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« Homework 6 due today

 Homework 5 grades released

« Homework 7 will be released Wednesday 11/27 and due
12/0.



Remember, you can always ask questions at
g.dsc40a.com!
If the direct link doesn't work, click the "Lecture
Questions" link in the top right corner of dsc40a.com.




 Bayes Theorem
* Naive Bayes Classifier
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X
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MODIFIED BAYES THEOREM:
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PROBABILITY THAT YOURE USING
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Source: xkcd




Bayes Theorem




e \We defined Bayes’ Theorem:

e Bayes’ Theorem describes how to update the probability of one

event given that another has occurred.



Bayes’ Theorem follows from the multiplication rule, or conditional probability.

P(A) + P(B|A) = P(A and B) = P(B) % P(A|B)

Bayes’ Theorem:
P(A|B) x P(B)

P(Bl4) = P(A) not
P(A|B) % P(B) _—~ B
sy ot 6\ A" p(B) « P(A|B) + P(B) * P(A|B)

Wc’)w\a \(



For hypothesis H and evidence (data) E

PEIMH) _ fEW A
P(E) eI () ~ EEIT) fify

 P(H) - prior, initial probability before E is observed
 P(H|E) - posterior, probability of H after E is observed
* _P(E|H) - likelihood, probability of E if the hypothesis is true

« P(E) - marginal, probability of E regardless of H @651 E) 4 ﬂ>u?— ) H)

P(H|E) =

The likelihood function is a function of E, while the posterior probability is a
function of H.



P(EIH)P(H)

P(HIE) = P(E|H)P(H) + P(E| ~ H)P(~ H)

A manufacturer claims that its drug test will detect steroid use 95% of the time.
What the company does not tell you is that 15% of all steroid-free individuals also test
positive (the false positive rate). 10% of the Tour de France bike racers use steroids.
Your favorite cyclist just tested positive. What’s the probability that he used steroids?

What is your first guess?
A. Close to 95%
0 B. Close to 85%
C. Close to 40%
D. Close to 15%




PEIH)P(H) > ot

P(H|E) =

~ P(E|H)P(H) + P(E| ~ H)P(~ H)

A manufacturer claims that its drug test will detect steroid use 95% of the time.
What the company does not tell you is that 15% of all steroid-free individuals also test
positive (the false positive rate). 10% of the Tour de France bike racers use steroids.
Your favorite cyclist just tested positive. What’s the probability that he used steroids?

Now, calculate it and choose the best answer.
A. Close to 95%
B. Close to 85%
C. Close to 40%
D. Close to 15%
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P(E|H)P(H) Q.55 04

PHIE) = PEmP(H) + P(E| ~ R)P(~ H) Osoros

A manufacturer claims that its drug test will detect steroid use 95% of the time. Sl
What the company does not tell you is that 15% of all steroid-free individuals also test
positive (the false positive rate). 10% of the Tour de France bike racers use steroids.

Your favorite cyclist just tested positive. What’s the probability that he used steroids?

Solution: P (E “0 = 45, (Tw) |
H: used steroids p (E\a>"4§7- FF) :>M”E)T 47

E: tested positive P ((-l ): 1071, [3 ([:> Z 9@‘/\



P(EIH)P(H)

P(H|E) =

Solution:
H: used steroids

E: tested positive

~ P(E|H)P(H) + P(E| ~ H)P(~ H)

A manufacturer claims that its drug test will detect steroid use 95% of the time.
What the company does not tell you is that 15% of all steroid-free individuals also test
positive (the false positive rate). 10% of the Tour de France bike racers use steroids.
Your favorite cyclist just tested positive. What’s the probability that he used steroids?

e

Despite manufacturer’s
claims, only 41% chance

that cyclist used steroids.
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Example

1% of people have a certain genetic defect
90% of tests accurately detect the gene (true
positives).
/% of the tests are false positives.
l’( — e %"*H( disoder
G - ot bast result
If Olaf gets a positive test result, what are the
odds he actually has the genetic defect?

GIVEN THESE PREVALENCES,
15 1T LIKELY THAT THE TEST
RESULT IS A FALSE POSITVE?

WELL, THIS CHAPTER 1S ON
BAYES' THEOREM, SO YES.

L

SOMETIMES, IF YOU UNDERSTAND
BAYES' THEOREM WELL ENOUGH,
YOU DON'T NEED IT.




. Hypothesis: Olaf has the gene, P(H) = 0.0t

. Evidence: Olaf got a positive test result, P(F)

. True positive: Probability of positive test result if someone has
the gene P(E|H) = §.)

. False positive: Probability of positive test result if someone
doesn't have the gene P(E| H) = 0.0



Calculate
_PEIHP(H) _ B 1)eGD
= P(E) CPE|H @) + FE FF) o(H)
= - = DA
. - T DA

N.3-0.014 * D.OF.0. 89

N

1-0.91

The probability that Olaf has the gene is only _441. § ¥ despite the positive test result!



What happens if there are less false positives?
Consider P(E|H) = 0.02:

O, H 0. o1 3

(H!E> 03©b4+@

The probability that Olaf has the gene is now }4 7.

> 317,



What happens if there are more true positives?
Consider P(E|H) = 0.95:

RS s - D.01

~ 0.1
E<HKE> 0,95 040 + D.0%F "D-IY T

(
([

Improving the accuracy of true positives raised the probability that Olaf has the gene to 127..



Naive Bayes Classifier




e Using Bayes’ Theorem to solve the classification problem

Taxonomy of
Machine Learning

Lopeied DAt s /
Supervised Re‘[‘forcﬁeme”* Unsupervised
’ earnin .
Learning bl Learning

Quantitative Categorical =

Response Response . . "

Dimensionality Clustering

Regression Classification Reduction

°
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Bayes’ Theorem is very useful for classification problems, where we want to
predict a class based on some features.

P(A|B) * P(B)

P(B|A) =

B = belonging to a certain class
A = having certain features

P(A)

P(features|class) * P(class)
P(features)

P(class|features) =



e Making predictions based on examples (training data)
e Response variable is categorical
e Categories are called classes

e Examples:

o decide whether patient has kidney disease

o identify handwritten digits *NIst To4,03 u 5, (3,8, 93
o determine whether an avocado is ripe

o predict whether credit card activity is fraudulent



ol Ripeness ' You have a green-black avocado. Based on this data, would
brightgreen  unripe | yOU predict that your avocado is ripe or unripe?
green-black ripe
purple-black | ripe
green-black | unripe Which class would you predict?
purple-black | ripe A. ripe
B. unripe
bright green unripe
green-black ripe
purple-black | ripe
green-black ripe
green-black unripe
purple-black | ripe




Color Ripeness ' You have a green-black avocado. Based on this data, would
brightgreen  unripe | yOU predict that your avocado is ripe or unripe?

green-black ripe

purple-black | ripe

reen-black

purple-black

unripe

ripe

bright green unripe
green-black ripe
purple-black | ripe
green-black ripe

green-black

purple-black

unripe

Strategy: Calculate two probabilities:
4 ( r\ip,e_ ol
P(ripe | green-black) ~ Hgm blwch

P(unripe | green-black) = %

Then choose the class according to the larger of these two
probabilities. QL
= > _ r(%

< < =



Bayes’ Theorem gives another strategy for predicting the class given features.

f - Qe&(ov\k)mj Lo
ce,tuin

elnss

P(A|B) * P(B) ain class
P(A)

P(B|A) =

Jres A — Letires

P(features|class) x P(clas

Pfeatures

P(class|features) =



Bayes’ Theorem gives another strategy for predicting the class given features.

P(A|B) * P(B) ain class

P(B|A) =

P(A)

Ares

[P(features| class )l * @’(class)]

P(class|features) =

| P(features) |

Can all be
estimated
from the
training data



Color Ripeness ' You have a green-black avocado. Based on this data, would
brightgreen  unripe | yOU predict that your avocado is ripe or unripe?
-black '

B — PeT [P(features|class!|* Q’(class)]
puple-black ipe= | P(class|features) = [—]
green-black unripe P (features)
purple-black | «ripes P ( 9,.01_,\ [){,\CL [ r(?&) = i 3 /q:
bright green unripe 9’ (b - ;‘/ 1-4—/ . §
P ae (_)( > f77- < rlb),L Nva CadIs c — 5

Il = -
I Sl PO b e u

_// - T
green-black  ripe , [ > -
- S , ’ Y-UJ\B aC <

green-black unripe @ ( ﬁ A blo\ CI()_ {/( 6 @V\ TYA :) T
purple-black ripe RS I




Color Ripeness ' You have a green-black avocado. Based on this data, would
brightgreen  unripe | yOU predict that your avocado is ripe or unripe?

TR [P(features| class )l X Qj(class)]
purple-black  ripe P(class|features) = [—]
green-black unripe P(featureS)

purple-black | ripe

bright green unripe 0) (6/0\ § / 'ILQ_Q{"\ARA) <

green-black | ripe 1 e —
purple-black | ripe @ @e_a"!—*pfb S>

green-black ripe

green-black unripe

purple-black | ripe




Color Ripeness ' You have a green-black avocado. Based on this data, would
brightgreen  unripe | YOU predict that your avocado is ripe or unripe?
-black [
| ™ |P(features|class)|* [P(class)]
purple-black  ripe P(class|features) =
. P(features)

green-black unripe
purple-black | ripe
bright green | unripe Shortcut: Both probabilities have same denominator. To

, find larger one, choose one with larger numerator.
green-black ripe P f‘neor’\io;\ A\

i VN
purple-black | ripe ) 2 . ’:)‘ _ _:_é

. P(ripe | green-black) o z T
green-black ripe
green-black unripe _ 7 q \,{
— P(unripe | green-black) o( T




You have a firm green-black Zutano

avocado. Based on this data, would you
predict that your avocado is ripe or
unripe?

Color Softness Variety Ripeness

bright green % Zutano unripe

green-black medium Hass ripe

purple-black firm Hass ripe
(]

green-black medium Hass unripe

purple-black soft Hass ripe

bright green firm Zutano unripe
—

green-black soft Zutano ripe

purple-black soft Hass ripe

green-black soft Zutano ripe

green-black firm Hass unripe
e

purple-black medium Hass ripe




You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or
unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

Strategy: Calculate two probabilities:

P(ripe | firm, green-black, Zutano)
P/\’\}L‘“’\’\ No 'L{u/\h/\ K Ljrtb- LL\UZ\@ 7 Litwe

W datuset
P(unripe | firm, green-black, Zutano)

Then choose the class according to the
larger of these two probabilities.



You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or
unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

Problem: We have not seen an avocado
with all these features. Both probabilities
will be undefined.

P(ripe | firm, grew, Zutano)
P(unripe | firm, QWK, Zutano)



You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or

unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

B lP( features|class )|>|< lE( class ) l

P(class|features) P(features)

Solution: Use Bayes’ Theorem, plus a
simplifying assumption, to calculate the
two numerators.

co.«cm.w‘@ nd Lfmtl“u'ﬁ ,
= Neive Bayes Chsifier



You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or

unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

B (P (features|class )|>|< P(class)

P(class|features) P(features)

Simplifying assumption: Within a given
class, the features are independent.

P(firm, green-black, Zutano | ripe) =
P(firm | ripe)*P(green-black | ripe)*P(Zutano | ripe)



e Recall that A and B are independent if
P(A and B) = P(A) « P(B)

e A and B are conditionally independent given C if
P((A and B)|C) = P(A|C) x P(B|C)

e Given that C occurs, this says that A and B are independent of
one another.



You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or

unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

B lP( features| class )l* lE( class ) l

P(class|features) P(features)




You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or
unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

Assuming conditional independence of
features given the class, calculate
P(firm, green-black, Zutano | unripe).

A. 0

B. 1/4

C. 3/16

D. 1-(1/7*3/7*2/7)




You have a firm green-black Zutano
avocado. Based on this data, would you
predict that your avocado is ripe or

unripe?

Color Softness Variety Ripeness
bright green firm Zutano unripe
green-black medium Hass ripe
purple-black firm Hass ripe
green-black medium Hass unripe
purple-black soft Hass ripe
bright green firm Zutano unripe
green-black soft Zutano ripe
purple-black soft Hass ripe
green-black soft Zutano ripe
green-black firm Hass unripe
purple-black medium Hass ripe

B lP( features| class )l* lE( class ) l

P(class|features) P(features)




e Bayes’ Theorem shows how to calculate P(class | features).

P(features|class) * P(class)
P(features)

P(class|features) =

e Rewrite the numerator, using the naive assumption of conditional
independence of features given the class.
e Estimate each term in the numerator based on the training data.

e Select class based on whichever has the larger numerator.



e The Naive Bayes algorithm gives a strategy for classifying data

according to its features.

e It relies on an assumption of conditional independence of the

features.

e Next time: application to text classification



