
 ENHANCED KNOWLEDGE IN SCIENCES AND 
TECHNOLOGY 
e-ISSN: 2773-6385 
 
 

EKST 

Vol. 5 No. 2 (2025) 424-432 
https://publisher.uthm.edu.my/periodicals/index.php/ekst 

   
 

This is an open access article under the CC BY-NC-SA 4.0 license. 

 

 

Analysis of Fuzzy Linear Regression and Multiple Linear 
Regression on Household Income and Expenditure in 
Malaysia 

Nurathirah Rodzi1, Norziha Che Him1, Mohd Saifullah Rusiman1* 

1  Department of Mathematics and Statistics, Faculty of Applied Sciences and Technology, UTHM Kampus 
Cawangan Pagoh, Hub Pendidikan Tinggi Pagoh KM1, Jalan Panchor, 84600 Pagoh, Muar, Johor, MALAYSIA. 

 
*Corresponding Author: saifulah@uthm.edu.my 
DOI: https://doi.org/10.30880/ekst.2025.05.02.050 

Article Info Abstract  

Received: 30 December 2024 
Accepted: 18 January 2025 
Available online: 19 December 2025 

This study examines the relationship between household income and 
expenditure in Malaysia using Multiple Linear Regression (MLR) and 
Fuzzy Linear Regression (FLR) models. Household financial data from 
the 2023 Household Income and Expenditure Survey (HIES) was 
analysed to assess model performance using the Akaike Information 
Criterion (AIC), and Bayesian Information Criterion (BIC). The results 
indicate a strong positive correlation (0.9117) between household 
income and expenditure, supporting the hypothesis that increased 
income leads to higher expenditure. Among the models tested, FLR 
using Tanaka’s method demonstrated the best predictive performance, 
with the lowest AIC (2688.11) and BIC (2697.34) values, outperforming 
both MLR and FLR (Ni) in handling data uncertainty. In contrast, MLR 
exhibited significantly higher AIC (120064042) and BIC (120064048.2) 
values, suggesting a poorer fit for uncertain economic data. These 
findings highlight the advantages of FLR in modelling complex 
economic relationships and suggest its potential applications in 
economic forecasting. Future research should focus on refining FLR 
techniques further to enhance their accuracy and applicability in 
economic analysis. 
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1. Introduction 

In this current economic situation, expenditure and household income are the key indicators of consumer 
behaviour, economic health, and social well-being [1]. To more knowledge, expenditure means financial 
transactions that individuals, households, and governments undertake to acquire goods and services. It represents 
the transactions of money and fulfils various needs or desires. This expenditure covers many expenses, from 
luxury products and entertainment needs items like food, housing, and healthcare [2].  Household income on the 
other hand, represents the entire amount of money the household members earn over a certain period, usually a 
year. This household income includes various revenue streams, including employment income, wages, salaries, 
and bonuses. Analysing the expenditure and household income provides a deep understanding of many social and 
economic aspects.  

A study by [3], says that household income is a valuable economic factor that can develop Malaysia’s economy. 
Hence, the study stated that the household income level is associated with the daily expenditure. The more 
household income there is, the more expenditure is spent. According to [4], household income and expenditure 
patterns change in line with the changing times. This is because changing times have become one of the big factors 
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that can indirectly influence household expenditure, as the cost of goods and other services is due to inflation in 
the economy.  

Up to now, Regression modelling becomes one of the popular statistical techniques that can be used to analyse 
the association between the variables. This method includes several techniques for analysing the data [5]. Multiple 
linear regression is a statistical technique that can be employed in the model’s reliability and accuracy [6]. Broadly, 
the primary reasons for using the regression model are predicting and interpreting. Predicting is estimating the 
data value at any time while interpreting is crucial for understanding the relationship between variables. Multiple 
linear regression finds extensive application in economics, engineering, social sciences, and more [7]. Fuzzy linear 
regression (FLR) is a technique for the relationship between inputs and outputs in a fuzzy environment. It has 
been noted that FLR is an extension of classical fuzzy logic that can establish the link between variables in a fuzzy 
environment [8]. 

For model selection, selecting an appropriate model is essential for accurate data representation and 
prediction. Two prevalent criteria guiding the selection are the Akaike Information (AIC) and Bayesian 
Information Criterion (BIC). AIC estimates the relative quality of statistical models by balancing model fit and 
complexity [9]. While BIC incorporates sample size into its penalty for model complexity [10] 

This study aims to identify the relationship between household income and expenditure in Malaysia using 
Pearson Correlation, to analyse household income using MLR and FLR by both Tanaka and Ni models and to 
evaluate the predictive accuracy of these models in understanding expenditure dynamics while addressing the 
limitations of data uncertainty and precision. 

2. Method 

2.1 Flowchart 

The research framework of this study is shown in Fig. 1. The data were obtained from the Department of Statistics 
Malaysia (DOSM) from various sectors including household income, expenditure, Gini and poverty. This dataset 
analysed household-level income, expenditure, Gini and poverty. 

 
Fig. 1 Research Flowchart 

Begin with the data selection, the data and plotted to see if there were any outliers before proceeding to 
another process of this research. The first method used is Pearson Correlation to evaluate the strength and 
direction of linear relationships between variables. The second is, Multiple Linear Regression (MLR). MLR helps 
to predict the outcomes based on the model.  Next is, Fuzzy Linear Regression (FLR). FLR can help to represent 
the better relationship between the independent and dependent variables. It also provides more reliable and 
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insightful results in complex real-world situations. Lastly is the model evaluation process. To ensure a 
comprehensive evaluation, AIC and BIC are used to find the lowest value between all the models indicated as the 
best between all the linear regression models.  

2.2 Pearson Correlation 

Pearson Correlation or Pearson’s r measures the strength and direction of the linear relationship between two 
continuous variables [11]. The Pearson correlation is calculated using the formula in Eq. (1). 

  𝑟 =
∑(𝒙𝒊−𝒙̅)(𝒚𝒊−𝒚̅)

√∑(𝒙𝒊−𝒙̅)𝟐 ∑(𝒚𝒊−𝒚̅)𝟐
        (1) 

Where: 

𝑥𝑖  and 𝑦𝑖 are the individual sample points, 

𝑥̅ is the mean of the 𝑥 values, 

𝑦̅ is the mean of the 𝑦 values, 

𝑛 is the number of sample points 

2.3 Multiple Linear Regression 

Multiple linear regression extends beyond simple linear regression by including more than one variable [12]. The 
term ‘linear’ is retained because the response variable is associated with linear combination of the explanatory 
variables [13]. The multiple linear regression follows the same structure as simple linear regression but includes 
additional terms [14] as in Eq. (2). 

  𝑦𝑖 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑛𝑥𝑛 + 𝜖    (2) 

Where: 

𝑦𝑖  is the dependent variable (the outcome or response variable) 

𝛽0 is the intercept (the value of 𝑦 when all independent variables are zero) 

𝛽1, 𝛽2, … , 𝛽𝑛 are the coefficients (slopes) for the independent variables (𝑥1, 𝑥2, … , 𝑥𝑛) 

𝑥1, 𝑥2, … , 𝑥𝑛 are the independent variables (predictors and explanatory variables) 

𝜖 is the error term (residual), representing the differences between the observed and predicted values of 𝑦. 

2.4 Fuzzy Linear Regression (Tanaka) 

Tanaka first proposed FLR in 1982. According to [15], exploring possible models that fit observed data is the goal 
of FLR analysis. The fitting formula is typically the basis for the model difference. Eq. (3) display the FLR final 
model. As in Eq. (4), a linear programming problem is solved to estimate the fuzzy parameters, which yields the 
fuzzy model. 

  𝑦𝑖 ∈ [𝑎 + 𝑏𝑥𝑖 − ℎ(1 + |𝑥𝑖|), 𝑎 + 𝑏𝑥𝑖 + ℎ(1 + |𝑥𝑖|)]        (3) 

Where: 

𝑎: Intercept 

𝑏: Slope 

ℎ: Fuzziness (to be minimised) 

𝑥𝑖: Independent variable (input) 

𝑦𝑖 : Dependent variable (output) 
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To estimates the fuzzy parameters 𝐴𝑒
∗ = (𝛼𝑒 , 𝜍𝑒) the following linear programming problem, 

    min
𝛼,𝜍

𝜍1 + ⋯ + 𝜍𝑔      (4) 

Subject to 𝜍 ≥ 0 and  

  𝜶𝑻𝒙𝒆 + (1 − 𝑯) ∑ 𝝇𝒇|𝒙𝒆𝒇| ≥ 𝒚𝒆 + (1 − 𝑯)𝜺𝒆𝒇      (5) 

  −𝜶𝑻𝒙𝒆 + (1 − 𝑯) ∑ 𝝇𝒇|𝒙𝒆𝒇| ≥ −𝒚𝒆 + (1 − 𝑯)𝒇 𝜺𝒆  

Where: 

𝑨𝜺
∗= (𝜶𝜺, 𝝇𝜺): The estimated fuzzy parameters 

𝜶: Coefficient vector 

𝝇: Slack variable (non-negative) 

𝒈: Number of constraint or data points 

𝒙𝒆: Input vector for a given data point 𝒆 

𝒚𝒆: Output or dependent variable for data point 𝒆 

𝑯: A given constant (possibly related to the confidence level in fuzzy regression) 

𝜺𝒆: Error term associated with data point 𝒆 

𝒄𝒇: Coefficient weight applied to the absolute values of 𝒙𝒆𝒇 

𝒙𝒆𝒇: Feature/component 𝒇 of the input vector 𝒙𝒆 

∑ :𝑓  Summation over all features 𝒇 

2.5 Fuzzy Linear Regression (Ni) 

Fuzzy linear regression (FLR) by Ni differs from Tanaka’s approach by minimising the total fuzziness while 
ensuring all data points satisfy the membership functions [16]. 

  𝑦𝑖 = (𝑎 + 𝑏𝑥𝑖) ± ℎ(|𝑥𝑖| + 𝑐)      (6) 

Where: 

𝑎: Intercept 

𝑏: Slope 

ℎ: Fuzziness parameter (to be minimised) 

𝑐: Constant to control fuzziness for small values of 𝑥𝑖  

𝑥𝑖: Independent variable (input) 

𝑦𝑖 : Dependent variable (output) 
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The following linear programming  

min
𝛼,𝜍

𝜍1 + ⋯ + 𝜍𝑔      (7) 

Subject to 𝝇 ≥ 0 and  

   𝜶𝑻𝒙𝒆 + (1 − 𝑯) ∑ 𝝇𝒇|𝒙𝒆𝒇| ≥ 𝒚𝒆𝒇       (8) 

   −𝜶𝑻𝒙𝒆 + (1 − 𝑯) ∑ 𝒄𝒇|𝒙𝒆𝒇| ≥ −𝒚𝒆𝒇   

Where:  

𝜶: Coefficient vector 

𝝇: Slack variable (non-negative) 

𝒈: Number of constraint or data points 

𝒙𝒆: Input vector for a given data point 𝒆 

𝒚𝒆: Output or dependent variable for data point 𝒆 

𝑯: A given constant (possibly related to the confidence level in fuzzy regression) 

𝜺𝒆: Error term associated with data point 𝒆 

𝒄𝒇: Coefficient weight applied to the absolute values of 𝒙𝒆𝒇 

𝒙𝒆𝒇: Feature/component 𝒇 of the input vector 𝒙𝒆 

∑ :𝒇  Summation over all features 𝒇 

    

2.6 Model Selection 

The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are statistical metrics used for 
model selection [17]. They assess a model’s goodness of fit while penalising for model complexity to avoid 
overfitting [18]. The formula for AIC as in Eq. (9).  
 

  𝐴𝐼𝐶 = 2𝑘 − 2ln (𝐿)      (9) 

Where: 

𝑘: The number of estimated parameters in the model (including the intercept) 

𝐿: The maximum likelihood of the model (the likelihood of the data given the model parameters) 

A lower AIC value indicates a better fit relative to other models. 

 
The formula for BIC as in Eq. (10). A lower BIC value indicates a better model fit relative to others [19]. BIC 

imposes a stricter penalty for complexity than AIC, especially as the number of observations (𝑛) increases [20]. 
 

   𝐵𝐼𝐶 = 𝑘𝑙𝑛(𝑛) − 2ln (𝐿)      (10) 

Where: 

𝑘: The number of estimated parameters in the model. 

𝑛: The number of observations in the dataset. 

𝐿: The maximum likelihood of the model. 
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3. Results and Discussion 

All the important variables have been included in modelling the suggested and other current approaches based 
on this research. The best model was also determined by the AIC and BIC which have the lowest value indicated 
as the best model. 

3.1 Descriptive Statistics 

Table 1 summarizes the descriptive statistics of key variables in the data. Shows the minimum, maximum, mean, 
and standard deviation for income, expenditure, Gini and poverty. The income means ranges from 3153 to 13673, 
with an average of 5973.34 and a standard deviation of 2115.77. Expenditure means between 2019 to 8897, with 
an average 3822.81 and a standard deviation of 1154.553. The Gini coefficient, a measure of income inequality, 
ranges from 0.22352 to 0.44869, with an average of 0.3437. Lastly, poverty levels range from 0 to 52.7, with an 
average of 12.11 and a standard deviation of 10.3. 

Table 1 Descriptive Analysis 

 Minimum Maximum Mean Std. Deviation 

Income Mean 3153 13673 5973.34 2115.765 

Expenditure 
Mean 

2019 8897 3822.81 1154.553 

Gini 0.22352 0.44869 0.3437172 0.03946197 

Poverty 0.0 52.7 12.107 10.0338 

 
Table 2 provides additional descriptive statistics for key variables. It shows the first (Q1), second (Q2), and 

third (Q3) quartiles, interquartile range (IQR), skewness, and kurtosis. For income, the quartiles range from 4633 
to 6712, with an IQR of 2079. Income is positively skewed (1.8045) and has a kurtosis of 3.7410, indicating a long 
right tail and a peaked distribution. Expenditure has quartile ranging from 3042.75 to 4383.75, an IQR of 1341, 
positive skewness (1.4922), and a kurtosis of 3.0405. The Gini coefficient has an IQR of 0.052273, slight negative 
skewness (-0.334630, and a low kurtosis (0.2785). Poverty quartiles range from 0.975 to 16.525 with an IQR of 
11.55, positive skewness (1.653), and kurtosis of 3.4551, reflecting some extreme values. 
 

Table 2 Descriptive Statistics 

 Quartile 1 Quartile 2 Quartile 3 IQR Skewness Kurtosis 

Income 
Mean 

4633 5324.5 6712 2079 1.8045 3.7410 

Expenditure 
Mean 

3042.75 3564.5 4383.75 1341 1.4922 3.0405 

Gini 0.316945 0.346585 0.369218 0.052273 -0.33463 0.2785 

Poverty 4.975 9.05 16.525 11.55 1.653 3.455129 

3.2 Pearson Correlation  

Table 3 displays the Pearson Correlation results between household income and expenditure. A strong positive 
linear relationship is evident, with a correlation coefficient of 0.9117. This mean that as household income 
increases, expenditure tends to increase proportionally, and vice versa. The diagonal values (1.000) represent the 
perfect correlation of each variable itself, confirming data consistency. 
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Table 3 Result of Pearson Correlation 

Predictor Income Mean 
Expenditure 

Mean 

Income Mean 1.0000 0.9117 

Expenditure 
Mean 

0.9117 1.0000 

3.3 Multiple Linear Regression 

The multiple linear regression analysis results insight into the relationship between the dependent and 
independent variables. The regression equation, 𝑌̂ = −412.35 + 1.67𝑥𝑖 , indicates that for every unit increase in 
the expenditure mean (𝑥𝑖), the predicted dependent variable increases by 1.67 units, while the intercept of -
412.35 represents the predicted value when 𝒙𝒊 is zero. The coefficient for expenditure mean is highly significant, 
with a very low p-value (1.86 × 10−62) , indicating a strong relationship. The intercept is not statistically 
significant, as its p-value is above 0.05. 

  𝑌̂ = −412.35 + 1.67𝑥1     (11) 

Table 4 shows the statistical details of the regression model.  

Table 4 Result of Multiple Linear Regression Analysis 

 Coefficient Standard Error t-Stat p-value 

Intercept -4123494593 239.8923 -1.7889 0.087605 

Expenditure 
Mean 

1.670090538 0.060147 27.76668 1.86E-62 

3.4 Fuzzy Linear Regression (Tanaka) 

This equation and Table 5 are part of a fuzzy linear regression (FLR) model based on Tanaka’s approach. The 

equation shows the predicted value (𝑌̂)  as a linear function of 𝑥𝑖 , where the coefficients (𝐴0 𝑎𝑛𝑑 𝐴1)  are 

represented by fuzzy numbers. Each fuzzy number has a center (𝑎𝑞), which is the main value, and a width (𝑐𝑞), 

representing uncertainty. In this case, 𝐴0 has a center of 943.5007 with no uncertainty (width = 0), and 𝐴1 has a 
center of 1.3954 and a width of 1.1661, indicating some fuzziness or variability in this parameter.  
 

  𝑌̂ = (943.5007,0) + (1.3954,0)𝑥𝑖                        (12) 

 

Table 5 Detailed of the antecedent parameter of FLR (Tanaka) 

Fuzzy 
Parameters 

Fuzzy Center, 𝑎𝑞  Fuzzy Width, 𝑐𝑞 

𝐴0 943.5007 0 

𝐴1 1.3954 1.1661 

3.5 3.4 Fuzzy Linear Regression (Ni) 

The parameters of the model are detailed in the table, where 𝐴0 is the fuzzy intercept with a center value of -
943.50 and no uncertainty (fuzzy width = 0), and 𝐴1  is the fuzzy slope with a center value of -1.41 and no 
uncertainty as well. This indicates that the model describes a precise linear relationship between 𝑥𝑖  and 𝑌̂, as no 
fuzziness or variability is present in the parameters.  

  𝑌̂ = (−943.50) − (1.41,0)𝑥𝑖      (13) 
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Table 6 Detailed of the antecedent parameter of FLR (Ni) 

Fuzzy 
Parameters 

Fuzzy Center, 𝑎𝑞  Fuzzy Width, 𝑐𝑞 

𝐴0 -943.50 0 

𝐴1 -1.41 0 

 

3.6 Summary of Results 

Table 7 summarises the results for the MLR, FLR of Tanaka and the FLR of Ni models using AIC and BIC. Lower 
AIC and BIC values indicate a better model fit with fewer complexities. The MLR has extremely high AIC 
(12006404.2) and BIC (12006404.8) values, showing a poor fit compared to the FLR models. Tanaka’s FLR has 
lower AIC (2688.11302) and BIC (2697.33854), suggesting it balances accuracy and simplicity well. Ni’s FLR also 
performs better than MLR but has a slightly higher AIC (2692.77494) and a much higher BIC (3406.1999). Overall, 
Tanaka’s FLR is the most efficient model in this comparison. 

Table 7 Summary Result for MLR, FLR Tanaka and FLR Ni 

Model of Linear 
Regression 

AIC BIC 

MLR 120064042 120064048.2 

FLR (Tanaka) 2688.11302 2697.33854 

FLR (Ni) 2692.77494 3406.1999 

4. Conclusion and Recommendations 

This study examined the relationship between household income and expenditure in Malaysia using MLR and FLR 
models. The analysis revealed that FLR by Tanaka method performed better than both MLR and FLR (Ni) as it 
lowered values for AIC and BIC. In contrast, MLR exhibited significantly higher AIC and BIC values, indicating a 
poorer fit in accounting for uncertainty within the dataset. Although traditionally regression models such as MLR 
are widely used, FLR by Tanaka’s approach proved more effective in handling data uncertainty and imprecise 
relationships. These findings suggest that FLR can be a valuable tool in modelling complex economic relationships, 
especially when precise data is not always available. For improvement, future studies should explore 
enhancements to FLR methodologies to improve accuracy, particularly in handling uncertainty in economic data.  
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