SUCCESSFUL DATA MINING IN PRACTICE

ASA SHORT COURSE

Richard D. De Veaux
Williams College

JSM Baltimore 2017
deveaux@williams.edu



WILLIAMS COLLEGE



~
@)

Y&

WHY DATA MINING?

Data =$$

ot

BO2



WHAT IS DATA MINING?




WHAT IS DATA MINING?

Where else would you go!?



DATA MINING DEFINITIONS

data mining
the practice of searching through large amounts of computerized data to find useful

patterns or trends. A major goal of data mining is to discover previously unknown
relationships among the data



WHAT IS [T REALLY?

WE HAVE A GIGANTIC
DATABASE FULL OF
CUSTOMER BEHAVIOR
INFORMATION.

EXCELLENT. WE CAN
USE NON-LINEAR
MATH AND DATA
MINING TECHNOLOGY
TO OPTIMIZE OUR
RETAIL CHANNELS!

J

IF THAT'S THE
SAME THING AS
SPAM, WE'RE
HAVING A GOOD
MEETING HERE.




BIG DATA!




HOW BIG |S BIG?

http://www.pbs.org/wgbh/nova/next/wp-content/uploads/2016/02/ligo-Aerial5.jpg



WHAT IS BIG DATA ALL ABOUTY?
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DATA MINING USE
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WHERE IS

DATA MINING USE

Don't mix any O's in with the |'s

D!




WHERE IS

DATA MINING USE

Don't mix any O's in with the |'s
and dont miss any |'s !

D!




CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



CONCEPTUAL CHALLENGES



ANOTHER VARIABLE?
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MODELS — A PARTIAL LIST

* Traditional Statistical Methods and Models

* Linear regression, logistic regression, splines, smoothers etc
* Not originally part of the Data Mining suite

* Visualization

* Generalized Regression
* Change the fitting criterion

* Classification and Regression Trees

* Dimension Reduction

¢ Principal Components
* Projection Pursuit



MODELS — A PARTIAL LIST

* Neural Networks

* K-nearest Neighbor Methods

* Naive Bayes

G B
* Combining Models =Oree BOx

- Bagging (Random Forests)
* Boosting All models are wrong

: : : but..some are useful
* Clustering (unsupervised learning)
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MODELS

All models are wrong

but...some are useful

George Box

Statisticians, like artists, have the bad
habit of falling in love with their models
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MODELS

All models are wrong

but...some are useful

Statisticians, like artists, have the bad
habit of falling in love with their models
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WHAT'S

* Massive Amounts of Data
* Number of rows (cases)
* Number of columns (variables)

* Low Signal to Noise

* Many irrelevant variables — but which ones?
- Subtle relationships
« Variation and data quality

* UPS
* 16TB — Mostly tracking

* Facebook
+ 200-300TB photos/month

* Google
* | PBevery 72 minutes (1?)

DIFFERENT?
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*Users
*Domain experts, not statisticians

* Have too much data

USERS ARE DIFFERENT

* Want automatic methods

* Want useful information without spending all their time doing statistical analysis



MY THS

* Find answers to unasked questions

* Eliminate the need to understand your business
* Continuously monitor your data base for interesting patterns
* Eliminate the need to collect good data

* Eliminate the need to have good data analysis skills
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WHAT'S HARD

« PVA Is a philanthropic organization, sanctioned by the US Govt
to represent the disabled veterans

 They send out 4 million “free gifts”, every 6 weeks

* And hope for donations

 Data were used for the KDD 1998 cup
- 200,000 donors (100,000 training, 100,000 test)
« 479 () demographic variables
- Past giving, income, age etc etc etc
+ Recent campaign (only for training set)
* Did they give? (Target B)
e Who should get the current mailing?
*What's a cost effective strategy
e How much did they give (Target D)?

46

}



WHAT'S HARD EXACTLY?




1-CO

DE



/O0OM OF BOXPLOT



TRANSFORMATION?



MAYBE CATEGORIES!?
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T-Code

1001
1002

2002

3003

4002
4004

10
10002
10010

1"
11002

12
12002

13
13002

14
14002

15
15002

WHAT IS [T, ANYWAY?

Title

MR.

MESSRS.

MR. & MRS.

MRS.

MESDAMES

MISS

MISSES

DR.

DR. & MRS.
DOCTORS
MADAME
SERGEANT
RABBI
PROFESSOR
PROFESSOR & MRS.
PROFESSORS
ADMIRAL
ADMIRAL & MRS.
GENERAL
GENERAL & MRS.
COLONEL
COLONEL & MRS.
CAPTAIN
CAPTAIN & MRS.
COMMANDER
COMMANDER & MRS.

16
17
17002
18
18002
19
20
21002
22002
24
26
27
28
28028
29
31
31002
33
36
37
38
40
42
43
44
46
47

DEAN

JUDGE

JUDGE & MRS.
MAJOR

MAJOR & MRS.
SENATOR
GOVERNOR
SERGEANT & MRS.
COLNEL & MRS.
LIEUTENANT
MONSIGNOR
REVEREND

MS.

MSS.

BISHOP
AMBASSADOR

AMBASSADOR & MRS.

CANTOR
BROTHER
SIR
COMMODORE
FATHER
SISTER
PRESIDENT
MASTER
MOTHER
CHAPLAIN

48
50
56
59002
62
63
64
65
68
69
70
72002
73
75
85
87
89
920
91
92
100
103
104
106
107
108

CORPORAL
ELDER

MAYOR
LIEUTENANT & MRS.
LORD

CARDINAL
FRIEND

FRIENDS
ARCHDEACON
CANON

BISHOP
REVEREND & MRS.
PASTOR
ARCHBISHOP
SPECIALIST
PRIVATE

SEAMAN

AIRMAN

JUSTICE

MR. JUSTICE

M.

MLLE.
CHANCELLOR
REPRESENTATIVE
SECRETARY

LT. GOVERNOR

109
111
114
116
17
118
120
122
123
124
125
126
127
128
129
130
131
132
135
210

LIC.

SA.

DA.

SR.

SRA.

SRTA.

YOUR MAJESTY
HIS HIGHNESS
HER HIGHNESS
COUNT

LADY

PRINCE
PRINCESS
CHIEF

BARON

SHEIK

PRINCE AND PRINCESS

YOUR IMPERIAL MAJESTY

M. ET MME.
PROF.
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RESULTS FOR PVA DATA SET

* If entire list (100,000 donors) is mailed, net donation is $10,500

* Using predictive analytics, this was increased 41.37%



D RESULTS



D RESULTS -- RE

DUX



STUDENTS IN STAT 442
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RE

ATIONAL DATA BASES

«Data are stored in tables

ltems

ItemID
C56621
T35691
RS5292

Shoppers
Person ID
135366
135366
259835

ItemName
top hat
cane

red shoes

personname
Lyle
Lyle
Dick

price

34.95

4.99

22.95
ZIPCODE item bought
19103 T35691
19103 C56621
01267 RS5292
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METADATA

The data survey describes the data set contents and characteristics

* Table name

* Description

*Primary key/foreign key relationships
 Collection information: how, where, conditions
* Timeframe: daily, weekly, monthly
*Cosynchronus: every Monday or Tuesday
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DATA PREPARATION

60% to 95% of the time is spent
preparing the data

85.32% of all statistics are made up
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DATA CHALLENGES

*Data definitions
* Types of variables

*Data consolidation ,
*Combine data from different sources

*NASA mars lander

\// *
*Data heterogeneity Vv W/

*Homonyms _ XV/&*%&
*Synonyms -1

*Data quality
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MISSING VALUES

* Credit Card Bank finds that “Income” field is missing
* Wharton Ph.D. Student questionnaire on survey attitudes
* Bowdoin college applicants have mean SAT verbal score above 750

* Clinical Trial of Depression Medication — what does missing mean?



DEPRESSION STU

Designed to study antidepressant efficacy
* Measured via Hamilton Rating Scale

Side effects

 Sexual dysfunction
» Misc safety and tolerability issues

Late '97 and early '98
692 patients

Two antidepressants + placebo

62
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DEPRESSION STU

Background info

Age
Sex

Each received either

Placebo

Anti depressant |
Anti depressant 2

Dosages

At time points 7 and |4 days we also have:

* Depression scores
 Sexual Dysfunction Data

Response indicators

63
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15,600 WILLIAMS COLLEGE ALUMS



NETWORKS



LESLIE






WHERE ARE THE PEOPLE!



WHERE ARE THE BIRTHS?



WHERE ARE THE TEENAGE BIRTHS!



TO WOMEN 25-34¢



TO WOMEN 35 AND OVER!




WORL

D Wi

DE MARKET SIZE



MARKET SIZE PER CAPITA
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TWO WAY TABLES -- TITANIC

Survival

Ticket Class
Crew  First  Second Third  |Total
Lived o2 22 118 178 70
Died 673 123 167 508|140
Total 885 3% 285 08| 2201




MOSAIC PLOT

D
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ANALY TICS AND OLAP

+On-line analytical processing (OLAP)
«Slicing and Dicing

«Descriptive, not predictive

Predictive Analytics:

«Uses data to inductively find patterns — models!

*Associations?
*Most associated variables in the census

*Most associated variables in a supermarket

84



KNOWLEDGE DISCOVERY PROCESS

. Define business problem

<—>  Build data mining database

Explore data
Prepare data for modeling
<> Build model

<> Evaluate model

«—>  Deploy model and results

Note: This process model is adapted from
CRISP-DM: CRoss Industry Standard Process for Data Mining

86
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KEYS TO SUCCESSFUL

*The keys to success:
« Formulating the problem
«Using the right data
o Flexibility in modeling
« Acting on results
*Success depends more on the way you
mine the data rather than the specific

tool

DATA MINING

Success Suc s

A

what people think what (T reolly

it locks bke looks lke



DIAMOND PRICES

* Carat *Cut
* Color * Clarity



CARAT



COLOR



Price

PRICE VS, COLOR

Price vs. Color

10000 -

LY

9000 -

8000 |

7000 -

6000 |

5000 ; I I l I
4000 ;

3000 ; I

"HEn

1000 ;

Color

Need to think multivariately!!

91

# Price



D SIZETO THE MO

DEL



REGRESSION ON COLOR ALONE



D CARAT SIZETO THE MO

DEL



SECON

D OR

DER MO

DEL



PROFILE



VALUE ORDERING
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MO

*Model building cycle

‘Train

*On one data set
‘Test

*On another
Evaluate

DEL BUIL

«On a third data set, or at a later time

DING




OVERFHTTING

3.5

2.5+

1.5

0.5




OVERFHTTING IN REGRESSION

¥ ~'Bivariate Fit of Y By X

=Classical overfitting: S \
- Fit 5th order polynomial R , ’
to 6 data points AR /N
- “Great” R? - | |

~—Polynomial Fit Degree=5

¥ Polynomial Fit Degree=5
Y =-4457031 + 2.3507812"X + 0.3281257(X-2 5)"2
- 14479167 (4-2.5)"3 - 0.03125%(X-2 .54 +

0.17916677(X-2.51"5
¥ Summary of Fit

RSquare 1

100



WHY

DO MO

DELS OVERFIT?

*Fitting non-explanatory variables to data

*Overfitting Is the result of:

Including too many predictor variables

Lack of regularizing the model, for example:

*Decision tree too deep

« Joo many variables in regression

*Neural net not tuned

101



HOW TO AVOID OVERHT TING

« Avoiding overfitting is a balancing act — Occam’s Razor

«Fit fewer variables rather than more
«Have a reason for including a variable (other than it is in the database)
*Regularize (don't overtrain)

*Know your field.

102



VALIDATION

«Method : split data Into a training data set and a testing data set. A third
data set for validation may also be used

*Advantages: easy to use and understand. Good estimate of prediction error
for reasonably large data sets

e Disadvantages: lose up to 20%-30% of data from model building

103



TRAINVS. TEST

Train

Test



N-FOLD CROSS VALI

DATION

*Divide the data into N equal sized groups and build a model

on the data with one group left out.

*Repeat for either systematic or random subgroups

For very small data sets, N can be | (jackknife)

L2134 6l 718191110
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INTERNAL VS, EXTERNAL CV

e|nternal

Many methods use internal cross-validation to choose size of model
* Trees — depth
*Regression — number of variables

*Neural Network — size and type of architecture

eExternal

Used for model comparison
«Compute R2 on the test set
eJust the correlation of predicted and actual

«Compute confusion matrix on the test set

106



REGRESSION - SUMMARY

*Often works well

-Easy to use

*Theory gives prediction and confidence intervals

Key is variable selection with interactions and transformations

*Use logistic regression for binary data

107



CROSS-VALI

DATE

DIAMON

DS
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REGULARIZATION

*A model can be built to closely fit the training set but not the real data.

*Symptom: the errors in the training set are reduced, but increased in the test or
validation sets.

*Regularization minimizes the residual sum of squares adjusted for model
complexity.

«Accomplished by using a smaller decision tree or by pruning it. In neural nets,
avoiding over-training.



T1OY PROBLEM



GENERATING SETS



MULTIPLE REGRESSION
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> summary(Im.m|)

Call:
Im(formula =y ~ . - Test, data = subset(marsd, Test == 0))

Residuals:
Min 10 Median 30 Max
-5.6551 -1.5676 -0.1085 1.5394 6.8917

Coefficients:

Estimate Std. Error t value Pr(>

(Intercept) -0.529582  0.483021 -1.096

x1 4.589204 0.285226 16.090
X2 4.261287 0.290347 14.677
x3 0.117661 0.294549 0.399
x4 10.071478 0.291373 34.566
X5 4.957832 0.277745 17.850
X6 0.322867 0.283343 1.139
X7 -0.203800 0.289877 -0.703
X8 -0.111334 0.285858 -0.389
X9 0.006841 0.289585 0.024
x10 0.106493 0.285316 0.373

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01

Lk

t])
0.273
<2e-16
<2e-16
0.690
<2e-16
<2e-16
0.255
0.482
0.697
0.981
0.709

0.05

* k%

* kK

EX X

* k%

057 Wl

Residual standard error: 2.244 on 739 degrees of freedom
Multiple R-squared: 0.7326, Adjusted R-squared:
F-statistic: 202.5 on 10 and 739 DF, p-value: < 2.2e-16

0.729

:

v

1

plot(residuals(Im.m|)~predict(Im.m1),pch=19,bty="n",cex=.7)



CROSSVALIDATION IN R

> cor(predict(lm.ml,new=subset(marsd,Test==1)),marsd[marsdSTest==1,11])"2
[1] 0.6932686

> cor(predict(lm.ml,new=subset(marsd,Test==2)),marsd[marsd$Test==2,11])"2
[1] 0.6843684

[ 14
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STEPWISE



SECON

D OR

DER MO
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RESULTS



WHERE TO GO FROM HERE!

«Regression Pros:

« Powerful transparent model
* Flexible using transformations

«Regression Cons:

* Model selection
* Scalability

«Generalized Regression
* Modify Least Squares — Similar to Ridge Regression

L ogistic Regression



PENALIZED REGRESSION

L(B.x, )= (3,=3)

+ Least squares




PENALIZED REGRESSION

L(,B,x,y) — E(yl _j}i)z

+ Least squares

L(ﬁ,x,y)= Z(yz _571')2 +/lzb12

+ Ridge Regression




PENALIZED REGRESSION

L(ﬁ’xay): E(yz _j}i)z

+ Least squares

L(B,x,y)= Z(Yi - 5\71')2 T ;tzsz

+ Ridge Regression

L(,B,x,y) — z(yz _571')2 +/12‘bj‘

4+ Lasso




PENALIZED REGRESSION

L(,B,x,y) — E(yl _j}i)z

+ Least squares

L(B,x,y)= Z(Yi - 5\71')2 T ;tzsz

+ Ridge Regression

L(ﬁ’xay) — Z(yz _5\71')2 +/12‘bJ‘

4+ Lasso

L(B,x,y)= Z(yi _5}1')2 T /112‘19]" + /lzzb?

4+ Elastic Net




PENALIZED REGRESSION

L(,B,x,y) — E(yz _571')2

+ Least squares

L(B,x,y)= Z(Yi - j\)i)z T A‘Zsz

+ Ridge Regression

L(,B,x,y) — Z(yz _5}1')2 +/12‘bJ‘

4+ Lasso

L(B.x.y)= X0, =5+ 4 Y Jb|+ 2 2]

4+ Elastic Net




R

DGE, LASSO, ELASTIC NET



LASSO AS STAGEWISE REGRESSION



LASSO COEFFICIENTS



LASSO



LASSO RESULTS



TYPES OF PROBLEMS

«Descriptions
«Classification (categorical or discrete values)

«Regression (continuous values)

e Time series (continuous values)

«Clustering

« Association

130



LOGISTIC REGRESSION

What happens if we use linear regression on -0 (yes/no) data?



LOGISTIC REGRESSION



LOGISTIC REGRESSION



LOGISTIC REGRESSION



LOGISTIC REGRESSION — IN R
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LOGISTIC REGRESSION ]

*Points on the line can be interpreted as probability, but don't

stay within [0, 1]

=Use a sigmoidal function instead of linear function to fit the data

000000

000000

—————————————————————————————————
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BACK TO THE TITANIC

M . F
f
Adult Child 3 1,2,C
2or3 1 or Crew 3 lor2
46% 93%
Crew 1st
14% 27% 100%

23% 33%



GEOMETRY OF

N
v Y
Y
Y
N
Y Y Y
Debt %
Y
Y Y
N Y
N

DECISION TREES

<7 N
YN
N
Y
N Y N
N N
N
N N
N N

Household Income



CONFUSION MATRIX

Doctors in |Actual No Heart

ER Heart Attack
Attack

Predict 0.89 0.75

Heart

Attack

Predict No (0.1 0.25

Heart

Attack

139




The ECG Tests:

140

*MI: myocardial infarction (heart attack)

*Ischemia — Heart muscle not getting enough blood

COOK COUNTY ER

The 3 Risk Factors:

I. Is the reported Pain unstable angina?
2. Is there fluid in patient’s lungs?

3. Is the patient’s systolic BP < 100?
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HOW

D

D [T

DO

Doctors in Actual No Heart Predict Actual No Heart

ER Heart Attack Using Tree |Heart Attack
Attack Attack

Predict 0.89 0.75 Predict 0.96 0.08

Heart Heart

Attack Attack

Predict No 0.1 1 0.25 Predict No 0.04 0.92

Heart Heart

Attack Attack




TREE ON TITANIC



TREE ON TITANIC

Can (should) optimize levels to trade off
Type | and Type Il errors

Here — Type | 60.29% (!)

Type Il 1.31%

143



CHANGING THRESHOLDS

*For most classification algorithms, the default threshold (yes/no) is 0.5
*You do not have to use 0.5 especially when a Type Il error is important

*WEe'll use 0.1 here (but typically you should try several values and see which has best

average misclassification rates).

144



ROC CURVE

e Trade off and optimize Type | vs.Type Il error
» Sensitivity (I-Type Il error) vs. |- Specificity (Type | error)

* Typically used to compare models (and vs. null model)

[45



TREE ON

DIAMON

DATA



MORE REALISTIC



HOW TO STARTY?

* Explore!?
*How many plots?

* Missing values
* Data transformations

* Feature creation
*Fancy name for making a new predictor — e.g. Debt/Income

*Data quality

148



TREE ON PVA

*Don't use tree to model, but for column contributions



COLUMN CONTRIBUTIONS



SHAKE THE TREE Il 250 VARIABLES
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TREE ADVANTAGES/

*Tree are a great first model because

*Resistant to outliers

e Treat missing as a category

«Can mix continuous/categorical predictors
o Are fast

«Can be interpretable

«Give variable contributions

*But...

«Rarely are they a good model

DISA

oInstead, they provide a starting point for more sophisticated models

DVANTAGES



SMOOTHING —WHAT'S THE TREND?

1970 US Draft Lottery
Lottery Number vs. Day of Year



SCAT TERPLOT SMOOTHER

1970 US Draft Lottery
Lottery Number vs. Day of Year



MORE DIMENSIONS

e Why not smooth using 10 predictors?

+ Curse of dimensionality

+ With |0 predictors, if we use 10% of each as a neighborhood, how many points
do we need to get 100 points in cube!?

« Conversely, to get 10% of the points, what percentage do we need to take of
each predictor?

* Need new approach

|55



ADDITIVE MODEL

» Cant get
y=r (x,.,x,)
e 50, simplify to:

y=hG)+LH00)++ f(x,)

e Each of the fi are easy to find

» Scatterplot smoothers

156
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PROBLEMS WITH GAMS

e Interactions are possible, but only order 2 and you have to know which ones

y=8(x,)+ 8500, H s(xy,x, H....

e If | knew it was the first two variables, | could fit;

> gam.m1=gam(y~lo(x1,x2)+s(x3)+s(x4)+s(x5),data=subset(marsd, Test==0))

Anova for Parametric Effects

lo(xl, x2) 2.
s(x3) Ao
s(x4) 1o
s(x5) 1

Residuals 729.

Signif. codes:

Df Sum Sq Mean Sq F value Pr(>F)

00 2213.0 1106.5 578.278 <2e-16 ***

00
00

.00

26

0

1.0 1
6704.1 6704.
1684.7 1684.
1395.4 1

fxxk%7 0.001

.0 0.505 0.4775

1 3503.605 <2e-16 ***
7 880.438 <2e-16 **x

.9

‘%%’ 0.01 ‘*’ 0.05 ‘.” 0.1 * " 1



GAM OUTPUT



NEW STRATEGY

* Instead of original x’s use linear combinations — new “features”

Principal components
Factor analysis
Multidimensional scaling

159



HOW TO FIND THESE FEATURES

* What are interesting directions in the predictors!?

- High variance directions in X - PCA
* High covariance withY -- PLS
+ High correlation with Y -- OLS

* Directions whose smooth is correlated with y - PPR

* Notice which involve y

160



PRINCIPAL COMPONENTS

* First direction has maximum variance
 Second direction has maximum variance of all directions perpendicular to first
* Repeat until there are as many directions as original variables

 Reduce to a smaller number

+ Multiple approaches to eliminate directions

l6l



WHEN DOES THIS WORKWELL!

 When you have a group of highly correlated predictor variables
+ Census information
* History of past giving
|0 temperature sensors

+ Quality control

162



PROJECTION PURSUIT

e Instead of original x’s use linear combinations — new “features”

Now, directions are just “interesting”
Minimize sum of squares of residuals
Interpretation is a problem

* Once found, fit the following model:

P =5(z,)+ 5(2,)+5(23) + ...

163



|64

PROJECTION PURSUIT OUTPUT

 pprl=ppr(y~. - Test, nterms=3, data=subset(mars, Test==0))

Goodness of fit:

3 terms
1615.42

Projection direction vectors:
term 2

term 1
x1 0.342907504
X2 0.334347163
x3 0.009388934
x4 0.788543823
x5 0.384260285
X6 0.016657236
X7 -0.011492871
x8 -0.024787784
x9 -0.005044944
x10 -0.005612762

-0.

0

0
-0

659698547

.718257325
-0.
0.
0.
-0.

058771539
099639752
117609297

038726581

.130117053
.026914931

0.
-0.

050158835
004427670

Coefficients of ridge terms:

term 1

term 2

term 3

3.725415 0.668497 1.501681

term 3

-0.
-0.

0.
-0.
-0.
-0.
-0.
-0.
-0.
-0.

108766485
150105151
964990347
078530289
070077780
077071263
069838552
092504698
036769432
051259248
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ONE MOREVARIANT

* Instead of arbitrary smooth functions, restrict to sigmoidal
Any cdf will work

Sigmoid Function

—




NEURAL NETWORK

* Instead of arbitrary smooth functions, restrict to sigmoidal
* As before, .
;=0 +OC].1)C1 + ...+ a,x,

* and
y=15(z)+5(z,) +5(z5) + ...

 but now s( ) are sigmoids
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NEURAL NETWORKS

 Don’t resemble the brain

+ LOTS of hype

* Are a statistical model

* Closest relative is project pursuit regression
+ Generally, fit really well (sometimes too well)
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NEURAL NETWORK



NEURAL NETWORK



NEURAL RESULTS



A SINGLE NEURON

O

e \
‘ h(z1)
Output
Input (z1)
XO z1=0.8 + .3x1+.7x2 - .2x3 + .4x4- .5X5




SINGLE NODE

Input to outer layer from “hidden node™

[ =z =2w1].kxj +0,
J
Output:

.)’}k =h(zy)
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D ARCHITECTURE




PUTTING IT TOGETHER

Create lots of features — hidden nodes
Z, = Zwljkxj +0,
J

Use them in an additive model:

N

V. =w, h(z,)+w, h(22)+...+9j
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FINALLY

Vi = Z(Z Wk h(Z Wik X +0,) +ej)
[ J

The resulting model is just a flexible non-linear regression of the
response on a set of predictor variables.
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NEED 1O REGULARIZE




ON OUR DATA




PROFILER ON

DIAMON

DATA



IN R — NO PENALTY



IN R —WITHWEIGHT DECAY




NEURAL NET PRO

» Advantages

Handles continuous or discrete values
Complex interactions
In general, highly accurate for fitting due to flexibility of model
Can incorporate known relationships
* So called grey box models
- See De Veaux et al, Environmetrics 1999
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NEURAL NET CON

 Disadvantages

Model is not descriptive (black box)
Difficult, complex architectures
Slow model building

Categorical data explosion
Sensitive to input variable selection
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K-NEAREST NEIGHBORS(KNN)

«To predict y for an x:

* Find the k most similar x's
* Average their y's

*Find k by cross validation
*No training (estimation) required

*Works embarrassingly well

« Friedman, KDDM 1996
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COLLABORATIVE FILTERING

*Goal: predict what movies people will like

Data: list of movies each person has watched

Lyle André, Starwars

Ellen André, Starwars, Amélie Poulin
Fred Starwars, Batman

Dean Starwars, Batman, Rambo

Jason Amélie Poulin, Caché
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MINI NE TFLIX

 Data can be represented as a sparse matrix

Starwars Rambo Batman My Dinner w/André Amélie Poulin Caché

Lyle y y

Ellen y y y

Fred y y

Dean y y y

Jason vy y y
Karen ? ? ? ? ? ?

* Karen likes Andrée.What else might she like?

.t CDNow doubled e-mail responses



KNN ON TITANIC



KNN AND TREE ON TITANIC
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THREE MODELS




THREE MODELS




PREDICTING MALIGNANCY

+ Very high false positive and false negative rates

+ Approaching 30% and higher — both Type | and Type Il errors

+ FDA still says the best way to screen



PREDICTING MALIGNANCY

+ Very high false positive and false negative rates




PREDICTING MALIGNANCY

<

+ Radiology very expensive for the developing world



PREDICTING MALIGNANCY

<

<

+ X-rays preprocessed by computer scientists



PREDICTING MALIGNANCY

<

<
<

+ 1600 X-rays with known diagnosis



TREE MODEL




HOW WELL

DOES A TREE

DO



COMBINING MODELS

+ Bagging (Bootstrap Aggregation)
—Bootstrap a data set repeatedly

—Take many versions of same model (e.g. tree)
—Random Forest Variation

—Form a committee of models
—Take majority rule of predictions

+ Boosting

—Create repeated samples of weighted data
~Weights based on misclassification
—Combine by majority rule, or linear combination of predictions

Committee of experts



LOTS OF TREES

All Rows |
polymorphisme‘
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LOTS OF TREES

All Rows | |
polymorphisme] All Rows
contou

Iiii 3,1

[foyer]

contour|

retrof

[o][—]
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LOTS OF TREES

All Rows
All Rows - (
polymorphisme] All Rows
non‘|1bre | Icon—tourl
2,541,"
[contour] ; 3,1
I [foyer
[2 rL‘
olymorphisme]| -
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1 5
forme] <
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0
[contour]
[o]
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RESULTS FOR CANCER DATA SET

*Split data into train and test (62.5% - 37.5%)
*Repeat random splits 1000 times

»For each iteration, count false positives and false negatives on the 600 test set cases
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WHERE ARE WE!

*Model comparisons

* At this point you should have a collection of different models, all fit to the training set
with results on a tuning set

*Use the tuning set to optimize model choices (thresholds for binary classification),
size of model etc.
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MO

At least two choices:
*Simple arithmetic average
*Neural average

DEL AVERAGE



MO

DEL AVERAGE!?



HOW DO WE STARTY?

=Life is not always kind

- Categorical variables — require pre processing
* Missing data - what to do? Informative missing.

PVA has 4/9 variables — where to start?
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EXPLORATORY

DATA MO

DELS

=Use a tree to find a smaller subset of variables to

investigate

“Explore this set graphically

- Start the modeling process over

*Build model

» Compare model on small subset with full predictive model
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START WITH A SIMPLE MO

" Tree?

X4i<0 A77873

x2<0.288579 x1<0.297806

x5<! 05 x1<0.333728 x5<0.529173 x2<0.343653

x1<i 83 x5<0.466843 x2< 49 4<0. 715276
-2.560-0.265 2.5405.120
X4<! 11 x5< 85x5< 35
-1.890 1.150 5.820 2.910 6.050
2.000 4.570 7.50010.1009.88012.200
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EXPLORATORY TREE



NOW BACK TO THE START



BRUSHING



CLUSTERING

= Turn the problem around

" Instead of predicting something about a variable,
use the variables to group the observations

« K-means
» Hierarchical clustering
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HIERARCHICAL CLUSTERING

* Define a distance (or similarity) and put in an N*N matrix

| Start by assigning each item to a cluster; so that if you have N
items, you now have N clusters, each containing just one item. Let
the distances between the clusters be the same as the distances
between the items they contain. How — later

2. Find the closest pair of clusters and merge them into a single
cluster, so that now you have one cluster less.

3. Compute distances between the new cluster and each of the old
clusters.

4. Repeat steps 2 and 3 until all items are clustered into a single
cluster of size N. (*)
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SINGLE-LINKAGE

» Step 3 can be done in different ways, which is what distinguishes
single-linkage from complete-linkage and average-linkage
clustering.

In single-linkage clustering the distance between one cluster and another cluster is the shortest

distance from any member of one cluster to any member of the other cluster.

In complete-linkage clustering (also called the diameter or maximum method), we consider the
distance between one cluster and another cluster to be equal to the greatest distance from any
member of one cluster to any member of the other cluster.

In average-linkage clustering, we consider the distance between one cluster and another cluster
to be equal to the average distance from any member of one cluster to any member of the
other cluster.
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DISTANCE MATRIX

Bari | Firenze | Milano | Napoli | Roma | Torino

Bari 0 | 662 | 877 | 255 | 412 | 996
Firenze | 662 | O 295 | 468 | 268 | 400
Milano | 877 | 295 0 754 | 564 | 138
Napoli | 255 | 468 | 754 0 | 219 | 869
Roma |412| 268 | 564 | 219 0 669
Torino | 996 | 400 | 138 | 869 | 669 0
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MERGE MILANO WITH TORINO
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RECOMPUTE

DISTANCES

Bari Firenze Milano/Torino Napoli Roma

Bari 0 662 877 255 412

Firenze 662 0 295 468 268

Milano/Torino 877 295 0 754 564

Napoli 255 468 754 0 219
Roma 412 268 564 219 0

Merge Napoli with Rome
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3R

D STEP

Bari Firenze Milano/Torino Napoli/Roma
Bari 0 662 877 255
Firenze 662 0 295 268
Milano/Torino 877 295 0 564
NapoliRoma 255 268 564 0
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NEXT

Bari/Napoli/Roma Firenze Milano/Torino
Bari/Napoli/Roma 0 268 564
Firenze 268 0 295
Milano/Torino 564 295 0




LAST STEP

Bari/Napoli/Romal/Firenze Milano/Torino

Bari/Napoli/Roma/ 0 295
Firenze

Milano/Torino 295 0
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REPRESENTATION AS A TREE

BA NA RM FI MI TO



Step 1: cut experiments and transcripts
falling below P-value and ratio thresholds

transcripts

44 experiments
X
407/ genes

experiments

10 5 -2 1 2 5 10

fold repression fold induction
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Step 2:
cluster experiments and transcripts

transcripts

Sste mutants

2 |/ RHO O/X
O ~
£ ™~ PKC O/X
a
)
treatment
with
I/ alpha-factor
|| ——
-10 -5 -2 1 2 5 10

233 fold repression fold induction



2-D clustering groups

|27 experiments — 586 genes transcripts

X

586 genes

I/ 771N\ T\

experiments

|.cup5, vmas
PAU RNR2,3,éterolcalcineurin/Mating

|| —— _ mitochondrial
dmino A:)Clﬁp

.10 -5 2 1 2 5 10 funCtiOI"l

234 fold repression fold induction hincvnthacic
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transcripts

Automatic “labeling” of cluster

experiments

AR

R

TN

[

amino acid biosynthesis
(p<101%)

amino acid metabolism
(p<101%)

methionine metabolism
(p=1.07x107)



EXAMPLE

e Final Grades

* Homework
« 3 Midterms
« Final

e Principal Components

- First iIs weighted average
- Second is difference between | and 3rd midterms and 2nd
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K-MEANS

e Rather than find the K nearest neighbors, find K clusters

e Problem is now to group observations into clusters
rather than predict

* Not a predictive model, but a segmentation model
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SCAT TERPLOT MATRIX

Scatterplot Matrix |
22U
180 .
1404 HW Total

Midterm1 |~

n n n
[
Midterm #2 e
_//
Midterm #3

Final

TTTTT 11 TTTTTTTTT]
238 60100 160 226060 80 10050 70 90 020 50 80 11014017020



CLUSTER MEANS

Cluster Means

Cluster HW Total Midterrm 1 Midterm #2  Midterm #3 Final
1 183.833333 91.3333333  97.8333333 93.3333333 188
2 195.75 94.75 98.25 29 188
3 81 83 61 59 130.333333
4 169.234043 827446809 91.2978723 77.8085106 172
4] 172.2 86.2 75.8 a1 151.2
B 139 65 84 50 110
7 84.4 85.2 90.8 72.4 164.4
8 a6 71 87 0 139
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KNOW WHEN TO FOLD 'EM

*Liability for churches

*Some Predictors

* Net Premium Value

* Property Value

* Coastal (yes/no)

*Inner! 00 (a.k.a., highly-urban) (yes/no)

* High property value Neighborhood (yes/no)

* Indicator Class
* | (Church/House of worship)
« 2 (Sexual Misconduct — Church)
* 3 (Add'l Sex. Misc. Covg Purchased)
* 4 (Not-for-profit daycare centers)
+ 5 (Dwellings — One family (Lessor's risk))
* 6 (Bldg or Premises — Office — Not for profit)
* 7 (Corporal Punishment — each faculty member)
« 8 (Vacant land- not for profit)
* 9 (Private, not for profit, elementary, Kindergarten and Jr. High Schools)
* 10 (Stores — no food or drink — not for profit)
« |'l (Bldg or Premises — Maintained by insured (lessor’s risk) — not for profit)
* 12 (Sexual misconduct — diocese)
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FAS T FAIL

*Not every modeling effort is a success

«A model search can save lots of queries

eData took 8 months to get ready
« Analyst spent 2 months exploring it

o [ree models, stepwise regression (and a neural network running for
several hours) found no out of sample predictive ability
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MACHINES ARE SMART

* Why do statisticians like interpretability?

*Black boxes are not interpretable, but there may be important information
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BUT YOU ARE SMARTER

A new backpack inkjet printer is showing higher than

expected warranty claims
*What are the important variables?
* What's going on?

A neural networks shows that Zip code is the most
important predictor
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DATA MINING — DOE

e Data Mining is exploratory

o Efforts can go on simultaneously
o Learning cycle osclllates naturally between the two

247



WHAT DID WE LEARN/?

e oy problem
* Functional form of model

e PVA data

+ Useful predictor — increased sales 40%

e Ingots
* Gave clues as to where to look
- Experimental design followed

e Churches
* When to quit

e Printers
* When to experiment — what factors

248



CHALLENGES FOR DATA

» Not algorithms
e Overfitting

e Finding an interpretable model that fits reasonably
well
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RECAP — SUCCESS IN

e Problem formulation

e Data preparation
« Data definitions
 Data cleaning
+ Feature creation, transformations

« EDM — exploratory modeling

+ Reduce dimensions

DATA



SUCCESS IN DATA MINING I

e Don't forget Graphics

» Second phase modeling
o Testing, validation, implementation
« Constant re-evaluation of models
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WHICH METHOD(S) TO USE?

* No method Is best

» Which methods work best when?
 Which method to use?!

YES!
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FOR MORE INFORMATION

= Two Crows
* http//www.twocrows.com

= KDNuggets

- http//www.kdnuggets.com

= deveaux@williams.edu
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Nisbet, Elder and Miner; Handbook of Statistical Analysis and Data Mining Applications, Academic
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