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B A dummy variable is a numeric proxy for a
gualitative differentiating characteristic.

e Used to stratify data into subsets of distinct classes.

e Classes are represented in regression using 'dummy"
variables.

B [N contrast to other variables that can take
values over some continuous range
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@EE\% Example Using Linear
Regression
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Cost of

Observations Calories
Meal
Variable ID Cost Calories
Meal Number 1 6.78 665
Meal Number 2 4.76 450
Meal Number 3 8.02 812
Meal Number 4 5.99 601
Meal Number 5 8.58 859
Meal Number 6 7.03 673
Meal Number 7 5.88 571
Meal Number 8 10.27 657
Meal Number 9 10.86 724
Meal Number 10 9.06 585
Meal Number 11 7.38 463
Meal Number 12 6.53 452
Meal Number 13 9.88 667
Meal Number 14 7.65 496
Meal Number 15 11.09 563
Meal Number 16 13.22 631
Meal Number 17 10.18 486
Meal Number 18 11.47 592
Meal Number 19 13.39 632
Meal Number 20 14.04 718
Meal Number 21 12.62 675
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Actual vs. Predicted (Unit Space)

16.0000
Linear Analysis for Dataset Meals Dataset, Simple
Wednesday, 16 May 2012, 1:29 pm 14.0000
I. Model Form and Equation Table 12.0000
4
Model Form: Unweighted Linear model /|
Number of Observations Used: 21 / z 10.0000
Equation in Unit Space: Cost = 4.279 + 0.008081 * Calories ( OK §_
T 8.0000 -
s
IIl. Fit Measures (in Fit Space) j:
& 6.0000
Coefficient Statistics Summary
4.0000
T-Statistic Prob Not
Variable Coefficient |Std Dev of Coef| Beta Value (Coef/SD) P-Value Zero
Intercept 4.2789 3.3219 1.2881 0.2131 0.7869 000
Calories 0.0081 0.0053 0.3304 1.5258 0.1434 0.8566
0.0000
) . 0.0000 2.0000 4.0000 6.0000 8.000010.000a.2.000a4.0000.6.0000
Goodness-of-Fit Statistics
Actual
R-Squared Pearson's
Std Error (SE) R-Squared (Adj) Corr Coef N X N
26434 10.92% 6.23% 0.3304 Equation vs. Variable (Unit Space)
16.0000
Analysis of Variance
14.0000
Sum of Sqr Mean SQ = Prob Not
Due To DF (SS) SS/DF F-Stat P-Value Zero 0000
Regression 1 16.2674 16.2674 2.3281 0.1434 0.8566
Residual (Error) 19 132.7607 6.9874 0000
Total 20 149.0281 S
L T 8.0000
Summary of Predictive Measures b
& 6.0000
Average Actual (Avg Act) 9.2705 .
Standard Error (SE) 2.6434 4.0000
Root Mean Square (RMS) of % Errors 31.02%
Mean Absolute Deviation (Mad) of % Errors 25.81% 2.0000
Coef of Variation based on Std Error (SE/Avg Act) 28.51% 0.0000
Coef of Variation based on MAD Res (MAD Res/Avg Act) 23.64% ’
; - — 0.0000  200.0000 400.0000 600.0000 800.0000 1000.0000
Pearson's Correlation Coefficient between Act & Pred 33.04%
Adjusted R-Squared in Unit Space 6.23% Calories
@ Actual M Predicted

PRT 141 September 19, 2012




16

Observations Cosi o Calories | Type of Meal
Meal
14
Variable ID Cost Calories
Meal Number 1 6.78 665 Breakfast
Meal Number 2 4.76 450 Breakfast 12
Meal Number 3 8.02 812 Breakfast
Meal Number 4 5.99 601 Breakfast 10 ‘
Meal Number 5 8.58 859 Breakfast [
Meal Number 6 7.03 673 Breakfast 3 4 .
Meal Number 7 5.88 571 Breakfast o g
Meal Number 8 10.27 657 Lunch m 4
Meal Number 9 10.86 724 Lunch 6 e
Meal Number 10 9.06 585 Lunch *
Meal Number 11 7.38 463 Lunch 4
Meal Number 12 6.53 452 Lunch
Meal Number 13 9.88 667 Lunch
Meal Number 14 7.65 496 Lunch 2
Meal Number 15 11.09 563 Dinner
Meal Number 16 13.22 631 Dinner 0 : : . ; .
Meal Number 17 10.18 486 Dinner 200 400 600 800 1000
Meal Number 18 11.47 592 Dinner Calories
Meal Number 19 13.39 632 Dinner
Meal Number 20 14.04 718 Dinner ¢ Breakfast MLunch A Dinner
Meal Number 21 12.62 675 Dinner
PRT 141 September 19, 2012 8




B Treatment of r classes requires introduction
of r-1 dummy variables

e 3 classes
e (3-1) = 2 dummy variables
m Let's call these D1 and D2 and denote the pair
as {D1, D2} where:
e {0,0} = Breakfast
e {1,0} = Lunch
e {0,1} = Dinner
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. Cost of : Class of Meal | Class of Meal
Observations Meal Calories | Type of Meal S A 6F 2| By 262
Variable ID Cost Calories D1 D2
Meal Number 1 6.78 665 Breakfast 0 0
Meal Number 2 4.76 450 Breakfast 0 0
Meal Number 3 8.02 812 Breakfast 0 0
Meal Number 4 5.99 601 Breakfast 0 0
Meal Number 5 8.58 859 Breakfast 0 0
Meal Number 6 7.03 673 Breakfast 0 0
Meal Number 7 5.88 571 Breakfast 0 0
Meal Number 8 10.27 657 Lunch 1 0
Meal Number 9 10.86 724 Lunch 1 0
Meal Number 10 9.06 585 Lunch 1 0
Meal Number 11 7.38 463 Lunch 1 0
Meal Number 12 6.53 452 Lunch 1 0
Meal Number 13 9.88 667 Lunch 1 0
Meal Number 14 7.65 496 Lunch 1 0
Meal Number 15 11.09 563 Dinner 0 1
Meal Number 16 13.22 631 Dinner 0 1
Meal Number 17 10.18 486 Dinner 0 1
Meal Number 18 11.47 592 Dinner 0 1
Meal Number 19 13.39 632 Dinner 0 1
Meal Number 20 14.04 718 Dinner 0 1
Meal Number 21 12.62 675 Dinner 0 1

PRT 141 September 19, 2012 10



Linear Model

Specifications | Results I

— Caze Mame

|Linear Stratified

— Dependent Yariable

Marme; I Cozt ;I

—"ariablez

Mame

Mot ged

Ihdependent

Lalories

o

I

D1

I

-

[

-

e

Trangform: I LI

—"Weighting VW ariable

— Optiong

Ridge Farameter: I

b asirnurn [berations: I j

[ MUFE v Intercept (Man Origin]

[T Stepwize Analpsis

I ethod: I ;I

— Report Precizion

[~ Precisior: |4 Digitz

|| #| ®| v

PRT 141 September 19, 2012




Linear Analysis for Dataset Meals Dataset, Linear Stratified

Wednesday, 16 May 2012, 2:09 pm

I. Model Form and Equation Table

Model Form:

Unweighted Linear model

Number of Observations Used:

21

Equation in Unit Space:

Cost = (-1.38) + 0.01224 * Calories + 3.111 * D1 + 6.151 * D2

Il. Fit Measures (in Fit Space)

Coefficient Statistics Summary

T-Statistic Prob Not
Variable Coefficient |Std Dev of Coef| Beta Value (Coef/SD) P-Value Zero
Intercept -1.3804 0.7556 -1.8269 0.0852 0.9148|
Calories 0.0122 0.0011 0.5006. 11.1063 0.0000 1.0000]
DL 3.1110 0.2940 0.5505 10.5806 0.0000 1.0000]
D2 6.1514 0.2840 1.0885, 21.6571 0.0000 1.0000]
Goodness-of-Fit Statistics
R-Squared Pearson's
Std Error (SE) R-Squared (Adj) Corr Coef
0.5222 96.89% 96.34% 0.9843
Analysis of Variance
Sum of Sqr Mean SQ = Prob Not
Due To DF (SS) SS/DF F-Stat P-Value Zero
Regression 3 144.3926 48.1309 176.5110 0.0000 1.0000|
Residual (Error) 17 4.6355 0.2727
Total 20 149.0281
Summary of Predictive Measures
Average Actual (Avg Act) 9.2705
Standard Error (SE) 0.5222
Root Mean Square (RMS) of % Errors 5.47%
Mean Absolute Deviation (Mad) of % Errors 4.32%
Coef of Variation based on Std Error (SE/Avg Act) 5.63%
Coef of Variation based on MAD Res (MAD Res/Avg Act) 4.22%
Pearson's Correlation Coefficient between Act & Pred 98.43%
Adjusted R-Squared in Unit Space 96.34%
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Cost = (-1.38) + 0.01224 * Calories + 3.111 * D1 + 6.151 * D2

When {D1,D2} = {0, O}
Cost =(-1.38) + 0.01224 * Calories + 3.111*0+ 6.151 *0
Cost = (-1.38) + 0.01224 * Calories + 0 + 0
Cost = (-1.38) + 0.01224 * Calories € Breakfast CER
When {D1,D2} = {1, 0}
Cost =(-1.38) + 0.01224 * Calories + 3.111*1 +6.151 *0
Cost =(-1.38) + 0.01224 * Calories + 3.111 + O
Cost =1.731 + 0.01224 * Calories € Lunch CER
When {D1,D2} = {0, 1}
Cost =(-1.38) + 0.01224 * Calories + 3.111 *0+ 6.151 * 1
Cost = (-1.38) + 0.01224 * Calories + 0 + 6.151
Cost =4.71 + 0.01224 * Calories € Dinner CER
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4.771

(-1.380 + 6.151)

1.731

(-1.380 + 3.111)

20 ~

15 A

m Cost=(-1.38) + 0.01224 * Calories + 3.111 * D1 + 6.151 * D2

Cost pipper = 4.771+ 0.01224 * Calories

]

COSt | ypey= 1731+ 0.01224 * Calories |
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degree-of-freedom

Cost =4.279 + 0.008081 * Calories

Analysis of Variance

m Each dummy variable will consume one

Sum of Sqr Mean SQ = Prob Not
Due To DF (SS) SS/DF F-Stat P-Value Zero
Regression 1 16.2674 16.2674 2.3281 0.1434 0.8566
Residual (Error) 19 132.7607 6.9874
Total 20 149.0281
Cost = (-1.38) + 0.01224 * Calories + 3.111 * D1 + 6.151 * D2
Analysis of Variance
Sum of Sqgr Mean SQ = Prob Not
Due To DF (SS) SS/DF F-Stat P-Value Zero
Regression 3 144.3926 48.1309 176.5110 0.0000 1.0000
Residual (Error) 17 4.6355 0.2727
Total 20 149.0281
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rperPattermn ety e
Assigning Dummy Variables

*Keep in mind, the dummy variables are to represent a unique
proxy for each class ...
... In the simplest way possible.

*For one class, add no dummy variables
*For two classes, add one dummy variable
*With two possible values 1 and O
*For three classes, add two dummy variables
*With three possible paired values {1,0}, {0,1}, {0,0}
*For four classes, add three dummy variables
*With four possible value sets {1,0,0}, {0,1,0}, {0,0,1}, {0,0,0}

In each instance there is a class where every dummy variable is set to
Zero
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* ... we can deal with r levels by the introduction of (r-1)
dummy variables. The basic allocation pattern is
obtained by writing down an (r-1) x (r-1) | matrix and
adding a row of (r-1) zeros.”Applied Regression Analysis,
Second Edition, Norman Draper and Harry Smith, 1981

Six (6) classes for example:

1 0 0 0 0 dentit

0 1 0 0 0 en '.y

| : Matrix

0 0 1 0 0! J

§ 0 0 0 1 0

0.0 0. 0 12A ow ol 5}
0 0 0 0 0 ZET0s
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Regression expressed in matrix terms:
b =(X'X)X'Y

where X is a matrix of observed independent variables

(include a column of ones in X for the intercept)
where Y is a matrix of observed dependent variables
where b is a matrix of regression equation coefficients

PRT 141 September 19, 2012 18
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Regression expressed in matrix terms:
b =(X'X)X'Y

where X is a matrix of observed independent variables

(include a column of ones in X for the intercept)
where Y is a matrix of observed dependent variables
where b is a matrix of regression equation coefficients

For regression in matrix terms to work,
“(X'’X)t must exist”
When does it not exist?

When any column of the matrix is not independent
of the other columns.
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One of the columns is not
independent of the other columns
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@IER’& Example Using Log
'. -_ Linear Regression
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Cost = 0.01623 * Calories ~ 0.9282 *1.482 ~ D1 * 1.959 ~ D2

Cost = 0.01623 * Calories *9%%** 1.482 P! x 1 959 P?

When {D1,D2} = {0, O}
Cost = 0.01623 * Calories *7?%**1.482 %+ 1.959 °
Cost = 0.01623 * Calories *%%%** 1 =+ 1
Cost = 0.01623 * Calories *??®* & Breakfast CER
When {D1,D2} = {1, 0}
Cost = 0.01623 * Calories *??%**1.482 ' * 1.959 °
Cost = 0.01623 * Calories *?***1.482 * 1
Cost = 0.02405 * Calories °°*** & Lunch CER
When {D1,D2} = {0, 1}
Cost = 0.01623 * Calories *?*°**1.482°* 1.959*
Cost = 0.01623 * Calories *%**** 1 * 1.959
Cost = 0.03179 * Calories °?*®* € Dinner CER

PRT 141 September 19, 2012

23



Cost = 0.01623 * Calories %%%%2* 1.482 P » 1 959 P2

0.03179

(0.01623 * 1.959)

0.02405

(0.01623 * 1.482)

(001623 [
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Sl EQUaItIONS

(In Log Space)

Cost = 0.01623 * Calories %%%%2* 1.482 P » 1 959 P2

100 ~

[ Cost Dinner — 0.03179 * Calories©-9282 _]

2z

1000

Cost

‘ 0.03179
(0.01623 * 1.959)

[ 0.02405

0.1 A
(0.01623 * 1.482)

Cost | ;,.n= 0.02405 * Calories?®-9282 ]

001623 |-

0.01 -

COSt proahiast = 0-01623 * Calories® %2 |

@ Breakfast M Lunch A Dinner
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Example Using Pooled

" _-'\.:\'“.

Learning

PRT 141 September 19, 2012 26



A@ﬁ@s)s) S@V/@IF@IJ sys)t@mg

B Regressing slopes on each individual system and
combining the results is problematic.

e e

System #1 System #1 System #1 90 90
System #2 89 System #2 89 System #2 68 103
System #3 93 System #3 117 System #3 93 95
System #4 92 System #4 92 System #4 107 62
System #5 95 System #5 95 System #5 95 91
Mean = 91.8 Mean = 96.6 Mean = 90.6; 88.2
Median = 92.0 Median = 92.0 Median = 93.0; 91.0

B Pooled Regression is a Superior Technique
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B Treating each systems’ lots as classes with
dummy variables enables the analyst to
assemble multiple systems into a single
“pooled” learning regression.
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; Lot Total . First Unit of | Last Unit of Missile . C!ass of . C!ass of
Observations Quantity Missile Proxy | Missile Proxy
Cost Lot Lot System
1lof2 20f2
Variable ID LTC Quantity First_Unit Last_Unit D1 D2
B-Missile Lot 1 38,094 80 1 80 B-Missile 0 0
B-Missile Lot 2 108,843 300 81 380 B-Missile 0 0
B-Missile Lot 3 95,421 300 381 680 B-Missile 0 0
B-Missile Lot 4 181,016 620 681 1,300 B-Missile 0 0
B-Missile Lot 5 284,094 1,000 1,301 2,300 B-Missile 0 0
B-Missile Lot 6 502,042 2,000 2,301 4,300 B-Missile 0 0
B-Missile Lot 7 435,818 2,000 4,301 6,300 B-Missile 0 0
L-Missile Lot 1 45,838 50 1 50 L-Missile 1 0
L-Missile Lot 2 73,711 100 51 150 L-Missile 1 0
L-Missile Lot 3 157,126 250 151 400 L-Missile 1 0
L-Missile Lot 4 257,549 500 401 900 L-Missile 1 0
L-Missile Lot 5 215,310 500 901 1,400 L-Missile 1 0
L-Missile Lot 6 203,333 500 1,401 1,900 L-Missile 1 0
L-Missile Lot 7 191,125 500 1,901 2,400 L-Missile 1 0
D-Missile Lot 1 568,734 200 1 200 D-Missile 0 1
D-Missile Lot 2 1,217,274 500 201 700 D-Missile 0 1
D-Missile Lot 3 2,677,707 1,200 701 1,900 D-Missile 0 1
D-Missile Lot 4 4,557,980 2,200 1,901 4,100 D-Missile 0 1
D-Missile Lot 5 4,235,452 2,200 4,101 6,300 D-Missile 0 1
D-Missile Lot 6 3,921,465 2,000 6,301 8,300 D-Missile 0 1
D-Missile Lot 7 3,162,458 1,700 8,301 10,000 D-Missile 0 1
Fake Data

PRT 141 September 19, 2012
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Learning Curve Model
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I. Model Form and Equation Table

4000.0000

Model Form: Unweighted Learning Curve (Unit Theory) 3500.0000
Number of Observations Used: 21
Equation in Unit Space: UNIT_COST = 756.4 * UNIT_NUM ~ (-0.138) * 1.642 ~ D1 * 7.979 ~ D2
T1: 756.4175 3000.0000
Quantity Slope: 90.88%
Dependent Variable: LTC
Quantity Variable: First Unit and Last Unit Variables "g 2500.0000
-
) o T 2000.0000
II. Fit Measures (in Fit Space) §
I
Coefficient Statistics Summary 1500.0000

T-Statistic Prob Not
Variable Coefficient |Std Dev of Coef| Beta Value (Coef/SD) P-Value Zero 1000.0000
Intercept 6.6286 0.0805 82.3717 0.0000 1.0000
CUM_QTY -0.1380 0.0113 -0.2802 -12.2526 0.0000 1.0000 00.0000
EXP_D1 0.4958 0.0454 0.2734 10.9165 0.0000 1.0000
EXP_D2 2.0768 0.0459 1.1453 45.2499 0.0000 1.0000
0.0000
Goodness-of-Fit Statistics
R-Squared Pearson's
Std Error (SE) R-Squared (Adj) Corr Coef
0.0840 99.22% 99.08% 0.9961
4000.0000
Analysis of Variance
3500.0000
Sum of Sqr Mean SQ = Prob Not
Due To DF (SS) SS/DF F-Stat P-Value Zero 00.0000
Regression 3 15.2251 5.0750 720.0595 0.0000 1.0000
Residual (Error) 17 0.1198 0.0070 ——500.0000
Total 20 15.3450 2
¥ 2000.0000
Summary of Predictive Measures §
& 1500.0000
Average Actual (Avg Act) 1026.0338
Standard Error (SE) 151.2369 1000.0000
Root Mean Square (RMS) of % Errors 7.70% 00,0000
Mean Absolute Deviation (Mad) of % Errors 5.99%
Coef of Variation based on Std Error (SE/Avg Act) 14.74% 0.0000
Coef of Variation based on MAD Res (MAD Res/Avg Act) 7.33%
Pearson's Correlation Coefficient between Act & Pred 98.99%
Adjusted R-Squared in Unit Space 97.04%
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UNIT_COST = 756.4 * UNIT_NUM ~ (-0.138) * 1.642 A D1 * 7.979 ~ D2
UNIT_COST = 756.4 * UNIT_NUM %139 % 1 42 P« 7 979 P?

When {D1,D2} = {0, O}

UNIT_COST = 756.4 * UNIT_NUM %139 % 1 642 2+ 7,979 °

UNIT_COST = 756.4 * UNIT_NUM 0138« 1 » 1

UNIT_COST = 756.4 * UNIT_NUM 13 & B_Missile Learning Curve
When {D1,D2} = {1, 0}

UNIT_COST = 756.4 * UNIT_NUM %139 % 1 642 1 x 7,979 °

UNIT_COST = 756.4 * UNIT_NUM O139)% 1 642 » 1

UNIT_COST = 1242. * UNIT_NUM 13 & | -Missile Learning Curve
When {D1,D2} = {0, 1}

UNIT_COST = 756.4 * UNIT_NUM %139)x 1 642 %+ 7 979 *

UNIT _COST = 756.4 * UNIT_NUM @338« 1+ 7979

UNIT_COST = 6035. * UNIT_NUM 13 & p-Missile Learning Curve
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.

UNIT_COST =756.4 * UNIT_NUM * (-0.138) * 1.642~ D1 * 7.979 * D2

[ Unit_Cost p_yissie = 6035 * Unit_Number-©o-138 |

(756.4 * 7.979)
\ J

\-

e

(756.4 * 1.642)

756.4

/

1000 -

U nit Cos

Unit_Cost | yissie= 1242 * Unit_Number©-138

| Unit_Cost g yegie = 756.4 * Unit_Number 138 |

1

10 100

Quantity

@ B-Missile M L-Missile A D-Missile
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N
6035 3500
[ (756.4 * 7.979) J/

3000 -

¢ [ Unit_Cost p.yissie = 6035 * Unit_Number-0-138
2500 -
S 2000 - N X/
[ 1242 | | °
(756.4 * 1.642) /\&
~ 1000 - Unit_Cost | _issiie= 1242 * Unit_Number0-138 ]

| 7564 |

500

8 N

0 4 ' T T \
\ 6000 2000 10000
Unit_Cost g pissie = 796.4 * Unit_Number©-138

@ B-Missile M L-Missile A D-Missile

PRT 141 September 19, 2012

35



Tricks and Tips
L@sm@ ‘u‘— ﬁ[lt@ﬁs for Data Subsets
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B No need to create separate sheets for each
system.

m In CO$TAT 7.1 an option was added which
allows the user to filter out particular data
points from the dataset.

e A Filter button is located at the bottom of each
analysis specification form which launches a Select

Filter dialog. It allows the user to include/exclude
specific data points for the report.

e Previous versions required use of a weighting column
to include/exclude observations.
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: : . Class of Class of
Observations el et Quantity Als B | Heet Bl e Missile System | Missile Proxy | Missile Proxy
Cost Lot Lot
| lof2 2 of 2
Variable ID LTC Quantity  First_Unit Last_Unitwi:-i'I:i)::y D1 D2
B-Missile Lot 1 38,094 80 1 80 =Missi 0 0
B-Missile Lot 2 108,843 300 81 380 B-Missile 0 0
B-Missile Lot 3 95,421 300 381 680 B-Missile 0 0
B-Missile Lot 4 181,016 620 681 1,300 B-Missile 0 0
B-Missile Lot 5 284,094 1,000 1,301 2,300 B-Missile 0 0
B-Missile Lot 6 502,042 2,000 2,301 4,300 B-Missile 0 0
B-Missile Lot 7 435,818 2,000 4,301 6,300 B-Missile 0 0
L-Missile Lot 1 45,838 50 1 50 L-Missile 1 0
L-Missile Lot 2 73,711 100 51 150 L-Missile 1 0
L-Missile Lot 3 157,126 250 151 400 L-Missile 1 0
L-Missile Lot 4 257,549 500 401 900 L-Missile 1 0
L-Missile Lot 5 215,310 500 901 1,400 L-Missile 1 0
L-Missile Lot 6 203,333 500 1,401 1,900 L-Missile 1 0
L-Missile Lot 7 191,125 500 1,901 2,400 L-Missile 1 0
D-Missile Lot 1 568,734 200 1 200 D-Missile 0 1
D-Missile Lot 2 1,217,274 500 201 700 D-Missile 0 1
D-Missile Lot 3 2,677,707 1,200 701 1,900 D-Missile 0 1
D-Missile Lot 4 4,557,980 2,200 1,901 4,100 D-Missile 0 1
D-Missile Lot 5 4,235,452 2,200 4,101 6,300 D-Missile 0 1
D-Missile Lot 6 3,921,465 2,000 6,301 8,300 D-Missile 0 1
D-Missile Lot 7 3,162,458 1,700 8,301 10,000 D-Missile 0 1
Fake Data

Give the Missile System column a CO$TAT Variable ID
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Learning Curve Model

Specifications l Results ]
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Caze Mame Other Yariablaz
|':EISE 1 Firzt Llnit: |Fir$t_L|nit
. T Select Filter,
Last Unit;
Dependent Y ariable
Fiate: Select a variable ta filker on ar select “[ha fiker]” ta analyze all obaerations.
Harme: ||_-|-|: ﬂ
: ‘Weighting: li &ctive Filter
Vpe: _
jLTe [~ | MiszileSystem ﬂ
Theay: | Uit ﬂ |ndependent W ariables & election
Fate Slope: Luaritiby [ L Missile
Lazt_Lnit D D-Missil
Ridoe Parameter: | MigzileSystenm MIESsIE
01
Dz
Error Term
I. Mode
* Muliplicative © ™~ MUPE
Model F
j Number
Equation
| J TL:
Quantit
o Dependdl
Report Precizion Quantit
[ Precizion; Digits (0] ‘ Cancel ‘ Help ‘
= = = s
2 B-Missile Lot 2 108842.6116| 115119.9447 -6277.3331 5.7673
| | A | ‘ ~ 3 B-Missile Lot 3 95421.4266| 183084.3605| -87662.9339 91.8692
4 B-Missile Lot 4 181016.3108| 217886.9034| -36870.5926 20.3687
5 B-Missile Lot 5 284094.2178| 264529.1135 19565.1043 -6.8868
6 B-Missile Lot 6 502041.7427| 313819.6169| 188222.1258 -37.4913
7 B-Missile Lot 7 435817.9605| 378514.4726 57303.4879 -13.1485
Awg (Arith) 235046.9467, 214829.2666 20217.6802 5.92%
Avg (Absolute) 57592.2115 27.79%
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=

| I
Fieport Frecizion

[ Precigion: Digits

v| o] #| =] ~]

Caze Mame Other Yariables
Missile L&D Fiered AESCRLS |First_Unit -]
Last Lnit: |La'
Dependent ¥ ariable - .
_ Rate: Select Filter
Mame: |LT|: ﬂ
i "wieighting; Select a variable ta filker an ar select “[ha filker]” bo analyze all obzervations.
Type: ||_'|'|: j |_ [ ] I
Active Filker
. Ind dent W anahl
Theory: |L|nil j EEREnEEnt Yalates |MissileSystem ﬂ
Marne
R ate Slope: (uantity Selection
MizsileSystem .
Ridge Parameter: | M O B-M.ISS.IIE
D2 L-Mizzile
Emor Term D-Miszile
* Multiplicative " MUPE

ok, ‘ LCancel ‘ Help ‘

When treating a subset of systems, use the Filter as shown. But when

running the analysis ...

PRT 141 September 19, 2012
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Case Mame Other Variables
Missie L&D Filtered SIS |First_Urit -]
Lazt Unit: |Last Urit j
Dependent ' ariable
Fate: -
Marne: |LTC ﬂ | J
Wwheighting: -
Type: |LTC j | J
Theory: | Urit ﬂ |ndependent W anablez
M arne Mot Uzed |ndependent Dy
Riate Slope: Huantity [ [& [
MiszileSystem G I /—P\
Ridge Parameter: | 01 [0 (e d e ™N
hE [l N\ (o »
\_/
Error Term
* Multiplicative (T

I. Model Form and Equation Table

Model Form: Unweighted Learning Curve (Unit Theory)
’_ Number of Observations Used: 14
Equation in Unit Space: UNIT_COST = 1229 * UNIT_NUM * (-0.1362) * 4.847 ~ D2
Report Precision T1: 1229.2431
[~ Precigion: |— Quantity Slope: 90.99%
Dependent Variable: LTC

Quantity Variable:

First Unit and Last Unit Variables

«| o] #| |

[+]

OF. | LCancel Help

PRT 141 September 19, 2012

... remember to select one fewer dummy variables so that you still have a
zero class.
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D

: : : Class of Class of
Observations it ToiE] Quantity AIES B eir | LR S e Missile System | Missile Proxy | Missile Proxy Include
Cost Lot Lot
lof2 20f2
Variable ID LTC Quantity First_Unit Last_Unit MissileSystem D1 D2 Include
B-Missile Lot 1 38,094 80 1 80 B-Missile 0 0 OK
B-Missile Lot 2 108,843 300 81 380 B-Missile 0 0 OK
B-Missile Lot 3 95,421 300 381 680 B-Missile 0 0 OK
B-Missile Lot 4 181,016 620 681 1,300 B-Missile 0 0 OK
B-Missile Lot 5 284,094 1,000 1,301 2,300 B-Missile 0 0 OK
B-Missile Lot 6 502,042 2,000 2,301 4,300 B-Missile 0 0 OK
B-Missile Lot 7 435,818 2,000 4,301 6,300 B-Missile 0 0 OK
L-Missile Lot 1 45,838 50 1 50 L-Missile 1 0 OK
L-Missile Lot 2 73,711 100 51 150 L-Missile 1 0 OK
L-Missile Lot 3 157,126 250 151 400 L-Missile 1 0 OK
L-Missile Lot 4 257,549 500 401 900 L-Missile 1 0 OK
L-Missile Lot 5 215,310 500 901 1,400 L-Missile 1 0 OK
L-Missile Lot 6 203,333 500 1,401 1,900 L-Missile 1 0 OK
L-Missile Lot 7 191,125 500 1,901 2,400 L-Missile 1 0
D-Missile Lot 1 568,734 200 1 200 D-Missile 0 1 Suspected Outlier
D-Missile Lot 2 1,217,274 500 201 700 D-Missile 0 1 uspected Outli
D-Missile Lot 3 2,677,707 1,200 701 1,900 D-Missile 0 1 OK
D-Missile Lot 4 4,557,980 2,200 1,901 4,100 D-Missile 0 1 OK
D-Missile Lot 5 4,235,452 2,200 4,101 6,300 D-Missile 0 1 OK
D-Missile Lot 6 3,921,465 2,000 6,301 8,300 D-Missile 0 1 OK
D-Missile Lot 7 3,162,458 1,700 8,301 10,000 D-Missile 0 1 OK
Fake Data

No need to delete rows to exclude observations from your regression.
Add an “Include” column and assign meaningful labels to observations
you may want to include/exclude during the course of analysis.
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Caze Mame Other Yariables
|PDD|EC| with Outliers First Unit: |Fir$t_Unit ﬂ
Lazt Linit: | Last_Urit j

Dependent ¥ ariable

Mame: ||_-|-|: ﬂ Rate: | j
=l

Tupe: ‘weighting:
v LTC * Select Filter
. - Independent W anablesz
Thearny: - . . " S .
Y |U”'t J - Select a variable ta filker on ar select “[ha fiker]” ta analyze all obaerations.
ame

Rate Slope: Liuantity Active Filker

MizsileSystem

Ridge Parameter: ] | Include ﬂ

D2
Include Selection

Q.
[ 5uspected Outlier

Emor Term

* Multiplicative " MUPE
Iid
1

Fieport Frecizion

[ Precigion: Digits

«|»|#| 5|

I. Model Form and Eqjf

Model Form:
Number of Observationg
Equation in Unit Space e =
T1: ok, LCancel ‘ Help ‘
ouantiysioper | e

Dependent Variable: TTC

Quantity Variable: First Unit and Last Unit Variables
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[ |
P Linearl v Log Linear | #% Mon Linear | % Leamingl Fit Beta] ]’ Llnivariate] f Digtribution Finder j Analyzis Summary
Calc Type MName Status Equation DF | FFrob Ir;l-t:
B Inp ; 3
Selected Row Move ltem Title: |Sample | Phiaszing Method:
2
A Unique 1D: | | Replace Unigue ID :ﬁ Phazitg "wizard
| :FJ‘ | b - | Criteria; Mone @ [ et

Session - Methodology Definition {ID: 1)

Inchude Children

e T R YE

7864 % 1642701 #7979 D2

& Eq Builder...
L CER Lib..

§ My Program E stimate ~
% My Program Estimate

Sampl

Summary | Adj

Replace with your

Learning

v | system’s T1
=% 1 methodology
Buy Gt

Slope [ |90.8806 - Riate Slops [2]
Flefgost: Uit Murnber: |1 Last Urit:

Broken Leaming

Fr'#Cumn Unit

Slope Dizplacement Unitz Lost e

T = (L P =

Undo Redn Basic ] [ Cloze ] [ Help

|
Learning Analysis for Dataset Missile Dataset, Copy of Pooled Learning o
Thursday, 17 Ilay 2012, 12:58 pm
I. Modd Form and Equation Table —
Model Form: Unweighted Learning Curve (it Theoty)
Number of Observations
Used: 21
Equation in Unit Space: |UNIT_COST = 756 .4 * UNIT_NUM ~ (-0.138)* 1 642 ~D1 #7972 ~ D2
T1: 7564175
Quantity Slope: 90.38%
Dependent Variahle: LTC
Quantity Variable: First Unit and Last Unit ¥ ariables
I1. Fit Measures (in Fit Space)
Coefficient Statistics Summary
Sid Dev of T- Statistic Prob Not

Variahle Coefficient Coef Beta Yalue (Coef/SD) P-Value Zero
Iniercep t 6.6286 0.0805 823717 0.0000 1.0000
CUM_QTY -0.1380 00113 -0.2802 -12.2526 0.0000 1.0000
EXP D1 0.4953 0.0454 0.2734 109165 0.0000 1.0000
EXP D2 2.0768 0.045% 1.1453 45 2499 0.0000 1.0000

w
Good ness-of-Fit Statistics
Std Error R-Squared Pearson's
(SE) R-Squared CAdj) Corr Coef

0.0840 99.22% 99.08% 0.9941 =

< | B
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B You are not limited to values of zero and one but
there is no compelling reason to do otherwise

e The goal is only to represent the classes in the most expedient
manner

e Reducing final equations is unnecessarily complicated

e Explaining why you chose values can be difficult to explain

e Finally, if you have a measured or subjective value for the
classes then consider using a straightforward independent
variable

m Non-intercept regression will run without a zero
class

e But choosing no intercept changes your model considerably

e The learning curve model treated by pooled regression, by
definition, has an intercept
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B Regression: Use dummy variables to stratify
CER data into subsets of distinct classes

m Pooled Regression: Use dummy variables to
stratify learning curve data into distinct
classes by system

m r classes require r-1 dummy variables

m Keep in mind each dummy variable
consumes a degree-of-freedom

B Remember to include a “zero class”

PRT 141 September 19, 2012
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