Review of Regression Basics

B When describing a Bivariate Relationship:

® Make a Scatterplot B
B Strength, Direction, Form ;"

B Model: y-hat=a+bx Ejj
B Interpret slope in context e e

@ Make Predictions
B Residual = Observed-Predicted |

B Assess the Model “Scaterpiot_%]
B Interpret r" ]

B Residual Plot E o)
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Reading Minitab
Output

Regression Analysis: Fat gain versus NEA

The regression equation 1s
Fa-tGain - **x*xkxkxk + FExIFxXk (NEA)

Predictor Coef SE Coef T P
Constant 3.5051 -3036 0.0

The Slope and |"W°¢P}The8hpe s the oeffieent o
coefﬁcmn’rs inthelSRL | the explanatory variabl,
00034415

Regression equations aren’t always as easy
to spot as they are on your T1-84. Can you
find the slope and intercept above?

Fattrain = 32031 - 00034415(NE ]




Outliers/Influential Points

Age at First Word and Gesell Score

Does the age of a child’s first word predict
his/her mental ability? Consider the following
data on (age of first word, Gesell Adaptive
Score) for 21 children.

Child Age Score r
i
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Does the highlighted point markedly affect the equation of the
LSRL? If so, it is “influential”.

Test by removing the point and finding the new LSRL.



Explanatory vs. Response

@ The Distinction Between Explanatory and Response
variables is essential in regression.

B Switching the distinction results in a different least-
squares regression line.

I
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@ Note: The correlation value, r, does NOT depend on
the distinction between Explanatory and Response.



Correlation

Beer and Blood Alcohol Scatter 2 The correlation. r

0.4 _ i

0.1 ° describes the strength
81 of the straight-line

o1 . relationship between X
U
5823 2 and y.

0.C ’ : : B Ex: Thereis a

0.G =42

o ) strong, p03|t|ye, |
0.C LINEAR relationship

0123456173891
Beers

between # of beers

—BAC = 0.0180Bg213,80.013 and BAC.
Collection 1 Scatter

B There is a weak, y 0t
positive, linear 0 e
relationship between x - : :
and y. However, "1
there is a strong 4 °
nonlinear relationship.

@ r measures the A
strength of linearity... X

—y=x+9.14



Coefficient of
Determination

@ The coefficient of determination, r?, describes
the percent of variabllity in y that is explained by
the linear regression on Xx.

@ /1% of the variability
In death rates due to
heart disease can be

- explained by the
. LSRL on qlcohol
e * consumption.

ﬁzo 0,0 ¢ @ That is, alcohol

: 0 0 consumption

715 . [

¢ 0 L, provides us with a
0 0 0 fairly good prediction
> of death rate due to
v heart disease, but

012 3A4lcgugw7 891 other_factors |
— DeathRate = (-23.0 yrf3alzohol contribute to this

rate, so our
prediction will be off
somewhat.



Cautions

@ Correlation and Regression are
NOT RESISTANT to outliers and
Influential Points!

@ Correlations based on “averaged
data” tend to be higher than
correlations based on all raw data.

@ Extrapolating beyond the observed
data can result in predictions that
are unreliable.




Correlation vs.
Causation

@ Consider the following historical data:

Collection 1

i
' ' Collection 1 Scatter
Year . | 200

1 1860 63 837 180)
2| 1865 48 64C 160

140
3 1870 53 70( 120
4 1875 64 84¢ % 100

800
5 1880 72 95¢ 50¢
6 1885 80 106 400

200
7 1890 85 112 .
8| 1895 7p 100 0 2040 608010020406
9 1900 80 105 X

—y = 132%2=B80
10| 1905 83 110
11| 1910 105 138 & There is an almost perfect linear
12| 1915 140 185 relationship between x and y.
(r=0.999997)

B X = # Methodist Ministers in New England
@ y = # of Barrels of Rum Imported to Boston

@ CORRELATION DOES NOT IMPLY
CAUSATIONI




Summary

Plot your data.
Scatterplot

Interpret what you see:

direction, form, strength, outliers

r
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182 CHAPTER 7 Scatierpiobs, Masacinbinn, and Codrelaten

|
\gJ] CONNECTIONS

Scatterplots are the hasic tool for examining the relationship between two quantitative variables
We start with o picture when we want to understand the distribution of a gitygle variable, and
wit alwavs make 4 scatterplod to begin to understand the relationship between two quantitative
witriables.

W ] = -sovwivs a% 4 way o measune the statisctical dislance of dats values from By means
Mo e v sen e S-scones of 7 and y working boegether to bubld the correlation coefficlent. Car-
redation is a summary statistie like the mean and standard devistion—only it sammarizes e
strerigth of a linear relationship. And we ivberpret [F as we did z-scons, using the standand devia-
Hians ds our rubers in both v and ¢

WHAT HAVE WE LEARNED?

inn Fecent cRagiees we kearmes how bo listen i the sbory told by £ata from & alngle wariabie. Mo
wee've bmed our aftention 1o the more complcated (ind mine inberesting) stery we can discowt il
the Fsociaton between twe guantitative variabiles
Wr've loamed o begin our investigation by iooking 8t a scatiespiol. We're inferested in I
dirnction of the association, the form i ke, and (i sireagih
Wo've leamed that, although not every miationship is linear, when the scatierplol i sir
encuagh, the carraiafian cosfficient s & unstul numarical sEPmary.
« Tha sign of tha comelation tells U= the diretion of the Bsspeiation

b « The magnitisde of the cormalation tells us th séeengih of & linear associalion. Sirong e ol

" Fimulatioar Corredation,

e, and Tose: I you have have cormalations ear - Lgr 4+ 1 antd yary woak pssociatons near 0

any fingering dedbis that shilticg +  Complation has no units, so shifting or scaling tha data, siendardizing. or even swapping the s
and restaling Ehe (tata woe aflas has no effect on the numancal vahse.

charge the oomelafion, walch

nohing hapgen right befors your Oimce agnin we've [sarmed that dmng Stalivies aght means we nave fo Think tboul whether
. choice of medhods is appropriaie.

« The correiation cosfficient is aporogrisie oaly i (ke usderpeng relatiorahip o linear
# Wl check the Straight Ensugh Condition by looking at @ scatinepiol
= Amif, o abways, we'll waich ouf for outliors|

Finally, we've lsamed nat @ make the mistaks of sssuming that a high correlation or sirong aesees
ation is wyidence of § cause-and-sfiect miationshig. Bewane of lrking variabie)

Terms
Scatterplots 147, A scattarpiat shows the relationshep batwesn two guantitstive variables measurod on the samg
gasen
Agsociation + 147, Direction: A positive dirsction or associstion ineans that, in paneral, 55 one varabls o

e, 20 does e othar, Whan incressss 0 ona varlable gensifly comespond b deciesss B
thie other, Ehe associghon s nagative

= 147, Form: The form we care sbout mast 18 strasghil, bl you shopdd certainty descring ol
ptinem. yin; $o6 m sCaferpiols

= 148 Shengih: A scatterpiot it saud io show B Srong association if these = s scatter §noung
fhe indertying melatiorship

Qutlier 148 A poird ihat does nof fit B oversll pathen e in the scatiepio



Seamamiot srdd Carelntion an the Comouter  TEA

Response variable, 149, In & scattemlol, you must choose A robs for sach variabils. Assign io the v-anis the response
Explanatory variabie, variable that you hogo 1o predicl or explain. Assign to the 5-Eais The sxplanatory oF Fedichor virisbis
x-variable, pvariable that accounis for, xplains, predicts, or & offenwyise responsinie for e y-wnatle.

Comelation Coefficient 152, The cormlation costficient is a mumarical maasure of The dirsclion snd strengih of & lineas
AREOCIAtON

§

,.
|
L

Lurking variable 167 A varlabie olier than x end y that simuttaneously affects both variables, sccounting for Lhe
cormilabon Betaser e tah

Skills

- = Fecognise wihen ideces! @ he pattern of 2 possible felafionship befwesn o guanbbalive van
aAbkes sugRests making a scatbergiol.

= Knaw Mo B0 identily Bhe foses of the varipbies and thal you should place the response vanable
an [he yaxis and the explanalory varable on the 3-asis

®  Mriew the condilaens tor conelstion and how 1o chack 1hem

= Ko thal comelabions ane betwesn -1 and =1, and 1hat each etreme inticates & parfect bin-
BAF SEshei Ak

= Uingerstard bow Ihe magndude of e cormelalion mefllects ine strength of a linear esSocmtion as
wiEwes o A 'l'.ﬂfl!f'rﬂ-l:‘.
= Erbw Ihal correlEtbn Fas oo s

= Know (hal the corelation coeMicient | nol changed by changing the cenier or scale ol wifer
wARAh=

v Linderstand That causation cenrat be demonsirates by & scabierplol cr cormelabian
K i 1o ke & SCatlerpliol By hand (for 8 wmall sl al datal of wilh echnology
¥ Kpaw haw o compule the correlation of two winisbles.

v Fmow o 1o read & corelation able produced by & sifibc program,

He able to dascribe the direction, fomm, @nd strengih of o scatierpiob,

»  Be prepared (0 identily and describe poos el devate ffom the overall pafiem

= Be able 1o use correlation as pirt ol ihe deserigtion of a scatt=rplol

« @& pke=t io misinferpretsiions of cormeiation

= Linaerstand that linding & corsalion bMween two variables dots nol indicale @ caiusal nealiomship
bebwsan Then. Beware the danpers of sssing chussl redsliorships when describing cormslalions.

_ SCATTERPLOTS AND CORRELATION ON THE COMPUTER

Starstice packaaes generally mace IT arsy 10 Iooh 0T & scatherpdt Lo chech whether the comelation i
Agpripriate, Some pactages maka thie geglsr Thar stherp

Sary paceages alivw you o modify or enrgece 8 scatta-plot, sitering the asis labels, the asis nurmbering, $he
s -_.."!‘l-l. = or the colgrs used, Some aplions, suth. 55 coior Sl Ay B0l Choto®, s e uked To i ['Li_. % E ]

Fiemal infprastion on the scstiscdur,




Terms

Miohel
Linear model

Predicied value

Residuals

Liast squanes

Regression to the mean

Regrassion ling
Line of best fit

WHAT HAVE WE LEARNEDO?

We've lsarnad that when the relatiorship betweon guantitative varlables is taidy straight, a |
mided can help susmsmeanire Bhat elalonship and gve us insights sbeut it

«  The mgreuson (best fit] oe dossn't pass Bwougn all the paerts, But i s the et commpeoen a8
he serma (bl D@ surm ol squars ol the residuals is he smanliest possibla,

Wo've leamed several things the corredation, r, tells us aboul the regression:
»  The siops of B e 5 basad oh Iha comlation, atsmted Iof B unis of 5 and

La
By -

¥

By

We've laamed 1o interpeed that slope in confet)

»  For mach S0 ol @ thai we are pway from Hwe v mean, we sspect 0 be ¢ S0 of v away from e
y mmaan |

»  Hecause r Is abways between =1 and +1, sach predicted y s fawes 50s awy from its mesl
than the cormsponding « was, & phenomenon called mgmsalon (o the mean

# The squate of the comalation coofficient, B, gives us the froction of the vatiation of the s
sponse accounted for by the megression model. The remaining | — B of the variation s isfin
e reteduinls

The ressduals alse reveal how wedl the model works:

o I @ piot of esidials agatmsd predicted unlues shows @ pattom, we shoold f-siamineg (he data il
e WAy

= The standand deviation of the residuals, s, quaniifies Bw sl of scatter aound the lng
0¥ poursa, Ehe lingar model maked no sense unless the Linearity Assumplion & satefiod. We chs
the Straight Enaugh Conditlen and Cutler Condition with a scabtermiol, as we 8id for correlation,
and atsc with & phal of residualy agaimst sithor the 1 or the predicied values. For the standand deas
Lion of the residuals 1o madoe sese as 3 simmEy, W R o make fe Egual Vsnance Assumplion.
'l'l'l'!.'l‘ll'{lllrtl\-mllmﬁl'lmﬂlﬂnﬂi:iﬂal'!‘.#ﬂnnh{iﬂdﬂmmlﬂdhwlhhﬂlﬁlﬂ
Thicken? Condition.

172 An equabion o foemiuls that samplifies and sepresents reality
172, A linear model s .an squation of o line. To interpnel a lindar modal, we need (0 know the wan
ables {adorg with their W's) and trsair units,

172, The vskis of & found lor & gives x-saius in B data A e icipd vidbum §6 S by substituling
the r-value in the egression equation. The predicted values sne the waluss on the Gitted 1irs; (b
points [x, i) all lis sseciiy on the fifled Ene
172, Rusidualy ara the differences bedwesn dals valoes and the cormospanding values predicisd iy
i regresian model—aor, mioes genoraily, vikiss predicted by any moded,

Residual = observed vahie — predicied vabe = ¢ =y - §

172, Tha heawl squdres critnrion spacifies the unigue ing thet mikmizes e vsiance of fha ek
s o, equellantly, the suim of the squared fesiduals.

174, Beciues (he coredation |§ always bees than 1.0 n magnitiade, cach predicted y tends o b
feweer stiandiand deviations from ity mean than s corresponding 3 was from i mean. This & calls
regressaon to e mean

LM, Tha particutar ineas sguation

b=y s by

thisl sabrdios fhe ksl sguares Crifevion o calked (he laast sguanes egression e Casally, we ofi
jrst call d B regression jire, o the fine of bes fit



Slope

Skills

Wil Hive 'We Learned? 989

176, The slapa, by, gives a valoe in “y-units pev s-unit.® Changss of poe whit in.x e assccisied
wilh changes of & unils in predicted valtes of y. The siops can be folind iy

|
h.._

176, This intirceps, by, @hwes a starting vale in y-units. 1's the f-valie when ¥ is 0. You can find i

from by = § - bl

=

181. The standard dindigtion al (he esiduals 15 faond by e = J;Lf!; Wit 1l Astimptions and
conditions are mat, the residuals can be wall described by using the standard deviabion and the
68-95-99.7 Fule.

182, K e i squeang of The comelation tetwesn y snd ©

RE gt fhe fraction of the variabifity of v sccounted for by the lesst squases linsar regression
oz

B in an overnli moesm of how susossshal 1his BEfEssion mon nesry riating v 16

Bz ahle bo idenlify response [y} and sxplanatory (¥) variables @ confest,
Undesstand how @ Bnes sguation summadises the relalionehip Detween wo varisbies

Recognize when & regression showld be used o summarize o lmear reladionship belween bag
uaand bakhep s e

Be sbie to Judge whether (he siope of a regression makes senss,

Kiricw hiwe 10 exnming your dats for violabors af the Straight Enough Condithan that waiild make
I inagprdpriate o compuls @ regression

Understarel that the least squares siope 1S easlly afactad by exireme valuss

Konow thal residuals ame e differences between M2 dats valuss and Ihe comesponding vihies
pritficiag by the line and sl the leas! sgueres crilenion finds e ling hal minimizes (ke som
of tfwe squansd e usls,

Finaw hew in s B phal of resictuals againsl predicied valoes 1o chisck the Straight Enough Con-
dition. e Dees fhe Plod Thickan? Candition, and the Outtier Convditian.,

Understand hat the standard devlabion of he residuals, £, measees virablily sround 1ha Sne
A large £, means the poirts e widely scatiered: 0 small 5. mezns they He close to the fime.

Frerwe b B Tindl B regression equalion from Ihe suihmeny stalislicy for each variable and the
eomnelatian befwesn e urlabies,

Finowd howe 1o Binel & negredskan eguation MR your sislishics softwane and how 1o find the slops
and inforcep| values in B regression ootpol fable.

Ko hinw 16 s regression 1o predict 8 valie of i for 8 given &

e hoad 16 Sompute the residual for aach 0ata value and Fbow 1o display the rsduals

He abia 1o writs p sentence explaining whal & liness eguation says about the relationship be-
fwreen  and v, basing it on the fact that the siopa s given in y-wails per sunit.

Understand hiow i cormelaton cosMickent and e regression slope ane relsted. Know how §°
deacribe v meuch of the variation m v & scoounied fof By s lnear melabonship with x.

Be able In describe & prediction made from a regresssan equation, rlafing the predoled valis fo
i specified vakie.

Be gbile 1o wiite & sentence inlerpiebng 5, &b representng typheal arfam in predict ens—=hes
At by wiich actual y-vatues ditfer ram ihe s ssimatad By ihe model,



REGRESSION ON THE COMPUTER

Al sratintics pactadges maks @ tagle of reapiis for 2 regrepsicn, Thees Cablzs may diftar *.Ii.j"-!l:.' From ane
package to another, but all are sesentialy the same—and all Includs much mae than we resd o know for Aos.,
Every comguter r."l.lill'l,‘:::{:h'l-' raks noludes & secthon That oo something fies Thia:

b

R s ired The “deperdent.” risponas, o
Standard "".I' y-variable
dlew I:I'F : o
residunts | Deppndent u‘\p able isi Tnteal Fat
: (5 R 1q||l.:!-ﬂ- = 500X
I‘-_" Finding Least Sguares s = .2y —]
Limes. & alricsl alweys wse o - \ll
e hriogy b fird Fegnessions Yarizale Al IERL FREER T IR TEE PR
Fraclice now . jusl i fime far Intarcept b,8307) 7. BAA J 2K fa1se | |
the eEsemises, Protain 43571381 4. 1749 B.0q =0, 0081 |~
L R fike o i L —
‘I‘-'\
at 5 5 The clone y
The “Lndepenclent, " predictor, or | i, wrll deal with all of
x-variable The nkfroept these Later L the Dosk
e WARL Ewire thEw,

For wow.

The slope ard Intercept coeffislent are given In 2 table euch ae this ane, Usually the slope in labelrd with the
namez o the -egrable grd the irtemert 8 Bbeled “Intarcept” or "Constarml” So Tha regrasolnn sgustion shiowd
heve s

o
Fat = &.8307V + 0OTS8Protedn,

it I8 not wnusesl for stetistics packages to glve mamy more digite of Cthe eotimated alope end [nkercept Shan
could possiry be eatimated from the data (The original data ware mported 1o the nzaresat gram. | Ordinarily, you
ehould roind moet of the reparted mumbars o ona digit more Chan the precison of the data. and the siope (o
Two, We wlll lzarn abeut Eha obhar rumbers In the marsesin Fabls later In the ook, For now, all you nesd to be
b 1o do |8 fingd the coefficlents, the e, and the B wlue
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