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It has been stated that, because of vast amoundistafthe data miner does no
have the luxury of verifying assumptions and hectoecking for model
validity. This paper uses two databases to invatgignplications of not
verifying assumptions and hence the validity of eledThe first one is the
Dominick’s Finer Foods database (James M. Kiltst@e1GSB, University of
Chicago). This database consists of same store chi8 stores over 268
weeks. The second one is The Direct Mail Fundrgisiatabase. This paper
demonstrates that ensuring that the fitted moaelsither continuous or
binary outcomes are valid improves predictions,etimes dramatically so. In
these real examples considered in this talk, ugitig models, greatly
improved the results. Thus, the data miner may wanonsider that the
checking of assumptions and validity is not a lyxiut in fact a necessity.

KEYWORDS: data mining model validity covarianceusture
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e Dominick’s: Customer Count Files et

e James M. Kilts Center, GSB, University of
Chicago




Dominick's: Customer Count Files
James M. Kilts Center, GSB, University of Chicago

“The customer count file includes information about in-store traffie
data is store specific and omla@ly basis. The customer count data
refers to the number of customers visiting the store and purchasing
something. Also in the customer count file is a total dollar salés a
total coupons redeemed figure, by DFF defined department. These
figures are compiled daily from the register/scanner receipts.”

Weekly averages were computed form the daily sa

No coupon data was used

Variables used: GROCERY_mean (Dependent)
DAIRY_mean; FROZEN_mean; MEAT_mean,
MEATFROZ_mean; FISH_mean ;PRODUCE_mean,;
BULK_ mean; SALADBAR_mean; FLORAL_mean;
DELI_mean; CHEESE_mean; BAKERY_mean; GM_mean;
HABA_ mean; BEER_mean; WINE_mean; SPIRITS_mean,;
CUSTCOUN_mean

58 stores

268 weeks

13998 observations
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BEER_mMean

Bakery Sales in Dollars

Beer Sales in Dollars

BULK_mean

Bulk Sales in Dollars

(CHEESE_mean

Cheese Sales in Dollars

CONVFOOD _mean

Conventional Foods Sales in Dollars

CUSTCOUN_mean

Customer Count

DAIRY_mean Dairy Sales in Dollars
DELI_mean Deli Sales in Dollars
FISH_mean Fish Sales in Dollars

FLORAL_mean

Floral Sales in Dollars

FROZEN_mean

Frozen Items Sales

GM_mean General Merchandise Sales in Dollars
HABA mean Health and Beauty Aids Sales in Dollars
MEAT_mean Meat Sales in Dollars

MEATFROZ _mean

Meat-Frozen Sales in Dollars

PRODUCE_mean

Produce Sales in Dollars

ISALADBAR _mean

Salad Bar Sales in Dollars

ISPIRITS_mean

Spirits Sales in Dollars

IWINE_mean

\Wine Sales in Dollars

B GROCERY _mean
EDARY_mean
CIFROZEN_mean
WMEAT mean
CIMEATFROZ _mea
MFISH_mean
EPRODUCE_mean
[BULK_mean
CISALADBAR mea
BFLORAL_mean
EIDELI_mean
[CICHEESE_mean
B BAKERY_mean
IGM_mean
EHABA_mean
EIBEER_mean
WVINE_mean
[CISPIRITS _mean
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How is Grocery_mean related to the other Variabl¢s?

Does increasing/decreasing the sales on one variabl
reduce or enhance the Grocery_mean sales?

What role does customer count play on the
Grocery_mean sales?

Should we model the correlation among the same
store sales?

GROCERY_mean

35000.00] Qs
30000.00-] 18
25000.00

* Use a 60/40 split

20000.00]

15000.00

— 60 is training set

10000.00

— 40 is validation set

5000.00

T T T T T T T T T T T
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ect Estimate
DAIRY_mean 1.80 <.0001
FROZEN_mean 1.35 <.0001
MEAT_mean 0.75 <.0001
MEATFROZ_mean 1.09 <.0001
FISH_mean -1.60 <.0001
PRODUCE_mean 0.27 <.0001
BULK_mean 0.50 <.0001
SALADBAR_mean 0.50 <.0001
FLORAL_mean 0.04 0.5952
DELI_mean 0.98 <.0001
CHEESE_mean -0.66 <.0001
BAKERY_mean -0.42 <.0001
GM_mean 0.39 <.0001
HABA_mean 0.19 <.0001
BEER_mean 0.15 0.0577
WINE_mean -0.78 <.0001
SPIRITS_mean 0.29 0.073
CUSTCOUN_mean -0.68 <.0001

SouthEast SAS"
Users Group 2008

What seems
to be of interest here?

11

ida

Fit Statistics
R-Square 0.9671 Adj R-Sq 0.9659
AIC 119040.2652 BIC 119062.4269
SBC  121052.5235 C(p) 286.0000
Mean Square Error 1382894

What seems

to be of interest here?
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TARGET Fit statistics | Statistics La... Train Waliclation Test
GROCERY_fr..._AIC_ Sksike's Infor.., 1190403 ]
GROCERY m... ASE_ Sverage Sou... 1335804 1340604
GROCERY .. AVERR_  Average Erro.. 1335304 1340604
GROCERY _m..._DFE_ Degrees of F... 5113
GROCERY _m... _DFM_ odel Degre. .. 286
GROCERY_fn..._DFT_ Totsl Degree... 5399 ]
GROCERY m. DIV_ Divisor for ASE &390 5509 What seems
GROCERY _m..._ERF_ Etrar Function 1.422E10 7 506E9 to be of interest here?
GROCERY _m..._FPE_ Final Predicti... 1429984 ]
GROCERY ... MAX_ xitum Ak 31345 01 1104543 ]
GROCERY ... MSE_ jean Souare... 1332394 1340604 < ——
GROCERY _m..._NOBS_ Surm of Frequ.. 5399 5599
GROCERY _m... ki umber of Es.. 286 q
GROCERY_fn..._RASE_ Rodt Averag... 115577 1157845
GROCERY ... RFPE_ Rt Finel Pr... 1195818 ]
GROCERY ... RMSE_ Rodt Mean 5., 1175965 1157845
GROCERY _m..._SBC_ Schwarz's B.. 1210525 ]
GROCERY .. SSE_ Sum of Squa... 1122E10 7 SO0RED
GROCERY_f.._SUMW_  Sum of Case .. 5399 5599

13

« REPEATED WEEK / SUBJECT=STOR
TYPE=VC;

e Same Results as with Regression
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TYPE=CS;

Compound
Symmetry Cs

e Different Results
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« REPEATED WEEK / SUBJECT=STO

» Here we have a 268 by 268 covariance matrix

_mean
MEAT_mean
MEATFROZ_mean
FISH_mean
PRODUCE_mean
BULK_mean
SALADBAR_mean
FLORAL_mean
DELI_mean
CHEESE_mean
BAKERY_mean
GM_mean
HABA_mean
BEER_mean
WINE_mean
SPIRITS_mean
CUSTCOUN_mean

0.75
1.09
-1.60
0.27
0.50
0.50
0.04
0.98
-0.66
-0.42
0.39
0.19
0.15
-0.78
0.29
-0.68

0.4463
0.6136
-0.4204
0.1542
0.5855
1.1951
-0.3734
0.1402
-0.3511
-0.5755
0.3047
0.3665
0.7665
0.6275
-0.9958
0.5686
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Null Model Likelihood Ratio Test
DF Chi-Square  Pr > ChiSq
1 3889.46 <.0001

Covariance Parameter Estimates
Cov Parm Subject Estimate

CS STORE 1383624
Residual 826177
Rho = .65

What seems
to be of interest here?

17

libname me 'C:";

data me.pred_cs;

set me.tmpl_cs;

predms_cs = ( GROCERY_mean-pred )**2;
run;

quit;

PROC MEANS DATA=me.pred_cs
FW=12 MEAN ;
VAR predms_CS;

RUN;
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dataset

trainl 60/40

Percent
mse_vCc mse_cs cov_cs Prediction_VC Prediction_CS Change

1382894 826177 1383624 1340603.95 776236.49 -42.10

What seems
to be of interest here?

19

Regression
o ul
[ — ]
u] ul
Data Padtition Mixed ¢85 Prediction_errar
Gos40 _8
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_BITOF_VC

20
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» Although R is large (.97) , there is correlation

among the same stores sales.

* The regression model give misleading
information.

e Using Compound Symmetry to model the
correlation produces a model with significantly
less prediction mean square error (-42% ).

terms?

* When should you include interactions between
predictors?

* Marginal model plots for checking model
validity

e Case study

7/22/2008
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Suppose that ¥ is a binary random variable (i.e., takes values 0 and
1) and that X is a singlc predictor variable. Then we seck a model for
Bx)=E(Y|X=x)
=1«P¥Y=1|X=x)10xPY=0|X=x)
-P(Y-1|X-x)

A popular choice for the S-shaped function for &(x) is the logistic
function, that is,
_ oA+ h 1
gix)= =
1+E.Xp(ﬁu +ﬁ1.1'] 1+£‘Xp(—{ﬁu +ﬂ1.1‘})
Solving this last equation for B + 8x gives

lug{ﬂJ=ﬁn +6x

1-8(x)

In what circumstances would you consider adding
guadratic or interaction terms to a logistic regression
model?

23

Suppose that X|¥=j, j=0,1, is normally distributed with mean 4, and

variance 0';, j=0.1. Then it can be shown that,

e 120l o

(i se)p 11 1
A [o‘f of]’ﬂg 2[0‘5 ol

Thus, when the predictor variable X is normally distributed with a
different variance for the two values of ¥, the log odds are a quad-
ratic function of x.

where

When o7 =0, =¢°, the log odds simplifies to

8(x) \_
1"3[1, 9(x)]— B+ Bx

5 =(gJ
a

where

24
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The last result can be extended to the case where we have p predic-
(or variabler whach have muifivariate normal conditional disiribu-
fions. If the variance-covanance mariix of the predictors differs
across tiie fwo groups then the log odds are o function of

X, xp and xx (4, j =1, ... pii + j).

n Micheiin Guide aa

Density

0.0 01 02 03 04

8(x) = P(Y =1|X = x)

o(x) |-
where lo 1-6(0) =B, + BX

26
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Density

000 010 0.20 030

8(x) = P(Y =1|X = x)

where Iog{&]:

1-6(x)

By + Bx+ X

27

04

oo

0.8

04

Y
0.4
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a/

B(x)=P(Y =1|X =x)=E(Y |X =)

a0x) -
where lo{l—e(x)) B, + Bx

E(Y X =x)

E(Y X =x)

28

7/22/2008

14



X)) =P(Y =1|X=x)=E(Y |X=X)

8%

where Io{l_ 9(x))= B, + B.X

htl’: >’q:M
D* \; \\
50 s ~ ¢ E(Y|X=x)
E(Y X =x)
TL .
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6(x) =P(Y =1|X =x)=E(Y |X =x)

6(x)
1-6(x)

where Iog{

T~

]:ﬁ0+ﬁlx+ﬁ2x2

\ E(V|X =)

E(Y | X=x)

30
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* lllustrates the importance of checking
whether the current model is a valid
model

» Highlights the dangers of a black box
approach to modeling

 Demonstrates the value of marginal
model plots in data mining

31

ath
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AIM: Develop a model to predict
- TARGET_B

inine f 1 = Donor
Data Mining for @ = Non-doner
Business Intelligence
« from the following potential predictor varizbles:

zIP: Zipcode group (zipcedes were grouped into S groups; only 4 are needed.)
. HCMEOBNER 1 = homeowner, © = not a homeowner
NUMCHLD wumber of children
TNCOME Kousehold income
GENDER cender
0= Male
1= Female
WEALTH wealth Ratin
Wealth rating uses median Family income and population smnstus

from each area to index relative wealth within each state.
segments are demoted 0-9, with 9 the highest wealth gruup and 0 the
Towest. Each rating has a different meaning within each s

HY Avarage Home value in potemtial donor’s neighborhood in § hundrads
Temed Median Family Income in potential donor’s neighbarhood in § hundreds
ICavg Average Family Income in potential donor’'s neighborhood in hundreds
51% Response Rate ICLE Pfrcei-rt earning less man-lsl in pl:.iteﬂtia'\ donor’s neighborhood
_ HUMPROM Lifetime number of promotions received to date
Average Donation = RAMNTALL Dollar amount of Tifetime gifts to date
$1300 MAXRAMNT pollar amount of largest gift to date
PO LASTEIFT pollar amount of most recent gift
CostTo SOIICIt - $068 TOTALMONTHS Wurber of menths from last donation to July 1908
TIMELAG Number of meaths between first and second gift
AVGEIFT Average dollar amount of gifts to date
32

7/22/2008
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33

e Perform exploratory analysis on dataset

¢ Ran logistic regression

< Diagnostics indicated problems

e Used an ad-hoc Box-Cox procedure to get transftioma
e Created a new factor of zip*wealth

e Conjectured that the assumptions of equal slopekéd
transformed variables might not be valid

e Reran the logistic with transformed variables ardractions —
did forward selection

< Diagnostics were much better

34
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(Average Home Value)?-.2
(Median Family Income)*.4
(Average Family Income)
Sqrt(Number of Promotions)
Log($ Amount of Lifetime Gifts)
($ Amount of Largest Gift)*.2
Sqart(Average Gift)

35

Target B = zip_wealth
genderdummy
homeownerdummy
HV_T*zip_wealth
Icmed_T *zip_wealth
Icavg_T*zip_wealth
numprom_T*zip_wealth
ramntall_T*zip_wealth
maxramnt_T*zip_wealth
avggft_T*genderdummy

36
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Pete Beach, Horida
ber i9:

FUNDRASING  Data Partition StatExplore

Logistic - Main Diagnostics Transfarm Logistic

Effects and Mo Variables  Transformations
Transformations and Interactions

Diagnostics

37
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Training Validation
No Transformation 0.066 0.048
Transformations 0.075 0.059

Transformations Model is 14% better for the TrainDataset and 23%

better than Validation Dataset

39

* lllustrated the importance of checking
whether the current model is a valid model

» Highlighted the dangers of a black box
approach to modeling

» Demonstrated the value of marginal model
plots in data mining

 Demonstrated that all this can be achieved in
SAS® and SAS Enterprise Miner

40
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* Yes, it takes time to do checks on the vﬁdi’tw
the model

» But not doing the checks can lead to incorrect
conclusion and less than optimal models

« Statisticians working together with the data
miners should be able to develop methods for
doing checks on the validity of the model which
take less time.

\—)

* Dominicks’ Dataset

— http://research.chicagogsb.edu/marketing/databas
es/dominicks/index.aspx

» “Data Mining for Business Intelligence:
Concepts, Techniques, and Applications in
Microsoft Office Excel with XLMiner” by Galit

Shmueli, Nitin R. Patel, Peter C. Bruvdiley-
Interscience (December 11, 2006)

7/22/2008
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F. Michael Speed is a Professor of Statistics ah$&&M University
If you have any questions/comments you can coiia at:

Texas A&M University

3143 TAMU

College Station, TX 77843-3143

Voice(979 - 854 - 4141)

Email mspeed@stat.tamu.edu

Simon Sheather is a Professor and Head of the Degatr of Statistics
Contact information is the same as above
Email sheather@stat.tamu.edu
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