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Goals for this Lecture

e Linear regression

— How to think about it for Lickert scale
dependent variables

— Coding nominal independent variables
* Linear regression for complex surveys
« \Weighting
 Regression in JMP



Regression in Surveys

o Useful for modeling responses to survey
guestions as function of (external)
sample data and/or other survey data

— Sometimes easier/more efficient then high-
dimensional multi-way tables

— Useful for summarizing how changes in the
Xs affect Y



(Simple) Linear Model

* General expression for a linear model

— /Bo T ﬂlxi T &
— B, and 3; are model parameters

— ¢ IS the error or noise term

* Error terms often assumed independent
observations from aN(0, o) distribution

~Thus Y, ~ N(B, + BX.,0°)
- And E(Y; )= B, + B.X



Linear Model

e Can think of it as modeling the expected value

ofy,
E(y‘x):ﬂo /le
where on a 5-point Lickert scale, the ys are

only measured very coarsely

« Given some data, we will estimate the
parameters with coefficients

E(§1X)=§=28,+pBxX

where y is the predicted value of y




Estimating the Parameters

e Parameters are fit to minimize the sums

of squared errors: - =i (yi —[,30 i ])2

=1

* Resulting OLS estimators:
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Using Likert Scale Survey Data as

Dependent Variable in Regression

» Likert scale data Is categorical (ordinal)

 If use as dependent variable in regression,
make the assumption that “distance” between
categories is equal

Coding |
7))
Strongly agree > 1 N £ 9
2.1=1 | 2
Agree > 2 QL ®©
32=1 | 3§
Neutral > 3 > o 0
. 4-3=1 ED
Disagree > 4 o =
Strongly disagree > 5 >4=1 '% %
@)



« Generally, I'm okay with assumption for 5-point Likert
scale

— Boils down to assuming “Agree” is halfway between
“Neutral” and “Strongly agree”

e Not so much for Likert scales without neutral midpoint
or more than 5 points

 If plan to analyze with regression, perhaps better to
use numerically labeled scale with more points:

Neither St |
Strongly agree nor o rongly
agree disagree isagree

1 2 3 4 5 6 4 38 9



From Simple to Multiple Regression  smam

o Simple linear regression: One Y variable
and one X variable (y=4,+ p,Xx+¢)

e Multiple regression: One Y variable and
multiple X variables

— Like simple regression, we're trying to
model how Y depends on X

— Only now we are building models where Y
may depend on many Xs

Viefot PiXit o+ fXte




Using Multiple Regression to

“Control for” Other Factors

o Often interested in the effect of one particular
Xony
— Effect of deployment on retention?

 However, other xs also affecty
— Retention varies by gender, family status, etc.
e Multiple regression useful for isolating effect

of deployment after accounting for other xs

— “Controlling for the effects of gender and family
status on retention, we find that deployment
affects retention...”
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Correlation Matrices m

Useful Place to Start @Y

 JMP: Analyze > Multivariate Methods > Multivariate

* Correlations

28 2k 2C 2d 28 21 20 2h 2
28 1.0000 0.6613 03363 01057 04057 01659 0.27a 0.4134 035654 0.y
2B 06615 1.0000 02870 01004 0.3305 01343 0.1437 03580 03183 0.5
2c 0.3363 02870 1.0000 0.0616 02272 01230 0.0G6E6 01259 00227 0.2
2d 01057 01004 0.0616 1.0000 01324 01391 0.0563 02080 01913 0.0
28 04057 03305 02272 01324 1.0000 02922 04095 03287 03206 0.3
21 01659 01343 012390 0.139 0.2922 1.0000 0.3440 04336 02545 0.1
20 0.27al 01437 0.0666 0.0363 04095 0.53440 1.0000 03369 0.2344 0.3
2h 0.41:34 035890 01239 02080 03287 0.4336 03369 1.0000 02966 0.3
2 0.3564 03183 0.0227 01913 03206 0.2345 0.2344 0.2966 1.0000 0.2
Ja 0.y 266 02709 0.2437 0.0752 035351 01924 03158 0539582 025316 1.0
3k 0.4304 0.7040 02665 0.03897 02753 01319 01921 03379 01811 0.3
3c 03549 04556 0.3499 0.09580 0.3949 0.15M 0.37a9 0.2366 02025 0.5
3d 02348 05013 02734 06313 02349 01324 01267 02743 02422 0.3
Je 03511 0.29599 0.2939 0.0183 07195 053453 03030 0237 022 0.4
3t a1m= 01529 0.07a6 0.0140 02060 0.6316 03564 02680 02193 0.2
3 0.3301 01056 0.0415 0.0276 0.3449 0.2456 06719 02807 01535 0.3
3h 0.3903 0.2943 01406 01y 02737 03317 0.2425 0.7096 02113 0.3
3 02665 02702 -0.0302 01997 0.2367 02255 01547 0.2947 05625 0.2



Regression with Categorical

Independent Variables

 How to put “male” and “female”
categories In a regression equation?

— Code them as indicator (dummy) variables

 Two ways of making dummy variables:
—Male=1, female=0
e Default iIn many programs
—Male =1, female =-1
e Default in IMP for nominal variables
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Coding Examples

' Parameter Estimates | 0/1 coding

Term Estimate S5td Error tRatio Prob>|t|

ntercept  80.405405 1.891707 4250 <.0001* Compares calc_grade
Male_Ind  -0.475173 2580267 -018 0.8544 to a baseline group

Regression equation:
females: calc_grade=80.41-0.48 x 0O

males: calc_ grade=80.41-0.48 x 1
' Parameter Estimates | -111 COding
Term Estimate 5td Error tRatio Prob>|t|
ntercept  80.167819  1.200133 6214 <.0001* Compares each group
Gender[F] 02375864 1290133 018 0.8544 to overall average

Regression equation:
females: calc_grade=80.18 + 0.24 x1
males: calc_grade=80.18 + 0.24 x (-1) 13



How to Code k Levels

e Two coding schemes: 0/1 and 1/0/-1
— Use k-1 indicator variables

 E.g., three level variable: “a,” “b,”, & “c”

 0/1. use one of the levels as a baseline
»Var_a=1If level=a, 0 otherwise
»Var b =1 Iif level=b, 0 otherwise
» Var_c — exclude as redundant (baseline)

* Example: Variable Var a Var b

a 1 0
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How to Code k Levels (cont’d)

e 1/0/-1: use the mean as a baseline

» Variable[a] = 1 if variable=a, O if variable=Db,
-1 if variable=c

» Variable[b] = 1 if variable=Db, O if variable=a,
-1 if variable=c
» Variable[c] — exclude as redundant
 Example

Variable Variable[a] Variable[b]
a 1 0

0
-1
1
-1
0
0

(i v R o T« ¥ I o B
1 1
= s 2 s
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If Assumptions Met...

e ...Can use regression to do the usual
Inference
— Hypothesis tests on the slope and intercept
— R-squared (fraction in the variation of y
explained by x)
— Confidence and prediction intervals, etc.

» However, one (usually unstated)
assumption Is data comes from a
SRS...

16



Regression in Complex Surveys

e Problem:

— Sample designs with unequal probability of section
will likely result in incorrectly estimated slope(s)

— If design involves clustering, standard errors will
likely be wrong (too small)

 We won’t go into analytical detalils here
— See Lohr chapter 11 if interested

e Solution: Use software (not JMP) that
appropriately accounts for sample design

— More at the end of the next lecture
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A Note on Weights

and Weighted Least Squares

o “Weighted least squares” often discussed In
statistics textbooks as a remedy for unequal
variances

— Weights used are not the same as sampling
weights previously discussed

e Some software packages also allow use of
“weights” when fitting regression

— Generally, these are “frequency weights” — again
not the same as survey sampling weights

e Again, for complex designs, use software
designed for complex survey analysis
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Population vs. Sample

e Sometimes have a census of data: can
regression still be used?

—Yes, as a way to summarize data

e |.e., statistical inference from sample to
population no longer relevant

e But regression can be a parsimonious
way to summarize relationships in data

— Must still meet linearity assumption




Regression in JMP

* In JMP, use Analyze > Fit Model to do
multiple regression

— Fill In Y with (continuous) dependent
variable

— Put Xs in model by highlighting and then
clicking “Add”

e Use “Remove” to take out Xs
— Click “Run Model” when done

 Takes care of missing values and non-
numeric data automatically
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From NPS New Student Survey:

Q1 by Country — ANOVA vs. Regression

E-\ T E T %
&o B = T
] £ :E_
oo
Country
Analysis of Variance
Sum of
Source DF Squares Mean Square F Ratio Prob =F
Countey 2 16.29297 814642 135610 =.0001%
Error 14249 9551365 0.E0073
. Total 161 11150664
Means for Oneway Anova
Level Humber Mean Std Error Lower 85% Upper 95%
Citer Courtry 26 400000 015200 3.6995 4 3002
Singapare 25 303000 0.15501 27735 3.3562
United States of America 111 3943595 007337 3.5007 40912

Std Error uzes a pooled estimate of error variance

& &

Actual by Predicted Plot

DY

T T T T T T T
10 15 20 25 30 35 40 435 50

1 Predicted P=.0001
RZo=0.15 RMSE=0.7 751

Summary of Fit

RSouare 0145722
RSquare Adj 0134976
Foot Mean Square Error 0.775066
Mean of Response 3820985
Cbzervations (or Sum Wigts) 162

Parameter Estimates

Term
Irtercept

Country[Other Courtry]

Country[Singapore]

Effect Tests

Source
Couritry

Hparm
2

Estimate 5Std Error tRatio Prob=ft|

JETS3153 o764 45
03246547 0116362 2.
-0.593315 0MM7ETS -5

Sum of
DF Squares  F Ratio P
2 16292366 135610

A0 =.0001%
9 00055
06 =.0001*

rob = F
=.0001*



From NPS New Student Survey:

l PRAESTANTIA PER SCTEN Ty 4 !
1% & %

Q1 by Country and Gender NV

Actual by Predicted Plot

Residual by Predicted Plot
15
1.0 1 - -
0.5 - . .
i e Rt SEETEE _EEPEPRYE
=
& 05 .
T T T T T T T — -1.0 4 . -
1.0 15 20 25 30 35 40 45 50
1 Predicted P=< 0001 1.5
RSg=0.18 RMSE=0.7635 204 . .
Summary of Fit -25 I I I I I I I
RSquare 0475589 10 15 20 25 30 35 40 45 50
RSquare Adj 0459936 1 Predicted
Foot Mean Square Error 0.763802
Mean of Response 3820985
Cbzervations (or Sum Wigts) 162 154
. 1+ --
Parameter Estimates 5
Term Estimate 5Std Error tRatio Prob=ft| 039
Irtercept 34721766 0113486 3060 =.0004* 0
Country[Cther Courtry]  0.2946606 0115355 255 001e* 0s
Country[Singapore] -0E06G3E 0116065 -5.23 =.0001* ’
Sex[F] -0.233163 0097456 233 00179 -1
-1.5
Effect Tests ) a
Sum of
Source Hparm  DF Squares  F Ratio Prob=F 254 T T T T T
Country 2 2 17545042 450378 =.0001* 32 A 0 1 2 3
Sex 1 1 33393496 57244 00179 MWarmal Cuantile Plat




Regress Q1 on Country, Sex, Race,

Branch, Rank, and CurricNumber Y%

Summary of Fit

RSouare 011618
RSquare Adj -0.01274
Foot Mean Square Error 0.753535
Mean of Response 3945945
Chzervations (or Sum Wgts) 111 Analysis of Variance
Sum of
- Source DF Squares Mean Square F Ratio
Parameter Estimates Mardel 14 7165506 0511822 08014
Term Estimate Std Error tRatio Prob>[t Error 96 54510169 0567814 Prob=F
Irtercept Bizzed 35760051 0480575 1876  =0001* . Total 110 B1.ET567E 0.5595
Sex[F] -0253621 01068384  -233  0.019*
Race[Asian AmericanPacific lslander] 0472695 0289673 -060 05325 Effect Tests
Race[Blackisfrican American) 0.0312715 0239935 013 05966 Sum of
Face[Hizpanic/Latinos] 0233362 0241025 087 0.3355 Source Nparm  DF Squares  FRatio Prob >F
Face[Unknown] -0457005  0.272651 -058 05661 Courtry 0 0 00000000 . .
Military Branch[Cl] Biazed -0186943 0596779 03 07545 e i 1 33971899 56535 0.0191*
Military Branch[lJ5A] Biased 0273695 0275157 085 03277 Race 4 4 08145050 03288 08375
E?::a”’ :ra”'::ﬁzﬁg :?8333 _E':;:;? E;E::ii '10':" E;ijg Wilitary Branch 4 3 12543237 0O7IE3 05329 LostDFs
iltzry Branc iaze . . ! . .
il Feank] ] Biased 00049813 0339662 001 09883 gﬂﬁ;’:ﬂimher : i gilzgiél g:ig;? gsg:g LostDFs
Mil Rank[Junior] Biazed 01080277 0232463 045 0.6493
il Riank[bicd] Zeroed ] ] . .
Currichumber[GSBPP] 00317085 0149738 021 08327
Currichumber[GSEAS] -0.013023 0432587 040 08220
Currichumber[GS0IS] -0144275 0145385 -083 03235

23



Make and Analyze a New Variable

\\/

“In-processing Total” = sum(Q2a-Q2I)

Moments Quantiles
' <: — hean A 2905323 100.0% maximum  45.000
— St D 71523021 93.5% 45.000
Stel Err Mean 05744867 97 5% 45.000
upper 95% Mean  32.425214 S0.0%. 40000
lovwer 95% Mean 30155431 7a.0%  quartie  36.000
500%  median  32.000

M 155

250%  quartle  27.000
— L L L 10.0% 21 BO0
5 10 15 20 25 30 35 40 45 50 2 5% 14 800
0.5% 10.000

0.0% minimum 10,000
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Satisfaction with In-processing (1)

r"-r

PRAESTANTIA PER SCTEN Ty 4

A\

GSEAS worst at in-processing?

Summary of Fit

F=quare 0.053467
FZguare Ad 0.034662
Foat Mean Square Error TO27252
Mean of Responze 31.29032
Oh=seryvations (or Sum Wgts) 155

Parameter Estimates

Term Estimate Std Error tRatio Prob=jt|
Irtercept 353424 059473 5307 =0001*
Currichumber[GSBPP] 20308773 1194383 1.0 00911
Currichumber[GSEAZ] 2555979 0943285 -271 00075
Currichumber[E5015] 07365147 090494 0&7 03882

Effect Tests

Sum of
Source Hparm  DF Squares FRatic Prob>F
Currichumber 3 34X 242 28432 00398

Or are CIVs and USAF least happy?

Summary of Fit

RSguare 0150205
RZquare Adj 0.090145
Foot Mean Sguare Error 7.249163
Mesn of Response 3150943
Ob=zervations (or Sum Wiots) 106

Parameter Estimates

Term Estimate StdError tRatic Prob=[t)
Intercept 2TAB5265 1516813 17483 =000+
CurricMumber[GSEPP] 2393132 1.443114 163 01082
CurricMumber[GSEAS] -0.953094 1.240644 077 04442
CurricMumber[GE0IE] -0.342795  1.310007 026 0 0794
Militarsy Branch[Cl] -11.48528 4 35654 -264 00097
Military Branch[L=A] G.4123699 2348524 273 00o7s*
Military Branch[LI=AF] -1.928405 362882 053 05981
Military Branch[IUShC) 20576925 2846399 072 04715

Effect Tests

Sum of
Source Hparmy  DF Squares  FRatic Prob >F
Currichumber 3 3 144 87063 09190 04347

Military Branch 4 4  B93.78518 33006  0.0139¢



Satisfaction with In-processing (2) m

Or are Singaporians unhappy? Making a new variable...
Summary of Fit Summary of Fit

RSguare 0.032935 RSguare 0157605

FSguare Adj 0020214 FSguare Adj 01053149

Foot Mean Square Error F.O79645 Foot Mean Square Error E.Y6519

Mean of Response 31.29052 Mean of Response 31.29052

Ohzervations (or Sum Wots) 155 Ohzervations (or Sum Wots) 155

Parameter Estimates Parameter Estimates
Term Estimate Std Error tRatio Prob>[t| Term Estimate Std Error tRatio  Prob>[t|
Courtry[Other Courtry]  1.9829665 1084264 185 00R94 Type Studert[Cther FORMAT] 43767518 1576432 278 00062
Country[Singspore] 2475367 1.097079 996 00255 Type Studerrt[Slngngre] 15252172 1686527 0aa 03673
Type Studert(US &ir Force] -3.354183 3509584  -096  0.3408
Type Studert[US Srimy] 50731409 1831596 263 00095
Effect Tests Type Studert[US Marine Corps]  -0.142772 2614642 -0.05  0.9565
S ; Type Studert[US Mawvy] 41157705 123088 334 0.0011*
um o _ CurrichumberGSERP] 17437146 1188619 147 01445
Source  Hparm  DF Squares  FRatio Prob >F Curtichumber[GSEAS] 2042934 1018537 201 00483
Courtry 2 2 25945653 25886 00734 Currichumber 35015] 01193437 0948678 013 09001
Effect Tests
Sum of
Source Hparm DF Squares FRatic Prob=F
Type Studert B E 82039209 289875 00038t

CurricMumber 3 3 244201 152472 02049



Satisfaction with In-processing (3)

e Final model?

Summary of Fit

R=guare 01306349
RSguare &dj 0.095394
Root Mean Sguare Error B.802609
Mean of Response 31.29032
Ohzervations (ar Sum Wigts) 155

.05.10 .25

154 .
_| .01
10

s

-10 J
-15-4

-20

-25-

Normal Quantile Plot

Parameter Estimates

Term

Intercept

Twpe Studert[Cther FORMAT]
Type Studert[Singapore]

Type Student[Us Air Force]
Twpe Student[Us Army)

Type Studert[US Marine Corps]
Type Studert[US Mavy]

Effect Tests
Source Hparm DF
Type Student G G

Estimate
25.052194
4 9473063
0.429473
-3.715386
5614473
0.2335206
3.985781

Sum of
Squares
10291625

r

Std Error
1.036317
1547937
15656
3477345

1.8104
2407476
122162

TRAESTANTIA PER

14

g

t Ratic Prob=|t|
2ro7 =000
320 00017
031 07550
-1.07  0.2866
340 00023
040 09229
326 00014

F Ratio Prob=F

3.7067

0.0015*
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What We Have Just Learned

e Linear regression

— How to think about it for Lickert scale
dependent variables

— Coding nominal independent variables
* Linear regression for complex surveys
« \Weighting
 Regression in JMP
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