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Configuration Manual

Jun Jun Sun
Student ID: x17162238

1 Introduction

The configuration manual determines from the begin setup stage till the result of the whole
process. The purpose of this project is to define a best performance model to achieve the
objective and address the research question. There are several models generated and conducted
to identify the result. This configuration manual includes an explanation of hardware and
software properties and installation used, with an implementation of each step of the process
which includes data preparation, model code generated and results.

The structures of this configuration manual report are as follows:

Chapter 2: Discover the environment specification and configuration

Chapter 3: Explain the data preparation

Chapter 4: Discover model implementation and steps of each output generated
Chapter 5: Walk-through appendix

2 Environment Specification and Configuration

The environment specification and configuration deliver specifics of what systems are required
to develop and implemented for this project, hardware and software are the key elements to
implement this project. This chapter majority is to discover the integrated configuration
environments that were used.

2.1 Hardware Configurations

This section will discuss the details of hardware, figure 1 shows the machine used for the
implementation of this project. Windows 10 systems running on a Lenovo laptop named
LAPTOP-3HR9A551 with 64-bit operating system, 2.7GHz processor and 8GM RAM was
used.

Windows edition

Windows 10 Home -- .

@ 2019 Microsoft Corporation. All rights reserved. .. WI n d OWS 1 O
System

Processor: Intel(R) Core(TM) i5-7200U CPU @ 2.50GHz 2.70 GHz

Installed memory (RAM): 8.0 GB (7.85 GB usable)

System type: 64-bit Operating System, x64-based processor

Pen and Touch: No Pen or Touch Input is available for this Display Support Information
Computer name, domain, and workgroup settings

Computer name: LAPTOP-3HR9AS551 GChange settings

Full computer name: LAPTOP-3HR9A551

Computer description:

Workgroup: WORKGROUP
Windows activation

Windows is activated Read the Microsoft Software License Terms

Product ID: 00325-95800-00000-AA0OEM GChange product key

Figure 1 Hardware Configuration




2.2 Software Configurations

This section will discuss the details of software implementation and installation.
2.2.1 RStudio

The RStudio was downloaded from here?.

The RStudio used version 1.3.1056 to implement for this project shows in figure 2.

About RStudio

RStudio

Version 1.3.1056
© 2009-2020 RStudio, PBC

"Water Lily" (5a4dee98, 2020-07-07) for Windows

Mozilla/5.0 (Windows NT 10.0; Win64; x64) AppleWebKit/537.36 (KHTML, like Gecko) QtWebEngine/5.12.8
Chrome/69.0.3497.128 Safari/537.36

Unless you have received this program directly from RStudio pursuant to the terms of a commercial license
agreement with RStudio, then this program is licensed to you under the terms of version 3 of the GNU Affero
General Public License.

Open Source Components

OK

Figure 2 RStudio Version Used for Implementation

The RStudio properties (Figure 3) shown it has been created on 10/04/2018 from the following
computer name LAPTOP-3HR9A551.

) RStudio Properties >
General Shortcut Compatibility
Security Details Previous Versions

it saved: Just now |Value

File
Type Shortcut
Folder path ChUsers\junjutappDatal\Roaming\Microsoftil__.
Size 948 bytes

Date created 10/04/2018 23:24
Date modified 11/03/2018 23:39

Attributes A
Owner LAPTOP-3HROAS557\junju
Computer LAPTOP-3HR9AS557 (this PC)

Remove Properties and Personal Information

Figure 3 RStudio Properties

! https://rstudio.com/products/rstudio/download/


https://rstudio.com/products/rstudio/download/

2.2.2 Tableau

The Tableau was downloaded from here?.

The version of Tableau Desktop professional edition 2020 was used for this project shown in

figure 4.

Tableau
Desktop

“* Tableau 2020.2 (20202.20.0721.1350) Setup

Tableau 2020.2.4

Progress

Installing:

Tableau 2020.2 (20202.20.0721.1350)

Cancel

Figure 4 Tableau Version

The Tableau was created on 22/10/2019, which is also installed on this computer name
LAPTOP-3HR9A551 shown at left in Figure 5. But the error appeared when 1 tried to modify
graphs it shown update request that the Tableau, therefore, the update version 2020 was

installed for modification details as figure 5 right.

Attributes A
LAPTOP-3HRSA5S51junju
LAPTOP-3HRSAS551 (this PC)

Owner
Computer

#% Tableau 2019.3 Properties

General Shortcut Compatibility
Security Details Previous Versions

Property Value

File

Name Tableau 2019.3.Ink

Type Shortcut

Folder path C:\Users\junjulAppData\Roaming'\Microsoftil. ..

Size 1.30 KB

Date created 22/10/2019 17:50

Date modified 22/10/2019 17:47

Remove Properties and Personal Information

Cancel

Apply

# Tableau 2020.2 Properties X
General Shortcut Compatibility
Security Details Previous Versions

Property Value
File
Name Tableau 2020.2.Ink
Type Shortcut
Folder path C:\ProgramData\MicrosoftiWindows\Start Me...
Size 1.30KB
Date created 08/08/2020 14:54
Date modified 08/08/2020 14:54
Attributes A
Owner SYSTEM
Computer LAPTOP-3HR9AS551 (this PC)

Remove Properties and Personal Information

Cancel

Apply

Figure 5 Tableau Properties

2 https://www.tableau.com/products/desktop/download?signin=academic



https://www.tableau.com/products/desktop/download?signin=academic

2.2.3 IMB SPSS Statistics
IBM SPSS Statistics version 26 (Figure 6) was downloaded from here?,
SPSS was used to implement Statistic model.

IBM° SPSS® Statistics i
Version 26 i

Licensed Materials - Property of IBM Corp. @ Copyright IBM Corp ti and its li 1989, 2019. IBM, IBM logo, ibm.com,
and SPSS are trademarks or registered trademarks of International Business Machines Corp.. registered in many jurisdictions
worldwide. A curnrent list of IBM trademarks is available on the Web at wawv.ibm.com/legal/copytrade shtml. Other product and

i might be d arks of IBM or other companies. This Program is licensed under the terms of the license
ag panying the Prog . This license agreement may be either located in a Program directory folder or library
identified as "License" or"Non_IBM_License", if applicable, or provided as a printed license agreement. Please read the
agreement carefully before using the Program. By using the Program you agree to these terms.

<,

Figure 6 SPSS Statistics Version

From the IBM SPSS statistics 26 properties (Figure 7) shown it was created on 02/10/2019,
installed on my machine name PC LAPTOP-3HR9A551.

<2 IBM SPSS Statistics 26 Properties >
General Shortcut Compatibility
Security Details Previous Versions
Property Value
File
Name IBM SPSS Statistics 26.Ink
Type Shortcut

Folder path C\Users\junjulAppDataiRoaming\Microsoftil ..
Size 227 KB

Date created 02/10/2079 22:43

Date modified 02/10/2019 22:37

Attributes A

Owner LAPTOP-3HR9AS551\junju

Computer LAPTOP-3HR9A551 (this PC)

Remove Properties and Personal Information

| oK | cance Apply

Figure 7 SPSS Statistics Properties

3 https://itsupport.ncirl.ie/hc/en-ie/articles/360014035839-How-do--install-SPSS-


https://itsupport.ncirl.ie/hc/en-ie/articles/360014035839-How-do-I-install-SPSS-

3 Data Preparation

Data was extracted from Kaggle and Data.World website, datasets have been already in csv
format, there were five csv datasets used. Each one was cleaned, formatted and prepared into
one final dataset. The original five datasets can be located from these links®.

3.1 Data Preparation used RStudio
3.1.1 Package Install in RStudio

All the below modelling (Table 1) functions used split data, training and testing. This was
divided up into 70% training data and the remaining 30% for testing data. Both data were saved
into csv files to be used on each model for reusability to save time, duplication and complexity.

Table 1 RStudio Package Installed

Name Model Package
Data Preparation library(dplyr)
Multiple Linear Regression Im library(ggplot2)
Random Forest randomForest library(randomForest)
Naive Bayes naiveBayes library(e1071)
Logistic Regression glm N/A No packet needs for model
Support Vector Machine svm library(e1071)
Decision Tree rpart ::E:Zggfsg%)
K-Nearest Neighbour knn library(class) Used for the model
Accuracy Check library(caret)
library(class)
library(gmodels)

3.1.2 Data Clean and Encode

#-Read the data set file

insurancelds «<- read. csv("datasets_26475_38092_insuranceZ. csv", header=TRUE, stringsAsFactors=FALSE, fileEncoding="Tatinl")
insurancel <- select(insurancelDs, age, sex, bmi, children, smoker, region, charges)

insurancelfsmoker <- ifelse(insurancelpsismoker=="1", "yes", "no")

insurancelfsex <- ifelse(insurancelDstsex=="1", "Male", "Female")

#-Read the data set file

nsurancelds «<- read.csv("datasets_26475_38092_insurancedr.csv”, header=TRUE, stringsAsFactors=FALSE, fileEncoding="Tatinl")
insurance? <- select(insurance2ds, age, sex, bmi ,children, smoker, region, charges)

insurance2fsmoker <- ifelse(insuranceZosfsmoker=="1", "yes", "no")

insurance2$sex <- ifelse(insurance2Dsésex=="1", "Male", "Femala")

Figure 8 Clean First Two Datasets

There are five csv datasets were selected for this project, figure 8 shows the reading of first and
second csv files, selecting 7 variables, converting both smoker and sex data values from
numeric to factor value.

4 https://www.kaggle.com/easonlai/sample-insurance-claim-prediction-dataset
https://lwww.kaggle.com/hiralpandhi/healthcaredataset?select=test_2v.csv
https://data.world/healthdatany/gaf8-ac33


https://www.kaggle.com/easonlai/sample-insurance-claim-prediction-dataset
https://www.kaggle.com/hiralpandhi/healthcaredataset?select=test_2v.csv
https://data.world/healthdatany/gaf8-ac33

#-Merged Data sets
mergedInsurance <- rbind(insurancel, insurance2)

#-Convert numerical values to description values
for(ns in l:nrow(mergedInsurance)) {
if(mergedInsurance$region[ns] == 0){
mergedInsuranceiregion[ns] <- "northeast"
telse if(mergedInsuranceSregion[ns] == 1){
mergedInsurance$region[ns] <- "northwest"
telse if(mergedInsurance$region[ns] == 2){
mergedInsurance$region[ns] <- "southeast"”
telse (mergedInsurance$region[ns] <- "southwest")

}

Figure 9 Merge First Two Datasets

Figure 9 shows the merging of the first and second csv file into one dataset (mergelnsurance)
after the merged has been completed the process loops through each mergelnsurance row and
assign each region value to a descriptive value.

#-Read the data set file

train_2v <- read.csv("train_2v.csv", header=TRUE, stringsAsFactors=FALSE, fileEncoding="1atinl")
newTrain <- select(train_2v, age, gender, bmi, smoking_status)
newTrain[newTrain==""]<-NA

newTrain <- na.omit(newTrain)

newTrain$smoking_status <- ifelse(newTrain$smoking_status=="never smoked",
newTrain <- subset(newTrain, age >= 18)

newTrain <- subset(newTrain, bmi >= 40 & bmi <= 70)

no", "yes")

#-Read the data set file

test_2v <- read.csv("test_2v.csv", header=TRUE, stringsAsFactors=FALSE, fileEncoding="latinl")
newTest <- select(test_2v, age, gender, bmi, smoking_status)
newTest[newTest==""7]<-NA

newTest <- na.omit(newTest)

newTestSsmoking_status <- ifelse(newTest$smoking_status=="never smoked",
newTest <- subset(newTest, age >= 18)

newTest <- subset(newTest, bmi >= 40 & bmi <= 70)

" "

no", "yes")

Figure 10 Clean Other Two Datasets

The above figure 10 reads third and fourth dataset, both datasets were select 4 variables and
assign NA into empty value row to allow them to be removed. And anything else into smoker
value. The selection was also done by age group which over or equal to18 and bmi group
between 40 to 70.

#-Merged Data sets
mergedTestTrain <- rbind(newTest, newTrain)

#-Naming the columns
colnames (mergedTestTrain)=c("age", "sex", "bmi", "smoker™)

#-Check for NA values in the merged Data sets
any(is.na(mergedTestTrain))

Figure 11 Merged Other Two Datasets

The figure 11 shows the merging of the third and the fourth dataset into one dataset called
mergeTestTrain, then modifies all the four column names to match to first two datasets, put
these variables into mergeTestTrain data, and check any NA value.



#-Read the data set file

chargesbata <- read.csv("Inpatient_Prospective_Payment_Systen__IPPS__Provider_summary_for_the_Top_100_Diagnosis-Related_Groups__DRG__-_FY2011.csv",
header=TRUE, stringsAsFactors=FALSE, filegncoding="Tatinl")

chargeData <- select(chargesData, Average.Total.Payments)

chargeDatal <- subset(chargeData, Average.Total.Payments »= 40000 & Average.Total.Payments <= 70000)

chargeDatal <- unique(chargeDatal)

#-Add one region values to each mergedTestTrain Data sets row
regions <- ¢("northeast”,"northwest”, "southeast”, "southwest”)
mergedTestrainiregion <- sample(regions, size = nrow(mergedTestTrain), replace = TRUE)

#-add number of children to each row in mergedTestTrain Data sets
children <- ¢(0,1,2,3,4,5)
mergedTestTrainichildren < sample(children, size = nrow(mergedTestTrain), replace = TRUE)

#-add charges to each row in mergedTestTrain Data sets
mergedTestTrainicharges <- sample(chargeDataliaverage. Total.Payments, size = nrow(mergedTestTrain), replace = TRUE)

#-Merged both data sets into insuranceData
insuranceData <- rhind(mergedInsurance, mergedrestrrain)

#-Check for NA values in insuranceData set
any(is.na(insurancebata))

Figure 12 Clean Fifth Dataset Then Merge Final Datasets

This figure 12 reads the fifth csv file, and then select charges value between 40000 to 70000
with unique value. Create two new columns region and children, then added 4 different regions
and number of children (0-5) to its own variable to be added into MergeTestTrain dataset. All
five datasets were added into master dataset called insuranceData.

3.1.3 Presenting Data

#-Insurance Data Boxplot Displaying Age & BMI
insurance_boxplot <- insuranceData %>%
select(c(1,3)) %%
tidyr::gather ()
boxplot <- ggplot(insurance_boxplot, aes(x = key, y = value)) +
labs(x = "variable", title = "Insurance Data Boxplot") +
geom_boxplot(outlier.colour = "red", fill="white",outlier.shape = 2)
boxplot

Insurance Data Boxplot

80-
60-
@
=
®
=
40-
20-
age bmi
variable

Figure 13 Data Presentation of age and bmi Distribution

Figure 13 shows the data presentation using boxplot generate age and bmi, showing the outlier
of the data in red.




#-Insurance Data Histogram Chart Displaying Age, BMI & Charges
insurance_hist <- insuranceData %>%
select(c(1,3,7)) %%
tidyr::gather()
hist <- ggplot(data = insurance_hist, mapping = aes(x = value)) +
geom_histogram(bins = 10, color = "black", fi11="blue") +
facet_wrap(~key, scales = 'free_x')
hist
age bmi charges
2500 -
2000 -
1500 -
[=
=0
o
© 1000 -
500 -
0-
20 40 60 80 20 40 60 0 20000 40000 60000
value

Figure 14 Data Presentation for age, bmi, charges Distribution

The figure 14 presents data distribution from generated histogram, used age, bmi and charges
variables shows the count and the number of values related each group.

#-Insurance Data Bar Chart Displaying Sex, Children, Smoker & Region
insurance_bar <- insuranceData %>%
select(c(2,4:6 )) %%
tidyr::gather()
barchart <- ggplot(data = insurance_bar, mapping = aes(x= value),colorspaces) +
geom_bar (colour = "black™, fi1l= "Tightblue") +

facet_wrap(~key, scales = 'free_x")
barchart
children region
4000 -
3000-
2000 -

tooo I s s
1 2 3 4 5

I 1
E; 0 northeast  northwest  southeast  southwest
o
o sex smoker
4000-
3000 -
2000 -
1000 -
:I B 1 1 1 '
Female Male no yes
value

Figure 15 Data Presentation children, sex, region, smoker

The figure 15 using bar charts generate the data presentation, which demonstrating four aspect
groups for children, sex, smoker and region distribution.



3.1.4 Splitinto Training and Testing Dataset

#-Set data types

insuranceData$charges <- as.numeric(insuranceDataScharges)
insuranceDatafage <- as.integer(insuranceData$age)
insuranceDatafsex <- as.factor(insuranceDatafsex)
insuranceDatatchildren <- as.integer(insuranceDatalchildren)
insuranceDataf$smoker <- as.factor(insuranceData$smoker)
insuranceDatafregion <- as.factor(insuranceDataSregion)
str(insurancebData)

#-Create insurance Data file
write.csv(insuranceData, "insuranceData.csv", row.names=FALSE)

#sp1it the data 70/30

percentData <- round(0.7 * nrow(insuranceData))
sampleData <- sample(l:nrow(insuranceData), percentData)
trainInsuranceData <- insuranceDatal[sampleData, ]
testInsuranceData <- insuranceData[-sampleData, ]

#-Create a Train and Test files
write.csv(trainInsuranceData, "trainInsuranceData.csv'", row.names=FALSE)
write.csv(testInsurancebata, "testInsuranceData.csv", row.names=FALSE)

#-Read the data set files and store in variables
train <- read.csv("trainInsuranceData.csv", stringsAsFactors = TRUE, header=TRUE, fileEncoding="Tlatinl")
test <- read.csv("testInsuranceData.csv", stringsAsFactors = TRUE ,header=TRUE, fileEncoding="latinl")

#-Check for NA values in train & test data sets
any(is.na(train))
any(is.na(test))

#-Set data types

insuranceData$charges <- as.numeric(insuranceData$charges)
insuranceDataSage <- as.integer(insuranceDataSage)
insuranceData$sex <- as.factor(insuranceData$sex)
insuranceDataschildren <- as.integer(insuranceData$children)
insuranceData$smoker <- as.factor(insuranceData$smoker)
insuranceData$region <- as.factor(insuranceData$region)
str(insuranceData)

data.frame': 6406 obs. of 7 variables:
§ age :int 19 18 28 33 32 31 46 37 37 60 ..

§ sex : Factor w/ 2 levels "Female","Male": 1222211121 ..
§ bmi »hum 27.9 33.8 33 22.7 28.9 ..

§ children: int 0130001320 ...
)
§
$

=V OV WV VY Y Y

smoker : Factor w/ 2 levels "no","yes": 2111111111...

region : Factor w/ 4 levels "northeast”,"northwest",..: 4332233212...
charges : num 16885 1726 4449 21984 3867 ...

Figure 16 Split to Training and Testing Data

The code in figure 16 shows the setting to data types to meet the model requirement and save
the insuranceData file, the data is then split into 70% training and 30% testing and saved both
datasets to be kept secure. Both train and test files are read and store in its own variable to be
used in each model.




3.2 Data Preparation uses SPSS
The first step was imported csv file into SPSS software (Figure 17).

_é Untitled? [DataSet1] - IBM SPSS Statistics Data Editor - X
File Edt View Data Transform Analze Graphs Utiliies Eensions Window  Help

3 -

o L PEL N Y-EFED

Import Data * | Datapase » Visible: 0 of 0 Variables
Ml Ciose tri+F4 Excel var var var var var | var | var var " var var
M s CSVData..

Save As TedData...
i+ Save Ajl Data SAS..

Export b | stata.
.H:'J e Read Onl dBase.

Revert to Saved File Lotus..
B Rename Dataset . SYLK..

Display Data File Information } Cognos THA...
T Cagnos Business Intelligence.
@ Stop Process Ctri+Period
@ Switch Server...

Repository >
. Print Preview
& print o

Weicome Dialog..

Recently Used Data '

Recently Used Files 3

-
¥

|IBM SPSS Statistics Processoris ready | | |Unicode:ON

Figure 17 SPSS Data Import

The second step was encoded data used to transform and selected record into same variables
(Figure 18).

*Untitled3 [DataSet2] - IBM SPSS Statistics Data Editor - X
Eile Edit View Data Transform Analze Graphs  Utilities Window  Help
S & [ B oo e A EE e
= = =% TI[E CountValues within Cases... =
[7'1 S : : ‘ ‘ Visible: 7 of 7 Variables
LL [E Recode into Same Variables. . o & region & chages | v var var var var | var var a
21 60 1 1 13228 846950
2 30,1 Bl Becode into Difierent Vartables.. 4 4149736000
2 18 2| ] Automatic Recode.. 3 1137.011000
24 34 1| [} Visual Binning. 1 37701 876800
2% 37 2| B¢ Optimal Binning. 2 6203 901750
26 59 1| Prepare Data for Modeling » 3 14001133800
_a 63 1| B Rank Cases... 1 14451 835150
2 Sl preerrme———y 2 12268 632250
2 232 ) 2 2775 192150
30 312 Create Time Seces 4 38711000000
3 2 | ¥4 Replace Missing Yalues.. 4 35585 576000
2 18 1| @ Random Number Generators... 1 2198 189850
3 191| R ng Transfor e 4 4687 797000
34 632 28370 01 2 13770.097900
3% 282 36.400 12 4 51194 559140
3 192 20425 01 2 1625 433750
37 621 32,965 31 2 15612.193350
38 %2 20,800 01 4 2302300000
39 352 36.670 12 1 39774 276300
40 602 39.900 02 4 48173.361000
4 21 26,600 01 1 3046.062000 =
¥
——
Recode into Same Variables... IBM SPSS Statistics Processor is ready | Unicode:ON

Figure 18 Data Encode
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The third step below was modified sex variable into a numeric value (Figure 19).

@ Recode into Same Variables: Old and New Values X
r Old Value MNew Value

@) Vvalue: @ Value: |

| @ System-missing

@ System-missing

System- or user-missing Old —> New:

P Female’ —="1"

S ‘Male’ —= "2

hange
@ Range, LOWEST = Remove
@ Range e HIGHEST

All other values

(ontinue ] _cancel || Help |

Figure 19 Change Variable sex to Number

This step was same as previous step change variable smoker to a numeric value (Figure 20).

@ Recode into Same Variables: Old and New Values

All pther values

(ontinue ) {_ Cancet || Help ]

x
r Old Value MNew Value
@ value: @ value: |
| || | ® system-missing
@ System-missing
System- or user-missing Old — New.
® R no’—="1
© Range
— ‘yes'—="2'
Change
@ Range, L EST N Remove
@ Range e HIGHEST

Figure 20 Change Variable Smoker to Number

Figure 21 below is shown the Encode result.

RECODE sex ('Female'='l"') ('"Male'="2").
EXECUTE.

RECODE smoker ('mo'='l') ('yes'='2").
EXECUTE.

Figure 21 Encode Description
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After encoding two variables, final step changed string variable to a numeric value (Figure 22).

l Name | Type ] Width ] Decimals | Label ‘ Values | Missing | Columns | Align ‘ Measure ] Role
age Numeric 2 0 None None 8 = Right & Scale N Input
sex 6 0 None None 6 E Left &5 Nominal N Input
bmi Numeric 6 3 None None 8 = Right & Scale “ Input
children Numeric 1 0 None None 8 = Right & Nominal N Input
smoker 3 0 None None 10 = Left & MNominal N Input
region Numeric 1 0 None None 8 = Right & Nominal N Input
charges Numeric 12 6 None None 14 = Right & Scale N Input
I Name Type ‘Width Decimals Label Values Missing Columns Align Measure Role
age Numeric 2 0 None None 8 == Right & Scale “ Input
sex Numeric 6 [} None None 6 = Right &5 Nominal = Input
bmi Numeric 6 3 None None 8 = Right & Scale “ Input
children Numeric 1 1] None None 8 == Right @ Nominal “w Input
smoker Numeric 3 0 None None 10 = Right @b Nominal “w Input
region Numeric 1 0 None None 8 = Right &5 Nominal “ Input
charges Numeric 12 6 None None 14 == Right & Scale “w Input
#3 variable Type <
© Oomee. wion:
o Decimal Praces:
© Scientific notation
© Date
© Dollar
© Custom currency
© string

© Restricted Numeric (integer with leading zeros)

The Numeric type honors the digit grouping setting, while the Restricted
Numeric never uses digit grouping

1 (o J{cance ] e J

Figure 22 Change Data Type from String to Numeric

3.3 Tableau Data Imported

Figure 23 shows Tableau imported csv dataset for analyses and used visualisation for data
presentation.

! Tableau - Book2 = X
File Data Server Help

Connect Open Discover

Tableau Server é. ’!

tableau CRM Tableau 5 graphs Project Emission_Sur Emission_Sur

View all 87 training videos

Microsoft Excel

Text file Get Tableau Prep

Blog - Applications are open! Why
- Rumnnsts you should apply today to speak at
Tableau's Virtual...

Emission_Sum Emission_Sum Add this Graph Emission_Sum Emission_Sum Forums

u CRM

Amazon Redshift

More... s

Figure 23 Tableau Imported Data

12



Figure 24 shows data were successfully imported into Tableau, then the change data type from
string variable to a numeric variable, this is for analyses required.

| Tableau - Book1 )
File Data Server Window Help

-

8- insuranceData Connection Filter
® Live Extract 0
Connections
insuranceData
insuranceData.csv
Files
Use Data Interpreter
Data Interpreter might be able to
clean your Text file workbook
M datasets_26475_..._insurance2.csv
i datasets_26475_...nsurance3r2.csv & = Sortfields Datasourceorder ~ [¥] Show aliases | Show hidden fields 1,000

H Inpatient_Prosp...G__-_FY201l.csv =

B insuranceData.csv "
! Number (decimal)

i test_2v.csv age sex bmi ®  Number (whole) & region charges
M testinsuranceData.csv Date & Time

26: Female 28.7850 1 3,385.40
& train_2v.csv Date

18 Male 33.7700 i 1,725.55
& traininsuranceData.csv ) ’ iy

28 Male 33.0000 Boolean 3 444946
7 New Union

v Default
33 Male 22.7050 . 2 21,984.47
Geographic Role *

32 Male 28.8800 o 2 3,866.86

31 Female 25.7400 0 no 3 3,756.62

46 Female 33.4400 1 no 3 8,240.59

37 Female  27.7400 3 no 2 7,281.51

0 Data Source Sheetl | Sheet?2 = B 0

rows

S

Figure 24 Dataset Preparation in Tableau

4 Implementation and Result Generated Steps

The implementation steps delivered into feature selection and machine learning model
generation. There were 7 features selected and applied into 7 machine learning models in order
to achieve the project objective. The features selected used RStudio generated Correlation
Coefficient function and used SPSS generate a correlation table, both correlation result
represent and evaluated the features was expected to conduct the implementation. After feature
selection, there were several suitable libraries were installed in RStudio for generating the
models, machine learning models used Multiple Linear Regression, Random Forest
(Regression and Classification), Support Vector Machine (Regression and Classification),
Naive Bayes, Decision Tree, Logistic Regression and K-Nearest Neighbor to implemented, the
output of models implementation used for evaluated by R-square (Regression model generated)
and accuracy/(Classification model generated).

4.1 RStudio — Models Generated

This project uses random report from code generated, the result of data might be varied as each
time the output result from code generated was machine random selected value.
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4.1.1 Multiple Linear Regression (Regression)

#-Create LR Model
model1_Tm <- Im(charges -., data = train)
summary (model1_Tm)

#-Create the prediction from the LR Model
pred <- predict(model_Tm, newdata = test)

#-Create ggplot

ggplot(test, aes(x pred, y = charges)) +
geom_point(color "blue™, alpha = 0.7) +
geom_abline(color = "red") +
ggtitle("Prediction vs. Real values™)

> #-Create LR Model
> model1_Tm <- Im(charges ~., data = train)
> summary (model_Tm)

call:
Im(formula = charges ~ ., data = train)
Residuals:

Min 1Q median 3Q Max

-37213 -8301 -445 7755 41557

Coefficients:
Estimate std. Error t value Pr(|tl|)

(Intercept) -31034.79 943.92 -32.879 < 2e-16

age 207.35 12.07 17.186 < 2e-16

sexMale -2106.29 370.90 -5.679 1.44e-08

bmi 1292.33 21.70 59.558 < 2e-16

children 1436.91 113.55 12.654 < 2e-16
smokeryes 10412.95 380.94 27.335 < 2e-16
regionnorthwest -791.47 507.95 -1.558 0.119
regionsoutheast -1957.82 499,75 -3.918 9.08e-0Q5 #%*
regionsouthwest -910. 20 504.03 -1.806 0.071

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

Residual standard error: 11860 on 4475 degrees of freedom
Multiple R-squared: 0.6453, Adjusted R-squared: 0.6447
F-statistic: 1018 on 8 and 4475 DF, p-value: < 2.2e-16

Prediction vs. Real values
60000 -

40000 -

charges

20000 -

80000

Figure 25 Multiple Linear Regression Model

Multiple Linear Regression model generated shows in figure 25, the result shows the R-square
value and P-value, and the linear ggplot shows the model visualisation.
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4.1.2 Random Forest (Regression)

#-Create RF Model

model_rf <- randomForest(charges ~
print(model_rf)

importance (model_rf)

data train)

#-Create the prediction from the RF Model
pred predict(model_rf, newdata=test[-7])

#https: //www. datatechnotes.com/2018/10/lasso-least-absolute-shrinkage-and.html
#-show the Accuracy cChecks
mse = mean(testichargess2)

mae MAE(test$charges, pred)
rmse = RMSE(test$charges, pred)
r2 = R2(testScharges, pred, form = "traditional"™)
cat(" MAE:", mae, "\n", "MSE:", mse, "\n",
"RMSE:", rmse, "\n", "R-squared:", r2)
#https: rstudio-pubs-static.s3.amazonaws.com/22159_ 77fe3f8ed4cb4ab7b3647a8d5c628ca4.html

#-Create variable Importance & Error vs No. of trees Plots
par (mfrow=c(1,2))
varImpPlot(model_rf,main="variable Importance Plot', pch=16,col="blue’)

plot(model_rf,main="Error vs No. of trees plot', col="blue')
> print(model_rf)

call:
randomForest(formula

charges -~ data train)

No.

Mean of squared residuals:

Type of random forest:
Number of trees:
of variables tried at each split:

regression
500
2

58769461

% var explained: 85.16
> importance(model_rf)
IncNodePurity
1.363009e+11
.003386e+10
.094058e+12
.041816e+11
smoker .065845e+11
region .271364e+10
#-Create the prediction from the RF Model
pred predict(model_rf, newdata=test[-7])
#-sShow the Accuracy Checks
mse mean (test$chargesa2)
mae MAE (testScharges, pred)
rmse RMSE (test$charges, pred)
r2 R2(test$charges, pred, form "traditional™)
cat(" MAE:", mae, "\n", "MSE:", mse, "\n",
"RMSE:", rmse, "\n", "R-squared:", r2)
5229.505
MSE: 1548509550
RMSE: 7774.7
R-squared: 0.7986904

age
sex
bmi

2
1
children 1
2
2

+VVVVVVYVY

MAE:

Variable Importance Plot Error vs No. of trees plot

@
bmi - T 4
@
smoker - ~
(=3
T o
age - _ -3
==
i} T 4
- @
children =
—
region - <
@
=
sex - —
=1
F -
1)
=

T T T T T
4e+11

8e+11 100 200 300 400 500

IncNodePurity trees

Figure 26 Random Forest Regression Model

Figure 26 shows the Random Forest Regression Model, which used charge as dependent
variable generated R-square value for comparison with other models. Source code for accuracy
generated was from DataTechNotes (Website, 2018), and source code for plot chart was by
RStudio-pubs-static (Website, n.d.).
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4.1.3 Support Vector Machine (Regression)

#-Create SVM Model
svr.model <- svm(charges ~., data = train, type = "eps-regression',kernel = "radial")

#-Create the prediction from the SvM model
pred = predict(svr.model, test)

#https: //www.datatechnotes.com/2018/10/1asso-Teast-absolute-shrinkage-and.html
#-Show the Accuracy Checks

mse = mean(testfcharges~2)

mae = MAE(test$charges, pred)

rmse = RMSE(test$charges, pred)

r2 = R2(testScharges, pred, form = "traditional™)
cat(" MAE:", mae, "\n", "MSE:", mse, "\n",
"RMSE:", rmse, "\n", "R-squared:", r2)

#https://www.datatechnotes.com/2019/09/support-vector-regression-example-with.htm]]|
#-Create Prediction Charges VS Real Charges

x = 1l:Tlength(test$charges)

plot(x, testicharges, main= "Prediction Charges vS Real cCharges", pch=18, col="red")
lines(x, pred, Twd="1", col="blue™)

> #-Create the prediction from the SVM model

> pred = predict(svr.model, test)

> #-Show the Accuracy Checks

> mse = mean(test$chargesA2)

> mae = MAE(test$charges, pred)

> rmse = RMSE(test$charges, pred)

> r2 = R2(test$charges, pred, form = "traditional™)
> cat(" MAE:", mae, "\n", "MSE:", mse, "\n",

- "RMSE:", rmse, "\n", "R-squared:", r2)

MAE: 6896.876

MSE: 1548509550
RMSE: 9712.771
R-squared: 0.6733704

Prediction Charges VS Real Charges

70000
|

50000
I

[estycnarges

30000
I

010000
|

Figure 27 Support Vector Machine Regression Model

Support Vector Machine Regression Model generated in figure 27, it is generated R-square
result for comparison with other models. The source code for accuracy generated was from
DataTechNotes (Website, 2018), the source code for plot generated was by DataTechNotes
(Website, 2019).

16



4.1.4 Naive Bayes (Classification)

#-Create NB Model
model_nb <- naiveBayes(smoker ~ ., data = train)

#-Create the prediction from the NB Model
predl <- predict(model_nb, test, type="class")

#Create Confusion Matrix
confusionMatrix(predl, testSsmoker)

> model_nb <- naiveBayes(smoker ~ ., data = train)
> #-Create the prediction from the NB Model

> predl <- predict(model_nb, test, type="class")

> #Create Confusion Matrix

> confusionMatrix(predl, test$smoker)

Confusion Matrix and Statistics

Reference
Prediction no yes
no 654 164

yes 543 561

Accuracy : 0.6322

95% CI : (0.6101, 0.6538)
No Information Rate : 0.6228
P-Value [Acc > NIR] : 0.2053
Kappa : 0.2902

Mcnemar's Test P-value : <2e-16

sensitivity : 0.5464

Specificity : 0.7738

Pos Pred value : 0.7995

Neg Pred value : 0.5082

Prevalence : 0.6228

Detection Rate : 0.3403

Detection Prevalence : 0.4256

Balanced Accuracy : 0.6601
"Positive’ Class no

Figure 28 Naive Bayes Classification Model

Figure 28 shows the Naive Bayes model generated and result represented accuracy and P-value
compared other models.

17



4.1.5 Decision Tree (Classification)

#-Create DT Model
model_dt <- rpart(smoker ~ .,data=train,method = "class",parms = list(prior = (0.3, 0.7)))

#-Create the prediction from the DT model
pred <- predict(model_dt,test,type="class")

#Create Confusion Matrix
confusionMatrix(pred, testSsmoker)

#-Create Conditional Inference Tree
output.tree <- ctree(smoker ~ ., data = train)
plot(output.tree, main="Conditional Inference Tree with Insurance Data", gp = gpar(fontsize = 6))

> model_dt <- rpart(smoker ~ .,data=train,method = "class",parms = list(prior = c(0.
3, 0.700)

> #-Create the prediction from the DT model

> pred <- predict(model_dt,test,type="class")

> #Create Confusion Matrix

> confusionMatrix(pred, testSsmoker)

Confusion Matrix and Statistics

Reference
Prediction no yes
no 574 0
yes 623 725

Accuracy : 0.6759
95% CI : (0.6544, 0.6968)
No Information Rate : 0.6228
P-value [Acc > NIR] : 7.016e-07

Kappa : 0.4101

Mcnemar's Test P-value : < 2.2e-16
sensitivity : 0.4795
Specificity : 1.0000

Pos Pred Value : 1.0000

Neg Pred value : 0.5378

Prevalence : 0.6228

Detection Rate : 0.2986

Detection Prevalence : 0.2986

Balanced Accuracy : 0.7398
'Positive’ Class : no

Figure 29 Decision Tree Classification Model

Figure 29 shows the Decision Tree model generation, which includes accuracy and P-value.
Next figure 30 is the tree graphs represent the model visualisation.
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Figure 30 Decision Tree Graph

Decision Tree graph (Figure 30) shows smoker behaviour insurers paid higher health insurance
premium than non-smoker behaviour insurers.
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4.1.6 Logistic Regression (Classification)

#-Create General Linear Model
gimModel <- train(smoker ~ ., data
summary (gimModel)
confusionMatrix(glmModeT)

#-Create the prediction from the GLM
pred <- predict(gimModel,test)

#Create Confusion Matrix
confusionMatrix(pred, testSsmoker)

> glmModel <- train(smoker ~ .,data = train, method="gIm",family = "binomial")
> summary (glmMode1)

call:
NULL

Deviance Residuals:

Min 10 Median 30 Max
-2.1662 -0.9302 -0.4427 1.0914 1.8904
Coefficients:

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

(Intercept) -1.322e+00 2.142e-01 -6.171 6.79e-10 ***
age -8.470e-03 2.405e-03 -3.522 0.000428 ***
sexMale 5.050e-01 7.383e-02 6.840 7.93e-12 ***
bmi -4,523e-02 5.879%e-03 -7.695 1.42e-14 ==
children -2.284e-02 2.179%e-02 -1.048 0.294682
regionnorthwest 9.796e-02 9.956e-02  0.984 0.325178
regionsoutheast 1.706e-01 9.783e-02 1.744 0.081118
regionsouthwest -1.233e-02 9.944e-02 -0.124 0.901289
charges 7.396e-05 3.169e-06 23.338 < 2e-16 ***

Signif. codes:

0 *#=¥' 0,001 ‘**’ 0.01 “*’ 0.05 ‘.” 0.1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 5851.5 on 4483 degrees of freedom

Residual deviance: 4882.8 on 4475 degrees of freedom

AIC: 4900.8

Number of Fisher Scoring iterations: 4

train, method="gIm",family = "binomial™)

= confusiomMatrix(gimModel)
Bootstrapped (25 reps) cConfusion Matrix

(entries are percentual average cell counts across resamples)

reference
Prediction no yes
no 51.2 20.7

yes 12.9 15.3

Accuracy (average) : 0.66453

> #-Create the prediction from the GLM
> pred <- predict(gimModel,test)
= #Create Confusion Matrix
= confusiormatrix(pred, testismoker)
confusion Matrix and Statistics
reference
prediction no yes
no 959 408
yes 238 317
Accuracy : 0.6639
95% CI : (0.6423, 0.685)
No Information Rate : 0.6228
P-value [Acc > NIR] : 9.912e-05
Kappa : 0.25
Mcnemar's Test P-value @ 2.947e-11
Sensitivity : 0.8012
Specificity : 0.4372
Pos Pred value : 0.7015
Neg Pred value : 0.5712
Prevalence : 0.6228
petection Rate : 0.4990
Detection Prevalence : 0.7112
Balanced Accuracy : 0.6192
"Positive’ Class @ no

Figure 31 Logistic Regression Classification Model

Figure 31 shows the Logistic Regression model generated used confusion matrix and summary
to illustrate the model. The accuracy and P-value were used for compression result.
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4.1.7 K-Nearest Neighbour (Classification)

#-Store Smoker Tabel value
train_Tlabel <- train[,5]
test_label <- test[,5]

trainSsmoker<-as.numeric(trainSsmoker)
testismoker<-as.numeric(test$smoker)
trainsSregion<-as.numeric(trainsregion)
testSregion<-as.numeric(testiregion)
trainSsex<-as.numeric(train$sex)
testisex<-as.numeric(testisex)

#https://www.analyticsvidhya.com/blog/2015/08/1earning-concept-knn-algorithms-programmin
#-Create KNN Model
model_knn <- knn(train = train, test = test,cl = train_label, k = 5, prob = TRUE)

#-check the accuracy of the predicted values
CrossTable(x = test_label, y = model_knn)

#-Create table count of Prediction Vs Actual
table <- table(model_knn, test_label,dnn=c("Prediction”,"Actual™))

#-Get table accuracy
accuracy <- function(x){sum(diag(x)/(sum(rowsums(x)))) * 100}

accuracy(table)
= model_knn <- knn(train = train, test = test,cl = train_label, k = 5, prob = TRUE)
> #-check the accuracy of the predicted wvalues
> CrossTable(x = test_Tlabel, v = model_knn)

Ccell contents

chi-square contribution
N/ Row Total

N / Col Total

M/ Table Total

Total observations in Table: 1922

|

test_Tlabel | no | wves | Row Total |
fffffffffffff R el [l
no | 896 | 301 | 1197 |
| 26.918 | 45.746 | |
| 0.749 | 0.251 | 0.623 |
| 0.740 | 0.423 | |
| 0.466 | 0.157 | |
————————————— IRl el [ |
yes | 314 | 411 | 725 |
| 44 _443 | 75.529 | |
| 0.4323 | 0.567 | 0.377 |
| 0.260 | 0.577 | |
| 0.163 | 0.214 | |
————————————— IRl el [ |
Column Total | 1210 | 712 | 1922 |
| 0.630 | 0.370 | |

| I |

#-Create table count of Prediction vs Actual
table =- table(model_knn, test_label,dnn=c("pPrediction”,”actual™))
#-Get table accuracy
accuracy =- function{x)}{sum{diag(x)/(sum(rowsums(x))2}) * 100%}
accuracy(table)

1] 68.00208

sy VY VY

Figure 32 K-Nearest Neighbor Classification Model

Figure 32 shows the K-Nearest Neighbour model generated using cross table to get accuracy
for comparison. Source code was from a website (Choudhury, 2015).
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4.1.8 Support Vector Machine (Classification)

#-Set Nummeric data types to Factors types
train$smoker<-as. factor (train$smoker)
testismoker<-as.factor (test$smoker)
train$region<-as.factor(train$region)
testiregion<-as.factor(testfregion)
train$sex<-as.factor(trainisex)
testSsex<-as.factor(testSsex)

#-Create SVM Classification Model
model_svmc <- svm(smoker ~ . , train)

#-Create the prediction from the SvMC
pred <- predict(model_svmc, test, type="class")

#Create Confusion Matrix
confusionMatrix(pred, testismoker)

model_svmc <- svm(smoker ~ . , train)

#-Create the prediction from the SvMC

pred <- predict(model_svmc, test, type="class")
#Create Confusion Matrix

confusionMatrix(pred, test$smoker)
onfusion Matrix and Statistics

OV vV V VY

Reference
Prediction 1 2

1 1005 353

2 192 372

Accuracy : 0.7164
95% CI : (0.6957, 0.7365)
No Information Rate : 0.6228
P-value [Acc > NIR] : < 2.2e-16

Kappa : 0.3689

Mcnemar's Test P-Value : 7.199e-12
Sensitivity : 0.8396
specificity : 0.5131

Pos Pred value : 0.7401

Neg Pred value : 0.6596

Prevalence : 0.6228

Detection Rate : 0.5229

Detection Prevalence : 0.7066

Balanced Accuracy : 0.6764
'"Positive' Class : 1

Figure 33 Support Vector Machine Classification Model

Figure 33 shows the Support Vector Machine model generated used confusion matrix to get
output from accuracy and P-value for comparison.
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4.1.9 Random Forest (Classification)

#-Create RF Classification Model
model_rfc <- randomForest(smoker ~ ., data = train)

#-Create the prediction from the RFC
pred = predict(model_rfc, newdata=test[-5])

#Create Confusion Matrix
confusionMatrix(pred, test$smoker)

> model_rfc <- randomForest(smoker ~ ., data = train)
> #-Create the prediction from the RFC

> pred = predict(model_rfc, newdata=test[-5])

> #Create Confusion Matrix

> confusionMatrix(pred, test$smoker)

Confusion Matrix and Statistics

Reference
Prediction 1 2

1 950 314

2 247 411

Accuracy : 0.7081
95% CI : (0.6872, 0.7284)
No Information Rate : 0.6228
P-value [Acc > NIR] : 2.389e-15

Kappa : 0.3672

Mcnemar's Test P-Value : 0.005328
Sensitivity : 0.7937
Specificity : 0.5669

Pos Pred value : 0.7516

Neg Pred Value : 0.6246

Prevalence : 0.6228

Detection Rate : 0.4943

Detection Prevalence : 0.6576

Balanced Accuracy : 0.6803
"Positive’ Class : 1

Figure 34 Random Forest Classification Model

Figure 34 shows Random Forest model generation, it used confusion matrix generated accuracy
and P-value for comparison.
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4.2 SPSS — Analysis & Models Generated

4.2.1 Correlation Table Generated
Click SPSS-Analyze-Correlate-Bivariate (Figure 35).

e *Untitled3 [DataSet2] - IBM SPSS Statistics Data Editor
File Edt View Data Transform Analze Graphs Utiiies Exensions Window Help

= Reports » --- ! g
SHeBed 05 .. EBEE
|5- smoker 1 Baestan Statsics N Visible: 7 of 7 Variables
Page | Ghsex| { Taples B region & charges var_ | v var var var | var d
[ ] 19 1 Compare Means » 4 16884.924000
[ 2 | 18 2 General Linsar Model N 3 1725552300
3 | 2 2 Generalized Linear Models ’ 3 4449462000
‘{ 4 3 2 Miged Models » 2 21984 470610
5 2 2 5 3866.855200
[ 6 | 3 1 :mon . Bevarae. | 621600
[ 7 | I 1 i . B rFapa. 8240 589600
8 | 37 1 Bl Distances... | 7231 505600
= y Neural Networks »
[ s | 37 2 1 6406.410700
T 0 1 - : 2 28923136920
1 % 2 oS i ’ 1 2721320800
12 62 1 beals ” 3 27808 725100
C 1| P 2 BUs s > 4 1826843000
T 56 1 Forecasiog Y 3 11090.717800
15 27 2 Surval ; 3 39611.757700
[ | 19 2 Myltiple Response b 4 1837 237000
[ w7 | 52 1 | [ Missing Value Analysis. 1 10797336200
[ 18 | 23 2 Multiple Imputation » 1 2395171550
[ 19 | 5 2 Complex Samples » 4 10602.385000
[ 20 | 30 2 | B simulation.. 4 36837 467000
T 60 1 Qualty Control N 1 13228 846950 <
Spatial and Temporal Modeling..  * 4
Direct Marketing ’
Bivariate. [IBM SPSS Statistics Processorisready | | |UnicodeON | | |

Figure 35 Generated Correlation

After the previous step, this step selected all variables into Pearson for correlation analyses

(Figure 36).

@ Bivariate Correlations

Variables:
& age
&> sex

< pmi

&5 children
&> smoker
&> region

charges |

(e

 Correlation Coefficients
& Pearson [ | Kendall's tau-b [ | Spearman

r Test of Significance
@ Two-tailed © One-tailed

|« Flag significant correlations

Lok J[ paste |[ Reset || cancel]| Hep |

Figure 36 Select Variables
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The correlation table generated show figure 37.

Correlations

age sex bmi children smoker region charges
age Pearson Correlation 1 -062" 235" 1327 082" -.001 333"
Sig. (2-tailed) .000 .000 000 .000 .ao08 .000
N 6406 6406 6406 6406 6406 6406 6406
sex Pearson Correlation -0627 1 -165" -080" 029 -015 -169"
Sig. (2-tailed) .000 .000 .000 .022 224 .000
N 6406 6406 6406 6406 6406 6406 6406
bmi Pearson Correlation 2357 -165" 1 3337 2197 0317 7307
Sig. (2-tailed) .0o0 .000 .000 .000 014 .000
N 6406 6406 6406 6406 6406 6406 6406
children  Pearson Correlation 132" -.080" 3337 1 10" 001 360"
Sig. (2-tailed) .000 .000 .000 .000 907 .000
N 6406 6406 6406 6406 6406 6406 65406
smoker  Pearson Correlation 082" 029 2197 107 1 008 4127
Sig. (2-tailed) .0o0o0 .022 .000 .000 504 .0o00
N 6406 6406 6406 6406 6406 6406 6406
region Pearson Correlation -.001 -.015 0317 .001 .oos 1 -.005
Sig. (2-tailed) .808 224 014 907 504 674
M 6406 6406 6406 6406 6406 6406 6406
charges Pearson Correlation 3337 -169 7307 369 4127 -.005 1
Sig. (2-tailed) .0o0o0 000 .000 000 .000 674
N 6406 6406 6406 6406 6406 6406 6406
Figure 37 Correlation Table
4.2.2 ANOVE Model Generated
SPSS-Analyze-Regression-Linear (Figure 38).
ﬁ *Output2 [Document?] - IBM SPSS Statistics Viewer - X
Fle Edt View Dala Iransfrm Inset Format Analge Graphs Ubiies Exensions Window  Help
%H@ﬁﬁmbﬂ :em Statistics :
éNous /MISSING LISTR  Bayesian Statistics N -]
K} wamings /STATISTICS R|  po0 »
{9 Case Processing Summ /CRITERIA=PIN
(@ Network Information e Compare Means »
‘ % :::::ﬂzr;m e = General Linear Model :
&- {8 Ciassification /METHOD=ENTER |  Generalged Linear Models on.
@ Tite Mixed Models )
: g:ﬁm Regression Oouale !
(3 smoker Regression ¥ | [E Automatic Linear Modeling...
(g region Loglinear Y| Linear
- (9 Overall Percent Con| Variables Neural Networks )
BLog Variables ou » B Curve Estimation..
E] Regression Model Entered Classiy Partial Leagt Squares...
[ ETM T region age | 00, 300 Dimension Reduction ’ T T——
Notes e
{9 Variables Entered/Remo| :::;'u::r‘f::n s '
" e ekl Tact » | & Mutinomial Logistic.
i 9 Or¢
o fc = Oepraenvar b | ot
[ 0 Sunvval » ﬂmm..
({9 Coliinearity Diagnostics b. All requested va
BLog Myltiple Response + | & Nonlinear
g Résj:r;ssion [ Missing Value Analysis... il Weight Estimation... '
tle
@ Notes Multple Imputation * | [l 2-stage Least Squares...
v cnanuoll] o | comsanmne ' |
(8 ANOVA 1 g0y | ) Simulaton.. Optimal Scaling (CATREG)..
-l Coefmcients 2. Predictors; (Con|  3ually Control ’
*i  Col iy sics bmi Spatial and Temporal Modeling..  *
Residuals Statistics Direct Marketing » L
[Linear. IBM SPSS Statistics Processoris ready | | |Unicode:ON |H: 261, W 800 pt.

Figure 38 ANOVA Generated
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This step input all the variables in dependent and independent block (Figure 39).

& *Untitled3 [DataSet2] - 1BM SPSS Statistics Data Editor
File Edit View Data Transform Analze Graphs Uliliies Edensions Window Help
[ L]
SHemM e BLAN K BHE i0/e
|5 - smoker 1 ‘V‘isibla: 7 of 7 Variables
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Figure 39 Select Variables

ANOVA model generated with model summary (Figure 40). R-Square value and sig (P-value)

are used to identify the model performance for this project.

Model Summarf
Adjusted R Std. Error of Durhbin-
Model R R Square Square the Estimate Watson
1 8012 642 641 11950.46168 1.724
a. Predictors: (Constant), region, age, sex, smoker, children, bmi
h. DependentVariable: charges
ANOVA®
Sum of
Model Squares df Mean Square F Sig.
1 Regression 1.636E+12 6 2.726E+11  1909.060 .0oo®
Residual 9.139E+11 6399 1428135344
Total 2.550E+12 6405

a. DependentVariable: charges
b. Predictors: (Constant), region, age, sex, smoker, children, bmi

Figure 40 ANOVA Model
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4.3 Tableau Visualisation Generated

Figure 41 selected variables in column and rows, this graph used Sex, Smoker and Charges
variables demonstrate the female user charges more insurance premium than male user. Also
smoker users paid higher health insurance premium than non-smoker users.

2] Tableau - Book1 - X
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s bmi
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e sex Marks
e smoker ul Automatic w 40K
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.
= region L 0 30K
"
#  nsuranceData.csv (Count) Dotz ElTooip g
" Measure Values 5 2 a5
o
2
< 20K
15K
10K
5K
oK
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6 Data Source Sheetl Sheet2 Sheet3 © H 0
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Figure 41 Charge Distribution with Smoker, Sex

The second visualisation (Figure 42) used Children and Charges variables to show how users
with different amount children would impact health insurance charge.

4 Tableau - Book1 - X
File Data Worksheet Dashboard Story Analysis Map Format Server Window Help

« > W & § & b - & - B IF 2 - T &  Standard ~ - 4 = Show Me

Data  Analytics [ Pages W Golurmns
= Rows AVG(charges)

f% insuranceData

Searc

Filters children
Tables children mo
s bmi .
#  childs o o
ildren m3
o sex Marks ma
40K
soc smoker nl Automatic - s
we Meastre Names
n & m 35K
v age Colour | Size | Label
# charges
. [] 30K
# region oo w
8
# insuranceData.csv (Count) Detail | | Tookip g 25K
W Measure Vates 5 &
g
< 20K
15K
10K
5K
0K
0 1 z 3 4 5
B Data Source Sheetl Sheet2 Sheet3 H £ 0
6marks lrowby6columns  SUM of AVG(charges): 219,209 []

Figure 42 Charges Distribution with children
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5 Appendix

There are some appendix works tried through this project to achieve the research and sub-
research objectives.

Neutral Network generated from RStudio and SPSS.
5.1 Neutral Network Generated Used SPSS
Used SPSS to generate Neutral Network model (Figure 43)
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Figure 43 Neutral Network Model Generated

Figure 44 shows the Neutral Network Information of the model. Which including the output
layer with six dependent variables and 1 input layer.

Network Information

Input Layer Factors 1 charges
Number of Units® 2600
Hidden Layer(s) Number of Hidden Layers 1
Number of Units in Hidden Layer 12 1
Activation Function Hyperbolic
tangent
Qutput Layer Dependent Variables 1 age
2 sex
3 bmi
4 children
5 smoker
6 region
Number of Units 16
Rescaling Method for Scale Dependents Standardized
Activation Function |dentity
Error Function Sum of
Squares

a. Excluding the bias unit

Figure 44 Network Information
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Figure 45 was the Neutral Network model summary and overall result.

Model Summary

Training  Sum of Squares Error 10036.234
Average Overall Relative Error 1.000
Percent Incorrect sex 385%
Zﬁggct:zg:lgrependents e 72.1%

smoker 367%
region 73.3%
Relative Error for Scale age 1.000
Dependents bmi 1000
Stopping Rule Used 1 consecutive
step(s) with no
decrease in
error?
Training Time 0:00:04.14

Testing Sum of Squares Error 3087.418
Average Overall Relative Error 1.001
Percent Incorrect sex 38.2%
Zl;:tggg;s;grependents Sl 72.6%

smoker 36.7%
region 72.3%
Relative Error for Scale age 1.000
Dependents — 1.000

a. Error computations are based on the testing sample.

Overall Percent

Correct
Overall
Percent
Sample Correct
Training 44 9%
Testing 45.0%

Figure 45 Model Summary and Result
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Figure 46 is Neutral Network visualisation.
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Figure 46 Neutral Network Model Graph
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5.2 BMI value compared charge

The figure 47 used the bmi value to compare the charges, the health insurance cost related to
high bmi value from the visualization represented.
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Figure 47 bmi with Charges
5.3 Regions compared Charges
Figure 48 shown the four regions health insurance charge distribution is quite consistent.
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Figure 48 Region Compared Charges
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