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Python Basics

Prof. Gheith Abandah

Reference

« Wes McKinney, Python for Data Analysis: Data Wrangling
with Pandas, NumPy, and IPython, O'Reilly Media, 2nd
Edition, 2018.
» Material: https://github.com/wesm/pydata-book
» Vanderplas, Jacob T. A Whirlwind Tour of Python. O'Reilly
Media, 2016.
https://www.oreilly.com/programming/free/files/a-
whirlwind-tour-of-python.pdf
o https://github.com/jakevdp/WhirlwindTourOfPython/ &\
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Quick Python Syntax

™ one e CowammenX s

» Comments are marked by #. x += 2 # shorthand for x = x + 2

: ' # C t =
» Quotation marks (" ') can omments = oue e

also be used to enter i
en

Multi-line comment oft

B\
comments. used in documentation do\‘{\‘::\;?(
mon Q-ON“M&
« Use \ to extend a statement
on the next “ne. Single-line Comment
Exgmw\\s\

. . Inf2]: x=1+2+3+4 &\ "
* Semicolon ; can optionally S4+6+7+8 ol B

terminate a statement.

Ve BIE\W2S

lower = []; upper = []

q Sy
X=\o x=\0} A
= pre; ¥
s 2L EXp.
e YRS D 5L stmash Used n e P,

Buk B Mol €A 15 o walSh USe
CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

Quick Python Syntax

*|n Python., code blocks for i in range(10):

are denoted by if 1 < midpoint:
lower.3append(i)

indentation. else:
—i upper.append(i)

o Four spaces are usually
used.

 Which code snippet ‘
: 5 >>> if x < 4: >>> if x < 4:
always prints X L__“\[,, y=x*2 C.. Y =x* 2HeWeshekeny
Boy W DV & P plosd e Paslven 2 prlnt(x) ... print(x) au_\j
T Nalemenwy y 1F _‘“ oV \Pr‘“\r\ Niles wj w\_.,;...l ’Nsl _ \'.:F i\ ‘Qg)\S

= W e V151 e \K) N el 12 el SV GNAR 5P, sl

€3 )“'.’-‘l'ée“‘i\'\-m\ - % "’)"‘ \‘_\.\ N \X &k 5
é’lm\;:x*v_
e R T’“‘J‘A\ [ iwdedaben) %

W\ ?qﬁ\\\u\‘

&' -‘ - D \oof
A O\, AN \2 b
Tap o™ e w\m:i>

\7_\;’\ .\\\AQ‘\\C-\\‘\Q\A ép .u:_)\ U.h_\

prem—

Quick Python Syntax

o Parentheses are for:
° m = \.v_\l.‘_\:,} _\\oé\‘:‘—‘.‘\_;’? In [5]: 2 * (3 + 4)

In [6]: print('first value:', 1) |=® Pty el
. \'\.-Jo ?Qf\‘
first value: 1 =

In [7]: print('second value:', 2)

second value: 2
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Variables and Objects

« Python variables are pointers = 9:;\;?« ce e Ouible, NAS
to objects. Owyeck

» Variable names can point to

; x=1 # x 1s an integer
objects of any type. x = 'hello' # now x is a string
STLaK) = [1, 2, 3] # now x is a list
Link ) 25uK) e %
) 500y Slsliolen ) EY =0
140 Wype (x)
Lertub> 5t [Sh‘:ﬂ_& 953 (e ¥ Yuw =D wk
- Q\e\\e\ s el
5 =i Lo X'= L[5/ \q\\\l
[.Q‘((qﬁ] s sk ofousee % \3\;@ W)
(TR Wk =p Msb :
L ng ) X= 20.5
w o D a lesalag pe X)
MU Joie % Jonge o = Gloay
C e
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E) x=CWwys3
R
Yum =B Y20\ (487
X+=1)
twn —® Y= Ly 5]
faw D Y= vz, Siv)

Variables and Objects X= AW

Tuw —® 3= [_\|1IS|\‘\-1

Loasd () Nepudaop/e iy o) Ter v X ko ) GASL M) J\Q_)_D\“E'\?Q\x)
* |f we have two

ygriable names

pointing to the

same mutable
object, then

changing one will

change the other

as well!

—_—

\"(‘i\:‘
In [2]: x = [1, 2, 3]
y = X Aawdd ey AN
2 LT -

In [3]: print(y)

o NE L
[, 23] o earide v
In [4]: x.append(4) # append 9‘20 the list pointed to by x

print(y) # y's list is modified as well!
[1, 2, 3, 4]

In [5]: x = 'something else’
print(y) # y is unchanged

[1, 2, 3, 4] \K)SF2RL
s} \-&ZJ

—

Variables and Objects

[ Ao

« Numbers, strings, and other(simple typesare immutable.

EEWW
Aouble_

~ \ -\
Lo oy 2 \isy

e mp le
=)

X =15

In [6]: x

y
X

y=10 =

+= 5 #add 5 to x's value, and assign it to x
print("x =", x)
print("y =", vy)

N oAb \Y) = wamber

‘j‘._;j(\i ) N

10
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Variables and Objects

o Everything is an object

« Object have attributes and methods
accessible through the dot syntax ()

In [7]: x =4
type(x)

out [7]: int

In [8]: x = 'hello'
type(x)

Out [8]: str

In [10]: L = [1, 2, 3]
L.append(100)
print(L)

[1, 2, 3, 100]

Oh:cg‘( (V0 AU W |
(ht) B2 sm | Nasy) W)

S.\w\?\{ v

pe

Outline

e Operators

« Built-In Types: Simple Values
e Built-In Data Structures

s Control Flow

In [9]: x = 3.14159
type(x)

Oout [9]: float

N\ e '} Stw\e S %

Sty ‘Ape

\iok — Ob‘s“k = ¥

» Defining and Using
Functions

* Objects and Classes

e Errors and Exceptions
* [terators

s List Comprehensions
* Generators

12
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Arithmetic Operators

Opérators Name Description |
a + b Addition Sumofaand b
a - b Subtraction Difference of aand b »>a=>5
= »> b = o
a * b Multiplication Productof 3 and b S m—»&w\-\w)
a / b Twedvision  Quotientofaand b 1.6666666666666667
a // b Floordivision  Quotient of a and b, removing fractional parts ;» = b_ oy ¥:‘\
a % b Modulus Remainder after division of a by b »>a%b '_Q\m g\
a ** b Exponentiation a raised to the power of b 2 wpia e\ pt—
-3 Negation The negative of a
+3 Unary plus a unchanged (rarely used)
13
Bitwise Operators TaTaTS] v
O(ojololo
1/0]|o0jo0]1
At s, 1 1 Bl 2|o]of1]o
ey ANt by ; e At SR X slofo]1]s
a&b BltwiseAND Bltsdeﬁned in bothaandb alo[1]o]e
1
a | b BitwiseOR  Bitsdefinedin aorb or both z : ; : o
a ~ b . Bitwise XOR . Bits defined in a or b but not both : <t - :
1lojo |2
a << b Bitshiftleft  Shift bits of a left by b units M e
a >> b Bitshiftright Shift bits of a right by b units e
~3 Bitwise NOT  Bitwise negation of a Bl1]1fofa
‘11110
I51(1]1 )1
»ra=1
»> b =2
»>print(a&b,a|b,arb,b<<a,b>»>a, ~b)
03341 -3
14
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Comparison Operators

KOperation = Description:

. Return Boolean values True or a==b aequaltob

False a !=b anotequaltob
a<b alesthanb

a >b  agreaterthan b
a <= b alessthanorequaltob
a >= b agreater than or equal to b

>»>a=1

»>b=2
»>print(a==b,al=b,a<b,a>b)
False True True False

15

Assignment Operators
(R Yo vy

i i A & ®

 Assignment is evaluated from > L= =k = 10)))

: »>print( 1, §, k)
IEftM' 10 10 10

taztxb V‘qz‘\“o sso
a+=b a-=b a*>b a/=b

—

a/l=b a%=b a**=b ad& b

al=b ar=b a<w=b a>»=b

 There is an augmented
assignment operator
corresponding to each of the
binary arithmetic and bitwise

operators. >>>a=2
>»> b =10
> b +=a
>»> print( a , b )
2 12 16
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Boolean Operators

e The Boolean operators
operate on Boolean values:

* and
e O
e not

* Can be used to construct
complex comparisons.

In [15]:

Out [15]:
In [16]:
out [16]:
In [17]:
Out [17]:

X =4
(x < 6) and (x > 2)

True

(x > 10) or (x % 2 == 0)
True

not (x < 6)

False

Identity and Membership Operators

a is not b Trueif a and b are not identical objects

ainb

True if a is @ member of b

a not in b Trueif als nota member of b

In [24]: 1 in [1, 2, 3]

Out [24]: True
In [25]: 2 not in [1, 2, 3]

Out [25]: False

In [19]: a = [1, 2, 3]
b =[1, 2, 3]
In [20]: -a_:—}

Out [20]: True
In [21]:
Out [21]: False

In [22]:

a is not b

Out [22]:

In [23]:

Out [23]:

True

[1s 2, 3]
a

v oo
[l L[|

s b

True

17

=D N S“\\Mg

18
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19
Python Scalar Types
Integers (i.e., whole numbers)
Floating-point numbers (i.e., real numbers)
Shwple & complex x = 1 + 25 Complex numbers (i.e., numbers with a real and imaginary part)
3’3?‘ bool x = True  Boolean: True/False values
str x = "abc'  String: characters or text
L NoneType x = None  Special object indicating nulls
By
> print( int('1') , float(1l) , len(str(10)) )
11.02
20
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Integers and Floats

> Integers are variable-precision, no overflow is possible.

>>> 2 % 90 20 = (el
1237940039285380274899124224

* The floating-point type can store fractional numbers. They
can be defined either in standard decimal notation or in

exponential notation.

In [5]: x = 0.000005 In [6]: x = 1400000.00
y = 5e-6 y = 1.4e6
print(x == y) print(x ==y)
True True
2
Strings

. Etringsgin Python are created with single or double quotes.
e The built-in function 1en() returns the string length.
« Any character in the string can be accessed through its index.

> s1 =i ® o

>>> 52 = @ythor® —=

>»> print( s1_+ s2 , len( s2 ) , 3_* s1 , s2[0] )
Hi Python 6 Hi Hi Hi P T—

22
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None and Boolean

L (ehun woue ] l{LPJJ\_\Sq\Ac'}EJf\: V\Aw.\'inh ‘E{
 Functions that do not return value return None.

. None variables are evaluated to False. —hewe 12205

—— oo}

i B Paybhon L False = Wone % falge 922U
« The Boolean type is a simple type with two possible values:
True and False.

« Values are evaluated to True unless they are None, zero or

empty. _
»>> print( bool(1.5) , bool(®) , bool(None) , bool([1) )
True False False False \toc ‘ﬂ . \\‘q\Sg
Tiue = Lefe SvWens )J_-QE‘L-S\ 23
Outline
Quick Python Syntax » Defining and Using
Functions

A\ JmwmimtrdlAace v YA TAaAte
s \Variables and Objects

T  Objects and Classes
¢ pperal OIS

* Errors and Exceptions

B Tm Tarmmes Chmmrmla \/aliiac
pULT-IN VPES: JlI ﬂ?_,‘-g(: Values
y .

« Built-In Data Structures * Iterators

 Control Flow * List Comprehensions

e Generators

24
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Ex) dick g+ 1 QAP Senseiutl);) " b whe/scues\ /W = pqu 5\“%’!\(;}&—'-‘

W) @k '{-o';:y" = 'to': E 223y Ex e
S\ \ 5 - e ' - 8 2=
L\;;mu ® 1“3\9;»\;{:)"'”“ Vs S ) » | P ef daba £ Alte & &)

\ o ¢

o Q\'ru PRI
200 W) ’*L\f’y ‘ : = ‘Pwﬂl‘“’“ﬂ@.Cp\\Qd\m 3y

\:__\)-ea
)it «*Built-ln Data Structures
B)\W\;\
\"f& 5\'3
_f_)\ w(JJ f . .
5() * There are four built in Python data structures.
iype Name! [Exampleli ,;;f Descnptlon
\'Je‘:vse“‘:‘ e [Ust ] (1, 2, 3] W dubsa Ordered collection =p e Jnutawwu—h
s bt S > tl:l'?’];'e (1, 2, 3) \M’0»';.~_m-Immutableorderedcollecllon
Jmh»\: ot bopte. 72 ldict ) T‘a"l 'b':2, 'c':3} Unordered (key,value) mapping
3 FAA \’n\u
L,:\:O»w\,m prov— + set {1 2, 3} Unordered collection of unique values
e \Cher+ WF ) oe”
u ,)u.\-s\q.b‘ A Exy W= Chzsm)
| T e paireFksy) = =
i \3?: ( Ualue \'3‘ qP‘)QMAK\\‘;)
. R faic of do Yan —DW= THZSIMMS]
Uniq \Jalue T ! L oieed s e 25
T Bb wan > S S WAL o221 5 U B T v, .
: ‘ . Y
N cges e G el QA oe _Skagm S
L amig 820 \lisk) B4 BO ¥ Ex) ylol= 15
K\qutk _aw,a| & dfs\"__\u‘\ Xum —D MW= (-\s1 2SN\ ee ME)

i ' -\% usq,J,.mnS( 1 e v
L hap\e e et Il 6Ll ubrm\o,n,,m ww\((,‘\o\,._ u® sk NS RN

>»> L =[2, 3, 5, 7]

LIStS QW\L(’(&{“S\::':: >»>> L.append(11) =d }-&\VML/ !
Y‘f ERETRY »>>> prant( len( len(L) , L[®] , L[4] )
. e 5211 5= 00 T msx.-*_,:-\
e List are ordered and mutable.ﬁbms 16] + L o0 wﬁmﬁ\
. vl 55> print( L ) - 11
* Alist can hold objects of any et 5ot
type. >>> L.sort()
>> print( L )
* Python uses zero-based [2, 3,5, 7, 11, 15, 16]
. : >»> L =[1, "two', 3.14, [0, 3, 5]]
indexing. > U]
* Elements at the end of the list e
can be accessed with negative 3.14
numbers, starting from -1. G . , ) : 5

2135|711

- & N 2 Q) %
= [ wdex-51 /U‘\j\s\rl DAoL s Cinder o] 2
Y

et
—

\\
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1

@ W N >t = (1, 2, 3)
Niim o E?-rgf :’4.\\:\3 3> t=1,23
| gz S >>> print( €[2], len(t) )
| Nymbers (2t 61 33
s/ >»> x = 0.25
h ety SWed J\ | >>> x.as_integer_ratio()
i (7
isy wop) Gisk
>>> print( numerator, denominator )

Shudent Xuple [1_'} Cod=\oo

\‘D\c. w\;’»\ -)‘J"')\ ~__\
W D A

Tuw  —9 S\'\\AG.‘(-\“?\: 2 \ PI\\MJ‘ "Rl Lios,3527) )
S\‘V\mw- srene, shorade = Student-tuPle = s
Lists W

o
Hmaua'-""L Blue  [Tu2d5,837)

Y\‘\'A — S\\' ‘N—\h-a- = AYV\U\/\A
aw —P Sk ew
 slicing is a means of accessing

multiple values in sub-lists.
[start
o Negative step reverses the list.

end+1l : inc]

» Both indexing and slicing can be used -

to set elements as well as access
them.

A36 AL e Wlse) povas
E) Al = P f‘* A Cfma -\ ) Rau
Cor wimber 1w Y oy \1i6)

a-Wek 4= L Wumbe} =D

Wamp W P

Yum —b O\ = [\1113.;"\ISJ¢

'—’\—S,a-\':b ?0( Wwp e w {awae. K\f\olz-) :
)

- \‘\s\- X = C Wambey 3 ™ L\\\-L
3
e =D Atz 042530 ol
A4z

Tuples

QS 5 6 on Las2 Ml it [ S <
« Tuples are similar to lists, but arejmmutable|
« Can be defined with or without parentheses ().
e Functions return multiple values as tuples.

£ Shde gt = (* Amanda s ' Blue' (92,735,330 )
Nk R 0NN el
buple pool e $dzel o0

5 \\»\.\“_,_ S\v\q\\\ q...uh\\i? e Jd
(o == "=

>>>L-[235711]
> L[:] = Cliskd _yy§en
(2, 3, 5, 7, 11]
>»> L[:3] =» (2) A& fopl
[2, 3, 5] '
»> L[2:] =P LA b U
(s, 7, 11] '
>> L[1:4] = Bl G gL
(3, 5, 7]
3> L[::2] = s oldudal
[2, 5, 11] Th
>»> L[::-1]=p . J’—'l-“,;’:ilfuw
[11J 7J SJ 3) 2] e -1 -z o
>>> L[e] = 108 ' :
>>> L[1:3] = [20, 30]
»> L
[100, 20, 30, 7, 11]

_ﬂ_ 27
alsk S S alinleys L
gl T\ 2 2z
5
:
E\Q b= \\‘Mo\\ % [ Soo 20
1) \-j?& Q)
fun —D \'\-\?‘L
} Coy = AN
"‘\'j?t ey(oyr '\u?\g‘ abreck

éu} Mok SHPPG\'\- tew
°‘$$“_3v\w\m\-

ba= (S0, A1)
Yuw —D: \‘V‘"\" S‘-‘°I3O;Swm)

mmbeu Eo : ll—j’ (&) \\ -|:u)

>>> numerator, denominator = x.as_integer ratio()

Julbl buple B mhy
| Bt

14
b [ed MW ¥ DER IS\
iwdey Sz 6-\ sx5 T Jybluss
=0
Numbers [ o1 23 V\\\w\\oea L6}
» [Lz3) brw2ls = C2,3,5r3w\\)

28
WSt o, i s
=5 C43 :1;\_(\-7{3\\5\)_&3‘&1
- Ci222=p Czes, 03 Qv

= L20-11 mpadihe b Wy o ’5_,3_‘,
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Dictionaries

« Dictionaries are flexible mappings of keys to values.

» They can be created via a comma-separated list of
key :value pairs within curly braces.

>> d = {'Name':'Sami', "Weight":75}

>>> d['Length'] = 1.75

>»> d

{'Name': 'Sami’, 'Weight': 75, 'Length': 1.75}
>>> d['Name']

'Sami'’

L]
"Sets
e Sets are unordered collections of unique items.
» They are defined using curly brackets { }.
« Set operations include union, intersection, difference and
symmetric difference.
>>> primes = {2, 3, 5, 7}
STy »> odds = {1, 3, 5, 7, 9}
S_‘_L‘;\:_ i g\g—:} i > pr‘imesl !odds # Union
{1, 2,3, 5, 75 9
>>> primes & odds # Intersection
{3, 5, 7}
>>> primes - odds # Differences
{2}
>>> primes * odds # Symmetric difference 0
{1, 2, 9) ’
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Conditional Statements: if, elif, and
else
 if statements in Python have optional elif and else
parts.
In [1]: x = -15 ') Cage 2011
if x == 0:
<« print(x, "is zero")
S\sett &= elif x > 0:
print(x, "is positive")
elif x < 0:
print(x, "is negative")
1 SO efse Aufelse]
= print(x, "is unlike anything I've ever seen...")
-15 1is negative
32
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for Loops

* The for loop is repeated for each index returned by the
iterator after in.

In [2]: for N in [2, 3, 5, 7]: =Delewt/e\omlpliyt sl
«—print(N, end=" ') # print all on same line

2357

* The range() objectis very useful in for loops.
rto-93

In [3]: for 1 in range(10):
print(i, end="' ")

0123456789

33

for Loops

e The range(start, end+l, inc) has default zero start and
unit increment.

In [4]: # range from 5 to 10
1ist(range(5, 10))

Out [4]: (S5, 6, 7, 8, 9]

In [S]: # range from 0 to 10 by 2
list(range(0, 10, 2))

out [5]: [e, 2, 4, 6, 8]

34
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while Loops

« The while loop iterates as long as the condition is met.

In[6]: 1 =0 r\-:—""’m'!‘"‘f"’)

while 1 < 10:

+«— print(i, end=' ")
1+= 1

1234567859

35

[ I L“’-S‘?yl;l

loop o plle) ] [_s\“[’ R Quirent Yermbion

e._,.?)q&\\-em}:u— ‘-p()s.-"
break and continue: Fine-Tuning Your
Loops

 The continue statement skips the remainder of the current
loop, and goes to the next iteration.

In [7]: for n in range(20):
# check if n is even
if n% 2 == 0:
continue
print(n, end="' ')

Prints odd
numbers

1357911131517 19

36
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Defining Functions )
o Function A1\

« Functions are defined with the def statement.

 The following function returns a list of the first N Fibonacci

numbers. &
In [4]: def fibonacc{fh)?) .
—L =[] =p wpLVst v
a, b=0, 1 =pqz20/bi
while len(L) < N: Tvzflo ]
a,b=b,a+b=pazk|h:atk

u_’u:.‘":'r_ﬂ-)qua.! &« list  «&=L.append(a)
i return L

e Calling it:

= 2ok Uslyansud
In [S]: fibonacci(10) s\ (gt atis,
—— oo

Out [5]: [1, 1, 2, 3, 5, 8, 13, 21, 34, 55] ”

N/
=2
1«23 —d J
Lf, :S

-~ --

Default Argument Values

e You can have default values for arguments.

def fibonacci(N, a=0, b=1):
L=1[] )
while len(L) < N:
a, b=b, a+b
L.append(a)
return L

* It can be called with our without the optional args.

fibonacci(10) fibonacci(10, 0, 2)

[1, 1, 2, 3, 5, 8, 13, 21, 34, 55] [2, 2, 4, 6, 10, 16, 26, 42, 68, 110]

40

)
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212 Dictionaries and Sets

3 (IPython Session) Create a dictionary named states that maps three state abbrevia-

tions to their state names, then display the dictionary.
Answer:

In [1]: states = {'VT': 'Vermont', 'NH':

'New Hampshire',
'MA': 'Massachusetts'}

In [2]: states
Qut[2]: {'VT': "Vermont', 'NH':

"New Hampshire', 'MA': 'Massachusetts'}

6.2.2 Iterating through a Dictionary

The following dictionary maps month-name strings to int values representing the num-
bers of days in the corresponding month. Note that multiple keys can have the same value:
In [1]: days_per_month = {'January': 31, 'February': 28, 'March': 31}
2o S Svet = 0ays-Per-monh [ V3] = 30
In [2]: days_per_month >28\W)%s =3 days_Pey-wonth T " S\w\m:ﬁ"l =36
Oout[2]: {'January': 31, 'February': 28, 'March’': 31} x 7+ jau'=30 1

(Svpaag)
ain, the dictionary’s string representation shows the key—value pairs in their insertion

order, burt this is not guaranteed because dictionaries are unordered. We'll show how to
process keys in sorted order later in this chapter.

) The following for statement iterates through days_per_month’s key—value pairs. Dic-
tionary method items returns each key—value pairasa tuple, which we unpack into month
and days:

fews t

Pacol TP
: ek N\ oikens a¥y
In [3]: for month, days in days_per_month items(): \\M\‘"-/ een
... yprint(f' {month} has {days} days') ' )
ST hyl\!?l d V—‘A \_\,\ —\l\q\\u\ TP
January has days wonbs  dyecoygd AP &by v Ao
youbh D\ é 4,[ February has 28 days Juy 2 ' i Lrecrd: & ¥
March has 31 days — o B2 Ve VoD
— [ — il 3«55 2‘, Ve BTy
v/ Self Check T \mas s uait shabie erds)
I (Fill-In) Dictionary method _____ returns each key—value pair as a tuple.
Answer: items.

6.2.3 Basic Dictionary Operations

For this section, let’s begin by creating and displaying the dictionary roman_numerals. We
intentionally Provide the incorrect value 100 for the key 'X', which we’ll correct shortly:
In [1]: 'roman_numerals = {'I': 1, 'IT': 2, 'III': 3, 'V': 5, 'X': 100}
In [2]: roman_numerals
outlfzl: 1%, 'II'c 2, *IIT": 3, 'V 5, "XY: 100}

Accessing the Value Associated with a Key
Let’s ger the value associated with the key 'v':

In [3]: roman_numerals['V']
Out[3]: 5
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Updating the Value of an Existing Key-Value Pair
You can update a key’s associated value in an assignment statement, which we do here to
replace the incorrect value associated with the key 'X":

In [4]: roman_numerals['X"'] = 10

In [5]: roman_numerals
Que[S]: {"I™ 1, "XII'¢ 2, “TII': 3, *V% S, 'X': 10}

Adding a New Key-Value Pair
Assigning a value to a nonexistent key inserts the key—value pair in the dictionary:

In [6]: roman_numerals['L'] = SO

In [7]: roman_numerals
Outl7d:: oIty 1; TIN: 25, MITT%: 3, "W §,-"%'s-10, “L*: 50}

String keys are case sensitive. Assigning to a nonexistent key inserts a new key—value pair.
This may be what you intend, or it could be a logic error.

-\ o\ ¢ 5\ Removing a Key-Value Pair
Jiev v =7 You can delete a key—value pair from a dictionary with the del statement:

? ~
Q ae’\ "b‘* wY In [9]: roman_numerals

o

® X

'y ., ) =
In [8]: del roman_numerals['III'] = **U¥ l‘ﬂ A Wb
(‘}\‘x‘.va:)b?g‘;\ = Aier (\ —@ \35\\‘&1 2)

Oout[9]: {'I': 1, 'II': 2, 'V': S5, 'X': 10, 'L": 50}

You also can remove a key—value pair with the dictionary method pop, which returns the

value for the removed key: 52 225
In [10]: roman_numerals.pop('X"') {“‘f—*‘ L
Out[10]: 10 - by

In [11]: roman_numerals

Qutl1a]: f"I': 1, “IIY: 2,-'W': 5, L': 50}
Attempting to Access a Nonexistent Key
Accessing a nonexistent key results in a KeyError:

In [12]: roman_numerals['III']

KeyErroE Traceback (most recent call last)
<ipython-input-12-ccd50c7f0c8b> in <module>()
----> 1 roman_numerals['III']

KeyError: 'III'

You can prevent this error by using dictionary method get, which normally returns its
argument’s corresponding valuc. If that key is not found, get returns None. IPython does
not display anything when None is returned in snippet [13]. If you specify a second argu-
ment to get, jt returns that value if the key is not found:

In [13]: roman_numerals.get('III')

In [14]: roman_numerals.get('III', 'III not in dictionary"')
Out[14]: 'III not in dictionary'

In [15]: roman_numerals.get('V')
OQut[15]: 5
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‘/ Self Check

a2 ¥ S

EX C-q-n_.ss.\oe".\

| (True/False) The == comparison evaluates to True only if both dictionaries have the
same key—value pairs in the same order.

Answer: False. The == comparison evaluates to True if both dictionaries have the same
key—value pairs, regardless of their order.

6.2.6 Dictionary of Student Grades

The script in Fig. 6.1 represents an instructor’s grade book as a dictionary that maps each
student’s name (a string) to a list of integers containing that student’s grades on three
exams. In each iteration of the loop that displays the data (lines 13-17), we unpack a key—
value pair into the variables name and grades containing one student’s name and ‘the cor-
responding list of three grades. Line 14 uses built-in function sum to total a given student’s
grades, then line 15 calculates and displays that student’s average by dividing total by the
number of grades for that student (1en(grades)). Lines 16-17 keep track of the total of
“all-four students’ grades and the number-of grades for all the students, respectively. Line
19 prints the class average of all the students’ grades on all the exams.

1 # fig06_01.py
2 """Using a dictionary to represent an instructor's grade book."""
rade_book’' = =

Z g 'Susan': Egz, 85, 1001, Wt § 2oL B20d Vame -0

5 .. 'Eduardo': [83, 95, 79], :

6 'Azizi': [91, 89, 82], 3

T 'Pantipa’: [97, 91, 92] ‘ Koy 0 Avg ge=lu

8 } . = ——

9 .

10 . all_grades_total = 0 "_\ bt

11 all_grades_count = 0 b Qutiole NI G T U TRIPS VNN

12 — rew G

13 - for name, grades in grade_book.items(): b I )
14 _ total = sum(grades) , . &:Hbl’; grl s

15 prin"c(f‘Av.eraqe for {ngme} is {total/len(grades):.2f}") w) )‘:‘»uw(.

16 all_grades_total += total p: — o i )

17 all_grades_count += len(grades) Sy Broler—) u,_f___",‘;.“‘-‘“’:“' p

18 ’

19 print(f"Class's average is: {all_grades_total / all_grades_count:.2f}")
——————— D ————

Average for Susan is 92.33
Average for Eduardo is 85.67
Average for Azjzi is 87.33
Average for Pantipa is 93.33
Class's average is: 89.67

Fig. 6.1 | Instructor's gradebook dictionary.
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6.2.7 Example: Word Counts?

The script in Fig, 6.2 builds a dictionary to count the number of occurrences of cach word
in a string. Lines 4-5 create a string text that we'll break into words—a process known as
tokenizing a string. Python automatically concatenates strings scparated by whitespace in
parentheses. Line 7 creates an empty dictionary. The dictionary’s keys will be the unique
words, and its values will be integer counts of how many times each word appears in text.

1 # fig06_02.py
2 """Tokenizing a string and counting unique words."""
3
oM ¥izAB ) 4 text = ('this is sample text with several words '
s 555 .J_,é 2—"‘3—_"_0 'this is mo‘re san-u;\ﬂe text with some different words')
J" ™ i e b Juba Jick dn
@ 1% (0-'\‘\" 7 word_counts = {} T “Qpbof 1 = we “ W et
3 — . ‘ I r——-—'}
),\ é».‘-nS 9 # count occurrences of each unique word R “'\ K )&_;' -.rL\S)
e ?q;ro\' Jatad 10 for word in text.splitQ: Yot (L% /l'q‘ -5 o — el
) i s . if word in word_counts: swf"" e i
:3 \%‘:bl__' ewor‘d_counts|wor-a] = 1 # update existing key-value pai j‘b w\J—u}_, Q) gp
I\ a H S
-P"ﬂ"'-‘fjﬂ'_)u___(_ouu\w.. word_counts[word] = 1 # insert new key-value pair Sid s
i 2 U
i 8 Ve
CCelectim) 16 print(f' {"WORD":<12}COUNT") ==
T Rl TR TR =1
dwfor word, count in sorted(word_counts.items()): E""“"Lc‘“‘" C s 3:; R

pri nt(f' {word:<12}{count}"')

20 ‘ t}ru'.'a\\l.\‘ PR J&Ec Plas
21 print('\nNumber of[um’que words:', Ten(word_counts)) \N Py ‘t\“’) vaf‘

ORD ; COUNT va. \a.a) » ev\\_g ‘J’r'n“?’&
isfferent ;. Cwerd '] +=\) T en Wi ey
moreseIe= g {rilly h e V) 05 e 150
sample 2 u\\u S U“iv’ e S
several 1 W2 25 LLSY
some 17 (S .
teS(t 2 I——D \ LEEE"?:Q ‘G‘,LT:\T'L 1‘- :-—__—,ﬁ_f W) S .j',}o,,;rd_l{s 3
this. 2 !

Y with 2 HoCont gl
@brds 2 [ ey o 08 o).
Number of unique words: 10

Fig. 6.2 | Tokenizing a string and producing word counts.

Line 10 tokenizes text by calling string method split, which separates the words
using the method’s delimiter string argument. If you do not provide an argument, split
uses a space. The method returns a list of tokens (that is, the words in text). Lines 10-14

2. Techniques like word frequency counting are often used to analyze published works. For example, some
people believe that the works of William Shakespeare actually might have been written by Sir Francis
Bacon, Christopher Marlowe or others. Comparing the word frequencies of their works with those of
Shakcspcarc can reveal writing-style similarities. We'll look at other document-analysis techniques in

the Natura’l I,;;nguage Processing (NLP)” chapter.
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In [1]: months = {'January': 1, 'February': 2, 'March': 3}
In [2]: months2 = {number: name for name, number in months.items()}

In [3]: months2

Out[3]: {1: 'January', 2: 'February', 3: 'March'}
Curly braces delimit a dictionary comprehension, and the expression to the left of the for
clause specifies a key-value pair of the form key: value. The comprehension iterates
through months . items (), unpacking each key—value pair tuple into the variables name and
number. The expression number: name reverses the key and value, so the new dictionary
maps the month numbers to the month names.

What if months contained duplicate values? As these become the keys in months2,
attempting to insert a duplicate key simply updates the existing key’s value. So if ' Febru-
ary' and 'March' both mapped to 2 originally, the preceding code would have produced

{1: 'January', 2: 'March'}
A dictionary comprehension also can map a dictionary’s values to new values. The fol-

lowing comprehension converts a dictionary of names and lists of grades into a dictionary
of names and grade-point averages. The variables k and v commonly mean /ey and value:

In [4]: grades = {'Sue': [98, 87, 94], 'Bob': [84, 95, 911}

In [5): grades2 = {k: sum(v) / len(v) for k, v in grades.items()}
In [6]: grades2

Out(6]: {'Sue': 93.0, 'Bob': 90.0}

The comprehension unpacks each tuple returned by grades.items() into k (the
name) and v (the list of grades). Then, the comprehension creates a new key-value pair
with the key k and the value of sum(v) / 1en(v), which averages the list’s clements.

‘/ Self Check

I (IPython Session) Use a dictionary comprehension to create a dictionary of the num-
bers 1-5 mapped to their cubes:
Answer:

In [1]1: {number: number ** 3 for number in range(l, 6)}
Out[1]: {1: 1, 2: 8, 3: 27, 4: 64, 5: 125} .

6.3 Sets

A set is an unordered collection of unigque values. Sets may contain only immutable
objects, like strings, ints, floats and tuples that contain only immutable elements.
Though sets are iterable, they are not sequences and do not support indexing and slicing
with square brackets, []. Dictionaries also do not supporr slicing.

Creating a Set with Curly Braces
The following code creates a set of strings named colors:
In [1]: colors = {'red', 'orange', 'yellow', 'green', 'red', 'blue'}

Lo Colors T =b a‘““\ L B
In [2]: colors S 1 Tﬁz\ sek '? it o set j__)

Out[2]: {'blue’, 'green', 'orange', 'red’, 'yellow'} Koy LSS
\ . —
‘ A" : —n UWiPlabLsSex o
samgiu e s Colsy=' PR = ewaflAuih 2 oy
g . . - ":‘Jm :
C{Q\O‘s \ & \)\O\Clﬁ ‘:"\) SC\J‘&&\’?M\QW =D \_)—_ . o )

el Y L S R ab
nesSel = Cours | { pacd | B[ St Hirlesy B SIS RS
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Notice that the duplicate string 'red" was ignored (without causing an error). An import-
ant use of sets is duplicate elimination, which is automatic when creating a set. Also, the
resulting set’s values are not displayed in the same order as they were listed in snippet [1].
Though the color names are displayed in sorted order, sets are unordered. You should not
write code that depends on the order of their elements.

Determining a Set’s Length
You can determine the number of items in a set with the built-in Ten function:

In [3]: len(colors)
Out([3]: 5

Checking Whether a Value Is in a Set
You can check whether a set contains a particular value using the in and not in operators:

In [4]::'red' in colors
Out[4]: True

In [5]: 'purple' in colors
Out[5]: False

In [6]: 'purple' not in colors
Out[6]: True

Iterating Through a Set
Sets are iterable, so you can process each set element with a for loop:

In [7]: for color in colors:
print(color.upper(), end=' ")
RED GREEN YELLOW BLUE ORANGE

Sets are unordered, so there’s no significance to the iteration order.

Creating a Set with the Built-In set Function
You can create a set from another collection of values by using the built-in set function—
here we create a list that contains several duplicate integer values and use that list as set’s

argument: _ T
In [8]: numbers = 1list(range(10)) + hst(r‘ange(S))‘ a3 5Cosd u.}/_}h).n
S
In [9]: numbers Q_)\J/\u
Out[9Js [0; 1, 2, 3.4y 5:; 6: 7, 8,9 0,1, 2, 3, 4] o A

Y e —
In [10]:[set(numbers) \\_\i‘______,_.-‘—'
om[m]:E;, =53, 4, 5.6, 7. 8 9Fda

If you need to create an empty set, you must use the set function with empty parentheses,
rather than empty braces, {}, which represent an empty dictionary:

In [11]: set()
Out[11]: set()

Python dlsplays an empty set as set() to avoid confusion with Python’s string represen-
tation of an q’nnty dictionary ({}).
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Hashemite University
Computer Engineering Department

Data Science

Array-Oriented Programming
with NumPy and Pandas

Dr. Mohammad Al-hammouri

NumPy (Numerical Python)

- High-performance, richly functional n-dimensional array type called
ndarray

. Open-source libraries that the Anaconda Python distribution installs.

- Operations on arrays are up to two orders of magnitude faster than
those on lists

4 L »
- import numpy as np V=p incWde T \WoYan

EN‘ Wiwmbers L{’}‘"‘ QY{!_AL'j ‘:“J‘

. numbers = np.array([2, 3, 5, 7, 11]) = W :
b y([ *]) v ’-,_‘l/ll'uQ\ﬂMv\\- e 3P0

Oby ek W, iy Gk s
In [3]: type(numbers) \u») wp
out[3]: numpy.ndarray qE"_‘j_

In [4]: numbers \Ys=\\ 3
out[4]: array([ 2, 3, 5, 7, 11])
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3 NumPy (Array attributes)

\\\Jo PRV u‘mb)

- integers = np.array([[1, 2, 3], [4, 5, 6]]) \M\b T:w
T
-floats-gaarray([oo 01 0.2,0.3,0.4]) WS
Esh e AI,._.L-(\).LF

. ( dtype), (ndlrﬁ) (shape) (.size) .
L koelemt

- [terating Through a Multidimensional
L

for column in row:
print(column, end="")

for row in integers: 1
print) = 121 |
— — sman]

6 S 6
3
(
Filling arrays with Specific Values
wau:‘ 2 Gues S Teres .)LV-‘\,A) Nuwm Py =
- np.zeros(5)
« np.ones((2, 4), dtype=int)
 np.full((3, 5), 13)
- np.arange(5), np.arange(5,10), np.arange(10, 1, -2)
- np.arange(1, 21).reshape(4, 5), np.arange(1, 100001).reshape(4, 25000) -
! 4
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List vs. array Performance: Introducing %timeit
List: My e sk D Gl
C Ydimeaitd N Ju>io
In [1]: dimport random
In [2]: %timeit rolls_list = \
[random.randrange(l, 7) for i in range(0, 6_000_000)]

‘_;;.’6.29 s + 119 ms per loop (mean = std. dev. of 7 runs, 1 Toop each)

NumPy Array = iS00 Pef?ormﬂlh“_;\—"'_’“

1

In [3]: dmport numpy as np i

In [4]: %timeit rolls_array = np.random.randint(l, 7, 6_000_000)
wi2.4 + 635 ps per loop (mean = std. dev. of 7 runs, 10 Toops each)
SSa—— 5 S Data WSSl d) 5P Lo do 2N

ST )

NumPy Calculation Methods

- Grades = np.array([[87, 96, 70], [100, 87, 90],

- [94, 77, 90], [100, 81, 82]])

- Grades. (sum(), min(), mean() ...)

- numbers = np.arange(1, 10)

- numbers * 2, numbers += 10, numbers >=6

- Oy 3% Q) S
. T’ QAfyay P 54 vl Ymoer = = 2 j
- Slicing: = -
Grades|[0, 1], Grades[0:2], Grades[[1, 3]], Grades[:, 0], Grades[:, 1:3]
6
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Shallow Copies(views), Deep Copies

Shallow Copies(views)

» numbers = np.arange(1, 8)

- numbers2 = numbers

- numbers2 array is a view from numbers

- numbers2 views the same data as numbers

Deep Copies:
numbers = np.arange(1, 20)
[ numbers2 = numbers.copy() )

Change on numbers will not affect numbers2

gl 2] Sweps g
Intro to Data Science: pandas Series and DataFrames
Q\-m 94-1;,\.4-3 R ()_5-‘\ Yl be ) ;)

o 2o
- NumPy’s array is optlmlzed for homogeneous numeric data

that’s accessed via integerindices.  Exy Guds[ 1,021 it er )

‘\ LX)

) T ‘ )
. Data science presents unique demands for which more <2
customized data structures are required. By (shiy) 12 mdices B2OuAG
iy D i = e
- Big data applications must support: hah Wmerit
- mixed data types, . U“’U"““"“") o Ok ok Ty D6, e
- customized indexing, AL ‘wawe p Quwm:) S

- missing data, q{l;u}‘l \O) YAS Gy e
+ data that’s not structured consistently =p K‘*—‘j" US-'\A.J\\

. Pandas is the most popular library for dealing with such data.

t)\g (;,1_1:045,\4 VA s 00 3@l \myg) B oubio o0 0 05 Wap )
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Pandas Series and DataFrames

(8]
r Yoa e Q\(m

. i -di ' i taFrames for
Pandqs uses'Seﬂgs for one dimensional collections and Da
two-dimensional collections.

- Creating a Series with Default Indices:

import pandas as pd

grades = pd.Series([87, 100, 94])

In [3]: grades
Out[3]:

‘wder 0 87

waex 1 100

wdes 2 94 C
dtype: int64 L)

Pandas Series

» Creating a Series with Custom Indices
grades = pd.Series([87, 100, 94], index=['Wally', ’E_la', 'Sﬁ\ﬂ'])
£x) @vads [ ' Bug ' 1F \oe

—_—

- Dictionary Initializers:

- grades = pd.Series({'Wally": 87, 'Eva': 100, 'Sam': 94})

10
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Pandas DataFrames

- A DataFrame is an enhanced two-dimensional array
- Creating DataFrames:
In [1]: import pandas as pd

'‘Sam': [94, 77, 90], 'Katie': [100, 81, 821,

In [2]: grades_dict = {'Wally': [87, 96, 70], 'Eva': [100, 87, 901,
«enal's 'Bob': [83, 65, 85]}

In [3]: grades = pd.DataFrame(grades_dict)

In [4]: grades

out[4]:

wWally Eva Sam Katie Bob
0 87 100 94 100 83
1 96 87 77 81 65
2 70 90 90 82 85

Pandas DataFrames
« Accessing column

In [6]: grades

out[6]:

Wally Eva Sam Katie Bob
Testl 87 100 94 100 83
Test2 96 87 e 8L 65
Test3 70 90 90 82 85

In [7]: grades['Eva']

out[7]:

Testl 100
Test?2 87
Test3 90

Name: Eva, dtype: int64
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Pandas Data frame

- Selecting Rows via the loc and iloc Attributes
. We can access a row by its label via the DataFrame’s loc attribute

- We can access rows by integer zero-based indices using the iloc
attribute

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

(10]:
I
[3:

[11]:

[23]:

[23]:

[24] :

[25] :

[25]:

[13]:

(13]:

[9]:

[73:
[10]:

[10]:

[52]:
[52]:
[11]:
[11]:
[16]:

[17]:

[(17]:

1mport numpy as mp

aal0]

{_1: 0; 1: 2) 31 4, 5: 6) 71 8: 9}

numbers.add(20)

numbers

{1, 2, 3, 4, 5, 15, 20}

numbers.add (10)

numbers

{1, 2, 3, 4, 5, 10, 15, 20}

numbers S ' - -
{1, 2, 3, 4, 5, 15, 20}

# March , 5, NumPy Array

integers = Zp. array([[l 2, 3] [4, 5, 6]])

- - e e e oo Y
integers c)‘..-—‘ EN m\eseys Co]
rl \ 3
array([[1, 2, 3], =» )hw.d.\ o g’ ouy Q:rﬂ&f. :_‘;—: ]]
(4, 5, 6]1) = JewiV g L
o+ q\'vug\l‘hstﬂ\
infegers.dtype =5 ezl r;u\L_'Q ‘\\\3@“ L\‘_\Eo‘_\ =D 2P S\ent )\E"L
= Yy 0 Y oukt U - UPR 14 14 (.ﬁ\A\Jh.Jl [
dtype('int32')
- - 5 Et E“"‘SKQ 63-)
integers.ndim J..-ﬁ P Namlpers = WP Yoy \\:S\ \\‘ :‘)

) ouk ! 0\“3\[_\1’-43:%316 ¢37])

a = np.array([[1, 2, 3], [4, 5, 611)

array([1, 2, 3])
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o)

[18]:
[18]:

[49] :

[49]:
[57]:
(57]):
[51]:
5417 :

(1:
[121:
[54]:

[54] :

[13]:
[13]:
[14] :

1141+

Yols

[58]:
[58]:

[22]:

[22]:

aa[1]
array([4, 5, 6])
floats = np.array([0.0, 0.1, 0.2, 0.3, 0.4])
floats
array([0. , 0.1, 0.2, 0.3, 0.4])
floats.ndim —pfed W  J)
1 =powe 0rmm
r—o'h=9§ACLMﬁ§>

floats.dtype Qrey ¢s
dtype('float64')
aa = np.array([[1, 2, 3,50,30], (4, 5, 6,-8,8]1,[7, 5, 30,10,8]]) = _Je’3/=s'5
aa - - 7
array([[ 1, 2, 3, 50, 30],

[ 4; 5; 6) _8J 8]1

[7, 5, 30, 10, 811)
aa.ndim R FCE -
2
aa.shape =p \,.J-'&I,Ju&\u?@)_ e dg M- - o o ‘
(35 78) T )
O L amns(Jen) e R re————
aa.size —=» L.._',- Q\M\_F = 3x S=\s l
16 R L
y = np.zeros((2, 3, 4)) e
y — -
array([[[0., 0., 0., 0.],

[0., 0., 0., 0.1,

0., 0.; 0.5 0517,

([0., 0., 0., 0.1,
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[0.y ©.y 0., 0:],
(05 Buy 0.5 0.101)

[23]: aa
(23]: array([[ 1, 2, 3, 50, 301,
[ 4, 5, 6, "8-, 8]’
(7, s, 30, 10, 8]1)
Yo
[25]: for i in aa: =+ Colams
d-‘u)l"L/ QS for j in ]L_. (oWs
= .8 291 print(j, end=' ') .
S R | P&f& printL()‘ "&wl:dz::m; v elemnt
1235030 b youws e
456 -8 8 £
7 5 30 10 8
[4]: y

[4): array([[[0., O., 0., 0.],
[0., O. b
[0y Oy 0uy 0:07;

o
o
—

[fo., 0., 0., 0.1,
[0., o.
[0., 0., 0., 0.111)

o
o
o
—

[]1:
[60): {mp 2208 18) = ety Lmi o ity BIL
o /S ..
[60]): array([0., 0., 0., 0., 0.1)
> 3s e,
[61]: np.ones(30)  eues =

foy Bey L., 4505 0., 1., 1.

[63]: mp.full((3, 5), 8) = 4 g\loyeml(§) tir

_ - s )

- [63]: array([([8, 8,8, 8, 8l, &- ("\r'*
(s, 8, 8, 8, 8],
(s, 8, 8, 8, 811)

[26]: np.arange(5, 23)

Zo-'=\q

-
Ll

—e Y ,.llLJS e e e o e o o T
[61): array(ll.; 1., Q¢ 10500710, ey 1y Lyl

o Ram oM

J s ':b We: arawnels)

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

[26]:
(671:
(671:
[28]:

[28]:

(71]1:

[71]:

[31]:

[32]:

[32]:

[33]:

[33]:
[34]:
[40] :

[40] :

%:‘lqéf =)
|vo: B3 A0

[1:

[41]:

arI‘EY([ 5) 6: 7) 8, 9, lo, 11, 12, 13, 14, 15, 16’ 17, 18, 19])
np.a (10, 1, -2 e ) = s
p.arange ) = ) eyale) &I
V)L 305 e s s & T
array([10, 8, 6, 4, 2]) N I R R
r"-‘“=7-°

np.arange(1, 21).reshape(4, 5) = s i w“’,\ %
array([[ 1, 2, 3, 4, 5], e ;jw\\\.n I‘VJ—"‘"

[11) 12; 13) 14, 15] éb‘* J\_‘ u)ﬁ‘ )“t\l}"’\u\,ﬁ' U’\, qé \ o) Mu

Bt s, 15 P Ky Qs bl ys= 20k

np.arange(1,

100001) .reshape(4,

25000) veswdpe P LA Arru NS Site N85 )

array ([ [ i, 2, 3, .., 24998, 24999, 25000],
[ 25001, 25002, 25003, .., 49998, 49999, 50000] ,
[ 50001, 50002, 50003, .., 74998, 74999, 75000],
[ 75001, 75002, 75003, .., 99998, 99999, 100000]1])
Grades = np.array([[87, 96, 70], [100, 87, 90],

(94, 77, 901,

Grades

array([[ 87,
[100,
[ 94’
[100,

Grades.sun()

[100, 81, 8211)

96,
87,
TTs
81,

70],
90],
90],
8211)

S = G«qées vmx\\

1054 ouv: 100
, o - Grades s wim\ Y
Grades2— Grades—s s = eyt ' 6
S S W S VU A S—
Grades =D G‘rﬂ&es T =p L.S ) "“"’L &;“ ;;3:’:““k1
) & R 27-23333 —_——
array([[ 87, 96, 70], 22,91, 65
[100, 87, 90] 3 qu , - Y -3
[ 94, 77, 90], —“ sk R
(100, 81, 811 "L Iy Bt W) b e\ urbi s,
t_;"ﬁ-u‘ U\ V'-PJ.:) (&3 — PE R N : ‘ _ - A \—’ D'W\ coa::: _)\v__)
Grades[0, 1], Grades[0:2], Grades[[1, 3]] Grades[:, 0], Grades([:, 1:3]
Lo ouk * w e ‘ J) ‘)u dol T - )
Grades LZJ’*"‘“ Q)J‘—‘“ ‘:“‘:';l"'_“-\k’) By _YDU; }_)\JS U»
Grades[:,0] ol e g B\ Ai o .:, 483

L2/ 166, %4103
k\)-’"\ 2\ S ':‘/)
EO’ 1

eub![R, 961307
( dwbhjed) < 157 )

8
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(41]:
[42] :

[42]:

[90]:

[90]:

[89]:

[89]:

[91]:

[91]:

[93]:

[93] :
[94] :

[94] :

[95] :

[95]:

#elements of the first row

Sy I
‘Grades[:,0:2] “p He finl Feo Colum

[43]:

[44] :

array([ 87, 100, 94, 100])
Grades[:, 1:3]

array([[96, 70],
[87, 90], .
(77, 901, \
(81, 8211

Grades[0:3]

array(([ 87,- 96, 701,
(100, 87, 90],
[ 94, 77, 9011

éfades[[i,Bj]

array([[100, 87, 90],
[100, 81, 82]]1)

#elements of the first column
Grades[:, 0]

array([ 87, 100, 94, 100])

Grades [0, :]

array([87, 96, 70])

Grades(:, 1:31
array([[96, 70],

(87, 901,

(77, 90],

(81, 82]11)

array([[ 87, 96],
[100, 871,
[ 94, 771,
(100, 811])

huﬁbeiém=-np.a;ange(i, 8)

numbers
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(44]): array([1, 2, 3, 4, 5, 6, 7))

(45]: #numbers2 is a SJor array numbers

numbers2 = numbers =D Copy &“\h\,, B ‘(“o.‘)p_.J 1z Wwben L\

\\o pu
[46) : numbers2 sb\?g_u:;
]

(46]: array([1, 2, 3, 4, 5, 6, 7]) \,,u‘_,g.-.,zi,.fm\#(y...:n

\ o) humber Ut 5o s

[47]: numbers +=10 wmben L 31l Loy ()

(48] : numbers 8 \\'\“““"";L&‘)‘"—'k W pers u**d,ﬂg-q" Sb&lg oo L)
(48]: array([11, 12, 13, 14, 15, 16, 17]) ieas) 6\;—&,\%“’3&*)—% Jot! 525G,y @

ale i) 20\ T sbyed 3, ¢ r‘-‘-\_\ Sbyest
[49] : numbers?2 =

obyeck i ulpd) WL L Cuw Sbs U2
(49]: array([11, 12, 13, 14, 15, 16, 17]) \ Oepeopy) Juo

[96] : #deep copy

numbers = np.arange(1, 20)

numbers2 = numbers.copy() —p Vralagas ALY (s
: T wawken — it
[97] : numbers T

(97): array([ 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 191) '

[99]: numbers += 20
numbers

[99]: array([41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57,
58, 59])

(100): numbers?2 :»,[_\mu@ J‘C:; Pl tE-’jUb '3 -

(100]: array([ 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19])

[ ]: numbers2.des

(64): [inport pandas as pd

[65): grades = pd.Series([87, 100, 94])

[66]: grades

10
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[66] :

[67]1:
[68] :

[68]:

[70]):

[70]:

[71]:
[71]:
[18]:

[18]:

[21]:
[21]:

(78] :

0 87
1 100
2 94
dtype: int64

grades = pd.Series([87, 100, 941, index=['Wally', 'Eva', 'Sam']) 1)
grades

Wally 87 | 9-5)s) = Arades L VB0 #
Eva 100 ow' Zleo

Sam 94

dtype: int64

Sedm DL\ X2 b
LR =) )

grades2 = pd.Series({'Wally': 87, 'Eva': 100, 'Sam': 94}) D

grades?2

Wally 87
Eva 100
Sam 94
dtype: int64

grades2(1] g?; gvg;au;t'E\hi']

100

e i o
Wally .87

Eva 100

Sam 94

dtype: int64

“gradés;tQj T == e RS e S
94

Wéiades = pd.Series([87, 100, 94])

grades = grades.append(pd.Series([91]))

W) hwoudue &L 6\ Index) JI A ,el g

Sime
fwdey

—
—

grades = grades.reset_index(drop=True)

C:\Users\user\AppData\Local\Temp\ipykernel 17352\3702451305.py:3: FutureWarning:
The series.append method is deprecated and will be removed from pandas in a
future version. Use pandas.concat instead.

grades = grades.append(pd.Series([91]))

11
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[79]: grades

[79]: 87

0

1 100

2 94

3 91
dtype: int64

[]:

[73]- grédés,min(f

[73]: 87

[15]: grades.describe()
Setes BF392,0 Baug

[15]: count 3.000000
Avg mean  93.666667
std 6.506407

min 87.000000

o5, 90.500000

507 94..000000

75% 97.000000

max 100.000000

dtype: float64

[1:

[75]: pd.Series(12, range(10)) (=W 048 B1L 8516 q= Seres " oo\

[75]: 0 19 ;L __4!:. J-'I,_'J twdecas —ME
1 12
2 12
3 12
4 12
5 12
6 12
7 12
8 12
9 12

dtype: int64

[16]: grades = pd.Series([87, 100, 941, index=['Wally', 'Eva', 'Sam'l) -

[17]: grades

12
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(17]:

[19]:
(19]:
(43]:
[44]:

[44]:

[46] :

[51]:

[51]:

[52]:

[52]:

&An‘urru
[58]:

[58]:

[57]:

Wally 87
Eva 100
Sam 94
dtype: int64

grades['Eva']

100

grades = pd.Series({'Wally':
grades

Wally 87

Eva 100

Sam 94

dtype: int64

import pandaé as pd”
grades_dict

'Bob': [83, 65, 851}
gradés_dict -
{'Wally': [87, 96, 70],
'Eva': [100, 87, 901,
'Sam': [94, 77, 90],
'Katie': [100, 81, 82],
'Bob': [83, 65, 85]}

grades
grades

Cun.

{'wally': (87,
'Sam': [94, 77, 90], 'Katie':

87, 'Eva': 100, 'Sam': 94})

96, '70], 'Eva': [100, 87; 901,

(100, 81, 82],
Clist  dls Key O )

B ,_g_aﬂf"f@-f},-ﬂ (dick ). use L@“J“ bramee) 12518
pd.DataFrame(grades_dict)
i e

Wally Eva Sam Katie Bob (¥ _WKey 3 ol>

0 87 100 94 100
1 %6 87 77 81
2 70 90 90 82
w) e o Gl @)
grades(['Wally']

- p— e i

0 87

1 96

2 70

Name: Wally, dtype: int64

grades.ilécfl] =5

U lzindex] b)) v v

——
83 ndex olirow ¥
65 ——— —
85

» (G yohew 00

C\Yew) %\ 24

13
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[57]:

[87]:

[87]1:

[88]:

[88]:

[1:
[62]:
[63]:

[63]:

[29] :

[29]:

[30]:

[30]:

wally 96
Eva 87
Sam 77
Katie 81
Bob 65
Name: 1, dtype: int64
‘—ck‘rﬂ:)
grades2 = pd.DataFrame(grades_dict, index=['Testl', 'Test2', 'Test3'])
grades?2 detbq |\ VA sy
; FMML
Wally Eva Sam Katie Bob
Test1l 87 100 94 100 883
Test2 96 87 77 81 65
Test3 70 90 90 82 85
gr«:-xd.es?[“ﬂally'],1 'I.::‘ffu-\? ﬂ‘cakc.;'o.“\\e<Co] = J{b?)zuh';‘lb
=8 Vi S
B3 FE I S on = . H w b s — s,
et & e ¢ acfmi) e g L) 24
est B Sy
R it 2
. R Vy
Name: Wally, dtype: int64 e ay
: kakie loo
ﬁqb &3

grades.index

grades
Wally Eva Sam Katie Bob

i 87 100 94 100 83
12 96 87 77 81 65
3 70 90 90 82 85
grades['Eva'l

0 100

1 87

2 90

Name: Eva, dtype: int64
gfé&éé.Eva

0 100

1 87

2 90

Name: Eva, dtype: int64

14
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[89]:

[89]:

[90]:
[91]:

[91]:

(92]:

[92]:

[93]:

[93]:

[102] :

[102]:

[39]:

[39]:

grades = pd.DataFrame(grades_dict)
grades

Wally Eva Sam Katie Bob
0 87 100 94 100 83
96 87 77 81 65
2 70 90 90 82 85

[y

grades.index = ['Test1', 'Test2', 'Test3'] —p 2\ZV.n wdex s J=t .
"\ gade 1 s\tsV e foud geaplly|abel Ss)3el o v

grades

Wally Eva Sam Katie Bob
Testl 87 100 94 100 83
Test2 96 87 77 81 65
Test3 70 90 90 82 85

grades.}__cg['igstl'] =B 2o lod Uyl

Wally 87
Eva 100
Sam 94
Katie 100
Bob 83

Name: Testl, dtype: int64

grades.iloc[1]

Wally 96
Eva 87
Sam 77
Katie 81
Bob 65

Name: Test2, dtype: int64
é;adés;ilbétO:S]

Wally Eva Sam Katie Bob

Testl 87 100 94 100 83
Test2 96 87 77 81 65
Test3 70 90 90 82 85
- ity

grades['Eva'] JusS Srqae.s.ilun L9
Testi 100 oMbt Ak record @) g
Test2 87 .
Test3 90 C sl

o recwor) ) g

[o:22
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(1:
(41]:

[41]:

[107]:

[(107]:

[ 3=

Name: Eva, dtype: int64

grades.iloc[0:2] =p (v ko))

Wally Eva Sam Katie Bob
Testl 87 100 94 100 83
Test2 96 .87 - 77 81 65

grades. loc[['Test1 '@A 'Test3']]
h—

Wally Eva Sam Katie Bob
Test1 87 100 94 100 83
Test3 70 90 90 82 85

Fest L

s
Teﬂ'}
0) s T{ 4}

WY @ o LD

EI
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Hashemite University
Computer Engineering

Data Science Course

Introduction to Machine Learning

Dr. Mohammad Al-hammouri

Outline

« What Is Machine Learning?
« Supervised learning
 Unsupervised lgarning

« Semi supervisegd learning

» Confusion mafrix
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What Is Machine Learning?

 Machine Learning is the science (and art) of programming computers
so they can learn from data.  o#f g Tfur Coas GO Lol ¢ S b ol aup,) Conputer 0
e VA yhsds do € g VB S ad ofo Comfute Y ENHECER
Here is a slightly more general definition:
[Machine Learning is the] field of study that gives computers the ability to

learn without being explicitly programmed. ceo
—Arthur Samuel, 1959 G Ao o-a2ieh Seliatl bl s LEX

s, R clqs;z- Q-’u—-&/-‘\ £ v
w&wa\ Qbf_T+E]_.\u,..'p“ was Fask u.sw_,-,o_.[ExFQo] w\‘_‘ e VSl ArE Aoy

Cowp. )‘And a more engineering-oriented one: [-_m z@@, Compater 1 W ﬁ\;nm,;]
N2 computermogram is said to learn from experience E with respect to “have
)nmme task T and some performance measure P, if its performance(on as ’R”g"j
?;f;?ﬁ?easured by P, improves with experience E. L\J

o = we g
/‘-\I;L-::u?ﬂ\— |JJ 1 | |;{)o\ v O Ld_'a_o \:,_?J [ —I/G\\M @(9\\;'\}}3 ?Tcﬂ'(c\\,.\hb _l B\ U)hS\ oo Jo
3-0\: - -

= D - A e A . i = . Expiatiy

‘Z‘f:\r;“ A LR ¥ Qo 0 Llo CNGY g—-\ do\\s\ Compuler J\q‘éﬂ":" s [ @‘;fjrawweﬂ

Exp. - =0 e wb oo 2P A By agy, r Ex ity 20 Compber — V21>

W?)",);, /)'EJ /»}3 Q.J-Q-\ U2 .JQ) L @VQVQMD /ﬂ A
O“ A A \

s okl ou i) ie ¢ 2 AATUZL Y So\) ”u”LE(;rf‘:H Du%-\. Conputer N '“\e““hMA

d“‘“\r » 2 L _Folp Compa— gl

& &

,J)\j;s The Data Science Cycle

‘) v )/[-Lj‘,wamu)‘d’ L T S D
“1.\Capture) Data Acquisition, Data Entry, Data Extraction. This stage mvolves

gathering raw data.

S\‘Il t;\
elea " JSVT UM\ TR 5 e qn;“\,\.\-;

#2232, Prepard: Data Preparation, Data Cleaning and Data Pre-processing. ThIS Wmchia NS

&pbree) stage taking j the raw data and putting it in a form that can be used. \eny
COLN B sl Gl Study i 2o] VI aiw) (Con,me o 4) 13) D

Sty el
RSz €3, \Process) Data mining, Clustering/Classification, Data Modeling. Data ":Mb; ol
o~ B2 scientists take the prepared data and examine its patterns, ranges, and '

glm ] biases to determine how useful it will be in predictive analysis.
V‘“‘J“A B Ve~ aus= )\ \n\ — ﬁn ayy_s.) Nz=3 \ )

nalyze )Explaratory, Predictive Analysis, Regression, Text Mining,
Qualltatlve Analysis. Here is the main step of the lifecycle.

5. \Communicate:)Data Reporting, Decision Making.

Uhp/lwwoau )\(,wjyc v{ﬁ I CBL wmodd N o £01eN\S)
i el

j)’)l'sz)-bb Mo od _,)\J‘..‘._J\_\\ LISV “/»f‘*bw}td_n J—p\-ﬁ-—"—’
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Machine Learning Example?

Gmail 8217 Nl S ¢ ewall &P [modd AT @O g Spam WU2D ewail ) vead DU W
Spem sseyvs e DD 5o St e nils N

*  Your spam filter is a Machine Learning program that can learn to flag
spam given examples of spam emails (e.g., flagged by users) and

examples of regular (non-spam, also called “ham”) emails N
L wob o Spad seoe G A Ol yradl ey Jie) <

e The examples that the system uses to learn are called the training set.
L"ﬂ_"b Set) u‘:l_\“ADACl 2 ket WS el \i'lf“\ L*'A'b set) U;AJV\N)A“E‘_)\L:LL?/'::U \&L_’a\‘-ﬂ-qse* e

- In this case, the task T is toflag spam)for new emails, the experience E
(;/Ir_‘v_’:lq:_—-ﬁ ——— X\ =y 'S az)

,vws 18 the training data, and the perforf'ﬁance measure P needs to be defined;

vvo O

¢ ‘Expey fOr example, you can use the ratio of correctly classified emails.

A% bramwy =D DALY, Vil quemedel OV
Exy  Patu= ‘eok —{‘ 367, beskia PR A NP O Rt Y
%) eSS o LY i o
PP Wals waedet i s S Lacewagy) P Co b &
aql = EX a= Viinis ‘}, St Ouroy N s

3 . \
ONorlil wodel wisd 4 Mol NE v aEx o= Vesh

\c“':“b &l _ [-:2“\‘-;&\:&'_\ LA a5 uly Cui s
o [ Supervised learning 3 = i Y

Conch fecerd is \edoeled 8 Wao Varget Ualww 7\
Supervised learning: Algorithms which learn from a training set of
labeled examples to generalize to the set of all possible I:I}[\)uts.\‘_wg)_—j BT
0 il % iq_;,_ 02 Wore s )
A typical supervised learning task is classification. The spam filter is a
good example of this: it is trained with many example emails along
with their class (spam or ham), and it must learn how to classify new

emails

v S gl 5
TeyresHinm O AusT Cakian
» Another typical task is to|predict fa target numeric value, such as the

price of a car, given a set of features (mileage, age, brand, etc.) called
predictors. This sort of task is called regr%)ssion. To train the system,
you need to give it many examples of cars, including both their
predictors and their labels (i.¢., their prices). :
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b £ A s 3 2P
Supervised learning (classification)
C \label Lo vecerd 38 3

Training set . (\'f,P\,u_hu‘u 4

- avrge 2 .
@E @Q@T%O @E =
Op% =
@E @E New instance

Figure 1-5. A labeled training set for supervised learning (e.g., spam classification)

LEA) o pinlhohd itip oy

Supervised-learning (Regression)

PN e A e g AT 552000 8 iy Ly, GeBssagep
Syl u=2A\ e . - _ :

Vame ) \ Value )
= .
00D 0o P
0.0 00 oC 0
O 0O % o)
O O 8 O
o OCD O
00O o

" o Value?
—> |
Mew instance - ) | Feature 1 D

Figure 1-6. Regression
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Supervised Learning

Here are some of the most important supervised learning algorithms:

_Nearest NeighborsLinear Regression -
) « Logistic Regression
© « Naive Bayes
3 « Support Vector Machines (SVMs)

W+ Decision Trees and Random Forests
=) ¢ Neural networks
—_—
U5 Uy iyins
L ‘e‘"r"i‘i Wote. CQMFL'C“}._‘ 3\

¥
oM 5 Accurany le

)Pl \abel sy

r i . \'.Ba\\-u- Unltbeted
= LUnsupervised learning 2}

Algorithms that learn from a training set of unlabeled examples. Used to

explore data according to some statistical, geometric or similarity criterion.

(The system tries to learn without a teacher) C Lolatue o a5 Bam )
LE (ﬁsla_:;‘l_)_;}au%:_mma;,:a,,_z A LS

UM - U WodR\ .\

Training set SupPe. ”
“Hau gl gy st 5 2T
d | 888 [_C\“S\eﬁj] g.-\.\...\\ S
o &d\ Fesbiy s pueday
a Ycé*:l\q) BEaD
Figure 1-7. An unlabeled training set for unsupervised learning \C_,W&Si f.‘mh.]\.\).\}“ L

L) ety (Cusheny ) Np L sy

& i . P ] - s 2, c e . . ;s A 10
[C-\\AS‘(E:B—B dps o Gw)g_.,_‘.d d-yul,a label WUl oLl C\f'(()é,a-:u " -
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L Unsupervised Learning

Here are some of the most important Unsupervised learning algorithms:

O ¢ Clustering
—EK-Means 3

B« (Ana tection and novelty detection
Q& —One-class SVM
—Isolation Forest

3@« Visualization and dimensionality reduction it BT
= . eabune % C\ushny 320
—Principal Com'ponent Analysis (PCA) cp\: b AU —“_’J :
wosde N € oL ¢ Fer _)N‘u——\,\;m— “e‘“)&’ﬂ\")“fn‘o""—‘z&sﬁ:
sy ) 26 viasl teatu] TP Femtm o 22

ue_n.)tu_snlt)“q’u :
(S) =plevis ' SV 2o) op B D=0 i
Ex\ loo dqta Sep le) =p 4 o) -t\ g_

\u\tm —)‘(}‘E"’ C E‘ih"‘—l sk D L PA Mape
\'"\n-.c_

. daegy barger | O4pUL B U
Feﬁh“‘- e e \ U‘ru\\-q \ Value .

SN SN e Ex -
et e == Clustering

Fealture 2

t 8888%8/&8

o = — -

Feature 1

- Letsay you have a lot of data about your blog’s visitors.

«  You may want to run a clustering algorithm to try to detect groups
of similar visitors.

» For example, it might notice that 40% of your visitors are males who
love comic books and generally read your blog in the evening
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o iy Visualization And

\A“S“?w" 13 . . N 1
[ Dimensionality Reduction _} &

e The goal is to simplify the data without losing too much information.
TELAN e b [~ SalO ) yaz
«  One way to do this is to merge several(correlated featureslinto one

R X PO Frawing, Soadlesiby 38 boal piodel i Coverfiv 3 3
, glu\u' I 4as T Wew dubgsed S iUy
« For example, a car’s mileage may be very correlated with its age, so the

dimensionality reduction algorithm will merge them into one feature that
)_)\J—f—*l e &
Jer) 35

3 : sl v (Counetarsd
« This is called featyre extraction. Sl B <) \QL.»“...

[ Anomaly detection )

- Unsupervised task used for detection the unusual (anomaly) data

. For example, detecting unusual credit card transactions to prevent fraud,
catching manufacturing defects

« The system is shown mostly normal instances during training, so it
learns to recognize them and when it sees a new instance it can tell whether it

looks normal or not.
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Anomaly detection
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C Semi supervised learning )
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 Some algorithms can deal with partially labeled training data, usually a lot
of unlabeled data and a little bit of labeled data.
 This is called semi supervised learning
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tips
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wWu ads €5V ) b_e\ q& nmfet\' .','-\dn
[14]: import pandas as pd T 3t g Fil = Romadun -
. import numpy as n Cas \.,...,A.....va‘f-' e
\\\)fqg sx 2 Py P @) Owtray
Sy g 1OPOTE matplotlib.pyplot as plti3)
% e YOV |
AL ["j,ﬂ,.n payhha \»\,a,u{c.w A Ufd O D 2 G
:meort seaborn as sns \_) File File, é%aspl \'_U,_s\,_q\.u.'_\ LS,
[15]: df= pd read_csv (' tlps csv! ) qsajrqfl. \,l_,\\r/\n—x ollas
QJNJL) ‘J— = L.e\l\a.. \.-S\v‘hu-(p B )
6'\\‘&!-- [16]: df ?\L )\‘-A\Mw-\ € Home ..m..e,mmw
- =R G o Pader ) Dvud '

[16]: total bill _tip sex smoker day . time _@i—\ =% 5"‘-5 :—;‘:‘ta”-”l-"'
Otecstdd>) 1 16.99\ 1.01 Female . No Sun Dinner 2 S
ltewd¥ 10.3¢ 1.66 Male  No Sun Dinner 3 Lol
2 21.01 3.50 Male No -Sun Dinner 3 "o A s
3 23.68 3.31 Male No:. Sun’/ Dinner = . "2 =
4 24.59 3.61 Female No 'Sun Dinner 4 Fu\ur-- )5"‘“. S
.. - e gm . m " (Sadle ponPsd
239 29.03 5.92 Male No Sat Dinner 3 Ny 2
240 27.18 2.00 Female  Yes Sat Dinner 2 Featwe .Q“
241 22.67 2.00 Male Yes Sat Dinner 2 s Vst uP ¢ La— DU efd &
242 17.82 1.75 Male No Sat Dinner 2 PR ¢ Afove

honl? 2N\ H TR
243 18.78 3.00 Female No Thur Dinner g |HawaheiZS U@ ¢ _
—J Clvausadion D &Eoet
[244 rows x 7 columns] N Falaahy Fp
" dare A\Wisuakie)  gao Vs
[5]: df.describe() LR - L IR
=3P (el Sl F = quy VAL 601 52 WU Bidy o LLDBA
&a\mk [5]: total_bill tip size S
count 244.000000 244.000000 244.000000

AJa 19.785943 2.998279 2.569672
std 8.902412 1.383638 0.951100
min 3.070000 1.000000 1.000000
25% 13. 347509 2.000000 2.000000
50% 17.795000 2.900000 2.000000
75% 24.127500 3.562500 3.000000
max 50.810000 10.000000 6.000000
T— !
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[17) . a=df.columns

[18]: a

[18]: Index(['total_bill', 'tip', 'sex', 'smoker', 'day', 'time', 'size'],
dtype='object')

[7]: df.info() N Comm N —=p Feqhm I N\\?&\:\\\- Sea) e wlas

E Eoros FCA\WM Mﬂ“::)“
<class 'pandas.core.frame.DataFrame'> f—

RangeIndex: 244 entries, 0 to 243 . U Lot \Y = zau
—_— . £<o(d  roba
Data columns (to ; : %O%qu\\o\\\ & Mo Ml \)q\y&

tal 7 columns) = Lo
# Column Non-Null)Count Dtype P°"“"“‘\\ T MM ),oyu\\o'\\\\""\"—b- AVr (o Y
o

0 total bill -non—null float64 aB3eck =D Mesmr f S\'r‘.a .

1 _E_B 244 non-null  float64 _

2 sex. 244 non-null object o "“"-"

3  smoker 244 non-null object. { Wuwiric Qm\:’“ )
4 day 244 non-null  ohject | T Sk

5 time 244 non-null object . ; Y 1

6 .size_ non-null int64 ' flaat ink

dtypes: float64(2),(int64(1), object(4) = |

meﬁry usage: 13.5+ KB ' (2307 & 9L S Enad

LY @eeE1 7, CAWNINM 5 T ok ual 1230 st Sizedbvble e
e.A..S [19]:  df.tail()

= 0 it _\:_Y_‘i‘e&q@l\.éa\.@_\ 4= Uead i
[19]: total_bill tip sex smoker  day time size
~ 239 29.03 5.92 Male No Sat Dinner 3
3% 240 27.18 2.00 Female Yes Sat Dinner 2
\%c L@ 24 22.67 2.00 Male Yes Sat Dinner 2
242 17.82 1.75 Male No Sat Dinner 2
243 18.78 3.00 Female No Thur Dinner 2

[9]: d.f.isnulﬁl()_.sufn(‘) =3 (,*""_2“"‘:‘2-"5"“\‘3:\%. u'),...k.__'gﬂ‘a\ 3 |
[9]: total bill
tip ’
sex
smoker
day
time
size
dtype: int64

= adte L
rd 1) Je WA \':)

[10]: df . nunique()

Sheiwy ] U 2l
At couv e

Cal'gou Lt 0% S"f‘j

a6

we 2
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[10]: total bill 229

tip 123
Sex (L) g—sex 2 Wi
) (2 Wb\ g smoker 2 Coat N
= gt day—p (VYU 4 S:j L
fwo £5= Y [PV
Ce b o i - e P
= TR 2 e
le ale - - }h \
ol dtype: int64 SPUti! banle
Mol it i ge T at E \30\‘_')\-.} Muique\)
- e
(8]: array(['Dinner', 'Lunch'], dtype=object) —D owr  Oyvey( L' fewale ', Male §

(9): df('day'].unique()

—_— wie_

feutum $t00s 03,00 Caloqerny IV Sles \Sé"b ). £
(9]: array(['Sun', 'Sat', '2ur’ » 'Fri'], dtype=object)

—

[21): df['size'].unique()

[21]: array([2, 3, 4, 1, 6, 5], dtype=int64) —y gz ¢ AbBNs 20 ¢

i PR — - e i =\ . S SRS
[57]1: df.describe()

[571: - - -total_bill ' .tip size .  tip_pct
count . 244.000000 244.000000 244.000000 244.000000

mean  19.785943  2.998279  2.569672  0.202123
std 8.90241°2 1.383638 0.951100 0.163385
min 3.070000 1.000000 1.000000 0.036955
25% 13.347500 2.000000 2.000000 0.148274
50% 17.795000 2.900000 2.000000 0.183110
75% 24.127500 3.562500 3.000000 0.236821
max 50.810000 10.000000 6.000000 2.452381
b Femran A Courglor @) = e devafen s S B - N
! [22]: ax=sns.countplot(x='day', data=df) =8 e_s_\.\,b-“—a\“_é'_q W“%Pﬂ\i‘_— Nesw
LOund ax.bar_label(ax.containers[0]) : N s fleL J
€ pabefc) = (E i WA W ad e ki P AU

3{'9‘1 [22): [Text(0, 0, '76'), Text(0, 0, '87'), Text(0, 0, '62'), Text(0, 0, '19'))
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[23]: sns.countplot(x='day', data=df, hue='time') e
B e T 7 R O T Tl S —

Yiwe [23T7 <AxesSubplot:xlabel='day', ylabel='count'>
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80

60

count

20 -

Sun Sat

\ _day ] .3
152 29 WU L6 Ol W uan,n b GBI 8 S st 18
= Vaple S oA\ oy € 56 \uman 85220
gl L Arerchioy #j&"f\r’“—' Wele s
[48] : sns.countplot (x='day', data=df, hue='smoker') B : T
f.rea\'w..)toyc-'\ Claifuney VP s “l‘u".-“)\"" B S —
. [48]: <AxesSubplot:xlabel='day', ylabel='count'>

B plarfy B Vois? Badiea®

" &
= \—— acﬁ Y X AV
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count

e i e Lo ! e N e

[49]: sns.countplot(x='day', data=df, hue='tin}e') _ | )

[49]: <AxesSubplot:xlabel='day', ylabel='count'> ' .
6
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time
= Dinner
E Lunch

80 1

count

sSun Sat Thur Fri

day

. 2 ub oPUas dsut

[50]: sns.countplot(x='day', data=df, hue='size'). B e S

[50]: <AxesSubplot:xlabel='day', ylabel='count'>
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size
50 A .
._m,lh)\uu\q= )
@+ = 3
40 A soolUe 5, EEE 4
uhs 34, 5
di.\,‘qu,‘p . 6
30 - 0 T

count

20 A

10 -

sun Sat Thur Fri

[25]: s = af['day'].value_counts() .;3 qu;g_tb 'isi;;_)
e W Yecerd VR €2

[25]: Sat 87
Sun 76
Thur 62
Fri 19

Name: day, dtype: int64

[32]: - af[ da.y 1.value cou.nts() =D u.;.\\...,b ' __;“.-_‘a
plt pie(s,autopct=(%5). 1" )_.@,U\,._..,,u._._, ks
plt. 1egend(labels s.index ,loc="best") k?cww_uj.)‘.) AN st =N\
51t.sh by
PEESS pmnee®) W) wmeS duy e
‘ AN
Qo\« v o ‘.l-'a o g
[Sret 1 = P"’A
8
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Seubere y pw

[55): "sms histplot(af['voval bill'l, kdeTrue) EE T
= — T Tt et

[55]: <AxesSubplot:xlabel='total bill' , ylabel='Count'>
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[34]: sns.histplot(df['tip'], kde=True)

[34]: <AxesSubplot:xlabel='tip', ylabel='Count'>
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total_bill
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50 - f
40 *

30

Count

20 A

01 | | N

oL B8 | N
2 4 6

e g tip
C3a Juysd whp ¥

C SCatter ¢ TPGH]

[36]: plt.scatter(df['total_bill'l,df['tip']) . o . L
'plt.xlabel('Total Bill') # Label for the z-azis
Seva)\ (" plt.ylabel('Tip') # Label for the.y-azis =

beval Y= I plt.show() —_— = .
\,-\e \s I - R . T T e
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[21]: sbs. scatterplot (x=' tofél_biii' ,y=" t1p ' data=df ,hué;l;y" y
plt.show() —

[ e PR
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[22]: 'sns.scatterplot(x='total bill',y='tip',data=df,hue='sex') _ 7
ple.ahaw() S A\ ey
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10 +

sex =
® Female
@ Male o
8 t
o
o
o o .
Q =7 ® o ©
= . L4 Q
oo oo %00 % ) o
5] pe ] o
-] o oy
4~ ° e 0% e oo 2 °
o © 9 e}
o ® 4de0000 %5 o - °
0,000 & © -
chcc?)'t::,uga«.e ° o0 @ o
%aqon o0 o © e e
't{t 0@ 90 9 4
2 0§ onpxenoym 0 @ o o e ®
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plt.show()
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¥ sex

Em Female
mm Male

S0

30 -

count

20 1

10 A

0- L
Sun Sat Thur Fri
day

[58]: df.head() - ) = ]
[58]: total_bill tip sex smoker day time size tip_pct

0 16.99 1.01 Female No Sun Dinner 2 0.063204

1 10.3¢ 1.66 Male No Sun Dinner 3 0.191244

2 21.01 3.50 Male No Sun Dinner 3 0.199886

3 23.68 3.31 Male No Sun Dinner 2 0.162494

4 24.59 3.61 Female No Sun Dinner 4 0.172069

[24]:-gﬁg-éaahtplot(x='sex',data=a£:££é=T&;§:f7 o i
plt.show() Earan |

e e A e —————— - e ————— i I J
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count

Male

s€x

[59]: sns.pai_z:p_]_-ot (data=df ,hue='éaxr;_)‘ - =
plt.show()

RS t.__\s..na:.uu\
T R 4 ) £ 1o

Sex ]‘(f_’ h.')'—a
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[371:

[27]: df

[27]: total_bill tip
0 16.99 1.01
1 10.34 1.66
2 21.01 3.50
3 23.68 3.31
4 24.59 3.61
239 29.03 5
240 27.18 2.00
241 22.67 2.00
242 17.82 1.75
243 18.78 3.00

sex smoker

Female No
Male No
Male No
Male No

Female No
Male

Female Yes
Male Yes
Male No

Female No

No

df ['tip_pct'] = df ['tip'] / (df['total_bill'l - df['tip'l) =

e o \uwm

L)

£ B mn e LNppa) Sw et
glan) 2 5 qz W (age A deciin  wasl Comn Dt )

day
Sun
Sun
Sun
Sun
Sun
Sat
Sat
Sat
Sat
Thur
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time
Dinner
Dinner
Dinner
Dinner
Dinner

Dinner
Dinner
Dinner
Dinner
Dinner

size  tip_pct
.063204
191244 8¢
.199886
.162494

.172069

BN W wN
[l elNe e Nel

.256166
.079428
.096759
.108899
.190114

N NNND®
O O OO o

CamSca

+
F%3)= L~_3

’Tgi""& NN

g P ) Vo=
Wew Feﬂ\'wq.
<1
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[244 rows x 8 columns]
[60]: df:deséribé()

[60]: total_bill tip size tip_pct
count 244.000000 244.000000 244.000000 244.000000

mean 19.785943 2.998279 2.569672 0.202123
std 8.902412 1.383638 0.951100 0.163385
min 3.070000 1.000000 1.000000 0.036955
25Y% 13.347500 2.000000 2.000000 0.148274
50% 17.795000 2.900000 2.000000 0.183110
75% 24.127500 3.562500 3.000000 0.236821
max 50.810000  10.000000 6.000000 2.452381 A
sy Gouey TRl oy s

[33]: sns.barplot(x='tip_pct', y='day', data=df, orient='h') LU-,_N“\;,__-) Oty @A L2
R R S T e L I PPV

[33]: <AxesSubplot:xlabel='tip_pct', ylabel='day'> CIN qp ys U :—— :’

Mo, o wrolb e WhaTe

\L% J£ \bJ;_

[c\essifiabe)

sun JS b Yo
L Leyfession
Sat
)
1%
-
Thur

Fri

T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30

[36]: sns.barplot(x='tip_pct', y='day', hue='time', data=df, orient='h')
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[36]: <AxesSubplot:xlabel='tip_pct', ylabel='day'>

time
E= Dinner
E=3 Lunch

(62 (55 Doy, Vo, T, i e B
«~data=df [df.tip_pct < 1])

C:\Users\user\anaconda3\lib\site-packages\seaborn\categorical.py:3717:
UserWarning: The “factorplot™ function has been renamed to “catplot™. The
original name will be removed in a future release. Please update your code. Note

that the default “kind® in “factorplot™ (" 'point'") has changed "'strip'" in

“catplot”.
warnings.warn(msg)

[62] : <seaborn.axisgrid.FacetGrid at 0x1f68ae64910>
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4

l41): at

total_bill
16.99
10.34
21.01
23.68
24.59
29.03
27.18
22.67
17.82
18.78

W= NN o

W W W= =

smoker = No

tip
.01
.66
.50
.31
.61

.92

.00
.00
.75
.00

(244 rows x 8 columns]

df.descfibe()»

[41]:
0
1
2
3
4
239
240
241
242
243
[42] :
[42]:

[]:

total_bill

count 244.000000
mean 19.785943

std
min
257,
50%
75%
max

8.902412
3.070000
13.34750Q
17.795000
24.127500
50.810000

244.000000 244.
.569672
.951100
.000000

WNDONE =N

10

sex smoker day
Female No Sun
Male No Sun
Male No --Sun
Male No Sun
Female No Sun
Male No Sat
Female Yes Sat

Male Yes Sat

Male No Sat
Female No Thur

tip size

.998279
.383638
.000000

.900000
.562500
.000000

2
0
1
.000000 2.
2
3
6

000000

000000

.000000
-000000
.000000

20

smoker = Yes

time size

Dinner
Dinner
Dinner
Dinner
Dinner

Dinner
Dinner
Dinner
Dinner
Dinner

tip_pct
244.000000
0.202123
0.163385
0.036955
0.148274
0.183110
0.236821
2.452381

=N W wN

NN N W

time
B Dinner
== wnch

tip_pct
.063204
.191244
.199886
.162494
.172069

o O O o C

256166
.079428
.096759
.108899
.190114

O O O O C
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Testing and Validating

* 'know how well a mgdellw_ill generalize to new cases is to actually try
it out on new cases. i

« A better option is to split your data into two sets: the training set and the test
set. ity ]
You train your model using the training set, and you test it using the test set.

« Evaluating your model on the test set, yoﬁ get an-estimate of model
accuracy. This value tells you how well your model will perform on
instances it has never seen before

17

Testing and Validating

e .

It is common to use 80% of the data for training and hold out
Werge e« 20% for testing. However, this depends on the size of the
1ee 57 | dataset: if it contains 10 million instances, then holding out
A s 1% means your test set will contain 100,000 instances. that’s
ARk e probably more than enough to get a good estimate of the
generalization error.

”,1 s)
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Measuring performance

19

(Confusion matrix) _p 81 o () i

A Seado VL
alles © D
Predicted: | Predicted: 50"‘ Ly < ‘nrg.a.._l-c.a RV B R
redidted | Akl =\ _ v c\as P
F & J:;" -+ CU n=165 7o) YES ‘9“ foukw— e
3 Actual: a . F‘l\‘- y
b o Vi &‘-T\u_ \A‘Qﬂ\'i“ﬂ-) - NO TN =50 FP =10 60 Ff e,_.,u\n‘
= '
Posivie c\asst e @ Nopage Actual & o @\NZS
v YES FN=5 TP =100 105
Weashivaclass = e == 3 fedidd  Laghh, P‘:-g“'\\ N ypQ
. A h i , : Me oo
Pr&t‘ff’a DI 55 110 anal L0 e % f "
) Py - o " A\se n
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A confusion matrix is a table that is often used to describe the performance
of a classification model (or "classifier") on a set of test data for which the true values are

known
Lo [ 24k, 23 N L los Sube Now |

-———\_\_.o —Na3s "“\E wodel _ 1 ! les é__f N Lo QE\

—
—

Confusion matrix (Example)

2 Mo as) Cluss » Yes aw) class ‘)—L p(_&&$q\“\‘ AN x
" ?\\ X} -Y\\ Prnb]“_

| There are two possible predicted classes: "yes" and "no".

If we were predicting the presence of a disease.

for example, "yes" would mean they have the disease,

and "no" would mean they don't have the disease.

Q.p,r"")f—?)'f’)-"‘-" u:”f\és P> s\
\"ﬁ K 05 »P) k) )

The classifier made a total of 165 predictions

(e.g., 165 patients were being tested for the presence of that disease).
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Confusion matrix (Example)

e S

Predicted: | Predicted:

n=16S NO YES
Actual: —_—

NO TN =50 FP=10 \60 3
Actual:

YES FN=5 TP=100 |\ 105 S v of Ve

& Our . o
Vs \[ Va0 Y= Wo grediou 4=t
Ne des i C?’::;t.. ed s
- “ila" T

Out of those 165 cases, the classifier predicted "yes" 110 times, and "no" 55 times.
In reality, 105 patients in the sample have the disease, and 60 patients do not.

Vs o W o Qeve N6 TP D ) \ee

le w 16D ““"J"f' Tpales

i Fo—;’f“,' BTN

)
el ) wad
lu-_OJ\.: \\e

Clyg A
Yes

Corvensh ot se b - .. ow ol We S5 %
‘)rqal?au:..) _ e o <ot Qﬂ“hﬁ N ES) Sl \:o /g,-,,),u.,-.,

SR - N <Ca
T B T i e e @ s

T N ew.Te Suaeplen

ﬂ/o&;&" \\e " wes —5"-‘\”_9‘“@? =

So = TN t(v Se n’ SS t.r"\b %“‘_‘u LJJU.A)
Com‘usmn matrix (Example)
22
« True positives (TP): These are cases in which we predicted yes ~ cases v il op I
, and they do have the disease. T disense |

+ True negatives (TN): We predicted no, and they don't have the disease.

—

«False positives (FP): We predicted yes, but théy dbn 't actually have the disease.

+False negatives (FN): We predicted no, but they actually do have the disease.

C (r‘r"/)‘ (‘/5 D'/a fﬂ.—

LR v_'ufl

C_\D«SS\Q(\GM*- I_S\ = \ CaSes = 1
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Confusion matrix (Example)

23

( E“_zg\iﬂ | Accur racy: Overall, how often is the classifier correct?
TN (TP+TN)/total (100+50)/165 = 0.91
TE T pes e s

—_—

oty NeLd ¢ &= Misclassification Rate: Overall, how often is it wrong?
\\ - Beowmacy)o® «(FP+FN)/total = (10+5)/165 = 0.09
equivalent to 1 minus Accuracy
also known as "Error Rate"

d T Stew —
Lty TP wo [Ycﬂ@g:,v\ ) A ke Classibiokia X &b & Yolinag) C_sv:S:\u:M v %

kRMSE ) EPZIC s A Ly Tl "B aOfeJ.‘a.'a.,. wplian T ‘(‘e_ajfcsSm-_\ —1
B Tager leber " e T ES Fobe Tlomp predi-

e faJ-'d.Hu. <« \’\\ X \ Yo 25 ?.‘
[' ﬂ sd U ve
veaber ok an Fenure alue_ 3 X3 \{\;—) gz 49q
Root Mean Square Error (RMSE) sl 2o
TP\ To:: B R 2LV S O | |wnJ§\\ \\Cﬁ\l"‘) oty ) a:s‘l‘:\. o WO de\
‘C.Cnta Js\) \pq‘- U-' IJ._;_ 4.{ ? Py\’ (AT ' Jd\“"\
— M\d i( ) L) e 1K Gwtusiae !
' [ T owas ki
RMSE(X, k) = Z (h( )= )® e 1T T,
L —MM e |
S s o e I i

\\MDM) gt ok Feabud _vlan O Vv ‘bDv‘S.-L “2 ;‘*’-q‘l"\

m is the number of instances in the dataset U\ GRUPTEL TR b | COMY ) -
Ster et T o

For example, if you are evaluating the RMSE on a validation set of 2,000 districts,

then m=2 OOO &C,(o( d) a'ql-q ‘E“\T&ﬂota ) Leeo 9“"“"‘” o
— of ow : sev s \gha W U

. w5es | TewpP N\ T ok Wl
3\‘) ,xMis a vector of all the feature values (excluding the\a\bel) of the ininstance i &

= the dataset, and y¥is its label (the desired output value for that instance). “ ¢ %!
Py Teod e Y

OVM e et Tewp » @ ‘fjce.m.. s LA\L 2oPe o 5P TN o ldloe) W d S s i\ & X
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Root Mean Square Error (RMSE)

o« (-18.29(c | B
1y | 3391 |¥x
X = F

1,416 3

= W)
38,372 | Fy

Uil e

and:

i o ———
Yewd P4 \abed _)\w\ y'=156,400 |\ § A o

£ 38131
\ Aot 03 ) Price S o 5, o
h(x’) is your system’s prediction function fecerd o e

e

For example, if your system predicts that the median housing price in the first

= Ll
districtis $158,400, then jio= h(x) = 158,400. The prediction error for this % P*gili
district is yo— yw=2,000.
il —?———__ Ve’ J\o.l.}dk\n\ o Wodd
\ Adwl s predi Ve Wit e ‘

) {Coél‘&l\- _\ D /
erd. Yed Q’ o ) e

\EMSE) e
P R e A v chdl- N\ vee

\P"—} -Ad‘"‘“ -~ kfo-lz_\* Yow3 ) & re

= SN O\
(<ot d S (T

—_—

3
ers( Ny o) Yoo,

. W0, yo\an
Ve ‘\‘S@K C;z\ﬂhix

—_——
—

= -~ . R ° AR \ i 55
wedel m\,w cCurar) - oubad uboe fAckud ?re.d Mue  — U215 a0
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Hashemite University
Computer Engineering Department

Data Science

Data Cleaning and Preparation
(Chp7, Text 3)

Dr. Mohammad Al-hammouri

Data Cleaning and Preparation

é,\,,,.yu.}(;x \pu\\) L Z A PRT —p Table Cad) 2l

o . Handéhng Missing Data Bome)) Bjin | P e
\\4,-?““‘) S dns &1 fesuy
, — QW L opad
. Filtering Missing Data
T L—* M\$:a\)\t_,:,uj\

Lot

\2\. Data Transformation
« Removing duplicates

m;a;_n,uuu S u,\s/ AL, Cataw  SF) bl K

. Replacing values (| sas P se ,\u\- (A 201 s olo 1728
e Qo T udt) . z
, . - \"Bﬂh_d Cd“ - — (Pws yC 92
® . Detecting and Filtering Outliers — Greiosmh 2208 Jevrs. el
= M R\B) et S5

©\. Handling Text and Categorical Attributes
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‘Aandling Missing Data

(W\u Sebt) 50V Wishin Duly 3-&\ TP Wuy
- Pandas uses the floating-point value NaN (Not a Number) to represent
missing data. T\ & wameer )

- string_data = pd.Series(['aardvark’, 'artichoke’, np.nan, '‘avocado'])

W I‘S\M\\ “T 1) “\::“ n; g&y,\eu\g) 38 Jl__J):_“___. "I \w&\\)q'),gq\wg Jlx_)wh

In [11]: string_data In [12]: string_data.isnull() In [13]: string_data[0] = None|
outf11l: = out[12]: ————-
0 aardvark 0 False In [14]: string_data.isnull()
1 artichoke 1 False out[14]:
=p S WA 0 True «—  waa
2 2 —T_r_u—e V\"-V\ﬂ"\ .___?‘\MA 1 False
3 avocado 3  False —» o NN -
dt : obj dtype: bool 2 re —  wa\
ype: object 3 False
dtype: bool
Handling Missing Data
. Filtering Out Missing Data (dropna() da Ndaka  ux
: v J=ENA po o)y ) ol ¢
\afoman) 3ENPIa reelie v
In [15]¢ from numpy import nan as Na-P D In [18]: data[Mﬂﬂ)]
T . out[18]: ¥ o
In [16]: data = pd.Series([1, NA, 3.5, NA, 7]) e 1.0 Lot ol 1w devess
e e e s TR
o -
In [17]: data.dropna() | ' Ztypelglo i 2=
: a =
Out[17]: \Uq‘\u\
0 1.0
2 3.5
4 7.0
dtype: float64
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[1]:

[2]:
[3]:

(3]:

[4]:

[6]:

[71:
[8]:

[8]:

[15]:

[10]:

(10]:

3-data-cleaning-1

March 23, 2024

import pandas as pd \ .
[ ¥ A
import numpy as np wow »o W 3':’:‘:}_ U wmix e
string_data = pd.Series(['aardvark', 'artichoke', np.nan, 'avocado'])
string_data.isnull()
0 False
1 False
2 True 5
3 False
dtype: bool
étring_data[O] = None V = i . -
#Filtering Out Missing Data
from numpy import nan as NA
data = pd.Series([1, NA, 3.5, NA, 7))
: — . e S .
data=data.dropna() =p WA\ e fow B )
dat 5
e P\ fow oy y D
o} 1.0
2 3.5
4 7.0

dtype: float64

data = pd.DataFrame([[l., 6.5, 3.1, [1., NA, NAJ,
....: [NA, NA, NA], [NA, 6.5, 3.]11)

d"ata 29 ) bl“’..': 4 // Cowam - N\ uie
o 1 2 s RV R VE SR AT

0 1.0 6.5 3.0 : .

1 1.0 NaN NaN : S o i N

2 NaN NaN NaN Ve N AU QL drop  Duss

\=\| el U ks ey

1
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[11]):

(11]:

[13]:
[16]:

(16]:

[10]:
[11]:

[11]:

[11]:

[11]:

[(12]:

[121:

[14]:

[14]:

[14]:

3 NaN 6.5 3.0
data.dropna()

0 1 2
0 1.0 6.6 3.0

data = data.dropnaf()

data

0 1 2
0 1.0 6.5 3.0
1 .0 NaN NaN
2 NaN NaN NaN
3 NaN 6.5 3.0
 —

cleaned = data. dropna()

cleaned

0
0

NaN
NaN
6.5

1 2
0 1. 6.5 3.0

daté:dfopna(ﬁow=3ali;)

1" 2
B 3.0

. NaN NaN =
6.5 3.0

o O O
Ch

- \;El,\',¢ggé¢£r§ v d‘ig))

&Wu’ \.-ué.)’\..-b\'hl\)
T\ eoma) ©vo 45

S

\;\ EL:—’ EC>U% ——“'ﬂ~=d 'CDELMLRt-S
CUNICS \~5'Yo~0 R TR TSREICS
l}stk—‘ q‘f;‘(‘Q";’\,

WA\ (N -'r‘?-"' €ow =3\

\:fkaéil ) e i

o,
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[14]: 0 1 2
0 1.0 6.5 3.0
1 1.0 NaN NaN
2 NaN NaN NaN
3 NaN 6.5 3.0
[19]: datal[4] = NA = M wew u—-C) ‘A‘_a
—
- \ \ N/ C_O\\\*I\'\ . L
(20]: data rPS ﬁdr
A G AN
—_
[20]: 0 1 2 4
0 1.0 6.5 NaN NaN
i 1.0 NaN NaN NaN %
2 Nall NaN NaN NaN N M)
3 NaN 6.5 NaN NaN \w.v- e}S\a o P
-
: . W,‘\
[21]: #delete column if all are NA
data.dropna(axiil,how='all‘) T .d‘f‘ff“‘! Ai“f‘:‘ Uy o
; L Dug 4
[21]: 0 el % Colimn 22—
0 1.0 6.5 LT
1 1.0 NaN u-oaxis)
2 NaN NaN
3 NaN 6.5 A ed
Co\un )
[(17): data
[17]: o 1 2 4
0 1.0 6.5 3.0 NaN
1 1.0 NaN NaN NaN
2 NaN NaN NaN NaN
3 NaN 6.5 3.0 NaN
[24]: #The np.ra.ndbm.'r'andn fﬁnci'ic;n in NumPy geﬁerates sa.frnpl.es-fromrthe standa.;rdu
wnormal distribution,
#This means that most of the generated numbers will fall within the Tange ofy
wabout -3 to 3-3 to.3
Y. it
pd,DataFrame (np.random.randn(7, 3)) = >4 gats 353 Ca
wrm\ AIJ l’l' L‘h«n - ‘_‘ FY“M .
usdso [25]: np.random.randn(7, 3) = v @q\‘&,h
= 5 — — S S Jeriiple Value
e [25]: array([[-0.67356087, -0.45357337, 1.42600949],
( . n L — [ 1.02914203, 1.6100844 , -0.,04983307],
L) oless Y [ 0.29948237, -0.64751821, -0.86883525) . 3 o
8 L g ' W Dindeas I
= (-1.41497484, 0.30871947, 0.54809519], “hebcq) e ——— e
3 HN-3 e [ 0.8556187 , -2.03673211, -0.83981317],
.a)\ et AU\ 3128 ¢= WU
\q ‘3\ ) \Q_% al “ %
b i"’“‘ 3
Jbi’\ q o.;.&\ \\ BQ\--?ro-. \C\(n\g'\

}»6\(’;“’“14‘ Wowfy) @ 5e Lt ©12 el

A ) 5us8s
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[21]:

[21]:

(-1.45358381, -0.34964666, 0.1109247 1,
[ 0.77201501, -0.63450747, -0.1268022 ]1)

——

0
0 0.280182
1 1.075388
2 -2.366018
1.582293
0.593570
0.035016
1.148683

o b W

8 (\\25°°"~jaﬁavﬁ\

1 2
-0.076201 -1.960365
-0.895660 0.386111

0.304589 0.002885
-0.1865648- -0.620989
~0.3315616 0.515896

0.623496 2.146304

0.182433 -1.010698

I8 s v')u\\zl Usd e cp\s.. W)

[26]:

[23]:

[23]:

[27] :
[28]:

[28]:

[9):

[9]:

df.iloc[:4,

1] =

'—-_—.—' a%iian -
N {\c;:a: slj»\bJ1L> w8
at 3225\ fowns IN\Ra) N

0
.280182
.075388
.366018
.582293
.583570
.035016
.148683

D OB W N = O
H OO Fr N~ O

df.iloc[:2,

df

0
0.731182
1.010106
-0.068527
.292148
-0.142982
-1.034044
2.244516

O b W= O
1
o

df . dropna ()

0
4 1.294844
5 -0.336609
6 0.319031

cﬁtﬂ*&?un\AJ

NaN —1.960355
NaN 0.386111
NaN 0.002855
NaN -0.620989
-0.331516 0.515896
0.623496 2.146304
0.182433 -1.010698

—

2= gl wdsl ey ’»\A\\_

"\

1 2

NaN NaN

NaN NaN

NaN 0.401630

NaN -1.658488
-0.036343 -1.212064
0.046531 0.908259
0.069813 0.047924

= \\m\\ w)h—-us\,__x_q )
-0.704270 -0.980718 W sab JBIJ)

0.470196 8.228733 TP
-1.390672 0.983515 2

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

(29]: df

[29]): 0 1 2
0 0.731182 NaN NaN
1 1.010108 NaN NaN
2 -0.068527 NaN 0.401630
3 -0.292148 NaN -1.658488
4 -0.142982 -0.036343 -1.212064
5 -1.034044 0.046531 0.908259
6 2.244516 0.069813 0.047924

[27]: # thresh=2 mea;ns, the Tows needs at least two not null walues fo survive
df .dropna(thresh=2) =p \tvo. QL LIS\ Tow _)U.a:g )
2

————
—

[27): 0 1
2 -2.366018 NaN 0.002855
3 1.582293 NaN -0.620989
4 0.593570 -0.331516 0.515896 ?
5 0.035016 0.623496 2.146304
6 1.128683 0.182433 -1.010698
[10): af 5
[10]: 0 1 2
0 1.215950 NaN NaN
1 0.540135 NaN NaN
2 0.829622 NaN -0.784088
3 0.703976 NaN 2.101510
4 1.294844 -0.704270 -0.980718
5 -0.336609 0.470196 0.988733
6 0

.319031 -1.390572 0.983515
[32]: af. d;:opna(threshvsf) ' . 7 i '
[32]: 0 1 2

4 0.778466 -0.319811 -0.265054 e

5 -0.888870 0.259853 -0.429096 . s

6 -0.482623 1.147385 0.468441.

(30]: #Filling In Missing Data

(df

[30]: 0 1 2
0 0.731182 NaN NaN
1 1.010105 NaN NaN
2 -0.068527 NaN 0.401630
3 -0.292148 NaN -1.668488
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[11]):
[11]:

(3112

(31]:

[28]:

[28]:

[38]:

\ors ) QL8 ), A >e\h é-u,b,}.\
0

[35]:

4 -0.142982 -0.036343
5 -1.034044 0.046531
6 2.244616 0.069813

df.£illna(0)

0 1
0 1.215960 0.000000
1 0.540435 0.000000
2 0.829622 0.000000
3 0.703976 0.000000
4 1.294844 -0.704270
5 -0.336609 0.470196
6 0.319031 -1.390572
af
. 0 1
0 0.731182 NaN
1 1.010105 ~. 'NaN
2 =0.068527 NaN
3 -0.292148" NaN
4 -0.142982 -0.036343
5 -1.034044 0.046531
6 2.244516 0.069813
af
0 1
0 0.280182 NaN
1 1.075388 NaN
2 -2.366018 NaN
3 1.582293 NaN
4 0.593570 -0.331516
5 0.035016 0.623496
6 1.148683 0.182433

-1.212064
0.908259
0.047924

2
0.000000
0.000000

-0.784088
2.101510
-0.980718
0.988733
0.983515

2

NaN

NaN
0.401530
-1.658488
-1.212064
0.908259
0.047924

2

NaN

NaN
0.002865
-0.620989
0.516896
2.146304
-1.010698

#filtna with a dict, you can use a Eiff;réhf f%li value fbr each column

af.fillna({1: 0.5, 2:

1
0 0.271510 0.500000

0})

T, \Daie

‘1&{5 Q=

0.000000

1 -0.473364 0.500000

0.000000

2 0.731081 0.500000

3 -1.536339 _0.500000
4 0.778466 -0.319811

0.761048
0.426161
0.265054

5 -0.888870 0.259853 -0.429096"

Framg 33V a"\d‘iﬂ =

.

G

W eiah < s
o A et ope,,
,__\,L\-’PT“-’ B\ .'J.;P D06
wan 3 a2V
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[32]:

(32]:

[34]:
[36]:

[36]:

[37]:
[38]:

[38]:

[1:

[39]:

[40] :

[40] :

6 -0.482623

df

0
1
2
3
4
5
6

df.fillna(o0, 1n lace=True) \\

DO W NN - O

SR =

g b W= o

df.
.af.

0
0.731182
1.010106
-0.068527
=-0.292148
-0,142982
-1.034044

2.244516

w Ler,

0
0.731182
1.0101056
-0.068527
-0.292148
-0.142982
-1.034044

2.2445616

0
-0.031204
~0.407266
-1.412912
-1.082016

.257679

0
0.109856

iloc([2:,
iloc(4:,

af

0

0 -0.031204

1.147385

1

NaN

NaN

NaN

NaN
-0.036343
0.046531
0.069813

\\\\\\ ‘..‘J.\,\, J_g ) ~¥

.000000
.000000
.000000
.000000
-0.036343
.0465631
0.069813

o O O O

o

1
1.443506
-0.373886
0.663700
0.236359
1.328878
-0.161968

1] =
2] = NA

i
1.443606

0.468441

2

NaN

NaN
0.4015630
-1.668488
-1.212064
0.908259
0.047924

0.000000
0.000000
0.401530
-1.658488
-1.212064
0.908259
0.047924

2
1.348347
-0.380240
-1.5692727
0.402048
-1.966385
-0.064878

'2
1.348347

WM NS s (Eéb
Zete Qs

‘)L.U\g@
v “plsd

e et
ey

pd.DataFrameQﬁp.random.randn(G; 3))

)-\-

Oty bﬁgr:£3;§
ﬁlk&

il cag Lag )
\\j),¢~\=<5dhnfiu~ )

. .
w— X

lu?\uc—c.
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[41] :

[41]:

[19]:

[19]:

[20]:

[20]:

[42] :
[37]:

[37]1:

1 -0.407265 -0.373886 -0.380240

2 -1.412912 NaN -1.592727
3 -1.082016 NaN 0.402048
4 0.2b67679 NaN NalN
5 0.1098856 NaN NaN

#fills the missing values with the last observed non-null wvalue

df . fillna(method="'££ill")

b W NN O
O OO+

0 1 2

.031204 1.443506 1.348347
.407265 -0.373886 -0.380240

— e

.412912 -0.373886 -1.592727

——

—

.109856 -0.373886 0.402048

—

0 1 2

.190089 -1.199733 -0.690466
.934796 1.281987 0.327398

.2366b64 NaN -0.054925
.323191 NaN -1.259246
.045598 NaN NaN
.436786 NaN NaN

=0 %o PN ma 3V U ‘

-

i : -
<=!F' Vo wn 7S

.082016 -0.373886 0.402048 Wen-Wal\
257679 -0.373886 0.402048 &

S P \mun)

# copy thé last null value to the rows afier ,'bui—;;iy to the next two rows

af.fillna(nethod='££ill', limit=2)

0 1 2 Wy T
0 -0.190089 -1.199733 -0.690466 Udlue
1 -0.934796 _1.281987 0.327398 T .
2 1.236654&1.281987 -0.054925 VAW\ v S| ~pad
3 0.323191%1.281987 -1.269246 Vo b
4 0.045598 NaN -1,259246 o T
5 0.435786 NaN -1.259246 AR
data = pd.Series([1., NA, 3.5, NA, 71)
i data
0 1.0
1 NaN
2 3.5
3 NaN
4 7.0

8
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dtype: float64

[44]): data.fdllna(data.mean())

U

.000000 - A L3
833333 T =
.500000 o580
.833333 \\, 3 3,8
.000000

dtype: float64

N W W W e

a6\ 35dad\ :
PR <y 3,
[44): #Data Transformation \é“‘ e D?r“\ v— Vv,
data = pd.DataFrame({'kl': ['one', 'two'] * 3 + ['two'], vy oy '
POy eI e k2 (1, 1, 2, 3, 3, 4, 40D < — *Lj— H3s0\s O,
sk s

[50]: data /53 Q_‘ “}, = \:'JJP (Y

[50]: ki k2 v ‘%_ . " Yw, sSwe _seJ

0 one 1 oo

1 two 1 Y 3 th‘e‘

2 one 2 v s a\' iy AN PE V\“Wb us R o

= e 8 — " W Qaka M

4 one 3 Twdegesc Uw

5 two 4 , OQ\-K J\*

Aiis =% bl Ly B | & Ranenakia

[51]) : data.duplicated() Uois Tosesl\ \ "F"C“H -’-“--‘:‘j"—\ r*"P \u
[51]' 0 False ‘1’\-,‘ E %)

1 False = -

2 False \2 wﬂ [(IXW) A\\Q\x(h\'d]

3 False . ' S, )

4  False Woise &PVr237,4 3L L0 2

5 False — ‘0 B L e

6  True ¥) 30 e\ oo N 2

dtype: bool YWo 9

M
[52]: data.drop_duplicates() AT J"""‘\:——\ “ N }

[52]: k1 k2 E

0 ome 1 . N

1 two 1 6\9‘(" - '(
Yol

2 one 2 o:a;oj-_.

3 two 3 .

4 one 3 ,o\)j"\ o2l V/ee

5 two 4
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V.\Q“‘
[45): data('vl'] = range(7) =P Co\wen —:;“?‘%r] «

[55]): data daPse ol WVE

[(55]: ki k2 vi
one 1
two
one
two
one
two
two

O U W= O
BB W W N =
(o )N < I S /S B S T o

[56]: data.drop_duplicates(['k1']) )-'P\/AJ C)\af"‘-'ik._\\
s61: k2 vi RS A - Coluwn

9 one & Covn 3\ \2p o) el Ovplicas
1 two 1 1
[46]: data \‘;"-""‘" -’) PR
[46] : k1l k2 vi Ok 35081 L LN alp 38
0 one 1 0 . o : .
fowo 11 \WieW) S ST s b e
2 one 2 2 —— —
3 two 3 3
4 one 3 4
5 two 4 5
6 two 4 6

(58] : data drop duplicates(['ki', 'k2'], ] keep"'last )_f_'f VL: \A J—*_g:":) .~
1 Yoz Q..\G/S/ e |
(1) u-b'«'?S‘Q\ v I

2 pAu> \ateds
:
6

[58]: ki k2 v
one
two
one
two
one

two
D \Qickiney ) ubar 22w
[66) : #Transforming Data Using a Function or Mapping
data = pd.DataFrame({'food': ['bacon', 'pulled pork', 'bacon','Pastrami',y
«'corned beef', 'Bacon','pastrami', 'honey ham', 'nova lox'],
‘ounces': [4, 3, 12, 6, 7.5, 8, 3, 5, 6]1})

W N - o
W W e

(67]: data

10
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[1]):

[2]):

[]:

[1:

[3]:

import pandaé as Eg;

4-housing-data-set-jupyter

March 21, 2024

import matplotlib.pyplot as plt

import numpy as np
from sklearn model selection 1mport train_test sp11t

hOUSing = pd.read_csv('housing.csv')

_Yqvgel' \H\h-— .

K/\’z:_n)d-& ﬁf"',a oo U—-()\ )

L—longitude latitude ‘hou51ng median ag§> total_rooms total_bedrooms

W N = O

20635
20636
20637
20638
20639

B W RO

20635
20636
20637
20638

-122.23 37.88 21.0 880.0 129.0 KV_.J\_\.J \
-122.22 37.86 21.0 7099.0 1106.0
-122.24 37.85 52.0 1467.0 190.0
-122.25 37.85 52.0 1274.0 235.0 A\ Je
-122.25 37.85 52.0 1627.0 280.0 emb\.‘_
-121.09 39.48 25.0 1665.0 374.0 S 55 K
~121.21 39.49 18.0 697.0 150.0
-121.22  39.43 17.0 2254.0 485.0 frec)“’""“
-121.32 - '39.43,. 18.0 1860.0 409.0 A Wulysis
-121.24 39.37 - 16.0 2785.0 616.0
population households median_income 'median_house_vélue e vty =
322.0 126.0 8.3252 452600.0° e~ vesien
2401.0 1138.0 8.3014 358500.0
496.0 177.0 7.2574 352100.0 AW‘}js')
568.0 219.0 5.6431 341300.0
565.0 259.0 3.8462 342200.0
845,0 330.0 1.5603 78100.0
356.0 114.0 2.5568 77100.0
1007.0 433.0 1.7000 92300.0
741.0 349.0 1.8672 84700.0
bz )

T 20639 2 0 ve fow
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20639 1387.0 530.0 2.3886 89400.0

ocean_proximity

0 NEAR BAY
1 NEAR BAY
2 NEAR BAY
3 NEAR BAY
4 NEAR BAY
20635 INLAND
20636 INLAND
20637 INLAND
20638 INLAND
20639 INLAND LM SRt
[20640 rows x 10 columns] (— \0 F@“\M—)
[4): housing.info() =fp reqh‘._ NS 22\ + » B“"-"‘ D) W
— - e A e - > W - - PN S - - &
<class 'pandas.core.frame.DataFrame'>
RangeIndzx: 20640 entries, 0 to 20639 F\"“\" A I P
Data columns (total 10 columns): WMmEW VP S«
# Column Non-Null Count Dtype a
T WS R SO 1 viE | T Rl el SR S W \ .
0 1longitude 2o®46 ¥.20640 non-null float64d obye=* S\-h: 2
5 VO3 “—
1 latitude — 20640 non-null float64
2 housing_median_age 20640 non-null float64
3 total_rooms 20640 non-null float64 v Y o i
4 total_bedrooms non-n}xll float64 —\ (wa'—“i“ﬁ Baad \"’J‘b °;T') ?L
5 population 20640 non-null float64 “‘*\N’“ ”““\ \es
6 households 20640 non-null float64 b
7 median_income 20640 non-null float64
8 median_house_value 20640 non-null float64
9 ocean_proximity 20640 non-null object

dtypes: float64(9), object(l) = obyesy b:. 53“‘&
memory usage: 1.6+ MB ’
[5): housing.shape "} (b\"—f )\\zh‘-—‘ ,
CP\AU—\K s
[5]: (20640, 10) —_—
[6]: housring“. info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 20640 entries, 0 to 20639

Data columns (total 10 columns):

# Column Non-Null Count Dtype

o
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0 longitude 20640 non-null float64
1 latitude 20640 non-null float64
2  housing_median_age 20640 non-null float64
3 total_rooms 20640 non-null float64
4  total_bedrooms 20433 non-null float64
5 population 20640 non-null float64
6 households 20640 non-null float64
7 median_income 20640 non-null float64
8 median_house_value 20640 non-null float64
9 ocean_proximity 20640 non-null object

dtypes: float64(9), object(1)
N \ o———553351_332§fiﬁ1‘6+ MB

Co\\w : |
)\“ [7]: housing["ocean_proximity"].value_counts() ram Mo f'_v-‘ .
Feurre Cr W
[7]: <1H OCEAN 9136 o
INLAND 6551 L BYY Uh 1 Ceal
TEAR D ard 2 eqor
D\ as NEAR OCEAN 2658 u’h“‘\""*} é\,:?,__ = tegory
. 3 . -~
| T =g &
\, e) e 5 -5 —
’*P ANES Name: ocean_proximity, dtype: int64

[6]: import seaborn as sms
sns.histplot (housing['median_house_value'], kde=True)

[6]: <AxesSubplot:xlabel='median_house_value', ylabel='Count'>
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1000 - ]
800 -
=)
S | 600 1
S
400 -
/]
200 4 ///
0 1* T 1 - .l"_‘{.
0 100000 200000 300000 400000 500000
median_house_value e ,
—_—
[1: : ‘ T 3 e % .
[6]: housing.descfibe()- : : € Sy u
[6]: longitude latitude housing_median_age totélgrédms \
count 20640.000000 20640.000000 20640.000000 20649“000000.
mean ~-119.569704 35.631861 28.639486 2635.763081
std 2.003532 2.135952 12.585558 2181.615252
i -124.350000  -32.540000 - *1.000000 21000000
25% -121.800000 33.930000 *18.000000 1447.750000
50% -118.490000 34.260000 29.000000 2127.000000
75% -118.010000 37.710000 37.000000 3148.000000
max -114.310000 41.950000 52.000000 39320.000000

total_bedrooms population households median_income \
count 20433,000000 20640,000000 20640,000000 20640.000000

mean 537.870553  1426.476744 499,539680 3.870671

std 421.385070 1132.462122 382,329753 1.899822

min 1,000000 3.000000 1.000000 0.499900

25% 296.000000 787.000000 280,000000 2,563400

507% 435.000000 1166.000000 409,000000 3.534800
4
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(101
[11]:
[11]:
[12]:
[12]:
[13]:

[14]):

[14]:

[15]:

/)\:J*

ceset

75% 647.000000

median_house_value

count 20640.000000
mean 206865.816909
std 115395.615874
min 14999.000000
25% 119600.000000
50% 179700.000000
75% 264725.000000
max 600001 . 000000

train_set, test_set = train_test_split (housing,

train_set.shape

O ————

(16512, 10)
test_set.shépe

T SeW s
(4128, 10)

—

‘test_seﬂ@'7~ v

' housing = ﬁrain_set.copy()
‘housing. shape

(16512, 10)

housing. info ()

1725.000000
max 6445.000000 35682.000000

SLr X\ Para

—

<class 'pandas.core.frame.DataFrame'>
Int64Index: 16512 entries, 72 to 14148
—————

Data columns (total 10 columns):
# Column

606.000000
6082.000000

)\Ad'asns
20 €qe

©oO~NDOS WN RO

longitude
latitude

housing_median_age

total_rooms
total_bedrooms
population
households
median_income

median_house_value
ocean_proximity

Non-Null Count
16512 non-null
16512 non-null
16512 non-null
165612 non-null

non-null

16512 non-null
16512 non-null
16512 non-null
16512 non-null
16512 non-null

float64
float64
float64
float64
float64
float64
float64
float64
float64
object

4.743250
16.000100

gY AL

test_size=0.é, random_staté=43) -

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

dtypes: float64(9), object(1l)

[ 3 S
memory usage: 1.4+ MB ’:‘)\! o e al
(16]: housing.plot(kind="scatter", x="longitude", y="latitude")
Il o5 T
(16]: <AxesSubplot:xlabel='longitude', ylabel='latitude'> | e
42
40 -
o 381
o
=
S
i)
36
34 A
-124 -122 -120 -118 -116 -114
longitude

[17]: #4 better v-isﬁalizationvhig);ifig-ﬁtirrng hri;qh:d-eEns:értg;/“areas- e
housing.plot (kind="scatter", x="longitude", y="latitude", alpha=0.1)

e = :
[17]: <AxesSubplot:xlabel='longitude', ylabel='latitude'> Wote \\E\“_!\\\'
6
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21 4 2
5
40
e
o 38+
©
=
B
36
%
34 S ]
k2]
~124 -122 ~120 -118 “i16 ~114
longitude
ved)s Ve PM. A -

. [18]: housin -plot(kind="scatter", x="longitude", y="latitude", alpha=0.5,
)‘/\_-h?‘ s=housing["population"]/100, label="population", figsize=(9,7),
N\ o-2) c="median_house_value", cmap=plt.get_cmap("jet"), colorbar=True,
L eyl
* 5
\36““ Plt.legeﬁncriﬂ()

S

[18): <matplotlib.legend.Legend at 0x23bf7dabdf0>
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t — 500000
42 2. o %o Q populatlon‘ ﬁ!-
LY " o o o . . B
. 5 .{‘. ' [ SR | i’
. ) L &
. :
&
L 400000
40-
v
L 300000 &
38 ; 3
$ ! 2
5 ‘ 2
'5 | .
o | [=4
‘ 3
| o
36 4 . F200000 &
31 . 100000
&
£~
LE
-124 -122 -120 —118 -116 114
longitude

[19]: housing.shépé '

[20] : corr_matrix = héﬁéing.corﬁ()' (- — \'PﬂhF‘ . Covyr \

. corr_matrix.style.background_gradient(cmap='coolwarm') |

[19]: (16512, 10) tg—e“\"' N Corvs ey

[20]: <pandas.io.formats.style.Styler at Ox23bf9cfaf70>
[21]): corr_matriit["medﬁéﬁ_house_v-aiue"] .sorﬁ_vélues(asc-e;diﬁgﬂ-‘alséjv ' B |

.000000
.685886

[21]: median_house_value
median_income

1
0
total_rooms 0.136422
housing_median_age 0.104272
households 0.067724
total_bedrooms 0.053079
population -0.024487
longitude -0.043319 \
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Handling Missing Data

Filtering Out Missing Data

[1] data = pd.DataFrame([[1., 6.5, 3.], [1., NA, NA],
... [NA, NA, NA], [NA, 6.5, 3]))

[2] cleaned = data.dropna()

In [21]: data In [22]: cleaned
Out[21]: out[22]:
0] 1 2 0 1 2

1.0 6.5 3.0 0 1.0 6.5 3.0
1.0 NaN NaN

0
i
2 NaN NaN NaN
3 NaN 6.5 3.0

Handling Missing Data

Filtering Out Missing Data
. Drop rows if all values are NaN: data.dropna(how="all')

. Drop column: data.dropna(axis=1, how="all’)

In [24]: data[4] = NA In [26]: data.dropna(axis=1, how='all")
Out[26]:
In [25]: data 0 1 2
out[25]: @ 1.0 6.5 3.0
0 1 2 4 1 1.0 NaN NaN
0 1.0 6.5 3.0 NaN 2 NaN NaN NaN
1 1.0 NaN NaN NaN 3 NaN 6.5 3.0
2 NaN NaN NaN NaN
3 NaN 6.5 3.0 NaN
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Handling Missing Data

Filtering in Missing Data (fillna())

In [33]): #&Filling In Missing Data In [33]: df'fillna(o)
df out[33]:

0 1 2
d 1 2 0 -0.204708 0.000000 0.000000
L L 1 -0.555730 ©.000000 0.000000
; 2::?: :: 076$$ 2 0.092908 0.000000 0.769023
21 = 3 1.246435 0.000000 -1.296221

3 -1.536339 NaN 0.426161
4 0.274992 0.228913 1.352917

4 0.778466 -0.319811 0265054
bl g 5 0.886429 -2.001637 -0.371843
= e 6 1.669025 -0.438570 -0.539741

-

Handling Missing Data

Filtering in Missing Data
In [34]: df.fillna({1: 0.5, 2: 6}) affllna(, Inplace=True)
Oout[34]: In [36]: df
0 1 2 Out[36]:

0 -0.204708 0.500000 0.000000 0 1 2

1 -0.555730 0.500000 O.000000 0 -0.204708 0.000000 ©.000000

2 0.092908 0.500000 0.769023 1 -0.555730 0.900000 0.000000

3 1.246435 0.500000 -1.296221 2 0.092908 0.000000 0.769023

4 0.274992 0.228913 1.352917 3 1.246435 0.800000 -1.296221

5 0.886429 -2.001637 -0.371843 4 0.274992 0.228913 1.352917

6 1.669025 -0.438570 -0.539741 5 0.886429 -2.001637 -0.371843
6 1.669025 -0.438570 -0.539741
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Handling Missing Data

Filtering in Missing Data

0 1
0 0.476985 3.248944
1 -0.577087 0.124121
2 0.523772 NaN
3 -0.713544 NaN
4 -1.860761 NaN
5 -1.265934 NaN

2
-1.021228
0.302614
1.343810
-2.370232
NaN

NaN

(1) df.fillna(method="ffill')

0
0.476985
-0.577087
.523772
-0.713544
-1.860761
-1.265934

v b w2 o
(o]

o 0 0 0 o Ww

1

.248944
.124121
.124121
.124121
124121
.124121

2
-1.021228
0.302614
1.343810
-2.370232
-2.370232
-2.370232

(2) dffillna(method="fill', limit=2)
0 il

0 0.476985
1 -0.577087
2 0.523772
3 -0.713544
4 -1.860761
5 -1.265934

(3) data = pd.Series([1., NA, 3.5, NA, 7])

data.fillna(data.mean())

Data Transformation

—» - Removing Duplicates

3.248944
0.124121
0.124121
0.124121
NaN
NaN

Y# wovma|i zthom

—» . Transforming Data Using a Function or Mapping

- Replacing Values

. Detecting and Filtering Outliers

%5 0pl e, “’\qff‘:} sageafer

Note: See Jupyter notebook file for more detalls

oy " Y s = AQJG\
FEE IR s s Tl

QU 56} BB W) . Sl &

\\"Yahseww Dq)-q ) ¥ ey Dqs\::\- o\ sy

2
-1.021228

0.302614

1.343810
-2.370232
-2.370232
-2.370232

3 o Yuws W3 ]
i
% & Fane W@

ﬁ)s o ¢ (C.‘Wl°\-“‘:3 &‘J

\\(_v\\a.

qv\d—iov\
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‘Handling Text and Categorical Attributes

C Skfhﬁ t:}lfiJ;ﬁ\,.ﬁ

- Most Machine Learning algorithms prefer to work with numbers
anyway.

« For this, we can use Scikit-Learn’s Ordinal Encoder class:

« >>> from sklearn.preprocessing import OrdinalEncoder «—
—— R o ——— e -

re s1\Sham ) W 9"3‘3
v ‘, Qt\\‘taard

Vo w
——

Swdi

- >>> ordinal_encoder = OrdinalEncoder() « Slazy

o0 )

11

Handling Text and Categorical Attributes

- We have a c_a'teg'o'rical attribute ocean_proximity

>>> housing cat = housing[["ocean_proximity"]]

>>> housing_cat.head(10) °

17606
18632
14650
3230
3555
19480
8879
13685
4937
4861

ocean_proximity
<1H OCEAN
<1H OCEAN
NEAR OCEAN
INLAND

<1H OCEAN
INLAND
<1H OCEAN
INLAND
<1H OCEAN
<1H OCEAN

In [101]:

out[1e1]: ™

L 05550 fc,aﬁtjsg \\5&, 3
.T

housing["ocean_proximity"].value_ counts()

<1H OCEAN 9136

INLAND 6551 Calegry Wap
NEAR OCEAN 2658 =2 : VU
NEAR BAY 2299 Sweadivg "{i =
. ISLAND 5 tedt uifbs J2/le 2

Name: ocean_proximity, dtype: int64 (,..J)-Q Y

Wawber
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Handling Text and Categorical Attributes

: g 1o
- Ordinal encoding (converts each label into integer values)

S ey
Nk | Nalsn Jspas \apad S

[array (['<1H OCEAN', 'INLAND', 'ISLAND', 'NEAR BAY',
ScA=™ NEAR OCEAN'], dtype=object) ]
——— ‘

array ([0., 1., 2., 3., 4.])

One issue with this_representat'lor;_i;tﬂat ML aig. orithms will assume that two nearby 7
values are more similar than two distant values ,

Ve L Wawmlser D uLadH UZZF bm W) Dlate) ey
Py ((Cavnreny ) N S0\ olias ste ¢ CxuLAMD 3 D ((\\—\3 A e\

i o J—‘\ ."‘_}\é)\ V\A{-\;\:\:u\ L._\\

<\M 1o 7 =

o .\‘.}— A Pavabek) D SC ) peedis g\ sad) ) D \®) S,
M éxx oce. - “

L NS glps 9220 TSRV BN QS Sl k) o W5 Categamy
Tma NSShy- - -

LAV

\oeucués'\a\ C 2 piad wackin % o uu_st_'cus. (4)3 TV e en AY

Handling Text and Categorical Attributes

& ! ok S\ ARV x}s\

- Ordinal encoding: It is good if the|data are ordinal) spelos gAY P ’"‘:;;:
Liwba- (e.g., for ordered categories such as “bad”, “average”, “good”, “excellent”), V"\:\\:\:{ N
25 (e.g. school grade: F, D, C, B, A), (Education level: BSc, MSc., PhD) et

ARtS \ vead is SZ7T0N \uaug) dees) fALodal enedtw s ay dese ) ¥ “

- Itis obvio_uslwot the case for the ocean_proximity column ) SYdmanl SuCodis
g ¥ QONLEE 2 2N P25 oo S
" [farray(['<lH OCEAN', 'INLAND', 'ISLAND', 'NEAR BAY', |.

&= T ‘.{Aa_s\
'NEAR OCEAN' ] - dtype:object) ] t T c;ﬁ.—bd.
S o £

ol voand a7 57
array([0., 1., 2., 3., 4.1) ',,;...JQJ(A}:‘_WJ“"
gl G e W R | o
: Colure column: [Green', ‘Yellow', ‘Black', White',
‘Purple']

O Sima\ 1\ X

SATN Y 3\3

R Biye ()\b L 22 \erdnl) OO LY LN Pl abowsls m?;
S oAl uped 30N 85 2eels 2

A5\ Ly

Wikele reiNebed v C"\‘ﬂ""& 5 S\\S T \p,:,,_\ [

14

Vo0 184 jead e S AN Cetvony
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Handling Text and Categorical Attributes

Sius UV @ueadty DAL tag \S)Cavoom

. E EN TN —1
- One-hot encoding : ¢ %“:"t’? ' I M olol§
e —
» Create one binary attribute per category »< '\\"‘ . ;’;
- Bach categori i ; b =¥ o
gorical values is replaced by one-hot vectors b Nt « O
; —* | slaud
* For the attribute: '<1H OCEAN' —P \n\owmd
[array (['<1lH OCEAN', 'INLAND', 'ISLAND', 'NEAR BAY',
'NEAR OCEAN'], dtype=object)] Vedoy J85 \S) 22t
She
array([1., 0., 0., 0., 0.]) =

Jeb 2 Colure 4 -a FITIPRISYY
s L owe Wo :‘ Columwn ‘V
ewlr ol

Leue_ ) st Yol Dok (el Yedd =2 Cateyory WS\
bt denal \.muza,vt&;u\f)\ SRR
Jy\bp\mamj) W\ o8 \a\@_\\%{m ™ ) e

'Handling Text and Categorical Attributes

VBN Bt Wy wesds vie—s SOl DL waad Ut Rl o

- One-hot encoding .
Ve Bt @ LIS gLl Sy 2 [ one-hob ) Ve yerdls

Before Encoding After Enco dmg
1<1H OCEAN' | —p 1 0 0 oS
1<1H OCEAN' By 0 0 0 0
'NEAR BAY' — 0 1 0 0 0
'NEAR BAY' — 0 1 0 0 0
'NEAR OCEAN'], [—® | o 0 0 0 1
'NEAR OCEAN'], | —® 0 0 0 0 1
nGRocmaN I |1 e o/ o S | S o S
W lawd —% O o | o )

\s lawd — o o G \ o
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Handling Text and Categorical Attributes

. Case Study: California Housing dataset
. Source Code: github
. Task: Data preparation and Visualization

. Analysis: Regression analysis for houses price predictions

Create a Test Set PR 205 o

-» J"fﬂh&erM be

®© X : P euedi .
. Split your dataset into train and test sets before youedcg any processing

to the datao\d’ch'l{l.'éi“f"?“;w\r“ﬁdﬁgzt‘_) e e Preesiy P Procesiy ) Gm\(e'_AES
. It sound strange to voluntarily set aside part of the data at this stage! ‘\
. f!oFroa:sJ W ), 2 LoUmeLe G 1as, BBy i) ““)‘-‘:\_“ P emodel test MM\
model s, Preprocesey or gV B T RIS AW "6‘&’:‘{‘. S0UG Sy @\ D) € Mmode] _hwlops) o
- Look at the test set, you may select some seemingly interesting pattern l
»in the test data that leads you to select a particular kind of Machine

vun [earning model. Do e Model U Dustas EXr IS L Jpuils e ProCessy LS 151 \!
RS - e . A&
2z S5 35 i Cabeguy ity model  MismU e ek Ok S

. ] ~ <
v o2 ) e \4’\-——\,9}1 Dﬂ\q\

B c—f”m el ; i . ;
TR e unseen data will be processed in exact same way as the testing
L data, thus ensures consistency in model performance.

besb V04
Pakba -
_Aeup
mod<d
L
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/./(/jreate a Test Set

- Splitting avoid Data leakage:

——

v'Accidental sharing of information between training and testing datasets
R Beio s\ 2D
v'Gives the model a ‘heads-up’ about the testing dataset and generate seemingly
optimal evaluation scores

v'Since the model overfits the testing data, it cannot predict accurately on future
unseen datasets - i m———

SPUD 5o Moded

| yraWen WL S Pake M
. ate
. -® - - 2
; )\_v"'»s(-‘!n)'-:“"*’“" St
prepes

Create a Test Set

. Creating test set: Pick some instances randomly,

- Typically 20% of the dataset (or less if your dataset is very 1arg9),

Sex a
b @) oS ek
bey _awele D

\Qaﬁ giasd G ) )
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. = . ﬁ
Looking for Correlations

corr_matrix = housing.corr()

NS T Cearrela. W2l
dgn—*tYeahn ‘___.L ‘.\ms‘\ Yedue / Twdef \arole / mesma ?cq\'un_

>>> corr_matrix["median_house_value"].sort_values(ascending=False)—>

P median_house_value J—I.GOGBGG <

"
e\ dgly

BTV R \aTY

!y median_income \adéz:y 0.687170 tMs N g ‘C_p_\\_},a krfﬂr‘s'“') 5
Fajhn_ total_rooms 0.135231 fear SVwleg . © \ Al

housing median_age  0.114220 W@

households 0.064702

total_bedrooms 0.047865

population -0.026699

longitude -0.047279

latitude -0.142826

Name: median_house_value, dtype: floaté4

Looking for Correlations ttribute Combinations)
YU daCorelaie gy

o i A R BT
r_household’] = housingl'total_x

median_house. value

1.000000

-median_income 0.690647

w £\SL P rooms_per_household 0.158485
Patuser  total rooms 0.133989 «—

b housing_lnedian‘age 0.103706
g véeu households 0.063714 =

o Cﬂ:—‘t“‘ total_bt-edr'ooms 0.047980

population -0.026032

longitude -9.046349

latitude -9.142983

~ 5

The new rooms_per_household attribute is much more correlated with
the median house value than the total number of rooms or households!
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/
/ . .
L.ooking for Correlations (corr matrix

E@tre.\\“.._ SN e, )
In [113]: corr‘_rriatr‘ix.style.background_gradient(cmap:'coolwar'm')

out[113]: B
longitude latitude housing_median_age total_rooms total_bedrooms

longitude | Helelt/tY —d.92541e‘, ,,@ﬁ’ﬁl"&&' 0.044034 0.069503;
PPN /5254181 11000000 0.013790  -0.035624 200674688

housing_median_age -0.110523

0.013790 " l000000) S8=0136170288 201321340,
total_rooms  0.044034 -0.035624 [\ '.-b.'36'1'762';u 1000000
total_bedrooms  0.069503 -0.067868 [ IR PXRYIN

population 0104080 -0.112972 |

D;:i t;'-*:‘!":. t{"‘r, RUANE4 9‘%
o v et vedne, | BEER
{oowed
\‘\l her ah fwo -5 N
aoesdp P o As ¢ (v,pl.u-‘,.n,_.] MK(;\qul-e)\ e

QJ\A))W X ;ch\“a __)\MJUL_LU-QJ\.@

Replacing NaN values

O = | b »
Q\\u\wu\ W e o
e 5 D TR — *~“‘§‘:‘\m3ﬂ\)'~.\4'_1-\5| *
from sklearn. 1Impute 1mport SlmpleImputer [0 piies s
f1mputer = Slmplelmputer(strategy— 'median") [ apnten =
ec)\m« U;:u 'J-J\ r’.P_“-‘
P IS Wl 2 t")\ ol .
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@) Rany 05/ Fcfu:; \
SC‘\\(D

Feature Scallng ('\V\%)’jw’d‘b odten G oz ‘_}-\u.)A

- There are two common ways to get all attributes to have jche same
scale' min-max scaling (normalization) and standardization 0

). Normalization “MinMaxScaler()” bound the result between (0,1).

1 : TR A4S dsas
Ylamy 0 Yooud S Ko = %f% Outliers NG J=2%
Jo+ I Py E i
PV s Stawdut ditah!
: ourliea 3\
- The cost of having this bounded range - in contrast to standardization -
1s that we will end up with smaller standard deviations, which can
suppress the effect of outliers.

: ik it b Feahe
Noymalitakis —22 (owttien) oned sz i2l
—_—__-._—-—‘

Feature Scaling

 @- Standardization subtracts the mean value and then it divides by the
standard deviation. It does not bound values to a specific range.

- Unlike normalization, standardization does not have a bounding range.
So, even if you have outliers in your data, they will not be affected by

standardization.
7 Acohel and Makc Acrd content of tha wine dataset
Oullies — LN Uy offer et oo
:" . ++e Min-max scaled [min=0, max=1] oie
Wormatsia — S L ’ o
' e
Oulir Ok BSLBILE 2
- - Cilu ¥ G S
)\ e J d-e)-ﬂo:.)’ ) 11 "_'u;.'.\ _%\
SkawdarJitebis TV X.
i r_&.;r—‘" \I y\\‘bq 8 \
N . .'-',"3.’-"??.‘ min WX
:"-:. SC q\./
2 Ciyal v
- [] =% 10 1 2

Acvhol
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[22]:
[23]:

[24):

[25]:.éorr_matrix[“médiéﬂ_hoﬁéé;;éiueﬁjlsort;ﬁglﬁgs{gégendii&=?§isej  .-‘

[25]:

13

[35]:

[36] :

latitude -0.
Name: median_house_value, dtype: float64

146099

housing["rooms_per_household"] = housing ["total_rooms"]/housing["households"]"’

housing ["rooms_per_bedroom"] = housing["total_bedrooms"]/housing["total_roomé”j

housing.info()

<class 'pandas.core.frame.DataFrame'>
Int64Index: 16512 entries, 72 to 14148

Data columns (total 12 columns):

# Column

longitude
latitude
housing_median_age
"total_rooms
total_bedrooms
population
households
median_income. .

WO ~NO S WM - O

ocean_proximity

-
o

median_house_value

Non-Null Count

16512
16612
16512
16612
16351
16612
16612

.. 16612

16512
16512

-rooms_per_household 16512
11 ‘rooms_per_bedroom. "

16351

dtypes: float64(11), object(1l)

memory usage: 1.6+ MB

non-null
non-null
non-null
non-noull
non-null
non-null

non-null

nonfnui{
non;null
non-null
non-null
ron-null

3float64""

float64
float64
float64
float64
float64
£loat64

.float64

float64
object
float64

‘float64

longitude 1.000000 -0.926418

.

Ve

i

médian_house_value  1.000000
median_income 0.685886
total_rooms 0.136422 )
bousing_median_age 0.104272
households 0.067724
total_bedrooms 0.053079
population -0.024487
longitude -0.043319
latitude -0.146099
Name: median_house_value, dtype: float64
.,z:;lrr,zzzﬁz housing.corr() ) =° Al fenlu-.. B P )
2 wad ¥
longitude latitude housing_median_age total_rooms \
-0.110623 0.044034
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latitude -0.925418 1.000000 0.013790 -0.035624

housing_median_age -0.110523 0.013790 1.000000 -0.361702
total_rooms 0.044034 -0.036624 -0.361702 1.000000
total_bedrooms 0.069503 -0.067868 -0.321340 0.929059
population 0.104090 -0.112972 -0.303661 0.863172
households 0.057452 -0.073163 ~0.304534 0.917526
median_income -0.015301 -0.078997 ~-0.118781 0.200847

total_‘bedrooms Iiopulation - households median_income

longitude 0.069603 0.104090 0.067452 -0.015301
latitude -0.067868 -0.112972 -0.073163 -0.078997
housing_median_age ~0.321340 -0.303661 -0.304534 -0.118781
total_rooms 0.9290569 0.863172 0.917526 0.200847
total_bedrooms 1.000000 0.887092 0.980707 -0.005755
population 0.887092 1.000000 0.914236 0.006393
households 0.980707 0.914236 1.000000 0.015438
median_income -0.005755 0.006393 0.015438 1.000000
[27): # Tuesday lecture, March 28 starts here - ),w&d ot y— o
corr_matrix = housing.corr() Saake T i

corr_matrix["median_house_value'].sort_values(ascending=False) 1) EY\ 5 1NN

[27]: median_house_value 1.000000 s
median_income 0.685886 ch\v-- ¢ ) .
rooms_per_household  0.147782 ST-3 Faa\uw_ AT
total_rooms 0.136422 -e
housing_median_age 0.104272 \"Wﬂb\' t\}ﬂ kc,o - ) tﬂ.ﬂ La-2ualh
households 0.067724 X\ . . ’
Awe a - L..‘

total_bedrooms 0.053079 Lessas b Lo Qo 8
population -0.024487 [ J 3 ;
longitude ~0.043319 \AWO Twdep- FO‘\‘“";X"'-"- Wi Llorr-] 2ol %

.. latitude -0.146099 L\'\B‘\Y&w:!-)\t GCaa & (‘(.’P L 9_3; \r/'&
rooms_per_bedroom -0.256558 Zo.

& S C-\‘““ 1 Y U‘*‘»__

Name: median_house_value, dtype: float64 PVC&G-‘.. s o -

: - . i o R 2 B215V Wodele, N B2
. -' [2.8]: corr_mat:rix.S'Fyle.backgrqund_gradient(cma_p:='cgg}vum') &»(“» aé)‘.,& \'Wb?eu\.

[2‘8]: <pandas.io.formats.style.Styler at 0x23bfB8a662e0> vee) U
[T e SO s
PLE SR = - e e o St e
[29]: housing = train_set.drop("median_house_value", axis=1) # drop labels fory
straining set L S =
housing_labels = train_set["median_house_value"].copy() \‘Qﬁq_\. 1L G
. - @ TWY o -
[30]: housing_labels.shape TR — .
= R, N84 3%
& — p3e g -
P IIRRY \‘tqiu\ N
—sdf L Se 10
Sey isks vl
wd\t\b\kﬁﬁ ol
- -A\
ol Daka -
g se\ ; — oo CoMvan _)\..\qup
; e\ C A
C Wedian) MY e, C \AA\A&) \aoor
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feprocasig o $* &SP $ T
oy J\*»ﬂef-S\ﬂﬂ“— ) (P ’ ﬁ)

Ca W s

[30]: (16512,) [CoWme  Yasiieras ) mpTpbCatmnn PL @ @)

PV

[31]: housing.isnull().sum()

[31]: longitude 0 Y_ e K\S:\K\\“ £ ﬂ"’-’ 3
latitude 0 CnMarin
housing_median_age 0
total_rooms 0 2 Q_. -

{ total bedrooms 161 y—e \\\3:\\!&!- S\Valls d.:\.l\—,:a
population 0
households

median_income
ocean_proximity
dtype: inté4

o O o

[]:

[32]: #Remove the text attribute because median can only be calculated on numericaly

for. =l h“at.t”bwes; l‘"—"'-b e , W by 2 Sl SO QW -
e B \5‘_\’ hc:fl_nﬂm ;r;gusing.g( ocean_proximity b axis=1) o Cenm. _J\)—ﬁ-‘\f‘f

\‘G\v:p\t-' [40]: from sklearn.imputé il_np>oi:i: SimEleImpﬁtermﬁ:w v‘) ,CG\\)‘.»‘::rhc.A'\u el | )

Veile imputer = SimpleImputer(strategy="median") =~ Y lace Ved X
+ imputer.fit(housing_num) asd) TSave r<€ : df g
g C:-u‘ '3 SimpleImputer (strategy='median') now .\)q\\c\it‘:' Covawnw IV NI T TR o
Pr®k=dy  imputer.statistics_ (e D a1ret) uen N Wisw: YN [ ov=
X Ca\Nmws Wawmbes e ' Amess 2 e TR L o]
) oo\ [40]: array([-118.51 34 s 29. , 2127. , 435. , 1166. : ] <) -
“ Cak ovas & 410, ,  3.5348 e
ke > Wedlun Ualue e FaF Colran Decow) LS _‘i:-\?" Calawn '.;".‘:’"6“""’
) [41): housing_num.median().values CaWima, +s
r[tll]: array([-118.51 , 34.26 , 29. , 2127, , 435. , 1166. )
410, , 3.5348])

e \%C.-) o Ualue

“ 98 [44]: X = imputer.transform(housing_num)

Colamm X.shape =
S3p ML) bape % wpanay
[44]: (16512, 8) L\ e Pk 6 s -0 W) WSl il
o e e WO .
M5 (48 X i byl LD, s v
8 Colmn ' labey
\‘“&}[45]' a.rray(f['122.29 ) 37.81 ’ 49. y ey 560. N 152, . =
Parm 1.75 1, s DTS S WA
Sek . ’
e o) [-123.52 , 41.01 , 17. , w, 517. , 222, , Dita
e 2.1542], AWy
> [-122.89 , 40.76 , 14. § iy D70, ,  90. , (b WLLwd
Pa'r il
11 \ F’““"\
way BV el (X)) i
\\XQ\N.- -
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2.3958],

(-121.79 , 37.03 , 18. , ., 544, , 179. ,
3.934 ],

(-122.23 , 39.86 , 21. , wy; 982 ; 822¢ ;
1.8375],

(-117.08 , 32.73 , 36. , ., 619. , 233. :
3.6125]]) : _

[46]: #The result is a plain NumPy array containing the transformed features. If youy
~want to . ‘ i gl U\Jo".‘:_\
#put it back into a Pandas DataFrame, it’s simple Puhi -,.Uh?awa = S A
T aadu 3o O\ 108K Ighel sy e Friiis '
) housing_tr = pd.DataFrame(X, columns=housing_num.columns, !
~—— Tndex=housing.index) o

va =5 .
Pfvm  prad [ Bovstng_er | \index) Db 612d
b

= o [486): longitude latitude housing median_age total_rooms total_bedrooms \
rawslaemis- 7 -122.29 37.81 49.0 844.0 ° 504,04
- $ , 2602 -123.52 41.01 -17:0 ©'1564.0 345.0
wan Balke 19784 -122.89 40,76 _ " 14.0 712.0 131.0
eb 3> 3405 -118.36 34.26 .. 840" "3677.0. 5730
oAl 12492  -121.48 38.57 38.0 2809.0 805.0
Vale - .
= 18448  -121.81 37.23 16.0 1674.0 281.0
7985 -118.16 33.86 26.0 6607.0 " 1663.0
18687  -121.79 37.03 18.0 943.0 213.0
19776  -122.23 39.86 . 21.0 - 1730.0 350.0
14148  -117.08 32.73 T 36.0 1158.0 218.0

population households median_income

72 560.0 152.0 1.7500
2602 517.0 222.0 2.1542
19784 270.0 90.0 2.3958
3405 1598.0 568.0 6.8380
12492 1243.0 785.0 1.8512
18448 850.0 254.0 5.3157
7985 4066.0 1658.0 2.5068
18687 544.0 179.0 3.9340
19776 982.0 322.0 1.8375
14148 619.0 233.0 3.6125
[16612 Tows x 8 columns] =P way B eaI6
m— ——a L\
[47]: housing_tr.info()
12

s
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<class 'pandas.core.frame.DataFrame'>
Int64Index:‘16512SGntriea,‘72 to 14148

Data

~

columns (total 8 columns):

. Column ; Non=Null Count
longitude - 16512 non-null
latitude 16512 non-null
housing _median_age 16512 non-null
total_rooms ’ 16512 non-null
total_bedrooms 1§§12 non-null
population 16512 non-null
households 16512 non-null
median_income 16512 non-null

AL

dtypes: float64(8)
memory usage: 1.1 MB

[48]: housing_tf.isnull().sum()

[48]:° longitude
latitude
housing_median_age
" total_rooms
total_bedrooms _
" population
"households
median_income

%i::;ﬁh'tﬁgl:

s = A By

.....

[57]:

(67]:

O oo ooo oo
s
z
Ve

-dtype: int64

I

Dtype
float64
float64
float64d
floatéd
float64
float64
float64

floatéd -

fhousiﬂg_éat = housing[[“ocean;proximity“]j

Housing_cat.head(10)

72
2602
19784
3405
12492
18007
4293
10193
18611
8382

SNf::S S

ocean_proximity L S ey Ce\aw

NEAR BAY
INLAND
INLAND

<1H OCEAN
INLAND

<1H OCEAN
<1H OCEAN
<1H OCEAN
NEAR OCEAN
<1H OCEAN

housing_cat.shape

(16512, 1)

—

Yerd Swe_C S\,

—

Vo =

‘S{‘tRB L;\'\‘-’\ s
Ca: Caas . @
w2 N gty
eV o ’

v -

e

13
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CSarl oo
U

(51): housing("ocean_proximity"].value_counts()

[61): <1H QOCEAN 7304

INLAND 5250 3
NEAR OCEAN 2101 [ fauh N ve@ds Sips 21 L)' cone Wok .
NEAR BAY 1853 P ar :L Srngmding N\ N
ISLAND 4 vea) g2 Sk I " ovdinal i
Name: ocean_proximity, dtype: int64 _ I
i 05221, LScuk.) Il oceas O,
[66]: #Thursday lecture, March 30 & P o | )
from sklearn.preprocessing import OrdinalEncoder Sue ot - t s
ordinal_encoder = OrdinalEncoder() Cowie ¥y BY \{:e\ﬁﬁ\
housing_cat_encoded = ordinal_encoder.fit_transform(housing_cat) Cavuma Willa Qeors
U= np.unique(housing_cat_encoded) " ~ s P =
\o) b Wb ) deospl, Vi plaa
[53]: ordinal_encoder.categ‘ories_ 7 E’Q W= (Y ~Y-1-3
o Y [ - RN} .
(53): [array(['<iH OCEAN', 'INLAND', 'ISLAND', 'NEAR BAY', 'NEAR OCEAN'], S\Davs waa Y v X
dtype=object)] T S lDrcfru, :‘:-‘-—'ﬂ'f_i—'bj
[54]: U : N ' Z .
[54]: array([0., 1., 2., 3., 4.])
[55]: from si{lea:n‘.pre-p‘roAcéséinzg import OneHotEncoder : N
4 e i Co\w"‘
N RO
cat_encoder = OneHotEncoder() " z A%
enmd¥ )

housing_cat_lhot = cat_encoder.fit_transform(housing_cat)

- C:iffmg‘,cat-nm =D SceNawme T yowr\bSwe d\sudb

- Zea\ C.\\Li-’.\ L
[55]: <16512x5 sparse matrix of type '<class 'numpy.float64'>'

100\ 60 Covme d_;c,."uith 16512 stored elements in Compressed Sparse Row format>

encedy Ve
S co\Mm T

o)e\w> LT cat_encoder. categories_

[60]: housing

[60] : longitude latitude housing median_age total_rooms total_bedrooms \
72 -122.29 37.81 49.0 844.0 204.0
2602 -123.52 41.01 17.0 1564.0 345.0
19784 -122.89 40.76 14.0 712.0 131.0
3405 -118.36 34.26 34.0 3677.0 573.0
12492 -121.48 38.57 38.0 2809.0 805.0
18448 -121.81 37.23 16.0 1674.0 281.0
7985 -118.16 33.86 - - . 26.0 6607.0 1663.0
18687 -121.79 37.03" - . 18.0 943.0 213.0
14 '
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19776 -122.23 39.86 21.0 1730.0 360.0
14148 -117.08 32.73 36.0 1158.0 218.0

population households median_income ocean_proximity

72 " 560.0 . 182.0 1.7500 NEAR BAY
2602 517.0 222.0 2.1642 INLAND
19784 270.0 90.0 2.3968 INLAND
3405 1598.0 568.0 6.8380 <1H OCEAN
12492 1243.0 785.0 1.8512 INLAND
18448 850.0 264.0 5.3157 <iH OCEAN
7985 4066.0 1568.0 2.5068 <1H OCEAN
18687 544.0 179.0 3.9340 <1H OCEAN
19776 982.0 322.0 1.8375 INLAND
14148 619.0 233.0 3.6125 NEAR OCEAN
[16512 rows x 9 columns] e ) ﬁ’"rm’ .)‘t.)\ el 3
L Al as)imisnes2

* e

(58] : #Transformation|Pipelines ' A
# duild a pipeline for preprocessing the| numerical _alttributesi ”:Jr' "“'“’\\-_J"-
from sklearn.pipeline import Pipeline o P iPe. S\ v wiw Prefroc . |
from sklearn.preprocessing import StandardScaler F'-‘f” Cag) _Jh)_(‘;:..h) S\S

J&_-(e \, « | from §kli§rn.im§1.1tel?mp<zx['t SimpleImputer ) jea s
H - \num_pipeline = Pipeline .
S)h‘" w“ P P P *.‘q‘\“

UL )\&\5' ('imputer”, SimpleImputer(strategy="median")), Sen vl Py Tl 2%

9 =¥ (' std_scaler', StandardScaler()), 2 talt  wdsuiC anihy -
?rcf D wom, JoweTiar oS S My T Toen WE bl 3,

w82 «housing num_tr = num_pipeline.fit_transform(housing_num)

ST Processed ;:";“ © Oam
\'clo\ﬂba e e
*\'\0\4 © #Combine processed numerical atiribute with encoded cetegoral value \S\h' \ \.“,
¥ Vot ali zatio entediy o) W ¥

from sklearn.compose import ColumnTransformer

- @ WD
WanN So t"_"ﬂ A P\ PR 3 "’»_‘3 WoYymlitay:- 7. e
O™ hum_attribs = list(housing_num) - ‘—V\Venw b [ "

I

Skt Jl:"“)—-’ ¢—cat_attribs = ["ocean_proximity"] —\ QH’N‘. .
Jt‘ full_pipeline = ColumnTransformer ([ "_5\"::) Y Vrrib o
SAu\Z- ‘s("num", num_pipeline, num_attribs), Covamin Vs
t"'{: » ](;'cat", OneWribs), oun, Wumby =2 @0 I CI eV
(w - T — -
t:mnw housing_prepared = full_pipeline.fit_transform(housing) ¢ o:._\.‘;\:j S\"lﬁ
G .
[59]: num_attribs i & t Ca s IS Et—:—;—c\i\;J
v o . N 3 >
g scied > Al - Analy *
- \;)113‘:;) Y"/ e fcfl Qle Now Ja\uwe <
b - ORVA
= d,,\h A Xt &,{?‘3 \"m\\?: Skowm dow |i zakio-
Sy & ¥ " 15 2P0 U 1
2 Skri : . el
b'“\'a\ \).?\ 4 :_3 ¢ €nCe k\‘l ),U\“,,uh;l_\ \_.kb\v:ﬁ
Pakey

QS’o Peshiy Wl g 5n2s &

o 3 5 C BT
fr& prowe sgSachi, 34
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[59]:

(61]:
[61]:
(62]:

[63]:

[64]:

[64]:

('longitude', Wam - a bt Tls .

‘latitude' ) —* M w
'housing_median_age', = * )
'total_rooms', Ca\nw Syl
'total_bedrooms', ) D""\ e Wase i)
'population’', 0 LDSle s - :
'households', uw.

'median_income']
housing_prepared. shape
(16512, 13)
housing_preparedﬂ

housing_tr_NN = pd.Datﬁ?rame(hoﬁsing_prepared,g
wcolumns=num_attribs+['C1l','c2','c3','cd','cb'])

housihg_tr;ﬁﬁ-

. longitude latitude housing_median_age

0 -1.352219 1.015389 1.616949 -0
1 *-1.966357 2.514412 -0.923218 -0
2 -1.651798 2.397301 -1.161359. -0
3 0.610030 -0.647589 0.426246 0
4 -0.947786 1.371407 0.743766 0
16507 -1.112555 0.743692 -1.002598 -0
16508 0.709890 -0.834967 -0.208796 1
16509 -1.102569 0.650003 -0.843838 -0
16510 -1.322261 1.975701 -0.605697 -0
16511 1.249133 -1.364309 0.585006 -0

population households median_income C1
0 -0.792140 -0.920336 -1.119938 0.0
1 -0.831455 -0.735293 -0.905749 0.0
2 -1.057290 -1.084232 -0.777723 0.0
3 0.156915 0.179351 1.576241 1.0
4 ~0.167665 0.752986 -1.066312 0.0
165607 -0.526990 ~0.650701 0.769560 1.0 0.
16508 2.413435 2,796394 -0.718903 1.0 O.
16509 -0.806769 -0.848962 0.037384 1.0 0.
16510 -0.406300 -0.470945 -1.073571" 0.0 1.
16611 -0.738195 -0.706214 -0.132982 0.0 0.
[16512 rows x 13 columns] ,

16

= O = = O
O O O o oo

.828008
.495466
.888974
.480453
.079555

444661
.833715
. 782284
.418797
682983

c2 c3

©co0oooo
ocoooo

oo oo o
"o oooo
oo ooo

cd’

OO0 00~
o oo oo

o O O O O
O O OO O

WM N

a Vi bwYe
Wb oy W72 0l
Sk

total_rooms total_bedrooms -\

.803175
.463635
.978966
0.085408
0.644083

. =0

.617753
2.710219
.781503
.451595
. 769462

© oo oo

.......

= O O O O
o O O O O
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Hashemite University
Computer Engincering

Data Science Course

Regression Analysis
vy 3
C Fre/3:ch,—~} D Sl“Fw e
Carn_j
Edited by Mohammad Al-hammouri
c},,l-“ BEY N 5\“@ 3 Grde & x
INTRODUCTION e I
*M"“FJ&H’»—-JLUM \"‘\'J \
Vs
» Suppose we obtained grade scores 1
for a group of students along with 12 g P
the study hours. .
» A Grade (dependent variable) s-axs Grage 0]
vs. Study hours (independent *-ax. a N O
variable) ” plot shows the data o WTis ‘oom
pOlﬂtS. def- 35 Gpare P 0 1 2 3 a 5 6
o From this data set, we want to  Tearue =" Study Hours
predict{the grade of student who 3w« =
studies 2.5 hours?
. . S LA D5 b
S Loredir ] W C"Lﬁ - .‘.ﬂ“,_._‘?‘_ C“‘_‘P ¢8 ™ x-txis S e 5\:..33 Youys 2
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INTRODUCTION

To predict grade for a student who best fitting line

studies 2.5 hours:

1. Perform regression (i.e. best fitting
line) of the student data.

2. We can predict the erade of
student wha studies 2.5 hours.
Predicted grade=6.3

Grade

Study Hours

DEFINITIONS

owe oy u_)Yejunh 2

» Regression analysis(is estimating the relationships between a ™% - i‘*"‘”‘:_
dependent variable and one or more independent variables 7 - axis

w-aws * The dependent variable (e.g. y) is often called the target, outcome or response
» Independent variables (X, X;, ..x,) are often called predictors or features
« Regression types
—»¢ Linear regr ession: E:omputes the line that most closely fits the d data; the model (e.g. line
equation) is linear in the parameters 05 wmedad 2 Tesus

\\\'\-nf
» Simple linear regression: one independent variable \
* Multiple linear regression: multiple independent variables

—* Non-linear regression (logistic): the model is non-linear in the parameters
=
==
u—A-P \Iﬂ‘\\‘w— P o) ).u

'Frdd. : rjfe&ius—“ vdss C\ass fice. N 2

i
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BEST LINE FITTING: BASICS

‘-45\"? r-'M\‘wC:f"
* Line equation: y= ax +b

» The best fit =»{optimum value of “a” and “b” which reduces a cost
function (e.g. sum of squared errors)

(‘.a,i U -t(.\lhc_\ e x

=Y o -

o 1 — °_,.A)C\h-n—‘ ds D—"—w
T ° 1 etrof NPl \live) =
T ° F\-l\"\' - \J’Jk s

° »urld q.ﬁ\ P‘q‘\-q\ SN
° redicked AV Data wat
Tetord ) uebadyl Sl
Tt Q'_-;:U gll model M (P
Data Points to be fitted We try few lines, but which one is the best fit? _ “"_;"l)\ ‘-—t-_"’ -Cp
\exfor oF
U(MSE \ R

A&QN \o-\’w-m
A . Prediadd
Wedue

FITTINGA LINE USING LEAST SQUARES

* One method is to select the line with least

squared errors. - (xi,yi) ©
D eve i
* The squared error for point (X;,y;) with respect 1 residual for | w.s\(*" ;
to line y=ax+b : Do (Y [’Zv-“’ NG
squared error = [line value atx; - ;]2 T =T
=[@x-b) - wPF  TI|
Aevua )ww\s/ Predicn I \iwe  vasTah L i 5
« The “Sum of squ: squared errors” is the sum of pohse T . 6
squared errors of all data points. jes'zdjme & a5yl d,. L
* The best fit is the line that has the least squares squmr_ F L LI
(1.e. minimum sum of squared errors)
ﬂd\ne\:w\ \.J\ RZEI\'S ‘,.\,,\_.4—&“91;\‘ )\c\)w:qH. _JIC 21 Alas. WS * 6

NS Xl W ) 6 SWey s Job <) by I
P \,-L\\\\f_\ e J»J € exone sl

¥ o & o
\P“Ebﬂ w3 ﬁ_:\%\‘” NAT G
Sinfle u\S\\U—\‘S Copyp I\oe
T B MLLLYS &

= L%t 3 Fegres e\ PG )
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u;—P\_/\J\‘blq )q_‘u “l*

2 wmed =~ THE BEST FIT

v .q NP ) Alop acdel

- How to find optimum fit: ~ _—ax«s T
* Trying different values of slope(a) andQntercepts) i Best Line
b ; [~}
( ) ; ) . Sumof 4 @
« Suitable for large data sct, using programs and squared °
cmgrs. ™. . residuals — © v [
+ In the diagram, different values of slope (a) have o

different values of sum of squares. e ——
» The best slope is the one produces least squares

* Analytical methods based on reducing sum of T
square crrors. We present two methods:

| | | | |
| I |

]
] ! |
X-quiy P - 1o \ines Uisge= s\ep E/ / / / ,

Lines with different “a” and “b” "“'f’
s\_gu,\,. s
bet  wdeld b g 13 ) X \e
Fl__j\‘.._\
REGRESSION FUNCTION
|
Any equatlon that is a function of the dependent W |
_variables and a set of weights|is called a regression |
function. g A gl Q
'1“-6 _)\-&5)’-\3\5‘_“
°\" J—WBJ\‘\’ ys2sres Q(X \)Wﬁ\o\c
8
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REGRESSION FUNCTION

Uedrw ™ Fcn\'w(-.“
(y=1f(x,w) G\
"y” is the dependent variable (temperature) ~x” are the independent
variables (humidity, pressure etc) and “w”” are e the weights of the

W\GV‘—':M eP. Nanole
equation (co-efficients of x terms). 4

For example, the equation can be
y=0, 5x1 + 2. 15x2+076x3

& —
PRV 3\ ? Vet \‘\ W
WeigW XLT“A‘( ) o

1quJ\ﬁf‘3e\~) Yl
Warivle

HOW TO DETERMINETHE REGRESSION EQUATION

o We are doing this to make predictions going forward
* To learn the regression equation, we need to have some true
data collected from the field

Twael Yatiolgy

{

Height above sea
level in meters

Pressure in hpa

Humidity in
percentage

Temperature in
Fahrenheit

&

0

1015

67

84

500

1000

60

73

700

850

40

65

Fvamnla Adata far renraccinn
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HOW TO DETERMINE THE REGRESSION EQUATION!?

Adep.
Let me denote “temperature” as y and rest of the features
(height, pressure, humidity) as a:)(  We define the error function as

sum of (y-x*w)> Ferrmm & Jr\g,m ’;(3:‘\\ predidd ——pi)
=1 MY B gt s\ 8] @ ub—’[ku) z: ) 32T} ppredasd
We need to find out the w vector that minimizes the above
function. U opes exeac 080
When is the function mathematically minimum? It is where the
e ——
slope of the equation is 0 e ot o

\?Jror Proes> %

GRADIENT DESCENT

Gradient Descent is a very generic optimization
algorithm capable of ﬁndlng optlmal solut10ns to a

w1de ‘range of problems

l: séqebar b M)
The 'general idea of Gradient Descent is to tweal tweak 5 'u;if

parameters 1terat1vely in order tanm]m1ze acost ¢ > °
function. )

C Squaved excr ]
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GRADIENT DESCENT (COST FUNCTION)

——

Jdle Ad‘"l)
" \—m&o\--j:‘\ \

Fm.b) — W g+ P

e\bww-v aus

.

Yo r"’t’:‘.' V«W)

- val~

—

Cxtor AP A2 R Smeder N \Zp o Predidy

= uJ iched ISV s e *

—~—

GRADIENT DESCENT
Cost
A , X‘\/.’.
P B T
lc‘“’“_’\,\;fu\\e_

D
uPqu_—)\‘J_g iap E?K)bl
mne}/__)\d-‘\.-f J'J—‘ oS

>5) uQ_m._o—J\a

g ¢ LM s J5siul

Random

ec_:gJ\WEd«ic 3 345 initial value A

iy e

e—

We start with initial value of w and then improve it gradually

Ly Deebwr of e
wWeighr

W _)\‘d’[\-«.iﬂ N 54585 L 5

; 3ol g2 & Yy yplse
hé}\m() - e

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

GRADIENT DESCENT s e 1osus )
w _)u...Lb,C,_J\_)_(_) SeaspP o X

Updating the weight w:

w = w-alpha * delta

e o\d

w. is the coefficient or weight being optimized,
alpha: learning rate (e.g. 0.1)
\\C)\(l\_\_‘g \ ,)\,.p;_’_;;rl-:_-.'m—" T

xavre obla.

delta: is the error for the model on the training data attributed to
the weight. ~

=

SIMPLE LINEAR REGRESSIONWITH STOCHASTIC GRADIENT

DESCENT (EXAMPLE)
waetal :
i 3‘“_‘_(\,\,,«.\3\::- ST ene Tnd: Nabe
y=B0+BI x| * = Sl Bl

Consider the function above, what is the best value for the weight w,
(coefficients B0 and B1) which iminimizing the(érroﬁ on a training dataset)

Assume initial value of 0.0 for both coefficients.

Solution: please check “Gradiant Descent Example.pdf”

oW N kK
N W w R
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Chapter 12

Linear Regression Tutorial Using
Gradient Descent

Stochastic Gradient Descent is an important and widely used algorithm in machine learning. In
this chapter you will discover how to use Stochastic Gradient Descent to learn the coefficients
for a simple linear regression model by minimizing the error on a training dataset. After reading
this chapter you will know:

e How stochastic gradient descent can be used to search for the coefficients of a regression
model.

e How repeated iterations of gradient descent can create an accurate regression model.

Let’s get started.

12.1 Tutorial Data Set

The datasct is the same as that used in the previous chapter on Simple Linear Regression. It is
listed again for completeness.

Wb N =X
GONWWRw

Listing 12.1: Tutorial Data Set.

12.2 Stochastic Gradient Descent

Gradient Descent is the process of minimizing a function by following the gradients of the cost
function. This involves knowing the form of the cost as well as the derivative so that from a
given point you know the gradient and can move in that direction, e.g. downhill towards the
minimum value. In machine learning we can use a technique that evaluates and update the

46

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

12.3. Simple Lincar Regression with Stochastic Gradient Descent 47

coeflicients every iteration called stochastic gradient descent to minimize the error of a model
on our training data.

The way this optimization algorithm works is that cach training instance is shown to the
model one at a time. The model makes a prediction for a training instance, the error is calculated
and the model is updated in order to reduce the error for the next prediction. This procedure
can be used to find the set of coeflicients in a model that result in the smallest error for the
model on the training data. Each iteration the cocfficients, called weights (w) in machine
learning language are updated using the equation:

C w = w — alpha x delta o (12.1)

Where w is the coefficient or weight being optimized, alpha is a learning rate that you must
configure (e.g. 0.1) and gradient is the error for the model on the training data attributed to

the weight. =—— Q ea
12.3 Simple Linear Regression with Stochastic Gradient
Descent

The coefficients used in simple linear regression can be found using stochastic gradient descent.
Stochastic gradient descent is not used to calculate the coefficients for linear regression in
practice unless the dataset prevents traditional Ordinary Least Squares being used (e.g. a
very large dataset). Nevertheless, lincar regression does provide a useful exercise for practicing
stochastic gradient descent which is an important algorithm used for minimizing cost functions
by machine learning algorithms. As stated in the previous chapter, our linear regression model
is defined as follows: XiXe M sleas,y X

- “a)alal\ ‘.a;.‘_. 7
C y=Bo+B1xz) \ L(122)
A= BotBi Xy + BZ)(L
i '~ fon #1 X 3] g
12.3.1 Gradient Descent,\_lteratlon #jj @A I 3 seJ
Let’s start with values of 0.0 for both coefficients.
_ ¥ 3 XX
: 0=0.0 | = < A &
Pake  Wliswan \ W ELMdigL = V()
Bl=0.0; * 2 2 (12.3)
L X2 /y=t ]} ‘L——'~—~ L
- = Cy=004+00xz 1-__*’; “ 2
We can calculate the error for a prediction as follows: R

e dicked B S
E_‘-pﬁ:.\' wal )

l uror—@\— o=\ -(-l\ (12.4)
Where p(i) is the prediction for the ’th instance in our dutd.sct and y( ) is the ¢’th output
variable for the instance in the dataset. We can now calculate he predicted value for y using our
starting point cocfficients for the first training instance: r=1y=1
(1) =0.0+0.0x 1
t)(z) = 0\

—

&——
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12.3. Simple Linear Regression with Stochastic Gradient Descent 48

Using the predicted output, we can calculate our error:

error = (0—1)
error = —1

(12.6)

We can now use this error in our equation for gradient descent to update the weights. We will
start with updating the intercept first, because it is easier. We can say that B0 is accountable
for all of the error. This is to say that updating the weight will use just the error as the gradient.

We can calculate thc update for the B0 cocllicicnt as [ollows: o Bo
\,J= W‘qlf’\““ée\h o :

; s Pk e
C weifur : &:\:b qf)al mD BO!! +1 @0 - alpha X error (12.7)
Where BO(t + 1) is the updated vermm |Ehe coefﬁcxent we will use on the next training
instance, 30(t) is the current value for B0, alpha is our learning rate and error is the error we
calculate for the training instance. Let’s use a small learning rate of 0.01 and plug the values
into the equation to work out what the new and slightly optimized value of B0 will be:

BO(t +1) = 0.0 — 0.01 x —1.0
-—(——) Rl (12.8)
wew T BOC+1)=00117

Now, let’s look at updating the value for B1. We use the same equation with one small
change. The error is filtered by the input that caused it. We can updatc B1 using the equat;ion
B =\ =)
o\ ﬂ\ %
Bl(l +1)= g — alpha xtcﬂ:o_r x\:r') ( Da:uc.\— i) (12 9)
Where B1(t + 1) is the updahc c:odﬁment Bl(t ) is the current version of the coefficient,
alpha is the same learning rate described above, error is the same error calculated above and z
is the input value. We can plug in our numbers into the equation and calculate the updated

value for B1:

E -_rnw_r‘\o.lﬂ\d f\}eJ_.\ Bl(t+1)=00-001x -1x1 (12.10)
— (Bie+1) =001 N

We have just finished the first iteration of gradient descent and we have updated our weights
to be B0 = (.01 and B1 = 0.01. This process must be repeated for the remaining 4 instances
from our dataset. One pass through the training ¢ dataset is called an epoch.

KS rou.\) - Oala o : =4

se . \
L\mh’z 12.3.2 Gradient Descent|Iteration _#2_0;3
r‘fe’d Let’s jump ahead. You can repeat this process another 19 times. This is 4 complete epochs of
>~ —"‘02)’“""”_ the training data being exposed to the model and updating the coefficients. Here is a list of all
N f;"‘\“‘-B SV of the values for the coefficients over the 20 iterations that you should see: \S \ N
L B0) (ep) epach \""“‘TN
)N.\_,\ 8, 0201 s R " \ I..p\__.- ot v
0.0397 &— 0.0694 \,—L..LQS J.\ N,
U-l;' \/th_ 0.066527 0176708 [=p CD’) \d"“‘ wo L M) pefiuw
\ 93966527, e Py efocts | =
4 |0.08066049  0.21880847 S DR ST r*emb.uu VYS
woaa v Jb” 0.118814462  0.410078328, ) ") b.J X
Sy 0.123625634  0.4147894 ) Bi~sl Qﬁ e,ﬂodgf) rle o ) K’lff’ poa )
)gj w2 0.14399449 0.455727313
Pmduho- 0.154326453  0.497051164 \,fda;,,_ 3B ey, Cul s o) wLoH Py
g B| .J.o. Bb L

B ™

—
e
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12.3. Simple Linear Regression with Stochastic Gradient Descent 49

0.157870663 0.507686795

0.180907617 0.622871563

0.182869825 0.624833772

0.198544452 0.656183024

0.200311686 0.663251962

0.19841101 0.657549935

0.213549404 0.733241901

0.21408149 0.733773988

0.227265196 0.760141398

0.224586888 0.749428167

0.219858174 0.735242025

“o;2\20) -23(0.230897491  0.79043861

al ‘:'J"Eé' “f" Listing 12.2: Simple lincar regression coeflicients after 20 itcrations.
Jesl Be
o W\az 1 think that 20 iterations or 4 epochs is a nice round number and a good place to stop.
o.23 _ You could keep going if you wanted. Your values should match closely, but may have minor
- differences due to different spreadsheet programs and different precisions. You can plug each
Brze "'\a“_f‘b pair of coefficients back into the simple linear regression equation. This is nseful becanse we can
202" calculate a prediction for each training instance and in turn calculate the error.

Below is a plot of the error for each set of coefficients as the learning process unfolded. This
is a useful graph as it shows us that error was decreasing with each iteration and starting to
bounce around a bit towards the end.

error.

1
0.5

o oA ,Af"\ -
A W74 Nof A W i e ¥ i 9
o \‘ n \/ \/V VYV V

R WA

s LA\
3.5 1 \

-4
4.5

Figure 12.1: Simple Linear Regression Performance Versus Iteration.

You can see that our final coefficients have the values B0 = 0.230897491 and B1 = 0.79043861.
Let’s plug them into our simple linear Regression model and make a prediction for cach point
in-our training dataset. '

Prediction

1.021336101

1.811774711 ‘ ¢

3.392651932 |
" 2.602213322

Wh NP
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12.4. Summary 50

[s 4.183090542 e L J
Listing 12.3: Simple linear regression 'pre(licl,ions for the training dataset.

We can plot our dataset again with these predictions overlaid (z vs y and « vs prediction).
Drawing a line through the 5 predictions gives us an idea of how well the model fits the training

data.

4 .
- / ¢ Predicted Y
3 e 5t
/ ay
=] —-iine‘ar(Predined Y)

Figure 12.2: Simple Linear Regression Predictions.

We can calculate the RMbL for these predictions as we did in the previous chapter. The
result comes out to be R'\ISE 0.720626401.

—
, ‘

12.4 Summary

In this chapter you dlscovered the slmple linear regre%lon model and how to train it using
stochastic gradient descent. You learned: '

~
~

® How to work through the application of the update rule for gradient descent.

e How to make predictions using a learned linear regression model.

You now know how to implemcnt‘. linear regression using stochastic gradient descent. In the
next chapter you will discover the logistic regression algorithm for binary classification.
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Data Science

Logistic Regression

Prepared by:
Dr. Mohammad Alhammouri

Copyright © The McGraw-Hill Companies, Inc. Permission required for reproduction or display.

| Introduction
ﬁ;_ \{)r..a.-g\:_) u..;
. I .
) Logjsnc_({ﬁgrmonhs one of the most popular machine _
i : . SOl whaAS ¢
learning algorithms Eor binary classification.”| -® G ey
It is a simple algorithm that performs very well on a wide — =vexdeis=
- — T = o
range of problems. e )4l 9o
[ANYELY 1Caie )

We will learn:
> How to calculate the logistic function.

> How to learn the coefficients for a logistic regression
model using stochastic gradient descent.

> How to make predictions using a logistic regression model.

2
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y Logistic Function
s :

1
1 == e—value 1

> Can take any real-valued number and map it into a value
between 0 and 1,

——eee

> How to learn the coefficients for a logistic regression By
: hasti di d 2 a3 Ty L R 3
modelﬁlsmg stochastic| gra 1ent escent.jL e Sagea vt pos

Y

How to make predictions using a logistic regression model.

Logistic Function

> Below is a plot of the numbers between -5 and 5
transformed into the range{O and 1 1y . vaw

Logistic

12

(=]
(==}

I

S\cs
N

g

4
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Making Predictions with Logistic Regression 7<

\

» Logistic Regression is used for classification

» Let's say we have a model that can predict whether a person
is male or female based on their height.

e .
> Prediction = 0 (male) if y(height) <0.5

> Prediction = 1 (fmale) if y(height) >= 0.5

(ors) o \S\\A"ﬁ\n\\ S\ g
adea\ Clgm ) R

wWAad\e—
c \uss ) a) o\ @13) e £\ e L Yy ¥
\ \ ‘ TS
c \uss ]\ 2R
1 \\J‘ao R i A =
c\usy R, ._..) . eﬁfcﬂ\-\

(8, ]

Pre]ga re Data for Logistic Regressmn M,

- s\ s\ —N l"-f\--'/..ub VS i wa
o LT 1 ) v Pt e (P s | Refren

oS w}\q{\s s

Oy. @mary Output Varlabl} loglstlc regressmn 18 1ntended

for binary (two-class). classification problems. i\ °“3““"“U_\1 ::—d
o\ vae. A ““’\Foou\\w\ Welwatizatic WP =B o_-ao\d.-\;a) @SEE?__\ 5 b
. Remove Noise — Logistic regression assumes no error in ;;3?:%
63 30
the output variable (y) \"..I.:..\ i Mﬁ;: E:"‘"‘m oz 5\
2)  Gaussian Dlstnbutlon — Itdoes assume a hngar

relationship between the input variables with the output

U Repts odoee ey 25580\ T) dosig 1y ) X ()
d. Remoyve Correlated Inputs (multicollinearity) — Like

linear regression, the model can Overfit you have multiple

highly-correlated inputs.

Widh ¥\ S\
~ Caxte Y=k
(overSiviy) ¥ € Supar
\ adertiX )__)\U;A:‘»\: o) @A\M
\ .\.3 ks E}
\\row:jdr ) 92w\ \Cotrleavion) Lovuk \Feq\uw_) e d—-:\ W/ %)
e Ve,
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7

I' Problems due to multicollinearity

E‘ ‘ ~ =
l b \X—wo A Mae Vo Seue Es-h«\

T\W\-\\\\uu\p\-gﬂ )

s\ Redundancy — two predictors (independent variables)

might be providing the same information about the response

variable thereby leading_to unreliable coefficients of the

predictors (especially for linear models) @ @) K
aia e

baryer | B k(C.X PML \

L achy & k t\fﬁé‘ed k v )

UB\\Q‘—

The estimate of a predictor on the response variable will
tend to be less precise and less reliable & @=duntony #4105

An important predictor can become unimportant as that
feature has a collinear relationship with other predictors

3.3

D R -S=Xa k)
. t“w K QL‘—\'{
Overfitting N &2
radplem. PV “\"‘3\‘ Conctated
\se—‘ — SN Qredicr 138
barme (¢ (‘l’f:"\a' glasste S BELL A %1y 7
806\:-&.:29)*’"_)‘\’\)-'4\ N‘é\ q,zﬂed.s Wak
& (v skl A v Micdesy

S
\w.\\ Collc\uy

__F ]

Problems due to multlcolhneanty

\Qau\v s deA is  OSiw WAL R \Vu\\D Dol

; 2 *
= o y . Q. x’\\l‘o ‘)"'L‘ odel D - e
SUES e\ Iy ) T 4mw\r~>\°ﬂ"?\\ w U ) Seueo.

verfitting |— The best models are those in which each

predictor vanable has a umque 1m]3act on_the response —
saX\ %9 oy 0. B ¥\ /o =p | seaie 20l
variable. ren there. aref redundantjor @onefateﬁ‘)pretill'cffors s
in the model that explains the response variable, the model (s /xy
{tends to overﬁﬂ That means, the models do well on the train =~ &g
data but do a poor job on the test data thus defeating the -#sds 3\ 15
whole purpose of model building aeupllawy ) TS e &

() 47"“*5‘*

alue

\J\()LDJ AL woeded _)"N\-\)\U‘n.
Kuwh\.:\) s N Yemue e

\rc&méw_b\ hgiare
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Tutorial Dataset

!
\-e.s\*\";. ~ 3
ges
= P X2 Y
2.7810836 2.550537003 0
S 1.465489372  2.362125076 0
) 3.396561688  4.400293529 0
- 1.38807019 1.850220317 0
| 3.06407232 3.005305973 0
7.627531214  2.759262235 1
- 5.332441248  2.088626775 1
W) 6.922596716 1.77106367 1
— | |8-675418651  -0.242068655 1
7.673756466  3.508563011 1
Qa2 S X ;?‘ S__:_w‘ ‘Mo‘:.::fu\::\.\\\.:
c\ussto) 553 &2 % i kx\ 2¥1) U:-o_,?v;-‘ 9
Wiew \ %
\l‘c’;::“d-\'
| Tutorial Dataset e &, B
. _ -
&
4
L]
3 O
N -
<& = , 0
2 e — . -
[ ] @1
1
0 T T T 1
0 2 6 8 D 10
a1
Y Values
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/’ Example

Function = B0 + B1 * X1 + B2 * X2

Ba/p)Ry NPt B X
Logistic function:

1
1 -+ e—output

11

Calculate Prediction

Function = B0 + B1 * X1 + B2 * X2

Logistic function:

1

1 4+ e—output
s BO=0:0, B1 =0:0, B2 =0:0

12
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Calculate Prediction

The first training instance is: X1 = 2.7810826,

X2 =2.550537003,Y =0.

- v J-
prediction = 1 & (B0 BIxX1+BxX2)
. - I
prediction = 1 + ¢—(0-0+0.0x27810836+0.0x2.550537003)
- . * N
prediction = 0.5 ¢
\ve =

(‘\u\ Qe dicYiem |

13

Calculate New Coefficients

We can calculate the new coefficients values using
a simple update equation.  \ean e = =2

Rowd IV L (Ricier 528 ) $? \r',.v““"
~— o Y
C b= g j— alpha x (y — pre(liction) X prediction x (1 — prediction) X x ]
. alpha: learning rate 3;1-337- e
‘w‘a I\ = Xz 2.38 ( X2:2.53% / W=e \©_eyvesti-
N Bo =» Ob_:s?“_:

BO——OO"LO)X(O 05)><05><(1—05)><l = en iRt
BI—B{+03x(0 0.5) x 0.5 x (1—0.5) x 2.7810836
B2=DB7%03x (0—0.5) x 0.5 x (1— 0.5) x 2.550537003

BO = —0.0375
0_\\
Bl=—0.104290635 \=® \ veaea )
B2 = —0.095645138 14
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L e ————

Calculate New Coefficients

You can see that the model very quickly achieves 100% accuracy on the training dataset.
The coefficients calculated [after 10 epochs|of stochastic gmcllent descent are:

(Zer)

(oo ontijg——
e B0 = —0.406605464
T BL— 0.852573316 (14.9)
s\ » = 0.8520 ;
Qtﬁ)‘ &;J B2 = —1.104746259 \se:mk Yecer?)
8 Lg:) ‘ Kiz \M 6 /)(z_: Z-SC/a:Q
\
e\o\'\c\-:u- 2 NELIEE a,$5)(1.3g-\--\\a‘\\{1 3¢ ‘
\ e
O (3 o) )
ecan )
S 22l

% y
Y

- . i [P
&\n) N et "')\-Hse-:‘\"" YT alccurmen = \_&.4‘“/ 4
) Q2 —p
onc. Wi L g %kcoogv“-“‘\q =N 3%
b i : -
Cepa) RL‘Q N Pretete 8D = 15
_. )
Bu
Make Predictions
. .
—ouy
\v e
PR | Vwal)
X1 X2 Prediction| ®© ® e ey (o
2.7810836 2.550537003°  0.298756986 = o =
1.465489372  2.362125076  0.145951056 —pe e AcCuny LosTs
3.396561688  4.400293529  0.085333265 %o @ “B \D e
1.38807019 1.850220317  0.219737314 %o o L = \es'/. :
3.06407232  3.005305973  0,247059 —po o \tef:t:-"‘ xi=o
7.627531214  2.759262235  0:964702135 -\ ‘ \““,,
5.332441248  2.088626775  0.862034191 —p \ ' _p AW, = 220 T
6.922596716  1.77106367 0.971772905 —p\ ) 12 2 jees
8.675418651  -0.242068655 0.999295452 —b, \ s
7.673756466  3.508563011  0.905489323 —' ‘
© -.\\\-__\G
\\):}J?"'ﬁit: @ At '
cdm o5 W) g9
\oais e Uo A [ . \
\ ‘(‘3\':—\.\,»«) Vo ook
—— 5 a3 T 2
igial By -kd\\f‘me
daka
seX
16

i FErgts
CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

Repeat the Process

Accuracy
120.00%
100.00% —
80.00% -W
60.00%
40.00%
20.00%
000% T T T T T T T T T 1
1 2 3 4 5 6 7 8 9 10
17
Accuracy
KZM‘&"\)

\Correct Predictions) 910
accuracy = s X
_::_—J Total Predictions —

10
accuracy = — x 100

10
accuracy = 100%

18
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Classification

Prof. Gheith Abandah

OREILLY’ \“;;’f:ﬁ,
Hands-On ’
Reference Machine Learning

with Scikit-Learn,
Keras & TensorFlow

Concepts, Teols. and Techniques
to Buld Intelligent Systems

* Chapter 3: Classification

Aurdlien Géron

o Aurélien Géron, Hands-On Machine Learning with Scikit-
Learn, Keras and TensorFlow, O’Reilly, 2nd Edition, 2019
« Material: https://github.com/ageron/handson-ml2
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-"/mtrod uction

» YouTube Video: Machine Learning - Supervised Learning
Classification from Cognitive Class

https://youtu.be/Lf2bCQlktTo

Outline

MNIST dataset

Training a binary classifier
Performanq¢ measures
Multiclass classification
Multilabel classification

Exercise

v AW e
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1. MNIST Dataset

\ s \leavn) ,
\S YR Ak 0025500 Py Set

wi -,l‘.\..-

* MINIST is a set of 70,000 small
images of“\andwritten—aiiitg

* Available from midata.org saw'e =,
A . I sl

* Scikit-Learn provides rete N\
download functions.\.- §c 06|23
\ZeR) g us sl odel N s

B 5\ ters 2 \3\ 450

I
- =

1.1. Get the Data

N AT T4 WUND
o\l N >N L — 0

NNy oWl Vv~O
N eNNGROWP~0Q
VMR HINWEON—Q
LRI ENL W —0
D XA e | LU\
VRN s\ Ly —0
N®NcH AW, —

s>>> from sklearn.datasets import fetch_openml
>>> mnist = fetch_openml('mnist_784', version=1)

>>> mnist.keys() s jaad v, up pareser

dict_keys(['data', 'target', 'feature_names', 'DESCR', 'details',

"categories', 'url'])
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1.2. Extract Features and Labels

== ikl
Fodwo) £saple
—
>>> X, y = mnist["data"], mnist["target"]
>>> _X.shape : T \ave
(70000, 784) — Festhures 338Y
>>> y.shape —_—
(76000, )
7]0:0“’ \abe )
iméany ?
There are 70,000 images, and each image hag 784 features. 2
This is because each image is 28x28 pixels, and each feature simply q

represents one pixel’s intensity, from 0 (white) to 255 (black).
——— ————.——h-.:’ \-—qee,\— uelebey N

1.3. Examine One Image

Aveg
. wf
import matplotlib as mpl \\iﬁ Ja B\ )
import matplotlib.pyplot as plt ———

some_digit = X[0]
some_digit_image = some_digit.reshape(28, 28)

plt.imshow(some_digit_image, cmap = mpl.cm.binary, interpolation="nearest")
plt.axis("off")
plt.show()

>>> y[0]

Isl %
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\oun pies |

1.4. Split the Data

« The MNIST dataset is actually already split into a training set (the first
60,000 images) and a test set (the last 10,000 images).

* The training set is|already shuffled.

Pt

X_train, X_test, y_train, y_test = X[:60000], X[60000:], y[:60000], y[60000:]

i —_—

Outline

MNIST dataset

Training a binary classifier
Performance measures
Multiclass classification
Multilabel classification

DU AW

Exercise

10
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Wbt
2. Training a Binary Classifier & *7= [ 1)%%«
— q

NS ) P Ye \',} !Cong, “r,)\,’f'i S)i)
« A binary classifier can classify two classes. S o8 ok ( o42ud)

« For example, classifier for the number 5, capable of distinguishing
between two classes, 5 and not-5.

—

—_—

—

\lej)
y_train s = (y_train == 5) < True for all 5s, False for all Jale Sanfe
y_test_5 = (y_test == 5) other digits. —_—

A N \b”"ﬁ)
from sklearn.linear_model import SGDElassifier\—-b \C'\q‘g"‘" ¥

sgd_clf = SGDClassifier(random_state=42) Stochastic GradIEI.'lt.:
sgd_clf.fit(X_train, y_train5) . -, |Descent (SGD) classifier
Sowa MY = Y [e) 4 wsPis B C\‘tf.:j \[ ‘S‘lb'l\\“, \_”\“\’15\,!( '3

>>> sgd_clf.predict([some_digit]) Wk &
array([ Truel) \ C f’ €3 ;g'_ﬂ; 70&11&1*'
(1} . \ = )—)\u -« g )
=y W) ol S WL WY ts 3 gng -
predi i) - # sl
s \= 5-\'“‘""5 . S 7efo as 9 by -
\‘V‘,\Lsg_ ﬁ‘l P 5_\:1-“& . HACTUN
‘B,)\})G’/’/{J—P‘;‘s ( s o) rle/‘tQ:‘b.Js/‘_‘" d'.fL’ zﬂ; l—' Gi _\:l-':f—ydlif-s\i’* 0“.
——Fdlsc MKK‘J}: 5 B b - b v
— e one ol lens 50, ) AV
;_V;L—“_‘_; S = = T Qassitior )
Outline
1. MNIST dataset
2. Training a binary classifier
3. Performance measures —g KO\“W?’-F‘*) G dpLebi
4. Multiclass classification walkiclag ) binsy Al
- T ; - @
5. Multilabel classification M\3) o accurmy —
6. Exercise
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3. Performance Measures

W E_Accuracv: Ratio of correct predictions )

wie el Aty =

2> « Confusion matrix
\3 ¢ Precision and recall

prm—

™ ¢ F1 Score [y
B8 e Precision/re

i

Yedisim 5\ .,
Yeall 5

Allwfen S\ -.‘.pfg,k\(.-\?em ) ‘&\__)\(@;.J

= TR0 2
o\cci(:} N d 2,08 O3
vy e ST T
\—; C\W&'\“";w
RUSRIVWAN \

( zi\\ﬁ\_-’;,ﬂ\ >gP )
suN\aap\ Yy pred = clone_clf.predict(X_test_fold)
n_correct = sum(y_pred = y_test_fold

meded N\ &L

3.1. ccuracy)

e
call tradeoff

N _,_S\ Ee)\
4 -bFM o

o predine s ig AT

wilo |Ex
T\ WP & 2 0g>

Coryech f%‘e)ﬁh

QCCU e Ma)\lo)

(lo sofanp eV ) R 4 =
Luav __mu:)?
——_\—%\v\‘ oF W sy

!

wayafod  Mitp o

ssPeefAltesn ) Nedly e

C Case DNep K
{ NS
ACCuracy) v S\ w—pl,

AL _\\“K,\) ln._v):a.;.d
Fepaiad Fo1d GEY 3 Odla g
best Ve DA B O\ S
Do \'e»s\
W) @ wosho 36 Tle Jdg
Very (B sk Rty oa st
; e\ o wt
c lagffe 2e VT %E)/: i
e Qyddawn s 20 :,
B P AS— @0 s

oz, S

—

}

) I%eof Cowed — :
k&‘_;_v:—,) print(n_correct / len(y_pre ACM,) A ‘
D ARG - ghnTRel
{1‘-1“‘“5) Example how to find the B, ~:
accuracy. —_
(SECMNHE0) Dok ;o) (20 SV g J 3y dde s
>>> from sklearn.model_selection import|cross_val score @_"ﬂﬂ g‘ -

>>> cross val score(sgd)
Sarrayl[0.96355, 0.93795

=
—_—

y_train_5, fv=3\scoring="accuracy")

\_}L
\ '\C// 3
choss O¥\3) Aty W

ST

cIFI ﬁ train, .
: _——d:m et AR\ Diwy Aussificayep [ W0 v _
Using the cross_val_score( ) ":i—\Lu\“ﬂ\

et e ———
function to find the accuracy on
S =

three folds

i).u-);-_")“"‘é_‘r?b?\e\ WOUPA
Y Cessa ¢ EX23)0

i, (lo) g yewne tia

bci}w_\ 3

= '¢? y (‘-:“\"
=) DRI EE\en) - 579
ACCtan DT p &C-LEJ_P_‘;“’?\OS '
S e Ures) x\!-\

= Q=W
' CamScanner = Ligd d>geuaall
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EX) TTruph valu.
B ES:?),S,W,S SIS{qp‘S/]

@?m@h‘n V1LY
St vy {x\/gf‘ﬂ/"‘is

&8 ¥ iy
'\'% SRR B »L" f

3.1. Accuracy

* Use cross_val_predict() to predict the targets of the entire training
set. ~

from sklearn.model_selection import cross_val_predict
WA WY Qassifir Fevive  labut ' l_..,\q\r:«e.\ NS g v
y_train_pred = cross_val_predict(sgd_clf, X_train, y_train_5, cv=3) =% .. Teu) s

G ._l._———j’——_j @“Q\S\.“ _)|Jupu—)_¢31_

W )\/Jn'-’ oy G Sy
C foss yarl f‘bh\‘q’ D Cyoss Vel Scere 3| O~ Grayy
¥ ¥
CLross VAN Stage I 3= eulacy OB S s\
o 15
—ﬁi ; Sexag) St an)
Wio YecCiow @ 2 9')":";’ @"’A‘ ‘J\H‘% fabie Positive
o> 0 WoU2 t‘ ? A ——\5 —'—_,_-'« _- Trae Posiviu '\mgv‘:‘q\m«_ ™ False \@‘y,u
T E D o) / v T8 | B
Un Fu Seore T ) - TF i : % SN
1Sy TRISM L0155 weda 16 8) P <, ol Ve Ui VS o—-’t:‘n.) - 4_3 2 -
re,é ke \g) fat) _;) clussibir 4L (S) uJ,-lLS) \’t__ —yoc\qss&w s L &’:@ (-")""’ Ol T,
LS eppe=) 1l L0 SRR U S DAESe ) g ) 22E) ungees FR ey §)
e ufwwu._J 5) s o (TR) §) Wheesd maghi, ,JL.TV“J;‘\ @) gl el

m‘;«\% 2. Confusion Matrlx\ T =5 TPTPFPI 2 \m‘:“*

% ? Az Ps:).u B on 0 dn\we @N‘
Predicted V) @2 UP _,—ﬂ\
Te: 5o “{;‘f;‘a Negative [Posiive ) ﬂ (B tiorputgose 2o
= e¥) a T
F .")';f By 3 o> Q:lv—" D‘J"_(_i__)“"w“’) . . Qi) o u_,_p)__: [ \FP‘ L ¥
R Xl Shag) 1p\Se ( & % ? Lot mode| _Mu=ups sl L
TN u\/ua_a_l\ Negalive ob-—l-ﬂft/g/wl) ¢ Upf aLn.nWl
PG -p i 3 w8 = D) aa)d
i1 6Cowedd 2 Actual -~ m“’b’_’ % Dbpsald) o,
S\ Precision
o Modcl N (51 5. Co\y (e.g., 3 outof 4)
F&:ENAI\. [@ b éw\u\b —
v )m)

u_f‘ vl
@Eﬂ« Fare AU)\.,;\\ f.,\\,.,._\ Sisan Cralusts I\ X
by 534 = R = WACAX( {x

Lok folowadd PR o - TP Recall _ |
By $\ P op PO q—TP-i—FN . (e.g, 3outof 5) » Dwp (Y] conyCo Pitany
S A o g ; deP DY
P PN AL UNC S0 e eI gl bty (N&f\g) a AT
. oA . s W A ,w 16 _)\LA.-L:);
APlodt S T 75N s IelS s o Qo T PesivintsP 9 e :41 By
No Do et u’""’"‘ Jq“ Greundoy Gom

f!“ Silell UQ)E,J_JQAJQ\M\:‘I_)\:—\'AJ(G;_—)
"ol or ,Q.,L,f’;:nslwdwf e et TR -as oe
(4

e frd ekt
&G (ueded) bt i, 2 VG U A
(nok ov 53 ¥ Y \:J,Lert@\Gvcuh& Frayh) Gy &— Bulp) ACE M
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\
\
\
\
\
\
\
3.2. Confusion Matrix
« Scikit Learn has a function for finding the confusion matrix.
>>> from sklearn.metrics import confusion_matrix
>>> confus}’on_matJix(y_train_S, y_train_pred)
array([[53057, 1522], "2 vu  prediaw-
{1325, ae0s1) & ;
« The first row is for the non-5s (the negative class):
+ 53,057 correctly classified (true negatives)
« 1,522 wrongly classified (false positives)
« The second row is for the 5s (the positive class):
« 1,325 wrongly classified (false negatives) ¥ _c:_‘_
« 4,096 correctly classified (true positives) - g
$i¥vs. g
D
W:~Ael\
Wrecan) & e o gl
3 U\ ’ﬂu\.ra Vs
" Pﬁn}:-—- : ¢ el 66> Wadel oy 2, S ¥
1O\ s ) S g ) T s
TN &) gl T R i Se i e iU
FA & V) avcGupi@ Tas o) orp <1 065 1U T . Osiw

3.3. Precision and Recall

Precision ‘ . Recall:

e ecall = TP
pFEClSIOIl———TP+FP reca _m

>>> from sklearn.metrics import precision_score, recall_score
- . . T — - 3
>>> precision_score(y_train_5, y_train_pred) # == 9096 / (4096 + 1522) mawua\

0.7290850836596654 &—— == m
>>> recall_score(y_train_5, y_train_pred) # == 4096 / (4096 + 1325) L " =
0.7555801512636044 o— Syg\c..v,.~ v sl

—

The precision and recall are smaller than the accuracy.
Why?
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3.4. F1 Score

» The F1 Score combines the precision and recall in one metric
. ;—_‘———__—__‘
(harmonic mean).

F = 2 5, Drecision xrecall TP
L 1 L |~ precision+ recall Tp 4+ N+ FP
precision = recall _— 2

>>> from sklearn.metrics import f1_score

——— et
>>> f1_score(y_train_5, y_train_pred)
0.7420962043663375

\? N Chy =

3.5. Precision/Recall Tradeoff

* Increase the decision threshold to improve the precision when it is

-
bad to have FP. e 2
- Decrease the decision threshold to improve the recall when it is
mportant not to miss FN. o
- RN
D) ‘wsMa-Precision:  6/8= 75% 45=80% _3/3=100% % walteiy e %
= ‘;&’;wd:n) ) A\ ¢ Recall:  6/6 =100% 4/6 =67% 316=50% & _)\A.'&\b) o
N ?
P
F 3+l 5 3 Sl ¢ |5 99
> Score
Negalive predictions ... A ..+7 Positive prediclions
¢ :]Q A R e :
il é—:_"f—'__——‘_“ . 4
“f:iﬂ“‘"‘ _Jlg;.f_“,‘r.f__\\n\.\ —J\L\MLQ 0:“'—““:\\-\- 20
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3.5. Precision/Recall Tradeoff

» The function cross_val_predict() can return decision scores
instead of predictions.

y_scores = cross_val_predict(sgd_clf, X_train, y_train_5, cv=3, B
[ method="decision_function") &— 2 “L‘—“,.Q
Dlaf 2

Cassib &\ actuan ) Wl 3
vessi. ﬁ'\ V\.dg\y;, me Sy« CIVVu-‘
« These scores kan be used to compute precision and recall for all

possible thresholds-using the precision_recall curve() function.

from sklearn.metrics import precision_recall_curve \\;q.-.bus) =2 }

—_—

precisions, recalls, thresholds = precision_recall_curve(y_train_5, y_scores)

S\ J.—-——_“
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3.5. Precision/Recall Tradeoff

M
«»—‘d“\\\w‘
————————————— \'IQ\\
=== Precision
—— Recall
T ; : : & A\
—40000 —-20000 0 20000 40000 d,r,
reshold X _—

T & T =
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3.5. Precision/Recall Tradeoff

» For larger precision, increase the threshold, and decrease it for
larger recall.

o Example: To get 90% precision.
The first threshold with precision > 90%

threshold_90_precision = threshold;T;;T;:;;;::;:;::;;ons >= 0.90)] # ~7816

y_train_pred_90 = (y_scores >= threshold_90_precision)

>>> precision_score(y_train_S, y_train_pred_90)

0.9000380083618396 True when score
>>> recall_score(y_train_5, y_train_pred_90) > new threshold
0.4368197749492714 <
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4. Multiclass CIaSS|f|cat|on cha;» e
\a':_;ﬁlr.ah:o g e \»{_‘L}i)'.’;.-"!”‘n\ Cluss ) w\‘-‘{-g:.) 0L Teve  oLub

* Multiclass classifiers can distinguish between more than two classes Ao b S
\wuly dq dﬂ)....)a “Cb (aerd ustifee mode|

., * Some algorithms (such asﬁ(andom orest)classuflers or(Naifé Bayes)w N
vw.  classifiers) are capable of handling multiple classes directly.

@@ @ ° Others (such as Suppart Vector Machine classifiers or Linear (=2 Q_‘:': o

svaacn  classifiers) are\strlctly binary classifiers. ) d= SVwa
W\\\O.ui

* There are two main strategies to perform multiclass classification
using multiple binary classifiers.

—Psum-, ‘uw\cu; CS&\&S&-V
T°? ‘)\’f C’\\Silr.o.\- — ’e
3 A
Cﬂ”) Wl due - 8 e
et s freavie
‘26“\\’ SR :
—

4.1. One-versus-All (OvA) Strategy
\l: \Q)ZR“_\E!.:".J

* For example, classify the digit images into (from O to 9) to
\_ train 10 binary classifiers) one for each digit (a 0-detector, a 1-

—_—_,_\__—
detector, a 2-detector, and so on).

« Then to classify an image, get the decisi rom each classifier

ggﬂ y for thatimage and select the class whose classifier outputs the

\ highest score)
_-)\%) ] S X 2ew _ch,wssib a0 Model  Jo) s>
DB modet s WA \digy) £ i L e
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qc‘”“"_‘)} ”h\u._tn-)&b:’ 4 LF;( CM I‘r"u) ¢ kaC—me \J"'Pb

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

4.2. One-versus-One (OvO) Strategy

\o C\osy =p \o X9 - S
) T c\usss e

* Train a binary classifier for every pair of digits.

* If there arelN classes\ need N x (N - 1) /2 classn‘ners For MNIST, need
45 classifiers. ®_D il

* To classify an image, run the image through all 45 classifiers and see
which class wins the most duels.

* The main advantage of OvO is that each classifier only needs to be
trained on a subset/of the training set. "

* OvO is preferred for algorithms (such as Support Vector Machine)
that scale poorly with the size of the training set.

% ,..-/a)/\a/t)/ \) /6) iz 2 \image) e

o o) Lewo ) a*/ . 27 Aigs
Mtw\zwt\\)»wv’*ﬂﬂu 3 \)/\7—”)/\‘")/@\) iy e

wwuo)m}my} Wik B (Jigit) SRS U5 L weddd 1 LS & (=3
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e e v

t_oqh.)\é"” (moder) JS 03 Q) LS \u-\-bm a2 Z_Gr:)\:.QD\L—SdJ.p
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U:JL)lc)-y\— —J"-"L’ Tere ofS :{BTILJHJ )

e to \(_\qss-9 o) U“Sl{ Ule )
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4.3. Scikit Learn Support of Multlclas e D
Classification gy giseans . ) .,M,U,.uuw,.pw

Hee \.:h) )‘}.u upuéo)Lw@L\Supq J) e
o Scikit-Learn detects'-when you try to use a binary classification

algorithm for a multiclass classification task, and it automatically runs

OVA (except for SVM classifiers for Wthh it uses OVO).  (¢5)
s \b\ L. Us clussite
RSBV
. 'aw,QU: >>> sgd_clf.fit(X_train, y_train) # y_train, not y_train_5s |, wes .\“(J
pir Casitiy >>> sgd_clf.predict([some_digit]) U A Uo classifier )
wS—’A*‘*':_\\y_\QQag:?y( [5], dtype=uint8)™ U per Moy

D from sklearn.ensemble import RandomForestClassifier
79y

Better &(Z.ﬂ«&..».. ;:‘M\-_)

'}"5,‘, forest_clf = RandomFbrestClass"Lﬁer(random_s’cate=42§R classifier than

(5) |>>> forest clf.fit(X_train, y_train) : SGD
>>> forest_clf.predict([some_digit]) =
array(m, dtype=uint8)

Z.
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4.3. Scikit Learn Support of Multiclass
Classification

* Note that the multiclass task is harder than the binary task.

Sy k]

>>> from sklearn.model_selection import cross_val_score
( i:e,g.\._ >>> cross_val_score(sgd_clf, X train,‘y_train_si cv=3, scoring="accuracy")
QLL,\,\ Yeraet M6 array([0.96355, 0.93795, 0.95615])

Lale
C\F-d Qs Y rvais AN

X Yeaiw N
At Multiclass task —p ‘*’1"5\"\“.\ e

cusiic )\J}L:)

ks = ™ 4 Men T
JP&.ﬂl\ __)\\-‘ d cl : 3 .

S TY >>> cross_val_score(sgd_clf, X_train, y_train, cv=3, scoring="accuracy")

day ) array([0.8489802 , 0.87129356, 0.86988048])

Wwvs) #& ' : =

_— ot A Skl (b by ) aBt iy
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4.4. Error Analysis

\\Nﬂ\u\\‘b"\ «) AR

Couitiry - o)Ak o, WA
,,..) wg:\:‘nx Ve N Y’ SEUNNEERS
\_’ 3.» 3
>>> y_train pred = cross_val_predict(sgd_clf, X_train_scaled, y_train, cv=3) | _ Wy s
o> conf_mx = confusion matr'Lx(y_tralﬂ, y_train_pred) ) \SGD) C_\Q;:;;R\ci.’\w\
>>> ‘conf_mx c 3 v s ¢ 13 2 q .
arra.,} , 7,8, 45, 35, s (2] 13, i S
o (_,y&\ ;, 1 : 75, 4, 44, 4, 8,| 198, 131," M o |
d,a_ e 5232 100, 74, 27, 68, 37,| 354, 11], gxy Yewn XN
: ‘}%‘;. . [ 1 , 115, 5254, 2, 209, .26, 38,|373,| 73], £ :}d\'@»‘ Pﬂ: I
"—-”" < LI 11, 14, 45, 12, 5219, 11, 33,. 26,| 299, | 172], — M %
Jr }.)\'\‘ 3
N2 i [ 26, 16, 31, 173, 54, 4484, 76, 14,| 482,| 65], . 2L -
Ry WA o3y 17, 45, 2, 42, 98, 5556,  3,| 123,| 1], z v
oz A o » [ 20, 10, 53, 27, 50, 13, 3, 5696,| 173, | 220], 6 S
: Coven ‘[ 17, 64, 47, o1, 3, 125, 24, 11,|s421,| 48], S peS
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Outline
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« Classifiers that output multiple classes for each instance.
| even 82 833 oL PIT 1) ol 1 w\a gt) Nose )
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e ¥¢ . tr‘\\al 1 ovlels &=
é;““:\w, )y train_large = (y_train >= 7) = @) 9»-\\‘2"-0'\ : Q“\:‘Q‘t \o‘\ wa..\ 2\
@y._t.__ram 00d = (y_train % 2 == 1) = oy Iy o5 s \a o \“A c\--:m?"
"y ]
y_multilabel = np.c_[y_train_large, y_traln odd] T(: S \bé&[eo..')

lewn )
knn_clf = KNeighbo'r\'sClassiﬁer() <— Popular algorithm

knn_clf.fit(X_train, y_multilabel) c>v\\ X A\ wes At u

.o or ],w Ood
>>> knn_clf.predict([some_digit]) Peree >
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Exercise

* Try to build a classifier for the MNIST dataset that achieves over 97%
accuracy on the test set. Hint: the KNeighborsClassifier works quite
well for this task; you just need to find good hyperparameter values
(try a grid search on the weights and n_neighbors hyperparameters).
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Hashemite University
Data Science

K-Nearest Neighbors (KNN)

Prepared by:
Dr. Mohammad Alhammouri

Introduction

Wi dssuw SwWlarity Detween ety ond Aualible

; ; ; . ret . . Cage,
K-Nearest Neighbour is one of the mmpM_M_a_ch.]mLe&g S it

algorithms based on Supervised Learning technique. Srof B3 o) LS Bias
class BXsol Leasl,
K-NN algorithm assumes the similarity between the new Da IS thyb
case/data and available cases and put the new case into the A ISR PN
category that is most similar to the available categories ISR AUSIIC R
3 q_.’},‘ U:P
K-NN algorithm can be u§eq for(Regresggn)ls Wel[ as for B ML
CTassification but mostly it 1s used for the Classification ) — .
= s hew | B4 68070 oy
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K-NN algorithm stores all the available data and classifies a new

Introduction

L G0 )

data point based on the similarity.

Itis also calledfa lazy learner algor |thnﬂbecause it does not

D) G Pt
2| oy =

learn from the training set immediately instead it stores the

St A by )

dataset and at the time of classification, it performs an action on =25\ Q)

the dataset.
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How does KNN work?

Lo i \m) caly g—
S\ o [Algp.y ) veles

Step-1: Sglect the number K of the neighbors.

3 . Y _ N2\ b )

Step-2: Calculate the Euclidean distance of K number of —"@G‘f&; . WL
= . SRR = " :
neighbors oau q} Uy ) K 25 Q
Step-3: Take the K nearest neighbors as per the calculated e |
Euclidean distance.” S we 6 &) 25 pual : ol R e
L 2\y =B) 5@ 2A) Wss\EA)s

Step-4: Among these k neighbors, count the number of the data =3

a5 =23
\d) ezl o ka2
T @A\ gl

points in cach category.

Step-5: Assign the new data points to that category for which the
number of the neighbor is maximum.

M qSsigu W VL)
\ B

Step-6: Our model is ready.
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How does KNN work?

Firstly, we will choose the number of neighbors, so we will choose the k=5

%

® 9

e ?® o
° ¢

¢ ¢
Category B
¢ ¢

¢ ¢ New Data
¢ ¢ ¢ point
¢ ¢
Category A

RO 7

Calculate the Euclidean Distance between the new point and all points in the
training set _ :

B(X2.Y2)

Y1

>
D

Euclidean Distance between Arand B2 = \AX2-X1)2+‘Y2-Y1)2

Xa

x
<
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How does KNN work?

By calculating the Euclidean distance we got the nearest neighbors, as three
nearest neighbors in category A and two nearest neighbors in category B.

N ers)

® 9 ‘
K“’\" \1\@ R @A Ceven) clodd ) l-L |

3 . -
¥l CategoryB QaV kc_\qn) V¥ s oo
@ @ ‘f"\"\‘-l) 2023 (Y) VLS, wpas VRV L)
¢ @ New Data SVl $E Opls U5 o g Kb
o "o t‘_*e-"' J
)
Category A -

#w 9

How does KNN work?

. Vien J\S,).-u/\ J-vl\t)r?,.: s
es of KNN Algorithm: eye G
a Advantag g \ St Tl ué)

It is simple to implement. =~ o\ = -
. Itis robust to the noisy training data [ ouHies M=,

It can be more effective if the training data is large. = Becke 2500ty
) s

‘)J\t\n&l\’_b.\_' ,J,bg__, ugjs.,_)u rDCE-g__D N L"
Disadvantages of KNN Algorithm: _Lfﬁm R
N _% g Shance o
Always needs to determine the value of K which may be ——"""

S \-‘-’\ v(—"' L Lo
COIl’lp €X some tlme. ) L ) ;\ o,_t O3 7o = Y \
k ) J:)\ ) )lb 2 U-§4

Puis ¢=. The computation cost is high because of calculating the
= distance between the data points for all the training samples.

10
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Fuclidean distance

Euclidean distance is calculated as the square root of
the sum of the squared difference between a point a
and point b across all input attributes i.

n

FuclideanDistance(a,b) = Z(ai — ;)2

=1

Tutorial Dataset

11

( P@Frw_ﬂw 1 Re T e o ul s 4) I \(:\,\: s 'y %

X X2 y Cowss) 2 kx\:’bai;’
3.393533211  2.331273381 0 = e Classt.
3.110073483  1.781539638 0 - 6.1
1.343808831  3.368360954 0

3.582294042  4.67917911 0

2.280362439  2.866990263 0

7.423436942  4.696522875 1

5.745051997  3.533989803 1

9.172168622  2.511101045 1

7.792783481  3.424088941 1

7.939820817  0.791637231 1

12
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1| Euclidean distance Example \

Instance X1 X2
) t

o) Lpoe) (\3.393633211 %2.33127‘33813:b & @

NP |27 e (3.110073483

A<)

1.781639638 )\ .4icx

125 PRVYL (=2 w28 Dighme. =1
SquaredDif ferencel = (X1; — X15)? =% SquaredDif ferencel = 0.08034941698
SquarcdDif ference2 = (X21 — X2)* = SquaredDif ference2 = 0.3022071889

—_—

diske~

—

Distance = \/ SumSquaredD:if ference
Distance = 0.618511605

13

Euclidean distance

v =582 New instance X1 = 8.093607318, X2 =3.365731514,
P NS5 QN e
Ouvaser ¥ Compute the distance between the new instance and all instances in the

—  training dataset (Tutorial dataset)

rrpc,\c:\ss

_—

[CFas )

No. X4 . X2 Jlmnt2 e Sw Distance
1 W0\~ 3.393533211 V-2, 331273361) 0 [22.09069661 + 1.070103629 4>23.16080024  4.812566908
2(X, - 3.110073483 1. 781639638}0 (24.83560048 4 2.5096639 =p 27.34627338  5.229270827
3 (X - 1.343808831)'(c-3.368360954]0 |45 55077062 + 6.91305E-06 =P46.55078653  6.749798999  _\ g\
4 3.582004042 » 4.679179110 O [20.35194747 + 1.725144587  22.07709206  4.698626614 <A S
5 2.280362439 | 2.866990263 0 (33.79381602 + 0.248742835  34.04255886  5.834600146
6 7.423436042  4.696522875 1 [0.449128333  1.771005647  2.220133979 [ 1.490011402 O W
7 5.745061997  3.533989803 1 [5.515712096  0.028310852  5.544022048  3.354574807
8  9.172168622  2.511101045 1 1.163294486  0.730393239  1.893687725 [.1.376113068 D W)
9 7.79783481  3.424088041 1 0.000494981  0.003405580 0.09390057 (0.306437989 1| W)
10 7.939820817  0.791637231 1 [0.023650288  6.625961377  6.649611665 2578684096
N . \ -
%—m_""’ W Bt o I EERAVENN

L Q,\tm) J‘CE

wew N e Clusyul

—

W\S\’m«.

Vo5 bCa(3) 0
14
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l”i Euclidean distance

With K = 3, the 3 most similar neighbors to the data
instance are:

No. Distance b {

9 0.306431999 1 &
8 1.376113268 =
6 1.490011402 1 &=

The prediction for this instance is 1

15
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Data Science

Principal Component
Analysis (PCA)

Prepared by:
Dr. Mohammad Alhammouri

Cotrelation) —\—p PA N 250 s
Introduction \C ‘ Beas:
El[ =) ahotie PA N wh S Complarily s bramgrine _u|-'ﬂ$

ooy
Bwt‘CD“eQE Y Fe.ah“_ _\\tl Loy ﬁexﬂu\d-« J\N\Gwmb Q! LLJ\( “3%9'(\'61“*
B

t‘:"“‘-‘" oS IPCAE{S a statistical technique to convert hlgh dimensional data to low
ses  dimensional data. ===
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B Eigenvalues and eigenvectors
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i | Eigenvalues and eigenvectors
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df = read.csv("breast_cancer.csv") oipe 22

pca = princomp(df, cor=true)
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princomp(): apply PCA for our dataset.
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Sz spees get eigenvalue(pca)
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Get Eigenvalues
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The first PC alone captures about 44.27% variability

1
.2
.3
.4
.5
.6
o7
.8
.9
.10
11

= |
eigenvalue variance.percent vumu]atwe variance. percent
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2.413575e-01
1.570097e-01
9.413497e-02
7.986280e-02
5.939904e-02
5.261878e-02
4.947759e-02
3.115940e-02
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B Get Eigenvalues
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get_eigenvalue(pca)
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According to Kaiser’s rule, it is recommended to keep the

b peh v 2oy components with eigenvalues greater than 1.0.
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PCA on Breast Cancer

The following image shows the first 10 observations in the
new (reduced) dataset. PC1 stands for Principal Component

1, PC2 stands for Principal Component 2 and so on. The

shape of the dataset is 569 x 6 ([cTrlg—mEt'aﬁ?U‘fEB‘cUTES‘)
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PC5 PC6
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0 9192837
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2.387802
5.733896
7.122953
3.935302
2.380247
2233883
2143299
3.174924
6.351747
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1.948583
-3.768172
-1.075174
10.275589
-1.948072

3.949929
-2.690031

2.340244

3.391813

77271174

-1.123166
-0.529293
-0.551748
-3.232790

1.389767
-2.934877
-1.639913
-0.871947
-3.119986
-4.341916
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IRIS data set

sepal-length

5.1

4.9

4.7

4.6

5.0

sepal-width

3.5

3.0

32

3.1

3.6

3.633731
1.118264
0.912083
0.152547
2.940639
0.941037
0.149340
-0.127043
-0.601297
-3.375202

-1.195110
0.621775
-0.177086
-2.960878
0.646747
-1.056042
0.040360
-1.427437
-1.622290
1.710263

petal-length

1.4

1.4

1.3

1.5

14

1.411425
0.028656
0.541452
3.053422
-1.226495
-0.451039
-0.128949
-1.257039
0.559545

11
-0.723910

petal-width Class

0.2 Iris-setosa
0.2 Iris-setosa
0.2 Iris-setosa
0.2 Iris-setosa

0.2 Iris-setosa
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Il IRIS data set
i}

X_train, X_test, y_train, y_test = train_test_split()

e

Normalization

from sklearn.preprocessing import StandardScaler
sc = StandardScaler()

X_train = sc.fit_transform(X_train)

X _test = sc,transform(X_test)

13

[l Applying PCA

.\M? 6 (%

from sklearn.decomposition import PCA

Konstl |, o - PCA()
X_train = pca.fit transform(X train)

X test = pca.transform(X_test)

Pl_e\ | g
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Applying PCA

L |}
El

The PCA class contains explained variance ratio_ which returns the
Variance caused by each of the principal components

explained variance = pca.explained variance ratio

0.722265 2T~ It can be seen that first

def 0w Ny principal component is
*“"§f§°f’ 0.239748 3. responsible for 72.22%

variance. Similarly, the second

boe Moot 0333gi2 2

Comp
p L \)»_‘ “""“) ¥
Y G ..:,,.,\('I .

51520 -feahun 0.0046056

A (%) &
qun v =
— =z

—

principal component causes
23.9% variance in the dataset.

15

Il Applying PCA (1 component)

2

Q Mfﬁw\of) 9“‘."’#M \}?CA N
b_D\ \24 d)ﬁsbeq‘l \-—J\ &’\_.—;-)
.l B AN _ 2 e
e
20 from sklearn.decomposition import PCA
Comp. £
I

e

pca = PCA(n_components=1)

X train = pca.fit transform(X train)
X _test = pca.transform(X test)

16
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3 Training and Making Predictions

1

from sklearn.ensemble import RandomForestClassifier

classifier = RandomForestClassifier(max_depth=2, random state=0)

classifier.fit(X train, y train)
¥ B2 g

O\ie
(\c»»r.) # Pregicting the TeSt set results
y_pred = classifier.predict(X test)

) ) L \D\ACfetin =

—

17

D[ Performance Evaluation

Ji

from sklearn.metrics import' confusion matrix

from sklearn.metrics import accuracy score

cm = confusion matrix(y test, y pred)

print(cm)
print('Accuracy' + accuracy score(y_test, y pred))

[ Accuracy: 0933333333333\
_’-_“
Owe g 13[°

=

—
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Jb  PCA result (2 component)

from sklearn.decomposition import PCA

pca = PCA(n_components=2)
X _train = pca.fit_transform(X_train)
X test = pca.transform(X test)

Here the number of components for PCA has been set to 2.
components are as follows:

[[11 6 6]
[ 610 3]
[0 2 4]]

°-9.833333333333

19

[I[ PCA result (3 component)

i

With three principal components, the result looks like this:

[[11 o @]
[ 012 1]

[EOssqesuSii]

08.933333333333

20
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Results with Full Feature Set

[[11 o )
[ 013 0]

[6 2 4]]
CRCREREREERRER!

The accuracy received with full feature set is for random forest algorithm is also 93.33%.

21

2]l Variance with difference PCA Components
gg[ 'C“ qu w\,_.)?f_q a1 € mj_,d\y‘,s\och )\\,\.._a\ X
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Data Science

Support Vector Machine L=

Prepared by:
Dr. Mohammad Alhammouri

Copyright ® The McGraw-Hill Gompanies, Inc. Permission required for reproduction or display.

r = L]
| Introduction
i SR e D1 ) Aoy \ONEER DL futian S Dl | e e
F classit. —_—

lea
Support vector machine (SVM) is highly preferred by many as it Tejresion 2P0 &=

. : : Ticim & 31 3P 5C3
produces significant accuracy with less computation power. Quuissibiclin =7 3

SVM can be used for both regression and classification tasks.
But, it is widely used in classification objectives.

SVM objective: find I ] ional space (N
— the number of features) that distinctly classifies the data

points. .

L\ TGRS el 1 S
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Optimum hyperplane

o O
~
\ . O
NN
R lass B30\
] N Maximum. <=L -°L
D D D \\,/margiQ '
O PR A = SN -
X X1

There are many possible hyperplanes that could be chosen

Our objective is to find a plane that has the maximum ma@i.e
the maximum distance between data points of both classes

—

Maximizing the margin distance provides some reinforcement so
that future data points can be classified with more confidence.
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Optimum hyperplane

A hyperplanein R?is a line A hyperplanein R?
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isa plane

Hyperplanesin 2D and 3D feature space
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Output Margin

e ('e-ﬁ\qu ___05 -qx-\-l:

\ \1—L h.b..\.\b&\ oo )

In logistlc regression, we take the output of the linear function

e ; . : ol
and squash the value within the range of [0,1] using the sigmoid —* g! Gl
. . o e W >t
function. If output > (0.5) we assign it a label 1, else we assign it | = Gy e
a label 0. g o

te
In SVM, we take the output of the linear function and if that
output is greater than 1, we assign a label 1, and if the output is
less than 1, we identify is with another label (label -1). o2 \oypur o
Since the threshold values are changed to 1 and -1 in SVM, we
obtain this reinforcement range of values([-1,1]) which acts as
11’131’0‘111 Q) Ak ‘.’.’“:“““' Uedue __3\45)_,;‘_, pa=
A el D1 ated!
)
S e
Q) e 8
\’\\ 7(_ \c:ss \

| :|’ Preparing Data For SVM

\oiney _ ‘
KM\ —A W3 CBpgt “‘:C“h’ﬂ'ﬁ Diedyyy

Numerical Inputs: SVM assumes that your inputs are

numeric. If yau have categorical inputs you may need to
covert them to binary dummy variables (one variable for
each category).

Binary Classification: Basic SVM as described in this
chapter is intended for binary (two-class) Classification
problems. Although, extensions have been developed for
regression and multiclass Classification.
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[SMVJKernals Sstes |

S Mbivery cusse For duvay )

A kernel transforms an input data space into the required form
Binary Classification:

SVM uses a t_échnique called the[kernel trick. |

\ 2p) s

The kernel takes a low-dimensional input space and transforms
] Se—— ——

it into a higher-dimensional space.

It implicitly computes the[dot product{measure similarity or
distance between vectors) between data points in a higher- « L

FoarLapwation

dimensional space without actually needing to compute the o+ "\ uzs
uplL W
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kernel trick allows us to operate in the original feature space(without
computing the data coordinates in a higher dimensional space.
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SMV Kernals

- Linear Kernel : can be used as a normal dot product for any two
given observations. The product between two vectors is the sum of

the multlphcatlon of each pair of input values. e
L Cam e e

S P — ———

A polynomial kernel is a more generalized form of the linear
kernel. The polynomial kernel can distinguish curved or nonlinear

input space. ey 3
.————""__—
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Chapter 27

Support Vector Machine Tutorial

Support Vector Machines are a flexible nonparametric machine learning algorithm. In this
chapter you will discover how to implement the Support Vector Machine algorithm step-by-step
using sub-gradient descent. After completing this chapter you will know:

e How to use syb-gradient descent to update the coefficients for an SVM model.

e How to iterate the sub-gradient descent algorithm to learn an SVM model for training
data.

o How to make predictions given a learned SVM model.

Let’s get started.

27.1 Tutorial Dataset

A test problem was devised so that the classes are linearly scparable. This means that a straight
line can be drawn to separate the classes. This is intentional so that we can explore how to
implement an SVM with a linear kernel (straight line). An assumption made by the SVM
algorithm is that first class value is —1 and the second class value is +1.

X1 X2 Y
056  2.458016526 -1 =% b"ﬁ c\assie

3.032830419  3.170770366 -1 Y & A
4.485466382  3.696728111 -1 claiss |-1) b_‘(.‘;, == SUm
3.684815246  3.846846973 -1 3
2.283568563  1.853215997 -1 L : el
7.807621179  3.200132136 1 WRghE SN
6.132998136  2.140563087 1 uss W) wwd) 93
7.514829366  2.107056961 1 S Tl

3) : APl o=
5.502385039  1.404002608 1 S8 P 1e (et N
7.432932365  4.236232628 1 \Wew \ od C\assify

— a;-_\_mn_
Listing 27.1: SVM Tutorial Data Sct. 3
wen 6"\\1‘

The visnalization pelow provides a scatter plot of the dataset.
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27.2. Training SVM With Gradient Descent 120
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Figure 27.1: SVM Tutorial Dataset Scatter plot.

27.2 Training SVM With Gradient Descent

This section describes the form of the SVM model and how it can be learned using a variant of
the gradient descent optimization procedure.

27.2.1 Form of Linear SVM Model

The Linear SVM model is a line and the goal of the learning algorithm is to find values for the

coefficients that best separates the classes. The line is typically in the form (grouping the terms

for readability): . : ) o

SIS (PR & 1) J\W gé d(ie) a9

— = AR B0+ (B1 X X1) + (B2 x X2) =0 3 (27.1)

Where B0, B1 and B2 are > the coefficients and X1 and X2 are the input variables. This

will be the form of the equa‘rlon that we will be using with one small modification, we will drop
the bias term (B0) also called thc offset or the intercept. For example BO = 0

Kp_..\, Q) @ gy 4\

e —  (B1xX1)+(B2xX2)=0 (27.2)

This means that the line will pass through the origin (X1 =0 and X2 = 0). This is just to

make the tutorial easjer to follow and because our simple problem does not really need it, you

can add the bias term back in if you like.

27.2.2  SVM Optimization Method

The optimization algori'l‘:lm'l to [ind the cocllicients can be stated as a quadratic programming
problem. This is a type of constraint optimization where fast solvers can be used. We will not
be using this approach in this tutorial. Another approach that can be used to discover the
coefficient values for Linear SVM is sub-gradient descent. In this method a random training
pattern is selected each iteration and used to update the coefficients. After a large number
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of iterations (thousands or hundreds of thousands) the algorithm will settle on a stable set of
coeficients. The coefficient update equation works as follows. First an output value is calculated

as: Wi Yamee N :Q SMRuY _)\\'_a_\‘
welght 33 u\Dduh s =L P
E——y JOrer\s output =Y x (Bl x X1) + (B2 x X2) (27.3)

Two different update procedures are used depending on the output value. If the output
value is greater than 1 it suggests that the training pattern was not a support vector. This
means that the instance was not directly involved in calculating the output, in which case the
weights are@ightly decreased: )

! A\

sop demh SRS

J:;—‘\ v AN AT

1

b= D e s 71
Where b is the weight that is being updated (such as B1 or B2), 1 is the current iteration

(e.g. 1 for the first update, 2 for the second and so on). If the output is less than 1 then it is

assumed that the training instance is a support vector and must be updated to better explain

the data. Yo g\ CWARW: 31 \3)

1
\\3"\:@.\ o LSS T) ol lambda x L

Where b is the weight thaﬁbeing updated, ¢ is the current iteration and lambda is a
parameter to the learning algorithm. The lambda is a learning parameter and is often set to
very small values such as 0.0001 or smaller. The procedure is repeated until the error rate drops
to a desirable level or for a very large fixed number of iterations. Smaller learning rates ofter
require much longer training times. The number of iterations is a downside to this learning
algorithm.

X (y X ) (27.5)

27.3 Learn an SVM Model from Training Data

In this section we will work through a few updates to the coefficients to demonstrate the SVM
learning algorithm. We will use a very large lambda value: lambda = 0.45. This is unusually
large and will force a lot of change on each update. Normally larnbda values are very small.

27.3.1 Learning Iteration #1

We will start by setting the cocfficients to 0.0.

—-—

=0.0
B2=0.0
We also need to keep track of which iteration we are on: ¢ = 1. We will train the model

using the order of the training patterns. Ideally, the order of the patterns would be randomized
to avoid the learning algorithm getting stuck. The first training pattern we will use to update

(27.6)
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Re -8z 0 /!‘i‘_

the coefficients is: Instance: X1 = 2.327868056, X2 = 2.458016625, ¥ = —1. We can now
calculate the output value for this iteration. -

output =Y x (Bl x X1) + (B2 x X2)

output = =1 x (0.0 x 2.327868056) + (0.0 x 2.458016525) (27.7)
output = 0.0 Cac<\)

Easy enough. The output is less than 1.0, therefore we will use the more complex update
procedure that assumes the training pattern is a support vector:

[ b=-Dxbt—m—x@xa) )

lambda X i

1, B (27.8)
— —_—— — l) ¢) .
Bl =(1—7)x 0.0+ 52—+ x (1 x 2.327868056)
Bl = —5173040124 — = Xy S, DY
And for B2 this is: =
- 1 Xz

B2=(1-3)x0. —1x245

(1= 1) x 0.0+ 5= % (=1 x 2.458016525) -

B2 = —5.462258944

27.3.2 Learning Iteration #2

We now have updated coefficients that we can use on the next iteration of the learning
algorithm with the second instance from the training dataset: Instance: X1 = 3.032830419,
X2 =3.170770366, Y = —1. Again, we must keep track of the iteration: ¢ = 2. Let’s repeat the
process.
a3 Bl = 5173040124 (27.10)
— B2 = 5462258944

The output value is calculated as:

output = —1 x (—5.173040124 x 3.032830419) + (—5.462258944 x 3.170770366)
oulput = 33.00852224 > |

The output value is larger than 1.0, suggesting that this training instance is not a support
vector. We can update the B1 coefficient accordingly:

(27.11)

1 i
T b=(1—z)xb3 - Lo

1 g, ¥ (27.12)
Bl=(1- 5) X —5.173040124 - 12
Bl = —2.586520062

And for the B2 coefficient:

1
B2=(1-3)x 5. 44
A e (27.13)

B2 = -2.731129472
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27.3.3 More Iterations \Eth) opalietisy Dl‘?\'x g—‘\wﬁ\'-u‘]

m—— Pate s \Tibud)
Repeat this process for the rest of the dataset. Gne pass through Ehe dataset is called an epoch.
Now repeat the process for a further 15 cpochs for a total of 160 iterations (16 epochs x 10— 9;:_‘}
updates per epoch). It is possible to keep track of the loss or the accuracy of the model for cach

epoch. This is a great way to get insight into whether the algorithm is converging or whether ey
there is a bug in the implementation. If you plot the accuracy for the model at the end of cach N
epoch, you should see something that looks like the following graph: ol

Accuracy

120

S I Jrs
- 2\ N_/E e
80 - \oo™/,

~N~"\ /

60 ‘l——i v
40

20

0 T T T e = —— — T T

1 2 3 4 S 6 7 8 9 10 11 12 13 14 15 16

Figure 27.2: Support Vector Machine Model Accuracy.

You can sce that after 16 epochs that we achieve an accuracy of 100% on the training data.
You should arrive at final values for the coefficients that look like the following:

\6 = B1 —(.552391765

Wrevil, (27.14)
— B2 = —0.724533592
The form of the learned hyperplane is therclore: Xy == 'Z:/.._e Balu ey,

=
b w8 du@yan

0+ (0.552391765 x X1) + (—0.724533592 x X2) =0 v (V»‘ (27.15)
\émg )R\: - t\/ CXREANN
R e N\ V.
27.4 Make Predictions with SVM Model e e
(Chun ) weg) 12 MWk
Now that we have coefficients for the line, we can make predictions. In this section we will make
predictions for the training data, but this could just as easily be adapted to make predictions
for new data. Predictions can be made using the following equation:

output = (B1 x X1) + (B2 x X2)
Y = —11F output < 0 (27.16)
Y = +1 IF output > 0
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Using the above coefficients and these prediction rules, we can make a prediction for each
instance in the training dataset:

Output Crisp Y
-0.495020399 -1 -1
-0.622019096 -1 =1
-0.20066956 -1 -1
-0.75170826 -1 -1
-0.081298299 -1 =1

1.928999147
1.836907801
2.624496306
2.022225129
1.036597783

[ o = S
el

Listing 27.2: Accuracy of the Learned SVM Model.

Comparing the crisp prediction (Crisp) to the expected output column (), we can sec that
our model has achieved 100% accuracy.

27.5 Summary

In this chapter youldiscovered how to implement the Support Vector Machine algorithm from
scratch using the sub-gradient descent optimization technique. You learned:

e [low to update coefficient values for SVM using sub-gradient descent.
e How to iterate the sub-gradient descent procedure to find good cocfficient values.
e How to make predictions using a learned SVM model.

You now know how to implement the Support Vector Machine algorithm from scratch using
sub-gradient descent. This concludes your introduction to nonlinear machine learning algorithms.
In the next part you will discover ensemble machine learning algorithms starting the bagging.
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Unsupervised Learning and
Clustering

L Data 'S wok \U\\';e,\e,t)]

—

Hands-on Machine Learning with Scikit-Learn, Keras, and TensorFlow,
Aurélien Géron

Clustering

* The task of identifying similar instances and assigning them to
clusters, i.e., groups of similar instances. |

o Classification (left) versus clustering (right) |
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Clustering Applications
s @ A 5 )
* Customer segmentation: useful for recommender systems.
. Dat_a analysis: discover clusters of(similar instances)as it is often
easier to analyze clusters separately. Lo = 822) —
( p<A) Dimensionality reduction: find affinity\features)to the found cluste

2\ gt} . ! -
1 @ﬂomalv detection: any instance that has a low affinity to all the

clusters is likely to be an anomaly.

°Bemi-supervised I@’ning}perform clustering and propagate the
labels to all the instances in the same cluster.
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K-Means NE .
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e Quick and efficient
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K-Means
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from sklearn.cluster import KMe:

s =53]

kmeans = KMeans(n_clusters=k)
y_pred = kmeans&fitlpredict(l)
y_pred Batq

array([4, 0, 1, ..., 2, 1, @],

L2 ""‘-5-"—‘ Kowan 2

?I

N =1
S ¥N&q)uémob dtype=int32)
# [Hard|clustering:

X_new = np.array([[0, 2], [-3, 3}

kmeans.predict(X_new) -7 . <¢;F
array([1, 2], dtype=int32) \b
Corl-‘l a T
[—%,;3

Can be a dimensionality reduction
technique.

\ .Flm‘)c}}la‘('{ﬂ ‘(}rh,n.}

?
#[Soﬁt;iiﬁt_e'rjng}‘ a score per
# clusters: gz

-2,81
kmeans. transform(x new) S LE
array([[z 81993633 0.32995317
(o

i U '2 90423448 1.49439034,

Corz)

L\

cenwid\array([[-2.80389616, 1.80117999],@ \ Celowh®
1.21475352, 3.29399768,
é\ﬁ} [ ©.20876306, 2.25551336], @ 5 cq @[ SSamoE, ’1. 69136631
o SRR [-2.79290307, 2.79641063], ® \ <5 A Le ’

[-1.46679593,
[-2.80037642,

2.28585348], ©
1.30082566]]) &

F\\\S\«) a

#£1.71086031])
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K-Means

* Itis important to specify the =
right number of clusters k.~ 2sF" 54

e Find k that gives highest mean*"'5"
silhouette coefficient.

The silhouette coefficient can vary between -1 and +1:

« a coefficient close to +1 means that the instance is well inside its own
cluster and far from other clusters -

« - coefficient close to -1 means that the instance may have been assigned to
the wrong cluster

K-Means

0.700

from sklearn.metrics import EZZZ
silhouette_score % 2:(2)50
silhouette_score(X, kmeans.labels_) Z 0575/
0.655517642572828 RS DD T TS T T
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,,”"Centroid Initializations

If know approximately where the centroids should

good_init = np.array([[-3, 31, [-3, 2], [-3, 1], [-1, 2], [e, 2]D)
kmeans = KMeans(n_clusters=5, init=good_init, n_init=1)

Another solution is to run the algorithm multiple times with different random initializations and keep
the best solution. This is controlled by the n_init hyper-parameter ( by default, it is equal to 10)

How exactly does it know which solution is the best?

model’s inertia: is the mean squared distance between each instance and its closest centroid
The KMeans class runs the algorithm n_init times and keeps the model with the lowest
inertia

- :

Centroid initializations

-3 -2 -1 1] 1
inertia= 221 7
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Finding the Optimal Number of Clusters (inertia)

You might be thinking that we could just pick the model with the

lowest inertia, right?
It is not that simple. The inertia for k=3 i is|653.2, which is much
higher than for{k- [(which was 211. 6) but with\k=8,\the inertia is

JUSt 119 1 ) X \Iwof\r ~) J‘) Qb r\é’U'J'PJf’ C\Wery” -)""J’u\ -2
M“-f’JJ, o~ y—éc\.\m__)\ _AJ;\WI_, ?-E\Ag‘.yhd.ﬂ/\‘_:\r,é

The mertla is not a good performance metric when trying to o § e P

choose k since it keeps getting lower as we \ncrease k ) PN

The more clusters there are, the closer each instance will be to its  s=itw ..
closest centroid, and therefore the|lower the inerﬁwill be ophut HeTEED

Radss  Rowster o coniad = & 'ﬁ»“ =D & Iweia
C_Gu\(a\a 10

——

Finding the Optimal Number of Clusters (inertia)

The inertia drops very quickly as we increase k up to 4 but then it decreases

much more slowly as we keep increasing k )\’p
W)
§ = e =

1200 3,’:“’.

-l &) o
ke 2 e O
2 JElbow § T =N
2] ;‘)‘L\\* Tweia =Y

4001 QL\)&‘)

200 4 .

0 \‘E- a&\ \
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B cuw
Figure 9-8. Selecting the number of clusters k using the ‘elbow rule”
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Finding the Optimal Number of Clusters

(silhouette coefficient) @ . e 7
- s 8 U5, Tndecating o
KLTJ\:C\‘A‘\; ol e e A L —)‘;_ofc.\us\"—‘_ﬁ ) \ :
* Find k thatbéil\‘/—es highest mean silhouette
coefficient.

The silhouette coefficient can vary between -1 and +1:

A coefficient close that the instance is well inside its own \"W“i_:s 3=t
cluster and far from other clusters NG A =

« Acoefficient close to 0 means that it is close to a cluster boundary aﬁ;‘ﬁ:ﬁ?f

* A coefficient close to -1 means that the instance may have been assigned to r\;»\“a‘:"r‘ Fu

the wrong cluster &

Y
““)\'u-—

e .

(g

qui')

Finding the Optimal Number of Clusters
(silhouette coefficient)

0.700
v 0675
0
8 0650
[}
£ 0.625
[V}

3 0,600
L

7 0575
0550 1

from sklearn.metrics import
silhouette_score

silhouette_score(X, kmeans.labels_)
0.655517642572828
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Clustering Applications Clustering for Preprocessing)

- Clustering can be an efficient approach to dimensionality reduction
-+ In particular as a preprocessing step before a supervised learning
algorithm

* Example: digits dataset which is a simple MNIST-like dataset
containing 1,797 grayscale 8x8 images representing digits O to 9.

‘;; from sklearn.datasets import load_digits

Qq\« L an
”‘Ti;> X_digits, y_digits = load_digits(return_X_y=True)

(/\\u\" ) .
,,:::::; from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test = train_test_split(X_digits, y_digits)

Clustering Applications (Using Clustering for Preprocessing)
e |et’s fit a Logistic Regression model:

from sklearn.linear_model import LogisticRegression

log_reg = LogisticRegression(random_state=42)
log_reg.ffit(X_train, y_train)

Let’s @ts accuracy on the test set:

>>> log_reg.score(X_test, y_test)
0.9666666666666667

—

_
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,cfustering Applications (Using Clustering for Preprocessing)

« Let’s see if we can do better by using Kmeans as a preprocessing step
* We get 98.2% Accuracy after using Kmeans with \go clusters )

. from sklearn.pipeline import Pipeline
5 e B vada G gsth o
RYSETEY ) ® @ = 9
ETR 3 pipeline = Pipeline([
@ ("kmeans", KMeans(n_clusters=50)),
@("log_reg", LogisticRegression()),

D
pipeline.@x_train, y_train)

Now let’s evaluate this classification pipeline:

>>> pipeline.score(X_test, y_test)
SCot= | 0.9822222222222222 \

Clustering Applications (Using Clustering for Preprocessing)

e What is the optimum number of clusters in this case!
e Let’s use GridSearchCV to find the optimal number of clusters
» With k=90, we get the highest accuracy 98.4%

from sklearn.model_selection import GridSearchCV

param_grid = dict(kmeans__n_clusters=range(2, 100))
grid_clf = GridSearchCV(pipeline, param_grid, cv=3, verbose=2)
grid_clf.fit(X_train, y_train)

>>> grid_clf.best_params_
{'kmeans__n_clusters': 90}

>>> grid_clf.score(X_test, y_test)
0.9844444444444445
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Neural Networks

Prof. Gheith Abandah
Edited by: Dr. Mohammad Alhammouri

Outline

Introduction

The perceptron

Multi-layer perceptron (MLP)
Regression MLPs
Classification MLPs

A A B
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1. Introduction

Cell body

o Artificial neural networks
(ANNSs) are inspired by the
brain’s architecture.

* First suggested in 1943. Is now
flourishing due to the availability

ofi —
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» The Perceptron has an input
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2. The Perceptron

* Scikit-Learn provides ail;er'c,eptron\class.

Feakm— \M | (.:- \eis Qe sed

import numpy as np g 3‘\5.\5-_‘.)\3\;:;
from sklearn.datasets import load _iris I'Fm =
from sklearn.linear_model import Percep o

tron
VSRR CALS S{'\ ' 2] 2un
2) s oy ld (\)\_\k" * Yo 45 )
\usS iris = load_iris
¢

R L “)\ X = iristdata[:, (2, 3)] # petal length, petal width

-'/(_:\““' o v = (iris.target == 0).astype(np.int) # l&s;sstﬁia? K"\e"’\\t‘)\
)\1\) 3) "’ per_clf = Perceptron(random_state=42) ;“/"‘e YW ’3 M
Y . .
o & per_clf.fit(X, y) = e"‘"‘\-\. v u\.\\ S et
?/ r fera :a}h uL; \ e
AT y_pred = per_clf. predlct([[z 0. 5]{) e 0 °\
) Ve dickon )
§® e X > V57 e —— \ 2
LD :)i 2 - = o
e = » el Y Lary® sy ,9‘;' 1\- g .
LS JUSA T ¢ Yav
bx\%&w » MS—"\DW\ e Qns e o
\ o Ng v’ a¥ 2 .. t'?\ STt
(/ -
&N e =
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2. The Perceptron == p¥eoss
Now-timer 23 Xov PYellem

0D o
* The perceptron cannot solve non-linear problems (like xor). The

Multi-Layer Perceptron (MLP) can.

By u&a Xt |
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2. The perceptron
3. Multi-layer perceptron (MLP) @ &\l 50 Tupurx coeighy
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— \H) AP gk \
3. Multi-Layer Perceptron (MLP)

* An MLP is composed of a (pass-
through) input layer, one or
more layers of TLUs, called
hidden layers, and a final layer
of TLUs called the output layer.

« When an ANN has two or more
hidden layers, it is called a deep
neural network (DEN).

hiddan | o P T )
[ uyer

g

3. Multi-Layer Perceptron (MLP)

* Trained using the TR
= ck[_)ropagatlon training b]  BL] — H[10]
i aad algorlthm. NI . w
6 WYpn o S . 9] i, out
©~.c#ve~r « For each training instance the put 3 A:B %)

wepws s algorithm first makes a(prediction e
= = (forward pass], measures the ‘ @)ﬁé

R i / \7 ] \ 2;___,@_,
e error, @\\ :(:".‘,f ®—YA nd :
swpa N2 ¢ then goes through each layer in \\ T e _,
savsyD  reverse to measure the error \\ g AR / =
\;Sel ‘°J°) o - . . \ " i i \¥ !
g2 T 3o contribution from each connection i) \ \ |
=% (reverse pass), & _'@L =l
of™= v ° and finally slightly tweaks the w wooow f extor
YWy ; :
Nt connection weights to reduce the %e{;a dcﬁltn‘_deizu‘__im @, J
error (Gradient Descent step). (O] b T bR
e ‘ : s \*’:‘N_‘%\*\ejﬂ
Sugh e\ e D () i\ Sy &k
2\ T J :
. — . - o "QA
enor Bl (@ s frediy T Ot S e W ) e ki e

(_u.T_e.J.:
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1. Introduction

~J

)

Ll

The perceptron

Multi-layer perceptron-(MLP) -
Regression MLPs
Classification MLPs

4. Regression MLPs

* Typical MLP architecture for re_g@p

Hyperparameter

# hidden layers
# neurons per hidden layer
\\3 o faia it output neurons
—_——— >
oW of-t“" Hidden activation 4—\—\“
Output activation

Loss func

lion

_'"TyplcalVaiue i Nl e S s Gl
One per input feature (eg 28x28 784forMNIST) 2 | Tnpey | o Fadu

’F" g)"“'—f n \ah\
ﬁ‘h\o—

N A= =]
Depends on the problem. Typically 10 to 100. & ?*-m o W -

Depends on the problem. Typically 1 05

1per prediction dimension | "
JS l-—‘f—l

ReLU (or SELU, see Chapter 11) Ry -_-bn—yv\/cu o0 ety
o Qn) y Y o) i

N Qs ¥
None or ReLU/Softplus (If positive outputs) or Logistic/Tanh (if bounded outputs) ~ & L) s
MSEor MAE/Huber (if outliers) b il

\w

| Bogmsse (Shep | eend b w

Yabm (,() '(}/ s_\\ss) 5oL \d‘\s‘-k,.l.:_)_j S\ Yerrenic) =)

) Jn,’ — 12

)\

)M‘“
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5. Classification MLPs

\
* MLPs can also be used for classification taﬂilis g __;° TS Ex)
« A binary classification problem?y%ﬁ just need a single output neuron using the logistic

activation function: the output will be a number between 0 and 1

o /S P ouvpay o
e —
V\o\) /7 Ivogea) ._}_g—_"_ f} Ve © -

« MLPs can also easily handle bulti-label binary classification tasks
« Example: email classification system, predicts whether each incoming email is ham or

spam, and simultaneously predicts whether it is an urgent or non-urgent

* We need&\N(J/c\)‘utput neurons, both using the logistic activation function Ve 4
wok ham A "'1 - .. = . g 0 o Py i T o
MaYurgel/ Wasy  —— ° (=7 = Ut @maai\ A ) V"\‘:&,\] o6 \?_{:s.s. - elad gy

« For multiclass classification then you need to have one output neuron per class, and
you should use the|softmax activation function will ensure that the estimated
probabilities are between 0 and 1 for each class)

waulyi Laboed IS 4—

: L \Y. CX SS /AJ \s ek —
dige L clste (5 " Nassi i i W:)
. ) ' = ‘) A5 13
ou\fu\) ") P W) ) G ol ‘c’_'}_ o__J s o) \C,\qss) $)
M Ciaral = \
— 17D) b= A e\ - G) &G ®
ss,\u)N.r?, g o D,
BANGE T = : wamly: Qi Siel
el
MR Aoy
L ] L ] [ ] »\_ o :
5. Classification MLPs ¢ 5 | ‘augm»
(ORI cu))_;_;,qt SoTa ] =X T—_
= ' TS =12 o q \ Qoﬁmax}

o0 A
: ' -7 () STt
Qlady

* For classification, the output
layer uses the softmax function.

* The output of each neuron
corresponds to the estimated
probability of the corresponding
class. v ’

"\ Hidden layer
' (e.9., ReLU)
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4 5. Classification MLPs

* Typical MLP architecture for classification:

e——

THyperparameters W Binarviclassification i Multilabel binary lassification  Multiclass classification
Input and hidden layers Same as regression ~ Same as regression Same as regression
& WJus
# output neurons 1 1 perlabel Tperdass —» | G \o U= 18, )
Output layer activation  Logistic (2 ™ Logistic Softmax
Loss function \\‘Crc\)fi:Er}:_rf)gﬂy*\i Cross-Entropy Cross-Entropy

- = o3 ‘-.,y\
\s g o ; ;
Cross entropy loss is a metric used to measure how well a classification model in machine
learning perform. The loss (or error) is measured as a number between 0 and 1, with 0 being a perfect

model’ : &

== Qcoirey e 15
S apesy
B

6. Deep learning
r \ iy SOl k)

Deep learning is a layered representations learning and hierarchical representations
learning or multistage way to learn data representations.

Deep learning is a form of machine learning that uses artificial neural networks to learn

—_

lntell‘lgence RI—
s by SUm M\P
¥ <
Y'\M'dm't-. Y- .
N
Qesp = Sy
’E.ﬂrD \G.Mf!ltb
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6. Deep learning

Example A deep neural network for digit classification

one __a\.pjal v P Jat )
\ \“_‘3’(? i

Layeri{ Layer2 Layer3 Layer4

Original ] ] ]
input

—

seRY Wik

~

A

6. Deep learning

2
Kl

mmumm@w,\;_.c
]
S
<R

A loss function measures the quality of the network’s output

Input X
Tngnr '
: Layer
Weighls (data transformalion) s
- \\ \B&ﬂh
) \ay o
Layer
Weighls (data transformation)
oA !

Prediclions True targets
X Y

Loss function

(52

( w=i_3\-\)._sb\_)‘;'_.;~‘.:;fs \os  Jwd
=
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Artificial Neural Networks
with Keras

Prof. Gheith Abandah
IEdited by: Dr. Mohammad Al-hammouri

OREILLY’ '*:%?{%
Hands-On i
REfe rence Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Toals, and Techniques
to Build Intelligent Systems

—l
1o
-~

s Chapter 10: Introduction to Artificial Neural
Networks with Keras

Aurélien Géron

e Aurélien Géron, Hands-On Machine Learning with Scikit-Learn,
Keras and TensorFlow, O’Reilly, 2nd Edition, 2019
e Material: https://github.com/ageron/handson-mi2
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Reference

» Deep Learning with Python, by Frangois Chollet, Manning Pub.

2018
o Introduction to Keras by Francois Chollet, March 9th, 2018
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Introduction
« YouTube Video: Keras Explained from Siraj Raval

https://youtu.be/j pJmXJwMLA

1. Introduction k- s IR \

\ayery 3o
\Jse e oun d=cp \coiruin windel ) o
°(Keras|is a high-level&PI|(neural network library) to build and
train deep learning models runs on top oiﬁensorFIo@
» TensorFlow is an open-sourced end-to-end platform, a library
for multiple machine learning tasks s

 (TensorFlow)/ Theano / CNTK /.. |

BLAS, Eigen |

| CUDA/CuDNN |

.
\

G
L

|  GPU CPU |
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1. Introduction — Advantages (<

» User friendly: Keras has a simple, consistent interface optimized for
common use cases. It provides clear and actionable feedback for user

errors.

» Modular and composable: Keras models are made by connecting
configurable building blocks together, with few restrictions.

o Easy to extend: Write custom building blocks to express new ideas
for research. Create new layers, loss functions, and develop state-of-

the-art mode]s.

3. TensorFlow Keras

« Keras is the official high-level API
of TensorFlow

(o32V2 t2sPse
» tensorflow.keras (tf.keras)
module T

e Part of core TensorFlow since
vl1.4

; '... ‘:g",»'tf;k‘eras’f. 3
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3. TensorFlow Keras

To install TensorFlow

$ pip install --upgrade tensorflow

* To import Keras from TensorFlow

>>> import tensorflow as tf

>>> from tensorflow.keras import Layers
>>> from tensorflow import keras

>>> tf.__version___ bawsflow TJ'.‘?""‘ gl
2.1.0" duh
>>> keras.__version__
'2.2:4-tF"
E\K}

* Dense

* Activations
Dropout
ConvlD, 2D, 3D
Polling

RNN, LSTM, GRU

4. Image Classifier Using the Sequential

\\(e:(‘q.s) & el

Model

pixels each, with 10 classes).

f‘““’“"""'7L
-[Fashion MNISf is similar to. MNIST (70 000 grayscale images of 28x28

—_———

w*f—ﬁrﬁ'nﬁﬁﬂrear model reaches about{92% accuracy jon lVlNIST but

)\(_)-'(’)s
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4. Fashion MINIST

1. Get and prepare the dataset.

2. Build sequential model of layers that maps your inputs to your
targets.

3. Compile the model and configure the learning process by choosing
a loss function, an optimizer, and some metrics to monitor.

Train the model by calling the fit() method of your model.
5. Evaluate and use the model.

11

\wm & Vo )

4.1 Get and Prepare the Dataset

import tensorflow as tf 30% Dav,
from tensorflow import keras = >>> X_train_full.shape

loyk ‘et (60000, 28, 28)
>>> X_train_full.dtype
dtype('uint8’)

6°K *Ya;-
# Get the {Fashmn MNIST ) &)

. q W
fashion_mnist = keras.datasets.fashion_mnist S‘_w“ S\)\(‘a\Ia d,b_d_{\u{
(X_train_full, y_train 1=u11)J (x_ test, y_test) = =— -» (& e
~ fashio ) " MYW O
] ata i~ 32 L2y
a6 T ; Nogmali2<¥~ 25 ¥ r""‘
[‘L"Nn') Wexy jvvam )0\ "A —J‘J‘f’ k—ZSS) = EDE >

# Prepare the data train_(55000), (val (5000), test (10000) uﬂ:‘*’ U:‘ v \emib)
X_valid = X train_full[:5000] /[255.] ¥ yaua sy

o . C Uali dabia, Wealue, )
X_train = X_train _full[5eee:] / 255. —p (5751)«&.\4/’_55 ol .
y_valid, y_train = y_train_full[:5000], y_train_full[5600:] Uelli dabion, o2 besiin 3

—_—
—_—

ent g katesL ) 23 s e \Ualiéqb:u)—J\qu_
(M-,L\, o ded /\\—{-ﬁ:} ar«h mades Db Gud Blses g .
Yraiwi @\&\(Md) "e}‘b&\ Cockiua) J\hﬁm \6‘“'; = L ?:‘;“3 ) )
RES L \»f—-»hj) o) d},w t\hhgg_;: Y

2, L0a) ki ) B Mo deA A tesk .
/‘L‘:’u\/\ a’ﬂh ) mﬂu,“
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4.2 Build the Model

The default is no activation

layers S Q) Se4. woded function, i.e., linear layer.
' 2
NN e model = keras.models.Sequential() Q\ua-r o Fciuras :“ 3‘
\‘_r-model .add(keras.layers.Flatten 1nput shape=[28,,/28])) ')-
Flaen ¢ podel.add(keras. layers.Dense (300" activation="relu")) . o
Twpuy wasd model.add(keras.layers. Dense(].g_(i)"J activation="relu")) Feabr
\ager Ju, Model.add(keras.layers.Dense(10, activation="softmax")) \iazshgy o
feax s o\us"" NAZ NN OWpar .)""qu
\e:_——:_—:_—’________ \ ~>>> nodel. sunnary() la g _\\Pu“w_‘;\ gqu}_’\ﬁmh-)_)u-kj
@ayer (type) \ [pa.-a.-. "A Widda- _NNe f\'ww...
. P S==== == i S \a\.ﬂ-f
iy Jsach ‘,’,_,) flatten_t (Flatten) (3 ;wﬁ(g‘g x'vb o \\-1)
c,\cg—‘c...l- densc_3 (Dense)\ﬂf&“ _c,.v “(None, 300) 235500 C’J 'do:IM Fwo oV
v .yl Lz
\\\ - Otl’ﬂq ""' densc_4 (Dense) \\‘t‘b"’ (None, 100) 30100 R h'aa"‘“)
Q
N . dense_5 (Dense) (None, 10) (010 { e
w.u\\-t_\os) o BN s
_ et ....SLL.& (SO Total params: 266,610 our J ')J‘g\ lsu\(“’ &’ ,.Q\Hld“'
Trainable p: 266,610 e
""YE EJ\‘-‘L\'J P N;: :raisab'fga::rans ] d’l)‘"dd” ‘-‘T‘hf"' \“' \"““\ “ los 13
lo SN ESE— = " AR

: = \oS S Jo s
o> clasy k S Phmay) ey \\m\\c:m. M_.\ i TR o e

le
ouft\’
— _J\‘-:_P‘Q b‘“u—b .J_J_ ) _) ?\J\\. .
c:} T P \l".‘.""““) 2\ Y\m .1..) \ el L..\r- Q‘“P"\r w
.- fu \uher

((Ee_\u\\ NePD aate 4 Ao )
Bidde ¥V

\une

4.2 Build the Model

iinﬁul:i [(None, 28, 28)]

‘| Nauten_input: InputLayer
— e p. ™ [Gua | ((None, 28.28)]
(e ) w72 i‘) Lex2®
# Plot the model i input: | (Nonc, 28, 28)

Maten: Flatten
output: | (None, 784)

keras.utils.plot_model(

model, A
input: | (None, 784)
dense: Dense e AToue

"my_mOdel o png" > output: | (None, 300) -
show_shapes=True ]

input: | (None, 300)
output: | (None, 100)

dense_l: Dense

inpul: None, 100)
dcnse_’l: Dense LU ( 2
oulput: (None, 10)
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4.3 Compile the Model

A
\oss Tww. =P e

Sitox
model.compile(loss="sparse_categorical_crossentropy",
Cpa:J.;.fer;P.j.m}V“ > optimizer="sgd",

gz Fu

\eveey ) metrics=["accuracy"]) Stochastic Gradient
== Sy Descent

# For sparse labels (@-9):— @

loss = "sparse_categorical_crossentropy"” =

# For one-hot labels: — Eg T

loss = "categorical_crossentropy" i _Zy‘m 10g(Doc)

# For binary labels: - S =1

loss = "binary_crossentropy" @

# For regression: —

loss = "mean_squared_error"

4.4 Train the Model

rin o \madet) Ay i e+
# Train the model sk T das, >
historv = model.fit(X train, y train, epochs=
Qr..a.\ O Srppld k) e 5.0 ) validation_data=(X_valid, y_valid))

b 0 BL P29 dery £ ST

@\3 Train on 55000 samples, validate on 5000 samples

_— Epoch 1/30
55000/55000 [ ] - 2s 44us/sample - loss: 0.7226 - accuracy: 0.7641 - val_loss:
0.5073 - val_accuracy: 0.8320 ———
Epoch 2/30
55000/55000 [ = ======] - 25 39us/sample - loss: 0.4844 - accuracy: 0.8321 - val_loss:
0.4541 - val_accuracy: 0.8478

Epoch 30/30
SROLOU/ N

55000/55000 [ ] - 2s 39us/sample - loss: 0.2256 - accuracy: 0.9195 - val_loss:
"——
0.3049 - val_accuracy: 0.8882 " 20
TS :'ao:p\icmu:)) &P
oconmy ==
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4.4 Train the Model

import pandas as pd
pd.DataFrame(history.history).plot(figsize=(8, 5))
plt.grid(True)

plt.gca().set_ylim(@, 1)
save_fig("keras_learning_curves_plot")

plt.show()

1.0

o8l
06
04

02— loss

— accuracy
— wal_Joss.
T wal_accuracy

00

9 s 10 15 20 25

4.5 Evaluate and Use the Model

model.evaluate(X_test, y_test)

<4 \10000/10000 [z=============================] - @s 2lus/sample - loss: @.3378 -
esvi4 [0.33780701770 3, 0.8781]
X_new = X_test[:3] &RNE) Ja 2 g 5
y_proba = model.predict(X_new) upe \;i “jil}i )
y_proba.round(2) No=—" \ourpw &&*w“:l_;(*
array([[6. ,©. ,@. ,0. ,0. ,0. ,0. ,0.01, 0. , 0.99],
[e. ,e. ,0.99, 0. ,0.01,0. ,0. ,08. ,0. ,0. ],
[6. ,1. ,0. ,0. ,0. ,0. ,0. ,0. ,0. ,0. ]l
dtype=float32)

model.predict_classes(X_new)
array([9, 2, 1]) '

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

5. Example - MNIST &

1. Define your training data: input tensors and target tensors.

2. Define a network of layers (or model ) that maps your inputs to
your targets.

3. Configure the learning process by choosing a loss function, an
optimizer, and some metrics to monitor.

4. lterate on your training data by calling the fit() method of your
model.

5. Example — Prepare the data

from keras.datasets import @istj
(train_images, train labels) , (test _images, test labels) =
by o Dalra tet

\_r mnist.load data()
#(60000 28, 28), (60000), #(10000, 28, 28), (10000) =
»n o tra;_:images = train_images.lreshape( (60000, 28 * 28)) —
= s et 2 Epe
para traln_.l.mages = train_images.astype('float32') / 255[\\ormh_) Tinage: il
huin tes) test images = test_images.reshape( (10000, 28 * 28)) \“‘S‘wf’d

test_images = test images.astype('float32') / 255

from keras.utils import to_categorical #one hot
| |
train labels = to_categorical (train labels)
tav vaeh —_

K"“"‘) test_labels = to_categorical (test_labels) N Gh. J

}vnr ) 3’s represenrarion Is: Sz:;.nuu g haﬂ_
\—v«:g:\ fo.o, 0.0, 0.0, 1.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0] 20
N\ ' )
X N
N . i )
*% ) ardl A X 4\\3 \
T 2
\,U-:,—:;’ )i «.——‘ ﬁmui’ &"CJWJ)K )
Fiv ok
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5. Example — Define and configure the N\
network

from keras import models
from keras import layers

KMM )h\:\) )

w )UJ B FE
network = models.Sequential () AB"Y‘“\ \ G“e-.».-;é 2pTmflicitiy Jq - <k F
—_— e CA‘Vv—-
network.add (layers. Dense(Sle activation='relu', input_shape=(28 * 28,))) SY
network.add (layers.Dense (10, activation='softmax')) UiEihn
\o = oaYpw ‘-‘\N) J“*G’J wse bev waalvi C\bts '-’:,‘l’ “_b

network. complle(optlmzer— rmsprop’ , Auss Gonvie

17;?\‘ w J/ o
Jﬁé ﬂﬂwf

F
‘ Flﬂ"o\ ) q~£. \Ej

loss=' categorical_ crossentropy',

metrics=['accuracy'])

5. Example — Training and evaluation

network.fit(train images, train labels, epochs=5, batch size=128)

Epoch 1/5
60000/60000 [====================== ] - 2s - loss: 0.2577 - acc: ©.9245
Epoch 2/5
60000/60000 [==============================] - 1s - loss: 0.1042 - acc: 0.9690
Epoch 3/5
60000/60000 [== ] - 1s - loss: 0.0687 - acc: 0.9793
Epoch 4/5
60000/60000 [ ===] - 1s - loss: 0.0508 - acc: ©.9848
Epoch 5/5
60000/60000 [== ======] - 1s - loss: ©.0382 - acc: ©.9899

test _loss, test acc = network.eyaluate(test images, test labels)

9536/10000 [=== ==========),.] - ETA: Os

test_acc: 0.9777
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~
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6. Regression Using the Sequential Model

* Solve the California housing problem using a regression neural

network.
* Scikit-Learn has fetch_california_housing() function to load the

data
« This dataset contains only numerical features and there are no

missing values.

(}-‘\Rﬂl’:—g‘\m\\ @A SNs A

6.1 Get and Prepare the Dataset ,_ = ‘esqvoe

\\eun(.\(_.; =
Wabden
—

from sklearn.datasets import fetch_california_housing
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler ™ -

LL’ s :P _&kc‘\\Swv\A\:ﬁhs *\w V-‘ "\"‘_") o
The default is 75% : 25%

= fetch_california_housing()

S\eleam housing L
= et NP Ol
X_train_full, X_test, y train_full, y test = / km:ﬂk JL;_-,P‘

train test split(housing.data, housing.target, random_state=42) J __';

X_train, X_valid, y_train, y_valid = train_test_split(X_train_full, \\H\\&,‘\“,_‘ |

e — y_train_full, random_state=42)

LY‘\:’ = S\h.uaw-ﬂ-h\r;sg B -.l-e
scaler = StandardScaler() 2 \ Car 2 wevwi\itavien \earwin
X_train = scaler.fit_transform(X_train)

X_valid = scaler.transform(X_valid) - 0—-\-*\ Sk weded 0\ S
\ ‘-sa-bu-wﬂ)\se“\~\ 21

u:\\ \ra'.n ) :::L:E

x:test = scaler‘.tr‘énsform(x_test)
s 3 = v bt \Sa( \ SM W-’J\quu‘ \\:\ Yay 2
Ny o R ak) oy 190 \ager 5N Tugwe &\qg.w- e
Ry ) o
\&\:J’J‘“\{J_M\\
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6.2 Build and Compile .thef-Mo'deI
wWidde N

4 \,a..\‘.C\Q\.\. (ﬁrfP"\lS b“\ = \‘ﬁ'ﬁf

Since the dataset is quite noisy, we just use a single hidden layer with 0 sl medey Waag \S\M — -.s-\s
(’

fewer neurons than before, to avoid overfitting Tupuk
(*"°\A| ﬁ?&s\uml t_J‘" | - Q( i, s\::ap

# Building by passing a list of layers when creating Q2] \_)\ N
y T a &
# the Sequential model FAEes, =D vaadel' ) Eﬁ“*-lc—)\-—‘; )
model = keras.models.Seauential([ . ‘z=w) - slaye —» —)""‘J"“ W
/ LVVJ ea\! = Ycu‘ﬂu-l_ /
o @keras layers.Dense(30; acMu", \4“\‘_‘3{/ A e
e W @ input_shape=X_train.shape[1:]), / Ep! dalaser
Mgt k 1“—_—'5_(—'?*—_‘* Tupar \te P""‘E’
eras.layers ense( 1) wwmy S \\%,A \S‘K deQn 4
\gw\r [uv et ) \O“Q‘Y SN e

# Compile with creating an optimizer obJect \‘3"‘”““) SN oo
owne, I \Yeﬂrcu"")')u

model. cor omo;lg(loss—"mean squared_error", \wm\\

N ,,h,)sdm-g
ot optimizer= keras optimizers.SGD(1lr=1e-3)) "‘-"‘t—ﬁ
va.b Waless 25
K\chem LPXVE RN ""f\ °—£""\—" Aeagsifican tom )
:,,J_‘..;*WQ) . gl-\:ou\-(;* _)\\i-‘
= IwQwy \"‘!ﬁ“"
MSE - i 1L .
= \BEijETn dndamuce) SRl SRS PR )
R
owe wes € &:-a;bv 2 Jatr

2o
WA’ \ \\\Xﬁh . ‘
\ \'"A'f cep | & [PUSIVIS

Qlad Tuph Stase N }‘;.V\\\m\ 88 G \\\iddey o, - S SN E )
5 > e e Pt I oy
— \aye) — b \ \‘ﬂs‘f) - u-ll\ ol \‘"’f

————e k:se.c \
_—

6.3 Train and Evaluate the Model

s 'Eiy )_,\d.-. Wb ok )
hlstor'y model.fit(X_train, y_train, epochs=20,
validation_data=(X_valid, y_valid))

10

L e S

_—

os

06

04

02

00 T r T T T T T
00 25 50 75 100 125 150 175

mse_test = model.gvaluate(X_test, y_test)
5160/5160 [—---.-—--..____=======$=========] - @s
15us/sample - loss: 0.421
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« Keras functional APl can be used to build b=
arbitrary static graph topologles B )

<\wide and deep|network that |@arns Both % (o T ®
' 2= deep patterns (using the deep path) and ( ) e
= simple rules:(through the short path). ® Bt

—— A de uv S SO 2 Tl & 5
"“——?\*"‘: =TT R TR ) WSS

‘ Deep

5“1‘" . Reglar MLP forces all the data to flow
— through the full stack of layers
w\\g L waa\Y i \aw o

R
Levee Q¥ fon @x \‘41 wnh\
 Simple patterns in the data may end up

being distorted by this sequence of w\::

J

) S b Topa v-'f{’ L GovPlex

‘V\Qéc\

transformations. S ==
\ AW+ 27 T
: ARVAEN —— Btce — | . -3
oI e Bet® & Oy VR
Tnpe ‘ k\e\\yr )
Widdes 2 @ ‘ e el \
vamnt Qaka ANCrS owru O ot
L)"f"’f—’;\;-\aa.‘-(\) Vo aoF Stmp's |
RIS P oy . \\é’f-  oa AN
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E( = C“c J o
Complex Models Using the Functional AP| = f‘_d? e
—
(Example) = B¢ e ot O\
. . < 5 WwaPe -_Q oW | C?\w_... . =
\w""""f""“ elid s c,_‘*‘;k\i\_\ S____:E Erisa Tin 3 = e

input = keras.layers.Input(shape=X_train.shape[1: ])‘_l"‘:’x\"?“'\r g o ?
« | hiddenl = keras.layers. Dense(30, actwatwn-"relu")(1ngut) & Qa.«....,\,_\\| Output ]

\0'/ hlddenz = keras.layers. Dense(30 activation=" relu")(htddenl) \m.\—\\\'
Concat bweo

——

output = keras.layers. Dense(1)(concat) ( &.un y

concat = keras.layers. Concatenate()[lnput hidden2 o
__=j) L:“ v Twpar™®

model = keras.models.Model(inputs=[input], oUtputs= [output]) )
ot Tty oo v oz Hidden2 | & @
j“’?“\ wnr_? }Cﬁhh\ - e e 0 \ou\'g\.\\‘ ) Wide ? Deep
wade “f Hidden 1
\ . & “.\) -
spv A T WL Tane N GO
QE-E:; B (_owc.a-“&’“ \ lm"“j\ '
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== \J“’» oo A Tupwy =4 )
< duve— b ¥ ﬁp) \0“\?“' < Cauculy X Widd=
NS s\ vk \uy—
\'»" - % {”\‘F’ 28
L—&\\a e
8 227
C e 23
=

CamScanner = Ligo d>guaall


https://v3.camscanner.com/user/download

Using the Functional API (Multi-input)
St aad

Multi-input: You can send a Oquut, )
subset of the features through '
Concat ]

"’a::‘ *thelwide path) and a different

- -

De,cf‘-

\eunlb

subset (possibly overlapping)

B VAES
> 2 throUs wide Hidden 2
Contt & through the@eepkpath.) epmnt L 02 J _

A hen AR T2 2 5 Eal) [ Hidden1 ]
Ny = Unputa S N TR
1

O\ p2) N\ e
) 8 e Topt e
snk & e = | Input

J

o=<f

Using the Functional API (Mu!ti-input)
Bt A \ )t g2 (Complen meodet) & g

\S)v&\\ut e

input_A = keras.layers.Input(shape=[5]) [ Output J
input_B = keras.layers.Input(shape=[6]) (Sl Comcnle )
hiddenl = keras.layers.Dense(30, activation="relu")(input_B) f i3 @
hidden2 = keras.layers.Dense(30, activation="relu")(hidden1) Loncat = 8
concat = keras.layers.concatenate([input_A, hiddenz]) )
output = keras.layers.Dense(1)(concat) Hidden 2 j
model = keras.models.Model(inputs=[input_A, input_B], outputs=[output]) 7

25 CisitA [ Hidden 1 ]

= mput Al . .} [nputB |

[ Input j
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Using the Functional API (Multiple Outputs) =
——

gl St
<TrdS &u‘-:)u.)\ Temhn )
W o :
w\’\{w R G\) \co €
Multiple Outputs \u~ Sup )
* Tolocate and cla&the{_mam] b ) i
ob ectin a picture. w“e-\ ~ Concat. | Aux. Output I
Sy <+ +Multiple | dependent tasks to -\asv_)“ < ) \o&f=c
w °7 perform based on the same data. Q Sah ([ Hidden Decp
Wialhic\ess e : fine) = yas¥ \ vy
Jei=3p Regularization technique (to ))/a Lﬂr‘ﬂ‘ T ) Wy
ensure that the deep network InputA | vt — E o e
learns somethin@its £ . = nput &
own, ex: Aux output). \(iw Serten Vo~ ) ' Input J

& oa) \(e,év\u- oi’“‘?ﬁ\n‘f& )

Regularization technique (i.e., a training constraint whose objective is to reduce overfitting and thus
improve the model’s ability to generalize)

31

w % wande) A& o) \O‘Jefc:\'\:s)

‘V‘(\ ““"‘P"‘ ‘U:F:J A b -
v§ 2\ ) ‘et Siger LT\ g e
w QL £t
aaay \:‘:._3‘\\ Dak ¥ LS T’ s \_)‘z,\;&;\_‘ de
by daE v 257"
Youw
A \f’f“"\") o> Pt ol
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L A DL Me) “\ef"‘“‘“

“wo ewyrput ) fi“p

wwf-hpp\c,t\?)b) -
7.1 buxmary Output for Regularization

\.vh}" “‘r‘u P

# Build the model C \an e -rc;

W ? £l g-input_A

. Jecp 2% input B
)40\_1_-\3

: \c‘bh*—“‘.'ﬁ"hiddenl

hidden2

. ) c,-v-"'\'\
keras.layers.Input(shape=[5], name="wide_input") ‘& —

keras.layers.Input(shape=[6], name="deep_input")
— _—

rs.Dense(30, activation=" )
.keras.layers.Dense(30, activation="relu")(hidden1)
—

concat = keras.layers.concatenate([input_A, hiddenz])

PN

\\,,»)P)‘\output keras.layers.Dense(1, name="main output“)(concat) 'I"‘?"*
/ V

)aux output = keras.layers.Dense(1, name="aux_output")(hidden2)
———a _

AN
\ model = keras.models.Model(inputs=[input_A, input_B],
outputs=[output, aux_output])
R
\\‘(‘Q«\ )

—_—
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7.1 Auxiliary Output for Regularization

K =Ftatn A
Lo 83

\-ru‘-

(o Vw) EOIRYS _/}1’,
\Puy Svens # SpLit the input L s) Cot b ay, \fea-) o
g _train_A, X_train_B = X_train[:, :5], X_train[:, 2:] ,/f’ ;> 13{\)
A Y= v T R o A
\,-x"'z’\")\ ce X valid_A, X_valid_B = X_valid[:, :5], X_valid[:, 2:] \
= x_test_A X_test_ B = X_test[:, :5], X_test[:, 2:]
=
PRAC Ly
22°% o # Take some test samples
W T LW\
""*‘\‘i‘,u‘x :’) X_new_A, X_new_B = X_test_A[:3], X_test_B[:3]
e . N
\0‘3“.\ 'R)’.v ?‘vlb
Su" L{a‘-
q"f e @
S )/o ’“:}
s L-J,,:.S_)‘:" N
s *\03‘?-‘ >\“?’:
dxy(_.’\u"‘ -_,/))f
o -
LRt 5)\;-“’5")
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7.1 Auxiliary Output for Regularization

JO\ 20 \c»u\\-“\'_,c...fn.‘_ Tiy (TS ) I3 ) 3 \ v\fw) Saau

Ualid.

# Compile, train, evaluate, and predict B tk‘ Lf Sep
model.compile(loss=["mse", "mse"], loss_weights=[0.9, 0.1], “3\Jf NE bey S

optimizer=keras.optimizers.SGD(1lr=1e-3)) ywo L O~ el inflar DB 55 e 8y
Ual) Sey
Fews diQt. red seb

history = model.fit([X_train_A, X_train_B], [y_train, y_train], epochs=2e,
validation_data=([X_valid_A, X_valid_B], [y_valid, y_valid]))

total_loss, main_loss, aux_loss = model.evaluate([X_test_A, X_test_B],
[y_test, y_test])

y_pred_main, y_pred_aux = model.predict([X_new_A, X_new_B])
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Save and Restore the Model 7= ='= el vt

(2 Mad<y
o\ @8 bladk ke
) u.a_’uwu\ o >
* After training a model save it to a file. cygg,, o dwed
(Gas ) Bt MRy T veeda Adeles ‘3;‘*3-\'
"1, model. 5_3_3( my_| keras _model. h5") - :ﬁ“: | n.»sr\.g L ol G it
\..u — Ol 2 =\ Daruset)ut v - wao W oty &)
WZ&)&?:Dq\-«\ <\M)fvu§a’\lﬂ.\»\u Ps :_,.'\0 e5) o

CA‘&\\» In the[praduc.tmn_m;grarrj, load the trained model (load the model and

use it to make predictions) swpCase P11 131 v o . i T
s L RNARY

model = keras.models.load model("my keras_model.h5") G Y

—_—
——

" o (@maiy D&

e What if training lasts several hours?
you should not only save your model at the end of training, but also save
checkpoints at regular intervals during training

i 3 3
w—"b D LV \\"“"‘)
—}"\ - q‘_) “03“( )l(sﬂ-‘-’") \}1‘“‘\ B \L& w)_ﬂ'

Y a4 .
o Sow- &=\ Lo o ¢ L o
oW Jus ‘\L) \‘\ ﬂl"*\"lwx QS . - - )\ yﬂ’

Yo \000
kw‘s ev ——:’—-f . c%

8. Using&:allbacks) T ) et

» The fit() method acceptsa callbacks argument that lets you
% specify a list of objects that Keras will call during training

">'/ $ g%t_g_siactand end of training
(gﬁg — ub ek )
\'% @ at the start and end of each ep epoch /> L e \ S )

©b_e_1%r—e:_a-r_1§after processing each batch
* There are many callbacks available in the keras.callbacks package.
See

https://keras.io/callbacks/
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8.1 Saving Best Model

* Save your best model when its performance on the validation set is

the best so far.
r\o\\\ ks SRt wasded MU

checkpoint_cb = keras.callbacks.ModelCheckgoint( Aty

(8, +)—e "my_keras_model.hs", sdve best onlyiTrue) & —

history = model.@(x_train, y_train, epochs=10, U e L
\avraad validation_data=(X_valid, y_valid), ffreVimat £ a
_» wé— —» callbacks=[checkpoint_cb]) . S Coarny H
T e

» # rollback to best model &% % w3 &”@w'
model = keras.models.load model("my_keras_fiodel.h5")
mse_test = model.evaluate(X_test, y_test)
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Early Stopping \ B2 Lo 00

s
ou\'ﬁ\’ u.nf\(),.l-u_&..; Uﬂul.u}.}\ E.,uqx‘ uMU = ﬁa:])
mear Early stopping is aktewlzatlon technique)used to prevent
ase o+ overfitting by monitoring the model's performance on a validation set

St during training.

\ )
y2=i b« When the performance stops improving for a specified number of
E ary = epachs, the training is stopped.

\stogen)

q:f""' This helps to ensure that the model does not train too long and start
¢ oo tooverfit the training data.
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8.2 Early Stopping
\euediv) NWELJPe 4 £45 FR D ciTe O
o 1 Pede) NS i
_73s 5" The patience argument in the EarlyStopping callback of Keras specifies the
by VoA number of epochs with no improvement after which training will be stopped.
ml}&‘w" Essentially, it sets a tolerance for how many epochs the model can continue
Fady O training without seeing an improvement in the monitored metric (e.g., validation

}L‘ED) loss).

[ early stogglng cb] keras.callbacks.EarlyStopping(
, restore best weights=True)

v cwmS Ll Dlpe(le) —-“/F\
/.4) U—-’,n) _J’P"") fﬁ’ (e DL
~ # Train the model with early stopping
history = model.[ffifj(X_train, y_train, epochs=1e0,
validation_data= (X valid, y_valid),

. )
it S ases Ry JO
Mo bes o ol Bz G5 |t O \)?“V ah TN\
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