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Abstract—Lung cancer is the most prevalent cancer in the 

world, accounting for 12.2% of all newly diagnosed cases in 2020 

and has the highest mortality rate due to its late diagnosis and 

poor symptom detection. Currently, there are 4,319 lung cancer 

deaths in Malaysia, representing 2.57 percent of all mortality in 

2020. The late diagnosis of lung cancer is common, which 

makes survival more difficult.  In Malaysia, however, most cases 

are detected when the tumors have become too large, or cancer 

has spread to other body areas that cannot be removed 

surgically. This is a frequent situation due to the lack of public 

awareness among Malaysians regarding cancer-related 

symptoms. Malaysians must be acknowledged the high-

risk symptoms of lung cancer to enhance the survival rate and 

reduce the mortality rate. This study aims to use a fuzzy linear 

regression model with heights of triangular fuzzy by Tanaka 

(1982), H-value ranging from 0.0 to 1.0, to predict high-risk 

symptoms of lung cancer in Malaysia. The secondary data is 

analyzed using the fuzzy linear regression model by collecting 

data from patients with lung cancer at Al-Sultan Abdullah 

Hospital (UiTM Hospital), Selangor. The results found that 

haemoptysis and chest pain has been proven to be the highest 

risk, among other symptoms obtained from the data analysis. It 

has been discovered that the H-value of 0.0 has the least 

measurement error, with mean square error (MSE) and root 

mean square error (RMSE) values of 1.455 and 1.206, 

respectively. 

Keywords—Lung cancer; high-risk symptom; fuzzy linear 

regression; H-value; mean square error 

I. INTRODUCTION 

Cancer is a disease caused by uncontrolled cell division. 
Lung cancer develops when cancer originates in the lungs and 
spreads to lymph nodes or other organs, such as the brain. 
Moreover, lung cancer may spread from other organs. Lung 
cancer includes four stages which in Stage I, cancer has not 
grown to lymph nodes or other parts of the body, whereas in 
Stage II, the tumors may be bigger and/or have begun to spread 
to nearby lymph nodes. When cancer has advanced to the 
lymph nodes of the mediastinum, a diagnosis of stage III can 
be determined (the chest area between the lungs). In Stage IV, 
the cancer has spread to the lining of the lungs or to other 
organs [1]. 

Lung cancer (small and non-small cell) is the second-
leading cause of cancer in both men and women (excluding 
skin cancer) in 2020 [2]. This kind of cancer is on the rise in 
several countries, particularly in Asia, where the rate increased 
from 56 percent in 2012 to 58 percent in 2018 [3]. In the year 
of 2020, lung cancer is the top cause of cancer-related 
mortality with 1.80 million deaths, followed by colon and 
rectum cancer with 935 thousand deaths, and liver cancer with 
850,000 deaths. Lung cancer has killed 4,319 lives in Malaysia, 
or 2.57 percent of all mortality based on the latest WHO data 
published in 2020. Malaysia ranks 77th in the world with a 
death rate of 15.25 per 100,000 population [4]. 

Malaysia continues to have the lowest 5-year lung cancer 
survival rate. Symptoms of lung cancer are unusually detected 
at an early stage, and more than half of lung cancer patients 
pass away within the first year after diagnosis. Currently, the 
main causes of lung cancer are unknown. Yet, certain risk 
factors and symptoms enhance the likelihood of a person 
developing lung cancer. There are also a few patients with lung 
cancer who exhibited no symptoms or identified risk factors 
[5]. Common lung cancer symptoms include persistent 
coughing, breathing difficulties, bloody coughing, and a 
sudden decrease in weight. All these symptoms may appear 
within one month after a lung cancer diagnosis [6]. 

This research presents a study on the prediction of high-risk 
symptoms of lung cancer in Malaysia using the fuzzy linear 
regression method. The primary goal of this study is to 
determine the highest-risk signs and symptoms of patients with 
early lung cancer detection to enhance the likelihood of 
diagnosing malignancy early and decrease lung cancer 
mortality.  It is important for Malaysians to be aware and 
acknowledge the highest risk symptoms of lung cancer for 
them to get early treatment at early stages to increase the 
likelihood of survival. As for the proposed method, numerous 
researchers have utilized fuzzy modeling to investigate cases in 
various fields, including medicine, science, and engineering. 
Fuzzy modeling is typically used to evaluate more complex 
scenarios and is reliable. Since 1965, when Lotfi A. Zadeh 
devised the fuzzy set theory, numerous studies have utilized 
the fuzzy method. Fuzzy linear regression in 1982 is 
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recognized as the basic model for other fuzzy models. The 
model is conveyed as a dependable method since it does not 
need any assumptions to ensure the results obtained are 
applicable to society. Hence, the results will still be accurate 
even if the data of the sample is small. 

The entirety of this article is structured as follows: Part II 
emphasizes significant studies on current challenges and ways 
to resolve them, while Section III outlines the research 
methodologies. Section IV includes the results and Section V 
presents the discussion. Section VI concludes the paper and 
proposes future work. 

II. LITERATURE REVIEW 

A. Lung Cancer in Malaysia 

Lung cancer is the primary cause of cancer-related 
mortality globally and the most common cause of death in 
Malaysia, with males surpassing females regardless of the 
tumor's size, location, or dissemination. Lung cancer 
contributes to around 15.13 percent of cancer deaths [7]. The 
reported 1-year survival rate is only 35.5 percent however, the 
relative 5-year survival rate is only 11.0 percent. The survival 
rate of lung cancer patients in Malaysia at 1 and 5 years is one 
of the lowest compared to other types of cancer, as shown in 
Chart A. This survival rate is one of the lowest in the world. 
The one-year and five-year survival rates are shown per stage 
in Chart B [8]. Fig. 1 displays Chart A and Chart B. 

 

Fig. 1. Relative survival of cancer patients in Malaysia. 

In Malaysia, the probability of getting lung cancer is 
approximately 1 in 60 for males and 1 in 138 for females, with 
patients often being diagnosed at theto age of 70 or older 
(range 15 to 90 years). Nevertheless, most cases of lung cancer 
were not discovered until a very late stage, stage III or stage 
IV, which is above 90 percent for both sexes. Early-stage 
disease (I, II, and chosen IIIa) is amenable to curative surgery, 
which offers the best possibility of long-term cure and disease-
free survival [9]. However, most patients (about 75 percent) are 
diagnosed with advanced cancer (stage III/IV). Despite 
significant advances in late-stage lung cancer oncological 
treatment in recent years, survival rates remain poor [10]. 

There are two distinct diagnostic presentations for lung 
cancer patients: symptomatic and incidental. Most cases were 
inadvertently diagnosed through chest X-rays and CT scans. 
According to the Malaysian Health Technology Assessment 
Section, a CT scan known as low-dose computed tomography 
(LDCT) is currently used for lung cancer screening and 
improved lung cancer diagnosis. Unfortunately, it does not 
apply to lung cancer patients at high risk. Screening high-risk 
individuals through screening results is critical since it 
enhances the likelihood of early cancer detection and decreases 
lung cancer mortality [11]. 

While among symptomatic patients, the most often reported 
complaints that resulted in an imaging referral were the 
development of a new cough or the worsening of a previously 
expressed clinical picture suggestive of pneumonia and 
haemoptysis [12]. It has been proven that cough is the 
symptom that appears most frequently in lung cancer patients 
based on the results [13] which frequently reported lung cancer 
symptoms to include shortness of breath, cough, and anxiety. 
The study [14] also stressed that fever and cough were the most 
prominent early symptoms, and respiratory symptoms were 
prevalent among lung cancer patients. Research [15] reported 
that cough has the highest number which is 62.0% of patients, 
followed by chest pain (51.8%) was the most prevalent 
symptom present at the time of diagnosis. Studies [16] and [17] 
discovered that haemoptysis had the highest diagnostic value 
for lung cancer. 

B. Background of Fuzzy Linear Regression 

Regression analysis is a statistical technique used to 
determine the cause-and-effect relationship between two 
variables. Regression analysis is a potent method for 
comprehending (including forecasting and explaining) the 
causal factors underlying a population outcome [18]. However, 
regression models are particularly susceptible to outliers. An 
outlier is a data point that deviates significantly from most 
other observations. Variability in measurement may result in an 
experimental error, whereas an outlier in regression analysis 
may cause a significant issue. Although data are infrequently 
linearly separable, regression analysis methods also 
oversimplify real-world data and issues. 

Fuzzy linear regression analysis on the other hand is a 
significant alternative to conventional regression methods 
based on statistics. In fuzzy linear regression analysis, a wide 
variety of fuzzy linear models can be used to approximate a 
linear dependence based on a set of observations. There are 
two types of fuzzy regression.  The researchers in [19] created 
'possibilistic' fuzzy regression, a linear programming method 
that aims to reduce the fuzziness of a system. The second 
approach is a fuzzy least-squares method that minimizes the 
distance between two fuzzy numbers. The approaches are 
designed to handle fuzzy data to satisfy a particular 
requirement [20]. 

In a fuzzy environment, a fuzzy regression model is applied 
to evaluate the functional relationship between the dependent 
and independent variables. In the literature, numerous fuzzy 
regression models and methods for estimating the fuzzy 
parameters of these models have been developed. The 
possibilistic approach and fuzzy least squares model are the 
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two most frequent methods for assessing fuzzy regression 
models [21]. Fuzzy methodology surpasses conventional 
regression methodology when it is required to predict an 
outcome variable based on many interrelated factors. 
Furthermore, it is proved that fuzzy linear regression is more 
effective relative to simple and multiple linear regression 
methods [22]. 

III. METHODOLOGY 

Fuzzy sets can be used to account for data inaccuracy and 
ambiguity. For example, rather than just assigning a binary 
value to a symptom, such as "present" or "absent," a fuzzy set 
may be used to represent the degree to which a patient exhibits 
a specific symptom.  This would be preferable to the traditional 
approach of assigning a binary value [23]. 

The fuzzy linear regression approach is simpler and more 
transparent to calculate than classical regression but does not 
significantly differ from classical regression. Furthermore, 
these results provide support for the concept of fuzzy linear 
regression prediction, especially when it comes to fuzzy data 
[24]. The high-risk symptoms of lung cancer can be detected 
with greater precision by using the fuzzy linear regression 
method, which provides a better prediction of imprecise data 
than regression analysis. 

Statistical analysis is adaptable and useful to numerous 
domains, especially the linear regression technique. Several 
model elements are represented by fuzzy numbers in fuzzy 
linear regression, which is a kind of regression analysis. It has 
been demonstrated that fuzzy linear functions are a good 
strategy for unclear occurrences in linear regression models 
[25]. The data were analyzed using the statistical software 
Matlab and Microsoft Excel. 

A. Fuzzy Linear Regression (Tanaka, 1982) 

To formulate a fuzzy linear regression model, the following 
were assumed to hold (Tanaka, 1982): 

(1) The data can be represented by a fuzzy linear model: 

  * =   *     + … +   *        
    (1) 

Where, 

Fuzzy parameter    

The variable of fuzzy parameter    

Equation of the fuzzy parameter   
  

    ( )    
      

   

      
 (2) 

(2) The degree of the fitting of the estimated fuzzy linear 

model   
* 

A*   to the given data Ye = (    ,   ) was 

measured by the following index    , which maximizes h 

subject to   
    

  , where: 

     
  =*     ( )   + 

      
  {       ( )   } (3) 

Which are h -level sets. This index    is illustrated in Fig. 
2. The degree of the fitting of the fuzzy linear model for all 

data Y1 , …, YN is defined by min f [hf ]. Fig. 2 portrays the 

fitting degree of   
  to a fuzzy data of   . 

 

Fig. 2. Degree of fitting of   
  to a given fuzzy data   . 

(3) The vagueness of the fuzzy linear model is defined by: 

JJ =    + … +    (4) 

The problem was elucidated by acquiring fuzzy parameters 

A* which minimized JJ subject to  ̅e    H for all e , where H 
was selected by the decision maker as the degree of fit of the 

fuzzy linear model. The  ̅e  can be acquired by utilizing: 

 ̅e  = 1 – 
| 
  – 
  
   |

∑    |   |   
 (5) 

Tanaka (1982) model estimated the fuzzy parameter 
   
  (     )   which are the solutions of the following linear 

programming problem: 

              
    

Subject to      and 

     (   )∑  |   |     (   )  
 

 

      (   )∑   |   |      (   )    (6) 

The best fitting model for the given data may be obtained 
by solving the conventional linear programming problem in 
(6). The number of constraints, 2 N, was generally substantially 
greater than the number of variables, g. As a result, solving the 
dual problem of (6) was easier than solving the primal problem 
of (6). 

The fuzzy linear regression model (FLRM) can be stated 
as: 

Y =    (    ,    ) + A (, ) x +… + A (, )    (7) 

IV. RESULTS 

Hideo Tanaka presented a fuzzy approach for linear 
regression analysis in 1982. There is a fuzzy model in which 
human estimation and some systems play a role and must deal 
with a fuzzy structure. Tanaka's fuzzy linear regression was 
used in the study to estimate the size of lung cancer patients' 
tumors. In total, 124 patients were used. Gender, ethnic, age, 
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tumor size, cough, haemoptysis, weight loss, appetite loss, 
chest pain, comorbidities, smoking habit, and stage of cancer 
were the most key factors. The data were obtained using 
Microsoft Excel and MATLAB software. H-values ranging 
from 0.0 to 1.0 were utilised to calculate the center,   , and 
width,   , of each fuzzy parameter.    is the center of a fuzzy 
parameter, while    represents the parameter's fuzziness 
(width). The results of this H-value are shown in the Tables I. 

TABLE I. FUZZY PARAMETER OF H=0.0 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3332 0.6097 

Ethic 3.3148 0 

Cough (A1*) 2.3085 0 

Haemoptysis 

(A2*) 
14.5494 0 

Weight loss 

(A3*) 
5.3752 0 

Appetite loss 
(A4*) 

-6.6669 0 

Chest pain (A5*) 10.6765 0 

Smoking habit (A6*) -0.0589 0 

Comorbidity 
(A7*) 

-4.8611 0 

Table I displays the centre,   , and width,    values for 
the fuzzy parameters when H = 0.0. The values of the fuzzy 
parameter are displayed in Table I; the data was conducted 
using Matlab code and eleven variables were included. The 
dependent variable is the size of the tumor, and nine 
independent variables, lung cancer symptoms. The fuzzy mean 
tumor size (mm) can be represented by haemoptysis with a 
fuzzy parameter value of 14.5494. The second highest fuzzy 
parameter was chest pain equal to 10.6765. The fuzziness of 
the nine variables reflects the uncertainty of tumor size in 
millimeters. By this fuzziness parameter, the dispersion can be 
explained. In this context, the fuzziness of the parameter is J = 
0.6097. In addition, the negative nature of A4*, A6*, and A7* is 
dependent upon the strong correlations between x4, x6, and 
x7.  The tumor size of lung cancer (mm) is inversely 
proportional to appetite loss, smoking, and comorbidity. 

The following is the estimated fuzzy linear regression 
model for lung cancer patients. 

Ŷ = 0.6097 + (0.3332, 0.6097) age + (3.3148, 0) ethnic +  

(2.3085, 0) cough + (14.5494, 0) haemoptysis + (5.3752, 0) 

weight loss – (6.6669, 0) loss of appetite + (10.6765, 0) chest 

pain – (0.0589,0) smoking – (4.8611,0) comorbidity.  (8) 

TABLE II. FUZZY PARAMETER OF H=0.1 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3336 0.6719 

Ethic 3.1988 0 

Cough (A1*) 2.5589 0 

Variables 
Fuzzy Parameter 

Center    Width    

Haemoptysis 

(A2*) 
14.5031 0 

Weight loss 

(A3*) 
5.1294 0 

Appetite loss 
(A4*) 

-6.3314 0 

Chest pain (A5*) 10.4874 0 

Smoking habit (A6*) -0.0555 0 

Comorbidity 

(A7*) 
-4.7618 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 0.6719 + (0.3336, 0.6719) age + (3.1988, 0) ethnic + 

(2.5589, 0) cough + (14.5031, 0) haemoptysis + (5.1294, 0) 

weight loss – (6.3314, 0) loss of appetite + (10.4874, 0) chest 

pain – (0.0555,0) smoking – (4.7618,0) comorbidity. (9) 

TABLE III. FUZZY PARAMETER OF H=0.2 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3340 0.7498 

Ethic 3.0827 0 

Cough (A1*) 2.8094 0 

Haemoptysis 

(A2*) 
14.4567 0 

Weight loss 
(A3*) 

2.5344 0 

Appetite loss 

(A4*) 
-3.6466 0 

Chest pain (A5*) 10.2983 0 

Smoking habit (A6*) -0.0521 0 

Comorbidity 

(A7*) 
-4.7618 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 0.7498 + (0.3340, 0.7498) age + (3.0827, 0) ethnic + 

(2.8094, 0) cough + (14.4567, 0) haemoptysis + (2.5344, 0) 

weight loss – (3.6466, 0) loss of appetite + (10.2983, 0) chest 

pain – (0.0521,0) smoking – (4.6624,0) comorbidity. (10) 

TABLE IV. FUZZY PARAMETER OF H=0.3  

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3344 0.8498 

Ethic 2.9667 0 

Cough (A1*) 3.0599 0 

Haemoptysis 
(A2*) 

14.4104 0 

Weight loss 

(A3*) 
4.6379 0 

Appetite loss 

(A4*) 
-5.6603 0 
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Variables 
Fuzzy Parameter 

Center    Width    

Chest pain (A5*) 10.1093 0 

Smoking habit (A6*) -0.0487 0 

Comorbidity 
(A7*) 

-4.5630 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 0.8498 + (0.3344, 0.8498) age + (2.9667, 0) ethnic + 

(3.0599, 0) cough + (14.4104, 0) haemoptysis + (4.6379, 0) 

weight loss – (5.6603, 0) loss of appetite + (10.1093, 0) chest 

pain – (0.0487,0) smoking – (4.5630,0) comorbidity. (11) 

TABLE V. FUZZY PARAMETER OF H=0.4 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3348 0.9833 

Ethic 2.8506 0 

Cough (A1*) 3.3103 0 

Haemoptysis 

(A2*) 
14.3640 0 

Weight loss 
(A3*) 

4.3922 0 

Appetite loss 

(A4*) 
-5.3248 0 

Chest pain (A5*) 9.9202 0 

Smoking habit (A6*) -0.0453 0 

Comorbidity 

(A7*) 
-4.4636 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 0.9833 + (0.3348, 0.9833) age + (2.8506, 0) ethnic + 

(3.3103, 0) cough + (14.3640, 0) haemoptysis + (4.3922, 0) 

weight loss – (5.3248, 0) loss of appetite + (9.9202, 0) chest 

pain – (0.0453,0) smoking – (4.4636,0) comorbidity. (12) 

TABLE VI. FUZZY PARAMETER OF H=0.5 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3317 1.1718 

Ethic 2.7910 0 

Cough (A1*) 3.4661 0 

Haemoptysis 

(A2*) 
14.3992 0 

Weight loss 
(A3*) 

2.3009 0 

Appetite loss 

(A4*) 
-3.1698 0 

Chest pain (A5*) 9.8490 0 

Smoking habit (A6*) -0.0424 0 

Comorbidity 

(A7*) 
-4.3946 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ      7 8 +       7     7 8)     +    79     )  t n   + 

(3.4661, 0) cough + (14.3992, 0) haemoptysis + (2.3009, 0) 

weight loss – (3.1698, 0) loss of appetite + (9.8490, 0) chest 

pain – (0.0424,0) smoking – (4.3946,0) comorbidity. (13) 

TABLE VII. FUZZY PARAMETER OF H=0.6 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3278 1.4551 

Ethic 2.7459 0 

Cough (A1*) 3.5973 0 

Haemoptysis 

(A2*) 
14.4555 0 

Weight loss 

(A3*) 
2.1314 0 

Appetite loss 
(A4*) 

-2.9434 0 

Chest pain (A5*) 9.8084 0 

Smoking habit (A6*) -0.0397 0 

Comorbidity 

(A7*) 
-4.3334 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 1.4551 + (0.3278, 1.4551) age + (2.7459, 0) ethnic + 

(3.5973, 0) cough + (14.4555, 0) haemoptysis + (2.1314, 0) 

weight loss – (2.9434, 0) loss of appetite + (9.8084, 0) chest 

pain – (0.0397,0) smoking – (4.3334,0) comorbidity. (14) 

TABLE VIII. FUZZY PARAMETER OF H=0.7 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3238 1.9273 

Ethic 2.7009 0 

Cough (A1*) 3.7285 0 

Haemoptysis 

(A2*) 
14.5119 0 

Weight loss 
(A3*) 

1.9619 0 

Appetite loss 

(A4*) 
-2.7169 0 

Chest pain (A5*) 9.7678 0 

Smoking habit (A6*) -0.0370 0 

Comorbidity 

(A7*) 
-4.2723 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 1.9273 + (0.3238, 1.9273) age + (2.7009, 0) ethnic + 

(3.7285, 0) cough + (14.5119, 0) haemoptysis + (1.9619, 0) 

weight loss – (2.7169, 0) loss of appetite + (9.7678, 0) chest 

pain – (0.0370,0) smoking – (4.2723,0) comorbidity. (15) 
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TABLE IX. FUZZY PARAMETER OF H=0.8 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3198 2.8718 

Ethic 2.6559 0 

Cough (A1*) 3.8598 0 

Haemoptysis 

(A2*) 
14.5682 0 

Weight loss 
(A3*) 

4.1194 0 

Appetite loss 

(A4*) 
-4.8174 0 

Chest pain (A5*) 9.7272 0 

Smoking habit (A6*) -0.0315 0 

Comorbidity 

(A7*) 
-4.2111 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 2.8718 + (0.3198, 2.8718) age + (2.6559, 0) ethnic + 

(3.8598, 0) cough + (14.5682, 0) haemoptysis + (4.1194, 0) 

weight loss – (4.8174, 0) loss of appetite + (9.7272, 0) chest 

pain – (0.0315,0) smoking – (4.2111,0) comorbidity. (16) 

TABLE X. FUZZY PARAMETER OF H=0.9 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3158 5.7051 

Ethic 2.6109 0 

Cough (A1*) 3.9910 0 

Haemoptysis 
(A2*) 

14.6245 0 

Weight loss 

(A3*) 
4.0609 0 

Appetite loss 

(A4*) 
-4.7019 0 

Chest pain (A5*) 9.6866 0 

Smoking habit (A6*) -0.0315 0 

Comorbidity 
(A7*) 

-4.1500 0 

The following is the estimated fuzzy linear regression 
model for lung cancer patients: 

Ŷ = 5.7051 + (0.3158, 5.7051) age + (2.6109, 0) ethnic + 

(3.9910, 0) cough + (14.6245, 0) haemoptysis + (4.0609, 0) 

weight loss – (4.7019, 0) loss of appetite + (9.6866, 0) chest 

pain – (0.0315,0) smoking – (4.1500,0) comorbidity. (17) 

TABLE XI. FUZZY PARAMETER OF H=1.0 

Variables 
Fuzzy Parameter 

Center    Width    

Age 0.3128 5.9810 

Ethic 2.5509 0 

Cough (A1*) 4.1223 0 

Variables 
Fuzzy Parameter 

Center    Width    

Haemoptysis 

(A2*) 
14.6450 0 

Weight loss 

(A3*) 
4.0024 0 

Appetite loss 
(A4*) 

-4.6237 0 

Chest pain (A5*) 9.6400 0 

Smoking habit (A6*) -0.0315 0 

Comorbidity 

(A7*) 
-4.1034 0 

Table II to Table XI show the centre,   , and width,    
values for the fuzzy parameters when H = 0.1 until H = 1.0. 
The following is the estimated fuzzy linear regression model 
for lung cancer patients: 

Ŷ = 5.9810 + (0.3128, 5.9810) age + (2.5509, 0) ethnic + 

(4.1223, 0) cough + (14.6450, 0) haemoptysis + (4.0024, 0) 

weight loss – (4.6237, 0) loss of appetite +(9.6400, 0) chest 

pain – (0.0315,0) smoking – (4.1034,0) comorbidity. (18) 

1) Measuring mean square error (MSE): Table XII 

displays the mean square error (MSE) values for those H-

values. The observed Y is determined by the responses of 124 

patients with lung cancer. The H-value with the smallest MSE 

is 0.0. Since the MSE value of the H-value of 0.0 is the lowest 

when compared to other values, it has been concluded that this 

model is the most suited and effective model for predicting the 

high-risk symptoms of lung cancer. 

TABLE XII. MEAN SQUARE ERROR VALUES 

MSE Values 

H-values Mean Square Error 

0.0 1.455 

0.1 1.467 

0.2 1.481 

0.3 1.497 

0.4 1.517 

0.5 1.549 

0.6 1.592 

0.7 1.657 

0.8 1.774 

0.9 2.101 

1.0 2.138 

2) Measuring root mean square error (RMSE): Table XIII 

shows the root mean square error, which is computed by 

calculating the square root of the total mean square error to 

achieve the least error value.  The models were tested using 

mean square error. H-values of 0.0 and 1.0 have RMSE values 

of 1.206 and 1.462, respectively. The fuzzy linear regression 

model with H-value of 0.0 proves to be the most precise model 
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for predicting the high-risk symptoms reported by lung cancer 

patients at Hospital Al-Sultan Abdullah (UiTM Hospital), 

given that its RMSE is the lowest among the other models. 

TABLE XIII. ROOT MEAN SQUARE ERROR VALUES 

RMSE Values 

H-values Root mean square error 

0.0 1.206 

0.1 1.211 

0.2 1.217 

0.3 1.224 

0.4 1.232 

0.5 1.244 

0.6 1.262 

0.7 1.287 

0.8 1.332 

0.9 1.450 

1.0 1.462 

V. DISCUSSION 

Fuzzy linear regression with an H-value of 0.0 is the best 
model for predicting high-risk lung cancer symptoms in 
patients at Al-Sultan Abdullah Hospital (UiTM Hospital). 
Fuzzy linear regression with an H-value of 0.0 has lowest mean 
square error (MSE) and root mean square error (RMSE) 
values compared to other H-values. H-value of 0.0 produced 
MSE and RMSE values of 1.455 and 1.206, while an H-value 
of 1.0 yielded MSE and RMSE values of 1.784 and 1.336, 
respectively. The optimal model has been proved to be the 
fuzzy linear regression of H-value with 0.0 as it has the 
smallest measurement error. The summary values of MSE and 
RMSE are displayed in Table XIV. 

TABLE XIV. MSE AND RMSE VALUES OF THE MODELS 

Summary of MSE and RMSE Values 

H-values MSE RMSE 

0.0 1.455 1.206 

0.1 1.467 1.211 

0.2 1.481 1.217 

0.3 1.497 1.224 

0.4 1.517 1.232 

0.5 1.549 1.244 

0.6 1.592 1.262 

0.7 1.657 1.287 

0.8 1.774 1.332 

0.9 2.101 1.450 

1.0 2.138 1.462 

The best parameter for fuzzy linear regression was 
discovered using the values of mean square error and root 
mean square error. This study found that haemoptysis was the 
most impactful symptom in diagnosing lung cancer high-risk 
symptoms, as it has the highest fuzzy mean parameter in the 
model with an H-value of 0.0 and a value of 14.5494, as shown 
in Table I. The findings similar to the [26] stated that 
individuals diagnosed with lung cancer showed a significantly 
greater prevalence of persistent haemoptysis. [27] and [28] also 
emphasized that haemoptysis is the most prevalent cause of 
lung cancer across all age groups. Chest pain is the second 
highest risk symptom of lung cancer as it has the value of 
fuzzy mean parameter of 10.6765 based on Table I. The results 
are also akin to the study by [29] found that the frequency of 
haemoptysis, cough, and chest pain was significantly higher 
than in other samples in all stages. According to [30] chest pain 
was the top five major complaints when it comes to lung 
cancer symptoms. Age, ethnicity, cough and weight loss are 
the other variables that are closely related to the high-risk 
symptoms of lung cancer as it has positive values of fuzzy 
mean parameter. In addition, the high-risk symptoms of lung 
cancer are inversely proportional to the female gender, Chinese 
ethnicity and other ethnicities, appetite loss, smoking habit, and 
the presence of other diseases (comorbidity) as it has negative 
values of fuzzy mean parameters. The lowest mean square 
error is 1.455, and the least root mean square error is 1.206. 

The purpose of this study was to predict the high-risk 
symptoms of lung cancer in the early stage to initiate 
preventative measures for lung cancer patients. It was 
determined that haemoptysis and chest pain are high-risk 
symptoms for lung cancer patients at Hospital Al-Sultan 
Abdullah (UiTM Hospital). However, most of the patient data 
collected from Al-Sultan Abdullah hospital (UiTM Hospital) 
was from patients with advanced lung cancer (stages 3 and 4). 
It is difficult to detect symptoms for the earlier stage of lung 
cancer due to the tumor size in stages I and II is smaller in size 
since the small tumors convey less texture and shape 
information than those larger tumors in late stages [31]. It is 
stated that the bigger the diameter of the tumor size, the more 
advanced the stage of lung cancer, and the symptoms of lung 
cancer will begin to appear one by one such as haemoptysis 
and chest pain. Even though the symptoms are recognized at a 
late stage, the doctors or patients can still take the initiative or 
precautions at earlier stages for more particular symptoms as 
revealed by the results rather than any random symptoms. 

VI. CONCLUSION 

The aim of this study was to determine high-risk lung 
cancer symptoms in order to initiate preventative actions. It 
was concluded that haemoptysis and chest pain are high-risk 
symptoms for lung cancer patients at Hospital Al-Sultan 
Abdullah (UiTM Hospital). Both high-risk symptoms can be 
presented to medical doctors and nurses at the UiTM Hospital 
so that they can apply them to patients at an early stage. 
Extreme weight loss, loss of appetite, and comorbidity are the 
further lung cancer symptoms. Fuzzy linear regression with H-
value of 0.0 is the best model for predicting the high-risk 
symptoms of lung cancer in patients at Hospital Al-Sultan 
Abdullah (UiTM Hospital) as it has the least measurement 
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error, with mean square error (MSE) and root mean square 
error (RMSE) values of 1.45 and 1.206, respectively. 

In future studies, other researchers should resolve the 
issue of determining the stages of lung cancer among patients 
at Selangor's general hospitals. The study should be expanded 
to include other public hospitals in each state of Malaysia. In 
that scenario, the lung cancer study may be thoroughly 
explored in Malaysia and other countries. 
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