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Sets: training, validation and test
[ Je]

We would like to proceed with a supervised classification pro-
blem

o we have the TRAINING SET (TRAIN), which can be used
to create classifiers (i.e., we know class assignment),

o we also have another set with known classes but
independent of = ,

o then we assess the quality of the classifier

ratio of wrong classifications on

o we choose the classifier with the lowest number of errors.



Sets: training, validation and test
oe

VAL needs to be independent of TRAIN ( # TRAIN)!

o otherwise we have a biased (underestimated) error
estimation as the classifier is constructed so that it fits to

TRAIN
We are still left with final estimation of error
o this should not be done on — - we choose a classifier
using it,

o we need another independent sample TEST SET (TEST)

o TEST is not needed, if basing on TRAIN we build only one
classifier — we need only

Data split (TRAIN/VAL/TEST): 50/25/25 (or 60/20/20) — no
definite answer



Cross-validation
[ Je]

Often due to shortage of data we need to refrain from extrac-

ting

i TEST sets. How to proceed then? — We make use

of cross-validation method: its basic concept relies on multi-
ple use of TRAIN set, organized in such way that the bias is as
low as possible.

Q
Q

TRAIN is divided into K (e.g., K = 5) parts
we create K different samples, created by removing from the
original set one of K parts [ FelfelFalF

the classifier is created K-fold times, each time on the basis of a

different sample (i.e., we have K version of the classifier)
L] | 1] | T T 11 [T | [ ]

each K-th version of the classifier is assessed by calculating the
number of incorrect classifications on this part that has not

been used to created K-th sample




Cross-validation
oe

Cross-validation (cntd):
o ¥ of all wrong predictions / total number of cases in TRAIN =
prediction error,
O after choosing the classifier it is created once again — using the
whole TRAIN set,
0 it a so-called k-fold CV; typically K = 5 or K = 10,
o one often uses leave-one-out cross-validation (LOOCV)):

o each sample is created by removing a sibgle observation
(so we have n — 1 elements),

o each classifier version is tested on the remaining single
observation.



Bootstrap
[ Je]

Another, equally often used way to cope with small data sets is
the bootstrap method:
o multiple resampling of TRAIN,

o drawing with replecement from TRAIN of n elements (e.g.,
TRAIN={1,2,3,4,5} — {1,1,2,5,5})

o we create samples (e.g., 1000),

@ no sample consists of all elements from TRAIN, on average the
probability of an element of PU not being drawn is

(1- %)n — e~ 12 0.368, so around 1/3 of elements is not drawn

0 using the drawn n-elemnt samples we create new version of the
classifier
@ for each element of TRAIN we caculate the ratio of wrong
predictions of the given element by all version of the
classifier not using this element in the construction,
Q then we take the mean value of ratios for elements of
TRAIN set



Bootstrap
oe

Two working remarks

@ we need to stress we tacitly assume that the distributions
(inside class, priors etc) are the same as in TRAIN

Q in the last resort it is possible to refrain from setting
VAL, CV or bootstrap and construct the classifier on
TRAIN and assess it also on TRAIN —
RESUBSTITUTION, is used only if we have a very simple
form of discrimination rule



Errors for specific classes
[ Jele}

Costs of wrong prediction can sometimes depend on the class
of the observation
o diagnostic test for a disease - cost(wrongly ill) < cost(wrongly
well)
o creditworthiness assessment - cost(wrongly not capable) <
cost(wrongly capable),
So we do not only want the lowest wrongly assessed cases but
also would like to have bias toward wrongly ill.
In order to assess the errors for specific classes we can make
use of the confusion matrix)

predicted POSITIVE predicted NEGATIVE

actually POSITIVE TRUE POSITIVE (TP) FALSE NEGATIVE (FN)

actually NEGATIVE FALSE POSITIVE (FP) TRUE NEGATIVE (TN)




Bootstrap Errors for specific classes
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validation and test

An example: we have test performed on n = 300 individuals, of
which ny = 100 are actually positive, and n, = 200 are actually

nehative.
predicted POSITIVE predicted NEGATIVE
actually POSITIVE 97 3
actually NEGATIVE 24 176
_ TP+TN 73 _
Accuracy ACC = propnvmprmn = 300 = 0-91
_IN _ TN _
TNR -~ N = TN+FP — 088 Estimation of the probability of predicting a negative

condition, provided the patient is actually negative.

_ TP _
TPR=1¢ = o lEy =0.97
Estimation of the probability of predicting a positive
condition, provided the patient is actually positive.



Errors for specific classes
[e]e] }

Positive predictive value (PPV), Precision

P

PPV =5 1 Fp |
F; measure
£ _oPPVXTPR _ 2TP
" °PPV+TPR 2TP+FP+FN

This is a harmonic mean of precision and recall (but it lacks
TN)

v

Matthews correlation coeff. MCC

B TP x FN — FP x FN
~ (TP + FP)(TP + FN)(TN + FP)(TN + FN)

Similar to Pearson correlation, values in [—1, 1].

Fi




[ Jele}

Different classifiers can be copared in a graphical way using receiver ope-
rating characteristic (ROC) curve. In order to to do this we put FPR =
1 — TNR - false positive ratio on X-axis and TPR on Y -axis.

A B
ROC Space
TP=63 | FP=28 |91 TP=17 | FP=17 |154 T T T T T T T
Pefect Classification Z
FN=37 | TN=72 |109 FN=23 | TN=23 |46 09 Ve
Z
’
100 100 200 100 100 200 Ve
08 Ve -
TPR =063 TPR=0.77 . K
FPR =028 FPR=0.77 c B
07k , N
PPV = 0.69 PPV =0.50 Ve
Z
F1=0.66 F1=0.61 . Ve
206 A / =
ACC = 0.68 ACC=0.50 S v
G e
2 Z
c c S o5 J —
5 e
™ Z
TP=24 | FP=88 (112 =76 | FP=12 |88 & Better Ve
& o4 y .
Z
J
FN=T6 | TN=12 |88 FN=24 | TN=88 (112 Ve
034 Y N
/
100 100 200 100 100 200 // .
TPR=024 TPR=0.76 02~ / c -
e Worse
FPR=0.88 FPR=0.12 Ve
2
PPV =021 PPV =086 o/ B
Z
F1=023 F1=081 Ve
Z
ACC =018 ACC=082 ol I ! 1 1 ! ! 1 1 1
0 01 02 03 04 05 06 07 08 09 1

FPR or (1 - specificity)



[e] e}

ROC can also be used to assess a single classifier in a form of a ROC curve

count

count

name

Let us consider LDA case:

O we obtain class posterior
probabilities p(1|x) and p(2|x)

Q@ typically we assume that if
p(1]x) > T =1/2, then a given
observation is assessed as
being in class 1;

@ however, we can manipulate T,
changing its value from 0 to 1,

O this way we obtain a set of
confusion matrices
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FPR and TPR values shall create a curve. The (AUC - area under curve)
reflects the quality of the classifier.
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Cohen’s x
[ Je]

Cohen’s Kappa coefficient
2x (TP x TN — FN x FP)

R =

(TP + FP) x (FP+ TN) + (TP + FN) x (FN + TN)

This a rather complicated equation so let us just check what is the
definition of kappa:

Cohen’s Kappa coefficient
Po—Pe 1 1—Po

1 —pe _1—pe

Po - relative observed agreement among raters
Pe - probability of chance agreement if done at random



Cohen’s
oe

We have 50 grant applications and

to reviewers: A and B. Let’s
assume that their decision about
the proposals is “Yes” or “No”

A Yes | No
Yes (20 (5
No 10 |15

the observed agreement is
simply equal to accuracy, i.e.,

Do = 20;515 — 07’

however A judged 25 proposal
as “Yes” and 25 as “No", while B
said “Yes” to 30 and “No” to 20,

so the expected probability of
both saying “Yes” is

0.5 x 0.6 = 0.3 and for “No” it is
05x04=0.2,

the overall chance of A and B to
agree is then
pe =0.3+0.2=0.5,

_ 0.7-05 _
then x = 5% =04
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