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Hafta 3 Tekrar Sorusu




Bagimsiz ve Bagdasmaz (Ayrik) Olaylar

Ornek: Yazi-Tura deneyi iki kez tekrarlaniyor. P(Y) = é(hileli para) olduguna

gore en az bir tura gelme olasihgi nedir?
Y, hnl=Nh

P(Q) = P{Y,T} = 1 Y, <
T2 Yl N T2 - Y1T2

1 1 2
P =3 P =1-3=
Y2 T10Y2=T1Y2
T1<
T

33
T1 nTz == T1T2

A
A={V"T,T,Y,, T,T,} = P(A) + % (esit olastliga sahip olmadigindan)
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Bagimsiz ve Bagdasmaz (Ayrik) Olaylar

A
A={NT,T,Y,, T;T,} = P(A) + % (esit olastliga sahip olmadigindan)

A= {Y1T2, T1Y2, Tsz} = P(A) = P{Y1T2, T1Y2, Tsz}

P(A) = P{Y T} + P{T Y>} + P{T T}
? ? ?
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Bagimsiz ve Bagdasmaz (Ayrik) Olaylar

P(A) = P{Y T;} + P{T Y3} + P{T T}

N Y, nny=nn ? ? ?
%
& Y, <
¢ T, YWNT,=YT, P(Y, nY,) = P(Y;Y;) = P(Y).P(Y,|Vy)
— —
Y 1 1
& Y InnY,=TY, — P(Y,) ==
\\\\3 T, < 3 3
&
T, TinT, =TT, P(Y1Y,) = P(Y).P(Y,)
(Bagimsiz Olay)

1 1 1
P(Y,Y,) = §x§ 26
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Bagimsiz ve Bagdasmaz (Ayrik) Olaylar

1 2 2
QO = {Y]_Yz, Y]_Tz, T]_YZ, T]_Tz} P(Ysz) = —-—X—=-
1 2 2 4

9 9 9 9

A
A={NT,T,Y,, T T,} = P(A) + IIE: (esit olastliga sahip olmadigindan)

Ol
NeJ 1\
O | »
|

Ne oo

P(A) = P{V1To} + P{T Yo} + P{T Ty} = - +—-+
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Bayes Teoremi -
Sezgisel




Bayes Teoremi: Sezgisel

Hasta Tespit Edildi  Saglikli Tespit Edildi

® B b

1
|
|
|
I
|
. |

1,000,000 insan 1 /10,000 insan __100Insan _ — P __._ - 1____.
| |
| |
| |
| |
| |
| |

99% Dogruluk Test Sonucu Hasta 100 insan 1 1 ! 99
@ | & Test sonucunuza goére hasta oldugunuz
VERILDIGINDE hasta olma olasiligi?
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Bayes Teoremi: Sezgisel

CIIE

Saglhkli

test

1,000,000 insan
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Bayes Teoremi: Sezgisel

Hasta Teshisi Saglikli Teghisi
Konulmu

B I% Konulmu

Saglikli

Hasta

1,000,000 insan
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Sk

Bayes Teoremi: Sezgisel

Hasta Teghisi Saglikli Teghisi P(hasta | hasta teshis edildi) =
Konulmus Konulmu

Saghkl

Hasta

1,000,000 insan
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Bayes Teoremi: Sezgisel (@

b

I Diagnosed Diagnosed P(sick | diagnosed sick) =
Sick Healthy
Healthy 9,999 989,901
Sick 1
\_

1,000,000 insan
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Bayes Teoremi: Sezgisel

Diagnosed
Sick

@&{ ? 99

P(sick | diagnosed sick) = =

P 99 + 9999
99

—— = 0.0098
10098

Healthy

Sick

sick and diagnosed sick
sick and diagnosed sick + healthy and diagnosed sick
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Bayes Teoremi: Sezgisel

Cll

P(sick | diagnosed sick) =

sick and diagnosed sick

sick and diagnosed sick + healthy and diagnosed sick

sick and diagnosed sick
everyone diagnosed sick
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Bayes Teoremi: Sezgisel Al

diagnosed
sick
diagnosed sick | sick = 99% /

sick = 100 & ............................. .@ (SICk and diagnosed sick = 99 j

diagnosed healthy | sick = 1%

b@ sick and diagnosed healthy = 1

1,000,000 diagnosed sick | healthy = 1%

people healthy = 999,900
.............................. X G]ea“:hy and diagnosed sick = g’gggj

diagnosed healthy | healthy = 99%

----------------------------- 'EL healthy and diagnosed healthy = 989,901
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Bayes Teoremi: Sezgisel i

sick
diagnosed sick | sick = 99%

S|Ck — 100 .............................. ﬂ (sick and diagnosed sick — 99 )

1,000,000 diagnosed sick | healthy = 1%

people healthy = 999,900
il o oeeeeese e Gealthy and diagnosed sick = 9,999)
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Bayes Teoremi: Sezgisel

!
GG

sick and diagnosed sick = 99

P(sick | diagnosed sick) =

P(sick | diagnosed sick) =
healthy and diagnosed sick = 9,999 + sick and diagnosed sick = 99

: 99
P(sick | diagnosed sick) = —— = 0.0098
10098
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Bayes Teorem —
Matematiksel Formul




Bayes Teorem: Formul

Diagnosed Sick Diagnosed Healthy

i ® ® b

1,000,000 people 1/10,000 people ___100people  + 99 i _______ i
E D s éi‘? s &
99% Effective Tested Sick 100 people i 1 i 99
Test sonucunuzun pozitif
@ ‘ %ﬁ oldugu VERILDIGINDE hasta
olma olasiliginiz nedir
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Bayes Teorem: Formul

(~ R Test sonucunuzun pozitif oldugu
VERILDIGINDE hasta olma olasiliginiz
nedir

P(sick | diagnosed sick) = ? @ E

\ J '

P(sick) = 0.01% 1,000,000 1/10,000 99% Effective
P(not sick) = 99.99%
P(diagnosed sick | sick) = 99%

teste gore

P(diagnosed sick | not sick) = 1%
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Bayes Teorem: Formul

1

P(sick | diagnosed sick) = ? P(A|B) = ?

A : sick (hasta)

B : diagnosed sick (hasta teshisi konmus)

P(sick) = 0.01%
P(not sick) = 99.99%
P(diagnosed sick | sick) = 99% P(A| B) — P(ANB)
P(diagnosed sick | not sick) = 1% P(B)

From Conditional Probability

P(sick and diagnosed sick)
P(A|B) =

P(diagnosed sick)
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Bayes Teorem: Formul

85

P(sick | diagnosed sick) = ?

A sick

B : diagnosed sick

P(sick) = 0.01%

P(not sick) = 99.99%
P(diagnosed sick | sick) = 99%
P(diagnosed sick | not sick) = 1%

P(ANB)
P(A|B) = ————
P(B)
P(sick and diagnosed sick)
P(A|B) =

P(diagnosed sick)

P(sick and diagnosed sick) = ?
P(diagnosed sick) = ?

BAYES THEOREM FORMULA CAN HELP
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Bayes Teorem: FormUI P(A|B) = P(sick|diagnosed sick)

@ | P(A NB)

P(B)
>
P(sick | diagnosed sick) = ? P(A|B) =

A sick P(A|B) =

B : diagnosed sick

P(sick and diagnosed sick) = ?

S0 0010 P(diagnosed sick) = ?
P(sick) = 0.01%

P(not sick) = 99.99% From Conditional Probability
P(diagnosed sick | sick) = 99%
P(diagnosed sick | not sick) = 1% J P(ANB)= P(A) -P(B[A)

P(sick and diagnosed sick) = P(sick) ® P(diagnosed sick | sick)
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Bayes Teorem: Formul

85

P(sick | diagnosed sick) = ?

P(A NB)

A sick P(A|B) = PE)

B : diagnosed sick

P(A[B) = P(sick) = P(diagnosed sick | sick)

P(diagnosed sick) = ?
P(sick) = 0.01%

P(not sick) = 99.99%
P(diagnosed sick | sick) = 99%
P(diagnosed sick | not sick) = 1%
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Bayes Teorem: Formul

diagnosed sick | sick = 99%

sick = 100 %ﬁi ﬁ% sick and diagnosed sick = 99

diagnosed healthy | sick = 1%

E @ sick and diagnosed healthy = 1

diagnosed sick | healthy = 1%

healthy = 999,900
> healthy and diagnosed sick = 9,999
Whealthy | healthy = 99%
§ El healthy and diagnosed healthy = 989,901
> E

1,000,000
people

v
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Bayes Teorem: Formul

diagnosed sick | sick = 99%

sick = 100 T {@ sick and diagnosed sick = 99

1,000,000
people
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Bayes Teorem: Formul

®[s

P(sick | diagnosed sick) = ?

P(A NB)

A sick P(A|B) = P(B)

B : diagnosed sick

P(A[B) = P(sick) = P(diagnosed sick | sick)

P(diagnosed sick) = ?
P(sick) = 0.01%

P(not sick) = 99.99%
P(diagnosed sick | sick) = 99% P(diagnosed sick) =
P(diagnosed sick | not sick) = 1%
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Bayes Teorem: Formul

All diagnosed
; . . sick
P(d|agnosed S|0k) - diagnosed sick | sick = 99%
' " e
r sick = 100 . TS ﬁ &Ck and diagnosed sick = 99)
Diagnosed Sic ﬁ:

4
\ P\ |

W\

Healthy 1,000,000 diagnosed sick | healthy = 1%
people healthy = 999,900 -

§ ............................... {3 (healthy and diagnosed sick = 9,999)

Sick ?
P(sick ndiagnosed sick) + P(not sick ndiagnosed sick)

L
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Bayes Teorem: Formul

P(A NB)

A sick P(A|B) = P(B)

B : diagnosed sick

P(sick) ® P(diagnosed sick | sick)
P(A[B) =

P(diagnosed sick) = ?

P(diagnosed sick) = P(sick ndiagnosed sick) + P(not sick ndiagnosed sick)
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Bayes Teorem: Formul

P(A NB)

A sick P(A|B) = P(B)

B : diagnosed sick

P(sick) ® P(diagnosed sick | sick)

P(A[B) =
P(sick ndiagnosed sick) + P(not sick ndiagnosed sick)
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Bayes Teorem: Formul

®ls

P(A NB)

A sick P(A|B) = P(B)

B : diagnosed sick

P(sick) = P(diagnosed sick | sick

P(sick ndiagnosed sick) + P(not sick ndiagnosed-sick)

P(sick Nndiagnosed sick) = P(AN
= P(sick) - P(diagnosed sick | sick)

P(not sick Nndiagnosed sick) = P(A"NB)
= P(not sick) - P(diagnosed sick | not sick)
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Bayes Teorem: Formul

@| | A sick P(A|B) CIEAAE) P,

~ P®) .
P(A|B) =

B : diagnosed sick

P(sick) ® P(diagnosed sick | sick)

P(sick) = P(diagnosed sick | sick) + P(not sick) = P(diagnosed sick | not sick)

P(sick) = 0.01%
P(not sick) = 99.99%

P(d : 1~ 000
(diagnosed sick | sick) = 99% BAYES THEOREM
P(diagnosed sick | not sick) = 1% FORMULA
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Bayes Teorem: Formul

_ P(ANB)
A sick P(A|B) =
| P(B)
B : diagnosed sick
P(A)- P(B|A)
P(A|B) = p p
P(A) - P(B|A) + P(A) - P(BIA)
P(A) = 0.01%
P(A") = 99.99%
PBIA) =09% BAYES THEOREM
P(B|A") =1% FORMULA
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Bayes Teorem: Formul

P(A)- P(B|A)

TR P(A) - P(B|A) + P(A) . P(B|A)

P(A) = 0.01%
P(A") = 99.99%
P(B|A) = 99%
PB|A)=1%
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Bayes Teorem: Formul

P(sick) = P(diagnosed sick | sick)
P(4|B) =

P(sick) - P(diagnosed sick | sick) + P(not sick) = P(diagnosed sick | not sick)

P(sick) = 0.01%

P(not sick) = 99.99%
P(diagnosed sick | sick) = 99%
P(diagnosed sick | not sick) = 1%

P(4)- P(B|A)
P(4|B) =

P(4) - P(B|A) + P(4") - P(B|4)

P(4) = 0.01%
P(A’] =99.99%
P(B|A) = 99%
P(B|A') = 1%
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Bayes Teorem: Formul

| P(ANB)
A sick P(A|B) = ——
| P(B)
| B : diagnosed sick
POA| By P(A) - P(B|A)
P(A)-P(B|A)+PA")-P(B|A")
P(A) = 0.01% 0.0001 x 0.99
- P(4|B) = a
P(A’) = 99.99% (0.0001 % 0.99) + (0.9999 x 0.01)
P(B|A) = 99%
P(B|A) = 1% P(A IB) = 0.0098 BAYES THEOREM

FORMULA
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(Hatirlatma) Bayes Teoremi: Sezgisel

Diagnosed
Sick

s

b

Healthy

Sick

P(sick | diagnosed sick) =

@ 99
? "~ 99+ 9999
99

= —— = 0.0098
10098

sick and diagnosed sick

sick and diagnosed sick + healthy and diagnosed sick
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Bayes Teoremi: Sezgisel

Cll

P(sick | diagnosed sick) =

sick and diagnosed sick

sick and diagnosed sick + healthy and diagnosed sick

sick and diagnosed sick
everyone diagnosed sick
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Bayes Teoremi: Sezgisel Al

diagnosed
sick
diagnosed sick | sick = 99% /

sick = 100 & ............................. .@ (SICk and diagnosed sick = 99 j

diagnosed healthy | sick = 1%

b@ sick and diagnosed healthy = 1

1,000,000 diagnosed sick | healthy = 1%

people healthy = 999,900
.............................. X G]ea“:hy and diagnosed sick = g’gggj

diagnosed healthy | healthy = 99%

----------------------------- 'EL healthy and diagnosed healthy = 989,901
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Bayes Teoremi: Sezgisel i

sick
diagnosed sick | sick = 99%

S|Ck — 100 .............................. ﬂ (sick and diagnosed sick — 99 )

1,000,000 diagnosed sick | healthy = 1%

people healthy = 999,900
il o oeeeeese e Gealthy and diagnosed sick = 9,999)
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Bayes Teoremi: Sezgisel

!
GG

sick and diagnosed sick = 99

P(sick | diagnosed sick) =

P(sick | diagnosed sick) =
healthy and diagnosed sick = 9,999 + sick and diagnosed sick = 99

: 99
P(sick | diagnosed sick) = —— = 0.0098
10098
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Bayes Teorem -
Spam Ornegi




Bayes Teorem: Spam Ornegi

MMMMMEMNMNMMMENMD

MMMMMEMNMNMMNNMNMD

MMMMNMNMNMNMNM M

MMMMMNMNMNM MM

MMMMNMNMNMMNMM

MMMMNMNMNMMNMM

MMMMMMNMNM MM

MMMMMNMNMNMNMMNM

MMMMMMMNM©MM

MMMMMMMNM©MM

<
o2
=
E
o
@
—
Q.
O
o
a)




Bayes Teorem: Spam Ornegi

B~ MMM MM
MMM NMMNMENMNM M
MMM MMMM MV
EENMMYMIYMNMMM MM

.@

HEMMMMNMNMNMNM

£l

HEMMMMNMNMNMNM

“lottery”
“piyango”

HENMMNMNMNMNMNM MM

HENMMNMMMNMMMYM

HEMMMMNMNMNMNM M

HEMMMMNMNMNMNM M

80 not spam (ham)

20 spam

<
(o)}
(=
=
O
(]
—
(o}
Qo
O]
()]




Bayes Teorem: Spam Ornegi

10
LVUEIE M MMM MM M E
<= BEENMMMMNMNMNM &
1L BEYMMNMMNM MM F
BEMMMMNMNMNME
Piyango (lottery) kelimesi Bl M NMNMMMM MW
iceren bir e-postanin spam El R NMMNMNMNMNM N &
olma olasiligi nedir? E1IlMYNMMMNMMNMMNM MM &E
Bl MMM MMM W
P(spam | lottery) BNYNMMNMNMNM MM &
B NMMNMNMNMMMNM &

20 spam 80 not spam (ham)
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Bayes Teorem: Spam Ornegi (Sezgisel C6zim)

— " p—
M

[=7]
P(spam | lottery)

24 emails

[=7]
=1 containing lottery
A lyango i¢eriyor
E (piyango iceriyor)

p(spam | lottery) = SPam and lottery

S

all lottery
p(A|B) = EANE] L
P(B) -
5 e = l = 0.583
B: lottery > ’
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Bayes Teorem: Spam Ornegi (Formiilsel C6ziim)

P(spam | lottery)

P(A) - P(B|A)
P(A) - P(B|A) + P(A") - P(B|A")

P(A|B) =

A: Email is spam B: Email contains lottery

P(spam) - P(lottery | spam)
P(spam) - P(lottery | spam) + P(not spam) - P(lottery | not spam)

@ DeeplLearning.Al

P(spam | lottery) =



Bayes Teorem: Spam Ornegi (Formiilsel C6ziim)

10

. _20 El MMM MMM M &

(5Pam) = 700 = © BMMMMMM M

E MNMNMNMMNM M W

: BNMMYMYMNMNMMME

P(notspam)zmzos - N N N N N N N

Bl NMNMNMMNM M E

P(Iotterylspam)=£=0.7 ™M NMMMMM M W

20 B MMNMNMMMNM M E

B MMNMNMMMNM M E

P(Iotterylnotspam)zE=0.125 - BN NMNMNMMM M &
80 20 spam 80 not spam (ham)
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Bayes Teorem: Spam Ornegi (Formiilsel C6ziim)

P(spam) = 0.2 @ry | spam) = 0.7

P(notspam) = 0.8 P(lottery | not spam) = 0.125

P(spam) - P(lottery | spam)
P(spam) - P(lottery | spam) + P(not spam) - P(lottery | not spam)

- . 0.2 0.7
(spam [lottery) = 5o 07+ (08 x0.125) - 0583

P(spam | lottery) =




Bayes Teorem: Spam Ornegi (Formiilsel C6ziim)

P(spam) = 0.2 P(lottery | spam) = 0.7

P(notspam) = 0.8 P(lottery | not spam) = 0.125

P(spam) - P(lottery | spam)
P(spam) - P(lottery | spam) + P(not spam) - P(lottery | not spam)

P(spam | lottery) =

P(A) - P(B|A)
P(A) - P(B|A) + P(A) - P(B|A")

@ DeeplLearning.Al

P(A|B) =




Bayes Teorem: Spam Ornegi (Formiilsel C6ziim)

P(spam) = 0.2 P(lottery | spam) = 0.7

P(notspam) = 0.8 P(lottery | not spam) = 0.125

P(spam) - P(lottery | spam)
P(spam) - P(lottery | spam) + P(not spam) - P(lottery | not spam)

/ \‘
P(A|B) = IPA) - P(B|A) | P(ANB)
[PA) - P(B|A) + P(A") - P(B|A")] P(B)

SN— =4
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Bayes Teorem -
Prior ve Posterior




Bayes Teorem

PRIOR EVENT POSTERIOR

P(A) E P(A|E)
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Prior ve Posterior
PRIOR EVENT POSTERIOR

spam
e spam and lottery
email @I @ n
A Email contains lottery no lottery
am e
g L spam and no lottery

lottery

ham
@ @ ham and lottery

no lottery

j‘i g spam and no lottery

P(spam | lottery) =
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Prior ve Posterior

Tibbi érnekte, bir dnceki (prior) ve bir sonraki (posterior) olasilik vardi. Onceki,
ilk hasta olma olasiligiydi. Olay pozitif teshis edildigi gercegidir. Sonraki ise,

pozitif teshis koydugunuz goz onune alindiginda hasta olma olasiliginizdi.
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PrIOr Ve Posterlor / olaydan sonra Ornek uzay degigir
PRIOR EVENT POSTERIOR

<y S S O

B e
fg 11 12 13 14 15 16 o) 11 12 13 14 15 16
3’3 21 22 23 24 25 26 ) 21 22 23 24 25 26
31 32 33 34 35 36 31 32 33 34 35 36
S4| 41 a2 43 44 45 4,6] 1stdice is 6 41 42 43 44 45 46
@% 51 52 53 54 55156 51 52 53 5’4‘ 55 56
57| 61 62 63 64 65 66 enl |z | e Wl 2 e |
3 . 1
P(sum =10) = BT P(sum =10 ]| 1stis6) = _
6
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Prior ve Posterior

PRIOR EVENT POSTERIOR

@ 0® @0 ©C @ @e @O

@ @@ 0O

1 1
P(HH) = - P(HH | 1stis H) = —
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Bayes Teorem
Naive Bayes Model




2 Olay?
PRIOR EVENT POSTERIOR

P(spam) = Email contains ‘lottery’ P(spam | lottery) =
=

P(spam | winning) =

Email contains ‘winning' - + ?

& e P,

Email contains ‘lottery’ and ‘winning’ "
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2 Olay?

EVENT POSTERIOR

w e

Email contains ‘lottery’ and ‘winning’ P(spam | lottery & winning) =

# Spam emails with 'lottery’ and 'winning'
# Spam emails

?

P(spam)(: P(lottery & winning | spam))
P(spam) - P(lottery & winning | spam) + P(ham) - P(lottery & winning | ham)

@ DeeplLearning.Al

P(spam | lottery & winning) =




2 Olaydan Fazla?

EVENT POSTERIOR

Email contains W1, W5,...,W1g0

#Spa is-with-w 1000

#Spam emails
?

P(spam) @(WL s Wigo | spamD
P(spam) - P(wy, ..., Wigo | Spam) + P(ham) - P(wy, ..., Wigo | ham)

@ DeeplLearning.Al

P(spam | wy, ..., Wigo) =




Olasihgi daha hizl hesaplamanin bir yolu var mi?
Naive assumption

&
The appearances of ‘lottery’ and ‘winning’ are independent
(piyango ve kazanma durumlarinin ortaya gikmasinin bagimsiz oldugu varsayilir)

P(ANB) = P(A) -P(B)

P(spam | lottery & winning) = P(spamg- P(lottery & winning | spam|
(spam | ry 9) = P(spam) @(Iottery & winning | spam) )} P(ham) {P(lottery & winning | ham))




Olasihgi daha hizl hesaplamanin bir yolu var mi?
Naive assumption

& @

The appearances of ‘lottery’ and ‘winning’ are independent

P(ANB) = P(A) -P(B)

P(spam) -P(lottery | spam) - P(winning | spam)
P(spam) - P(lottery | spam) -P(winning | spam) + P(ham) -P(lottery | ham) - P(winning | ham)

@ DeeplLearning.Al

P(spam | lottery & winning) =




Olasihgi daha hizl hesaplamanin bir yolu var mi?

Naive assumption

The appearances of the words Wy, W, ..., W,, are independent

P(spam) - P(w; | spam)---P(w, | spam)
P(spam) - P(w; | spam)---P(w, | spam) + P(ham) - P(w; | ham)---P(w, | ham)

P(spam | wy, ..., Wp) =
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10

LUEERE MMM NMNM MM E

80 not spam (ham)

B ENMNMNMMNM M M &
BEENMNMNMNMNM M M W
B ENMNMNMMNM M M &
EEBNMMNMNMNM M M &
EENMNMNMNMNM M M W
EENMNMNMNMNM M M W
EEBNMMNMNMNM M M &
EEBNMMNMNMNM M M &
EERBMNMNMNMNM M M W

O)
o S
C o
— n
{@) o
~
©
Q. "
O~ [Q\]
0p = &
m\U- 1| n__u
O I o SIS g3
> ﬂ S I |
© I = — .
m =8 gg & E PE
© | = 73 g g
() ! I - - =
> € = - - S
- — o & ) 2 el
Q @ = = o
O 2 < S <3 ;
Z a o a o =
®




Naive Bayes: Spam Ornegi

CHENMNMMNMNMYENMM

20
100

EENMNMMM MMM M

P(spam)

Bl NMNMNMMNMNMNMDNY

B EE ™ M ™M M M

80

EEE N~ MMM MMM M

100

P(ham)

REENMNMNMNMNMNMNM N

BEE N MNMNMNMNMNM N

15
— = 0.75

P(winning | spam)

20

B MNMNMNMNMNMMNM

P(winning | ham)

80 not spam (ham)

20 spam

<
(o)}
(=
=
O
(]
—
(o}
Qo
O]
()]




Naive Bayes: Spam Ornegi

P(spam) = 0.2 P(lottery | spam) = 0.7 P(winning | spam) = 0.75

P(not spam) = 0.8 P(lottery | ham) = 0.125 P(winning | ham) = 0.1

P(spam) - P(lottery | spam) - P(winning | spam)

P(spam | lottery) = P(spam) - P(lottery | spam) - P(winning | spam) + P(ham) - P(lottery | ham) - P(winning | ham)

. e g i 0.2 X0.7 X 0.75
(spam | lottery & winning) = 5= 57>075)+ (08 x0.125 x0.) - 913
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Bayes Theorem
PRIOR EVENT POSTERIOR

lottery

°m spam @I n spam and lottery

no lottery
ﬁ -spam and no lottery

ham ham lottery

@ @ ham and lottery
no lottery
E ham and no lottery

P(spam) = -
NN

P(spam | lottery) =
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Bayes Theorem
PRIOR EVENT POSTERIOR

lottery

spam spam a spam and lottery

I@‘ x M

— ham lottery

a E ham and lottery
—

Je

P(spam) = ! P(spam | lottery) =
NN -]
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Ornek

Image recognition (Resim Tanima)

e Resimde bir kedi olma olasiligi nedir?
e P(cat|image) = P(cat|pixely, pixel,, ..., pixel,)
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Ornek

Classification (siniflandirma)

Datiant 2 |

Datiant 2 | o Kisi saglkh mi?
e Hesapla P(healthy | symptoms and history)
e Hesapla P(saglkli|semptomlar ve hikaye)

Patient 1
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Ornek

P(cat |pixels)

d R » P(cat|pixels) = 0.9
@ Cat

N

Model
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Ornek

P(cat |pixels)

©

N

P(cat |pixels) = 0.1

Not a cat

Model
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Bayes Teoremi

P(A|B) ve P(B|A) kosullu olasiliklari agagidaki gibi yazilabilir.

P(ANB)
P(BNA)
P(BlA) = W [l

1l
(AnB)=(BnNA) oldugundan
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Bayes Teoremi

P(A|B).P(B) = P(B|A).P(4A)

P(B|A).P(A

P(A|B) = ( Lé})( )
veya Bayes Teoremi

P(A|B).P(B

P(B|A) = ( |p()A)( )
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Bayes Teoremi

Bir kosullu olasiligl hesaplamak bazen olayla verilen olayi yer degistirmek
islemleri kolaylastirir.

Genel Anlamda: Sebep — Sonug
dogrudan dogrudan
g0Ozlemleyemiyoruz gOzlemliyoruz

P(Sonuc | Sebep) Matematiksel Modelimiz (Hesaplamsi Kolay)

P(Sebep | Sonug) Sonug cikarma modelimizi kullanarak bu olasiligi hesaplayabiliriz
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Bayes Teoremi

P(Sonug | Sebep) . P(Sebep)
P(Sonuc)

P(Sebep | Sonucg) =

P(Sebep): sebeple ilgili onsel olasilik (prior)

P(Sebep|Sonuc): sebeple ilgili sonsal olasilik (posterior)
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Bayes Teoremi

A Sitma

Ornek:  Soguk Alginigi — Yiiksek Ateg ~ Romatizmas
(Hastalik) (Belirti)
Sebep Sonug
dogrudan dogrudan
gozlemleyemiyoruz g6zlemliyoruz

P(Sonug | Sebep) Matematiksel MODEL (Hesaplamsi Kolay)

\

\
\{_

,) Enfeksiyon

u“‘

P(Ylksek Ates | Soguk Alginligt) Matematiksel MODEL (Hesaplamsi Kolay)

belirti hastalik

P(Sebep | Sonucg) Sonug cikarma modelimizi kullanarak bu olasiligi hesaplayabiliriz

P(Soguk Alginlig: | Yiiksek Ates) =? Sonuc gikarma modelimizi kullanarak bu olasiligi hesaplayabiliriz
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Hasta | Soguk Alginhgi | Yiksek Ates
@ + +
@ + +
@ + +

4 - +
5 + -
@ + +
7 - -
8 - -
@ + +
10 + -
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YA

SA

7
P(soguk alginligy) = 10

6
P(yuksek ates) = —

P(ylksek ates | soguk alginligr) =

10

S o

5
P(soguk alginligi | yiksek ates) = -




7
P(soguk alginligt) = 10 Birinci Cozum

6
P(yiiksek ates) = 10

N o

P(yliksek ates | soguk alginligt) =

5
P(soguk alginlig: | yiiksek ates) = G

P(YA | SA).P(SA)
P(YA)

P(SA|YA) =
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7
P(soguk alginligr) = 0

ikinci Cozim
6
P(yt -
(yiksek ates) T 5
P(yiksek ates | soguk alginligt) = =
5
P(soguk algmhg | yiiksek ates) = —
P(YA N SA) 2
10
P(YA|SA) = _10_>
Al P(SA) 77
10 P(SANYA)
P(SANYA) = 5 P/(Ym 5 7
n 10 : 710
PGATYA) = =10_2 «— psa|va) = _ _>2
(zon) 10 (zor) -
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Marjinal ve Kosul Olasilik

Marjinal olasilik, birden fazla olayin gerceklestigi bir durumda diger olaylar
dikkate alinmayip sadece bir olay icin bulunan olasiliga marjinal olasilik denir.

Bir A olayinin marjinal olasiligi P(A) ile gosterilir.
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Ornek

200 dgrencinin cinsiyet ve istatistik dersindeki basar1 durumlarima
gore dagilimi asagida verilmistir.

Basari durumu
Cinsiyet Basarili . Basarisiz Toplam
Erkek 30 50 80
Kadin 80 40 120
Toplam 110 90 200
a. Rastgele segilen bir erkek 6grencinin marjinal olasiligini bulunuz?
b. Rastgele segilen bir kadin 6grencinin marjinal olasihigini bulunuz?

Rastgele segilen bir 6grencinin bagarili olmasmin marjinal olasiligini bulunuz?

d. Rastgele segilen bir 6grencinin basarisiz olmasinin marjinal olasiligini bulunuz?
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Ornek

200 ogrencinin cinsiyet ve istatistik dersindeki basar1 durumlarina
gore dagilimi asagida verilmistir.

Basari durumu _ ]
| Cinsiyet - Basarili Basarisiz Toplam
Erkek 30 50 80
Kadin 80 40 120
Toplam 110 90 200

e. Rastgele secilen bir erkek 6grencinin basarili olmasi olasiligi? P(Basarili|Erkek)
f. Rastgele secilen bir kadin 6grencinin basarili olmasi olasih@l? P(Basarili|Kadin)

g. Rastgele secilen bir erkek 6grencinin basarisiz olmasi olasili§i? P(Basarisiz|Erkek)
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Cozim-1
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Cozum-2 (Olasilik Agaci)
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Cozim-3

P(B) = P(A).P(B|A) + P(A°).P(B|A°)

P(B ) = 119
asarily) = -0

-
P(Basarili) = P(E).P(Basarili|E) + P(K).P(Basarili|K)
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Toplam Olasilik Teorisi

A, A, ... A, olaylari Q 6rnek uzayinin bolumleri olsun. (Karsilikli ayrik ve birlikte
kapsayici) (4; N Aj = 0)

B olay1 6rnek uzayinda tanimli bagka bir olay olsun bu durumda B olayinin
olasihgr (A; UA, U ... UA, = Q) asagidaki gibi hesaplanabilir.

P(B) = ) P(4).P(B|4)
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Toplam Olasilik Teorisi

Ispat: 5
Aq Az B=B1U32UB3UB4
%’\
> . B = (AN B) U (4,0 B) U (43N B) U (44N B)
B By
A a | P(B)=P(41 0 B) +P(A2N B) + P(A3N B) + P(A4N B)

P(B) = P(A1)P(B|A1) + -+ P(A4)P(B|A,)

4
P(B) = ) P(ADP(BIAD
i=1
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Toplam Olasilik Teorisi

BAlnB=Bl

A <
1 BC AlﬂBc
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Toplam Olasilik Teorisi

P(A) = A, bolumu icin 6n bilgi (onsel olasilik)
B olayi gozlemlendiginde A/'nin olasihgi
P(A; N B)
P(A;|B) = Pl(B)
-

sonsal
olasihk

_ P(A)P(BlAy)
- P(B)
toplam BAYES TEOR|S|

olasilik

teoisi P(Ai)P(BlAi)
~ Y™ P(A4DP(BIAY)
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Genel Bayes Teoremi

Sayet A, A,, ... A, olaylari drnek uzayinin bolimleri olsun. Ornek uzayinda
tanimh herhangi bir B olayi verildiginde uzayin herhangi bir bolumunun olasiligi
asagidaki sekilde bulunabilir

P(B |4).P(4)
P(B)

P(A; |B) =

P(B |4A;).P(A;)
i=1 P(B |4p). P(A;)
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Ornek

Elektirik malzemelerinin oldugu 4 kutumuz oldugunu kabul edelim
m 1. Kutuda 2000 malzemeden %5'i bozuk
m 2. Kutuda 500 malzemeden %40'i bozuk
m 3. Kutuda 1000 malzemeden %10'i bozuk
m 4. Kutuda 1000 malzemeden %10'i bozuk

Rasgele cektigsmiz kutudan bir malzeme aldigimizda bunun bozuk olma
olasiligl nedir?
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Cozum
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Ornek

Onceki 6rnekte cekilen malzeme bozuk ise bunun 2.kutundan gekilmis olma

olasiligi nedir?
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Cozum
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Odev

Ayni marka aracin {i¢ farkli yakit tiiriine gére kat ettigi yol ve
motorun vermis oldugu ariza oranlar1 belirli bir mesafede ince-
lenmistir. Buna gore benzinli ara¢ yolun %60°n1, dizel ara¢ yolun
%30°nu ve sivilagtirilmig petrol gazi (LPG) ile %10 ununu gittig;i
gozlenmistir. Motor ariza oranlari ise %2 benzinli ara¢, %3 dizel
arag ve %35 sivilagtirilmig petrol gazi oldugu belirlenmistir. Buna
gore bu ara¢lardan rastgele alan bir miisterinin arizali olma olasi-
l1gin1 bulunuz?
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