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Abstract—Cancer  is  a  long-term,  exhausting  disease  that  
requires  changes  in  all  living  conditions  of  the  patient  and  
his/her environment. Although there are regional variations in 
deaths from all causes in the world, it is in the 3rd rank. Lung 
cancer  is  among  the  most  frequent  cancer  kinds  worldwide,  
regardless  of male or female.  Cancer is  a  preventable disease.  
To prevent a disease, it is necessary to know its causes and avoid 
them. The use of tobacco and tobacco products is the main risk 
factor for all cancers, especially lung cancer. Early diagnosis of 
cancer  is  lifesaving.  According  to  the  Turkish  Respiratory  
Research Association, 200,000 people are diagnosed with cancer 
every year in our country. With the accelerated developments in 
technologies  and  the  digitalization  of  health  services,  a  large  
amount of cancer data has been collected and this data has been 
used by many researchers, especially in low and middle-income 
countries,  to  reduce  the  cost  of  tests  used  to  predict  different  
cancer types and to predict different cancer types. This article is 
exploited  various  machine  learning  algorithms  for  predicting 
lung  cancer.  Experimental  results  show  that  random  forest  
performed better by attaining 96.08% accuracy. 

Keywords—diagnostic  system,  decision  tree,  k-nearest 
neighbors, linear regression, random forest 

I. INTRODUCTION 
Cancer  is  one  of  the  most  prevalent  causes  of  mortality  

among humans [1][2]. Lung cancer is one of the most frequent 
and lethal cancers, capable of wreaking havoc on the human 
body.  Early  cancer  detection  is  critical  for  effective  cancer  
therapy. Many lives can be saved if lung cancer is detected in 
its  early  stages.  Lung  carcinoma  is  another  term  for  lung  
cancer, which is a malignant tumor that grows uncontrollably 
in  lung  cells  and  is  recognized  by  its  uncontrolled  cell  
proliferation. Individuals around the globe suffers from such 
cancer  that  may  eventually  cause  mortality.  If  it went 
untreated, this cancer may spread to other regions of the body 
and progress more slowly thus may not be detected in early 
stages. 

Recent technological advancements has enabled scientists 
to  introduce  various  diagnostic  tools  based  on  artificial  
intelligence in medical domain; such as COVID-19 [3], brain 
tumor [4], and Diabetes [5]. Similarly, several cancer research 
studies focus on certain cancer treatment options, that includes 
artificial intelligence,  image processing and datamining. For 
instance, authors  in  [6] proposed  deep  learning  based  
prediction  model  to  estimate  the  lung  cancer  stage  using  
computed  tomography  (CT)  images  and  secured  86%  
accuracy. Researchers  in  [7] investigated  three  machine  
learning algorithms (neural network, support vector machine 
and decision tree) to predict the recurrence of lung cancer and 
its survivability. Another research [8] proposed convolutional 
neural network based non-linear cellular automata lung cancer 
prediction model that can predict with an overall accuracy of 
98.49%. Beside  artificial  intelligence  based  applications,  

researcher  also  exploited  computer  vision  and  image  
processing techniques to predict lung cancer, such as authors 
in [9] introduced Gabor filter to extract useful features along 
with  stochastic  diffusion  search  combined  with  machine  
learning algorithms (neural network, decision tree, and Naïve 
Bayes) to facilitate practitioners in predicting lung cancer.  

Cigarette  smoking  is  the  most  common  cause  of  lung  
cancer in adults. Individuals who smoke are at the greatest risk 
of developing lung cancer; but it may occur in those who do 
not smoke.  Other  things  to  consider  are  the  duration  and  
number  of  cigarettes  you  smoke,  anxiety,  alcohol intake, 
chronic diseases, and allergies [10]. The careful examination 
of side effects and hazard variables is essential in developing 
a strategy for identifying lung cancer patients. The use of data 
mining  methods  may  make  it  feasible  to  anticipate  the  
development of cancer tumors. To forecast and compare on an 
existing dataset, this study utilizes a variety of classification 
algorithms including decision tree [11], random forest [12], k-
nearest  neighbors [13],  and  linear regression [14]. Fig.  1  
shows the proposed workflow of the suggested study. 

 
Fig. 1. Proposed workflow. 

II. MATERIALS 
The dataset [15] used for this study is downloaded from 

Kaggle repository  to  predict  lung  cancer.  The  data  series  
consists of 309 samples with 14 features in CSV format. There 
were 39 cases who do not have lung cancer, while 270 cases 
were diagnosed with lung cancer. The dataset includes various 
features, namely; gender, age, smoking, yellow finger disease, 
anxiety,  peer  pressure,  chronic  disease,  fatigue,  allergy,  
wheezing, alcohol consuming, coughing, shortness of breath, 
swallowing difficulty, and chest pain.  

In this study,  we  used  all  available  features  in  all 
experiments.  The dataset  is divided into training (67%) and 
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testing (33%) sections. To minimize the biasness of proposed 
system,  features  are  selected  randomly to  repeat the 
experiments ten times. Finally, it determines the accuracy as 
the average accuracy of all the experiments. 

Fifty-five judgments will  be generated as to whether  the  
patient  has  lung  cancer  as  a  result  of  this  method,  which  
provides a separate or concurrent disease diagnosis of one or 
more  patients  as  input  to  the  model  trained  with  the  data  
beforehand. 

Microsoft's PowerBI software is externally included in this 
model that works weekly  with  each  new  patient  to  display  
graphical results.  As  a  result,  this  model,  which  is  updated  
weekly by doctors and professors,  can be used to determine 
the probability of lung cancer in the country and  around the 
world. With new patient data added each week, this model will 
evolve  into  a  self-taught  model  that  improves  itself  and  
provides higher accuracy as it evolves. Users will benefit from 
this  procedure  as  it  will  result  in  a  more  reliable  decision-
making system. 

III. METHODS 

A. Linear Regression 
A  linear  strategy  to  modeling  the  connection  between  a  

scalar answer and one or more explanatory factors is known 
as linear regression in statistics (also known as dependent and 
independent variables). Simple linear regression is used when 
there is only one explanatory variable, whereas multiple linear 
regression is used when there are more than one. Multivariate 
linear  regression,  on  the  other  hand,  predicts  numerous  
correlated  dependent  variables  rather  than  a  single  scalar  
variable. 

The  associations  are  represented  using  linear  predictor  
functions, whose unknown model parameters are derived from 
the  data  via  linear  regression.  Linear  models  are  a  type  of  
model that fits such description. The conditional mean of the 
answer  given  the  values  of  the  explanatory  variables  (or  
predictors) is most usually considered to be an affine function 
of those values; the conditional median or some other quantile 
is  less  commonly  assumed to  be  an  affine  function  of  those  
values. 

Linear  regression,  like  all  other  types  of  regression  
analysis,  is  concerned  with  the  conditional  probability 
distribution of the answer given the values of the predictors, 
rather  than  the  joint  probability  distribution  of  all  these  
variables,  which  is  the  domain  of  multivariate  analysis.  In  
general terms, the formula for linear regression is as follows: 

𝑦𝑦𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥𝑖𝑖1 + ⋯+ 𝛽𝛽𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖 = 𝑥𝑥𝑖𝑖𝑇𝑇𝛽𝛽 + 𝛽𝛽𝑖𝑖 , 
𝑖𝑖 = 1, … ,𝑛𝑛, 

(1)  

B. Decision Tree 
Decision tree [3] is a type of supervised machine learning 

that can classify or predict outcomes based on the responses 
to  a  series  of  previous  questions.  Decision  tree  isn't  always  
required  to  provide  a  straightforward  response  or  option.  
Instead, it can give the data scientist choices for making their 
own knowledgeable conclusions. A decision tree is like a tree 
in  appearance.  The  root  node  is  where  the  tree  begins.  A  
sequence of decision nodes flow from the root node, depicting 
the decisions that must be taken.  The leaf  nodes that  sprout  
from  the  decision  nodes  depict  the  decisions'  implications.  
Each decision node represents a query or a split point, and the 

leaf  nodes that  sprout  from it  reflect  the  various  responses.  
Like how a leaf grows on a tree limb, leaf nodes develop from 
decision  nodes.  Therefore,  each  part  of  a  Decision  tree  is  
referred  to  as  a  "branch."  In  general  terms,  the  formula  for  
decision tree is as follows: 

𝑛𝑛𝑖𝑖𝑗𝑗 =  𝑤𝑤𝑗𝑗𝐶𝐶𝑗𝑗 −  𝑤𝑤𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑗𝑗)𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑗𝑗) −  𝑤𝑤𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡(𝑗𝑗)𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡(𝑗𝑗),  (2)  

where 𝑛𝑛𝑖𝑖𝑗𝑗, 𝑤𝑤𝑗𝑗, 𝐶𝐶𝑗𝑗, 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑗𝑗),  and 𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡(𝑗𝑗),  refer to importance 
of  node  𝑗𝑗 ,  weighted  number  of  samples  reaching  node  𝑗𝑗 , 
impurity value of the node 𝑗𝑗, child node from left split on node 
𝑗𝑗, and child node from right split on node 𝑗𝑗, respectively. 

C. Random Forest 
Random  forest  is  a  flexible  and  easily  to  use machine 

learning  approach  that  in  the  most  circumstances  produces  
great  results,  without  hyper  parameter  tweaking.  It  is  a  
supervised learning approach that produces a forest out of an 
ensemble of decision trees, which are frequently trained using 
the  bagging  technique.  The  bagging  method combines  the 
numerous learning of the models to enhance the results. 

Random forest has an advantage of being able to address 
classification and regression challenges, which makes up the 
bulk of modern machine learning systems. While growing the 
trees, the random forest adds additional unpredictability to the 
model. When dividing a node, it seeks for the best feature from 
a random set of qualities rather than the most critical trait. 

Consequently, there is a lot of variation, which leads to a 
better  model.  In  random forest,  the  approach  for  splitting a  
node only analyzes a random subset  of  the attributes.  It is  a 
form of classifier that improves from choice trees in terms of 
accuracy. It comprises of a vast number of selection trees. In 
order  to  analyze  the instance,  every  optional tree  gives  an  
organizing  for  adding  information;  irregular  random  forest  
collects  the  characterization  and  determines  the  outcome 
based on the majority votes. 

The contribution of each tree is determined by analyzing 
the info from the original  dataset.  To create the tree at  each 
node, a subset of discretionary highlights is chosen at random 
from the discretion highlights. Each tree is allowed to grow 
organically  without  being  trimmed.  Essentially,  irregular  
random  forest  allows  a  huge  number  of  weakly coupled 
classifiers to merge and create a powerful classifier. In general 
terms, the formula for random forest is given as; 

𝑓𝑓𝑖𝑖𝑖𝑖 =  
∑ 𝑛𝑛𝑖𝑖𝑗𝑗𝑗𝑗:𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑗𝑗 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖

∑ 𝑛𝑛𝑖𝑖𝑘𝑘𝑘𝑘∈𝑎𝑎𝑎𝑎𝑎𝑎 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
  (3)  

where 𝑓𝑓𝑖𝑖𝑖𝑖 and 𝑛𝑛𝑖𝑖𝑗𝑗 refer to importance of feature 𝑖𝑖 and node 𝑗𝑗, 
respectively. These can then be normalized to a value between 
0  and  1  by  dividing  by  the  sum  of  all  feature  importance  
values: 

𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖 =  𝑓𝑓𝑖𝑖𝑖𝑖
∑ 𝑓𝑓𝑖𝑖𝑗𝑗𝑗𝑗∈𝑎𝑎𝑎𝑎𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

  (4)  

The final feature importance, at the Random Forest level, 
is  it’s  average  over  all  the  trees.  The  sum  of  the  feature’s  
importance value on each tree is calculated and divided by the 
total number of trees as given in (5): 

𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 =  
∑ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖𝑖𝑖𝑗𝑗∈𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
,  (5)  

where 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖,  and  𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖𝑖𝑖 refer  to  importance  of  feature  𝑖𝑖 
calculated from all trees, and normalized feature importance 
for 𝑖𝑖 in tree 𝑗𝑗, respectively. 
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D. k-Nearest Neighbor 
The k-Nearest  Neighbor  is  amongst  the basic machine 

learning technique that follows supervised learning method. It 
considers the similarity between the newly formed state and 
data, and  the  previous  states  and  assigns  the  new  state  to  
another  category  that  that  seems  closer  to  the  existing 
categories. 

The k-Nearest  Neighbor  algorithm  retains  all  previous  
data  and  uses  similarities  to  classify  new  data  points.  This  
means  that  when  new  data  is  generated,  it  can  be  quickly  
classified into an appropriate category. It can be used for both 
regression and classification, however it is generally exploited 
for classification tasks.  As it  is a nonparametric approach, it 
makes no assumptions about the underlying data.  

It records the information only during the  training phase  
and classifies it in a category very similar to the new data when 
new data is received. It is also known as lazy learner algorithm 
as it cannot learn from the training set immediately. Instead, it 
keeps the dataset  and takes an action on it  when it's time to 
categorize  it.  In  nonparametric  statistics,  the  k  nearest  
neighbor technique is used for data collection and relapse. It's 
worth  noting  that  the  data  in  both  situations  comprises  the  
segment  space's  k-nearest  development  procedure  models.  
The outcome is determined by whether k nearest neighbor is 
utilized for the demand or the backslide by denoting the set of 
the k nearest neighbors of 𝒙𝒙 (test point) as 𝑺𝑺𝒙𝒙, Formally, 𝑺𝑺𝒙𝒙 is 
defined as 𝑺𝑺𝒙𝒙 ⊆ 𝒔𝒔. 𝒕𝒕.  |𝑆𝑆𝑥𝑥| = 𝑘𝑘 and ∀(𝑥𝑥′,𝑦𝑦′) ∈ 𝐷𝐷\𝑆𝑆𝑥𝑥,. 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥, 𝑥𝑥′) ≥ max
(𝑥𝑥",,𝑦𝑦")∈𝑆𝑆𝑥𝑥

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥,𝑥𝑥") (6)  

(i.e every point in D but not in 𝑺𝑺𝒙𝒙 is at least as far away 
from 𝒙𝒙  as  the  furthest  point  𝑺𝑺𝒙𝒙 ).  We  can  then  define  the  
classifier ℎ(𝒙𝒙) as a function returning the mos common label 
in 𝑺𝑺𝒙𝒙: 

ℎ(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ({𝑦𝑦′′ ∶ (𝑥𝑥′′,𝑦𝑦′′) ∈  𝑆𝑆𝑥𝑥}), (7)  

where  mode (∙) means  to  select  the  label  of  the  highest  
occurrence. 

IV. EXPERIMENTAL RESULTS 
For  this  study,  the  dataset  contains  309 samples  of  

different patients, where each sample has 16 attributes. This 
study utilizes 67% (208 samples) of the data for training and 
validation,  and  33  percent  (101  samples)  for  testing  in  all  
trials, as shown in Table I. It repeated experiments ten times 
to prevent model bias, and determined accuracy as the average 
of all experiments. Furthermore, because the initial data only 
included 14 characteristics (other than gender), therefore, no 
further analysis for feature selection or calculation of feature 
significance is done. Thus,  it  considered  all  the  attributes  
equally essential.  

TABLE I.  DATASET DESCRIPTIONE 

Class Label a 
No. of Instances in 

Training set Test set Total 

Cancer 182 88 270 

Not cancer 26 13 39 

Total 208 101 309 
a. patient has lung cancer or not 

 

Extensive  experiments  are  carried  out  and  each  model  
performance is analyzed using various performance matrices 
that includes precision, f1-score, recall and accuracy. Tables 
II – V depict the performances obtained for linear regression, 
decision  tree,  random  forest,  and  k-nearest  neighbors,  
respectively. 

TABLE II.  PERFORMANCE ANALYSIS FOR LINEAR REGRESSION 
MODEL 

Class Label a 
Performance Metrics 

Precision Recall F1-score 

Cancer 1.0 0.16 0.58 

Not cancer 0.88 1.0 0.94 

Accuracy - - 0.60 

Macro average 0.94 0.54 0.71 
Weighted 
average 0.94 0.54 0.71 

 

TABLE III.  PERFORMANCE ANALYSIS FOR DECISION TREE MODEL 

Class Label a 
Performance Metrics 

Precision Recall F1-score 

Cancer 1.0 0.84 0.91 

Not cancer 0.87 1.0 0.93 

Accuracy - - 0.92 

Macro average 0.93 0.92 0.92 
Weighted 
average 0.93 0.92 0.92 

 

TABLE IV.  PERFORMANCE ANALYSIS FOR RANDOM FOREST MODEL 

Class Label a 
Performance Metrics 

Precision Recall F1-score 

Cancer 1.0 0.92 0.96 

Not cancer 0.93 1.0 0.96 

Accuracy - - 0.96 

Macro average 0.96 0.96 0.96 
Weighted 
average 0.96 0.96 0.96 

 

TABLE V.  PERFORMANCE ANALYSIS FOR K-NEAREST NEIGHBOR 
MODEL 

Class Label a 
Performance Metrics 

Precision Recall F1-score 

Cancer 1.0 0.76 0.87 

Not cancer 0.81 1.0 0.90 

Accuracy - - 0.88 

Macro average 0.91 0.88 0.88 
Weighted 
average 0.90 0.88 088 

 

As  mentioned  before,  although  the  classifiers  and  data  
mining methods that will be used when human health is at the 
forefront  cannot  work  flawlessly,  algorithms  and classifiers  
with  the  margin  of  error  and  probability  of  being  confused  
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should be preferred. Although the final decision is left to the 
doctors, in some cases or human-induced errors, the machine's 
ability to see and detect unpredictable results will have a great 
impact on people's lives. Each classification method used has 
yielded results with different accuracy. Among them, random 
forest classifier attains  the highest result with an accuracy of 
96.08%, followed  by  decision  tree classifier with  92.17%, 
whereas k-nearest neighbor accomplished an overall accuracy 
of  88.26%,  and  finally  linear  regression with  the  lowest  
accuracy and the highest margin of error, with an accuracy of 
60.30%, as shown in Fig. 2. This mean accuracy suggests that 
classification,  not  regression,  is  the  best  method  if  machine 
learning based models are desired to predict lung cancer. 

 
Fig. 2. Accuracy comparison of exploited machine learning algorithm. 

V. CONCLUSION 
This  study  compared several machine  learning-based 

algorithms for lung cancer prediction. Across all trial rounds, 
the random forest  classifier  outperformed others  algorithms  
by  attaining  an overall  accuracy  of  96.08% for  lung  cancer  
prediction. The  dataset  used  for  this  study  contains  15  
attributes  including gender of  the patients.  For  experiments,  
the dataset is split into 67/30 as train/test sets. It is noted that 
decision tree also performed better whereas linear regression 
performed worst. In the future, the study can be expanded by 
testing advanced deep learning models including pre-trained 
networks, so that patients can have right diagnoses at the right 
time for  early  detection in  order  to  provide  better  and  early 
treatment. 
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