Fall 2012 Data Mining: Finding the Data and Models that Create Value 15.062 (ESD.7541J)
(Welsch)

Information Sheet

Summary and Goals: Data that has relevance for managerial decisions is accumulating at an
incredible rate due to a host of technological advances. Electronic data capture has become
inexpensive and ubiquitous as a by-product of innovations such as the Internet, e-commerce,
electronic banking, point-of-sale devices, bar-code readers, microarrays, genomic sequencing,
and intelligent machines. Such data is often stored in data warehouses and data marts
specifically intended for management decision support. Data mining is a rapidly growing field
that is concerned with developing techniques to assist managers to make intelligent use of these
repositories. A number of successful applications have been reported in areas such as credit
rating, fraud detection, database marketing, customer relationship management, stock market
investments, and bioinformatics. The field of data mining has evolved from the disciplines of
statistics (multivariate analysis) and artificial intelligence (machine learning).

This course will examine methods that have emerged from both fields and proven to be of value
in recognizing patterns and making predictions from an applications perspective. We will survey
applications and provide an opportunity for hands-on experimentation with algorithms for data
mining with easy-to-use software and cases.

Our objective is to develop an understanding of the strengths and limitations of popular data
mining techniques and to be able to identify promising business applications of data mining.
Students will be able to actively manage and participate in data mining projects that have been
converted into cases. A useful takeaway from the course will be the ability to perform powerful
data analyses in Excel as well as other data-mining systems.

Background: Material on statistics at the level of 15.060 (Data, Models, and Decisions) or
15.074 (Statistical Reasoning and Data Modeling) or 15.075 (Statistical Thinking and Data
Analysis) or my permission. Perhaps the most important topic is regression and you might want
to review your notes.

Instructor: Professor Roy Welsch, E62-564 (x3-6601), rwelsch@mit.edu. Often, I am available
after class, but the best way to see me is to schedule some time by email or phone. Please also
feel free to email me with your questions or comments. I will do my best to respond in a timely
manner. We will use Stellar for communication with the whole class.

Establishing a Stellar Account: Check first to see if you are already registered on Stellar for
15.062. If not, a message will be generated for us to grant you permission.

Teaching Assistant: David Zhu (zhezhu@mit.edu), third year PhD student in Operations
Research and Statistics (ORC). Office hours will be announced.

Course Assistant: Alison Prosek, E62-571 (x4-4378), aprosek@mit.edu will have extra copies
of handouts not posted on the website and can often get a message to me.



Text and Data: Data Mining for Business Intelligence, 2" Edition (2010) by Shmueli, Patel, and

Bruce. The XLMiner add-in for Excel can be downloaded using the code inside the back cover.
Data for cases and exercises is available at http://www.dataminingbook.com.

Lectures: These will be held in E51-395 from 4:05 to 5:25 on Mon. and Wed. I will use
PowerPoint slides during lecture to provide an outline of what I want to cover. These will be
available on Stellar (two slides per page) and will also be handed out (four slides per page) so
that you can take notes during lecture. It helps if you skim the assigned textbook material before
lecture in order to have some idea of what is coming even if you don't understand everything.
Please ask questions as I go along.

Recitations: These will be held in room E51-395 on Tuesdays from 4:05-4:55. Generally the
recitations will be conducted by the Teaching Assistant and cover some new material related to
data analysis and statistical computing, e.g., XLMiner. There will also be time to discuss
homework problems, examples, and clear up any confusion from my lectures.

Exams: None. Grades based on homework (cases), participation, and project.

Term Project: A term project will be required. This usually involves exploring data with the
methods in the course (best if you are interested in the data, but see the resources listed below) or
picking some material outside of the book that we do not plan to cover and demonstrating that
you have gained a working knowledge of it. Computing algorithms can be appropriate. More
theoretical issues may also be addressed. The report should be about ten pages with additional
material (e.g., computer output and extra plots) included as appendices.

Homework: There will be homework about every ten days that will be graded and returned.
(Sampling may be used, i.e. only a portion of the problems may be graded and the rest will be
just counted. However, solutions will be provided to all of them.)

Grading: Our goal is to have everyone learn the material. If you are having problems, don't let
them slide until the end. Talk to us. The homework will count 40%, class participation 20%,
and the project 40%. Once we have handed out the solution sheet for a homework set, late
homework will not be accepted.

Work Load: This is a 4-0-8 course for half a semester for a total of 6 units. We will have three
main hours of lecture and one additional hour of recitation or demonstration each week.
Homeworks should take the median student about 8 hours each week. If we have misjudged this

load (most often because computing can sometimes take more time than we think), please let us
know.

Feedback: Let me (or the TAs) know (anonymously, if you wish) what is going right and what
is going wrong with lectures, homework, content, etc. I will occasionally invite a random
sample of you to talk to me about the course and/or to fill out evaluation forms during the course.

Academic Honesty: It is best to attempt the homework on your own and then ask us questions.
In a pinch, talk to your classmates for clarification. What goes on your homework paper should
be your own work. The project should, of course, be entirely your own work. Please see the



statement about MIT Sloan Academic Standards posted on the 15.062 Stellar site for further
details.

Computing: We will be using a data mining package called XLMiner that is an Excel add-in
and comes (via download) with the textbook for the course. XLMiner does not work on Macs
unless you are using Windows. We will try (if needed) to have some copies of XLMiner on
computing lab machines at Sloan in case you have a Mac and are not running Windows. JMP or
Matlab (see below) are good substitutes.

There are many other data mining and data analysis packages available that you can use. For
example, JMP from SAS and Matlab (with the statistics toolbox plus other data mining toolboxes
such as neural networks and bioinformatics). You can obtain these free from
http://ist.mit.edu/software-hardware. There are other Excel add-ins on the market as well.

Data for Homeworks and Projects
Here are some places to get datasets for projects and other uses.

1. KDNuggets http://www.kdnuggets.com/datasets/index.html. For a great deal of additional
information try the core site at http://www.kdnuggets.com.

2. UCI http://www.ics.uci.edu/~mlearn/MLRepository.html with summary descriptions at
http://mlearn.ics.uci.edw/MLSummary.html.

3. DASL http://lib.stat.cmu.edu/DASL/Datafiles/. Other data sets and software may be found
at the core link http://lib.stat.cmu.edu/.

4. JSE http://www.amstat.org/publications/jse/jse_data archive.htm.
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Fall 2012 Data Mining: Finding the Data and Models that Create Value 15.062(ESD.754))
(Welsch)

Tentative Schedule

All readings listed here are in the book by Shmueli, Patel, and Bruce, Data Mining for Business
Intelligence, 2™ Edition (2010) (denoted as DMBI) and class notes.

Date (L#) Topics Reading
Oct.

29 M (1) What is Data Mining? 1,2
30T Rec.: Getting Started with XLMiner (and other software)
31W(2) Data Visualization B
Nov.

5M(3) Evaluating Classification and Predictive Performance 5
6T Rec.: Visualization and Performance Computing

7W(4)* Near Neighbor and Naive Bayes Methods 7,8
12M Holiday

13T Rec.: Near Neighbor and Naive Bayes Computing

14 W (5) Classification and Regression Trees 9
19 M (6) Regression Review and Selection of Variables 6
20T (7) Logistic Regression 10

Note interchange of Recitation and Lecture. Class will go until 5:30
on the 20™ (5-5:30 optional) and recitation until 5 on the 21*.

21 W Rec.: Regression and Classification Trees Computing

26 M (8)* Discriminant Analysis 12
27T Rec.: Logistic Reg. and Discriminant Analysis Computing

28 W (9) Neural Networks 11
Dec.

3M(10) Cluster Analysis 14

4T Rec.: NN and Cluster Analysis Computing



5W(11) Affinity Analysis and Association Rules 13

§ Homework Due

10 M (12) Dimension Reduction; Bagging and Boosting; 4, Notes
11T Rec.: Assoc. Rules; Dimension Reduction; Bag and Boost

12 W (13)  Time Series Forecasting 13, 16, 17

Final Project Due

There is no final examination in this course. Grades are based on homework, projects, and case
studies.

* Denotes tentative homework or case due dates.
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Fall 2011 (Welsch) Data Mining: Applications and Algorithms 15.062
Reserve Books

Here is a list of books that I have placed on reserve:

Berry, M., Linoff, G., Data Mining Techniques: For Marketing, Sales, and Customer
Relationship Management, 3rd ed., Wiley, 2011 (ISBN 978-0-470-65093-6).

Berry, M., Linoff, G., Mastering Data Mining: The Art and Science of Customer Relationship
Management, Wiley, 1999 (ISBN 978-0-471-33123-0). (on MIT Libraries site at Books24x7.com)

Dunham, M. Data Mining: Introductory and Advanced Topics, Prentice Hall, 2003 (ISBN
9780130888921).

Green, P., Carmone, F., and Wachspress, D. (1977). “On the Analysis of Qualitative Data in
Marketing Research,” Journal of Marketing Research, 14, 1, pp. 52— 59.
http://www.jstor.org/stable/3151054

Han, J., Kamber, M., and Peij, J., Data Mining: Concepts and Techniques, 3rd ed., Elsevier, 2011
(ISBN 978-0-12-381479-1).

Hand, D., Mannila, H., Smyth, P., Principles of Data Mining, MIT Press, 2001, (ISBN 978-0-262-
08290-7). (on MIT Libraries site at Books24x7.com)

Hastie, T., Tibshirani, R., and Friedman, J., The Elements of Statistical Learning: Data Mining,
Inference and Prediction, Springer, 2nd ed., 2009 (ISBN 978-0-387-84857-0).

Hosmer, D.W. and Lemeshow, S., Applied Logistic Regression, 2nd ed., Wiley, 2000 (ISBN 978-
0-471-35632-5).

Johnson, R.A. & Wichern, D.W., Applied Multivariate Statistical Analysis, Prentice-Hall, 6th
Ed., 2008 (ISBN 9780131877153).

Kutner, M., Nachtsheim, C., Neter, J., Li, W., Applied Linear Statistical Models with Student
CD, McGraw-Hill/Irwin, 5th Ed., 2005 (ISBN 9780073108742). (edition w/o CD ISBN
9780072386882)

Labe, R.P. (1994), “Database Marketing Increases Prospecting Effectiveness at Merrill Lynch,”
Interfaces, 24:5, pp. 1-12. http://www jstor.org/stable/25061926




Markov, Z. and Larose, D., Data Mining the Web: Uncovering Patterns in Web Content,
Structure and Usage, Wiley, 2007 (ISBN 978-0-471-66655-4).

Montgomery, D., Peck, E., and Vining, G.G., Introduction to Linear Regression Analysis, 5th
ed., Wiley, 2012 (ISBN 978-0-470-54281-1).

Pyle, D., Business Modeling and Data Mining, Elsevier, 2003 (ISBN 978-1-55860-653-1).
(on MIT Libraries site at Books24x7.com)

Roiger, R., Geatz, M., Data Mining — A Tutorial-Based Primer, Addison-Wesley, 2003 (ISBN
9780201741285).

Shmueli, G., Patel, N., and Bruce, P., Data Mining for Business Intelligence: Concepts,

Techniques, and Applications in Microsoft Excel with XL Miner, 2nd ed., Wiley, 2010 (ISBN
978-0-470-52682-8).

Tan, P., Steinbach, M., Kumar, V., Introduction to Data Mining, Addison Wesley, 2006 (ISBN
9780321321367).

Trippi, R. and Turban, E. (ed.), Neural Networks in Finance and Investing: Using Artificial
Intelligence to Improve Real-World Performance, Irwin Professional Publishing, 2nd ed., 1996
(ISBN 9781557389190).
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Fall 2012 Data Mining: Finding the Data and Models that Create Value 15.062 (ESD.754))
(Welsch)
Homework #1

Due: Wednesday, November 7, 2012
Reading:
DMBI Chapters 1-3 and 5.
Problems (individual work unless otherwise noted):
1. 2.11
2. 3.4 (Teams of up to two allowed—turn in one paper with both names). If your computer
will not handle this much data, take a sample. Ifthere are problems with the software, then do

3.2 (a,c) and 3.3.

3. 54

10/25/2012v1
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Variable  Description

|d Record_ID
Model Model Description
Price Offer Price in EUROs

Age_08_04 Age in months as in August 2004
Mfg_Mont Manufacturing month (1-12)
Mfg_Year Manufacturing Year

KM Accumulated Kilometers on odometer
Fuel_Type Fuel Type (Petrol, Diesel, CNG)

HP Horse Power

Met_Color Metallic Color? (Yes=1, No=0)

Color Color (Blue, Red, Grey, Silver, Black, etc.)
Automatic Automatic ( (Yes=1, No=0)

cC Cylinder Volume in cubic centimeters
Doors Number of doors

Cylinders Number of cylinders

Gears Number of gear positions

Quarterly_ Quarterly road tax in EUROs

Weight  Weight in Kilograms

Mfr_Guara Within Manufacturer's Guarantee period (Yes=1, No=0)
BOVAG_GL BOVAG (Dutch dealer network) Guarantee (Yes=1, No=0)
Guarantee_Guarantee period in months

ABS Anti-Lock Brake System (Yes=1, No=0)
Airbag_1 Driver_Airbag (Yes=1, No=0)

Airbag_2 Passenger Airbag (Yes=1, No=0)

Airco Airconditioning (Yes=1, No=0)
Automatic_ Automatic Airconditioning (Yes=1, No=0)
Boardcomp Boardcomputer (Yes=1, No=0)
CD_Player CD Player (Yes=1, No=0)

Central_Lo Central Lock (Yes=1, No=0)

Powered_\ Powered Windows (Yes=1, No=0)
Power_Ste Power Steering (Yes=1, No=0)

Radio Radio (Yes=1, No=0)

Mistlamps Mistlamps (Yes=1, No=0)

Sport_Mod Sport Model (Yes=1, No=0)

Backseat [ Backseat Divider (Yes=1, No=0)
Metallic_Ri Metallic Rim (Yes=1, No=0)

Radio_cass Radio Cassette (Yes=1, No=0)
Parking_As Parking assistance system (Yes=1, No=0)
Tow_Bar Tow Bar (Yes=1, No=0)



J/

: be\\._ JT& &)
0 P

’ s i< s $ < s¢ i £ <% s = 3 XN 4 ] <3 = x 2 el «HX soxe ez %
H H : 1 i 5% : ha | i : ; ShE A Hlli - h ) : : A Lo
- . . L cw s w e | PR —— f
L;
spunin :
o . . asr @ SRR | E————— be
. e ® - srr S48 B PP P RRERR——————— s s A T e TP -
s.00g §
= — — e ———— P
5 0 5 0 3 i - = == =
- * . . 5 . - o s m—— - i o e - e L
3Ny
=
1y »_ VO ﬁ
\ i
WojeD e L L
C ~ : I = = = —_— — = —— — ~ = ﬁ
0107w i -
Tt s _ - m= -1
® s . & 1 a _
3 g H i 2 3
2 3 2 1 i
) i} ab
3 T 1 T
] i ;
; i | :
i { i m i
' . : n ' N [
P “. ; ] i I ﬁm m“m:::_
] : i i BlY |
: P : ! | “
g & H § F § |
Bkl
..... T 1 £
8 | 3 i i
i | | 1 . =2
8 H ¥ H § .
L ' L H s i
L T - 1 ] %
320 v
seze.  ases




@ p{@(om O e il

\LOLB E*P[ [/w»v const ThFol Tpe
T mW C 1 19//*6/{

d ,Owﬂf(m
//f /
'H WW Cales qr Zm Jon. Chitn

6 Mp 44 File

TV’{’/_
Dq}r W@f fﬂ(ﬂ/\
b o ful bl
\ 0nd 4led Wi villles B
0\4{ WAU/\ e ((/d//u{{/lfp
o ((f%\ L},\ ﬁfrzﬁ
R\ploe dafn

M:f(&fm;@ éuﬂlu\ ‘0/0“(\(“4




l’r“@ 6’4{)@ ‘)@éb(l ﬁ le:we, 60(’@
QOLD Uh { ‘M% thl/lé f(ﬂn
T B 1 #

H,ﬂf, ol b Jote stongg  Lul®
(r mstiny dafy

(i W/ 5 b %f/m /A./e/ Shipe

0 ml/hL L. /%r@é

‘{’ (@h@@ 5]#0«9 -op#SE O[f)bW/h@@
aa ctmg ‘#9 (wfqﬂd(@g/ vl
(Mi (ftgke. % ;ﬂzﬂLfMW Lt

Soutfr ot bty vhat v S0 calle
?W L(

(tstq mg

0%/@7@

NI Mt
monw7



7/
O M 6mei/t4 Mh SN /0(//5
7

Joad |ls + lalles

VLY YLo o{@w[ w/ [Q/qa W
"’Ldﬂmp)tlrﬁ (
”fedwg] MW/ Qe
gt il

_ PMb

— Agqed ul

”32{"% - mt Y

i LE/MUVQ vzéwv‘c"?ml(iﬂ’?
= Spetble
— Tablev

N +\y0/kL d/WH

¢ iy :
= fcé M/m[/l((,d/[
= (of‘of
A2
Ma(pﬁ



a) |
1 _1‘0 paset fmss
{ighng o 4]

)\ﬂv\, Uéwﬁ maf ol

.
Wit g pol @

WP‘@ - vkt |
OL\ mLZ T [&f 3!

/

Clares sellay e mesh
" (oudiute  high ligH ey

J@ )

w tmi (/O(/Zobék
WJ[@/ QLW \/OWWM/(

(TN/\ /\Al Thm«(/(rtﬂ 66/@ J// é/[ow\f 72/6}



U

Thisk my /D/ﬂblé VR A
L fle Tible!
Uy b b agsegde  caf- pé

I b o Quodg™

Ak

Co frgbs b e s whel & Copmay!

T R T
M ﬁwﬂl A 6;4@ 7(2@/? /)L 417 (&LKQ{

Pls o (st m& she ot S e/
O( A ’(1/447 (V@ !

5 -Y Ut{,&&if[ﬁ/ jm//cmoe dut4



©
( @/ﬂ (F/M &
() /i Sunple

(O
20 13

Clata
P M

)0 %
AL

he F
(I8

?(bf what T M?LM/[Z d’(/\
s A& &[L/',
[t Selig b gas ho s vol )

Q 0\/% sted. nls dwaeffgao‘“m (i

WMPFV‘;@ Sibde o bk of fie
{@ Lt JM“




s clasal el % .

]
(o fale dop A5 or add (b

/Aﬂlc\, Os % |5 de ﬂﬁlz 2_‘%’ &/%M/é’
TWeo ) 7

(//004’[% £ = X

{Of/e fr X
4 600

So 39 660 05 6%% )0{

o gy
w0
R,



@ .
|y W - |

B 99 =30LH0
B4 =390

Go ot YN0+ 130 2040
.

Wt o) of e Cetads Ladld
M0 98

7069 o0
a2

Ll Tl b vy



%0 % 204
(170 7678
F WP

£ 0 40
NE (200 7270

7 %0 y
e 7)) )
L0000 o

O

T~ = é7¢ AS*
Upeoo

(ﬂa} (jolvgj S{ow 7‘Unc{€’6{mé‘0nﬂ



B o] gl o diet ey

WMF s{)ﬁwécf@ f@ @@f | Lﬂ




Homework 1 |

Michael Plasmeier

1. 2-11

a.

C.

From a visual perspective, we can see that the following are correlated. It is difficult to
see if the binary values are correlated just from looking at the chart.
i. Price and KM

ii. Price and Age

iii. Ageand KM

iv. Price and HP we can kinda tell
Both Metallic Color and Metallic Rims are already a binary value, meaning they are 1 if
present and O otherwise. We could convert Fuel Type into two or three binary values.
For a regression, we only want two binary values (Petrol Yes/No and Diesel Yes/No). For
some other methods we use all three (Petrol Yes/No, Diesel Yes/No, CNG Yes/No).
XLMiner has a function Transform>Transform Categorical Data>Create Dummy Variables
which will do this for us.
We would want to make sure we remove the original Categorical Data column. We also
want to be careful about when we should or should not use the last dummy variable (as
above sometimes we use one less) when we should not.
Partitioning allows us to make sure we are not overfitting. We first run our algorithm on
the training data which gives us a model. We then verify our model on the validation
data. Finally, to be sure that we have a robust model, we add in new test data. This
prevents us from fitting too closely to the verification output, making sure our model is
the best generally.

The average price of a laptop is $508. However, many laptops are sold between $450
and $550.

Laptops are selling mostly in months at the end of the year
" i

Some postcodes sold machines at cheaper average sale price per unit



Zverage of Retad Prce for each Stcre Postcode. Tha mars are lateled by aversge of Retad Prce

d. The price increases as the processor speed increases. The price increases as HDD space
increases.
In London.

f. The store at SW1P 3AU sells the most product; generally the stores downtown sell more
than the stores in the suburbs.

Sheet 15

Numbet of Records
128
50000
Y006
3 w208

A b A, ARG T s A St A AEF

Msp based anl

Sate shows sum of Number of Records. Detas are shown for Stare Postcoda Sta

g. The bigger the circle, the further customers wanted to travel




Sheat 15

s ‘ Avg. Calculstiont
3 00
. 1500
4000
. 4500
5,000
8378

M35 Based o Longauds igenerated) and Latiuoe igenenaied] Sde shows dvsage of Caiouiaton! Detal are thoan for Store Postcode Siart

The average guest traveled 3,800 units. (I could not tell how your lat/long were
formatted)

There is no data in the data set about revenue (only retail price)

There is no data in the data set about revenue (only retail price)

There are many configurations, but are 6 main groups. These increase in price as
configuration number increases

EeARCeal,

gﬂﬁéﬁﬁaoﬁ‘ i

et Free

Fetad Frce vh Combgurton

Some configurations are sold in many more stores. The darker the green, the more
stores the config is sold in.



Sheet 10

a. Table

Not Frau
Fraud 310 90 400
Not Fraud 130 270 400
Total 440 360 800

b. The adjusted misclassification rate is 32.4%

i. Since we have 99% are actually non fraudulent, we need to add new non
fraudulent transactions in the same proportion as above. So we add so we have

39,600 non frauds and 400 frauds for 40,000 total records. We multiply 130 and
270 each by 99 to get

& Not Fraud
Fraud 310 90 400

Not Fraud 12870 26730 39,600
Total 13180 26820 40,000

c. 67.05% will be classified as non-fraudulent under this classification
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Homework 1

Michael Plasmeier

’)7{< 1. 211

a.

From a visual perspective, we can see that the following are correlated. It is difficult to

see if the binary values are correlated just from looking at the chart. . )
i. Price and KM &8 U\)LQ @ .
ii. Price and Age
iii. Age and KM

iv. Price and HP we can kinda tell
Both Metallic Color and Metallic Rims are already a binary value, meaning they are 1 if
present and 0 otherwise. We could convert Fuel Type into two or three binary values.
For a regression, we only want two binary values (Petrol Yes/No and Diesel Yes/No). For
some other methods we use all three (Petrol Yes/No, Diesel Yes/No, CNG Yes/No).
XLMiner has a function Transform>Transform Categorical Data>Create Dummy Variables
which will do this for us.
We would want to make sure we remove the original Categorical Data column. We also
want to be careful about when we should or should not use the last dummy variable (as
above sometimes we use one less) when we should not. gt
Partitioning allows us to make sure we are not overfitting. We first run our algorithm on
the training data which gives us a model. We then verify our model on the validation
data. Finally, to be sure that we have a robust model, we add in new test data. This
prevents us from fitting too closely to the verification output, making sure our model is

the best generally.

The average price of a laptop is $508. However, many laptops are sold between $450

and $550.

Laptops are selling mostly in months at the end of the year
" ] 5

Some postcodes sold machines at cheaper average sale price per unit
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Sheet 13

Average of Retad Prce for gach Store Fostcode  Tha marks are labeled by average of Retsd Price

The price increases as the processor speed increases. The price increases as HDD space
increases.

e. InLondon.

The store at SW1P 3AU sells the most product; generally the stores downtown sell more
than the stores in the suburbs.

Sheet 15

Numbset of Records
3
50600
106 000
132083

bt St v e e o e Py SR

Map based on l.arwudowunonm]mumalwmuml Saa shows sum of Hhumber of Records, Detais ane shown far Store Posicode Stan

g. The bigger the circle, the further customers wanted to travel
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Sheet 15

Map based o Longhuce (generated) and Lattude (generaied) Site shows average of Caiculaton! Detads are shown for Store Postcose Stan

The average guest traveled 3,800 units. (I could not tell how your lat/long were
formatted)

There is no data in the data set about revenue (only retail price)

There is no data in the data set about revenue (only retail price)

There are many configurations, but are 6 main groups. These increase in price as
configuration number increases

Sheet 10

R

e
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o gogBRgRs
9 408 "ﬁgnhﬁﬂBégge
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O L0004

0088 a8
LEELE LS
Gt

Fetsa Pree w3 Contguepton

Some configurations are sold in many more stores. The darker the green, the more
stores the config is sold in.

Avg Caicutazant
320
7 350
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£ s000
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U((/ 3. 54
) a. Table

: , ~ Not Fraud

Fraud 310 90 400
Not Fraud 130 270 400
Total 440 360 800

b. The adjusted misclassification rate is 32.4%
i. Since we have 99% are actually non fraudulent, we need to add new non
fraudulent transactions in the same proportion as above. So we add so we have

39,600 non frauds and 400 frauds for 40,000 total records. We multiply 130 and
270 each by 99 to get

s S : - Not Fraud

Fraud 310 90 400
Not Fraud 12870 26730 39,600
Total 13180 26820 40,000

c. 67.05% will be classified as non-fraudulent under this classification

)Cd‘y' not
arswor —thae
TUM%“O*\L'_



Fall 2012 Data Mining: Finding the Data and Models that Create Value 15.062 (ESD.754J)
(Welsch)
Homework #2
Due: Monday, November 26, 2012
Reading:

DMBI Chapters 6-10 (not at much as it looks and regression review is included).

Problems (individual work unless otherwise noted):

1. 7.1
2, 10.1
3 Case (up to two may work on together and submit one write-up):

German Credit case at the end of the book (18.2). Use the following methods on these data:
k-NN, naive Bayes, classification trees, and logistic regression. By using one data set, I am
hoping to keep the data manipulation time to a minimum. However, I would like for you to
compare and contrast the results you obtained using the different methods. To do this please
modify part 2 of this case and divide the data into training, validation, and test data sets as
follows: Train with 600, validate with 200, and test with 200. Please also let us know what you
think your best model is. We may pick a random test set to compare the final models suggested
by each of you. Save your files since we will use neural nets and discriminant analysis on this
data set in the next homework assignment.

11/7/2012v1
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Codelist
Var.# Variable Name

1.
2,

L~ o

©

1.
12.

13.

14.

15.
16.
17.
18.
19.
20.

21,
22.
23.
24,
25.
26.
27.
28.

29.

30.
3.

32

OBS#
CHK_ACCT

DURATION
HISTORY

NEW_CAR
USED_CAR
FURNITURE
RADIOTV
EDUCATION
RETRAINING
AMOUNT
SAV_ACCT

EMPLOYMENT

INSTALL_RATE
MALE_DIV
MALE_SINGLE
MALE_MAR_WID
CO-APPLICANT
GUARANTOR

PRESENT_RESIDENT

REAL_ESTATE
PROP_UNKN_NONE
AGE
OTHER_INSTALL
RENT

OWN_RES
NUM_CREDITS

JOB

NUM_DEPENDENTS

TELEPHONE
FOREIGN
RESPONSE

Description

Observation No.
Checking account status

Duration of credit in months
Credit history

Purpose of credit

Purpose of credit

Purpose of credit

Purpose of credit

Purpose of credit

Purpose of credit

Credit amount

Average balance in savings account

Present employment since

Installment rale as % of disposable income

Applicant is male and divorced
Applicant is male and single

Applicant is male and married or a widower

Application has a co-applicant
Applicant has a guarantor
Present resident since - years

Applicant owns real estale

Applicant owns no property (or unknown)
Age in years

Applicant has other installment plan credit
Applicant rents

Applicant owns residence

Number of existing credits at this bank
Nature of job

Number of people for whom liable to provide

maintenance

Applicant has phone in his or her name
Foreign worker

Credit rating is good

Variable Type Code Description

Categorical
Categorical

Numerical
Categorical

Binary
Binary
Binary
Binary
Binary
Binary
Numerical
Categorical

Categorical

Numerical
Binary
Binary
Binary
Binary
Binary
Categorical

Binary
Binary
Numerical
Binary
Binary
Binary
Numerical
Categorical

Numerical

Binary
Binary
Binary

:<0DM

: 0<..<200 DM
:=>200DM

: no checking account

W M = O

0: no credits taken

1: all credits at this bank paid back duly
2: existing credits paid back duly till now
3: delay in paying off in the past

4: critical account

car (new) 0:No, 1: Yes

car (used) 0:No, 1: Yes
furniture/equipment  0: No, 1: Yes
radio/television 0: No, 1: Yes
education 0: No, 1: Yes

retraining  0: No, 1: Yes

0:< 100 DM
1:100<= ... < 500 DM
2:500<= ... <1000 DM
3:=>1000 DM
4 unknown/ no savings account
0 : unemployed
1: <1 year
2:1<= .. <4years
3.4 <= <Tyears
4 :>=7 years

0: No, 1: Yes
0: No, 1: Yes
0: No, 1: Yes
0: No, 1: Yes
0: No, 1: Yes
0: <=1 year
1<...<=2 years
2<...<=3 years
3:>4years

0: No, 1: Yes
0: No, 1: Yes

0:No, 1: Yes
0: No, 1: Yes
0: No, 1: Yes

- unemployed/ unskilled - non-resident
: unskilled - resident

: skilled employee / official

- management/ self-employed/highly
qualified employee/ officer

w N = O

0: No, 1: Yes
0: No, 1: Yes
0: No, 1: Yes
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Homework 2

Michdel Plasmeier

1. 71

a.

It predicts that customer will not open an account.

b. The best k is 15.

C.

2. 101

See table:

Classification Confusion Matrix

Predicted Class
Actual
Class 1 0
1 44 127
0 i 53 1776

It still predicts the customer will not open a new account

The overall percentage of errors is lower than the validation data, but higher than the
training data. We would expect the training data to fit well. However, we might expect
the test error to be higher than the validation error, since we have been adjusting the
model with the validation data. Howeuver, this is not true, meaning our data likely fits
the model well.

The logit is -14.18 + 79.96 (TotExp/Assets) + 9.17 (TotLns&Lses/Assets)
i. The odds of being weak are e?(-14.18)*(*!)Exp*(9635.41)Lns
ii. The probability of being weak is odds/(1+odds)

Input variables Coefficient Std. Error p-value Odds
Constant term -14.1875391 6.12205267 | 0.02047934 .
TotExp/Assets 79.96391296 | 39.26251602 | 0.04168537 *
TotLns&Lses/Assets 9.17319965 6.86388016 0.1 8_1_4038 9635.410156

The bank is found to be weak. The probability of being weak is .5280, the logit is .1124,
the odds are 1.1186

The threshold is the same since we have 10 strong banks and 10 weak banks so banks
have a .5 a priori chance of being weak.

A high Loans and Leases to Assets ratios correlates well with being weak. We can
confirm this since weak banks have a higher average Loans and Leases to asset ratio
than strong banks. The coefficient represents the change in the logit for each unit
change in the predictor. Since the logit is logarithmic, it reacts strongly to small
changes.

'| don’t understand why this value was undefined



Al
-6 -4 -2 : 0 2 4 6
e. Increasing our classification cutoff value increases precision but decreases recall (correct
items that are incorrect). So to prevent strong banks from being marked as weak, we
should raise our cutoff.
Case
We can run our case with different methods. However, they all do somewhat poorly in
predicting the final error. This is running with all of the variables, and without oversampling,
and without adjusting for the cost of misclassifying.

a. Having a used car, being foreign, being divorced, being unemployed, and having a large
amount of money in your savings meant you were likely to default. The having a lot of
money in your savings was surprising.

Input variables Coefficient Std. Error p-value Odds
Constant term 6.30225992 | 1.46662378 0.0000173 *
CHK_ACCT_0 229585409 0.33491024 0 0.10067537
CHK_ACCT_1 163414514 0.31551567 | 0.00000022 0.1851191
CHK_ACCT_2 1.54444897 0.49715993 | 0.00189289 0.21342945
DURATION 0.02587759 0.01276775 | 0.04268355 0.97445434
HISTORY_O 133374071 0.61145669 | 0.02916484 0.26348978
HISTORY_1 151970685 0.57911003 0.008685 0.21877603
HISTORY_2 0.68554056 0.33868772 | 0.04295903 0.50381786
HISTORY_3 0.18410464 0.45589614 | 0.68633759 0.83184874
NEW_CAR 0.88353533 0.5033834 0.0792262 0.41331911
USED_CAR 0.95051974 | 0.63732195 | 0.13584919 2.58705378
FURNITURE 0.18004292 | 0.52236569 0.7303437 1.19726872
RADIOMTV 0.07831579 | 0.49521932 | 0.87434363 1.08146417
EDUCATION -0.9208132 | 0.64983028 0.1564813 0.39819512
RETRAINING 057101339 0.60442251 | 0.34479898 0.56495261
AMOUNT 0.00017915 0.00006107 | 0.00335154 0.99982089
SAV_ACCT_0 0.49036461 0.34389061 | 0.15388799 0.61240304
SAV_ACCT _1 0.18633856 | 0.46812138 | 0.69058889 1.20483005



SAV_ACCT_2 053209227 0.57529843 | 0.35501906 0.58737475
SAV_ACCT_3 1.15361702 | 0.80781066 | 0.15326928 3.16963673
EMPLOYMENT_O 0.44411018 0.55798197 | 0.42607731 0.64139473
EMPLOYMENT _1 0.49783039 0.37889427 | 0.18887877 0.60784805
EMPLOYMENT_2 0.23545948 0.32984331 0.4753184 0.79020768
EMPLOYMENT_3 0.66987807 0.4155544 | 0.10695966 1.95389904
INSTALL_RATE 0.39909413 0.12076842 | 0.00095104 0.67092752
MALE_DIV 0.84928334 | 0.58631617 | 0.14747518 2.33797073
MALE_SINGLE 0.46977305 | 0.26900393 | 0.08075141 1.59863119
MALE_MAR_or_WID 0.52624226 0.4378055 | 0.22936352 1.69256008
CO-APPLICANT 0.63995582 | 0.62988758 | 0.30963692 1.89639711
GUARANTOR 0.69741499 | 0.50932699 | 0.17090948 2.00855398
PRESENT_RESIDENT_1 | 0.42877972 | 0.41927075 | 0.30645928 1.53538275
PRESENT_RESIDENT_2 076593876 0.30299652 | 0.01147536 0.4648973
PRESENT_RESIDENT_3 0.45220718 0.3728238 | 0.22515862 0.63622236
REAL_ESTATE 0.10405345 | 0.28950137 | 0.71927869 1.10965979
PROP_UNKN_NONE 0.51981235 0.53935426 | 0.33516231 0.59463215
AGE 0.00587227 | 0.01183509 | 0.61977094 1.00588953
OTHER_INSTALL -0.6189636 | 0.28184229 | 0.02808231 0.53850228
RENT 0.83508736 0.63786721 | 0.19047107 0.43383658
OWN_RES 0.26296562 0.61249375 | 0.66767871 0.76876831
NUM_CREDITS 0.38896427 0.24698998 | 0.11529846 0.67775846
JOB_0O 1.4665575 | 1.04517829 | 0.16056766 4.3342886
JOB_1 0.31274748 0.47036251 | 0.50610983 0.73143458
JOB_2 -0.2788668 | 0.39473286 0.4798961 0.75664067
NUM_DEPENDENTS 0.19530804 | 0.33370745 | 0.55836803 1.21568537
TELEPHONE 0.15822937 | 0.26449308 | 0.54968226 1.17143488
FOREIGN 3.14732909 | 1.41494763 0.0261_2536 23.27381897
Without cost control
k-NN with k=10
Error Report
Class # Cases # Errors % Error
1 138 8 5.80
0 62 57 91.94
Overall 200 65 32.50
Naive Bayes
Error Report
Class # Cases # Errors % Error
1 138 27 19.57
0 62 31 50.00
Overall 200 58 29.00

Classification Tree without Pruning (Pruning removed the whole tree)

Error Report

Class

# Cases o :
1 138

# Errt_)rs
17

% Error

12.32




0 62 36 58.06
Overall 200 53 26.50
e. Logistic Regression
Error Report
Class # Cases # Errors % Error
1 138 22 15.94
0 62 36 58.06
Overall 200 58 29.00

f. All of the methods did pretty poorly, but Classification Trees without Pruning seems to
be the best. It looks pretty hard to pick out the factors that lead to credit approval.

Now use .8 as the cutoff to indicate the higher cost of marking a bad credit risk customer as

good:
g. 10-Nearest Neighbor
Error Report
Class # Cases # Errors % Error
1 138 80 57.97
0 62 17 27.42
Overall 200 97 48.50
But we must now calculate the cost for this.
80*100+17*500=516,500
Before:
8*100+57*500=529,300
h. Naive Bayes
Error Report
Class # Cases # Errors % Error
1 138 54 39.13
0 62 18 29.03
Overall 200 72 36.00
54*100+18*500=514,400
i. BestPruned Tree
Fully prunes
j. Non pruned
Error Report
Class # Cases # Errors % Error
1 138 66 47.83
0 62 13 20.97




| overall | 200 | 79 39.50
66*100+13*500=13,300

k. Logistic

Would not run: Number of rows is less than number of columns. Regression computation
failed!

I.  So the least costly for the bank is still the non-pruned classification tree.
m. Doing this for non-cost data since Logistic Regression worked there.
n. You go 410 rows in to a 1000 row data set. You make a profit of $21904.
0. This means you should allow .6 as the probability of success cutoff.
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Data Roles; Dimension vs. Measure hitp://onlinehelp.tableausoftware.com/v6. 1/public/online/en-us/Id112...

9) Show

Home > Connect to Data > Understanding Data Fields > Data Types and Roles > Data Roles > Data
Roles; Dimension vs. Measure

Data Roles; Dimension vs. Measure

Dimensions

Dimensions typically produce headers when added to the rows or columns shelves in the view. By default,
Tableau treats any field containing qualitative, categorical information as a dimension. This includes, for
instance, any field with text or dates values. However, in relational data sources, the actual definition of a
dimension is slightly more complex. A dimension is a field that can be considered an independent variable.

This means that a measure can be aggregated for each value of the dimension. For instance, you might
calculate the Sum of “Sales” for every “State”. In this case the State field is acting as a dimension because
you want to aggregate sales for each state. The values of Sales are dependent on the State, so State is
an independent field and Sales is a dependent field.

Such aggregation could also be computed for numeric fields that are treated as dimensions. For instance,
you might want to calculate the SUM of Sales for each “Discount Rate” offered to customers. In this case
the Discount Rate field acts as an independent field and the Sales field is dependent even though both
fields are numeric. You can use a numeric field as the independent field by first converting the Discount
Rate measure to a dimension.

Measures

Measures typically produce axes when added to the rows or columns shelves. By default, Tableau treats
any field containing numeric (quantitative) information as a measure. However, in relational data sources,
the actual definition of a measure is slightly more complex. A measure is a field that is a dependent
variable: that is, its value is a function of one or more dimensions.

This means that a measure is a function of other dimensions placed on the worksheet. For instance, you
might calculate the Sum of “Sales” for every “State”. In this case, the Sales field is acting as a measure
because you want to aggregate the field for each state. But measures could also result in a non-numeric
result. For instance, you might create a calculated measure called “Sales Rating” that results in the word
“Good’ if sales are good and “Bad” otherwise. In this case the “Sales Rating” field acts as a measure even
though it produces a non-numeric result. It is considered a measure because it is a function of the

dimensions in the view.

Parent topic: Data Roles

I ofl 11/13/2012 12:37 AM
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. Obama Wins: How Chicago's Data-Driven Campaign Triumphed | TIME.com

Inside the Secret World of the Data Crunchers
Who Helped Obama Win

DANIEL SHEA FOR TIME

"The cave" at President Obama's campaign headquarters in Chicago

In late spring, the backroom number crunchers who powered
Barack Obama’s campaign to victory noticed that George
Clooney had an almost gravitational tug on West Coast females

ages 40 to 49. The women were far and away the single demographic group most likely to hand over cash, for a chance to
dine in Hollywood with Clooney — and Obama.

So as they did with all the other data collected, stored and analyzed in the two-year drive for re-election, Obama’s top
campaign aides decided to put this insight to use. They sought out an East Coast celebrity who had similar appeal among the
same demographic, aiming to replicate the millions of dollars produced by the Clooney contest. “We were blessed with an
overflowing menu of options, but we chose Sarah Jessica Parker,” explains a senior campaign adviser. And so the next
Dinner with Barack contest was born: a chance to eat at Parker’s West Village brownstone.

(MORE: Four More Years: Obama Wins Re-election)

http://swampland.time.com/2012/11/07/inside-the-secret-world-of-quants-and-data-crunchers-who-helped-obama-win/print/[11/14/2012 10:15:38 AM]
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For the general public, there was no way to know that the idea for the
Parker contest had come from a data-mining discovery about some
supporters: affection for contests, small dinners and celebrity. But
from the beginning, campaign manager Jim Messina had promised a
totally different, metric-driven kind of campaign in which politics was
the goal but political instincts might not be the means. “We are going
to measure every single thing in this campaign,” he said after taking
the job. He hired an analytics department five times as large as that of
the 2008 operation, with an official “chief scientist” for the Chicago
headquarters named Rayid Ghani, who in a previous life crunched
huge data sets to, among other things, maximize the efficiency of

supermarket sales promotions.

Exactly what that team of dozens of data crunchers was doing,
however, was a closely held secret. “They are our nuclear codes,”
campaign spokesman Ben LaBolt would say when asked about the
efforts. Around the office, data-mining experiments were given

mysterious code names such as Narwhal and Dreamcatcher. The team

even worked at a remove from the rest of the campaign staff, setting
up shop in a windowless room at the north end of the vast
headquarters office. The “scientists” created regular briefings on their work for the President and top aides in the White
House’s Roosevelt Room, but public details were in short supply as the campaign guarded what it believed to be its biggest
institutional advantage over Mitt Romney’s campaign: its data.

On Nov. 4, a group of senior campaign advisers agreed to deseribe their cutting-edge efforts with TIME on the condition
that they not be named and that the information not be published until after the winner was declared. What they revealed as
they pulled back the curtain was a massive data effort that helped Obama raise $1 billion, remade the process of targeting TV
ads and created detailed models of swing-state voters that could be used to increase the effectiveness of everything from

phone calls and door knocks to direct mailings and social media.
(Election 2012: Photos From the Finish Line)

How to Raise $1 Billion

For all the praise Obama’s team won in 2008 for its high-tech wizardry, its success masked a huge weakness: too many
databases. Back then, volunteers making phone calls through the Obama website were working off lists that differed from
the lists used by callers in the campaign office. Get-out-the-vote lists were never reconciled with fundraising lists. It was like
the FBI and the CIA before 9/11: the two camps never shared data. “We analyzed very early that the problem in Democratic
politics was you had databases all over the place,” said one of the officials. “None of them talked to each other.” So over the
first 18 months, the campaign started over, creating a single massive system that could merge the information collected from
pollsters, fundraisers, field workers and consumer databases as well as social-media and mobile contacts with the main
Democratic voter files in the swing states.

The new megafile didn’t just tell the campaign how to find voters and get their attention; it also allowed the number

crunchers to run tests predicting which types of people would be persuaded by certain kinds of appeals. Call lists in field

http://swampland.time.com/2012/11/07/inside-the-secret-world-of-quants-and-data-crunchers-who-helped-obama-win/print/[ 11/14/2012 10:15:38 AM)]
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offices, for instance, didn’t just list names and numbers; they also ranked names in order of their persuadability, with the
campaign’s most important priorities first. About 75% of the determining factors were basics like age, sex, race,
neighborhood and voting record. Consumer data about voters helped round out the picture. “We could [predict] people who
were going to give online. We could model people who were going to give through mail. We could model volunteers,” said
one of the senior advisers about the predictive profiles built by the data. “In the end, modeling became something way bigger
for us in ’12 than in '08 because it made our time more efficient.”

Early on, for example, the campaign discovered that people who had unsubscribed from the 2008 campaign e-mail lists
were top targets, among the easiest to pull back into the fold with some personal attention. The strategists fashioned tests
for specific demographic groups, trying out message scripts that they could then apply. They tested how much better a call
from a local volunteer would do than a call from a volunteer from a non—swing state like California. As Messina had
promised, assumptions were rarely left in place without numbers to back them up.

MORE: TIME Staff: Live Twitter Reactions

The new megafile also allowed the campaign to raise more money than it once thought possible. Until August, everyone in
the Obama orbit had protested loudly that the campaign would not be able to reach the mythical $1 billion fundraising goal.
“We had big fights because we wouldn’t even accept a goal in the 900s,” said one of the senior officials who was intimately
involved in the process. “And then the Internet exploded over the summer,” said another.

A large portion of the cash raised online came through an intricate, metric-driven e-mail campaign in which dozens of
fundraising appeals went out each day. Here again, data collection and analysis were paramount. Many of the e-mails sent to
supporters were just tests, with different subject lines, senders and messages. Inside the campaign, there were office pools
on which combination would raise the most money, and often the pools got it wrong. Michelle Obama’s e-mails performed
best in the spring, and at times, campaign boss Messina performed better than Vice President Joe Biden. In many cases, the
top performers raised 10 times as much money for the campaign as the underperformers.

Chicago discovered that people who signed up for the campaign’s Quick Donate program, which allowed repeat giving online
or via text message without having to re-enter credit-card information, gave about four times as much as other donors. So
the program was expanded and incentivized. By the end of October, Quick Donate had become a big part of the campaign’s
messaging to supporters, and first-time donors were offered a free bumper sticker to sign up.

(PHOTOS: Election 2012: Photos from the Finish Line)

Predicting Turnout

The magic tricks that opened wallets were then repurposed to turn out votes. The analytics team used four streams of polling
data to build a detailed picture of voters in key states. In the past month, said one official, the analytics team had polling
data from about 29,000 people in Ohio alone — a whopping sample that composed nearly half of 1% of all voters there —
allowing for deep dives into exactly where each demographic and regional group was trending at any given moment. This
was a huge advantage: when polls started to slip after the first debate, they could check to see which voters were changing

sides and which were not.

It was this database that helped steady campaign aides in October’s choppy waters, assuring them that most of the Ohioans
in motion were not Obama backers but likely Romney supporters whom Romney had lost because of his September

http://swampland.time.com/2012/11/07/inside-the-secret-world-of-quants-and-data-crunchers-who-helped-obama-win/print/[ 11/14/2012 10:15:38 AM]
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blunders. “We were much calmer than others,” said one of the officials. The polling and voter-contact data were processed
and reprocessed nightly to account for every imaginable scenario. “We ran the election 66,000 times every night,” said a
senior official, describing the computer simulations the campaign ran to figure out Obama’s odds of winning each swing
state. “And every morning we got the spit-out — here are your chances of winning these states. And that is how we allocated

resources.”

Online, the get-out-the-vote effort continued with a first-ever attempt at using Facebook on a mass scale to replicate the
door-knocking efforts of field organizers. In the final weeks of the campaign, people who had downloaded an app were sent
messages with pictures of their friends in swing states. They were told to click a button to automatically urge those targeted
voters to take certain actions, such as registering to vote, voting early or getting to the polls. The campaign found that
roughly 1 in 5 people contacted by a Facebook pal acted on the request, in large part because the message came from
someone they knew.

(MORE: Why the Importance of Early Voting Is Here to Stay)

Data helped drive the campaign’s ad buying too. Rather than rely on outside media consultants to decide where ads should
run, Messina based his purchases on the massive internal data sets. “We were able to put our target voters through some
really complicated modeling, to say, O.K., if Miami- Dade women under 35 are the targets, [here is] how to reach them,” said
one official. As a result, the campaign bought ads to air during unconventional programming, like Sons of Anarchy, The
Walking Dead and Don't Trust the B—- in Apt. 23, skirting the traditional route of buying ads next to local news
programming. How much more efficient was the Obama campaign of 2012 than 2008 at ad buying? Chicago has a number
for that: “On TV we were able to buy 14% more efficiently ... to make sure we were talking to our persuadable voters,” the
same official said.

The numbers also led the campaign to escort their man down roads not usually taken in the late stages of a presidential
campaign. In August, Obama decided to answer questions on the social news website Reddit, which many of the President’s
senior aides did not know about. “Why did we put Barack Obama on Reddit?” an official asked rhetorically. “Because a
whole bunch of our turnout targets were on Reddit.”

That data-driven decisionmaking played a huge role in creating a second term for the 44th President and will be one of the
more closely studied elements of the 2012 cycle. It's another sign that the role of the campaign pros in Washington who
make decisions on hunches and experience is rapidly dwindling, being replaced by the work of quants and computer coders
who can crack massive data sets for insight. As one official put it, the time of “guys sitting in a back room smoking cigars,
saying ‘We always buy 60 Minutes’™ is over. In politics, the era of big data has arrived.

PHOTOS: Last Days on the Road with Obama

http://swampland.time.com/2012/11/07/inside-the-secret-world-of-quants-and-data-crunchers-who-helped-obama-win/print/[ 11/14/2012 10:15:38 AM]
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A new love affair, by the numbers ; Thanks to Nate Silver, statisticians get a
second look

Beth Teitell

By Beth Teitell Globe Staff

550 words

22 November 2012
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G.14

English

© 2012 New York Times Company. Provided by ProQuest Information and Learning. All Rights Reserved.

Throughout history, "statistician" has not typically been one of the sexier job titles. But now - thanks in part to
Nate Silver, who correctly predicted the presidential election -- that may be changing.

Although he's yet to hear anyone use "Wanna go home and crunch some numbers?" as a pickup line, MIT
professor Erik Brynjolfsson says the field's allure is growing.

"Statisticians have become sexy just the way geeky Internet nerds became sexy in the 1990s, and | suppose
investment bankers were in the 1980s," said Brynjolfsson, director of the MIT Center for Digital Business.
"Things that drive the economy give people power, and | guess that's sexy."

"There are over 100 billion Internet searches every month," he said. "That's a staggering amount of data. People
like Nate Silver are now very much in demand because they have the tools for looking at all this data."

Indeed, a recent study by the McKinsey Global Institute predicts that the US will need between 140,000 and
190,000 more professionals with expertise in statistical methods by 2018.

The new heartthrob stature of statisticians was captured in the Nov. 19 issue of The New Yorker, in an imagined
love letter to Silver, whose FiveThirtyEight political calculus blog runs in The New York Times.

"I can't stop thinking about how you study polls and create probability models and predict elections and how
you're always right, which | think is so unbelievably cute," a fictional smitten 11-year-old wrote, "and | keep
imagining you saying to me, 'Emma, | think that there's a 93.7% chance of me falling in love with you.'" (Paul
Rudnick penned the piece.)

So pronounced was the post-election statistician bump, that the American Statistical Association put out a press
release that both reveled in the field's high profile during the 2012 election -- and pointed out that statisticians are
enabling advances in other fields, too. Among them: medicine, economics, public health, agriculture, business
analytics, law enforcement, and weather forecasting.

No mention was made of Boston's most famous statistician, Bill James, who coined the term "sabermetrics” to
describe the specialized analysis of baseball through objective evidence. (The term is derived from an acronym
for Society for American Baseball Research.)

As baseball -- and Brad Pitt -- fans no doubt recall, statistics got a pre-Nate Silver glamour boost when Pitt
played the stats- using Oakland Athletics' general manager, Billy Beane, in the 2011 movie adapted from the
book "Moneyball."

1of2 11/26/2012 10:28 AM
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Meanwhile, with the International Year of Statistics just over a month away, in 2013, the statistical association's
incoming president reflected on the field's change.

"People used to think of us as actuaries," said Marie Davidian, a statistics professor at North Carolina State
University in Raleigh.

You've come a long way . . . mathematicians?

Beth Teitell can be reached at bteitell@globe.com. Follow her on Twitter @bethteitell.

Caption: Clockwise from above: Nate Silver, author of the political blog FiveThirtyEight; sabermetrics guru Bill James; Brad
Pitt (with Jonah Hill) as Billy Beane in "Moneyball." Robert Gauldin/ Associated Press Melinda Sue Gordon/Columbia
Pictures Wendy Maeda/ Globe Staffffile 2011

Globe Newspaper Company, Inc.
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Fall 2012 Data Mining: Finding the Data and Models that Create Value 15.062 (ESD.754))
(Welsch)

Homework #3
Due: Friday, December 7, 2012
Reading:

DMBI Chapters 11, 12, 13, and 14 for homework. In class we will discuss material from
Chapters 4, 15, 16, and 17.

Problems (individual work unless otherwise noted):
1. Case (up to two may work on together and submit one write-up):

German Credit case at the end of the book. Use the following methods on these data:
discriminant analysis and neural nets. I would like for you to compare and contrast the results
you obtained using the different methods including the four you used for this case on the last
problem set.. To do this please modify part 2 of this case and divide the data into training,
validation, and test data sets as follows: Train with 600, validate with 200, and test with 200.
Please also let us know what you think your best model is. We will pick a random test set to
compare the final models suggested by each of you.

2.14.2

3.13.3

11/17/2012
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