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Data Mining

Knowledge discovery by extracting
information from large amounts of data

Uses analytic tools for data-driven decision
making

Uses modeling techniques to apply results to
future data

Incorporates statistics, pattern recognition,
and mathematics



Enterprise Miner Interface
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Project Flow Workspace

Sy ¥EHER
sam| Append Model | Assess | Uﬁlity|
Appends data sets,
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mergefile
study1

Variable Selection View

) & @) B

Sample | Explore | Modify I Model | Assess I Utility|

fog MEATRtest

il U . — v— —
aw - ; - -
- t 11 -
.. Property Value .(n.u-ne]l J ne _Equa i
Dutput Type Miew - Columns: [ Label [ Mining [ Basic Statistics
s i Name Role Level | Report Order I Drop Lower Limit Upper Limit
Rerun fes == ! T
Eummarize No e SATCRMScoreAverageCB Input Interval [N o o o i
Drop Map Variables No SATCRMWScoreAverageCB  [Input Interval o ) . .
3 |SATCriticalReadingScoreAveragInput Interval Pln hln . .
i J SATMATHSCORE_MAX_r Input Interval o ) 5 5
" Decdisions QlE SATMathScoreAverageCB Input Interval hln hln o o
Refresh Metadata o SATVERBALSCORE_MAX_r  Imput Interval o no . .
Advizor Advanced StateCodeCB Rejected  [Nominal o Ino . .
Indvanced Options [ TOEFL_admin Input [Interval o Ino o o
3 b TuitionResidency_admin Input |B’|na ry Pln Pln . .
TData Selection Data Source UNT_TAKEN_PRGRS5 Tnput [Nominal o o . .
“Bample Default UnivSch_admin Input |Binary o ) o o
-Sample Options [ 'WISE_admin Input [Binary o ) o o
ElData Source WRT102_ind_max Input [Binary o ) . .
{Data Source WritPl_admin Input hlnminal hln hln o o
"-Data Source Properties eth_cat Input MNominal o juo - -
EMew Table [fiter__ TInput [Binary o juo : - |
i-Table Name [ -+ d L MNominal Mo o . .
- nstate Input |B’|na ry Pln Pln o o L
. major Text hlnminal Pln PlD . . =S
Variables
semstat Rejected  [Unary o ) o o
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EEnE term Input [Nominal o o 5 5 -
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Merge Node View

B&[ ﬁgrams )
g e === S—
{#] Madel Packages : _"-‘ M
: Wariables - Merge ﬁ
@J Users I',‘ﬂ = _ L. .
— (none} = [ net [Equalto = [ Appy | ’ Reset ]
.. Property Value Columns: [ Label [ Mining [ Basic Statistics
Name Merge Role Overwrite Variable Raole Level
o SATCRMScoredAy<nones Default Input Interval i
o SATCRMWScore <nones Default Input Interval
o SATCriticalReadi <none= Default Input Interval
SATMATHSCORE<none= Default Input Interval
o SATMathScored <nones Default Input Interval
Merging Match SATVERBALSCOl<none= Default Input Interval
By Ordering [ E StateCodeCE  |<none= Default Rejected Maominal
B No TD.E_FL_adl.'nin <none: Default Input I.r_'lten.-al
ElVariables Group TuitionResidency<none= Default Input Binary
B -Segment Mo LINT_TAKEM_PRI<none= Default Input Mominal
e No UnivSch_admin <none= Default Input Binary
e e No WISE_adr!'lin <none: Default Input Binary
Drcticiedlor Postenior No WRT10Z_ind_mz<none= Default Input Binary
‘Residual Mo 5 WritPl_admin | <none> Default Trrait lmnim =]
CStatws == Soanes = Select the merge
Create Time 11/2/13 12:52PM Z“H— <none> @Wm ult g
Fun Id 9fd57d59-4049-4038-9121 By L o ” 0
Last Error L ns?be <nones Default / by Va rl a b I eS
= major <none:= — —
Variabl |semstat <none> ult Rejected Lnary ‘
e temp_RESIDENC<none= Default Rejected Nominal
: . term By Default Input Mominal -
Variable Properfies

Explare... [ Update Path ” Ok H Cancel ]
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Merge Variable Specification
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NEAIR 1
B@j Data Sources

®] study2
] written by SAS
&[ Diagrams

-[®] Model Packages

SAS Code Node

Tool Type Uiility
Data Meeded Mo il
Rerun Mo
Lise Priors fes
Wdvisor Type Basic
Publish Code Publish
Code Format Datastep
Create Time 11/6/13 3:35FM
Run Id 11e9c24d-d10e-4f2e-a214
Last Error
Last Status Complete
Last Run Time 11/7/13 2:09FM
Run Duration 0 Hr. 0 Min, 2.78 Sec.
Grid Host I
User-Added Mode No -
AW
Code Editor
Launches an editor for entering SAS code.

) &) &) B E

Sample | Explore I Modfyl Model | Assess | Utﬁity|

i Training Code - Code Node

File Edit Run View

HREE0 2709080

| -EM_REGISTER

-EM_REPORT
-EM_DATA2CODE

-EM_DECDATA

-EM_CHECKMACRO

-EM_CHECKSETINIT

-EM_ODSLISTON

-EM_ODSLISTOFF

Macros | Macro Variables | I.I’an'abies|
.

Training Code

data «EM_EXPORT TRAIN;
set cEM_IMPORT DATA;
twoplusz = 1 - twoplus;
rum;

»

tables twoplus twoplusz:
rum;

l proc freq:;

m

. 4

Output @

1
Z

SUNYSE.EDUngalambos as sastrust - NEAIR 1 - NEAIR. - EMCODE - STATUS =MONE LASTSTATUS =COMPLETE

RS
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SAS Code Output

# = — = e
[&f Results - Node: SAS Code Diagram: NEAIR
e — -
File Edit View Window
B2 8 E 4
) Output o |-E [
-
The FRE(Q Procedure
Cumulative Cumulative
twoplus Frequency Percent Frequency Percent
o 2264 13.50 2264 13.50
1 14501 86.50 16765 100.00 LN
Cumulative Cumulative
I twoplusz Frequency Percent Frequency Percent
o 14501 86.50 14501 86.50
1 2264 13.50 16765 in00.00
* *
* 3core Output
* *
* +
* Report Output
* * 4
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Filter and Data Partition Nodes
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Data Node Variable Selection/Configuration

5, Variables - Ids3 g, — — | =
{none) = | [[]not  Equalto - [ Apply ] [ Reset ]
Columns:  [] Label [] Mining [7] Basic [] statistics
Mame Role Level Report Qrder Drop Lower Limit Upper Limit
StateCodeCB Input Mominal |No |No T
TOEFL Input Interval o o
TuitionResidency_sInput Binary hln hln
UNT_TAKEM_PRGRInput ____Hominal __ |No -
UnivSch gaput  [nterval o~ Use dropdowns to
_.;':.tk vl oo ) < ) _
WRT102_nd Interval AE/ configure variable
W _zerogpa Input Binary — -
WritPl Input Interval o o
ethnidty_cat Input Mominal o o
filter Input Unary o o
gpafie Input Unary hlu hlru
d D Nominal o o
nstate Input |B'|narv hlu hlru
major Text INominal hln hln
mat_place Input Interval hln hln
oneyear Input Binary hln Plu
lsemstat Input Unary hln hln
temp_RESIDENCECInput Mominal o Mo E
term Input INominal hln hln
twoplus Target Binary o o
wrt_place Input Interval o o -
l Explore... ] [ kK ] [ Cancel

| 3

A

k
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Filter Node Properties Panel

Filter rare values
Choose whether to
keep missing values

Create cutoffs

AW
.. Property Value
i"-' == l.=|||
e
Export Table Filtered
Tables to Filter Training Data
Distribution Data Sets = T
=

-Class Variables [
-Default Filtering Method  Rare Yalues (Percentage)
-Keep Missing Values hi=

Yes

-Mormalized Values

m

Inter'n.-'al Variables
-Interval Yariables

Freguency Cutoff

1

0,01

5

[

Crestescorecode s

-Default Filtering Method  Standard Deviations from t
-Keep Missing Values L=
-Tuning Parameters [
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Filter Node Variable Selection

i Variables - Ids3

RESIDENCYTUITION_MAXRejected

Mominal

variables with too many

{nonej} = | [ not | Egualto - [ Apply ] [ Reset ]

Columns: [ Label [] Mining [ Basic [7] Statistics
Mame / Role Level Repart Order Drop Lower Limit Upper Limit

o | errprere everwers . _— _— - -
PHY126_ind Input Binary No No T
PHY131_ind Input Binary No No
PSY201_ind Input Binary No No
REGISTERED GPA_G_ma:Input Mominal INo Yes
RESIDEMCECOUNTYCODERejected Mominal INo INo
RESIDEMCECOUNTY _MaXRejected Mominal INo . .
RESIDENCYADMISSIONS Rejected Ho Set to automatically reject
RESIDEMCYTUITIOMNSTAT|Rejected

m

4|

1L

SAT1500SCORE Input Interval INo . .
SATMATHSCORE  [Input finterval o categories—user specifies
SATVERBALSCORE Input Interval INo
StateCodeCE Input  Mominal __flo the maximum number of 3
TOEFL Input Binary INo
S categories

UMT_TAKEM_PRGRSS Input Mominal INo
Lnivsch Input Binary No No - |
WISE Input Binary INo INo o
WRT102_ind Input Binary No No .
\W_zerogpa Input Binary INo Yes o
WritPl Input Interval No Yes .

[ v

l Explore...

][ QK ][ Cancel ]
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Interactive Categorical Filter

59 Interactive Class Fifter * [

IColumns: ] Label [ Basic Statistics I

N
Name vels Report Role Level MNumber of Levels Percent Missing Minimum Maximum Mean Standard Deviation Skewness

ACAD_PROG_PRIMARY . Mo Tnput Morinal .

EOPStatus_admin - o Tnput Mominal 3 18.15571

FPsGeomarketCE ) Rejected Mominal 30 33.39037

HighSchoolNameCB - o Rejected Mominal 30 77.5689

REGISTERED_GPA_G_max - |ne Tnput Morminal 3 0

[RESIDENCECOUNTYCODE_MAX_r . o Rejected Morinal 30 5,009283

[RESIDENCECOUNTY_MAX_r . |ne Rejected Mominal 30 8.009283

RESIDENCYADMISSIONS_MAX 1 . o Rejected Morinal 31 0

RESIDENCYTUITIONSTATE_MAX_r . e Rejected Mominal 31 0

RESIDENCYTULTION_MAX_r . Rejected Morminal 31 0

TuitionResidency_admin . Tnput inary 2 18.1496

UNT_TAKEM_PRGRSS . o Input Mominal 11 0.9166%

WISE - o Tnput Binary

W _zerogpa ) Input Binary 2 0

ethnicity_cat . o Input Mominal :

Filter - |ne Input nary 1 0

opafile . o Input Unary 1 0

instate . |ne Tnput Binary 2 0

oneyear ) Input Binary 2 0

cemstat - o Tnput Unary 1 [ . . . . I

itemp_RESIDENCECOUNTY_MAX_r - |ne Tnput Morminal 30 8.909283 . . . .

term . o Input Mominal 3 0

twoplus . |ne Target Binary 2 0

o ][]
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Filtering Class Categories

F —— )
e e

Select values to remove from the sample.

1073 1083 1083 1103 1113 1123
term
|[ Apply Fitter || Clear Filter |
ICalumns: Label Mining Basic Statistics
- Keep Missing Minimum Frequency Mumber of Levels
Mame Filtering Method Values Cutoff Cutoff
W _zerogpa Default Default N -+
ethnicity_cat  [Default Default N N
[filter__ Default Default N N
apafile Default Default N N
instate Default Default N N
oneyear Default Default . .
[semstat Default Default N N
_RESIDENCDefault Default . LB
Default N N
twoplus Default Default N . v
] 11 d 3

o (o

W Stony Brook University



Interactive Interval Filter

o eractve el g e INEDIS——— =S
SATMATHSCORE
300
£ 200
S
(=]
o
100 -
U _ = |
400 500 800
VALUE
[ Apply Filter ][ Clear Filter
Columns: Label Mining Basic Statistics
- Keep Missing Filter Lower Filter Upper
Mame / Filtering Method Values Limit Limit Report Role Level Numbei
P5Y201_ind Default Default . . Mo Input Interval o
SAT16005CORE Default Default . . Mo Input Interval
Defaut : S ot e
SATVERBALSCORE  |Default Default . . Mo Input Interval
TOEFL Default Default . - o Input Interval
UnivSch Default Default . . e Input Interval
VWRT102_ind Default Default . . e Input Interval
WritP| Default Default . - o Input Interval -
mat_place Default Default . . e Input Interval B
wrt_place Default Default . . e Input Interval -
< | 1] 3
o
o ) [ et ]
—_— e —————————————————————————
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Training, Validation, and Test Partitions

Find the correct level of model
complexity. A model that is not
complex enough may lack the
flexibility to represent the data,
underfitting. When the model is too
complex it can be influenced by
random noise, overfitting.

Partitioning is used to avoid over- or
underfitting. The training partition is
used to build the model. The
validation partition is set aside and
is used to test the accuracy and fine
tune the model. The test partition is
used for evaluating how the model
will work on new data.

[ Results - Node: Data Partition Diagram: NEAIR.

File Edit View Window

S=IEY IR

[ Output

Summary Statistics for

Class Targets

Data=DATA

Numeric Formatted Frequency
Variable . Walue Count Percen t Label
troplus a 412 13.7150
tiroplus 1 2592 86.2850
Data=TEST

Numeric Formatted Frequency
Variabl a, Walue Count Percen t Label
twoplu a 119 13.2075
troplu; 1 782 867925
Data=TRAIN

Numeric Formatted Frequency
Variabl a, Walue Count Percen t Label
troplu; o led 13.6439

Trop 1 1 1058 G6.3561

Data=VALIDATE

Numeric Formatted Frequency
Variabl . Walue Count Percen t Label

Trop 1 a 1z9 14.35174
twoplu 1 772 §5.6820
—
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Cluster Analysis and Segment Profile Nodes

aIIEPA g *;_:’Filter (2)
z g

Similarities in the input
variables in the training
data are used to group
the data into a few
clusters.
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File Edit View Window

Cluster Analysis Results

EllE| & Bl #
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) Qutput
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Yariahle Importance
HAME
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EOF
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[ Results - Node: Seqment Profie TDiagram: NEAIR

File Edit View Window

Segment Profile

El=IEY =S

€ Segment Size: _SEGMENT_

EE=

———
Profile: _SEGMENT_ [=[E =
[Segment: T ] 5304 == -
(Count: 1000 e = 2
Percent: 20.85 & 20 & 20+ 2
10
10 104
0 0 0
SATER+ M+ W Score - ! ! ! '

Average

SAT CR + M Score -- Average SAT Math Score - Average

Segment: 2
[Count: 977
Percent: 20.37

m

SAT CR + M Score -- Average SAT Math Score - Average

[=[E =

m

Variable Worth : _SEGMENT_ [= [=@ (= (Eoutput
Segment Value =3 Segment Value = 1 Segment Value =2
03 0.3
Sy Variable: _3EGMENT_ Segment: 2 Count: 977
Decision Tree Importance Profiles
034 Variable Warth Rank
02 0.2
HE_SATCRMW_Awy 0.z7260 1
E % g HS_SATCRM vy 0.27138 2
s i s s HY SATMath Awg  0.24910 3
g 02 2 = HS_SATCR_Awy 0.24675 4
SATVEREALSCORE 0.04405 5
01 04 EOF 0.03772 3
0.1 SATMATHICORE 0.03386 7
ethnicity cat 0.02517 8
County_cat 0.01917 9
mat_place 0.00626 10
0.0 00 0.0
Variahle Variable Variable .
=
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Segment Profile Detalil

@ Results - Node: Segment Profile DiagrarT’l: NEAIR

File Edit View Window

Bi@ & H &
=1 Class Variables
Segment Segment Variable Value Frequency Percent Group Index
Variable WValug Count
_OVERALL_ EMWS Clus..County_cat 1 1060 2209714 0
_OVERALL_ EMWS Clus..County_cat 2 727 1515531 0
_OVERALL_ EMWS.Clus...County_cat 3 1658 3456327 0
_OVERALL_ EMWS.Clus..County_cat 4 125 2605795 0
_OVERALL_ EMWS.Clus...County_cat 5 115 2397332 0
_OVERALL_ EMWS.Clus..County_cat & 378 7.879925 0
_OVERALL_ EMWS.Clus..County_cat 7 734 1530123 0
| OVERALL  EMWS .Clus..EQOP 0 4533 94.49656 0
| OVERALL_ EMWS Clus..EQOP 1 264 550344 0
| OVERALL  EMWS Clus...ethnicity_cat A 1503 31.33208 0
| OVERALL_ EMWS Clus...ethnicity_cat B 274 5711803 0
| OVERALL_ EMWS Clus...ethnicity_cat F 140 2918401 0
| OVERALL_ EMWS Clus...ethnicity_cat H 450  9.380863 0
|_OVERALL_ EMWS Clus...ethnicity_cat U 696 1450007 0
| OVERALL_ EMWS Clus...ethnicity_cat W 1734 36.14759 0
| SEGMENT_3 County_cat 1 911 32.30496 1
| SEGMENT_3 County_cat 2 484 1716312 1
| SEGMENT_3 County_cat 3 597 2117021 1
| SEGMENT_3 County_cat 4 72 2553191 1
| SEGMENT_3 County_cat 5 106 3758865 1
| SEGMENT_3 County_cat & 260 9219858 1
| SEGMENT_3 County_cat 7 390 1382979 1
| SEGMENT_3 EOP 0 2764  98.01418 1
| SEGMENT_3 EOP 1 56  1.985818 1
| SEGMENT_3 ethnicity_cat A 746 26.4539 1
| SEGMENT_3 ethnicity_cat B 81 287234 1
| SEGMENT_3 ethnicity_cat F 47 1666667 1
| SEGMENT_3 ethnicity_cat H 237 8404255 1
| SEGMENT_3 ethnicity_cat U 413 14.64539 1
| SEGMENT_3 ethnicity_cat W 1286 4595745 1
| SEGMENT_1 County_cat 1 15 15 1
| SEGMENT_1 County_cat 2 189 18.9 1
| SEGMENT_1 County_cat 3 522 522 1
| SEGMENT_1 County_cat 4 33 23] 1
| SEGMENT_1 County_cat 5 2 02 1
| SEGMENT_1 County_cat & 53 3.3 1
| SEGMENT_1 County_cat 7 186 18.6 1
| SEGMENT_1 ethnicity_cat A 480 48 1
| SEGMENT_1 ethnicity_cat B 40 4 1
| SEGMENT_1 ethnicity_cat F 53 | 1
| SEGMENT_1 ethnicity_cat H 42 42 1
| SEGMENT_1 ethnicity_cat U 176 176 1
| SEGMENT_1 ethnicity_cat W 209 209 1
| SEGMENT_2 County_cat 1 134 1371546 1
SEGMENT 2 Countv cat 2 54 5527124 1

\ Stony Brook University



Segment Profile Graphic Comparisons

&7 Results - Node: Segment Profile Diagrae NEAIR

File Edit View Window
SIEIEY =1
S0+
30
40
40+
204 30
Segment: 1 £ 304 E £ £ 1
Count: 1000 = e o =] {
Percent: 20.85 & Bl & & 20 2 c
10
10 104
I
- 0= 07 0-== ~
SATCR+ M + W Score - SAT Critical Reading Score —
Average SAT CR + M Score -- Average SAT Math Score -- Average Average SATMATHSCORE County_cat
50 [
40+
40
30+
Segment: 2 E 304 11
Count: 977 54 E ;
Percent: 20.37 & o £
10+ 104
0 o " -
ritical Reading Score —
Average SAT CR + M Score -- Average SAT Math Score -- Average Average SATVERBALSCORE
60 Bl
f
40
|
f 40
Segrment: 3 E E 3
Count: 2820 | © o ¢
Percent: 58.79 & £ 2o ¢
20
0- 0 0- 0= _
SAT CR+ M+ W Score - SAT Critical Reading Score —
SAT CR + M Score — Average Average SAT Math Score -- Average Average County_cat ethnicity_cat
] n J |

W Stony Brook University



Full Enterprise Miner Model
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Decision Tree Configuration

SlsplttingRufe |
“Hinterval Criterion ProbF

-Mominal Criterion ProbChisq

-Qrdinal Criterion Entropy

-Significance Level n.2

-Missing Values Ise in search

-Use Input Once MNa

-Maximum Branch 5

-Maximum Depth 3

-Minimum Categorical Size |5
Ehoce |
“TLeaf Size 5

-Mumber of Rules 5

-Mumber of Surrogate Rules

-5plit Size

[=|Cross Validation

-Perform Cross Validation  No
-Mumber of Subsets 10
-Mumber of Repeats 1
-Geed 12345

P—Value Adjustment
-Bonferroni Adjustment =]
-Time of Kass Adjustment Before

Inputs Mo

-Mumber of Inputs 1

-Split Adjustment =]
[=|0utput Variables

i-Leaf Variable (=] o
av ' i
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Interactive Decision Tree Building:

Categorical Outcome
First Semester Freshmen GPA above/below 2.00

S Interactive Decision Tree - EMWS.TREEG BROWSETREE[EMWS.TREES_TRAINSAMPLE]

File Edit View Teools Train Window

H G 0 &b ®EE

€ Tree View

-

AW
Split Count Mode ID in Path Split Variable Value : Statistics

0 |1 (Selected) | |AII Cases or Missing | |Count
Prediction

% with target = 1

% with target = 0

% correctly predicted

-
S Split Node 1 | = |
Target Variable:  twoplus
Variable Variable Description Hog(p) Branches
HIGHSCHOOLGPA HIGHSCHOOLGPA 63.27311 .
WRT102_ind 'WRT102_ind 17.37140 27
mat_place mat_place 14.12556 4
MathPl MathPl 13.62510 HE
UnivSch UnivSch 7.80305 3
PHY125_ind PHY125_ind 5.71857 21—
WISE WISE 5.20522] 3
HonCol HonCal 4,70550 3
HonorsCollege HonorsCollege 4.63641 2
SATMATHSCORE SATMATHSCORE 4.36101] 2
ACAD_PROG_PRIMARY |ACAD_PROG_PRIMARY 362559 5
Athlete Athlete 3,58758 3
MAP103_ind MAP103_ind 341201 2
County_cat County_cat 3.31122 2
ethnidity_cat ethnicity_cat 3.31002 5
MAT126_ind MAT125_ind 3.30771] 2] _
MAT132 ind MAT132_ind 3.30050 2 =
[ Edit Rule... |
QK ] ’ Cancel ] ’ Apply ] ’ Refresh ]
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Adding Tree Branches and Leaves

S TreeView
Statistics Train Validation
1l: Be.0% BE.0%
0: 14.0% 14.0%
Count: 5748 4310
HIGHSCHOOLGPA
=B5.2 ==852 and <89 8 ==89.8 and =82 63 ==02 63 Migsing Values
Statistics Train Validation Statistics Train Validation Statisties Train Validation Stacistics Train Validation
1: 73.7% 72.1% 1l: 80.1% 81.1% 1l: B7.1% 87.4% 1l: 94.2% S
0: 26.3% 27.9% 0: 15.9% 18.9% O: 12.9% 12 . 6% o: 5.8% E.3%
Count: als 598 Count: 1434 1113 Count: 1408 998 Count: 2087 10l
AW
Split Count Mode ID in Path Split Variable Value 4 Statistics Train Validation
0 |1 (Selected) | |AII Cages or Missing | (Count 5746
Prediction 1
% with target = 1 86.0%
% with target =0 14.0%
% correctly predicted 86.0%
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Evaluating a Decision Tree
with a Categorical Outcome

&
File Edit View Window
BB & El & -
b Lef St SN
Cumuiative Lift - 104
110 05
1.08 4
E 06
g 1.06 E
g 04
E 104+
3
102 0z
1.00 4
T T T T T T 00—, : ; ; - ! .
0 20 40 60 B0 100 1 2 18 17 18 19
Percentile Leaf Index
TRAIN VALIDATE ‘ |i Training Percent1 @ Yalidation Percent 1
W Tree Map o |8 %
™ Tree = [@ [ |E output = [@[=
| Variahle Importance
< 85205
| Obs NAME LABEL NRULES IMPORTANCE VIMPORTANCE RATIO
Statistic Train Validation
0: 26.3% 27.9% 1 HIGHSCHOOLGPA 1 1.00000 1.00000 1.00000
is 73.7% 72.1% H HE_SATCRMW_hwg SAT CR + M + W Score —- Average 1 0.34677 0.15650 0.45131
I Seunc a18 598 - 3 Athlete 1 0.28436 0.00000 0.00000 =
4 m r
< W | r




Receiver Operator Curves
and Cumulative Lift

File Edit View Window
B2aHE e

ROC Chart : TARGET_B B Fit Statistics

T 17

0.50+ 050 I E

Full Reg Mo.. TARGET_B

Four Branc... TARGET_B

Missclass .. TARGET_B
0.254 0.25] Ensemble TARGET_B 0.970614
0.004 0.00+

T T T T T T
00 02 0.4 06 08 1.0 0o 02 04 0.6

1 - Specificity 1 - Specificity
Baseline —Ensemble — Neural Network —— Full Reg Model
Stepwise Regression (2) ———— Poly Regression (3) ————NaxTree ———— Missclass Tree2

Avg Error Tree ———— Four Branch Tree

Score Rankings Overlay: TARGET_B

Humianveuft -
Fit $tatistics
DRI D= A TIATE] Model $election based on Walid: Misclassification Rate (_VHISC_)
254 254 Train: Valid:
Yalid: Average Train: Average
Selected Model Misclassification Sguared Misclassification Sgquared
Model Mode  Model Description Rate Error Rate Error
£ 209 £ 207 ¥ Reg2  Stepwise Regression [2) 0.50010 0.24074 0. 49990 0.24103
g 2 Regd  FPoly Regression (3) 0.50010 0.24246 0. 49990 0.24103
£ € Heural Neural Network 0.50010 0.23625 0. 49990 0.24184
= = Tree3 Avg Error Tree 0.50010 0.24227 0. 49990 0.24327
£ H Tree Max Tree 0.50010 0.24194 0. 49990 0.24338
© 1.5 O 1.5 Reg Full Reg Model 0.50010 0.23724 0. 49990 0.24349
Treed Four Branch Tree 0.50010 0.24238 0. 49990 0.24393
Tree? Missclass TreeZ 0.50010 0.25000 0. 49990 0.25000
Ensmbl Ensemble 0.50010 0.44648 0. 49990 0. 44647
104 104
T T T T T T T T T T T T
0 20 40 60 B0 100 0 20 40 60 80 100
Percentile Percentile
——Ensemble — Neural Network —FullReg Model
Stepwise Regression (2) ———— Poly Regression (3) ——— Wax Tree
Missclass Tree2 — Avg Error Tree ——— Four Branch Tree
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Decision Tree with Interval Outcome

=852

Statistics Train Validation

1l: 73.7% T72.1%
0: 26.3% 27.9%
Count: 818 588
MAT131_ind
{ 0 ar Miszing
Statistics Train Validation Statistics Train Validation
1l: 56.8% 64.3% 1l: 75.4% 72 .9%
O0: 43.2% 35.7% 0: 24.6% 27.1%
Count: 74 5e Count: 744 542
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Using Decision Tree to Predict
First Semester Freshmen GPA

=852

Statistics Train Validation

=>=@5.2 and =85 8

Statistics Train Validation

L: 73.7% TI.1% 1l: 80.1% 3l.1%
0: Z68.3% 27.9% O: 15.9% 18.9%
Count: 818 598 Count: 1434 1113
SAT CR + M +W Score - Average
<1634 .5 ==1654 .5

Statistics Train Validaticon

Statistics Train Validation

l: 75.B% 78.2% 1l: B88.4% BE.2%

0: Z4.2% z1.8% O: 11.6% 13.8%

Count: 850 519 Count: 372 260
PHY125_ind

|

Missing %alues and Cthers

i |
Statistics Train Validaticon Statistics Train Validaticon Statistics Train Validation
l: 76.B% 79.2% l: 45.0% E3.E% 1l: 75.8% 78.2%
0: Z3.2% 20.8% 0: 55.0% 3E.4% O: Z4.Z% 21.8%
Count : 630 488 Count: Zo 33 Count: u] u]
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Decision Tree View

|
HSAvg

|
[86.615,91 84 ) or Missing
|

Train Validation
2.72

lege 11e7

<BB.B15
Statistic Train Validation Statistic
Average 2.4 2.42 Average
Count: 870 £57 Count:

SAT CR + M Score — Average

SAT Math Score - Average

>=657.5 or Missing <5%7.5 >= 1212 or Missing <1%12 [4345 5015)
statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation
Average 2.66 2.EL Average 2.34 2.34 Average .01 3.06 Average 2.64 2.€5 Average 2.8 2.92
Count: 250 1lBg Count: 620 471 Count: 3e3 279 Count: 1303 Bee Count: E03 413
MAT131_ind mat_place WRT102_ind
0 or Missing F >=5 5 or Missing < % 5 |1 0 or Missing
Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation
Average 2.74 2.88 Average 2.26 .32 Average 3.24 3.28 Average 2.93 z2.98 Average 3.00 3.08 Average 2.83 2.87
Count: 207 151 Count: 43 35 Count: g7 BZ Count: 266 197 Count: 174 114 Count: 429 299

SAT CR + M Score - Average

< 1£70 >= 1270 or Missing
Statistic Train Validation Statistic Train Validation
Average .09 2.87 Average 2.62 Z.61
Count: 52 39 Count: 155 112
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Linear Regression Model

[= [ (= | Fit statistics EEXE

‘Score Rankings Matrix : CUR_GPA_G_max

|Meaneredited

Data Role = TRAIN Data Role = VALIDATE
35 354
304 3.0
254
25
204
T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 0 100
Percentile Percentile
Mean Predicted ——— Mean Target |
e [-E Output (= [=
s of
Source DF Syuares Mean Square F Walue PE>F
Model 3 39.474626 13.158209 32.32 <. 0001
Error 354 144.128183 0.407142
= Corrected Total 357 183, 602809
&
=
E Model Fit Statistics
o
o .
5 R-Squaze 0.2150 Ad3 R-3q 0.2083
5 AIC -317.7191 BIC -315.7244
o -30z. .
2 SEC 302.1970 cip) 8.2359 El
o
C4
Type 3 Analysis of Effects
Sun of
Effect DF Sguares F Value Pr x> F
: GEOLOL_ind 1 2.6317 6. 46 0.0114
3 4 Hikvy_adwin 1 18.5832 45.64  <.0001
nat_place 1 7.0775 17.38 <0001

Effect Number
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Dmine Regression Model

Score Rankings Matrix: CUR_GPA_G_max o @ [ 5= ([ Fit Statistics o (@ =
Mean Predicted v Target Fit Statistics | Statistics | Tran Valdation | Test I
Label
Data Role =TRAIN Data Rele = VALIDATE CUR_GPA_..._NOBS_ Sum of Fre 4797 3508 . .
CUR_GPA_._ERR_ ErorFuncti.. 2592193 2083979 D rr] g g p
\ CUR_GPA_.._SSE_ SumofSqu.. 2592193  2083.979 I n e re ress I O n ro u S
359N 25 CUR_GPA_.._MAX_ MaimumA. ~ 3.807616  3.867068 . .
CUR_GPA_.._DIV_ Divisar for A 4797 3598
oo Re Dt L. ome | levels of categorical inputs
CUR_GPA_._RASE_  RootAvera 0735104 0761055
CUR_GPA_._AVERR_  Average Em.. 0540378 0579205 d b . . | .
30 < . an Ins interval inputs.
T N
N The associations between
N he binned i |'i
\ (1257 the binnea interval inputs
\ o
and the target can be non
T T T T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100 .
Percentile Percentile | I n ea r
.
—— Mean Predicted — Mean Target
bl Effects in the Model = [ = [ |[E Output == s
0.125 — The DNINE Procedure -
@ Effects Chosen for Target: CUR_GPA_G max
5 0.1004
= Sum of Error Mean
A (o754 Effect DF R-Siquare F ¥alus  p-Value Squares Square
14
o AOV16: HSAwy adnin 15 0.123153 44. 766083 <.0001 397.003558 0.591227
‘E 0.050 ADV16: HS_SATCR vy 15 0.027839 10418294 <.0001 89. 741817 0.574258
3 AOVL6: SATMATHSCORE 15 0.009261 3.483002 <.0001 20854018 0.569787
= AOV16: mat place 9 0.006579 4.160215 <.0001 21.206962 0.566396 E
» 00257 ADVL6: HS_SATCRM Awg 15 0.006445 2. 456656 0.0014 20775693 0.563799
Class: WRT10Z_ind 1 0.004429 25. 453457 <.0001 14.276769 0.560897
0.000 i s W e I S Group: ethuicity cat 3 0.003796 7.301764 <.0001 12.237660 0.558662
i U u u u z U y U 5 i U z y AOVLG: SATVERBALSCORE 15 0.003296 1.268160 0.2126 10626394 0.558185
ycé_ y(,2_ y(.k_ y(.z_ ycé_ %, ycﬁ_ 2 ?('2. S, 7(,2_ 33} S, 'SJ- Class: HonCol 1 0.001952 11.298725 0.0008 6.293014 0.556967
% % % % % . % % % @ R <. % ADV16: HS_SATNath_kvy 14 0.001901 0.785534 0.6861 6.129134 0557322
% J 2 : : j " 3 3 - =
@ % % @ % ) Z <, AOVLG: HS_$ATCRI_kvg 14 0.003940 1.631026 0.0638 12.702165 0556275
0 ] E % ol E ] % E 2 & 2 %
A Yo 7,/‘; °’fo Y@ % Yo %é 123 25 Yo Z % War: mat place 1 0.001268 7.358489 0.0067 4.067789 0.555520
L?B’ T T 64 T §-’_ T = ﬁ,‘% a \",. Class: MAT132_ind 1 0.001267 7.362858 0.0067 4.084660 0.554766
% 3 % ¢ % % % % % S Var:  H$hvy_admin 1 0.000759 4.412126 0.0357 2.445911 0.554361
% % b 2. Z, ¥, %
5 % g z k5 y
© 3 A % &
> «©
Effect e T Danmadins -
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Neural Network Model

Score Rankings Matrix: CUR_GPA_G_max [= [@ [== [ETFitStatistics [=[@[=
‘Ihhmﬁeddzd - ‘
Data Role = TRAIN Data Role = VALIDATE
[=] -]
284 2.0
5] ]
284 284
274
2.7
264
2.6 ]
]
T T T T T T T T T T
0 20 40 60 B0 0 20 40 60 80 100
Percentile Percentile
[———M=an Predicted ——— Mean Target |
o [® BB Output (@ [=
[verage Sauare Error v] The NEURAL Procedure -
0704 Optimization Results
Parameter Estimates
Gradient
Obiective
069 N Parameter Estimate Function
1 HAvg admin H11 0.492526 0.002624
2 H3_SATCRIN Awg HLL -0.052471 -0.006916
en 3 H3_SATCRI Awg HIL 0.164574 -0.007486
4 H§_SATCR_hwy_H1L -0.158318 -0.007045
§ HS_SATMath_iwy_HLL 0.151623 -0.007546
€ SATMATH3CORE_H1L 0.221200 -0. 002756
7 SATVERBALSCORE_HLL 0.134021 0.003316
0674 & TOEFL_HLL -0.153523  -0.000089974
9 mat_place HIl 0.324167 -0.005310
10 wre_place H11 -0.276664 0.004016 |
11 HAvg adwin H1Z -0.303224 0.000161
0664 12 H3_SATCRIN iwy HIZ -0.217543 0.000393
13 H§_SATCRN_avy_HIZ -0.167542 0.000422
T . . T : 14 H$_SATCR_iwy_H1Z 0.036692 0.000334
0 10 20 30 40 50 15 H$_SATMath_iwg H1Z 0.051651 0.000440
Training Iterations 16 SATMATH3CORE_H1Z -0.179330 0.000530
17 SATVERBALSCORE H1Z 0.100333 0.000133
[———Train: Average Squared Error —— Valid: Average Squared Error | 18 TOEFL HiZ -0.221666 ~0. 000003300
18 mar wiacs m o 115020 0 oooa -
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Score Rankings Matrix: CUR_GPA_G_max

Dmneural Model

[EXICH b

|[Mea1 Predicted v

9 Fit Statistics

Data Role = TRAIN Data Role = VALIDATE
35 354
3.0 3.0
254 254
T T T T ; T T ; ; T T T
0 20 40 60 80 100 0 20 40 60 a0 100
Percentile Percentile
[ Mean Predicted Wean Target |
b [ E Output = [=
Stafistics = Sum of Square Errors Stafistics = Sum of Square Errors Statistics = Sum of Square Errors ~ -
Training Stage = 0 Training Stage = 1 Training Stage = 2 3
3000 - 3000 -
3000+ The DHNEURL Procedure
Variable Mean 5td Dev Skewness Kurtosis @
g CUR_GPA_G_nax 2.85660 0.51985 -1.18451 1.57228
e 20004 2000 HSlvg_adnin 51.05603 4.64909 -0.19015 -0.47082
© © © HS_SATCRIN_Avg 1555 196.76086 0.53636 0.35119
2 2 2 HS_SATCRIL vy 1048 129.89855 0.57590 0.50197
= = = HS_SATCR ke 509.59747 62. 28450 0.38511 0.44581
E E E HS_SATHath_hvg  538.31037 59.68573 0.64530 0.57804
» SATMATHSCORE 62847328 74.01110 -0.13284 -0.07508
10004 1000 1000 SATVEREALSCORE  579.00109 78.38496 -0.07178 030877
TOEFL 0.04649 1.61239 34.78448 1212
nar_place 4.17467 1.72675 0.95106 0.28993
wet_place 2.99793 1.10658 -0.51356 111762
0 0 0
IR PP I TR
L) b %
) ) o)
e RR Yo% A ARRE X 2% %5 %%,
7%\ 7o O ® 7%\ S e 7 7% ® The DMNEURL Procedure
Optimization Function Optimization Function Optimization Function - Percentiles of Targer CUR_GPA_G _max in [0 : 4] -
—
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Partial Least Squares Regression Model

Score Rankings Matrix: CUR_GPA_G_max

S

IMeanPredcted  +

Data Role = TRAIN Data Role = VALIDATE
35 254
3.0 30+
254 254
20 20
T T T T T T T T T T T T
a 20 40 60 80 100 a 20 40 &0 80 100
Percentile Percentile
Mean Predicted Mean Target

] Percent Variation

Absolute Standardized Parameter Estimates

044

Standardizet Parameter Estimate
3
L

Variable

Variable Importance for Projection

(= [@ (=

20

in

=)

Variable Importance for Projection

0.00721
0.37503
-0.00697
0.04555

Variable

0.10181Yes

[ Output

EEE

Mumber of Response Variables
Number of Predictor Parameters
Missing Value Handling

Number of Factors

Numher of Observations Read
Number of Observations Used

The PL3 Procedure

1

101
Tupute Average
15
4797
4797

Percent Varistion Accounted for
by Partial Least Squares Factors
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Ensemble Node Model

Score Distribution : CUR_GPA_G_max o [E [
\Meanpredcied v
Data Role = TRAIN Data Role = VALIDATE
4.0 4]
3.5
3
3.0
2.5+ 74
204
14
T T T T T T
25 3.0 35 20 3.0 35
Model Score Model Score
—— Mean Predicted —— Mean Target
Score Rankings Matrix : CUR_GPA_G_max o | & [ &
|MeanPredcted  + ‘
Data Role = TRAIN Data Role = VALIDATE
3.5 35
304
3.04
ZIES
254
204
T T T T T T T T T T T
20 40 60 BO 100 20 40 60 B0 100
Percentile Percentile
——— Mean Predicted ———— Mean Targst

=] Fit Statistics

Percentile

ALIDATE Target VariablesCUR_GPA_G_max

Mumber of
Observations

180

I O R N I X YN OO P T Y R S

Mean
Target

56794
34908
30587
16756
03328
15528
04058
85150
962683
93488
86922
74572
74872
69563
76711
56308
45761
4018l
27822
24793

Predicted

NN R RN NN RR N NN R WG W W8 W

Hean

44063
27344
13647
12720
07237
03354
99747
45936
92468
89469
86137
52925
79662
75894
72050
68093
63843
58576
52094
41352

W Stony Brook University



File Edit View Window

Model Comparison

HR & E &

Score Distribution : CUR_GPA_G_max

[

[Eq Fit Statistics

Model Description = Gradient Boosting (2) Model Description = Gradient Boosting (2) Model Descri adient Boosting (2)
Data Role = TRAIN Data Role = VALIDATE Data Role = TEST
350+
354 Partial Lea.. CUR_GPA_...
354 Ensemble CUR_GPA__.
Dmine Reg... CUR_GPA_...
3254 DMNeural CUR_GPA_..
Gradient Bo.. CUR_GPA_...
304 304 Regression...CUR_GPA_...
3.00+ Neural Met... CUR_GPA_...
275+
254 554
2504
2.0
2254 204
T T T T T T T T T T T T T T T T
2.4 286 28 30 4 34 24 2.6 28 3.0 3.2 34 2.4 2.6 28 3.0
Model Score Model Score Model Score
—— Mean Predicted ——— Mean Targst \
‘Score Rankings Overlay: CUR_GPA_G_max
[Meanpredictsd
Data Role = TRAIN Data Role = VALIDATE Data Role = TEST Fit Stavistics
Model Selection based on Test: Average Squared Error (_TASE )
354 354 354 Test: Train:
Average  Average Train:
Selected  Model Squared  Squared  Misclassification
Hodel Node Model Description Error Error Rate
= = =
2 2 a
T 304 T 30 T 304 ¥ 182 Partial Least Squares (2) 0.57716 0.54267
= =] = ] T ] E
z = 2 nsmbl Ensemble 0.59812  0.55701
ko = = DnineReg3  Dmine Regression (3) 0.59839  0.54038
g 3 g DMfeural DMHeural 0.60232 0.56626
2 2 " 2 Foostz Gradient Boosting (2) 0.62384  0.58300
254 25+ 25 Regd Regression (4) 0.66198  0.82187
Neural Neural Network 0.71273  0.66505
2.0+ 2.0+ 2.0+
T T T T T T T T T T T T T T T T T T
0 20 40 60 B0 100 0 20 40 60 80 100 0 20 40 60 80 100
Percentile Percentile Percentile
GradientBoosting (2) ~ ————DMNeural Dmine Regression (3) Ensemble

— Meural Network

2 p—
—— Parfial Least Squares (2) ———

Regression (4)
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Model Comparison Graphs 1

Score Distribution : CUR_GPA_G_max =
Mean Predicted | ~
Model Description = Gradient Boosting (2) Model Description = Gradient Boosting (2) Model Description = Gradient Boosting (2) A
Data Role = TRAIN Data Rale = VALIDATE Data Role = TEST
350
35+
3254
205 3.00
2751
25+
250 E
204
* 2325
T T T T T T T T T T T T T T T T T T
24 26 28 30 32 34 24 26 28 30 32 34 24 26 28 30 32 34
Model Score Model Score Model Score
Model Description = Dlleural Model Description = DMeural Model Description = DMleural
Datz Role = TRAIN Data Role = VALIDATE Data Role = TEST
=]
=

2 3 4 2 3 4 2 3 4
Model Score Model Score Model Score
Model Description = Dmine Regression (3] Model Description = Dmine Regression (3] Wodel Description = Dmine Regression (3]
Datz Role = TRAIN Data Role = VALIDATE Data Role = TEST
4
44
34
e
24
24
=
14 14
14
=
04 B =] ! 0
T T T T T T T T T T T T
i 1 2 3 4 2 3 4 1 2 3 4
Model Score Model Score Model Score -

—— Mean Predicted ——— Mean Target |

\ Stony Brook University



Score Distribution : CUR_GPA_G_max

fean Predicted

Model Comparison Graphs 2

Model Description = Ensemble.
Data Role = VALIDATE

=SR]

Data Role = TEST

T
30

T
25 30 35

25 35 20 20 25 30 35
Model Score Model Score Model Score
Mol Description = Neural Hetwork Mol Desoription = Neural Network Model Description = Neural Network
Data Role = TRAIN Data Role = VALIDATE Data Role = TEST
35 35 35
——7
> 3.0 N / 30+
T \/
25 \’ M /\ 25+
254 —
204 20+
20
154 151
T T T T T T T T T T
20 25 30 as 20 25 30 as 20 a5z
Model Score Model Score Model Score
Model Description = Partial Least Squares (2) Model Description = Partial Least Squares (2) Model Description = Partial Least §quares (2)
Data Role = TRAIN Data Role = VALIDATE Data Role = TEST
4
3

3
Model Score

Model Score

Mean Predicted Mean Target

T T
3 4

Model Score -~

\ Stony Brook University



Model Comparison Graphs 3

Score Distribution : CUR_GPA_G_max

Mean Predicted

Model Description = Neural Network
Data Role = TRAIN

Model Description = Heural Network
Data Role = VALIDATE

[E=SE=C

Model Description = Neural Network -
Data Role = TEST

T T T
20 25 30

Model Score

Model Description = Partial Least Squares (2]
Data Role = TRAIN

35

T T
25 30

Model Score

Model Description = Partial Least Squares (2)
Data Role = VALIDATE

T T T
25 30 35

Model Score

Model Description = Partial Least Squares (2]
Data Role = TEST

T T
2 3

Model Score

Model Description = Regression (4)
Data Role = TRAIN

Model Score

Model Description = Regression (4]
Data Role = VALIDATE

T T
) 4

Model Score

Model Description = Regression (4)
Data Role = TEST

m

Model Score

Model Score

— Mean Predicted ——— Mean Target

Model Score -
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Score Node Output
for Partial Least Squares Model

Interval Wariable Summary Statistics

Wariable Name=F CUR_GP4_G_max

Idtatistics

MELN
3TD

)

MIN
PZ5
MED TAN
Pi5

Label TEATN
Mean 2.86
Standard Dewviation 0.36

479700
Minimum 1.70
Z5th Percentile Z.61
Median Z2.54
75th Percentile 3.08
Masimum 4.33

VLLIDATE

[ L S I S ]

.87
.37
35945,
.12
.61
.85
.11
.25

oo

TEST

[T N I o B

.85
.37
3597,
72
.59
g2
.08
.19

oo

Q\\\‘ Stony Brook University



SAS Code
to Run Partial Least Squares Model on New Data

“* SAS Code

* EN SCORE CODE:
VERSION: 6.2;
GENERATED BY:;
CREATED: O&NOV20l3:17:57:52;

o 4

4

TOOL: Input Data Source;
TYPE: SAMPLE:
HNODE: Idss;

PR

4

oo

TOOL: Filtering:
: MODIFY;
NODE: Filter3;

e
el
5
=

+
if

(ANP120_ind ne 1)

and

(athipec ne 1)

and

(BI020Z_ind ne 1)

and

(BID208_ind ne 1)

and

(BUS215_ind ne 1)

and

(BusHonors ne 1)

and

(C5E114_ind ne 1)

and

(CSEZ19_ind ne 1)

and

(MAT127_ind ne 1)

and

(PHY126_ind ne 1)

and

(PSY201l_ind ne 1)

and

{ HSivyg_adwin ne . and {50<=HSivg_adwin) and (HSAvg_aduin<=100.5625))

and { HS_SATCRMU_Avy eq . or ([954.94408061<=H5_SATCRMW_Avg) and (HS_SATCRMU_Avg<=2168.7996869))
and { HS_SATCRM Avy eq . or (651.95512768<=H5_SATCRN Avg) and (HS_SATCEM Avg<=1452.4089131))
and { HS SATCR Avg eq . or (318.40163204<=H3 SATCR_iwyg) and (HS 3ATCR Avg<=704.71311123))
HS_SATMath_Awg eq . or (326.6460556<=H5_SATHath_Avg) and (HS_SATHath_Avg<=754.60076626))
SATMATHSCORE eq . or (394.67703109<=SATMATHSCORE) and (SATMATHSCORE<=858.18385442))
SATVERBALSCORE eq . or (327.70521993<=5ATVERBALICORE) and (3ATVERBALICORE<=§19.37579369))
TOEFL eg . or (-91.76937262<=TOEFL] and (TOEFL<=59.873449069)]

wat_place eg . or (-1.121116275<=mat_place] and mat_place<=9.5917572127))

and { wrr place eq . or [0.3400472882<=wrt_place) and {wrt_place<=6.0259726383))

then M FILTER = 0:

else M_FILTER = 1;

lahel M_FILTER = 'Filtersd Indicator':
+

and
and
and
and
and

(
t
t
t
(
t
t
(

* TOOL: Partition Class:
* TYPE: 3aMPLE;
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Model Package

Diagram

5 e

L]
FallGPa Filter (3)

e [ e

Partial Least Squares (2) ".
Score (3)
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