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import pandas as pd

import yfinance as yf

import datetime

from datetime import date, timedelta

today = date.today()

dl = today.strftime ("$Y-%m-%d")

end date = dl

d2 = date.today() - timedelta(days=720)
d2 = d2.strftime ("$Y-%Sm-%d")

start date = d2

data = yf.download('AAPL’,
start=start date,
end=end date,

progress=False)
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print (data.head())

Open High Low Close Adj Close Volume
Date
2020-01-28 78.150002 79.599998 78.847501 79.422501 78.260017 162234000
2020-01-29 81.112503 81.962502 80.345001 81.084999 79.898186 216229200
2020-01-30 80.135002 81.022499 79.687500 80.967499 79.782402 126743200
2020-01-31 80.232498 80.669998 77.872502 77.377502 76.244957 199588400
2020-82-03 76.074997 78.372498 75.555000 77.165001 76.035568 173788400

s .W‘\H Slad UL Eoas gAY yfinance APT cudsel wMel 5,831 3
il bl GOl B paed Jas Lalasee v Les Y1 L La e Lge sall B yme
:Apple
import plotly.express as px
figure = px.line(data, x = data.index,
y = "Close”,

title = "Time Series Analysis (Line Plot)”)
figure.show ()

Time Series Analysis (Line Plot)

Jodl o e Jardl sUST el lgal Juadl al pa line plot sl Jalaseadl
e izl s 13 Apple M4 el GobabesVI sl Mol 5,01 G.as
gl g gy S UL A sdoeedl el GEMEW) s (5 b o

Dly mal bl oVl L3 candlestick §saddl Lbses o Les OV
:Apple iS00 GWEYy Laisendly

import plotly.graph objects as go
figure = go.Figure(aata=[go.Candlestick(x = data.index,
open = data["Open"] ,
high data["High"],
low = data["Low"],
close = data["Close"])])


https://thecleverprogrammer.com/2021/12/21/get-stock-price-data-using-python/

wgl plaAlul duio JI Juwlludl Julaj

figure.update layout(title = "Time Series Analysis
(Candlestick Chart)”,
xaxis rangeslider visible = False)

figure.show ()

Time Series Analysis (Candlestick Chart)

At
W
,F!¥-J‘*(1\;\,YF4"J

o Vs " /
M "ﬂ-"l "Hr’,‘“ﬂln 'h..'h,#"

W

h ad
. g Py
h" ",’“ '|: J

gdl s and 130 LI 3150 Aol Sl el (3US15 ke ¢ sl Jalaien ny
‘UA.L;-.:.& ‘Ca:’f ‘Cj:sﬂ-ﬁ) Apple)b;.j@«:-t;w m)’\.&i C}»Q.:J\ Llass ‘}M éidl&;
oAUl ) alaseodl Wia el yomadl bslasdl 255 50)l 4 o g (U1 gyl (ks
o Ll Ll 2l b glasdl 25 Loty slaYl

15 240 I UV slned Solalosl s o) Loy 5 Jalases s 3 Lies Y

figure = px.bar(data, x = data.index,

y = "Close”,

title = "Time Series Analysis (Bar Plot)”)
figure.show()

Time Series Analysis (Bar Plot)
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figure = px.line(data, x = data.index,

y = 'Close”,
range x,[31-12-2021,'01-07-2021"] =
title = "Time Series Analysis (Custom Date Range)”)

figure.show()

Time Series Analysis (Custom Date Range)
AN .
— __\__;'“v
= N — - Ao N~
figure = go.Figure(data = [go.Candlestick(x = data.index,
open = data["Open"] ,
high = data["High"],
low = data["Low"],
close = data["Close"])]
figure.update layout(title = "Time Series Analysis
(Candlestick Chart with Buttons and Slider)")
figure.update xaxes(
rangeslider visible = True,
rangeselector = dict(
buttons = list ([
dict (count = 1, label = "1Im", step = "month", stepmode
"backward"),
dict (count = 6, label = "6m", step = "month", stepmode
"backward"),
dict (count = 1, label = "YTD", step = "year", stepmode
"todate"),
dict (count = 1, label = "ly", step = "year", stepmode
"backward"),
dict (step = "all")

1)
)

figure.show()
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import pandas as pd

import datetime

from datetime
import plotly.
import plotly.
import plotly.
pio.templates.

data = pd.read csv ("TWTR.csv")
print (data.head())

Date
2013-11-07
2013-11-08
2013-11-11
2013-11-12

A W N PBP O

2013-11-13

Volume
117701670.0
27925307.0
16113941.0
6316755.0
8688325.0

A W NP O

Open
45.099998
45.930000

High

Low

import date, timedelta
graph objects as go
express as px

io as pio
default = "plotly white"

Close

Adj Close \

5e.
46.939999

a4,
40.685001

44, 2
41.650002

40.5
43.660000
41.029999

43.
43.779999
42.869999

39.4 2
41.830002
40.759998

42, 2
41.900002
42.,599998

J g lly Jo SULIN e gors (g 500

44, 2
41.650002
42.90ee02
41.900e02
42.599998

.Date ég)tﬂ‘
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-The opening Price of the day p sl ZLzd¥l paw .2

-The highest price of the day p s} (3 2 el .3

-The lowest price of the day p sl 3,2 Ji4

-The closing price of the day ¢ sdl SMel a5

-The adjusted closing price of the day ¢ 5l Jdaadl G o .6

The total number of shares (pzesdl) p 5l G451l ‘..@..fﬁ\ sde Jlx| 7
.traded in the day (volume)

23 geall Oleliax] o5 s 4l Uges
print (data.info())

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 2264 entries, @ to 2263

Data columns (total 7 columns):

# Column Non-Null Count Dtype

@ Date 2264 non-null object

1 Open 2259 non-null floaté4
2 High 2259 non-null floaté4
3] Low 2259 non-null float64
4 Close 2259 non-null float64d
5 Adj Close 2259 non-null floaté4
6 Volume 2259 non-null floaté4

dtypes: float64(6), object(l)
memory usage: 123.9+ KB

None
by 9 Jab sy p s oda SULIN e gazes 30518 52 Date column go, bl s gase
e (5555 0din SULIN e yomes OS] Lo o 8,005 A Lies (Y1 G 23 15 )

Y ('T 8, 08 L§T
print (data.isnull () .sum())

Date

Open

High

Low
Close

Adj Close
Volume

dtype: inté4

u 1t 1 1 u o




WS el I s

data = data.dropna ()
el o e Twitter gl sland e 3l 4L oY Les

figure = go.Figure (data=[go.Candlestick (x=data["Date”],
open=data["Open"] ,
high=data["High"],
low=data["Low"] ,
close=data["Close"])])
figure.update layout(title = "Twitter Stock Prices Over the
Years ,"
xaxis rangeslider visible=False)
figure.show ()

Twitter Stock Prices Over the Years
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figure = px.bar (data,

x = "Date”,
y= "Close”,

color="Close("

figure.update xaxes(rangeslider visible=True)
figure.show ()
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figure = px.bar(data, x = "Date", y= "Close", color="Close")
figure.update xaxes(rangeslider visible=True)

figure.update layout(title = "Twitter Stock Prices Over the
Years '

xaxis rangeslider visible=False)

figure.update xaxes(
rangeselector=dict (
buttons=1list ([

dict (count=1, label="1m",

stepmode="backward"),
dict (count=6, label="6ém",

stepmode="backward"),
dict (count=3, label="3m",

80
70
60
50

40

Close

30

20

10

step="month",

step="month",

step="month",

Close
70
60
50
40
30

20

o Jan 2021 Apr 2021 Jul 2021 Oct 2021 Jan 2022 Apr 2022 Jul 2022 Oct 2022

B

stepmode="backward"),

dict (count=1, label="1y",
stepmode="backward"),

dict (count=2, label="2y",
stepmode="backward"),

dict (step="all")

1)
)

)

figure.show ()

Date

step="year",

step="year",
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data["Date"] = pd.to datetime (data["Date”],
format = '$Y-%m-%d’)

data['Year'] = datal['Date'].dt.year
data["Month"] = data["Date"].dt.month
fig = px.line (data,

x="Month”,

y="Close”,

color='Year’,

title="Complete Timeline of Twitter”)
fig.show()
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Weather Forecasting using jguU olaaiwl yuéihby §uidl (4

Python
Time ) &3l Juddly 5ol) Godas g il 5l (Data Science) <UL e &
O35 Jord &l Judldl byl 35 ULy pdsens & (Series Forecasting
odgd ULl oo Gebhles plusenly Guilally 3ol 4S8 pne by 5 ciST) L pane 2 )
weather ) uibll 3ol dags I S05T Gpw D) oda 3.l Ll Dlaall

0L el (forecasting

Sl Gl
Sl s DUl phisenl . orn 355 63 sad uihall 1L 5sdl dags g uibally 5l
ol LYy s el Il gl o Sadl e el

B Sy e (g Sl e e ) gl il plasly bl 5l
bl JI kewl Kaggle Jo @bl de jazes oy A . prs S S sl oo,
Sy . ulally 5ol dagad 0l SUL e pazes plidel LiSlas . g2 55 oo sl el

Lo e UL de pomee i35

05 PS5l il o LSy S et ol el

oU Pl il gudihl bty Judai
Hlerbiow 2 ULl de gomas O il leSlo sl ml b e dagadl oda Tud OV

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import plotly.express as px

data = pd.read csv("DailyDelhiClimateTrain.csv”)
print (data.head())

date meantemp humidity wind_speed meanpressure
2013-01-01 1e. 84, - 1015.666667
2013-01-082 7.400000 92. 2. 1017.
2013-01-03 7.166667 87.000000 4.633333 1018.666667
2013-01-04 8.666667 71.333333 1.233333 1017.166667
2013-01-065 6.000000 86.833333 3.7060000 1016.500000

B w N RO

G sl 3 SLLI sl Fiwo I Sl e 5k AL U yes

print (data.describe())


https://www.kaggle.com/datasets/sumanthvrao/daily-climate-time-series-data
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meantemp humidity wind_speed meanpressure
count 1462. 1462. 1462. 1462.
mean 25.495521 60.771762 6.8082209 1011.104548
std 7.348103 16.769652 4.561602 180.231668
min 6.000000 13.428571 0.000000 -3.041667
25% 18.857143 50.375000 3.475000 1001.580357
50% 27.714286 62.625000 6.221667 1008.563492
75% 31.305804 72.218750 9.238235 1014.944901
max 38.714286 100.000000 42.220000 7679.333333

FSBL A o Fioe VI prarey Anedl Sla ol e 3 10 A 0V L

print (data.info())

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 1462 entries, © to 1461

Data columns (total 5 columns):

# Column Non-Null Count Dtype

@ date 1462 non-null object
1 meantemp 1462 non-null float64
2 humidity 1462 non-null float64
3  wind_speed 1462 non-null  float64

4 meanpressure 1462 non-null floate4d
dtypes: float64(4), object(1)
memory usage: 57.2+ KB

@JL:.H bl g5 e oda SULI de yores (3(date column) @)Lﬂl Sy Gyou Y
mean ) 5l drs Ja e o 805 AL Uyes irlodl dis o ity p ki 235
sl o Je s d(temperature

figure = px.line(data, x="date",

y="meantemp",

title="'Mean Temperature in Delhi Over the
Years')
figure.show ()

Mean Temperature in Delhi Over the Years

40
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date
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el o e s G(humidity) &b I e 8l AL G yes oY)
figure = px.line(data, x="date ,"
y="humidity ,"

title="'Humidity in Delhi Over the Years('
figure.show ()

Humidity in Delhi Over the Years

100

humidity

10
Jan 2013 1ul 2013 Jan 2014 Jul 2014 Jan 2015  Jul 2015 Jan 2016 Jul 2016 Jan 2017
date

el o e b d(wind speed) U de o 5k A Gyes oY

figure = px.line(data, x="date ,"

y="wind speed ,"

title='Wind Speed in Delhi Over the Years('
figure.show()

Wind Speed in Delhi Over the Years

wind_speed

Jan2013  Jul2013  Jan2014  Jul2014  Jan2015  Jul2015  Jan2016  Jul2016  Jan 2017
date
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figure = px.scatter(data frame = data, x="humidity,"
y="meantemp", size="meantemp ,"
trendline="ols ,"
title = "Relationship Between Temperature

and Humidity ("

figure.show ()
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Relationship Between Temperature and Humidity

meantemp
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data["date"] = pd.to datetime(data["date"], format = '%Y-%m-
sd')

data['year'] = data['date'].dt.year

data["month"] = data["date"].dt.month

print (data.head())

date meantemp humidity wind_speed meanpressure year month
2013-061-01 10.000000 84.500000 0.0060000 1015.666667 2013 1
2013-01-02 7. 92. 2. 1017. 2013
2013-01-03 7.166667 87.000000 4.633333 1018.666667 2013
1
£

2013-01-04 8.666667 71.333333 233353 1017.166667 2013
2013-01-05 6.000000 86.833333 .700000 10l6.500000 2013

el o e b ool adl B s i e sl Ak Lyes oY)

plt.style.use('fivethirtyeight')

plt.figure(figsize=(15, 10))

plt.title ("Temperature Change in Delhi Over the Years")
sns.lineplot (data = data, x='month', y='meantemp',6K hue='year')
plt.show ()
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Temperature Change in Delhi Over the Years
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pip install prophet
UL sl "y Ll e landly "ds” slommel @3 )1 Ly prophet oo S

forecast data

= data.rename (columns =

print (forecast data)

HwWw N RO

1457
1458
1459
1460
1461

2013-
2013-
2013-
2013-
2013-

2016-
2016-
2016-
2016-
2017-

[1462 rows x

ds y humidity wind_speed meanpressure
-01 10.000000 84,500000 ©.000000 1015.666667
-02 7.4 92. 2, 1017.

-3 7.166667 87 .000000 4.633333 1018.666667
-04 8.666667 71.333333 1.233333 1017.166667
-85 6.000000 86.833333 3.700000 1016.500000
-28 17.217391 68.043478 3.547826 1015.565217
-29 15.238095 87.857143 6.000000 1016.904762
-30 14.095238 89.666667 6.266667 1017.904762
-31 15.852632 87 .000000 7.3250008 1016.100008
-e1 1e. 100. 9. 1ele6.

7 columns]

1o 2 T el 5V

Gl Va )

{"date": "ds ",
meantemp": "y"})

year meonth

2013
2013
2013
2013
2013
2016
2016
2016
2016
2017

al

R R R R

12
12
12
12
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from prophet import Prophet

from prophet.plot import plot plotly, plot components plotly
model = Prophet ()

model.fit (forecast data)

forecasts = model.make future dataframe (periods=365)
predictions = model.predict (forecasts)

plot plotly(model, predictions)

lw 1m 6m 1y all
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Covid-19 Cases gL plaaiwl Covid-19 ¢ililas §uidl (5
Prediction with Python

Pl Covid-19 Vb 522l Jm JYI ol g5 ,00 G pile (Uliodl odn b
gL G35 305 55 sl Lol oy gV e el el (30T LU 0 gl
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import plotly.express as px

from fbprophet import Prophet
from sklearn.metrics import r2 score

plt.style.use ("ggplot")

dfo
dfl

pd.read csv ("CONVENIENT global confirmed cases.csv")
pd.read csv ("CONVENIENT global deaths.csv")

ULl AN
sdod> ULy slael dblus pﬁ.« «data preparation SULJI slae] o» LI 3 53l OV
Slrr blsee pany gk o3 el 5 STl SULIL Slegerme mes IS (e

tans Joriw Lo & pnod UL geographical plot

world = pd.DataFrame ({"Country":[],"Cases":[]})
world["Country"] = df0.iloc[:,1:].columns
cases = []

for i in world["Country"]:
cases.append (pd.to numeric (dfO0[i] [1:]) .sum())
world["Cases" ]=cases

country list=list (world["Country"].values)
idx = 0
for i in country list:


https://www.kaggle.com/andradaolteanu/country-mapping-iso-continent-region/download
https://www.kaggle.com/andradaolteanu/country-mapping-iso-continent-region/download
https://www.kaggle.com/andradaolteanu/country-mapping-iso-continent-region/download
https://www.kaggle.com/antgoldbloom/covid19-data-from-john-hopkins-university/download
https://www.kaggle.com/antgoldbloom/covid19-data-from-john-hopkins-university/download
https://www.kaggle.com/antgoldbloom/covid19-data-from-john-hopkins-university/download
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sayac = 0
for j in i:
if j==".":
i = i[:sayac]
country list[idx]=i
elif j=="(":
i = i[:sayac-1]
country list[idx]=i
else:
sayac t= 1
idx += 1
world["Country"]=country list
world = world.groupby ("Country") ["Cases"].sum() .reset index ()
world.head ()

continent=pd.read csv("continents2.csv")
continent["name"]=continent["name"].str.upper ()

Country Cases
0 Afghanistan 45716.0
1 Albania 35600.0
2 Algeria 79110.0
3 Andorra 6534.0
4 Angola 14920.0

bl ol ya pol

PNIEBIE= P JET PR AN IO SWCH RS B >\¢9;L; p8lu Lo OV
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world["Cases Range"]=pd.cut (world["Cases"], [-
150000,50000,200000,800000,1500000,15000000],labels=["U50K","5
0Kto200K", "200Kto800K", "800Ktol.5M","1.5M+"])

alpha =[]
for i in world["Country"].str.upper () .values:
if 1 == "BRUNEI":

i="BRUNEI DARUSSALAM"
elif 1i=="US":
i="UNITED STATES"
if len(continent[continent["name"]==1i] ["alpha-
3"].values)==0:
alpha.append (np.nan)
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else:
alpha.append (continent [continent ["name"]==i] ["alpha-
3"].values[0])
world["Alpha3"]=alpha

fig = px.choropleth (world.dropna (),
locations="Alpha3",
color="Cases Range",
projection="mercator",

color discrete sequence=["white","khaki","yellow","orange", "re

d"])

fig.update geos(fitbounds="locations", visible=False)

fig.update layout (margin={"r":0,"t":0,"1":0,"b":0})

fig.show ()

Cases Range
US0K
50Kt0200K
800Kto1.5M
200KtoB00DK

W 15M+

Il ool e (Bin sl Yl o 8 Ja0 AL Lges oY)

count = []
for i in range(l,len(df0)) :
count.append (sum(pd.to numeric(df0.iloc([i,1:].values)))

df = pd.DataFrame ()

df ["Date"] = df0["Country/Region"][1:]
df ["Cases"] = count
df=df.set index ("Date")

count = []
for i in range(l,len(dfl)):
count.append (sum(pd.to numeric(dfl.iloc([i,1:].values)))

df ["Deaths"] = count

df.Cases.plot (title="Daily Covidl9 Cases in

World",marker=".", figsize=(10,5), label="daily cases")
df.Cases.rolling(window=5) .mean () .plot (figsize=(10,5), label="M
A5"™)

plt.ylabel ("Cases")

plt.legend()



Lol Gy e o Pl Juutlaul

plt.show ()

Daily Covid19 Cases in World

—— daily cases
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df.Deaths.plot (title="Daily Covidl9 Deaths in
World",marker=".",figsize=(10,5),label="daily deaths")
df.Deaths.rolling (window=5) .mean () .plot (figsize=(10,5), label="
MAS5")

plt.ylabel ("Deaths")

plt.legend()

plt.show ()

Daily Covid19 Deaths in World
—»— daily deaths
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class Fbprophet (object) :
def fit(self,data):

self.data = data

self.model =
Prophet (weekly seasonality=True,daily seasonality=False,yearly
_seasonality=False)

self.model.fit (self.data)

def forecast(self,periods, freq):
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self.future =
self.model.make future dataframe (periods=periods, fregq=freq)
self.df forecast = self.model.predict (self.future)

def plot(self,xlabel="Years",ylabel="Values") :
self.model.plot (self.df forecast,xlabel=xlabel,ylabel=ylabel, f
igsize=(9,4))
self.model.plot components (self.df forecast, figsize=(9,6))

def R2(self):

return r2 score(self.data.y,
self.df forecast.yhat[:len(df)])

df fb = pd.DataFrame ({"ds":[],"y":[]1})
df fb["ds"] = pd.to datetime (df.index)
df fb["y"] = df.iloc[:,0].values

model = Fbprophet ()
model.fit (df fb)
model . forecast (30,"D")

model.R2 ()

forecast =

model.df forecast[["ds","yhat lower","yhat upper","yhat"]].tai
1(30) .reset index() .set index("ds").drop ("index",axis=1)
forecast["vhat"].plot (marker=".",figsize=(10,5))

plt.fill between (x=forecast.index, yl=forecast["yhat lower"],
y2=forecast["yhat upper"],color="gray")
plt.legend(["forecast","Bound"], loc="upper left")
plt.title("Forecasting of Next 30 Days Cases")

plt.show ()

Forecasting of Next 30 Days Cases
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Currency Exchange JUl pdcill g0 wlloc)l @y yeuy §4il (6
Rate Prediction with Machine Learning
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Db fl.ua;p Sl plasealy Sanl) G s 50l g o Slall]

Ollod)l @ yeuy gull

Gl Sba .L;Y\ (! d(regression) sl dSCas ga wilenll O Sl 5l
Lol sbal e oo 555 0 (Saus 35000 504 s e S5 p s ISl sl
85238 15 G WIS 5 5 a0l de by 0 Sy oMadl G oo sl 52001 06 JUIL 5
GSenll G o sl ool Ll LSy A1 JYI dall la sl o okl loa
artificial neural) &elloV¥l deadl SIK2) pliseul Cal elhSes . il
Sl G o a5 dage SN BIT G5 g 0o ol (3. degdl 0dg) (networks
Ok el JY Al s

Ul Plaa il G llocl & pa yeuy g4iill

SN SLLI e Jsmamedl JI V1 s Y1 odatl) I35 o D hard] G oy 5220
S5 L1 (6 o ke s hogall adg) DLy a5 pazes o Jganel) dogall odg) Basdhe
N ESREN]

-Yahoo Finance )by o3 .1

SUSD JINRC(INR = x)" e Gl .2

" Historical Data &5 ,ll UL 3 a0 .3
"Download ;3" 356 &1 .4

Mol Gz 5l Ldu )l SULI i35 oy Kot oDl 5 STall o glasdll sl
2l ol Ol s BCSV Citke il « o35 358 Lol d gl 4o U
t UL e gazes 1,355 dogall odg) Ll 21 &5 0001 0 il laSlo 5 g OV Lies

import numpy as np
import pandas as pd


https://thecleverprogrammer.com/2021/03/17/neural-networks-in-machine-learning/
https://thecleverprogrammer.com/2021/03/17/neural-networks-in-machine-learning/
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import matplotlib.pyplot as plt
import seaborn as sns

from seaborn import regression
sns.set ()
plt.style.use('seaborn-whitegrid')

data = pd.read csv("INR.csv")
print (data.head())

Date Open High Low Close Adj Close Volume
2020-05-22 75.62500@ 76.209583 75.610001 75.62500@ 75.625000 e
2020-05-25 75.985001 76.129581 75.75750@ 75.9850@01 75.985@01
2020-05-26 75.873596 76.11eeel 75.404999 76.11ee01l 76.11eeel
2020-05-27 75.489502 76.000000 75.381382 75.820000 75.820000
2020-05-28 75.885696 76.129937 75.634499 76.129997 76.129937

b wN RO
® @ O @

S Bl 02l 2 "Close” SV 5 508 83 52 5ol @] codn SULIN s gozes S
el e e dan 85 5 AL G yes S L 5 J) gl

plt.figure (figsize= (10, 4))
plt.title("INR - USD Exchange Rate")
plt.xlabel ("Date")

plt.ylabel ("Close")

plt.plot (data["Close"])

plt.show ()

INR - USD Exchange Rate
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print (data.corr())
sns.heatmap (data.corr())
plt.show ()

Open High Low Close Adj Close Volume
Open 1.000000 ©.984518 ©.983143 0.994720 ©.994720 NaN
High ©.984518 1.000000 ©.981582 0.984599 @.984599 NaN
Low ©.983143 @.981582 1.200000 ©.985281 ©.985281 NaN
Close ©.99472@ ©.984599 ©.985281 1.0eeee0 1.00000e NaN
Adj Close ©.994720 ©.984539 ©.985281 1.000000 1.200000 NaN

Volume NaN NaN NaN NzaN NaN NaN
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Open

5
I

Low

Close

1.000
0996
0992
09688
0984

Open High Low Close Adj Close Volume

Volume Adj Close

kel il 2 Slall 550 G b o UL e sames slute] _a &) 5 sl 03
1y el Al 3 el i35 x

= datal[["Open", "High", "Low"]]
= data["Close"]

= x.to numpy ()

= y.to numpy ()

= y.reshape (-1, 1)

3505 sl Oeall Usls (13 5 3 50 iy 55 UL o goes ot Les (Y

KK XK X
|

105k A el (Decision Tree Regression) 1,8l 8 zed sl

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

from sklearn.tree import DecisionTreeRegressor
model = DecisionTreeRegressor ()

model.fit (xtrain, ytrain)

ypred = model.predict (xtest)

Bl oL Bl s b el G o lan a8 mall ol e 3100 AL oY Les
:hes L4l

data = pd.DataFrame (data={"Predicted Rate": ypred.flatten() })
print (data.head())

Predicted Rate
74.820000
74.019997
73.e892e3
73.3748e2
73.1334e0

B wWw N HF O
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https://thecleverprogrammer.com/2021/05/22/currency-exchange-rate-

[prediction-with-machine-learning
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Forecasting using Python
s bl 5l (Website Traffic Forecasting) wusll a350 il 5ecll oo
Time ) &l Juwdhadl 525 plasial Vb Juadl a5l L] ma 528 S5 o)
Jlaadl odgd o & Sl gl LaS @ me &y 5 S 13 (Series Forecasting
05 PS8 g bl 5l g JDS BUST O g Wil oda 3l dslis

ugll ALl g 6890 sl i il

oo 301 UL 0 g ) 50 L 330 gl 1 B i g o
O Ao sl GBI OULy U ULy e g 50wy - thecleverprogrammer. com 1 5o
3ol dage GOVITTA Ln (e UL e games o35 ey 12022 555 J) 2021 55
B3I UL e pazens 0l OLeSeo sl il Gk e ol @350 chdl 2

import pandas as pd

import matplotlib.pyplot as plt

import plotly.express as px

import plotly.graph objects as go

from statsmodels.tsa.seasonal import seasonal decompose
from statsmodels.graphics.tsaplots import plot pacf
from statsmodels.tsa.arima model import ARIMA

import statsmodels.api as sm

data = pd.read csv ("Thecleverprogrammer.csv")
print (data.head())

Date Views
81/e6/2021 7831
02/06/2021 7798
93/06/2021 7401
04/06/2021 7054
95/06/2021 7973

AW N RO

G Lzl |3 (traffic)els Wiy (date) Gl (o see o SUL Ao gazes (5 5o
1Ml sl Sy g5 J] bl s pee J ol
data["Date"] = pd.to datetime (data["Date”],

format="%d/%m/%Y"”)
print (data.info())


https://statso.io/forecasting-website-traffic-case-study/
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<class 'pandas.core.frame.DataFrame’>

RangeIndex: 391 entries, © to 390
Data columns (total 2 columns):
# Column Non-Null Count Dtype

@ Date 391 non-null datetime64[ns]
1 Views 391 non-null int64
dtypes: datetime64[ns](1), int64(1)
memory usage: 6.2 KB

None

Gl see Jl aly a3 U &Il B(object) B e lls bl 3sas S
foa ) 8 sed oo gl LA o 5 e AL 0¥l Les 3l

plt.style.use('fivethirtyeight')
plt.figure(figsize= (15, 10))

plt.plot (data["Date"], data["Views"])
plt.title("Daily Traffic of Thecleverprogrammer.com')
plt.show()

Daily Traffic of Thecleverprogrammer.com
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result = seasonal decompose (data["Views”],
model="multiplicative’,
freq = 30)

fig = plt.figure (O
fig = result.plot O
fig.set size inches(10,15)
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pd.plotting.autocorrelation plot (data["Views"])
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plot pacf (data["Views"], lags = 100)
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Partial Autocorrelation
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Py d, q = 5, 1, 2
model=sm.tsa.statespace.SARIMAX (data['Views”],
order=(p, d, 9),
seasonal order=(p, d, g, 12))
model=model.fit()
print (model.summary () )

Statespace Model Results

Dep. Variable: Views No. Observations: 391
Model: SARIMAX(5, 1, 2)x(5, 1, 2, 12) Log Likelihood -3099.402
Date: Tue, 28 Jun 2022 AIC 6228.803
Time: 87:01:18 BIC 6287.827
Sample: 8 HQIC 6252.229
- 391
Covariance Type: opg
coef std err z P>|z]| [@.825 8.975]
ar.L1l 9.7808 ©.134 5.836 0.000 @.518 1.043
ar.L2 -0.7973 ©.135 -5.920 0.000 -1.061 -8.533
ar.L3 -8.1442 8.17e -0.858 8.395 -8.477 8.188
ar.L4 -0.1833 ©.151 -1.210 0.226 -0.480 0.114
ar.L5 -0.1548 ©.139 -1.117 8.264 -8.426 0.117
ma.Ll -1.1826 9.894 -12.515 2.ee8 -1.368 -8.997
ma.L2 9.8856 ©.e78 11.304 0.000 9.732 1.039
ar.5.L12 -8.2686 4.688 -8.857 8.955 -9.293 8.772
ar.5.L24 9.8428 ©.781 9.855 9.956 -1.488 1.573
ar.S.L36 -0.1380 ©.246 -8.764 9.445 -0.670 ©.294
ar.5.L48 -0.2151 ©.959 -8.224 0.823 -2.095 1.664
ar.S.Le@ 0.e127 9.986 8.813 e.998 -1.920 1.946
ma.S.L12 -0.6902 4.611 -8.150 9.881 -9.728 8.348
ma.S5.L24 -8.8994 3.637 -8.827 8.978 -7.228 7.829
sigma2 1.257e+@6  1.59¢+05 7.914 0.000 9.46e+85 1.57e+06
Ljung-Box (Q): 102.98 Jarque-Bera (JB): 1.32
Prob(Q): ©.80 Prob(JB): 8.52
Heteroskedasticity (H): 1.83  Skew: .14
Prob(H) (two-sided): 8.85 Kurtosis: 3.01

03| U g el I35 ol w50 bl Lzt 0 Les
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predictions = model.predict (len(data), len(data)+50)
print (predictions)

391 9874.390136
392 10786.957398
393 10757 .445385

394 9863.899552
395 8765.031698
396 8212.310651

397 8929.181869
398 9685.809771
399 10270.622236
4ee 10625.904993
401 9854.870630
482 9362.193417
403 9040.021193
424 9081.558484
4es 10538.993124
406 11003.816870
4e7 10897 .859601
488 10083.291284

4e9 9445.806523
410 8629.901288
411 9184.420361

412 10392.770399
413 10593.541868
414 10788.128238
415 10263.101427
416 9449.467789
417 9840.226113
418 9168.972091
419 9887.094079
420 10218.658067
421 10715.657122

422, 9899.224399
423 9541.622897
424 9065.810941

425 8825.335634
426 10137.536392
427 10839.866240
428 18985.862922
429 le411.640309
430 9451.211368
431 8698.339931
432 8725.534103
433 1ee6@.678587
434 18566.263524
435 1e842.515622
436 10485.387495
437 9335.244813
438 9175.122336
4339 9357.034382
448 18295.910655
441 11162.934817
dtype: float6d

data["Views"].plot (legend=True, label="Training Data”,

figsize= (15, 10))
predictions.plot (legend=True, label="Predictions")
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https://thecleverprogrammer.com/2022/06/28 /website-traffic-
[forecasting-using-python
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Stock Price Prediction with LSTM ¢go foaudl yeony §iil (8

LSTM

Long Short-Term Memory ) ol 5,003 dysb 3 S1UI 0l x5 LSTM
S (recurrent neural network) 3, Seall Lasll SIS (e ¢ 5 L) (Networks
(time series) &3 JwNJL 520015 (regression) HlesYL 5l C’:L& Jas <=.x$cw3
¢ LSTM dan)l 0l s oo il b ol 2d) ©ULIL s aSlay (Sl B
LSTM sl agu¥1 bl 52201 LS Dm0 5 @S 13] (6 5V ) S
sty I lanls 5201 s e Slallbl 5 g Hiall ek (3.3l Bl Bl 0igh
gL plisenl LSTM

LSTM go roawdl jeuny gl

& LSTMs .ita 1 dlekedly 322 JYI whadl Ll sl dol LSTM pltsnd dny
Ut e Jond oS LalS (I . 5bT 5 20 UL ST a8 S50 e IS
LSTM Gaall 20201 plisl lSay (LI Jaio 3hrand] SESS Clts o
La LSTM oo sl 3613 Sy

el LSTM pliscnly gl sland 185 doge IS5 05T G5 g ol Via G0V
o B2l 03k DSl e st ok e degedl eda Tulu 0 gl e 8
:Apple gl Jland SLLy o]

import pandas as pd

import yfinance as yf

import datetime

from datetime import date, timedelta
today = date.today ()

dl = today.strftime ("$Y-%m-%d")

end date = dl

d2 = date.today() - timedelta (days=5000)
d2 = d2.strftime ("$Y-%m-%d")

start date = d2

data = yf.download('AAPL',

start=start date ,

end=end date ,

progress=False)
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low", "Close ,"
" Adj Close", "Volume”]]
data.reset index (drop=True, inplace=True)

data.tail()


https://web.stanford.edu/class/cs379c/archive/2018/class_messages_listing/content/Artificial_Neural_Network_Technology_Tutorials/OlahLSTM-NEURAL-NETWORK-TUTORIAL-15.pdf

i e i p

Date Open High ... Close Adj Close Volume
3441 2021-12-27 177.88999% 180.41%998 ... 180.330€02 180.330002 74919600
3442 2021-12-28 180.160004 181.338002 ... 179.289933 179.289993 79144300
3443 2021-12-29 179.330002 180.638005 ... 179.380€85 179.380885 62348900
3444 2021-12-3@ 179.470@01 180.578007 ... 178.199937 178.199997 59773000

3445 2021-12-31 178.889996 179.229996 ... 177.570@e7 177.570007 640825500

[5 rows x 7 columns]

Gl 8Ll e doedls 8, 5o (candlestick chart) 435G gl Jalases ula_._.
165 paall J3 SULA el lases L Uges U gl land

import plotly.graph objects as go

figure = go.Figure (data=[go.Candlestick (x=data["Date’],
open=data["Open"]
high=data["High"],
low=data["Low"] ,
close=data["Close"]) 1)

figure.update layout(title = "Apple Stock Price Analysis”,

xaxis rangeslider visible=False)
figure.show ()

Apple Stock Price Analysis

W
Vi

ssendl &Y GMEY 5 gons koYl &ox (correlation) bLs,l e 8,k 2L oVl Les
HERVI]

correlation = data.corr ()
print (correlation["Close"].sort values(ascending=False))

Close 1.e00000
Low ©.999890
High ©.999887
Adj Close ©.999845
Open ©.999783
Volume -8.496325

Name: Close, dtype: floatéd
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oaudl jeoy i LSTM ayjai
Sle sazmee V31 SULI eedla g1 el 522l LSTM 3 505 oyt 0¥ Lo
Hlesls coyls

= datal[["Open", "High", "Low", "Volume"]]

data["Close"]
x.to numpy()

= y.to numpy(Q)
y.reshape (-1, 1)

KK X R OX
I

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

P LSTMJ dae 32 JSoa slaels 530 oY

from keras.models import Sequential

from keras.layers import Dense, LSTM

model = Sequential()

model.add (LSTM (128, return sequences=True, input shape=
(xtrain.shape([1l], 1)))

model.add (LSTM (64, return sequences=False))

model.add (Dense (25))

model.add (Dense (1))

model . summary()

Model: "sequential 6"

Layer (type) Output Shape Param #
=15tm_12 (LSTM) T (;:::j=4, 128) ==========:::::=====
1stm_13 (LSTM) (None, 64) 43408
dense_12 (Dense) (None, 25) 1625
dense_13 (Dense) (None, 1) 26

Total params: 117,618
Trainable params: 117,619

Non-trainable params: @

o bl 5ol) Ll LS 23 g 55 LSy (ST OV

model.compile (optimizer="'adam', loss='mean squared error')
model.fit (xtrain, ytrain, batch size=1, epochs=30)
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Epoch 1/3@

2756/2756 [ ] - 18s 5ms/step - loss: 6.7984

Epoch 2/3@

2756/2756 [ ] - 15s Sms/step - loss: 4.4978

Epoch 3/3@

2756/2756 - 155 Bms/step - loss: 5.6511
p

Epoch 4/3@

275672756 [ ] - 155 Sms/step - loss: 6.8347

Epoch 5/3@

2756/2756 [ ] - 15s Sms/step - loss: 9.5083

Epoch 6/3@

2756/2756 - 155 Bms/step - loss: 7.4367
p

Epoch 7/38

2756/2756 [ ] - 155 Sms/step - loss: 4.3043

Epoch 8/3@

2756/2756 [ ] - 15s 6ms/step - loss: 4.2213

Epoch 9/3@

2756/2756 [ ] - 15s Sms/step - loss: 5.7352

Epoch 18/3@

275672756 [ ] - 155 6ms/step - loss: 5.2137

Epoch 11/30

2756/2756 [ ] - 15s S5ms/step - loss: 6.0945

Epoch 12/38

2756/2756 [ 1 - 14s Sms/step - loss: 4.1832

Epoch 13/30

2756/2756 - 155 Bms/step - loss: 4.3637
p

Epoch 14/30

2756/2756 [ ] - 15s Sms/step - loss: 6.2248

Epoch 15/3@
2756/2756 [ ] - 15s Bms/step - loss: 1.9857

Epoch 16/3@

2756/2756 [ ] - 15s Sms/step - loss: 6.3982

Epoch 17/3@

2756/2756 [ ] - 15s Sms/step - loss: 3.3015

Epoch 18/30

2756/2756 [ ] - 15s 5ms/step - loss: 3.9184

Epoch 19/3@

2756/2756 [ ] - 15s 5ms/step - loss: 4.6564

Epoch 20/30

2756/2756 [ ] - 15s Bms/step - loss: 3.3215

Epoch 21/30

2756/2756 [ ] - 15s 6ms/step - loss: 4.3116

Epoch 22/30

2756/2756 [ ] - 15s Sms/step - loss: 2.8147

Epoch 23/3@

2756/2756 [ ] - 15s 5ms/step - loss: 5.7586

Epoch 24/30

2756/2756 - 16s éms/step - loss: 4.18%9@
p

Epoch 25/30

2756/2756 [ ] - 17s 6ms/step - loss: 3.6991

Epoch 26/30

2756/2756 [ ] - 15s 6ms/step - loss: 4.@951

Epoch 27/3@

2756/2756 - 15s Bms/step - loss: 3.5948
P

Epoch 28/3@

2756/2756 - 16s 6ms/step - loss: 3.7188
P

Epoch 29/30
2756/2756 [ ] - 15s 6ms/step - loss: 3.5864

Epoch 3@/3@
2756/2756 [ ] - 15s Sms/step - loss: 3.7422
<keras.callbacks.History at @x7fB8c37686790>
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import numpy as np

#features = [Open, High, Low, Adj Close, Volume]

features = np.array ,177.070007 ,180.419998 ,177.089996]1])

74919600 11])
model.predict (features)

array([[179.95299]], dtype=float32)
et 520 dagad LSTM Lmanll 81 JSCom gl gy LSy 21 83 Jall oo o 093]
e
uﬂi‘LLo."
S daanas 5y S L iSKS LG] Lgdadl B el Al gb 5 ST OIKS s LSTM
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https://thecleverprogrammer.com/2022/01/03/stock-price-prediction-

Jwith-Istm
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Sales Forecasting with (JUI oleil ppladiwl ailesolu guiil (9

Machine Learning
iy e JlsYl s doznd S g lay seasonal drew pe &5l AN o ol
el 853 laall g 5 DL 3,8 IS ptiiid o Manly Ol gadl (o (oo
Slaadl 320 p sl Bl 0 3.0 5bT8 20 Gl Bl T o Lslosss Ll
JoSdly 5l o L pliianls Rl UL el I3 o S o plal,

.Time Series Forecasting 4. 3|
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3605 aa) 0VIs il &gl 50 ) Slaalb Lol (el oda @L@*g.ouﬁm
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e
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import plotly.express as px

from fbprophet import Prophet

from sklearn.metrics import mean squared error

from math import sqgrt

from statsmodels.distributions.empirical distribution import
ECDF

import datetime

import pandas as pd

import numpy as np

df = pd.read csv(‘Sales Product Price by Store.csv’)

df [‘Date’] = pd.to datetime (df[‘Date’])
df [ ‘weekly sales’] = df[‘Price’] * df[‘Weekly Units Sold’]
df .head()


https://drive.google.com/file/d/1CquuzGIa_F6efyNYzxtpoX13RwmIX1ti/view?usp=sharing
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Base
Store Product Date Is_Holiday Bri Price Weekly_Units_Sold weekly s
rice
2010-
0 1 1 False 999 799 245 1957.55
02-05
2010-
11 1 True 999 799 453 3619.47
02-12
2010-
2 1 1 False 999 799 409 3267.91
02-19
2010-
31 1 False 999 799 191 1526.09
02-26
2010-
4 1 1 False 999 999 145 1448.55
03-05

df.set index(‘Date’, inplace=True)
df[‘year’] = df.index.year

df [ ‘month’] = df.index.month
df[‘day’] = df.index.day

df [ ‘week of year’] = df.index.weekofyear
df.head ()
Base
Store Product Is_Holiday Pri Price Weekly_Units_Sold weekly_s
rice

Date
2010-

1 1 False 999 799 245 1957.55
02-05
2010-

1 1 True 9.99 799 453 3619.47
02-12
2010-

1 1 False 999 799 409 3267.91
02-19
2010-

1 1 False 999 799 191 1526.09
02-26
2010-

1 1 False 999 999 145 1448.55
03-05
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import matplotlib.pyplot as plt

import seaborn as sns

sns.set (style = “ticks”)

c = ‘“#386B7F’

figure, axes = plt.subplots(nrows=2, ncols=2)
figure.tight layout (pad=2.0)
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plt.subplot (211)

cdf = ECDF (df[‘Weekly Units Sold’])

plt.plot(cdf.x, cdf.y, label = “statmodels”, color = c);
plt.xlabel (‘Weekly Units Sold’); plt.ylabel (‘ECDE’);

plt.subplot (212)

cdf = ECDF (df[‘weekly sales’])

plt.plot(cdf.x, cdf.y, label = “statmodels”, color = c);
plt.xlabel (‘Weekly sales’);

1.0 4
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0 5000 10000 15000 20000 25000
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df.groupby (‘Store’) [ ‘weekly sales’] .describe ()

count mean std min 25% 50% 75% max

Store

1 429.0 1789.414172 900.074226 769.65 1208.90 1659.17 1957.20 6811
2 429.0 2469447413 1328.162884 114348 1579.21 2215.08 2756.55 911(
3 429.0 670.924009 366.816321 229.77 459.77 619.69 730.78 2651
4 429.0 3078.462145 1746.147872 1099.45 1818.18 2626.61 3837.51 137!
5 429.0 588.922984 242.628977 285.87 461.23 51974 613.53 226
6 429.0 2066.705082 1163.284768 890.19 1418.58 1758.40 2156.40 793
7 429.0 955.115058  489.084883  389.61 649.35 857.61 1041.51 327
8 429.0 1352.094056 811.326288 516.53 846.23 1275.87 1491.51 665

10 429.0 4093.407249 3130.087191 1483.65 2462.88 3707.81 451047 255
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df .groupby (‘Store’) [ ‘Weekly Units Sold’].sum()

Store
1 86699

2 121465

3 31689

4 158718

5 27300

6 97698

7 44027

8 65273

10 208924

Name: Weekly_Units_Sold, dtype: inté64

43.1.}-} 2500 GQ uﬁfﬁ&)‘ ui.«i cCJnyw.U CMT Jaé-?i L}MT C‘M‘}J e)&fj J.i.‘;J\ c..aﬁ
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o) Slarall Sy lslas] e 8,k 3k Les BT s 43 )

g = sns.FacetGrid(df, col="Is Holiday”, height=4, aspect=.8)
g.map (sns.barplot, “Product”, “Price”)

Is_Holiday = False Is_Holiday = True

Price

2 2
Product Product

g = sns.FacetGrid(df, col="Is Holiday”, height=4, aspect=.8)
g.map (sns.barplot, “Product”, “Weekly Units Sold”)

Is_Holiday = False Is_Holiday = True

300 +

ts_Sold

Weekly_Uni
&
[=]
1

1 2 2
Product Product
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G = sns.FacetGrid(df, row="Is Holiday”,
height=1.7, aspect=4,)
g.map (sns.distplot, "“Weekly Units Sold”, hist=False, rug=True)

Is_Holiday = False

0.0025

0.0000 / f — T T
Is_Holiday = True

0.0025

0.0000

T T T T T T
0 500 1000 1500 2000 2500
Weekly_Units_Sold

sns.factorplot (data= df,
x= ‘Is Holiday’,
y= ‘Weekly Units Sold’,
hue= ‘Store’)
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100
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T

T
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Is_Holiday

sns.factorplot (data= df,
x= ‘Is Holiday’,
y= ‘Weekly Units Sold’,
hue= ‘Product’)
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G = sns.FacetGrid(df, col="Product”, row="Is Holiday”,
margin titles=True, height=3)

g.map (plt.scatter, “Price”, “Weekly Units Sold”,
color="#338844", edgecolor="white”, s=50, lw=1)

g.set (xlim=(0, 30), ylim=(0, 2600));
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G = sns.FacetGrid(df, col="Store”, hue="Product”,
margin titles=True, col wrap=3)
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g.map (plt.scatter, ‘Price’, ‘Weekly Units Sold’, alpha=.7)
g.add legend()
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Df .groupby ([ ‘Product’, ‘promotion’]) [ ‘Price’,
‘Weekly Units Sold’].mean ()

Product promotion

1 0 10.653866 131.637722
1 8.523333 199.171296
2 0 6.294348 317.388406
1 4.201429 581.099206
3 0 20.700744 87.748393
1 10.409091 400.484848

Lla>Se oo JLeSiwY heatmap &) iy 3 ¢ 25 Les Y
corr all = df.corr()

# Generate a mask for the upper triangle
mask = np.zeros like(corr all, dtype = np.bool)
mask[np.triu indices from(mask)] = True

# Set up the matplotlib figure
f, ax = plt.subplots(figsize = (11, 9))

# Draw the heatmap with the mask and correct aspect ratio
sns.heatmap (corr all, mask = mask,

square = True, linewidths = .5, ax = ax, cmap =
“BuPu”)
plt.show () ;
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# store types

sales 1 = df[df.Store == 1][‘weekly sales’
sales 2 = df[df.Store == 2] [ ‘weekly sales’]
sales 3 = df[df.Store == 3] [ ‘weekly sales’]
sales 4 = df[df.Store == 4][‘weekly sales’]
sales 5 = df[df.Store == 5] [ ‘weekly sales’]
sales 6 = df[df.Store == 6] [ ‘weekly sales’]
sales 7 = df[df.Store == 7] [ ‘weekly sales’]
sales 8 = df[df.Store == 8] [ ‘weekly sales’]
sales 10 = df[df.Store == 10] [ ‘weekly sales’]

f, (axl, ax2, ax3, ax4, ax5, ax6, ax7, ax8, ax9) =
plt.subplots (9, figsize = (20, 15))

# store types

sales 8.plot(color = ¢, ax = ax8
sales 10.plot(color = ¢, ax = ax

sales l.plot(color = ¢, ax = axl)
sales 2.plot(color = ¢, ax = ax2)
sales 3.plot(color = ¢, ax = ax3)
sales 4.plot(color = ¢, ax = ax4)
sales 5.plot(color = ¢, ax = ax)b)
sales 6.plot(color = ¢, ax = axb6)
sales 7.plot(color = ¢, ax = ax7)

)

9
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store 10 pro 3 = df[(df.Store == 10) &amp; (df.Product ==
3)].loc[:, [‘Base Price’, ‘Price’, ‘Weekly Units_Sold’,
‘weekly sales’]]
store 10 pro 3.reset index(level=0, inplace=True)
fig = px.line(store 10 pro 3, x='Date’, y='weekly sales’)

fig.update layout (title text=’'Time Series of weekly sales’)
fig.show ()

Time Series of weekly sales
25k
20k

15k

weekly_sales

10k

5k

Jul 2010 Jan 2011 Jul 2011 Jan 2012 Jul 2012

Date
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Model = Prophet (interval width = 0.95)

model.fit (store 10 pro 3)

future dates = model.make future dataframe (periods = 50,
freg="W")

future dates.tail(7)

forecast = model.predict (future dates)

# preditions for last week
forecast[[‘ds’, ‘yhat’, ‘yhat lower’, ‘yhat upper’]].tail(7)

ds yhat yhat_lower yhat_upper
186 2013-08-25 7160.453669 4742.937710 9559.615673
187 2013-09-01 5542.434739 3249.762712 7887.321785
188 2013-09-08 3702.168377 1355.902566 5824.5565193
189 2013-09-15 2427.279755 189.552142 4693.158976
190 2013-09-22 2386.972428 7.973471 4673.053027
191 2013-09-29 3020.451351 759.252236 5227.695107
192 2013-10-06 3157.655085 756.079499 5603.923897

model.plot (forecast)

25000 4 *

20000

15000

10000 o
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T T T T
2010-05 2010-11 2011-05 201111 2012-05 01211 201308 01311
ds

model.plot components (forecast)
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metric df =

forecast.set index(‘'ds’) [[‘vhat’]].join(store 10 pro 3.set ind
ex('ds’) .y) .reset index()

metric df.dropna(inplace=True)

error = mean squared error (metric df.y, metric df.yhat)

print (‘The RMSE is {}’. Format (sgrt (error)))

The RMSE is 119@.0962582193933
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import pandas as pd

global temp = pd.read csv("GlobalTemperatures.csv")
print (global temp.shape)

print (global temp.columns)

print (global temp.info())

print (global temp.isnull () .sum())
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#Data Preparation
def wrangle (df) :
df = df.copy ()
df = df.drop(columns=["LandAverageTemperatureUncertainty",
"LandMaxTemperatureUncertainty",
"LandMinTemperatureUncertainty",
"LandAndOceanAverageTemperatureUncertainty"], axis=1)

13 5has VI DL p s (5 dy - foo Wl Y i SBLI ] o B Jos
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https://raw.githubusercontent.com/amankharwal/Website-data/master/GlobalTemperatures.csv
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def converttemp (x) :
x = (x * 1.8) + 32
return float (x)
df ["LandAverageTemperature"] =
df ["LandAverageTemperature"] .apply (converttemp)
df ["LandMaxTemperature"] = df ["LandMaxTemperature"] .apply (converttemp)
df ["LandMinTemperature"] = df ["LandMinTemperature"] .apply (converttemp)
df ["LandAndOceanAverageTemperature"] =
df ["LandAndOceanAverageTemperature"] .apply (converttemp)

df ["dt"] = pd.to datetime (df["dt"])
df ["Month"] = df["dt"].dt.month
df ["Year"] = df["dt"].dt.year

df = df.drop("dt", axis=1)

df = df.drop("Month", axis=1)
df = df[df.Year &gt;= 1850]
df = df.set index(["Year"]

df = df.dropna ()

return df
global temp = wrangle(global temp)
print (global temp.head())
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import seaborn as sns

import matplotlib.pyplot as plt
corrMatrix = global temp.corr ()
sns.heatmap (corrMatrix, annot=True)
plt.show ()
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target = "LandAndOceanAverageTemperature"

y = global temp[target]
x = global temp[["LandAverageTemperature", "LandMaxTemperature",

"LandMinTemperature"] ]
Juwialg wyyai wbly Jl puwd Ul
sl SULI s J] i (S ol plaunaly el 5ol) 3 505 s LisY (V)
sscikit-Learn ;pe 4sdioll train test split da,b

from sklearn.model selection import train test split

xtrain, xval, ytrain, yval = train test split(x, y, test size=0.25,
random state=42)

print (xtrain.shape)

print (xval.shape)

print (ytrain.shape)

print (yval.shape)

(1494, 3)
(498, 3)
(1494,)
(498,)
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from sklearn.metrics import mean squared error

ypred = [ytrain.mean()] * len(ytrain)
print ("Baseline MAE: ", round(mean squared error (ytrain, ypred), 5))
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from sklearn.feature_selection import SelectKBest

from sklearn.ensemble import RandomForestRegressor
forest = make pipeline (
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SelectKBest (k="all"),

StandardScaler (),

RandomForestRegressor (
n_estimators=100,
max_ depth=50,
random state=77,
n_jobs=-1

)

)

forest.fit (xtrain, ytrain)

uI |L!‘-_‘.-.||9J]"J| I "Ilejw ”"uu
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import numpy as np
errors = abs(ypred - yval)
mape = 100 * (errors/ytrain)

accuracy = 100 - np.mean (mape)
print ("Random Forest Model: ", round(accuracy, 2), "$")

Random Forest Model: 99.52 %
S has By Jeiedl oLl JYI (el plaseialy &gl G Jally gl Lol el o )
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import numpy

import matplotlib.pyplot as plt
import pandas

import math

from keras.models import Sequential
from keras.layers import Dense



i i e ot i CRE

from keras.layers import LSTM

from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import mean squared error
# fix random seed for reproducibility
numpy.random. seed (7)

LSTM g3sas o Lgaltsend oo e s GBI jezms SLLIL Joows Les oY
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# load the dataset

dataframe = pandas.read csv('airline-passengers.csv',
usecols=[1], engine='python')

dataset = dataframe.values

dataset = dataset.astype('float32'")

# normalize the dataset

scaler = MinMaxScaler (feature range=(0, 1))

dataset = scaler.fit_transform(dataset)

itest sets Hlodl Ole gazesy training sets <oy Sle gozes  JJ UL MLM oY

# split into train and test sets

train size = int(len(dataset) * 0.67)
test size = len(dataset) - train size
train, test = dataset[O:train size,:],

dataset[train size:len(dataset), :]
print (len(train), len(test))

96 48

LSTM o éuico I Juw Wl
oo SSe g S slae] J] los (LSTM 3508 e SbLl o)l J3 oY
3o lis Dl Lagadl o sd>Lu s (35 G(AD) Lgmasdlo

# convert an array of values into a dataset matrix
def create dataset (dataset, look back=1l):
dataX, dataY = [], []
for i in range(len(dataset)-look back-1):
a = dataset[i: (i+look back), 0]
dataX.append(a)
dataY.append(dataset[i + look back, 0])
return numpy.array(dataX), numpy.array(dataY¥)

:LSTM g3 ga dlgidas 13 UL (reshape) JSias asle] J) ks oY)

# reshape into X=t and Y=t+1

look back =1

trainX, trainY = create dataset(train, look back)
testX, testY = create dataset(test, look back)

# reshape input to be [samples, time steps, features]
trainX = numpy.reshape (trainX, (trainX.shape[O], 1,
trainX.shape[1l]))

testX = numpy.reshape (testX, (testX.shapel[O], 1,
testX.shape[l]))


https://raw.githubusercontent.com/amankharwal/Website-data/master/airline-passengers.csv
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# create and fit the LSTM network

model = Sequential ()

model.add (LSTM (4, input shape= (1, look back)))

model.add (Dense (1))

model.compile (loss="mean squared error',6 optimizer='adam')
model.fit (trainX, trainY, epochs=100, batch size=1, verbose=2)

052 dmatplothib de - el e 1 Judhdl Slalsl s s L Lies (Y

# make predictions

trainPredict = model.predict (trainX)

testPredict = model.predict (testX)

# invert predictions

trainPredict = scaler.inverse transform(trainPredict)
trainY = scaler.inverse transform([trainY])
testPredict = scaler.inverse transform(testPredict)
testY = scaler.inverse transform([testY])

# calculate root mean squared error

trainScore = math.sqgrt (mean squared error (train¥Y[0],
trainPredict[:,0]))

testScore = math.sqgrt (mean squared error (testY[O],
testPredict([:,0]))

# shift train predictions for plotting
trainPredictPlot = numpy.empty like (dataset)

trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look back:len(trainPredict)+look back, :] =
trainPredict

# shift test predictions for plotting

testPredictPlot = numpy.empty like(dataset)

testPredictPlot[:, :] = numpy.nan
testPredictPlot[len(trainPredict) +(look back*2)+1:len(dataset)
-1, :] = testPredict

# plot baseline and predictions
plt.plot(scaler.inverse_transform(dataset))

plt.plot (trainPredictPlot)

plt.plot (testPredictPlot)

plt.show ()
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Forecasting with Machine Learning
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import pandas as pd
import numpy as np
import fbprophet
from fbprophet.plot import add changepoints to plot

import warnings
import matplotlib.pyplot as plt

Bl 3 INs o Gl sl Ggmd o5l ol e 5l il cead SY Dl Y
oo sl Al sally 320l Lo 21 SBL) e gores

df = pd.read csv("daily-total-female-births.csv",

parse dates=['Date'], date parser=pd.to datetime)
df.columns = ['ds', 'y']
df .head()

ds y

1959-81-01 35
1959-01-02 32
1959-01-03 3@
1959-e1-04 31
1959-01-05 44
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plt.plot(df['ds'], df['y']l);
plt.title('Daily Female Births in 1959')

Daily Female Births in 1959
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with warnings.catch warnings() :
warnings.simplefilter ("ignore")
m = fbprophet.Prophet (yearly seasonality=True,
daily seasonality=False,
changepoint range=0.9,
changepoint prior scale=0.5,
seasonality mode='multiplicative')
m.fit (df)
future = m.make future dataframe (periods=50, freg='d")
forecast = m.predict (future)

23l Gorkad g Lo Wl 1 o godl Sl 31 5 B s (V)

m.plot components (forecast)
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m.plot (forecast)

195301 1959.03 1959.05 1959.07 195308 1959-11 1960-01 196003
o

sy Y1 ] o fn sl ol 5200 Gl s ool 3 0 55 0 s

-Facebook Prophet 5 503

:Janoll

https://thecleverprogrammer.com/2020/08/27/daily -births-forecasting -

/with-machine-learning



https://thecleverprogrammer.com/2020/08/27/daily-births-forecasting-with-machine-learning/
https://thecleverprogrammer.com/2020/08/27/daily-births-forecasting-with-machine-learning/
https://thecleverprogrammer.com/2020/08/27/daily-births-forecasting-with-machine-learning/
https://thecleverprogrammer.com/2020/08/27/daily-births-forecasting-with-machine-learning/

Facebook Prophet gg.0J &0 ol jlewly §uiill

Stock Facebook Prophet gigoi &o mawil jlewl §uiil (13
Price Prediction with Facebook Prophet Model
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import pandas_datareader as web
import warnings

'pip install fbprophet

import fbprophet

Lo Jond AN SULI e 50 by T2 Les oY)

from google.colab import files
uploaded = files.upload()
data = pd.read csv ("GOOG.csv")


https://in.finance.yahoo.com/
https://raw.githubusercontent.com/amankharwal/Website-data/master/GOOG.csv
https://in.finance.yahoo.com/
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data.head ()

b Date Open High Low Close  Adj Close Volume
0 2019-08-09 1197.989990 1203.880005 1183.603027 1188.010010 1188.010010 1065700
1 2019-08-12 1179.209961 1184.959961 1167.671997 1174.709961 1174.709961 1003000
2 2019-08-13 1171.450961 1204.780029 1171.459961 1197.270020 1197.270020 1294400
3 2019-08-14 1176.310059 1182.300049 1160.540039 1164.290039 1164.290039 1578700

4 2019-08-15 1163.500000 1175.839966 1162.109985 1167.260010 1167.260010 1218700

UL g il 535 e dsandl oo o Ka om SBLI o Lo BB ol L3

lele Jomw I
plt.style.use("fivethirtyeight")
plt.figure (figsize=(16,8))
plt.title("Google Closing Stock Price")
plt.plot (data["Close"])
plt.xlabel ("Date", fontsize=18)
plt.ylabel ("Close Price USD ($)", fontsize=18)
plt.show ()
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data = data[["Date","Close"]]

data = data.rename (columns = {"Date":"ds","Close":"y"})
data.head()
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B ds y

0 2019-08-09 1188.010010
1 2019-08-12 1174.709961
2 2019-08-13 1197.270020
3 2019-08-14 1164.290039

4 2019-08-15 1167.260010

:Google WT)L&M-’L 3cd) Facebook Prophet CSJAS & <L v.})b Lses oVl

from fbprophet import Prophet
m = Prophet (daily seasonality=True)
m.fit (data)

3l e a0 b Les oY1 Facebook Prophet g3 se3 me UL LeeShe (Jlowrs 44

future = m.make future dataframe (periods=365)
predictions=m.predict (future)

m.plot (predictions)

plt.title ("Prediction of GOOGLE Stock Price")
plt.xlabel ("Date")

plt.ylabel ("Closing Stock Price")

plt.show ()
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m.plot components (predictions)
plt.show ()
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import pandas as pd

'pip install pyflux

import pyflux as pf
from datetime import datetime

S g ol Y1 Jam s UL e dns e 8 ka0 by SULIL s, sl Les oY)
L e gl oda Blgessend 2l UL 5

from google.colab import files
uploaded = files.upload()
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data train a = pd.read csv('cpu-train-a.csv', parse dates=[0],
infer datetime format=True)

data test a = pd.read csv('cpu-test-a.csv', parse dates=[0],
infer datetime format=True)

data train_ a.head()

datetime cpu
0 2017-01-27 18:42:00 1.14
1 2017-01-27 18:43:00 1.10
2 2017-01-27 18:44:00 1.09
3 2017-01-27 18:45:00 1.08

4 2017-01-27 18:46:00 1.08
ane Jors Lo o e 8,080 Y UL e o s (Y

import matplotlib.pyplot as plt
plt.figure(figsize=(20,8))

plt.plot(data train a['datetime'], data train a['cpu'l,
color="'black")

plt.ylabel ('CPU %')

plt.title('CPU Utilization')

CPU Utilization
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model a = pf.ARIMA (data=data train a, ar=11, ma=11, integ=0,
target='"cpu')

x = model a.fit ("M-H")

Acceptance rate of Metropolis-Hastings is 0.0

Acceptance rate of Metropolis-Hastings is 0.026

Acceptance rate of Metropolis-Hastings is 0.2346

Tuning complete! Now sampling.

Acceptance rate of Metropolis-Hastings is 0.244425

L3 gad o g (Y
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model a.plot fit(figsize=(20,8))

cpu

[] s 100 150 200 %0 00 B0 400

T35 55 e Sl s B5Shell Lndlaall sde el Slel £ 3Y s
L3 god 1ol i) Lard sl [GLes (g 2 Les oYL ARIMA

model a.plot predict is(h=60, figsize=(20,8))
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model a.plot predict (h=60,past values=100,figsize=(20,8))

Forecast for cpu
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data train b = pd.read csv('cpu-train-b.csv', parse dates=[0],
infer datetime format=True)

data test b = pd.read csv('cpu-test-b.csv', parse dates=[0],
infer datetime format=True)

plt.figure(figsize=(20,8))

plt.plot(data train b['datetime'], data train b['cpu'l,
color="black"')

plt.ylabel ('CPU %'")

plt.title('CPU Utilization')

CPU Utilization
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model b = pf.ARIMA (data=data train b, ar=11, ma=11, integ=0,
target="cpu')

x = model b.fit ("M-H")

Acceptance rate of Metropolis-Hastings is 0.0

Acceptance rate of Metropolis-Hastings is 0.016

Acceptance rate of Metropolis-Hastings is 0.1344

Acceptance rate of Metropolis-Hastings is 0.21025

Acceptance rate of Metropolis-Hastings is 0.23585

Tuning complete! Now sampling.

Acceptance rate of Metropolis-Hastings is 0.34395

model b.plot predict (h=60,past values=100, figsize=(20,8))

Forecast for cpu
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Series Analysis and Forecasting with Python
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import warnings

import itertools

import numpy as np

import matplotlib.pyplot as plt
warnings.filterwarnings ("ignore")
plt.style.use('fivethirtyeight')

import pandas as pd

import statsmodels.api as sm

import matplotlib
matplotlib.rcParams|['axes.labelsize'] = 14
matplotlib.rcParams|['xtick.labelsize'] 12
matplotlib.rcParams|['ytick.labelsize'] 12
matplotlib.rcParams|['text.color'] = 'k'

52y Al Jodldl oo e el U e (UL e pores JhikSee S la
RO FER

df = pd.read excel ("Superstore.xls")
furniture = df.loc[df['Category'] == 'Furniture']
furniture['Order Date'].min (), furniture['Order Date'].max ()


https://drive.google.com/file/d/1TcXkVFXcxhoX5YEJBq1_3wOsSFY8qTPI/view?usp=sharing
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Timestamp (‘'2014-01-06 00:00:00"), Timestamp (‘'2017-12-30
00:00:00")

bl dallco
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RO

cols = ['Row ID', 'Order ID', 'Ship Date', 'Ship Mode',
'Customer ID', 'Customer Name',
'Segment', 'Country', 'City', 'State',
'Postal Code', 'Region', 'Product ID',
'Category', 'Sub-Category', 'Product Name',
'Quantity', 'Discount', 'Profit']

furniture.drop(cols, axis=1l, inplace=True)

furniture = furniture.sort values('Order Date')

furniture.isnull () .sum/()

Order Date ]

Sales ]

dtype: inte4

furniture = furniture.groupby ('Order
Date') ['Sales'].sum() .reset index()
éudio JI Juw il Ul éuw jeé
furniture = furniture.set index ('Order Date')
furniture.index

DatetimeIndex(['2014-01-06', '2014-01-07', '2814-01-10', '2014-81-11',
'2014-01-13', '2014-901-14', '2014-01-16', '2014-01-19',
'2014-01-20', '2014-01-21',
'2017-12-18', '2017-12-19', '2e17-12-21', '2017-12-22',
‘2017-12-23', '2017-12-24', '2817-12-25', '2817-12-28',
'2017-12-29', '2017-12-30'],
dtype='datetime64[ns]', name='Order Date', length=889, freg=None)

U (UL Ao pozes o Jondl 3o 21 Gans Lo JLdl DateTime G Jod)l ke
JS & psenll Lebly e Bl e e éz,,,,;\ Slaall jam pseal

(5 @U:Sﬂ.&
y = furniture['Sales'].resample('MS') .mean ()

AU aleuo bl pgni

y.plot (figsize= (15, 6))
plt.show ()
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from pylab import rcParams
rcParams|['figure.figsize'] = 18, 8
decomposition = sm.tsa.seasonal decompose(y, model='additive')
fig = decomposition.plot ()
plt.show ()
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p =d = g = range (0, 2)

pdg = list(itertools.product(p, d, q))

seasonal pdg = [(x[0], x[1], x[2], 12) for x in

list (itertools.product(p, d, q))]

print ('Examples of parameter combinations for Seasonal
ARIMA...")

print ('SARIMAX: {} x {}'.format(pdg[l], seasonal pdq[l]))
print ('SARIMAX: {} x {}'.format(pdg[l], seasonal pdq[2]))
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print ('SARIMAX: {} x {}'.format(pdg[2], seasonal pdq[
print ('SARIMAX: {} x {}'.format (pdg[2], seasonal pdql

Examples of parameter combinations for Seasonal ARIMA...

SARIMAX: (8, @, 1) x (@, @, 1, 12)
SARIMAX: (@, @, 1) x (8, 1, @, 12)
SARIMAX: (@, 1, @) x (@, 1, 1, 12)
SARIMAX: (8, 1, @) x (1, @, @, 12)

31))
41))
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for param in pdqg:
for param seasonal in seasonal pdq:
try:
mod = sm.tsa.statespace.SARIMAX (y,

order=param,

seasonal order=param seasonal,
enforce stationarity=False,

enforce invertibility=False)
results = mod.fit ()

print ('ARIMA{}x{}12 - AIC:{}'.format (param, param seasonal,

results.aic))

except:
continue

ARIMA(®, @, @)x(8, 8, 1, 12)12 - AIC:1131.2657078645030
ARIMA(@, @, @)x(1, @, @, 12)12 - AIC:497.23144334183365
ARIHA[G, a, B)x(l, e, 1, 12)[2 = AIC:1081.3915524374769
ARIMA(B, ©, ©)x(1, 1, 8, 12)12 - AIC:318.0847199116341
ARIMA(B, ©, 1)x(8, @, @, 12)12 - AIC:720.9252270752095
ARTMA(®, ®, 1)x(8, @, 1, 12)12 - AIC:2876.7174897671977
ARIMA(@, @, 1)x(®, 1, B, 12)12 - AIC:466.568742980891255
ARIMA(®, @, 1)x(1, ©, 8, 12)12 - AIC:499.54200504635824
ARIMA(G, @, 1)x(1, @, 1, 12)12 - AIC:2461.517421827548
ARIMA(B, @, 1)x(1, 1, @, 12)12 - AIC:319.98848769468657
ARIMA(®, 1, @)x(®, ©, 1, 12)12 - AIC:1387.5697512865586
ARIMA(G, 1, @)x(1, @, 8, 12)12 - AIC:497.78896630044073
ARIMA(®, 1, @)x(1, @, 1, 12)12 - AIC:1388,8924232046936
ARIMA(B, 1, @)x(1, 1, @, 12)12 - AIC:319.7714068189211
ARIMA(@, 1, 1)x(®, 8, 8, 12)12 - AIC:649.9856176816999
ARIMA(®, 1, 1)x(8, @, 1, 12)12 - AIC:3307.7202814002064
ARIMA(®, 1, 1)x(8, 1, @, 12)12 - AIC:458.8785548482032
ARIMA(®, 1, 1)x(1, 8, @, 12)12 - AIC:486.18329774427826
ARIMA(B, 1, 1)x(1, 8, 1, 12)12 - AIC:2625.682326434297
ARIMA(B, 1, 1)x(1, 1, B, 12)12 - AIC:310.75743684172094
ARIMA(1, @, @)x(0, 8, 8, 12)12 - AIC:692.1645522067712
ARIJ-‘UI{I, a, B)x(B, e, 1, 12)12 = AIC:1399.3709974017943
ARIMA(1, @, @)x(®, 1, 8, 12)12 - AIC:479.46321478521355
ARIMA(1, ©, @)x(1, @, @, 12)12 - AIC:48@.92593679352177
ARIMA(1, @, @)x(1, @, 1, 12)12 - AIC:1431.8752736869172
ARIMA(1, ©, @)x(1, 1, @, 12)12 - AIC:304.4664675084554
ARTMA(L, @, 1)x(8, @, @, 12)12 - AIC:665.779444218685

ARIMA(1, 8, 1)x(®, 8, 1, 12)12 - AIC:246116.34689777798
ARIMA(1, 8, 1)x(®, 1, 8, 12)12 - AIC:468.3685195814087
ARIMA(1, @, 1)x(1, 8, 8, 12)12 - AIC:482.5763323876739
ARIMA(1, @, 1)x(1, &, 1, 12)12 - AIC:3365796.8535189056

ARIMA(1, @, 1)x(1, 1,
ARIMA(1, 1, @)x(0, O,

12)12 - AIC:306.0156002122138
( 12)12 - AIC:671.2513547541902
(1, 1, @)x(0, B, 12)12 - AIC:1393.2157168383435
ARIMA(1, 1, @)x(®, 1, 12)12 - AIC:479.2003422281134
ARIMA(1, 1, @)x(1, @, @, 12)12 - AIC:475.34@36587848493

prrpe

ARTMA(1, 1, @)x(1, @, 1, 12)12 - AIC:2182.468501404009
ARIMA(1, 1, @)x(1, 1, &, 12)12 - AIC:300.6270001345443
ARIMA(1, 1, 1)x(0, 8, 8, 12)12 - AIC:649.8318010835624
ARTMA(1, 1, 1)x(@, @, 1, 12)12 - AIC:2603.9208285600357
ARIMA(1, 1, 1)x(®, 1, ©, 12)12 - AIC:460.4762687618111

ARIMA(1, 1, 1)x(1, e, @, 12)12 - AIC:469.525@3546608614
ARIMA(1, 1, 1)x(1, @, 1, 12)12 - AIC:2586.7758340396897
ARIMA(1, 1, 1)x(1, 1, @, 12)12 - AIC:297.7875439553@55
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ARIMA gigoJ guni

mod = sm.tsa.statespace.SARIMAX(y,
order=(1, 1, 1),
seasonal order=(1, 1, 0, 12),
enforce stationarity=False,
enforce invertibility=False)
results = mod.fit ()
print (results.summary () .tables[1])

coef std err z P>|z| [e.825 9.975]
ar.L1 9.0146 8.342 0.043 0.966 -8.655 0.684
ma.L1 -1.0008 8.360 -2.781 0.005 -1.705 -8.295
ar.s.L12 -9.0253 0.042 -0.609 ©.543 -0.107 0.056
sigma2 2.958e+84  1.22e-85  2.43e+@9 0.008 2.96e+04 2.96e+04

Pal 3 505 adeds el 2] day ¢ Model diagnosis jagsetall g5 sed faiey p sl oY
23 dgole b Il ol Bpiol) Lo M1 Judhl 525 365 0

results.plot diagnostics(figsize=(16, 8))
plt.show ()

Standardized residual Histogram plus estimated density
05 —F
2 KDE
N(O,1)
04 - st
1
03
0 02
1 01 ‘
2016-0£016-08016-02016-12016-12017-02017-02017-08017-08017-1(017-12 0o 3 22 -1 0 1 2 3
Normal Q-Q Correlogram
N 100
2 . 075
0w
< 050
c 025
g 0.00 i
v 1 LI ' )
o -0.25
£
s -0.50
-0.75
-15 -10 -05 0.0 05 10 15 100, 2 4 6 8 10

Theoretical Quantiles

o I Juw Wl oiledgi dan o ol
predicted sales &3 gall Slaall 9,6l (o) Loadl Adedly 322l 25500 885 o gd)
Llg o 0120122017 glasd ol ol sa-ley cactual sales el Slaall

UL de goen

pred = results.get prediction(start=pd.to datetime('2017-01-
01'), dynamic=False)

pred ci = pred.conf int()

ax = y['2014"':].plot (label="observed"')

pred.predicted mean.plot (ax=ax, label='One-step ahead
Forecast', alpha=.7, figsize=(14, 7))

ax.fill between (pred ci.index,
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pred ci.iloc[:, 0],
pred ci.iloc[:, 1], color='k', alpha=.2)
ax.set xlabel ('Date')
ax.set ylabel ('Furniture Sales')
plt.legend()
plt.show ()

m— cbserved

1750 One-step ahead Forecast
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\Tfa ;@Jﬂj s G e K ddaddl Sl & 8,52l 3815 predictions
P &l Bha soll L2l 5 LI Ghaslas

y forecasted = pred.predicted mean

y_truth = y['2017-01-01":]

mse = ((y forecasted - y truth) ** 2) .mean ()

print ('The Mean Squared Error of our forecasts is
{}'.format (round (mse, 2)))

:22993.58 s» L33 &) Mean Squared Error s~ ) Uil Lo g2e

print ('The Root Mean Squared Error of our forecasts is
{}'.format (round (np.sqrt (mse), 2)))

151.64 52 L3lad 53 5ond] Jans sid o 201 Uil

b g yazal Mean Squared Error (MSE) el Uasdl Lo g0 oty slaxNl B
day pdie ga ey dad ol B LJCRAN| A el éT a3l Sl e average
Ly 231 LadS ol MISE 08 LS s 1 el adl 6 Ldlals juiadl dsl 20 Colize MSE
Sl JSas clidl G lall i e

b oy 53l e 5,50 <58 Lesens o Root Mean Square Error (RMSE) b e
LT > sl - bl 5l n 151,64 yos 5L V1 Ao gomes G gnsdl S J5os
OV o D e slsl W (2T (31200 oo 28T 1400 s n o5
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pred uc = results.get forecast (steps=100)
pred ci = pred uc.conf int()
ax = y.plot(label='observed', figsize=(14, 7))
pred uc.predicted mean.plot (ax=ax, label='Forecast')
ax.fill between (pred ci.index,

pred ci.iloc[:, 0],

pred ci.iloc[:, 1], color='k', alpha=.25)
ax.set xlabel ('Date’)
ax.set ylabel ('Furniture Sales')
plt.legend()
plt.show ()
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Project on Time Series
sde e 5,k AL Les ctime series data &ne )l JuSadl ©ULy Gan we Josll JlaS
o G IV Sl e e SULI sda SU . Bl G <osan b Gl
3,80 2oV e po slatnad 3] e o sy 2012 ple Sl 4SS

L e 2oLl Sl s L35 o Sas - pmerdd Lo 31

L}CSV C\J?-! 3;\,&) Pandas r‘-’o{fw\:\ L&.j coda C)bL:J\ Z&M J:fj‘: S ol
oda o =2 ol L dndex w448 Date @)lﬂ\ Ly Lol suscws .DataFrame
import pandas as pd

data = pd.read csv ("fremont-bridge.csv", index col= 'Date',

parse dates=<strong>True</strong>)
data.head()

Fremont Bridge West Sidewalk | Fremont Bridge East Sidewalk .
Date I
2012-10-03 00:00:00 | 4.0 9.0
2012-10-03 01:00:00 | 4.0 6.0
2012-10-03 02:00:00 | 1.0 1.0
2012-10-03 03:00:00 | 2.0 30
2012-10-03 04:00:00 | 6.0 1.0

BLoLs shes Yl slol s G by ST IS0 eda SULIN s gores gl oY1 g
S"Total" SVl s s0e
data.columns = ["West", "East"]

data["Total"] = data["West"] + data["East"]
data.head()

West East | Total

Date

2012-10-03 00:00:00 |40 (9.0 [13.0

2012-10-03 01:00:00 |40 |6.0 |10.0

2012-10-03 02:00:00 (1.0 |1.0 |20
2012-10-03 03:00:00 (2.0 |3.0 |50

2012-10-03 04:00:00 (6.0 |1.0 |7.0

FobL adgd SlslaxYI jasds e 5k b oYl Les

data.dropna () .describe ()
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West East Total

count (45976.000000 | 45876.000000 | 45976.000000

mean |54.712306 55.479315 110.191622

std 72.935797 80.232055 139.189603

min |0.000000 0.000000 0.000000

25% |7.000000 7.000000 15.000000

50% |29.000000 28.000000 60.000000

75% |72.000000 68.000000 144.000000

max |854.000000 717.000000 1165.000000

bl pgni
UL Jadaseny Taad a1 geas I o SBLIL e pamad 430 5 10 e J guandl LSy
Z%Ajy\

import matplotlib.pyplot as plt
import seaborn

seaborn.set()

data.plot(

plt.ylabel ("Hourly Bicycle count")
plt.show()

1200
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1000

Hourly Bicycle count

0 10000 20000 30000 40000

o e e I pandl LSy S Lgogdd L) Al D 22250 35 el JS Eie 25000
Les .coarser grid & 25 :STals J| resampling woladl ds-1 ssle] Go b e 5 nall
1 s e el J5T

weekly = data.resample ("W") .sum(
weekly.plot (style=[':", '-=', '=-'])
plt.ylabel ('Weekly bicycle count')
plt.show ()
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(355 I8 LSiplazadl 3 ;) seasonal trends L soll Slabs¥I Gas s W =

crolling mean e L zis plideisl as SULIN jwzd ke S b s
LBl G 30 8u0d & s Jaws s Joms Lia g . pd.rolling mean() dls plasealy
Bl Ja 5y ST

daily = data.resample('D') .sum()

daily.rolling (30, center=True).sum().plot (style=[':"', '-=', '-
'1)

plt.ylabel ('mean hourly count')

plt.show ()

160000
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140000 East \
Total l‘
£ 120000 |
¥ 100000 M [ \ / "\ g \
Z [\ / [ % Iz \
2 \ \ { | \ f
2 80000 =Nt \erf LR
\
v | .
& 60000 |\ ’,< \.."5.,“ \ ' S M ..l ,'/\:,\
2 \ [ i\ N ™™ \ M\ A \ W AR
/ YW o f w\ /N
w000 Ny WoF YN Yool gy
20000 %/ -
2013 2014 2015 2016 2017
Date

Z\;’@&djwd\ L&u .46l hard Cutoﬁﬁ;f&@i\ CEU\JLW\ %i*wc?x
Jee J& — window function 3L Dls plaenl & pall Jaw ol (e 2wl ST

.Gaussian 460 (Jlod!
daily.rolling (50, center=True,

win type='gaussian') .sum(std=10) .plot(style(['-" ,'-=","':"]=
plt.show ()
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import numpy as np

by time = data.groupby(data.index.time) .mean ()
hourly ticks = 4 * 60 * 60 * np.arange (6)
by time.plot (xticks= hourly ticks, style=[':', '--=', '-'])
plt.ylabel ("Traffic according to time")
plt.show ()
West
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‘é’ 300 Total
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AutoTS in Python g U (% AutoTS (17

Sl Sk o) Ragad La gl o5 050k GV dal) 3L 22 2 Auto TS
Gl dege L”;&Y PRAON PR T ol Ehslas Lautomatic time series forecasting i !
5 g Dlodl oda 3L pLYI o 11sckad eV Ll 50l e &) ALLLLIL 5200l
053k GAULOTS L8 J g sokad sl IS 35T

Cuglil 8 AutoTS galo
el Lo e b)le A «Automatic Time Series 43l &2e dvde AutoTS s
el sl 5l e sl A i1 Ay 5200 fagd o 0L Y
L8] DLl Sl ans A 8535 &) p1,Y1 3185 Aeslill 320l oUW Apple
i Ol GAutoTS
e o Ul Lol LSl goell 2305 il o) gall aslibend Sy 1
Lepdsenns A oLl ¢
S3daney univariate el bl &gl Judldl e IS ae Joledl a8y .2
.multivariate <! xedl
NaN o3 413 G2,k e messy data & b 540l SULI mo Jalad) Ll ey .3
coutliers & Jazall o &l as Jalal] Cal aSlass Letans s
Lo jallode ol &S b i s Al 23l plisend AUy .4
Slmedl o dosedl Je g 5w 080k GAULOTS L8 dogedl Ol pnall Sam oda cilS
L o o JI L5 o £oSCadl odin o o el LSl iSas ciie I Al b 52l
et 5250 ogeod 056 GAUEOTS &8 J g ockad el p SN STl colisl il
RO
(goslei) g9l 6 AutoTS
LS LSad ¢ 3 m Lol Akl 500l g $lallas edn 0l £oe ptens 1 13
LasS sy oVl Les . pip install autots ¢ pﬂ)J»y\rU5awb Slollss Qﬁjgﬁ
Gk o dagall oda Tl g1 Slanl 85 doged 0k JAUEOTS 45 pltse
14U UL Ao gazen s O gl LS sl ol
import pandas as pd

import matplotlib.pyplot as plt
data = pd.read csv ("AAPL.csv")


https://bit.ly/3x7d2kc

T TR——

Yahoo ¢ L35 o5 Al Apple pgul sland SBLy patsel ¢ podaidl ol I s 3
SBLII ez Lo gl jamy 52301 doged AutoTs &8t plasenl |3 oY . Finance
tApple pgul GME] Sl o 5 ka5 3k

data = datal[["Date", "Close"]]

data["Date"] = pd.to datetime (data.Date)
data["Close"].plot (figsize=(12, 8), title="Apple Stock
Prices", fontsize=20, label="Close Price")
plt.legend()

plt.grid()

plt.show ()

Apple Stock Prices
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from autots import AutoTS

model = AutoTS (forecast length=10, frequency='infer',
ensemble="simple',

drop data older than periods=200)

model = model.fit (data, date col='Date', value col='Close',

id col=None)

L 525 (10 Je forecast length b sl Jsb Jolae (ony cod coMel 5 Sl o

SHELslad ez 06 g I G L gV lnd 035 5 13 2001 omy

s predict function gl Al pdsens Uges AU Lo lall 3,241 fl:'SU Apple e
Ul e 8,k

prediction = model.predict ()

forecast = prediction.forecast

print ("Stock Price Prediction of Apple")
print (forecast)

stock Price Prediction of Apple
close
2021-84-19 132.794642

2021-84-28 132,882870
2021-94-21 132.971698
2021-84-22 133,068526
2021-84-23 133.149354
2021-04-26  133.415838
2021-84-27 133.504666
2021-04-28 133,593494
2021-84-29 133,682322

2021-94-30 133.771158
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Time Series Graph jgUU rolaaiwl dudo Pl Jwillul hinAo (18

using Python

o BLSY 5T SlalsYl 5, line plot s Llases g Loa sl Alddd SLII o
Cas Galases 3w Lkie (Jlodl o o &0} 85 I dnezes ULy degazes
oo 3y Ll i) Aladed By Gy ) g BB (Lo 350 L o585 1 e sl mlanoll
el Lo goas LS8 pme Sty 5 oS 13] MU by Wlle JSO UL & e o]
Jo ok ol I o BUST G g Dl ods 3l Ll DUl 0dg 0520
Ok pldeals el el SLy oy 2 oS

éuio I Jwlludl hinA o

bl Amall Ll SULy sea) pdiey o alases s Lol ALld) labases
Ll LSLall eV jans At 35 I Lo oy 1 SULIL a &) L
b DV Sy o sl Sladl SULys oY1 bl SULy 8 L3l LSl
WS Il ey ool Ly, o8

(el pedl e time intervals el Juol sl w5 e ) ALl Jalases  gas ¢3]
sl e el ol )l B I Lemer o5 Al data points <UL bla s
s eI sl SUL Ea ) Al o o gos U3 JE Jorw o g30al)
e price column jdl 5508 pds (ool ) seall e date column gyl s yae
ML WAPPEN]

UL e dasltsend 02 13k s Ee ) ALl adases dale Y1 caogd 28 0585 O e
0L plsaly Lo AL Ladasee  paas LS e albl G g oo ol G0V

U9UU rolaAaiwb duio Pl édudull hihAo
.(..@..f%! Sled bl de gazes rJér:..»L O sl f\.\sewlf Lol Al alases gt
55 Sl n €3 Plotly pasealu (UL 2 pat) 380l GLSall o dyaall s
el sl Sl Sl ez degodl ada Tls L plotly plasel ddelisll o)
:Apple
import pandas as pd
import yfinance as yf

import datetime
from datetime import date, timedelta

today = date.today()

dl = today.strftime ("%$Y-%Sm-%d")
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end date = dl

d2 = date.today() - timedelta (days=360)
d2 = d2.strftime ("$Y-%Sm-%d")

start date = d2

data = yf.download('AAPL
start=start date,
end=end date,

progress=False(
print (data.head())

Qpen High Adj Close Volume
Date
2021-01-1% 127.779999 128.710007 127.046783 9@757300
2021-91-20 128.666804 132.4906005 131.221e54 14319508
2021-21-21 133.80€€03 139.669998 136.831372 12@15e908
2021-01-22 136.279999 139.850006 138.217926 1144535400
2021-01-25 143.07@ee7 145.089996 142.044327 1576l117ee

[5 rows x 6 columns]

L e L 3all & me ey Lyfinance API el el a3, JI UL oo o
105 plsealy LI ALl adasee g Sy ST L Lah OV
import plotly.express as px

figure = px.line(data, x =
figure.show ()

data.index, y = "Close")

uaAloll

by el ot SULy e pitiy s Blases pa L)) Add] alase
Aot Jadasee ) guad oL3 Lana) 328 IO Lgner o I SULI) & L3l Judhl
U I35 Lgmazr 03 N S B w5 ¢l 5 pomdl e B 1 ool 521 o5 (s
Llases jpas Jm Dlaall eds ool 18 0555 0T ol Lgaliall 5 geadl s a1 ol 24l
052k plasnly de 3l ALl
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Stock Market Analysis jguU plaaiwl pawill §guw Judai(19
using Python

ddo, bl Ll ol s (Stock Market Analysis) v.@*fY\ s o o
Z:JLJ\L}\J;Y\‘}}.AJ?»J.@.R:JM\;\J..iJ\j@J\Q\J\JSSB&YZ\:JLJ\&”%Y\&}M%&
G Jodos TS oo 2 5 oS 15 (M oyl BBl e plasend V- Juadl o]
1 B oo e o Slalblis il (3.3 o DUl 0gs (LILI 15!
R

woU l2A b e il §guw Junj

Jeloss i Bl 0 1l 3. Google gl sl Sy ozl g1 G g b
el Sl Sy o Tl L0 0L oy A plasealy el Sy L1 G591 G s
.‘..@,f}l\ Sl bl &= Yahoo Finance ;» API yfinance r.b':wl.u .Google
s APT e syl B nn ey

:Google pgml land SULy woxr £SOV L)

import pandas as pd

import yfinance as yf

import datetime

from datetime import date, timedelta
import plotly.graph objects as go
import plotly.express as px

today = date.today ()

dl = today.strftime ("$Y-%m-%d")

end date = dl

d2 = date.today() - timedelta (days=365)
d2 = d2.strftime ("%Y-%m-%d")

start date = d2

data = yf.download('GOOG',
start=start date,
end=end date,
progress=False)
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low",
"Close", "Adj Close", "Volume"]]
data.reset index (drop=True, inplace=True)
print (data.head())


https://pypi.org/project/yfinance/
https://thecleverprogrammer.com/2021/12/21/get-stock-price-data-using-python/
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Date
0 2021-07-12
1 2021-07-13
2 2021-07-14
3 2021-07-15
4 2621-07-16

Volume
847200
830900
8956060
829300
742800

AW N RO

Open
2596.669922
2617.629883
2638.030029
2650.000000
2632.820068

High
2615.399902
2640.840088
2659.919922
2651.899902
2643.659912

Low
2592.000000
2612.739990
2637.959961
2611.959961
2616.429932

Close
2611.280029
2619.889893
2641.6499062
2625.330078
2636.909912

Adj Close
2611.280029
2619.889893
2641.6499062
2625.330078
2636.909912

Llases (candlestick chart) g ol Blaseay Gl Tl cogu¥ g Joloey o3 LS
Lbsee jgas £aS Sl .W’v\ PSRN R PN/ RCHC JUR I W WU {1\ BN g
:Google (..@..,JT,L&.}J gyl

figure

go.Figure (data=[go.Candlestick (x=data["Date"],
open=data["Open"],

high=data["High"],

close=data["Close"])])
figure.update layout(title = "Google Stock Price Analysis",
xaxis rangeslider visible=False)
figure.show ()

Google Stock Price Analysis

3000

T
2400
2200

2000

Sep 2021

Wﬂﬂ ‘
v ll,wwﬂ f\f(

Nov 2021

Wi
WIH '”I&jhlﬁ

Jan 2022

Mar 2022

low=data["Low"],

May 2022

Jul 2022

ary o GBI GV G s Jlowd doke a3 Ll sa (bar plot) s y201 Jalasesll
Lbses plasenl Google vgul GHE] a2 g3 L4 S S| o shall (stall e sl

figure

px.bar (data, x
figure.show ()

"Date" ,

= Vil

ose")

ot
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3000

2500,

2000
1500
1000
500,
o e iov an ay 202 ul

Date

Close

I B35V B g o) datll ol 5531 asT (range slider) BUadl ;o5 Ja 13 dm
a5l Wdows IS e pBdoes el L] Gl s Y1 G gme o e Sl
eV G e o) GURI 05 oy 2 L] A8 ] ol IS
figure = px.line(data, x='Date', y='Close',
title='Stock Market Analysis with
Rangeslider')

figure.update xaxes(rangeslider visible=True)
figure.show ()

Stock Market Analysis with Rangeslider

3000
2800

2600

Close

2400

2200

Sep 2021 Nov 2021 Jan 2022 Mar 2022 May 2022 ul 2022

wfv—w’*‘*ﬂwd“f”‘mf“”“*\thqmﬁfFﬂ\mwkﬂwﬁﬁw)vj

Date
ool Aol S I GV G g Jelod Gl 505 Jas 13 putsn

fime ) &l 3 2l Slsdos a0V G g Jolowtd Ledlid] Sy (6 51 il 55
Sl e I 5,05 Y e a B3l 52l lsies (period selectors
o3 BLAL LS L) el dn el B s (Jl o o 83050n B3 8 A

SOW FEPRYWER R ESSUR JEH /IR

figure = px.line(data, x='Date', y='Close ,'
title='Stock Market Analysis with Time Period
Selectors ('

figure.update xaxes)
rangeselector=dict)
buttons=1list])
dict (count=1, label="1m", step="month",
stepmode="backward"),
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dict (count=6, label="6m", step="month",
stepmode="backward"),

dict (count=3, label="3m", step="month",
stepmode="backward"),

dict (count=1, label="1ly", step="year",
stepmode="backward"),

dict (step="all")

igure.show ()

Stock Market Analysis with Time Period Selectors
im 6m 3m 1y [ail

3000

AT
oA

v

Close

2400

W“w W

Sep 2021 Nov 2021 Jan 2022 Mar 2022 May 2022 ul 2022
Date

b 5 oS3 S I Bl s G g e Lsls DMl g 5l ¢ 5oV Bl e S35
&y o eI G g (g el Bl e Sl Mo i D3
el ol Sy AST b Lo

figure = px.scatter(data, x='Date',6 y='Close', range x=['2021-
07-12', '2022-07-11,["
title="Stock Market Analysis by Hiding
Weekend Gaps ("
figure.update xaxes)
rangebreaks]=
dict (bounds=["sat", "sun"])

figure.show ()

Stock Market Analysis by Hiding Weekend Gaps

Py
T
Sh= o
e L Y
E ) o [x C -
2800 T AR 7 > o
v e . Y
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Sep 2021 Nov 2021 Jan 2022 Mar 2022 May 2022 2u1 2022
Date
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https://thecleverprogrammer.com/2022/07/12/stock-market-analysis-
using-python



https://thecleverprogrammer.com/2022/06/21/time-series-forecasting-with-arima/
https://thecleverprogrammer.com/2022/07/12/stock-market-analysis-using-python/
https://thecleverprogrammer.com/2022/07/12/stock-market-analysis-using-python/
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Business Forecasting jgul olaaiwl éyjlail Jloc JU §uiidl (20
using Python

e b el ola s 41 (Business Forecasting) &<l JlesVL ol A
S Olanall 5221 Jl Gug bl JlaeY l5es &-(Time Series Forecasting)
Laslas] o3 Il Asep el &l fudldl Ly ety ksl Slsl Y1 5 Sl
fewlon Vel 0digh iy o) Jlas VU 520l o) o] B2 S8 me oy 5 oS3 (AU L3S 20 ol
05k el Jlee VU 520l oo IS 5T G g Bl 0 3.2

Saylail Jlo.c DU guiddl JI s ylalll Jocll gling 13lo]

Gty 535 LI e yummiin only ol ) il ] 8 8552 JS S
I 3 e Waslad] o AN SULI 085 L Gl o3y ol g gl 2ST 55 3
Slalsl 3l IS e bl o) el S o) a1 Jobas S
Jendl BLEIT ) il 13 5651 38,800 Sy cibimnedl JlasYl

50 b VU 3oll Sl pltsend ) ool 320 ol o engh 5 0555 O Jo
Il Jlas Yl gl el SV Gam o Sl S ol p Y1 5T lanall
S5 I Sden o Bl Jlee VU 52l dege IS BUST G g ool ) 3
oo Loty dagall oy Lgadbnd A UL e o Adidas 320 Lladll sl Y

L o SULI Ao goree o35 SeSay  Adidas pa &gl my Sladl )l

uglU lai il dy el Jloc DU gl
UL e pamns b Ol slmul b e Gybedl Jle Vb el degey T
) 2l

import pandas as pd

from datetime import date, timedelta

import datetime

import matplotlib.pyplot as plt
plt.style.use('fivethirtyeight')

from statsmodels.tsa.seasonal import seasonal decompose
from statsmodels.graphics.tsaplots import plot pacf
from statsmodels.tsa.arima model import ARIMA

import statsmodels.api as sm

import warnings

data = pd.read csv("adidas quarterly sales.csv")
print (data)


https://statso.io/quarterly-revenue-analysis-case-study/
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Time Period Revenue

(] 2000Q1 1517
1 2000Q2 1248
2 20000Q3 1677
3 206004 1393
4 2001Q1 1558
83 202004 5142
84 2021Q1 5268
85 2021Q2 5077
86 2021Q3 5752
87 202104 5137

[88 rows x 2 columns]

<ol ¥l (Time Period) Loyl 6l topsges o UL de goms (G500
o Adidas 550 &gl my SN e doall 824 s pes g 5w (Revenue)
6525 -(5353) (mpddly Slaeall sl e 13115 p0 (5 55 <2021 ) 2000

:Adidas 8,50 & sl ) Claadl Sltile e 3k Al

import plotly.express as px
figure = px.line(data, x="Time Period",
y="Revenue",
title='Quarterly Sales Revenue of Adidas in
Millions')
figure.show ()

Quarterly Sales Revenue of Adidas in Millions

§ M\/M

Revenue

2172
08
£bs
e
€06
Do
€00
o
€br

Time Period

il bl oY 35 o dnawse Adidas 38 dobbdl Slanadl Ol SLLs da
:@;Jdvuaugéizwwy 3ol LS b Lad e oy IS ai5us g

result = seasonal decompose (data["Revenue , ["
model="multiplicative', freq = 30(

fig = plt.figure ()

fig = result.plot ()

fig.set size inches (10 ,15)
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Revenue

of
5
~
4
8
&
g
a
g
3
3
®
28

. Nanae
...........................................
.

& gl s Slaedl 1312k 520 Seasonal ARIMA (SARIMA) g5 55 putsels
Sy .q s d s p et slol 55220 o SARIMA 5 505 plisend 3 . Adidas &S,
La e qudsped e oSl LS B pne

Qs p e ool 1 » d i OB ((not stationary) &6 ced UL oY s
Sl skl bL5,Yls (autocorrelation) glakll LY wllaleses el o

:(partial autocorrelation plots)
pd.plotting.autocorrelation plot (data["Revenue"])

1.00
0.75

0.50

0.25 = == == =

0.00

=0.25 on o - -

Autocorrelation

—0.50
—0.75
-1.00

20 40 60 80
Lag

plot pacf (data["Revenue"], lags = 20)


https://thecleverprogrammer.com/2022/06/21/time-series-forecasting-with-arima/
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1.0
0.8
0.6
0.4

0.2

0.0

Partial Autocorrelation

—-0.2
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:Adidas 380 & sl oy S5l 2 YU 52 SARIMA 3 505 oy 248 8] V)

model=sm.tsa.statespace.SARIMAX (data['Revenue"],

model=model.fit ()

print (model.summary ())

order=(
seasona

SARIMAX Results

p, d, 9,
1 order=(p, d, g, 12))

Dep. Variable: Revenue No. Observations: 88
Model: SARIMAX(S, 1, 2)x(5, 1, 2, 12) Log Likelihood -548.520
Date: Mon, 85 Sep 2822 AIC 1127.841
Time: ©7:45:33  BIC 1lel.803
Sample: @ HQIC 1140.921
- 88
Covariance Type: opg
coef  std err z P>|z| [0.025 0.975]
ar.L1l -1.5796 0.391 -4.044 ©.000 -2.345 -0.814
ar.L2 -1.4321 587 -2.438 ©.e15 -2.583 -9.281
ar.L3 -8.8305 8.626 -1.328 8.184 -2.857 8.396
ar.L4 -0.5179 0.821 -0.630 ©.528 -2.128 1.092
ar.Ls -9.2655 491 -8.541 ©.589 -1.228 0.697
ma. Ll 1.5056 0.518 2.906 ©.004 .49 2.521
ma.L2 0.9697 8.623 1.557 e.12e -9.251 2.19@
ar.s.L12 -1.127@ 362.141 -0.e83 ©.998 -71e.91e 708.656
ar.5.L24 -1.3418 312.728 -0.004 e.997 -614.277 611.594
ar.S5.L36 -8.7832 174.955 -8.884 ©8.996 -343.688 342.122
ar.5.L48 -0.1847 58.633 -0.0084 8.997 -95.423 99.854
ar.S.L6@ -0.0098 8.921 -0.ee1 e.999 -17.496 17.476
ma.S.L12 ©.3046 362.882 8.881 8.999 -789.363 789.972
ma.S.L24 ©.8602 221.641 e.e04 e.997 -433.548 435.269
sigma2 1.969e+85 4.81e+85 8.476 8.634 -5.96e+85 9.78e+85
Ljung-Box (L1) (Q): 9.8  Jarque-Bera (JB): 427.98
Prob(Q): ©.96  Prob(JB): 8.60
Heteroskedasticity (H): 7.35  Skew: -2.04
Prob(H) (two-sided): 9.8  Kurtosis: 13.97

sl 3Ll ¢ L, Adidas 80 & el sl W1 6355 U ges 0V

predictions = model.predict (len(data),

len (data) +7)
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print (predictions)

83 6078.793918
89 5186.311373
20 6293.196600
91 5751.905629
92 5911.946881
93 5499.784229
94 6389.627988
95 5728.806969
Name: predicted_mean, dtype: floates

data["Revenue"] .plot (legend=True ,
label="Training Data ,"
figsize=(15, 10 ((
predictions.plot (legend=True, label="Predictions")

—— Training Data
—— predictions

6000

5000

4000

3000

2000

1000

uailoll

G0 B B plseal Dl Jlae WU 52l o) Ly Ay 1 23l o oda
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25 0555 O gwosl S0 el gy Wa3Las] 05 A1 Aol e 1 Judhadl By el
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:Janoll

https://thecleverprogrammer.com/2022/09/05/business-forecasting -

Jusing-python


https://thecleverprogrammer.com/2022/09/05/business-forecasting-using-python/
https://thecleverprogrammer.com/2022/09/05/business-forecasting-using-python/
https://thecleverprogrammer.com/2022/09/05/business-forecasting-using-python/
https://thecleverprogrammer.com/2022/09/05/business-forecasting-using-python/
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Cryptocurrency Price Prediction with Machine Learning
Jidls (Cryptocurrency) & s s piie dhas s G jainal 5l Comans 18 0555 O Coes
8ol el O gaddiny (bl 0 28783850 85800 La3) LS Ay g3 .2l L
Bitcoin 4 3l 3,5 G 8,08 Ll b Y sl IS e oS
& pme by 5 oS 1] e sl AL paladl ©3asdl s 00 Binance Coin 5 Ethereums
Lowlin Wil odgs ( JYI hadl plasenly 3,000 dlas (6 ddadl 5lanU 3220l &2 S
Badadl OOladl Sl sl g b bl G Wl eds Gl

Ok sl ;”ﬁ“ Al as (cryptocurrency price prediction)

DI plel plaAiwl 6 poritedl ¢ loc)l Jlerwly guiill
dazas ¥ bl o sle wa FALA Dl ol s a8 paiall Slandl s 30l dng
sl @ sam ol sty SoiY sae e Lais 5 il o el W@\,wi
Lo o sl ALl luldl Gl il e Cal ol ylaza¥l oda jland eiedl dazns
B3l Kpme doaied o Bons 8,000 Blas ol Wl jelie 0f 6,000 dlas L Glay
ond aded o ol o3 Sllas J) Lol o35 8,0k dlos o bl o8 ol 8l S0

e B s ) (535 Los cima 8 itn

oz ¢l 201y ol el oS0 6 ats Alas gl pam it ) adls o201 (6350 Olansl
GV 8 il el jlanly gel) JYI el plaed Sy Y ol gall (e ddall e
TR TOY  IOIN Y N PO SN PN USRS PV VS e P
sy 25) Sl land (135 24 o albli cobsl o) Getll) 5 jitall psDlas

sl G gy S IV (B a5 paedl Ml ST e

WU 2wl 6 yéuitell ¢ lloc! Jlewl §uidll

Ly ,pa)l 0l Sl szl b e sidedl el Sl el dege Tl
oo sl bl Sbly Goast @;u ool odg) Lgzbos ) UL de perees
IS Gl eust o QM dusle yfinance API pluseuls «Yahoo Finance
2S00 s sy Wb p 5255 0

import pandas as pd

import yfinance as yf

import datetime

from datetime import date, timedelta

today = date.today()
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dl = today.strftime ("%$Y-%Sm-%d")

end date = dl

d2 = date.today() - timedelta (days=730)
d2 = d2.strftime ("%Y-%m-%d")

start date = d2

data = yf.download('BTC-USD,
start=start date,
end=end date,

progress=False(
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low", "Close", "Adj
Close"™, "Volume"]]
data.reset index(drop=True, inplace=True)
print (data.head())

Date Open High ... Close Adj close Volume
@ 2019-12-28 7289.831250 7399.041016 ... 7317.990234 7317.990234 21365673026
1 2019-12-29 7317.647461 7513.948242 ... 7422.652832 7422.652832 22445257702
2 2019-12-3@ 742@.272949 7454.824219 ... 7292.995117 7292.995117 22874131672
3 2019-12-31 7294.438965 7335.290039 ... 7193.599121 7193.599121 21167946112
4 2020-01-01 7194.892090 7254.330566 ... 7200.174316 7200.174316 18565664997

[5 rows x 7 columns]
o bl G 730 3151 e oSl slad Sy Sl a3 oMl 5 U1 S

oda SULI e gomes S5 o 5 15 AL Les (U1 ULII thay a5 age Y Lo
Y ol Gs 730 po Jos LST13] Lo 25 50

data.shape

(731, 7)
JS eled Jo IV Crall (g 50w o Lo 731 o UL s gazes (5 o S

gyotdl Bahases plisel ool o Sl el Gl s Les OV e
:(candlestick chart)

import plotly.graph objects as go
figure = go.Figure (data=[go.Candlestick (x=data["Date, ["
open=data["Open"]
high=data["High"],
low=data["Low"] ,
close=data["Close"] ([ (
figure.update layout(title = "Bitcoin Price Analysis ,"
xaxis rangeslider visible=False (
figure.show ()
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Bitcoin Price Analysis

S glbos el e CULl ds sazes J(Close column) SN 508 (g 50w
IO 5 gony Aaiedl UL Gokoo W azr D31 o 8 a5 AL Les (U Lgad 5

correlation = data.corr()
print (correlation["Close"].sort values (ascending=False))

Adj close 1.e00000

Close 1.c00000
High ©.998933
Low ©.998740
Open ©.997557
Volume ©.334698

Name: Close, dtype: floatéd

6 pouitol ey llocl jleawl §uiill @Aagod

Time ) &l Jodldl o USCie e 35250001 D hoald Blined) Sl o5 o
oSl o) el il e 3015 0 b & AutoTS 425 uxs . (series analysis
oslll 3Nl LU sl sl 3220 Auto TS £eSCe Los psennlis SUA 223

from autots import AutoTS

model = AutoTS (forecast length=30, frequency='infer',
ensemble="'simple"')

model = model.fit (data, date col='Date',6 value col='Close',
id col=None)

prediction = model.predict()

forecast = prediction.forecast

print (forecast)

Close
2021-12-28 57865.012345
2021-12-29 54259.592685
2021-12-3@ 53794.634938
2021-12-31 54365.964301
2022-01-01 55371.531945
2022-01-02 57220.583886
2022-01-03 57132.487546
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2022-81-85 58376.881818
2022-01-06 59931.323291
2022-01-07 60168.816716
2022-01-08 60617.974204
2022-01-09 58785.722512
2022-01-10 5518@.302852
2022-01-11 54715.345105
2022-01-12 55286.674468
2022-01-13 56292.242112
2022-01-14 58141.214053
2022-81-15 58053.197713
2022-01-16 58942.437232
2022-01-17 59296.791985
2022-81-18 60852.833458
2022-01-19 61089.526883
2022-01-20 61538.684371
2022-01-21 59706.432679
2022-01-22 56101.013019
2022-01-23 55636.855272
2022-01-24 56207.384635
2022-01-25 57212.952279
2022-01-26 59061.924220

Pl 8yits Alos (51 mnm 32l JYI (] el Ly Sy (1 82l o» o
0 #2b Ao 4

waAloll

e dans el 2lly wdl lalesl ST e Blas gl aw dis wdls e e
a3l ol (3915 i tall B anll sl 52l IV il plabend Sy Y ol gl a kel
s s eld 3 Wl el A1 sl BIESN|EUSUURAR PV [ VSR ]
plsely 8 il SManll jlanl 52l g Bl odin ool 28 055 OF ol 15,2l
Ok el JYI Al

:Janoll

https://thecleverprogrammer.com/2021/12/27/cryptocurrency-price-

prediction-with-machine-learning/



https://thecleverprogrammer.com/2021/12/27/cryptocurrency-price-prediction-with-machine-learning/
https://thecleverprogrammer.com/2021/12/27/cryptocurrency-price-prediction-with-machine-learning/
https://thecleverprogrammer.com/2021/12/27/cryptocurrency-price-prediction-with-machine-learning/
https://thecleverprogrammer.com/2021/12/27/cryptocurrency-price-prediction-with-machine-learning/
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Covid-19 JUI el plasiuly Covid-19 alusgy guill (22
Deaths Prediction with Machine Learning
Covid- Gol,akll . GOLY s Lgnaw 1 B ol ol 28T asl Covid-19 aay
38 Lty Covid—19 o Sl o 2801 LTy ai) G 5T Kb 28T L] dlazs 19
Covid- &Yl doldl isu )bl SULII sl LSy VLl o el 2 g0 Slia
Sl g 5l LaS 8 e by 5 iS5 GUA L fuiteedl ol Il su gl Ly 19
I IS G g Wil odn 3.2 Gwlis Dliedl 0dgh ¢ JVI Al plasely Covid-19
05 sl JYI Al e Covid-19 ol 5ol dago
(6JLa éuwlja) Covid-19 cilégy §uiill
2l 18 1 2020 oy 30 o xedl 3CovId-19 I by depars Lo chaas 1)
lad Lo 5085l s gy NVl Jy ol slhas e UL a8 yazs (g gm0 . 2022
PO de pazs skasl o L
e 5l e g pow iDate 1
-Year-Month-Day Gy )bl Je (g 50w :Date YMD .2
-Covid-19 J il 5085l NI e (g 52w i Daily Confirmed .3
Covid-19 o i gl L3 Il Je (g 5w :Daily Deceased .4
b skey 522 S s covid-19 SVl Lsu bl UL e plasenad J) b
E o oda CJL’L:J\ aﬁw Jff: d& aslal L:ﬁ &w\ I
ug U laawl Covid-19 wlegy duil

DSl oz 3zl Y1 3l oMl STl ASLaal 0Ly OV ngh U8 085 O
1covid-19 @l s 5ol dagad Lzl I UL e gazeny &5 220l 0 20

import pandas as pd

import numpy as np

data = pd.read csv("COVID19 data for overall INDIA.csv")
print (data.head())


https://raw.githubusercontent.com/amankharwal/Website-data/master/COVID19%20data%20for%20overall%20INDIA.csv
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Date Date_YMD Daily cConfirmed Daily Deceased
@ 30 January 2020 2020-01-30 1 (-]
1 31 January 2020 2820-81-31
2 1 February 2020 2020-92-01
3 2 February 2020 2020-02-02
4
i

H B0 0®
o ® © ©

3 February 20280 2820-02-03
Sl e 520 dn DLl e gazs COIST3] Lo e 5 15 AL Les (G ozl L3
:\j rT ié:)Lé r:}

data.isnull () .sum()
Date

Date_YMD

Daily Confirmed

® ® ® ©®

Daily Deceased

dtype: intes

Qe gamme o peall la Lizud Les W (date column) fo)bdl s5ee ] drlo Lo
Ly Lol UL
data = data.drop("Date", axis=1)

1Covid-19 J a1 5aS5all VLI e 5 1 3L Gy

import plotly.express as px
fig = px.bar(data, x='Date YMD', y='Daily Confirmed')
fig.show()

=] w
w o

=

Dally Confirmed

Jul 2020 Jan 2021 Jul 2021 Jan 2022

Date_YMD
2021 ol o 19— dd S NV o dle G go (65 O Lias ¢ oDel LU o gus b
2021 yles

Covid-19 alsgll Jaco JuAj
:Covid-19 cuws (death rate) wld I Jdas 5 guai U s Ry
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cases = data["Daily Confirmed"].sum()

deceased = data["Daily Deceased"].sum()

labels = ["Confirmed", "Deceased"]
values = [cases, deceased]

fig = px.pie(data, values=values,

names=labels,

title='Daily Confirmed Cases vs Daily Deaths', hole=0.5)
fig.show()

Daily Confirmed Cases vs Daily Deaths

1.27%

B Confirmed
Bl Deceased

:Covid-19 J wlb I Jums oz Lo

death rate = (data["Daily Deceased"].sum() / data["Daily
Confirmed"].sum()) * 100
print (death rate)

1.2840580507834722

: Covid-19 ) (daily deaths) &yl L I e 5155 4 G yes oY

import plotly.express as px
fig = px.bar(data, x='Date YMD', y='Daily Deceased')
fig.show()
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. covid-192 LLoYl &Y= e L i gedl NS ls gl e 1S e 65 o LSl

Covid-19 ulisgy §uill @ag.oJ
L psenalis Zosll 39601 oUW Covid-19 <bd g 5220l dags JI Ja Les oY
St o) 23k Y1 el SleSe il e sasls a3 s ¢ Auto TS 45
IS Gosb e Lents S (U3 e Sl odin a8 S5 13] A
dLrAJ,:ﬂ‘ }TJA\);Y‘ 490 L}DL::JT J;.L«.H

pip install autots
eslll M1 LU Y1 ] plasealy Covid-19 wlss o3 5 228 oY1 |

from autots import AutoTS

model = AutoTS (forecast length=30, frequency='infer',
ensemble="'simple')

model = model.fit (data, date col="Date YMD", value col='Daily
Deceased', id col=None)

prediction = model.predict()

forecast = prediction.forecast

print (forecast)

Daily Deceased

2@22-01-19 271.950000
2022-01-20 310.179787
2022-01-21 297 .508000
2022-01-22 310.179787
2022-01-23 271.958000
2022-01-24 258.518302
2022-01-25 340.355520
2@22-01-26 296.561343
2022-01-27 296.561343
2@22-01-28 284.438262
2022-01-29 323.400000
2@22-01-30 271.950000
2022-01-31 245.758000
2e22-02-01 284.438262
2822-82-82 258.518382
2022-02-03 239.965607
2022-02-84 271.958080
2022-02-85 334.118953
2822-02-086 323.4008000
2022-02-07 271.958000
2022-02-08 284.438262
2022-02-089 323.400000
2@22-02-10 258.518302
2022-82-11 245.758000
2e22-02-12 245.750000
2022-82-13 326.442185
2@22-02-14 323.400000
2822-82-15 394.343619
2022-02-16 228.117431

2822-82-17 358.208000
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uaaloll

3 plasealy JYI el plisenl Covid-19 sy w35 e Loy 1 &2 Jall 2 o
3 3ol Ll Covid-19 @Y o, bl QUL plbden] LSy .0 80l doee
S Covid-19 wlrsay Sl sl da hall (o doas ey - Jonadl Gl Sl
Covid-19 wlsp 3l e Jiaadl e sl 15 055 O ol L obly de jazes od>]
(Sl plasenl,

:Janoll

https://thecleverprogrammer.com/2022/03/29/covid-19-deaths-

prediction-with-machine-learning/
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Tata Motors (JUI pleill o Tata Motors foauw jeuy g4l (23
Stock Price Prediction with Machine Learning

25 . Tata Motors 5,2 vgu yaes GBLII 310 oo 25T 8505 bags 531 5,30 3
A 80 S gl sl e (g0 B e ez agul plozall e e JI IS (5]
Bk 5,3 055 0F (Su Lo 25 (Tata Motors 25,3 gl el JLoLisS1 ol Agts
@ 32l Tata Motors &8, g paw Jolod L2578 pne 2y 5 ciST] )  py paltinal)
Tata 8,3 pgl Sl 520l Ao o Skl G s Daall o (3.2 Lwlis Dl 0igd
b plasealy &;\H A=l ~» Motors

Tata Motors oauw Jou Uil
el Sl SULy Ao sazes L35 J] ol (Tata Motors 8,5 pgead bl 32201 Laged
gLt 53 e Lo g1 Hlan ULy e gazes ol 320 (U Tata Motors &5,

0Ll 5 sSTdl ol ghasl

-Yahoo Finance s,y o3 .1

(Tata Motors &% ages 525) TTM sl Tata Motors ;e Eoul .2

Al UL G L8l S .3

" download" G355 &l Llgdl 5y .4
S g 03] ol GOVl ol S dl Al BCSV Cile (5 2mn ol shasull o g
050 phaseal JYI W dedl as Tata MOCOTS s yaow 13 55 dage S5 8051

09b d¢J pladiwl Tata Motors 64 b ol jlewl §uiill

e gazen s O ol LSl 5|l Gy b e Tata Motors 85wl sl 52201 doge T
tda DU e BLY

import numpy as np

import pandas as pd

import plotly.graph objects as go
data = pd.read csv ("TTM.csv")
print (data.head())
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Date Open High Low Close Adj Close Volume

@ 282e-1e-22 9.8 9.14 5.3 9.12 9.12 1ledscee
1 2020-le-23 9.3@ 9.34 9.16 9.32 9.32 1ll1587@@
2 202e-1e-26 9.3 9.98 8.89 9.06 9.86 2141%@0
3 2@2e-1@-27 9.15 9.58 95.15 9.48 9.48 1552980
4 2028-10-28 95.82 9.84 B8.80 B.85 8.85 2483900

AUl 3L Al 8550 e Jgvamd] g1 bl Blelis 1 guas o s 0V Loy
:Tata Motors & % (..@.J Sl

figure = go.Figure (data=[go.Candlestick (x=data["Date”],
open=data["Open"],
high=data["High"],
low=data["Low"],
close=data["Close"])])
figure.update layout(title = "Tata Motors Stock Price
Analysis", xaxis rangeslider visible=False)
figure.show ()

Tata Motors Stock Price Analysis

"~
I
"
o
&
5

ol SULII de gazes Sl5as o (correlation) bLiYI e s ks ik oYl Les

print (data.corr())

Open High Low Close Adj Close Volume
Open 1.080000 ©.998775 ©.9992783 ©.998843 9.998843 ©.106946
High ©.998775 1.008800 ©.998695 ©.999452 ©.999452 ©.132946
Low ©.999278 ©.998695 1.000000 ©.998787 ©.998787 ©.10@552
Close ©.998043 0.999452 ©.998787 1.000000 1.000000 ©.127651
Adj Close ©.998043 ©.999452 ©.998787 1.000080 1.00000@8 ©.127651
Volume ©.1e6946 ©.132946 ©.100552 @.127651 ©.127651 1.0008080

autots &8s La fmb .Tata Motors & % WTJL’WT-B 5ol dage J Jass oVltes
pss o 13 Eeslall dwesdl oL Tata Motors &5, agul sland slie¥ 000 S
pip oY1 el 8 s LS SSogd ¢ J3 oy ada 0 il 4o5o

pip install autots
:Tata Motors & % WT}L&.\NT &5 SSas e S L L oY
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from autots import AutoTS

model = AutoTS (forecast length=5, frequency='infer',
ensemble="'simple')

model = model.fit (data, date col='Date',K value col='Close',
id col=None)

prediction = model.predict()

forecast = prediction.forecast

print (forecast)

Close
2021-10-22 34.068566
2021-10-25 34.525269
2021-10-26 34.955687
2021-10-27 35.478639
2021-10-28 35.850695

Tata 8,5 gt e 520 dagad JYI ol pltscnd g Sy I 82 )l oa ol
.Motors

A loll

I s Tata Motors 3,5 aged Sl 035 I o ey ) 3 ) o o
52 a0 55 U (g g (30 plozals Tata Motors 3,5 Jas . Y1 el
Bl oda ool 05 0585 O ol . Tata Motors 3,4 agu sland Jlowd <35 Ju2il
089 pll JYI Al e Tata Motors 3,4 gasl bl 32201 J

:Janoll

https://thecleverprogrammer.com/2021/10/22/tata-motors-stock-price-

prediction-with-machine-learning/
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Apple Stock Price JII plei)l go Apple oo jeuy uiil (24

Prediction with Machine Learning
iPhone 13 GMb| Je Clig Com aatw Sd doge oo gl Apple 8,8 sl
Aol WL GV G oty oYl B Golaza¥l 5550 Wl say
130 AU I el sty gyl gl oo 63 Y1 el 2Ll i Lo
Gl Wlaodl adgs ( JYI (el ol Apple gl Jlanly 52201 £AS 8 im0 5 228
ey JYI Al o Apple gl slans] 13 5 Lo o Salll G5 g Dl 0dn 3.2

&

05k

Apple pauw jeuy §uiil

(2 o> (Apple s e Aladall Sl A e JApple &> dx
At LT BTE0 ctlel AU ot S O ] 2y iPhone 3 56T G|
o) G s Bt ool (o dydald Sy U oz 14 343401 iPhone 13 G
b s ety 85,0 b U550 IS 36V (Apple gl #1280 25,85 10 5oy O
Jelod w3y il g i 0] Sl oSy Lo 1 GlS S5 oy Lgagn s 8313 3585
.Apple WT)L;WT

el ] SULy o gams B35 J] drlow <3 (APl g a5 deged £l
0UsT 5 STl ol glas) ) ciegedl g ULy i sazs o3 . Apple

-Yahoo Finance &)Ly o3 .1

-(Apple vgw )) AAPL S Apple e Goul .2
e UL Gl G5 .3

" download" 355 &l Llgdl 55 .4

O g colal ol G0Vl ol 5ol Maes GCSV s (6w « ol shasdl o
0k el JYI dall plisealy Apple vgos a3 5 doge o Slallel

ugU laa il Apple ey peiuy §uiil

SUL) & pores b OS5zl Goib e Apple gl slanls 52l Loge T
143DV

import numpy as np
import pandas as pd


https://query1.finance.yahoo.com/v7/finance/download/AAPL?period1=1599565949&period2=1631101949&interval=1d&events=history&includeAdjustedClose=true
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import plotly.graph objects as go
data = pd.read csv ("AAPL.csv")
print (data.head())

Date Open High ... Close Adj Close Volume
@ 2020-09-08 113.949997 118.989998 ... 112.820000 112.098999 231366600
1 2020-09-09 117.260002 119.139999 ... 117.320000 116.57@236 176940500
2 2020-09-10 120.360001 120.500000 ... 113.489998 112.764717 182274400
3 2020-89-11 114.576000 115.230003 ... 112.900000 111.284241 1808608300
4 2020-09-14 114.720001 115.930000 ... 115.360001 114.622765 148150180

[5 rews x 7 columns]

ol (2Ll 83L 3 Boedly 3 50 e smameld odin g1 slad DBy e Les oY)
:Apple V’G’“T

figure = go.Figure (data=[go.Candlestick (x=data["Date"],
open=data["Open"],
high=data["High"],
low=data["Low"],
close=data["Close"])])
figure.update layout(title = "Apple Stock Price Analysis",
xaxls rangeslider visible=False)
figure.show ()

Apple Stock Price Analysis

Jan 2021 Mar 2021 May

Jul 2021 Sep 2021

toda UL s gazes Jl5nall (w (correlation) LY e sl 4l oYltes

print (data.corr())

Open High Low Close Adj Close Volume
Open 1.000000 ©.594551 ©.993183 ©.986214 ©.986177 -0.466464
High ©.994551 1.000000 @.992951 ©.993586 ©.993387 -9.440943
Low ©.993183 ©.992951 1.0ee0e@ ©.993915 ©.994187 -8.517453
Close ©.986214 ©.993586 @.993915 1.080000 ©.999899 -8.489536
Adj Close ©.986177 ©.993387 @.994187 ©.999899 1.000000 -9.493909
Volume -9.466464 -8.448943 -8.517453 -8.489536 ©8.493989 1.000000



/Ul roleill o Apple e ey guidl 124

02 dautots 15 ba pasealu L Apple pgl Sl 52l doge J Jas oY1 Les
s S (3 e aadiend o3 13] L Aas Ll Aol pLU Apple gl Slanly 2l
pip Y plasels & sy

pip install autots

tApple 3,5 wgd sland 03 5 Sy S b L 0

from autots import AutoTS
model = AutoTS (forecast length=5, frequency='infer',

ensemble="'simple')

model = model.fit (data, date col='Date',K value col='Close',
id col=None)

prediction = model.predict ()

forecast = prediction.forecast

print (forecast)

Close
2021-09-08 157.595000
2021-09-89 158.491248
2021-09-10 157.846256
2021-09-13 158,758755
2021-09-14 155.934376

oI bl ) YT el gl Ly SeSlay 1 2y ol p e

Lol

ey JYI ol plisenls Apple pgmd lanls 5201 Loy Sy 1 3l p 0da
0¥ JYI el dledl Sl aof I G5V B Jlos dmy 05 sy 8
I Wl ada ol 8 0555 O ol S lacll plasesly o1 5lanly 3ol LSy
089k pll SV Al o Apple gl el 235

:Janoll

https://thecleverprogrammer.com/2021/09/08/apple-stock-price-

prediction-with-machine-learning/
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Tesla Stock Price (JUI plci)l go Tesla paw jeuy g4l (25
Prediction with Machine Learning

U3 bl Bl g I JUsl ol J) s bl iS50l 858 & Tesla
5l Wl 3 pases 21 Elon Musk Jax < Tesla gl slaad ¢ L)) 0 206 oL
dogo I D05 G s ALl 0din G ¢ JYI acl) 2l plusinad D V1 by
02k plel JY Al o Teesla gl slad 235

JUI el go Tesla paw yeuy §uiill

LI oSl Ll e ST IV el ay el Bl g1 bl 52201 ey
O o dall ole s els Eom Y1 AL 5o 6 240 Wl g 3 Tesla olS” e 1
ol ol IS o B0T G5 g il eda GV Tesla 35 (Wl ol o b
.Tesla (e e 322 dagad Facebook Prophet g3 sob plisenl LasS Js

i yorms Ji32) -yahoo finance wss (o b Lgadbenalir A1 UL &e s o35 3
Sy TSLA ;¢ &ovls yahoo finance pdse L5 sw Shle Lo coda UL
10030 5yl QC"’J“J’“ LS 5 sl

Tesla, Inc. (TSLA) (" ¢¢ Add to watchlist

NasdaqGS - NasdaqGS Real Time Price. Currency in USD -

618.71 -21.68(-3.39%)

At close: 4:00PM EDT

Summary  Chart Conversations Statistics Historical data Profile Financials  Analysis Options  Holders Sustainability

Time period: 27-Mar-2020 - 27-Mar-2021 Show: Historical prices v Frequency: Daily v Apply

urrency in USD &, Download

ol UL e pars o35 (s B35 35 R (3 el Sl G ) e L
STSLA.csv”

w9l 64J pplaaiwl Tesla oauw jeuy §uidll

o) 13L& gy Teesla gl 5lans Lou ) LI UL L3 ol 8 0555 0f o]
S el el Tesla g Sl (135 228765 0V Les oMl ] (35, Sl
03 UL e azen s ol LeSa sl b Tl L0 il plasenly

import numpy as np
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import pandas as pd
import matplotlib.pyplot as plt
from fbprophet import Prophet

data = pd.read csv ("TSLA.csv")
data.head()

Date Open High Low Close Adj Close Volume
0 2020-03-27 101.000000 105.160004 98.806000 102.872002 102.872002 71887000
1 2020-03-30 102.052002 103.330002 98.246002 100.426003 100.426003 59990500
2 2020-03-31 100.250000 108.592003 99.400002 104.800003 104.800003 88857500
3 2020-04-01 100.800003 102.790001 95.019997 96.311996 96.311996 66766000
4 2020-04-02 96.206001 98.851997 89.279999 90.893997 90.893997 99292000

Do Jroy Uy SLLII 2 sazes 3" Close” SV 5 o 5 Lies (Lol ool 3

close = data['Close']

ax = close.plot(title='Tesla')
ax.set xlabel ('Date')

ax.set ylabel ('Close')
plt.show ()

Tesla

900 1
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Close

400 A
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T T
] 50 100 150 200 250
Date

)Uﬁl ¢Li..ai.a ‘..2..13 By c(é’j\.&}b @)w\) oda <Ll i gazue P RO Jl Lis Cliou
ks s gendl ol Lo UL

data["Date"] = pd.to datetime (data["Date"],
infer datetime format=True)
data = data[["Date", "Close"]]

irbw >« Tesla W\JWL}MM Ls Facebook prophet 3 ye5 p s Y s
see Y dens B3le] )

data = data.rename (columns={"Date" : "ds", "Close" : "y" })
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Sl L Gyes oY1 (Facebook prophet T35 UL de pozms slasls Lad KRy
:Tesla (..@MT

model = Prophet ()

model.fit (data)

predict = model.make future dataframe (periods=365)

forcast = model.predict (predict)

forcast[["ds", "yhat", "yhat lower", "yhat_upper"}].tail()

ds yhat yhat_lower yhat_upper
612 2022-03-22 131.630090 -585.268250 931.611531
613 2022-03-23 129.584278 -583.545636 935.285420
614 2022-03-24 127.202999 -593.418911 930.525966
615 2022-03-25 125.492270 -601.302243 924.233573

616 2022-03-26 134.506307 -595.884292 930.702026

graph = model.plot (forcast, xlabel="Date", ylabel="Price")
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wuaaloldl

Jos s 55 5L o 13 o il bkl Jaisein Tesla gl Sland 0F 5t
L3l 65 Sl s Glad Sl (6,5 SIS, 0V Bas bia 050 6 gl
5edl dage Jym Wil ods ol 05 0585 0F T, Teesla o &)lis 0 jaises ae
0L plealy JYI ] & Tesla V.@MT)LML

:Janoll

https://thecleverprogrammer.com/2021/03/27/tesla-stock-price-
/prediction-with-machine-learning
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Social Media Followers Prediction with Machine Learning

B goeall 2iin pa bl do o Loloa VI Lila l Slian (o dydall p sl o s
3o 055 Y 8 elea W ol sll Jslay) Bl ki SVnall g151 o dtal
sde 0B Jlasl =8 5 o piie ey (S5 bzl Jous L) panliadl
3o dogn OB MU sl (e dosad S oLl (g gromedl ] d s 5l s Sl o ed)
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import pandas as pd


https://raw.githubusercontent.com/amankharwal/Website-data/master/stats.csv
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import matplotlib.pyplot as plt
import seaborn as sns
import numpy as np

data = pd.read csv("stats.csv")
data.drop(data.tail (1) .index, inplace=True)

data.head()
period_start period_end ... subscribers_total views
e 5/1/2820 5/31/2020 ... ] 128.80
1 6/1/2020 6/30/2028 e 1e613@.8
2 7/1/2020 7/31/2028 @ 146l16.8
3 8/1/2e20 8/31/2028 @ 4e53.8
4 9/1/2020 9/30/2028 @ 5153.8

[5 rows x 11 columns]
5o 6 UL e paren o V1 Crall By 3 oDl s U1 o oLl ol 5

o 3 IS S il e e sl Al 0V el s e Ly e
toda _ela VI Jool gl e J) Cananl O dis olo

plt.figure (figsize= (15, 10))

sns.set theme (style="whitegrid")

plt.title ("Number of Followers I Gained Every Month")
sns.barplot (x="followers gained", y="period end", data=data)
plt.show ()

Number of Followers | Gained Every Month
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plt.figure(figsize=(15, 10))

sns.set theme (style="whitegrid")

plt.title("Total Followers At The End of Every Month")
sns.barplot (x="followers total", y="period end", data=data)
plt.show ()
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plt.figure(figsize=(15, 10))

sns.set theme (style="whitegrid")

plt.title("Total Views Every Month")

sns.barplot (x="views", y="period end", data=data)
plt.show ()

Total Views Every Month
w3112020

3012020

e

waon ]
po—

wmzo
oo

3
-g‘ 12/31/2020

i
o
amaon
o
asozon
snzon

02011

]
8
5
H
i
§

100000 120000 140000 150000

5l S pse Sl fuadl n sy a3 15 (0 5L dautots 28 oY paseals

(Jed o &Sl eds Cosddennl U3 S5 o) 13 .(time series forecasting) & | dhededb
pip oY) ey Slallss e &y Lt ShSod

pip install autots

Gy Y1 etV S5 gy w8 ] pmliedl sie Bo3L ) w85 LSy S L) Y

NN

from autots import AutoTS

model = AutoTS (forecast length=4, frequency='infer',

ensemble='simple')

model = model.fit (data, date col='period end',
value col='followers gained', id col=None)
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prediction = model.predict ()
forecast = prediction.forecast
print (forecast)

followers_gained

2021-08-31 693.465876
2021-09-30 617.750000
2021-1e-31 650.000000
2021-11-30 634.750000

WA loll
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

from seaborn import regression
sns.set ()
plt.style.use('seaborn-whitegrid')

data = pd.read csv("Dogecoin.csv")
print (data.head())

Date Open High Low Close Adj Close Volume
@ 2020-85-24 ©.193350 ©.194625 ©.186274 @.186783 ©.186783 1.418582e+1@
1 2@20-05-25 ©.186607 ©.193194 ©.185048 @.192753 ©,192753 1.628989e+10
2 2820-85-26 @.192689 ©.192902 ©.186774 @.187698 ©.187698 1.480234e+10
3 2020-05-27 @.187635 ©.191591 ©.1870e@6 @.l19e5es8 ©.19@568 1.413078e+10
4 2020-985-28 ©.190621 ©.193574 ©.188966 @.191@35 ©.191835 1.667015e+1@

Lol 3ol 5 Al ol e (close) MY 5508 (g 5om codn UL ds gaes &
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data.dropna ()
plt.figure(figsize=(10, 4))
plt.title ("DogeCoin Price INR")
plt.xlabel ("Date")

plt.ylabel ("Close")
plt.plot(data["Close"])
plt.show ()

DageCoin Price INR
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from autots import AutoTS
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model = AutoTS (forecast length=10, frequency='infer',
ensemble='simple', drop data older than periods=200)

model = model.fit (data, date col='Date', value col='Close',
id col=None)

prediction = model.predict ()
forecast = prediction.forecast
print ("DogeCoin Price Prediction")
print (forecast)

DogeCoin Price Prediction
Close
2021-85-25 23.625960
2021-05-26 24.655236
2021-05-27 24.642397
2021-85-28 25.270966
2021-05-29 26.182042
2021-05-39 26.204489
2021-85-31 27.254508
2021-06-91 28.709306
2021-86-82 29.425843
2021-06-83 29.497685
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