SNN Example 7: Classification Confidence Thresholds

A neural network processes numeric information. In a classification problem, the desired
output of the neural network is a nominal (i.e. text valued, categorical) variable. To
convert from numeric to nominal form, STATISTICA Neural Networks includes post-
processing functions that compare the activation levels in the output neurons to
classification confidence thresholds, and thus determines the class.

In a two-state classification problem, the Intelligent Problem Solver automatically assigns
a single output unit, the activation of which is in the range (0,1). Two thresholds can A
optionally be set: the accept and reject thresholds. If the activation is above the accept N
threshold, the case is deemed to belong to the second class; if it is below the reject
threshold, the case is deemed to belong to the first class, and if it is in between, the
prediction is deemed to be "unknown" (i.e. the classification is dubious, perhaps
reflecting a point in areas of overlap between the two classes). If the accept threshold is
equal to the reject threshold, then the network always assigns one class or the other;
unknown classifications never occur. A network that can produce an unknown
classification because its accept and reject thresholds are not equal is said to have a
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“doubt option.” e

In a two-class problem, by default the Intelligent Problem Solver automatically assigns a ( Use the thieshalds specified below:
single confidence threshold (i.e. the accept threshold is set equal to the reject threshold) s

such that the misclassification rate on the two classes are equalized. Alternatively, you [ H

can set the classification thresholds explicitly on the Thresholds tab of the IPS.
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In a classification problem with more than two states, such
as the Iris problem, STATISTICA Neural Networks assigns
one output unit for each class. By default, the class is
simply assigned to the highest activation output unit (the
so-called "winner-takes-all" algorithm). Alternatively, you
can again specify that classification thresholds be used on
the Thresholds tab. The post-processing function checks
that one of these units has an activation above the accept
threshold and the others below the reject threshold, in
which case the predicted class is given by the winning unit.
If no unit is a clear winner, then the prediction is
"unknown."
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Clazzification thresholds

(* Assign to highest confidence
(" Use the thresholds specified belaw:
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;2. Intelligent Problem Solver: Irisdat

Dependent: |IRISTYPE
Independent: SEPALLEN-PETALWID
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Classification thresholds
(" Assign to highest confidence

(¢ Use the thresholds specified below:

Accept: |J3 @
Reject: |,1 @

@

o

In the Classification spreadsheet, you are likely to see that
some entries have now appeared in the "unknown" row (all of
them VERSICOL and VIRGINIC, which are the two types with
overlapping distributions). You are also likely to see that there
are less (and quite probably no) entries in the "wrong" row;
that is, no misclassifications. This is probably a more desirable
situation - if the classification is dubious, it is often better to be
told so, rather than to make an essentially arbitrary decision

Prediction (3 ) (Insdat)

IRISTYPE |IRISTYPE.3

Classification (3 ) (Insdat)

IRISTYPE SETOSA 3 | IRISTYPE VIRGINIC 3 |IRISTYPE VERSICOL 3
Total 50,0000 50,00000 50,00000
Correct 50,0000 3400000 12,00000
Wrong 0,0000 400000 4,00000
Unknown 0,0000 12,00000 34,00000
Correct(%) 100,0000 68,00000 24 00000
Wrong(%) 0,0000 8,00000 8,00000
Unknown(%) 0,0000 24.00000 68,00000
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You should find that
some cases Now
have a blank output
cell. The blank cell,
indicating a missing
value, shows that
the prediction was
classified as
unknown by the
network's post-
processing function.



Quick | Advanced Predictions | Sensitivity | Descriptive Statisties | 1t i, of course, always possible to examine the confidence levels of the
| network by selecting the Predictions tab of the Results dialog and selecting the
Confidence levels option button in the Prediction type(s) shown group box.

i Predictions

Prediction type(s] shown Alzo in spreadsheet
¥ Prediction v Observed ) . . .
*p P I Independents The confidence levels give you some more detailed feeling for the
r L ~ Subset classification of individual cases, especially those over which there is some
~ ™ Vaiisbles B doubt, and for some network types may be interpreted as probabilities.

Output (3 ) (Insdat)

IRISTYPE |IRISTYPE.3 |IRISTYPE.SETOSA 3 |IRISTYPE.VIRGINIC.3 |IRISTYPE.VERSICOL.3
1 SETOSA  SETOSA >k 0887453 -0,160489 0,273036 L
2 | VIRGINIC  VIRGINIC -0,137497 >k 0,802623 0,334875 Sinais
3 | VERSICOL 0,112802 0,451988 0,435210 i
4 VIRGINIC  VIRGINIC -0,143095 & 0911038 0,232057 negativos
5 | VIRGINIC VERSICOL -0,002552 0,437578 0,564974
6 | SETOSA  SETOSA 0,884654 -0,106281 0,221627
\7 VIRGINIC|  VIRGINIC -0,024942 0,871241 0,153701
'8 | VERSICOL 0,135873 0,454870 0,409257
9 |VERSICOL VIRGINIC 0,058264 0,608847 0,332888
10 | SETOSA  SETOSA 0,979736 -0,148961 0,169225
11 _| VERSICOL 0,115601 0,397780 0,486619
112 | VERSICOL VERSICOL -0,005351 0,491786 0.513565
13 | VIRGINIC  VIRGINIC -0,039617 0,705735 0,333882
14 | VERSICOL 0,285493 0,255331 0,459176
15 | VIRGINIC -0,103232 0,588673 0.514559
16 | VIRGINIC  VIRGINIC -0,013747 0,654409 0,359338
17 | VIRGINIC ~ VIRGINIC -0,209509 0,848184 0,361324
18 | SETOSA  SETOSA 0,809844 -0,006511 0,196667
19 | VERSICOL VERSICOL 0,141470 0,346454 0.512075



mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/Results/ResultsDialogPredictionsTab.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/Results/ResultsDialog.htm

@ STATISTICA - [Data: CreditSNN* (11v by 654¢)] *

Eile Edit View |nsert Format Statistics Graphs TJools Data Windo

This file contains data concerned with granting loans to applicants, a

classic neural network application. The data is derived from a real
database; the original variables have been disguised by replacing the

0 = &[4 < « @4 ?] AddtoWorkbook +
| A <]/mzu|=== A -5 hames and nominal values with code letters.
1 2 3 4/5 6 7 8 910 11 Among other interesting features, many of the input variables in the
NNSET V1 V2 V3 V4 V5 V6 V7 V8 V9 RISK ) . )
Select 154 0000A A T F T 1T Bad Credit applications data set are nominal valued (STATISTICA Neural
2lTrain 1225 0085 A A T }1|T= Sag Networks has preprocessing functions to handle this), and there are a
= X a o .
Selected inputs/outpults Variable bpes 1T Bad number of missing values (STATISTICA Neural Networks attaches a
Dependent:  RISK Continuous: V142 Y8 " . . . . " . . .
Independent. Y13 Categoiicat v3v7vaRisk [|1 F Bad missing value substitution" function to each input variable). As a
Subset: NNSET 1T Bad d d I.I: . h h .I: f
bt Bad consequence, you do not need to concern yourself with these features o
Quick | Advanced | Networks/Ensembles | 2T Bad the data set; they are handled automatically.
1F
Ploblem lypq_a Select analysis: 1F gaﬂi d
e oo ] Inteligent Problem Solver | 7F Bad

(¢ [lassification

2% Custom Network Designer

(" Time Senes
Creates and tests neuwral networks for
data analysis and predictions. It
designs a number of networks to

| solve the problem

(" Cluster Analysis

@ Varnables

Specify the subset varable codes:

v Train: Train . :
M Selection: [Select [ Network types to test
WV Test [ Linear

Test N

el | PNN or GRNN
[ Radial basis function
24|Test 1
25(Test 1H
26| Train 15
20| Test b

¥ Three layer perceptron

[ Four layer perceptron

O ptimization time
(¢ Networks tested: |10 ;l

" Hours/minutes:

Metworks retained: |1 E

| Form an ensemble from retained netwnrksi%

| Select a subset of independent variables
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Classihication thresholds
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* (¢ Calculate minimum loss threshold

Loss: |1 , @
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healthy people are
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having the condition.

Sensitivity= Specificity =

Status of person

according to “gold standard”

(1)
Has the

condition

(0)

Does not have
the condition

(1) Positive | a

True positive
Result from

b

False positive

screening test (O)Ncgative c

False negative

True negative

f

Column entries
for determining

f

Column entries
for determining

Row entries for

4— determining positive

predictive value

Row entries for

<«— determining negative

predictive value

sensitivity specificity
TP TN
TP+FN TN +FP
Y
A B C — not disease

TRUE
NEGATIVE

FREQUENCY

TRUE
POSITIVE

- - - disease
A 100% sensitivity
B most accurate
C 100% specificity

TEST RESULTS

ROC Curve (para classificagOes Binarias)

The Intelligent Problem Solver will
automatically determine a single
classification threshold (accept threshold
equals reject threshold) to produce
optimum misclassification. This optimum
misclassification rate is chosen to equalize
sensitivity and specificity (i.e., the
misclassification rate in the two classes will
be made, as close as possible, equal).

By varying the classification confidence
threshold, you can produce networks with
different trade-offs between false positive
and false negative errors. With a
classification threshold of 0, all cases are
classified as class two, and so there are
maximum false positives and no false
negatives; with a threshold of 1, the
opposite is true.



ROC Curve, RISK (1)
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ROC Areas (CreditSNN) B2y ROC Curve, RISK (1)
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ROC Curve. (for Binary Classification)

The ROC curve (Receiver Operating Characteristic curve)
summarizes the entire range of classification performance
of a two-class classifier with no doubt option. The Y axis
displays the sensitivity of the network (proportion of
positive cases correctly classified), and the X axis one
minus the specificity (negative cases incorrectly classified).
As the decision threshold is raised, the network's
performance travels along the ROC curve from left to right.
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ROC Curve, RISK (1 )
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ROC Curve.

A perfect classifier would hug the left and top axis, and the
area underneath it would be 1.0 - this indicates that all cases
are correctly classified with any threshold.

A random neural network should approximately follow the
leading diagonal, and have an area underneath of 0.5. In
practice, an area underneath the ROC curve as close as possible
to 1.0 indicates a good neural network, and further shows
whether the network performs well across the range of
possible trade-offs between the two types of error (classifiers
that have high sensitivity but low specificity, or vice versa, may
not be very useful).

In the Credit example, it is possible to get an area under the
ROC curve of 0.93 or more, indicating good performance.
Sometimes, it may be more important to avoid errors in one
class than in the other (this is frequently the case when
predicting disease in medical applications, for example). You
can specify a loss coefficient, which states, in essence, how
much more important it is to classify class two cases correctly
than to classify class one cases correctly. As the loss coefficient
is raised, less errors will be made on the class two cases at the
expense of more on the class one cases.



Confusion Matrix - RISK(1) (CreditSNN)
Bad | Good

Bad.1 259i0000| 52,0000
Good.1 | 37,0000 306,0000
Confusion Matrix - RISK(2) (CreditSNN)
Bad | Good
Bad.2 260i0000| 54,0000
Good.2 | 36,0000 304,0000
Confusion Matrix - RISK(3) (CreditSNN)
Bad | Good l
Bad.3 246i0000! 53,0000
Good.3 | 50,0000 305,0000

Click the Descriptive statistics button, and observe the
misclassification rates of Bad and Good credit risks on the
Classification spreadsheet.

Click OK to finish the analysis, then run the Intelligent Problem
Solver again. Select the Thresholds tab. Alter the Loss
coefficient at the bottom of the tab to 2, run the Intelligent
Problem Solver, click the Descriptive statistics button, and
observe the difference in the misclassification rates. The
misclassification rate on the good credit risks drops
substantially, but this is balanced against an increase in the
error rate on the bad risks.

Pesquisa: Como escolher o melhor valor de Threshold?

Statistica 7 nao projeta o valor 6timo.

Uma ideia é escolher o ponto mais préoximo do canto superior esquerdo.
http://wwwo0.cs.ucl.ac.uk/staff/W.Langdon/roc/
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