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Abstract 

The main objectives of this study are to construct a valid and reliable asset index at household 

level and to estimate economic disparities in 36 districts of Punjab (Pakistan) by using the 

Multiple Indicators Cluster Survey (MICS) micro-data. An asset index may be a better measure 

than current income or expenditure for gauging a household’s long-term capacity for buying 

goods and services and its potential resilience to economic shocks. This paper provides details 

of the results from Exploratory Factor Analysis (EFA) and Tetrachoric Principal Component 

Analysis (PCA) for the dimensional structure of assets. We have applied Classical Test Theory 

(CTT) and Item Response Theory (IRT) in order to construct a reliable household level asset 

index. In Punjab, Lahore has the highest asset index score followed by Gujrat and Sialkot. Gini-

coefficient index and the Palma ratio analyses show that the asset distribution in the district of 

Rajanpur is highly unequal. 
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1. INTRODUCTION 

The coexistence of deep and persistent disparities as well as increasing prosperity is a paradox 

of the 21st century that raised questions to the present processes of modernisation and global 

development (Unesco, 2016). Sustainable Development Goal (SDG) 10 is devoted to reducing 

inequalities between and within countries (United Nations, 2015). Disparities may result from 

natural differences, differences in socio-cultural conditions and differences resulting from 

policy decisions. In Pakistan, the richest 20% spend seven times more than the poorest 20%. 

Pakistan is facing severe social, regional and income inequalities and is ranked at 143 out of 

144 countries on the Global Gender Gap index (World Economic Forum, 2017). Pakistan 

consists of four provinces, including Punjab. About 56% of the population of Pakistan live in 

Punjab and produce 52% of the GDP. Punjab has nine administrative divisions and 36 districts. 

Punjab’s poorest districts are the home of one-fourth of the most deprived population of 

Pakistan (Naveed et al., 2018). 

This research 1  endeavours to construct an asset index at household level to estimate 

economic disparities by using Multiple Indicators Cluster Survey (MICS) micro-data for 

Punjab (Pakistan). Income has long been used to measure living standards and economic well-

being. However, the quality of income data has been questioned because earnings are often 

highly variable for people working in informal labour markets or engaged in small businesses 

(Moser & Felton, 2007). Expenditure measures became popular during the 1990s as proxies 

for consumption (Ravallion, 1992). 

 

1 This paper is part of the PhD project Measurement and Determinants of Human Development Disparities at 

Household Level in Punjab (Pakistan) of the corresponding author.  
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Economists believe that consumption is less volatile than income because households, in 

theory, base their consumption on permanent income (long-term income). The Permanent 

Income Hypothesis (PIH) states that changes in households’ consumption patterns are driven 

by fluctuations in permanent income rather than current income (Freidman, 1957). Permanent 

income is defined as the expected long-term average income and thus it may be reflected in the 

quality and quantity of asset ownership of the household. Additionally, if people are asked 

about their ownership from a list of assets, there are usually only limited measurement 

problems. Asset ownership may produce a good picture of permanent income as assets are 

often accumulated over an extended period and provide a measure of multidimensional aspects 

of household living standards (Adato, Carter & May 2006; Filmer & Pritchett, 2001; Sahn & 

Strifel, 2003; Howe et al., 2008). Thus, an asset index can be defined as a measure of a 

household’s long-term average income and their standard of living. 

In this paper, we draw on measurement theory and the reflective measurement model to 

select an optimal subset of household assets and construct a valid and reliable asset index for 

the Punjab (Pakistan) to estimate economic disparities by using MICS microdata. We have 

measured asset disparities by using Gini-coefficient and Palma Ratio. The rest of this paper is 

structured as follows. Section 2 reviews relevant literature on construction of asset index and 

measurement of disparities. Section 3 describes data and methodology, and section 4 presents 

findings on asset index and asset disparities in Punjab (Pakistan). Section 5 concludes the 

paper. 

2. REVIEW OF THE LITERATURE 

2.1 The debate on the construction of asset indices 
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Although asset and Unmet Basic Needs (UBN) measures have been used extensively in 

Latin America for decades (Beccaria & Minujin, 1985), during the 21st Century they have 

received increasing attention from development economists in other regions of the world 

(Carter & May, 2001). There is an extensive literature on the use of asset indices to study 

disparities in educational outcomes (e.g., Ainsworth & Filmer, 2006; Bicego et al., 2003), 

health outcomes (e.g., Bollen et al., 2002; Schellenberg et al., 2003), child malnutrition (Sahn 

& Stifel, 2003; Tarozzi & Mahajan, 2005) and child mortality (Sastry, 2004; Stewart and 

Simelane, 2005). 

Harttgen and Volmer (2011) have used an asset index as a proxy for per capita income to 

compare household levels of human development. Some research studies consider an asset 

index to be a better measure than expenditure data for explaining variations in fertility, 

nutrition, child health care and education (Filmer & Pritchett, 2001; Bollen et al., 2002; Sahn 

& Strifel, 2003; Filmer & Scott, 2008).  

The ease of computation, the availability of a variety of questions in household surveys 

regarding asset ownership and higher reliability of data collection compared with data on 

income or expenditure variables are the some of the reasons for the widespread use of asset 

indices (Sahn & Strifel, 2003; McKenzie, 2005; Harttgen and Vollmer, 2011; Harttgen and 

Klasen, 2012; Filmer & Scott, 2008). In short, an asset index can be a better measure than 

current income or expenditure in gauging the long-term household capacity for buying goods 

and services and resilience to economic shocks (Filmer & Pritchett, 2001). 

The main challenges for asset index construction are the selection and weighting of items to 

include in the measure. Over the past 25 years measurement theory approaches have been 

increasingly applied for asset and deprivation indicator selection to help construct standard of 

living indices – a deprivation or poverty index can be considered to measure a low standard of 
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living whereas an asset index is a broader measure of living standards (Catalán, 2019; John & 

Benet-Martínez, 2014). There are two main approaches: formative and reflective. The MPI, for 

example, is formative and the European measure is an example of reflective. There is some 

consensus that reflective measurement is better and is more consistent with the scientific 

method as it works with testable assumptions. The formative framework does not care much 

about empirical scrutiny (Coltman, Devinney, Midgley, & Venaik, 2008). In the Reflective 

Measurement Model, the indicators are causally related to the latent variable, i.e., when the 

latent variable changes (e.g., living standards get better or worse) then the indicators (asset 

possession) will change (Brown, 2014). 

This approach has many useful properties. For example, the indicators are substitutable. It 

is not necessary to include all possible indicators to achieve a good measure of living standards 

and you do not need to use an identical set of indicators in each country/context, i.e., one can 

use the most appropriate set of indicators in each administrative area/country and still achieve 

a comparable measurement (Gordon & Najera, 2019). Measurement theory also provides a 

formal framework for assessing the validity (i.e., the amount of systematic error) and the 

reliability (i.e., the amount of random error) of the asset index and thus helps to identify the 

optimum sub-set of indicators, i.e., which indicators to keep and which to drop (Rio Group, 

2006; Guio, Gordon & Marlier, 2012; 2016; 2017; 2018; McDonald, 2013; Vollmer & Alkire, 

2018; Najera & Gordon, 2019). 

The easiest method for producing an asset index is to simply add up the assets owned by a 

household (Jensen, 1996; McKenzie, 2005). However, Filmer & Pritchett (2001) used Principal 

Component Analysis (PCA) for weighting assets in the construction of an index and many 

other researchers have adopted their PCA based methodology (Minujin & Bang, 2002; 

McKenzie, 2005; Vyass & Kumaranayake, 2006; Labonne, Biller & Chase, 2007). PCA is a 
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multivariate statistical procedure for data reduction which transforms the variables into a 

smaller number of orthogonal components, where each component is a linearly weighted 

combination of the primary variables (Vyas & Kumaranayka, 2006). The first (principal) 

component is chosen for the asset index because it describes the largest amount of the variation 

in the raw data – typically about 25% to 30% in most countries (Filmer & Pitchett, 2001; Smits 

& Steendijk, 2015).  

PCA has faced severe criticism regarding the weights allocated to each asset, particularly 

when assets are unequally distributed among the households. Vyas and Kumaranayake (2006) 

have argued that PCA based asset indices may have problems of clumping, truncation and 

comparability across time and space. To improve geographic comparability, Smits and 

Steendijk (2015) calculated an International Wealth Index (IWI) for 97 developing countries 

using data from 2.1 million households. To test the validity and reliability of IWI, they also 

repeated their analysis using categorical principal component analysis, Factor Analysis and 

Multiple Correspondence Analysis. Vollmer and Alkire (2018) adopted the methodological 

framework developed by the UK Poverty and Social Exclusion projects2 (Gordon et al., 2003; 

Gordon & Townsend, 2000; Guio, Gordon, & Marlier, 2012; Guio et al., 2016) to produce a 

reliable global multidimensional asset indicator.    

The problem with the PCA methodology is that it is both highly data dependant and can 

produce essentially arbitrary results. The choice of variables in the index may impact on rich-

poor differences and can result in geographical bias when infrastructure variables are included 

(Vyas & Kumaranayake, 2006). Howe and colleagues (2012) discuss two disadvantages in 

PCA: (a) the first component explains the greatest proportion of variance among the selected 

variables but, for most of the cases, the first component explains less than 30% of the total 

 
2 See www.poverty.ac.uk. 
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variance; (b) PCA assumes continuous data for analysis while almost all of asset variables are 

binary (Falkingham & Namazie, 2002). Therefore, asset index weights generated by PCA on 

untransformed binary data are of highly questionable validity. PCA can be used with 

continuous data but, when the data are categorical, then they can be suitably transformed using 

tetrachoric or polychromic correlation coefficients (Kolenikov & Angeles, 2009). Other, 

possibly better, methods include non-linear canonical correlation analysis, multiple 

correspondence analysis and latent trait analysis (Falkenham & Namazie, 2002; Guio, Gordon 

& Marlier, 2012). 

 The debate on measurement of asset indices centre on the selection of appropriate assets 

and the calculation of plausible weights for each item. The simplest methods are to assign equal 

weights to each asset; weight according to the price value of each asset (Dargent-Molina et al., 

1994) or weight by the loading on a latent asset variable but each of these techniques has 

limitations (Howe et al., 2008; 2012). Assigning differential weights to items in the asset index 

confers a value judgement that some assets/items are more important measures than others 

(Ferreira & Lugo, 2013). Researchers often calculate differential weights for asset indices to 

reflect the differences in standard of living implied by possession (or lack of possession) of 

each of the items in the index. However, measurement theory demonstrates that a reliable index 

is self-weighting, i.e., even if it is possible to assign a ‘perfect’ and error free set of differential 

weights to each item in the asset index, the final result would be effectively identical to the 

unweighted asset index (Ghiselli, Campbell & Zedek, 1981; Gordon et al., 2012; Catalán, 

2019). 

Besides the choice of an appropriate method for weighing the assets, the selection of 

appropriate assets is also a key element for reliable asset index construction. Classical Test 

Theory (CTT) has been widely used in both the natural and social sciences to estimate the 



 Asset Index 8 

 

 

internal consistency of scales and indices. The value of Cronbach’s alpha coefficient is 

calculated from the number of assets used in the index and their average inter correlation. Item 

Response Theory (IRT), also known as latent trait analysis, is a set of statistical models that 

refer to the association between a household’s response regarding ownership of an asset and 

an unobserved latent trait such as living standard or permanent income. This sophisticated 

technique has been used for poverty and deprivation measurement (see Cappellari & Jenkins, 

2007; Fusco & Dickes, 2008; Guio, Gordon & Marlier, 2012). This research has used 

Exploratory Factor Analysis (EFA) with oblique rotation and Tetrachoric Principal Component 

Analysis (PCA) to help identify the dimensional structure of items in the asset index and CTT 

and IRT to calculate the reliability of the asset index. In order to test the construct validity of 

each item in the asset index, their correlation with a household income measure was calculated 

(by using information from the MICS survey regarding earnings of every individual from all 

main and additional sources) – it was assumed a priori that possession of an asset should be 

correlated with a higher current household income.  

2.2 A debate on the measurement of disparities  

A wide range of approaches exist for the measurement and analysis of disparities (De Maio, 

2007). The Lorenz curve is a popular way to represent inequality and the Gini-coefficient index 

is an extensively cited measure of income inequality. It is based on the Lorenz curve framework 

and results range between 0 (perfect equality) and 1 (perfect inequality). There are, however, 

some limitations with the Gini-index, such as decomposability and additivity problems (Bellù 

& Liberati, 2011).  
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The Palma Ratio is known for its simplicity of measurement and interpretation. The Palma 

ratio is the ratio of the top 10% to the bottom 40% of the population. This measure is based on 

the empirical observations of Jose Gabriel Palma (2011) that changes in income distribution 

are largely confined to the lowest and highest tails of the distribution, while middle class 

income remains relatively stable over time and across countries. 

To sum up, the Gini-coefficient is the most widely used measure of inequality and the Palma 

Ratio has been adopted by the UN to monitor inequality for the SDGs, particularly Goal 10.1, 

which is to, "by 2030, progressively achieve and sustain income growth of the bottom 40 per 

cent of the population at a rate higher than the national average”. The Palma ratio has also been 

widely used by the UNDP and many other UN organisations and governments. This research 

study has measured asset disparities by using the Gini-coefficient and Palma Ratio. 

3. DATA AND METHODOLOGY 

3.1 Data and sampling 

This research has used micro-data from the 2014 Punjab MICS collected by the Pakistan 

Bureau of Statistics in collaboration with UNICEF. This survey was conducted in all nine 

divisions and 36 districts of Punjab. The achieved sample3 size was 38,405 households (98% 

response rate). 

3.2 Analytical framework 

This research adopted a modified version of the analytical framework approved by the 

European Union for the construction of deprivation indices (Guio, Gordon & Marlier, 2012), 

 
3 See details on sampling via https://mics-surveys-

prod.s3.amazonaws.com/MICS5/South%20Asia/Pakistan%20%28Punjab%29/2014/Final/Pakistan%20%28Punj

ab%29%202014%20MICS_English.pdf 

https://mics-surveys-prod.s3.amazonaws.com/MICS5/South%20Asia/Pakistan%20%28Punjab%29/2014/Final/Pakistan%20%28Punjab%29%202014%20MICS_English.pdf
https://mics-surveys-prod.s3.amazonaws.com/MICS5/South%20Asia/Pakistan%20%28Punjab%29/2014/Final/Pakistan%20%28Punjab%29%202014%20MICS_English.pdf
https://mics-surveys-prod.s3.amazonaws.com/MICS5/South%20Asia/Pakistan%20%28Punjab%29/2014/Final/Pakistan%20%28Punjab%29%202014%20MICS_English.pdf
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which stresses the importance assessing the reliability and validity of indices and their 

individual indicators. 

The Classical Test Theory (CTT) framework was used to assess the reliability of the asset 

scale, to measure the internal consistency of the scale as a whole - i.e., how closely related the 

set of asset items are as a group. This analysis is based on the Cronbach’s Alpha statistic. The 

reliability analysis of the asset scale as a whole is complemented with additional tests on the 

reliability of each individual item in the scale using Item Response Theory (IRT). Finally, an 

Omega Analysis is reported. 

The validity of individual asset items was assessed, to ensure that each item exhibits 

statistically significant difference in equivalised mean household income in an ANOVA 

analysis. As the asset index can be considered to be a measure or permanent income (i.e., long 

term average household income) there therefore should be some association between long-term 

average household incomes and current household incomes – although this correlation may not 

always be strong (Haider & Solon, 2006; Lusardi, 1996). 

The analytical framework used in this research is consistent with internationally 

recommended best practice for living standards index construction. For example, the World 

Bank Commission on Global Poverty report recommended (Principal 4) that indicators should 

be sufficiently robust and statistically validated (World Bank, 2017) and the United Nations 

Economic Commission for Europe (UNECE) has argued (Recommendation 28) that the 

validity and reliability of deprivation indicators should be assessed (UNECE, 2020). These 

recommendations have been formally endorsed by the Conference of European Statisticians 

(CES), which sets international statistical norms and standards for use in 60 European and other 

countries. 
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3.3 Asset Index data 

The MICS collects information about four different kinds of assets, including housing 

conditions, consumer durables, productive durables, and agriculture related assets. Housing is 

very important to gauge the living standard of a family and is a vital part of permanent income. 

Housing includes the main construction materials of a dwelling’s floor, roof and exterior walls. 

Quality of housing is derived from the construction material used, either made from natural 

material, finished material or in between these two extremes. Consumer durables include a 

television, iron, motorcycle, pump, mobile, watch, fan, bicycle, radio, electricity, phone and 

gas for cooking. The productive durables include refrigerator, washing machine, sewing 

machine, air conditioner, car, computer, water filter, cooking range, boat and bus. Moser & 

Felton (2007) classify these as financial capital assets. The information about assets in the 

MICS data is limited to binary (yes/no) responses by the household respondent regarding the 

ownership of 30 assets and does not include any information about the quality of the assets.  

3.4 Asset Index construction  

In total, 22 assets are included for calculation of the asset index. The formal equation for the 

asset index is as follows: 

𝐴ℎ = ŷ1𝑎𝑖1  + ⋯ + ŷ𝑛𝑎𝑖𝑛                 Eq (1) 

Here, 𝐴ℎ refers to the household specific asset index and ŷ refers to particular weights for 

each individual asset owned by the household. As the asset index was found to be highly 

reliable each item was assigned an equal weight. The 𝑎𝑖𝑛  is the respective asset of ith 

household recorded as a dichotomous variable in Punjab MICS 2014 data sets. 

In the second step, the household specific asset index is normalized using following formula, 
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𝑌ℎ =
𝐴h− (min 𝐴h)

Max 𝐴h− (min 𝐴h)
    ℎ = 1,2,…,K          Eq (2) 

where 𝑌ℎ is the normalised asset index and 𝐴ℎ is the household specific asset index under 

study.  

3.5 Measurement of disparities: Gini-coefficient and Palma Ratio 

The most appealing property of the Lorenz curve framework is that it could generate a single 

summary statistic of the distribution, known as Gini-coefficient. It is measured by dividing the 

size of the area between the Lorenz curve and 45-degree perfect equality line by the total area 

under the perfect equality line. The value of Gini-coefficient lies between 0 and 1. Where 0 

mean perfect equality that reflects the equal distribution of income share among all people of 

the society. The Palma, also known as inter-decile ratios, is the ratio of the share of top 10 

percent to the bottom 40 percent of households (Palma, 2006, 2011; Cobham & Sumner, 2013).  

There more than hundred statistical or econometric tests for analysing disparities (Maio, 

2007), but one needs to have good reasons or at least pragmatic reasons to decide which ones 

to use. The Gini-coefficient is the most cited measure of inequality, so it is a good idea to use 

this. Following SDG 10.1, it would seem to make sense also to calculate the Palma Ratio (i.e., 

the ratio of the richest 10% of the population’s share divided by the poorest 40%’s share). This 

research study has used Gini-coefficient, and Palma Ratio for measurement of asset disparities 

in Punjab (Pakistan). 

4. RESULTS AND DISCUSSION 

4.1 Dimensional structure of items for the Asset Index 

The results of Exploratory Factor Analysis with Promax oblique rotation provide evidence of 

six correlated factors with eigenvalues higher than 1. We have applied Cronbach’s alpha 
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criterion to assess the reliability of these six factors. For a reliable asset index, only those assets 

are included in the scale that result in an increase in reliability, i.e., 22 assets out of the 30. The 

Cronbach’s alpha results show that the asset index should be comprised of the items included 

in correlated factors F1, F2 and F3, while the indicators which are grouped into factors F4, F5 

and F6 should be dropped due to their low value of Alpha (see Table 1). The reliability 

coefficient of the index was improved from 0.84 to 0.87 by dropping eight assets. (i.e., only 

including 22 items).  

Table 1 Loadings of EFA and Tetrachoric-PCA 

 

Exploratory Factor Analysis (EFA) loadings with 

Oblique Promax Rotations (Sorted) 

 Tetrachoric PCA Loadings with Oblique Rotations 

(Sorted) 

Factors Asset  Factor Scores Alpha Sr. no.  Assets Factor1 

Factor 1 Refrigerator 0.77 0.85 1 Washing Machine 0.89 

Washing machine 0.76 2 Refrigerator 0.89 

Finished Flooring of Dwelling 0.70 3 Iron 0.86 

Knitting machine 0.64 4 Air conditioner 0.85 

Iron 0.59 5 Cooking range 0.85 

TV 0.58 6 Finished flooring 0.85 

Motorcycle 0.56 7 Computer 0.81 

Pump (Water) 0.55 8 Electricity 0.77 

Gas 0.48 9 Gas 0.74 

Bank Account 0.45 10 Television 0.73 

Mobile 0.45 11 Phone 0.72 

Finished walls dwelling 0.41 12 Car 0.70 

Watch 0.41 13 Bank 0.68 

Finished roofing of dwelling 0.41 14 Pump 0.68 

Factor 2 Air conditioner 0.80 0.77 15 Knitting machine 0.68 

Cooking range 0.75 16 Finished walls 0.64 

Car 0.70 17 Water filter 0.63 

Phone (Landline) 0.67 18 Mobile 0.63 
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Water filter 0.56 19 Electric Fan 0.58 

Computer 0.54 20 Motorcycle 0.52 

Factor 3 Fan 0.88 0.82 21 Finished roofing 0.52 

Electricity 0.88 22 Watch 0.47 

Factor 4 Land owned 0.74 0.59 23 Bus 0.18 

Animals 0.70 24 Radio 0.13 

Tractor 0.59 25 Tractor 0.11 

Animal-cart 0.55 26 Boat 0.04 

Factor 5 Boat 0.78 0.25 27 Bicycle -0.03 

Bus 0.76 28 Land -0.08 

Factor 6 Bicycle 0.77 0.05 29 Animal-cart -0.22 

Radio 0.43 30 Animals -0.47 

Table 1 also shows results of tetrachoric PCA loadings with oblique rotation. These results 

confirm that 22 items have a correlation with factor 1 higher than 0.4 and the rest of the eight 

items are not strongly associated with this factor. This suggests that these assets (i.e., bus, radio, 

tractor, boat, bicycle, land, animal-drawn cart and animals) should not be included in an asset 

index construction at household level in Punjab. The results of EFA and Tetrachoric PCA are 

consistent. 

4.2 Item Response Theory (IRT) 

Cronbach’s Alpha is a Classical Test Theory (CTT) based measure of reliability. This approach 

has several limitations, e.g., (a) it assumes a linear relationship between the latent variable and 

observed scores, (b) reliability cannot be estimated directly so assumptions need to be made 

which are unlikely to be met in practice (Rusch et al., 2017). In the 1960s, to overcome the 

limitations of CTT, IRT was introduced by Georg Rasch and Allan Birnbaum (Embretson & 

Reise, 2000). There are broadly three types of IRT models4: the one-parameter logistic model, 

 
4 The formular is: 

= 𝑐𝑖 + (1 − 𝑐𝑖)
𝑒𝑎𝑖(Ɵ−𝑏𝑖)

1 + 𝑒𝑎𝑖(Ɵ−𝑏𝑖)
          (IRT Model) 
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two-parameter logistic model and polytomous models. (Embretson & Reise, 2000; Streiner & 

Norman, 2003). In this paper, we have used the two-parameter logistic (2PLM) model. This 

model measures both severity (first parameter) and discrimination (second parameter). The first 

parameter scores show, in units of standard deviation from the average household, the estimate 

of how asset rich or asset poor a household is likely to be that possesses a particular asset. The 

second IRT model parameter, the discrimination score, shows how well each asset 

discriminates between asset rich and asset poor households. 

Figure 1 represents the ‘S’ shaped item characteristic curve of the two parameter IRT model. 

The ability of each asset to measure severity is shown by the position of each asymptotic curve 

along the X-axis. For example, if the position of the curve is further to the right, the absence of 

this asset would represent a lower living standard of the household. The ability of each item to 

discriminate between the asset poor and asset rich households is shown by how vertical each 

curve is with respect to the Y-axis. If the curve is more upright that means it has a better 

discriminating ability and higher correlation with the asset index. Preferably, a good asset index 

would be exemplified by a series of fairly vertical ‘S’ shaped curves spread out along the X-

axis. The midpoint between the upper and lower asymptotes is known as the inflection point 

on curve. The inflection point for the assets (e.g., radio, tractor, boat, bicycle, landownership, 

animal cart, and animals) lie either below -3 or above +3 standard deviations from the average 

household are not included in this figure. More precisely, the discrimination is shown by 

steepness of the curve and a steeper curve means the item can discriminate between asset poor 

and asset rich households in a better way.  
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Figure 1 IRT Results for the 22 Assets Retained for Asset Index after the Validity and 

Reliability Tests 

Table 2 shows the two-parameter IRT results for each of the 30 items. The severity 

parameter scores in column 2 measure the standard deviation units from the mean value. The 

lowest value of the severity score is for bicycle ownership and the highest values are for 

possession of a boat, tractor or bus. The severity criterion acceptability thresholds are set at ±3 

standard deviations from the mean value. All those items are dropped with the severity score 

equal to or greater than 3 or equal to or less than -3 standard deviations. So, for reliable 

measurement of the asset index, these all items are excluded from the analysis.   
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Table 2 IRT Results for the 30 Indicators of Asset Index 

 IRT Results5 

Sr. no.  Item Name Difficulty Discrimination 

1 Bicycle  -14.53 -0.03 

2 Land -5.85 -0.08 

3 Animal-drawn Cart -5.03 -0.23 

4 Mobile -2.31 0.63 

5 Fan -1.94 0.75 

6 Electricity  -1.80 0.95 

7 Finished roofing of dwelling  -1.72 0.50 

8 Finished walls of dwelling -1.58 0.70 

9 Iron -1.09 0.87 

10 Knitting machine -0.63 0.68 

11 TV -0.63 0.72 

12 Pump -0.62 0.67 

13 Finished flooring f dwelling -0.42 0.83 

14 Animal -0.25 -0.45 

15 Washing machine -0.14 0.89 

16 Refrigerator  -0.09 0.86 

17 Motorcycle  0.10 0.47 

18 Watch 0.20 0.41 

19 Gas 0.49 0.71 

20 Bank account  0.68 0.65 

21 Computer 1.21 0.81 

22 Cooking range 1.45 0.91 

23 Air conditioner  1.55 0.93 

24 Phone 1.91 0.81 

25 Car 1.97 0.79 

26 Water filter  2.63 0.76 

27 Radio  10.08 0.17 

28 Bus 10.30 0.30 

29 Tractor  13.93 0.12 

30 Boat 37.25 0.11 

Notes: The highlighted cells, in column 3, are those with difficulty threshold scores below -3 or above +3 and, in 

column 5, are those with correlation threshold score below 0.4. 

 

5 IRT 2PL is applied, sorted by difficulty scores and run the transformation:   {𝑎
√(3.29 + 𝑎2⁄ } on the 

discrimination parameter for correlation range -1 to +1. Rule for exclusion of item for severity score is > 3 or <-

3 & for correlation is <0.4. Log likelihood is -402407.28. 
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Similarly, the discrimination criterion was also applied to drop unsuitable items for a reliable 

measurement of the asset index. The transformed correlation6 ranges between -1 and +1. All 

assets with correlations below 0.4 were dropped, this was the threshold value used by Guio et 

al. (2012). The same eight assets fail both the severity and discrimination test and were dropped 

from the analysis.  

The reliability of the final 22 item asset index was formally assessed using Confirmatory 

Factor Analyses to calculate Omega, which was .87, indicating that the final asset index is a 

highly reliable measure for the Punjab (Pakistan). 

To conclude, this paper has applied factor analysis, tetrachoric PCA to identify the 

dimensional structure of items for the asset index and used CTT and IRT for reliability analysis. 

The reliability analysis suggested that we can include 22 items for the final asset index 

construction as these 22 items form a highly reliable scale, inclusion of any of the other 8 asset 

items would increase the amount of random error of the index, i.e., it would be a worse measure 

of living standards.  

Table 3 Household’s Ownership of Assets (List of Assets) and different tests. 

Sr. 

No.  

Information about Items’ Ownership Explorator

y Factor 

Analysis7 

Comparing TETPCA, CTT and IRT 

Results for Items Selection Does your household own this 

asset?  

Possible 

Answer  

Tetrachoric 

PCA 
IRT 

Results 

suggests 

Cronbach’s 

Alpha8 

suggests  

1 Refrigerator  Yes/no  Factor 1 Selected Selected Selected 

2 Washing Machine/Dryer Yes/no  Factor 1 Selected Selected Selected 

3 Knitting/Sewing Machine  Yes/no  Factor 1 Selected Selected Selected 

4 Iron Yes/no  Factor 1 Selected Selected Selected 

5 Television  Yes/no  Factor 1 Selected Selected Selected 

6 Dunky Pump/Turbine Yes/no  Factor 1 Selected Selected Selected 

 

6 IRT 2PL is applied, sorted by severity and run the transformation:   {𝑎
√(3.29 + 𝑎2⁄ } on the discrimination 

parameter for correlation range -1 to +1. Rule for exclusion of item for correlation is <0.4. Log likelihood is -

402407.28.  
7 The results of EFA suggested 6 factors, all items in the list are arranged & coloured according to factors.  
8 The results of Cronbach’s Alpha suggested these items/factors could be excluded on the basis of scale reliability 

coefficient value. After dropping these items over all Reliability coefficient has improved from .84 to .87.  
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7 Mobile Phone Yes/no  Factor 1 Selected Selected Selected 

8 Motorcycle  Yes/no  Factor 1 Selected Selected Selected 

9 Watch Yes/no  Factor 1 Selected Selected Selected 

10 Bank Account  Yes/no  Factor 1 Selected Selected Selected 

11 Gas Yes/no  Factor 1 Selected Selected Selected 

12 Finish flooring of dwelling Yes/no  Factor 1 Selected Selected Selected 

13 Finished walls of dwelling Yes/no  Factor 1 Selected Selected Selected 

14 Finished roofing of dwelling  Yes/no  Factor 1 Selected Selected Selected 

15 Air Conditioner  Yes/no  Factor 2 Selected Selected Selected 

16 Cooking Range/Micro Wave  Yes/no  Factor 2 Selected Selected Selected 

17 Car Yes/no  Factor 2 Selected Selected Selected 

18 Telephone  Yes/no  Factor 2 Selected Selected Selected 

19 Computer  Yes/no  Factor 2 Selected Selected Selected 

20 Water Filter  Yes/no  Factor 2 Selected Selected Selected 

21 Electricity  Yes/no  Factor 3 Selected Selected Selected 

22 Fan/Water Cooler  Yes/no  Factor 3 Selected Selected Selected 

23 Land Yes/no  Factor 4 Dropped Droppe

d 

Dropped 

24 Animals  Yes/no  Factor 4 Dropped Droppe

d 

Dropped 

25 Tractor  Yes/no  Factor 4 Dropped Droppe

d 

Dropped 

26 Animal-drawn Cart Yes/no  Factor 4 Dropped Droppe

d 

Dropped 

27 Boat Yes/no  Factor 5 Dropped Droppe

d 

Dropped 

28 Bus Yes/no  Factor 5 Dropped Droppe

d 

Dropped 

29 Bicycle  Yes/no  Factor 6 Dropped Droppe

d 

Dropped 

30 Radio Yes/no  Factor 6 Dropped Droppe

d 

Dropped 

4.3 Validity of the Asset Index  

The correlation of household income from all sources (adjusted for household size) with each 

asset was calculated to test the validity of each item. We used the Luxembourg Income Study 

and OECD square root equivalisation scale method to allow for household economies of scale 

(e.g., OECD, 2008, 2011). This equivalisation scale divides household income by the square 

root of household size. Figure 2 shows the ANOVA main effect plot of all 22 assets, on the 

vertical axis, the log of equivalised household disposable income, the X axis shows the 

possession or not of each asset (coded 1 for possession and zero for non-possession). 
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Figure 2 ANOVA main effect plot of 22 Assets by Equalized Household Income  
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In Figure 2, the right-hand dot on each graph presents the estimated average incomes of 

those who own the particular asset, and the left-hand dot depicts the estimated average incomes 

of those who do not own that asset. This figure shows that households which own each asset 

have a higher equivalised household income on average. Therefore, all of the 22 assets appear 

to be valid on this test. 

Figure 3 below illustrates the positive relationship between household income and the asset 

ownership index which provides a worthwhile ex-post validation of the index. The figure 

shows the mean log of equalized disposable income and the 95% confidence interval of the 

mean associated with each asset index score. Figure 3 confirms the a priori assumption that 

low-income households would own fewer assets and high-income households would own a 

larger number of assets - this relationship is non-linear.  

 

Figure 3 Mean equalized disposable income, by asset index score 
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4.4 The Asset Index: district level analysis    

The difference between rural and urban living standards is significant, the average score for 

urban areas is .62 compared with .44 for rural areas of Punjab. District level analysis of the 

asset index is presented in Figure 4. This shows that Lahore has the highest average asset index 

score of .67; followed by Gujrat and Sialkot with .63 and .62, respectively. At the other end of 

the scale, the district of Rajanpur has the lowest asset index in Punjab at .34; followed by 

Muzaffar Gar and DG Khan (all districts are from the same administrative division) with scores 

of .37 and .39, respectively. This variation of asset index among the different districts reflects 

significant economic disparities among the divisions and districts of Punjab. 

 

Figure 4 Average Asset Index Score: Punjab Districts 
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Figure 5 Within District difference between Urban-Rural Asset Index Scores 

Figure 5 shows the significant differences between average asset scores in urban and rural areas 

of each district of the Punjab. There are particularly large urban/rural disparity in DG Khan, 

Rahimyar khan, Sahiwal and Multan.  

4.5 Asset disparities within the Punjab 

This section explains the asset disparities across the 36 districts of Punjab by using the Gini-

coefficient and Palma ratio. The Palma Ratio as a measure of disparity is based on the reflection 

of José Gabriel Palma that in many countries about half of the national income goes to the 

middle class and that this income share is relatively stable. Therefore, inequality can 

meaningfully be measured by comparing the incomes of the bottom 40 percent (the poorest) 
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and top 10 percent (richest) of households (Cobham and Sumner, 2013). A comparison of Gini 

and Palma results are presented at the end of this section. 

4.6 Results of Gini-Coefficient  

An intuitive interpretation of the Gini-coefficient is presented by Raskall and Matheson (1992) 

as follows. If there are two households selected at random from the income distribution and the 

difference between their incomes is expressed as a proportion of mean income, then this 

difference is twice the value of the Gini-coefficient. For example, if the value of Gini-

coefficient is .20, it means that expected difference between two randomly selected households 

would be 40% of the average income. Overall, the value of the coefficient for Punjab is .22, 

For rural Punjab, it is .24 and .15 for urban areas. This means that the expected difference 

between two randomly selected households in rural Punjab would be 48% of the average 

permanent income share as measured by the asset index. 

The province of Punjab is divided into nine divisions, with the divisions Dera Ghazi Khan 

and Bahawalpur having the highest asset disparities. Gini-coefficient values are .32 and .26, 

respectively. The divisions Gujranwala, Rawalpindi and Lahore are more equal with asset Gini-

coefficients of .16, .16 and .18, respectively. The results seem to reflect the reality of the 

situation in the Punjab. Gujranwala Division is known as a hub of industrial units like Sialkot, 

Gujrat and Gujranwala districts, with better living, employment and education opportunities. 

On other hand, DG Khan and Bahawalpur are part of south Punjab, characterized by lower 

access to education, employment and safe-drinking water access. 

Out of the 36 districts of Punjab, the five districts with the highest inequality are Rajanpur, 

DG Khan, Muzzafar Gar, Layyah and Bhakkar with coefficient values of .33, .33, .31, .28 and 



 Asset Index 25 

 

 

.27, respectively. The five districts with the lowest inequality include Sialkot, Lahore, Gujrat, 

Chakwal, and Gujranwala with Gini values of .14, .14, .14, .15 and .15, respectively.  

4.7 Results of the Palma Ratio 

Out of nine divisions, the highest asset inequality is in Dera Ghazi Khan (DG Khan), where the 

bottom 40%, on average, has only 18% of the assets and the richest 10% has 20% of the assets 

(highest among 9 divisions of Punjab). The Palma and Gini results are consistent in identifying 

DG Khan as the most unequal division. Similarly, Gujranwala and Rawalpindi are the most 

equal divisions with a Gini of 0.16 and Palma ratios of 0.52 and 0.52, respectively. 

Table 4 District wise Bottom 40% & Top 10% Asset Shares and Inequality results 

Sr. No District  Bottom 40 % Top 10% Palma Ratio Gini-coefficient  

1 Rajanpur 15.1 21.3 1.41 0.34 

2 DG Khan 16.8 20.7 1.23 0.33 

3 M. Garh 18.9 20.7 1.1 0.31 

4 Layyah 20.6 18.5 0.9 0.28 

5 Bahwalpur 21.1 18.1 0.97 0.27 

6 RY Khan 21.1 18.2 0.86 0.27 

7 Bhakkar 21.2 18.4 0.86 0.27 

8 B. Nagar 22.0 18.0 0.82 0.26 

9 Jhang 21.6 17.4 0.81 0.26 

10 Khushab 23.1 17.5 0.76 0.24 

11 Lodhran 23.1 17.2 0.74 0.24 

12 Multan 23.1 16.8 0.73 0.23 

13 Khanewal 23.4 16.9 0.72 0.23 

14 Chiniot 23.8 17.1 0.72 0.23 

15 Mianwali 24.2 16.6 0.69 0.22 

16 Sahiwal 24.4 16.7 0.68 0.22 

17 Okara 24.3 16.6 0.68 0.22 

18 Pakpattan 25.1 16.9 0.67 0.21 

19 Vehari 25.3 16.3 0.64 0.21 

20 Sargodha 25.9 16.2 0.63 0.20 

21 Hafizabad 26.3 15.7 0.60 0.19 

22 N. Sahib 26.5 15.8 0.59 0.19 

23 Kasur 27.1 15.9 0.59 0.19 

24 TT Singh 26.8 15.4 0.58 0.18 

25 Faisalabad 28.1 15.3 0.55 0.17 

26 Attock 27.9 15.0 0.54 0.17 

27 M. Bahaudin 28.1 15.1 0.54 0.17 

28 Sheikhupura 28.6 14.9 0.52 0.16 
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29 Jhelum 29.3 15.0 0.51 0.16 

30 Narowal 28.5 14.6 0.51 0.16 

31 Rawalpindi 29.0 14.8 0.51 0.16 

32 Gujranwala 29.8 14.6 0.49 0.15 

33 Chakwal 29.7 14.2 0.48 0.15 

34 Gujrat 30.4 14.4 0.47 0.14 

35 Sialkot 30.5 14.4 0.47 0.14 

36 Lahore 30.5 14.2 0.46 0.14 

 Punjab  24.2 16.6 0.69 0.22 

Table 4 shows the Gini-coefficient and asset shares of the bottom 40%, and the top 10% for 

each district of Punjab. In Punjab, on average, the bottom 40% of the population (poorest) has 

24% of the assets and the top 10% (richest) people have 17% of the assets. Figure 7 shows that 

the bottom 40% share ranges between 15% and 31% (district Rajanpur and Faisalabad, 

respectively) and the top 10% share ranges between 14% to 21% (district Lahore and Rajanpur, 

respectively). 

Hence, the asset distribution in the district Rajanpur is the most unequal with the bottom 

40% of the population receiving only 15% of asset share (lowest in Punjab) and the richest 

10% receiving 21% (highest in Punjab), with a Palma ratio 1.41 and Gini-coefficient of 0.34. 

At the other end of the scale, the least asset disparities are in Lahore District, with the bottom 

40% receiving around 31% (highest in Punjab) and the top 10% getting 14% (lowest in Punjab), 

with a Palma ratio of 0.46 and Gini-coefficient of 0.14 (second lowest in Punjab).  

4.8 Palma versus Gini 

In general, a strong correlation is expected between the Palma ratio and the Gini-coefficient 

index. Figure 6 shows an exponential association offering a nearly perfect fit for the Palma and 

Gini relationship. The Gini is sensitive towards the middle of the distribution, while Palma 

excludes the middle 50% from the analysis. Nevertheless, both methods produce effectively 

identical results about asset inequality in the districts of the Punjab. This demonstrates the 
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validity of the key assumption of the Palma Ratio method that the middle 50% of the 

distribution can be ignored due to the low variability in this part of distribution. 

 

Figure 6 The Palma Ratio and Gini-coefficient Relationship 

We have investigated which are the key components of the Palma ratio for explaining the 

high correlation with the Gini-coefficient using Ordinary Least Square (OLS) regression Table 

5 shows the results of the regression analysis. Nearly all variation in Gini-coefficient is 

explained by the top 10% and bottom 40% of households. The positive sign for the top 10% 

shows that a rise in the share of the top 10% recipients will cause an increase in inequality 

(Gini) in Punjab. The negative sign for the bottom 40% indicates that rise in the share of the 

poorest 40% of people will cause a reduction in overall inequality (Gini). Thus, the variability 

in the top 10% and bottom 40% shares of household assets effectively explain all the variance 

in the Gini (Inequality).  
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Table 5 OLS results (Gini by top 10% and bottom 40%) 

 (1) 

VARIABLES Model 1 

  

Log (bottom 40%) -0.151*** 

 (0.0229) 

Log (top 10%) 0.267*** 

 (0.0357) 

Constant -0.0504 

 (0.173) 

  

Observations 36 

R-squared 0.994 

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 

The Palma measure assumes that the middle class is highly stable across the time and across 

countries and that the important variation is amongst the bottom 40% and top 10% (Cobham 

& Sumner, 2013). This study has demonstrated that this is also true in the Punjab. The Palma 

ratio is arguably the superior measure of inequality because of it is much easier to understand. 

For example, if the value of Gini-coefficient index is 0.5, that indicates a serious problem of 

inequality but, for a non-technical audience, it has little intuitive meaning. On other hand, if 

the Palma ratio is 5.0, this can easily be translated into a meaningful statement that the richest 

10% have five times more than the poorest 40%. 

5. CONCLUSION 

The main objectives of this study were to construct a valid and reliable asset index at household 

level and to estimate economic disparities in the 36 districts of Punjab (Pakistan) by using 

MICS micro-data. An asset index is a better measure than current income or expenditure for 

gauging a household’s long-term capacity for buying goods and services and its potential 

resilience to economic shocks. The leading challenge for construction of asset indices is the 

selection of an optimum sub-set of indicators to form a valid and reliable index. Filmer & 

Pritchett (2001) used Principal Component Analysis (PCA) for selecting and weighting 
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indicators to construct an asset index. This methodology and the weights that it produces are 

highly questionable, particularly when the underlying data about assets is binary in nature. This 

research has used binary responses of households regarding ownership of asset (i.e., do you 

own it? – ‘Yes’ or ‘No’) and statistically appropriate latent trait methods for asset index 

construction. The dimensional structure of the available asset data was determined using 

Exploratory Factor Analysis (EFA) and Tetrachoric Principal Component Analysis (PCA). The 

Classical Test Theory (CTT), and Item Response Theory (IRT) were used for the selection of 

a reliable household level asset index for Punjab. Moreover, this paper has applied Gini-

coefficient and Palma Ratio for measurement of asset/economic disparities in Punjab 

(Pakistan).  

There are significant differences between rural and urban living standards in the Punjab. 

Lahore has the highest average living standards, followed by Gujrat and Sialkot, by contrast 

Rajanpur, Muzaffargarh and DG Khan households had much lower average levels of asset 

possession.  Out of 36 districts, the richest are either from Central Punjab or North-Punjab, 

while districts from South-Punjab have lower levels of average asset possession and high levels 

of asset inequality. 

The districts situated along the GT (Grand Trunk) road (from Islamabad to Lahore) have 

better living standards with a low level of disparities. Thus, area-based resource allocation 

should have a greater focus on improving conditions for the poorest in D.G. Khan, Bhawalpur, 

Sargodha divisions. In particular, policy makers need to focus on Rajanpur, DG Khan, and 

R.Y. Khan Districts as a priority for uplifting household living standard. Moreover, this 

research also suggests the need for more focussed administrative efforts in uplifting the lives 

of people in the Saraiki Province districts.  

 



 Asset Index 30 

 

 

References 

Adato, M., Carter, M. R. & May, J. (2006). Exploring poverty traps and social exclusion in 

South Africa using qualitative and quantitative data. Journal of Development Studies. 

https://doi.org/10.1080/00220380500405345 

Ainsworth, M. & Filmer, D. (2006). Inequalities in children’s schooling: AIDS, orphanhood, 

poverty, and gender. World Development. 

https://doi.org/10.1016/j.worlddev.2005.11.007 

Altimir, O. (1979). La dimensión de la pobreza en América Latina. Santiago de Chile, Chile: 

CEPAL 

Anand, S. & Segal, P. (2017). Who are the global top 1%? World Development, 95, 111-126.  

Beccaria, L. & Minujin, A. (1985). Altenative methods for measuring the evolution of poverty. 

Proceedings of 45th. Session, Invites papers, International Statistcs Institute, Amsterdam. 

Bellù, L. G., & Liberati, P. (2011). Charting Income Inequality: The Lorenz Curve. MPRA 

Paper No. 30063. Food and Agriculture Organization of the United Nations.  Retrieved 

from https://mpra.ub.uni-muenchen.de/30063/ 

Bicego, G., Rutstein, S. & Johnson, K. (2003). Dimensions of the emerging orphan crisis in 

sub-Saharan Africa. Social Science & Medicine, 56(6), 1235–1247. 

Bollen, K. A., Glanville, J. L. & Stecklov, G. (2002). Economic status proxies in studies of 

fertility in developing countries: Does the measure matter? Population Studies, 56(1), 81–

96. 

Brown, T. (2014). Confirmatory Factor Analysis for Applied Research. New York, The 

Guilford Press 

Cappellari, L., & Jenkins, S. P. (2007). Summarizing multiple deprivation indicators. In S. P. 

Jenkins & J. Micklewright (Eds.), Inequality and poverty: Re-examined (pp. 166–184). 

Oxford: Oxford University Press. Kline, T.J.B. (2005) Psychological Testing: A Practical 

Approach to Design and Evaluation. London, Sage. 

Carter, M. R. & May, J. (2001). One kind of freedom: Poverty dynamics in post-apartheid 

South Africa. World Development. https://doi.org/10.1016/S0305-750X(01)00089-4 

Catalán, H. E. N. (2019). Reliability, population classification and weighting in 

multidimensional poverty measurement: A Monte Carlo study. Social indicators research, 

142(3), 887-910.  

Chen, S. & Ravallion, M. (2001). How did the world's poorest fare in the 1990s? Review of 

Income and wealth, 47(3), 283-300. 



 Asset Index 31 

 

 

Cobham, A., & Sumner, A. (2013). Is it all about the tails? The Palma measure of income 

inequality. Center for Global Development Working Paper 343. Washington 

Coltman, T., Devinney, T. M., Midgley, D. F., & Venaik, S. J. J. o. B. R. (2008). Formative 

versus reflective measurement models: Two applications of formative measurement. 

61(12), 1250-1262.  

Dargent-Molina, P., James, S., Strpoatz, D. and Savitz, D. (1994) Association between 

maternal education and infant diarrhoea in different household and 

communityenvironments, Social Science and Medicine,  38,  2: 343–50. 

De Maio, F. G. (2007). Income inequality measures. Journal of Epidemiology & Community 

Health, 61(10), 849-852.  

Dermott, E. and Main, G. (Eds) Poverty and Social Exclusion in the UK Volume 1 - The Nature 

and Extent of the Problem. Bristol, Policy Press 

Economic Survey of Pakistan, 2016-17. (2017). Pakistan Economic Survey, 2016-17. Pakistan 

Economic Survey, 2016-17. https://doi.org/10.1038/479299e 

Ellis, F. (2000). Rural livelihoods and diversity in developing countries: Oxford University 

press. 

Ellis, P. (2000). Social ties and foreign market entry. Journal of International Business Studies, 

31(3), 443–469. 

Embretson, S. E. & Reise, S. P. (2000). Multivariate Applications Books Series. Item Response 

Theory for Psychologists. Mahwah, NJ, US: Lawrence Erlbaum Associates Publishers. 

Falkingham, J. and Namazie, C. (2002) Measuring health and poverty: a review of approaches 

to identifying the poor.  London, DFID Health Systems Resource Centre. 

Ferreira, F. H. G., & Lugo, M. A. (2013). Multidimensional poverty analysis: Looking for a 

middle ground. The World Bank Research Observer, 28(2), 220-235. 

Filmer, D. & Pritchett, L. H. (2001). Estimating wealth effects without expenditure data—or 

tears: an application to educational enrollments in states of India. Demography, 38(1), 115-

132. 

Filmer, D. & Scott, K. (2008). Assessing asset indices. The World Bank. 

Friedman, M (1957) A Theory of the Consumption Function, Princeton University Press 

Fusco, A. & Dickes, P. (2008). The Rasch model and multidimensional poverty measurement. 

In Quantitative approaches to multidimensional poverty measurement (pp. 49–62). 

Springer. 



 Asset Index 32 

 

 

Fusco, A., Guio, A.-C. & Marlier, E. (2013). Building a material deprivation index in a 

multinational context: lessons from the EU experience. In Poverty and social exclusion 

around the Mediterranean Sea (pp. 43–71). Springer. 

Fosu, A. (2011). Growth, inequality, and poverty reduction in developing countries: recent 

global evidence. 

Ghiselli, E.E., Campbell, J.P. and Zedek, S. (1981) Measurement theory for the behavioral 

sciences San Francisco: W.H. Freeman and Company 

GoP. (2014). Pakistan Economic Survey. Pakistan Economic Survey, 2013-14. 

https://doi.org/10.1038/479299e 

Gordon, D., Nandy, S., Pantazis, C., Townsend, P., & Pemberton, S. (2003). Child poverty in 

the developing world: Policy Press. 

Gordon, D. and Spicker, P. (Eds) (1999) The International Glossary on Poverty. London, Zed 

Books. 

Gordon, D. & Townsend, P. (2000). Measuring absolute and overall poverty. Breadline 

Europe: The measurement of poverty, Bristol, Policy Press. 49-78. 

Gordon, D. (2000). The scientific measurement of poverty: Recent theoretical advances. In J. 

Bradshaw (Ed.), Researching Poverty (pp. 37–58). Aldershot: Ashgate 

Gordon, D., Howe, L.D., Galobardes, B., Matijasevich, A., Johnston, D., Onwujekwe, O., 

Patel, R., Webb, E.A., Lawlor, D.A. and Hargreaves, J. R. (2012)  Response to: 

Alternatives to principal components analysis to derive asset-based indices to measure 

socio-economic position in low- and middle-income countries: the case for multiple 

correspondence analysis. International Journal of Epidemiology. 41 (4): 1209-1210 

Gordon, D. &  Nájera, H.  (2019) Reply to Santos and Colleagues ‘The Importance of 

Reliability in the Multidimensional Poverty Index for Latin America (MPI-LA)’, The 

Journal of Development Studies, DOI: 10.1080/00220388.2019.1663178 

Guio, A.-C., Gordon, D. & Marlier, E. (2012). Measuring material deprivation in the EU: 

Indicators for the whole population and child-specific indicators. Publications Office of 

the European Union: Luxembourg, EU.  

Guio, A.-C., Marlier, E., Gordon, D., Fahmy, E., Nandy, S. & Pomati, M. (2016). Improving 

the measurement of material deprivation at the European Union level. Journal of European 

social policy, 26(3), 219-333. 

Guio, A-C, Gordon, D. Catalan, HN & Pomati, M, (2017) Revising the EU material deprivation 

variables. Luxembourg: Publications Office of the European Union 



 Asset Index 33 

 

 

Guio, AC, Gordon, D, Marlier, E, Catalan, HN & Pomati, M, (2018) Towards an EU measure 

of child deprivation. Child Indicators Research. 11, 3, 835–860 

Haider, S., & Solon, G. J. A. E. R. (2006). Life-cycle variation in the association between 

current and lifetime earnings. 96(4), 1308-1320.  

Harttgen, K., & Vollmer, S. (2011). Inequality decomposition without income or expenditure 

data: Using an asset index to simulate household income: Citeseer. 

Harttgen, K. & Klasen, S. (2012). A household-based human development index. World 

Development, 40(5), 878–899. 

Howe, L. D., Hargreaves, J. R. & Huttly, S. R. A. (2008). Issues in the construction of wealth 

indices for the measurement of socio-economic position in low-income countries. 

Emerging Themes in Epidemiology, 5(1), 3. 

Howe, L.D., Galobardes, B., Matijasevich, A., Gordon, D., Johnston, D.,  Onwujekwe, O., 

Patel, R., Webb, E.A., Lawlor, D.A. & Hargreaves, J.R. (2012). Measuring socio-

economic position for epidemiological studies in low-and middle-income countries: a 

methods of measurement in epidemiology paper. International Journal of Epidemiology, 

41(3), 871–886. 

Jensen, E. (1996) The fertility impact of alternative family planning distribution channels in 

Indonesia, Demography, 33(2): 153–65. 

John, O. P., & Benet-Martínez, V. (2014). Measurement: Reliability, construct validation, and 

scale construction. In H. T. Reis & C. M. Judd (Eds.), Handbook of research methods in 

social and personality psychology (p. 473–503). Cambridge University Press. 

Kolenikov, S. & Angeles, G. (2009). Socioeconomic status measurement with discrete proxy 

variables: Is principal component analysis a reliable answer? Review of Income and 

Wealth, 55(1), 128–165. 

Krimi, M. S., Yusop, Z. & Hook, L. S. (2010). Regional development disparities in Malaysia. 

Journal of American Science, 6(3), 70-78. 

Labonne, J., Biller, D. & Chase, R. (2007). Inequality and relative wealth: do they matter for 

trust? Evidence from Poor Communities in the Philippines. World Bank-Social 

Development Papers, (103). 

Lau, M. and Gordon. D. (Eds) Poverty in a Rich Society. Hong Kong, The Chinese University 

Press 

Lusardi, A. (1996). Permanent income, current income, and consumption: Evidence from two 

panel data sets. Journal of Business Economic Statistics, 14(1), 81-90.  

McDonald, R. P. (2013). Test theory: A unified treatment. New York, Psychology Press. 



 Asset Index 34 

 

 

McKenzie, D. J. (2005). Measuring inequality with asset indicators. Journal of Population 

Economics, 18(2), 229–260. 

Milanovic, B. (2013). The inequality possibility frontier: extensions and new applications: The 

World Bank. 

Minujin, A. & Bang, J. H. (2002). Indicadores de inequidad social. Acerca del uso del" indice 

de bienes" para la distribucion de los hogares. Desarrollo Económico, 129–146. 

Moser, C. & Felton, A. (2007). Intergenerational asset accumulation and poverty reduction in 

Guayaquil, Ecuador. Reducing Global Poverty. Washington, DC: Brookings Press. 

Norman, G. R. & Streiner, D. L. (2003). PDQ statistics (Vol. 1). PMPH-USA. 

OECD (2008), Growing Unequal ? Income Distribution and Poverty in OECD Countries, Paris, 

OECD.  

OECD (2011), Divided We Stand – Why Inequality Keeps Rising, Paris. OECD 

Palma, J. G. (2006). Globalizing Inequality:’Centrifugal’and’Centripetal’Forces at Work. UN. 

Palma, J. G. (2011). Homogeneous middles vs. heterogeneous tails, and the end of the 

‘inverted‐U’: It’s all about the share of the rich. Development and Change, 42(1), 87–153. 

Palma, J. G. (2011). Why has productivity growth stagnated in most Latin American countries 

since the neo-liberal reforms? . Cambridge Working Papers in Economics (CWPE) 1030 

Cambridge University.  Retrieved from 

http://www.econ.cam.ac.uk/dae/repec/cam/pdf/cwpe1030.pdf 

Pantazis, C,  Gordon, D. and  Levitas, R. (Eds) (2006) Poverty and Social Exclusion in 

Britain. Bristol, The Policy Press 

Pritchett, L. (2001). Where has all the education gone? The World Bank Economic Review, 

15(3), 367–391. 

Raskall, P. & Matheson, G. (1992). Understanding the Gini Coefficient. Newsletter: Social 

Policy Research Center, 6. 

Ravallion, M. (1992). Poverty comparisons: a guide to concepts and methods: The World Bank. 

Rio Group (United Nations Expert Group on Poverty Statistics) (2006) Compendium of Best 

Practice in Poverty Measurement. Rio de Janeiro & Santiago, Brazilian Institute for 

Geography and Statistics (IBGE), with the United Nations Economic Commission for 

Latin America and the Caribbean (ECLAC) 

Rusch, T., Lowry, P.B.,  Mair, P, & Treiblmaier, H. (2017) Breaking free from the limitations 

of classical test theory: Developing and measuring information systems scales using item 

response theory, Information & Management, 54, 2, 189-203, 



 Asset Index 35 

 

 

Sahn, D. E. & Stifel, D. (2003). Exploring alternative measures of welfare in the absence of 

expenditure data. Review of Income and Wealth, 49(4), 463–489. 

Sastry, N. (2004). Trends in socioeconomic inequalities in mortality in developing countries: 

the case of child survival in Sao Paulo, Brazil. Demography, 41(3), 443–464. 

Schellenberg, J. A., Victora, C. G., Mushi, A., De Savigny, D., Schellenberg, D., Mshinda, H., 

& Bryce, J. (2003). Inequities among the very poor: Health care for children in rural 

southern Tanzania. Lancet, 361(9357), 561-566.   

Sen, A. (1973). Poverty, inequality and unemployment: Some conceptual issues in 

measurement. Economic and Political Weekly, 1457–1464. 

Smits, J. & Steendijk, R. (2015). The international wealth index (IWI). Social indicators 

research, 122(1), 65-85. 

Stewart, T. & Simelane, S. (2005). Are assets a valid proxy for income? an analysis of 

socioeconomic status and child mortality in South Africa. Unpublished Document. 

Szeles, M. R. & Fusco, A. (2013). Item response theory and the measurement of deprivation: 

evidence from Luxembourg data. Quality & Quantity, 47(3), 1545–1560. 

Tarozzi, A. & Mahajan, A. (2005). Child Nutrition in India in the Nineties: A story of increased 

gender inequality? Available at SSRN 730526.  

United Nations. (2003). Human Development Report 2003: Millennium Development Goals: 

A compact among nations to end human poverty. New York, USA: UNDP. 

United Nations. (2015). Inequality Measurement: Development Issues No. 2. United Nations. 

United Nations Development Programme. (2014). Human development report 2014. UN 

Development Programme. https://doi.org/ISBN: 978-92-1-126340-4 

United Nations Economic Commission for Europe (2020) Poverty Measurement: Guide to 

Data Disaggregation. Geneva, UN. 

Vollmer, F. & Alkire, S. (2018). Towards a global asset indicator: re-assessing the asset 

indicator in the Global Multidimensional Poverty Index. OPHI Research in Progress 53a, 

Oxford Poverty and Human Development Initiative, University of Oxford, 3. 

Vyas, S. & Kumaranayake, L. (2006). Constructing socio-economic status indices: how to use 

principal components analysis. Health Policy and Planning, 21(6), 459–468. 

World Bank. (2015). World Development Indicators 2015. World Bank. 

https://doi.org/10.1596/978-0-8213-7386-6 

World Bank (2017) Monitoring Global Poverty: Report of the Commission on Global Poverty. 

Washington, World Bank. 



 Asset Index 36 

 

 

World Economic Forum. (2014). Global Risks 2014. Continuity Central. 

https://doi.org/10.1017/CBO9781107415324.004 

 

 


