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RAGHAVAREDDY

RAJOLIMUCH] VA 22001A051

——— T el
33001A0516 [a. Definin

g user defined classes and
operations, Models and methods in R

s environment
b. Customizing the users env

7 |a Least Squares Estimates
b. The R Function Im
¢. Scrutinizing the Residuals

SETHU REVANTH] 22001A0520

a. Tables, charts and plots

b, Univariate data, measures of central
tendency, frequency distributions,
variation, and Shape .

¢. Multivariate data, relationships between
a categorical and a continuous variable

YENUGA TEJESW{ 22001A0521 {a. Write Demonstrate Statistical functions

inR

b. Statistical inference, contingency tables,
chi-square goodness of fit, regression,
generalized linear models, advanced
modeling methods.

AVULA VENKATH 22001A0522 [a. Viewing and manipulating Data

b. Plotting data

AMBAPURAM SIR] 22001A0528 |a. Least Squares Estimates

b. The R Function Im
c. Scrutinizing the Residuals

NALLABHAI DHA] 22001A0529

Demonstrate the range, summary, mean,
variance, median, standard deviation,
histogram, box plot, scatter plot using
population dataset

PATTEM BHANU § 22001A0530

a. Viewing and manipulating Data
b. Plotting data

o

N
o

B JYOTHISHA 22001A0531

SANE PRABHAS R} 22001A0533

a. Relationship between two continuous
variables — covariance, correlation
coefficients, comparing multiple
correlations.

b. Visualization methods - categorical and
continuous variables, two categorical
variables, two continuous variables.

15

g
)

MADDUBAIGARI | 22001A0534

a. Multiple regression

a Conditional statements

b Bias-variance trade-off - cross-validation

24

VANKAYALAPAT] 22001A0535

b. Loops and iterations

15

25

BOGINI ANITHA | 22001A0536

a. Reading the data from console, file
(.csv) local disk and web
b. Working with larger datasets

26

Y PREM SWAROO| 22001A0537

a. Null hypothesis significance testing
b. Testing the mean of one sample
¢ Testing two means

15

27

28

POLI SIVA NANDU 22001A0538

a. Muluple regression

a. Viewing and manipulating Data

b Bias-variance trade-off — cross-validation

15

PEDDAPALYAM R 22001A0539

b. Plotting data

29

a. Tables, charts and plots.

b. Univariate data, measures of central
tendency, frequency distributions,
variation, and Shape

¢. Multivariate data, relationships between
a categorical and a continuous variable

00 1AL

2

SIBYALA PREETH

001A0

PR

THOTAPALLI SRE

30




i

SIBYALA PREETH]

22001A0540

30

THOTAPALLI SRE

Demonstrate the range, summary, mean,
variance, median, standard deviation,

histogram, box plo, scatter plot using
population dataset

31

22001A0542

a Relationship between two continuous
variables ~ covariance, correlation
coefficients, comparing multiple
correlations,

b. Visualization methods - categorical and
continuous variables, two categorical
variables, two continuous variables,

32

HANUVARI GRAC

22001A0544

a. Reading the data from console, file
(-esv) local disk and web
b. Working with larger datasets

33

HALAHARVI SUM

22001A0545

a. Viewing and manipulating Data
b. Plotting data

34

CHINTHA JAYANT 2200140516

a. Multiple regression
b Bias-variance trade-off - cross-validation

4

35

BAINENIKEERTH| 2200140549

a Multiple regression
b. Bias-variance trade-off - cross-validation

CHOPPARA HRISH 22001A0550

a Write Demonstrate Statistical functions
mnR

b. Statistical inference, contingency tables,
chi-square goodness of fit, regression,
generalized linear models, advanced
modeling methods.

37

CHANAGANI NEE

22001A0551

MALLA THARUNI| 22001A0552

a Conditional statements
b. Loops and iterations

38

a. Perform tests of hypotheses about the
|mean when the variance is known.

b. Compute the p-value.

¢. Explore the connection between the
cﬁliea!region,ﬂ\emmisﬁc,mmp-
value

39

RAMPOGU HADA

22001A0553

a. Reading the data from console, file
|(.csv)locnldiskmdweb

b. Working with larger datasets

40

DUDEKULA MAS(

22001A0554

b. Univariate data, measures of central
tendency, frequency distributions,

. Muhimin:dm.rdutkmﬂnipsbetwm
|a categorical and a continuous variable

|.. Tables, charts and plots.

41

NEELURU PRAVE

2200140555

aNuIIhypuluissigtdﬁuwemﬁng
b. Tuﬁngﬂunmofmunple

PALAGIRI PRASA]

c. Tstiggtvmm

42

22001A0557

1Nullhypuhesislimiﬁuneemu
b.Tmingmenmofmewnple
. Testing two means

43

VELIVELA SRINIK|

22001A0558

&Rcadingﬂndﬂaﬁumemle, file
(.csv) local disk and web

TALARI VIJAY KU

22001A0560

14




9, 3 5 <

a. Multiple regression odidationl 1 _l

—~ Cros
- b iluas-\armncctradcnff cro

SHAIK MOHAMM]Y 23005A0501 |a. Multiple regression
L b. Bias-variance trade-off - cross-validation ‘

a. Reading the data from console, file j s 3 4 15
K KALYANKUMA] 23005A0502 |(.csv) local disk and web
47 b. Working with larger datasels a : 14
W o a. Use the scatter plot to investigate the 3 J
a8 PALAPARTHI LAN 23005A0503 relationship between two variables
a. Reading the data from console, file . P 3 3 14
BUJULA KEERTHI| 23005A0504 |(.csv) local disk and web
49 b. Working with larger datasets : " Vi
. - S a. Linear models 3 5 3
50 SHAIK ABDUL GAf 23005A0505 b. Simple linear regression &
lot to investigate the 3 3
- NALIKUSUMA | 23005A0506 |* Use the scatter plot to investiga 3 5

relationship between two variables

a. Tables, charts and plots

b. Univariate data, measures of central 1 "
GAJJALA POOJITH 23005A0507 |tendency, frequency distributions, 3 5 3

variation, and Shape.
¢. Multivariate data, relationships between
a categorical and a continuous variable

2 hi
MUSALE MANOJ f 2300540508 |* US€ the scatter plot to investigate the 3 5 3 3 14
relationship between two variables

wn
w

PUTTA RAVI TEJA 23005A0509 [a Multiple regression

3 5 3 3 14
54 b. Bias-variance trade-off — cross-validation
a. Null hypothesis significance testing
C GURU MOUNIKA 23005A0510 |b. Testing the mean of one sample 3 5 3 3 14
55 c. Testing two means
a.Conditional statements
, MUDE KIRAN KUN 23005A0511 |b.Loops and iterations 3 5 3 3 14
56
Total No.of Students 56
No.of Students scored more than threshold 70%
56 56 55 56

% of students scored more than threshold marks

1000 | 1000 | 982 | 1000
Level Achieved (40%= Level 1
60% = Level 2 & 70% = Level 3) 3 3 3 3
Final CO Average Attainment for Day to Day Evaluation $OL 1 003 ] "oon | cos cos
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INTUA COLLEGE OF ENGINEERING (Autonomous) :: ANANTHAPURAMU
Name of the Department
YEAR & SEMESTER 11 B. Tech Il Sem
COURSE NAME Exploratory Data Analytics with R (SOC - II)
COURSE CODE 20A40508
Sample format for the Practical Courses External Test Evaluation (70 Marks)
I
Evaluation Criteria
Viva -
Name of Prepara ::::’; v(:;e Map F
$.No. ';:: den:h’ Roll No. Experiment Title tion | Y | analys | Marks | ped M‘"';
(20 ;"a:;:) is | ) |cos :ﬁ;’o
Marks) (15
Marks)
GUNDA POOIITH 22001A0501 [a. Viewing and manipulating
| Data 15 12 13 15
b. Plotting data 55
R SOMASEKHAR 22001A0503
a. Write Demonstrate Statistical
functions in R
2 b. St.atistical inference, 10 10 10 10
contingency tables, chi-square
goodness of fit, regression,
generalized linear models,
advanced modeling methods. 40
THADIKAMALL{ 22001A0504 |a. Reading the data from
console, file (.csv) local disk
3 and web 17 13 13 15
b. Working with larger
datasets 58
B VINOD KUMALI 22001A0505 |a. Viewing and manipulating
4 Data 17 3 1wl s
b. Plotting data 59
DABBUDUPALLI 22001 A0506 |c. Reading the data from
console, file (.csv) local disk
5 and web 17 13 13 13
d. Working with larger
datasets 56
GIDDALURU SA] 22001 A0507 [a. Least Squares Estimates
6 b. The R Function Im 12 13 12 15
¢. Scrutinizing the Residuals 52
GANGULA VENK 22001A0509 | Demonstrate the range,
summary, mean, variance,
7 median, standard deviation, 17 13 13 | 15
histogram, box plot, scatter plot
using population dataset 58
NITTURU MANQ 22001A0510 |c. Conditional statements
8 d. Loops and iterations 18 13 12 17 "




//’T—""‘"'—l

te the range:

=1 72 ] .‘\051 l Ikm‘“s"’a . e, 13
CHEBROLU St ‘m - mary, IEaR, VBN 18 13 s

N ' tandard deviation.

x plot, scatter plot 56

12 11

ares 3
EV 512 |a. Least SqU 3 y
KUMPAT 1 JEEVA 22001A051 b.ﬂmeRFunaion -

y ¢. Scrutinizing the Residuals

AN F——120513 5 and plots.
—KOMMURI MAN 22001A0513 :Eﬁﬁn Z:\:nm gl
central tendency. frequency
distributions. variation, and 18 13 12 15
Shape.
¢. Multivariate data.
relationships between a
categorical and a continuous 58
POLEPALLI VEN 22001A0514 |a. Viewing and manipulating 5 o 4 A0
Data 53
b. Plotting data s
PASRUGUBBA V] 22001A0513 : l{;ast Squares Es'limales - 2
. The R Function im
¢. Scrutinizing the Residuals
RAGHAVAREDD 32001A0516 |a. Defining user defined classes
and operations, Models and
14 methods in R 18 12 12 13
b. Customizing the user's
environment 55
RAJOLIMUCHI V] 22001A0517 |a Least Squares Estimates
15 b. The R Function Im 18 13 15 16
¢. Scrutinizing the Residuals 2
SETHU REVANT 22001A0520 |4 Tables, charts and plots.
b. Univariate data, measures of
central tendency, frequency
distributions, variation, and
23 Shape. w ol ] nle
¢. Multivariate data,
relationships between a
categorical and a continuous
variable

12 16
59

57
YENUGA TEJES\ 22001A0521

a. Write Demonstrate Statistical
functions in R

17 b. Statistical inference,
contingency tables, chi-square
goodness of fit, regression,
generalized lincar models,
advanced modeling methods.
AVULA VENKAT 22001A0522 |a. Viewing and manipulating &l
18 Data 18 13 15 14
b. Plotting data

AMBAPURAM SIf 22001 A0528 |a. Least Squares Estimates =
19 b. The R Function Im 18 13
¢. Scrutinizing the Residuals

18 13 15 15

15 | 16

62



NALLABHAI DH

22001A0529

Demonstrate the range,
summary, mean, variance,
median, standard deviation,
histogram, box plot, scatter plot
using population dataset

18

14

15

17

PATTEM BHANU

22001A0530

a. Viewing and manipulating
Data
b. Plotting data

18

13

15

16

62

¥ ¥

B JYOTHISHA

220010531

a. Relationship between two
continuous variables —
covariance, correlation
coefficients, comparing multiple
correlations.

b. Visualization methods —
categorical and continuous
variables, two categorical
variables, two continuous
variables.

18

15

15

17

65

SANE PRABHAS

22001A0533

a. Multiple regression
b. Bias-variance trade-off —
cross-validation

18

15

S

16

64

MADDUBAIGAR| 22001A0534

¢. Conditional statements
d. Loops and iterations

18

14

15

18

65

VANKAYALAPA| 22001A0535

c. Reading the data from
console, file (.csv) local disk
and web

d. Working with larger
datasets

18

13

15

11

57

26

BOGINI ANITHA| 22001A0536

a. Null hypothesis significance
testing

b. Testing the mean of one
sample

c. Testing two means

18

13

15

17

63

27

Y PREM SWARO{ 22001A0537

¢. Multiple regression
d. Bias-variance trade-off —
cross-validation

15

15

15

15

60

28

POLI SIVA NANI] 22001A0538

a. Viewing and manipulating
Data
b. Plotting data

12

13

12

17

54

29

PEDDAPALYAM

22001A0539

a. Tables, charts and plots.

b. Univariate data, measures of
central tendency, frequency
distributions, variation, and
Shape.

¢. Multivariate data,
relationships between a
categorical and a continuous
variable

18

13

15

15

61

30

SIBYALA PREET]

22001A0540

Demonstrate the range,
summary, mean, variance,
median, standard deviation,
histogram, box plot, scatter plot
using population dataset

18

13

15

16

62







40

DUDEKULA MAS

22001A0554

a. Tables, charts and plots,

b. Univariate data, measures of
central tendency, frequency
distributions, variation, and
Shape.

¢. Multivariate data,
relationships between a

categorical and a continuous
variable

15

10

10

15

50

41

NEELURU PRAV

22001A0555

a. Null hypothesis significance
testing

b. Testing the mean of one
sample
c. Testing two means

16

10

10

15

51

PALAGIRI PRAS

22001A0557

a. Null hypothesis significance
testing

b. Testing the mean of one
sample

c. Testing two means

15

11

12

15

53

43

VELIVELA SRIN

22001A0558 [c. Reading the data from

console, file (.csv) local disk
and web

d. Working with larger
datasets

15

14

15

15

59

TALARI VIJAY K

22001A0560 | Demonstrate the range,

summary, mean, variance,
median, standard deviation,
histogram, box plot, scatter plot
using population dataset

15

10

10

15

50

45

CHAGANTI KUL

22001A0561

¢. Multiple regression
d. Bias-variance trade-off —
cross-validation

14

10

10

12

a6

46

SHAIK MOHAMN 23005A0501

¢. Multiple regression
d. Bias-variance trade-off —
cross-validation

18

15

13

12

58

47

K KALYANKUM

23005A0502

¢. Reading the data from
console, file (.csv) local disk
and web

d. Working with larger
datasets

18

15

13

13

59

48

PALAPARTHI LA

23005A0503

¢. Use the scatter plot to
investigate the relationship
between two variables

15

3

11

12

49

49

BUJULA KEERTH

23005A0504

¢. Reading the data from
console, file (.csv) local disk
and web

d. Working with larger
datasets

15

10

10

12

47

50

SHAIK ABDUL G

23005A0505

a. Linear models
b. Simple linear regression

13

12

13

12

50

51

NALI KUSUMA

23005A0506

¢. Use the scatter plot to
investigate the relationship
between two variables

18

15

13

10

56
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e - : 1T EMTEY Acadlmaic Year 303?3.-}{(1
Starting * : R ¥~ 12-A02\
Semister : Tind ATTENDANCE Ending :
Branch : coF T: | P:9 Teacher :
" No 17'21“3‘4'5‘6'71‘8 5
\'l) Admn.No. Name Date b(vfi’ % .1%, T.le_ % S{ ‘/i
_1 |2 3001A050) qurda. PorjiTha 2l 415161919 1]l 1y
B 503 8. Shnnarkhatt r—}sﬂzsér-mi
B 504 T. Tyothimmauee YIS 16 {2901l
Y- 06! B. Vinod kumaH alYyls 16 12(9luln
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4. Click Download R for Windows. Open the downloaded file.
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5. Sclect the language you would like to use during the installation. Then click OK.

Select Setup Language X
Jld] Select the language to us o e
I 5‘!,? installation.
v]
6. Click Next.
i
ﬁ Setup - R for Windows : - . X ‘
Information f
Please read the following important information before continuing. @ ;

When you are ready to continue with Setup, dick Next.

|

|

Copyright (C) 1989, 1391 Free Software Foundation, Inc. A \
51 Frankdin St, Fifth Floor, Boston, MA 02110-1301 USA |

Everyone is permitted to copy and distribute verbatim copies 1
of this license doaument, but changing it is not allowed. !
|

|

Preamble

The licenses for most software are designed to take away your
freedom to share and change it. By contrast, the GNU General Public
License is intended to guarantee your freedom to share and change free
software—to make sure the software is free for all its users. This
General Public License applies to most of the Free Software
Foundation's software and to any other program whose authors commit to
using it. (Some other Free Software Fgundation software is covered by
the GNU Library General Public Licens 23d.) You can apply it to

i
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i1 default to your Program Files o
N will ¢ v
7. Sclect where you would like R to be installed. It

Your CDrive. Click Next. — X |

n’&' Setup - R for Windows 3

Select Destinalion L ocation 3 @ [
Where should R for Windows be installed

ing folder.
Setup will instal R for Windows into the following

To contrue, ik Next. Tf you would like to select a dfferent folder, dick Browse.
© con -r -

E:Prooram FlespR-3.6.1 | rﬂ"’“’*"
@/;

Atleast 2.5MB of free disk space is required.

| <Bax Net> | | Concd |

8. You can then choose which installation you would like.

| & Setup - R for Windows — O X
' Select Components
! Which components should be installed?

{ Seiedthecormonenb:ymwmttomtal;dearﬁweaxmonmtsywdonotwantto
| nstal. Chdk Next when you are ready to continue.

32-bit User instalation
64-bit User nstalation
Custom instalation

Current selection requires at least 154.3 MB of dick space,

mLﬂen:»j Lw l
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9. (Option
Next.

ﬁB‘ Setup - R for Windows

Select Components
Which components should be installed?

al) If your computer is a 64-bit, you can choose the 6

4-hit User Installation.

Then (‘liCk

A

®

[:] 32-bit Fileg
@ 64-bit Files
9 Message translations

stal; dear the components you do not want to
Y to continue,

86.0MB
48.6 MB
50.3MB
7.3MB I

Current selection requires at least 145.9 MB of disk space,

—0_ |

10. Then

Startup options
Do you want to customize the startup options?

specify if you want to customized your startup or just use the defaults. Then click Next.
ﬁ! Setup - R for Windows

9 .

Please spedfy yes or no, then g lext.

QO Yes (asstomized startup)
(® No (accept defaults)

< Back

[ Next>

[l |

(&2}




- N

(hat you want R to be saved within or the defy gy I
r that ) LA

finished, click Next.

{ Menu folder at the bottom,

|

‘ \
11. Then you can choose the folde e .
fnl.dcr (h:;t was created. Once you l.l o

’ also hoose 1 you do not want a s
You can also choe \ i |

X
1&' Setup - R for Windows
Select Start Menu Folder . i
Where should Setup place the programs shortauts?

Setup wil reate the program's shortauts in the following Start Menu folder,

To continue, dick Next. If you would lke to select a different folder, dick Browse. o

[Jpon't ceate a Start Menu folder

< Back Irﬂen >

12. You can then select additional shortcuts if you would like. Click Next.

#7 Setup - R for Windows - X
Select Additional Tasks
Which additional tasks should be performed? @

Select the additional tasks you would like Setup to perform while i ) For
Windows 3.6.1, then dick Next. P Lo per e installing R

Additional shortauts: o v
L] Create a desktop shortaut

[ create a Quick Launch shortaut
M save version number in registry
£ Assodate R with .RData files

.
-
G.'I
-~
3
(4]

— [ <Back [ Next >




13. Click Finish.
u’&' Setup - R for Windows 3.6.1 - *‘

Completing the R for Windows |
X Sctup Wizard ]

Setup has finished installing R for Windows 3.6.1 on your |
computer. The application may be launched by selectng the
installed shortcuts.

Chdk Finish to exit Setup.

14. Next, download RStudio.

Dposit  reoouny [ETRTE (raun & warenst tarioat wosy reys i G COWWL 04D A3TVO10

DOWNLOAD

RStudio IDE

The most popular coding environment for R, built with love by Posit
Usaed by = lens of peog e weealy the kStediontegs ead developmen tenwronment (1DE) e 0
ot f1aokhs but tobelny e vvare productiae ot Rand Python ainduaes s cansole
cortas hgrlghtrp €dar That supparte daect cade eaccution 1t alec Features tonls far plattrg
vt g N STory AebugIiNg 370 MANARIrg your &t thepace

¥ youre s professics al gata scientint end wart gu Jar(e or AJOPINE open-rourCe 1SOs At you

orgarizaten cont Festate 1o bagk 2 Call win U,




15, Click Download RStudio,

Vont want vo dewnead o vl all aev b g Get st a0 (b
CLYITLIT Post Cloud Tor free 1y rw aprofesiigmet Aara
RO domrloss HS1uMw el 8150 Peed (grvr on

erfery eleatres, dont hesitate 1o byok a cal i va

1: Install R 2. Install RStudio

PStudio requires 03 304 Chaose g yeryiom ol Gy

YU LOMPAte s OpRIating 5yitem SOWGAD RETUCTO CLSETOP FON WINIOWS
m o e fosgmts, | e T
Sdessed 20231517

16. Once the pra‘ci;e;t‘l;:(-lv(;\.'wﬁ(;;ch, the Welcome to RStudio Setup Wizard will open. Click
Nextand go through the installation steps

Vatches

i e S — -

lﬁ,:_‘-.,, . Setup -

Weicome to RStudso Setup

Setup wil guide you through the rnstalation of RStudo.

It s recommended that you dose al other 2ppicatons
before startng Setup. Thes vill make 1t posshie to update
reevant systen fles without having to reboot your
computer.

Cick Next to contnue.




17. After the Setup Wizard finishing the installation,

B.The basics of R syntax,workspace.
a.= (Simple Assignnt)
b.<- (Leftward Assignment) ¢.->
(Rightward Assignment)
Examplec:

Q) wte R
A W @sourceonsave © . W
varl = "Simple Assignment"

var2 <- "Leftward Assignment!"

"Rightward Assignment" -> var3

print(varl)
print{var2)
print{var3)

Output:

“Simple Assignment" "Leftward
Assignment!""Rightward
Assignment"

2. DataTypes: R has several data types, including numeric, character, logical, integer,

and complex.

Vectors: Create vectors using c(). For example, v<-¢(1,2,3).

Lists: Create lists using list(). For example, mylist <- list{a = 1, b = "hello", c = TRUE).

5. Data Frames: Create data frames using data.frame(). For example, df <- data.frame(x =
1:3, y=c("a", "b", "c")).

6. Functions: Define functions using function(). For example, myfunc <- function(x) {x * 2 }.

7. Control Structures: Use control structures like ifelse, for, and while for flow control.

8. Comments in R
comments are a way to improve your code’s readability and are only meant for the user so the
interpreter ignores it. Only single-line comments are available in R but we can also use multiline

comments by using a simple trick which is shown below. Single line comments can be written by using
# at the beginning of the statement.

= [




Example:

b G

A B 8 Sourceon Sive ...

» » " )
print "This is fun!™’

"This is multi-1ine comment which should be put inside either ,
single or a double quote

Output:
[1] "This is fun!"

Regarding workspace management, R uses the concept of a workspace or environment ¢,
store objects (variables, functions, etc.). You can manage your workspace using the following
commands:

Is( : List objects in the workspace.

)

rm(x: Remove object x from the workspace.

)

rm(list= : Remove all objects from the workspace.

1s0)

save.image("filename.RDat : Save the current workspace to a file.
a")

C.Matrices and lists

Matrices
A matrix is a two dimensional data set with columns and rows.
A column is a vertical representation of data, while a row is a horizontal representation of data.

A matrix can be created with the matrix() function, Specify the nrow and ncol parameters to get the
amount of rows and columns:

Example:

# Create a matrix
thismatrix <- matrix(c(1,2,3,4,5 6), nrow = 3, ncol = 2)

# Print the matrix
thismatrix

A ry



(1] [L2]
[1,] 1 4
(2,] 2 5

(31 3 &6

Note: Remember the c()function is used to concatenate items together.

Access Matrix Items

You can access the items by using [ Jbrackets. The first number "1" in thebracket specifies the
row-position, while the second number "2" specifies the column-position:

Example

thismatrix <- matrix(c("apple", "banana", "cherry", "orange"), nrow

=2,ncol =2)
thismatrix|[1, 2]
output:

[1] "cherry”

Add Rows and Columns
Use the cbind() function to add additional columns in a Matrix:

Example

nn nn "o " on

Thismatrix=matrix(c("apple", "banana", "cherry", "orange","grape",
"fig"), nrow = 3, ncol = 3)

non nown

pineapple”, "pear”, "melon",

"non

newmatrix=cbind(thismatrix,c("strawberry", "blueberry"”, "raspberry"))# Print the new matrix
newmatrix

Output:
[11] [’2] [13] [54]

[1,] “apple" “orange” "pear" “strawberry"
(2,] "banana" "grape" "melon” “blueberry"

[3,] "“cherry" "pineapple" "fig" “raspberry"

11




rbind() function to add additional rows in a Matrix.

To find out if'a specified item is present in a matrix, use the %in% operator,

dim() function to find the number of rows and columns in a Matrix. length()

function to find the dimension of a Matrix.

LISTS:

Lists are the R objects which contain clements of different types like — numbers, str.ing.s, veetors ang
another list inside it. A list can also contain a matrix or a function as its elements. List is createq
using list() function,

Creating a list:

Example

# List of strings
thislist <- list("apple", "banana", "cherry")

# Print the list
thislist

Output:

[[1]]
[1] "apple”

[[2]1]

[1] "banana"

[[31]
[1] "cherry"

Access Lists items:

You can access the list items by referring to its index number, inside brackets. The first item has
index 1, the second item has index 2, and so on.

Example:
thislist <- list("apple", "banana", "cherry")

thislist[1]

output:

12




(11

(1] “apple™

Change Item Value

To change the value of a specific item, refer to the index number:

Example

thislist <- list("apple", "banana", "cherry")thislist[1] <-
"blackcurrant”

# Print the updated listthislist

output:

([11]
[1] "blackcurrant"

(211

[1] "banana™

([311
[1] "cherry”

d) subsetting:
In R Programming Language, subsetting allows the user to access elements from an object. It takes out

a portion from the object based on the condition provided. There are 4 ways of subsetting in R
programming. Each of the methods depends on the usability of the user and the type of object.

Method 1: Subsetting in R Using | ] Operator

13




U

vectors and observations from data
dle¢ fra

is used to access all other indexeg f Moy |
Of v G
e

¢y
Clor 6

elements of

erator, '
dexes, -

Using the ‘(1 0P )
ect some IN

accessed. TO negl

frame.

EXAMPLE:

’
[

1.
i

# Create vector

x <- 1:15

# Print vector

cat("Original vector: " x,"\n")
# Subsetting vector
cat("First 5 values of vector",
cat("Without values present at in

x[1:5], "\n")
dex 1, 2 and 3: ": X[-C(l! 21 3)]: "\n")

Output:
123456789 10 11 12 13 14

12345

original vector:
First 5 values of vector:

Without values present at index 1, 2 and 3

Method 2: Subsetting in R Using [[ ]] Operator

[[1] operator is used for subsetting of list-objects. This operator is the same as[]o
but the only difference is that [[ ]] selects only one element whereas [ ] operator zz::r
)

more than 1.

EXAMPLE:
# Create list
Is<-listfa=1,b=2,c=10,d=20)
# Print list
cat("Original List: \n")
print(ls)
# Select first element of list
cat("First element of list: ", Is[[1]], "\n")

OUTPUT:

Original list:

[1] 1

$b

14



Method 1: Subertting in R Using $ Operator:
§ operator can be used for hists and data frames m R Uslike [ ] operator, #t selecs only a simgicobservation at 2

fame 1t can be wsed to acoess an clement m narmed kst or a column m data frame
$ operator s onty apphicable for recurwrve obyects or fast-hke objects

Example:

# Create bt
Is <~ hsia=1,b=2 ¢~ "Hello". d =
CSE™ et “Onganal Lt 'a”)
printils)
cat "Usang § operator 'a”)
prnt(1434)

ouviry.

Origns] ba

b ¥

2

(1] Vbt

15




Sd

(1] "CSE"

Using § operator:

(1] "CSE"

Method 4: Subsetting in R () Using subset Function

subset() function in R programming is used to create a subset of vectors, matrices, or data frames
bascd on the conditions provided in the parameters.
Syntax: subset(x, subset, select)
Parameters:
e x:indicates the object

s subset: indicates the logical expression on the basis of which subsetting has to be done
o select: indicates columns 1o select.

¢) system defined functions;the help sysem:

A function is a set of statements organized together to perform a specific task. R has a large number of
in-built functions and the user can create their own functions.In R, a function is an object so the R

interpreter is able to pass control to the function, along with arguments that may be necessary for the
function to accomplish the actions.

Function Definition:

An R function is created by using the keyword function.Syntax:
function_name <- function(arg_1, arg_2,..){

Function body

Function Components
The different parts of a function are —

* Function N ame — This is the actual name of the function. 1t is stored in R environment as an
object with this name.

* Arguments — An argument is a placeholde
the argument. Arguments are optional; th
arguments can have default valyes,

r. When a function is inv

. oked, you pass a valuc (©
at 1s, a function may co

ntain no arguments. Also

16



Function Body — The function body contains a collection of statements that defines what the
Ofunction does,

Return Value = The retum value of a function is the Iast expression in the function body to be
cvaluated.

R has many in-built functions which can be dircctly called in the program without defining them first.
We can also create and use our own functions referred as user defined functions.

Built-in Function:

Sim}.ﬂc examples of in-built functions are seq(), mean(), max(), sum(x) and paste(...) etc. They
aredirectly called by user written programs.

Example:

# Create a sequence of numbers from 32 to 44,
print(seq(32,44))

# Find mean of numbers from 25 to 82.
print(mean(25:82))

# Find sum of numbers from41 to 68.
print(sum(41:68))

output:

[113233 34353637 383940 41 42 43 44
[1]53.5
[1]1526

User-defined Function:

We can create user-defined functions in R. They are specific to what a user wants and once created
they can be used like the built-in functions.

The Help system:

The help() function in R is used to get help on any given R function passed to
it.Syntex:
help(function name)

we'll use the help function to get help on the following R functions:

17




* eval() function
o dump() function

we use the help() function to provide the official documentation page for the R function Cval(y

Now, let's use the help() function to get help on the d_ump() fU?ClIS]n. Il{nf()thq words, we Use
the help() function to provide the official documentation page for the R function dumyp,

f) Errors and wamings;coherence of the workspace:

Handling Errors in R
Error Handling is a process in which we deal with quanted or anomalous_errors which May ,
abnormal termination of the program during its exccution. In R t_here are basically two v, " W;g:f
we can implement an error handling mechanism. Either we can dlrf:ctly call thf: functions Jjje A (:c_&
warning(), or we can use the error options such as “warmn” or “warning.expression”, The basic fung} 0
that one can use for error handling in the code : 1ony

* stop(...): It halts the evaluation of the current statement and generates a me
argument. The control is returned to the top level.

* Waiting(...): Its evaluation depends on the value of the error option wam, |
of the warning is negative then it is ignored. In case the value is 0 (zero) they ar
printed only after the top-level function completes its execution. If the value ig
it is printed as soon as it has been encountered while if the value is 2 (two) thenj
the generated warning is converted into an error.

» tryCatch(...): It helps to evaluate the code and assign the exceptions.
Example:

SSage
f the Valu{
€ Storeq g

1 (one) the
mmedia(e]‘

# Function to divide two numbers
divide <- function(x, y) {
if (y=0) {
stop("Division by zero is not
allowed.")}return(x/y)}
# Error handling
result <- tryCatch(
{ divide(6, 0)
}
error = function(e) {

"
message("An error occurred: ", eSmessage)

18



return(NA)
Hinally = {
message("Division attempt completed.")
)
Yprint(result)

OUTPUT:

An error occurred: Division by zero is not

allowedNA
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WEEK — 2:Getting used to R :Describing Data:

y . . . l:
a)Viewing and manipulating data I
Viewing data:

e the s the storage and vie ate
Data can be viewed in R using data frames, a data structure that suppf’flﬂ l":lt : t»n(hih(r rmlnword(” |
form of tables. 1t is used to manage data in a concise manner 1.¢., 1n a tabulz M enab)
undcmnndnhilit_\' and readability.

- At ¢ snippet given he
To view data, we must load the data in to a data frame. That is done by the code snippet given below,

hame <.

age <= o
gender . -
weight <. .

height <. -

data <- data.frame(Name=name, Age=age, Gender=gender, Weight=weight, Height=height)

Let’s view the data that is present in the data frame “data”

Name Age Gender Weight
John Male
Alice Female
Bob Male
Emily Female

Manipulating the data;

To manipulate the data of a data frame we access t

he elements of it and assign desired values to it. That is
done by the code snippet below.

Output after manipulating:

Name Age Gender Weight
John Male
Alice Female

Bob Male
Emily Female

20



bIPlotting data: . ‘ | o
In R. the data can be plotted by using plot() function, This is demonstrated by the code snippet below.

.

x<s 3
yex®

PIOt(xiy’tm‘ ymain=

Line Plot
8 "_
8
2 g
5 84
5 |
s Q-
> 1
&1
1
[= QY
1 T T | ,
2 4 6 8 10
X-axis Label

Another example for plotting the values:

Loading data,

x<-seq(- , ,by=
y<- *x+

plot(x,y,type= ,main=

Line Plot
o _|
o
©
L
3 n
e « 7
g
>_
o
T T T T T
2 4 6 8 10
X-axis Label

.,\ {MM,..WW-_

s
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¢)Reading data from console, file (.csv) local disk and web.

Readine data from consolc:

Now. let's see how the data can be entered using the console.

This can be done by using the readline () function in R. It is demonstrated by the code snippet below. |t
accepts a prompt that has to be displayed when the input is being taken from the console.

Syntax: varl<- readline (“Prompt to be

displayed™)String input:

> varl<- readline("Enter the data: ")

Enter the data: Hello, This is R Programming.
> print(varl)

[1] "Hello, This is R Programming.”

> typeof(varl)

[1] "character™

Integer input:

This can be implemented in R using as.integer () function.

> varl<- as.integer{(readline("Enter the data: ™))
Enter the data: 21

> print(varl)

1] 21

> typecf(varl)

[1] "integer"”

Character input:

This can be implemented by using as.character () function.

> varl<- as.character(readline("Enter the data: "))
Enter the data: Hello, This is R Programming.

> print(varl)

[1] "Hello, This is R Programming."

> typeof(varl)

[1] "character"

Reading data from a csv file:

Let’s load the data from a csv file. This can be done by using the function [read.csv 0]

which accepts the
name of the file as a parameter.

Let the CSV file be:

Name,Age,Gendex,Weight,
John, ,Male, ,
Alice, ,Female, |,
Bob, ,Male, ,

Emily, ,Female, ,

22



Let's load this data in to a data frame named data.

After loading the data, we need to use print “data” (o view the contents of it,

The output of the above code snippet would be,

Name Age Gender Weight
John Male
Alice Female
Bob Male
Emily Female

Reading data from the web:

From web, we can directly load the csv files in to a variable and hence by doing it, we read and display the
data using read.csv () and print () functions,

This is implemented by the code snippet below:

url <- “htips://ran.qiTh

WRUSErTOntent, com/darascience deio/datasets/mastersritanic -GSy
data «- read.csviurl;

headidata>}

Output:

PassengerId Survived Pclass Name Sex Age

g 3 Braund, Mr. Owen Harris male 22
1 Cumings, Mrs. John Bradley (Florence Briggs Thayer) female 38
E Heikkinen, Miss. rLaina female 26
1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 35
3 Allen, Mr. william Henry male 3§

3 Moran, Mr. lames male NA
Ticket Fare Cabin embarked

A/5 21171 7,2500
PC 17599 71,2833 (85
S5TON/02, 3101282 7,9250
113803 53,1000 (123
373450 8.0500
330877 8,4583

[+ LV, B OOV e
= WV, B STV W

Sibsp Parc

(= R PRI
COO000O
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i

ot's take a

praund, Mr

Name
Oowen Hary \

!
) M

“ No Relatio

ol Descripti

Y isualizat

R (ode

) .
hpad(d‘“al' : pclass wradley (Florence Briggs Tha
, print( or1d ser\Veu 3 inas, MrS: john Bf Heikkinen, Miss. | i
passe 1 cumings: -
1 2 1 3 1le, Mrs. Jacques Heath (Lily May peel) g,
2 3 i 1 putrel 1€ Allen, Mr. William wenry
.‘ ; - 3 Moran, Mr ) ames
0 :
4 : 3 in Embarked
abin
5305 e o i%; 71,2833 €85 :
i €
0 9250
?§  osmeel %%ggg 53.1000 €123 s
S . 373450 8.0500 Q
s 3 ; 330877 8.4583
6

To find the number of TOWS in this dataset:

> pri nt(nrow(data))
(1) 89

To find the dimensions of the dataset:

> print(dim(data))
[1] 891 12

This shows that there are 891 rows and 12 columns in this dataset.To

know the column names of the dataset:

> prigt(nams(data))
(1] "passenger1d” "Survived"

(7] "sibsp" "oarchs "pclass"

- "N a‘I,“ell
"Ticket"

"Fare"

Toview a particular part of a dataset:

To display the f;
st 10 rows and 3
columns of the
ataset.

> prisnt(data[l:lo 1:3D)
Sengeriq Survived p
' class

‘..vov’&ww*‘
—=H—-DOOOHHHD

—
DWW N AW
A W

ngax"
"cabin"

"Age“ .
nembarked
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d) Working with the larger datasets

t Saved nhoy arge datasct.
Let’s take the dataset we considered above as a larg

“..'I * 3 8 :
data - - read.csy ourd

head data

Let’s take a look at the first part of the file.

> print (head(data))

Passengerid Survived Pclass
1

Name Sex Age

3 Braund, Mr. Owen Harris male »;

1 0 i Thayer) female 38

. dley (Florence Briggs €
§ g i ]icummgs. s Jopg Bradley ( Heikkinen, Miss. Laina fema]e 26
i Peel) female 35
Mrs. Jacques Heath (Lily May

§ . . = Futrelle, Allen, Mr. william Henry male 35

6 g 8 g Moran, Mr. James male nNp
SibSp parch Ticket Fare Cabin Embarked
1 0 A/S 21171 7.2500 S
2 1 0 PC 17599 71.2833 (85 C
3 0 0 STON/02. 3101282 7.9250 S
4 1 0 113803 53.1000 C123 )
5 0 0 373450 8.0500 S
6 0 0 330877 8.4583 Q

To find the number of rows in this dataset:

> print (nrow(data))
[1] 891

T

o find the dimensiong of the dataset:

> print(dim(data))
[1] 891 12

This shows that there are 891 rows and 12 columng

kn

ow the ¢olumnp names of the dataset:

> print(names (data))
[1) "Passengerid”

in this dataset.T\o_

"Survivegd® "Pclass” "Name™ T
[71 "sibsp" "Parch" "Ticket® "Fare” "zggin“ "Agg“
"E arked"
To view a particular part of a dataget:
To display the fi

rst 10 rows and 3 columns of the dataget,

> print(data[1:10,1:3])
Passengerid Survived

Pclass
1 1 0 3
2 2 1 1
3 3 1 3
4 4 1 1
5 5 0 3
6 6 0 3
7 7 0 1
8 8 0 3
9 9 1 3
10 10 1 2
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Week-3:shape of data and describing relationships:

b) Univariate data, measures of central tendency, frequency distributions, variation, shapc

Univariate analysis cxplores cach variable in a data set, separ
as the central tendency of the v
variable on its own.

‘ ately. It looks atthe range of values, as well
aluces. It describes the pattern of responseto the variable. It describes each

Key points in Univariatc analysis:

1. No Relationships : Univariate anal
distribution of the single variable. It d
to identify causes.

ysis focuses solely on describing and summarizing the
oes not explore relationships between variables or attempt

s Des(friptive Statistics : Descriptive statistics, such as measures of central tendency (mean,
median, m_ode) and measures of dispersion (range, standard deviation), are commonly used in
the analysis of univariate data.

3 V_lsualization : Histograms, box plots, and other graphical representations are often used to
visually represent the distribution of the single variable.

R Code:

# Load the iris dataset

data(iris)

# Display the first few rows of the dataset

cat("First few rows of the iris dataset:\n")

print(head(iris))

# Calculate measures of central tendency

mean_value <- apply(iris[, 1:4], 2, mean) # Calculate mean for each column
median_value <- apply(iris[, 1:4], 2, median) # Calculate median for each column
mode_value <- apply(iris[, 1:4], 2, function(x) { names(table(x))[table(x) == max(table(x))]
}# Calculate mode for each column

# Print measures of central tendency

print("Measures of Central Tendency:")

print(paste("Mean:", mean_value))

print(paste("Median:", median_value))

print(paste("Mode:", mode_value))

# Calculate variance

variance_value <- apply(iris[, 1:4], 2, var) # Calculate variance for each column

# Print variance

print("Variance:")
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print(variance value)
# Plotting histograms for cach vatiable

n t )
par(mfrow = ¢(2, 2)) # Arrange plots in a 2x2

RSN 3 E — names(iris)[i], col = "lightblue")
hist(iris[, 1], main = paste("Histogram of", names(iris)[i]), xlab
)
output :
First few rows of the iris dataset:
Scpal.Length Sepal.Width Petal.Length Petal.Width Species
1 S 35 1.4 0.2 sctosa
2 49 3.0 1.4 0.2 sctosa
3 4.7 3.2 1.3 0.2 setosa
4 4.6 3.1 1.5 0.2 setosa
5 5.0 3.6 1.4 0.2 sctosa
6 54 39 1.7 0.4 setosa
Measures of Central Tendency:
[1] "Mean: 5.84333333333333"  "Mean: 3.05733333333333"
[3] "Mean: 3.75800000000000"  "Mean: 1.19933333333333"
[5] "Median: 5.8" "Median: 3"
[7] "Median: 4.35" "Median: 1.3"
[9] "Mode: 5.1" "Mode: 3"
[11] "Mode: 1.5" "Mode: 0.2"
[13] "Variance:"
Scpal.Length Sepal.Width Petal.Length Petal. Width
0.6856935 0.1899794  3.1162779 0.5810063
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)Multivariate data,

Histogram of Sepal.Length Histogram of Sepal.Width
=4 r—w”‘"} 1
- _
§ 8 il 3
T Q- 4
w : i
o JHl ]
f T T T 1 e e e |
4 5 6 7 8 20 25 30 35 40
Sepal.Length Sepal Width
Histogram of Petal.Length Histogram of Petal.Width
§ =3 > 8:
g ] § &7
g o g 0:
(RS wo T
o 1 o -
1 | 1 1 | 1 1 1 T T 1
1. 2 3 4 5 6 7 0.0 1.0 2.0
Petal.Width

Petal.Length

relationships between a categorical and a continuous variable.

Multivariate data refers to datasets where each observation or sample point consists of multiple
variables or features. These variables can represent different aspects, characteristics, or measurements
related to the observed phenomenon. When dealing with three or more variables, thedata is specifically

categorized as multivariate.
lving a categorical variable and a continuous vanable means

Analyzing multivanate data invo
f variables. There are several statistical

understanding the relationship between these two types o
techniques one can employ for this analysis:
ning summary statistics for the continuous vaniable within each

1. Descriptive Statistics: Stant by exami
This can include measures like means, medians, standard

category of the categorical varable.
deviations, and ranges.
continuous variable, with cach boxplot corresponding to a different

2. Boxplots: Create boxplots for the
This visual representation allows you to compare the distnbutionsof

category of the categorical variable.
the continuous varable across categores.

3. ANOVA (Analysis of Vanance): If you have multiple categories in your categoncal vanable, you
can use ANOVA to test whether there are statistically significant differences in the means of the
continuousvariable across these categories. ANOVA assesses whether there are stgnificant vartations

between groups while accounting for vanations within groups
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4. Correlation Analysis: While corrclation is typically used for assessing relationships between y,,
continuous variables, you can also calculate correlations between a continuous and a binary categoricy
variable using techniques like point-biserial correlation or rank-biserial correlation. Thesemeasureg
indicate the strength and direction of the relationship between the two variables.

R Code :
# Load necessary libraries
library(ggplot2)
library(dplyr)
# View the first few rows of the mtcars dataset
head(mtcars)
# Summary statistics for mpg by cyl
summaryByCyl <- mtcars %>%
group_by(cyl) %>%
summarise(mean_mpg = mean(mpg),
median_mpg = median(mpg),
sd_mpg = sd(mpg),
min_mpg = min(mpg),
max_mpg =
max(mpg))
print(summaryByCyl
)# Boxplot
ggplot(mtcars, aes(x = factor(cyl), y = mpg)) +
geom_boxplot() +
labs(title = "Boxplot of MPG by Number of
Cylinders",x = "Number of Cylinders",
y = "Miles per
Gallon")# ANOVA
anova_result <- aov(mpg ~ factor(cyl), data = mtcars)
print(summary(anova_result))
# Correlation analysis
correlation <- cor.test(x = mtcars$mpg, y = as.numeric(mtcars$cyl))
print(correlation)

Output :
# View the first few rows of the mtcars dataset

mpg cyl disp hpdrat  wt gsec vs am gear carb

Mazda RX4 21,0 6 1601103.902.62016.46 0 1 4 4
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between two
v categorical

esemeasures

Mazda RX4 Wag 210 6 160 110390 287517020 1 4 4

Datsun 710 MR 4108 O33RS523201861 11 4 |
Homet 4 Drive M4 6 25811030832151944 10 3 |
Homet Sportabout 18.7 8 360 1 753.153.440170200 3 2
Vahant 18.1 6 2251052.763.4602022 10 3 1
# Summary statistics for mpg by cyl

cvl mean mpg median_mpg sd_mpg min_mpg max_mpg

dbl dbl> <dbl dbl dbl>

<dbl>1 4 26.7 26 451 214 339

2

2 6 199 19.7 145 17.8 214

>

g 154 152 2.56 104 192
# ANOVA
Df Sum Sq Mean Sq F value Pr(>F)

factor(cyl) 2 824.8 412.4 39.7 4.98¢-09 ***

Residuals 29 301.3 10.4

Signif. codes: 0 “**** 0.001 %2 (001 **0.05°.°0.1°" 1
# Correlation analysis

Pearson's product-moment correlation

data: mtcars$mpg and as.numeric(mtcars$cyl)t

89197, df = 30, p-value = 6.113¢-10

alternative hypothesis: true correlation is not equal to 095
percent confidence interval:

-0.9257694 -0.7163171

sample estimates: cor

-0.852162




Mazda RN Wag 210 6 160 110390 28751702 0 1 4 4
Datsun 710 228 4 108 9338523201861 1 1 4 |
Homet4 Drive 214 6 258 1103.083.2151944 1 0 3 |
Homet Sportabout 18.7 8 360 1753.153.44017.02 00 3 2
Valiant 181 6 2251052.763.4602022 1 0 3 |
# Summary statistics for mpg by cyl

cyl mean_mpg median_mpg sd_mpg min_mpg max_mpg
<dbl> <dbl> <dbl> <dbl> <dbl>
<dbl>1 4 26.726 451 214 33.9
2 6 197 197 145 178 214
3 8 151 152 256 104 19.2
# ANOVA

Df Sum Sq Mcan Sq F value Pr(>F)

factor(cyl) 2 824.8 412.4 39.7 4.98¢c-09 ***
Residuals 29 301.3 10.4
Signif. codes: 0 ‘****0.001 ****0.01***0.05°.70.1°" 1
# Correlation analysis
Pearson's product-moment correlation
data: mtcars$Smpg and as.numeric(mtcars$cyl)t
=.8.9197, df = 30, p-value = 6.113¢-10
alternative hypothesis: true correlation is not equal to 095
percent confidence interval:
-0.9257694 -0.7163171
sample estimates:  cor

-0.852162
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Boxplot of MPG by Number of Cylinders
35

30

Miles per Gaflon

15

10

Number of Cylinders

D. Relationship between two continuous variables — covariance, correlation coefficients,
comparing multiple correlations.
Covariance :

Covariance is a measure of how two variables change together. It indicates the direction of the
linear relationship between the variables (positive, negative, or none) and the strength of that
relationship. Here's a detailed explanation of covariance and its usage in R:

Definition: Covariance between two variables X and Y is calculated as:

S (@ — &)y - §)

n-—1

.

Where:

- n is the number of data points

-Xi & Yi are the individual data points

- (¥ and (Y) are the means of X and Y, respectively
Interpretation:

-If (cov(X, Y) > 0),it indicates a positive relationship, meaning that as (X) increases, (Y) also tendsto
increase,

- If (cov(X, Y) < 0),it indicates a negative relationship, meaning that as (X) increases, (Y) tends to

decrease. /

J
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JIf (cov(X, Y) = 0) .t indicates no lincar relationship between (X) and (Y). However, it's importantto
note that two variables can be related in a non-lincar way cven if their covariance is 0.

Corrcelation:

Corrclm_mn is a standardized measure of the strength and direction of the lincar relationship
between two variables. Unlike covariance, correlation coefficients are bound between -1 and 1, where
-1 indicates a perfect negative linear relationship, 1 indicates a perfect positive linear relationship, and0
indicates no linear relationship.

Pearson Correlation Cocfficient:

The Pearson correlation coefficient (r) between two variables X and Y is calculated as:

Szy

SzSy

Tzy

Where:
- Sxy is the covariance between x andy.

- Sx and Sy are the standard deviations of x and y respectively.

-rxy is the correlation coefficient.

R code :

# Sample data

set.seed(123) # for reproducibility

x <- rnorm(100)

w y <- 2*x + morm(100)

# Calculate covariance

covariance_Xy <- cov(X,

y)# Compute correlations

correlation_xy <- cor(X,

y)

correlation_x2y <- cor(x"2,

y)correlation_x3y <- cor(x"3,

y)# Fisher z transformation

fisher_z_xy <- 0.5 * log((1 + correlation_xy)/ (1 - correlation_xy))
fisher z x2y <-0.5* log((1 + correlation_x2y)/ (1 - correlation_x2y))
fisher_z x3y<-0.5* log((1 4 correlation_x3y)/ (1 - correlation_x3y))

# Compare correlations using ANOVA
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p_value <- anova(lm(fisher_z_xy ~ 1, data.frame(x = DS Pr(>F)'[1]
p_value_x2y <- anova(lm(fisher_z_x2y ~ 1, data.f; rame(x =

DS Pr(>F) [1]p_value_x3y <- anova(Im(fisher_z_x3y
= 1)S$'Pr(>F)'[1]# Print results

print("Covariance:")

~ 1, data.frame(x

print(covariance_xy)
print("P-values:")
print(p_value)
print(p_value_x2y)
print(p_value_x3y)

Output :
[1] "Covariance:"

L1 (2]
(1,]0.94387197 1.85675756
[2,] 1.85675756 4.08266999
[1] "P-values:"
[1]12.220446¢-16
[1]13.159168¢-05
[114.707527¢-13

e. Visualization methods —

Categorical & Continuous variable , Two Categorical Variables ,
Two Continuous variables

Categorical variables :

Categorical variables represent data that can be divi
numerical (quantitative) variables, which represent a mea
represent characteristics or attributes. Here's a more detailed e

ded into groups or categories. Unlike
surable quantity, categorical variables
xplanation of categorical variables:

Types of Categorical Variables:

Categories with no inherent order or ranking. For example, eye color (blue, brown, green) or
gender (male, female, other).

Ordinal;

Categories with a clear order or ranking. For example, education level (high school, college,
graduate) or income level (low, medium, high).

Continuous variables :

i . g . e ; .
Continuous variables, unlike categorical variables, can take on any value within a certan}r; ran’sg "
o < e
They are used to represent measurements or quantities that can be expressed numerically. He
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detailed explanation:

Chnrnclcrislics:

o Continuous \.‘ﬂrmhlc‘\* can take on an infinite number of values within a range.
e They are typically measured, not counted.

o Examples include height, weight, temperature, and time.

Visualization Methods :

BARPLOT:

_ There are two types of bar plots- horizontal and vertical which represent data points as
horizontal or }'cmcal bars of certain lengths proportional to the value of the data item. They are generally
used for continuous and categorical variable plotting. By setting the horiz parameter totrue and false,
we can get horizontal and vertical bar plots respectively.

HISTOGRAM :
A histogram is like a bar chart as it uses bars of varying height to represent data distribution.

However, in a histogram values are grouped into consecutive intervals called bins. In a Histogram,
continuous values are grouped and displayed in these bins whose size can be varied.

BOXPLOT:

The statistical summary of the given data is presented graphically using a boxplot. A boxplot
depicts information like the minimum and maximum data point, the median value, first and third

quartile, and interquartile range.

SCATTER PLOT :

A scatter plot is composed of many points on a Cartesian plane. Each point denotes the
value taken by two parameters and helps us easily identify the relationship between them.

HEAT MAP:

Heatmap is defined as a graphical representation of data using colors to visualize the value of the
matrix. heatmap() function is used to plot heatmap.
Syntax: heatmap(data)

Parameters: data: It represent matrix data, such as values of rows and columns

Return: This function draws a heatmap.

R Code :

# Sample data
set.seed(123)

data <- data.frame(

category = sample(letters[ 1:5], 100, replace =
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TRUE),continuous = morm(100)

)
# Bar plot
barplot(table(data$category),

xlab = "Category",

ylab =

"Frequency",main

= "Bar Plot", col =

"skyblue",

ylim = ¢(0, max(table(data$category)) +

5))# Histogram
hist(data$continuous,
breaks = 10,
col = "lightgreen",
xlab = "Continuous
Variable",ylab =
"Frequency",

main = "Histogram")
# Box plot

boxplot(data$continuous ~ data$category,
xlab = "Category",
ylab = "Continuous
Variable",main = "Box Plot",
col =
"lightblue")# Scatter
plot
plot(as.numeric(factor(data$category)),
data$continuous,
xlab = "Category",

vlab = "Continuous
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Variable”,main = "Scatter
Plot",

col = "darkred”,

pch

QOutput :

= -
o~
w
-t

[ =

[++]

=

2 2 -

[
v —
o

20 25
!

15
1

Frequency

Histogram

Continuous Variable

Bar Plot

c d e

Category

35




Box Plot
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Week-4:PROBABILITY DIS TRIBUTTONS:
a) Sampling from distributions —

Binomial distribution, normaldistribution.

>Binomial distributions:

It 1s a probability distribution used in statistics. It is
outcomes 1.c., success or failure all its trials
same and the previous outcome does not
probabihitics as well as cumul

a discrete distribution and has only two
arc independent, the probability of success remains the
affect the next outcome. It helps to findthe individual
ative probabilitics over a certain range.

>Formula:

P(X = K) = nC/p'q"", where r = 0,1,2 3,...,n
p is the probability of success

q is the probability of failure

P+q=1

>Functions for Binomial Distribution:

We have four functions for handling binomial distribution in R namely
1) dbinom() Function:

This function is used to find probability at a particular value for a data that follows binomial
distribution i.e. it finds:

P(X =k)

>Syntax:

dbinom(k, n, p)

>Example:

dbinom(3, size =13, prob=1/6)

probabilities <- dbinom(x = ¢(0:10), size = 10, prob=1/6)
data.frame(x, probs)

plot(0:10, probabilities, type ="1")

>Qutput:

> dbinom(3, size = 13, prob = 1/6)
(1] 0.2138454

> probabilities = dbinom(x = ¢(0:10), size = 10, prob = 1/6)
> data.frame(probabilities)
probabilities
1 1.615056¢-01
2 3.230112¢-01
3 2907100e-01

4 155045401
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2) pbinom() Function:

The function pbinom() is used to find the cumulativ

distribution il a given value i.e., it finds
>Syntax:

pbinom(k, n, p)

>Example:

pbinom(3, size = 13, prob =1 /6)
plot(0:10, pbinom(0: 10, size =

>Output ;

> pbinom(3, sjze < 13, prob =

16y
0.8419226

0:10

¢ probability of a data following binomial
P(X <=k)

IO, prob =1/ 6), type > "1")

38 il
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>Syntax

>Examj



¢ € 42688802
6 130238102
7 317063503
8 2480726¢-04
0 1.860544¢-05
10 8.269086¢-07

11 1.653817¢-08

provasiites

0:10

2) pbinom() Function:

The function pbinom() is used to find the cumulativ

e probability of a data following binomial
distribution till a given value i.e., it finds

P(X <=Kk)
>Syntax:

pbinom(k, n, p)

>Example:

pbinom(3, size = 13, prob =1/ 6)

plot(0:10, pbinom(0:10, size = 10, prob=1/6), type ="1")

>Output :

> pbinom(3, size = |3, prob = 1/6)[1)
0.8419226
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pbinom(0'10, size = 10, preb = 1€)
04
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3)qbinom() Function:

This function is used to find the nth quantile, that is if P(x <= k) is given, it finds k
>Syntax:

gbinom(P, n, p)

>Example:

gbinom(0.8419226, size = 13, prob= 1 /6)

x <- seq(0, 1, by =0.1)

y <- gbinom(x, size = 13, prob=1/6)

plot(x, y, type ="1)

>Output :
> gbinom(0.8419226, size = 13, prob = 1/6)

(113

10
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4) rbinom() Function:

This function generates n random variables of a particular probability.
> Syntax:

rbinom(n, N, p)

>Example:

rbinom(8, size = 13, prob=1/6)

hist(rbinom(8, size = 13, prob =1/ 6))

>QOutput:

Histogram of rbinom(8, size = 13, prob = 1/6)

30

Frequency
10 15 25
1

0S

) o .
10 1.15 N

25 30

oo}

tbinom(8, size = 13, prop = 116)
> rbinom(8, size = 13, prob = 1/6)[1]
11214023
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<Normal Distribution:

Normal Distribution is a probability function used in statistics that tells about how the data values
are distributed. It is the most important probability distribution function used in statistics because of its
advantages 1n real case seenarios. For example, the height of the population, shoe size, 1Q level, rolling
a dice, and many more. It is generally observed that data distributionis normal when there is a random
collection of data from independent sources.

The graph is symmetric distribution. In R, there arc 4 built-in functions to generate normal
distribution:

e dnorm()
dnorm(x, mean, sd)

« prom()
pnorm(x, mean, sd)

o gnorm()
gnorm(p, mean, sd)

e morm()
morm(n, mean, sd)

where,

— x represents the data set of values — mean(x) represents the mean of data set x. It’sdefault

value is 0.

— sd(x) represents the standard deviation of data set x. It’s default value is 1.m
— nis the number of observations. — p is vector of probabilities.
>Functions To Generate Normal Distribution in R:
1)dnorm():
dnorm() function in R programming mcasures density function of distribution.
I >Syntax :
dnorm(x, mean, sd)
>Example:
# creating a sequence of values
# between -15 to 15 with a difference of 0.1x =
seq(-15, 15, by=0.1)
y = dnorm(x, mean(x), sd(x))
i output 1o be present as PNG file
png(file="dnormExample.png")

# Plot the graph.

S
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plot(x, y)
# saving the file

dev.off{)

>Qutput:

0.010 0.015 0020 0025 0030 0035 0.040 0.045

-10 -5 0 5 10 15

2) pnorm():
pnorm() function is the cumulative distribution function which measures the probability thata
random number X takes a value less than or equal to x .

>Syntax:

pnorm(x, mean, sd)

# creating a sequence of values

# between -10 to 10 with a difference of 0.1x <-
seq(-10, 10, by=0.1)

y <- pnorm(x, mean = 2.5, sd = 2)#

output to be present as PNG file
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pm(mﬁ--pnomﬂixamplc_png-. Y

plot the graph.

5 10

plm(X. y)
4 saving the file
dev.off()
>Qutput:
=7 i
= 13
-~ F
jf

3) gnorm():

qnorm() function is the inverse of pnorm() function. It takes the probability value and gives output
which corresponds to the probability value. It is useful in finding the percentiles of a normal distribution.

>Syntax:

gnorm (p, mean, sd)

>Example:

w # Create a sequence of probability values#
incrementing by 0.02.

x <- seq(0, 1, by =0.02)

y <- gnorm(x, mean(x), sd(x))

# output to be present as PNG file
png(file = “qnormExample.png“)
# Plot the graph.

plot(x, y)

# Save the file.

dev.off()

S
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>Output:

=4 =
= =
“-\'\,\u"s o.e .o
.0 o2 O.= -
4) rnorm():
morm() functjon jp, R Programming is used tqo generate a vector of random umbers which arenormally
distributeq,
>Syntay:
>Example:

morm(x, mean, sd)

# Create g vector of 1009 random Numbers#

with mean=90 ang sd=5

X <- morm(] 0000, mean=90, sd=5)#

output to e Present as PNG f
png(file =~

le
mormExample.png")

# Create the histogram with 50 barg
hist(x, breaks=50) # Save the file,
dev.off()

>Output :
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b) tTest,zTest, Chi Square Test:

>T-Test Approach:
Mathematically, what the t-test does is, take a sample from both sets and establish theproblem
assuming a null hypothesis that the two means are the same.

Classification of T-tests

e One Sample T-test
e Two sample T-test
« Paired sample T-test

One Sample T — Test Approach:

The One-Sample T-Test is used to test the statistical difference between a sample meanand a
known or assumed/hypothesized value of the mean 1 the population.

>Syntax:
t.test(y, mu = 0)

where x is the name of the variable of interest and mu is sct equal to the mean specifiedby the
null hypothesis.
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>Example:

set.seed(0)

sweetSold <= e(morm(50, mean = 140, sd = 5))

# mu=The hypothesized mean difference between the two groups.

ttest(sweetSold, mu = 150)

>Qutput:

Onc Sample t-test

data: sweetSold
=-15.249, df = 49, p-value < 2.2¢e-16
alternative hypothesis: true mean is not equal to 15095
percent confidence interval:
138.8176 141.4217
sample estimates:
mean of x

140.1197

Two sample T-Test Approach:
It is used to help us to understand whether the difference between the two means is realor simply
by chance.
>Syntax:
t.test(yl, y2, paired=FALSE)
By default, R assumes that the variances of yl and y2 are unequal, thus defaulting toWelch’s test.
To toggle this, we use the flag var.equal=TRUE.
>Example:
set.seed(0)
shopOne <- morm(50, mean = 140, sd = 4.5)
shopTwo <- morm(50, mean = 150, sd = 4)

t.test(shopOne, shopTwo, var.equal = TRUE)

>Qutput:
Two Sample t-test

data: shopOne and shopTwo
t=-13.158, df = 98, p-value < 2,2¢-16
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: al to 095
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I 482807 -8.473001
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amplé estimat

an of X mean ofy

mé
140.1077 150.0856

paired Sample T-test:

This is a statistical procedure that is used to determine whether the mean difference between two sets

of observations is zero. In a paired sample t-test, each subject i
. , subject is measuredtwo times ing in pairs
“f observations. s, resulting 1n pairs

>Syntax:

ttest(yl, y2, paired=TRUE)

>Example:

set.seed(2820)

sweetOne <- c¢(morm(100, mean = 14, sd = 0.3))
sweetTwo <- c(morm(100, mean = 13, sd = 0.2))

t.test(sweetOne, sweetTwo, paired = TRUE)

>Qutput:
Paired t-test

data: sweetOne and sweetTwo
t=2931, df = 99, p-value < 2.2¢-16
alternative hypothesis: true mean difference is not equal to 095
percent confidence interval:

0.9892738 1.1329434

sample estimates:

mean difference

1.061109

>7. Test Approach:

(est used for hypothesis testing. Z test is a statistical methodused o
C o e .
{ difference betweert sample and population means orbetween the means
here is a large sample size and the population. It is to be noted that Z

7 value acts as a

Z test is a popular parametri
determine if there is a significan
of two samples, It is used when ther
Test follows normal distribution. The

SE
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Here Z Test is applicable on one sample that g 5.8°
>Example:
library(BSDA) M
# Sample data
sample_data <- ¢(26, 25, 10, 34, 30, 23, 28, 29, 25, 21) :
# One-sample Z-test of tt
7 test <- z.test(sample_data, mu = 24, sigma.x=10)# nun
- /¢
Print the result wh
print(z_test) >S'.
>Output: chi
One-sample z-Test
data: sample_data >§
2=10.53759, p-value = 0.5909 =
alternative hypothesis: true mean is n
g ot
PR equal to 2495 percent i e
19.50205 31.89795
sample estimates: I
mean of x
257 #
Two sample Z test: <
Here Z Test is appl; |
. pplicable on two sar
mpl
“Example: ples that has been taken from g :
s ¢ population
# Two vectors ‘
2 ectors of sample data data]
027, 2
+24,18,29, 30,27 !
dalaz ‘o
©(23, 28, 20, 19, 35,23) g
# Two-g; ! §
Wo-sample 7105t :
%
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sSyntax:
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>One Sample Z test: h -
Here Z Test is applicable on one sample that has been taken from the population,
¢ / S

>Example:
library(BSDA)

# Sample data

sample_data <- ¢(26, 25, 10, 34, 30, 23, 28,29, 25,27)

# One-sample Z-test
2 test <- z.test(sample_data, mu = 24, sigma.x=10)#

Print the result
print(z_test)

>Output:
One-sample z-Test

data: sample_data
z=0.53759, p-value = 0.5909
alternative hypothesis: true mean is not equal to 2495 percent

confidence interval:
19.50205 31.89795
sample estimates:
mean of x
25.7

Two sample Z test:

Here Z Test is applicable on two samples that has been taken from the population
>Example:

# Two vectors of sample data data]
<-¢(27,24,18,29,30,27)
data <- ¢(23, 28, 20, 19, 35,23)

# Two-sample Z-test

—_—
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,Jp.\tjcsllli < z.test (datal, data2, mu=26, sigma.x-10, sigma.y ~15)# Print

the result
print(Z. test_result)

>Qutput:

Two-sample z-Test data:
datal and data2
7 =-3.3742, p-value = 0.0007403
alternative hypothesis: true difference in means is not equal to 2695
percent confidence interval:

-13.25828 15.59161

sample estimates:

mean of x mean of y

25.83333 24.66667

>Chi-Square Test:

The chi-square test of independence evaluates whether there is an association between the categorics
of the two variables. There are basically two types of random variables and they yield two types of data:
numerical and categorical. In R Programming Language Chi- square statistics is used to investigate
whether distributions of categorical variables differ from one another.

>Syntax:
chisq.test(data)

>Parameters:
data: data is a table containing count values of the variables in the table.

>Example:

library(MASS)

# Create a data frame from the main data set. stu_data=
data.frame(survcy$Smoke,survey$Exer)

4 Create a contingency table with the needed variables.
stu_data = table(survey$Smoke,survey$Exer) print(stu_data)
# applying chisq.test() function

print(chisq.test(stu_data))

>QOutput
Freq None Some
Heavy 7 1 3
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Pearson'’s Chi-squared testdata:
stu_data
N-squared = S488§, df = 6, p-value = 04828

©) Density functions:

>Density Plots:

A density plot s a representation of the distribution of a numeric variable that uses a kemel deqsit}-
estimate to show the probability density function of the variable. In R L.tmg‘uage we use the.densuy()
function which helps to compute kemel density estimates. And further with its return value, is used to
build the final density plot. .

>Syntax: density(x)
>Parameters:

*  X: the data from which the estimate is to be computed
>Returns:
It will return the kernel density.

>Example:
library(readxl)

library(ggplot2)
Salary Data <-read_excel("Salary_Data.xls")

den <- density(Salary_Data$YearsExperience)library( ggplot2)

ggplot(Salary_Data, aes(x = Salary)) +
geom_density(fill = "skyblue", alpha = 0.7) +
labs(title = "Kernel Density Plot of Salary",

x ="Salary", y

="Density")
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Kernel Density Plot of Salary

150-05-

10e-05-
&
”
[
o
Q

5 0e-06 -

00e+00-

50000 75600 100|000 125‘00(
Salary

>Create a histogram and a density plot in the same frame:

>Example:

hist(beaverl$temp,
col="green",
border="black", prob
= TRUE, xlab =

"temp", main =
F |IGFG“)
lines(density(beaverl $temp),lwd = 2,

col = "chocolate3")




>Output: GFG

| & S ESE—— |

374 376

o T T

32 %4 366 368 370 372
temp

oG

d) Data Visualization using ggplot - Box plot, histograms, scatterplotter, line chart, bar

chart, heat maps:

>Data visualization with R and ggplot2:

Data visualization with R and ggplot2 in R Programming Language also termedas Grammar of
Graphics is a free, open-source, and easy-to-use visualization package  widely used in R
Programming Language. It is the most powerful visualization package written by Hadley
Wickham.

It includes several layers on which it is governed. The layers are as follows:

>Building Blocks of layers with the grammar of graphics:

o Data: The element is the data set itself

+  Aesthetics: The data is to map onto the Aesthetics attributes such as x-axis, y-axis,
color, fill, size, labels, alpha, shape, line width, line type

. (?eometrics: How our data being displayed using point, line, histogram, bar,boxplot

o Facets: It displays the subset of the data using Columns

«  Statistics: Binning, smoothing, descriptive intermediate

and rows

Coordinates: ¢ , ; .
the space between data and display using Cartesian, fixed,polar, limits.

A
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o Themes: Non-data link

Main Components of the Grammar of Graphics

Theme

Coordinates

Statistical Transformations

Facets

Geometric Objects

Aesthetics
Data

>Box Plots in R using ggplot2:

It is a visual representation of the spread of data for a variable and displays the range of values along
with the median and quartiles. The geom_boxplot() function is used to create box plots in geplot2.

>Example:

library(ggplot2)

set.seed(20000)

data <- data.frame(A = rpois(900, 3),

i B = morm(900),

C = runif(900))

# Creating the boxplot using geplot2

boxplot_plot <- ggplot(data_long, aes(x = variable, y = value)) +
geom_boxplot() +
labs(title = "Boxplot of Data values”, x = "Variable", y = "Value") +
theme_minimal()

print(boxplot_plot)

cn
()




SOutput:
v lot of Data values

Boxp
9 -
6
- e MWH—"I .
I §
5 3 |
1
T E
0
-3
A B c
Variable

>Histogram in R using ggplot2:
Histograms plot quantitative data with ranges of the data grouped into intervals while bar charts plot
categorical data. geom_histogram() function is an in-builtfunction of the ggplot2 module.

>Example:
set.seed(123)
df <- data.frame(

gender=factor(rep(c(
"Average Female income ", "Average Male income"), each=20000)),

Average_income=round(c(rnorm(20000, mean=15500, sd=5 00),

morm(20000, mean=17500, sd=600)))

)
# if already installed ggplot2 then use library(ggplot?)

library(ggplot2)

i Basic histogram

geplot(df, aes(x=Average_income)) + geom histogram()
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>Scatter plots in R using ggplot2:

Scatter plots can be used to visualize the relationship between two variables and identify trends,

patterns, and outliers in the data. To create a scatter plot in R, you can use the plot() or ggplot
function.

>Example:
trains <- ¢(10, 20, 30, 40, 50, 34, 23, 49, 21, 13)
passengers <- ¢(100, 200, 300, 400, 500,

229, 346, 432, 198, 235)

plot(trains, passengers,
xlab = "Number of Trains",
ylab = "Number of Passengers",
main = "Scatter Plot of Trains v§ Passengers")

abline(Im(passengers~trains), col = "red")

(&)1
| 1]



>Qutpnt:
seatter Plot of T

Number of ngg,_rgm
300

200

100

Number of Trains

>Line Plot in R using ggplot2:
s value through which the line will be ordered and

In a line graph, we have the horizontal axi _
the R package ggplot2 which has several

connected using the vertical axis values. We are going to use

layers in it.
First, you need to install the ggplot2 package if it is not previously installed in R Studio.

>Example:

library(ggplot2)

# Create data for chart
val <-data.frame(course=c('DSA'/C++,R' Python'),num=c(77,55,80 60))

# Basic Line
ggplot(data=val, aes(x=course, y=num, group=1)) +
geom_line()+

geom_point()




vy
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Baa

Spar chart in R using ggplot2:

A bar chart is a representation of the dataset in th

- . e ¢ format of a rectangular bar. Respectively, its
hglgh( dcpu;ds on the values of variables in a dataset. You canuse geom_bar() to Crcgw bar charts
with ggplot2. -

>Example:

library(ggplot2)

data <- data.frame(
fruit = c("Apple”, "Banana”, "Orange", "Mango"),
quantity = ¢(300, 450, 280, 800),
color = ¢("red", "yellow", "orange", "green")
)
bar_chart <- ggplot(data, acs(x = fruit,
y = quantity,
fill = fruit,
color = fruit)) +
geom_bar(stat = "identity") + labs(title
= "Fruit Quantity Chart",
X = "Fruit", y = "Quantity (in units)") +
scale_fill_manual(values = data$color) +
scale_color_manual(values = dataScolor) *

theme_minimal()

bar _chan

.
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>Heatmap in R Using geplot2:
They arce especially beneficial for displaying and cxamini'ng rc.:Iati_onshlps and Patterng o
dstz The geplol2 package in R. 2 robust and adaptable data visualization library, can be yq, edy taby,,
| lo
heatm naps

Maj,

>Examplc;:
tbrary{geplo2

libran{reshape?)

af <- read csvl "bestsellers.csv")

data <- cor{dfsapply(df.is.numeric)])

datzl < melt(data)

geplotidatal, 2es(x = Varl,y =V,

ar2, fill = value)) +geom_tile()

labs(title = "Correlation Heatmap” x

= "Varigble §*,

Y = "Varniable 2")
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Week-5:Exploratory data analysis
siation. histogram, box

yanance, standard deviati

Demonctrate the range, summary, mean

population datasct
k=morm(10,me¢an-70,sd=3)
pop_rangc=range(k)
cat("range:",pop_range)
r=mean(k)

cat("mean:",r)

v=var(k)

cat("varience:",v)

s=sd(k)

cat("standard deviation::",s)
sumofk=sum(k)

cat("sum of k:".sumofk)

hist(k,main="histogram of
k" xlab="x",ylab="y col:"gmcn".bordCF"black")summ—summary(k)

cat{"summary:".summ)

boxplot(k,main="Boxplot",col="blue _border="red")

scatter_data=data.frame(x=k,y=k+morm(2,mean=0. sd=5
plot(scatter daLan,scancr_dataSy,main="5catterplot“,col—"biack" xlab='x',ylab="y',pch=_

output:
> k=morm(10,mean=70,sd=3)

> pop range=range(k)

> cat{"ran c fo range)

range: 65. 75_545'783' r=mean(k)
> cal(” mcan ,r)

mean: 70.09853> v=var(k)

> cat("vanience:",v) varience:

11.29644> s=sd(k)
> cat("standard deviation::",s)
standard deviation:: 3.361018> sumofk=sum(k)

> cat("sum of k:" sumofk)sum of

k- 700.9853
> summ-=summ (k)

> cat{"summary:" summ)
summary: 65.41" 912 67.32304 70.70319 70.09853 72.42869 75.54528
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Week-6:. TESTING HYPOTHES)
othesis significance testing: o
qoll hyP° Null fypothesis (HO): There is no significant differen,
Pk npuhtmn mean. ke
pet opnative Hypothesis (Ha): There j5 5 significant differenc
mean and the population mean. -

191“ IUC 15 @ cruclal output of the one- -sample t-test 1t represente 1
ﬂ1¢V can (0F r something more extreme) if the null hypothesys 15 1 PRIy @ otser

thff'amp 05) sug cstqs{rongcwdcnccas_amsl the null h'.nnn«c b e A small vy i

l l{ ant IY dif [ ! :FUI ition mean. naicating that the samp!
if1c
ggﬂl

e Hypotheses Stating the null and altemative hypotheses
gate

_late an Analysis Plan — The formulation of an analysis plan 15 a crucial step in
F 1

pnalyze gample Data — Calculation and interpretation of the test statistic. as described in
n eU |

oterpret Results— Application of the decision rule described in the analysis plan
n

othesis testing ultimately uses a p-value to weigh the strength of the evidence or in
what the data.are about the population. The p-value ranges between 0 and | It can be imterpreted o2
the followingway-

ther wied

A small p-value (typically < 0.05) indicates strong evidence against the null hypothess. so

it.

A large p-value (> 0.05) indicates weak evidence against the null hypothesis, so you fail to rejest
Ap-value very close to the cutoff (0.05) is considered to be marginal and could go ether wa3
Decision Errors in R

The two types of error that can occur from the hypothesis testing:

Type | Error— Type [ error occurs when the researcher rejects 2 nuil hypothests when it 15 frue
m The term significance

level is used to express the probability of Type I error while testing the hypothesis. The sigmficance
level is

represented by the symbol a (alpha).

Type Il Error — Accepting a false null hypothesis HO i refered 0 as the Type [l crror T8 (572
power of the test is

used to express the probability of Type Il error while testing hypothesis. The power of the fest i
fepresented by the

Symbol B (beta).

B o
JTESTING THE MEAN OF ONE SAMPLE
One Sample T-test

Th . « betw ; & mean and 3 knownoy
¢ 0nc-samp|e T-Test is used to test the statistical difference between a sample mean ana 3 knowns

assu - b
Med/hypothesized value of the mean in the populanon.

So, £,
or performing a one-sample t-test in R, we would use the

YRtax ttest(y, mu = 0)

_/_
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example
ts
# Sample data tost scores of 15 studen 78,75, 79, 84)
cudent_scores <- <68, 74,80, 77,82 72,76, 70,88, 81,66, 75
¥ Perform the one-sample t-test \nown_mean)

t tet_result <-t tect{student_scores, mu =
# Print the results

print{t_test_result)

outpat

One Sample t-test
data: student_scores

1= 1.066, df = 14, p-value = 0.3045
alternative hypothesis: true mean is no
9% percent confidence interval:
73.3133580.01998

sample estimates:

mean of x

76.66667

¢)Testing two samples:

t equal to 75

Ltest(groupl, group2, var.equal=TRUE)

Note: By specifving var.cqual=TRUE. we tell R to assume that the variances are equal between

thetwo samples.
Example:

gmupl < dsl 8: 9, 9: g.- 11, 12, 13, 13: 14! 15: 19)
group2 <-c(11, 12,13,13,14,14, 14,15, 16, 18, 18,19)

t test(groupl, groupZ, var.equal=TRUE)
output:
Two Sample t-test

data: groupl and group2
t = -2.5505, df = 22, p-value = 0.01823
alternative hypothesis: true difference in means isnotequalto 0
95 percent confidence interval:
-5.5904820 -0.5761847
sample estimates:
mean of x mean of y
11.66667 14.75000




Week-7 : predicting continugus variahles

Is:

ode : : vwes (of MO
Iiﬂci’r . ‘“aﬁ‘q[iﬁl‘ technique for determining the relationship hetween 1

) garc i = e o dory yapiable and O€F
’ i modcl. A% ¢ two 1yPeS of variables in Lincar models — independernt vari

17140 M

(i fe5- Ther® * { variables are also known as predictor variables. These are the v
b ‘1ndcr’€"dc"

ple: ther §1 : _ e
0 thety on the independent variables. Dependent variables are lso kno

—apie

de. the variables whose values change are known as dependent val

v car rcgrr::ssi()ﬂ

¢ cgrcssiﬂn is used for finding the relationship between the dependent r" f

g ¢ liﬂcﬂ:)r ore dictor variable X. Both of these vnn’ablcsl are continuous in nature While

: ndcpcn'crﬁ cegression, We assume that the values of predictor variable ‘( arc controllec

gmpl® E::rsubjCCt {o the measurement crror from which the corresponding value of Y15
arc

they he weight of new persons, use the predict() function in R.
dict
To pre

im0 Functio” i

jon creates the relationship model between the predictor and the response ¥ ariable
s 1

This fun©

Syntax

pasic syntax for Im() function in linear regression 1 ~
The b2

lm(formula,data)

example:

(1S, 174,138, 186, 128, 136, 179, 163,152, 131)

y< c(63, 81, 56,91,47, 57, 76,72, 62,48)
# Apply the Im()

function.relation <-

Im(y~x)

print(relation)

output:

Call:

lm(fOrmula =y~

x)Coefficients:

(Intercept) x

384551 0.6746

eSO

ohserv co

e

olled. Furthermai=




-

) Multiple regression:
) warable in multi sle regression,
The valuc is dependent upon more than on¢ exploratory ¥ arable in multif g

an delineate the cquation of multiple linear regression g

Using the two explanatory variables, we €

follows: yi = PO+ PIx1i+ px2i+ &
3 yi=Epixlitel
General Multiple regression models can be represented as: ¥t p

Im{) Function

cen the predictor and the response variable. Synay

This function creates the relationship model betw

The basic syntax for Im() function in multiple regression is -~
Im(y ~ x1+x2+x3....data)

example:

# Sample data

set.seed(123)

x1 <-

morm(100)x2 <=

morm(100)

y<-2*x1+3*x2+ morm(100)

£ Fit the multiple linear regression model
model <- Im(y ~x1 +x2)

= Print the summary of the model
summary(model)

output:

Call:

Im(formula=y~xl+

x2)Residuals:

Min 1Q Median 3Q Max
2249768 -0.71382-0.01973 0.68135 2.21461
Coefficients:

Estimate Std. Error t value Pr(>{t])
(Intercept) -0.06804 0.10647 -0.639 0.524
x1 192474 0.10651 18.068 <2e-16***

x2 298729 0.10667 28.009 <2e-16 **
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Signif. codes: 0 "*** 0.001 "** 0.01 *' 0.05'"0.] ' |
Residual standard error: 1.035 on 97 degrees of freedom
Multiple R-squared: 0.8723,  Adjusted R-squared: 0.8698
F-statistic: 344.7 on 2 and 97 DF, p-value: < 2.2¢-16

d)Bias-varience trade-off-cross-validation:

The bias-variance trade-off is a fundamental concept in machine learning that refers to the balance
between a model's ability to capture the underlying patterns in the data (bias) and its sensitivity o
variations in the training data (variance).

Cross-validation is a technique used to estimate the performance of a machine learning model It helgs
to assess how well the model generalizes to an independent dataset by simulating the process of

training and testing on multiple subsets of the data.

In the context of the bias-variance trade-off, cross-validation can be used to find the optimal leve! of
model complexity that minimizes the overall error.

() High Bias : A model with high bias pays little attention to the training data and

(Underfitting)
oversimplifies the problem. It has high error on both the training and test sets.
*  High Variance (Overfitting): A model with high variance fits the training data too closelv
and
fails to generalize to new data. It has low error on the training set but high error on the testser.

Cross-validation helps in understanding and mitigating these issues by providing insights into the
model's performance on unseen data, thus aiding in the selection of an optimal model complexity that
balances bias and variance.
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\\-’cok-B:Corrclalion

tween two yariables.

a)How 1o calculate correlation be

ing out linear dependence between the two variables, 1,
g - The

isti -asure of find
istical meas een -1to +1: There can be two types of correlatioy,

Correlation is a stat : betw
values of the correlation coefficient rang¢ .
Pasitive Correlation and Negative Correlation-

Example:

res <- cor.test(my_dataSwt, my_dataSmpg,
method = "pearson”)

print(res)

cor(x, y. method = "kendall’)

output :

Pearson's product-moment correlation
data: my_dataSwi and my_dataSmpg t

- 9559, df =30, p-value = 1.294e-10

alternative hypothesis: true correlation is not equal to 095

percent confidence interval:
-0.9338264 -0.7440872
sample estimates:

cor

-0.8676594
[1]-0.03070707

b) How to make scatter plot:

ualization that displays the relationship between two continuous variables.It

A scatter plot is a type of data vis
¢ variable plotted on the horizontal (x- axis)

consists of a series of points, each representing the value of on
against the value of another variable plotted on the vertical (y-axis). The position of each point on theplot
corresponds to the intersection of the values of the two variables for a particular observation in the datasct.

Key features of scatter plots include:

1. Horizontal Axis (X-axis): This axis represents the values of one variable (usually the
independentvariable) being analyzed.

2. \"erﬁcal Axis (Y-axis): This axis represents the values of the other variable (usually the dependent
variable) being analyzed.

3. P'omls: Each p(?int on the plot represents the intersection of the values of the two variables for a
particular observation in the dataset.



;fer a1l trend or relationship between the variables.
gstwcm the variables is positive, negative, or neutral.

; Line: In some cases, a trend Jin 2ssion Jine
Trend , © (or regression linc) may be added to the plot to indicate the

This line can help identify whether the relationship

Let’s take a look at a code snippet that creates a scatter plot in R.

5 X < rnorm(100)

<- rnorm(100)

5 piut(x.‘)’.
+ main = “Scatter Plot",
i xlab = “x-axis",
+ ylab = "y-axis",
" col = "blye”,
4t pch = 186,
+ cex = 1.5)
Output:
Scatter Plot
™ — . .
o~ - ® [
® ®
- e O s "’
" N » e e
5 . R LolBe o K3 °
>|_ Q- ° ® ® .? ° .. L J ®
L 0% Q%97 o o
N ® o® oo ®
o o ® L 1Y .
o
' ®
hd °
I | T T T I
-2 -1 0 1 2 3
X-axis

C) Use the scatter plot to investigate the relationship between twovariables:
1. Install and load necessary packages (if not already installed):
install.packages("ggplot2")

library(ggplot2)

2. Prepare your data. Make sure you have a data frame with the two variables you want to
investigate.

3. Create a scatter plot using the "plot()* function or *ggplot2' package.
If using base R:

# Assuming your data frame is named "data" and the variables are "x" and "y"

plot(data$x, dataS$y, xlab = "X Variable", ylab="Y Variable", main = "Scatter
Plot")If using ggplot2:

# Assuming your data frame is named "data" and the variables are "x" and "y"

geplot(data, aes(x = x, y=y)n+

| ~—8om point() +
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— "Seattcr plot™)

labs(x = "X Vanable™. ¥ ~ Y \Varable™. ttle

&_Interpret the plot 5
. i ar pmtcm. it suggests that there isho

g s cle
arc scattered randomly W ithout any

- 1f the points on the plot
0 \Van ables.

relationship between the Tw . ) .
or negatively sloped), it suggests a linear

' jtively
- If the points form a lincar pattern (cither poSIUVED
relationship between the vanables. e
1< a nonlincar relationship between the vana les.

- If the points form a curve, it SURECS
nt and regression lin

es to quantify and visualize {he

- You can also compute correlation coefficic

relationship if needed.
Example Code:

£ Generate some sample data

seLseed(123)

x <- rnorm{ 100)

y<-2%x morm(100)

# Create scatter plot {
|

plot(x. v, main = "Scatter Plotof X vs Y", xlab="X", ylab= "y"_ col = "blue", pch = 16)

# Add a regression line
abline(im{y ~ x), col = "red")
# Add 2 legend

legend("topright”, legend = c("Data", "Regression Line"), col = ¢("blue”, "red"), pch =¢(16, NA), Ity

=c(NA. 1)) |
OUTPLT: !i
Scatter Plot of X vs Y a
= - e Data
1 —— Regression Line
i f wlegoe
! . . o oo
> o o o f}’.:z’f’{. ¢
i ° o _
i |
T
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WEEK-9: TESTS OF HYPOTHESIS:

?L QURCE CODE.

Jata < rnorm( 100, mean =5, sd = 2)

mu <=5

x_bar <- mean(data)

n <- length(data)

sigma <- 2

t_stat <- (x_bar - mu)/ (sigma / sqrt(n)
p_value <- 2 * pt(-abs(t_stat), df =n - 1)
cat("Test Statistic:", t_stat, "\n")
cat("P-value:", p_value, "\n")

OUTPUT:
One Sample t-test

data: data
t=-0.125,df = 99, p-value = 0.9006

alternative hypothesis: true mean is not equal to 5
95 percent confidence interval:
4.717465 5.202096

sample estimates:

mean of X

4959781
Test Statistic: -0.1249982

p-value: 0.9005892

a. Computep value:
SOURCE CODE:
set.seed(123)
sample_data <- rmorm(20, mean = 10, sd = 2)
t test_result <- t.test(sample_data, mu = 10)
p_value <- t test_result$p.value

cat("P-value:", p_value, "\n")

crform tests of hypothesis about the mean when the variance 1s known
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OUTPUT,

Test Statistic: 06376906

P-value: 0.5251472
. ; isti the p value
B) Explore the connection between the eritical region, the test statistic and the p

The connection between the critical region, the test statistic, and the p-\l'la::]c !Suf u"Fl amental in hypotheg;s {Qsﬁng
k y - SiS. .

Understanding this relationship helps in making decisions about the null hypothesis
1. Cnitical Region: . 1d 1cad to reiect:

- The critical region is a set of possible values of the test statistic that would lead to rejection of the ny)y hypmhe

. e S

ata given significance level (\( \alpha \)). ‘ ) ) 5

- It represents the extreme values of the test statistic for which the evidence against the null Iy
cnough 1o warrant rejection,

Ypothesis i Strong

2. Test Statistic: )

- The test statistic is a numerical value calculated from sample data, which measures the degree of agreemen,
between the sample and the null hypothesis. ‘

- It serves as the basis for deciding whether to reject the null hypothesis or not.

3. P-valuc:

- The p-value is the probability of observing a test statistic as extreme as, or more extreme than, the o
observed. under the assumption that the null hypothesis is true.

- It measures the strength of evidence against the null hypothesis.

- A small p-valuc indicates strong evidence against the null hypothesis, suggesting that the obseryeg data are
unlikely to occur if the null hypothesis s truc.

ne Clually

The connection between these three elements can be summarized as follows:

- I the test statistic falls into the critical region (i.c., its value is extreme cnough), the p

-value associated witl, that te
statistic will be small.

- Conversely, if the test statistic falls outside the critical region (i.c., its value is not extreme
associated with that test statistic will be large.
- In decision-making;

enough), the p-valye

- If the p-value is less than the chosen significance level (\( \alpha \)), typically 0.05, then the evidence against the
null hypothesis is considered strong enough to reject it.

- If the p-value is greater than or equal to \(\alpha \), then there is not enough evidence to reject the null hypothes

12




Week-10

- ,
'sm;sl squarc cstimates

a}Lc'

_S_g_g_wﬁﬂ‘il;

set.seed(123)

x<-1:10

y <=2 * x +morm(10, mean = 0, sd =

2)model <- Im(y ~ x)

summary(model)
plot(x, y, main = "Linear Relationship”, xlab = "x", ylab = "y")
abline(model, col = "red")

utput:

Call;
Im(formula = Y ~X)

Residuals:

Min  1Q Median 3Q Max

-2.2695 -1.1248 -0.2785 0.7707 3.3628
Coefficients:

Estimate Std. Error t value Pr(>|t))

(Intercept) 1.0509  1.3346 0.787 0.454
x 1.8361  0.2151 8.537 2.73¢-05 #***

;igniﬁ codes: 0 “**** 0001 ***> (] * 0.05°70.1 "1

Residual standard error: 1.954 on 8 degrees of freedom
Multiple R-squared: 0.9011, Adjusted R-squared: 0.8887
F-statistic: 72.87 on 1 and 8 DF, p-value: 2.729¢-05

Linear Relations hip

ating a lincar relationship demonstration on a statistical model for a lincar relationship

10




OUTPUT:

Test Stanenc 0 6376906

P-value: 0.5251472

B) Explore the connection between the critical region, the test statistic and the p value

The connection between the critical region, the test statistic, and the p-value is fun-damcntal in hYImlhesis testjy
Understanding this relationship helps in making decisions about the null hypothesis. g,
1. Cnitical Region: - _—
- The crmcal region is a set of possible values of the test statistic that would lead to rejection of 1 nul] hypoy,
& 2 grven significance level (( \alpha \)). ) . . ks
- It represents the extreme values of the test statistic for which the evidence against the nul| hypothes;
enough to warrant rejection.

Sis Strong

2. Test Stanstic: )

- The test statistic is 2 numerical value calculated from sample data, which measures the degree of 5
between the sample and the null hypothesis, )

- It serves as the basis for deciding whether to reject the null hypothesis or not.

grecmcnl

3. Paaluc

- The pvalue 1s the probability of observing a test statistic as extreme as, or more extreme than, the one actually
observed, under the assumption that the null hypothesis is true.

- It measures the strength of evidence against the null hypothesis.

- A smazll p-value indicates strong evidence against the null hypothesis, suggesting that the observed data are
umlikely 10 occur 1f the null hypothesis is true,

The connection between these three elements can be summarized as follows:

- I the test sististic falls imo the critical segion (i.¢,, its value is extreme enough), the p-value associated with tht teg(
stztstse will be sall,

- Comversely of the test statistic falls outside the critical region (i.c., its value is not extreme enough), the p-value
essocieted with tha 1est statistic will be large,

- In Becimon-maksng:

- M the pvalue 1e Jews than the chosen significance Jevel (0 alpha\)), typically 0,05, then the evidence against the
sull rypesthesis is comsidered strong enough 1o reject it, ‘ |
-3 the povalue is grester than or equal 1o/ alpha ), then there 15 not enough evidence to rejeet the null hypothesis,

17
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Week-10

. ing a lincar relationship demonstration on a statistical model for a lincar relationship

ﬁsl::as[ squarc estimates

alk &u,rﬁg?ﬂl

set.seed(123)
x<-1:10

y <-2*x+morm(10, mean =0, sd =

2)model <- Im(y ~ x)

summary(model)

plot(x, y, main = "Linear Relationship", xlab = "x", ylab="y")
abline(model, col = "red")

outpuf;

Call:
Im(formula = y ~ x)

Residuals:

Min  1Q Median 3Q Max

-2.2695 -1.1248 -0.2785 0.7707 3.3628
CoclTicients:

Estimate Std. Error t value Pr(=|t|)

(Intercept) 1.0509  1.3346 0.787 0.454

X 1.8361  0.2151 8.537 2.73¢-05 ***

—

Signif. codes: 0 **¥** 0,001 “*** 0,01 *** 0.05 I B B |
Residual standard error: 1.954 on 8 degrees of freedom
Mulliplc R-squared: 0.9011, Adjusted R-squared; 0.8887
F-statistic: 72.87 on 1 and 8 DI, p-value: 2.729¢-05

Linear Relatlonship




HThe R function Im

x <-o(l, 2, 3.4, 5)
ve-(2,3,4,56)
model <- Im{y ~
x)
summan{model

)

ouiputy

Call

Im{formula =y ~
X)Residuals:

1 2 3 4 5
-8.5¢-16 1.0¢400 -2.0¢-15-1.0c+00 1.0e-15
CocefTicients:

Estimate Std. Error t value Pr(>{t])
(Intercept) 1.0000  1.1952  0.837

0.453

x 1.0000 0.3410 2932 0.064.

Signif. codes: 0'**' 0.001 "**'0.01 " 0,05''0.1""1
Residual standard crror: 1 on 3 degrees of freedom
Multiple R-squared: 0.6923, Adjusted R-squared: 0.6154
F-statistic: 8.592 on 1 and 3 DF, p-value: 0.06395
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WEEK 11:Apply -Type Function
A) Defining user defined classes and operations model inr.

USER-DEFINED CLASS:-

rrrrrr

In r we can create user defined class using various system VArouss; stems 63
s4 or refernce classes r6.

S3 classes:-

§3 classes are the simple and flexible allowing you to defined classes quickiythen are

often used for simple object oriented programming in .
Example:-

if (Irequire Namespace ("methods", quickly=TRUE))

{

install Packages ("methods"”)

}

library (methods)

setclass ("Person”, slots=C(
name=" character",

age =" numeric")

)

person] <-new("Person", name= “john”,age=30)
print(Person 1@name)

print(person 1@age)

OUTPUT:-

“john”

30

Various operations:-

Once we defined a class in r you can perform various on objects of that class1.Accessing slots

2. Updating slots
3. Defining methods

4.Inheritance
5.0verriding methods
6. validity checking

Accessing slots:- we can access slots of an object using (@operator
Ex:-

Person]l @name
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Pervonl (@age

Updating slots:- )
rator or directly assigning name newvalues

You can update the values of slots nsing the at ope
Exc
Personl (@name<-"Alice”
Personl aage<-38
Defining Mcthods:-
We can defined method specific to your class using the “setMethod()”
Ex:-
setMethods(“print” signature="person™ function(object){ cat(*Name:" object@name,™\n™)
cat(™Age:" object@age,™\n™)
D
Inheritance:-

We can define subclass that inheritance from super classEx:-

setclass(

“student”,

slot=c(name="charcter”,age="numeric" student_id="charcter"), contains="person™)
student]1<-pew(“Student”,name="Emma”,

age=20.student_id="512345™);

Overriding methods:-

We can override methods for your custom class by defining method with the same nameas there in
the generic functions but to your class.

EX:-

setMethod(“print”, signature="Persin”,function(object) {
cat(“person Information:\n”)

cat(*Name:” object@name,™\n")
cat(Age:",object@age,”\n")

)]

print(personl)

validity checking:-

To perform validity checking in R, you can use various techniques depending on your specific
requirements and the type of data you're working with. Here's a general approach:

1. *Missing Values*: Check for missing values using functions like is.na() or
complete.cases().

# Check for missing values
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nny{is.nshlﬂln})

2. Data Type Ensure variables
|yp00ﬁ)‘

are of the correct data type using functions like class() or

# Check data type
class(data)

3. *Range*: Check if values fall within a cert

ain range using logical operators like <, - ==
>=,

# Check range

any(data < min_value | data > max_value)

4. Pattern Matching: Validate strings or patterns using regular expressions with functionslike
grep() or grepl().

# Check pattern matching
any(grepl("pattern", data))

5. Custom Checks: Implement custom functions tailored to your specific validationcriteria
using if statements or packages like assertthat.

# Custom validity check

custom_check <- function(x) {if

(condition) {
# Handle invalid data

} else {

# Data is valid

}
}

# Apply custom check
custom_check(data)
Combine these techniques as needed to perform com

Adjust the conditions and criteria according to your
data.

prehensive validity checking on vourdata.
specific requirements andthe nature of your

MODELS:-

When creating user-defined models in R, you have the flexibil
on your specific requirements and the nature of your data. 1l
can define:

ity to define various types of models based
CIC are some common types of models vou

1.Linear Regression Model: A simple model that represents a linear relanonship between
independent variables and a continuous dependent variable.

2 Logistic Regression Model: Used for binary classification problems

. Where the outcomevariable
is categorical with two levels.

3. Generalized Lincar Model (GLM): An extension of lincar regression that allows for non-normat
error distributions and link functions, such as Poisson regression for count data orlogistic regression

7




for binary data.

e : ala into subsels bas
4. Deciston Tree Model: A tree-like model that recursively splits 1|1.c d‘:lﬂl\l:lo subsels basedon ¢
PR asks.
values of predictor variables, used for both classification and regression

METHODS:-
we can defined our own methods using rExamplesare:-

1. Method Dispatch

2. Defining methods

3. Functionality Extension4 Method overrinding.
b) Customising the uscrs environment.

In r we can customize the users environment by setting various options users environmentby se
various options modifying the search path defining path and controlling the behaviours of r sessionsg

The various oprations of modifying the user environment is
1.setting option

2.Defining custom functions

)

-customizing the search path
4.customizing start-up behaviour
5.customizing output
6.setting working directory
Settiing options:-
We can set global options that affect the behaviour of r using the options() functionEX:-
Options(digit=4)
Options(warm=1)
Defining custom Function:-

We can define your own functions and the store them In the user enviroments this allowsyou to creatc
reusuable code and customize behavior.

EX:-

My_function<-function(x)

{

i

Customizing the search paths:-

We can modify the search path to control where r looks for objects
Ex:-
Attach(“~/mydirectory™)

Setting working Directory:-
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ng

we can set the working directory using the setwd() function to control where P reads andwrites £lo |
defaulls T TS Anldwrites liies by

Ex:-setwd(“~/mydirectory™)

C)CONDITJONAL STATEMENTS:-

_Condmnnal staremcr?ts in R allow the control of flow in programs based on certain condition
Using these statements different blocks of code can be executeddepending on whether 2 condition i-
true or false, ether a condition is

If Statement

The ifs'tatement is used to execute a block of code if a condition is true. The general
syntax Is:

if (condition) {
# Code to be executed if condition is true

i

If-Else Statement

The if-else statement allows the execution of a block of code if a condition is true.
and another block of code if the condition is false. The general syntax is:

if (condition) {
# Code to be executed if condition is true

}else {
# Code to be executed if condition is false

}

Example:-

if (x> 5) {
print("x is greater than 5")

}

X <2
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ons-

- 2 Teer *
131 OONS ana 1€ ranl

. 1 - - 4
R For-LoOj} ana List

« Create a list of numbers

v list <- 3.4.5)
list and print cach clementfor (iin

- Loop through the

ng(my_hist) {
my_list[[1]]

-~ 2
S0 alo

current_clement <~
i currcm_clcmcnl))

p:n‘.mastcf"'Thc current clement is:’

whiie
{ x:s‘.ﬁcxprc-;-sion!

1= Block of code

print
(1)
j<-1+1

Ouxpm;-
(111
(1]2
[1)3
(114
{115
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.\ Demonstrate statistical functions in R
i

- .

’)\er

Su,n'stical functions are mafhmafi'cal operations or procedures used to analyze and ~r.-r'r“-a’r'/.~

ey are used to describe, summarize, and interpret data to gamn meights im0 ‘u- -rw'-" e Py
,—clationshipS-‘Somt’l common statistical functions include measures of central 'rr,t.‘e"‘f_. (e g.mes -
measures ofdrSpclrSJ‘On (e.g., standard deviation, vanance). measures of distribution shape (2 £ 3%
and summary statistics (e.g., minimum, maximum, quartiles)

grample:

4 Generate some sample data

T VA

set.seed(123)
data <- morm(100)

# Mean
mean_value <- mean(data)

print(paste( "Mean:", mean_value))

# Median
median_value <- median(data)

print(paste("Median:", median_value))

# Standard Deviation

sd_value <- sd(data)
print(paste("Standard Deviation:”, sd_value))

# Variance
var_value <- var(data)
p,—im(paste("\/ariance:", var_value))

4 Summary statistics
sqummary_stats <- summary(data)

print(summary_stats)

#Histogram
hist(data, main = "Histogram of Sample Data", xlab = "Value", ylab = "Frequency™, col = "skyblue™)
outputs
"Median: 0.0617563090775401"
*Standard Deviation: 0.912815879680979"

-

“Variance: 0.833232830197759"
Min. 1stQu. Median Mean 3rd Qu.
1 @.49385 0.06176 0.09041 0.69182 2.18733

Max.

e ]
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bistatistical inference . contingency 1ables chi-square goodness of fit segression , generalized linear modelg aid
advanced modelling methods.

Statistical inference:

Statistical inference is the process of making predictions, decisions, or conclusions about a population based on
sample datz. It involves using statistical methods to draw inferences about population parameters, such as meangor

proportions, from sample statistics. Common techniques include hypothesis testing, confidence intervals, ang
regression analysis.

statistical inference can be performed using a variety of built-in functions and packages. Commonly used packages
for statistical inference include:

1. stats

2. dplyr and tidyr

Caontingencv tables:

Contingency tables, also known as cross-tabulations, are used to summarize the relationship between two
categorical variables. In R,

Example:

# Create some example data

gender <- ¢("Male", "Female", "Female", "Male", "Male", "Female")
smoker <- c("Yes", "No", "Yes", "No", "Yes",

"Yes")# Create a contingency table

cont_table <- table(gender, smoker)

# Display the contingency table

82




| —

C(]"[-‘[ﬂblc

Qutput:

smoker
gendcr No Yes
Female 1 2
Male 1 2

This will produce a contingency table showi
variables (gender and smoker). You can also
using additional functions like prop.table().

ng the frequency counts fo
compute row percentages,

Example:

# Row percentages

row_percentages <= prop.tablc(cont_tablc, margin = 1)

print(row. _percenta ges)

# Column percentages

col_percentages <- prop.table(cont__tab]e, margin =2)

print(col |_percentages)

# Overall percentages

overall_percentages <- prop.table(com_table)
print(overall _percentages)
Qutput:
smoker
gender No Yes
Female 0.1666667 0.3333333
Male 0.1666667 0.3333333
smoker
gender No Yes
Female 0.5 0.5
Male 0.5 0.5
i
\ smoker
gender No Yes
‘\ Female 0.1666667 0.3333333
Male 0.1666667 0.3333333

s p—
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Chi Square goodness of fi

vou can perform a Chi-square goodness-of-fit test using the chisq.test() 1}'1mc1mn. 1:jhus test is yge
- * ~ X T T .
whether the obsenved freguency distnbution of eategoneal data differs from the expecte frcqucm:. distrj

Examplc:

# Example data: observed frequencies

observed <- 20, 20,25, 19)

* Expected frequencies (in this example. assuming equal probabilities)expected

- repisumiobserved) - length(observed), length(observed))

£ Perform the Chi-square goodness-of-fit test
chi_sguarc_test <- chisq.test(observed, p = expected)
£ Pnnt the results
pantich_sgquare_test)

Qutpur:

Chi-squared test for given probabilitiesdata:

observed
X-squared = 2.5, df = 3, p-value = 0.4757

Regression:

\

‘0 asqcsﬁ
huliun_

vou can perform regression analysis using various functions depending on the type of regression you want to

conduct. Here's a basic example of linear regression using the built-in Im() function:
Example:

# Example data

x<-¢{1.2 3,4,5)

v<-o(2,3,4. 5, 6)

= Perform linear regression

mode] < Im(y ~ x)

# Summary of the regression model
summeary(model)
Output:

Call:
Im(formula = ¥~

x)Residuals:
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/
7.015¢-16-9.462¢-16 -2.452¢-17 8.156¢-17 1.876e-16

2 3 4 5

Cocfficients:
Estimate Std. Error t value Pr(>]t])

(Intercept) 1.000e+00 7.241¢c-16 1.381e+15 <2e-16 ***

X 1.000c+00 2.183c-164.581¢+15 <2e-16 ***

Signif, codes: 0 “****0.001 ****0.01 *** 0.05 0107

Residual standard error: 6.904e-16 on 3 degrees of freedom

Multiple R-squared: 1, Adjusted R-squared: 1
F-statistic: 2.098¢+31 on 1 and 3 DF, p-value: <22e-16

Generalized linear models:
eTo perform generalized linear regression in R,youcanu

of distributions and link functions suitable for different typ
generalized linear model:

Example:

# Example data

x<-c(1,2,3,4,5)
y <-¢(0, 1, 0, 1, 0) # Binary response variable

# Perform logistic regression (binomial family with logit link)

model <- glm(y ~ x, family = binomial(link = "logit"))

summary of the generalized linear model

smmaqr(model)

Qutput:

|

| Call
. gm(formula =y ~ X, family = binomial(link =

"ogit"))Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) -4.055e-01 2.141e+00 -0.189  0.85
X 1.433e-16 6.455e-01 0.000 1.00

(Dispersion parameter for binormial family taken to be 1)

Null deviance: 6.7301 on 4 degrees of freedom

et i,

se the glm() function, which allows you to specify
an exampiec of IIImZ 3

es of response variables. Herc's
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ass @ wide range of techniques bey

ond sim .
Jing methods include: Ple Ninear Tegression
ession

od<
Trﬂ-_hswd meth e _
o Buildatre® sructurc 10 make predictions based on feature splits,
. Deqwon 1T : .
. Forest Ensemble method that constructs multiple decision trees and combines their
. Random PO ) predig;
* . i el e 1
nines (GBM): Sequentially build trees to minimize errors of the previ on
TOUS tree
]

ing models used for classification and regressi
ion

53cn Boostme ! Mac
pcrviscd jearning

rt Vector njachinct (S\'M): Su

. (Grad

Supp®

st weural wetworks:

eptrons (MLP): B
works (CNN): De
Suitable for sequenc

rward neural networks with multiple layers

ana

asic feedfo

wulnlaver Perc
signed for image rccognition tasks.

-

mvolutional Neural Net
e data like time series or natural language

s (RNN):

Cluster Analvsis:
into clusters pased on similarity.

K-Means Clustering: partition data 1
uild a hierarchy of clusters.

Hierarchical Clustering: B

Dimensionality Reduction:
is (PCA): Reduce the dimensionality of the data while preserving va

pal Component Analysis
hastic Neighbor Embedding (t-SNE): Non-linear dime

- Pﬂﬂm
nsionality reduction t

« 1-Distributed Stoc
often used for visualization.

Time Series Analysis:
series forec

ive Integrated Moving Average): Suitable for univariate time

« ARIMA (AutoRegress
g time serics data w

Developed by Facebook for forecastin ith trend, seasonality, an

« Prophet:
effects.
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