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Abstract

Statistical classifier and good accuracy is an essential part of the research in medical data mining. Accurate prediction of lung
cancer is an essential step for making effective clinical decisions. After identifying the lung cancer, minimum scopes are available
in the medications for patient living in the world. Hemoglobin level and TNM stage wise patients survival period has to be varied.
Some group of people survival period is minimal and another group of people survival time is lengthy. This study is aimed to
develop a prediction model with new clinical variables to predict lung cancer patients. It’s based on revised 8th edition study of
TNM in lung cancer. These new attributes are collected from SEER databases, Indian cancer hospitals and research centers. The
collected new attributes are classified using supervised machine learning algorithms of linear regression, Naive Bayes classifier
and proposed algorithms of Gaussian K-Base NB classifier. In particular, for TNM stage 1 group of people with normal
hemoglobin level (NHBL), that group of lung cancer patient quality of life is highly enhanced. Which proved by using supervised
machine learning algorithms. The proposed algorithm classified the database in terms of with respect to tumor size and HB level
and the results are confirmed in the R environment. The continuous attribute classification method to prove first level of TNM in
lung cancer patient along with standard hemoglobin has to be maintained that the people survivability rate is higher than the
smaller level of hemoglobin people survival rate. The Gaussian K-Base NB classifier is more effective than the existing machine
learning algorithms for lung cancer prediction model. The proposed classification accuracy has measured using ROC methods.

Keywords Lung cancer - Gaussian K-base NB classifier - Hemoglobin level - TNM stage

Introduction out of control [1, 2]. When tumor suppressor gene of TP53,

RARB, has to be affected by the Human body organ of lung is

Lung cancer is mostly affected people by habits and environ-
ment pollution. The important two major categories of genes
that creation a portion in cancer they are tumor suppressor and
oncogenes. Tumor suppressor genes that slow down the cell
division, when did not work properly the cell division its can
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particularly affected, the lung cell division is uncontrolled.
Proto oncogenes help to grow the cell. When to the changes
or mutate the bad genes has to be appeared for the human
body, this bad genes is called oncogenes [3].

Lung cancer identified by symptoms or health issues of
persistent cough, shortness of breath or fatigue. Cancer may
be found in the lung tissues, but not the lymph nodes [4, 5].
Lung cancer affected person has been grouped by tumor (T),
node (N) and metastasis (M) wise. Lung cancer grouped five
stages [6, 7]. They are stage 0, stage I, II, III, IV. The stage 0
identified some symptoms of pain, weight loss and fatigue.
Stage I divided into two sub-types of A and IB. stage I tumor
size is less than 3 cm, the tumor has not spread to the lymph
node, distant organs or other areas. Stage II divided into two
sub-types of IIA and IIB. The stage II Lung cancer tumor size
has larger than 7 cm; tumor has spread to the lining of the
lung, developed an inflammation and clogs the patient’s air-
way. Stage III divided into two sub-types of IIIA and IIIB.
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Stage I'V tumor has spread all other parts of the body. The lung
cancer patients diagnosed in stage IV people survival rate less
than 10% for 5 yr of survival.

In [5, 8, 9] hemoglobin is a protein found in the RBC. The
RBC roles are answerable for transport oxygen universally the
human frame. A Person has increased hemoglobin by taking
iron rich food. Hemoglobin levels are measured by blood test.
The normal hemoglobin level is 13.5 g/dl in a man or 12 g/dl
in women. In children levels are varied by age. The Low level
hemoglobin caused by cancer and then the hemoglobin level
is normal than the cancer patient survival time has to be im-
provised. The stage I group of people with NHBL both men
and women has survival time has to be increased. That people
survival life has proved that continuous assess to machine
learning classification algorithms. Prediction on cancer an ear-
ly stage it’s very helpful for better treatment and then im-
proved to the patient’s survival time. The machine learning
algorithms of naive Bayes, regression algorithm, gradient
boosting algorithm and new novelty algorithms of GNB algo-
rithm to assess the classification of TNM group and NHBL
and LHBL attributes.

Software introductions

The proposed algorithm implemented using R software which
is one of the open sources and it is dominant software in the
research environment include. This tool traditional and statis-
tical package such as extensible and several other GUI sys-
tems, in addition to the R commander, for interacting with R.
Bayesian model are complicated do to solve the mathematical,
it has to be feasible to use for practical applications.

Related work

In the segment we will talk over the current knowledge of lung
cancer prophecy and progress of computational methods and
to predict lung cancer survivability.

In the past few years, machine learning algorithms are uti-
lized for lung cancer survivability [8, 10]. The clinical data sets
of genomic data and tumor suppressor data which are publically
not available for the research community, the rest of publically
available research data are SEER research database. [10—12]
which included tens and thousands of records. A drawback of
these datasets is that they do not frequently cover compute ge-
nomic and clinical data. Machine learning is basically applied to
major categories of classification, clustering, regression and rule
extraction. Multi filtration feature selection algorithm used to
classify the accuracy of medical data set [13—15].

In [10, 16, 17] supervised machine learning algorithms was
using this paper. The supervised model to patient survival pre-
diction system was implemented. In Paper [18] applied Cox
regression model to Tumor was measured. In terms was an
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appropriate Bayesian network classifier solicitation on being
forecast real life medical data set of the size and complication
of LUCADA [1, 11, 19, 20]. Lung cancer subsistence estimate
retrieved data on SEER database was using ensemble tech-
niques to risk of death after 6 months to 5 year diagnosis is
measured, further ensemble elective model to estimating risk of
death after 5 years [21-23]. While high white blood cell count
patients with Anemia significantly worse radiotherapy response
and asses low HB level do not respond as well [12, 24, 25].
Classification of tumor into cancerous and non-cancerous anal-
ysis was implemented using NB classifier and C4.5 algorithm
the Bayesian is simple, clear accuracy and faster [14, 26].

In paper [6, 27] set of attributes are used to giving accuracy.
Three algorithms are applying this work. Compared the accu-
racy model and finally concluded that Naive Bayesian net-
work model is giving best accuracy. The prediction model
applied naive Bayes algorithm and NB model. In [28, 29] to
assess hemoglobin level to produce quality of life for after
identifying an anemia for chemotherapy. HB level is improved
to patients drug reaction is changed its very helpful for med-
ications. Clinical stage was assigned after 8th edition of the
TNM classification for lung cancer, 736 clinical patients’ re-
cords is applied for regression analysis is measured NSCLC
patients survival time [30, 31].

The proposed model of this study after identifying the lung
cancer patients using 8th edition of TNM stage classification
used to analyze the tumor, node and metastasis. Real medical
data and SEER dataset to classification of low level HB pa-
tients with TNM stage 1 and normal HB level patients with
TNM stage 1 patient’s survival is continuously measured
using continuous attribute selection in Gaussian K-base NB
classifier to classify the value and ensemble techniques and
ROC curve used prove the accuracy of survival classification.

Materials and methods

In this section, study the materials of lung cancer database,
computational method is applied for the supervised machine
learning algorithms which we used, then explain to classifica-
tions of TNM stage with HB level of lung cancer patients.

Foundations of data

The clinical data set is collected from various sources of
Indian Medical Hospitals, research center and SEER database.
SEER is supported by the SRP in NCI’s DCCPS. The various
sources to lung cancer patient’s medical records are analyzed.
The lung cancer tumor data is classified in terms of tumor size.
(The lung cancer tumor stages are describes the size of the
tumor. There are four categories of T1, T2, T3 and T4. The
revised 8th edition of TNM data described in the below
mentioned Table 1).
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Table 1 Asper[2] Revised 8" edition of TNM in lung cancer

Tumor Size Description
TX TX not has shown a scans. But around powerfulness stand cancer cells present in saliva or in liquefied occupied from the lung.
TO Not any indication of cancer
Tis Measured within the internal liner of the lungs
T1 Limited within the lung. T1 is separated into Tla, T1b and Tlc giving to the width of the cancer
Tla 1 cm or fewer next to comprehensive portion.
T1b Cancer is among 1 cm and 2 cm diagonally
Tlc Cancer is among 2 cm and 3 cm diagonally
T2 Cancer is among 3 cm and 5 ¢cm diagonally. It implicates the main airway
T2 is separated keen on T2a and T2b
T2a Cancer among 3 cm too 4 cm
T2b Cancer among 4 cm too 5 cm
T3 Cancer is among 5 cm to 7 cm. Some more additional tumor in the same lobe of the lung
T4 Greater than 7 cm. Or Certain additional than one lobe of the lung.

Learning problems and variables

The data collection is the first step of this study; the real data
set is collected from various sources like lung cancer research
center, hospitals and SEER databases. A total number of 321
patient’s clinical records are received from the above men-
tioned various databases.

a. To precise lung cancer patient’s diagnosed records re-
trieved from databases.

b. The next level of this study which stage of people surviv-
ability has to improve. Survivability is classified using
Naive Bayes, linear regression and proposed techniques
of Gaussian K-base NB classification algorithms.

c. The classification accuracy is calculated using RMSE
method. This method to compare the proposed methods.

d. The proposed method is producing good accuracy it’s
proved by ROC curve.

This proposed method to classify the tumor size and HB
level. Then continuous of this study survival time accuracy
has to be measured by ROC method. Lung cancer people were
classified Normal Hemoglobin Level (NHBL) with TNM

Table 2  Attribute of the database

stagel and Low Hemoglobin Level (LHBL) with TNM
stagel. Then ignore the instances of while the cause of death
of a patient different from Low HBL or Normal HBL with
TNM stage group of lung cancer patient was diagnosed. So, if
a patient was diagnosed with a level of HB with TNM stage
and improved survivability of lung cancer patient, this patient
is considered improved survival either did not improved.

Proposed method of this study lung cancer patients survival
prognostic models it’s to use of drug development and essential
use feature development of treatments. We used 14 feature at-
tributes to build survivability predictive models. The attributes
of the database are described in below mentioned Table 2.

TNM Stage

The stage of a lung cancer patient states for people in what
way enormous and it has been extent. The stage wise classifi-
cation was helped for lung cancer patient’s doctors choose
which treatment for suitable and also helped for medications
for lung cancer patients need. The simple and best suitable one
for blood test for common lung cancer patient. It tests to the
patient hemoglobin level monitored for some continuous
measurement.

No Attributes Description Type

1 Age Age at the time of diagnosis. It’s described young, middle and older. discrete
2 Gender Patient’s femininity. Its defined male =0 and female = 1. Discrete
3 Radiation sequence with surgery Sign of whether patient has received radiation Numeric
4 T Its telling size of the Tumor Numeric
5 N Its telling Lymph Node contribution Numeric
6 M Its telling tumor spreading to other organs Numeric
7 First malignant primary indicator Based on patient cancer report on clinical and research center database Numeric
8 Radiation Suggestion of whether patient has expected radiation. Numeric
9 Stage Period of tumor established on T, N and M Numeric
10 Hemoglobin level Based on cancer patient report on clinical and research center database. Numeric
11 WBC Immune system for lung cancer patients Numeric
12 RBC Red blood cell count Numeric
13 Tumor size Measurement of tumor size Numeric
14 Survival time Amount of months that lung cancer patient are living from date of sympathy. Discrete
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Fig. 1 Survival period for lung cancer people clinical database (2010-2015) and SEER database to analysis of patient survival time

Dissemination of existence period

The dataset retrieved from clinical (hospital) and research center
database 321 examples, each of which is a patient record. The
complete dissemination of existence period is compared with
hemoglobin level is described the following Fig. 1. The Fig.
1 was described for lung cancer people clinical database(2010-
2015) and SEER database to analysing of patient survival time.

Expectation of survival periods of lung cancer patients

The lung cancer patient training data set has to be
preprocessed to select the new attributes of lung cancer people
records. The patient’s survival time to assess the patient clin-
ical database in the duration of the year 2010 to 2015.

The patient’s survival time has to be varied for based on reports.
The reports are based on tumor Size, TNM stage, Hemoglobin

level, gender and age. The survival times are varied based on he-
moglobin level with tumor size. The TNM stage 1 people tumor size
is less than 2 mm this value is compared hemoglobin level.

Analyze survivability through prognosis system
Naive Bayes algorithm

This for simple prediction algorithm of SML technique it’s
used to classify the patient survivability. The above men-
tioned Table 1, attributes are applied by Naive Bayes al-
gorithm. In particular, the methods of Naive Bayes ma-
chine learning algorithm to calculate the conditional prob-
abilities. Being naive Bayes classifier is “independent”
first we calculate priori probability of each tag, the prob-
ability that it is Hemoglobin Probability is measured and
then tumor with HB survivability is classified. Bayesian
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Fig. 2 Classification of Lung cancer patient survival period using machine learning algorithms
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theorem is considered conditional “evidence”. Naive
Bayes classifier predicts X values.

The Hemoglobin level is compared to lung cancer patient
Tumor, Node and Metastasis value to measure the survival time.
Cancer patients HB level high with compared to TNM stage. The
TNM stage 1 the cancer people survival time to be increased. It’s
proved that the result has to vary by level of HB. The high level
of HB has to be improved to their patient’s quality of life.

Linear regression algorithm

Linear regression computes the continuous variable it’s used
for disease predictions. It’s worked for “independent” or de-
pendent variables. This method to minimize the mean error.
Patient survival times measured this method to easy way to
speedy appliance for this greater data. The standard glm meth-
od in R used gradient boosting ensemble techniques.

Classification model

Naive Bayes classifier This NB classifier was used to measure
the patient’s survivability. These attributes are conditionally
independent not for the dependent attributes. NB classifier
measure the probability of survivability. The survivability is
possible of this study and more number of features is applied.
Let X is a data tuple and H is a hypothesis P (HB=Normal
|Tumor = stage 1, WBC = 0) = 0.94. This NB classifier proved
to normal hemoglobin level of peoples with tumor stage 1 has
been survival in the world compared to next stage patients.

Linear regression Linear regression is a statistical model that
used to two continuous variables. Variable X denoted as a
predictor and another one Y denoted as a response. These X
and Y to determine the strength of the relationship for lung
cancer patients. Regression line Y =a+bX, where X is the
explanatory of survival rate and Y is the dependent variables
of tumor and hemoglobin levels.

Results of surviving machine learning algorithms

a) Naive Bayes model calculate some dependent variable of
tumor stage and hemoglobin probability value. The probabil-
ity value to classify which stage of people survival has been
high. b) Linear regression model calculate some dependent
variable Tumor and independent variable survival data. The
probability of an analyzed which tumor size having long sur-
vival as also presented in the Fig. 2.

Gaussian K-base NB classifier

The proposed method based on k attributes. It’s very efficient
to classify the data compared to independent of Naive Bayes
classifier and Linear Regression algorithms. This Gaussian
referred K attributes and estimating P (Xj|C;). Gaussian K-
base Naive Bayes (GNB) classifier is estimating of P (Xj|C;).
Categorical attributes of Xy states that the significance of at-
tribute Ay for tuple X. Estimating parameters Y Discrete, X
continuous. The attributes are based on K.

Algorithm 1 Classifying the Continuous Significance based on Gaussian distribution

Given X and k values

Maximize P(X|C, )P(Cy ), for k=1,2,3,4,5

Step 1: Compute P(C, ). The prior probability of each class can be computed based on the training tuples:

Step 2: compute P(X|Cy) using the following conditional probability.

Step 3: compute P(X|C  )P(C ) for each class

Step 4: A continuous-valued feature is implicit to have a Gaussian distribution through standard deviation ¢ and

mean |l

1
X,U,0) =
g(x,u,0) ﬁZnaz

Step 5: The probability P(X,|Cy ) is given by

(x—p?
2012

P(Xy|C)=g(Xi,nCy, oCy)

Step 6: Estimate U and 0

Step 7: Calculate the mean and standard deviation of attribute A  and tuples of class C .

@ Springer
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Fig 3 Survival rate classified as tumor size. The tumor size is 4 levels are categorized. Patient survival rate has been varied T1 stage people survival time
has been high, T2 stage people survival rate normal and T3, T4 survival rate has been low

Performance of Gaussian classification

Lung cancer prediction system based on after identifying the
lung cancer how long duration survived in the world and how
to improve patient living time. Patient hemoglobin level varied
by men and women. The patient hemoglobin level is normal
and also the TNM stage is 1 that type of people survival rate is
long otherwise HB level low that people TNM stage is low.

Hemoglobin level and tumor stage analysis

This classification classified using Gaussian K-base NB clas-
sifier. Figure 3 presents classification results for lung cancer
people. Hemoglobin level value and tumor size value used

Density
00 02 04 06 08
L

0.0 0.5 1.0 1.5 20

node
Fig. 4 Survival Rate classification for NHBL and LHBL
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this classification. These results are less than 2 mm in tumor
with NHBL for both men and women survival time has to be
high. Tumor size is 2 mm and NHBL for both men and wom-
en the people survival time is normal otherwise the survival
time is low. Normal human hemoglobin level of male people
13.5 g/dl in a man or less than 12 g/dl in women.

TNM Stage survival rate analysis

Figure 4 justified Predicted survival time using TNM stage
with Hemoglobin levels collective survival rate of Lung can-
cer patients allowing to their before starting treatment hemo-
globin levels. Normal hemoglobin level (NHBL): Male 120—
160 g/, Female 110-150 g/I; low hemoglobin Level (LHbL):
Male < 120 g/l and Female <110 g/I). Complete subsistence
of NHbL and LHbL patients lived with disease.

Classification accuracy

Lung cancer patient survival accuracy is measured by using
ROC methods. The significance test can be used to asses and
compared with different classifier. Patient prediction accuracy
is one metric of prediction methods of lung cancer patients.
The curve plots two parameter values of True positive rate and
false positive rate to analyze the accuracy.

True Positive Rate (TPR) = TP/TP + FN
False Positive Rate (FPR) = FP/FP + TN
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Fig. 5 ROC Curve for classification of Gaussian K-Base NB Classifier

The threshold value nearly 0.8 to 1.0 true positive rate has proved
that 100% accuracy it’s described the below results Fig. 5. The ROC
curve is compared to the proposed techniques accuracy. The sur-
vival time has to be varied with stage 1 with NHBL people
survivability.

Lung cancer people prediction accuracy was performed in
terms of ROC for survival time measurement curve it ranks a
random positive, higher than a random negative more accurately.

Results analysis
Performance evaluation model

Confidence interval also measured by 95% is applied to the
pairwise method. Standard error is to be minimum level the
significance levels are highly improved. The significance lev-
el changed beginning 0 next to the level of 0.08, and then the
95% of confidence interval determination did not comprise 0.
The Naive Bayes and linear regression accuracy are compared

Table 3  Comparison of pairwise ROC method

Linear Regression ~ Naive Bayes Classifier

Difference between areas 0.0248
Standard Error * 0.0940

95% Confidence Interval —0.159 to 0.209
7 statistic 0.264
Significance level P=0.7918
Linear Regression~ Gaussian K-Base NB Classifier

Difference between areas 0.259

Standard Error * 0.0629

95% Confidence Interval 0.136 to 0.382
Z statistic 4.121
Significance level P<0.0001
Naive Bayes Classifier ~ Gaussian K-Base NB Classifier

Difference between areas 0.284
Standard Error * 0.0758

95% Confidence Interval 0.135 to 0.432
7 statistic 3.747
Significance level P=0.0002

04 06 08 10

True positive rate

02

00

T T T T
0.0 02 0.4 06 08 1.0

False positive rate

to the proposed Gaussian k-Base techniques. This proposed
techniques significance level P < 0.0001 and P=0.0002. The
ROC curve is also proved 100% of accuracy of new proposed
techniques is also mentioned in Tables 3 and 4.

Comparison of modeling techniques

This study to comparison table stated that proposed tech-
niques of Gaussian K-Base NB classifier accuracy compared
with existing machine learning algorithms of Naive Bayes
Classifier algorithm and linear regression algorithm. The re-
sults are showed and described in Fig. 6 Gaussian K-Base NB
Classifier accuracy are good for compared to other algorithms.

Conclusions and discussion

In this paper used different classification techniques with es-
sential Gaussian K-base NB classifier to build a prototypical
for survival predictions for lung cancer patients. Prediction
accuracies were obtained for continuous survival prediction
using classification techniques. The lung cancer patient’s pre-
diction to assess survivability using selective attributes. After
identifying the lung cancer people to improve the survival
time taking healthy foods of rich iron foods, because the he-
moglobin level is very helped for patient’s quality life. This
study is proved that TNM stage 1 people with HB is normal
level that type of people survival time is increased is assessed
by supervised machine learning algorithms of Gaussian K-

Table 4 Comparison of proposed method

Method AUC  SE® 95% CI "

Linear Regression 0.622 0.0569 0.513 to 0.723
Naive Bayes Classifier 0.597 0.0690  0.488 to 0.700
Gaussian K-Base NB classifier 0.881 0.0358 0.795 to 0.940
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Fig.6 The ROC Curve for proposed techniques of Gaussian K-Base NB
Classifier, Naive Bayes Classifier and Linear Regression

base NB classifier. This accuracy measured using ROC curve.
This method to prove accuracy and helpful for doctors drug
development for lung cancer patients. Finally improve the
medication of patient.

This prediction system is very helpful to the doctors for
handling the patients and improves the drug development. In
future the patient survival time has to be increased using pre-
treatment HB level and pre- diagnosis Hemoglobin level has
to survive to improve the patient quality of life.
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