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Abstract: It is very relevant for a better management to
calculate some satisfied index of consumers of a particular
market, and of a consumer service. To achieve this, we add study
of PCA, factor and regression to our data points and then by
normalization we create a best suited model. Eventually, the
model explains the effectiveness of a given set of customers '
happy list. All these measurements are given in a systematic order
to measure happy index, including the source code.
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. INTRODUCTION

Asweall know, it ismore important to measure customer
satisfaction in any company. This calculation can be named
as a happy index, and the essence of future business will be
informed. Indeed, if the happy index is quite big, the great
sales and profits quality in the company will lead. Therefore,
many compani es are quite happy to know the positiveindex of
their client.

The happy index addressesthefollowing: 1) It iseasier to
keep satisfied customers than to gain new ones 2) Customer
satisfaction is even more critical than cost 3) Customer
satisfaction puts your product in front of your rivals 4)
Customer satisfaction encourages the retention of customers
5) Customer satisfaction encourages loyalty to the customer
6) Customer satisfaction decreases word of mouth negative.

We may understand the importance of having a balanced
index of customer satisfaction to answer these all questions.
As we said in the introduction, the following analysis would
calculate all of these.

To calculate any happy index, we need to know the
target, assumptions (if any), factor analysis, data import,
packages and libraries (may be), variable classification,
inferences, uni-variate analysis to lead correlation and
variables normalization, and then PCA & Factor analysis by
regression. As mentioned above, we will explain the approach
in detail to complete the goal.

Aswe mentioned in the abstract, there are many methods
and techniques available for calculating happy index using
ANOVA or PCA, regression, and factor analysis.
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Nevertheless, to conclude section X 11, we have given the
systematic approach from sections |1 to XI.

Remember that at the end of the article, readers will
understand the appendix of the source code type. We are not
interested in definitions, as many of us found the
definitions/meanings are understood by default.

[I. PROPOSED METHODOLOGY

In this section, the proposed methodol ogy for achieving the
objective is discussed. As requested, we will add multiple
factors and variables depending on the assumption. We will
then work on the imported data set to build a model, keeping
these assumptions in mind.

Under PCA & FA, we can think about correlation and
standardization in order to know our goal. If not, we can
change our setup from validation to reconstructing the model
without losing the generality of our assumptions and the goal.

Happy Index
!
Assumplions :'
) { Distortion/dependen
’ DATA Import
= Model >

sSTOP

The above-mentioned flowchart gives the exact idea of
finding a happy index or customer satisfaction for any
particular segment of the market.
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1. OBJECTIVEWITH ASSUMPTIONS

Thefollowing are some of the main objects that we assume
as part of the methodology set out in Section 11.

The report's main goal isto explore and build alinear data
set model ("Factor-Hair-Revised") in R and to obtain insights
from the data set. This report of exploration will consist of:

e Import in R < Multi-collinearity proof ¢ Descriptive
statistics * Factor analysis / PCA and factor recognition *
Multi-linear model and validity development ¢ Graphical
exploration

Our assumptions are as follows:

a. Multiplefactorsinfluence the customer satisfaction score
are the data provided.

b. All 12 variables influencing the dependent variable are
presumed to be taken without distortion from avalid source.

IV. DATAIMPORT

We have imported data from a company to calculate
through a certain origin. It's very hard to share or write al the
datafields here. Nevertheless, the datain the CSV file can be
found by reading our appendix at the end of the document. We
are asking al our readers to follow a system or process for
finding a happy index, but not the data submitted.

Required packages were installed in this section and
related libraries were invoked. All packages at the same
locations improve the readability of software Packages used:
dplyr, psych, car, foreign lattice, MASS, ggplot2, caret

It makesit easier to import and export data files and code
files by creating a working directory to begin the R session.
The working directory is basicaly the location / folder on the
PC where we have the project-related data, keys, etc. For
source code, please refer to Appendix A (given at the end of

this paper).

The data set is available in csv format. The command '
read.csv ' is therefore used to import the file. Please refer to
the source code in Appendix A (given at the end of this

paper).

Section V to XI will provide an idea of Identification,
Correlation and Normalization by model. Often, we can
consider the styles of testing under this model and
re-construct the model when the validation fails. In this paper,
we have made it clear that the model and analysis should be
developed in accordance with our methodology described in
Section-I1.

V. MODEL VALIDATION: LINEAR REGRESSION
AND FACTOR ANALYSIS

PCA does not make any such assumptions in order to
identify the relevant factors performed Principle Component
Analysis (PCA) or Factor Andysis from the data set
containing large data values and FA assumes that there are
few common factors driving the data variation. Using
satisfaction as dependent variable and others as independent
variable, the multi-linear regression model was created after
the factors were identified.
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1. Setting up system and importing DATA
2. |ldentification of variable
3. Analysis (Univariate)

VI. IDENTIFICATION OF VARIABLE

dim(mydata): Dim function is used to determine the total
number of rows and columns. The data shown results have
100 rows and the function of 13 column names gives us
information on the column names in the data.

attach(mydata): Attached to the search routeisthefile. This
means that when evaluating a variable, the database is
searched by R, so that objects can be accessed in the database
simply by giving their names.

>str(mydata): Display theinternal structure of a data.frame
object R compactly: 100 obs. Of the thirteen variables:

$1D 1int 12345678910...

$ProdQual :num 858.292649656.96.25864 ...
$ Ecom :num 3.92.73433342837333.645..
$TechSup :num 25515675231539515.1...
$CompRes :num 597.2563.7464126486.76.1.

$ Advertising :num 4.83.4544.7224214.63.74.7 ...
$ProdLine :num 4.9797447643233.6595.7 ...
$ SalesFimage :num 63.15.845453.75451585.7 ...
$ ComPricing :num 6.85.34.58.86.885896.99.384 ..

$ WartyClaim :num 4.7556.276.15.14.8545954 ...
$OrdBilling :num 53.95443453.621434.44.1 ..
$DelSpeed :num 3.749453353.32374.64.4 ...

$ Satisfaction: num 8.25.7894.87.14.7576.3755 ...

Note that, all columnsin the set of data are numeric except f
or theint ID.

head(mydata):

ID ProdQual EcomTechSupCompRes Advertising ProdLineS
a esFlmageComPricingWartyClaimOrdBillingDel Speed

11 8539 25 59 48 49 6.0 6.8
4.7 50 37

22 8227 51 72 34 79 31 53
5.5 39 49

33 9234 56 56 54 74 58 45
6.2 54 45

44 6433 70 37 47 47 4.5 8.8
7.0 43 30

55 9034 52 46 22 6.0 4.5 6.8
6.1 45 35

66 6528 31 41 40 43 3.7 85

51 36 33
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>tail(mydata):

ID ProdQualEcomTechSupCompRes Advertising ProdLi
neSal esFl mageComPricingWartyClaimOrdBillingDel Speed
95 95 9338 40 46 47 64 55

7.4 53 36 34

9% 96 8648 56 53 23 6.0
6.7 5.8 49 36
97 97 7434 26 50 41 44
7.2 45 42 3.7
98 98 8732 33 32 31 61
5.6 5.0 31 25
99 99 7849 58 53 52 53
79 6.0 43 39
100100 7930 44 51 59 42
9.7 5.7 34 35
Satisfaction
95 7.7
96 7.3
97 6.3
98 54
99 6.4
100 6.4
>names(mydata):
[1] "ID" "ProdQual" "Ecom" "TechSup" "C
ompRes'  "Advertising” "ProdLine" "SalesFlmage'

[9] "ComPricing" "WartyClaim" "OrdBilling" "DelSpee
d* "Sdtisfaction”

VIlI. CORRELATION MATRIX
>cor(mydata[,2:13]):

ProdQual EcomTechSupCompResAdvertising
ProdLineSal esFlmageComPricingWartyClaim

ProdQual  1.00000000 -0.1371632174 0.0956004542 O.
1063700 -0.05347313 0.47749341 -0.15181287 -0.4012818
8 0.08831231

Ecom -0.13716322 1.0000000000 0.0008667887 0.14
01793 0.42989071 -0.05268784 0.79154371 0.22946240

0.05189819

TechSup0.09560045 0.0008667887 1.0000000000 0.0966
566 -0.06287007 0.19262546 0.01699054 -0.27078668 O.
79716793

CompRes0.10637000 0.1401792611 0.0966565978 1.0000
000 0.19691685 0.56141695 0.22975176 -0.12795425 0.

14040830

Advertising -0.05347313 0.4298907110 -0.0628700668 O.
1969168 1.00000000 -0.01155082 0.54220366 0.1342168
9 0.01079207
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ProdLine  0.47749341 -0.0526878383 0.1926254565 0.5
614170 -0.01155082 1.00000000 -0.06131553 -0.49494840
0.27307753
SalesFlmage -0.15181287 0.7915437115 0.0169905395 0.
2297518 0.54220366 -0.06131553 1.00000000 0.2645965
5 0.10745534
ComPricing -0.40128188 0.2294624014 -0.2707866821 -0
1279543 0.13421689 -0.49494840 0.26459655 1.0000000
0 -0.24498605
WartyClaim0.08831231 0.0518981915 0.7971679258 0.14
04083 0.01079207 0.27307753 0.10745534 -0.24498605
1.00000000
OrdBilling0.10430307 0.1561473316 0.0801018246 0.756
8686 0.18423559 0.42440825 0.19512741 -0.11456703 0.
19706512
Del Speed0.02771800 0.1916360683 0.0254406935 0.8650
917 0.27586308 0.60185021 0.27155126 -0.07287173 O.
10939460
Satisfaction 0.48632500 0.2827450147 0.1125971788 0.6
032626 0.30466947 0.55054594 0.50020531 -0.20829569
0.17754482
OrdBillingDel Speed Satisfaction
ProdQual0.10430307 0.02771800 0.4863250
Ecom0.15614733 0.19163607 0.2827450
TechSup0.08010182 0.02544069 0.1125972
CompRes0.75686859 0.86509170 0.6032626
Advertising 0.18423559 0.27586308 0.3046695
ProdLine0.42440825 0.60185021 0.5505459
SalesFImage0.19512741 0.27155126 0.5002053
ComPricing -0.11456703 -0.07287173 -0.2082957
WartyClaim0.19706512 0.10939460 0.1775448
OrdBilling1.00000000 0.75100307 0.5217319
Del Speed0.75100307 1.00000000 0.5770423
Satisfaction 0.52173191 0.57704227 1.0000000

>names(mydata):
[1] "ID" "ProdQual" "Ecom" "TechSup" "C
ompRes'  "Advertising" "ProdLine" "SalesFlmage"

[9] "ComPricing" "WartyClaim" "OrdBilling" "DelSpeed
" Satisfaction”

cor(mydata[,2:13])

ProdQual EcomTechSupCompResAdvertising  ProdLineSal
esFImageComPricingWartyClaim

>mydatanum=mydata[-c(1,13)]

>names(mydatanum):

[1] "ProdQua" "Ecom" "TechSup" "CompRes'
"Advertising" "ProdLine" "SalesFImage" "ComPricing" "
WartyClaim"

[10] "OrdBilling" "DelSpeed"
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VIII. ANALYSIS (UNIVARIATE)

Summary is a generic function used to summarize the
results of the different fitting functions of the model. The
function invokes specific methods that depend on the first
Argument class.

» summary (mydatanuy)
Prodyal 0] Techsup (omghes~~ Advertising SalesFInage
M 5000 Mno RN M L3N M D600 W L9 Wm0 M 800 W 300
Bt 697 IstQdl5 st Quod S0 IstQuod 6l IstQuodlry IstQuoAT00 It Qud.500 st Qu3gis
Vedfan : 8,000 Nedfan 3600 Vedin 5400 Vedian ;450 Nedian 4000 Medfan 3050 Wedfan 4900 dedian ;710
Ve oA Nean AT Wen BOED b BA4D dean LOI0 Mew 380 Men 51D kem 094
g Qe 0000 3rd uo3S Ind Quc6D5 3rd QuB 35 3ed Quod00 3nd Qu6.800 3rd QuSB00 3rd Qu. B4
Mo CI0O0 Nax, SO0 Wer RIW Men TAID dax. 6500 Mo BAN0 Wan R0 bax. A0
WartyClain Ordbilling  DelSpend
Kin A0 Kn 000 M LW
Tt Q5.0 IstQu3700 It Qu.3.400
Vedfan :6.100 Wedian 4,400 Median <3900
[
I

Prodine (onPricing

Mean 6043 Mean cAUE e 3886
Ird u.:6.500 3nd Qu. 4800 3rd Qu. 4,435
Mar B0 M RTOD Max. 500

Description of the data shows median and average is very
similar, usually the data are distributed.

>mydataCorr<- cor(mydatanum)
>mydataCorr
>corrdf<- data.frame(mydataCorr)

>write.csv(corrdf," correlationmatrix.csv')

IX. CORRELATION AND NORMALIZATION

#Shapiro test

>shapiro.test(mydatanum$ProdQual) Shapiro-Wilk
normality test data: mydatanum$ProdQual W = 0.94972,
p-vaue = 0.0007953

>shapiro.test(mydatanum$Ecom) Shapiro-Wilk
normality test data: mydatanum$Ecom W = 0.95852,
p-vaue = 0.003157 In above 2 cases P- value isless than
0.05 so it isnormal.

>shapiro.test(mydatanum$TechSup) Shapiro-Wilk
normality test data: mydatanum$TechSup W = 0.98626,
p-vaue = 0.39 P-value is greater than 0.05 so it is not
normal.

|Prcduual Ecom | TechSup |CompRes [AdvertisinProdLine Salesfimage |ComPricing | WartyClaim | OrdBiling DelSpeed
ProdQual 10013716  0.0056] 0.10637| -0.05347) 0.477493) -0.151812874| 0401281884 0088311306 0104303 0077718
Eom | 3716 1] 0.000867| 0.140179| 0.420891  -0.05269|  0.791543711] 0.220462401) (.0518%8192| 0.136147) 0.19463607
TechSup | 0.0956 0.000867 1) 0.0%6657| -0.06287) 0.192625|  0.01639054| -0.270786682) 0.797167926) 0.080102| 0.02544089
CompRes| 0.10637) 0.140179 0.09657 1) 0.196817) 0.561417|  0.229751761 | -0.127954253( (140408297 0.756869) (.8650017
Advertiin -0.05347| 0.429881 -0.06287] 0196917 1 000155 054220358 0.134216894) 0.010792074) 0.184236 0.27386308
ProdLine | 0477493 -0.05269) 0.192625) 0.561417| 0.01155 1) -0.061315528) 0.494948402) 0.273077528) 0.424408) 0.60185021
SalesFima| -0.15181) 0.791544| 0.016991] 0.229752) 0542204 -0.06132 1) 0.264506554( 0107435345 0.195127) 027155126,
CamPricirl 040128 0.229452 -0.27079) -0.12795( 0.134207) 049495 0.264596554 1) -0.244985054) -0.11457) Q0728707
Warr\!ﬂail (.083312) 0.051898] 0.797168| 0.140408 0.010792| 0.273078|  0.107435345 -0.244986054 1| 0197085 0109304
0rdBiIing|[].l[]i303 0.156147| 0.080102{ 0.75686 0.184136] 0.424408|  0.195127406] -0.L14567026| 0197065121 1] 075100307
DdSpeed|[].Ul?713 0.191636) 0.025441) 0.85509| 0.275863) 0.60185( 0.271551259 -0.0728?1?19| 0109304502, 0.751003 1
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We can see in the table above that diagonal elements are
highly correlated with value as 1 and are distributed between
-land + 1.

Another way to identify the connection is to use the
corrplot below.

Advertising
a

® ® .

. 06
echSup

— ® o 0 -

e O ®

b 04
WartyClaim . .
-0.6

DelSpeed
: @0 o011
)
o 2 E
T s 5 £ o E 5§ 3 2 3
g . 4 ¥ £ S5 & g Q = 2
LT T S S T
B.qu(_?(D_EI)OEOD1
ProdQual = 1
08
Ecom 1 0.79
06
TechSup | 1 0.8
04
CompRes = 1 0.56 0.76 087
Advertising | 1 0.54 02
ProdLine = 1 06 0
SalesFimage = 1 02
ComPricing | 1 04
WartyClaim 1
056
OrdBiling = 1 | 075
038

DelSpeed | 1

In the above graphs, the symptoms of multi-colinearity can
be clearly seen as certain variables are highly correlated. If
you can see the plot of the ring, the darker the color
comparison will be, as salesFimage and Ecom are associated,
like Compres vs delspeed and much more.

If they are negatively correlated, the hue will be orange and
then blueif it is positively correlated. The two different types
of plots show the number and circle (upper type). So enough
evidence of causation.
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X. PCA VSFACTOR ANALYSIS

Before operating, certain packages and library must be
installed:

install.packages("'car")
install.packages("nortest™)
install.packages("GPArotation™)
library(car)

library(foreign)

library(lattice)

library(MASS)
library(GPArotation)

library(psych)

Bartlett sphercity test for checking the data dimen
sion reduction possibility or PCA:
>cortest.bartlett(mydataCorr,nrow(mydata))

$chisq
[1] 619.2726

$p.value
[1] 1.79337e-96

$df
[1] 55

P-valueislessthan 0.05 thenit is possible to redue the size 0
r PCA inour case

#finding out the Eigen values and vectors:

>A <-eigen(mydataCorr)
>eigenvalues<- A$values
>eigenvector<- A$vectors
>print(eigenvalues,digits = 3)

[1] 3.4270 2.5509 1.6910 1.0866 0.6094 0.5519 0.4015 0.24
70 0.2036 0.1328 0.0984

As per Kaiser rule we need to consider eigen valu
es > 1 hence PC1-PC4 which contains maximum possible inf
ormation. Thiswill help usin understanding the variance.

>part.pca<- eigenvalues/sum(eigenvalues)* 100
>part.pca

[1] 31.1542848 23.1899701 15.3725134 9.8777823 5.5402
190 5.0171253 3.6501650 2.2450140 1.8504843 1.20765
07 0.8947911

The first 4 factors are having the maximum infor
mation and rest are ignored as they contain very less informat
ion about variance.

Plotting scree graphs:
>plot(eigenvalues, types ="lines", xlab ="principle compone

nt", ylab ="eigenvalues")
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eigenvalues

T T T T T
2 4 6 8 10

principle component

#Component loading and PCA with rotation/unrotate:

>PC4_unrotate <- principal (mydatanum, nfactors = 4, rotate
="none")

>PC4_unrotate
Principal Components Analysis

Cdl: principal(r = mydatanum, nfactors = 4, rotate = "none")
Standardized loadings (pattern matrix) based upon correlatio
n matrix

PC1 PC2 PC3 PC4 h2 u2com

ProdQual 0.25-0.50-0.08 0.67 0.77 0.232 2.2
Ecom0.31 0.71 0.31 0.280.78 0.223 2.1
TechSup  0.29-0.37 0.79-0.20 0.89 0.107 1.9
CompRes0.87 0.03-0.27-0.22 0.88 0.1191.3
Advertisng 0.34 0.58 0.11 0.330.58 0.424 2.4
ProdLine 0.72-0.45-0.15 0.210.790.213 2.0
SalesFimage 0.38 0.75 0.31 0.230.860.141 2.1
ComPricing -0.28 0.66 -0.07 -0.35 0.64 0.359 1.9
WartyClaim 0.39-0.31 0.78-0.19 0.89 0.108 2.0
OrdBilling0.81 0.04-0.22-0.250.77 0.234 1.3
DelSpeed0.88 0.12-0.30-0.21 0.91 0.086 1.4

PC1 PC2 PC3 PC4

SS loadings 3432551.691.09
Proportion Var 0.310.230.150.10
Cumulative Var 0.310.540.700.80

Proportion Explained 0.39 0.29 0.19 0.12
Cumulative Proportion 0.39 0.68 0.88 1.00

Mean item complexity = 1.9
Test of the hypothesis that 4 components are sufficient.

The root mean square of the residuals (RMSR) is 0.06
with the empirical chi square 39.02 with prob< 0.0018
Fit based upon off diagonal values = 0.97
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>PC4_unrotate$loadings

Loadings:

PC1 PC2 PC3 PC4
ProdQual  0.248 -0.501 0.670
Ecom0.307 0.713 0.306 0.284
TechSup  0.292-0.369 0.794 -0.202
CompRes  0.871 -0.274 -0.215
Advertising 0.340 0.581 0.115 0.331
ProdLine 0.716 -0.455-0.151 0.212
SalesFimage 0.377 0.752 0.314 0.232
ComPricing -0.281 0.660 -0.348
WartyClaim 0.394 -0.306 0.778 -0.193
OrdBilling 0.809 -0.220 -0.247
DelSpeed0.876 0.117 -0.302 -0.206

PC1 PC2 PC3 PC4
SSloadings 3.427 2.551 1.691 1.087
Proportion Var 0.312 0.232 0.154 0.099
Cumulative Var 0.312 0.543 0.697 0.796

If we add PC1 to PC3, the cumulative variable will be equiva
lent to PC4, which accounts for 79.6% of the data variance.
This means that all four factors are approx. 80% that will cor
rectly tell about the rest of the data 20% can be taken from ot
her factors that are discarded above.

>PC4 rotate <- principal (mydatanum, nfactors = 4, rotate =
"varimax")

>PCA4 _rotate
Principal Components Analysis:

Call: principal (r = mydatanum, nfactors = 4, rotate = "varima
x")

Standardized loadings (pattern matrix) based upon correlatio
n matrix

RC1 RC2 RC3 RC4 h2 u2com

ProdQual 0.00-0.01-0.03 0.880.77 0.232 1.0
Ecom0.06 0.87 0.05-0.120.780.223 1.1
TechSup  0.02-0.02 0.94 0.100.890.107 1.0
CompRes0.93 0.12 0.05 0.090.880.1191.1
Advertising 0.14 0.74-0.08 0.010.580.424 1.1
ProdLine 0.59-0.06 0.15 0.640.790.213 2.1
SalesFIimage 0.13 0.90 0.08-0.16 0.860.141 1.1
ComPricing -0.09 0.23-0.25-0.72 0.64 0.359 1.5
WartyClaim0.11 0.05 0.93 0.100.890.108 1.1
OrdBilling0.86 0.11 0.08 0.040.77 0.234 1.1
DelSpeed0.94 0.18 0.00 0.050.91 0.086 1.1

RC1 RC2 RC3 RC4

SS loadings 2.892.231.861.77
Proportion Var 0.26 0.200.17 0.16
Cumulative Var 0.26 0.47 0.63 0.80

Proportion Explained 0.33 0.26 0.21 0.20
Cumulative Proportion 0.33 0.59 0.80 1.00

Mean item complexity = 1.2
Test of the hypothesis that 4 components are sufficient.
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The root mean square of the residuals (RMSR) = 0.06
with the empirical chi square 39.02 with prob< 0.0018

Fit based upon off diagonal values = 0.97

>PC4_rotate$loadings

Loadings:

RC1 RC2 RC3 RC4
ProdQual 0.876
Ecom 0.871 -0.117

TechSup0.939 0.101
CompRes0.926 0.116

Advertising 0.139 0.742

ProdLine 0.591 0.146 0.642
SalesFlmage 0.133 0.900 -0.159
ComPricing 0.226 -0.246 -0.723
WartyClaim 0.110 0.931 0.102
OrdBilling0.864 0.107
DelSpeed0.938 0.177

RC1 RC2 RC3 RC4
SSloadings 2.8932.234 1.856 1.774
Proportion Var 0.263 0.203 0.169 0.161
Cumulative Var 0.263 0.466 0.635 0.796

When you equate the unrotate vs rotation aggregate function,
the variance stays the same, i.e. 79.6 percent. And here RC4
and RC1 have the total parameter that influences the variabili

ty.

>newdf= PC4_rotate$scores

>newdf= as.data.frame(newdf)

>reg_PCA = chind(mydata$Satisfaction, newdf)
>names(reg_PCA)

[1] "mydata$Satisfaction”

"RC1" "RC2" "RC3" "RC4"

It involves the ' satisfaction ' dependent variable and other 4
variables that are most likely to affect the data set variability.

>names(reg_PCA)= ¢(" Satisfaction”,"1","2" "3","4")

>head(reg_PCA)

Satisfaction 1 2 3 4
8.2 0.1274910 0.7698686 -1.878446273 0.3664848
5.7 1.2216666 -1.6458617 -0.614030010 0.8130648
8.9 0.6158214 0.5800037 0.003689252 1.5699769
4.8 -0.8446267 -0.2719218 1.267493254 -1.2541645
7.1-0.3197943 -0.8340650 -0.008096627 0.4475377
4.7 -0.6470292 -1.0672683 -1.303198892 -1.0527792

OO WN P

Factor Analysis

In factor analysis, the same adequacy of KMO istested along
with own values and the cal culation of vectors as present in
PCA. So move directly to the role of FA:
>KMO(r=mydataCorr)

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation



OPEN aACCESS

Kaiser-Meyer-Olkin factor adequacy

Call: KMO(r = mydataCorr)

Overall MSA = 0.65

MSA for each item =

ProdQual EcomTechSupCompRes Advertising ProdLineSal
esFImageComPricingWartyClaimOrdBilling

051 063 052 079 078 062
062 075 051 076

Del Speed

0.67

factor analysis without rotation:

PA1 PA2 PA3 PA4

SS loadings 3.212.221.500.68
Proportion Var 0.290.20 0.14 0.06
Cumulative Var 0.290.49 0.63 0.69
Proportion Explained  0.42 0.29 0.20 0.09

Cumulative Proportion  0.42 0.71 0.91 1.00
Mean item complexity = 1.9
Test of the hypothesis that 4 factors are sufficient.

The degrees of freedom for the null model are 55 and the ob
jective function was 6.55 with Chi Square of 619.27

The degrees of freedom for the model are 17 and the objecti
ve function was 0.33

The root mean square of the residuals (RMSR) is 0.02
The df corrected root mean square of the residualsis 0.03

The harmonic number of observationsis 100 with the empiri
cal chi square 3.19 with prob< 1

The total number of observationswas 100 with Likelihood
Chi Square = 30.27 with prob< 0.024

Tucker Lewis Index of factoring reliability = 0.921
RMSEA index = 0.096 and the 90 % confidence intervals
are 0.0320.139
BIC = -48.01
Fit based upon off diagonal values=1
Measures of factor score adequacy

PA1 PA2 PA3 PA4
Correlation of (regression) scoreswith factors ~ 0.98 0.97 0.95 0.88
Multiple R square of scores with factors 0.96 0.950.91 0.78
Minimum correlation of possible factor scores  0.92 0.90 0.82 0.56

Factor analysiswith rotation:

>solutionl <- fa(r=mydataCorr, nfactors = 4, rotate = "varima
m ="pa")
>splutionl
Factor Analysis using method = pa
Call: fa(r = mydataCorr, nfactors = 4, rotate = "varimax", fm
="pal’)
Standardized loadings (pattern matrix) based upon correlatio
n matrix
PA1 PA2 PA3 PA4 h2 u2com
ProdQual  0.02-0.07 0.02 0.650.420.576 1.0
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Ecom 0.07 0.79 0.03-0.110.640.362 1.1
TechSup  0.02-0.03 0.88 0.120.79 0.205 1.0
CompRes 0.90 0.13 0.05 0.130.840.157 1.1
Advertising 0.17 0.53-0.04 -0.06 0.31 0.686 1.2
ProdLine  0.53-0.04 0.13 0.710.80 0.200 1.9
SalesFimage 0.12 0.97 0.06-0.13 0.980.021 1.1
ComPricing -0.08 0.21-0.21-0.59 0.44 0.557 1.6
WartyClaim 0.10 0.06 0.89 0.130.810.1861.1
OrdBilling 0.77 0.13 0.09 0.09 0.620.378 1.1

DelSpeed 0.95 0.19 0.00 0.09 0.94 0.058 1.1

PA1 PA2 PA3 PA4
SS loadings 2.631.971.641.37
Proportion Var 0.240.180.150.12
Cumulative Var 0.240.42 0.57 0.69
Proportion Explained 0.350.26 0.22 0.18
Cumulative Proportion 0.350.600.82 1.00

Mean item complexity = 1.2
Test of the hypothesis that 4 factors are sufficient.

The degrees of freedom for the null model are 55 and the obj
ective function was 6.55 with Chi Square of 619.27

The degrees of freedom for the model are 17 and the objecti
ve function was 0.33

The root mean square of the residuals (RMSR) is 0.02
The df corrected root mean square of the residualsis 0.03

The harmonic number of observations is 100 with the empiri
cal chi square 3.19 with prob< 1

The total number of observationswas 100 with Likelihood
Chi Square = 30.27 with prob< 0.024

Tucker Lewis Index of factoring reliability = 0.921

RMSEA index = 0.096 and the 90 % confidence intervals ar
e 0.0320.139

BIC = -48.01
Fit based upon off diagonal values= 1
Measures of factor score adequacy

PA1 PA2 PA3 PA4
Correlation of (regression) scoreswith factors  0.98 0.99 0.94 0.88
Multiple R square of scores with factors 0.96 0.97 0.88 0.78
Minimum correlation of possible factor scores  0.93 0.94 0.77 0.55

In this case, the average parameter for both casesis 0.69, whi
ch means that the variance of 69 percent is measured using th
e four variablesin the data set. The mixture of other variable
sremains the variability. All four factors are highly correlate
d, asyou can check the PA1 to PA4 matrix with scores of 0.9
8, 0.99, 0.94, and 0.88.

>names(reg_fa)

[1] "mydata$Satisfaction” "RC
1" "RC2" "RC3"
n RC4II
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>names(reg_fa)= c(" Satisfaction","5","6","7","8")
>head(reg_fa)

Satisfaction
5 6 7 8
8.2 0.1274910 0.7698686 -1.878446273 0.3664848
5.7 1.2216666 -1.6458617 -0.614030010 0.8130648
8.9 0.6158214 0.5800037 0.003689252 1.5699769
4.8 -0.8446267 -0.2719218 1.267493254 -1.2541645
7.1 -0.3197943 -0.8340650 -0.008096627 0.4475377
4.7 -0.6470292 -1.0672683 -1.303198892 -1.0527792

O Ul WN P

It includes the matrix of all factors affecting the variability
and the dependent variable ' satisfaction ' the diagram below
shows the relationship between PAL1 and PA4 with various
factors present in the dataset, the red color 0.6 indicates the
negative relationship between the detailed and PA4.

Factor Analysis

DelSpeed
0.
OrdBilling ¢ 9.8

:
.

j

XI. MULTI LINEAR REGRESSION MODEL

>model 1=Im(Satisfaction ~1,data=reg_fa)

>summary(model 1)
Cal:
Im(formula = Satisfaction ~ 1, data = reg_fa)
Residuals:
Min 1Q Median 3Q Max

-2.218-0.918 0.132 0.707 2.982

Coefficients:
Estimate Std. Error t value Pr(>[t])
(Intercept) 6.9180 0.1192 58.05 <2e-16***
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Signif. codes: 0 “***> 0.001 “*** 0.01 ‘** 0.05°>0.1¢" 1
Residual standard error: 1.192 on 99 degrees of freedom

Here we can see that the model is very stable and important
with a confidence level of 97.5 percent. Even the p-valueis|
ess than 0.05 so the null hypothesisis rejected and the model
accepted. In order to accurately calculate the dependent varia
ble satisfaction rate in the data set, the variable frequency, co
mpression and order billing independent variables are highly
significant.

>model 3=Im(Satisfaction ~ 3,data=reg_fa)

>summary(model 3)
cal:
Im(formula = Satisfaction ~ TechSup)
Residuals:
Min  1Q Median 3Q Max

-2.26136 -0.93297 0.04302 0.82501 2.85617

Coefficients:

EstimateStd. Error t value Pr(>[t])

(Intercept) 6.44757 0.43592 14.791 <2e-16 ***
TechSup 0.08768 0.07817 1.122 0.265

Signif. codes: 0 “*** 0.001 ‘*** 0.01 “** 0.05°° 0.1 1

Residual standard error: 1.19 on 98 degrees of freedom
Multiple R-squared: 0.01268,  Adjusted R-squared: 0.00
2603

F-statistic: 1.258 on 1 and 98 DF, p-value: 0.2647

Itislesssignificant and p is higher than 0.05 and therefore ac
cepts the null hypothesis and rejects the linear equation. The
level of significance is also lower. Consequently, variables'

wartyclaim ' and ' Techsup ' do not influence the dependent v
ariable in the model and are therefore less likely to affect the
variance.

X11. OBSERVATIONS

The following findings were noted in the PCA and FA
versions of our model. As aresult, the affected variables are
calculated and can therefore be expected to have more score
under the happy section scale.

1. All variables are taken into account for the identification of
the four variables in factor analysis and PCA.

2. As shown in the factor analysis diagram, the four factors
RC1 to RCA4 directly affect the variability of the dataset.

3. Mainly PA1 consisting of "Del pace, compress, and order
billing" is the most important compared to other factors that
affect the design.
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4. Thelinear model 1 hasa 97.5 percent confidencelevel and a
high value.

5. The model is accurate and the variables of PA1 are most
likely to affect the score of the relevant dependent variable.

XI1l1. CONCLUSIONS & FUTURE SCOPE

Inthisarticle, we discussed the calculation of PCA and PA
within order to know the customer satisfaction of the segment
by calling as happy index. The causal factors are evaluated
and the RC1 to RC4 variability can be seen under this model.

If we have more RC's (may be up to RC10), we need to
modify our flow chart as well as our PCA to measure the
index. Readers can work with more RC's or identify the
pitfalls of the model, or build anew model through validation.

We believe that some more factors should be added under
our assumption (given in section-11) when we have more RCs.
As a result, readers can work under these parameters to
measure the effect.

APPENDI X (SOURCE CODE)

setwd("D:/RSMDM ")

mydata=read.csv(" Factor-Hair-Revised.csv" ,header =
TRUE)

mydata

attach(mydata)

#Descriptive Statistics

dim(mydata)

names(mydata)
summary(mydata)
str(mydata)

head(mydata)
mydatanum=mydata[-c(1,13)]
names(mydatanum)
summary(mydatanum)

sd(ProdQual)

sd(Ecom)
shapiro.test(mydatanum$ProdQual)
shapiro.test(mydatanum$Ecom)
shapiro.test(mydatanum$TechSup)
library(corrplot)

mydataCorr<- cor(mydatanum)
mydataCorr

corrdf<- data.frame(mydataCorr)
write.csv(corrdf," correlationmatrix.csv'")
corrplot(mydataCorr)
corrplot(mydataCorr, method = 'number’, type = "upper")

#-Principle component analysis#

install.packages("car")
install.packages(" nortest")
install.packages(" GPArotation")
library(car)

library(foreign)

library(lattice)

library(MASS)
library(GPArotation)
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library(psych)

cortest.bartlett(mydataCorr,nrow(mydata))

A <-eigen(mydataCorr)

eigenvalues<- A$values

eigenvector<- A$vectors
print(eigenvalues,digits = 3)

eigenvector

part.pca<- eigenval ues/sum(eigenvalues)* 100
part.pca

plot(eigenvalues, types ="lines',
component", ylab ="eigenvalues")
PC4_unrotate <- principal (mydatanum, nfactors = 4, rotate =
"none")

PC4 _unrotate

PC4_unrotate$loadings

PC4 rotate <- principal(mydatanum, nfactors = 4, rotate =
"varimax")

PC4 _rotate

PC4_rotate$loadings

PC4_rotate$scores

dim(PCA4_rotate$scores)

dim(mydata)

dim(mydatanum)

newdf= PC4_rotate$scores

newdf= as.data.frame(newdf)

reg_PCA = cbind(mydata$Satisfaction, newdf)

reg PCA

names(reg_PCA)

names(reg_PCA)= c(" Satisfaction","1","2","3","4")
head(reg_PCA)

xlab  ="principle

mydataCorr<-(mydatanum)
mydataCorr
KMO(r=mydataCorr)

A <-eigen(mydataCorr)

eigenvalues<- A%values

eigenvector<- A$vectors

eigenvalues

plot( eigenvalues, types = "lines",
component"”, ylab = "eigenvalues")
solution<- fa(r=mydataCorr, nfactors = 4, rotate = "none", fm
="pa)

solution

solutionl <- fa(r=mydataCorr, nfactors = 4, rotate =
"varimax", fm ="pa")

solutionl

fa.diagram(solutionl, sample=FAL SE)

newdfl = PC4 _rotate$scores

newdf1 = as.data.frame(newdf1)

reg_fa = chind(mydata$Satisfaction, newdf1)

names(reg_fa)

names(reg_fa)= c(" Satisfaction","5","6","7","8")
head(reg_fa)

xlab = "principa

model 1=Im(Satisfaction ~1,data=reg_fa)
summary(model 1)
model 2=Im(Satisfaction ~2,data=reg_fa)
summary(model 2)
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model 3=Im(Satisfaction ~ 3,data=reg_fa)
summary(model 3)
model4=Im(Satisfaction ~ 4,data=reg_fa)
summary(model4)

confint(model1,"1")

confint(model2,"2")

confint(model3,"3")
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