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Joint Distribution

Smoking and Cancer
SO{no,light, heavy} C O{none, benign, malignant}

Sl C=| none | benign | malignant

no 0.768 0.024 0.008
light 0132 0012 0.006
heavy 0.035 0.010 0.005




Joint Distribution

S0{no, light, heavy} @

P(S=no) 0.80| € O{none,benign, malignant}
P(S=light) |0.15
P(S=heavy) |0.05 Smoking
no |light |heavy
C=none [0.96 10.88 |0.60
P(C1S)| cC=benign |0.03 [0.08 [0.25
C=malig [0.01 |0.04 [0.15

Product Rule

* P(C,S)=P(C|S) P(S)

Sl C=| none | benign | malignant

no 0.768 0.024 0.008
light 0132 0012 0.006
heavy 0.035 0.010 0.005




Marginalization

Sl C= |none |benign malig | total
no 0.768| 0.024| 0.008] .80
light 0.132| 0.012| 0.006| 15| >p(smoke)
heavy 0.035| 0.010/ 0.005| .05
total| 0.935| 0.046/ 0.019
- ~ /
P(Cancer)
Bayes Rule
nsic) =PC.S _PCISPE
P(C) P(C)
Sl C= |none benign  |malig
no 0.768/.935| 0.024/.046| 0.008/.019
light 0.132/.935| 0.012/.046| 0.006/.019
heavy 0.030/.935| 0.015/.046| 0.005/.019
Cancer= |none |benign |malignant
P(5=no) 0.821 |0.522 0.421
P(S=light) 0.141 |10.261 0.316
P(Sheavy) [0.037 |0.217 0.263




Bayes Rule

P(C,X)=P(C| X)P(X)=P(X|C)P(C)

P(X]1C)P(C)
P(X)

P(C|X)=

The Classification Problem

* From a data set describing objects by vectors of
features and a class
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Vector,= <49, 0, 2, 134, 271, 0,0,162,0, O0,2,0, 3> Presence
Vector,= <42, 1, 3, 130, 180, 0, 0, 150, 0, 0,1,0, 3> Presence
Vector,= <39,0,3, 94,199,0,0,179,0, 0,1,0,3 > Presence
Vector,= <41, 1, 2,135, 203, 0,0, 132,0, 0,2,0,6 > Absence
Vectorg= <56, 1, 3, 130, 256, 1, 2,142, 1, 0.6, 2, 1, 6 > Absence
Vectorg= <70, 1, 2, 156, 245, 0, 2,143,0, 0,1,0, 3 > Presence
Vector,= <56, 1, 4,132, 184, 0, 2, 105, 1, 2.1,2, 1, 6 > Absence

» Find a function F. features - class to classify a
new object




Bayes-Optimal Classifiers

Assumption: The data instances we see are
generated from some probability distribution

P(X,,...X,,C)
Consider instance x, let
— c be its true class,
— £ be the class returned by the classifier F.
The classifier is correct if c= /¢, and in error if cZ /.
— define A(c=¢) =0 if c= £ and 1 otherwise
The expected error incurred by choosing label 7 is
D A(c =0)P(c | X)=1-P(£| X)

i=1

Bayes-Optimal Classifiers

» The expected error incurred by choosing label 7 is

Y A(c, =£)P(c | X) =1-P(£]| X)
i=1
* Thus, if we knew P, we could minimize error rate
by choosing ¢4, when

P(c,|x)>P(c,|x)0j#i

» Bayes Optimal Classifier:
— Given a new instance <x;,...,x,>
Set: ¢ = argmax P(C = c| x,,....x,)




The Naive Bayes Classifier

A@@

runnynose  sinus cough fever muscle-ache

« Assumption: features are independent of
each other given the class.

P(Xy--.s X [C) = P(X, |C) ¢ P(X; [C) s ---¢ P(X; | C)

Naive Bayes Classification
argmax, P(c|x,..-,X,)

P(x,..., X, |c)P(c)
P(x,,...,X,)

=argmax, P(x,-..., X, |c)P(c)
=argmax, P(x )« ---* P(x, |c)P(c)

=argmax, P(c)[ '], P(x |c)




Naive Bayes Algorithm

» Learn: Input = Data Set, output =

— For each class ¢

—estimate .

P(c;)
« For each attribute value x; of each attribute X
—estimate

P(x 1c;)
« Classify new instance «x,,...,.x,>as
¢ =argmax, P(c)[], P(x |c)

Learning the Model

A

« Common practice:maximum likelihood
— simply use the frequencies in the data

N _N(X; =x,C=c)
' N(C=c,)




Problem with Max Likelihood

CEWD

X X X X0 X

runnynose  sinus cough fever muscle-ache

P(Xy,..., X5 [C) = P(X [C) ¢ P(X; [C)* -+ P(X; |C)

* What if we have seen no training cases where patient had
no flu and muscle aches?

B(X, =t|C=nf)=NXsZLC=ND) _

N(C =nf)

» Zero probabilities cannot be conditioned away, no matter
the other evidence!

£ =argmax, P(c)[], P(x )

Smoothing to Avoid Overfitting

~ N(X =x,C=c;)+1
P(x [c;) = N(C:C.)+IJ<

# of values of X,

« Somewhat more subtle version

overall fraction in
data where Xj=x;,

N(X; =% ,,C=c;)+mp

N(C=c)+
extent of
“smoothing”

P(x,Ic,) =




Conditional Independence

» Conditional independence assumption is
typically false
— Sinus condition not independent of runny nose,
even given flu
» Nevertheless, it works surprisingly well

— Reason 1: small number of parameters

« if we try to fit too many parameters with sparse data,
can get really strange models

— Reason 2: Don’t need probabilities to be
correct, only argmax

argmax; P()[[], P(x |c) =argmax, P()[], P(x | )

Text Classification

Input: Document consisting of words
Output: Classification into a set of classes

Examples:
— learn which news articles are “interesting”
— learn to classify webpages by topic

Naive Bayes is surprisingly good at this task




Two Models

* Model 1: Multi-variate binomial
— One feature X, for each word in dictionary
- X, = true in document d'if w appears in d

— Naive Bayes assumption:

» Given the document’s topic, appearance of one word
in document tells us nothing about chances that
another word appears

Two Models

* Model 2: Multinomial
— One feature X for each word in document
» feature values are all words in dictionary
— Value of Xis the word in position /

— Naive Bayes assumption:

» Given the document’s topic, word in one position in
document tells us nothing about value of words in
other positions

— Second assumption:
» word appearance does not depend on position

P(X; =w|c) =P(X,; =w]c)

for all positions i,j, word w, and class ¢
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Parameter estimation

e Binomial model:

5 = ) = fraction of documents of topic c;
P(XW t | CJ ) in which word w appears

e Multinomial model:

~ fraction of times in which
P(Xi = W| C ) = word w appears

across all documents of topic c;

— creating a mega-document for topic j by concatenating
all documents in this topic

— use frequency of w in mega-document

Example: AutoYahoo!

» Classify 13589 Yahoo! webpages in “Science”
subtree into 95 different topics (hierarchy depth 2)

Yahoo Science
10D T

~_ Multinomial =
Multi-variate Bernoulli
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Example: WebKB (CMU)

» Classify webpages from CS departments into:
— student, faculty, course,project

College Park, MD 20742

§7-98: on leave at CM

Office: 3227 AV, Williams Bldg,
Phone: (301) 403-2693

Fax: (301) 403-6707

Email: christos@cs umd edu

T.§. mail address:
Department of Computer Science
University of Maryland

Christos Faloutsos

Current Position: Assoc. Professor of Computer Science. (97-38. on leave at CMT)
Join Appoi Institute for Systems Research (ISR)
Academic Degrees: PhD. and M So. (University of Toronto ), B S¢. (Mat Tech L. Athens)

Research Interests:

= Quety by content in tultimedia databases;
o Fractals for chustering and spatial access methods;
* Data mining,

= | [Documen t Done

WebKB Experiment

» Train on ~5,000 hand-labeled web pages
— Cornell, Washington, U.Texas, Wisconsin

« Crawl and classify a new site (CMU)
* Results:

Student | Faculty @ Person Project Course  Departmt

Extracted 180 66 246 99 28 1
Correct 130 28 194 72 25 1
Accuracy: 72% 42% 79% 73% 89% 100%
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NB Model Comparison

WebKE 4
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[s] 100 ([s]x4] 13300 100000
Vocabulary Size
TFaculty Students Courses

asociate | 0L00417
chair 0.00303
member | (.00288

resume 0.00616
advisor 0.00456
student 0.00387

homework | 0.00413
gyllabus 0.00399
asdgignments | 0.00388

schedules 0.00879
webmaster 0.00879

events 0.00824
facilities 0.00807
eople 0.00772

postgraduate | 0.00764

laboratory 0.00238

develop 0.00201
related 0.00200
arpa 0.00187
affiliated 0.00154
project 0.00183

ph 0.00257 working 0.00361 exam 0.003.85
director | 0.00282 stuff 0.00359 grading 000381
fax 0.00279 links 000350 midterm 0.00374
Journal 0.00271 homepage | 0.00345 P 0.00371
recent 0.00260 interestzs | 0.00332 Instructor 0.00370
received | 0.00258 personal 0.00332 due 0.00364
award 0.00250 favorite 0.00310 final 000358
Departiments Research Prajects Orthers
departmental | (.012464 investigators | 0.00256 type 0.00164
collog uia 0.01076 group 0.00250 Jan 0.001458
epartment 0.01045 members 0.00242 enter 0.00145
Seminars 0.00097 researchers 0.00241 random | 000142

program | 0.0013&
net 0.00128
time 0.00128
format 0.00124
ancess Q00117
begin 0.0011¢
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