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Our Task:

Given a new tweet about Vegemite, determine the polarity of the tweet:

● positive (POS) or negative (NEG) (assuming we’ve already weeded out the 
neutral)

Resources:

● We have access to a dataset of 5000 tweets about Vegemite, already labeled 
for polarity.

IDEA: Use the joint probabilities we observe of different events happening 
together in order to make predictions. 
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U =         tweets

 | Positive |  = 1200
| Negative | = 400 

| U | = 5000



Probability Review:
Q: What is the probability that you roll a 
20?



Probability Review:
Q: What is the probability that you roll a 
20?

Q: What is the probability that you roll 
two 20s in a row? 



Probability Review:
Q: What is the probability that you roll a 
20?

Q: What is the probability that you roll two 
20s in a row? 

Q: Given that you have already rolled a 20, 
what is the probability that you roll another 
20?
Hint: these are two separate rolling events, and we only 
care about the second one!



Probability Review:
Q: What is the probability that you roll a 20?

A: P(rolling 20) = 1/20

Q: What is the probability that you roll two 20s in a 
row? 

A: P (rolling two 20s) = P(rolling 20) x P(rolling 20)

= 1/20 x 1/20

= 1/400

Q: Given that you have already rolled a 20, what is 
the probability that you roll another 20?

Hint: these are two separate rolling events, and we only care about 
the second one!

A: P(rolling 20 | rolled a 20) = 1 / 20



U =         tweets

 | Positive |  = 1200
| Negative | = 400 

| U | = 5000
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Making Predictions

Question: how do we use our dataset to make automatic predictions about the 
sentiment of a tweet that we have never seen before? 

Answer: First, treat our little dataset like a model of the universe. Then, calculate 
the probability that a tweet is positive, given that we've rolled these particular 
words



It's so . . . easy?

Just find the  probability that a tweet is positive, given that it contains the words "I" and "tried" and "own" and "again" 
and…!

P ( Pos | I  AND tried AND own AND again AND tastes AND good AND mom AND scared )

= (positive tweets containing all of these words) / (tweets containing all of these words)

We just look at our giant chart and find the intersection of all these probabilities!



U =         tweets

 | Positive |  = 1200
| Negative | = 400 

| U | = 5000

“again”     

"tastes"“good”     

“mom”     

“vegemite”     

“own”     

P ( Pos | I  AND tried AND own AND again AND tastes AND vegemite AND mom AND scared )

= (positive tweets containing all of these words) / (tweets containing all of these words)



U =         tweets

 | Positive |  = 1200
| Negative | = 400 

| U | = 5000

“again”     

"tastes"“good”     

“mom”     

“vegemite”     

“own”     

P ( Pos | I  AND tried AND own AND again AND tastes AND vegemite AND mom AND scared )

= (positive tweets containing all of these words) / (tweets containing all of these words)

PROBLEM: 
Language is 
way too clever 
for that!



Workaround: Independence assumption: Treating language like a 20 
sided die

Let's say our vocabulary is 1 million words. A million-sided die 

Then each tweet is like a group of dice rolls.

A10 word tweet is like rolling 10 million-sided dice!



| Negative | = 400| Positive | = 1200

U =         tweets

| U | = 1600 = subjective tweets only!

 | “mom” |  = 7  

|“good”| = 13     

| “scared” | = 4    

|“huh”| = 3    

vocabulary: good, mom, huh, scared



| Negative | = 400| Positive | = 1200

U =         tweets

| U | = 1600 = subjective tweets only!

 | “mom” |  = 7  

|“good”| = 13     

| “scared” | = 4    

|“huh”| = 3    

GOAL:

1. Calculate

P(POS | "good", "mom")

P(NEG | "good", "mom")

 2. compare

vocabulary: good, mom, huh, scared



Histogram

  good           mom     scared      huh 



Histogram

P ("good" | POS ) = 11 / 21

P ("mom" | POS ) = 6 / 21

P ("scared" | POS ) = 1 / 21

P ("huh" | POS ) 3 / 21

  good           mom     scared      huh 
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P ("good" | P ) = .52

P ("mom" | POS ) = .29

P ("scared" | POS ) = .05

P ("huh" | POS ) = .14



Histogram

POS NEG

good            mom        scared      huh good             mom     scared       huh 

P ("good" | POS ) = .52

P ("mom" | POS ) = .29

P ("scared" | POS ) 
= .05

P ("huh" | POS ) 
= .14

P("good" | NEG ) = .33

P("mom" | NEG ) = .16

P("scared" | NEG )
= .5

P("huh" | NEG )
= 0



Probabilities

POS NEG
P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0



Joint Probabilities

POS NEG
P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

Q: Given we have a 2-word positive tweet, What's the probability that it contains 
"good" and "mom"?



POS NEG
P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

Q: Given we have a 2-word positive tweet, What's the probability that it contains 
"good" and "mom"?

P(A,B) = P(A) x P(B) 
P("good", "mom" | POS ) = P("good" | POS) x P("mom"| POS)

Joint Probabilities



POS NEG
P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

Q: Given we have a 2-word positive tweet, What's the probability that it contains 
"good" and "mom"?

P(A,B) = P(A) x P(B) 
P("good", "mom" | POS ) = P("good" | POS) x P("mom"| POS)

PROBLEM: we have          P("good", "mom" | POS )
                    but we want    P( POS | "good", "mom")  

Joint Probabilities



Bayes’ Theorem to the Rescue

https://medium.com/@chonghankhai/bayesian-thinking-in-everyday-life-bf82fe2ab0af

https://medium.com/@chonghankhai/bayesian-thinking-in-everyday-life-bf82fe2ab0af
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Bayes’ Theorem to the Rescue

https://medium.com/@chonghankhai/bayesian-thinking-in-everyday-life-bf82fe2ab0af

Bayesian 
"Priors":

Using the 
prior 
probabilities of 
A and B in our 
dataset

Allows us to invert 
the conditioning of a 
conditional 
probability

https://medium.com/@chonghankhai/bayesian-thinking-in-everyday-life-bf82fe2ab0af


Thomas Bayes

● Philosopher, Presbyterian minister, and 
very influential statistician

● Divine Benevolence, or an Attempt to 
Prove That the Principal End of the 
Divine Providence and Government is the 
Happiness of His Creatures (1731)

● Later became interested in probability
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Bayes to the Rescue

We have a way to get there with Bayes Rule!

P(POS | "good", "mom") 

∝  P("good", "mom" | POS ) x  P(POS) 

P(NEG | "good", "mom", scared" )

∝  P("good", "mom" | NEG ) x  P(NEG) 

Bayesian 
"Priors":

The the 
probability 
that any given 
tweet is POS 
or NEG



Bayes to the Rescue

We can break down the values we want by the values we have

P(POS | "good", "mom", scared", "own" ) 

∝  P("good", "mom" | POS ) x  P(POS) 

P(NEG | "good", "mom", scared" )

∝  P("good", "mom" | NEG ) x  P(POS) 



Applying Bayes Rule

POS

NEG

P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

P("good", "mom" | POS ) = ?

P(POS) = ?

P("good", "mom" | NEG )  = ?

P(NEG) = ?



Applying Bayes Rule

POS

NEG

P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

P("good", "mom" | POS ) 

=  P("good" | POS) x P("mom"| POS) 
=  .52 x .29 x  

=  0.15

P(POS) = 0.75

P("good", "mom" | NEG ) 

=  P("good" | NEG) x P("mom"| NEG) 
=  .33 x .16  

=  0.05

P(NEG) = 0.75



POS

NEG

P ("good" | POS ) = .52
P ("mom" | POS ) = .29
P ("scared" | POS ) = .05
P ("huh" | POS ) = .14

P("good" | NEG ) = .33
P("mom" | NEG ) = .16
P("scared" | NEG ) = .5
P("huh" | NEG ) = 0

P("good", "mom", scared" | POS ) 
= P("good" | POS) x P("mom"| POS)
=  .52 x .29

=  0.15

P("good", "mom", scared" | NEG ) 
= P("good" | NEG) x P("mom"| NEG)
=  .33 x .16 x .5 

=  0.05

P(POS) = .75

P(POS) = .25

Applying Bayes Rule



POS

NEG

P("good", "mom", scared" | POS )  = 0.15

P("good", "mom", scared" | NEG ) =  .05

P(POS) = .75

P(POS) = .25

P(POS | "good", "mom", scared", "own" ) 

∝  P("good", "mom", scared", "own" | POS ) x  P(POS) 

P(NEG | "good", "mom", scared" )

∝  P("good", "mom", scared" | NEG ) x  P(POS) 

Applying Bayes Rule



POS

NEG

P("good", "mom", scared" | POS )  =  0.15

P("good", "mom", scared" | NEG ) =  .0.05

P(POS) = .75

P(POS) = .25

P(POS | "good", "mom", scared", "own" ) 

∝  P("good", "mom", scared", "own" | POS ) x  P(POS) 

∝  0.15 x  0.75 

∝  0.1125

P(NEG | "good", "mom", scared" )

∝  P("good", "mom", scared" | NEG ) x  P(POS) 

∝ 0.05 x  0.25 

∝ 0.0125

Applying Bayes Rule



TA-DA! The Naive Bayes Classifier

Bayesian probability model + decision rule = tweet classifier!

(what we just did)

Decision rule: a way of choosing a label based on the probability estimates. 
Essentially, you look at P(POS|‘good’,'mom', 'scared') and P(NEG|’good’, 'mom', 
scared') and choose the one that’s higher. The fancy word for choosing the label 
with the highest probability is the argmax function.



Problem?

Question: what happens when we run our Naive Bayes classifier on this tweet?



Problems?

● Independence assumption
● sarcasm / irony
● ambiguity
● ….



That all made perfect sense, right?

https://www.youtube.
com/watch?v=8al5cS
QNmME

(Skip to 5:45)

http://www.youtube.com/watch?v=s3A5CKkbH1o
https://www.youtube.com/watch?v=8al5cSQNmME
https://www.youtube.com/watch?v=8al5cSQNmME
https://www.youtube.com/watch?v=8al5cSQNmME




Administrivia

For next class: 

● read the syllabus
● Read golden gate claude blog post (3 mins)
● Watch subliminal messaging video (15 mins)


