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Text Classification(2)



Pattern Recognition and Classification

* Detecting patterns and structures is a central theme in text mining.

* We usually start with the hypothesis that certain observable patterns
in text are correlated to a particular task we address in text mining.

* In the previous session we learned how to do basic classification tasks
in order to detect these observable patterns:
* Naive Bayes
* Decision Tree



Goal of this session

*We will dig more into the evaluation of a
classification task;

*We will have a closer look at some learning
techniques.



Evaluation

* Evaluation is required
* To decide whether a classifier is reliable and to quantify its quality;
e To guide us in the process of feature selection;
* Also, to compare classification techniques.



Evaluation

* Evaluation is required
* To decide whether a classifier is reliable and to quantify its quality;
e To guide us in the process of feature selection;
* Also, to compare classification techniques.

* Depending on the evaluation procedures, we can distinguish
different types of evaluation tasks:

* Intrinsic evaluation: an isolated classifier is evaluated with respect to a pre-
defined gold standard result (i.e. a widely accepted dataset);

* Extrinsic: a classifier is evaluated when it provides a precise functionality for a
human user (often more complex, can say why?).
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* There exists other classification of evaluation techniques:
* Black-box vs. glass-box evaluation (similar to software engineering);
e Automatic vs. manual evaluation (automatic is preferred).

* Evaluation is an important theme in NLP (sometimesa research question itself).
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Evaluation

* There exists other classification of evaluation techniques:

 Black-box vs. glass-box evaluation (similar to software engineering);
e Automatic vs. manual evaluation (automatic is preferred).

* Evaluation is an important theme in NLP (sometimesa research question itself).

* For an evaluation task, we first need a performance measure.

* There exists an open list of performance measures, some of them task
dependant:
* Accuracy
* BLEU
* Cohen's kappa
e Usability metrics

Our focus is on
automatic intrinsic
evaluation.
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* For an intrinsic evaluation we need a test set (or evaluation set).

* We then calculate a score (performance measure) for a classifier by
comparing the labels that it generates for the inputs in the test
set with the correct asserted labels for them.



Intrinsic Evaluation

* For an intrinsic evaluation we first need a test set (or evaluation set) .

* We then calculate a score (performance measure) for a classifier by
comparing the labels that it generates for the inputs in the test
set with the correct asserted labels for them.

* Test set is often has the same structure as training set.

* However, it is very important that the test set be distinct from the

training corpus to avoid over-fitting:

* a model can simply memorized its input, without really learning how to
generalize to new examples.

* A misleading score!



Intrinsic Evaluation

 There is often a trade-off between the amount of data available for
testing and the amount available for training.

* The number of instances in the test set depends on the classification
task and the distribution of labels (sometimes as few as 100

instances).
 The test set must be balanced and diverse.



Intrinsic Evaluation

 The test set must be balanced and diverse.

* If there are a large number of labels, or some of labels are infrequent, then
the test set must be big enough to ensure that the least frequent label are
occurring enough (e.g. 50 times).

* If the test set contains many closely related instances, then the size of the test
set should be increased to ensure that this lack of diversity does not skew the
evaluation results.

* When large amounts of annotated data are available, it is common to
use 10% of the overall data for evaluation.



Intrinsic Evaluation

* An obtained score is more reliable, if test set and train set are less
similar:
* For a PoS tagger that is trained on a new corpus, the obtained score from the

evaluation of the tagger on another news corpus is less reliable than the
evaluation of the tagger on a corpus of text of genres other than news.

* In short, test set must be a real representative of the actual text data
that a classifier is going to deal with.



Intrinsic Evaluation

* Accuracy is one simple metric that can be used to evaluate a classifier.

* Accuracy measures the percentage of inputs in the test set that the
classifier correctly labelled.

A classifier that predicts the correct labels 60 times in a test set containing
100 names would have an accuracy of 60/100 = 60%.

* The function nltk.classify.accuracy()can be used to measure accuracy.



Intrinsic Evaluation

* Accuracy is one simple metric that can be used to evaluate a classifier.

* Accuracy measures the percentage of inputs in the test set that the

classifier correctly labelled.
A classifier that predicts the correct labels 60 times in a test set containing
100 names would have an accuracy of 60/100 = 60%.
* The function nltk.classify.accuracy()can be used to measure accuracy.

* If the test set is not balanced, accuracy is not a very good measure :
* The frequencies of the individual class labels in the test set are ignored.
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* Precision and Recall are other performance measures that are used
instead of accuracy in tasks such as information retrieval.
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Intrinsic Evaluation

* Precision and Recall are other performance measures that are used
instead of accuracy in tasks such as information retrieval.

* Precision indicates how many of the items that are identified were
relevant (or expected).

* Recall, however, indicates how many of the all relevant items we could
identify.

* The goal is a high precision and high recall.
* The F-Measure (or F-Score), is thus used to combine these two measures.



Intrinsic Evaluation

System
output

Desired
output

Precision = TP/(TP+FP)
Recall = TP/(TP+FN)

- N
/_
-~ )
T true false
positive positive
\_ relevant, retrieved | irrelevant, retrieved )
Ly X
false
negative J
true
negative
\_relevant, not retrieved )
\_ irrelevant, not retrieved )

F-Score = (2 x Precision x Recall) / (Precision + Recall).
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Confusion Matrices

* We can extend the idea of evaluation using precision and recall for a
binary class classification to the evaluation of a multi-class
classification using confusion matrices.



Confusion Matrices

* We can extend the idea of evaluation using precision and recall for a
binary class classification to the evaluation of a multi-class
classification using confusion matrices.

* A confusion matrix is a table where each cell [i,j] indicates how often
label j was predicted when the correct label was i.

* Thus, the diagonal entries (i.e., cells [ii]) indicate labels that were
correctly predicted.

* You can use nltk.ConfusionMatrix to generate a confusion matrix.



Confusion Matrices

Actual
class

Predicted
Cat |Dog Rabbit
Cat 5( 3 0
Dog 2 3 1
Rabbit| 0| 2 11




Confusion Matrices

Predicted
Cat |Dog Rabbit
Cat 5/ 3 0
Actual Dog I 1
class :
Rabbitf] 0| 2

Good at catching
Rabbits!




Confusion Matrices

Not so good with

cats and dogs!

Actual
class

Predicted
Cat |Dog Rabbit
Cat 5( 3 0
Dog 2 3 1
Rabbit| 0| 2 11




Confusion Matrices

But very good in

distinguishing
Rabbits from Cats

Predicted
Cat |Dog Rabbit
Cat 5/ 3 0
Actual Dog I 1
class :
Rabbit| 0| 2 11




Confusion Matrices

Actual
class

Predicted
Cat |Dog Rabbit
Cat 5 3 0
Dog 2 3 1
Rabbit| 0| 2 11
7 8 12

13



Confusion Matrices

Actual
class

Predicted
Cat |Dog Rabbit
Cat 5 3 0
Dog 2 3 1
Rabbit| 0| 2 11
7 8 12

0.71 0.38 0.916666667
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Cross-Validation

* In order to evaluate a classifier, we must reserve a portion of the
annotated data for the test set.

* Test set must be big enough to have an accurate.

* However, if a limited amount of annotated data is available, making
the test set larger is not plausible.

 Larger test dataset means making the training set smaller, which
impact the classifier performance significantly.

* One solution to solve this problem is to perform cross-validation.



Cross-Validation

* Cross-Validation technique consists of multiple evaluations on
different test sets and the combination of the obtained scores.

* We first divide the original corpus into n subsets called folds.

* For each of these folds, we train a model using all of the
data except the data in that fold, and then test that model on the fold.

* The obtained scores from the individual folds (which might be too
small to give accurate evaluation scores on their own) are combined
to report an evaluation score.

* The final score is thus based on a large amount of data, and is
therefore reliable.



Cross-Validation

* Additionally, cross-validation allows us to examine how widely the
performance varies across different training sets:

* If scores are similar for all n training sets, then we can be fairly confident that
the score is accurate.

* |f scores vary widely across the n training sets, then we should probably be

sceptical about the accuracy of the evaluation score.

. . . Annotated Data
 Remember, each fold must be balance and diverse (i.e. a fair

representative of the real data).

Fold 1 Fold 2 Fold 3



A closer look at learning techniques

* It's possible to treat learning methods as black boxes:
e Simply train and use a learning technique without understanding how it work.



A closer look at learning techniques

* It's possible to treat learning methods as black boxes:
e Simply train and use a learning technique without understanding how it work.
* However, an understanding of a learning method can help us in
several ways:
 Selection of appropriate features;
* Encoding feature values;

e Setting model parameters;
* Etc.



A closer look at learning techniques

*We thus have a slightly closer look at:
*Decisions trees
* Naive Bayes Classifiers
* Maximum Entropy Classifiers



Decisions trees

* A decision tree is a flowchart that selects labels for input values.

* This flowchart consists of decision nodes (check feature values),
and leaf nodes (assign labels).

* To choose the label for an input value, we begin at the initial decision
node (known as root node).



Decisions trees
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Decisions trees

/

!

lastletter=vowel?

Decisions tree
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Decisions trees

* [t is very clear how to use decision trees, but how to build
one?
* What is the root node?
* What are the decision nodes?
* How to organize other decision nodes?
* How many levels these tree must have?
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* [t is very clear how to use decision trees, but how to build
one?
* What is the root node?
* What are the decision nodes?
* How to organize other decision nodes?
* How many levels these tree must have?

* We focus on a simplified case of “decision stump”:

* A decision tree with a single node that decides how to classify inputs based
on a single feature;

* That is, we have one leaf for each possible feature value.



Decisions trees

* [t is very clear how to use decision trees, but how to build
one?
* What is the root node?
* What are the decision nodes?
* How to organize other decision nodes?
* How many levels these tree must have?

* We focus on a simplified case of “decision stump”:

* A decision tree with a single node that decides how to classify inputs based
on a single feature;

Last letter = vowel?

* That is, we have one leaf for each possible feature value.
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Building a decision stump

* As expected, we must first decide which feature should be used.

* Afterwards, the simplest method is to:
 Build a decision stump for each possible feature;

* For each feature, assign a label to each leaf based on the most frequent label
for the selected examples in the training set.

* Choose the one that achieves the highest accuracy as the decision stump!



Building a decision stump

* As expected, we must first decide which feature should be used.

* Afterwards, the simplest method is to:
* Build a decision stump for each possible feature;

* For each feature, assign a label to each leaf based on the most frequent label
for the selected examples in the training set.

* Choose the one that achieves the highest accuracy as the decision stump!

Note alternative

processes are
available!
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Building a decision tree

* Now that we can build a decision stump, we can build a larger
decision tree:
 Build the decision stumps;
» Select the overall best decision stump for the classification task;

* Replace leaves that do not achieve sufficient accuracy with new decision
stumps.

e \We can use the notion of Information Gain to choose the most
informative feature!



Entropy and Information Gain

* Information gain tells us how important a feature is.
* We can use this measure to organize/order features in a decision tree.

* Vice versa, entropy measure how disorganized the original set of
input values are.



Entropy and Information Gain

Which test is more informative?

Split over whether Split over whether
saving balance exceeds 100K person is employed
o 0
® o © o
®
e o | ® © e® ©
o ° & % o °
@
® O
"
Saving over 100K ~ Saving Less or Employed Unemployed
Equal 100K

Acknowledgement: Content and Example for this introduction are taken from Shapiro and Stockman (2001)
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Entropy and Information Gain

* Entropy measures the level of impurity in a group of instances



Entropy and Information Gain

* Entropy measures the level of impurity in a group of instances

Which set is pure (not mixed)?

020 O
O O
® o O
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Entropy and Information Gain

* Entropy measures the level of impurity in a group of instances

Which set is pure (not mixed)?
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Entropy and Information Gain

* Entropy measures the level of impurity in a group of instances

Minimum impurity Less impure Very impure
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Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:

E=2X; —p;log, p;
where p; is the probability for class i.
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Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:
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where p; is the probability for class i
09
» QF 16 16 14
+ o
iy Oﬂ E=—_-X logz——— log, - = 0.999
+

<|

0®

Te

%

@ @0



Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:

E=2X; —p;log, p;
where p; is the probability for class i

+ 0o
o® © 2 16 16 | 14 14
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Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:

E=2X; —p;log, p;
where p; is the probability for class i

o
°°+;:.'+ 16 16 14
:‘:.+: ;U E = ~ 30 1082_ — — logz = 0.999
o+ + "
+ T+

* |t comes from information theory.

Developed by Shannon for code-breaking and secure telecommunications.
http://cm.bell-labs.com/cm/ms/what/shannonday/shannon1948.pdf
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Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:
E=2X; —p;log, p;
where p; is the probability for class i.
* The higher the entropy the more the information content.



Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:
E=2; —p;log, p;
where p; is the probability for class i.

* The higher the entropy the more the information content.
* For a set of two things/labels, when do we have the highest entropy?



Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:
E=2; —p;log, p;
where p; is the probability for class i.

* The higher the entropy the more the information content.
* For a set of two things/labels, when do we have the highest entropy?
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Entropy and Information Gain

* Entropy is a common mathematical tool to measure impurity:

E=2%; —p;logz p;
where p; is the probability for class i.
* The higher the entropy the more the information content.

* What does entail for learning from examples?!



Entropy and Information Gain

* Let’s concentrate on a binary class problem:

* What is the entropy of a group in which all examples belong to
the same class?
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Entropy and Information Gain

* Let’s concentrate on a binary class problem:

* What is the entropy of a group in which all examples belong to
the same class?

* TheanswerisE=—1log,1 =10

* What is the entropy of a group in which with 50% in either class?
* The answer is E = —0.50log, 0.50 — 0.5010g, 0.50 =1



Entropy and Information Gain

* We would like to find which feature in a given set of features is most
discriminative between classes to be learned.

* Information gain tell can tell us how important a given feature is!

* We use that to decide the order of features/decision nodes in a
decision tree!



Entropy and Information Gain

I/.ﬂ %Rl

o O
o o .tr _‘,/

Entropy = 0.787
o ®'o |
® | n
\JF_JF o.o.\
e 8e°
& K

Entropy = 0.996

Entropy = 0.391
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Entropy and Information Gain

-.h* \/\
/CF Entropy = O 787

\ . . Weighted Average Entropy for Children =
. 17 13
+++ —L % 0.787 + = x 0.391 = 0.615

GO
%, 'Y

Entropy = 0.391

Entropy O 996
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Entropy and Information Gain
@ \

/ﬁr ntropy O 7877

\ | Weighted Average Entropy for Children =
‘ . . 17 13
+ 4 ~ % 0.787 + == x 0.391 = 0.615

Entropy = O 996

.+++ /. \ 30 30
® ;

:i’ @
. Information Gain =
o 8 .o »' 0.996 - 0.615 = 0.38

Entropy O 391
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Entropy-Based Decision Tree Construction

* To construct a decision tree we must answer two questions (reminder):

 What features and what values must be used?

 ID3 (Iterative Dichotomiser 3) by Quinlan exploits information gain to
construct a decision tree!

* Use entropy to calculate information gain and then answer the above
guestions.



Entropy-Based Decision Tree Construction

Training Set S

Feature A

Find feature A that has the highest
information gain over the training dataset
and make it the root of the tree




Entropy-Based Decision Tree Construction

Training Set S

Y

Set S’

Feature A

o

Find feature A that has the highest
information gain over the training dataset
and make it the root of the tree

S'={s €S| value(4) = v}

Construct child nodes for each value of A,
i.e. find a subset of training samples of
which A has certain value.




Entropy-Based Decision Tree Construction

Training Set S

Y

Set S’

Feature A

Find feature A that has the highest
information gain over the training dataset

and make it the root of the tree
vy

S'={s €S| value(4) = v}

Construct child nodes for each value of A,
i.e. find a subset of training samples of
which A has certain value.

Repeat recursively until certain
conditions are met!




Entropy-Based Decision Tree Construction

Find feature A that has the highest
Training Set S Feature A information gain over the training dataset

and make it the root of the tree
S

Set S’ S'={s € S| value(A) = v,}

Construct child nodes for each value of A,

i.e. find a subset of training samples of Until all the elements of the S’ are
which A has certain value. the same, or there is no more

feature to be used!




Entropy-Based Decision Tree Construction

>>> 1mport math def entropy(labels):
freqdist = nltk.FregDist(labels)
probs = [freqdist.freq(l) for 1 in freqdist]
return -sum(p * math.log(p,2) for p in probs)
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Entropy-Based Decision Tree Construction

>>> 1mport math def entropy(labels):
freqdist = nltk.FregDist(labels)
probs = [freqdist.freq(l) for 1 in freqdist]
return -sum(p * math.log(p,2) for p in probs)

>>> print(entropy(["male®, "male®, "male®, "male™]))
0.0

>>> print(entropy(["male®, “female®, "male®, "male"]))
0.811
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Decision Trees: a summary

* Some of Advantages:
* Decision trees are easy to understand and interpret.

» Decision trees are very well suited for hierarchical classification task.
distinctions can be made.

Phylogeny trees
depressive neurosis tension headache ‘ affective psychosis

anxiety neurosis insomnia schizophrenia alcoholism and drug
dependence




Decision Trees: a summary

e Some of Disadvantages:

» Decision trees are prone to overfitting, specifically at lower decision nodes
(can you explain why?); although some solutions are available:
e Stop dividing nodes once the amount of training data becomes too small.

* Using pruning, i.e. reduces the size of decision trees by removing nodes that do not
improve performance on a dev-test.



Decision Trees: a summary

e Some of Disadvantages:

» Decision trees are prone to overfitting, specifically at lower decision nodes
(can you explain why?); although some solutions are available:
e Stop dividing nodes once the amount of training data becomes too small.
* Using pruning, i.e. reduces the size of decision trees by removing nodes that do not
improve performance on a dev-test.
* They force features to be checked in a particular order, which often results in
huge decision trees:
* E.g.in document classification some words are strong indicative of labels independently.

These words are pushed to the bottom of the tree and repeated in different branch (an
exponential growth!).



Alternatives to Decision Trees

* As discussed, decision trees check features in a specific order, one at a
time and that is not desirable!

* We can however check features in parallel!

* To do so, we can use joint probabilities as well as conditional
probabilities!



Alternatives to Decision Trees

* As discussed, decision trees check features in a specific order, one at a
time and that is not desirable!

* We can however check features in parallel!

* To do so, we can use joint probabilities as well as conditional
probabilities!

Joint probabilities
/ Naive Bayes

check features
in parallel

\ Conditional probabilities

Maximum Entropy



Joint Probability & Conditional Probability

* To review these concepts, we start with the famous “Sex, Math and
English” example

Math English Total
Female 1 17 18
Male 37 20 57

Total 38 37 75

Acknowledgement: Slides for this section are based on materials from Mark Liberman and Stephen Isard
(see http://www.ling.upenn.edu/courses/cogs501)




Joint Probability & Conditional Probability

* To review these concepts, we start with the probability of picking
a female math

English” example: professor!

Math English Total P(female, Math) = .013 Math English Total

Female 1 17 18 P(female, English) = .227 Female .013  .227 .240

P(male, Math) = .493
Male 37 20 57 Male .493 .267 .760

P(male, English) = .267

Total 38 37 75 Total .506 494 1.00

"joint distribution" of sex and

joint probabilities®, department: probabilities of

which are symmetric!

Number of enrolled

students by their
gender

picking a female or male for
each subject in the whole set




Joint Probability & Conditional Probability

* Let’s start with a little game, we want to guess the sex:

Math English Total P(male) =57/75 = .760
P(male, math) = 37/75 = .493
Female 1 17 18
P(male | math) = 37/38 = .974
Male 37 20 57 P(math | male) = 37/57 = .649

Total 38 37 75



Joint Probability & Conditional Probability

* Let’s start with a little game, we want to guess the sex:

The probability of
P(male) =57/75 = .760 bumping into a male

professor

Female

Male

Total
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Joint Probability & Conditional Probability

* Let’s start with a little game, we want to guess the sex:

Math English Total

The probability of

P(male, math) = 37/75 = .493 bumping into a male
Female 1 17 18 math professor

Male 37 20 57

Total 38 37 75



Joint Probability & Conditional Probability

* Let’s start with a little game, we want to guess the sex:

The probability of

Female bumping into a male

P(male | math) = 37/38 = .974 professor in the math
Male department!
Total
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Joint Probability & Conditional Probability

* Let’s start with a little game, we want to g

The probability of bumping into a
math professor in the male employees
of the department! Formally, read it as

“the probability of male given math”

Math English Total

P(math | male) = 37/57 = .649




Joint Probability & Conditional Probability

* Let’s start with a little game, we want to guess the sex:

Math English Total P(male) =57/75 = .760
P(male, math) = 37/75 = .493
Female 1 17 18
P(male | math) = 37/38 = .974
Male 37 20 57 P(math | male) = 37/57 = .649

Total 38 37 75

These probabilities are

different because they
represent different
assumptions!




Joint Probability & Conditional Probability

e Please think about these numbers, write down the table and calculate
the numbers again!



Joint Probability & Conditional Probability

* Would it be possible to calculate conditional probabilities from the
joint distributions?!
Math English Total
Female .013 227 .240
Male .493 .267 .760

Total .506 494 1.00



Joint Probability & Conditional Probability

* Would it be possible to calculate conditional probabilities from the
joint distributions?! Let’s say P(male | math)
Math English Total
Female .013 227 .240
Male .493 .267 .760

Total .506 494 1.00



Joint Probability & Conditional Probability

* Would it be possible to calculate conditional probabilities from the
joint distributions?! Let’s say P(male | math)

Math
. Would you say P(male | math) = 493/506 = .9747
Female .013
Male .493

Total .506
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Joint Probability & Conditional Probability

* Would it be possible to calculate conditional probabilities from the
joint distributions?! Let’s say P(male | math)

Would you say P(male | math) = 493/506 = .9747

Female .013 | P(male | math) = P(male, math) / P(math)

Male .493

Total .506
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Joint Probability & Conditional Probability

* Would it be possible to calculate conditional probabilities from the
joint distributions?! Let’s say P(male | math)

Would you say P(male | math) = 493/506 = .9747

Female .013 | P(male | math) = P(male, math) /7 P(math)

Male 493 P(A| B) =P(A, B) 7 P(B)

Total .506
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Bayes’ Theorem

e So far we know that:

1]

P(A | B) =P(A, B) / P(B)
P(B | A) =P(B, A) / P(A)
P(A, B) = P(B, A)



Bayes’ Theorem

* So far we know that:

1] P(A | B) =P(A, B) / P(B)

2] P(B | A)=P(B, A) / P(A)

3] P(A, B) =P(B, A)

Using simple math [1] and [2] can be written as:
P(A | B) P(B) = P(A, B)
P(B | A) P(A) = P(B, A)




Bayes’ Theorem

* So far we know that:

1] P(A | B) = P(A, B) / P(B)

2] P(B | A) =P(B, A) / P(A)

3] P(A, B) =P(B, A)

Using simple math [1] and [2] can be written as:
P(A | B) P(B) = P(A, B)
P(B | A) P(A) =P(B, A) Theore,,

Using [3] we arrive to:
P(A | B)P(B)=P(B | A) P(A) and thus P(A | B) =P(B | A) P(A) / P(B)

Baye S’




Why is it a big deal?!

* Think about the relationship between evidence and theory, or feature
and class label!

* Suppose we have a set of class labels C;, C,, ..., and we've observed
some features.

* We'd like to pick the class label that is more likely to be true given our
observations.



Why is it a big deal?!

* Think about the relationship between evidence and theory, or feature
and class label!

* Suppose we have a set of class labels C;, C,, ..., and we've observed
some features.

* We'd like to pick the class label that is more likely to be true given our
observations.

* This can be formulated by conditional probability P(C | E), i.e. the
probability of class label given observed features.
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Why is it a big deal?!

* The classification problem can be solved by calculating P(C | E) for
each class label and picking the maximum P(C | E).

* Now, we can use the Bayes theorem to estimate the P(C | E)
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* The classification problem can be solved by calculating P(C | E) for
each class label and picking the maximum P(C | E).

* Now, we can use the Bayes theorem to estimate the P(C | E)
* Let’s solve the problem:
P(C | E) =P(E | C) P(C) / P(E)
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training data to
calculate these
probabilities?




Why is it a big deal?!

* The classification problem can be solved by calculating P(C | E) for
each class label and picking the maximum P(C | E).

* Now, we can use the Bayes theorem to estimate the P(C | E)

* Let’s solve the problem:
P(C | E) =P(E | C) P(C) / P(E)

Math English Total

Female 1 17 18

Can’t
an twe use Male 37 20 57

training data to

calculate these
probabilities? Total 38 37 75




Why is it a big deal?!

* The classification problem can be solved by calculating P(C | E) for
each class label and picking the maximum P(C | E).

* Now, we can use the Bayes theorem to estimate the P(C | E)
* Let’s solve the problem:
P(C| E)=P(E | T) P(T) / P(E) The best class label
ARGMAX: P(E | C) P(C)

accordingly!




Why is it a big deal?!

* The classification problem can be solved by calculating P(C | E) for
each class label and picking the maximum P(C | E).

* Now, we can use the Bayes theorem to estimate the P(C | E)
* Let’s solve the problem:
P(C | E)=P(E | T) P(T)/ P(E) The best cla
ARGMAX; P(E | C) P(C) accord!

Bayes rule is a mathematical formulation of Hermann von Helmholtz
statement: what we perceive is our "best guess" given both sensory data
and our prior experience.
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Naive Bayes Classifiers

 What if we have a set of features instead of one?

* ji.e. if we want to decide class labels by observation made over a feature set?
* Or, how to calculate P(C; | E; ... E,) !



Naive Bayes Classifiers

 What if we have a set of features instead of one?
* ji.e. if we want to decide class labels by observation made over a feature set?

* Or, how to calculate P(C; | E; ... E,) !
* Let’s use the Bayes theorem and the chain rule:

P(C | E,...E))=P(C) P(E,... E,] C)
= PC) P(ELICHP(E,... E | G Ep)
=P(C) P(EL | CHP(E;| C E))P(Es... Ef | G By Ey)
=P(C) P(ELI CHP(E;| G Ey) ... P(Enl G Eq B, Enq)



Naive Bayes Classifiers

 What if we have a set of features instead of one?
* ji.e. if we want to decide class labels by observation made over a feature set?
* Or, how to calculate P(C; | E; ... E,) !

* Let’s use the Bayes theorem and the chain rule:

Here naivety can
plays a role!!!

P(Ci| E;... E)=P(C) P(E;... E, | C)
=P(C) PELICHP(E... B | G Ey)



Naive Bayes Classifiers

 What if we have a set of features instead of one?

* i.e. if we want to decide class labels Q a0
+ Or, how to calculate P(C; | E, ... g Let’s assume that each feature E; is

- Let’s use the Bayes theorem and t conditionally independent of every
other E; fori#j

P(C | E,...E))=P(C) P(E,... E,] C)
= PC) P(ELICHP(E,... E | G Ep)
=P(C) P(EL | CHP(E;| C E))P(Es... Ef | G By Ey)
=P(C) P(ELI CHP(E;| G Ey) ... P(Enl G Eq B, Enq)
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Naive Bayes Classifiers

 What if we have a set of features instead of one?

* i.e. if we want to decide class labels hyuahsa 0 2
+ Or, how to calculate P(C; | E, ... g Let’s assume that each feature E; is

- Let’s use the Bayes theorem and t conditionally independent of every
other E; fori#j

P(C | E,...E))=P(C) P(E,... E,] C)
= PC) P(ELICHP(E,... E | G Ep)
=P(C) P(EL | CHP(E;| C E))P(Es... Ef | G By Ey)
=P(C) P(ELI CHP(E;| G Ey) ... P(Enl G Eq B, Encq)




Naive Bayes Classifiers

e What if we have a set of features instead of one?

* i.e. if we want to decide class labels a0
« Or, how to calculate P(C; | E, ... g Let’s assume that each feature E; is

. Let’s use the Bayes theorem and tH conditionally independent of every
other E; fori#j

P(C,|E,...E)D)=P(C) P(E;...E,| C)
=P(C) P(ELI CHP(Ez... B, | G Ep)
=PC)PELICIPEICEDP(E;... E | C, E; Ey)
under our naive =PC)PELICHPESICGE)...P(ELl C EL E5  Efy)
assumption ~ n
(independence ~ P(Cl) Hi=1 P(EL|C)

assumption)




Naive Bayes Classifiers

 Now that we have a clear picture of what is going on (hopefully), the
classification task can be easily formalized by:

n
Classify(E4, ..., E,) = argmaxP(C = c) l_IP(Ei = ¢;|C = ¢)
C
i=1



Naive Bayes Classifiers

* Now that we have a clear picture of what is going
classification task can be easily formalized by:

n
Classify(E4, ..., E,) = argmaxP(C = c) HP(Ei = ¢;|C = ¢)
C

Prior Probabilities Feature Contributions

P(label)_ P(f, llabel) P(f, llabel)

2
=1
=1
7

Text Mining Project --- Behran 109

qe]

YL |

(M Ly jaqeng

SPODI I

sports
sports

murder mystery |— 1
=
ys
- 'v
>
=

murder mystery
automotive

automotive
automotive

murder mystery




Problems with Naive Bayes Classifiers (1)

 What if in a training set a certain feature does not appear with a
certain class label, i.e. P(E|]C) = 07!

* The class label likelihood in this situation is 0 and thus regardless of other
features, an input will never be assigned this label!

* Therefore, does a zero count shows an impossible event?!



Problems with Naive Bayes Classifiers (1)

 What if in a training set a certain feature does not appear with a
certain class label, i.e. P(E|]C) = 07!

* The class label likelihood in this situation is 0 and thus regardless of other
features, an input will never be assigned this label!

* Therefore, does a zero count shows an impossible event?!
* For several reasons, the answer can be “NO”!

e Use smoothing to address the limitation stated above:

 Estimate the value of P(E|C) using technigues other than simple counting:
* Additive counting (generally a horrible choice!!!), Good-Tring smoothing, ...
- nltk.probability implements a number of smoothing methods.

 Also, see Bill MacCartney’s tutorial slides on smoothing (goo.gl/9LCfHE)




Problems with Naive Bayes Classifiers (2)

* What if we want to decide about labels based on multiple features?
e Put it simply, we question the naive independence assumption!

* In other words, using the Naive Bayes Classifiers we cannot incorporate
complex features when making decisions about class labels.



Problems with Naive Bayes Classifiers (2)

* What if we want to decide about labels based on multiple features?
e Put it simply, we question the naive independence assumption!

* In other words, using the Naive Bayes Classifiers we cannot incorporate
complex features when making decisions about class labels.

* For example:

* |Is it reasonable to assume independence between Bavaria and WeilRbier?

* Or, is it reasonable to assume that the features ends-with(a) and ends-
with(vowel) are independent from each other?.



Problems with Naive Bayes Classifiers (2)

* What if we want to decide about labels based on multiple features?
e Put it simply, we question the naive independence assumption!

* In other words, using the Naive Bayes Classifiers we cannot incorporate
complex features when making decisions about class labels.

* For example:
* |Is it reasonable to assume independence between Bavaria and WeilRbier?

* Or, is it reasonable to assume that the features ends-with(a) and ends-
with(vowel) are independent from each other?.

* Bird et. al. describe this as the double counting-counting problem!



Double-Counting Problem

* During training, the contribution of dependant features are computed
separately, i.e. the calculation of P(feature, label);

* But when using the classifier to choose labels for new inputs, feature
contributions are combined, i.e. we use [] P(feature, label).



Double-Counting Problem

* During training, the contribution of dependant features are computed
separately, i.e. the calculation of P(feature, label);

* But when using the classifier to choose labels for new inputs, feature
contributions are combined, i.e. we use [] P(feature, label).

 Solution:
* Do not assume the conditional independence between features!
e Put it simply, this statement means “do not use Naive Bayes Classifiers”!



Double-Counting Problem

* During training, the contribution of dependant features are computed
separately, i.e. the calculation of P(feature, label);

* But when using the classifier to choose labels for new inputs, feature
contributions are combined, i.e. we use [] P(feature, label).

 Solution:
* Do not assume the conditional independence between features!
e Put it simply, this statement means “do not use Naive Bayes Classifiers”!

* Use Maximum Entropy Classifiers (a logistic regression technique).



Maximum Entropy Models

* What is the discarding of the assumption of independence in Naive
Bayes Approach means?

P(C | E,...E))=P(C) P(E,...E,] C)

= P(C) P(E1 | C) P(E;... E, | G Ey)
P(C) P(EL ] CHOPEIC ED)P(Es... En | G By E)
P(C) P(EL I C)P(EzI Ci Ey) ... P(Enl C; By By | Eng)



Maximum Entropy Models

* What is the discarding of the assumption of independence in Naive
Bayes Approach means?

P(C | E,...E))=P(C) P(E,...E,] C)

= P(C) P(E1 | C) P(E;... E, | G Ey)
P(C) P(EL ] CHOPEIC ED)P(Es... En | G By E)
P(C) P(EL I C)P(EzI Ci Ey) ... P(Enl C; By By | Eng)

* Lets continue with Mark Johnson’s slides (goo.gl/k4TYnd)




Next Session: syntax and parsing!
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