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Outline for March 1

* Evaluation metrics
— Precision and Recall
— Confusion matrices revisited
— ROC curves
— Relationship to probabilistic methods
— Cross-validation

* Lab 4 due March 8 (week from today)
e Office hours TODAY 1-3pm



Outline for March 1

— Precision and Recall



Thanks for all your work on the exam!

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE. WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

,_\’\.




Goals of Evaluation

* Think about what metrics are important for
the problem at hand

 Compare different methods on the same
problem

e Common set of tools that other
researchers/users can understand



Precision and Recall

* Precision: of all the “flagged” examples, which
ones are actually relevant (i.e. positive)?

* Recall: of all the relevant results, which ones
did | actually return?




Precision and Recall

* Precision: of all the “flagged” examples, which
ones are actually relevant (i.e. positive)?

(Purity)

* Recall: of all the relevant results, which ones
did | actually return?

(Completeness)



Precision and Recall
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* Precision?

e Recall?

Modified from Ameet Soni



Precision and Recall
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* Precision = TP/(FP+TP) = 3/5

e Recall?

Modified from Ameet Soni



Precision and Recall

Go gle sara mathieson a !; Q HH o e
All News Images Videos Shopping More Settings Tools ﬂ Collections  SafeSearch v P=6 ( n u m be r Of
; images that are

cool math linkedin saramathieson contactout aberdeen computer science katherine monro swarthmore dusuo swarthmor

actually me)

—
Sara Mathieson Sara Mathieson | Smith College Sara Mathieson on Twitter: "Our new ... Sara Mathieson | FGBurnett... sara mathieson (@SaraMathieson) | Twitter
cs.swarthmore.edu smith.edu twitter.com fgburnett.co.uk twitter.com

* Precision = TP/(FP+TP) = 3/5

e Recall = TP/(FN+TP) =3/6

Modified from Ameet Soni



Precision and Recall
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Outline for March 1

— Confusion matrices revisited



Recap Confusion Matrices

Predicted class

Negative Positive
, True negative False positive
Negative (TN) (FP)
True
class
Positive False negative True positive
(FN) (TP)




Recap Confusion Matrices

Predicted class

Negative Positive
, True negative False positive .
Negative (TN) (FP) N (total number of true negatives)
“false alarm”

True
class

Positive | alse negative True positive P (total number of true positives)

(FN) (TP)
“miss”

N* (what we said  P* (what we said was
was negative) positive “flagged”)



Recap Confusion Matrices

Predicted class

Negative Positive
, True negative False positive N
Negative (TN) (FP)
J “false alarm’y
True x
class
- False negative True positive P
Positive (FN) (TP)
“miss” x

N* p*



Negative

True
class

Positive

Recap Confusion Matrices

Predicted class

Negative ositive
égative False posi}
(TN) (FP)

“false alarm”
False negative True positive
(FN) (TP)
“miss”
N* p*

Error:
(FN+FP)/(TN+FP+FN+TP)

= (FN+FP)/(N+P)



Negative

True
class

Positive

Recap Confusion Matrices

Predicted class

Negative ositive
égative False posi}
(TN) (FP)

“false alarm”
False negative True positive
(FN) (TP)
“miss”
N* p*

Accuracy = 1-Error:
(TN+TP)/(TN+FP+FN+TP)

= (TN+TP)/(N+P)



Negative

True
class

Positive

Recap Confusion Matrices

Predicted class

Negative

Positive

True negative

False positive

(TN) (FP)
“false alarm”
False negative True positive
(FN) (TP)
IlmiSSII
N* p*

Precision:

TP/(FP+TP) = TP/P*



Negative

True
class

Positive

Recap Confusion Matrices

Predicted class

Negative

Positive

True negative
(TN)

False negative
(FN)
IlmiSS”

N*

False positive
(FP)
“false alarm”

True positive
(TP)

P*

P

Recall
(True Positive Rate):

TP/(FN+TP) = TP/P



Negative

True
class

Positive

Recap Confusion Matrices

Predicted class

Negative

Positive

True negative
(TN)

False negative
(FN)
“miss”

False positive
(FP)
“false alarm’

U

True positive
(TP)

N*

P*

False Positive Rate:

FP/(TN+FP) = FP/N



Outline for March 1

— ROC curves
— Relationship to probabilistic methods



ROC curve (Receiver Operating Characteristic)
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ROC curve example: comparing methods

True Positive Rate

1.0

0.8

06

0.4

0.2

0.0

ROC Curve Stratified by Location

AUC (area under the curve)
is a good overall metric

—— Location = 0, AUC = 0.991164293155
——— Location = 2, AUC = 0.973799294174
——— Location = 5, AUC = 0.849413300135
——— Location =7, AUC = 0.724406902786

06 0.8 1.0

False Positive Rate

Example of a ROC curve from my research
Chan, Perrone, Spence, Jenkins, Mathieson, Song



How to get a ROC curve for probabilistic methods?

* Usually we use 0.5 as a threshold for binary
classification

e Vary the threshold! (i.e. choose 0.25)

—P(y=1 ] x)>0.25  =>classify as 1 (positive)
— P(y=1 | x) <=0.25 => classify as 0 (negative)



Example from last time
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