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o STATISTICAL COMPUTING AND R PREOGRAMMING

i

& MODULE 95

f.' Smpl Imear regression. mmitpk hmear regresson. bmear model scketon and dagmostics. ot
od Adwvanced graphes: plot custonuztion, plftmg regons and marcins, pomt and click w
> coordintte mierscton, cistomizing tmdsbesl R phis spechlmd et cand hibel >
iy rotaton Defining colors and plotting in hivher dimensions, representing 2nd tsing cobr, 3D »
e é
“ o
" Regression: The mear reoresson i defined as the analvze the sebtionshp between the ::
i iodepondent and dopendenr-varibl & calisd rogression i
& In siatshcs, regresson relrs o a siatstcal method vsed W examine the relatonshp between i
= one or more mdependent varmbles and 3 dependent varabl. w
: It amms to mods! and understand how changes m the mdspendent varmbles are assocmted wth ..
i changes m the dependent varmblke. i
¥ Regression analysis helps in: %
: 4 Predictng or estimating the valie of the dependent varabk based on the wakes ofone 4
_; ot more mdependent vanables: i
‘ 4 Understariding the strength and nanire of the relationship betwesn variables #
& 4 Makmo nferences abouz the population based on sample data. o
4 There are various fvpes of recression models, -r
:.‘; 1. Simple Linear Regression: Examminz the rehtonship between two vanazbles; J
r typically ome inlepedent Narkble and one dépendent varable. d
I'“ 2 Multiple Linear Regressiom: Explnnz the relatiopshup betwesn a dependent 'f
& vatishle and mmbiple mddependent tarbis &
2 3. Togist Regression: Used whin ihe depindant tarsbk # Sfsorieal prodistis i ¥
": probabiy of an event occurme ~
-E. NOTE: "
:- 1) Regression aralss molves fiing 2 regresson model 1o the data, assessme the :
W models zoodness of &t evahbianms the sonificance of varmbles, and vsmez the model N
; for predction or miference ;
:: 2) Tr's widely wsed across mumerous fiels 1o understand relanomships, make predetions, ‘_:
r and mform decson-making based on data. '-;
dr 3) The dependent variable(Y):It = the owcome vanshle or response varable. That want v
o to e predict ¥
o "
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

3) The Independent variable(X):The mdeperdent varmble ¥ predictor varabl  that
milusnce the dependent varmble.
An Example of a Linear Relationship:
Let's conssder an example ilustrating a lmear relanonshup between two vanables, such asthe
rebtionship beifween 2 person's age and ther reéaction tine
Variables:

Dependent Variable (Y): Reactien twse (m milliseconds) response tamablke -t = whar we
wait to predict or understand.

Independent Variable (X): Age of the person (m vears) - the » the predictor varable
Assumption:

We assume that younger mdnviduals tend to have faster reaction tumes, and as peoplk age, therr
reachion tpes moht morease

Data Collection:

Gather data on reaction mmes and ages from mdwiduals across different age groups.
Analysis:

Afier collecting the data. plot the reacton tmes acamst ages on 3 scatier plot

1f abmear rebtomshy exsts, the poms mught ténd 1o fomm 2 pattem whers, on averase, asase
meoreases, reachon tme ako tends to0 meoregse: or decreass m 2 fmear manner

Linear Relationship:

A postre lrear relationship would mply that as ase mereases, readton time iwreases

A pegatne [mear relatonship would sugsest that as age moreases. reachion tme decreases.
Modeling:

Use lmear regression 1o fit 2 Ime to the data and quantfy the relbonshp between age and
feachion tne.

By studvmie the rebitionship, we can detesime of there's ‘2 correlaion between age and
reaction trie, and if so, whether #'s Imear, helpms s understand how ore varisble might
affect the other. This example demonstrates how bnear relationsheps between vammbles canbe
axplored and modellad m stamstcs.

_l.._l_:.ll E -"“-":'T";.".

Defimition: Smplke Imear regression 1 = statstral method wed to mode] the relatomship
between two contmmous vanables.

OR
A Smple Linear regression predict @ one dependent and one mdzpendent varzble

JS5CACS 2023-24 ROOPA
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

It sssumes that there 5 a2 Iiear relationship  between the predicior varmbe (ofien denoted as
X) and the oufrome varuble (offien deroted as 1)

The smple Imear recression mode! can berepresented as

F=0+p1 Xz

Where:

e T & thedependemt vanabk (cutcome or response -varmble).

¢ X g the mdependent vamable (predicior or explanatory varabk),

o 2 15 the #wercept (the value of Fwhen X'x 0)

e 8115 the sope (the chanee m ¥ for 3 one-unt clenge m X))

e £ represerts the error tenm (the difftrence betiveen the predicted and acwal valses)
The goal of simple Inear regression & 10 sstmate the valies of 50 and 21 that mmmize the
sum of squared differences between the observed F wvales and the 1aloes predicted by the
model for gnen Y vales
Apphlications:

Smple Inear remession & 2 foundatiom| statsncal techmgue wsed to estableh relatonships
between two quarniiative varmbles.

| Economics and Finance: In firance, s used to model the relhnonship betwesn vambles
lie mierest rates and stock prices o GDP-and nemployment fates. Economsts might employ
¢ o analyze the effect of milatton on consumer spendme

2 Market Research: Smple lnear regression helps m analyzme the mpact of advernsinz
expendture on sales. It asists mounderstandie how chianses m adverting spendms mchy
affect product sales.

3 Healtheare and Medicine: Medral researchers offen wse smoplks Imear rezession 1o study
the relatmrshy between 2 druz dosage and s effectivensss or to sxzmme the snpact of certam
liestyle fctors (lke dict. exercise) on health mdicators.

4 Education: Smpk Inear recresson can be apphed m educancnal ressarch to nnestigate
the tebtorship between study hours and exam scores or to predict student performance based
an vamous s

5 Sports Analyties: Anatests meght pse 2 to study the relatonsivp between the nomber of hours. of
practice and athletwr performance or to predict team performance based on plaver statstes,
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

One Dependent Vardable: It mvelves predictme of sxplamme the behavior of 2 smoe

depéndent variable basad on chaness m one idependent varizhle

Straight-line Relarionship: The relatwmship between the mdependent and dependent
varmbles 5 asspmedito be Inear. The regression eguation = represented by g strmicht fme ¥

= Bo+ X =z, whers Y = the dependent varable, X & the ndependent vanable, fo sithe

mtercept f: & the shope; ande & the emor term.

Minimization of Residuals: The regression Ime 5 determmed by munmizme the sum of
squared differences (resudoalk) between the observed vahies and the valies predicted b the

mdal

Sratistical Infe rence: It allows for statistical hvpothesi tesims to determie the siendidance
of the relationship between variahles' This inclodes testng whether the slope of the regression
lne & significantly different from zero and assessing the overall goodness-—of-fit of the model

Assumptions: SmpE mear resrezson 2ssumes that there & 2 lnear relationshm betwesn the

varpbles, residuak  are nommmlly  distringed,  residwal  kave comstant  var@nce

(homoscedasticty), and there 8 mdependencs amone phservations.

Interpretation of Coefficients: The siope cosffcient () represents the change m the
dependent varmble fora one-unt change i the mdependant varmabl The mtzreept (f)

tepresents the value of the dependent varnbe when the mdependent variable & zero {if:such
an imerpretation 5 meanmeful o the context),

Prediction: Itallows for predictms the value of the dependent varable based on agrien vale
of the mdependent variable, wshm the range of the observed data.

The poal of stmple linear regréstion & to estmate the valies of B0 and 21 that omimiz the
sum of squared differences between the chserved ¥ values and the vahies predicted by the
mode! for awen X abes

Y—f.-f:X-=

Tte Drmmlz 1o estmate the sbope (51) & The aercept(fy)

n . - =
B, = Z (x;=%) 7y =F)
. I:l (‘Tl _"r—jlz

ﬁu:}?‘—ﬁﬂ-f

And once the slope (81) 15 cakubired, the mtarcept (29) can he found usinz the formula-

Whers-

1 = the mmmber of data poms.

"X and Y are the means of X and ¥ respectrely.
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Edtimuting fhe Tferrepl and Slope Parameters

*  The goal & to use youwr dafa to Sstimate the regression parameters, velding
the - estmates 0 and J1 the = referred to asfiting the lnear model

« Inthe case, the data comprise n pams of obsenations for zach mdwidual
The - ted model of mierest concerns the mean respomse valie, denoted
v, Br aspecific vabie of the predictor. x, and & winten 3s follows:

¥=F0~flLx

oR

Ev]=F0 -1 x
OR

Epy =x=f0+f1 x

Alermative notaton such asE_{l”] or E[VIY = x] & wed on the i sde of w0
emphasize fhe fict that the model zwes the mean (that s, the expected valus)
of the responze. For compactness, many smply e semething Bee 37, 3s:shown

bere.
Let vour » observed data paws be dencted x amd 3 for te

resposse vammbles, respectvely, 1= 1,
for the simple hnear regression ﬁmﬂmu are

,Elzpw:-i;anﬂ Bo=Y—p,.X
5

{Ii - ﬂ(}'i _J_')

31:

(Ii — -sz
i=1
Problems:
X={23579) y{4.57.10.15}
Stepl:
To caleulate mean ¥ =25 =25
n 5
r 5

Step2:To calculate Slope B

N frDil—9). 34
ﬁl N Z:’_:i (x—2)* 4.6 U 0o
JS5CACS 2023-24
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STATISTICAL COMPUTING AND R PROGRAMMING

L(x; — B)(y. — 7)=(2-5.2)(4-8.25+(3-5.2)(5-8.2)*......=3 4

2. (0, = D=((2-5.2Y 243522+, =34.64
Step3:To caleulate Intercept (Ba)
Bo=T—p:.X
=R.2-0.098*5.2
=7.69
Step4:Write the lincar Equation.
To substitute the value B; and f; into the cquation

v=00-FlLx
Y=7.60-0.008x

L Formul It &3 symbel that presents the relatomship between x and ¥,
2 | Data- Tt 55 a vector on which' wewill @p!y the formula:

=Creating gt vestor B Inf) foction

x<=e{23 ,S '}‘,E}

V<-4 57.10.15)

n:ﬁppl}-mg‘{&h{} functon
relationship_model<- Im{y-x}

prntselationshp_modeD
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Crutout.

call:

TalformuTa = v = x)

CoefFiciants:

i Intercspt) slope x
T BF 0, Dok

Now, we will predict the wesht of new persons with the help of the predict) fmetion There
= the Dlbwng symax of predet fimction:

Symrax:

‘predictiobject, newdata)

S.No Parameter
il abyect It the formmla thet we have aleady created psme the bny) fancton
2 Newdata Tt = the vestor that contazs the new valwe for the pradictor varmble.

Source Code:

#Creatmg mput vector for Inf) fncton
x < ¢(2,3.5,7,9)

v ¢4.57,10,13)

= Apphing the i) fimstion
relationship_model<- imfyx)

< data frame(x =)
‘primipredict result)

1
13.95951
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

Plotting Regression

Now, we plot out predxtion results with the help of the plow)) fimetion Ths fimenon takes
parameter x and v a8 an mput vector and many more arowments.

plotivxcol = Tred"mam = "Hewlt and Weisht Regression”ablme(lm{x~v))cex =13 pch=
16xkbh = Wekht m Ko'vish = Height n cm”)

=Savmg the

fle. devefl)

Height and Weight Regression

Helght incm
R
i
\

8 8 0 12 14
Wesight in Ko

The Multipk lmesar resression are the Mubple relationshe between mdependent and
dependert two of more varable
OR

A Mupiple Tmear regression pradet 3 one dependent and Tow-more medependent varablke

“ It s the sxiension of the smnpke linear regression. The mubtple Inear repression model
5 used o determme 2 matheimatwal relationshp amone several random vanable.

* Mulhlimear regresson. also known as multple Inear regression, 5 a statistical method
used to amalvze the rebtonship between nmbiple mdependent varmbles and a
dependent varabk
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-l

-

& < It =gends smple Inear regression, which mohes ong mdependent varmblk, to

j meorporate several predictors. o~
od % The geal ofmultple Inear regression s to crezfe a mode] that best fts the rehnonship w
:r betiveen these varmbles, allowing predrton or understandme of how changes m the ﬂ
w mvlependent variables afiects the dependent varable i
"-._{ = -l::
4 EXAMPLE; w
*r lets comsuler a real-bfe example of mulple Imear regesson Imagme yeure tymg fo :i
" prediect house prres based onvarous factors such as square Hotage. miinber of badropins, W
T ' A W
te and distanice from the cay center. ry
w w
W Solution: Inthe case of multple bnear r2oyession for predicting hoyss pricss o
W Dependent Variable: Houwse price ..
-__‘r- 1':-'.
n Independent Variables (Predictors): ¥
e 1 Square Footage: The swe of the home n squere st :
; 2 Number of Bedrooms: The count of bedrooms m the house *':
W 3. Distance from City Cenier: How fr the howse & fom the city center I
"'." Usmg muliple hnear remression a model can be created based on histoncal data of houses *:r
o1 4
r sold. Ths model wall estoate the liovse price by consdenng all these factors ¥
l smulaneously, For msfance, the mode! rmoht spppest that £r eveny addional square ot 'r
:‘ the price mcreases by a certam ampunt. of that bemg closer o the city center con=htes with W
W W
o hgher prices: The miormation helps m mekmg predictioss about howse prees for new <
i propertes hased on thex Satures ﬁ
o Appliations Uses ‘of Multiple Linsar Régression:
:: Mubple Jmear resression finds applications across vamous fialds: ~
W 1 Fcomomics: Preditng  factors mfluencmg GDP  growth, mflaton rates, or L
- =
" mnemploymeit based on muliple economic mdrators. T
*; 2 Marketing: Determinme how vanous marketms chanvel, prcme swrateses, and L
? detniograplics affect sales Soures. ?
w nd
s 3, Healthcare: Amalzing how factors bke age, lifstvle and medical history mpact the o
; prevaknce of certam diseases or predictmz patent outcomes basad on mulitple health __;
wr parameters. o
': 4. Finance: Predicting stock pnoés or asset valies based on vanos fancml mdicators f
o w
W JSSCACS 2023-24 ROOPA tf.
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

such 28 mmerest rates market mdices, and company perfomincs. metres

5. Environmenfal Science: Predictmz ar or water quality based on factors ke polition

levels, weather condmions, and geographeal varmbles:

To determme the valuie ofa comtinuous sespense vamble 7 onen the vakies of
£ > | mdependent explmatory varmbles X: 3 X The overarchine model
t defiued as
F=hp+hXiThti+. ..+ X FE
Here:
» Y is'the dependent vanshbl
» X1.X2.X3 are the mdependent varmbls (square footage. mmmber of
bedrooms. distancé from the cdy center)
» [0 i the wercept (constant term)
»  P1,PLps are the coefficents that represemt the mpact of each mdependent
varishle on the dependent variable.
» € reptesenis the ermor term
Example, the estimated equation might look like:

Howse Pree=Pi-Pl=Square Footage—f2«xNumber of Bedrooms—§3*Distance fom
Caoy Center
Each coefficeent (J) sigmfies: the chapse m the house pnece for-a unt chanse m the
respectne mdependent varabl, sssummz the other varabks remmm constant
NOTE:
» wheie So, 5y are the remession coefficients and, as before, vou assume
mdependent; nommally dstpbuted residuals €~N(0 o) around the mean
# In practice, you have » data: records; each record provides values for
‘each of the prediciors Xj; j =[[ 1,...r).
» The modsl to be fired & gn=n m terms of the mean response,
conditional upon a panmeular fedlization of the set of explanatory

yanshles

F IV X = X2, Xa= Xz,... Xp = ¥z] = 80 = f1xe = B2 xz+ . = 8pxz,

where the E.-_.ireipﬁ‘.sent cstmnates of the regression coefficients
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Estimating in Matrix Form

The computations mwolved m mmmizing this squared dstance are made nuch easer
by amarrix représontation of the data When deslng with nmulivanate observations

"
*
i
-
*

'

X2

r
L |

Y=Xf-£

A
il

whers ¥ and £ denot= 7 = 1 column matrices soch the
Y1 €7 B
£, By s

o 5 X

e K- X

1 XlTl

1 Xy,

i 'y:'q e
(]

-

={xT « ¥) 2T ¥ :
NOTE: ¥
« The svmbol represents mairix mmlirplication, the superscript © rep- resents the- or
transpose. and ~* reptesents the mverse when applied tomatrices

+ Extending the size of 8 and X [not2 the leading column of 1= in X) @ ¥
create structures: of size p + 1 (a5 opposed to just the number of “r
gredictors p) allows for the estimation of the gversll intercept &,
Terminology: r

! lrking varable: A hwkine varsble mfluences the response. another b
predictor, or both but goes unmeasured (or = pot meluded) m 3

predictive model i

2  pmisance or exirameous variable :A mmsance or extraneous vareble = a i
pradstor of secomdary or mo mMerest that has the poterrial to confound w
relationships between other vanables and so affect your estimates of the o
other regression coefficients.
Muttiple Linear Regression: A statistical method to mods] the relationship ¥
between multwle mdependem varsbles: and 3 dependent varmable.

L
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

Dependent Variable: Alo known a3 the response varmble, s the vanable
bemz predicted or exphimed by the mdependem varisbles m the modal
Independent Variables/Predictors: Varmbls used to pradet or expbn the
caiation &'t deperient variabk,

Coefficients: Thesz represemt the weghts or slopes assimed to each
mdependent varmble, mdswcatmg the swensth and dwection of ther mifluence on
the dependerr varsbl. In the remessin squation F=fr ALl o+, ~fn

Xote, coeficients (50,51.02,....0%) represem the shpes of the mrlependent
varmbles. These coefficenis gquamidy the relmonship beiween each
mdependent varmble and the dependent varmble,

Intercept: The constant term m the regression squanon that accounts for the
valie of the dependent wariable when all mdependent vanshles are zero.
Residuals: The ddferences between the obsened tahies of the dependem
varable and the vales predicted by the regression modal

Multicollinearity: The phenomenon Wwhere mdependemt vamabls @ a
regresson modei are luchly correlated, which can affect the models stabilmy
ard mierpretabiliy.

Adjusted R-squared: A metric that represents the propertion of variation m
the dependamt varmble explamed by the miependent varmbles, admusted for the
manber nfpr;:cﬁcmi‘s-h the model

A step-byv-step to performing muliiple linear regression using statistical methods:

Step 1: Fonnulate the Hypothesis
Define the rescarch guestion and nvpothesize the relationshp benwesn the dependenmt vanable

and muitiple

mdependent vanzbks

Step 2: Data Collection and Cleaning

callect relevant data for the dependent and mdependent varmbles. Clean the data bv handlins
sty values, cuthers, and emswmg the datatypes are appropriate.
Step 3: Explore the Data

Perform exploratory data amabiss (EDA) 10 inderstand  dstobutons, comelatons, and

relationships:

between varmables usme techmgues like scattet plots. correlaton miatricss, ete

Step 4: Model Specificaticn

Formibte the muiiple Imear reme=stion model
=AY 2202 - =X«
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o STATISTICAL COMPUTING AND R PROGRAMNDMIING

X Where:
od ¥ i the dependent variable

W X1.X2 . Xn are the mdependent vammables

b BO.B1L._ Bn are the coeffrients

‘r:_ €= the emor tenn

rd Step 5: Estimate Cocefficients

:: U= datstral methods (such as the least squates method) to estmmate the coefficients that
" mmmize the sum of squared difffrences hetween predicted and acteal vahes

'f Step 6: Assess Model Fit
e 5 )
& Eiqlimie the goodoess of fit of the model by examming metrrs ke R-squiared, ‘adusted R-

"' squared. p-valuies of cosfficeents, and resdiak anabsis

W Step 7: Inferpret Resulfs

r Interprat the coeficiems to tnderstand the rebtonshm betwesn te mdependent varmables
and the dependent varable

-

S Step3: V te the Aodel

j Vabdate the models performance on a separate dataset or usmy crossvabdation techmgues
W to enswe s reliability and seneabzability,

s

O S 0: Make Predi 05

4 Use the valdated mode! o make-predictions on new or unseen data based on the established
¥r relatonships:

-

N SYNTAX FOR MULPLE LINEAR REGRESSION IN R

b Im{formula,data).

Il.l'r i

5 o B R, o=, = = =~ G ‘_""-.." et wa g

d S.No  Parameters  Description

s L Fonmula It 5.3 symbol that presents the reltionship hetween % and v

"; 2. Data It 5 avector oft which we will apply the Hrminls

ad -!uiu]ﬁ:rh- Imear regression m R usmg stanstcal methods step by step:

; Step 1: Load the Required Libraries -

:: Before vou begm. make sure to bad the necessary R Ibranes: For Imear regression. vou'll

de typeally tse the im() fwchon whech © M the base R package

1%

vr = Load required kboranes

': Ibrais{stats) £ for bagw stinetey mcbons

L’:'
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

Step 2: Prepare Your Data:
A dagazet wh the varmbles you want o use for the regression anabss, Ensure your datas m
a format that R can work weh, lke a dataffame
Lefs assume you have a dataffaime mamed dan with vouwr vacables. dependent var,
independent_varl, independent varl, &fc:
Step 3: Fit the Multiple Linear Regression Model
Use the Im() fimction 10 f ﬁ:n:nmhp‘t near fegresson nodal The base syniax for the lm()
fimton 5
=Fg the omltple Imear regressen mogdel
model = knldependent war ~ mdepeadent war]l —mdependent var? - data=voir daiz)
Replice ‘@ependent var. independent warl  indspendent var2, et wih the actual
column names from your dataset
Step 4: Analyze the Model
Once you've fited the model vou can examine varous dspecs of & usmp different finctions:
= pm of the remesson model
profimadal)
Examnle: .
= Load reqgured bbrares
Ibrary(stats)
= Creating a dataframe (rephice this with vour dataset)
data <- data frame(
dependent var =¢(10, 13, 20,25, 30),
mdependent warl =¢(3.6,7,9.11),
mdependent var? =¢(5, 8,11, 14, 17)
)
=Fe the mudtiple lmear regression moded
model <- Im(dependent var ~ mdependent varl ~mdependent var2, data = dam)
# Summary of the représsion model
print{model)
OUTPCTCall
Im{foromla =dependent var ~ pidependent var]l = pdependent var?, data = dita)
Coeficients:

(Intescept) mdependent var] mdependent vard
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STATISTICAL COMPUTING AND R PROGRAMNDMIING
L667 0,000 L6667

This code creates a daiaset and performs multple Imear regression usmz Im(). where Y s
regressed on X1, X2, and X3 The summary() firmction provkdes defated mibrmation abom
the regression results. mchding coeficients, p-valpes, R-squarsd. eic.

Replace Y. X1, X2, X3. and the sample dataset with vowr aciual data and varable names ©
apply muliple Imear reoression to vour specde casem B

Difference between Simple linear Regressionand Multiple linear Regression

L A Smmple Lwear segression 1 A Multple Lwear regession predicl 3 ome
predict 2 one dependent and one dependent and Tow-more independent. variable
mdependen vanable

Y =~ fiXi—Prre 2XY=fot+ P3G +PhXa+.. .+ hXp

T E

context forpredictive purpose.

Source code:

= Creatmz sample data

setseed(42)

bedrooms <= sample(1 5, 100, replace = TRUE)

house spe < monm(100, mean = 1300, 34 =300)

hiouse price <- SDO0C+20000 * bedrooms = 100 * hoise stz + mormy(100, mean =0, 3d =

5000)

data <- data frame(bedrooms, house size. houoss_prce)

=Fitmg amultple Imear model
model < Imfhouse price ~ bedoons —house_swe, data = data)

= Creatmz new data fr predeton
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

st data < dara frame(bedrooms = ¢(3, 4, 2), house sve = ¢(1600, 1800, 2000))

= Predicimz howse prce wsme the mindel
new_predetions < predictimode], newdata =new data)

nEW _predetonms
OUTPUT:
! 2 3
1276904 147650.5 107250.9
*  Sanple datz for bedrooms. house size, and house price = created
* Ammiple brear regression model & fited (model) wmg Im() with house_price as

the deperdent varsble and bedrooms and house_size as micpendent tansbles.

New datz (new_dafa) with valies for bedrooms and hounse size for three houses =
created for winch we want to predict house_price.

The predict() finction i used to predict house price for the new data basad on ite
model

The oupit proviles predicted howse paces Br the thice houses specified @ the
new_data.

= Creatmz sample datz

setseed(42)

‘bedrootis %+ samplei1 3. 100, seplace = TRUE)
house sz <= morm( 100, mean = 1300, sd = 300)

house. price < 50000 — 20000 * bedrooms — 100 * howse spe — mom(100, méan =1, 3d =

3000)

data <- data frame(bedrooms, house size, houss prce)

= Fitmgz 3 multiple lmear model
modsl <= im(house price ~ bedrooms — bouse 'sze, data = data)
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or

-

W

j = Fmdmg confdence mterval for coefheiens
o conf iereals & conft{madel) d
conf seevals ¥
o %
W OLUTPUT: o
T o
w 2.5% 97.5% w
¥r w
" (Intercept) 48610.926 51343.900 I
T bedrooms 18251.833 21500.128 W
173 o
W house size 8§2.262 115.796 w
W _ w
W s (Gensrates sample data for bedrooms. house_size; and house_price w
W \ w
" ® TFgs anuitple Imear regresmon model (model) usmg Im() Wih house price asthe s
o dependent variable and bedrooms and house: size asmdepeadent variabls, S
= e TUzes the confine() fimrtion 1o compute confidence miervals for the coefficients m the 4':"
s fr
o fitted model i
*r _ e
v ® The conf intervals omput will provide the:lower and upper bounds of the confidence e
- 4 ' ; o o
& mtervak o each coefficent m the milisle lear regression model rd
I ® Each row comresponds te 2 coefficent m the regression model -.r
4y ir
W e Cohwwms '2:5 %y and '9775 9% fepresers the lower and upper bounds of the 53% W
-

W confidence mrerval for sach coeficenm respectrvaly,

ir

e Formstance, the confidence mienval for the bedrooms cosfiriem ranses fom
approximatel 18251.833 10 21500.128. This mterval provides a range within whch
we cah be reasonably confident that the true valie ofthe coeficent bes

LINEAR MODEL SELECTION AND DIAGNOSTICS

o Linear model selection and dizsnostics imolve choosing the appropriate lnsar mode]
for a gmen dataset and assessme s performunce.

s Lmear model selecnon methods are a crmical part of stamstical anabyss with 2 wide

e e Y Y X W T 3

ok i ok o0 o OB R

ol el S o o o g

7 §

Lod ranze of applications, particubrly @ hioh-dimensional data anaksis, whers the

W ’ . -

w mmber of varebles & moch brzer than the sanple sme

5 o Inlnesr model selection are the sekect the best model based on the crtern. ol
o e The Linear selection model i alko called as the swfistical model W
W e
v The linear selectionmodels are selected orbalancing few factors. Y
e I
¥
¥ JSSCACS 2023-24 ROOPA o
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

Goodness-of-fit
Complexity
Goodness-of-fit: Goodness-offn refers to the geal of obtaming 3 model that best
represents the relmionships between the response and the predictor (or pre-
ditors),

Complexity: Complxuty describes how complicated 2 model &) this & ahways nzd
to the munber of terms m the model that reqore estmation—the melusion of
mote predictors and addittons]l fancnuons (such as polynomsal transforma tions

and meeractions) kads to 2 more complex modsl

OR
To represents the compheated model selection from vanows theoretcal and practieal
chalenges

Principle of Parsimony:

Statsticians refer to the babnting aot between pooduess-offit and complesiy as the

brincipie of parsimeny,
where the goal ofthe assecmted model sefecrions to find amodel that's as smple as possible

(m other words, wih rehtively bw complexdy), sehout zacrficing oo mch zoodness-

of-hi

LINEAR MODFL SFLECTION:

In statishirs severalmode] seiection aloorthms help i cheosmo the best-fittme. modet amens
aset of candudate modeks,

« A mode] sekction alconithm s to ufi through yowr available explnatory
vamablss

1. Forward Selection: Begms with an empty miode]l and geratwely adds predictors that
most mnprove the model fit uml a stoppmg cr¥eton & met

2 Backward Elimination: Starts with amode! comamng all predictors and removes the
feast spnificant ofes gerathely untll astoppme critenon & reached.

3. Stepwise Selection:Combmes frward and backward selection methods, aliowing both
additwon and removal of predictors based on certam crgera.

4. Best Subset Selection: Fis 3ll petsble combmatons of predictors and selects the
model that best-fiie the daia based on a chosen creenon {2z, AIC, BIC).

The Parital F-Task

The partial F=test = probably the most drect way to conipare several difr- em models R

locks attwo or more nested modals, whers the smmlier, kss complex modsl & a reducad
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R N T T T I T T AT T e rrras

-

e N 3 N N - N 1

=
=

1.
|

1P 1y 1 1 T X

TNy

L.y,
o ]

% %

. W W W
s TR P

%N 1 T3

Akl ail ek ek wl wl
1'I'- 11'- :\-F If" ="|"'L :!-‘. :'_'..- :1'- = il

W ~ i il i "]
I=1'- :'-- I'r - ’1- 11‘



i S fr eyl SV Y e Y W o v e o o o o ol o e S Ol ar

L 4 STATISTICAL COMPUTING AND R PREOGRAMMING

or

i

'-r vermon of the bizzer, more complex model Fommally, let's say youve fited two lmear

e regressions modsls as follows: "

- w

¥ frean = §0 = flm = f2x2+...~fpx, i

w Ly

ol fran= 0 + flxa= P2 xa+ .2 fpxp=...vfg g I

” %

¥ Here, the reduced model predicting jreaw, lBs p predictors, phs ome mgercept The i

2 -

. full model, predicting ismm, has g predictor terms i~
r

provide a statstically swmificant swrovement m soodnessoffit The partml F-
test addresses these hypothsses: ' ‘;
Ho: fi=fp2= .=y =0

Ha -Arkeasvome ofthe § = 0(frj =p.. ..q)

Forward seleetion = a model sekction techmgue o Imear regression where predictors are
abserved
Example:
= Sample data

szt seed(123)

outcoms = momy 100),

predetor] = mom{100),

predetot? = momy 1000,

predictor? = mom 100)

NN L LY

-
b

v,
=

= Frt fiull Imear remression model
ﬁ:ll__mndai =- Imioutcome ~ . data =data)

= Perform Hrward selecton wsmz stepAlC
thrary(MASE)
forward nods] <= depAIC(Ell model drsction = "forward")

R o e R g g St e

g R T S S S R R

W w
14 , w
o = Summary of the sslected modal v
1':: summary| forward_model) T;
o e
W o
7 g JS5CACS 2023-24 ROOPA i
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OLTIPUT:

Call:

I=m(formyla = oufcome = predrictorl & predictar? '+ predyctor3,
data = dats)

Sesqduzis:
Man g Médian 31 W Ex
-2.33541 -0.55837 -0.08408 ©0.33392 Z, Zi3p3

Coetfrcients:

Estimetes SEd. Trror £ value Pri=izl)
(Intércs=pE) 0O.0935Z 0. 08308 1. 0868 0.288
pradictorl -0,041037 O.09547 -D.430 0. 868
pradictorsd —-0.124853 0.08718 =1, 233 0.202
predictor3d =D, 0£21%8 DL OE392 D.&7& 0. &35

Rezidua]l =tandsrd error: 0.9172 on 96 dedress df Fre=don
Multiple R-squared: 0. D;lﬂﬁ. Adjusted R-sguared: =0.0D0953

FT=ggiicticy 0.6833 ar 3 Snd 9% O, p-valie: O,3613

e Creates a sampk dataset with an owtcome variabe (onfcome’) and three predictor van
abks (predictorl. predictor2, predictor3).

* Fosafull beear regresson model (full_model) vsmz all predictors.

s Utilizes ﬂ:eslepﬂ.IC fimction from the MASS patim_ve to perform forward selection
based on the Akake Information Crteron (AIC), The direction = "forward” arzum
emt specties forward selection

» Displays the summary of the selbcted model resubme fom the forward seléction proc
ess.

Backward Eliminafion:

Backward selechon ® a model seizction tchnique m Inear regession where predictors are geratwely
removed from the mode! based on statstcal citena ot no furtherimprovement 5 observed.

L=t's consgder a dataset named :_ln_ta.-mgh varahbles: A1, ,}fl__ A3, and the resporss varmble ¥

Steps:
I)zhlPTEparaﬁnn:
Assume vou have 3 dataset mamed data comfaming varsble: X1, ..‘E,_JE, and the respomse

+arabe ¥

Backward Selectien Tmplementation:
= Sample dza
setszed(123)
date = data frame(
outcems = moomy 100,
predetor] = morm{ 100),
pradetor2 = morm( 100).
predetor3 = morm(100)

JSSCACS 2023-24 ROOPA
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# Fr full Imear regession model
fall_mode! <- Im{outcome ~ , data = data),

= Pedform forward selection g stepAlC

thrary{MASS)

backward_model < stepAIC(full model drection = "backward")
summary({backward _model )

OUIPUT:

Call

b=ifemuly = outodenes ~ |, data= daza)

w
W
v
w
g
b
w
¥
r
w
= o
w
w

Besaigsle-
Km 10 Medmn A0 hisx
ST G 000565 04 200493

Ceaifinnty
Eatireats Std Eoor t vahie Pro>4ll
Unterceptt GOEEE 00922 039 074

Revidue! stimdard emor 93128 on® degrees of feedom

3. Stepwee sekcuon
Stepwie selechon & a techmaue 1 lnear regresson that combmes forward and backward
seection mwethods o feratmely add orfemove predictors based on statistical criers.
o One of the most famous erderon measwres = known as Akake'sinformation
Critenon( AIC). To have notwed this valie as one of thecolumns i the owput of
addland dropl For a miven Imear modsl AIC & calulated as Bllbws:

S Sk e

o

AlC=—2xL+2 % (p=3)

e gt R R R Y S g e s gtttk
S S  E g

Hers, L & ameasure of goodness-of fit mamed the bz likelihood, and p & the mmber i
of regresston: parameters m the model, excluding the ovesall mtercept '-;::
k'

Sowrre cofle: 3
¥ &

= Sample data W
setseed(123) {;
datz <- data frame( <
suftome = morm(100), ré
predictor] = morm({100), '{l’r
predisior = morm(100), Er
predetor3 = morm(100) =
10 1

e

| w
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

= Fr full Inear remession model
stepwise_modsl < Imloutcoms ~ _ dafa =dat)

= Perform forward selernion usmg stepAIC

library{MASS)

backward modél < stepAIC(full medel, drection = "both")
summary(backwand_model )

OUTPLT:

£all:
1mfforsuls = outcome:— 1, dsta = dats)

Fesrdusls;
hagali iy Median 30 Eax
-2.39957 -0.5842¢ -0.02865 0.60142 2, 09593
CoeTficients:
Extimete Std. Error © wvallue Pr{=1E1)
(Intercept) 0O,09031 0. 03128 0.99 0. 324

Rexidug] =téEndsrd error: 0.9128 on 39 dedress df Fre==don

Linear Residual Diagnostics
In imear modei sefection, dmgnostics play acrucial role m assessng the models pedormance
and demnfyme potermal sspes erswlations of model assumpnons.

Some common diagnostics inchde:

1. Residual J_iml;‘sis: Examining residuals (difference betwaen cbserved and predicted
values) te epsura they follow a normal distribution, have sonstant varjance, and
show no tlear patteens Intheir plot against pradicted values.

Influence and Outlier Detection: |dentifying influential data points or autlless that

b

might significantly affecithe model fit. Tools like Cook’s distance, leverage, and
studentized rasiduals help in detecting these,

3. Multicollinearity: Assessingthe correistion between predictors to identify
multicallinearity, which can affect the stability and interpretation of cosfficlents.

4. Homoscedasticity: Checking for constant variance in residuals across different levels
of gredictars. & plot of residuals against fitted values can help diagnese this.

5. Nommality of Residuals: Varifying whether residuals approximately follow a normal

distribution thraugh technigues like Qf-plots or statistical tests.
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: ADVANCED GRAPHICS; y
*: 1. Many users zre first drawn 1o B because ofits impressive grephical flexibillty and \,
‘I*." the ease with which you can control and tsllor_the resulting visuals! *‘:
‘r 2. Advanced plot customization In statistics involves fine-tuning visual elements of .1.
‘j graphs and charis te convey data efiectivaly. f
:i 3. It includes adjusting colos, adding annotations, changing axis scales, incarporating ‘:‘r
- multiple data series; and utilizing various plot types to'enhance the representation of *
% statistical Information. &
; 4. The advanced sraph m statstes vsual represenmten of the dam j
= 5. Advanced oraph customization zllows you to tailor every aspect of your visualizations. w
i 6. The can ok adjistie s s, chengmg ok meds, cowmzios 2 mes o
i modifving Ine styles and marker shapes, meorporatng. ammotatons, adpustmg. lezends. :
1'-:1-’ apphme color pakettes, and even creatine mteractne or 3D plots, 5\
& Charactersiics of advanced graphs
" 1) Color and Style; :
-; Color Palettes: Choose meaninzful color schemes for diferemt data elements. Uss E
f: tools lke color gradsents or cateporical cobr pakties 1..r
': Line Stvies and Markers: Cistomuzs the appearznce of lmes, such as dashed or 'f
& dotted lines, and markers St data points. X
r 2) Annotations:
1"' Text Annotations: Add kbek tmles, orcaptions to ighlight mportant featwes or 'f
: provide additional comtext 3
j Armows and Lines: Use arrows or hoes wih amotatiors 1o draw attemion to f
"“ spectfic datz pomts or frends: “
-:-: 3) Axis Customiization: i
" Tick Marks and Labek: Adust the appearance of ok marks amd bbeke on both :
% Logarithmic Scales: Utilize bgarifimic scales for axes  data spans nmitiple &
:; orcders of magmtude :
:j' 4) Legend: -:
dp Positioning: Move the kgerd to 2 suable position (top. bottom. lef aght) for o
’: betier readabiite :f
i :
:;' JS5CACS 2023-24 ROOPA z‘.‘:
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

Custem Labels: Provide clear and concse bbels for each series m the kpend.
5) Faceting and Multiple Plots:
Facet Grids: Use facets: to create mukple plts based on different cateones.
nekmz 1 easer © compare subsets of the data
Amangement: Adpst the amansemem of subpbts to create 3 coberemt and
mformative - yout.
6) Statistical Summaries:
Error Bars: Include emror bars 1o show vamability or uncertamiy m datz
Regression Lines: Add regression Imes or other statstical summaries to illustrate
tremids.
7) Background and Grid Lines:
Background Color: Customize the backoround coler o mwrove confrast and
aesthetcs.
Grid Lines: Adjust the appearance of ord Imes <0 zude the viewer's ave.
8) Export amd Save Options:
High-Resolution Output: Ensure that exported graphs are of hish resohmon for
publeatins or presentations.
Save in Multiple Formats: Save plots n different formams (PDF, PNG, SVG) for

sersatilty.

Handling the Graphics Device
In advanced graphics usingor Manuallv Gpening a New Device to using three bullt in function

1. dev. new () Toopen the new device piot
2. dev. off [}- To close the device plot after completion of the task.
3 dev set () -——-- — Smitchinz Baweer Deifca to clumpe something m Device 2 without

thsm.g Device 3 uee dev. Sst

Plot customization: Advaticed piot customuation m sdvanced graphs woolves fne-tunme veval
2lements (o coimvey complEx data effectiely

Costomizmg plots i R can be done usmg vanous functions and parameters to modify the appearance
of difersnt plot elements. Here'sa base overview of how you cancustomsze plots-m R.

Characteristics of Plot customization:

JS5CACS 2023-24 ROOPA
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1, Titlesandiasbels
2.  Coiors and Symbais
3.  Adding 2 Legend
4.  Axis Customization
5. Lines
6. Annotations
7.  FiotRange
8.  Defing 3 Famodar layou
1.Tiiles and Labels:
* main; Mam ntle of the plot
« xlaband ylab: Labsls for the x and v-axes,
Example:
phot(x. v, mam="Scatter Plot’, xlab="X-axss hbel’, viab="V-axis bbel’)

w
W
v
w
g
b
w
¥
r
w
= o
w
w

output:

S Sk e

: ; kg
Scaftter Plot

05

00

NN NSy

Y oands |z

o
<
o
]
F
<
<
L
o
o
o
o
o
o
L=
=]

03

10 "

Homas labe) e

bd
=
o
@

2.Colors and Symbols: w

col: Color of the ponts or lmes. "
peh: Symbol o beused for plottme pomts.

e gt R R R Y S g e s gtttk

JSSCACS 2023-24 ROOPA
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o STATISTICAL COAPUTING AND R PROGRAMMING
o
s
i Example:
' ) . B B
.3. plot(x, v, xaxt="n") = Tum off x-axe it
¥ axs(1, at=z(1, 2, 3), bel=e(Tabel 17, Label 27, Tabel 37) i
w oyfput: <
-:r ':i"‘
b ¥
¥ = o = b
fr & S & % =
'f-l" = "L ﬁ:\-:.l ‘I.L *'-_}
w s o - r
ﬁ o g H"" ] '-:- "-'-'lr
T A M - o
o wr “ ‘f " w
o - & w
: s #
3—': T i, T i e &
w [prr—] [P ¥
“r . &
lu# = . '|:I'
o 5.Lines: b
= limes: Add mes 1o the plot ®
¥ abline: Add z straight lne. e
w r
% Esniple: w
- 4 ' g
v Imea(x v, cn‘::‘:'gem“] ablma(l=0. =0, T
g caEred”, 5=2) i'r
output: o
- = = 4 ¥
o ﬁ 3 f‘*’q% e
W H'.; i ' 1. s
i - % 3 % >
1:' . > " < *
i ) W 4 % 1
::r = o * ,; ': *
od % i % W
bod &: — G'Q 1-' ‘ﬁé *
¥ 3 % 3 - 3
e . F 3
I & S *
o fi, =g T T . o
s | 1 bl 7 2
w ¥ r
3 s
W i
w G.Annolations: 3
w o _ o ¥
e text: Addtext ammotations 1o the plot L §
W " w
™ Example o
w tr
o <
] _ _ g
i JSSCACS 2023-24 ROOPA s
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textix. v, bbels="Asnootation”, pos=1, coF"purpk”)
output:

7.Plot F.i]‘iEE:
xbm and vlim: Set the range of the xand y-axes,
phtix v, xlm=c(0. 10). vine=c(-5, 5))
olip

SDefiping o Pattipular Layout

'jfhema:g_;memE of plots m 2 snsle device usmg the lavout function wheh offrs more
ways 10 idividialize the panel mto winch the plots will be deavm

Example: lay, Mat < matrm(c(1.3.23)2.2)

i
2
g
s
r
&
w
b g
g
- g
-
w
w
w
w
g
g
w
r
g
%
€
£
g
b 2
o
vr
or
i
T
w
o
o
r
b g
b g
W
w
4
r
o
o
¥
b+
b
e
W
v
w
w
w
¥
e
o

[ay. Mat
L1112]
i ot 2
] 3 3
layout{mat=fzy. Mat)
JSSCACS 2023-24 ROOPA i
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

layout. show(r=max{lay, Mst})

Output:

Plotting Regions -and Margins
Definition. Regions are arsas of 2 Mmmab sraph that can be resged, relocated. and Srmatted
with color, 8ll pattems; edge e types, and morte.
= The figura region is the area that contains the space for your axes, their labels, and
any titles. These spaces are also referred to as the figure margins.
e The outer region, also referred to as the outer margins, is additional space arcund
the figure region that iz not included by default but can be specified if it's nesded.
o The margins of 3 plot can be customized with the mar graphical parameter. These
_g_raphical parametars are vectors of the form c{bottom, left, top, right), whers
gach element reprasant the margin of each side of the plot (in margin linez or In
inches). Note that you can accass the current values with par{"mar").
For any smole plot created wine basz R maphics, there are flwee remons
that maks up the mage:
1. plot region: The plor region 5 all you've deal wih so far The &
where yow actual plot appears and where you'll wsally be dmwing
vour poms, lmes, text and 30 on The plot region uses the wser

JSSCACS 2023-24 ROOPA
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STATISTICAL COMPUTING AND R PROGRAMNDMIING

coordinare system, whith reflects the valie and ssak of the hormonial
and verteal axes

Figure region: The figire region & the area that comtamns the space
for vour axes, thew labek, and amv mles These spaces are abo referred
to as the ficure maroins.

P

3. outer region :The ourer region, abo referred 1o as the curer margins,
#5 addmional space around the fioure regon that & not mcluded by
default bur can be spec-tfied f £'s needed

1.Plotting Re;inm: Use rectto draw rectangles or regions on a plot
Fxample:
# Draw 2 tectangle from (1, 2)t0 (4, 6)
plot(1:10, type="n") = Create an empty
plotreat{l, 2, 4. 6. coEhightblue”, border="blne")

output:

Al

IR E
|

T ¥ T L
= ) = = 1

——
2 Plotting Margins:: Marem = the space berween the chart border and the
camvas bordes. You can set the chart pmarems on dny ons of the chart's four sides:
Adjust the margine usmz par{mmr= ). The mar parameter specifies the mmarom swes m mches
(bottom. k&, top. nght).
par(mer=c(3, 4, 4, 2)) £ Setmiargine (bottom. lefl, top, rohr)
plot(1:10)
oupm
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= 4 = =
an
o3 — oo — LT
e
=2 w — | = & = L
—_ o = o
o
. — - ] o
C3
T T T T T T T T T T
2 4 B i 1w 2 o 1 1] EF]
'In-rfl'l:'rr 'II‘I_IFI'E'.\

Special built in function using plot regions and margins.
L.mar (margin lines)

By defult parimar =¢(5, 4,4, 2) < 0.1).
Nate that the 0.1 s Just for adding an extra space to fit everything inside the piot area.

Ling 3
et =4 & .9 LLiries 2
iinn 1
Liriey £

Lirg 3
Lirn 2
Lirs ¥
Lirm &

=
+
"!r' -
Ex =
E i
L
i
L
= T
BE
umaa =
bﬂi
e 2 fmaif1] = 8« 3
NG

»  The margin Inmargin lines with oma. The outar marging are spaclally useful for
adding text to'a combination of piots.

e Tg accessihe cument outer marging with par(“oma"}.

In the examgle we set

parfoma =¢(2,1.2.3)+0.1%

50 two Imes are disphved below the plot one on the ki, two on the top and thres on the

nght

Output:

JSSCACS 2023-24 ROOPA
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o

* T

‘:‘r At aiging irm i E=Y

1:_"--

| J ¥
w W
w i
o o
"y b 4
w g
w i w
* e o oo ﬁ'
ik Ei i
% S o
'ﬁ ). £ == *
w Bxample: w
te . . w
t par{fomz=c(1.43 2).mar= 2
f_; 3:7) R> pht(110) g
w e o
s B> w
» box{"fizure” Iy=1) w
<r _ b
% R= W
% _ 1
i box"outer” Iry=3) 1
" g L
L Oupat o
bd ¥
o Dotar (Rgeon manging 1r
<% oma | vt
w : or
- ' w
; e | i
w W
¥ o = e
* = & L, ﬁ,
i g : ¥
* - = : *
w o . wr
’r a = o -] i %
o - a : ¥
- g - ° ; ¥
L o - %
" L : T
" 4 " ! r
¥ T : %
vz 2 4 8 & W * ¥t
i -‘ : ¥
e LIETE SOy | STECISPTET S e
' 4 w
" w
o Note:The praplucal parameters oma (owter margin) and mar (fzure margm) 'L:'r
© aewed © comol these regions and magins Ike mirow, they are mitialized 2
% w
W o
¥ JSSCACS 2023-24 ROOPA o
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STATISTICAL COMPUTING AND R PROGRAMMING

throuzh a call to parbefire youbemn to dmaw any few plot
31Defunkt spacingidefault fisure margin settings with acall o parin R

‘Exampla:

Lpan jSnms

[tloGoD

2. par()Snur

51414121

bere that omz=c(0, 0, 0. 0)—there & 10 owmer margm set by defaule The default

fioure: margm space & mar=oi3 1 4.1 4.1, 2 1}—m other words, 5.1 lmes of text
on the bottom: 4.1 on the kf and top, and 2.1on the nohe

3.consider the mage on the keft of Figure 23-4 creatsd ma fesh graphics
device -with the followins:

nloi(1:10)
honwheh="figure” hv=2)
i
2 4 5 1 24 5
o : i
o — =] l o = o]
< | -2
= o 1S o - e
- -] :..'_' o
= - o I = — L=
Q | Q
& : &
1 ] I 1 | : i I i | I
2 4 b B 10 ! 2 4 b B 10
|
|
Indeax : Index

4.Custom Spacing: Let's produce the same pbt but wih tailored outer marzins 5o thot
the bottem. left, top. and nght areas are ons four, three. and two hnes, respec trely.
and the fiure margins are four, five: six, and seven lmes

Example:

par{oma=c{] 4.3 ) mar=4:7)

w
'y
W
W
r
b g
w
¥
‘1.

w
w
w
w
w
w
'

v plot(1:10) wr
o e
v o
w JS5CACS 2023-24 ROOPA w
A e T T o e oy



U T Yr S0 9r S Oy Y v Yo O Yo Y v Or 9 v ¥ ¥ e Y o v o o o o o o o o S S Sl oy
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o

vr

fr box("fisure" tv=2)

1 . £1iiy ) *
T box{"ouer ', tv=3) &
w ¥
v _ “
2 mtext('Figure tegon margms nmar] ] we=2) <
; miext("Duter region margins noma| - Jme=0_3 outer=TRUE) i
v W
w . *
-\;""r- D'“-tp'ﬂt: w
-‘_lr [....._............_......._............_....._._._,........._......_._.........__._.... S ...-::r
& ; Outer region margins v
e omal | W
e préesstessssrsitassias. i W
s Vo | ¥
s  Figure region margins &
w ; mar] | L
W ' o
. : W
e b ! W
o F oo ¥
% 2 @ "
% o #
ir E ™~ { £
¥r : i o
w ' 2 -
o ) W
* e ndex ! W
v ' )
o i w
'-.t provide the fext you wam wnntén m a3 character stnne as the first g
W armument, and the afgament Ime mstructs: bow many lines of space away ir
g from the iside border the text should appesr 2
o 5.Clipping: - i
o Comrolling siipping allows you to dmw = or add elements to the nar gm regions wih 4
‘-}: reference to the user coordinates of the pht i
w Example: w
b4 4 . '5‘.'
b # creafe margm around plot ¥
o ¥
v par{mar = ¢(3, 3, 3, 8). xpd =TRUE) r
w b 4
" 4 b
W = : 2
ol = Draw scatier plot e
* plotisample_danSx, sample datsSy, col=sample dataSzraup) %
" 1 ™
w o
" o o W
e # Draw legend U
o w
¥ | %
W JS5CACS 2023-24 ROOPA i
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=13)

Output:

legend(topright”, mset =c(-0.3, 0.1), legend =c{"Grotip 17,'Growp 2, pehi=ci11,12), col

e’

B Gaap
L T

Point-and-Click Coordinate Interaction:

: M

e R g o X - = R T IR R R T o Y -

JSSCACS

‘ocdinates

thi-
s The kcator command allows you to find and refum wser coordimates:

e Tosee bow o works, first execuie 3 call to plot(L.1) to bimg uwp asmpk pbtwith 3
smele pomt m the muddle

o To we beator, you sumply execute the fnction (with o ‘arguments for default
behavior), which will “fanz™ the comsole. wihout returning you fo the prompr

Pomt-and-click cootdmate mteraction m a'graph refers o the capability for vssrs to miteract
with pbtied data pomts by clekms or-hovernia over them to tneser specifc achons or o
display addsonal mfsrmation relited to those ponits,

To use the beator() functon for pont-and-click coordmate mterachon Ths fincton
allows vou to chick on'a piot, and ¥ returns the coordmares of the point wheteyou clicked
Under npreal cieumstances. B con read mowse clicks you nuke oside the
dovice.
Featurs: of Point-and-Click Coordinate Inféraction:

| Reanepre. Cooedinge Sty
2. Vismlizing Selected  Coordimates
3.Ad Hoc Annotation

2023-24 ROOPA
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i STATISTICAL COMPUTING AND R PREOGRAMMING
or
v
i Example:
v plot(1.1) !
3 lncatort) o
'.:I' S‘x .:‘:
" [1] 08275456 1.1737525 1.1440526 0.8201909 *Ir
- Sy *
= [1] 11581705 1.1534442 0.0003221 0.8630254 &
i 2 Vismlising _Seected Coortisites ol
fr To =e bcator ©© plot the pomts you select as egher mdividual pomfs of as lines e
Yr Example: o
o plot(1.1) 3
:; |t =- beator{tvpe="0" pel=2 =2 hwd=3 col="1ed" xpd=TRUE) R= :E
14 it w
w W
w Sx w
wr g
o [1] 05013189 0,6267149 0.7384407 0.7172250 10386740 12765699 ._-:
o [7] 14711542 1,2352573 1.2220592 0.9533434 10453300 1.0091401 :_
4 ¥
o % w”
e [1] 0.6966015 0.9941945 09636752 1.2819852 1.2766579 1.480127 i
¥ g . e
= g I_] 1.2439071 0.9630832 0.7625887 0.7541716 0.63045190 0.9618461 o
¢r o, : . i ) '
o o Drawing using ocator requires you o speaify the plat type, Jp
,: «  Selecting nype="o" {u5 opposed © e silbent defal, ppe="n") & what produces ‘r
v o
) the overported points and lines: i Figure 23-6. For just poims, use type="p": [or v
.Ir z [ T i LTI '.'-}
ra Just Jnes, wse type="1" i
o 2. Ad Hor Aunstafion i
o The lbcator fimcuon 2ko allbws you 10 phee ad hoc ammotat:ons.. such a2s koends, L
I on vouwr plot—remember. smee locator retums vald R user coordinates, these ‘*:-'
= results ean dwectly form the- poutional arzument of most standard -ammotation ol
d fimctions: o]
L e Eame ;
o phtlsureviHeight=survey§Wr Hnd peb=16, col=c{"grav™ "black” )[as. numenc{sursav :
I-'. 1 : ‘H
e Seyl], wab="Writing handspan" yvlab="Height") %W
:; s lecend{locator(r=1) lesend=levek(surveviSex) pelr16. cole( "aray”, "black ") b
" b o
T OUTPLT: v
W T
k- w
e W
7 '
" g 'y
v o
o or
';.l ":;h'
W JS5CACS 2023-24 ROOPA o
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8 - =

- -
= - = Famale £ 126 8 wn 2 w
-— - RAais g - F W
- St S m e >
2 - - Tes mrmp, g - - 2
-'l% . & -x’ & .-. - ;
= - - - - - =
r - * e -L - - - - - -
— - 8 > t'. - Be- = _ - - o
B - Wy g *
2 S &
- = - - ';Ilr
2 - - 4
T T L B3 T I::.'
14 16 18 z0 22 &
Wiriting nandspan <r
w
Customizing Traditional R Plots: W
» customiize traditwnal plots extensively for mstanre, i a scafier pbt you can adjust the w
cobss, sizes, shapes of pomts, add hbels, change axes’ appearance, ttles, legends, and -:r
much more usme varous fimctons withm the geplot2 package oreven base R graphics ?:r
i
* Customming tradeonal R plots smobves moddyine vanous aspects ofthe plot to make <

it visually appealing and mformative. To cistormize different slemsots of 3 plotm R

Types of cstomizing Traditional R Plots
1. Gmlyd Pomees fr S5l ol Supeten

T

Cisroiinnz B
3. Cittmngs A=s
I} Grphicl Pametes for Shle asd Swpresion

Graphral paameters m R managed by the par() fimetion, allow you fe comrol vanous aspests
of plot appearance and Byowt They emzble custommation of plots by modifiing parameters
such 2s marpme, axis appearance; ©X sizs; colors, and more.

‘Example:

hp < mtcarsShp

Mipg < mtcarsSmpg

witex <- micarsSwi/mean{micarsswr)
plot{hp,mpe.cex=wics)

plotlhp, mpeees=wicew vas="1" . vaxs="|")
OQutput:
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wRHWY

ﬂs'\uﬂl*\nt«np

ROOPA
r i A AR A A A A

L B |



2r Yr Sr ¥ ¥y 9r 9y v v o Yo vY v < ¥ v ofr ¥ ¥ o o ¥ ¥ o o o o o o o S o A fe o
STATISTICAL COAMPUTING AND R PROGRAMMING

H . o )
g _ X |

o8 ) b
2o ’

wo_ 8 § Dg° ¢
] | Ilr-wk'I I I
100 150 200 250 300

hp

o kbt's plt MPG agamst horsepower (fom the madv-to-use micars data set)
and st eéach plotied pomt o be sized proportenally to the weight of sach
Car,
¢ This plot is almost the same as the defult, but note now that there’s no padding
space at the end of the axes; the most extreme data points =it right on the axes.
2 Custemizing Boves:
“To add 2 box speaific to the cument plot region m the actve graphics desice, vou wse bax
and specify #s Type wih biy.
boxa(bty="u")
Example:
box(biy="Tly=2.col="gray")

R 8 o ap L a B SV I R L R B R T S AP 0 o (I 3 E eI ap ey

output:
i . 5
:g i ;i [} ﬁ w 3 N . % D& "
. g ":E — L] o -"m? (L5
o )
Vamous b= cefizumtions added o te micars scatterplot
JSSCACS 2023-24 ROOPA
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=

Lk R e g g T R Rk o - R R R L

w

s The bty argumemt & suppled a3 smole character: "o (defmlt), T 77 "¢, ",

" ar ‘0", The help flo emy fr bty

s The resulting box boundaries wall Sllow the sppearance of the corresponding

uppercase: lener, with the exeception of “n’

3.Customizing Axes

The axis funton allows vou to control the addiwon and appearance of an axis on anv of the

four sudes of the plot region.

The first argument i takes & sde; provaded with 2 singk mteger: 1 (botom), 2 (leff), 3

i

&

PO T T o 8 T

(top), or (nght).
Syntax: ol
axis(side, at=NULL, labels=TRUE] W
Parametars: :':t
side: it defines the sile of the plot the axis & te be drawn on posshle wlues such as .
below, fff above, and ngin ”
o
at: Pont to draw trk marks &

Example:

x=-13;v=x"x

plotix v, axes =

FALSE)

% Callmg the axs() fancoon'
axi(side =1,3t=15 hbek =
LETTERS[1'5]). axs(3)

Output: Output:

JSSCACS
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5

o R AL R d kg - R R i R R R R

-

Ry

-

R

i 2 3 d 5
[ L § & ]
=
L&
=
(4]
[}
o
¥ L ] L3 L]
A i [ = o E
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Specinlized Text and Label Notation:

Immediately accessible ook for comrolling foms and deplaying -specal

motation. stch as Greek svmbols and matematic al expressions
Feattires of Specialized Tést and Label Notation:

1 Font:

The dﬁphyﬂi fort 5 controlled by two graphical parameters Souly for the:
specific font Sy and fore, an mteger selector for comrolling bold and galic

typeface

* Asailable fores depend on both your operating system and the graphics
® Thres zenetic famulies— “sans” the defult “serf. and “mone’— are

alivays available

s These mpaxe&w:h the four possible vales of fommr—1 (normal texs, defoub), 2

(bold), 3'(sabc), and 4 (bold and falic).

Example:
parfmar=e(33.13)
‘pltf 1 1 ivpe="n" alim=e(=1 1) ¥lim=c(0,7) saxi="n" vaxi="n"Sna=F AT SF)
texi( 0,6 label="sans text (d=fanlt) nfamit—"sans", fom=1")
text(05 abel"senf textofamiv="serf ", foi=1" fami="senf" fom=1)
text(04 Bhel"mono text nfamiy="mono ", for=1", fami="mono" fonr=1)

tent(03 abek"mono  text (bl gale) nfamily="mone ", fout=4", fami="monc" font=4)

OUTPLT:
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i

ir

some different fonts

sanS oAl (delauln
tamily==nana™, font=1

el lent
'H.I'Im:"? 'H:{!f' « Tomi=1

ey TeewE
rfamily="mono- , Tono=i

mons toxwet [(bold,., dtalich
Famild y="mone", foot=d

SaryEtaxt [ialic)
farmily="zans", font=3

w
'y
W
W
r
b g
w
¥
‘1.

w
w
w
w
w
w
'

seril test ( bk w

Famibly="weril™ , font=2 s

w

r

-

Displaving fent stvles through use of the family and font graphical parameters i

2. Greek Symbols

Greek symbols or mathemancal H:Ef.hlp'

Example:

par(mar=c(3,33 3))

ploti 1, 1ype="0" xlim=2(-1 1)y lim=c(0 5.4 3) saxt="n" ¥axi="n", ani=FALSE)
text((.4 lahelexpression(alpha) cex=1.5)

texi(0.3 label=expression(paste("s1pma- "sigma."Sigma: “Sigma)), Lo
family=" 'mome'cex=1.3)

texi(0 2 bbebexpressonipaste(beta,” " gamma,” " Phil)cex=15)
textr:ﬁ,Mﬁbtl:emwﬁsmmpasie{(}mm”(ﬂmm”] =312 when “tau’ = 37,
family="serif cex=1.5)

ttle{ maw—expression{paste( "Gr " epsbon epsilon k")), cex main=2)

R R R B L k- g R R T Te =

Ouiput:
w tr
s s
< 4 _ o
o g BEE&.@ 202324 ROOPA i
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Greek

a
sigma: oSigma: X
By @

I'(tr)=24 whent=35

IMathematical  Expressions:
Fommatting entre mathematical expressions to appear m R plos & 3 bt more
complicated and & remuniscent of wiing merkep lbnguages

To create the mage, Thrst defmied fowr expression objects as dllows:

Example:

exprl <= expresson(c” 2=a[1]" 2-b[1]°2)

exprl < expresson(paste{pi” (x{1]} (1-pn"(z-x[i])))

xprd < expresson(paste ‘Sample mean” walic(n)” (-

1} sumistabie(x)[nalic(s}], dabe(y=—=1. dabcin})

=fac(ialie(x)[1}=. ~tale(x)[italie(n)], sabe(n))))

prd < expresson(pastel" Ex°. " alpha."," beta, ") ==frac(x" (alpha-1}~( 15" (bata-1),

(aipha beta))).

o R AL R d kg - R R i R R R R

W
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Math

(1 — x)t

L X4 ¥ -Np
Sample mean: n "2 x,= = -
=1

m— T {_1 ‘—KJ“"_1
B(o. 3)

Esamples of tpesenng mathemaziical sxpressions R plois
Defining colors and plotting in higher dimensions:
Colors:The colors using vamous methods, such as specdyme mamed colors, hexadecmml
color codes, RGB vales, HSL valies, amonz others The chore of color represemation
depends on your prefrence and the context of yowr visualization
1.Named Colors:
R provides a range of named colors vou canwse drectly. Some-commen ones mchde:

= Rad: "red"

* Bl "blue"

s Green "g‘m_gn"

. Yelow: "yellow

« Bhck: "black"

. Wh:n'_ “swhife "
2. Hexadecimal Color Codes:
Hexadecmu! calor codes are 2 common way to define colors. They comsist of a # symbol
followsd by a comibmation of sst characters: (0-% and A-F i represenimg the mtensuy of red.
areen, and bl (RGB) chaninsls |
Tor example:

1 Red: "ZFFD000"

JSSCACS 2023-24 ROOPA
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5 o

j 2 Geeen "#00FF00"

e 3 Bl "#0000FF" ky

od 4 QOtange: "#FFAS00" f:

i s Pupl: "#500080" 2

Y 3RGB Values: i

W You can define colors usmg RGB valyes, specifymg the mfensgy ofred, green aed biue channels: ‘-}"
mdryduzlh wehm the range of 0 fo 1 e

1 Red: rebfl, 0,0) x
2 Green rgh(0,1,0) W
3. Blue rebio, 0,1) j
4 Yelow rebl, L 0) w
5. Purple: rgb(0.5,0,0.5 '.:‘I:
4.HSL Values ~

HSL (Hue, Saturation. Lightess) 1alies can also be used 1o define colors. The hue valie reprasents
the color ((-360), saturation represents mtersiy (0-1), and ightness represents the brighiness (0-1),
For example:
1. Ead hsi(0, 1,0.5)
Green: hsl(120, 1. 0.5)
Blue hsl(240, 1, 0.5)
Yellow hsl(60, 1, 0.5)
. Purple: hal{300, 1, 0.5)
Example:
= Using diferent color représentations m 2 plot

I

ol

i

my- € <= "red”
plet(1:10, ‘colmy cdbor. pel16)
plot(1:10, col="hle", man ="Named Calor)

my rgb cabor <-reb(02, 0.5, 0.8)
ploti1:10, cobtny reb_color, peb=16)
plot 110, col="FFAS00" mam = Hesadecumal Cobe')

my_ hex colbr <- WFFASOQ" # Orange
plot{1:10, cobEmy kex coler. pch=l6)
plot(1:10, col=eeb(0, 1. 0), mam = RGB. Color”)

R o e R g g St e

g R T S S S R R

W w
I 4
il . - g
% plot(1:10, sol=1hsk240, 1, 0.5), main = "HSL Color”) o
O w
o o
W o
7 g JS5CACS 2023-24 ROOPA i
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L

W
i OUTPUT!
l‘r ‘l
- 1 NMamed Color i
-l-.‘r . I"I-
= = o [T
!.r &% I:.‘
4 o - "
o = or
v w = i
w b w
w = 7 v W
'\' ‘-. ‘I
# G = W
w = L
o T i | T ; ?r
vy 2 4 5 i 10 w
" W
i Hexadecimal Color <
..:r = *
W W
W o o
s W
wia - w

v
-

;- o = "
" - "
¥ ' *r
1r | I 1 1 I b

< b 4 o B 10 e
o 4 3

1 r
-" ¥
W RGB Color 1
w o ] w
v s w
" i
r o — -

o w
t-'r o — r
' g w
W = w
* -‘ir
- o - *
Il I:-"‘
2 ] 1 i 1 T o

.:: =2 A & 8 10 s
w 4 o
; Plotting in higher dimensions: =
f_f Plottmz 1 hoher dmmensions ofien smolves techmaues ke 3D plots, color mappme. fHest ‘:
k4 w
o grels. or even migrmctive vismlizations © represént more than three dmensions effecively o
7 '
w ¥
¥ o
o o
‘.l: ‘.‘;'

7 g JS5CACS 2023-24 ROOPA i
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Characteriztics of Plotting in higher dimensions:

1 Red-Greea-Blue Hexadecimal Color Codes:

o Tospecifving colors m plots, your mstruction © R so fir bas been oven ethet m

the form of an mteger value fom 1to §or as a character
s Onz of the most common methods of color spectfication = to specdfy different
safrations ot jprensirier of three prmmariss—red, green and bhue (RGB)

Example:
1 palstte()
[1] bhck” “r=d
(] velby™ ey’

meend”' b

* omn'  maEna’

The colarzument kts you select one of eht colors when you supply & an mieger fom

108

2 reb{ticollreb(c( "black" "oreent” "pmk™))). maxColorValne=255"

[1] £600000" 200CD00" “=FFCOCE’

2.2D Plots: 2D stands: for 2-dmensionz] and 22D lme 15 a Ime that 5 mowed m 2-
demensions. A lme m 2D means that we could move m forvward and backward directon buot

ako m any dirsction fke B rige, up, down

Scatter Plot:
Using basic plot()
function x = i
l::inm;[lﬂ{l]
v =- morm(100)
plot(x, v. col="blue", pch=14)
el
" - = - i - - % =
. ‘- = "'- .“:_‘. .:I :‘.-' o
R e :‘-I‘ '::‘:-.::-t-' - . -
= : : -9 - -
i" | |Ir i = J

3.5urface Plot: Sirface plots are dooems of three-dmensonal data Rather then showms the
mdrdual data poms; swiace plots show a functoral relatonshyp between 2 desgmatred

JSSCACS 2023-24
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dependent warable (Y), and two mdependent varmbles (X and Z) The plot & acompanon plot
to the contow plot rd

Example:
x < seqf-10, 10, %
" lensth=100) v < s#g(-10,
T 10, enath=100) A
W z<-ouer(X, v, fimetionix. ¥) smisgri(x*2 —v"2)))
g perspix. v, z theta=30, ph=20, coblishiblee”, shade=0 3) o

vy output: W
12 W
w W
o &
W w
'-If ':.""
" *..‘:'
g g
o REPRESENTING AND USING COLOR: e
’r * O of the most common metheds of cobur specification & o specili differeat <
saturations or menstes of three prmanss—rad, oreen, and blue (RGBl—wlech are
v then suxed to form the festlting tarset cobur i
= o To express these valies m (R G. B) order; the result & commenly referred w asa ;
w tnplet  For exampk. (0:0:0) tepresents pure black, (2535255:233) represents purs b
o W
Vg white, and (0:255.0) = fall zreen

v 1.Palette():Apalette m Ret = simiply abult m finction holds the few  colours: 2
Ty Fﬂkﬂfﬂ e
v [1]"aek™ "red! oreen3" 'Blue”  evan' “magenta" "velow"
(8] “zay
1.Defining vour own palettes
I» If vou want to make your own palette. vou can just create your own vector of colowrs. <

W Example o

v tﬂhﬁ = F.("#;L?,.'_&T.:tjnf "wmﬂ, l#mm“. .“fﬁﬂﬁ_tgﬁ_ﬂ.n",-"gﬂ'ﬁ“) e

1% hist{discoveries, col = colors)

5 o
7§ JS5CACS 2023-24 ROOPA g
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OUPLT:

Histogram of discoverion

(14

w
W
v
w
g
b
w
¥
r
w
= o
w
w

; 1 4 ll ] 12 [ ¢ ]
_ 1
2 Built-in  Palettes

» Bemgz able © mplement vour own ROB cobrs 1 most wseful when von need
many colors, the collection of winch & referred to a8 2 palefie.

o There are a mmber of color paleties bk =mo the base R aitalla- ton These
are defined by the functions rambow. heatcolors, terram colors, topo.colors,

S Sk e

e gt R R R Y S g e s gtttk

cmcalors, graveolers, and oray 1.‘:
Exanmle. e
N < 690 v

i

thow = rambow{N) w
heat < keat calors(N) g
terr < terram colors(N) ;
Tope <= mpo.m‘mg{ﬁj vr
em < cmcolors(N) Y
oyl < gav.cobrsiN) %
a2 < grayfkieloseq(D.1, length=N) x
devnew(width=8 height=3) ¥
par{mat—c(1.8.1.1)) "
. . <&

plot(1, 1 xhm=c(1.N),vhmw=c(0.5.7:3), vpe="0" . xax="n", yax="n"_anr=F ALSE) &
pomts(rep(1 N J}__mp[? leack=N ) pelk=l ?.EtFJ,ml:c(EHnw;hﬁa};Hmmpﬂ;tm_gr}'ltg'}‘l] ) ‘%
r

OUTPLT: ¥
...:.r

w

s

¥

i

. w
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-5,

et

Showrasme the color ranses of the budt-mn palenes; wih defauk lomts vsed m zray colors.
3.Coler Paletres:
R provides color pakmes that allbw vou 1o use a sequence of colors.
Example:
#Example wsmg acolor pakte
colors <- rambow{10) # Generates 10 calors ofthe
rainbow barplot(1.10. colwolors)

output:

TR

- -

-

- i
II

[ W -

4. Color Functions:

R has finetions for creatms color sradents or mterpoliting colors.
Example:
brari{RColorBrewer)
colors =- cobrRampPalette (brewerpalis.
"Blues"))(10) pe(rep(L. 10), colrolors)

JSSCACS 2023-24 ROOPA
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outputi:

5.Color Scales:
R-;s‘agpnrts varous color scales, ke vindis, masma et
Example:

Fbrary viridis)

plot{1:10, cob=aredss(10), pci=16)
mltpﬂ.

- -
=

m-— L

o
i -
- I
_ ] ¥ 1;

Frivd

3 ATITER PLOTS::
ereating 3D scaperplots, whreh albw you to plot raw observations based on three

confinuous vanables at once; as-opposed 1o only two m a comventional 2D seaterplot

s 3D scatterplots allow vou to plot raw observatons based on three comtrmous
vansbles atonce.

» The symax of the scatterplosid finction & smubr 1o the defult plot fineton

* Inthe btter, you supply avecior ofx- and v-axs coordmates: m the fiomer, vou
merely supply an addinonal thwd vector ofvakies provdme the z-axs
coordmates.

Syntax:

scatterplot3d|x, y=NULL, z=NULL)

JSSCACS 2023-24 ROOPA
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or

4

{r %, ¥, zare the coordinates of points to be pletted,
:: Exampla:

j scatterplot3d(rel.1 3], mawre="3D Secaner Plot", xhb ="Sepal Length(cm)”, vlab = Sepal
‘ Wudth (cm)", zZiab = 'Petal Lensth (cm)”)

" 3 Output:

".
b |

!
w
‘.“:
wr
w
w
b
w
i
-
b

r
o

w
w
™ Lo ool o
r
L
L
f‘-
-y

3D Scatter Plot

-
b

3
[
o
Sepal With fom)
v

Patal Length (om)
r -
(=]

Sepal Lenglh (em)

Packages Using 3D scatterplot
e Creatme 3D scaner plots 'm R can be acheted usine diferent packaces
»  Or= popular packase for the purpose s scatierpbi3d. Here's a bask oanpk of

how 1o create a 3Dscaner plot peme this packape:
Exampla:

=Install and Iniad the scatterplotdd. package
mstall packages( “scatierplotd”)
braryiscatieplotid)

= Generate some random dam setssed( 123)
x <- mom 100)

v =-momm{ 100)

z<- momy 100)

R o e R g g St e

g R T S S S R R

1

m.
%5

# Create a 3D scatter giot

j‘"..
v

\o's scatterplot3d{n. v, z colb="blue", pch=16, mam="3D Scatter Plot") vy
w tr
s <
o n'e
i JSSCACS 2023-24 ROOPA W
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OUTPLUT:

3D Scatter Plot %
W
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Fifth Module Questions: *r
L Two marks Questions: o
1.Wiat & smipk Imear regresson <%
2Defme plottmz remons and nargms; vr
3. Wikt 5 1D scatier plots. ' ¥
4 Define regions and marems: ¥
5 what are all the specisbmd text i
Il  Three marks Questions: il
1. defme smple Imear recression wah example b,
2 What 5 prediction? Explaun predecton (confidence mierval Wr
3 Exphim glot customzation ¥
4. Dsscuss: specibzed texi and bbel notation -:~
5. Explan 3D scatter plots i
O  Five marks Questions: i
1 what 15 smple Imear reresson m detal i
2 Egplin piot csfomzation s
3 Defmmg colours and phbttme = higher dmensons. i
4. Wwre arprogiam 0 create an amy appheation of bvear regression m rlvargte :f
comtext for predicine purposs. ' o
3 Explm represemmg and usme colowr 2
IV. Ten marks Questions: rd
| Discmss smple Imear reoression vr
2 Bnefly explam Mult bnear regresson w
3 Explun plottng regons and margms. W
4 Explain cstomizmg tadeons] R phts. W
S Exphm 3D scamer plot m details ‘-:'f
:_'_:.
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