Terminology and Evaluating Hypotheses

o Statistics
— Basicterms
— Sampleerror, true error
— Distributions
— Cost/utility
— Testsfor significance

Basic Statistics Terms

» Sample mean— average of asample of numbers
men =y =4 (y, +y,+ ¥, ..+ Y,)

» Sample median— middle (in sorted order) of a
sample of numbers

¢ Sample mode — sample value appearing most
frequently
(- 9P+ 0y, - 9P +(ys - 9+ *(y,- IF

* variance=var, =s =

n-1
. jati = 2
« Comparing Learning Methods standardleviations , = s ,
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Data Sets Data Set Concepts

« Data set— set of examples of aproblem
« Feature (attribute,field,variable) — one value that defines an
instance
— Categorica (nominal) with aset of possible values versus
continuous (qualitative) — numeric range of possible values

— Input feature (independent variable) versus output feature
(dependent variable)

— Can bemissing (value not known)
« Example (instance, case, record, feature vector, tuple) — the

SHIDE

yes Nose Head Fcolor Har? Smile?
Round Triangle Round Purple  Yes Yes

values of theinput (and in some cases output) features of Square Square Square Green  Yes No
variables Square Triangle Round Yellow Yes Yes
. Skew_ed data set— one class occurs far more than others Round Triangle Round Gremn  No No
¢ Multi-classproblem — more than 2 output values
: . " Square Square Round Yellow Yes Yes
« Regression problem — output valueis continuous
CS8751ML & KDD Evaluating Hypotheses 3 CS8751 ML & KDD Evaluating Hypotheses 4
Data Sets (continued) Evauating Models

« Training data set— the set of data used to learn
(create) amodel of aproblem
¢ Test data set—the set of dataused to estimate
some value (often accuracy) related to amodel
¢ Validation set —a set of data used to select
parameters for amodel, often as follows
— Dividetraining datainto a“sub” training set and
validation set
— For each possible set of parameters

« Create amodel using the “sub” training set

« Evaluate the model on the validation set and pick the one that
performs the best
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» Need ameasure of value —the cost (loss, utility)
of amodel

« Often use accuracy (or error)
— Accuracy —how many examples we get “right”
— Error — how many examples we get wrong

¢ Can be weighted

— If examples are not equal, could count the cost (or
utility) of mispredicted (correct) examples
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Confusion Matrix

Predicted

Positive Negative Total

Positive | TruePositive (TP) False Negative (FN) | #Positives

Actua

Negative | FalsePositive(FP) | True Negative (TN) | #Negatives

Total TP+FP FN+TN #Examples

« Accuracy = (TP+TN) / #Examples

« Error = (FP+FN) / #Examples

« Recall (sensitivity, true positive rate) = TP/ #Positives
¢ Precision=TP/(FP+TP)

« True Negative Rate (specificity) = TN / #Negatives

* FalsePositive Rate= FP/ (FP+TP)

« FalseNegative Rate = FN / #Negatives
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Confusion Matrix — Multi Class

» For many problems (especially multiclass
problems), often useful to examine the sources of
error

¢ Confusion matrix:

Predicted
ClassA | ClassB | ClassC | Tota
ClssA | 25 5 E) 50
‘g ClsB | 0 75 5 50
3 [ Casc| 25 0 = 50
Tod | 50 | 50 EY 150
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Results Anadlysis. Confusion Matrix

« Building a confusion matrix
— Zeroall entries
— For each data point add onein row corresponding to
actual class of problem under column corresponding to
predicted class
* Perfect prediction has al values down the
diagona
« Off diagonal entries can often tell us about what is
being mis-predicted
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Problems Estimating Error
1. Bias If Sistraining set, errorgh) is optimistically
biased
bias® Eferrors(h)]- error, (h)

For unbiased estimate, h and S must be chosen
independently

2. Variance: Even with unbiased S, errorgh) may
still vary from errorp(h)
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Two Definitions of Error

Thetrue error of hypothesish with respect to target functionf
and distribution D is the probability that h will misclassify
an instance drawn at random according toD.

error (h)° L?E[f () h(x)]

The sample error of h with respect to target functionf and
datasample Sis the proportion of examplesh misclassifies

errory(h) © %éd (f(x) * hx))
whered (f (x)* h(x))islif f(x) * h(x),and Ootherwis

How well doeserrord h) estimate errory( h)?
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Example

Hypothesis h misclassifies 12 of 40 examplesinS.

errorg(h) =£11—§:.30

What is errory(h)?
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Estimators

Experiment:

1. Choose sample Sof size n according to
distribution D

2. Measure errorgh)

errorg(h) isarandom variable (i.e., result of an
experiment)

errorg(h) isan unbiased estimator for errory(h)

Given observed errorg(h) what can we conclude
about errory(h)?
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Confidence Intervas
If

« Scontains n examples, drawn independently of h and each
other

« N3 30

Then

*  With approximately N% probability, error 5(h) liesin
interval

error,(h)+ 2, | S0 (NA- erros ()
n

where
N%:| 50% 68% 80% 90% 95% 98% 99%
z,: |0.67 1.00 1.28 1.64 1.96 2.33 2.53

N
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Confidence Intervals
If

« Scontains n examples, drawn independently of h and each
other
« N330

Then
« With approximately 95% probability, errorh) liesin
interval

error.(h)+1.96/ s A- errors(n)
S - n
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errorg(h) isaRandom Varigble

* Rerun experiment with different randomly drawnS(size n)
» Probability of observingr misclassified examples:

Binomial distribution for n=40, p=0.3
0.14

0.12 i
0.10

~0.08
%006 I

0.04

4 N
S I,

0.00 T T T T
0 5 10 15 20 25 30 35 40
i

P(r) :Lerrog,(h)’(l» errog (h)™"
ri(n-r)!
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Binomial Probability Distribution

Binomial distribution for n=40, p=03

_n
P(r)_r!(n—r)

ProbabiltyP(r)of r headsinncoinflips,if p=Pr(heads)

Expected,or mean valueof X: E[X] ° ;‘i iP(i)=np

i=0

- Varianceof X: Var(X)° E[(X - E[X])]] =np(l- p)

-p'(L- p)™'

- Standarddeviatiorof X : s, © {JE[(X - E[X])?] =/np- p)
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Normal Probability Distribution

Normal distribution with mean 0, standard deviation 1

os L

o 7—X P(1) = ——= — e
ya N

oss / N 2ps

. ya

o

0

3 25 -2 45 -1 05 0 05 1 15 2 25 3

The probabiliy thatX willfallintotheintervala,b)sgivenby

b

Q P(x)dx
Expected,or mean valueof X: E[X] =p

- Varianceof X: Var(XFs?
Standarddeviatiorof X: sy =s
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Norma Distribution Approximates Binomial
error,(h) followsa Binomialdistributbn, with
MEANHgror (ny = EMTOR, (h)
standarddeviation

s _ ’errorD(h)(l— error, ()
errors (h) n

Approximate thisby a Normal distributbn with
meany, =error, (h)

errors(h)

standarddeviation

S ey ’errorS (h)(lr; errorg(h))
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Normal Probability Distribution

. AN

. 7 by

7 AN
0.0 e ~.

80%of area(probabilty)liesinm+1.28
N%of area(probabiliy)liesinmz z,s

N%:| 50% 68% 80% 90% 95% 98% 99%
zy: |0.67 1.00 1.28 1.64 1.96 2.33 2.53
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Confidence Intervals, More Correctly

If

. gtﬁcérrltai ns n examples, drawn independently of h and each
e N3 30

Then

* With goproximately 95% probability, errord h) liesin
interv

error ()19 errog, (h)(- errog (h))
SWEN q}—
n
« equivalently, erroro(h) liesininterval
error(h)+1.9 errog (h)(1- errog (h))
n
« whichisapproximatel
error,(h)£1.9 errorg(h)(1- errorg(h))
()1, (%I—
n
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Cdculating Confidence Intervas

Pick parameter p to estimate

erroryh)

Choose an estimator

errord h)

Determine probability distribution that governs estimator

« errord h) governed by Binomial distribution, approximated
by Normal whenn?3 30

4. Find interval (L,U) such that N% of probability massfalls
intheinterval

* Usetableof zyvalues

=

N

w e
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Centra Limit Theorem

Considera setof independert, identicaly distributel randor
variablesY %4Y,, all governedby an arbitrary probabiliy distributon
withmean mandfinitevariances 2. Definethe samplemean

Central Limit Theorem. Asn® ¥, thedistributiongoverning¥
2
approachesa Normdl distributon, withmean m andvariances?.
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Difference Between Hypotheses

Testh,onsample S, testh, on S,

1. Pick parameterto estimate
de errory(h,)- errory, (h,)

2. Choose an estimator
de errorg (h)- errorg (h,)

3.Determineprobability distributi on that governs estimator

]errorsl(h)(l- errorﬁ(h1))* errorsz(hz)(l- errorsz(hz))

Sy » n n

4. Findinterval (L, U) such that N%of probability massfalls
intheinterval

‘V’errors(hl)a.— errorg (h)) N errorg (h))@L- errorg (h,))

n n,
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d+z,




Paired t test to Compare h,,hg

1.Partitiomlatai ntok disjoint éstsetsT,, T,,..., T, of
equalsize,wherethi ssizeisat | east30.
2.Forifrom1tokdo

d;~ errog(h,)- errog (hg)
3.Return thealual,where

Tolda,
K =1
N%confidencentervalestimatefor d :
d *ty,S
o =LA -T)
k(k-1) %

Note d, approximeely Normé#ly distruted
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N-Fold Cross Validation

» Popular testing methodol ogy
» Divide datainto N even-sized random folds
e« Forn=1toN
— Train set = all folds except n
— Testset=foldn
— Createlearner with train set
— Count number of errorson test set
e Accumulate number of errors across N test sets
and divide by N (result is error rate)
* For comparing agorithms, use the same set of
foldsto create learners (results are paired)
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N-Fold Cross Validation
« Advantages/disadvantages

— Estimate of error within asingle data set
— Every point used once as atest point

— At the extreme (when N = size of data set), called
|eave-one-out testing

— Results affected by random choices of folds (sometimes
answered by choosing multiple random folds—
Dietterich in apaper expressed significant reservations)
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Receiver Operator Characteristic
. (ROC) Curves
« Originally from Signal detection

» Becoming very popular for ML
e Usedin:
— Two class problems
— Where predictions are ordered in some way (e.g., neural network
activation is often taken as an indication of how strong or weaka
prediction is)
» Plotting an ROC curve:
— Sort predictions (right) by their predicted strength
— Start at the bottom left
— For each positive example, go up 1/P units where P is the number
of positive examples

— For each negative example, go right /N unitswhere N isthe
number of negative examples
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ROC Curve
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True Positives (%

ROC Properties

» Can visualize the tradeoff between coverage and accuracy

(aswe lower the threshold for prediction how many more
true positives will we get in exchange for more false
positives)

* Givesabetter feel when comparing algorithms

— Algorithmsmay do well in different portions of the curve

* A perfect curve would start in the bottom left, go to the top

left, then over to the top right

— A random prediction curve would be aline from the bottom left to
the top right

* When comparing curves:

— Can look to seeif one curve dominates the other (is always better)

— Can compare the areaunder the curve (very popular — somepeople
even do t-tests on these numbers)
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