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S
Outline

m Basics of Multiple Regression
Dummy Variables
Interactive terms
Curvilinear models

m Review Strategies for Data Analysis

Demonstrate the importance of inspecting, checking
and verifying your data before accepting the results of
your analysis.

Suggest that regression analysis can be misleading
without probing data, which could reveal relationships
that a casual analysis could overlook.

m Examples of Data Exploration
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S
Multiple Regression

Data: Y X X, Xs
34 15 -37 3.331
24 18 59 1.111

Linear regression models (Sect. 9.2.1)

1. Model with 2 X's: pu(Y[|X{,X5) = B+ B X1+ B>X5
2. Ex: Y: 1st year GPA, X;: Math SAT, X;:Verbal SAT
3. Ex: Y= log(tree volume), X;:log(height), X,: log(diameter)
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" A
Important notes about interpretation of B's

m Geometrically, By+ B{X;+ B,X, describes a
plane:

For a fixed value of X; the mean of Y changes
by B, for each one-unit increase in X,

If Y is expressed in logs, then Y changes (3,%
for each one-unit increase in X,, etc.

m The meaning of a coefficient depends on
which explanatory variables are included!
B, in H(Y|X;) = B+ B1X; is not the same as

By in U(Y[X(,X5) = Bt B X+ BoX,
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" A
Specially constructed explanatory variables

- Polynomial terms, e.g. X2, for curvature (see Display 9.6)

m Indicator variables to model effects of categorical
variables

One indicator variable (X=0,1) to distinguish 2 groups;
m Ex: X=1 for females, 0 for males

(K-1) indicator variables to distinguish K groups;

m Example:
X, = 1 if fertilizer B was used, O if A or C was used
X5 = 1 if fertilizer C was used, 0 if A or B was used

m Product terms for interaction
HCY[X1,X5) = Bot BiXi+ BoXo+ Bs(X:X,)
> P(YIX,X=7)= (Bo + 7B2)+ (By + 7B3) X,
(Y[ X1, X5=-9)= (Bo - 9B,)+ (B1- 9B3) X,

“The effect of X, on Y depends on the level of X,”
U611 Spring 2005 5




JE—
Sex discrimination?

m Observation:

Disparity in salaries between males and females.
m [heory:

Salary is related to years of experience
m Hypothesis

If no discrimination, gender should not matter
Null Hypothesis H; : B,=0

Years Py
Experience Salary

Gender |
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Hypothetical sex discrimination example

Data:

Y, = salary for teacher i,

Xy; = their years of experience,

X5, = 1 for male teachers, O if they were a female

i Y X4 Gender X, N "
Gender”:

1 23000 4 male 1 Categorical factor

2 39000 30 female 0

3 29000 17 female 0 X

4 25000 7 male 1 Indicatorzvariable

U9611
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" B
Model with Categorical Variables

m Parallel lines model: p(Y|X{,X,) = Bo+ B X;+ B-X,
for all females: pu(Y|[X{,X,=0) = By+ B X,
for all males: pu(Y|X{,X5=1) = By+ B X{+B>

40000 A
z Py
= M i
= A . ﬁz
2" 30000 - F
E M ) M
= Loy S Slopes: B3,
= Mag —F .
= P Intercepts:
_"-: [

0 10 20 a0 eFemales: [3,

vears of experience

m For the subpopulation of teachers at any particular
years of experience, the mean salary for males is
B, more than that for females.
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» B
Model with Interactions

HCYX(,X5) = Bot BiX; + BoX; + B3(XX3)
for all females: u(Y|X{,X5=0) = By+ B X,
for all males: p(Y|X{,X;=1) = By+ B X;+B5+ B5X;

40000 M~
z - F Slopes:
E M XTI eMales: BO+ BZ
= M- B eFemales: B,
=" 30000 A
2 pMMET F Intercepts:
= \;%E‘f F eMales: B,+ B
- ML eFemales: [,

20005

1] 10 20 A0
vears of experience
m The mean salary for inexperienced males (X,=0) is 3, (dollars)

U961

more than the mean salary for inexerienced females.

The rate of increase in salary with increasing experience is 5
(dollars) more for males than for females.

1
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" B
Model with curvilinear effects:

« Modelling curvature, parallel quadratic curves:

H(Y[X,X5=1) = Bg+ By X;+B, X+ BsX;?

40000
= M N1 T~
" 20000 —E F ~—— B2
% M-MFT F
— ay A M
= '{-'1_3_';1 ¥
= My

200400

0 10 20 a0

vears of experience

« Modelling curvature, parallel quadratic curves:

u(salary]|..) = By+ B,exper+B,Gender+ Bsexper?

U611 Spring 2005
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" A
Notes about indicator variables

= A t-test for H, : By=0 in the regression of Y on a
single indicator variable Ig, p(Y|Ig) = By+ B>lg
is the 2-sample (difference of means) t-test

m Regression when all explanatory variables are
categorical is “analysis of variance”.

m Regression with categorical variables and one

numerical X is often called “analysis of covariance”.

m These terms are used more in the medical sciences
than social science.

We'll just use the term “regression analysis” for all these
variations.
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" A
Causation and Correlation

® Causal conclusions can be made from
randomized experiments

But not from observational studies
® One way around this

wit
-
-

N @ model of your
nen you test the imp

model’s hypotheses

= But they cannot prove these hypotheses
correct; they merely fail to reject the null

U9611

broblem is to start
bhenomenon

ications of the model

nese observations can disprove the
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" I
Models and Tests

m A model is an underlying theory about how the world works
Assumptions
Key players
Strategic interactions
Outcome set

m Models can be qualitative, quantitative, formal,
experimental, etc.
But everyone uses models of some sort in their research

m Derive Hypotheses
E.g., as per capita GDP increases, countries become more democratic

m [est Hypotheses
Collect Data
m Outcome and key explanatory variables
|dentify the appropriate functional form
Apply the appropriate estimation procedures
Interpret the results
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" S
The traditional scientific approach

Virtuous cycle of theory
Informing data analysis

which informs theory Theory
building
Empirical Operational
Findings Hypothesis
Statistical Observation
Test Measurement
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'Example of a scientific approach
female education
reduces childbearing

Is b, significant? Positive,
negative? Magnitude?

Women with higher education
should have fewer children
than those with less education

CB; = b, + b,*educ; + resid, _
Using Ghana data? Women 15«
49?7 Married or all women?

How to measure education?

U9611 Spring 2005



Strategies and Graphical Tools
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o
Data Exploration

m Graphical tools for exploration and
communication:

Matrix of scatterplots (9.5.1)

Coded scatterplot (9.5.2)
s Different plotting codes for different categories

Jittered scatterplot (9.5.3)
Point identification
m Consider transformations

m Fit a tentative model
E.g., linear, quadratic, interaction terms, etc.

m Check outliers

U611 Spring 2005 17



.l graph matrix brain body gestation litter,. half msymbol<{0Oh>

Scatter plots

Scatter plot matrices provide a compact display of the
relationship between a number of variable pairs.

BRAIN

brain weight data
before log
transformation.

GESTATION

o

o

LITTER

2000

4000 0 1000

2000

000 200 400

M Variables Il
Target: Command Wwindow
spECiEs SPECIES
brain BRAIM
biady BODY
gestation GESTATIOM
o litker LITTER

|l lag uzing "C:ADaocuments and Settingstmartatky DocumentssS1
inzheet uzsing "'C:A\Documents and Settingshmarta' My Document
qgraph matrix brain body gestation litter, half maymbol[0h)

scase studiesscas|

A 5D~case studies|

STATA command



" A
Scatter plots

Scatter plot matrices can also indicate outliers

S YD _

T.érget: E-:ummand W Ind o

. . spECiEs SPECIES
brain weight data brain BRAIN
body BODY
Zil before log aeitation GESTATION

transformation. g iter LITTER

log using "'C:ADacuments and Settings'marta' by DocumentshS
inzheet uzsing "'C:A\Documents and Settingshmarta' My Document
qgraph matrix brain body gestation litter, half maymbol[0h)

GESTATION

LITTER scase studiesscas|

; ®
2000 4000 0 1000 2000 3000 200 400 600 ]
-] A SDwcaze studies|
4} Hodab AL SNUOASLDWIUL JLXL . LA

L vars, 76 ohs>

T
II-

.l graph matrix brain body gestation litter,. half msymbol<{0Oh> STATA command



" A
Scatterplot matrix for brain weight data
afte__r log transformation

[ Stata Res f—
B Stata Graph @ -

' Target: Command Window

| species SPECIES

| brain BRAIM

| body BODY

| gestation GESTATION
litter LITTER

' lgestation
{ llitter

Igestation

| insheet ug
graph rmatn= brain body |
(|| generate lbrain=log(brain)
| generate lbody=lag(body]
| generate lgestation=log(gestation)
| generate |litker=logflitter)

| graph matrix lbrain lbody Igestation llitker, half mzpre

generate lbhrain=logthrain>
generate lbhody=logChody?
generate lgestation=log{(gestationl

generate llitter=log{litterd

graph matrix lbrain lbhody lgestation llitter,. half mzymhol<Oh>
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" J
Notice: the outliers are now gone!

' Target: Command Window

| species SPECIES

| brain BRAIM

| body BODY

| gestation GESTATION
litter LITTER

f lgestation
{ llitter

Igestation

(|| generate lbrain=log(brain)
| generate lbody=lag(body]
| generate lgestation=log(gestation)
| generate |litker=logflitter)

| graph matrix lbrain lbody Igestation llitker, half mzpre

generate lbhrain=logthrain>
generate lbhody=logChody?

generate lgestation=log{(gestationl

generate llitter=log{litterd

graph matrix lbrain lbhody lgestation llitter,. half mzymhol<Oh>
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" J
Coded Scatter Plots
»Coded scatter plots are obtained by using different plotting codes for
different categories.
*In this example, the variable time has two possible values (1,2). Such
values are “coded” in the scatterplot usingﬁ%ifferent symbols.

A R L
Stat: [

E—

=
2
2 ° Target: Cormmand Window
A flowers FLOWERS
sl % = ; Flme TIME
| inbens INTEMS
| time]
@
= * * e
wn o
= o
ak)
= ¥
[ o O
= o |
4 * araph twowan scatter flowers intens if time==1, maymbol[[] moolor A
+ é o Al araph twoway scatter flowers intens if ime==2, maymbol[0h] mcolc
* Wl araph treoway scatter flowers intens if lime==1, maymbol[D] mealor
= » W araph combine graph. gph graph3.gph
* graph beoway scatter flowers intens if time==1, mspmbol[D mcolor
tter flawers intens if time==1_ maymbal[D] rmcoloriss
= | * graph bwoway zcatter flowers intens if time==1, mzymbol[D] moalor s
o
200 400 GAD 800 i lor<cranberry> x
intensity time==2_. msymhol(

1 1 "Time=1">» la

# Time=1 o Time=2

graph twoway scatter flowers intens if time==1. msymbol<{D> mcolor{cranberryl x STATA
title<intensity) ytitle{flowers> || scatter flowers intens if time==2, msymbol<{

Oh?> mcolor<navy) xtitle<intensity) ytitle<flowers>» legend{label{l ""Time=1"">» lab

el €2 "Time=2"3) I command




"
Jittering

Provides a clearer view of overlapping points.

x) B Sata Graph ﬁ@

P—— e Loty
| i
g s
! B i
[ap]
L ]
*
i : * 5
i ' i
R =t 3 —".
i o | [
3 $ | a i .
& Mo ')
2 e
= ‘ £ (e, »
o 2 bl 1Y
0o o = L * o i
Do [ *
> = = *
= = &
a8
1}
i - o A
T T T T T | . . x : :
0 5 e 1.5 B 0 5 1 15 2
FSIBihE ; tripol

. scatter pwtrgdpc tripolx

|. scatter puwtrgdpe tripolx . jitter(10)

M Stata Command

M Stata Command

scatter pwirgdpc tripolx scatter pwitrgdpc tripolx |, jitter(10]

Un-jittered Jittered
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"
Point Identification

How to label points with STATA.

LK
r
difrican elephant
|:|:| —
[Im o o
g g
GO D o
o
2 o &
i o o o
I %
s & ¥ © e
i i
g7 o .
e o
& & & o
o o
o i
i 5 o
o
= i
e Ie) %
I 1 1
0 _ 1.4
llitter

.| graph twoway scatter lbrain
2| lor{cranberry? mlahel(species) i

N

> ant",. msymbol<0Oh?> mcolor<{navy>

# |brain

< |brain

1litter if species=="African elephant", msymbol<{D> mco
i scatter lbrain llitter if species?="African eleph .command

]

1 :f.arget:..lf;:.umman& TR

SpECiEs SPECIES
brain BERAIM

body BODY
gestation GESTATIOM
litter LITTER
lbrain

lbiady

lgestation

[litter

M Review

graph matr |brain Ibody lgestation litker if species=-
graph matrix |brain lbody lgestation liter if species=
graph matrix |brain lbody lgestation litter if species==
graph zcatter lbrain litker if species=="gkizan eleph.
graph bwoway scatter lbrain litter if species=="Aakc:
graph bwoway scatter lbrain itter if species=="0frc:
graph matrix |brain lbody lgestation litter if species==

t",. msymbol<D> mco
es?="African eleph

STATA

»



JE
Transformations

This variable is clearly skewed -
How should we correct it?

-gen t'erDT;i =0

s e}

replace tripol==1 if polxnew: L
replace tripal= = 2 if polzhe g -
zcatter tripaly petrgdpe =
zcatter pratrgdpe ripals
zozatter pratrgdpe tripols | it
zoatter pratrgdpe bripols | .
zoatter pratrgdpe tripols | jith =
uze http: /v, atzoucla.ed =
uze http: Adwivon, atz ucla.ed?
griorm apild
ladder enroll .
gladder enroll i
kdenzity enrall, normal g 7
hizt enrall, narmal o
]
=
m
D L~
(=1
e e
Target: Cﬁmmand wiindow -
ERLm i ?‘_] d
drirm e}
api00 b
apida
growth
reals =
E" T T T T
wr_rnd 0 500 1000 1500
rnobility number of students

acs_k3

acs_46 hist enroll,. normal
not_hsg n=20, »t=130, width:

L ' STATA

fual I Stata Command I
Z:E" = hist enroll, nurmal| B command

UYb11 oMY £UUV



JE
Transformations

Stata “ladder” command shows normality test for various
transformations

Select the transformation with the lowest chi? statistic (this tests
each distribution for normality)

. ladder enroll

Transformation formula chi12(2) P(chi12)
cubic enrol 13 0.000
square enrol "2 0.000
raw enroll 0.000
square-root sgrt(enroll) 20.56 0.000
log log(enroll) 0.71 0.701
reciprocal root 1/sqgrt(enroll) 23.33 0.000
reciprocal 1/enroll 73.47 0.000
reciprocal square 1/(enrol17™2) 0.000
reciprocal cubic 1/(enrolI™3) 0.000
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JE
Transformations
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"
Transformations

A graphical view of the different transformations using “gladder.”

=Cuare

| | e .

0 1.00e+F300 e+ 00 e+ER00 e+0! 0O SO000E000 CHDECC OO0 O OER O OoioC

0.08-08.08.08-00

(1 .0 06 2 e- O
A0 &I O 25

=ort

k..

10 20 =0 =0 : z i -. -. -.05

002040808
024681
0 102030 40

inverse 1fcubic
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Histograms by transformation

gladdex» enroll

|lgladder enroll| __command
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"
Transformations

And yet another, using “gladder,” which gives a quantile-normal
plot of each transformation

o ; i i :
cubic SouEre idertit
= (=] o = ¥ N
- -
- - S
—_
- (=]
=]
/ o
o * s = =
= (=]
=2 T T T T T T = T T T T T T T T T
A 00 e+RB0e+02 0 5 00e+080e+090e+08 = -500000 O SO000000 000003 500000 -500 u} S00 1000
=qrt Iy 1 r=qrt

10 20 20 40

\

AR AEESTTA

08 06 .04 .02

\
[ )

10 15 20 25 =20 35 ] 5.5 (=] 5.5 T 7.5 -0 -.05 -0 -0z

inverse ol 1ri=quare L5 1 houbic
= = @
= = =
=] % = - g8 i
&5 = E
2 .
= - % - % &
erel . ; . : = 1an . . 3 : . 2 1L i 3 :
-.005 -.0043 -.0oz ] ooz CoO000S0000E0000d O 0000100002 2 00e-07F -1.00=-07F u} 1.00e-07F

number of students
clgantile-HNormal plots by transformation

- gladder» enroll

e — STATA
qladder enroll| command
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N
Fit a Tentative Model

This models GDP and democracy, using only a linear term
x|

WM Review __|X| M StataGrap
lab def aut 0 "Democrac -
lab wal aut aut Tl
gr box lgdp. overlaut)

gr box Igdp if year==200

gr box lgdp if year==200 —

ar box lgdp if pear==133 LOQ GDP_ BO + B1 PleneW

gr box lgdp if year==199

gr box lodp if year==133 - -

ar box lgdp if year==199 - - ' l
gr box Igdp if year==193 Fa - - -

gr box Igdp if year==199 = - . -

zort lgdp )

reg lgdp polsnew if year= [ ] = -

predict plinear
zcatter lgdp polsnew || lir =

L]
I | |
zcatter lgdp polznew if » -

o
zscatter Igdp polsnew if » (]
zcatter lgdp polsnew if y — o oo —
= o
L=
—l

—_—
M Variables  [X]
Target: Command YWindow
zftgoode s
year
zftgreg
pol=riew
pwtrgdpc

gdpgrowth
Leduc
Lpop -
minpol= w
alwaypz10

g -10 -5 0 5 10
predadp Level of Democracy

predy
aut
plinear

Il Stata Command

I
ot

scatter Igdp polxnew if year==2000 & ~always10 || line plinear polxnew,
sort legend(off) yti(Log GDP) STATA
command

U9611 Spring 2005



Fi

ar box lgdp if pear=

ar box Igdp if pear=

gr box Igdp if pear=

ar box lgdp if pear=

zort lgdp

req ladp polsnew if vear=
predict plinear

scatter Igdp palznews |l lir
zcatter lgdp palxnew if v
zcatter lgdp polsnew if
zoatter lgdp palknew if v
predict res. res

ladder res

hizt res

zcatter lgdp res

zcatter res polinew
zoatter res polsnew if pe

zzatter rez polnew if pe o

W Variables X

T arget: Command "Window

zftgoode
wear
=ftgreg
polxnew
pwirgdpc
gdpgrowith
Leduc
Lpop
rminpols
alwayp=10
polxz
lgdp
predadp
predy

aut
plinear
res

Ten

The residuals from this regression are clearly U-shaped

ive M

Il Stata Graph

Residuals
0
|

10

G S R e e T

U9611

Il Stata Command

PR e et s S

[scatter res polxnew if wyear==2000 & "alwawys10

R LD e e e e

Spring 2005

STATA
command



-
Fit a Tentative Model

This models GDP and democracy, using a quadratic term as well

' ﬁ—@
= Log GDP= B, + B,Polxnew + B,Polxnew? | _ ° '
ot
= D oo 4

-10 -5 o 5 10
Lewvel of Democracy

Hl Stata Command

scatter Igdp pol=xnew if wear==2000 & "alwaws10 || line predy polxnew, sort legend[off] wti[Log GDP]|

~ scatter Igdp polxnew if year==2000 & ~always10 || line predy polxnew, sort STATA
legend(off) yti(Log GDP)
command
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File Edit Prefs Data Graphics Statistics User window Help

=EH & ©F =EBEE S BEE

Il Revie) ata aph

L

gr box lgdp if year==199
zort lgdp D
reg lgdp polznew if year= o4
predict plinear

scatter lgdp palznew || lir
scatter Igdp polnews if »
zcatter lgdp polinews if p
zcatter lgdp polknew if »
predict res, res

ladder res

hist res

scatter lgdp res

zcatter res polinew .
zcatter rez palsnew if ye
scatter res polnew if pe
req lgdp polznews pol«2 i
predict rezquad. res
scatter rezquad polinews 2

B Vari x|
Target: Command “wfindow -

Residuals
0
|
| [ 3

zftgoode ~
year =

zftgreg B o
pol=niew

pwitrgdpc

gdpgrowth

Leduc

Lpop

rminpal= o |
alwayps10

pol=2
ladn -10

predgdp
predy

0
Level of Democracy

auk
plinear

res I Stata Command
resquad

ZiiDocuments and SettingsiDavidiMy DocumentsiSharyniClassest Integrated StatsiLecturekotesiLecture 1

'S start

|*

S
I wTAaTAa Vi

scatter resquad polxnew if year==2000 & "always10|
o

U9611

Spring 2005
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N
Check for Qutliers

This models GDP and democracy, using a quadratic term

| Hl Stata Graph

Potential
Outliers

o 5 10
Lewvel of Democracy

Il Stata Command

scatter lgdp polxnew if year==2000 & “alwawys10 || line predy polxnew, sort legend[off] vti[Log GDP]|

scatter lgdp polxnew if year==2000 & ~alwaysl10 || line predy polxnew, sort STATA
legend(off) yti(Log GDP)

command
U9611 Spring 2005



'_
Check for Outliers

Identify outliers: Malawi and Iran

Level of Democracy

Hl Stata Command

| s catter Igd pnlnew year=2ways - - sgcu" scue==, -- ml::ul

scatter Igdp polxnew if year==2000 & ~alwaysl0 & (sftgcode=="MAL" | sftgcode=="IRN""), STATA
mlab(sftgcode) mcolor(red) || scatter lgdp polxnew if year==2000 & ~alwaysl1l0 & (sftgcode!="MAL" & command
sfttgcode!="IRN") || line predy polxnew, sort legend(off) yti(Log GDP)
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Check for QOutliers

. reg lgdp polxnew polx2 if year==2000 & ~always10

Source

Model
Residual

polxnew
polx2
_cons

— e —— o —

SS df MS

36.8897269 2 18.4448635

49.7683329 94 -52945035

86.6580598 96 .902688123
Coef. Std. Err. t P>|t]
-.0138071 -0173811 -0.79 0.429
-022208 .0032487 6.84 0.000
7.191465 -1353228 53.14 0.000

FC 2,

Try analysis
without the
outliers;
same results.

Number of obs = 97
94) = 34.84

Prob > F = 0.0000
R-squared = 0.4257
AdjJ R-squared = 0.4135
Root MSE = .72763
[95% Conf. Interval]
.0483177 -0207035
-0157575 -0286584
6.922778 7.460152

. reg lgdp polxnew polx2 if year==2000 & ~alwaysl10 & (sftgcodel="MAL"

Source

Model
Residual

FC 2,

polxnew
polx2
_cons

& sftgcode!l=""1RN'
Number of obs = 95
92) = 42.67
Prob > F = 0.0000
R-squared = 0.4812
AdjJ R-squared = 0.4699
Root MSE = .69286
[95% Conf. Interval]
=>0541131 .0121661
.01818 -0307514
6.818383 7.346092

SS df MS

40.9677226 2 20.4838613

44164877 92 .480053011

85.1325996 94 .905665953
Coef. Std. Err. t P>|t]
0209735 -0166859 -1.26 0.212
-0244657 -0031649 7-73 0.000
7.082237 -1328515 53.31 0.000

Spring 2005

So leave in
model;

See Display
3.6 for other
strategies.
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W
EXAMPLE: Rainfall and Corn Yield

(Exercise: 9.15, page 261)

Dependent variable (Y): Yield
Explanatory variables (Xs):

e Rainfall

e Year

e Linear regression (scatterplot with linear regression line)

e Quadratic model (scatter plot with quadratic regression
curve)

e Conditional scatter plots for yield vs. rainfall (selecting
different years)

e Regression model with quadratic functions and

Interaction terms
U611 Spring 2005 37




.
Model of Rainfall and Corn Yield

m Let's say that we collected data on corn
yields from various farms.
Varying amounts of rainfall could affect yield.
But this relation may change over time.
m [he causal model would then look like this:

Year

Yield

RAIN

U611 Spring 2005 38



. §catterp|ot

Initial scatterplot of yield vs rainfall,
and residual plot from simple linear
regression fit.

reg yield rainfall

Yield=B,+ B,rainfall

graph twoway Ifit yield rainfall || scatter yield rainfall, msymbol(D)
mcolor(cranberry) ytitle("Corn yield") xtitle(“Rainfall”)

title("Scatterplot of Corn Yield vs Rainfall")

rvfplot, yline(0) xtitle("Fitted: Rainfall™)

STATA
command

Scatterplot of Corn Yield vs Rainfall

g .
P 2

¢ o0 o

30 35
1 1

Corn Yield

25
1

20
1

Rainfall

Fitted values @ YIELD

0

Residuals

-5
1

-10

28

T
32
Fitted: Rainfall

30 34 36




" A
Quadratic fit: represents better the yield-trend

graph twoway qfit yield rainfall [[ scatter yield rainfall, msymbol(D)
mcolor(cranberry) ytitle("Corn Yield") xtitle("Rainfall™)
title("Quadratic regression curve")

gen rainfall2=rainfall*2

| Yield=B,+ B,rainfall + B,rainfall>

reg yield rainfall rainfall 2

10
1

Quaderatic regression curve

o |
=
T4 °
¢ o
¢ ¢ 2 .
0 | L0
™ ‘ [ X )
(1]} ®e °
- ° °
< 2 °
;8 go ’ @ o © ° °
g 7 °® [ ®
(&) & ° °
° s o
v |
(V] ® [} '
10
¢
o [ J
N 'S ®

T T T T T T [ ]
6 8 10 12 14 16
Rainfall

-10

I I I
) 26 28 30 32 34
Fitted values ¢ YIELD Fitted: Rainfall+(Rainfall*2)




Quadratic fit: Residual plot vs time

Since data were collected over time we should check for time
trend and serial correlation, by plotting residuals vs. time.
B,rainfall + B,rainfall? x|

=B ot

Target: Cornrmand *»findowy
- insheet using “C:“Documents and Settingfiren “YEAR
> xS EHO?15 . txt',. tab  picld “YIELD

L VapRrs . 38 ohbhs> rainfall BalMFALL

rainfall2=rainfall*2 : rainfaIIE
rainyear

rainyear=rainfall *year = Fiesidual for model [rain+rain™2 ]

Yield

yield »ainfall rainfallZ

38
7.38
0O_0021
0.2967
0._2565
3.7627

Source | 5 df HS Mumber of ohs
_ FE: 2. 35>

Model 207 _ 021678 2 104.51084%9 Proh > F

Residual 495 528887 35 14_.15779682 R—=zquared
Adj R-=sqguared

Total 704 550584 37 192.0412077 Root MSE

yield | Coef . Std. Err. [?5% Conf. Intervall

rainfall2 -.2293639 -OBB63S - .4093025 —-.0494252

rainfall 6004282 2.03895 1.864994 10.14357
_cons -5.014559 11 .44158 —-28_2423 1821298

predict e. 1. Run regression
-11abel variable e "Residual Ffor model <rain+rain®2>" 2_ Predict residuals
- lgraph twoway 1fit e year |! scatter e year 3_ Graph scatterplot
residuals vs. time




T
Graph: Scatterplot residuals vs. year

o |

Yield=B,+ B,rainfall + B,rainfall?

T T T T T
1890 1900 1910 1920 1930
YEAR

Fitted values ® Residual for model (rain+rain’2)

eThere does appear to be a trend.

eThere is no obvious serial correlation. (more in Ch. 15)
eNote: Year is not an explanatory variable in the regression
model.



- Ireg yield rainfall

Yield=B,+ B,rainfall + B,rainfa

Include §
Year in the
regression rainfall

model IS | 56353052

704 _ 550584 a7

Coef .

L.67038
—-.215498
-1363414

rainfall?Z vear

112+ B;Year

Std. Err.

1.888239
-0B20675
-0515568
28 .240%6

o
]

120412077

Humber of ohs
F{ 3. 34>
Proh > F
R—=zquared
Adj R-=sgquared
Root HM3E

[?5x Conf.

1.833016
—.3822791
-0315654
—-462 9529

- rufplot, vline<0>» xtitle("Fitted: Rainfall +Rainfall"Z+Year'>

I8
8.09
Q. 0003
0.4167
0.3652
3.4768

Intervall

2.507744

—.0487169

-2411174

-63.65359

7 rupplot vear
- [rvpplot 2 ar
N ° °
o, °
L e ° ° ° ° ¢ o
) °
- e °® e ©
° e ° . °7 °* o _, o
K ° @ .
g [ J [ J 14 ® § ® o [ ] L] ®
o o e o i) ° °
8 ) g
4 ® 4
°
S ¢ o |® °
°
o « | residual-versus-predictor .
! T T T T T_I T T T T
20 25 30 35 1890 1900 1910 1920 1930
Fitted: Rainfall +Rainfall*2+Year YEAR



Partly because of the outliers and
partly because we suspect that the
effect of rain might be changing over
1890 to 1928 (because of improvements in
agricultural techniques, including irrigation),

it seems appropriate to further investigate
the interactive effect
of year and rainfall on yield.
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"
Conditional scatter plots:

STATA commands

I Variables

Target: Command "Window . _J
vear VEAR graph bwoisay Ifit & wear || scatter & year .

; graph bwacwaay It pield rainfall if pear<1898 || zcatter pield rainfall
yield TIELD graph bwacwaay It vield rainfall if year=<1838 || zcatter vield rainfall if

rainfall RalMFALL graph twoveay It wield rainfall if pear<=12983 || scatter wield rainfall if

rainfall2 graph twowway [fit vield rainfall if year:=1899 & vear<=1908 || zcatte

rainyear graph beoeway [t wield rainfall i year:=1309 & vear<=1317 || scatte
Fesidual for model [rain+rain”™2 graph bwaowaay It pield rainfall if year>=1918 & pear<=1927 || zcattel

graph twoway 1fit yield »ainfall if year<=18%8 i scatter yield rainfall if year<1H898
» Eitle<"1890-1898"">

graph twvoway 1fit yield wainfall if year>=1877 & year{=1708H scatter pield rainfall
if year>=1897? & vear<=1708 ., title("18992-19208">

graph twvoway 1fit yield wainfall if year>=190? & year{=17917 scatter pield rainfall
if year>=190? & vear<=1717 , title{"1909-1217">

graph twvoway 1fit yield »ainfall if year>=1918 & yeapr<=1927 gscatter yield rainfall
if year>=1918 & year<=192Y ., title{"1918-19227">

Note: The conditional scatterplots show the effect
of rainfall on yield to be smaller in later time
periods . :
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"
Fitted Model

Final regression model with quadratic functions and interaction terms

Yield=B,+ B,rainfall+ B,rainfall’+ B;Year+ B;(Rainfall*Year)

reg pield r»ainfall rainfall?2 year rainyear

Source i df MS Mumbher of ohs

F< 4, 33>
Model 401 . 298133 4 100.499533 Probh > F
Residual 302 552452 33 2.16825611 R—-squared

Adj R-=quared
Root MSE

38
10.96
0. 0000
0.5706
0.5185
3.0279

Total 704 _.550584 37 12.0419077

Coef . Std. Ewrr. [?5» Conf. Intervall

rainfall
rainfall?
yeapr
rainyeap
_cons

U9611

158 .8422
-.1862451
1.00119
- . 0806408
-120%.478

44 _56787
07192764
- 2554477
0234478
486 .2419

Spring 2005

68.16823
-.3326822
-481478
—-.1283457
—2898.745

249 .5162
-.0398079
1.520903
-.0329359
-220.2117

47



" A
Quadratic regression lines for 1890, 1910 & 1927

Yield=B,+ B,rainfall+ B,rainfall’+ B;Year+ B;(Rainfall*Year)

1. Run the regression

2. Use the regression estimates and substitute the corresponding year in the
model to generate 3 new variables:

The predicted yields for year=1890,1910,1927

Target: Con
yield

728 IELEL
10_.96 EGIEDS
0.0000 FETEEY
0.5706 |8

0.5185
yhat1
3.0277 Jhat?

yhat3

1. reg wvield rainfall r»ainfall?2 year rainyeapr

Cource L df MS Humbher of ohbs
F¢ 4. 33>

Model 401 . 228133 4 100_.492533 Proh > F
Re=szidual 302 _.552452 33 9.16825611 R—=sguared
Adj R—=sguared

Total 704 550584 37 12.04192077 Root MSE

Coef. Std. Ere. [95% Conf. Intervall Bad
pred] 830

rainfall 158.8422  44.56787 . . 68.16823 249 .5162 | [REN

rainfall2 -.1862451  _0719764 ] ] -.3326822  -.0398077 | MR
year 1.00119  .2554477 ] ] 481478 1.520903
rainyear -_0806408  .0234478 ] ] -.1283457 - _.0329359
_cons -1909.478  486.2419 . . -2898.745  -920.2117

generate predld8?20={-1909 _478 + 158 _H422xpainfall - .186245%rainfall? +1 _00119=1820

> .0806408*rainfall*1890>

Pred1890=8,+ B;rainfall+ B,rainfall’+ ;1890+
Bs;(Rainfall*1890)




" A
The predicted yield values generated for years:
1890, 1910 and 1927

Target: Ca
. reg yield rainfall rainfall? year rainyear mjj “
eC I (il

10.96 [ENEDS

0.0000 [EVIEEY

0.5706

ﬂ'EiﬂE e

3 . ﬂz?g _rI'll:IH

Source 55 df M5 Numher of ohs

F{ 4, 33>
Model 401 .998133 4 100.492533 Proh > F

Residual 302 .552452 33 9?.16825611 R-squared

Adj R-=squared

Total 704550584 3¢ 12.0419077 Root MSE

yhatd

yield Coef. Std. Err. t Pxiti [?5% Conf. Intervall

rainfall 158.8422  44.56787 .56 0.001 68.16823  249.5162 |[SENE

rainfall2 | -.1862451  .0719764 .59 0.014  -.3326822 -.0398079 ||
year 1.00119  .2554477 .92 0.000 _481478  1.520903
rainyear | -.0806408  .0234478 44 0.002  -.1283457  -.0329359
_cons | -1909.478  486.2419 .93 0.000  -2898.745 -920.2117

generate predlB8?0=¢-1909 478 + 158 . 8422=*prainfall -.186245*prainfall2 +1.00117=1890
-0806408*rainfall*1890>

generate predl?10=<-1909 478 + 158.8422*rainfall -.186245*painfall2 +1.00119+1210
-0806408*rainfall=1910>

generate predl?2?7=¢-1909 478 + 158 .8422=prainfall -.186245%prainfall2 +1.00117x1927
-0806408*rainfall*1927>




Yearly corn yield vs rainfall between 1890 and 1927 and quadratic
regression lines for years 1890, 1910 and 1927

FAINFALL - ui‘g graph bwoway gl

noAh R oA

L2242 ytitle("Yield of cornthu. per acrel"? xlabel<4C22>18> 1 gfit predi?10 rainfall.
extC32 17 "1?210", hox margintmedium2»?» [igfit predl?2? rainfall, text(34 5 "1927". ho
margintmedium>»? {1 scatter vyield rainfall, mlabel{year? nmncolorinavy? legendCoffl

D —
=I
-
.Target: Comratu
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= T35 rainfall
N DT | rainfall2
53 o 10 ey
5 = I 5
3:'\ = M 'E
i.— g__ "{I'I-EU- whatl
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O | yhat3
1 y— L7 -
I [ fit1230
ls' % S ENTE | pred] 330
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|
| qgraph bwoway gl
i qgraph bwowway gl
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" A
Summary of Findings

eAs evident in the scatterplot above, the mean yearly yield of
corn in six Midwestern states from 1890 to 1927 increased with
increasing rainfall up to a certain optimum rainfall, and then
leveled off or decreased with rain in excess of that amount (the p-
value from a t-test for the quadratic effect of rainfall on mean
corn yield is .014).

eThere is strong evidence, however, that the effect of rainfall
changed over this period of observation (p-value from a t-test for
the interactive effect of year and rainfall is .002).

eRepresentative quadratic fits to the regression of corn yield on
rainfall are shown in the plot—for 1890, 1910, and 1927. It is
apparent that less rainfall was needed to produce the same mean
yield as time progressed.
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Example:
Causes of Student Academic Performance

m Randomly sampling 400 elementary
schools from the California Department of
Education's AP| 2000 dataset.

m Data contains a measure of school
academic performance as well as other
attributes of the elementary schools, such
as, class size, enroliment, poverty, etc.

m See Handout...
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