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ABSTRACT 

This study applies and compares several weighted average (WA) methods and Principal 

Component Analysis (PCA) for the construction of composite 

The WA methods are based on weights that depend on standard deviation, correlation and data 

entropy. This paper also proposes three new approaches of WA method by suggesting their 

respective weights to depend on mean absolute 

entropy where the probability is estimated by empirical density function and Gaussian kernel 

function. The deprivation indices produced by WA methods and PCA are then utilized to rank 

deprivation level of eighty-one
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This study applies and compares several weighted average (WA) methods and Principal 

Component Analysis (PCA) for the construction of composite area-based deprivation index. 

The WA methods are based on weights that depend on standard deviation, correlation and data 

entropy. This paper also proposes three new approaches of WA method by suggesting their 

respective weights to depend on mean absolute deviation, inter-quartile range and data 

entropy where the probability is estimated by empirical density function and Gaussian kernel 

function. The deprivation indices produced by WA methods and PCA are then utilized to rank 

one administrative districts in Peninsular Malaysia.
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1. INTRODUCTION 

National wealth should be distributed equitably to all communities, so that it can be enjoyed 

equally [1-3]. Relevant and accurate indicators should be obtained to provide policymakers 

with a clearer picture of what is currently happening in the country. Any indicators to be used 

should consider various important features that provide explanation regarding the level of 

socioeconomic deprivation of an area. Once the features have been identified, the next step is 

to figure out how these features can be used to develop a composite measure of deprivation 

which is a blend of several deprivation indicators. 

Deprivation index plays an important role in the fields of epidemiology, demography and 

public health, besides providing significant and relevant contributions in policymaking [4-6]. 

As examples, several deprivation indices have been constructed and used in health related 

studies in United Kingdom, especially in health inequalities since the 1980s [7-9]. The main 

advantage of using deprivation indices is that they are simple and inexpensive as they are 

composed of indicators from national censuses and estimated from different types of 

statistical procedures [10]. The problems encountered in constructing composite indices of 

deprivation have been highlighted by many researchers. For instants, procedures for selecting 

suitable indicators were explained[1,4,11] and published in country reports and manual [12-13] 

importance of normalizing indicators was discussed exclusively [10,14] importance of 

weights in the construction of deprivation indices were highlighted [15-17] and comparison of 

commonly used methods for aggregation of a single deprivation measure also can be found 

[18]. This study applies several existing weighting methods and proposes new weighting 

methods, besides comparing and emphasizing their differences which resulted in different 

weights for different methods.  

For many researches, the assignment of equal weights to each indicator, as carried out by [7-8] 

were considered as an arbitrary approach. However, weights can be gauged not only 

arbitrarily but also by using research results, empirical data, government policies, government 

expenditures and external consultations [4]. In fact, factor loadings from Factor Analysis (FA) 

and component loadings from PCA can also be utilized as alternatives to construct composite 

indices and such examples can be found in several developed countries such as Japan, 

Australia, France and New Zealand[19-22], and developing country such as Malaysia [2-3,6]. 
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The problem in determining an appropriate weight to each indicator for the construction of 

composite index has also been studied. Based on literatures, methods for determining weights 

can be categorized into two general groups, subjective and objective weights. Subjective 

weights were determined based on expert judgments, consensus and policy relevance, 

whereas objective weights were based on data driven method determined from mathematical 

models, and can be further divided into methods of loading and WA. Generally, the total 

weights for all indicators in loading method is not equal to one, or 1j
j

w  , indicating that the 

correct term to be used is loading and not weight. The method has been widely used in 

multivariate analysis such as PCA and FA, and further examples of constructing deprivation 

indices using these methods were discussed [19-22]. On the other hand, the total weights for 

all indicators in WA methods are equal to one, or 1j
j

w  . Examples of WA method that 

assign equal weights to each indicator were applied in [7-8]. For unequal weights, in[23-25] 

discussed several ways to determine weights. On the other hand, examples of weighting 

methods based on data entropy were discussed by [26-27] who suggested two different 

approaches of probability measurement. 

In this paper, we apply several WA methods discussed by [24] in producing social 

development indices for international comparison. In addition, we introduce three new 

weighting methods which can also be used for constructing DI. Our suggested method for the 

estimation of entropy probability using empirical density function is more compatible with the 

definition of entropy as suggested by [28]. The empirical density function can be obtained by 

using a non-parametric method discussed in [29].To test the compatibility and suitability of 

our new methods, the methods are compared with PCA method which is a widely used 

method for constructing composite indices. Finally, the deprivation levels of eighty-one 

administrative districts (ADs) in Peninsular Malaysia are ranked based on the DIs produced 

from all methods considered in this study. 

The data for developing socioeconomic DI were obtained from combined resources of census, 

administrative registration, vital statistics, insurance and safety data of eighty-one ADs in 

Peninsular Malaysia in year 2000, obtained from Department of Statistics Malaysia and 

Insurance Services Malaysia (ISM). 



S. F. Fam et al.          J Fundam Appl Sci. 2018, 10(6S), 2655-2668            2658 
 

Based on literatures regarding socioeconomic deprivation and availability of data, 

twenty-three indicators were initially considered. The indicators were relevant to the concept 

of deprivation in the Malaysian context, besides being compatible and applicable over time. 

Pearson correlations were initially calculated to examine correlations between the 

twenty-three indicators. Low correlated indicators (r<0.3) were dropped and high correlated 

indicators were retained. If the indicators showed extremely high correlations (more than 

0.95), indicators with relatively lower correlations were dropped to avoid multicollinearity. 

After retaining highly correlative indicators and checking for multicollinearity, thirteen 

indicators were selected. The thirteen indicators and their respective domains are shown in 

Table 1.  

 

2. METHODOLOGY  

2.1. Principle Component Analysis (PCA) 

PCA is a mathematical model that linearly combines a large set of correlated variables into a 

substantially smaller set of uncorrelated variables called principal components, which 

represents a large proportion of information of the original data set. In this study, the DI 

derived from PCA was defined as the first component of PCA, accounting about 70.08% of 

the overall variation and correlating strongly with deprivation. The DI of the ith AD, 

1, 2,...,i n  which was independent of all other principal components, can be calculated 

using a linear combination of thirteen indicators: 
13
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Table 1. Thirteen indicators for DI 

Indicator Definition 

Family, economic and material deprivation domain 

1x  Total dependency ratio (100 population aged 15-64 years) 

2x  Percentage of private household without a car 

3x  Percentage of private household without a radio   

4x  Percentage of private household without a television 

5x  Percentage of private household without a fixed telephone line 

6x  Percentage of private household without a refrigerator 

7x  Percentage of private household without a washing machine  

Basic utilities deprivation domain 

8x  Percentage of private household without treated piped water 

9x  Percentage of private household without a toilet with flush system  

Employment deprivation domain 

10x  Percentage of unemployed population aged 15-64 years who are 

economically active 

Education deprivation domain 

11x  Percentage of population without education 

12x  Percentage of population aged 10 years and above without receiving 

SPM certificate 

Health deprivation domain 

13x  Relative risk of infant mortality  

2.2. WA Method 

Simple additive (SA) model has been widely used for aggregating indicators in the 

construction of composite indices. Before aggregation, the indicators of SA model are 

required to be standardized into unit-free indicators. In this study, we divide each indicator 

with its maximum value, max ( )ij ij i ijz x x , so that the standardized indicators range from 

zero to one, 0 1ijz  .  By using SA model in WA method, the composite DI for the ith AD 

can be defined as: 



S. F. Fam et al.          J Fundam Appl Sci. 2018, 10(6S), 2655-2668            2660 
 

13
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where 0 1jw   and 1j
j

w  . 

2.2.1. Standard Deviation (SD) Method 

If we want to assign higher weights for indicators with larger standard deviation, the 

appropriate weight is: 
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2.2.2. Correlation (CORR) Method 

If the correlations between indicators are significant and we want to take into account the size 

of correlations between indicators, the appropriate weight is: 
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between the jth and the kth indicators. 

2.2.3. Mean Absolute Deviation (MAD) Method 

We can also propose higher weights for indicators with larger deviation from the mean, which 

can be called MAD method: 
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2.2.4. Inter Quartile Range (IQR) Method 

We can also propose higher weights for indicators with larger range of specified quartiles, say, 

between the 75th and the 25th quartiles. The method can be called IQR: 
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where 0.75, 0.25, and Qj jQ are the third and first quartile of the jth indicator respectively.  

2.2.5. Entropy Hwang & Yoon (ENHY) and Entropy Chen & He (ENCH) Methods 

As an alternative, we can also assign the weight of WA method to depend on data 

entropy.Entropy method was introduced by[28] in describing information transfer. Entropy is 

a measure of uncertainty associated with a random variable, or a measure of average 

information one is missing when one does not know the value of the random variable. If there 

are n  eventswith ip  probability ofevents 1,2,..., ,i n  the entropy is: 

log( )i i
i

En p p   , 

where  is afactorthat standardized theentropyandtakes the value betweenzero andone. In 

constructing composite index, the entropy of the jth indicator can be equated as: 

log( )j ij ij
i

En p p   , 

where ijp  is the probability of event ijz . In [21-22] respectively proposed: 

ij
ij
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. If each observation has equal chance of being selected, or 1
ijp n , the 

entropy is maximum and the standardized factor is 
1

ln( )n
  .  

2.2.6. Entropy Kernel (ENK) Method 

In this study, we suggest the empirical density function of a continuous ijz  for the estimation 

of entropy probability. Our proposed approach provides a more precise description of 

probability and is compatible with the definition of entropy, which is constructed in the 

environment of probability. Let ijz  be the observation values of n random sample from 

population with density function ( )j ijf z . Using a non-parametric approach suggested by[24], 
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the estimate of ( )j ijf z  is: 

 
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where the bandwidth is 1/51.06h sn  and (.)k  is Gaussian kernel function. Further 

discussions on kernels and approximations of bandwidth can be found in.[24]. The probability 

of the jth indicator can be calculated as: 

ˆ
ˆ

ˆ
ij

ij

ij
i

f
p

f



 

so that the entropy is: 
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The weight for the jth indicator, which is determined by standardizing the degree of 

certainties, is: 

1
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j

j
j

j
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w
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



. 

The weight of entropy indicates that indicators with higher degree of uncertainties are given 

less priority. In this study, the Gaussian kernel was used to estimate the empirical density 

function. 

 

3. RESULTS AND DISCUSSION   

Table 2 displayed the weights produced by WA methods and PCA. The results indicate that 

different methods give different weight priority. The IQR and MAD methods stress more on 

households without flush toilets and populations without education, the PCA gives more 

weights for households without telephone lines and refrigerators, the correlation method 

assigns higher weights for households without telephone lines and populations with high 

dependency ratios, and the standard deviation method has higher priority for households 

without flush toilets and treated piped water. As for the entropy, the ENHY method gives 

more weights to households without treated piped water and flush toilets, the ENCH method 
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to populations with high dependency ratios and households without treated piped water, and 

the Gaussian kernel method to households without treated piped water and televisions. 

Table 2. Weights derived from PCA and WA methods 

Methods 1x  2x  3x  5x  6x  7x  8x  9x  10x  11x  11x  12x  13x  

PCA
Eigen 

vector 

0.30

29 

0.29

52 

0.27

74 

0.24

95 

0.30

68 

0.30

34 

0.29

27 

0.24

57 

0.26

19 

0.25

64 

0.29

49 

0.22

56 

0.27

83 

WA SD 
0.06

48 

0.06

79 

0.06

85 

0.06

07 

0.08

16 

0.07

78 

0.07

92 

0.10

29 

0.111

6 

0.09

00 

0.08

89 

0.04

98 

0.05

63 

 
IQD 

0.05

29 

0.07

75 

0.07

42 

0.05

60 

0.07

88 

0.09

46 

0.08

78 

0.04

68 

0.13

97 

0.09

20 

0.09

78 

0.04

91 

0.05

29 

 
MAD 

0.06

12 

0.08

96 

0.06

34 

0.04

66 

0.08

25 

0.06

85 

0.09

62 

0.02

93 

0.15

19 

0.10

27 

0.10

70 

0.04

78 

0.05

32 

 
CORR 

0.08

44 

0.08

22 

0.07

69 

0.06

94 

0.08

52 

0.08

43 

0.08

14 

0.07

30 

0.07

74 

0.07

14 

0.08

21 

0.06

34 

0.06

90 

 
ENHY 

0.01

89 

0.01

99 

0.02

98 

0.04

75 

0.03

98 

0.05

02 

0.03

34 

0.531

1 

0.09

26 

0.05

63 

0.04

46 

0.011

6 

0.02

42 

 
ENCH 

0.09

46 

0.08

50 

0.07

35 

0.07

74 

0.06

04 

0.06

52 

0.06

66 

0.08

92 

0.07

28 

0.08

28 

0.07

90 

0.07

37 

0.07

97 

 
ENK 

0.06

57 

0.03

60 

0.09

18 

0.10

74 

0.07

83 

0.08

38 

0.05

61 

0.21

51 

0.01

94 

0.05

62 

0.05

09 

0.07

87 

0.06

04 

The weights derived from all methods were applied to produce DI of eighty-one ADs in 

Peninsular Malaysia, the ADs were then ranked from the least deprived to the most deprived, 

and the ranked ADs were classified into four quartiles where each quartile has an 

approximately equal number of ADs (twenty ADs per quartile). Fig. 1provides the choropleth 

maps of ADs in Peninsular Malaysiawith their associated quartiles for all methods. The lighter 

shades indicate areas with relatively lower level of deprivation and the darker shades indicate 

areas with relatively higher level of deprivation. In general, the most deprived ADs for all 

methods were located in the northeast of Peninsular Malaysia, as indicated by the darkest 

shade while the least deprived ADs were mainly located in the west coast as indicated by the 
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lightest shade.  

 

Fig.1. Spatial distribution of deprivation index (DI) according to quartiles for all methods 

(PCA-principal component analysis, SD-standard deviation, IDR-inter quarter range, 

MAD-mean absolute deviation, CORR-correlation, ENK-entropy Kennel, ENHY-entropy 

Hwang and Yoon and ENCH-entropy Chen & He) 

The results of Spearman correlation test in Table 3 show extremely high correlations (r>0.91) 

between all indices, indicating that the DI of all methods produce similar geographical 

distribution and can be used as alternatives to produce composite DI or other indices. 

Undeniably, DI is closely related to health inequality. Different selections of indicators or 

different techniques and methods of normalization, standardization, weighting and 

aggregation will provide different impacts on the resulted indices. Accordingly, in this study, 

we are focusing on producing weights from a variety of weighting techniques and comparing 

the resulted indices based on such weights. Thirteen indicators from various dimensions of 

deprivation were combined in eight different types of weighting method, in order to explain 

the distribution of geographical deprivation indices across eighty-one ADs in Peninsular 

Malaysia in year 2000. The SD and the proposed MAD methods are more suitable for data 

with no extremes or outliers, the suggested IQR method is more appropriate if we are 

interested in the 50% or other arbitrary percentages of the central distribution and the CORR 



S. F. Fam et al.          J Fundam Appl Sci. 2018, 10(6S), 2655-2668            2665 
 

method is more proper if we want to account for the strength between indicators. As for the 

entropy method, since we are dealing with weights based on uncertainties, the estimation of 

entropy probability using empirical distribution function and Gaussian kernel function which 

is more compatible with the definition of entropy is proposed in this study. Finally, the PCA 

assigns weights by accounting the maximal variability of data. The overall concept carried out 

in this paper is related to the dispersion of data, i.e. the higher the dispersion, the higher the 

weights and vice versa. For the entropy method, higher weights are assigned to indicators 

with lower uncertainties. 

Table 3. Spearman correlation test 

R_PCA R_SD R_IQR R_MAD R_CORR R_ENHY R_ENCHR_ENK

R_PCA 1   

R_SD 0.9957 1   

R_IQR 0.9953 0.9980 1   

R_MAD 0.9921 0.9956 0.9992 1   

R_CORR 0.9988 0.9989 0.9979 0.9950 1   

R_ENHY 0.9196 0.9395 0.9171 0.9074 0.9299 1   

R_ENCH 0.9981 0.9992 0.9972 0.9947 0.9995 0.9347 1  

R_ENK 0.9822 0.9846 0.9730 0.9642 0.9844 0.9702 0.9848 1 

 

4. CONCLUSION  

To the best of our knowledge, studies on data-driven weighting methods have not been carried 

out in the construction of DI. Even though the methods of SD, CORR, ENHY and ENCH 

have been widely used in multi-criteria decision making and construction of development 

indices, the methods have not been applied in the construction of DI. In addition, our three 

proposed methods, the MAD, IQR and ENK have been proven to be applicable for the 

construction of area-based composite socioeconomic index. Therefore, the methods discussed 

and proposed in this study can be used as alternatives to produce composite DI or other 

indices. In addition, a variety of other models can be created by replacing the weight of WA 

method with other statistical indicators or by replacing the probability of entropy with other 
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statistical functions, or by replacing the empirical density function of entropy probability with 

other kernel functions. 
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