Frequency_Distribution
data<-read.csv("C:/Users/GAUTAM BANDYOPADHYAY/Desktop/R_file_GB/frequency.csv")

View(data)

range(data)

bins<-seq(29.5,99.5,by=10)

score<-cut(data$marks,bins)

x<-transform(table(score))

x

Calling SPSS
library(foreign)

data<- file.choose("")

data

y<-read.spss("C:\\Users\\sayan\\Desktop\\Employee data.sav")

View(y)

library(foreign)

Employee_data <- read_sav("Employee data.sav")

View(Employee_data)

library(readxl)

dataset <- read_excel(NULL)

View(dataset)

Concept of Function
#Function With One Variable

abc <- function(x)

{ 

  x^2

} 

abc(4)

#Function with Two Variable

abc <- function(x,y)

{ 

  x^2+y^2

} 

abc(4,5)

#Function with               

abc <- function(x){ 

  sin(x)^2+cos(x)^2 + x 

} 

abc(4)

Box_plot
attach(cars)

scatter.smooth(x=cars$speed, y=cars$dist, main="Dist ~ Speed") # scatterplot

par(mfrow=c(1, 2))  # divide graph area in 2 columns

boxplot(cars$speed, main="Speed", sub=paste("Outlier rows: ", boxplot.stats(cars$speed)$out))  # box plot for 'speed'

boxplot(cars$dist, main="Distance", sub=paste("Outlier rows: ", boxplot.stats(cars$dist)$out))  # box plot for 'distance'

linearMod <- lm(dist ~ speed, data=cars)

summary(linearMod)

anova(linearMod)

Chi_Square
help.search("chisquare")

installed.packages("FunChisq")

library("FunChisq")

x <- matrix(c(4,0,4,0,4,0,1,0,1), 3)

x

y <- t(x)

y

z <- matrix(c(1,0,1,4,0,4,0,4,0), 3)

z

data <- list(x,y,z)

data

cp.chisq.test(data)

cp.chisq.test(data, method="nchisq")

#Import the data

file_path <- "http://www.sthda.com/sthda/RDoc/data/housetasks.txt"

housetasks <- read.delim(file_path, row.names = 1)

housetasks

# head(housetasks)

install.packages("ggplot")

library(ggplot)

# 1. convert the data as a table

dt <- as.table(as.matrix(housetasks))

# 2. Graph

balloonplot(t(dt), main ="housetasks", xlab ="", ylab="",

            label = FALSE, show.margins = FALSE)

library("graphics")

mosaicplot(dt, shade = TRUE, las=2,

           main = "housetasks")

chisq <- chisq.test(housetasks)

chisq

## From Agresti(2007) p.39

M <- as.table(rbind(c(762, 327, 468), c(484, 239, 477)))

dimnames(M) <- list(gender = c("F", "M"),

                    party = c("Democrat","Independent", "Republican"))

(Xsq <- chisq.test(M))  # Prints test summary

Xsq$observed   # observed counts (same as M)

Xsq$expected   # expected counts under the null

Xsq$residuals  # Pearson residuals

Xsq$stdres     # standardized residuals

## Effect of simulating p-values

x <- matrix(c(12, 5, 7, 7), ncol = 2)

chisq.test(x)$p.value           # 0.4233

chisq.test(x, simulate.p.value = TRUE, B = 10000)$p.value

# around 0.29!

## Testing for population probabilities

## Case A. Tabulated data

x <- c(A = 20, B = 15, C = 25)

chisq.test(x)

chisq.test(as.table(x))             # the same

x <- c(89,37,30,28,2)

p <- c(40,20,20,15,5)

try(

  chisq.test(x, p = p)                # gives an error

)

chisq.test(x, p = p, rescale.p = TRUE)

# works

p <- c(0.40,0.20,0.20,0.19,0.01)

# Expected count in category 5

# is 1.86 < 5 ==> chi square approx.

chisq.test(x, p = p)            #               maybe doubtful, but is ok!

chisq.test(x, p = p, simulate.p.value = TRUE)

## Case B. Raw data

x <- trunc(5 * runif(100))

chisq.test(table(x))            # NOT 'chisq.test(x)'!

Concept of dataframe_distribution_ARIMA
install.packages("foreign")

library(foreign)

x<-read.spss("C:/Users/USER/Desktop/bse_sensex_04_10_17.sav",use.value.labels = TRUE)

View(x)

y1<-x$X1

y2<-x$X2

y3<-x$X3

y4<-x$X4

y5<-x$X5

y6<-x$X6

y7<-x$X7

y8<-x$X8

y9<-x$X9

y10<-x$X10

#x5<-x$EDUC

#x6<-x$JOBTIME

A<-data.frame(y1,y2,y3,y4,y5,y6,y7,y8,y9,y10)

B<-cor(A)

B

det(B)

C<-cov(A)

C

eigen(B)

eigen$(B)

eigen(c)

eigen(C)

library(Matrix)

D<-matrix(c(1,-2,0,-2,5,0,0,0,2),nrow=3,byrow=TRUE)

D

eigen(D)

E<-matrix(c(1,-0.8944272,0,-0.8944272,1,0,0,0,1),nrow=3,byrow=TRUE)

E

z<-eigen(E)

z

(-2/sqrt(5))

head(t)

view(t)

help.start()

require(stats) # for spline

require(graphics)

xx <- -9:9

plot(xx, sqrt(abs(xx)),  col = "red")

lines(spline(xx, sqrt(abs(xx)), n=101), col = "pink")

require(stats) # for lowess, rpois, rnorm

plot(cars)

lines(lowess(cars))

plot(sin, -pi, 2*pi) # see ?plot.function

## Discrete Distribution Plot:

plot(table(rpois(100, 5)), type = "h", col = "red", lwd = 10,

     main = "rpois(100, lambda = 5)")

## Simple quantiles/ECDF, see ecdf() {library(stats)} for a better one:

plot(x <- sort(rnorm(47)), type = "s", main = "plot(x, type = \"s\")")

points(x, cex = .5, col = "dark red")

help.search("lm")

# The data frames  Cars93, minn38 and quine are available

# in the MASS package.

# Case 1: frequencies specified as an array.

sapply(minn38, function(x) length(levels(x)))

## hs phs fol sex f

##  3   4   7   2 0

##minn38a <- array(0, c(3,4,7,2), lapply(minn38[, -5], levels))

##minn38a[data.matrix(minn38[,-5])] <- minn38$f

## or more simply

minn38a <- xtabs(f ~ ., minn38)

fm <- loglm(~ 1 + 2 + 3 + 4, minn38a)  # numerals as names.

deviance(fm)

## [1] 3711.9

fm1 <- update(fm, .~.^2)

fm2 <- update(fm, .~.^3, print = TRUE)

## 5 iterations: deviation 0.075

anova(fm, fm1, fm2)

# Case 1. An array generated with xtabs.

loglm(~ Type + Origin, xtabs(~ Type + Origin, Cars93))

# Case 2.  Frequencies given as a vector in a data frame

names(quine)

## [1] "Eth"  "Sex"  "Age"  "Lrn"  "Days"

fm <- loglm(Days ~ .^2, quine)

gm <- glm(Days ~ .^2, poisson, quine)  # check glm.

c(deviance(fm), deviance(gm))          # deviances agree

## [1] 1368.7 1368.7

c(fm$df, gm$df)                        # resid df do not!

c(fm$df, gm$df.residual)               # resid df do not!

## [1] 127 128

# The loglm residual degrees of freedom is wrong because of

# a non-detectable redundancy in the model matrix.

help.search("time series")

require(graphics)

arima.sim(n = 63, list(ar = c(0.8897, -0.4858), ma = c(-0.2279, 0.2488)),

          sd = sqrt(0.1796))

# mildly long-tailed

arima.sim(n = 63, list(ar = c(0.8897, -0.4858), ma = c(-0.2279, 0.2488)),

          rand.gen = function(n, ...) sqrt(0.1796) * rt(n, df = 5))

# An ARIMA simulation

ts.sim <- arima.sim(list(order = c(1,1,0), ar = 0.7), n = 200)

ts.plot(ts.sim)

arima(lh, order = c(1,0,0))

arima(lh, order = c(3,0,0))

arima(lh, order = c(1,0,1))

arrequire(graphics)

ts.plot(ldeaths, mdeaths, fdeaths,

        gpars=list(xlab="year", ylab="deaths", lty=c(1:3)))ima(lh, order = c(3,0,0), method = "CSS")

arima(USAccDeaths, order = c(0,1,1), seasonal = list(order = c(0,1,1)))

arima(USAccDeaths, order = c(0,1,1), seasonal = list(order = c(0,1,1)),

      method = "CSS") # drops first 13 observations.

# for a model with as few years as this, we want full ML

arima(LakeHuron, order = c(2,0,0), xreg = time(LakeHuron) - 1920)

## presidents contains NAs

## graphs in example(acf) suggest order 1 or 3

require(graphics)

(fit1 <- arima(presidents, c(1, 0, 0)))

nobs(fit1)

tsdiag(fit1)

(fit3 <- arima(presidents, c(3, 0, 0)))  # smaller AIC

tsdiag(fit3)

BIC(fit1, fit3)

## compare a whole set of models; BIC() would choose the smallest

AIC(fit1, arima(presidents, c(2,0,0)),

    arima(presidents, c(2,0,1)), # <- chosen (barely) by AIC

    fit3, arima(presidents, c(3,0,1)))

## An example of ARIMA forecasting:

predict(fit3, 3)

help.search("PCA")

## signs are random

require(graphics)

## the variances of the variables in the

## USArrests data vary by orders of magnitude, so scaling is appropriate

prcomp(USArrests)  # inappropriate

prcomp(USArrests, scale = TRUE)

prcomp(~ Murder + Assault + Rape, data = USArrests, scale = TRUE)

plot(prcomp(USArrests))

summary(prcomp(USArrests, scale = TRUE))

biplot(prcomp(USArrests, scale = TRUE))

help.search("Regression")

set.seed(1)

x <- round(rnorm(200))

y <- rnorm(200)

rcorr.cens(x, y, outx=TRUE)   # can correlate non-censored variables

library(survival)

age <- rnorm(400, 50, 10)

bp  <- rnorm(400,120, 15)

bp[1]  <- NA

d.time <- rexp(400)

cens   <- runif(400,.5,2)

death  <- d.time <= cens

d.time <- pmin(d.time, cens)

rcorr.cens(age, Surv(d.time, death))

r <- rcorrcens(Surv(d.time, death) ~ age + bp)

r

plot(r)

# Show typical 0.95 confidence limits for ROC areas for a sample size

# with 24 events and 62 non-events, for varying population ROC areas

# Repeat for 138 events and 102 non-events

set.seed(8)

par(mfrow=c(2,1))

for(i in 1:2) {

  n1 <- c(24,138)[i]

  n0 <- c(62,102)[i]

  y <- c(rep(0,n0), rep(1,n1))

  deltas <- seq(-3, 3, by=.25)

  C <- se <- deltas

  j <- 0

  for(d in deltas) {

    j <- j + 1

    x <- c(rnorm(n0, 0), rnorm(n1, d))

    w <- rcorr.cens(x, y)

    C[j]  <- w['C Index']

    se[j] <- w['S.D.']/2

  }

  low <- C-1.96*se; hi <- C+1.96*se

  print(cbind(C, low, hi))

  errbar(deltas, C, C+1.96*se, C-1.96*se,

         xlab='True Difference in Mean X',

         ylab='ROC Area and Approx. 0.95 CI')

  title(paste('n1=',n1,'  n0=',n0,sep=''))

  abline(h=.5, v=0, col='gray')

  true <- 1 - pnorm(0, deltas, sqrt(2))

  lines(deltas, true, col='blue')

}

par(mfrow=c(1,1))

help.start()

help.search("ANN")

data(agriculture)

bannerplot(agnes(agriculture), main = "Bannerplot")

## generate 10+15 objects in two clusters, plus 3 objects lying

## between those clusters.

x <- rbind(cbind(rnorm(10, 0, 0.5), rnorm(10, 0, 0.5)),

           cbind(rnorm(15, 5, 0.5), rnorm(15, 5, 0.5)),

           cbind(rnorm( 3,3.2,0.5), rnorm( 3,3.2,0.5)))

fannyx <- fanny(x, 2)

## Note that observations 26:28 are "fuzzy" (closer to # 2):

fannyx

summary(fannyx)

plot(fannyx)

(fan.x.15 <- fanny(x, 2, memb.exp = 1.5)) # 'crispier' for obs. 26:28

(fanny(x, 2, memb.exp = 3))               # more fuzzy in general

data(ruspini)

f4 <- fanny(ruspini, 4)

stopifnot(rle(f4$clustering)$lengths == c(20,23,17,15))

plot(f4, which = 1)

## Plot similar to Figure 6 in Stryuf et al (1996)

plot(fanny(ruspini, 5))

help.search("GARCH")

Concept of regression
install.packages("xlsx")

# Load the library into R workspace.

library("xlsx")

# Values of height 

151, 174, 138, 186, 128, 136, 179, 163, 152, 131

# Values of weight.

63, 81, 56, 91, 47, 57, 76, 72, 62, 48

#lm(formula, data)

x <- c(151, 174, 138, 186, 128, 136, 179, 163, 152, 131)

y <- c(63, 81, 56, 91, 47, 57, 76, 72, 62, 48)

relation <- lm(y~x)

print(relation)

# Get the Summary of the Relationship: 

print(summary(relation))

#predict(object, newdata)

# The predictor vector.

x <- c(151, 174, 138, 186, 128, 136, 179, 163, 152, 131)

# The resposne vector.

y <- c(63, 81, 56, 91, 47, 57, 76, 72, 62, 48)

# Apply the lm() function.

relation <- lm(y~x)

# Find weight of a person with height 170.

a <- data.frame(x=151)

result <- predict(relation,a)

print(result)

#Visualize the Regression Graphically

# Create the predictor and response variable.

x <- c(151, 174, 138, 186, 128, 136, 179, 163, 152, 131)

stem(x)

y <- c(63, 81, 56, 91, 47, 57, 76, 72, 62, 48)

min(y)

max(y)

range(y)

r<-max(y)-min(y)

r

stem(y)

hist(y,breaks = 5)

hist(y,breaks = 47:91)

hist(y, col = 'gray75', main = NULL, xlab = 'Size class for y', ylim = c(0, 0.5), freq = FALSE)

table(p)

relation <- lm(y~x)

# Give the chart file a name.

png(file = "linearregression.png")

# Plot the chart.

p<-plot(y,x,col="blue",main="Height & Weight Regression",

     abline(lm(x~y)),cex = 1.3,pch=16,xlab="Weight in Kg",ylab="Height in cm")

# Save the file.

dev.off()

help.start()

help.search(graph)

d

Factor_Analysis
library(psych)

data<-read.csv(file.choose())

datasp<-read_sav(file.choose())

View(datasp)

dd<-datasp[3:10,1:4]

list(datasp)

View(datasp)

View(dd)

attach(data)

x<-cbind(X1,X2,X3,X4,X5,X6,X7,X8,X9,X10,X11,X12,X13,X14,X15,X16,X17,X18)

summary(x)

g<-cor(x)

pca2<-princomp(x,score=TRUE, cor=TRUE )

pca(g,method="varimax",score=T)

egn<-eigen(g)

egn

z<-pca(g,nfactors=3,method="varimax",score=T)

summary(pca2)

loadings(pca2)

KMO(g)

head(x)

tail(x)

view(x)

cortest.bartlett(g,180)

plot(pca2)

screeplot(pca2, type="line", main="screeplot")

biplot(pca2)

rank(g)

print(z$loadings,digits=3,cutoff =.5 ) 

f<-factor.scores(x,g)

f

ff<-f$scores

View(ff)

xx<-ff[,1]

xx

yy<- ff[,2]

zz<- ff[,3]

View(ff[1:3,1:3])

mer<-cbind(X1,X2,X3,X4,X5,X6,X7,X8,X9,X10,X11,X12,X13,X14,X15,X16,X17,X18,xx,yy,zz)

View(mer)

View(fdat)

K-means_Clustering
#install.packages("tidyverse","cluster","factoextra","gridExtra")

 library(tidyverse)

 library(cluster)

 library(factoextra)

 library(gridExtra)

 data('USArrests') 

 View(USArrests)

 d_frame <- USArrests

 d_frame <- na.omit(d_frame)  #Removing the missing values

 d_frame <- scale(d_frame)

 head(d_frame)

 View(d_frame)

 kmeans2 <- kmeans(d_frame, centers = 2, iter.max = 10,nstart = 1) #kmeans(x, centers, iter.max = 10, nstart = 1)

 str(kmeans2) 

 summary(kmeans2)

 aggregate(d_frame, by=list(cluster=kmeans2$cluster), mean)

 fviz_cluster(kmeans2, data = d_frame) 

 kmeans3 <- kmeans(d_frame, centers = 3,iter.max = 10, nstart = 1)  #DataFlair

 kmeans4 <- kmeans(d_frame, centers = 4, iter.max = 10,nstart = 1)  

 #Comparing the Plots

 plot1 <- fviz_cluster(kmeans2, geom = "point", data = d_frame) + ggtitle("k = 2")

 plot2 <- fviz_cluster(kmeans3, geom = "point", data = d_frame) + ggtitle("k = 3")

 plot3 <- fviz_cluster(kmeans4, geom = "point", data = d_frame) + ggtitle("k = 4")

 grid.arrange(plot1, plot2, plot3, nrow = 2) 

 # compute gap statistic to find out the optimal clusters

 set.seed(123)# set.seed function in R is used to reproduce results i.e. it produces the same sample again and again.

              # When we generate randoms numbers without set.seed() function it will produce different samples at different time of execution.

 gap_stat <- clusGap(d_frame, FUN = kmeans, nstart = 1,

                     K.max = 10, B = 50)

 # Print the result

 print(gap_stat, method = "firstmax")

 fviz_gap_stat(gap_stat) 

# Compute k-means clustering with k = 4

 set.seed(123)

 final <- kmeans(d_frame, 4, nstart = 1)

 print(final)

 fviz_cluster(final, data = d_frame) 

# manova
species_name <- c('1.0 versicolor','1.2 versicolor','1.2 versicolor','1.8 virginica','1.8 virginica','0.2 setosa','0.2 setosa','1.2 versicolor','1.2 versicolor','1.3 versicolor')

SPECIES <- factor(species_name)

SEPAL_LENGTH <- c(94,91,93,127,150,2,34,96,74,98)

PETAL_LENGTH <- c(2.3,2.6,4.0,4.8,5.1,1.4,1.4,4.2,4.7,4.3)

 flower_data <- data.frame(SPECIES,SEPAL_LENGTH,PETAL_LENGTH)

 print(flower_data)

 y <- cbind(SEPAL_LENGTH,PETAL_LENGTH)

 flower_fit <- manova(y~SPECIES)

 summary(flower_fit,test="Wilks")

 # Using summary.aov() to get univariate statistics for each dependent 

 # variable namely, SEPAL_LENGTH and PETAL_LENGTH 

 fit_now <- aov(SEPAL_LENGTH~SPECIES)

 summary(fit_now)

 fit_now2 <- aov(PETAL_LENGTH~SPECIES)

 summary(fit_now2)

Matrix Concept

# create a vector

x<-c(7,4,6,21,43,2,6)

x

# create a matrix

y <- matrix( ncol=2, data=c(1,2,3,4,5,6,7,8) )

y 

# create a matrix with colname & rowname

Matrix1<- matrix(c(51,43,22,92,28,21,68,22,9),ncol=3)

colnames(Matrix1) <- c("High","Low","Middle")

rownames(Matrix1) <- c("current","former","never")

Matrix1

# One can access a single element of a matrix with y[i,j] 

y[3,2] # here you have to give position of y[i,j] 

#In case, the data has to be entered row wise, then a 4 × 2-matrix X can be created with 

z <- matrix( nrow=4, ncol=2, 

             data=c(1,2,3,4,5,6,7,8), byrow = TRUE) 

z

# Define the column and row names.

rownames = c("row1", "row2", "row3", "row4")

colnames = c("col1", "col2", "col3")
P <- matrix(c(3:14), nrow = 4, byrow = TRUE, dimnames = list(rownames, colnames))

print(P)

# Create two 2x3 matrices.

matrix1 <- matrix(c(3, 9, -1, 4, 2, 6), nrow = 2)

print(matrix1)

matrix2 <- matrix(c(5, 2, 0, 9, 3, 4), nrow = 2)

print(matrix2)

# Add the matrices.

result1 <- matrix1 + matrix2

print(result1)

# Subtract the matrices

result2 <- matrix1 - matrix2

print(result2)

# Create two 2x3 matrices.

matrix1 <- matrix(c(3, 9, -1, 4, 2, 6), ncol = 2)

print(matrix1)

matrix2 <- matrix(c(5, 2, 0, 9, 3, 4), nrow = 2)

print(matrix2)

# Multiply the matrices.

result3 <- matrix1 %*% matrix2

print(result3)

#transpose of a matrix

trans<- t(matrix1)

print(trans)

# Rank of the matrix

qr(matrix2)$rank

#inverse of the matrix

install.packages("matlib") 

#The ordinary inverse is defined only for square matrices.

library(matlib)

A <- matrix( c(5, 1, 0,

               3,-1, 2,

               4, 0,-1), nrow=3, byrow=TRUE)

A

det(A)

#Basic properties 1. det(A) != 0, so inverse exists Only non-singular matrices have an inverse.

AI  <- solve(A) 

#AI <- inv(A)

AI

#Triangular Matric

m2 <- matrix(1:16, 4,4 )

m2

#lower.tri(m2, diag = FALSE)

#m2[lower.tri(m2)] <- NA

#m2

upper.tri(m2, diag = TRUE)

m2[upper.tri(m2)] <- NA

m2

# Constructing Quadratic Formula

#x2+4x+3=0 

result <- function(a,b,c){

  if(delta(a,b,c) > 0){ # first case D>0

    x_1 = (-b+sqrt(delta(a,b,c)))/(2*a)

    x_2 = (-b-sqrt(delta(a,b,c)))/(2*a)

    result = c(x_1,x_2)

  }

  else if(delta(a,b,c) == 0){ # second case D=0

    x = -b/(2*a)

  }

  else {"There are no real roots."} # third case D<0

}

# Constructing delta

delta<-function(a,b,c){

  b^2-4*a*c

}

b <- result(1,4,1)

b

# Checking wheather the matrix is Symmetric or not

A <- matrix( c( 1:16), nrow=4, byrow=TRUE )

A

is_symmetric_matrix ( A )

B <- matrix( c( 1, 2, 2, 1 ), nrow=2, byrow=TRUE )

B

is_symmetric_matrix ( B )

# Checking wheather the matrix is Skew-Symmetric or not

#install.packages("matrixcalc")

library(matrixcalc)

B <- matrix( c( 0, -2, -1, -2, 0, -4, 1, 4, 0 ), nrow=3, byrow=TRUE )

is.skew.symmetric.matrix( B )

C <- matrix( c( 0, 2, 1, 2, 0, 4, 1, 4, 0 ), nrow=3, byrow=TRUE )

is.skew.symmetric.matrix( C )

# Eigen Value and Eigen Vector 

A <- matrix(c(13, -4, 2, -4, 11, -2, 2, -2, 8), 3, 3, byrow=TRUE)

A

Ei<-eigen(A)

Ei

v<- Ei$vectors

v

vec <- Ei$values

vec

#install.packages(c("matlib", "matrixcalc"))

Multiple_Regression
#Data import from SPSS

library(foreign)

#x<-read.delim("path")

#x<- read.csv("path")

#x<- file.choose("")

x <- read_sav("C:/Program Files/IBM/SPSS/Statistics/22/Samples/English/Employee data.sav")

str(x)

View(x)

x$prevexp[x$prevexp=="0"]<-NA       #Recoding the missing values as NA for the variable preexp

which(is.na(x),arr.ind=TRUE)

y<-as.numeric(x$salary)

x1<-as.numeric(x$educ)

x2<-as.numeric(x$jobcat)

x3<-as.numeric(x$salbegin)

x4<-as.numeric(x$jobtime)

x5<-as.numeric(x$prevexp)

x6<-as.numeric(x$minority)

w<-data.frame(y,x1,x2,x3,x4,x5,x6)

View(w)

scatter.smooth(x=x$educ, y=x$salary, main="y ~ x1")

scatter.smooth(x=x$jobcat, y=x$salary, main="y ~ x2")

scatter.smooth(x=x$salbegin, y=x$salary, main="y ~ x3")

scatter.smooth(x=x$jobtime, y=x$salary, main="y ~ x4")

scatter.smooth(x=x$prevexp, y=x$salary, main="y ~ x5")

scatter.smooth(x=x$minority, y=x$salary, main="y ~ x6")

round(cor(w,use="na.or.complete"),digits=2)

library(Hmisc)

z<-as.matrix(w)

rcorr(z)

#reg_model1<-lm(y~x1+x2+x3+x4+x5+x6,na.exclude(w))

#summary(reg_model1)

reg_model<-lm(y~x1+x2+x3+x5+x6,na.exclude(w))

summary(reg_model)

anova(reg_model)

final_model<-lm(y~x1+x2+x3+x5,na.exclude(w))

summary(final_model)

library(car)

vif(final_model)

#dropping x3

l1<-lm(y~x1+x2+x5)

summary(l1)

#dropping x2

l2<-lm(y~x1+x3+x5)

summary(l2)

anova(l2)

vif(l2)

#install.packages("lmtest")

library(lmtest)

library(zoo)

v<-dwtest(y~x1+x3+x5)

v

auto_cor<-1-0.5*v$statistic

auto_cor

#non-parametric
#one samples sign test:

x<-c(58,59,60,61,62,63,64,65,66,67,68,69,70,71,72)

#install.packages("BSDA")

library(BSDA)

SIGN.test(x,md = 64)

#two-sample sign test:

y<-c(79,87,24,41,59,12,91,78,63,30,09,64,50,92,64,39,49,86,23,45,12,88)

z<-c(83,91,18,39,67,34,78,89,38,45,10,45,56,89,67,35,40,82,32,38,23,92)

SIGN.test(y,z,alternative = "two.sided",conf.level = 0.95)

#Wald-wolfowitz run test:

a<-c(7.41,7.77,7.44,7.4,7.38,7.93,7.58,8.28,7.23,7.52,7.82,7.71,7.84,7.63,7.68)

b<-c(7.08,7.49,7.42,7.04,6.92,7.22,7.68,7.24,7.74,7.81,7.28,7.43,7.47)

#install.packages("randtests")

library(randtests)

runs.test(a)                   #one-sample

install.packages("DescTools")

library(DescTools)

RunsTest(a,b,exact= TRUE)      #two-sample

#Mann-Whitney Wilcoxon U test:

gr1<-c(227,176,252,149,16,55,234,194,247,92,184,147,88,161,171)

gr2<-c(202,14,165,171,292,271,151,235,147,99,63,284,53,228,271)

wilcox.test(gr1,gr2,exact = FALSE)

#Kruskal-Wallis test:

kruskal.test(gr1,gr2)

#Cochran-Mantel-Haenszel test:

Input = ("

         Location   Allele  Habitat   count

         Tillamook  94      Marine     56

         Tillamook  94      Estuarine  69

         Tillamook  Non-94  Marine     40

         Tillamook  Non-94  Estuarine  77

         Yaquina    94      Marine     61

         Yaquina    94      Estuarine  257

         Yaquina    Non-94  Marine     57

         Yaquina    Non-94  Estuarine  301

         Alsea      94      Marine     73

         Alsea      94      Estuarine  65

         Alsea      Non-94  Marine     71

         Alsea      Non-94  Estuarine  79

         Umpqua     94      Marine     71

         Umpqua     94      Estuarine  48

         Umpqua     Non-94  Marine     55

         Umpqua     Non-94  Estuarine  48

         ")

data = read.table(textConnection(Input),header = TRUE)

# Order factors otherwise R will alphabetize them

data$Location<-factor(data$Location,levels = unique(data$Location))

data$Allele<-factor(data$Allele,levels = unique(data$Allele))

data$Habitat<-factor(data$Habitat,levels = unique(data$Habitat))

#convert data to a table

table = xtabs(count~Location+Allele+Habitat,data = data)

ftable(table)  #display the table

mantelhaen.test(table)

One_Way_Anova
# One Way Anova

YIELD=c(8,10,7,14,11,7,5,10,9,9,12,9,13,12,14)

variety_name=c('A','A','A','A','A','B','B','B','B','B','C','C','C','C','C')

VARIETY <- factor(variety_name)

input_datayield <- data.frame(VARIETY,YIELD)

print(input_datayield)

#fit_yield <- aov(YIELD~VARIETY,data=input_datayield)

#summary(fit_yield)

help.search("Tukey HSD")

require(graphics)

summary(fit_yield <- aov(YIELD~VARIETY,data=input_datayield))

TukeyHSD(fit_yield, "VARIETY", ordered = TRUE)

plot(TukeyHSD(fit_yield, "VARIETY"))

Two_way_anova
salesman_name <- c('A','A','A','B','B','B','C','C','C','D','D','D')

SALESMAN <- factor(salesman_name)

season_name <- c('SUMMER','WINTER','MONSOON','SUMMER','WINTER','MONSOON','SUMMER','WINTER','MONSOON','SUMMER','WINTER','MONSOON')

SEASON <- factor(season_name)

SALES <- c(62,46,42,62,48,46,32,52,48,60,54,48)

input_data <- data.frame(SALESMAN,SEASON,SALES)

print(input_data)

fit <- aov(SALES~SALESMAN+SEASON,data=input_data)

print(summary(fit))

Types_of_matrix
#Concept of Positive Definite 

### identity matrix is always positive definite

#install.packages("matrixcalc")

library(matrixcalc)

I <- diag( 1, 3 )

is.positive.definite( I )

###

### positive definite matrix

A <- matrix( c( 2, -1, 0, -1, 2, -1, 0, -1, 2 ), nrow=3, byrow=TRUE )

A

y<-eigen(A)

(y$values)

### eigenvalues are 3.4142136 2.0000000 0.585786

is.positive.definite( A )

### positive semi-defnite matrix

B <- matrix( c( 2, -1, 2, -1, 2, -1, 2, -1, 2 ), nrow=3, byrow=TRUE )

B

y<-eigen(B)

(y$values)

### eigenvalues are 4.732051 1.267949 8.881784e-16

is.positive.semi.definite ( B )

### negative definite matrix

C <- matrix( c( -2, 1, 0, 1, -2, 1, 0, 1, -2 ), nrow=3, byrow=TRUE )

C

y<-eigen(C)

(y$values)

### eigenvalues are -0.5857864 -2.0000000 -3.4142136

is.negative.definite( C )

### negative semi-definite matrix

D <- matrix( c( -2, 1, -2, 1, -2, 1, -2, 1, -2 ), nrow=3, byrow=TRUE )

D

y<-eigen(D)

(y$values)

### eigenvalues are 1.894210e-16 -1.267949 -4.732051

is.negative.semi.definite( D )

### indefinite matrix

E <- matrix( c( 1, 2, 0, 2, 1, 2, 0, 2, 1 ), nrow=3, byrow=TRUE )

E

y<-eigen(E)

(y$values)

### eigenvalues are 3.828427  1.000000 -1.828427

is.indefinite( E )

