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Sector Based Stock Market Prediction In USA -
Configuration Manual

Muhammad Nizam Uddin
x14127032

1 Overview

This configuration manual describes hardware specification, software requirements and
different stages of implementation of research project and step by step guide to re-produce
the project. - ”Sector Based Stock Market Prediction In USA”

Chapter 2 will described System Features, Chapter 3 Tools used , Chapter 4 Data
processing , Chapter 5 Project work flow process and Chapter 6 will give you troubleshoot
guides.

2 System Features

Below Figure 1 shows the Dell laptop configuration used for the Project.

Device specifications

Inspiron 5391

Device name DESKTOP-42MFN72

Processor Intel(R) Core(TM) 15-10210U CPU @ 1.60GHz  2.11 GHz
Installed RAM  8.00 GB (7.79 GB usable)

Device ID FBASSTEA-5CH7-43A1-90CE-CBD2A2290358

Product ID 00325-81551-20518-AAQEM

System type 64-bit operating system, x64-based processor

Pen and touch  No pen or touch input is available for this display

Figure 1: System Features

3 Tools Used

The tools used in this research are:
1. Microsoft Excel: The data is available in a .csv format, hence, excel was used to
store the data.



Product Information

BY Microsoft

Subscription Product
Microsoft 365 Apps for enterprise

Belongs to: x14127032@student.ncirl.ie
This praduct contains

AN IIS

Manage Account | ‘ Change License

E_l,’ Office Updates
% Updates are automatically downloaded and installed.
Update
Options ~
Learn more about Excel, Support, Product ID, and Capyright information.

About
Excel

Version 2107 (Build 14228.20226 Click-to-Run)
Current Channel

C?) ‘ About Excel

Figure 2: Microsoft Excel Version 2017.png

2. Python: All the programming has been done using Python [[programming. So its
important its has been installed. There are 2 version of python currently available 2 and
3. Please install python version 3.9.5 to run this project.(It will take approx. 15 minutes)

g python’ [

About  Downloads  Documentation  Community  SuccessStories  News  Events

Download the latest version for Windows

Download Python 3.9.6

Figure 3: Python Version 3.9.5

For Anaconda Anaconda P Individual Edition 2020.11 has been used . Please install
this version. (It will take approx. 20 to 25 minutes)
Libraries Imported : Anaconda Normally install with following libraries but Once the
conda environment setup , it’s best to check you have the updated version .
1. Numpy
Pandas
Matplotlib
Seaborn
SkLearn
6. TensorFlow

A

thttps://www.python.org/downloads/
Zhttps://www.anaconda.com/products/individual



Anaconda Individual Edition

Download &&

For Windows
Python 3.8 « 64-Bit Graphical Installer « 477 MB

Figure 4: Anaconda Individual Edition 2020.11

7. Keras

In [1]: #Import Llibraries

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import datetime as dt

from statsmodels.graphics.tsaplots import plot_acf
from statsmodels.tsa.stattools import acf

from statsmodels.tsa.stattools import pacf

from statsmodels.tsa.arima_model import ARIMA

from statsmodels.tsa.arima_process import ArmaProcess
from keras.models import Sequential

from keras.layers import Dense, LSTM

from sklearn.preprocessing import MinMaxScaler

from pandas.plotting import register_matplotlib_converters
from statsmodels.tsa import stattools

from sklearn.metrics import r2_score

Figure 5: Python Libraries.png

4 Data Processing

For this research, we used Data from 3 different source’|[][] All the data sources that
have been used in the research are CCO Certified for public use and the research is hence
GDPR compliant. Certificate can be view able. EI Please download the data from the
web to your local folder and see the process shown below in the info-graphic visual in
figure 6

Once data collection is completed run the following code step by step to clean and
create sector based index and data. These step also will do some preliminary data ex-
ploration as well shown from figure 7 to figure 13

3https://datahub.io/core/nyse-other-listings#tresource-nyse-listed
4https://www.kaggle.com/camnugent /sandp500
Shttps://www.kaggle.com/agailloty /fortune10,00?select=fortune1000.csv
Shttps://creativecommons.org/publicdomain /zero/1.0/
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Figure 6: Data Processing Workflow

Run Code to create sector Based data and index

[1): | #To read the data frame we will need to import Pandas first.
import pandas as pd

# Visualization Imports
import matplotlib.pyplot as plt

from matplotlib.pyplot import *

import seaborn as sns

color = sns.color_palette()
get_ipython().run_line magic( matplotlib', 'inline’')
import plotly.offline as py
Py-init_notebook_mode(connected=True)

import plotly.graph_objs as go

import plotly.tools as tls

import plotly.express as px

import numpy as np

[2]: | # read the file, create a data frame and store data
datasetl = pd.read_csv("all_stocks_Syr.csv")
dataset2 = pd.read csv("Sector & Ticker.csv")

[3]: #check the head of the data frame datasetl
dataseti.head()

[31: date open high low close  volume Name
0 08/02/2013 1507 1512 1463 1475 8407500 AAL
1 11022013 1489 1501 1426 1446 8882000 AAL
2 12002/2013 1445 1451 1410 1427 8126000 AAL
3 13/02/2013 1430 1484 1425 1466 10259500 AAL
4 14022013 1494 1496 1316 1399 31879900  AAL

[8): | #check the head of the data frame dataset2
dataset2.head()

[4]: Name  Sector

AAP  Retailing

AAP  Retailing

AAP  Retailing

AAP  Retailing

AAP Retailing

O

Figure 7: Preparation of Sector based data Step 1

In [5]: # sorting the dataframe by Name
dataset2.sort_values('Name', inplace = True)

# Length before removing duplicates
lengthDataset2=len(dataset2)

# printing data frame Length
print(lengthDataset2)

398608
In [6]: # dropping ALL duplicate values

dataset2.drop_duplicates(keep = 'first', inplace = True)

# length after removing duplicates
lengthDataset2=len(dataset2)

# printing data frame Length
print(lengthDataset2)

# displaying data
dataset2

319

Figure 8: Preparation of Sector based data Step 2



In [7]: # eliminate columns that are not required
datasetl - datasetl[['date’, 'open’, ‘high', low’, close’, "Name']
#check the head of the data frame datasetl
datasetl.head()

Out[7]: date open high

ow close Name

0 08/022013 1507 1512 1463 1475 AAL

11022013 1489 15.01 1426 1446  AAL
12022013 1445 1451 1410 1427  AAL
13022013 1430 1494 1425 1466  AAL
14022013 1494 1496 1316 1399 AAL

ETIN

In [8]: # sorting the dataframe by Name
datasetl.sort_values('Name', inplace = True)

# length before removing duplicates
lengthDatasetl=-len(datasetl)

# printing data frame length
print(lengthDataset1)

619040
In [9]: # dropping ALL duplicate values
datasetl.drop_duplicates(keep = 'first', inplace = True)

# Length after removing duplicates
lengthDatasetl=len(dataset1)

# printing data frame length
print(lengthDatasetl)

# displaying data
datasetl

619048

Figure 9: Preparation of Sector based data Step 3

In [13]: # insert a new column to extract year from date
df_left['year'] = pd.DatetimeIndex(df_left[ date’]).year
# insert a new column to extract month from date
df_left['month'] = pd.DatetimeIndex(df_left['date’]).month
# insert a new column to store YYYY-HM
df_left['month_year'] = pd.to_datetime(df_left['date']).dt.to_period('M')

df_left. head()

out[13]:
date open  high low close Name Sector year month month_year

e

08022013 4507 45350 45000 4508 Technology 2013 8 2013-08

150062016 4511 45380 44800 4454 Technology 2016 L 2016-06

141062016 4470 448945 44560 4491 Technology 2016 6 2016-06

13062016 4532 45520 44905 4492 Technology 2016 L 2016-06

- e
EE O N

100062016 4573 45780 45190 4536 Technology 2016 10 2016-10

In [14]: #clean up the dataset, drop unnecessary columns and rearrange the columns in the order we want
df left = df left[['date’, open’, high’, 'lon’, close’, Name', "Sector', 'month_year']]

df_left.rename(columns={"date': 'Date’, ‘open": 'Open‘,'high': "High','low’: ‘Low','close": 'Close','month_year":'Month Year'}, :
df_left.head()
[l »

Figure 10: Preparation of Sector based data Step 4




In [15]: |#visualise the various sectors
dist = df_left[ 'Sector'].value_counts()
colors = ['mediumturqueise’, 'darkorange’]
trace = go.Pie(values=(np.array(dist)),labels=dist.index)
layout = go.Layout(title='Sector Split')
data = [trace]
fig = go.Figure(trace,layout)
fig.update_traces(marker=dict(colors=colors, line=dict(color="#000000', width=2)))
fig. show()

Sector Split

B Financials

B Enegy

. Technology

Bl Hesith Core

B Retiing

[l Food, Beverages & Tobaceo
O Gusiness Services

B industrials

B Household Products
O Transponation

n Chemicals

O Materials

O Hotels, Resturants & Leisure
B 2erospace & Defense

H Engineering & Construction
O wotor venicles & Parts

O apperel

O Telecommunications

Figure 11: Preparation of Sector based data Step 5

In [17]: #visualize the close by Sector values
fig = px.box(df_left, x="Close’, y="Sector')
fig.update_traces(marker_color="midnightblue" ,marker_line_color="rgb(8,48,107)",
marker_line width=1.5)
fig.update_layout(title_text='Close values by sector')
fig.show()

Close values by sector

Apparel

Wholesalers

Food and Drug Stores
Hotels, Resturants & Leisure
Household Products

Media

Engineering & Construction
Motor Vehicles & Parts
Aerospace & Defense
Materials

Industrials

Sector

Telecommunications
Transportation

Chemicals

Financials

Energy

Business Services

Food, Beverages & Tobacco
Health Care

Retailing

Technology

i““i‘*“Y""i’“

1‘
|

Figure 12: Preparation of Sector based data Step 6



In [23]: |# export the clean data set to a comma separated file
df_left.to_csv("CleanData.csv"™)

In [24]: ## group data by sector and month year
df_sector= df_left.groupby([ 'Date’, "Sector’'],as_index=False)[["Open’, 'High", 'Low"', 'Close’]].sum()

In [25]: # insert a new column to store YY¥Y-MY
df_sector['Vear_Month'] = pd.to_datetime(df_left['Date’]).dt.to_period('M’)

df_sector

ourlzsls Date Sector Open High Low Close Year_Month
0 01/0272016 Aerospace & Defense 1150350 1168.1000 11381751 1158.640 2013-08

1 01/02/2016 Apparel  317.920 3252800 3149950 322405 2016-06

2 01/02/2016 Business Services 1518.540 1547.1550 1503.5151 1531.280 2016-06

3 01/02/2016 Chemicals 1001.610 10270795 9383.8111 1021.380 2016-06

4 01/02/2016 Energy 2092805 21257570 20645068 2104430 2016-10
26434 317122015 Retailing 2309.370 2323.3684 22020651 2294.830 2016-06
26435 31/122015 Technology 2982900 29975738 29520700 2954535 2016-08
26436 31/12/2015  Telecommunications 291220 291.3600 2589850 289.190 2016-06
26437 31122018 Transportation 873.520 883.0600 867.9800 873.790 2016-08
26438 31/12/2015 Wholesalers  331.420 333.2648 3289600 329.480 201512

26439 rows = 7 columns

In [26]: # export the clean data set to a comma separated file
df_sector.to_csv("Sectorbased_data.csv")

Figure 13: Preparation of Sector based data Step 7

So we have our sector based data set ready to run the model for RNN, LSTM and
ARIMA. For the individual data already processed , but we will do some checks and
exploration while running the model.

5 A step by step guide to execute the Project

Below is step by step guide to execute the process flow. Visual info-graphic flow is the
best way to understand the process quickly than explain in the word [van der Aalst|

(2004).

p

M -
Load Individual Load Sector
Company Data Based Data

<

Data Exploration Data Exploration

|

Feature Feature
Extraction Extraction

RNN / LSTM / RNN / LSTM /
ARIMA ARIMA
Result 1 Result 1

! '

‘ Evaluation }\- / Evaluation ‘

consusion |

Figure 14: Project Analysis Flow

Now we will Run RNN, LSTM, and ARIMA Model on sector based data as well as

7



individual stock data. Below is the step by step guide .

5.1 Recurrent Neural Networks - RNN

To run the RNN Model for sector based index and individual companies please Choose
the ”RNN_Student No -x14127032 - Sector Based Stock Market Prediction In USA”
ipython notebook and follow the step from figure 15 to figure 33 .Please note to train
the model,change the epoch number as required. code - model2.fit(x_train2, y_train2,
batch_size=1, epochs=100)

In [273]: ### Msc Data Analytics
##% "Sector Based Stock Market Prediction In USA"
##% Student No: x14127832#Import Libraries

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns
sns.set_style('whitegrid')
plt.style.use("fivethirtyeight”)
Smatplotlib inline

# For time stamps

from datetime import datetime

# For reading stock data from yahoo
#from pandas_datareader.data import DataReader

In [274]: #Import libraries

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import datetime as dt

from statsmodels.graphics.tsaplots import plot_acf
from statsmodels.tsa.stattools import acf

from statsmodels.tsa.stattools import pacf

from statsmodels.tsa.arima_model import ARIMA

from statsmodels.tsa.arima_process import ArmaProcess
from keras.models import Sequential

from keras.layers import Dense, LSTM,GRU

from sklearn.preprocessing import MinMaxScaler

from pandas.plotting import register_matplotlib_converters
from statsmodels.tsa import stattools

from sklearn.metrics import r2_score

In [275]: sector_based T = pd.read csv('Sectorbased_data.csv')

Figure 15: RNN Model - Step 1

In [277]: sector_based_T = sector_based_T[sector_based T['Sector'] == "Technology"]

In [278]: sector_based_T.head()

Out[278]): Date Open High Low Close Volume Name Sector Year

5036 08/022013 2580 260 258 259 5971768 AMD Technology 2013
5037 111022013 2580 270 259 267 22410941 AMD Technology 2013
5038 120022013 2705 278 269 277 13675442 AMD Technology 2013
5039 13022013 2810 283 273 275 11481985 AMD Technology 2013
5040 14/022013 2740 275 269 275 13283766 AMD Technology 2013

In [279]:
sector_based T = sector_based_T.drop("Sector”,axis=1)

In [280]: sector based T = sector based T.sort values(by="Date', ascending=False)

In [281]: sector_based T

Figure 16: RNN Model - Step 2



In [282]:

In [283]:
Qut[283]:

In [284]:

In [285]:

In [286]:

Out[286]:

In [287]:

In [288]:

In [289]:

sector_based_F = pd.read_csv('Sectorbased_data.csv')

sector_based_F.head()

Date Open High Low Close Volume Name Sector Year

0 08/02/2013 3876 39.03 3851 3879 13112320 AIG Financials 2013

1 11/02/2013 3889 3956 3565 3945 14230893 AlG Financials 2013

2 12/02/2013 3950 3990 3550 3863 25676629 AlG Financials 2013

3 130272013 3883 3915 3856 3587 16533 AlG Financials 2013

4 140272013 3864 3926 38650 3921 18321181 AlG Financials 2013
sector_based_F = sector_based F[sector_based F['Sector'] == "Financials"]

sector_based F = sector based F.drop("Sector”,axis=1)

sector_based_F.head()

Date Open High Low Close Volume MName Year

08022013 3876 39.03 3851 3879 13112320 AlG 2013
1022013 3889 3956 3865 3945 14230893 AlG 2013
1200272013 3950 3990 3850 3863 25676629 AlG 2013
13/02/2013 3893 3918 3856 3887 16533791 AlG 2013

W N a2 O

14/02/2013 3864 3926 3650 3921 183218 AIG 2013

sector_based_F = sector_based_F.sort_values(by="Date', ascending=False)

sector_based_F=sector_based_F.reset_index(drop=True)
sector_based_T=sector_based_T.reset_index(drop=True)

sector_based_F = sector_based F.drop(“Year",axis=1)
sector_based T = sector based T.drop("Year",axis=1)

Figure 17: RNN Model - Step 3

In [287]:

In [288]:

In [289]:

In [290]:

In [291]:

In [292]:

In [203]:

sector_based F = sector_based_F.sort_values(by="Date', ascending=False)

sector_based_F=sector_based_F.reset_index(drop=True)
sector_based_T=sector_based_T.reset_index(drop=True)

sector_based F = sector_based F.drop("Year",axis=1)
sector_based_T = sector_based_T.drop("vear",axis=1)

" ow "o

sector_based_F.columns =["date","open”,"high","low","close,"volume", "Name"]

"on won wow wom

sector_based_T.columns =["date","open","high","low","close™, "volume", "Name"]

# The tech stocks we'll use for this analysis
Financial_list = ['BAC","JPM', AAPL", "AMZN',"Finan","TECH")

BAC= pd.read csv('BAC data.csv’)

IPM = pd.read_csv('JPM_data.csv')

AAPL = pd.read_csv('AAPL_data.csv')

AMIN = pd.read_csv('AMIN_data.csv')

company_list = [BAC, JPM,AAPL,AMZN,sector_based_F, sector_based_T]
company_name = ["BAC", “IPM","AAPL","AMIN", "Finance", "Technology"]

df = pd.concat(company_list, axis=@)
df.tail(10)

Figure 18: RNN Model - Step 4




In [302]: AMIN.describe()

Out[362]: open

high

low

close

volume

1259.000000
5§76.867264
262.500019
248940000
325870000
506.000000
777620000

1259.000000
562.017221
284417123
252.830000
329.485000
512.330000
781.845000

1259.000000 1259.000000

§T1.113517
280.215237
245750000
322135000
495.640000
770.720000

5§76.880041
262.500395
245.230000
325.800000
503.820000
777.420000

1.259000e+03
3.730465e+06
2.166506e+06
1.092970e+06
2.511165¢+06
3.144719e+06
4.220246e+06

1477.390000 149.000000 1450.040000 1450.890000 2.385606e+07

In [303]: for i, company in enumerate(company list, 1):
print(i,company)

Figure 19: RNN Model - Step 5

In [305): Financisl_list

Out[305]: ['BAC', 'IPM', "AAPL', 'AMZN', 'Finan’, 'TECH']

In [306]: # Let's see o historical view of the closing price

plt. figure(figsize=(15, &)
plt.subplots_adjust(top=1.25, bottom=1.2)

for 1, company in enumerste(company_list, 1):
plt.subplot(3, 2, i)
company[ 'close'].plot()
plt.ylabel("close")
plt.xlabel (None)
plt.title(f"Closing Price of {Financial list[i - 1]}")

plt.tight_layout()

Closing Price of BAC Closing Price of JPM

w
»
. w
) ]
8= H
- ®
- 0 00 o -0 000 @00 =0 -0 -0 an 000 wo
Closing Price of AAPL Closing Price of AMZN
0
™
000
i i
00
= 0 400 @ a0 000 ©oo 20 o0 -0 o 000 200
Closing Price of Finan Closing Price of TECH
0
0 000
8o L
‘ o 0000 Eo ) 000 D000 000 0 £ W00 15000 o0 2000 OO0 B005 0

Figure 20: RNN Model - Step 6
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In [307]): # Now let's plot the total volume of stock being traded each day
plt.figure(figsize=(15, 7))
plt.subplots_adjust(top=1.25, bottom=1.2)

for i, company in enumerate(company list, 1):
plt.subplot(3, 2, i)
company [ ‘volume' ].plot()
plt.ylabel( volume')
plt.xlabel(None)
plt.title(f"Sales Volume for {Financial list[i - 1]}")

plt.tight_layout()

Sales Volume for BAC

o7
o
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.
£ {
] B
' H
[
o m a0 m w0 w00 % 0 m
. Sales Volume for AAPL .
2
20
20
B g
H H
% w0 N
as as
w ] « w w0 000 %0 w0y E
- Sales Volume for Finan P
3
3 20
;, g 15
3 3w
1
os
[ I
o 0000 mo00 0000 w000 0000 o =00

0000

Sales Volume for JPM
m m o 00

Sales Volume for AMZN
0 w o 000

Sales Volume for TECH

W00 oGO WO WX B0

Figure 21: RNN Model - Step 7

What was the moving average of all the stocks %

308): [ma_day = (18, 28, =6

Tor ma in ma_day
Ffor company in company_l1ist:
I, A for {ma} days
company(colum_nane] - companyl close’].rolling(ss).mean()

Mo lat's go shaad and plot 2l the addtions! Moving Averages

109): [#1g, axes = subplats(ncolsas)
+1g_set_rigneighe(s)
+ig.set_tiguidtn(1s)
BAC[[ “slose’, "MA for 18 days', "MA for 20 days, "MA for 50 days®]].plot(ax=axes(@1}
axes[@].set_title(-BAC" )
IPM[[*close’, 'MA for 18 days®, 'MA for 20 days®, 'MA for SO days®]).plot(axsaxes[1]}
axes[1].set_t1tle( 3PM"}
AMZNL[close’, ‘HA ® days', "MA for 38 days®, 'MA for 3@ days')].plot(axsaxes(2])
axes[i].smt_title("AMZN')
ASPL[["close’, 'MA for 18 days’, "MA for 20 days®, "MA for 5@ days']].plot(ax-axes[3])
axes[1].set_title( 27l )
sector_based F[["cio 18 days', "MA for 38 days'. 'MA for 58 days’]].pletax-axes(2])
axes[1].set_title( F
sector_based_T[[ <o MA for 10 days®, "MA for 2 days', 'MA For 58 days']].plot{ax

SXesl1].set_Eitle( Tec

109): Text(e.S, 1.@, 'Tech')

—

axes(5])

Figure 22: RNN Model - Step 8
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‘What was the daily return of the stock on average for all the stocks?

4 Mo LL use pet_chonge to f
in Company_list:
[Daily Return’] = compamy( close’).pet_changs(}

d the percent chomge for woch day

percentage

Figlset_fighelght (8}
+lg set_figuldth(1s)

BAC[ Daily Return'].plot(ax=axes(8], legend=True, linestyles'--', marker=‘c")
axes[@].set_title( 6ac’)

IPM[Daily Return].plot(axsaxes(1], legend=True, linestyles
axes[1].set_title("IPM')

AsPL[ Dally Return®].plot(ax=axes[2], legend=Trus, 1lnestyle
axes[1].set_title("AaBL" )

style="--", marker='o’)

AMZN[ ‘Dally Return”].plot(ax=axes[3], legend=True, 1in
axes[1].sel_tiTle( AMIN' )

sector_based_F['Daily Return’].plot(axsaxes[4), legendsTrue, linestyles'=='. markers'o’)
axes[1].set_Title( Tecn®)

<tor_based_T[*Daily Retur
axes[1]. set_title("Tec

plot(ax=axes[5), legend=True, lin

+ig. Light_layout()

BAC
—

-y s

— oy s

Figure 23: RNN Model - Step 9

4 Note the use of dropnu() here, otherwise the NaN values can't be read by seaborn
7)

plt.figure(Figsize=(12,

for i, company in enumerate(company_list, 1):
plt.subplot(4,2, 1)
sns.distplot (conpany| "Daily Return'].dropna(), bins=188, colo
plt.ylabel('Daily Return')
plt. title(+ {conpany_name[i - 1]}')
pIt.tight_layout()

urple’)

C:\Users\nizam\anacondalilib\site-packages\seaborn\dlstributions. py:2557: FutureMarnlng: “distplot’ ls a deprecated functlon an
d will be removed in a future version. Please adapl your code Lo use either “displot’ (a figure-level function with similar fle
xibility) or “histplot™ (an axes-level functiom for histograms).

warnings . warn(msg, FulureWarning)
C:\Users\nizam\anacondal\lib\site-packages\seaborn\dlstributions. py:2557: FutureMarning: “distplot’ ls a deprecated function an
d will be removed in a future version. Please adapl your code Lo use either “displot’ (a figure-level function with similar fle
xibility) or “histplot™ (an axes-level functiom for histograms).

warnings warn(msg, FulureWarni
C:l\Users\nizam\anacondal\lib\site-packages\seaborn\dlstributions. py:2557: FutureMarning: “distplot’ ls a deprecated function an
d will be removed in a future version. Please adapl your code Lo use either “displot’ (a figure-level function with similar fle
xibility) or “histplot™ (an axes-level functiom for histograms).

warnings warn(msg, FulureWarning)
C:l\Users\nizam\anacondal\lib\site-packages\seaborn\dlstributions. py:2557: FutureMarnlng: “distplot’ ls a deprecated function an
d will be removed in a future version. Please adapl your code Lo use either “displot’ (a figure-level functlon with similar fle
xibility) or “histplot™ (an axes-level function for histograms).

warnings warn(msg, FulureWarning)
C:\Usersinizam\anacondadilibislte-packagesiseabornidistributions.py:2557: FutureMarning: “distplot’ 1s a deprecated function an
d will be removed in a future version. Please adapl your code Lo use either “displot’ (a figure-level functlon with similar fle
=xibility) or histplet’ (an sxes-level function for histograms).

warnings_warn{msg, FutureWarning)
Cr\Users\nizam\anacondadilin\site-packages\seaborn\distributions, py:2557: FutureMarnlng: “distplot’ ls 3 deprecated function sn
d will be removed in a Future version. Please adapt your code to use either “displot’ (a figure-level function with similar Fle
=xibility) or histplet’ (an sxes-level function for histograms).
warnings warn{msg, Futurebarnin

BAC M
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Figure 24: RNN Model - Step 10
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‘What was the correlation between closing prices? T

): | # Grab aLL the closing prices for the tech stock List into one DatoFrame

BAC_close_price=BAC. iloc[:,4]
IPH_close_price=IPM. iloc[:,4]
AAPL_close_price=APL.iloc[:,4)
AMIN_close_price=AMIN.iloc[:,4]
sector_based_F_close_price
sector_based_T_close_pric
company_closeprice_list=| BAC_close_price, IPM_close price ,ABPL_close price,AMIN_close price,sector_based F_close_price,sector_|
closing ¢f = pd.concat(conpany_closeprice 1ist, axis=1)

closing df.columns = [ BAC", IPK’, AAPL™,"AMIN
elosing_df . renose(index=str, colusnss{"close”
# Let's toke o quick Look

closing_df.head{)

nace,"Tech”]
“close®: "c"})

] »
It BAC JPM  AAPL AMZN fingce Tech

0 11780 4883 67.0542 26185 12685 2780

1 11880 4866 685614 25721 B150 4252

2 12245 4994 660428 26870 7146 4654

3 12170 4868 BE.7156 26947 7218 1828

4 12130 4922 666556 26824 6200 9288

Nows that we have 2ll the closing prices, lef's go ahead and get the daily retumn for 3ll the stocks

]: & Make o new tech returns Datafrome
Financlal_rets = closing_¢f.pct_change()
Financial_rets.head()

1 Bac JPM AAPL AMZN finace Tech
L] Ma NN N M NaN MNaN
1 0008503 0000617 0010422 0078095 0388790 0.540580
2 0032462 0009884 0025067 0005793 0123790 0.084584
3 0008125 0009341 0001903 0041831 0009652 0807220
4 -0003EET 0011093 -D00089% -DODOBSE -0.135789 4.080863

Nows we can compare the daily paroantage return of two stocks to check how correlated. First let's see a sotck compared to iself.

Figure 25: RNN Model - Step 11

Out[124]: cseaborn. axisgrid.JointGrid at Bx309¢decldfds

wogle o ttself should show a perfectly Lineor retationship
sms . Jolntplot(AAPL", "AMIN', Financlal_rets, kind='scatler’, colors’seagreen”)

ckages|seaborn|_decorators.py:36: FutureWarning: Pass the followlng varlables as keyword ar
D x v the only valld posltional argumest will be "dats’, and passleg other argeaents withaut an ex
plicit keyword will result in an errer or misinterpretation.

APNLNES Warn(

0ut(115]: <seaborn.axisgrid.JointGrid at Ex289cSecodaes

am 008 004 T T AT

In (316]: & We'LL use Jolnplot to compare the duily returns of Go
sns.Jolntplot( BAC*, ‘IPM', Fimancial_rets, kin

and Microsort

scatter

]

Figure 26: RNN Model - Step 12
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In [213): |# Set up our Figure by naming it retwrns_fig, call PairPLot on the DotaFrame

returns_fig = sns.PalrGrid{closs

8 Using map_upper we can specify w upper triangle will Look Like

returns_fig.map_upper(plt.scatter,colors"purple’)

Le ir

ap="cool_d°)

7g the pLOT type (kde) or Che color mgp (BLusPurple)

4 we con olso Lower t

returns_fig.map_ sns.kdeplot,

& Finat

Ly we'LL dept s o series of mistogram plots of the datly reters
returns_fig.map_diag(plt.h

ins=38)

Out[213]: <seaborn.axisgrid.PalrGrid at @x209b43+fe20s

Figure 27: RNN Model - Step 13

In [317]: | & Let’s go aheod and use sebron for a quick

sns.heatnap(Financial_rets.corr(), sanot=True, cn

Out[317]: cAxesSubplot:>

e

(1]

In [318]: | sns.heatnap(closing_dé.core(), annot=True, cmaps’summer’)

Dut[318]: cAxesSubplot:>

e

Fantastic! Just like we suspected in our Pairflot we see hers numerically and visually that Bac and JPM had the strongest correlation of daily stock retwrn. it's
3lso interesting to see that all the Financial and tach comapnies are positively correlated

Figure 28: RNN Model - Step 14
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How much value do we put at risk by investing in a particular stock?

There sre many ways we can quantify risk, ens of the most basic ways using the informaton we've gathered on daily percentage returns is by comparing the
expected raturn with the standard deviation of the daily returns.

ets Dataframe

# Let's start by defining a new Dataframe as o clensed version of
rets = Financial_rets.dropna()

gnal

area = np.pi * 28

plt.figure(figsize=(18, 7))
plt.scatter(rets.mean(), rets std(), s=area)
plt.xlabel("Expected return’)

plt.ylabel( Risk")

for label, x, y in zip(rets.celusns, rets.mean(), rets.std()):
plt.annotate(label, xy=(x, y). xytext=(5e, 58), textcoords='offsel points
arrowprops=dict (arrowstyle="-', color='blue’, connectionstyl

ha='right’, va='botton”,
ared, rad=-8.3"))

e

o
s
P
£ e
2 /
~
) -
o /
oo 02 a4 e oe w

Figure 29: RNN Model - Step 15

Predicting the closing price of Bank of America

plt_figure(figsize=(16,6))

plt.xlabel(Date’, fontsize=18)
plt_ylabel("Close Price USD {$)°, Fontsize=18)

plt.show()
Close Price History

e
Q=
@
=
8
-
i
[s]

"

- o = = = =0 o =0

Date

df = BAC

¥ Create a new dataframe wilh o
data = gf filter([ close’])

¥ Convert the dataframe Lo d numpy orray
dataset = data.values

¥ Get the number of rows o train the model on
training_data_len = int(np.ceil( len(dataset) * .8@})

y the ‘Close colusn

1ing_data_len

# Scale the
from sklear

.preprocessing import MinMaxScaler

scaler = MinMaxScale:
scaled_data = scaler

feature_range=(2,1))
t_transforn(dataset)

scaled_data

Figure 30: RNN Model - Step 16
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In [326]:

From keras.models import Sequential
from keras.layers import Demse, LSTM,GRU

# Buitd the LSTM modet
model = Sequential()
model . sdd(GRULS, retu
model . add(GRUCI, retu
model . sdd(Dense(3))
model . add(Dense(1))

scquencessTrue, Input_shapes (x|
_sequences=False)

rain.shape(1]l, 133}

# Compiie the model
mogel . conpile(optinizers"adar", lOSE="mean_squared_error” )

# Tratn the mos
model., F1t(x_train

y_train, batch sizes1i, epochs=20)

In [328]:

Epoch 1/20
928948 [==
Epoch 2/20

+ 135 1Zms/step = loss: @.9883 Os
115 3Zas/step - loss: 4.5587e-84

Azmsistep - loss: 4,1850e-@2

- 185 1ams/step - loss: 2.875%e-84

- 145 ldmsgstep - loss: 2.824%e-84

- 125 1Zmsfstep - loss: 2.6656e-84 65
Epoch 7/20

5287948 [== 12: 23mssatep - loss: 2.6434e-84

Epoch B/29

948/948 [== 12: 22mssstep - loss: 2.2749e-84: 13 - loss: - ETA: 1s - loss: - ETA: @s -
st 2

Epoch 5728

487948 [== - 135 13ms/step - loss: 2.3386e-84

Epoch 18/28

# Ereate the testing data set
staining scaled volues from
test_data = scaled _data[training dats_lem - €8t ,
# Create the doto sets x_test and y_test
x_test =
y_test = dataset|[training dats_len
for i in range(6®, len{test_data))
x_test.sppend(test_data[i-60:1, @])

1543 to 2002

# Convert the data te o numpy arrey
X_test = np.array(x_test)

# Reshape the d
x_test = np.reshape(x_test, (x_test.shape(@], x_test.shape[1], 1 )}

# Get the models predicted price valwes
pradictions = model.predict(x_tsst)
predictions = scaler.inverse_transform{predictions)

# Get the roct mean squared eérror (RMSE)
p.sqre(np.meand ((predictions - y_test) == 2)))

BAC RMSE Value

los

Figure 31: RNN Model - Step 17

# Plot the data

train = data[:training_data_len)

valid = data[training_data_len:]

valid[ Predictions’] = predictions

¥ Visualize the data
plt.figure(figsize=(16,6))

plt.title( Model®)

plt.xlabel( Date’, fontslize=18)
plt.ylabel(’Close Price USD (3)', fontsize=18)
plt.plot{train[‘close’'])

plt.plot(valid([ close’, "Predictions’]])
plt.legend([ 'Train’, 'Val', 'Predicticns’'], loc="lower right')
plt.show()

<ipython-input-338-b@lfdcfed65cr:4: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from 2 Dataframe.
Try using .loc[row_indexer,col_indexer] = value instead

See the caveals in the documentation: WLLps://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.htmlireturning-a-view-ve
FLus-a-Cop;
valld['Predictions’] = predictions

Model
»
@
[=F]
@
b=
£.
o
"
v 0 = ™ ® " Yoo
Date

¥ Show the valid and predicted prices
valid

Figure 32: RNN Model - Step 18
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(a8,

Close Price USD (8)

Figure 33: RNN Model - Step 19

5.2 Long Short-Term Memory - LSTM

To run the LSTM Model for sector based index and individual companies please Choose
the "LSTM _Student No -x14127032 - Sector Based Stock Market Prediction In USA”
ipython notebook and follow the step from figure 34 to figure 41 . Please note to train
the model,change the epoch number as required. code - model2.fit(x_train2, y_train2,
batch_size=1, epochs=500)

In [116]: #Import [ibrories

import pandas as pd
iaport gy as 19

import matplotlib.pyplot as plt
import seaborn as sns
sis.set_style( hitzarid’)
plt.styls.usa("fivethirtyeignt")
Smatplot1ib inline

# For reading stock data fron yahoo
from pandas_dstareader.data import DataReadzr

# For tise stamps

fron datetine import detetint

In [117]: #Import [ibrories

import pandas as pd

inport numpy 2 np

import matplotlib.pyplot as pit

import sezborn 25 sns

import datetine as ot

from statsacdels.graphics. tsaplots dmport plotact
from statsmodels. tsa.stattools lmport acf

fron statsaodels. tsa.stattools inport pact

from statsaodels. tsa.arina_mode] inport ARDA

fron statsadels. tsa.arisa_process import ArmaProcess
from keras,models inpart Sequential

from keras.layers inport Dense, LSTH,GRU

from sklearn.preprocessing import Minkaxscaler

from pandas.plotting import register matplotlib converters
from statsacdels. tsa dnport stattools

from sklean.netrics inport r2_score

In [118]: sector_based T = pd.read_cs(*Sectorbased_data.csv')

In [113]: sector_based T.head()

Figure 34: LSTM Model - Step 1
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In [122]:

sector_based_T sector_based_T.drop(“Sector”,axis=1)

In [123):  sector_based T sector_based_T.sort_values{by='Date', ascending=False)

In [124]:  sector_based_ T

out[124]: Date Open i Low Clese Volume

2M22018  27.80 27.4300 2780 2834070
3MN22015 4268 421600 <252 1576097
3IN2015 4765 45.5400 4654 1158091
N5 1835 18.2600 1828 7500076
3n22ms 82901 82,7350 ©288 1730511

01022078 52.30 §2.3000 5283 0335083
54456 010272018 E4.88 54,4950 S4T1 44208542
44384 010272018  £7.05 888801 8841 500152
01/02/2018 57815 §70.3100 57481 8355123
84443 010272078  48.91 49,4300 4000 3148166

40270 rows x § columns

In [125]:  sector_based_F = pd.read_csv('Sectorbased_data.csv')

In [128]: sector_based_f.head()

out[126]: Date Open High Lew Close  Volume Mame Sector Year

0802/2013 3876 3803 3851 3870 13112320 AIG Financisls 2013
110272013 3880 30.56 33585 945 14230803 AIG Financials 20132
120INE 3WE0 390 3850 BE3 23GTeSze A3 Financals 2013
1302/2013 3803 3018 3888 3887 18533701 MG Finsncisls 2013
14022013 3864 32026 3850 3021 18321131 MG Financials 2013

In [127]:  sector_based_F = sector_based_F[sector_based_F['sector'] == “"Financials"]

In [128]:  sector_based F = sector_based_F.drop("Sector”,axis=1)

In [122]:  sector_based_F.head()

Figure 35: LSTM Model - Step 2

I [130]:

In [131]:

In [122]:

In [133]:

In [134]:

In [135]:

In [136]:

sactor_based F = sector_baced F.sort_values(bys="Date’, ascendingsFalse)

sector_based_F-secter based F.reset_indew(drop-True)
sector_based_T=sector_based_T.reset_index(drop=True)

secter based F - sector_based F.drop(“vear”, mis=1)
sector_based_T = sector_besed_T.drop(“vear”,axis=1)

sector_based F.colums o"date”,"open”, "high”
sector_based T.columns =["date”, “open”, "hi

" Low","cloge”,
', 1on™,"close”

stocks we'lL use for this or
t = ['BAC’, " IPH', AP

'+ HEN", "Finan® ,"TECH"]

)
[BAC, IPM,A%PL,AMDN, sector_based F, sector_based T)
["BAC", "IFH","A%PL", A", "Finance*, "Technology"]

pd.concat(company_list, axis-a)
18)

Figure 36: LSTM Model - Step 3
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In [242]: | # General info apple
apm.infal)

<class 'pandas.core.frame.DataFrame’>

RangeIndex: 125% entries, @ to 1258

Data columns (total 7 columns):
Column MNON-Mull Count WYDE

date 1259 non-null object

1 open 1259 non-null Flostes
2z high 1252 non-null floates
EY Low 1259 mon-null floates
& close 1289 mon-null floates
s volume 1259 nen- ﬂull intes
&

Hame s3 ull  ocbject
atypes: flﬂ!!“(&)_, iﬂ!sﬂ-(l), object(2)
emory usage: &3.0+ KB

in [12=]:  AAPL.describe()
out[as=

open high Iow close

volume

count 1250.000000 1250.000000 1250.000000 1250.000000
mean 109055428  100.951118 10S.141589  100.080893

=td 30548220 30 686185 30 378224 30556812
min 55 424200 57.085700 £5.014200 55.759900
25% 84847200 £5.334050 84.250850 24.830850

S0% 108.970000 170.030000 10S.050000  109.010000
75%  127.235000 128.100000 126.200000  127.120000
max 179.370000 180.100000 178.250000  179.260000

In [1as5

: | AMZIN.describe()

out[ias]: open nigh low close

1.260000e+03
5 404790De-07
2 346835e-07
1147592207
050438007
S09503e-07
870872e+07
588335e-08

volume

count 1250 000000 1256000000 1250 000000 1256.000000
mean S7TO.84T284 S82.017221  ST1L1I3S1T  578.330041
std 282500019 284.417123 280.215237 282 500305
min 245940000 252930000 245750000 248.230000
25% 325870000 320.485000 322.185000 225.800000
50% 505000000 S12.330000 495840000 503.520000
75% 777.620000 781845000 770720000 777.420000
max 1477 390000 1498.000000 1450.040000 1450.590000

In [14€]: | for i, company in enumerate(company_ list, 1):
cr‘:l.ﬂt(i,ccxﬂp ny »

date open high Low close

1 250000e=03
2.7304052-00
2.1666080-06
1.092970e+00
2.511165e+068
3 1447192-08
4 2202460-08
2 385008e-07

lume Name

1
a 2@13-e2-88 11.56 11.5€ 11.72 11.76@ 145217221 BAC
1 2912-02-11 11.73 11.5& 11.67 11.860 103455548 BAC

Figure 37: LSTM Model - Step 4

2a8]:

248]:

249]:

249]:

Predicting the closing price stock price of JPM

plt.figure(figsize=(16,6))

plt.title(”IPM Close Price Wistory')
plt.plot{IPM[ ' close’])

plt.xlabel( 'Date', fontsize-18)
plt.ylabel('Close Price USD (8)', fontsizes1s)
plt.show(}

JPM Close Price History

o

Close Price USD ($)

-

@f2 =IPH

# Cregte a new dataframe with only the ‘Close column
dataz = df2.filter([‘clese’])

# Convert the dateframe to @ numpy array

datasetz = dataz.values

# Get the number of rows to train the model
training_data_len2z = int(np.ceil( 1en{aatnset2) * .88 ))

training_data_lenz

1008

# Scole the aota

from sklearn.preprocessing import MinMaxscaler

scalerz = minMaxscaler(feature_range=(2,1}}
scaled_dataz - scaler2.fit_transform(dataset2)

scaled_dataz

arr‘ay(I.Le 228225471,
@.02676264],
[e e3555732],

fe.2s500184],
[e.5322227 ],
[e.94304228]])

w00

Figure 38: LSTM Model - Step 5
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In [258):

# Cregte the training data set

# Create the scaled training dota set

train_data? - scaled_data2[e:int(training data_len2), :]
# SpLit the dota into x_troin and y_troin doto sets
x_train2 = []

y_train2 = []

for i in range(se, len(train data2)):
X_train2.append(train_data2[i-62:1, ])
y_train2.append(train_data2(i, o))
if i¢= 6l
print(x_train2)
print(y_train2)
print()

Figure 39: LSTM Model - Step 6

In [251]:

In [252]:

In [254]:

# Convert the x_tragin and y_train to numpy arrays

Iy
¥_trainz, y_train2 = np.array(x_train2), np.array(y_train2)

# Reshape the data
x_train2 - np.reshape(x_train2, (x_train2.shape[e], x_train2.shape[1], 1))
# x_train, shape

from keras.models import Sequential
from keras.layers import Dense, LSTM,RNN

# Build the LSTM model

modelz = sequential()

model2. add({LSTM({S, return_sequences=True, input_shape= (x_train2.shape[1], 1)))
model2. add(LSTM{3, return_sequences=False))

model2. add(Dense(3))

medel2. add(Dense({1))

# Compile the model
model2. compile(optimizer="adam', loss='"mean_squared_error')

# Troin the model

medel2. fit(x_trainz, y_train2, batch_size=1, epochs=1ee)

Epoch 1/1ee

248/%48 [ 1 - 125 13ms/step - loss: 5.3788e-84
Epoch 2/1ee

94g/948 [ 1 - 135 14ms/step - loss: 4.5200e.24
Epoch 3/1ee

948/948 [ 1 - 128 12ms/step - leoss: 4.59998-24
Epoch 4/18e

9487948 [ 1 - 135 13ms/step - loss: 4.28@8e-84 @5 - loss: 4.3 - ETA:
Epoch 5/1ee

S48/948 [ 1 - 14s 14ms/step - loss: 3.5888e-84
Epoch &/1ee

548/948 [ 1 - 13s 13ms/step - loss: 3.8219e-24
Epoch 7/16@

948/948 [ 1 - 125 12ms/step - loss: 3.5839e2-24
Epoch 8/180

948/948 [ 1 - 135 13ms/step - loss: 3.6089e-24
Epoch 9/180

g48/248 [ ] - 14s 14ms/step - loss: 3.8749e-e4
Epoch 1@/129

348/348 [ 1 - 14s 14ms/step - loss: 2.7383e-84

Ennrh 137188

loss: 2.2

Figure 40: LSTM Model - Step 7
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Close Price USD (5)

Figure 41: LSTM Model - Step 8

5.3 Time Series ARIMA Model

To run the Time Series ARIMA Model for sector based index and individual companies
please Choose the ”Arima Time Series -Student No -x14127032 - Sector Based Stock
Market Prediction In USA” ipython notebook and follow the step from figure 42 to figure
46 .

inport pandas as pd
from pdarisa isport auto_srisa
from sklearn.netrics import mean_squared_error
from sklearn.netrics import r2_score

from math isport sqr

from statsmodels, tsa. stattools mport adfuller

03

Predicitng price for Jp Morgan

(1]

#inport pandas as pd
df=pd.read_csv('JFM_data.csv’,index_col='date’ ,parse_dates=True)

df- iropna()

print('shape of data’,Gf..shape)
df .head ()

of

dftest[z])

2d_test(df[close'])

shape of data (1259, &)
1. 6.8152232877506743
2. P-Value : @.991877968635043
3. humof Lags : @
4. hum Of Observations Used For ADF Regression: 1258
5. Critical values :
i -3,4355588164370574
5% @ -2.3638480312881497
105 -2,5679546564434275

Figure 42: Time Series ARIMA Model - Step 1
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In [12]: ### #sc Data Analytics
### "Sector Bosed Stock Morket Prediction In USA”
54 Student No: x141278326Tmport Libraries

import pandas as pd

from pmdarisa import auto_arisa

from sklearn.metrics import mean_squared_srror
from sklearn.metrics import r2_score

from math import sqrt

from statsmodels.tsa.stattools import adfuller

Predicitng price for Jp Morgan

1In [13]: #import pandas as pd
df=pd.read_csv(*IPN_data.csv’,index_col='date' ,parse dates=True)
df=df.dropna()
print('Shape of data’,df.shape)
df head ()
af

def ad_test(dataset):
eftest - adfuller(dataset, autolag = 'AIC)
print("1. 20F : *,dftast[e])
print("2. P-value : *, dftest[1])
print("3. Num Of Lags : ", dftest[2])
print("4. tum Of Observations Used For ADF Regression:”, dftest[2])
print("s. critical values :")
for key, val in dftest[4].items():
print("\t" key, ": ", val)

ad_test(df["close'])

Shape of data (1259, &)
1, ADF : 8.3152232977506743
2. P-value : ©.391877968535143
3. hum Of Lags : @
4, hum OF Observations Used Fer ADF Regression: 1258
5. Critical values :
-3.4355588184378574
K -2,8633482312891497
1% : -2.5679946684494275

Figure 43: Time Series ARIMA Model - Step 2

In [12]: ### Msc Data Analytics
### "Sector Bosed stock Morket Prediction In Usa”
#a# Student No: x14127032¢Import Librories

mport pandas as pd

from pmdarima import auto_arima

from sklearn.metrics import mean_squared_error
from sklearn.metrics import r2_score

from math import sqrt

from statsmodels. tsa.stattools import adfuller

Predicitng price for Jp Morgan

In [13]: #import pandas as pd
df=pd.read_csv('IPM_data.csv’,index_col="date’ ,parse_dates=True)
df=af . dropna()
print('shape of data’,df.shape)
df head ()
af

def ad_test(dataset):
dftest = adfuller(dataset, autolasg = "a1c’)
print("1. ADF : ",dftest[e])
print("2. P-value : "
print("3. Num Of Lags : ", dftest[2])
print("4, Hum Of Observations Used For ADF Regression:”, dftest[3])
print("s. critical values :")
for key, val in dftest[4].items():
print("\t",key, *: ", val)

ad_test{df['close'])

shape of data (1259, &)
. ADF .8152232977506742
2. P-Valu 9.991877968635143
3. Num OF Lags ¢
4. hum of obsarvations used For ADF Regression: 1258
5. Critical values :
© -3,4355588184378574
S% @ -2.8638402312881457
105% © -2,5679946684494275

Figure 44: Time Series ARIMA Model - Step 3

22



In [12]: ### #sc Data Analytics
### "Sector Bosed Stock Morket Prediction In USA”
54 Student No: x141278326Tmport Libraries

import pandas as pd

from pmdarisa import auto_arisa

from sklearn.metrics import mean_squared_srror
from sklearn.metrics import r2_score

from math import sqrt

from statsmodels.tsa.stattools import adfuller

Predicitng price for Jp Morgan

1In [13]: #import pandas as pd
df=pd.read_csv(*IPN_data.csv’,index_col='date' ,parse dates=True)
df=df.dropna()
print('Shape of data’,df.shape)
df head ()
af

def ad_test(dataset):
eftest - adfuller(dataset, autolag = 'AIC)
print("1. 20F : *,dftast[e])
print("2. P-value : *, dftest[1])
print("3. Num Of Lags : ", dftest[2])
print("4. tum Of Observations Used For ADF Regression:”, dftest[2])
print("s. critical values :")
for key, val in dftest[4].items():
print("\t" key, ": ", val)

ad_test(df["close'])

Shape of data (1259, &)
1, ADF : 8.3152232977506743
2. P-value : ©.391877968535143
3. hum Of Lags : @
4, hum OF Observations Used Fer ADF Regression: 1258
5. Critical values :
-3.4355588184378574
K -2,8633482312891497
1% : -2.5679946684494275

Figure 45: Time Series ARIMA Model - Step 4

In [12]: ### Msc Data Analytics
### "Sector Bosed stock Morket Prediction In Usa”
#a# Student No: x14127032¢Import Librories

mport pandas as pd

from pmdarima import auto_arima

from sklearn.metrics import mean_squared_error
from sklearn.metrics import r2_score

from math import sqrt

from statsmodels. tsa.stattools import adfuller

Predicitng price for Jp Morgan

In [13]: #import pandas as pd
df=pd.read_csv('IPM_data.csv’,index_col="date’ ,parse_dates=True)
df=af . dropna()
print('shape of data’,df.shape)
df head ()
af

def ad_test(dataset):
dftest = adfuller(dataset, autolasg = "a1c’)
print("1. ADF : ",dftest[e])
print("2. P-value : "
print("3. Num Of Lags : ", dftest[2])
print("4, Hum Of Observations Used For ADF Regression:”, dftest[3])
print("s. critical values :")
for key, val in dftest[4].items():
print("\t",key, *: ", val)

ad_test{df['close'])

shape of data (1259, &)
. ADF .8152232977506742
2. P-Valu 9.991877968635143
3. Num OF Lags ¢
4. hum of obsarvations used For ADF Regression: 1258
5. Critical values :
© -3,4355588184378574
S% @ -2.8638402312881457
105% © -2,5679946684494275

Figure 46: Time Series ARIMA Model - Step 5
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6 Troubleshoots Guide

While implementing the project you may come across below error. For the figure 8 error
Please use tensor flow 2.2 or higher version. if you get figure 9 error , Please add python

from keras.models import Sequential
from keras.layers import Dense, LSTM
# Build the LSTM mode
model = Sequenti
model.add(LSTM(128, return_sequencés=True, input_shape= (x_train.shape[1l], 1)))
model.add(LS 4, return_sequences=False))

model.add(Dense(25))

model.add(Dense(1))

)
L)

model.compile(optimizer='adam’', loss='mean_squared_error')

model.fit(x_train, y_train, batch_size=1, epochs=1)

n the model

ModuleNotFoundError Traceback (most recent call last)
~\anaconda3\lib\site-packages\keras\__init__.py in
2 try
>3 from tensorflow.keras.layers.experimental.preprocessing import RandomRotation

4 except ImportError:
ModuleNotFoundError: No module named “tensorflow’
During handling of the above exception, another exception occurred:

ImportError Traceback (most recent call last)
<ipython-input-56-c648b27630b6> in
-=> 1 from keras.models import Sequential
2 from keras.layers import Dense, LSTM

4 # Build the LSTM model
S model Sequential

~\anaconda3\lib\site-packages\keras\__init__.py in
from tensorflow.keras.layers.experimental.preprocessing import RandomRotation
4 except ImportError
--> 5 ortErro
6 'Keras requires TensorFlow 2.2 or higher.
‘Install TensorFlow via “pip install tensorflow'')

ImportError: Keras requires TensorFlow 2.2 or higher. Install TensorFlow via “pip install tensorflow’

Figure 47: Keras Installation Error

in the file path.

Command Prompt - python

Figure 48: Python Path Error

To join the data fuzzy_match was implemented but because of its only 11% output
matched , it was not used in the research. However it just attached for note only.
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In [1]:  import pandas as pd
setl = pd.read_csv(“nyse-listed.csv")
datasetd - pd.read_csv("fortune1000.csv")

import pandas as pd
import numpy as np

# e WiLL now import Libraries for dota matching using Levenshtein distance in fuzzywizzy medules
import furzywuzz)
from fuzzywuzzy import process
import chardet
from fuzzywuzzy import fuzz
compare = pd.HultiIndex.from_product([datasetl]’Company Name'],
dataset3[ ' Company']]).to_series()

def metrics(tup):
eturn pd.Series([fuzz.ratio(*tup)
fuzz.token_sor

(ratiors -

ratio(*tup)],
Token])
ompare. apply(metrics)

t_r
kD

out[1]:
ratiotoken

Company Name Company

Agilent Technologies, Inc. Common Stock Walmart 13 18

ExxonMobil 16 29

Apple 14 14

Berkshire Hathaway 21 18

MeKesson 21 22

China Zenix Auto International Limitsd American Depositary Shares, each representing four ordinary shares. New York Community Baneorp 24 28
Portland General Electric 26 25

Portiand General Electric 26 26

Wenay's 9 11

Briggs & Stratton 16 18

3298000 rows * 2 columns.

Figure 49: Fuzzy Match code
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