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EDA (Exploratory Data Analysis)
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(Weighted Mean) 13 9 afilee
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x;: the value of the one observation

X: the mean value of all observations

n: the number of observations
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Numpy
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import numpy as np
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dir (np)
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np.array ([1,2,3])
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Np.zeros(shape, dtype)

Np.ones(shape, dtype)
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Np.full(shape , number, dtype)

dtype="float")

(ipe) Gaaiys slael 5l Giad b aplT Sy el

Np.arange(start , stop , step)

np.arange (0,10)

array([0,1, 2,3,4,5,6,7,8,9])
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Np.linspace(start , stop , number)

np.linspace (0,100, 6)

array([ 0. 20, 40. 60., 80. 100.])

(Random) (yéLes slasl
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Np.random.rand(shape)

np.random.rand (5)

array([0.41923568, 0.07129158, 0.31673463, 0.27463542, 0.08996385])

np.random.rand (5, 7)

np.random.rand (5,7, 8)
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Np.random.randn(shape)

np.random.randn (5)

array([-0.29635448, -0.78964874, -0.43079313, 0.2206741, 1.7669638 ])
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Np.random.randint(min, max, shape)

np.random.randint (1,100, (5,2))

Jog aujgs
G ¢ lxisas gujei b ((Gaussian w30l a) LwglS gajei «( Normal distribution : w35l a) Jloys &1595
ol 331V Rl Coosl 55 g Lsﬂ.&f,ob ol Ul OVlisl aglas o gy Jlai=l LSLCDEJJgJ (R Hpge 51

S 50 (s9rn &2595 Ol 5l eul Hlade S Joo (GS2508) Laub ot (5, kuw ju>edl aS

Np.random.normal(location , std, shape)

np.random.normal (20, 3, (4,3))
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np.random.normal (8, 0.1, 50)
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il Suaj

S 3Ll 43S 5l pulgine euinSy (8,8) alads Sy, Whaike 13505 55 Lsbal dhis (s3lasi @ilgx S|

np.random.normal (8,

np.random.normal (8§,

10




aal,] S sletibl sl

2o G ile Sy Ll

matrix = np.random.randint (10,50,

o yile sl a2 dlasi Giules

o sile Y inles

uw b slacel dlasi Giules

Omsile dlacl €95 Gles

)T S el ,usi ireshape gl
numpyArray.reshape((shape))

example = np.arange(l,16)
example

array([1, 2, 3, 4, 5, 6, 7, 8, 9,10, 11,12, 13, 14, 15])

example.reshape ((3,5))

array([[ 1, 2, 3, 4, 5],
[6, 7, 8, 9,10],
[11, 12,13, 14, 15]])




)] G sac (i Sy 03 Lasiin jMax b

matrix.max ()
bl s3e (32,88, 50 0)losd 93,5 13w :argmax b

matrix.argmax ()

el alyl sae (4,5 S2>6S (5l o |, argmin g min &0 Hrod @

X3S Jrog o 4y 35,15 (5010 sl aS | gl (63L; slass ilgiae g1 ¢l iconcatenate g,U

first array np.random.randint (1,7,

second _array np.random.randint (1,7,

third array np.concatenate ([first array, second arrayl])
fourth array np.concatenate ([first array, second array],

g Juog @d @ Gigiw Wygo 4 ailyT bgd Lisy @S oslaswl axis = 1 51 ,i8g

alT S SOt b iise

array = np.random.randint (1,20,7)
array

array([10,19,12, 5, 3, 4, 3])

new_array = np.sort(array)

new array

array([ 3, 3, 4, 5,10,12,19])

sy U dga b yo (SIgiaw qS{a“...SUam p.y|91y axis Ulagf)]- L P.g..wb audbld (g Sz Q|JT)§|
rbw sl axis = 0 g igiw gl axis = 1



numpy ,3 b b 9 o sludes

enld 1 5 all 3us 46,8

array = np.random.randint (1,100,12)

array

array([24, 21, 7,76, 29, 82, 68, 91, 38, 81, 74, 13])

bl 535,50 50 51 aS @S Qlsil g, (Ul plgSe V>

arraylarray > 50]

array([76, 82, 68,91, 81, 74])

Urarmgiy @D 315 K)go 4 @aigise

condition = array <= 40

array[condition]

array([24, 21, 7,29, 38, 13])

P23 plul Heaabl b G ile (59, 9) 125 sl Oldac eaigine

QDTUJQQD

np.mean (array)

(.)9.&1’&&& kTAj).O kSJ)‘..I 4.? d%gs jl Q.AIJT I.).:i.?l) .))I.) )I)§ le)T .b.u)g ).) 45 k:A.\.AJl LS.).LC QJL.)‘.O :le)T QJL.}D O.))QT k:A.MJAg

np.median (array)

std (standard deviation) L ;Lo ;I =0l

np.std(array)



2B Ojg0 ) |) Galio sl 02,80 puilgise Pandas b «cuwla 6315 b g (5,55 (5l ailylis S, Pandas
oS Jloel L 0lopkis 2,90 Sl 9 euiS j hlio slo

pandas > o (g w

pd.Series([10,20,30,40,50,601)

10
20
30
40
50
60
type: int64

Pandas 5 @z, wslw

list example = [5,10,56,98,45
pd.DataFrame (columns= [ data = list example)

vals = np.arange(l,13) .reshape(3,4)

pd.DataFrame (data = vals, columns =




csv (L8 Wygo a4 Cuwliud S gulg>

pd.read csv ("data

excel (Jld &ygo ar Cuwlind SO Gl

pd.read excel ("data file name.csv"

290> JSb igles

df.shape

23l slal Giles

290 5l pgiw Sy olde Ginles

Jol U9,

df['column 1']

P9 UV9)

df.column 1

xS 03L&l 45 IS 5l paigize EaleRs 9) giw Ol slizd s 3]

df['column 1'].values




slicing w)g0 @ Giules ;1 Ll diges

Ak & b o)lass 491 g o Jhw D g B gl ogiuw Vall

df[["VAL1"]]["B":"D"] GF[["VAL1"]][1:4]
VAL1 VAL1

B 119318 B 31931

C 0528813 C 0.52881

D 09550 D 09550

df[['column 1', 'column 2']]

PRt iv) U Jol wgiw wl&il

df['column 1':'column 5']

slicing 9 indexing i iloc g loc ;1 aalaiwl

o ol b T o)l 51 Hgiw g saw @l sl @ ol 5l eslaswl ;5 Lay «uwl integer location ize « iloc
xS

iloc g loc L rcu)sl.u) S opdgl Ll

print (df.loc['index 1 name'])

023 B Jol s 51 3,5 (slice) Ll

.loc['index 1 name':'index 10 name'])

print (df.



o U So pyoiw sl foLcﬁ wlxil

S U Sy ygiw jl 23,5 padinv (53 Ulogf)Tngqb)hM,oloJU.zsz,gHLﬁl.&ftdgl ologST )

df.loc[:, 'column 1 name': 'column 5 name']

papias gy o Slles
32 Ogiw (3,5 aslal

313 s 5 plaSy aS eu)ls | 45 T g 5l A4S (8%

df ['col 6'] = df['col 1'] + df['col 5

S b ogian Sy Bi>

b sl 09 pgiw gl axis =1 Gl b 598 B> (Hgiw esS o pasdiw axis b

df.drop([names], axis = 1 or 0, inplace = true or false)

df .drop(['col 1','col 2','col 3'], axis = 1)

51325 1w Bio

= df.drop (index=range (1, 5133))

ol i i




25 S 5l pogine @i 2A> 2,805 (595 9 ady B> bz 4 Ll wsedsl el 8lL> Ysed easledy S

oS 3Ll

df .drop([1, 65, 88], inplace=

DataFrame ,s null 2lade

@28t )5 null lado Slass (53)S pasuiv

df.isnull () .sum¢()

survived

embarked

class 0

who 0
adult male 0
deck 688
embark town 2
alive (0]
alone 0

@258l Job ay s NUll 50 300)5 (93, Lot

(df .isnull () .sum() * 100) / len (df)

survived 0.000000
pclass 0.000000
sex 0.000000
age 19.865320
sibsp 0.000000
parch 0.000000
fare 0.000000
embarked 0.224467
class 0.000000
who 0.000000
adult_ male 0.000000
deck 77.216611
embark_town 0.224467




0.000000

0.000000
dtype: float64

2oL null LT Jgl ogis aSigl by b o0 S0 1) 02,8 Lod (slo 0giw 9 o sl acd euolgse

df [df.iloc[:, O] .notnull ()]

2o w b

s Null b 250> Nan lage oS (o jhw Vi

df .dropna (inplace=

s Null b 35515 Nan jlade oS (ol ¢giw B3>

df .dropna (axis=1, inplace=

ol lade S b null gy5lE0 53,5

df.fillna(1000)

df.fillna ("test")




20U (332 sl Ggiw ;o b g digi 1 de=90 dlael She L null b nan ,uolie 1L (33 sl ygiw 5 Vgaso
gy pgiw ol mode b

Ogiaw Ol 1 (58555 b aalS (2,5 JLSS 2 :Mode

categorical cols = df.select dtypes (exclude=np.number) .columns

numerical cols = df.select dtypes (include=np.number) .columns

- col in categorical cols:
df [col].fillna (df[col] .mode () [0], inplace=

col in numerical cols:

df [col].fillna(df[col] .mean (), inplace=

Pandas algs

398 entries, 0 to 397
Data columns (total 9 columns) :

cylinders non-null
displacement non-null
horsepower non-null
weight non-null
acceleration non-null
model year non-null
origin non-null
name non-null
dtypes: float64(4), int64(3), object(2)
memory usage: 28.1+ KB

df.shape

398,9

e sl Ggiw 1She duwlxe

num cols = df.select dtypes (include=np.number) .columns

df [num cols] .mean ()




[CRRY- (_5L® Q9w )L\.su )| k_9|)2.1| chuLzo

num cols = df.select dtypes(include=np.number) .columns

df [num cols].std()

(median)ailo auwlxo

num cols = df.select dtypes (include=np.number) .columns
df [num cols] .median ()

Vg SO O MS S ol jl plaS o Slass

df['cylinders'].value counts ()
cylinders

4 204

8 103

6 84

3 4

5 3

Name: count, dtype: int64

df['cylinders'].unique ()

array([8, 4, 6,3, 5])

df['origin'] .unique ()

array(['usa’, 'japan’, 'europe'], dtype=object)




Qg 9 (53iudg,S

df .groupby ('origin') ['cylinders

origin

europe 4.157143

japan 4.101266

usa 6.248996

Name: cylinders, dtype: float64

pd.crosstab (df['origin'], df['cylinde

cylinders 3 4 5 &6
origin

europe 0 63 3 4

japan 4 69 0 6

usa 0 72 0 74 103

sd3e Lo pgiw plai b (s35u2g,S

num cols = df.select dtypes (include=np.number) .columns
df .groupby ('origin') [num cols] .mean ()

cylinders displacement horsepower weight acceleration model year
origin
europe 27891429 4157143 109.142857  80.558824 2423.300000 16.787143  75.814286
japan 30450633 4.101266 102.708861 79.835443 2221.227848 16.172152  77.443038

usa 20.083534 6.248996 245901606 119.048980 3361.931727 15.033735 75.610442

Ghwd U)gio ) (6338 4 (giw Sy ke (gl 031> s




2 el Sslogil g0 @ |y Vb wlilae erigize

df['origin'], class mapping = pd.factorize(df['origin'])

print ("Class mapping:", class mapping.tolist())
df .head()

Giwd Wygo @ o sl 5, (Normalize) juVloys

normalizer (x) :
return (x - x.min()) / (x.max() - x.min())

df.iloc[:, O: = df.iloc[:, 0:8].transform(normalizer)

b o T 0 g slael ay Qlaisl @226 Sy b lo 7 6 0 pygiaw sl 0315 Vs

s pgiw as |, Categorical sla (giw 2L b Hygiw aed (gl )5 G2l Ell 51 J8 aS Al aidsls a>gs

S J23 (5332

(sine normalizer) .S 3uVloy @d 515 )0 4y 9,ld 6315 @uigise

0:8] .transform




Matplotlib

o 031> (visualization) euuzi g 397 15 Ginles s (gl 63 aizlw wliulis ¢l

import matplotlib.pyplot as plt

linear plot (bs o))
plt.plot(x list, y list, color = )

X _points np.arange(l, 10, 0.03)
y_points np.sin(x_points)

plt.plot (x points, y points)

1.00 1

0.751

0.501

0.251

0.00

—0.25 4

—0.50 4

=0.75 4

—1.00 A

WlulS b a2y 9 @S Glws | gl Guigiow Gagaw 9 03ub aidlw 63 U S ) )5 slael slass G VL aS s
e3> Ginles |, T matplotlib

S Lasuin |y Lo 9o el puilgize 105 35 b

plt.xlabel ('x points')
plt.ylabel ('y points')

plt.plot (x points, y points,color =

1.00 A

0.75

0.50 q

0.25 4

0.00 q

y points

—0.25 A

—0.50 A

—0.75 A

—1.00 A

T T T T T
2 4 6 8 10
X points



plt.plot(x points, y points,".",

100{ .- .

0.75

0.50 1

0.25 1

0.00 *

y points

-0.25 1 . .

—0.50 1 -

—0.75 1 .

-1.00 1 .

x points

plt.plot(x points, y points, 'go--', linewidth=2, markersize=8)

1.00 ’A. ’0.

Y ‘e
0.75 4 ! \
0.50 1
0.25

0.00

~0.25 - ] ,‘ °

-

¥ points

) ]
—0.50 s b4
\ /
~0.75 1 » »
AY
L] I{.
-1.00 1
T T T T T
2 4 6 8 10
x points

plt.plot (x points, y points, ', linewidth=1.5, markersize=8)

100{ g@
0.75 4 \ ! b
0.50
0.25
‘\
0.00 1 L4 i L4
\
\ A}
-0.25 1 ,’ »®

y points

v
~0.50
* /

-0.75 4 ‘Q /‘

¢
~1.00 L 1

x points



1905 93 Liwles

x points = np.arange(l, 10, 0.3)

y points 1 = np.sin(x points)

y _points 2 = np.cos(x _points)

plt.plot (x points, y points 1, "ro--")
plt.plot (x points, y points 2, "go--")
1007 oM yo F ™
SN NS
0.75 1 \ P) :’ X
i h y
oso{ ® 1\ J K \Q ]
\ \h i e Y
0251 @ \ / / L t
\ L \
\‘ ‘. f :‘ \‘ \\.
0.00 1 ;\ \ ‘r ;! ] \
~0.251 '* '.‘ ’,’ '.’ 5 »
0.50 \ 3 :’ ] *‘\
—050 Y !
" ' é 5
—0.754 R\ “'.‘\ .‘I \.\
~1.00 e’ oo L
2 4 6 8 10

Bar plot (95w pus))

X points np.arange (1, 10)
y _points (x_points) * 2

plt.bar(x points, y points)

X _points = np.arange(l, 10)
y _points = (x points) * 2

plt.barh(x points, y points)




Step Plot (51 aly o))

X points np.arange (1, 10)
y _points (x_points) * 2

plt.step(x points, y points)

184

16

144

124

104

P95 31851 puadS

plt.figure(figsize = (10,8))

plt.step(x points, y points)

PRl (13905 33> huled) (537 Grid 259.0 43 Jusles

Axes = plt.subplots (nrows =
0] .plot (x_points, y points,
1] .plot (x_points, y points,
1] .plot (x points, y points,

plt.tight layout ()

1.00 “"Q ’.a,* 100 ‘,q.‘ ’.qq
075 ° ® 075 ° °
¥ oo ¥ fon
050 " ’-’ ) 050 " ,, 1
025 *\ i k‘ 025 ‘\ ; *‘
0.00 1 *. ,ﬁ & 0.00 ] ,’ §
F; \ \ ¢ \
—0.25 h‘ } o| -025 h\ ! ®
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-0.75 0 # 075 . #
-1.00 *’ -1.00 | o’
2 4 6 8 10 2 4 6 8 10
L0 1.00
o8 075
050
0.6 4 0.251
0.00 {
0.4 1 025 1
~0.50 1
0.2 o |
~1.00 4
0.0

T T T T T T T T T
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plt.plot (x points, y points, "bo--"

plt.plot (x points+2,

y points,

plt.legend/()

W~
ro ’

N3gai )3 (label) Jud Jiuslai

label="firs
label=""%

4

1]

—0.25 1

=0.50 1

—0.75 1

T
12

—1.00

0.
0.

S,

np.random.normal (5,
S,

np.random.normal (8,

1.2,

np.random.normal (10,
.2,

np.random.normal (3, 1

y 1, color

plt.scatter(x 1,
vy 2,

plt.scatter(x 2,

T T
8 10

500)
500)

500)

500)

"Ie’d")

color = "black")




HN3ged pirlei 85l (33,8 yodine
plt.axis([x min, x max, y min, y max])

X points np.arange (1,10)

y _points x points * 4

plt.axis ([0,15,-20,501)
plt.plot (x points, y points)

np.arange (-2 * np.pi, 2 * np.pi, 0.01)

np.sin (x)

fig, ax = plt.subplots()
ax.plot (x, V)

ax.set xticks([-6,
[-1

ax.set yticks(

4

plt.show ()




o 0305 Giulas 1 9 0 g -1 slacl y ,l5g05 53 9 6 g -6 dlacl s Lo X ,l5g05 ;5 Cawl Lasuise aS Hghiles
xS oslaiwl e string ;I set_yticks g set_xticks gl )5 pwilgise .59

Sl 5l s Linle)

plt.axhline (0, color='black',linewidth=0.5)

plt.axvline (0, color='black',6 linewidth=0.5)
plt.plot ()

0.04 4

0.02 4

0.00

-0.02

—0.04

bar plot 3 £la5,1 1580 pusles

np.arange(l, 7)
np.random.randint (500, 1000, 6)

figure, ax = plt.subplots()
plot = ax.bar(x, y)
for bar in plot:
height = bar.get height ()
ax.text (x = bar.get x() + bar.get width() / 2, 1.002 * height, s =
int (height), 'center', va = 'bottom')




Seaborn

ol IMIAEPIOLID L1, 505 5 ani wlalis & asbuls ol

import seaborn as sns

Ll 291 9 0 LuMS aw shl> input (giuw aS @15 output g iINPUt GHgiw 93 L Cuwliys S 3WS (6,9

- EADD uwles | UT boxplot )13905 (o.a.d)lgmo

ahis gy 13905 Gl «awl Loosls I glaoMs Linles sl Su8LS Lig) S Boxplotl glass> loges
S)l=> «(Median) ailw «(Lower Quartile) Jgl S)l=> « (Minimum)aiaeS (350 glis ) wesls ;I (saals
20)5 75 9 20,5 50 (30> 25 iy ay (53415 blis ¢l .(Maximum)aiuing 9 Upper Quartile oguw
o2l bl (Outliers) iy (5los1> 6365l Lilgi 0 (slaue> 13905 (Huizxed .Jidd 0 i | Woesls
Ll a0 b aliseo (_;l.tb09)§ 2 odly gy 595 aunlas (gl ,ldg905

sns.boxplot (x="input', y='output', data=df, width=0.2)
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.euS o3laiwl (ygel plot Jud sns.set() ;I puisi o abl @bl Luluj LS SO @y Hged)l> aSiul slp

sns.set style ("dark")

sns.set style("whitegrid")

PRI E W IS S P SIVIR PRIV IS dl ark g rid, whitegrid, dark, white, tickfg]

heatmap

plt.figure(figsize = (12,6))

numcols = df.select dtypes (include=np.number) .columns

sns.heatmap (df [numcols] .corr (), annot= , linewidth = 2,
'Spectral')
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- - - =
0.75
- 0.50
- 025
horsepower -| 0.78 0.84 1 0.86
- 0.00
weight | 0.93 0.86 1 031
--0.25
acceleration - 0.42 -0.54 i) 0.29
—0.50
model_year - 0.58 0.35 031 0.29 1
—0.75
i i i ] " i ]
mpg cylinders displacement  horsepower weight acceleration model_year

Barplot

sns.set style ("

sns.barplot (x =

30 |
25
20 |
o
g
15
cylinders
10 5
4
- 5
5 mme
- 8
0
usa japan europe

origin

.data iy (595 0 9 29U e3> hue gy g X (595 9, Sas 3590 (Sl Ygiw Euul

Distplot

sns.set style ("dar

sns.distplot (df['ho

0.016

0.014

0.012

0.010

Density

0.008
0.006
0.004
0.002
0.000

0 50 100 150 200 250
horsepower

Histplot

sns.set style("darkgrid")

sns.histplot (df['h
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Countplot

sns.set style ("

sns.countplot (x

palette='
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sns.distplot (df [ 'horsepower'])
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Correlation U Siued cupon (Suesd logasls oubpege I GSo -3l bli)l 5018, L usie
w0 S (Jlio sl -l juio 95 o bl Cagz 9 ©D)a8 saidylin pasly ¢l .l Coefficients
e S e Ginli8l 56 (6,503 (oS Uil b aS ol ol L0l (bl b i 93 G Niunsed
arbin RIS (65503 (oS BRI L oSl ol ,Sily cxily

93 o bl Gy 5w «Canonical Correlation Analysisy b «ie5lS (Siued Julzin jl olgie (rizes
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spearman corr, p value stats.spearmanr (df['cylinders'], df['mpg'])

print (£" arman Rank rrelation: {spearman corr}")
print (£"P-value: {p value}")

alpha = 0.05
if p value < alpha:
print ("We reject the null hypothesis and a
There is a significant correlation.

to reject the null hypothes gnificant

correlation.")

Spearman Rank Correlation: -©.8218644914450967
P-value: 8.284686810807197e-99

We reject the null hypothesis and accept the alternative hypothesis. There is a significant correlation.
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= df[['age']]
= df['mpg']

_train, X test, y train, y test = train test split(X, y, test size=0.2,

random state=42)
model = LinearRegression ()
model.fit (X train, y train)

print ("Intercept: ", model.intercept )

print ("Coefficient: ", model.coef )
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print ("Equation of the model: mpg { * age + {}".format (model.coef [O0],

model.intercept ))

predictions = model.predict (X test)

Jdo &) auwlxeo

mae value = mean absolute error (y test, predictions)
print (f"Mean Absolute Error (MAE): {mae value:.2f}")

mse value = mean squared error (y test, predictions)
print (f"Mean Squared Error (MSE): {mse value:.2f}")

RMSE = np.sqrt (mse value)
print ("R Mean Squared Error (RMSE): ", RMSE)

r2 value = r2 score(y test, predictions)
print (f"R-squared (R2) Score: {r2 value:.2f}")

Multiple Linear Regression
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['cylinders', 'displacement’, 'horsepower’, ‘acceleration’] (slo oU a4y Jdsuwo juio b yiol,b 4L aS 35S (15,8 1l
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df[['cylinders', 'displacement',

df [ 'mpg" ]

_train, x test, y train, y test = train test split(x, y, test size=0.2,
random state=42)

model = LinearRegression ()

model.fit(x train, y train)

pred = model.predict (x test)

mae value = mean absolute error (y test, pred)
print (f"Mean Absolute Error (MAE): {mae value:.2f}")

mse value = mean squared error (y test, pred)
print (f"Mean Squared Error (MSE): {mse value:.2f}")

RMSE = np.sqrt (mse value)
! Squared Error (RMSE): ", RMSE)

r2 value = r2 score(y test, pred)

print (f"R-squared (R2) Score: {r2 value:.2f}")
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y _pred = model.predict (x_ test)

plt.scatter(x test['h r'], y test, color='blue', label='Actual
data', s=20)

plt.scatter (x test['horsepower'], y pred, color='red', label="'Model

lictions', s=20)

.xlabel ('horse
.ylabel ('MPG")
.title('Linear Reg
.legend ()

.show ()

Linear Regression Model
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X train, x test,
random state=42)

polynomial model

LinearRegression ())

polynomial model.fit (x train,
polynomial model.predict (x test)

y_pred

'displacement’,

4

y train, y test

'horsepower',

train test split (x,

y train)

v, test size=0.2,

make pipeline (PolynomialFeatures (degree=5),



mae value = mean absolute error(y test, y pred)
print (f"Mean Absolute Error (MAE): {mae value:.2f}")

mse value = mean squared error (y test, y pred)
print (f"Mean Squared Error (MSE): {mse value:.2f}")

RMSE = np.sqrt (mse value)
print ("R Mean Squared Error (RMSE): ", RMSE)

r2 value = r2 score(y test, pred)
print (f"R-squared (R2) Score: {r2 value:.2f}")

031> (59, alixo (5l® az;d i gl A5 SO

= df[['cylinders', 'displacement', 'horsepower', 'acceleration']]
df [ 'mpg']

_train, x test, y train, y test = train test split(x, y, test size=0.2,
random state=42)

best d 1
best r = -float('inf'")
for i in range (1, 20):
polynomial model = make pipeline(PolynomialFeatures (degree=i),
LinearRegression ())
polynomial model.fit (x train, y train)

y pred = polynomial model.predict (x test)

r2 value = r2 score(y test, y pred)

if r2 value > best r:
best d i
best r r2 value

print ("Best degree:", best d)
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Support Vector Machine (SVM) (gl aiiay 5155 ¢puilo @izye3l .5

Jito b puead sbad Sy @ | Loy sloesly oS (saiy alib slo @63l 5l 29,5 @
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[ 'setosa’ "versicolor® 'virginica']

sepal_length sepal width petal_length petal width species
4.4 3.2 1.3 0.2 setosa
5.6 30 4.5 1.5 versicolor
55 25 4.0 1.3 versicolor
5.8 28 5.1 2.4  virginica

54 L 1.7 0.2 setosa

S (235 (693 sl aug) gt sl LIS Jgl sle b

'virginica' : 2}




sepal_length sepal width petal_length petal width species

5.1 3.7 1.5 0.4

5.8 26 4.0 1.2

5.1 3.3 1.7 0.5

6.3 3.3 6.0 2.5

46 3.2 1.4 0.2

colors

species

for specie in species:
subset =
plt.scatter (subset['s

{specie}',

df [df['species']

'blue']

'] .unique ()

== gpecie]

th'], subset]['pe

color=colors|[specie])

.title (!
.xlabel ('

.ylabel ('p

.legend ()

.show ()

Scatter Plot of Iris Dataset
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sns.pairplot (df, i height = 2.75)
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Likelihood Class Prior Probability
J I

4
®

P(.\‘|C)P(C)
' P(x)

Posterior Probability Predictor Prior Probability
Oy Jlaizl O (Spg Jlaim!

P(c|x)=

P(c|X) =P(x,|e)xP(x,|c)x---xP(x,|c)x P(c)

L9 9 LIwIDs> 9 LgSy> LWMS auiils aS e ;5 Wie teawl Hhiae GuMS ool C e

Nigadh apwlzo HU wBlax jobay Sy o aS CunloShg seuddplis X e

awl X (S529) (5635658 i ing isdls b C LwMS (Posterior) ¢uu Jlei>l P(C|X) o

Zawl GuMS Jlai>l P(C) o

Olis [ C LS ¢l b X (50258 iy Jloso! aS el (Likelihood) Galescaw)s jlse P(X|C) o
LADD 0

Ll X (563558 il (Prior) oy Jlei>! P(X) @
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Gaussian Naive Bayes e
Multinomial Naive Bayes e
Bernoulli Naive Bayes o

Gaussian Naive Bayes
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Multinomial Naive Bayes
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Bernoulli Naive Bayes

Multinomial Naive Bayes

Gaussian Naive Bayes
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df[[':
df['upeviesv]

al length', 'sepal 'petal length', etal width']]

X train, x test, y train, y test train test split(x, y, test size=0.2,

random state=42)

gnb = GaussianNB ()

gnb.fit(x train, y train)

y _pred = gnb.predict (x test)

accuracy = accuracy score(y test, y pred)

print (f' uracy: {accuracy:.2f}")

(K-NN) K Nearest Neighbors

2,031 Sy g0 aisS 5 KNN T @y jlaislay as (K-Nearest Neighbors) ajluwas (50,5 <S030 K i 505l
Blgie i8I gl -l Hlwl T (55lwesly o (Supervised Machine Learning) osbw ;bU b ¢l (5,550
g4 6s5laiwl (Regression) ¢yeuw,S, g (Classification) (gawadd WMSkw J=> slp

(lazy learner) Juis (s623,:350 <, b (instance-based method) aigas ju s Jxo S lgicas (uizpeo KNN
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'sepal width', 'petal length', 'petal width']]

x train, x test, y train, y test = train test split(x, y, test size=0.2,

random state=42)

knn = KNeighborsClassifier (n neighbors=3)
knn.fit (x train, y train)

y_pred = knn.predict (x test)

accuracy = accuracy score(y test, y pred)
print (f'Accuracy: {accuracy:.2f}")

fpaS Iaaa ], Optimal K Value b K &g /1350 ,9b>

best accuracy = 0
best k =

for k in range (2, 21):

knn = KNeighborsClassifier (n neighbors=k)




knn.fit (X train, y train)

y pred = knn.predict (X test)

accuracy = accuracy score (y test, y pred)
print (f'k={k}, Accuracy: {accuracy:.2f}")

1f accuracy > best accuracy:
best accuracy = accuracy
best k =

print (f'The best k is {best k} with an accuracy of {best accuracy:.2f}"')
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(Euclidean distance) wauldl (galold o
(Manhattan distance) (yigio (salold o
(Minkowski distance) ,SaudgSio (saliold o
(Hamming distance) Sio» alold o
(Chebyshev distance) casiuuz alols o
(Mahalanobis distance) juwgiVlob alold o
(Jaccard distance) 5,515 alold o

S a5 35 )5 5 Oye0 4 VU Luslie eulgie

knn euclidean KNeighborsClassifier (n neighbors=k, metric='euclidean')
knn manhattan KNeighborsClassifier (n neighbors=k, metric='manhattan'

knn minkowski KNeighborsClassifier (n neighbors=k, metric='mink
p=3)

knn hamming = KNeighborsClassifier (n neighbors=k, metric='hamming')

knn chebyshev = KNeighborsClassifier (n neighbors=k, metric='cheby




knn mahalanobis = KNeighborsClassifier (n neighbors=k,

metric='mahalanobis', metric params={'V': np.cov(X train.T)})

knn jaccard = KNeighborsClassifier (n neighbors=k, metric='jaccard')
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df [['¢ al length', 'sepal width', 'petal length', 'petal width']]
df [ 'species']

_train, x test, y train, y test = train test split(x, y, test size=0.2,

random state=42)
dt = tree.DecisionTreeClassifier()
dt.fit(x train, y train)

y pred = dt.predict (x test)



accuracy = accuracy score(y test, y pred)

print (f'Accuracy: {accuracy:.2f}")

ek ) pinled @ gy S)d ) Uy W pewigiae

plt.figure (figsize=(20, 10))
tree.plot tree(dt, filled=
class names=y.unique () )
plt.title('Decisio tr
plt.show ()

feature names=x.columns,

Decision Tree trained on the dataset

petal_width <= 0.8
gini = 0.667
samples = 120
value = [40, 41, 39]
class = versicolor
petal_length <= 4.75
gini = 0.5
samples = 80
value = [0, 41, 39]

class = versicolor \

gini = 0.0
samples = 40
value = [40, 0, 0]
class = setosa

petal_width <= 1.65
gini = 0.053
samples = 37
value = [0, 36, 1]
class = versicolor

petal_length <= 4.95
gini = 0.5
samples = 8
value = [0, 4, 4]
class = versicolor

petal_width <= 1.55

gini = 0.0
samples = 36
value = [0, 36, 0]
class = versicolor

e sepal_length <=5.95
gini = 0.0 = ==
— gini = 0.444 gini = 0.444
samples = 2 samples = 6 samples = 3

value = [0, 2, 0]
class = versicolor

value = [0, 2, 4]

value = [0, 1, 2]
class = virginica

class = virginica

petal_length <= 5.45
gini = 0.444
samples = 3

value = [0, 2, 1]

gini = 0.0
samples = 1
value = [0, 1, 0]
class = versicolor

class = versicolor

gini = 0.0
samples = 2
value = [0, 2, 0]
class = versicolor

Random Forest
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Random Forest Algorithm 25

in Machine Learning
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from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score, classification report

'petal length', 'petal width']]

x train, x test, y train, y test = train test split(x, y, test size=0.2,

random state=42)

model = RandomForestClassifier(n estimators = 100)
model.fit (x train, y train)

prediction = model.predict (x test)

print ("accuracy: ", accuracy score(y test, prediction))
print (classification report(y test, prediction))
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SVM(Support Vector Machine)
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{’linear’, ‘poly’, ‘rbf’, 'sigmoid’, ‘precomputed’} or callable, default="rbf" : ;5o o

Linear 2nd polynomial  3rd polynomial

variable 2
variable 2
variable 2

vanable 1 vanable 1

Radial basis

variable 2
variable 2

2D
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from sklearn.svm import SVC

df[['s sep: th', 'petal length', 'petal width']]
df [ 'spec

x train, x test, y train, y test train test split(x, y, test size=0.2,

random state=42)

model = SVC ()
model.fit (x train, y train)

prediction = model.predict (x test)

print ("accuracy: ", accuracy score(y test, prediction))

(Confusion Matrix) (X35, a2,3 yusSle

a |y anaib Sy 3,Slac Glgie 0dd 4S5 iy )lei g Wlwdgi 4 azgi b (gadians @iy030l bl 5l Guy
e Ginles | ble g Cuwyd (sl iy 1o Joaz ¢l 23S Gy ) S @ Jgas SWS

Caxio (ke
) Cuido TP FN
e FP TN

S oasline ) Jga= ol 5l diges S
from sklearn.metrics import confusion matrix

conf m = confusion matrix(y test, y pred)

sns.heatmap (conf m, annot= , cmap = "Y1GnBu")
plt.ylabel ("2 al Label")
plt.xlabel ("Predicted Label")
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Classification Report

) (gasvaiwd Lol (slo)lee aS S e skl Lise LS S scikit-learn aslulis > classification_report U
uwMS o (gl 1, F1 (F1 score) Ll g «(recall) (LU «(precision) <ds siile alo,lze gl ¢l L3030 ol
LADD 0 Ufb)|)'§ [ el (VS ;o (gl U.i‘ﬂg slodiges slasi aS ‘(suppor’[) UJLu.ou oD 9 23S o dawlxo

1l S ool

from sklearn.metrics import classification report
print (classification report(y test, y pred))

precision recall f1-score support

setosa 1.00 1.00 1.06

versicolor 1.00 1.00 1.60
virginica 1.00 1.00 1.00

accuracy 1.006
macro avg 1.00
weighted avg 1.00

3,5ee (bl o 95 (recall) oL ;U o (precision) «ds «(classification_report) (sasaiws (,13 5>

15w (gl udiw)d sloJae

Ui e plgic @) Jdo aS alddigas plai ¢y jl @S aod0 plis HLe opl(Precision): «és> e
Cado (5o i CadsS sase sl Cadd ‘)ip O)le @ a5 Cude i9§|9 20y izl 03,5

Tl 2 Oyg0 @ a9 d.g.wL‘zo dgo)s Ll LJ.\ao



TP

p . . ___
recision TP + FP

(False Positives) W35 (slocuio slass (FP) ¢ (True Positives) =8lg (slocudio dlass (TP) ol )5 aS

aly o) BN J3o (o i2§|9 lodiges rol.oJ ol aS o500 Glin e C,,gI(RecaII): b e
Plad (93,5 13w )5 Jao (2Llgs sasadlin (LU - Cuwl 03,5 (Rlwludh Cude Ylgie @ i)y
Wl 325 Wyg0 4 LG auslxe Jgosd Ll Ciblo sldaigas

TP

Recall = TP+—F]V

ol -l (False Negatives) W3S (sl oo slasei (FN) g Cuwl =8lg (slociio slasi plos (TP) ¢l )5 aS
aS 89 pogas 4 (el by Wosly (sauaiw ;> Jao 3Slac jl (5,02 S)0 U aiiS 50 SS bo a jlizo 9o
Ll Gglasio walizo slolks sloaiy ;o b Cuus ¢)lgio o HuMS &2 595

(Hyperparameter Optimization) s;Lw iy

odac GlLSL o ji0l,Lld ol . euiS e Eakais Jao Gijgel (sl lo aS st ulojiol,y o Hypertparameter
@ G Dgih @abis iwyd @y 9 85 b aS Cuwl U 9, ol 513515 Jae Gijgel o= 55 Jde 2L g ds 5l
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from sklearn.model selection import GridSearchCV

params NB = {'var smoothing': np.logspace(0,-9, num=100) }
gs NB = GridSearchCV (estimator=gnb,
param grid=params NB,

verbose=1,
scoring='"accuracy')
gs NB.fit(x train, y train)

gs_NB.best params

Fitting 5 folds for each of 100 candidates, totalling 500 fits
{'var_smoothing': 0.02310129700083159}

51 3S ¢l 32550 elol | Naive Bayes Jo shs Woyiohl ¢uyigr 0355 1o sl gilwaings auT,8 &G a5 ol
Jla8o (552 g WS ylxiel |, “var_smoothing” jiel)l ;I elixe yolie U aiS e eslaswl Grid Search foii)gi.“
5l 6258l (sl a5 cuwl Naive Bayes Jao 5 (smoothing) Sidgeml as bey o sielb ¢l 23S law | oT lp

Dgub o 03wl (i alizo slodiwd 5> wodls aS (=8lge ;5 (b juo Jleiol
2 Jbo

:{°:’.3 o (ol:>_J| 09.039:5 knn d_).o (5')'.’ 9)l5 oD Vi>

from sklearn.model selection import GridSearchCV

parameters = {
‘n neighbors’ : range(l, 30),
‘weights’: [‘uniform’, ‘distance’]

knn grid search = GridSearchCV (estimator = knn,
param grid = parameters,
scoring = ‘accuracy’,
return train score =
knn grid search.fit(x train, y train)

knn grid search.best params

{'n_neighbors’: 3, ‘weights’: ‘uniform’}

from sklearn.model selection import GridSearchCV, KFold

param grid = {
'c': [0.1, 1, 10],
'gamma': [1, 0.1, 0.017,
'kernel': ['poly', 'rbf'],




SVC model tuned = GridSearchCV (estimator=SVC model, param grid=param grid)
SVC model tuned.fit(x train, y train)

SVC model tuned.best params

{'C": 0.1, 'degree": 3, 'gamma": 0.1, 'kernel": '‘poly'}

K-fold Cross Validation

.l Jao (Generalization) (s ;3ueaess a2 9 Uil sbe g, S cross validation Uy Joldie o licl
YU rdpresi iy bl aldbly 8.8 i 03035 WS aS (pdedld 3,90 50 Nlgih Jae aS Lilo)
unseen data o3u35 W8 aS (ulwesls a4y g seen data oaud |, oyl Libjgel 3ul,8 )5 Jao aS (loesls au.s)ls
fold S, plaS,o 4y aS dgi0 Eauds aliko JSub K @y cuwliys k fold cross validation > .>gub e aieS
OSlee Culgs 53 g 00T Cuwd 4y s K Wyguo ¢l 4 3gis0 031> Gijeel k fold ¢l (g9, ,U k Jao . pag5 50

g o dawlxe locds ¢l

Validation Training
Fold Fold
1st —p» Performance ,
»
% 2nd — Performance ,
“
<
@ 3rd —p> Performance 3 | Performance
O 1
© =5 ZPerformance
o 4th —p» Performance 4 © fet
NE
5th — Performance ¢

knn Jae &8> Ly o

from sklearn.model selection import cross val score

cvs = cross val score(estimator = knn, X = x train, y = y train, cv = 10)

cvs.mean ()

0.95




Kfold U (5L diugy 55 dougo

from sklearn.model selection import KFold, GridSearchCV

param grid = {
'n neighbors': range(l, 30),

'weights': 'uniform', 'distance'],

KFold(n splits=5, shuffle= , random state=42)

grid search = GridSearchCV (estimator=knn, param grid=param grid, cv=kf)
grid search.fit (x train, y train)

best params = grid search.best params

cameters:", best params)

Best parameters: {'n neighbors': 12, 'weights': 'uniform'}
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HopKins test
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from sklearn.neighbors import NearestNeighbors
from random import sample

from numpy.random import uniform

import numpy as np

from math import isnan

hopkins (X) :
X.shape[1]

len (X)
int (0.1 * n)
nbrs = NearestNeighbors (n neighbors=1) .fit (X.values)

rand X = sample(range (0, n, 1), m)

ujd
wid

for j in range (0, m):

u dist, =
nbrs.kneighbors (uniform(np.amin (X, axis=0) ,np.amax (X, axis=0) ,d) .reshape (1,
-1), 2, return distance= )

ujd.append (u dist[0] [1])

w _dist, = nbrs.kneighbors (X.iloc[rand X[]]].values.reshape(l, -
1), return distance= )

wjd.append (w _dist[0] [1])

H = sum(ujd) / (sum(ujd) + sum(wjd))
if isnan (H) :

print (ujd, wjd)

H=0

return H

hopkins (df)




As shown above, the hypothesis test value is 0.96 which is quite close to 1, so we can reject the null hypothesis
and this means that the data distribution is random implying the presence of clusters.

Source: https://github.com/mhatim99/Hopkins-Test/blob/master/Hopkins%20Test.ipynb

2523 35 diges Sy

import numpy as np
from sklearn.neighbors import NearestNeighbors

def hopkins statistic(X, m=0.1) :

mrmn

Calculate the Hopkins statistic for cluster tendency assessment.

Parameters:
X (numpy.ndarray) : Input data with shape (n, m).
m (float): Proportion of samples to use for comparison (default is
1) .

Returns:
float: Hopkins statistic value.
n, d = X.shape
rand X = np.random.choice (range(n), size=int(m * n), replace=False)

nbrs = NearestNeighbors (n neighbors=2, algorithm='brute') .fit (X)

ujd
wjd

for j in range(len(rand X)) :
u dist, = nbrs.kneighbors (np.random.normal (size=(1,
d)) .reshape(l, -1), 2, return distance=True)
ujd.append (u dist[0] [1])

w dist, = nbrs.kneighbors (X[rand X[j]].reshape(l, -1), 2,
return distance=True)
wjd.append(w _dist[0] [1])

H = sum(ujd) / (sum(ujd) + sum(wjd))
return H

hopkins value = hopkins statistic(scale (df))
print (f"Hopkins statistic value: {hopkins value:.4f}")
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The Elbow Method
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from sklearn.cluster import KMeans
rate = []
k = range (2, 10)

for 1 in k:

k means = KMeans (n clusters = i, random state = 42)
k means.fit (df.iloc[:, 0:4])




rate.append (k means.inertia )

plt.plot (k, rate, "r")
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from sklearn.cluster import KMeans

k means = KMeans (n_clusters=3, random state=42)
k means.fit (df.iloc[:, 0:4])

clusters = k means.labels

clusters
array([1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1, 1, 1,

1 1
2 2
2 2
2 0
0 0
0 0

k means.predict ([[4.8,
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plt.scatter (df.iloc[:,0], df.iloc[:,1], c= clusters, s =
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from sklearn.metrics import adjusted rand score

df['clusters'] = clusters

adjusted rand score (df['sps

0.7302382722834697

Q‘JP’ lbb. .

from yellowbrick.cluster import KElbowVisualizer
from sklearn.cluster import KMeans

k means yellowbrick = KMeans ()

graph = KElbowVisualizer (k means yellowbrick, k=(2,
graph.fit(df.iloc[:, 0:4])
graph.poof ()




Distortion Score Elbow for KMeans Clustering
1

—-—- elbowatk =4, score=57.228
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from sklearn.metrics import silhouette score

print ("Silhouette e for n=3: ", silhouette score(df.iloc[:,
df ['clusters']))z

Silhouette score for n=3 0.5528190123564102

from sklearn.metrics import silhouette score

print ("Silhouette score for n=4: ", silhouette score(df.iloc|:,
df ['clusters']))

Silhouette score for n=4: 0.49805050499728815
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Hierarchical Clustering
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from sklearn.datasets import make blobs

example dataset = make blobs (n samples=300, n features=2, centers=3,
cluster std=1.3, random state=42)
= pd.DataFrame (columns=['A', "B"], data=example dataset[0])
df['C'] = example dataset[1]
df .head ()
A B

-T.A76796 -7.984907

-7.998165 -7.380032

-1.439889 7.427189

4356893 3.401580

-9.529189 -8.190622

plt.scatter(df['A'],

import scipy.cluster.hierarchy as sch
dendogram = sch.dendrogram(sch.linkage(df.iloc[:, 0:2], method=

150 4

125 1

1004

751

501
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from sklearn.cluster import AgglomerativeClustering

hierarchical clustering = AgglomerativeClustering(n clusters = 3, affinity

= "euclidean", linkage = "ward")

y hier cluster hierarchical clustering.fit(df.iloc[:, 0:2])

clusters = y hier cluster.labels

clusters

array([0,0,2,1,0,1,2,1,2,2,2,1,2,2,0,2,0,1,2, 2, 2,2,
1,0,2,0,0,1,1,2,2,2,0,2,0,2,0,1,0,1,1,2,0, 1,
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RPOOONRPRRLRNNOOO
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PFNRPRPRNNORNO R
NORONNONRFROR -
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PNFRPOONNNNN R
PNOORRPRNONR R
PNoOoORrRNOONOO
OO NRRRLRNROO
PNRORRONONR

PNooOoONMNMNODNMDNMNODNO R

ORPFPONRPRNNRRRPEN

2905 inles
import numpy as np

random_color () :

return np.random.rand (3,)

- cluster id in np.unique (clusters) :
cluster points = df[clusters == cluster id]

plt.scatter (cluster points['A'], cluster points['B'],

c=random color (), s=35, label=f"Cluster {cluster id}")

plt.
plt.
plt.
plt.

plt.

xlabel ('Feattu ]
ylabel ('Feature B')
title('Scatter Plot
legend ()

show ()

Feature B

-10

-10.0

Cluster 0
® Cluster 1
4 o e Cluster 2

L ]

L]
o* L T
L] ¢ !!:.2
".‘"‘& N o
L]
°® o8 A

-

0.0 2.5 5.0 7.5

Feature A



(Dimensionality reduction) sl ialS
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PCA (Principal Component Analysis)
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from sklearn.datasets import load digits

digits = load digits()

features = digits['data']
feature names = digits["feature

[”
labels = digits|['target']

df = pd.DataFrame (data = features, columns = feature names)
df .head()

Cunl 5 g0 @ gl shape aS @15 9, Vb slius 3uiS 8,9

(1797, 64)

35 scale b o> Gulido 9 gl 2L V>

S oolaiwl 505 gy 95 5l paigise

Method 1:

from sklearn.preprocessing import StandardScaler

scaler = StandardScaler ()



scaled data = scaler.fit transform (df)

scaled df = pd.DataFrame (data=scaled data, columns=feature names)
scaled df.head()

Method 2:

from sklearn.preprocessing import scale
scaled data = scale (df)

scaled df = pd.DataFrame (data=scaled data, columns=feature names)
scaled df.head()

Lo S o gy bz 29>

from sklearn.decomposition import PCA

pca = PCA(n_components=4)
pca data = pca.fit transform(scaled df)

pca data.shape

(1797, 4)

P28l 4 0u5S (o Ly

component df = pd.DataFrame (data = pca data, columns=["first component",

e nd onent", "third component", "fourth component"])

pca.explained variance

array([7.34477606, 5.83549054, 5.15396115, 3.9662359 ])

pca.explained variance ratio

array([0.12033916, 0.09561054, 0.08444415, 0.06498408])
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pca.explained_variance_: .1
A0 glis Ghol bzl 51 So Lo )0 1) esls xudgi (bl oo ¢l o
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np.cumsum(pca.explained variance ratio )

array([0.12033916, 0.21594971, 0.30039385, 0.36537793])

:np.cumsum(pca.explained_variance_ratio_)
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Recommender systems
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Content Based
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Batman vs Superman: Adventure, Super hero (rate: 2)
Guardians of Galaxy: Comedy, Adventure, Super hero, Sci-Fi (rate: 10)
Capitan America: Comedy, Super hero (rate: 8)

Hitchhiker's guide to the galaxy: Comedy, Adventure, Super hero
Batman begins: Super hero

Spiderman: Comedy, Super hero

Input user Ratings Movies Matrix

Batman vs Superman > Comedy Adventure | Super hero Sci-Fi
Guardians of Galaxy 10 0 ! ! 0
Capitan America 8 ! ! ! !
1 0 1 0

291 Gy b b il5 oxds 95 039 U sile U S o b e (565 1) YU pusile Uigs V>

Weighted Genre Matrix:

Comedy Adventure Super hero Sci-Fi
0 2 2 0
10 10 10 10
8 0 8 0

2T o oy 525 G ilo Cuansd 60 S b Slial JS gz a2 @ld 50 kol @i g0 a2 (55badloys b V>

User Profile Matrix:

Comedy

Adventure

Super hero

Sci-Fi

18 +60=0.3

12 +60=0.2

20+60=10.33

10 +60 =0.16

Movies Matrix:

63035 9, Ugl ;0,15 aS (532 @ld aw €l @200 V>




Comedy Adventure Super hero Sci-Fi
Hitchhiker's guide
1 1 0 1
to the galaxy
Batman begins 0 0 1 0
Spiderman 1 0 1 0
Weighted Movies Matrix
Comedy Adventure Super hero Sci-Fi
Hitchhiker’s guide
0.3 0.2 0 0.16
to the galaxy
Batman begins 0 0 0.33
Spiderman 0.3 0 0.33 0

ErSe o 2oz | plid 4o jliel V>

Hitchhiker's guide to the galaxy: 0.3+ 0.2 + 0.16 = 0.66
Batman begins: 0.33
Spiderman: 0.3 + 0.33 = 0.63

Hitchhiker's guide oli8 g 591 dlg> ;0,15 ¢l My 390 yiaS ao ;I Batman begins plué aS sl pasiw Y
gy dlgS> o )15 adudw @ )5 Sud audy 5l to the galaxy

-2 plsl e L g) 0590 4y o0
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(488 L35bl> abgie

lwget -O moviedataset.zip https://cf-courses-data.s3.us.cloud-object-
storage.appdomain.cloud/IBMDeveloperSkillsNetwork-MLO101EN-

SkillsNetwork/labs/Module%205/data/moviedataset.zip
print ('unziping ...")
'unzip -o -j moviedataset.zip

i g0 lo ailiulis

import pandas as pd

from math import sqgrt
import numpy as np
import matplotlib.pyplot as plt

smatplotlib inline



movies df = pd.read csv('movies.csv')
movies df.head()

title genres

Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy

Jumanji (1995) Adventure|Children|Fantasy

3 Grumpier Old Men (1995) Comedy|Romance
4 Waiting to Exhale (1995) Comedy|DramalRomance

5 Father of the Bride Part Il (1995) Comedy

L g 0315 yguigy 9) 2l jliiol az g 0203 9, Rl 515 g bd plud az LuSHd puisn @lsue SuzeS 059 ol 585
@239 lgidnyg 9, (sl 405 Lo pld L wol @ az g

OS2y 5l ) S B3> el el Ciond (555 Sl gl el LT Jlw oS ail @iSe Wb aS S ol

movies df['year'] =
movies df.title.str.extract (' (\ (\ d\)) ', expand=

movies df['year'] = movies df.year.str.extract (' (\d\d\d\d) ', expand=

movies df['title'] = movies df.title.str.replace(r'\s\(\d{4}\)', "',

regex= )

movies df['title'] movies df['title'].apply ( X: x.strip())
movies df.head()




movieId title genres

Toy Story  Adventure]Animation|Children|Comedy|Fantasy

Jumanji Adventure|Children|Fantasy
Grumpier Old Men Comedy|Romance
Waiting to Exhale Comedy|DramalRomance

Father of the Bride Part Il Comedy

ele 5 L Wygo @ (b 2 | b aS g le il @il V>

movies df.genres.str.split('|")

5 = 419)9

moviesWithGenres df movies df.copy ()

for index, row in movies df.iterrows() :
for genre in row['genres']:

moviesWithGenres df.at[index, genre] = 1

moviesWithGenres df = moviesWithGenres df.fillna (0)

moviesWithGenres df.head()

aS xS Vb S (go5
o aw 5 S5 ll @ gl aitl>
o WLl yhw (595 o il5 5 S5 sljl @ 19> adls

index jhuw g, il ,lade 332> @10l (585 aS aSae 61> 35 ¢l « moviesWithGenres_df.at[index, genre] = 1
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. . (no
movieId genres year Adventure Animation Children Comedy Fantasy Romance ... Horror Mystery Sc:i IMAX Documentary War Musical Western G genres

Noir ;i cted)

[Adventure,
Animation,
Children,
Comedy,
Fantasy]

[Adventure,
Jumanji Children,
Fantasy]

Grumpier  [Comedy,
Old Men  Romance]

[Comedy,
Drama,
Romance]

Waiting
to Exhale

Father of
the Bride  [Comedy]
Part Il

5 rows x 24 columns

031> Ja5 guings 9 0223 )l lud (ol S @,l> (5u582 A 35S U8,9 V>

userInput
title':'B st ( The', 'ra
title': 'Tos &Y 'rating':3.5},
title
title':"Pulp Fiction", 'rating':5},
title': y ing':4.5}

]
inputMovies pd.DataFrame (userInput)
inputMovies

title rating

0 Breakfast Club, The 50
Toy Story 35

Jumanji 20

Pulp Fiction 50

Akira 45

S a8l e 9, MobielD ()gaiwlius 4y @ulg3ae V>

inputId =

movies df [movies df['t ].isin (inputMovies|['t ].tolist ()) ]

inputMovies pd.merge (inputId, inputMovies)

inputMovies inputMovies.drop ([ 'c s'], axis = 1) .drop(['
1)

inputMovies



movieId title rating

1 Toy Story 35

2 Jumanji 2.0

Pulp Fiction 5.0
1274 Akira 4.5

1968 Breakfast Club, The 5.0

userMovies =
moviesWithGenres df[moviesWithGenres df['movielId'].isin (inputMovies]['
Id'].tolist())]

userMovies

(no
IMAX Documentary War Musical Western genres
listed)

Sci-

movieId genres year Adventure Animation Children Comedy Fantasy Romance ... Horror Mystery =

[Adventure,
Animation,
Toy Story Children,

Comedy,
Fantasy]

[Adventure,
Jumanji Children,
Fantasy]

[Comedy,
Crime, Drama,
Thriller]

Pulp
Fiction

[Action,
Adventure,
Animation, Sci-

Fi]

Breakfast [Comedy,

Es ez Club, The Drama]

5 rows x 24 columns

9 Wgaiwliyd EaiSae jaelig i @Sy V>

userMovies = userMovies.reset index (drop=

userGenreTable = userMovies.drop (['m
axis = 1)
userGenreTable

S i-
Adventure Animation cChildren Comedy Fantasy Romance Drama Action Crime Thriller Horror Mystery c;i IMAX Documentary

1.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 00 00 00 0.0

1.0 0.0 1.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 00 00 00 0.0

0.0 0.0 0.0 1.0 0.0 0.0 10 0.0 1.0 1.0 0.0 00 00 00 0.0
1.0 1.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 00 1.0 00 0.0
0.0 0.0 0.0 1.0 0.0 0.0 10 0.0 0.0 0.0 0.0 00 00 00 0.0

paogy U ¢ auiS pb o Hilj G yile (595 95l plud @y 0315 10,5 aS (o Lol aS aiyl @uish 3L aS (5,5 V>
sy aislu GibBg )y )92 9 -0)l> a8le ,ad> il o ay



Adventure Animation Children Comedy Fantasy Romance Drama Action Crime Thriller Horror

1.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0
1.0 0.0 1.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 1.0 0.0 0.0 1.0 0.0 1.0 1.0 0.0
1.0 1.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0
0.0 0.0 0.0 1.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0

\ BN

Nextstgps: @ \View recdmmended plots

inputMovIes([|' fating (]

userProfile = userGenreTable.transpose () .dot (inputMovies['rating'])

userProfile

Adventure
Animation
Children
Comedy
Fantasy
Romance
Drama
Action
Crime
Thriller
Horror
Mystery
Sci-Fi

IMAX
Documentary
War

Musical
Western
Film-Noir
(no genres listed)
dtype: ftloatea

OO0 OO0V ADDVWULID
0003V EIVNIIINNNOD

6,15 Lugd ya8> 9, plud 0945 ewin U eay pll o pdud cuwlins JS (59, 9y L1 (oo ko V>

genreTable moviesWithGenres df.set index (moviesWithGenres df['movieId'])

genreTable = genreTable.drop(['movieId', 'title', 'genres', 'year'], axis
= 1)
genreTable.head ()




Adventure Animation Children Comedy Fantasy Romance Drama Action Crime Thriller Horror Mystery ) Documentary

movieId

sl ga2 » g paiSso ga2 @lid ,0 (sl gl 515 L)l 9 paiS o b g 592 (85 9l 15 usile V>
Sy > pld o Gl U paiSae pauds 289, ,je

recommendationTable df =
( (genreTable*userProfile) .sum(axis=1))/ (userProfile.sum())
recommendationTable df.head()

movieId
9.594406
.293706
.188811
.328671
.188811
: floatea

6,L0 9 sLtol (2 iy a8 0935 puiun U 0usS (5o iy 9, Vb judlie Vs

recommendationTable df =

recommendationTable df.sort values (ascending=

recommendationTable df.head()

movieId
5018
26093

748252
734266
27344 720280
148775 685315
6902 9.678322
dtype: floatea

a.
a.
a.
a.
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230 Uinlos 9y dly Yiudgs aiSn 10,55 ¢l aS (5,90 plud U 20 ol eolgsuo V>

movies df.loc[movies df['movieId'].isin (recommendationTable df.head(20) .ke
ys())]




movieId title genres year

664 673 Space Jam  [Adventure, Animation, Children, Comedy, Fanta... NaN
1824 1907 Mulan [Adventure, Animation, Children, Comedy, Drama... NaN
2902 2987 Who Framed Roger Rabbit?  [Adventure, Animation, Children, Comedy, Crime... NaN
4923 5018 Motorama [Adventure, Comedy, Crime, Drama, Fantasy, Mys... NaN
6793 6902 Interstate 60  [Adventure, Comedy, Drama, Fantasy, Mystery, S... NaN
8605 26093 Wonderful World of the Brothers Grimm, The [Adventure, Animation, Children, Comedy, Drama... NaN
8783 26340 Twelve Tasks of Asterix, The (Les douze travau...  [Action, Adventure, Animation, Children, Comed... NaN
9296 27344 Revolutionary Girl Utena: Adolescence of Utena...  [Action, Adventure, Animation, Comedy, Drama, ... NaN
9825 32031 Robots  [Adventure, Animation, Children, Comedy, Fanta... NaN
11716 51632 Atlantis: Milo's Return  [Action, Adventure, Animation, Children, Comed... NaN
11751 51939 TMNT (Teenage Mutant Ninja Turtles)  [Action, Adventure, Animation, Children, Comed... NaN
13250 64645 The Wrecking Crew  [Action, Adventure, Comedy, Crime, Drama, Thri... NaN
16055 81132 Rubber  [Action, Adventure, Comedy, Crime, Drama, Film... NaN

18312 91335 Gruffalo, The  [Adventure, Animation, Children, Comedy, Drama] NaN

22778 108540 Ernest & Célestine (Ernest et Célestine) [Adventure, Animation, Children, Comedy, Drama... NaN
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movies df = movies df.drop(['ge

ratings df = pd.read csv('ratings

ratings df.head()




userId movieId rating timestamp

1 169 2.5 1204927694
2471 3.0 1204927438

48516 5.0 1204927435

2571 3.5 1436165433
109487 4.0 1436165496

ratings df = ratings df.drop('timestamp', axis = 1)
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userInput = [
{'title':'Breakfast Club, The', 'rating':5},
{'title':'Tc , 'rating':3.5},
{"title': rating':2},
i 'rating':5},
{'title':'Akira', 'rating':4.5}
]

inputMovies pd.DataFrame (userInput)

inputMovies




title rating

Breakfast Club, The 50

Toy Story 315

Jumanji 20

Pulp Fiction 5.0

Akira 45
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inputlId =
movies df [movies df['title'].isin(inputMovies['title'].tolist())]

inputMovies pd.merge (inputId, inputMovies)

inputMovies inputMovies.drop (['year'], axis = 1)

inputMovies
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userSubset =
ratings df[ratings df['movielId'].isin (inputMovies['movieId'].tolist())]
userSubset.head ()

userId movield rating

4 296 40
12 1968 3.0
13 2 20
13 50

14 20
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userSubsetGroup = userSubset.groupby(['userId'])

userSubsetGroup.get group (1130)



userId movieId rating

104167 1130 1 0.5
104168 1130 2 40
104214 1130 40
104363 1130 45

104443 1130 4.5
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userSubsetGroup = sorted (userSubsetGroup, key=

reverse= )
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userSubsetGroup[0: 3]

[((75,),
userId movieId rating
7507 75 1
7508 75 2
7540 75 296
7633 75 1274
7673 75 1968
((106,),
userId movieId
2083 106 1
o084 106 2
9115 106 296
9198 106 1274
9238 106 1968
((686,),

userId movield rating

61336 686 1 4.9

61337 686 2 3.8

61377 686 4.0

61478 686 4.9
61569 686 5.0)]
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userSubsetGroup = userSubsetGroup[0:100]
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pearsonCorrelationDict = {}




for name, group in userSubsetGroup:

group = group.sort values (by="'movieId')
inputMovies = inputMovies.sort values (by='movieId')

nRatings = len (group)

temp df =
inputMovies[inputMovies|['movieId'].isin (group[ 'movieId'].tolist ()) ]

tempRatinglList = temp df['rating'].tolist ()

tempGroupList = group['rating'].tolist ()

Sxx = sum([i**2 for i in tempRatingList]) -
pow (sum (tempRatingList) ,2) /float (nRatings)

Syy = sum([1i**2 for 1 in tempGroupList]) -
pow (sum (tempGroupList),2) /float (nRatings)

Sxy = sum( i*3j for i, j in zip(tempRatingList, tempGroupList)) -
sum (tempRatingList) *sum (tempGroupList) /float (nRatings)

if Sxx != 0 and Syy != 0:
pearsonCorrelationDict [name] Sxy/sqrt (Sxx*Syy)
else:

pearsonCorrelationDict [name]

pearsonCorrelationDict

{(75,): ©.8272781516947562,
(106,): ©.5360090386731182,
(686,): ©.8320502943378437,
(815,): ©.5765566601970551,
(1040,): 0.9434563530497265,
(1130,): 0.2891574659831201,
(1502,): 0.8770530193070299,
(1599,): 0.4385290096535153,
(1625,): 0.716114874039432,
(1950, ): ©.179928718509858,
(2065,): 0.4385290096535153,
(2128,): 0.5860090386731196,
(2432,): 0.1386750490563073,
(2791,): 0.8770530193070299,
(2839,): 0.8204126541423674,
(2948,): -0.11720180773462392,
(3025,): 0.45124262819713973,
(3840, ): 0.89514359254929,
(3186,): 0.6784622064861935,
(3271,): 0.26989594817970664,
(3429,): 0.0,

2000000000 @




similarityIndex = list (pearsonCorrelationDict.values())
userId = [item[0] for item in pearsonCorrelationDict.keys ()]

pearsonDF = pd.DataFrame ({'similarityIndex': similarityIndex, 'userId':

userld})

pearsonDF.head ()

similarityIndex userId
0.827278 75
0.586009
0.832050
0.576557

0.943456

Cuwlind 3,5 e

topUsers=pearsonDF.sort values (by='similarityIndex',
ascending= ) [0:50]
topUsers.head ()

similarityIndex userId
0961678 12325
0.961538 6207
0.961538 10707
0960769 13053

0.943456 1040
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topUsersRating=topUsers.merge (ratings df, left on='userId',
right on='userId', how='inner')
topUsersRating.head ()

similarityIndex userId movieId rating
0961678 12325 3.5
0961678 12325 1.5
0961678 12325 3.0

0.961678 12325 0.5

0961678 12325 2.5
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topUsersRating['
topUsersRating['

topUsersRating.head ()

similarityIndex
0.961678 1 3.365874
0.961678 . 1.442517
0.961678 1 2.885035
0.961678 i 0.480839

0.961678 . 2.404196
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tempTopUsersRating =
topUsersRating.groupby ('movieId') .sum() [['similarityIndex', 'weightedRating
"1]

tempTopUsersRating.columns = ['sum similarityIndex', 'sum weightedRating']
tempTopUsersRating.head ()

sum_similarityIndex sum_weightedRating

38.376281 140.800834
38.376281 96.656745
10.253981 27.254477

0.929294 2.787882

11.723262 27.151751

recommendation df = pd.DataFrame ()

recommendation df[’ i av e recommendation score'] =
tempTopUsersRating|['st ghtedRating']/tempTopUsersRating['sum similarit
yIndex']

recommendation df['movieId'] tempTopUsersRating.index

recommendation df.head()




weighted average recommendation score movield

movieId
3.668955
2.518658
2.657941
3.000000
2.316058
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recommendation df = recommendation df.sort values (by='weighted average
recommendation score', ascending= )
recommendation df.head(10)

weighted average recommendation score movieId

movieId
5073
3329
2284

26801

6776
6672
3759
3769
3775

90531
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www.geeksforgeeks.org
www.placabi.com
www.blog.faradars.org
www.scikit-learn.org
www.chistio.ir
www.cafetadris.com
www.wikipedia.org
www.howsam.org

www.maktabkhooneh.org: Jadi Machine Learning Course

www.udemy.com: Data Science Course

www.copilot.microsoft.com



