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Unbalanced Data

“In life it is often the rare objects that are most interesting...”

G. M. Weiss. Mining with Rarity: A Unifying Framework. SIGKDD
Explorations, Vol. 6-1, pp. 7 — 19.

Rare objects are typically more difficult to find... most data mining
algorithms have a great deal of difficulty dealing with rarity.

Unbalanced Data <~ Rare Cases

The object of interest (to be predicted) is very infrequent w.r.t. alternate
objects

Object of interest = Class 1; Alternate objects = Class O
Frequency of Class 1 in the data <<< Frequency of Class 0 in the data.



Examples

|dentify fraudulent credit card transactions
Proportionally few transactions are fraudulent

Predicting telecommunications equipment failures
Few examples of actual failures

Detecting oil spills from satellite imagery
41 of 937 satellite images contain oil slicks

|dentifying patients likely to readmit for a given diagnosis
Relatively few readmits vs. non-readmits



What Makes Unbalanced Data Hard?

Most predictive modeling algorithms maximize accuracy
Assume 2% of your dataset consist of the interesting object (rare)
98% consists of the uninteresting object

Always predicting “not interesting” => 98% accuracy rate
Good accuracy rate!
Very uninteresting model — never will identify the item of interest.

Now what can you do?
Adjust algorithm parameters to (attempt) to identify the rare cases

Sampling techniques to create more balanced dataset
Proportion of cases that are interesting is large enough so they are identified

Predict to minimize cost vs. maximize accuracy




Example Dataset Attributes

Measurements from image for FNA
10 features derived

Average, Standard Error, Extreme Value
30 features

e

Diagnosis confirmed by pathology

Example: Ignoring extreme values and concave points attributes

Class Distribution

Original Dataset:
Benign: 62.7%; Malignant. 37.3%

Modeling Dataset
Benign: 93.2%; Malignant: 6.8% (rare class)




Algorithm Parameter Tuning

Build Mining Structure over Example Dataset
Brief overview of process using Visual Studio Analysis Services Project

Build Mining Models
Microsoft Decision Trees

Similar concepts apply for the other DM algorithms in SSAS

Microsoft Association Rules, Microsoft Clustering, Logistic Regression, Naive
Bayes, Neural Networks

Explore
Models with default parameters
Tuning parameters to identify the rare cases




SAS Mining Structure

/%, Data Mining Wizard

Specify the Training Data
Specify the columns used in your analysis. \

Specify:

Mining model structure:
[cll| T ables/Columns [ Key [ 7 Input [¥ Fredic. |

Case Key = @ wd::;:_u;\ing
area_Mean

Input Attributes e
Compactness_Mean

O u t p ut Att r I b u te Compactness_STDEr

ConcavePoints_Ext
ConcavePoints_Mean
ConcavePoints_STDEr
Concavity _Ext

Concavity_Mean
Concavity_STDErT
«il  Diagnosis

FractalDimension_Ext

FractalDimension_Mean
Fractallimension_STDErr
] IDNumber

Perimeter_Ext

Perimeter_Mean
Petimeter_STDEr
Radius_Ext
Radius_Mean
Radius_STDEr

Smoothness_Ext
Smoothness_Mean
Smoothness_STDEFT
Symmetry _Ext

Symmetry_Mean

Symmetry _STDEr
Texture_Ext
Texture_Mean
Texture _STDEM
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Recommend inputs For currently selected predictable:

Suggest |
< Back | Mext = I Finish =] | Cancel |
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SAS Mining Structure

Specify Columns' Content and Data Type

Specify mining structure columns' conkent and data bype. \

Specify: |

Mining model struckure:

Column Contents

Columnz Content Type I Data Tyupe

. . . - ] AreaMean Discretized Double
Discretize continuous attributes =] areasTDEN Discratized Double
] Compactness Mean Discretized Double
D ata Typ e E] Compactness STD Err Discretized Double
[E] Concavity Mean Discretized Double
[E] Concawity STD Err Discretized Double

] Diagnosis Discrete Text
[E] Fractal Dimension Mean Discretized Double
[E] Fractal Dimension STD Err Discratized Double

2] 1D Nurnber Key Long
[Z] Perimeter Mean Discretized Double
[Z] Perimeter STD Err Discratized Double
E] Radius Mean Discretized Double
[E] Radius STD Err Discretized Double
E smoathness Mean Discratized Double
E] Smoathness STD Err Discretized Double
E] Symmetry Mean Discretized Double
] symmetry STD Err Discretized Double
E] Texture Mean Discretized Double
[Z] Tewture STD Err m Diouble

Continuous
Cyclical
Detect cantif piscrete r numeric columns:

Discretized

Detact

< Back | et = I Finish =3| | Cancel |




SSAS Mining Structure

Modeling WDBC.dmm [Design]| wDBC Modeling, dmm [Design] Pas

) o [, Mining Skructure | A, Mining Models ,i;; Mining Mode! Viewer |ﬁ Mi
Define Decision Tree a2 x
Structure 7 | woBC-DT-Default |
did Microsoft_Decision_Trees

£ AreaMean %Z] Input

(€%, Area STD Err %z] Input

[£% Compactness Mean JEI Input

i\; Compackness STD Err -QE Inpuk

é\; Concavity Mean =] Input

5 Concavity STD Err %Z] Input

5 Diagnosis @ PredictOnly

é Fractal Dimension Mean | Input

é Fractal Dimension STD Err =| Input

@] 1D Mumber HE] Key

£ Perimeter Mean 2] Input

£y Petimeter STD Err %Z] Input

# Radius Mean %Z] Input

4 Radius STD Err %Z] Input

é Smoothness Mean %z] Input

é Smoothness STD Err =| Input

[£%  Symmetry Mean %=] Input

[£% Symmetry STD Err =] Input

A Texture Mean %Z] Input

[£% Texture STD Err | Input




SSAS Mining Models

Default Decision Tree Parameters

r~. Algorithm Parameters

Parameters:
Parameter Yalue Default Range
PLEXITY_PENALTY | looin
FORCE_REGRESSOR,
MAXIMUM_INPUT_ATTRIBUTES 255 [0,65535]
MARIMUM_OUTPUT_ATTRIEUTES 255 [0,65535]
MIMIMUM_SUPPORT 10,0 (0.0,...)
SCORE_METHOD 4 1,3,4
SPLIT_METHOD 3 [1,3]
— Description:
Inhibits the growth of the decision kree, Decreasing the value increases the j
likelihood of a split, while increasing the value decreases the likelihood. The default
value is based on the number of attributes for a given model; The defaulk is 0.5 if
there is 1 to 9 attributes; the default is 0.9 if there are 10 ko 99 attributes; and the LI

Add Remove | Ok I Cancel | Help |




Create table with Actuals and Predictions

Build Models, Analyze Predictions

Modeling WDBC.dmm [Design]{” WDEC Madeling.dmm [Design] | PASS.dsv [Design] | Madeling Dataset.dmm [Desig

[, Mining Structure |r'§ Mining Models |.5L Mining Model Yiewer |£ Mining Accuracy Chart [1? Minirg Maodel Prediction

BE-dF@

Mining Model

E 55 WDEC-DT-Defaulk  a
Area Mean
Area 5TD Err
Compackness Me.
Compackness STC
Concavity Mean
Concavity STDEr
-a\';ﬂ Ciagnasis
Fractal Dimensior
Fractal Dimensior

IDNumber _ILI
4] T

Ve

Select Input Table{s)

= [ wdbc_modeling

[E] Area_Ext

E Area_Mean
Area STDEr
D Zompactness_Ext
[E] Compactness_Mean
D Zompactness_STOErr
ConcavePoinks_Exk
ZoncavePoinks_Mean
ConcavePoinks_STDErr
5] Concavity_Ext

Remove Table. .. | Select Gase Table... |
Select Madel, .. | Modify Join. .. |
Source I Field #Alias | Show I Group I andfOr I Criteriafargul
[ wdbc_modeling Z] IDMumber
] wdbc_madeling Z] Diagnasis actual_Class

A, WDBC-DT-Default 4] Diagnosis

Predicted_Class

ORAA




Compare Actuals vs Predictions

Select Actual Class
, Predicted_Class

, count(*) as num_Cases
From DT_Default Predictions
Group by Actual _Class, Predicted Class

num_Ccazss
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e
& &
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26



Decision Tree Learning and Rare Cases

Learning

Decision trees iteratively split the data until leaf nodes are found s.t.:
The majority of the cases at the leaf node belong to 1 class
The node cannot be further split based on tree growth (or pruning) criteria

How to identify the rare cases
Goal
Tune parameters so that leaf nodes are found contain a majority of rare cases.
How?
Generate more data splits



Decision Tree Parameter Tuning

Important parameters to recognize rare cases

COMPLEXITY_PENALTY

“Inhibits the growth of the decision tree. Decreasing this value increases the
likelihood of a split, while increasing the value decreases the likelihood...”

MAXIMUM_INPUT_ATTRIBUTES

“Specifies the maximum number of input attributes that the algorithm can handle
before invoking features selection. Setting this value to O disables feature
selection...”

MINIMUM_SUPPORT
“Specifies the minimum number of cases that a leaf node must contain...”



COMPLEXITY_PENALTY Tuning

Definition
“Inhibits the growth of the decision tree. Decreasing this value increases

the likelihood of a split, while increasing the value decreases the
likelihood...”

Decrease COMPLEXITY_ PENALTY
Will increase the likelihood of a split =>
Increase the likelihood of a leaf node containing a majority of rare cases

Experimentation required to determine actual value
Get more complex, larger trees



MAXIMUM_INPUT_ATTRIBUTES Tuning

Definition
“Specifies the maximum number of input attributes that the algorithm can

handle before invoking feature selection. Setting this value to 0 disables
feature selection...”

Feature Selection

Before building the tree, select a subset of data attributes to use for
building.
Large body of machine learning literature on feature selection

Increase MAXIMUM_INPUT_ATTRIBUTES
Will allow more attributes to be candidates for a split =>

Increase the likelihood that a leaf node containing a majority of rare
cases



MINIMUM_SUPPORT Tuning

Definition
“Specifies minimum number of cases that a leaf node must contain...”

Decrease MINIMUM_SUPPORT
Will allow the algorithm to continue to split nodes to get to leaf =>

Increase the likelihood that a leaf node containing a majority of rare
cases



Updated DT Parameters

¢~. Algorithm Parameters

Parameters:
Parameter Yalue Default Range
COMPLERITY_PEMALTY 1E-07 I R
FORCE_REGRESSOR,
Ma=IMUIM_INPUT_ATTRIEBUTES 0 255 [0,65535]
MaxIMOM_QUTPUT _ATTRIBUTES 205 [0,85535]
MINIMUM_SUPPORT z 10.0 {0.0,...)
SCORE_METHOD 4 1,3,4
SPLIT_METHOD 3 [1,3]
— Descripkion:
Inhibits the growth of the decision tree. Decreasing the walue increases the ﬂ
likelihond of a split, while increasing the value decreases the likelihood, The default
walue is based on the number of attributes for a given model: The defaulk is 0.5 i
there is 1 to 9 aktributes; the default is 0.9 if there are 10 to 99 attributes; and the ;I

add Femove 0] 4

Zancel |

Help




Updated Parameter Model Build

Compare Actuals to Predictions

Select Actual Class
, Predicted_Class

, count(*) as num_Cases
From DT _Iterl Predictions

Group by Actual_Class, Predicted Class

.-i'-.ctualiEIass Predicted Class | num_cases
L B F 356

B b 1

b B 5

b b 21

o 2




Parameter Tuning Summary

Goal

Attempt to build models that identify rare cases by being more specific
and complex.

Example with Microsoft Decision Trees

Build large, more complex trees so that leaf nodes have majority of the
rare class.

Evaluate by comparing actual class values with predicted values



Data Sampling — Background

Motivation
Give more “importance” to the rare cases

See:

G. Batista, R. Prati, M. Monard. A Study of the Behavior of Several Methods for
Balancing Machine Learning Training Data. SIGKDD Explorations, Vol. 6, Iss. 1,
June 2004.

Skew the class distribution for modeling

Create a “training” dataset that includes:
All of the cases from the rare class
A random sample of cases from the majority class

Use original dataset for evaluation
Original class distribution
Or test set with original class distribution



Data Sampling — Process

Create training set:
All of the rare cases
Random sample of the majority class

Training set skewed class distribution
Rare class: 20% or more
Majority class: 80% or less

Experiment to determine the “best” distribution

6.8%

i Rare Class

i Majority Class

i Rare Class

i Sampled
Majority Class




Data Sampling — Implementation

Random Sampling in SQL Server
See:

M. De Barros, K. Gidewall. Selecting Rows Randomly from a Large Table.
http://msdn.microsoft.com/en-us/library/cc441928.aspx

Example
select
into WDEBC_Sample
from i

select  *

from wobe modeling
where Diagnosis = '

union

from yobe mode1ing
where Diagnosis = 'B'
and ahs (10000.0% (cand (IDHNuwmber ) | - round (10000.0% (rand (IDNwrber) ) 0)) < 0.1




Modeling and Scoring

Build model over the sampled, skewed distribution

Compare actuals vs. predictions over original non-skewed
distribution

.-'-‘-.n:tuaIiEIaSS Predicted=|:|a$3 NLIM_Cases
- B 325
> E ................................. y -
3 b B a8
4 b b 18




Data Sampling Tuning Summary

Goal
Skew the class distribution to give the rare class more “importance”

Example
Construct “training” dataset with skewed class distribution
E.g. Rare class: 20% or more; Majority class: 80% or less
Build models over the sampled dataset with skewed distribution

Evaluate by comparing actual class values with predicted values over
original dataset

Or over test set with original class distribution



Different Costs for Erroneous Predictions

Goal

Make the models “aware” of different costs of erroneous predictions

Cost of predicting “benign” when actually “malignant” > Cost of predicting
“malignant” when actually “benign”

Want model to minimize overall costs of erroneous predictions

Problem

Predictive modeling algorithms in SSAS all maximize accuracy
Equivalent to minimizing costs when costs of errors are the same

One Solution — MetaCost

Create a training set with altered class labels to account for erroneous
prediction costs

Build model over altered class labels
Evaluate over original dataset (or test set with original class distribution)




MetaCost

P. Domingos. MetaCost: A General Method for Making Classifiers
Cost-Sensitive.

In Proc. 5™ Intl. Conf. on Knowledge Discovery and Data Mining, pp. 155-
164. ACM Press. 1999.

Goal:
Using accurate probability estimates of likelihood of class = ‘M’

Update class labels of each case to minimize overall risk
Minimizes the (probability of class = ‘M’)*(cost of predicting class = ‘M’)

Implementation
To get accurate probabilities, build multiple models over data samples
Average the probabilities produced over each sample




MetaCost Example

Costs
Cost of predicting ‘benign’ when case is actually ‘malignant™: 10
Cost of predicting ‘malignant’ when case is actually ‘benign’: 1

Probability estimates
Example: Take 5 random samples from original dataset
Sample 67% of the cases
Build model over the sample
Score the entire dataset, getting probability of ‘malignant’ for each case

Average the probability of ‘malignant’ for each case to get more accurate
estimates.

Altered class labels
Taking into account costs, generate new class labels over the whole dataset




redictions — PredictProbability

Build models over each sample

Make predictions over the entire dataset
Include probability of the prediction

Modeling ‘WOE. .. .dmm [Design] }/ Modeling WOE. .. .dmm [Cesign] }/ Modeling ‘WOE. .. .drm [Design] lf Modeling WDE. ...dmm [Design] - Mot

[#. Mining Struckure |f( Mining Models |4;¢ Mining Model Viewer |£] Mining Accuracy Chart | ¥9% Mining Model Prediction

“dFA
Select Input Table{s) [
= [ wdbc_modeling -
I % Metacost-DT1 - 3 frea_ext

Area Mean

Area STD Err
Compactness Me,
Compackness STL
Concavity Mean
Concavity STD Er

Fractal Dimensior
Fractal Dimensior

1D Hurmber -
=T
bl | | L4 Remove Table. ., | Select Case Table,,. |

Seleck Model... | Iadify Jain, .. |

E ConcavePoints_STDEr
[Z] Concavity_Ext LI

=[]
]
g
=

Source Alias | Shiow IGroup IAnd,iOr |CriteriaJ‘Argument

[ wdbc_modeling 1DNumber Ird

[ wdbc_modeling Diagnosis Actual_Class I

A, Metacost-DT1 Diagnasis Predicted_Class I3

% Prediction Function PredictProbability ~ [Metacast-DT1].[Diagnosis]
I




ompute P(Malignant) over each sample

If predicted value = ‘M’, then PredictProbability is P(Malignant)
If predicted value = ‘B’, then (1-PredictProbability) is P(Malignant)

select MC1. IDMumber IDMumber I Prob_M alignant_1 I Prob_Malignant_2 I Prob_Malignant_3 Prob_Malignant_4 Frob_Malignant_5 I
, case 1 | 8913 | 00592695002522068 D.O079BOBAGIESET286 0.0152833427947597  0.0100502512562912  0.00738084596957256
when Mol.Predicted Class = 'M' then MC1. [Expression 2] T 005926EE002522068  0.0233294710327457  D.0G48464163822525  0L0410094637223976 0104351 394148021
else (1.0 - M1, [Expression]) 3 | w7 D.0592686002522068  0DD79B0B496967286  (LD162836427947557  (L0T0050Z512562812 | (L00FS8084596967286
end as Prob Malignant 1 (4 | e5715  0S53FIA2E7I423  D3E72IB1147E4] DA4S2O54744E2555  OL041D0BAEITIZION6  0.104991394145021
- - 5 | BE2i1  D.0592685002522066 D00079B0B4536957205  OOVSIE3BAZIS4THO7  O.0410034637223976  0.104391384148021
s ERIE _ _ 6| o400 DO0SS6OGO0ZER206R QIGETXITNNATEMl  DAMSOO5ATAECSES | 0.0410094637223376  0.1049971394148021
when HCZ.PEodicted.blang = ' cthen HeZ, [RXRRession 7| 6403 00532685002522068 0397231147541 D4455BATA4EISES  00410034B37223376  0.104391334148021
else (1.0 - Hez, [Expression] | B | 66561 CL.OSUZGOBOOZSZZOE0  QLOD7ODOB4GOROG7205 00152000427947507  0.0100502512562012  O.007IG08450967206
end as Prob_Nalignant 2 (9 | 8706 00592685002527068  DOO79B0BASSESE7Z86  OO152838627347597 (OT00SUZS1Z562812  0.0D7SB0S4596957256
, case 10 | 57127 0.0592605002522068 D.0079B0B4EUEG67206  0.0152833427947597  0.0100502512562812  0.00798084596957206
when 03 Predicted Class = 'M' then NG3. [Expression 11 | B71B4 D0592685002522068 D39572131147541  D445255474452555  L4GOGABESAITS5Z  0.104991334148021
else (1.0 - MC3, [Expression]) 12 | 57330 0.0592685002522068 D0Z39294710327457  D.OG4B4BHIE3E22526 0.041D0S4E37223976  0.104391334148021
end as Prob Malignant 3 (13 | e323  0.0592685002522068 D0.007980B453E967286 D0.015283B427947597 004100S4E37223976  0.104391334148021
- - 14 | B34 D0592695002522068 D.0079B0BASIEGET205  0.0152B33427947597 0.010050Z512562812  0.00738084596957256
s EREE _ _ 15 | 96 | 00SG26O5002522068 (0Q79RIGMSUEGETIEC  0.0IS263M270ATE7 | O0T00S012562812  (007IBISS9RIET2ES
when HCR Prodicted.Glagg = ‘N then HGR, [Rxpressdon (16 | 83524 00592605002522068 0007IG0B4536357286 OO152833427347637  00410034837223976  0.00733034536957286
else (1.0 - M4, [Expression] ) 17 | 89913 O.OGAZEGBOIISZNNES  Q0230204710327457  ODG4G4G163022526  0.0410094637223076 0104961 304148021
end as Prob_Malignant 4 18 | 83827 00592605002522068 D0Z39294710327457  D.OG4B4B4163822526 0.0100502512562812  0.00738084596957256
, Case
when MCS5.Predicted Class = 'M' then NCS. [Expression
else (1.0 - Mo5. [Expreasion
end az Prob_Malignant 5
from WDEBC MetaCostl Predictions NC1

inner Join WDBC MetaCostZ Predictions MCZ on MC1, IDNwaher = MCZ, IDNumber
inner Join WDBC MetaCost3 Predictions MC3 on MC1, IDNwaher = MC3, IDNunber
inner Join WDBC MetsCostd4 Predictions MC4 on MC1. IDNuwibher = MC4, TDNunber

inner Join WDBC MetsCostS Predictions MCS5 on MC1. IDNuwibher = MCS, TDNunber




Average the Probabilities

For each case, average the P(Malignant) values to get better

1D umber | Prob_Malignant_1

| Prob_alignant_2

| Frob_alignant_3

| Frob_b alignant_4

| Prob_Malignant_5

| AvgProb_talignant

estimate:
1 | amz
2 | ams
3 | a7
4 | s5m15
g | s
£ | s5402
7 | =6409
g | oEse1
a | a6
10 | ar1z7
11 | a7164
12 | &30
13 | goz96
14 | 9344
15 | 9346
15 | g9524
17 | g9=13
18 | mgg7

! 0.0592686002522068

0.0592686002522065
0.0592686002522062
0.553571428571429

0.0592686002522065
0.0592686002522062
0.0592686002522062
0.0592686002522065
0.059268600252 2068
0.0592686002522062
0.0592686002522065
0.0592686002522065
0.0592686002522062
0.0592686002522065
0.0592686002522065
0.0592686002522062
0.0592686002522062
0.0592686002522065

0.00735034536367 286
0.0233234710327457
0.00732034596967 236
0.33672131147541
0.00735034536367 286
03967 2131147541
03967 2131147541
0.00735034536367 286
0.00732034536967 286
0.00732034596967 236
0.33672131147541
0.0233234710327457
0.00732034596967 236
0.00735034536367 286
0.00735034536367 286
0.00732034596967 236
0.0239294710327457
0.0233234710327457

0.0152833427347597
0.0643464163822526
0015283842734 7597
04452554 74452585

0.0152833427347597
0.445255474452555

0.445255474452555

0.0152833427347597
0.0152838427347597
0015283842734 7597
0.4452554 74452585

0.0643464163822526
0015283842734 7597
0.0152833427347597
0.0152833427347597
0015283842734 7597
0.0642464163822526
0.0643464163822526

0.010050251 286281 2
0.0410034637 223376
0010050251 2562312
0.0410034637223376
0.0410034637 223376
0.0410034637223376
0.0410034637223376
0.010050251 286281 2
0.010050251 266281 2
0010050251 2562312
0.4656483543615832

0.0410034637 223376
0.0410034637223376
0.010050251 286281 2
0.010050251 286281 2
0.0410034637223376
0.0410034637223376
0.010050251 286281 2

0.00735034536967 236
0.104331334148021
0.00733084596967 226
0.104331334142021
0.104331334148021
01043313341 42021
01043313341 42021
0.00735034536967 236
0.00732084596967 236
0.00733084596967 226
0.104331334148021
0.104331334148021
01043313341 42021
0.00735034536967 236
0.00735034536967 236
0.00733084596967 226
01043313341 42021
0.00735034536967 236

0.02011287724851587
0.0533030691075247
0020112877 2485187
0.303303314473362

0.0457068293774115
0.209445248810118

0.209445248810118

0.02011287724851587
0.0201128772485187
0020112877 2485187
0.234377127058005

0.0533030691075247
0.0457068293774115
0.02011287724851587
0.02011287724851587
0.026304715741742

0.0522030691075247
0.0332151163786318



Compute Updated Class Labels

Compute updated class labels to minimize risk

Costs:

Cost of predicting ‘Benign’ when actually ‘Malignant’: 10

Cost of predicting ‘Malignant’ when actually ‘Benign’: 1
Risk of predicting ‘Benign’ when actually ‘Malignant’:

(Avg Prob(Benign))*(Cost of predicting ‘Benign’ when actually ‘Malignant’)
Risk of predicting ‘Malignant’ when actually ‘Benign’):

(Avg Prob(Malignant))*(Cost of predicting ‘Malignant’ when actually ‘Benign’)

Choose the class label the minimizes risk:

If (Risk of predicting ‘Benign’ when actually ‘Malignant’) < (Risk of predicting ‘Malignant’
when actually ‘Benign’), then label = ‘Benign’

Else label = ‘Malignant’



Updated Class Labels — Example

select

from

WDEC bvgProbs. IDMunber

, AvgProb Malignant

; AwvgProb Malignant©10.0 as Cost_Benign

» 11.0 - AwgProb Malignant) 1.0 as Cost_Malignant

, Case

when AvgProb Malignant*10.0 < (1.0

else 'M'

end as NewDiagnosis

, Diagnosis
WDEC AvgProbs

AvgProb Malignant) 1.0 then

inner Jjoin wdbe modeling on WDEC AyvgProbs. ITDNumber =

"B

wibe modeling. IDMumber

IDMumber | AvaPraob_kalignant Coszt_Benign Cost_Malignant MewDiagnosis | Diagnosis
L . 002011287724851687  0.201128772465187  0.979887122751481 B B
2 | 8915 0.0588030691075247  0.588030691075247  0.941190930892475 B B
3| 9047 0.0201128772485187  0.201128772485187  0.979887122751481 B B
4 | 815 0.308309514473962  2.08309514473962  0.691690185526038 M &l
5 | &e211 0.0457068293774115  0.457088293774115  0.954292170622588 B B
6 | &ed08 0.209449248870118  2.09445248810118  0.790550751189882 M B
7| &ed09 0.209443248870118  2.09445248810118  0.790550751189882 M B
N 0.0201128772485187  0.201128772485187  0.979887122751481 B B
9 | &F108 0.0201128772485187  0.201128772485187  0.979887122751481 B B
10 | 8727 0.0201128772485187  0.201128772485187  0.979887122751481 B B
_ll_J 87164 0.294377127058005  2.94377127058005  0.70BG22872341935 M 2]
_lg_J 87330 0.0588030691075247  0.588030691075247  0.541190930892475 B B
_lg_J 83295 0.0457065293774115  0.457088293774115  0.954293170622588 B B
_lE_J 83344 0.0201128772485187  0.201128772485187  0.979887122751481 B B
_lE_J 89346 0.0201128772485187  0.201128772485187  0.979887122751481 B B
_lE_J 89524 0.026304719741742  0.26304719741742  0.973695280258258 B B
_lE_J 89513 0.0588030691075247  0.588030691075247  0.941190930892475 B B




Now that we have updated labels...

Class distribution

Original dataset:

Benign: 93.2%; Malignant: 6.8%
Updated labels:

Benign: 80.7%; Malignant: 19.3%

Build model using new labels to minimize overall risk
Evaluate over original dataset
Or test set with original class distribution

Actual_Class | Predicted_Class | num_cases
100 B 302
2 E M 5
3 M E 7
4 [ M 19




Example MetaCost for Readmissions

Run
DT2_5xCost
DT3_5xCost
NN2_5xCost
NN3_5xCost
LR2_5xCost

LR3_5xCost

DT2_4xCost
DT3_4xCost
NN2_4xCost
NN3_4xCost
LR2_4xCost
LR3_4xCost

DT2_1.5xCost
DT3_1.5xCost
NN2_1.5xCost
NN3_1.5xCost
LR2_1.5xCost
LR3_1.5xCost

Algorithm C(0,1)

DT2
DT3
NN2
NN3
LR2
LR3

DT2
DT3
NN2
NN3
LR2
LR3

DT2
DT3
NN2
NN3
LR2
LR3

o unn

AR bhDbLbDH

Wwwwwww

c(1,0

PR R R R PR RRRR

NNNNNN

TotalCost Readmit Accuracy Rate Non-Readmit False
903 59.92% 28.94%
953 57.63% 30.47%
1306 100.00% 100.00%
1306 100.00% 100.00%
1306 100.00% 100.00%
1306 100.00% 100.00%

773 50.38% 19.37%

778 53.05% 21.90%
1306 100.00% 100.00%
1306 100.00% 100.00%
1306 100.00% 100.00%
1306 100.00% 100.00%

707 12.60% 0.77%

662 17.56% 0.54%
1452 86.26% 51.45%
1605 88.93% 58.12%
2079 65.27% 69.14%
2091 66.03% 69.83%

e




Questions?

Global Sponsor: =. Mic I"OSOﬁ'.




Thank You for Attending

Global Sponsor: =. MiCI‘OSOft




