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Abstract:

Due to the quite number of applications which the main problem of it is to
classify new observations into known groups, several supervised
classification methods were set to solve such problems depending on a
dataset used to build a classification function, one of the most important
methods is Naive Bayes Classifier NB.

This research has addressed the basic definitions related to supervised
classification and naive bayes classifier, which it defines how the classifier
works with related ideas, furthermore, it introduces the advanced status of
NB, which is called Flexible Bayes FNB.

A practical comparison has been made between the basic NB and advanced
FNB status using datasets of different applications in terms of size and
dimensions, the results showed that FNB perform better than NB in most
applications, also, it reveals the importance of probability distributions of
the independent variables and the size of training data to achieve a higher
accuracy and to show the difference of accuracies between NB and FNB,
and which one is preferred to use.

Keywords: Statistical Learning Theory - Supervised Classification -
Machine Learning - Naive Bayes - Flexible Bayes - Kernel Density
Estimation.
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#Libraries:
library(ggplot2)
library(class)
library(caret)
library(e1071)
library(caTools)
library(naivebayes)
#Functions:
#1-Transform contin. vars. to a [0,1] range:
normalize <- function(x) {
return ((X - min(x)) / (max(x) - min(x))) }
#20 Implementations:
Loop20_NB_FNB <- function(fulldt) {
fulldt_Compare <- list(NULL)
for (iin 1:20) {
#Data splitting:
samp <- sample(1:nrow(fulldt),size=nrow(fulldt)*0.75,replace = FALSE)
train.fulldt <- fulldt[samp,-length(fulldt)]
test.fulldt <- fulldt[-samp,-length(fulldt)]
train.fulldt.label <- fulldt[samp,length(fulldt)]
test.fulldt.label <- fulldt[-samp,length(fulldt)]
#NB model:
starttime <- Sys.time();nb <- naiveBayes(x = train.fulldt,
y = train.fulldt.label);endtime <- Sys.time()
pred_nb <- predict(nb, newdata = test.fulldt)
confusionMatrix(table(pred_nb, test.fulldt.label))
acc_nb <- confusionMatrix(table(pred_nb, test.fulldt.label))$overall[1]
runtime_nb <- round(endtime - starttime,4)
#FNB model:
starttime <- Sys.time();fnb <- nonparametric_naive_bayes(x = as.matrix(train.fulldt,
nrow = dim(train.fulldt)[1], ncol = dim(train.fulldt)[2]),
y = train.fulldt.label,kernel = "gaussian™,
bw = 1/sgrt(length(train.fulldt.label)));endtime <- Sys.time()
pred_fnb <- predict(fnb, newdata = as.matrix(test.fulldt,
nrow = dim(test.fulldt)[1], ncol = dim(test.fulldt)[2]))
confusionMatrix(table(pred_fnb, test.fulldt.label))
acc_fnb <- confusionMatrix(table(pred_fnb, test.fulldt.label))$overall[1]

17 »~9



Sl e g )l 6 Al g Aasell Lgillay 3 iae 38yl (g 43 3a

runtime_fnb <- round(endtime - starttime,4)
#Models:
fulldt_Compare[[i]] <- data.frame("Method" = c("NB", "FNB"),
"Accuracy" = round(c(acc_nb, acc_fnb),4),
"RunTime" = c(runtime_nb, runtime_fnb))}

#Mean/SD of 10 Implementations:

fulldt_Compare_Total <- data.frame("Method" = c("NB", "FNB"),
"Mean_Accuracy" = rep(0, 2), "Sd_Accuracy" = rep(0, 2),
"Mean_RunTime" = rep(0, 2), "Sd_RunTime" = rep(0, 2))
allacc <- matrix(rep(0,40), nrow = 20, ncol = 2)
allruntime <- matrix(rep(0,40), nrow = 20, ncol = 2)
colnames(allacc) <- c("NB","FNB")
colnames(allruntime) <- c("NB","FNB")
for (jin1:2) {
for (iin 1:20) {
allaccfi,j] <- fulldt_Compare[[i]][j,2]
allruntime[i,j] <- fulldt_Compare[[i]][},3]}
fulldt_Compare_Total[j,2] <- round(mean(allacc|,j]),4)
fulldt_Compare_Total[j,3] <- round(sd(allacc[,j]),4)
fulldt_Compare_Total[j,4] <- round(mean(allruntime[,j]),4)
fulldt_Compare_Total[j,5] <- round(sd(allruntime[,j]),4)}

hypo <- t.test(allacc[,2],allacc[,1])
return(list("Stats" = fulldt_Compare_Total, "T-test" = hypo, "Models" = fulldt_Compare))}
#BCC:
BCCdata <- read.csv(choose.files())
BCCdata$Class_name <- factor(BCCdata$Class_name)
BCCdata <- BCCdata[,-10]
BCCdata <- na.omit(BCCdata)
BCCdata[,1:9] <- as.data.frame(lapply(BCCdata[,1:9], normalize))
str(BCCdata)
result. BCCdata <- Loop20_NB_FNB(BCCdata)
#DryBean:
DryBeandata <- read.csv(choose.files())
DryBeandata$Class <- factor(DryBeandata$Class)
DryBeandata <- na.omit(DryBeandata)
DryBeandata[,1:16] <- as.data.frame(lapply(DryBeandata[,1:16], normalize))
str(DryBeandata)
result.DryBeandata <- Loop20_NB_FNB(DryBeandata)
#lono:
lonodata <- read.csv(choose.files())
lonodata$Column35 <- factor(lonodata$Column35)
lonodata <- lonodata[,c(-1,-2)]
lonodata <- na.omit(lonodata)
lonodata[,1:32] <- as.data.frame(lapply(lonodata[,1:32], normalize))
str(lonodata)
result.lonodata <- Loop20_NB_FNB(lonodata)
#MGT:
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MGTdata <- read.csv(choose.files())
MGTdata$class <- factor(MGTdata$class)
MGTdata <- na.omit(MGTdata)
MGTdata[,1:10] <- as.data.frame(lapply(MGTdata[,1:10], scale))
str(MGTdata)
result. MGTdata <- Loop20_NB_FNB(MGTdata)
#MHR:
MHRdata <- read.csv(choose.files())
MHRdata$RiskLevel <- factor(MHRdata$RiskLevel)
MHRdata <- na.omit(MHRdata)
MHRdata[,1:6] <- as.data.frame(lapply(MHRdata[,1:6], scale))
str(MHRdata)
result. MHRdata <- Loop20_NB_FNB(MHRdata)
#Raisin:
Raisindata <- read.csv(choose.files())
Raisindata$Class <- factor(Raisindata$Class)
Raisindata <- na.omit(Raisindata)
Raisindata[,1:7] <- as.data.frame(lapply(Raisindata[,1:7], scale))
str(Raisindata)
result.Raisindata <- Loop20_NB_FNB(Raisindata)
#Binary:
#4 vars., 200 size:
gnrt4_200 <- data.frame(v1 = rnorm(200), v2 = rnorm(200), v3 = rnorm(200), v4 = rnorm(200))
gnrt4_200$vclass <- (gnrt4_200[,1] > mean(gnrt4_200[,1]) | gnrt4_200[,2] > mean(gnrt4_200[,2])) &
(gnrt4_200[,3] > mean(gnrt4_200[,3]) | gnrt4_200[,4] > mean(gnrt4_200[,4]))
for (i in 1:length(gnrt4_200$vclass)) {
if (gnrt4_200%vclass[i] == TRUE) {gnrt4_200$vclass[i] <- "a"} else gnrt4_200$vclass[i] <- "b"}
gnrtd_200$vclass <- factor(gnrt4_200$vclass)
result.gnrt4_200 <- Loop20_NB_FNB(gnrt4_200)
#4 vars., 1000 size:
gnrt4_500 <- data.frame(v1 = rnorm(500), v2 = rnorm(500), v3 = rnorm(500), v4 = rnorm(500))
gnrt4_500%vclass <- (gnrt4_500[,1] > mean(gnrt4_500[,1]) | gnrt4_500[,2] > mean(gnrt4_500[,2])) &
(gnrt4_500[,3] > mean(gnrt4_500[,3]) | gnrt4_500[,4] > mean(gnrt4_500[,4]))
for (i in 1:length(gnrt4_500$vclass)) {
if (gnrt4_500%vclass[i] == TRUE) {gnrt4_500%vclass[i] <- "a"} else gnrt4_500%vclass[i] <- "b"}
gnrt4_500%vclass <- factor(gnrt4_5003$vclass)
result.gnrt4 500 <- Loop20_NB_FNB(gnrt4_500)
#4 vars., 1000 size:
gnrt4_1000 <- data.frame(v1 = rnorm(1000), v2 = rnorm(1000), v3 = rnorm(1000), v4 = rnorm(1000))
gnrt4_1000%vclass <-  (gnrt4_1000[,1] > mean(gnrt4_1000[,1]) | gnrt4_1000[,2] >
mean(gnrt4_1000[,2])) &
(gnrt4_1000[,3] > mean(gnrt4_1000[,3]) | gnrt4_1000[,4] > mean(gnrt4_1000[,4]))
for (i in 1:length(gnrt4_1000%vclass)) {
if (gnrt4_1000%vclass[i] == TRUE) {gnrt4_1000$vclass[i] <- "a"} else gnrt4_1000$vclass[i] <- "b"}
gnrt4_10003%vclass <- factor(gnrt4_1000$vclass)
result.gnrt4_1000 <- Loop20_NB_FNB(gnrt4_1000)
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> stri{BCCdata)

"data.frame’ : 116 obs. of 10 variables:

% Aage T num 0. 369 0.908 0.E892 0.677 0.934

L BMI I num 0.25%4 0.115 0.235 0.148 0.136 ..

% Glucose T num G.0709 0,227 0.2199 0.1206 0.227 ...

2 Insulin T num 0.00491 0.01219 0.03687Y 0.01417 0.01994
L HOMA T num O 0.00974 0.02206 0.005%91 0.01375

% Leptin :onum  0.0523 0.0527 0.15385 0.0648 0.0278

% Adiponectin: num ©0.2212 0.1037 0.571 0.1515 0.0869

£ Resistin :num  0.0807 O.0108 O0.0769 0.1211 0.0934

L MCcP.1 T num 0.225% 0.256 0.308 0.534 0O.441

2 Class_name : Factor w/ 2 Tewvels "Healthy contreoels™,..: 1 1 1 1 1 1 1 1 1 1

> result.scCcdataistats

Method Mean_Aaccuracy Sd_accuracy Mean_RunTime Sd_RunTime
1 NB O.6310 0.0717 0. 0016 0. 0007
2 FMB O.7121 0.0897 . 0100 Q.0017F
> result.Bccdata¥ T-test’

welch Two sSample t-test

data: allacc[, 2] and allacc[, 1]
T = 3.1557, df = 36.248, p-value = 0.003216
alternative hypothesis: true difference in means is not equal to O
95 percent confidence dinterwal:
0.02896974 0.13311026

sample estimates:
mean of x mean of v

0.71208 0. 63104

> striDryBeandata)

‘data.frame’: 13611 obs. of 17 wariables:

£ Area : onum  0.0341 0.0355 0.0383 0.0409 0.0415
£ Perimeter : num O0.0586 0.0776 0.068 0.0829 0.0653
£ MajoraxisLength: num ©0.0443 0.0305 0.0526 0.0485 0.0329
£ MinoraxisLength: num ©0.152 0.178 0.158 0.178 0.201 ...
£ Aspectration Tonum 0.1226 0.05316 0.1315 0.0916 0.0256
£ Eccentricity : num 0.478 0.278 0.496 0.404 0.166 ...
f Cconvexarea T onum  0.0331 0.035 0.0371 0.0414 0.0401
£ EquivDiameter : num O.0708 0.0736 0.0788 0.0839 0.0849
% Extent D onum 0.671 0.736 0.717 0.731 0.701

£ solidity :num  0.923 0.872 0.932 0.762 0.95

% roundness o onum  0.935 0.793 0.915 0,827 0.938

% Compactness D num O0.787 0.904 0.774 0.83 0.952

% shapeFactorl onum 0,593 0,547 0.582 0.5532 0.511

£ shapeFactor? : num ©0.833 0.967 0.801 0.855 1

% shapeFactors3 ponum 0.7531 0.8853 0.736 0.8 0.942 ..

£ ShapeFactord : num ©0.981 0.975 0.98F7 0.894 0.989

%2 Class : Factor w/ 7 levels "BARBUNYA","BOMBAY",..: ©6 6 6 6 6 6 6 6 6 6

> result.DryBeandataistats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 NB 0. 8976 0.0043 0.0411 0.0705
2 FMNB 0. B99E 0.0042 0.1471 0.0113
> result.DryBeandatai T-test’

welch Two Sample t-test

data: allacc[, 2] and allacc[, 1]
T =1.7004, df = 37.986, p-value = 0.09722
alternative hypothesis: true difference in means is not equal to O
95 percent confidence dinterwval:
-0.0004315276 0.0049615276
sample estimates:
mean of x mean of vy
0.899E25 0. 8975360
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= stri{Ionodata)

"data.frame”: 351 obs. of 323 wvariables:
Column3d : num L9298 111 1 ...
Columnd : num LA71 0,406 0,483 0.274 0.488 ...
Columns @ num L8926 0D.965 1 1 0.971
Columné : num L5312 0.319 0.502 1 Q.533
Column? : num L2917 0.446 1 0,856 0. 961
Columng8 : num .311 0.032 0.44 0O 0. 384
Column® : num 1 0.945 0.5 0.886 ...
ColumnlO: num .519 0.477 0.506 0.5 0.418 ...
Columnll: num L2926 0.754 0,865 0.5 0.760d ...
Columnl2: num L4111 0,161 0,527 0.5 0,399 ..
Columnl3: num 799 D.672 0.927 0.5 O.7EZ2 ...
Columnld: num L2775 0,151 0.504 0.5 0.496 ...
Columnl5: num L8033 0.242 0.773 0 0.672

Columnl6é: num . 3089 0.0124 0.5015 0.5726 0.3627

Columnl?: num L1922 0,527 0.919 0.77 0.765
ColumnlB8: num L3307 0.189 0.432 4.303 0. 391
Columnl9: num .791 D.666 0,878 0 0.726 ...
Column20: num .339 0 0,457 0.228 0.411 .
Column2l: num .785 0.434 0,854 (0.15 0.53
Column22: num .352 0.273 0.362 1 0. 322
Column23: num L8685 0.41 0.717 0.5 0.512
Column24d: num L2063 0.321 0.44 0.5 0,236 ...
Column25: num .r84 0,398 0.788 1 0.516 ...
Column26: num L2444 0,367 0.299 0.9533 0.174 ...
Column27: num 705 0,398 0.795 0.758 0.3686 ...
Column28: num L2069 0.408 0.389 1 0Q.234
Column29: num L0686 0.405 0.716 1 Q.512

.33 0.442 0.413 0.4 0.189 ...
.711 0.417 0.802 0.628 0.471
228 0.469 0.379 1 0,202
»593 0.431 0.78 0.338 0.477
»273 0.488 0.309 1 0.172

Column30: num
Column3l: num
Column32: num
Column33: num
Column3d: num

L I I B B B B B O T T T T B ]
o o e e e i e e N e e i e e e i i e e o i e Y s e i s o

> result.Ionodatasistats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime sd_RunTime
1 MNEB 0. 8210 0.0344 0. 0060 0.0017
2 FMB 0. 9045 0.0262 0. 0402 0.0105%
> result.Ionodatad T-test’

wWelch Two Sample t-test

data: allacc[, 2] and allacc[., 1]
t = 8.6467, df = 35.5, p-value = 2.924e-10

Ccolumn35: Factor w/ 2 levels "b","g": 21 212 12121

alternative hypothesis: true difference in means is not equal to 0O

95 percent confidence interval:
0.0639169E 0.10311302

sample estimates:

mean of x mean of vy

0.904545 0.821030
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= str{MeTdata)

"data.frame’ : 12020 obs. of 11 wvariables:

£ fLength : num -0.577 -0.511 2.568 -0.695 0.517

£ fwidth : num -0.337 -0.57 6.206 -0.687 0.476 ...
£ fsize : num -0.381 -0.649 2.616 -1.029 0,711

% fCconc > num  O0.0628 0.8204 -1.875E 1.282 -0,.3475
£ fconcl > onum  -0.149 1.472 -1.773 1.607 -0.285

£ fTasym > onum 0,541 0.5%169 2.0449 0.5328 -0.0202
£ fM3Long : num 0.225 0.26 -1.478 -0.334 0.353

£ fM3ITrans: num -0.406 -0.49 -2.183 -0.35% 1.037

£ fAlpha : num ©0.477 -0.815 1.889 -0.659 -0.881

£ fpist > num -1.498 0.153 0.843 -1.031 2.176 ...
£ class : Factor w/ 2 levels "g","h": 1 111111111

= result.MGTdataistats

Method Mean_Accuracy Ssd_Accuracy Mean_RunTime Sd_RunTime
1 NB 0.7283 0.0063 0.0246 0.0470
2 FNB 0.7870 0. 0061 0. 0996 0. 0466
= result.McTdatad T-test’

wWelch Two sample t-test

data: allacc[, 21 and allacc[, 1]
Tt = 29.976, df = 37.966, p-value < 2.2e-16
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interwal:
0.05475429 0.06268571
sample estimates:
mean of x mean of y
0.787005% 0.72B285

= str(MHRdata)

"data.frame’: 1014 obs. of 7 wvariables:

% 9..Age s num  -0.3615%6 0.38059 -0.0647 0.00931 0.38059 ...

% systolicBP : num 0.913 1.456 -1.261 1.456 0.37 ...

% DiastolicBP: num 0.255 0.975 -0.465 0.615 -1.185 ...

% BS sonum  1.905% 1,298 -0.22 -0.524 -0.797 ...

% BodyTemp D num -0.485 -0.485 0.973 -0.485 -0.485 ...

£ HeartRate : num 1.446 -0.532 0.704 -0.532 0.21 ...

% riskLevel : Factor w/ 3 levels "high risk™,"low risk™,..: 1111 21 31 31...

= result.MHRdataistats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 NB Q. 6000 0.0239 0.0021 0.0019
2 FMNE 0.7079 0.0249 0.0120 0.0033
> result.MHRdatas T-test”

welch Two Sample t-test

data: allacc[, 2] and allacc[, 1]
t = 13.98, df = 37.94, p-value < 2.2e-16
alternative hypothesis: true difference in means is not equal to 0
95 percent confidence interwval:
0.09224E883 0.12349117
sample estimates:
mean of x mean of vy
0.707865 0,599995
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= str{rRaisindata)
"data.frame’: 903 obs. of 8 wvariables:

% Area : num -0.00718 -0.32404 0.07825 -1.07369 -0.21527 ...

£ MajoraxisLength: num 0.0975 -0.2089 0.0977 -1.2444 -0.6786 ...

£ MinoraxisLength: num -0.0239 -0.2292 0.2369 -0.9148 0.7269 ...

f Eccentricity o num 0.423 0,224 0.186 -1.069 -2.408 ...

£ Convexarea ! num -0.0157 -0.3041 0.0621 -1.0756 -0.2385 ...

£ Extent :onum 1.10613 -0.2EY62 -1.15761 0.00171 1.74429 ...

% Perimeter : num 0.0662 -0.1612 0.1559 -1.1753 -0.3385 ...

£ Class : Factor w/ 2 lewvels "Besni”,"Kecimen™: 2 2 2 2 2 2 2 2 2 2 ...

= result.rRaisindataistats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 ME 0.B373 0.0174 0.0026 0.0020
2 FMNB 0. 85344 0.0227 0. 0099 0.0076
= result.Raisindatas T-test’

Welch Two Sample t-test

data: allacc[, 2] and allacc[, 1]
T = 2.6772, df = 35.621, p-value = 0.01115
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interwval:
0.004141381 ©.030058619
sample estimates:
mean of x mean of vy
0. 85444 0.B83734

> str{gnrtd4_200)

"data.frame’ : 200 obs. of 5 wvariables:

vl : num 1.109 -0.846 -0.468 -0.493 -1.806 ...

£ vz : num -2.303 0.581 -0.398 -0.401 -2.179 ...

T w3 : num -0.686 -0.493 0.154 0.447 -0.638

§ vd : num ©.544 -0.8 0.39 -1.417 0.715

£ vclass: Factor w/ 2 levels "a","b": 1 2 2 2 2 2 2 212

> result.gnrtd_20035tats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 NB 0.799 0.0586 0.0010 5e-04
2 FNB 0.714 0.0592 0.0046 S9e-04
> result.gnrtd_20035 T-test’

welch Two Sample t-test

data: allacc[, 2] and allacc[, 1]
T = -4.5665, df = 37.996, p-value = 5.092e-05
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:
-0.1226818 -0.0473182
sample estimates:
mean of x mean of vy
0.714 0.799
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> str{gnrtd_500)

"data.frame’ : 500 obs. of 5 wariables:

T vl : num OQ.836 -0.465 1.314 -0.462 -2.178 ...

T w2 o onum  -1.029 0.932 -0.497 0.938 0.207 ...

£ w3 : num O.284 -0.758 0.158 0.13 0.381 ...

T vd rnum -0.7372 1.3755 1.3694 -1, 3462 -0.0223 ...

£ vclass: Factor w/ 2 lJevels "a","b": 111 1112111...

> result.gnrtd4_500%s5tats

Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 MNB 0.7628 0.0390 0.0011 0. 0007
2 FMB 0.7356 0.0261 0.0043 0.0019
> result.gnrtd4_5008 T-test’

welch Two Sample t-test

data: allacc[, 2] and allacc[, 1]
t = -2.58B87, df = 33.188, p-value = 0.01419
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interwval:
-0. 048572338 -0.005827662
sample estimates:
mean of x mean of vy
0.7356 0.7628

> str{gnrtd_1000)

"data.frame’: 1000 obs. of 5 wvariables:

vl  num -0.0323 0.695%6 2.0062 1.3766 1.03581

£ w2 o num 1.206 2.161 -1.229 1.173 -0.967 ...

£ v3 o onum  2.1406 1.2194 -0.0781 0.0249 0.8077 ...

£ wvd :onum  Q.0137 0.4904 -1.0808 -0.1602 -0.1673 ...

f vclass: Factor w/ 2 levels "a","b": 1121112222
> result.gnrt4_100035tats
Method Mean_Accuracy Sd_Accuracy Mean_RunTime Sd_RunTime
1 NB 0.7734 0.0236 0.0012 0.0004
2 FNB 0.7698 0.0317 0.0050 0.0013
> result.gnrt4_10003% T-test’

welch Two Sample tT-test

data: allacc[, 2] and allacc[, 1]
T = -0.40685, df = 35.101, p-value = 0.6866
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:
-0.02156142 0.01436142
sample estimates:
mean of x mean of vy
0.7698 0.7734
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