
@, 2.
@.01351216 2.00762393 ©5.01205543 0.05748225 -0.05183931 ©.87539338
e, 2.
e. 2.
8.
2.
8.

87590938 ©.80693466
88311082 -8.82036854

.B1426493 -2.00756874 -0.02089356 ©.00772025 ©.1I570542 ©.232843%4

02253942 2.03244334 -0.02092009 -0.00516236 ©.02752366 ©.2411954
-2.61057815 ©.80519266 -0.08049521 -8.01419585 -9.02180914 -6,
-2.85965197 -2.1323144 -.01565752 -2.03107465 ©.09964327
07885728 -0.80529585 ©.92276192 -2,05346213 ©.82431261
©9135242 ©.9551894 0.9551694 -0.@629519% -8.18854275
.B2E57185 2.21098283 ©.02412025 @.00752893 -9.08134734 -
.62220113  8.88227713]

beoes
%
]
I
]

22481763

obod

In [39]: | Comparison aDA OT = pd.DataFrame({'actusl returns's v_test, 'predicted returns’: pred dtree})

In [48]: | Comparison_ADA DT

out[<a]:
Actual returns  Predicted returns
Date

202110405 0.019348 -0.007840
2021-10-06 -0.008434 0.001030
2021-1007 0.028888 0.000287
2021-10-08 -0.017642 -0.010308
2021-10-08 0013073 -0.020567
202931 0.002620 0.007820
202293402 -0.024912 -0.081348
20293403 0038111 -0.024818
20293404 -0.068510 0.032201
20220305 0.028671 0.082277

152 rows * 2 columns

In [41]: | #Perfornance indicators
r_score_DT-metrics.r2_score(v_test,pred_ctree)
print("R squared value DT :*,r_score DT)
“MAE_DT:", mean_sbsolute_error(v_test, pred_dtree))
=mean_squared_error(v_test, pred_dtres)
1, meansguaredError_DT)
[ dError_DT = sqrt( edError_DT)
print("RMSE_DT:", rostMeansquarederror_DT)

R squared value DT : -8.8157118835302245
8.25083303785558765

DT ©.8038344548599835284
RMSE_DT: 2.2613232118761678

Figure 9: Python code for return predictions of ADA - part 9

lines', titl

: Actual returns vs predicted returns{Decision Tre Date’, yTitle='®

In [22]: | Comparison
eturns'),

ADA : Actual returns VS Predicted returns(Decision Tree)

Acwal returns
I —— Predicted returns

0.1

]
Il r‘\t\lkﬂ‘“ﬂ'\ 14|
i TN

Retums

Oct10  Oct24  Nov7  Nov2l Dec5 Dec19  Jen2  Jan16  Jan30 Feb13  Feb37
2021 2022

Date
Export to plotly »

(None, )

Gradient Boosting Regressor

from sklearn.ensenble inport Gradient3costingRegressor
# create Gradient goosting Regressor
Ge_regressor=Gradienteoostingrezressor(n_estimators=10e)

In [44]: | # Troin the modet
G_regressor. Fit(X_train,Y_train)

cut[#4]: GradientBoostingregressor()

In [45]: | # Make the predictions
GB_predict=G8_regressor.predict(x_test)

n

print(ce_predict)

[-2.00623237 -0.00543337 -.98548177 ©.08515154 ©,0131631 -9.8156936
-2.60533525 -9.8094532 -©.99543337 -2.0984993 -9.08314233 -9,80568311
©.08115095 -2.00305528 -6.88793157 -0.0984993 -9.01126757 -9.88882194

©.01834598 2.01363283 -5.80525533 -0.00925995 0.01474951 ©.82455203

e,

.B2397389 2.01053928 -0.23360956 -0.04570482 -0.02812545 -9.20429771
-2.50284347 .00135353 -0.02778534 -2.09305538 -9.00387723 -9.80384047
2.02470231 2.0053345 -0.29853917 -0.00836275 0.00624915 ©9.20821531
©.02238291 ©.01062604 ©.99953973 ©.089424229 -9.09255694 -9.20433332
-2.60430785 -9.80292854 -9.99314882 -9.09337729 ©.0825186<4 0.8717326
©.02208018 -2.00231515 ©.99913442 -0.00145931 -9.02690932 -9.20591484
©.91852368 ©.91003702 ©.8013945  ©.09508453 ©.09550S82 -9.80869452
-2.68015 £.89412149 0.92081547 9.09897395 ©.01514963 -0.81143286

Figure 10: Python code for return predictions of ADA - part 10



-8.88848469 -9.20192618 ©.8€122551 -€.81289831 -8.88889885 -8.
-8.88597723 -8.88752834 -9.88275532 -2.88324686 -2.80768587 O.
-8.88413931 ©.21259874 ©.8e543744 2.8882012 2.91852582 -0,
2.82284799 2.004724598 0.22735124 ©.82763235 2.88833557 @
-2.80215854 -9.00182239 -0.82403767 -2.08311729 @.88453561 @
-2.88335126 2.20282457 -95.2@875319 @.82616131 @.8152741 ]
2.0209301c ©.03206638 ©.21912157 0.99141292 @.91323282 -B.
-2.92821931 ©.2004463c -0.22762068 2.0250327 -2.0084993 -0
-8.8822141 -8.88452274 -9.81111865 -2.88568814 -28.80838134 -0
-2.92735159 -2.20221794 -9.21111865 2.92109726 €.09684231 ©.
2.91426424 -9.80205917 ©.82194933 -08.88328542 8.881753 -8
@.8817@936 ©.80427799 ©.88885677 -8.88289615 2.88397356 -8
-2.81225948 -9.00634522 -0.21914156 2.92293058 @.8842411 @
2.91453651 2.8835199%)
In [47]: Comparison ADA GB = pd.DataFrame({'actual returns':

Comparison_iDA_G8

Actual retums  Predicted returns

Date
20211005 0019820 -0.008433
202 -0.009434 -0.008433
202 00223339 -0.005402
202 0017842 0.005152
202 0013 0.001217
20220301 0002520 0.008031
202203902 002418 0004241
20220303 003911 0.003773
20220304 0083310 0.014837
20220305 0026871 0.003520

152 rovss = 2 columns

In [22]:

#performance indicators
r_score_Ge-retrics.r2_scora(y_test,Ge_predict)

orint("R squared valuz_GB :",r_score_GB)

print("Mas_6s:", mean_absolute_error(v_test, sE_predict))
meansquarederror_GE=mean_squared_error(v_test, &s_predict)
print("MSE_G8:", meanSquaredError_GB)
roctieansquaraderror_G8 = sart(meansquarederror_Ge)
print("RMSE_GE: ", rootMeanSquaredError_GE)

R squared value G2 : -8,28023824586044473

MAE_GB: ©.838995175727995475

RMSE_GB: ©.258343639554344535

Figure 11: Python code for return

[5a]:

Comparison_ADA_GB. iplot(kin : Actual retur

1 ADA < lines', titl
te, yTitle='Returns'),

26784287

. 28653842
. 86421414
20430514
. 20526411
21186418
. 21176144
. 26216465
83277544
. 2688161
.2205538
.2112e315
. 2637734

¥_test, 'predicted returns': s8_predict})

predictions of ADA - part 11

ns Vs Predicted returns(Gradient Boosting Regressor)”, xTitle='Da

ADA : Actual returns VS Predicted returns{Gradient Boosting Regressor)
Actual recurns
Predicted returns
0.1
0.05
A
v PN
o\ ey \ Ut [T Tl
-0.05
-0.1
Oct 10 Oct 24 MNow 21 Dec 19 Jan 2 Jan 16 Jan 30 Feb13 Feb 27
2021 2022
Date
Export o platly »
(None, )
mll
K Nearest Neighbors
In [51]: | from sklearn import neighbors
# Create x Nearest Neighbors regressor
Knn = neighbors. KueighborsRegressar()
In [52]: | # Troin the model
knn. fit(x_train,v_train)
KneighborsRegressor()
# Make predictions
knn_pred = knn.predict(x_test)
In [54]: | print(knn_pred)
[ ©.81832589 ©.80281485 ©.98330552 @.@192057 -9.@8431255 -9.82455897
-2.83702164 -0,01354271 -0.02358669 ©.00675239 0.03762095 -9.80738573
-8.88112497 ©.80215606 -B.83147772 ©.88222558 £.88158135 8.88285329
2.60121621 -9.07702118 -9.00358586 -2.00341533 0.0035153  0.83237356
-2.8212341 -2,21796851 0.00320543 -2.0128733 -0.00591082 ©.806E7896
-8.81884515 ©.80594587 -B.84411176 -8.88194763 ©.83278788 -B.81778545
2.6254973 -9.02227151 -9.0@302655 -0,03435293 ©.01743905 -0.81809177
-9.82019796¢ ©.82948383 ©.8@279283 -9.0162615% ©.0393945 8.83522988
©.88220072 ©.00184518 -8.03465518 ©.88858499 -B.8228612  B.80182765
©.83823837 -8.00257321 ©.655478058 -08.88121532 -8.88156057 8.802452386
©.91987283 8.01993845 -9.@3637387 -08.88395352 -8.81175586 -8.83994515
2.98285686 -8.00918533 8.08546893 0.83337647 8.82785687 -8.8551111

Figure 12:

Python code for return predictions of ADA - part
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-2.86011487 -2.00896377 -0.99305812 -2.04536292 -2.00162338 -9.9252257
-2.80517485 ©.87532171 ©.82777735 -2.01404818 -9.01178235 9.91517752
-2.80743786 9.205342  -0.92172541 2.01704258 2.00214163 @.20247031
-2.61360516 -2.09459957 -0.01019672 2.01342527 ©.09651679 -0.91413451
©.08945656 ©.91202388 -0.84567178 -0.63959124 -9.62318263 88199782
©.08214119 £.02237003 £.8144283% 0.81701314 ©.81796781 -8.88372732
-2.61740087 -8.84354427 -0.91729776 -8.8417783 -9.02235793 ©.82298391
-2.62926179 -8.8113786] ©.98778538 -2.83412518 -9.08174359 -9,88957759
2.01422343 -2.03445906 ©.21902163 ©.04056416 -9.00227549 -9.21121633
-2.87521627 -2.90756325 0.21426712 -2.00856192 ©.01824362 -9.00234652
]
@
)

-2.80625508 -2.0201847  0.21534772 2.81199937 -2.02655064 -9.92331376
2.0273674 -2.00681628 ©.23129851 -0.084213622 ©.02795237 -9.20264517
-2.64174744 -8.8175255) -0.93586534 -9.01574635 ©,02434013 -9,80235569
-2.61781473 -9.8142835 ]

In [55]: | Comparison_ADA_KHN - pd.DataFrame({'Actual returns’: Y_test, 'Predicted returns': kan_pred})

In [56]: | Comparison_ADA_KNH

Actual retums  Predicted returns

Date
20211005 0.018249 0.010325
2024-40-06 0009434 0.003014
011007 0.028389 0.008857
2024-10-08 001784z 0.018208
2021-1009 0013073 0004313
20220301 0.002620 0015748
20220302 0024018 0.024840
20220303 0039111 -0.002885
20220304 -0.068510 0017015
20220205 0.028871 0014200

152 rows x 2 columns:

In [57]: | #Performance indicators
r_score_KNN=metrics.r2_score(Y_test,knn_pred)
print("R squared value_KNN :”,r_score_KNN)
print("MAE_KHN: ", mean_absolute_error(Y_test, knn_pred))
meansquaredError_KHi-mean_squared_error(Y_test, knn_pred)
print("MSE_KHN: ", meansquaredError_KNN)
rootHeansquarederror_KNN = sqrt(meansquarederrar ki)
print("RHSE_KNN: ", rootieansquaredgrror_KNN)

R squared value_KNN : -9.25283869580567164
MAE_KNN: ©.835898740742423935
MSE_KNN: ©.8@25457888369521855
RMSE_KNN: ©.85143723201898777

Figure 13: Python code for return predictions of ADA - part 13

In [58]: | Comparison_ADA_KHM.iplot(kind='1lines", title=' : Actual returns vs Predicted returns(k mearest meighbors)", xTitle='Date', yT

itle='Returns’),

ADA : Actual returns VS Predicted returns{K Nearest Neighbors)

Actual returns
Predicted returns

0.1
0.05
|
. bl |
= mon f I M
R (| f'wq/l ATILA )
= Wy ‘ L"‘ ALY
O | \
-0.05 ”
-0.1
Oct 10 Oct 24 MNov 7 MNov 21 Dec s Dec 19 Jan 2 Jan 16 Jan 30 Feb 13 Feb 27
2021 2022
Date
Export to plotly s
(uore, )

Multilayer Perceptron

In [59]: from sklearn.neural network import MLPRezressor
from sklearn.datasets inport make_regression
# Create MLP Regressor
WLP = MLPRegressor()

Troin the model

In [ca]: | 4
WLP.Fit(X_traln, v_train)

out[58]: MLPRegressor()

In [61]: | # Make predictions
HLP_pred = MLP.predict(X_test)

HLP_pred

array([ ©.82761331, ©.08584564, ©.9565452 , -0.82381472, ©.89720352,
-8.85768871, 0.93421951, 0.81495441, 0.87805959, ©.B649387,
-8.86208143, -0.99388186, -0.01848992, -0.85337279, .84742615,
©.88185628, -0.61253301, 0.61240653, -0.14573476, ©.84560354,
-8.25818628, ©.03772236, ©.14228758, 0.81511227, @.11755954,
©.19842041, -0.17218863, -0.62194661, -0.86370035, -0.27072067,
2.20262352, -.02313229, -0.12525287, ©.84151747, -2.84733237,
-8.20278424, -0.09795776, -0.11895577, -0.1788863 , ©.18083257,
©.83319354, ©.09089469, 0.92468655, 0.01885435, 0.85055939,
©.12054558, -0.08416914, -0.06911267, -0.98801642, -2.86925518,
©.8471183 , ©.99390378, 0.92379901, 0.89529833, -8.83191813,

Figure 14: Python code for return predictions of ADA - part 14



VLUS/LIES ,  U.RCSURI/E, Q.043/YUUL,  U.UUSLNS3, -0.031Y1H13,
-9.85558817, -8.15303777, -2.1883392 , -@.84138553, -2.15202151,
©.8412285 , -8.23171899, 0.87481335, -@,14834833, -8,0436826 ,
-9.89525503, ©0.82429178, 0.83222845, -@.53892195, -2.07334283,
©.82809663, -0.8283893 , -0,25121526, -@.62495082, -8.14781579,
-8.87243325, -0.89532309, 0.00170056, -0.87767154, -@.06606931,
-9.18187775, ©8.81227745, -0.85152903, -@.85597355, -2.02220531,
©.21639647, -0.12143577, -0.88199899, -8.8675521 , -@.01585696,
-0.81656045, ©0.85436823, 0.8335333 , -@.88652333, -2.05352785,
-0.81374867, 0.88826993, -0.82382419, -@.62835479, -8,0297E345,
-8.12195894, ©.213613 , -0.80945237, -0.84954655, -2.06697488,
©.81723923, ©.87579151, -0.03406929, -@.14212714, -@,02355645,
-8.11667681, -2.27832031, ©.80909835, ©.98392826, -@.01782533,
-9.85117847, 0.82545434, -0.82347135, -0.51798872, -2.02350114,
-0.85315495, -8.81176135, -0.03586759, -@,0385E934, -8.043486
-9.83805332, 0.81009833, -0.85926433, -@.02812291, @.02451953,
©.93679926, ©.94375254, ©.03526963, -@.05871434, -€.07194423,
-9.8950285 , -2.28118377, 0.87520299, ©.B1758623, @.0E536643,
-9.85958913, 0.84307897, -.8534785 , -@.87744855, @.03522%89,
-8.15348288, -8.29916859, 0.11891255, -0.BE656956, -@.82551155,

-9.81853032, ©8.82562303])

Comparison_ADA_MLP = pd.DataFrame({'Actual returns’: v_test,

In [64]: | Comparison_sDA_MLP
out[s4]:
Actual returns Predisted returns
Date
0211005 0018249 0027813
20214005 0002434 0.005346
20211007 0.028889 0.050545
2021-10-08 0017842 0023815
20214009 0013073 007204
20220301 0.002620 0.110013
20220302 0024819 -0.000570
20220303 00211t 025512
20220304 -0.068510 ©0.010550
20220305 0020071 0020023

152 rows x 2 columns.

: | #performance indicators
r_score_MLP=metrics.rz_score(v_test,MLP_pred)
print("R squared value MLP :",r_score MLP)
Print("MAE_MLP: ", mean_absolute_error(Y_test, MLP_pred))
meansquarederrar I-ILP mean_squared_error(Y_test, MLP_pred)
print("MSE_MLP: ", meansquarederror_MLP)
roctmeansquared&rrur MLP = sqri(meansquarederror_MLP)
print("RMSE_NLP:", rootHeansquaredError MLP)

A squared value MLP : -1.343725595355145
MAE_WLP: ©.87852537361128528
MSE_WLP: 5.208117272923241188
RMSE_MLP! B.@582955895818747

Comparison_ADA_MLP.iplot(kind='1ines", title=".
yTitle="eturns'),

Figure 15:

‘Predicted returns

A 1 Actual returns vs Predicted returns(Multilayer Perceptron)”, xTitles'Date’,

ADA : Actual returns VS Predicted returns{Multilayer Perceptron)

Actual returns
—— Predicted resumns
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&
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Date
Exportto plotly s
out[ss]: (None,)
m[l:
Export predictions to Excel
In [92]: Al Predictions - pd.Dataframe({'Actual returns’: Y_test, 'Random Forest': test_data_prediction, 'Linear Regression’ : y_pred_L
R, 'Decision Tr pred_dtree, 'Gradient Boosting Regresser’ : GB_predict, 'K Nearsst Neighbors' : kmn_pred, 'Multilayer Perce
ptron': MLP_pred})
1n [1ee]: | ALl Predictions
out[1ee!
Actual returns  Random Forest Linear Regression Decision Tree  Gradient Boosting Regressor K Nearest Neighbors Multilayer Perceptron
Date
2021-1005 0.018849 -0.005457 0003287 -0.007840 0.008433 0.010326 0105809
-0.008434 -0.008521 0.005848 0.001030 -0.008433 0.003014 0172047
20211007 o.0z8s20 -0.002078 Q017182 Doo02ET 0005402 0.008857 0128400
2021-10-08 -0.017642 0.002343 -0.001751 -0.019396 0.005152 0.010208 0234157
2021-10-09 0013073 0.002510 -0.011405 -0.020567 0.001317 -0.004313 0083064
202240301 0.002620 -0.003489 0.008748 0.007828 0.000031 -0.015748 0311382
W24302 0024808 0.007721 0000830 -0.021242 0.004441 0.024340 022388
W24303 Q0% 0002828 0001544 0024818 0.003773 -0.00288 o.108017
024304 0033510 0.000283 0008831 0.02220t 0.014837 0017015 0204824
20220305 0.028871 -0.005380 0000204 0082277 0.003520 0.014200 0.118017

152 rows x 7 columns

In [1e1]: with pd.Exceluriter(r'c:\Users\Lenovo\Dounloads Al

A11_Predictions.to_excel(writer, sheet_name -

ADA")

returns. pred.xls Jas writer:

Figure 16: Python code for return predictions of ADA - part

Python code for return predictions of ADA - part 15
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1.2 Python code for price predictions

In [1]: | inport numpy as np #
import pandas as pd # pandas
mport cufflinks as cf # Cuf
from sklearn.svm import suC # sckik
import warnings; warnings.simplefilter("ignore)
from statsmodels.tsa.stattools iport ad<lller
inport configparser as
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection inport train_test_split
from sklearn.ensenble import RandomForestRezrEssor
from sklearn import metrics
#rom sklearn.metrics inport mean_absolute_error
#rom sklearn.metrics inport mean_squared_error
from math import sgrt
import talib

&/Database/cut/Close/ADA . x15K"
parse_gstes=True).dropna()

In [2]: | dataset = £7C:/Users/Lenovo/Donnloads /Hénc
data - pd.read_excel(dataset, index_col

In [3]: | data.head()

out[3):

Date

20171109 0032083

20174190 0027118
20171111 0.027837

20174112 0023877
20174113 0025808

In [4

data. dropna(inplace=True)

In [5]: | adfuller(datal*ADa']) # stationarity test of time seri

(-1.7099796558541458
®.4250751251889812,

2,
1555,
{'1%'1 -3.4345623007753496,
'SK': -3.5634004754910096,

‘6% : -2.567760486450719),
-4835,509840993328)

nks to use offline Plotly mode (bug otherwise)

™ [5]:

1

Cf .g0_0FFline() #force cu

Add features

datal ‘A ).s5td()

t to hold the feature names.

In [s]: | datal'std1s'] = 4 ].rolling(
feature_nanes = ['stdla’] empty
for n in [14, 2,
datal'ma’ + strn)] = talib.sMa(datal"ADA'].values, timepericd=n)
data['rsi' + str{n)] = talib.RSI(data["ADA’].values, timeperiod=n} #SMA ond RSI methods to cal
s, 5a.

ate the

feature_names = feature names + ['ma’ + str(n), 'rsi' + str(n)] #4dd the ma and rsi variable names to the feture names Lis

feature_nzmes

['std1s’, 'ma1s’, ‘rsils’, ‘maze’, ‘rsize’, ‘mase’, 'rsise’]

Figure 17: Python code for price predictions of ADA - part 1

data

ADA  stdt4  matd rsitd ma30 rsi30 mas0 rsi50

Date

20171109 0.032053 NaN NaN NaN NaN NaN NaN NaN
20171110 0.027119 NaN NaN NaN NaN NaN NaN NaN
20171111 0.027437 NaN NaN NaN NaN NaN NaN NaN
20171112 0.023977 NaN NaN NaN NaN NaN NaN NaN
201711413 0.025808 NaN NaN NaN NaN NaN NaN NaN

20220301 0962346 0.071943 0933493 46369854 1.025607 43.764198 1.096753 43767441
20220302 0938662 0.057401 0923041 44217555 1021819 42961125 1.091824 43340832
2022.03.03 0902650 0.050296 0914667 41.004906 1015620 41.756120 1.083737 425695303
20220304 0842829 0.047670 0903651 26.488015 1.009420 29.837377 1.075982 41544563
20220305 0.865672 0.040090 0894220 39282153 1003061 40.908106 1.067476 42197563

1578 rows x 8 columns

Add the lags
df = data

col list = ['ADA’, 'std14’, 'mald’, 'rsil4’, 'ma3e’, ‘rsi3e’, ‘mase’, 'rsi
for col in col list
for x in range (1,8):
df[col+f'_lag{x}'] = df[col].copy().shift(x)

data

ADA  sdt4  mal4  rsit4  ma30  rsi30  mas0  rsi50 ADAlagl sidt4_lagl .. ma50_lagé rsi50_lags ADA_lagl stdtd_la
Date
e 0032083 NaN NaN NaN NaN NaN NaN NaN Nan NaN NaN NaN NaN N
2T oorie NaN Nan NaN  NaN NaN  NaN NeN 0032053 NaN NaN NaN NaN N

Figure 18: Python code for price predictions of ADA - part 2
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wir-

WL 0omne NaN NN NaN  NaN NN NaN NaN 0032083 NaN NaN Na NaN [
T oozmaw NN NaN NaN  NaN R NaM 0027119 NaN NaN NaN Nah N
ML 00207 NaN NaN NaN NaN NaN NaN NaN  0.027437 NaN NaN NaN NaN N
M oomEE NN MaN NaN  NaN NaN  MaN NaN  0.023677 NaN Na Nl NaN N
272 gpozss 0071943 0933403 40300854 1025007 43704193 1006753 43707441 0090828  Q.0Z6S00 .. 1132091 41218423 0820017  0.0844
2007 ouaetz 0D5TADI DS2I041 44217555 1021810 42001125 1001824 3340632 0062348 00710 . 1125030 4095803 0800180 00917
2022 0002660 0050208 DO14GAT 41004306 1018820 41768180 10B3TE7 <2806303 0033882 0087401 1117404 42007561 0.853425  0.0808
2072 gsesse 0.04TGT0 000301 3048015 1000420 30SIAT 10TG0SZ 41044503 0002050 0050200 .. 1710932 41895045 0808027  0.088
2022 opesTz 0040000 D8G420 30282155 100301 4090B108 1087478 42107683 0.042080 OO4TSTD .. 1.1D4ME 41330388 0807018 00803
1578 rows x 64 columns
1 »

In [&4]: | data.dropna{inplace=True) #remove all the null values from the dataframe

st to extrac

data.drop(['ADA", 'stdl4’, 'mal4’, 'rsil4’', 'maze’', 'rsize’, '‘mase', 'rsise'],axis=1) #Use the feoture_names
LL the predictor vorigble columns from the "dats” datoframe

data['2DA'] #Extract the price column

In [15]: | X_train,X_test,y_train,y_test = train_test_split(x,v,test_size-e.1,shuffle = ralse,random_state-8)

Random Forest

In [16]: | # Cregte Random Forest regressor
regressor = RandomForestRegressor(n_estimators=168)

In [17]: | # Tragin the model
regressor.fit(x_train,y_train}

RandomForestregressor()

In [18]: | test data prediction = regressor.predict(x_test)

In [19]: | print(test_data_prediction)

[2.21721945 2.20593285 2.15283078 2.15767463 2.17672003 2.20528276
2.17281819 2.15715412 2.18558292 2.15383117 2.17419164 2.28733328
2.22838913 2,21886267 2,18532742 2.18852502 2.16821775 2,18736688
2.2235834  2,22833869 2.31384573 2,15679852 2.28755933 2.18774712
2.82435161 2.96€65499 2.12821997 1.87247662 2.87901301 2.86532139
2.86135718 2.1834344 1.87752139 2.85748822 2.13065231 2.14398354
2.22171803 2.23261352 2.13736898 2.1597649 2.13243558 2.12967158
2.15368705 2.11241951 1.52232077 1.21456035 1.50142502 1,8921597
2.86355756 1.89558595 1.55762552 1.57213328 1.36454927 1.55846535
1.47438271 1.58757325 1.543858%6 1.5349637 1.52887869 1.4324223%
1.54825726 1.53611999 1.23662474 1,35939249 1.32729353 1.34115147
1.32721592 1.33817851 1.16672476 1.38792174 1.30182605 1.21221714
1.20262284 1.31718544 1.38537016 1.21577535 1.30634402 1,3@92152
1.26287515 1.38244738 1.35251463 1.43512723 1.35135732 1,3555517
1.39179204 1.45247571 1.37375012 1.3321897 1.30518997 1.31802458
1.22112665 1.3319848 1.31898867 1.29471733 1.3781182 1.2328722%
1.16989924 1.167721  1.15342374 1.11171137 1.14479711 1.28509436
1.24162108 1.28358147 1.28622549 1.38459212 1.52536583 1.44334434

Figure 19: Python code for price predictions of ADA - part 3

1.3574177% 1.293@5782

1.16857395 1.15935458 1.13882513 1,12212445
1.13872482 1.11986654 1.12125469 1.12802153 1.1219433 1.12865458
1.12262479 1.13945881 1.12767921 1.13585684 1.13681179 1.13740581
1.16182724 1.20737287 1.191887% 1.19586463 1.18614365 1.15220044
1.17164758 1.17931819 1.1728314% 1.15346674 1.15718564 1.156367135
1.15515246 1.14239255 1.14849647 ©.92975824 1.08463251 @.91419783
2.91950456 1.21736675 1.89113506 9.92957248 1.13665592 1.12757676
1.1389482 1.80328614 9.32486325]

In [28]: | comparison_aDA_RF = pd.DataFrame({'Actusl prices': v_test, 'Predicted prices’: test_data_prediction})

In [21]: | Comparison_ADA_RF

Actual prices  Pradicted prices

Date

2024-90-14 2188235 2217218
2021-10-05 2233124 2205932
2021-10-08 2212155 2152831
2024-40-07 2275905 215767

2021-10-08 2237178 2176700
2022031 0.062345 1.135658
20220302 0.938562 1.127577
2022-03-03 0.802858 1.138848
20220304 0842380 1003288
20220305 0.585572 0.854083

153 rows x 2 columns

In [22]: | #Performance indicators
r_score_RF=metrics.r2_score(Y_test,test_data_prediction)
print ("R squared value RF :",r_score_RF)
print ("MAE_ » mean_absolute_error(Y_test, test_data_predicticn))
meansquaredError_RF=mean_squared_error{Y_test, test_data_prediction)
print("MSE_RF:", meansquaredError_RF)
roctheansquaredError_RF = sgrt(meansquaredError_RF)
print ("RMSE_RF:", rootMeansguaredError_RF)

R sguared value_RF : 8.9461487674859356
MAE_RF: @.88117657982352156
MSE_RF: @.818581136165624788
RMSE_RF: ©.10247505142821293

Comparison_ADA_RF.iplot(kind="lines', title:
ces'),

rices vs Predicted price: st)”, xTitle="Date', yTitle='Pri

Figure 20: Python code for price predictions of ADA - part 4
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ADA : Actual prices VS Predicted prices(Random Forest)

Actuzl prices
Predicted prices

Prices

Oct 10 Now?7  Now2i Dec 18 Jan 1 30 Febi3
2021
Date
Export to plotly »

Out[23]: (None,)

[l
Linear Regression

In [24]: | from sklearn.linear_model import LinearRegression
# Creation of the Regression Model
model = LinearRegression{)

In [25]: | # Train the model
model. fit(x_train, v_train)
Linearregression()

In [26]: | # Moke pregictions
y_pred_LR= model.predict(x_test)

In [27]: | print(y_pred LR}
[2.18211265 2.28558389 2.24542167 2.2321484 2.34G67716 2.2742982%
2.29366026 2.17418514 2.15852628 2.13474389 2.21853821 2.2088351
2.35229G62 2.15764855 2.15226731 2.15185476 2.12513127 2.17896287
2.164922  2.1769551 2.13779157 2.87374451 2.1873875 1.18642126
1.95354943 1.98672342 2.03785552 1.98201968 2.0832762 1.92364758
1.95724262 2.6711845 2.80178125 1.98492371 2.0861361% 1.98435184
2.1388417% 2.28596096 2.11795641 2.18907593 2.0587579% 2.82853185
2.02612623 2.02838081 1.93528725 1.85845892 1.24511511 1.89533806
1.94855045 1.56152687 1.78922258 1.73146893 1.70129726 1.70927035
1.56181338 1.59228212 1.62031242 1.59720824 1.57263209 1.59251972
1.71382619 1.59511326 1.43216179 1.22308138 1.45801971 1.41752668
1.43874852 1.36293523 1.23722469 1.3963261 1.35863314 1.25263785
1.2138312  1.38418277 1.22675252 1.25239685 1.38528373 1.26368645
1.2460237 1.3288868 1.37250651 1.51903583 1.4242125 1.45841351
1.45865944 1.53822258 1.43725324 1.35821132 1.38312775 1.36718724

Figure 21: Python code for price predictions of ADA - part 5

1.88758444 1,88422672 1.85535529 1,85242436 1.18249986 1.159220824
1.13768645 1.231555 1.19956574 1.19968917 1.1675764 1.89673716
1.86207652 1.87270692 1.06573462 1,13950289 1.88485396 1.82939157
1.82224373 1.82921889 8.55517538 @,24526397 8.57852951 @.85474975
©.85518312 ©,94510124 2.91248352 @,57846017 ©.98935359 097817855
©.94738029 ©.92902515 8.8587895 ]

Comparison_sDA_LR = pd.Datarrame({'actusl prices': v_test, "predicted prices’

y_pred_LR})

Comparison_ADA_LR

Actuzl prives  Predioted prices

Date
2021-10-04 2120235 2188118
2041005 2233124 2208504
20211095 2212155 2245422
20211007 2275985 2232148
20211008 2237178 2248677
20220301 0862348 0.938368
02202402 0.838652 0078170
202203403 0.802550 0.947360
20220304 0842389 0.948035
20220205 0.865672 0.858700

153 rows = 2 columns.

In [38]:  #Ferformance indicators
r_score_LR=metrics.r2_score(v_test,
print("R squared value_LR :",r_score_LR)
print("MAE_LR:", mean_sbsalute error(v_test, y_pred_LR))
meansquaredErrer_LR-mean_squared_error(Y_test, y_pred_LR)
print("MSE_LR:", meanSguaredError_LR)
rootMeansgquaredError_LR = sgri(meansquarederror_LR)
print("RMSE_LR: ", rootMeanSquaredError_LR)

R squared value LR : 8.953952168634733
MAE_LR: @.853325851320271526
MSE_LR: @.B860349124601394985
AMSE_LR: @.87768469900913241

In [31]: Comparison_ADA LR.Iplot(kind="lines', title-"
='Prices'),

Actual prices VS Predicted prices(Linear Regression)”, xTitle='Date’, yTitle

Figure 22: Python code for price predictions of ADA - part 6
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ADA : Actual prices VS Predicted prices{Linear Regression)

Actual prices
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cut[31]: (None,)
In[1:
Decision Tree
In [32]: | from sklearn.tree import DecisionTreeregressor
# Creqte Decision Tree regressor
dtree_regressor = DecisionTreeregressor(random_state-g)
In [23]: | # Troin the model
dtree_regressor.fit(X_train,y_train)
out[33]: DecisionTreeRegressorirandom_state-g)
In [34]: | # Make predictions
pred_dtree = dtree_regressor.predict(X_test)
In [35]: print(pred_dtree)
[2.125%05 2.135905 2.114452 2.114252 2,114452 2.291541 2.114452 2114452
2.112452 2.114452 2.114452 2.252872 2.252673 2.252872 2.114452 2.252572
2.112452 2.114252 2.252872 2.252872 2.125985 2.114552 2,252872 2.112452
2.112457 2.252873 2.135565 2.135365 2.135385 2.135385 2.135985 2.135%65
2.135385 2.135395 2.135565 2.114452 2.135985 2.135365 2.135565 2.135965
2.112452 2.114452 2.114452 2114452 2,114252 2,114452 1,482573 2.135985
2.125965 2.135995 1.482572 1.482573 1.482572 1.482572 1.17748 1.17748
1.482573 1.482573 1.482572 1.17748 1.6509089 1.6590€9 1.17748 1.228501
1.17748 1.228501 1.17745 1.228561 1.856231 1.228561 1.228581 1.855291
1.056231 1.356887 1.222561 1.856251 1.228581 1.228561 1.223561 1.208561
1.228561 1.17748 1.17745 1.17725 1.17748 1.17748 1.17745 1.228501
1.228561 1.228591 1.228501 1.228561 1.228561 1.2285@1 1.228581 1.228561
1.153254 1.182698 1.168098 1.856291 1.856291 1.2285€1 1.228501 1.228501
1.228501 1.338145 1.798835 1.33486% 1.262255 1.262255 1.186151 1.155742
1.223297 1.234019 1.224219 1.22421% 1.224219 1.234019 1.232219 1.23401%
1.232219 1.234219 1.22281% 1.234215 1.233257 1.218755 1.218758 1.218758

Figure 23: Python code for price predictions

1.218758 1.233497 1.233497 1,234¢1% 1.334@15 1.234819 1.234@19 1,233497
1.224819 1.223819 1.222819 1,23481% 1.23419 1,233219 1,232819 1,234819
1.334819 1.23481% 1.224219 1.33£215 1.334@15 1,234819 1,234819 8.582262
2.802282]

Comparison ADA DT = pd.DataFrame({'Actual prices': Y_test, 'Predicted prices’: pred ctree})

Comparison_ADA_DT

Actusl prices  Pradicted prices

Date
2021-10-04 2.188235 2.135905
2021-10-05 2233124 2.135008
2024-40-06 2213185 2114452
2024-40-07 2275005 2114482
2021-10-08 2237176 2114452
20220301 0982345 1234018
2022-03-02 0.938862 1234018
20220302 0.002850 1.234010
20220314 0542860 0.802282
20220305 0.885872 10.8022652

153 rows x 2 columns

In [38]:

#performance indicators
r_score_DT=metrics.r2_score(Y_test,pred_dtree)

print("R squared value_DT :",r_score_DT)

print("MAE_DT:", mean_absolute_error(Y_test, pred_dtree))
meanSquaredError_DT=mean_squared_errcr(v_test, pred_dtree)
print ("MSE_DT:", meansquaredError_DT)
rostHeansquaredError_DT = sgrt(meansquaredError_DT)
print("RMSE_DT:", rcotMeansquaredError_DT)

R squared value DT : @.8205887325542852
MAE_DT: 8.15264198039215885
HSE_DT: 8.834%87551850084965
RMSE_DT: B.18683597579182915

In [39]: lines', title

Actual prices vs predicted prices(Decisi

Comparison_ADA_DT.iplot(kind=

Figure 24: Python code for price predictions
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ADA : Actual prices VS Predicted prices({Decision Tree)

Actuzl prices
ed prices

Prices

Mow7  Now2l Dec5  Dec1?

Jan 30 Feb13

Date
Export fo plotly »

(none, )

n[ I

Gradient Boosting Regressor

In [26]: | from sklearn.ensemble import GradientBoostingRegressor
# Create Gradient Boosting Regressor
GB_regressor=aradientBoostingRegressor{n_estimators=108)

In [#1]: | # Train the model
GB_regressor. fit(X_train,¥_train)

cut[41

GradientBocstingregressor()

In [42]: | # Make the predictions
GB_predict=GB_regressor.predict(X_test)

In [43]: | print(e8_predict)

[2.17133322 2.17133322 2.16349301 2.15345391 2.19884851 2.19130545
2.16883567 2.15133882 2.161431  2.14185233 2.13848557 2,135724

2.15266322 2.13390167 2.1311547 2.11284585 2.11741565 2.16776811
2.12525526 2.1383485 2.1156@832 2.88674593 2.89967938 2.1233619
1.54368337 138821862 2.@1438395 1,52538351 1.81772156 1.31772156
1.90343355 1.36445729 1.99349355 1.5@349355 1.36445723 1.39042839
2.68927895 2.B5748537 2.87967721 1.55291744 1.39552203 1.33042859
2.02811846 2.82633119 1.88490098 1.85459898 1.71484469 1,8926038
1.94238565 1.6785275 1.67714698 1.67479168 1.70471493 1.70471433
1.57418122 1.58948251 1.68039251 1.65791416 1.65791416 1.56692416
1.6284080% 1.65816993 1.42497895 1.33667234 1.38235568 1.31971964
1.35763895 1.29352484 1.21895384 1,3227083 1.3098776 1.21128135
1.26241919 1.38395233 1.26639706 1.28045944 1.26204384 1.25304354
1.26384384 1.2835366 1.28872167 1.444851e4 1.36984257 1.38155536
1.37331805 1.4525359 1.35565857 1.33260277 1.32436546 1.3135307

1.32145793 1.32784515 1.32148793 1.3135387 1.28624657 1.28522588

Figure 25: Python code for price predictions of ADA - part 9

1.22752751 1.1864838 1.186483% 1.16084212 1.15287343 1.27957517
1.25125635 1.27957517 1.29079313 1.392146  1.52121652 1.44869735
1.33397566 1.38038235 1.14541819 1.17627325 1.19983956 1.19753297
1.17328788 1.17928783 1.15815454 1,20878812 115149453 1,28138252
1.1621314 1.14§585€2 1.18328852 1.13293539 1.14884572 1.14368183
1.18719673 1.12619884 116011832 1.12480824 1.16521283 1.13515459
1.1226197 1.13172998 1.13992324 1.12710297 1.89227668 1.84942978
1.82883371 1.82882371 1.82883371 0.87185292 8.39533523 056395435
8.28583175 @.98578515 £.98572515 6.8415597 9.3513135 6.95534535
8.36394596 @.83528353 8.58157936]

Comparison_ADA_GB = pd.Datarrame({'actusl prices': v_test, 'Predicted prices': e8_predict})

Comparison_ADA_GB

Actual prices  Predicted prices

Date

20214004 2180235 2471333
2021-40-05 2233124 217

20211008 2212155 2.183493
20214007 2276005 2183403
20211008 223 2180048
20229301 0.062345 0081312
2022403402 0838862 0958845
202240303 0.902858 0950845
20220304 0842388 0336284
202240305 0865672 0801570

153 rows x 2 columns

In [25]: | #Performance indicators
r_score_GB=metrics.r2_score(Y_test,GB_predict)
print("R squared value GB :",r _score GB
print(“MAE_GB:", mean_absolute_error(v_test, &B predict))
meansquaredError_GB-mean_squared_error{Y_test, GB_predict)
print("WSE_GB:", meansquaredError_GB)
roctMeansquarederror_GE = sgrt(meansquarederror_GE)
print("RMSE_GE:", rcotMeansquaredError_GE)

R squared value GB : ©.354020153512829
MAE_GE: @.85523354327256814
MSE_GE: ©.027020066564785725
RMSE_GB: 0.28373533743528154

In [47]: | Comparison_aDA_GE.iplot(kind="lines', title
==

ices'),

e', yTitle="Pri

: Actual prices VS Predicted prices(Gradient Boosting Regressor)®, xTitle'Dat

Figure 26: Python code for price predictions of ADA - part 10
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ADA : Actual prices VS Predicted prices{Gradient Boosting Regressor)

Actual
—pre

Prices

Now7 Now2l Dec5  Dec1d Jan16 Jan30  Feb13  Feb

Date
Exportta platly »

out[47

(none, )

[l

K Nearest Neighbors

from sklearn import neighbors
# Creqte K Nearest Neighbors regressor
knn = neighbors.kneighborsregresser()

In [49]: | # Tragin the model
knn. Fit{¥_train,¥_train)

Kiieighborsregressor()

In [50]: | # Make predictions
knn_pred = knn.predict(%_test)

In [51]: | print(knn_pred)

[1.724714 1.5669456 1.695894 1.2517956 1.5280352 1.4833988 1.4742726
1,432117 1,4388023 1.584805 1.2118472 1,3861856 1.6443394 1,487752
1.4281452 1.5521368 1.6354756 1.4132266 1.3361056 1.428541 1.4330726
1.4281482 1,397217 1.4342282 1.3756214 1.3373114 1.6149366 1.1814618
1.8131782 2,6795878 ©,572885 ©.955576 ©.91%674 ©.9684715 1.151763
1.3588124 1,3327914 1.1152898 1.1045216 1.1831344 1.4158226 1.172262
1,428875 1,3592528 1.2915856 1.21687256 1.2277396 1.2013836 1.2335638
2.55801 2.384131% 9.1737188 ©.3607224 ©.5507473 2.2270658 ©.1469735
©.1271792 @.1171624 ©.1552728 &.1652852 @.6721418 €.0934414 @,128611
2.1352392 2.12499  9.1214412 £.2732386 ©.1206353 2.992333 ©.1111575
2.8971774 @.0995348 ©.8731532 8.8607438 @.0593322 9.9843256 9.0866052
2.8756514 2,068402% ©,9501384 9.867184 €,1179092 8.18543% ©.8777938
2.6528206 2.956124% 0.054304 ©0.2508356 ©.0324776 2.0821826 9.0541152
2.8651434 2.8885912 09570356 9.@59898 €.030784 ©.9737922 ©.8764778
2.0956698 2.8756192 0.9761682 £.266517 ©.0341556 2.053458F 9.945132
8.6776636 @.67123% ©.9561674 68609245 @.04553  9.9453480 9.8862112

Figure 27: Python code for price predictions of ADA - part 11

©.857111 @,0638758 0.8342185 9,8438382 ©,0394648 2.0356755 0.9350494
©.8216218 @.631858 0.832844 ©.832125 ©.832514% ©.0342245 §.935458%
©.826387 @.0986742 0.29595  ©,308832 ©,056862F €.0571222 9.874651%
©.8755345 @.0568345 0.2351645 £.2533354 ©.0612044 2.0396624 0.2554525
©.8547812 @.B327534 0.8555564 6.9573584 ©,0737344 ©.0352756 0.885254
©.8722056 .0652994 ©.1204845 £.2723344 ©.0752092 @.0750252]

Comparison_ADA_KMN = pd.DataFrame({'Actusl prices': v_test, 'Predicted prices': knn_pred})

Comparison_sDA_KMN

out[52
Actual prices  Predicted prices
Date

WHAME 2150235 1734714
WN-4005 2233124 1585045
2021-10-08 2212185 1595804
20244007 2375005 1481708
2024-10-08 223717 1530035
20220201 0062348 0.085000
20220302 0636552 0100405
2022-03-03 0002859 0.07333¢
020304 0842880 0.075000
0220305 0885872 0078035

153 rows x 2 columns

In [54]: #Performance indicators
r_score_KNH=metrics.rz_score(Y_test,knn_pred)
print("R squared value_KNN :",r_score_KNN)
print(“MAE_KNN:", mean_absolute_error(Y_test, knn_pred))
meansquaredErnor_KNi=mean_squared_error(Y_test, knn_pred)
print ("MSE_KNN meansquaradError_KNN)
reotMeansquaredeError_KNN = sqrt(meansquaredError_KNN)
print("RMSE_KNN:", rootMeansquarederror_KNW)

R squared value_KNN @ -4,5775319193697@35
MAE_KNN: 1.867384577124183
MSE_KNN: 1.8276333262282882
AMSE KNG 1.8428365435223152

Comparison_sDA_kMW.iplot(kind='lines’, titl
le='Prices’),

A @ Actual prices vs Predicted prices(x mearest neighbors)”, xTitle='Date’, yTit

Figure 28: Python code for price predictions of ADA - part 12
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ADA : Actual prices VS Predicted prices(K Nearest Neighbors)
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Exportto platly »

(Mone, )

[l

Multilayer Perceptron

1n [55]1: from sklearn.neural_network import MLFRegressor
from sklearn.atasets import make_regression
# Create MLP Regressor
MLP = MLPRegressor()

In [57]: | # Train the model
MLP.fit(X_train, ¥_train)

out[s7]

HLPRegressor()

In [58]: # Moke pred
MLP_pred

P.precict(x_test)

In [59]: | MLP_pred

o array([2.22¢10265, 2.16292555, 2.32124003, 2.1909581 , 2.35974991,
2.1853035 , 2.3277437 , 2.11553266, 2.1953639 , 2.86113363,
232804665, 2.11073654, 2.25582375, 2.95871814, 2.13876625,
2.9190@8851, 2.88992216, 2.3859719 , 2.81477677, 2.8975605 ,
2.182@2579, 2.84871879, 2.88331124, 2.89381414, 1.66327655,
2.89326543, 1.99189148, 1.53054387, 1.7582154 , 1.89381638,
1.45576453, 2.19769964, 1.78795182, 1.880845388, 1.99618243,
1.57@8633 , 2.226@6517, 2.48324842, 1.8731132 , 2.84515533,
2.20893352, 2.21011244, 1.87986918, 2.84120692, 1.76457481,
1.87958885, 1.69873232, 1.96493546, 1.86663129, 1.77875153,
1.76277075, 1.62250947, 1.20376467, 1.51163384, 1.67653368,
1.42520615, 1.37224823, 1.25933557, 1.43112228, 1.17361088,
1.53192683, 1.18882011, 1.52868412, 1.45463885, 8.98828244,
1.36686844, 1.4@826571, 1.42427228, 1.82886527, 1.29688762,
1.86969817, 1.42284859, 1.32529533, 1.2888353 , 8.95132571,

Figure 29: Python code for price predictions of ADA - part 13

1.28955915, 1.32429166, 1.15448242, 1.28852822, 1.23875282,
1.45277872, 1.68818315, 1.33178349, 1.54075156, 1.58833027,
1.77811889, 1.38914075, 1.55837381, 1.54748943, 1.48227411,
1.51311402, 1.51133879, 1.46038662, 1.38059055, 1.33856795,
1.4323385 , 1.13425229, 1.26015213, 1.15878914, 1.17426685,
1.28092881, 1.45789424, 1.21273569, 1.38433115, 1.23333175,
1.62351421, 1.23454353, 1.52928185, 1.39627514, 1.58474123,
1.48447939, 1.13215235, 1.2178177 , 1.1568251 , 1.17582775,
1.2426277 , 1.17862206, 1.15811957, 1.18398471, 1.1558521 ,
1.15558825, 1.24414835, 1.84502815, 1.15252183, 1.24824672,
1.24278962, 1.1534442 , 1.28348977, 1.27877483, 1.19789428,
1.1433383 , 1.14382852, 1.14193418, 1.18312323, 1.12851211,
1.32¢08755, 1.13715817, ©.36676021, 1.83233815, 1.1395553 ,
©.84857913, €.76778871, ©.986094%5, ©.8157194 , ©.53834237,
@.5952851 , ©.76317249, ©.59950411, 1.25341681, 1.1263454 ,
©.52758786, ©.7201256 , ©.97275421])

Comparison_4DA_MLP = pd.DataFrame({'actusl prices': v_test, 'Predicted prices': MLP_pred})

Comparison_sDA_MLP

out[s1]:
Actual prices  Predicted prices
Date

20241004 2180238 2224103
0214045 2233124 2162026
0214046 2212158 2321240
02144047 2276008 2180086
2021-10-08 2237178 2390710
20220301 0862348 1263417
2022-0302 0838882 1.126845
202203403 0.802858 0027588
20220304 0.842888 0720126
20220305 0.865672 0.0 £

153 rows x 2 columns:

#performance indicators
r_score_MLP=metrics.r2_score(¥_test,HLP_pred)

print(“R squared value MLP :",r_score MLF)
print("MAE_MLP:", mean_absolute_error(Y_test, MLP_pred))
meansquaredError_MLP-mean_squared_errcr(Y_test, MLP_pred)
print("MSE_MLP:", meanSquaredErrer MLP)

r dError_MLP = sqrt( dError_HLP)
print("RHSE_MLP:", rootMeansquarederrcr_WLP)

R squared value_MLP : 8.8562252176066493
MAE_MLP: @.1257885293346231

MSE_MLP: @.828236471857137292

RMSE_MLF: ©.1574409583538364

Comparison_ADA_MLP.iplot(kind='lines', title
itle="Prices’),

: Actual prices VS Predicted prices(Multilayer Perceptrom)”, xTitle='Date', yT

Figure 30: Python code for price predictions of ADA - part 14

16



ADA : Actual prices VS Predicted prices(Multilayer Perceptron)

Actual prices
——— Pradicted prices

Prices

Oct10 ©Oct24  Mov7  Mev2l Dec5 Dec19 Jan2  Jan16  Jan30  Feb13  Feb27
2021 2022

Date
Expart to plotly »

(none, )

Export predictions to Excel

In [65]:  All_Ppredictions = pd.DataFrame({'aActual pri
‘Decision Tree' : pred dtree, 'Gradient
on': MLP_pred})

es": y_test, 'Random Forest': test_data_prediction, 'Linesr Rregress:
sting Regressor' : GB_predict, 'K Mearest Neighbors® : knn_pred,

y_pred_LR,
Perceptr

In [85]:  All_Predictions

e Actusl prices Random Forest Linear Regression Decision Tree Gradient Boasting Regressor K Nearest Neighbors  Multilayer Perceptron
Date

0211004 2180235 2217218 2188118 2135905 2171333 1TMT14 2224103
024005 2233124 2205832 2200584 2135905 FRESEEE] 1566849 2162026
202110406 2212155 2152831 2245422 2114452 2183483 1685084 2321240
202140407 2276085 2157675 2232148 2114452 2183483 1481788 2.100088
20211008 2237 2178700 2245877 2114452 2.100048 1530035 2350710
20220341 0952345 1138856 0.883389 1234019 0891312 0.085088
202203402 0033862 112787 0.078178 1234010 0 0.100405
202203402 0.002650 1138048 0.047380 1234010 0.050048 0073334
20220304 0542880 1003285 0.040035 0802262 0833284 0.075000
220305 0865672 0384063 0.858780 0802262 0.801578 0.078235

153 rows x T columns

In [67]: with pd.Exceluriter(r'C:\Users\Lenovo\Downloads\AD: Prlce:.prec 5')as writer:
Al ADA' )

1_Predictions.to_excel(writer, sheet_name =

Figure 31: Python code for price predictions of ADA - part 15
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1.3 Price predictions with each algorithm

Date Actual prices \ Random Forest|Linear Regression\Decision Tree\ Gradient Boosting Regressor|K Nearest Neighbors |Multilayer Perceptron
2021-10-04 00:00:00 2189235 221721946 2,188118059 2135905 2171333222 1,734714 2224102647
2021-10-05 00:00:00 2233124 2,20593208 2,20959389 2,135905 2171333222 1,5669456 2162925553
2021-10-06 0 2212155 2,15283078 2,245421972 2.114452 2.163493011 1,695894 2,321240034
2021-10-07 2276995 215767463 2232149399 2114452 2163493011 1,4617956 2190968102
2021-10-08 0 2237176 2,17670003 2,245677157 2114452 2,190048513 1,5300352 2,359709914
2021-10-09 0 2.266615 2.20528276 2,274298281 2.301541 2,191305448 1,4833908 2.185303601
2021-10-10 0 2197214 2,17091019 2,293660258 2114452 2,160085667 1,4743748 2327743704
2021-10-11 0 2173389 216715412 2,174108138 2114452 2151839824 1,439117 2,115532659
2021-10-12 0 2,11919 2,16550292 2,158526283 2,114452 2,161481 1,4388038 2,195303898
2021-10-13 0 2189053 215303117 2134743892 2114452 2141652815 1,684805 2061133026
2021-10-14 0 2170363 217419164 2,218538307 2114452 2138465575 1,4110472 2,348046662
2021-10-15 0 2,214651 2,20723328 2,208835103 2252873 2,139724 1,3861056 2110736542
2021-10-16 0 2177713 222030013 2252200616 2252873 2152663218 1,6443994 2255023748
2021-10-17 0 2156963 2,21886267 2,167648655 2252873 2133901674 1,487752 2058710143
2021-10-18 0 2,128263 2,16532742 2,152267308 2114452 2131154705 1,4281482 2138766257
2021-10-19 00:00:00 2,112962 2.18862502 2,191894763 2,252873 2,112845046 1,5621368 2.019008511
2021-10-20 0 2,18595 216041775 2125131267 2114452 2117415052 1,6354756 2089922156
2021-10-21 0 2,136591 2,18736688 2,170962874 2114452 2107768112 1,41892686 2,305971896
2021-10-22 00:00:00 2,154199 2,2235824 2,164922002 2,252873 2,125255263 1,3861056 2014776773
2021-10-23 0 2166815 222023869 2176955104 2252873 2130348505 1,428541 2,097660502
2021-10-24 0 2123435 2,21304673 2137791575 2,135905 2,115608323 1,4330798 2108025793
2021-10-25 00:00:00 2.144066 2.15679852 2,073744508 2.114452 2.086745931 1,4281482 2,040718789
2021-10-26 0 2138777 2,20755933 2187387498 2252873 2099679384 1,397217 2083311344
2021-10-27 0 1,913237 218774718 2,186421257 2114452 2123361902 1,4342282 2,098014135
2021-10-28 0 1,988219 2,02435161 1,983549429 2,114452 1,943693269 1,3756214 1,663276548
2021-10-29 0 2012187 2,06065499 1,986723422 2252873 1,968210617 1,3873114 2,093365491
2021-10-30 0 1,957422 212821997 2,037855526 2135905 2014303951 1,61493686 1,991891485
2021-10-31 0 1,965026 2,07247662 1,882019676 2,135905 1,82538361 1,1814618 1,630543071
2021-11-01 0 1,950002 2,07901301 2,003276199 2135905 1,917721564 1,0131782 1,768215405
2021-11-02 0 1,971377 2,06532139 1,823647678 2135805 1,917721564 0,6795878 1,893016378
2021-11-03 0 2,063701 2,06135718 1,887242621 2,135905 1,903493546 0,572685 1,456764525
2021-11-04 0 1,984882 2,1834344 2,071194598 2,135905 1,964457289 0.955576 2,197699639
2021-11-05 0 1,986206 207750139 2,001781294 2135905 1,903493546 0,919674 1,787961823
2021-11-06 0 2,006609 2,05740822 1,884023712 2,135905 1,903493546 0,9604716 1,880459884
2021-11-07 0 2,021872 2.13065231 2,006196185 2,135905 1,964457289 1,161763 1,99618349
2021-11-08 0 2124419 2,14398854 1,984391058 2114452 1,990428993 1,3509124 1,970803896
2021-11-09 0 2273483 2,22171003 2,13884179 2,135905 2,080270949 1,3387014 2,236065169
2021-11-10 0 2.101802 2232613562 2,285960857 2,135905 2097485368 1,1152008 2,408248422
2021-11-11 00:00:00 2085524 2,19736898 2,117950411 2135905 2079077307 1,1045218 1.873113196

Figure 32: Price predictions with each algorithm for ADA - part 1

2021-11-12 00:00:00 2045766 2,1697649 210907593 2,135906 1,962917436 1,1091944 2,046155927
: 2053104 213243558 209076799 2114452 1,9956622234 1,4150826 2,208933623

2040853 212967168 2,024891052 2,114452 1,990428993 1,172262 2,210112436

2021-11-15 00: 2015587 215360705 2036126829 2114452 2028118461 1,420875 1,879069183
2021-11-16 00: 1,877235 211041951 2,02038081 2,114452 2026331189 1,3592538 2,041200023
1,87554 1,92230077 1,935207253 2,114452 1,884900979 1,2915856 1,764574013

2021-11-18 00, 1,788331 1,91466036 1,898450016 2,114452 1,884900979 1,2168726 1,879580852
2021-11-19 00: 1,864793 1,60140502 1840115112 1,482573 1,71484469 1,2277396 1,690732316
2021-11-20 00: 1,921736 1,8921597 1,896338062 2,135905 1,892608796 1,2013836 1,964996463
2021-11-21 00, 1,839763 2,06955756 1,940550448 2,135905 1,042385651 1,2335638 1,866631203
2021-11-22 00: 1,776555 1,89658596 1,861536067 2,135905 1,878527498 0,85801 1778751528
2021-11-23 00: 1,750503 1,58768553 1,789222582 1,482573 1677146984 0,3841314 1,702770763
2021-11-24 00 1,686423 1,67213328 1,731468933 1,482573 1,674791687 0,1737188 1,622500474
2021-11-25 00: 1,661345 1,56454927 1,701297256 1,482673 1,704714929 0,3607224 1,203764668
2021-11-26 00: 1,52842 1,56040536 1,70927035 1,482573 1,704714929 0,5507478 1,611833839
1,546118 1,47430271 1,561013382 1,17748 1,574181218 0,3270658 1,676533685

2021-11-28 00: 1,592855 1,50757325 1502282121 1,17748 1,589402506 0,1469798 1,406206145
2021-11-29 00: 1,602508 1,54385886 1,620313486 1,482573 1,68039251 01271792 1,372248226
1,554903 1,5349637 1,597200241 1,482573 1,65791416 0,1171634 1,26933557

1,547713 1,52887069 1,573692089 1,482573 1,65791416 0,1583798 1,431192277

1,715366 1,48442238 1,592519722 1,17748 1,566924155 0,1658852 1,173610884

1,556555 1,54625736 1,713006186 1,659009 1,62040809 0,0781418 1,531936832

1,420706 1,53611999 1,595113262 1,6569009 1,650169927 0,0934414 1,108820111

1,378105 1,38664474 1,432161789 1,17748 1,424978947 0,120611 1,528684119

1,425393 1,35939248 1,44308138 1,228501 1,336672939 0,1354392 1,454630059

1,381941 1,33740353 1,458019709 1,17748 1,382355676 0,12499 0,908283443

2021-12-08 00: 1,397074 1,34115147 1,417526684 1,228501 1,31971964 0,1214412 1,366868444
2021-12-09 00: 1,29044 1,32721592 1,438740523 1,17748 1,397680951 0,0739386 1,408965711
2021-12-10 00 1,211689 1,33817851 1,36293523 1,228501 1,293524061 0,1206398 1,424072281
1,354248 1,16670476 1,237244689 1,056291 1,218959839 0,082333 1,028865273

1,347282 1,30793174 1,396328099 1,228501 1,322708296 0,1111578 1,296887689

2021-12-13 00: 1,225348 1,30182605 1,380693139 1,228501 1,309077604 0,0971774 1,069690169
2021-12-14 00: 1,222835 1,21421714 1,260037049 1,056291 1,211281847 0,0996348 1,422048585
2021-12-15 00: 1,311847 1,20262284 1,213831801 1,056291 1,202419187 0,0731532 1,326295333
2021-12-16 00. 1,240534 1,31710544 1,304182772 1,356087 1,303962334 0,0607488 1,208035298
2021-12-17 00:00:00 1,219892 1,30837016 1,226752521 1,228501 1,266397059 0,0589922 0,95132571
2021-12-18 00: 1,242534 1,21677538 1,26239605 1,056291 1,200489437 0,0843256 1,289598163
2021-12-18 00: 1,244661 1,30684402 1,305283731 1,228501 1,26304384 0,0866062 1,334291659
2021-12-20 00:00:00 1,23824 1,3092152 1,263696458 1,228501 1,26304384 0,0756514 1,16448243
2021-12-21 00:00:00 1,280859 1,30307515 1,246023702 1,228501 1,26304384 0,0604024 1,208530224

Figure 33: Price predictions with each algorithm for ADA - part 2
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2021-12-22 00:00:00 1,328041
2021-12-23 00 1,474681
2021-12-24 00 1,392367
2021-12-25 00 1,453485
2021-12-26 00 1,456045
2021~ 1,512913
1,402264

2021-12-29 00 1,330814
2021~ 1,360415
1,310209

2022-01-01 00 1,376975
2022 1,377584
2022-01-03 00 1,321637
2022-01-04 00 1,311858
2022-01-05 00 1,236002
1,279782

2022-01-07 00 1,211547
2022-01-08 00 1,187512
2022-01-09 00 1,17386
2022-01-10 00 1,128052
2022-01-11 00 1,18511
!_2022-01-1200 1,304535
2022-01-13 00 1,233161
‘| 2022-01-14 00 1,290926
i_2022-01-15 00 1,296263
1,407251

2022-01-17 00 1,594131
2022-01-18 00 1,465541
1,341757

1,258055

1,123233

1,086716

1,122371

2022-01-24 00 1,066598
2022-01-25 00 1,043574
i 2022-01-26 00 1,079047
2022-01-27 00 1,043533
2022-01-28 00 1,050606
1,05957

2022-01-30 00 1,037473
Figure 34:

2022-01-31 00:00:00 1,052303
2022-02-01 00:00:00 1,088624
2022-02-02 00:00:00 1,028906
2022-02-03 00:00:00 1,056444
2022-02-04 00:00:00 1,135624
2022-02-05 00:00:00 1,127345
2022-02-06 00:00:00 1,144547
2022-02-07 00:00:00 1,197307
2022-02-08 00:00:00 1,17872
2022-02-09 00:00:00 1,19481
2022-02-10 00:00:00 1,152478
2022-02-11 00:00:00 1,080347
2022-02-12 00:00:00 1,058199
2022-02-13 00:00:00 1,045819
2022-02-14 00:00:00 1,050267
A 1,107586

1,084981

1,019895

0,997113

0,987703

0,932802

0,858236

0,889017

2022-02-23 00:00:00 0,869169
2022-02-24 00:00:00 0,853425
00 0,898027

2022-02-26 00:00:00 0,887918
2022-02-27 00:00:00 0,858335
00 0,959828

00 0,962346

2022-03-02 00:00:00 0,938662
2022-03-03 00:00:00 0,902659
2022-03-04 00:00:00 0,842889
2022-03-05 00:00:00 0,865672

1,30044738
1,29251403
1,43512722
1,35136782
1,3665517
1,39179304
1,45247571
1,37375012
1,3321897
1,30818997
1,31602468
1,32110065
1,3319848
1,31890807
1,29471733
1,2781108
1,28007225
1,16989924
1,167721
1,15342374
1,11171137
1,14479711
1,28509436
1,24160108
1,28358147
1,28609849
1,38488012
1,62536583
1,44364494
1,35741779
1,29305782
16657399
15939458
13002613
12212445
13074402
1
1
1

A
1

1906664
2125469
12002153

1.1219493

’

1
1
1
1
1
1
1
1

Price predictions with each algorithm for ADA

1,12065468
1,12262479
1,13945801
1,12767921
1,13585684
1,13681179
1,13740501
1,16182724
1,20737387

1,1918879
1,19586463
1,18614365
1,16420044
1,17164758
1,17931019
1,17203149
1,16946674
1,15710564
1,16367198
1,15516246
1,14439265
1,14849647
0,90975824
1,00463251
0,91419783
0,91060406
1,01736675
1,00119806
0,90087248
1,13665592
1,12757676

1,1389482
1,00328614
0,88406325

1,320806799
1,373508523
1,519035834

1,4244125
1,450413615
1,480669442
1,538222681
1,437253336
1,358211317
1,383127746
1367187237
1,414605639
1,413767283
1,346725573
1,3592950092
1,283650531
1,238673165
1,238945694
1,243401843
1,210842024
1,164691641
1,184322355
1,303177312
1,261428228
1,329767096
1,306354663
1,379006336
1,631747228
1,487460403
1,330092465
1,331741558
,153294446
08731078
66324658
,136005196
100457963
L1T7374811
1,025602024
1,069099145
1,075227076

1
A
1
1

1,033231237
1,007584444
1,08433672
1,065635528
052424364
,183499857
168220441
137686453
,231955004
198568735
1,19968817
1,167576403
1,096737164
1,060076825
1,072706916
1,069734017
1

1

1

1

1
1
1
1
1
1

,138502893
,084053964
,026391568
022243726
1,029210092
0,959175382
0,845263972
0,878529507
0,85474975
0,85518313
0,944101241
0,812403817
0,878460173
0,989368589
0,978178554
0,947380285
0,948035183
0,858789504

1,228501
1,228501
117748
1,17748
1,17748
117748
1,17748
1,17748
228501
228501
228501
228501
228501
228501
228501
228501
228501
153254
1133608
168098
056291
056291
228501
228501
228501
228501
1330146
798038
334869
262258
262258
186161
185702
233497
234019
234019
234019
234019
234019

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1,234019

1,234018
1,234019
1,234019
1,234018
1,234019
1,233497
1,218758
1,218758
1,218758
1,218758
1,233497
1,233497
1,234019
1,234019
1,234019
1,234019
1,233497
1,234019
1,234019
1,234018
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
1,234019
0,802262
0,802262

1,283536596
1,288721674
1,444051041
1,369842572
1,381555365
1,373318052
1,462535903
1,355658868
1,33260277
324365457
313530697
321487926
327045154
321487926
,313530697
,28624