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1.                          INTRODUCTION 
Earning is the key motivating factor of human 

activities. According to the classical and modern 
economists, materialistic life is the function of earning 
and expenditure. According to (Robbins 1945) 
“economics is the study of human behavior adopted 
between unlimited end and scare means”. Every human 
tried his best to spend his life with his limited resources. 
Earning and earning related issues are very important to 
study for researchers. The most important earning 
related issue is finding out the factor that influences the 
earning. In this study education, experience, age, sex, 
marital status, are taken as main factors towards 
monthly earning. 
 

Koenker (1978) introduced quantile regression 
which models, conditional quantiles as functions of 
predictors. The quantile regression model is a natural 
extension of the linear regression model. While the 
linear regression model specifies the change in the 
conditional mean of the dependent variable associated 
with a change in the covariates (Wooldridge, 2013) the 
quantile regression model specifies changes in the 
conditional quantile. Since any quantile can be used, it 
is possible to model any predetermined location of the 
distribution. Ordinary linear regression estimates the 
average relationship between a set of regressors and the 
dependent variable based on the conditional mean  
۳ሺ܆|܇ሻ (Koenker and Bassett 1978). In quantile 
regression, we use the conditional medianܙۿሺ܆|܇ሻto 

estimate the relationship between dependent and 
independent variables, the quantile “ܙ"	ϵ	ሺ1	, 0ሻ, where 
the median is the 50th quantile (Chen, et al., 2009). 
 

It is a well-known fact that education, experience, 
age and marital status highly correlated with earning. 
Many researchers from different countries like Brazil, 
Portugal, Turkey, USA, UK, India, etc. (Tansel and 
Bodur 2012, Taylor 1999, Budria 2010 Filippaki et al., 
2012) had applied quantile regression. Sarwar and 
Sial(2012) analyzed the effect of education on different 
levels of log of earning distribution, using quantile 
regression technique and used Pakistan Standard Living 
Measurement (PSLM) dataset for the period of 2007-08. 
They found that education has a significant effect on the 
log of earning. The effect of education has witnessed an 
increasing trend from lower to upper quantile and log of 
earning also increased in different categories of 
education. Aslam et al., (2014) analyzed the difference 
between the male and female income of workers in 
Punjab and used Pakistan Labor Force Survey (PLFS) 
data for the period of 2008-09. They used the median 
regression which is also called quantile regression when 
q =0. 5. They found males earn more income than 
females. Other predictors like age, area, marital status, 
different levels of education, and nature of work have 
also been found to be statistically significant. Davino    
et al., (2014) explained in their book “Quantile 
Regression Theory and Application” that ordinary least 
square regression provides results on the basis of 
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conditional mean; quantile regression expanded this 
idea of the whole conditional distribution of the 
dependent variable. Quantile regression provides 
location, scale, and shape shift information on the 
conditional distribution of the dependent variable. 
Quantile regression is a useful technique in the presence 
of heteroscedasticity and it is also useful to analyze 
behavior of the dependent variable at multiple location 
of the distribution. In the case when residuals were not 
normally distributed, quantile regression does not need 
this assumption. Hao and Naiman (2007) compared 
quantile regression models and ordinary least square 
model,in their book “Quantile Regression”. They 
described quantile regression model’s advantages over 
ordinary least square regression such as robustness, 
monotonic equivariance properties, which provide 
flexible estimates. 
 

Following are the main objectives of this study: 
 

1. To estimate the effect of various variables like 
education, experience, age, etc on the earnings 
distribution in Pakistan. 
2. To see the behavior of earning distribution at 
multiple location (quantile). 
 
2.                 MATERIALS AND METHODS 
2.1 Data  

We used the secondary data obtained from Pakistan 
Bureau of Statistics, about Pakistan Social and Living 
Standards Measurement (PSLM) survey for the year 
2012-2013. The key variables of (PSLM) survey are 
demographic characteristics; education, health, 
employment, etc. Since the response variable is earning 
of the individuals, therefore individuals having age 
between 15 to 65 years are the target values for analysis. 
 
2.2 Model Specification 
       This study attempts to estimate the impact of 
education, experience, age, sex, marital status, nature of 
work, region, and the provinces on the earnings 
distribution in Pakistan and our quantile regression 
model is  
 
ሻܑܡሺܙۿ ൌ 	઺ܙ૙ ൅	઺ܙ૚ܑܙ܍܏܉ ൅	઺ܙ૛ܑܙ܍ܔ܉ܕ

൅	઺ܙ૜ܑܙܖ܉܊ܚܝ ൅	઺ܙ૝ܑܙܚ܉ܕ

൅	෍઺ܑܒܗܚܘܒܙ

ૡ

ୀ૞ܒ

൅	෍઺ܑܓܝ܌܍ܓܙ

૚ૠ

ୀૢܓ

൅	 ෍ ઺ܑܕܜ܉ܖܕܙ
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We replace	઺ܙ for β to show the particular 

coefficients of Quantile regression model. ઽܑܙ, is an 
error term of Quantile regression model. 

2.3 Model Building 
Parameters for linear regression OLS are estimated 

by minimizing the sum of squared errors. This 
guarantees that the model is an optimum estimate of the 
expected conditional mean. In contrast, quantile 
regression obtains parameters by minimizing a weighted 
average of absolute errors. A detailed description of the 
quantile regression method is given in Koenker and 
Bassett (1978), Buchinsky (1998) and Hao and Naiman 
(2007). The quantile regression model has the following 
form; 
 

ܑܠୀܑܡ			
ᇱ઺ܙ ൅ ሻܑܠ|ܑܡሺܙۿ and ܑܙ܍ ൌ ܑܠ

ᇱ઺ܙ 
 

Where	ܑ܆		is the matrix of independent variables and  
	઺ܙ is the vector of parameters and  ઽܑܙ is error 
term.ܙۿሺܑ܆|ܑܡሻDenotes the ܐܜܙ conditional quantileܑܡ of 
given ܑ܆. Let suppose ܑ܆ and ઽܑܙ are not correlated with 

each other. ܙۿ൫ઽܑܙหܑܠ൯ ൌ ૙ We use the conditional 
median ܙۿሺ܆|܇ሻ, to estimate the relationship between 
dependent and independent variables, where the median 
is the 50th percentile. The quantile q,"ܙ	ϵ	ሺ1	, 0ሻ"is 
defined as that value of Y that splits the data into 
proportions q below and (1 – q) above. 
The ܐܜܙquantile regression estimator ઺ܙ෢ minimizes over 
઺ܙ the objective function 
 

ሻܙሺ઺ۿ ൌ ෍ ܑܡหܙ െ ܑܠ
ᇱ઺ܙห ൅	

ܑܠஹܑܡ:ܑ
ᇲ઺

෍ ሺ૚ െ ܙ
ܑܠழܑܡ:ܑ

ᇲ઺	

ሻ|ܑܡ െ ܑܠ
ᇱ઺ܙ 

 

This objective function is not differentiable; it 
minimizes through linear programing with the simplex 
method. 
 

2.4 Retransformation      
If the dependent variable “y” is in the form of 

natural log, then quantile regression gives the marginal 
effect in log “y”, if we want to compute the marginal 
effect on levels Davino, et al. (2014) suggested 
retransformation property. 
 

In ordinary least square regression 
 

ሻሿܠ|ܡሺ	۳	ሾ	܏ܗܔ 	് ۳	ሾ܏ܗܔሺܡሻ|ܠሿBut in quantile regression 
 

ሿܠ|ሻܡሺ܏ܗܔ	ሾܙۿ ൌ  ሻሿܠ|ܡሺܙۿሾ	܏ܗܔ
܏ܗܔሺܙۿ ሻܠ|ܡ ൌ  ܙᇱ઺܆	

ሻܠ|ܡሺܙۿ ൌ  ሻܠ|ܡ܏ܗܔሺܙۿሾܘܠ܍
ሻ൧܆|ܡ܏ܗܔሺܙۿൣܘܠ܍ ൌ  ሻܙᇱ઺܆ሺܘܠ܍

The marginal effect of “y” in levels is  
૒ܙۿሺ܆|ܡሻ

૒ܒܠ
ൌ  ܒܙ઺	ሻܙᇱ઺܆ሺܘܠ܍	

 

3.              RESULTS AND DISCUSSIONS 
Quantile regression coefficients are estimated at 5 

different levels, namely 5th, 25th, 50th, 75th, and 95th 
antile 
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Fig.1. Log of Earning by Quantile 

 

(Fig. 1). Indicates log of earning by quantiles, y-axis 
indicates the values of log of earning and x- axis shows 
the quantile of the dependent variable. We sort the data 
from smallest to the largest, value of the monthly log of 
earning is very low at lower quantiles, and very high at 
upper quantiles. The distribution of log of earning looks 
approximately normal between 10th and 90th quantiles. 
Fig. 1 also indicates that both upper and lower tails have 
extreme values. 

 
 

 

Table 1. OLS coefficients and QR coefficients at five different quantiles 
 

. 
 

 
 

 

Note:*Indicates p<0.05, **Indicates p<0.01, ***Indicates p<0.001

 
 

 

 

Variable 
 

OLS 
 

QR-05 
 

QR-25 
 

QR-25 
 

QR-75 
 

QR-95 

male 0.73*** 1.06*** 1.01*** 0.74*** 0.45*** 0.33*** 

urban 0.15*** 0.16*** 0.14*** 0.12*** 0.13*** 0.16*** 

married 0.19*** 0.34*** 0.20*** 0.14*** 0.11*** 0.09*** 

age 0.02*** 0.01*** 0.01*** 0.02*** 0.02*** 0.02*** 

Edu2 0.09*** 0.08*** 0.09*** 0.08*** 0.07*** 0.08*** 

Edu3 0.22*** 0.19*** 0.17*** 0.19*** 0.21*** 0.24*** 

Edu4 0.40*** 0.34*** 0.32*** 0.37*** 0.39*** 0.40*** 

Edu5 0.57*** 0.33** 0.48*** 0.57*** 0.61*** 0.62*** 

Edu6 0.66*** 0.58*** 0.61*** 0.60*** 0.59*** 0.66*** 

Edu7 0.89*** 0.78*** 0.83*** 0.83*** 0.83*** 0.88*** 

Edu8 1.30*** 1.20*** 1.17*** 1.24*** 1.25*** 1.40*** 

Edu9 1.59*** 1.57*** 1.55*** 1.48*** 1.47*** 1.40*** 

pro1 0.01 -0.04* -0.00 0.02** 0.02* 0.00 

pro3 -0.02** 0.04* -0.01 -0.04*** -0.06*** -0.05*** 

pro4 0.23*** 0.35*** 0.28*** 0.22*** 0.18*** 0.06*** 

Nat1 0.44*** 0.53*** 0.32*** 0.38*** 0.46*** 0.59*** 

Nat2 0.33*** 0.31*** 0.37*** 0.38*** 0.29*** 0.16*** 

Nat3 0.19*** 0.13*** 0.19*** 0.25*** 0.21*** 0.11*** 

Nat4 0.17*** 0.47*** 0.22*** 0.19*** 0.11*** -0.10** 

Nat5 0.01 0.24*** -0.04** -0.05*** -0.02 -0.04* 

Nat6 0.00 -0.04 -0.16*** -0.07** -0.01 0.25*** 

Nat8 0.11*** 0.46*** 0.11*** 0.05*** 0.02 -0.04 

Nat9 -0.08*** 0.24*** -0.06*** -0.13*** -0.18*** -0.32*** 

_cons 7.45*** 6.15*** 7.01*** 7.56*** 8.08*** 8.65*** 

 ૛ 0.451 0.2121 0.2343 0.2907 0.3396 0.331ࡾ࢕ࢊ࢛ࢋ࢙ࡼ/૛ࡾ
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The OLS estimated coefficient of male is 0.728, and 
p-value is 0.0000. The male coefficient has a positive 
impact on log of earning. It means male log of earning 
is 72.8% more than female on average keeping other 
variables as constant. These results are given in the first 
column of table 1, Quantile Regression (QR) estimated 
coefficients for male shows that they have a positive 
effect on log of earning. But we can see in figure 2 and 
table 1 the magnitude of the effect is decreasing as 
quantile increases. The OLS estimated coefficient of 
urban is 0.149, and p-value is 0.0000. The urban 
coefficient has a positive impact on log of earning. It 
shows that urban log of earning is 14.9% more than 
rural on average keeping other variables as constant. 
Quantile Regression (QR) coefficients for urban shows 
that they have a positive effect on log of earning. In 
table .1 the magnitude of the effect is increasing as 
quantile increases. For example, urban coefficient is 
0.16 for 5th quantile its mean urban log of earning is 
16% more than rural for 5th quantile, while it will 
decrease log of earnings by 0.125 for 50th quantile and 
0.157 for 95th quantile. All quantile regression estimated 
coefficients are statistically significant for this variable. 

 
Both Ordinary Least Squares (OLS) and Quantile 

Regression (QR) results indicate that married variable 
has a positive effect on log of earning. The OLS 
estimated coefficient is 0.187.  The married variable 
effect is decreasing as quantile increases for the 5th 
quantile 0.338, for 50th quantile 0.14 and for 95th 
quantile 0.092. 
 

Age influenced the log of earning positively both    
OLS and quantile regression estimated coefficients 
statistically significant. It indicated that age positively 
correlated with log of earning. OLS regression and 
median (50th quantile) regression coefficients provide 
the similar results.  We can (Fig. 2) the magnitude of 
the effect is increasing as quantile increases. 
 

Education plays an important role in earning. The 
effect of education on log of monthly earning is 
positive. The effect of log of earnings increased at each 
level of education as we move from lower to upper 
quantiles. The results showed that log of earnings higher 
for MS/PhD individuals as compared to all other 
education levels across all quantiles of log of earning 
distribution. Both ordinary least square regression and 
quantile regression results showed that log of earnings is 
higher for (legislator, senior officials, and managers) as 
compared to all other nature of work levels across all 
quantiles of log of earning distribution. OLS and 
quantile regression results indicates that log of earnings 
is higher for Baluchistan as compared to all other 
provinces across all quantiles of log of earning 
distribution. 

3.1              Retransformation Coefficients  
In this study logarithm transformation used on 

monthly earning because it reduced the skewness 
problem. A distribution that is symmetric or nearly so is 
often easier to handle and interpret than a skewed 
distribution. The logarithmic transformation also used to 
produce approximately equal spreads. The results of 
quantile regression give marginal effect for log of 
monthly earning. We can also estimate the marginal 
effect on earning, not a log of earning. The equivariance 
property of quantile regression is used. We estimate the 
marginal effect of 50th quantile or median regression in 
levels results are given in (Table .2). 

 
Table 3.2 Retransformation Coefficients 

 
We can also find a marginal effect for any quantile 

in levels. The logarithmic transformation is a no 
decreasing function that is only applied when the 
response variable is positively skewed. This 
transformation technique does not hold in OLS 
regression. The Average Marginal Effect (AME) 
estimated as  

൥
૚
ۼ
෍ܘܠ܍

ۼ

ܑୀ૚

൫ܑܠ
,઺ܙ൯൩ ઺ܒܙ 

Variable QR_50 AME QR50 

Male 0.7389 9625 

Urban 0.1249 1627 

Married 0.1397 1820 

Age 0.0169 220 

Edu2 0.0801 1044 

Edu3 0.1903 2479 

Edu4 0.3674 4786 

Edu5 0.5683 7403 

Edu6 0.6036 7862 

Edu7 0.8280 10786 

Edu8 1.2442 16208 

Edu9 1.4803 19283 

pro1 0.0238 310 

pro3 -0.0425 -554 

pro4 0.2241 2919 

Nat1 0.3778 4922 

Nat2 0.3782 4926 

Nat3 0.2535 3303 

Nat4 0.1937 2523 

Nat5 -0.0503 -655 

Nat6 -0.0673 -877 

Nat8 0.0496 647 

Nat9 -0.1289 -1678 

Constant 7.5617 98501 
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Fig. 2 OLS and QR Estimates 
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In 2 the marginal effect of male is 0.7389. The 
marginal effect in levels is 9626. Male monthly earning 
is 9626 more than female on the conditional median. 
The marginal effect of married is 0.1397. Married 
marginal effect in level is 1820. The other variable 
coefficients also interpret like this. The retransformation 
coefficients property is accurate only if the conditional 
quantile function is correctly defined (Buchinsky, 
1998). 

 
4.                          CONCLUSIONS 

The results showed that ordinary least square 
regression gives only information on the conditional 
expectation, quantile regression provided the results on 
the whole conditional distribution of the earnings. In the 
presence of normality, the OLS estimator is more 
efficient, but the distributions of log of earning, 
education, age and nature of work are skewed so the 
precision of the QR estimates is much greater than OLS. 
Two important assumptions of OLS regression 
homoscedasticity and residuals follow normal 
distribution are mostly not meet in real life data sets. 
QR provides the results that are not affected with 
heteroscedasticity because QR provides a method for 
modeling the rates of change in the log of earning at 
multiple points of the distribution when such rates of 
change are different, and no parametric distribution 
assumption is required for the error distribution 
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