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Abstract
Periodic Labour Force Survey (PLFS) is the major source of data on various labour 
force indicators in India at annual or quarterly basis which is on the field since 
2017–18. It has strategically reformed the previous quinquennial Employment and 
Unemployment Survey of National Statistical Office, India. Mobility pattern of 
workers, basically in terms of commuting is one of the key information contained 
therein which essentially entails the workplace characteristics of the workforce. In 
this article PLFS 2017–18 and 2018–19 data is analysed which depicts state-wise 
large disparities in the commuting behaviour of workers, whereas most of the work-
ers are out-commuting from rural areas. The potential reason behind is the rapid 
pace of urbanization and associated improved transportation facilities as well as 
search for stable non-farm employment opportunities by the rural workforce. Fur-
ther, the planning of urbanization or creation of employment opportunities at rural 
places in each state requires within-state regional or disaggregated level information 
of workplaces, spatial concentration of works and workers. To pursue that, disag-
gregated level analysis of commuting pattern of workers is done using small area 
estimation approach. In particular, this article describes hierarchical Bayes (HB) 
measurement error (ME) small area model for binary variable of interest indicat-
ing whether individual in the workforce is commuting or not. The HBME model 
has been implemented to obtain district level rural commuters proportions in Uttar 
Pradesh state of India. This state specifically tops amongst the states in the num-
ber of rural commuters. A spatial map has been generated for visual inspection of 
disparity in commuting behaviour of workers, also such map is useful to the policy 
makers and administration for framing decentralized level plans or strategies eyeing 
stable mobility behaviour to persuade improvement in employment rate.
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Introduction

A United Nations report projects that by 2050, 68% of the world’s population will 
live in urban settlements compared to the current 55%. Closer home, over 30% 
of the Indian population currently lives in urban areas. This will grow to 40% 
by 2030 and 58% by 2050 (United Nations 2019). The rapid pace of urbaniza-
tion will be accompanied by increased motorisation and transportation facilities, 
creation of diverse employment opportunities, gradual change of the urban built 
environment resulting in attracting and retaining rural people in large numbers 
(Zhu et  al. 2017). Existing studies suggest that, on average living standards are 
comparatively higher in urban populations and there is strong positive associa-
tion between the living standards and income of the people. Hence, the search for 
a non-farm employment and better lifestyle opportunities constitute the major 
drivers for the mobility behaviour of rural populations. In contrast to this, there 
are also studies which shows fairly opposite mobility behaviour from urban to 
rural places. In United Kingdom, about one in ten people have changed residence 
annually during the last 35 years indicating that mobility in terms of change in 
residence or workplace is quite common (Brown et al. 2015). Unlike developing 
and under-developed countries, the urban to rural mobility pattern is profound in 
developed countries.

Structurally there are two forms of population mobility, one is migration and 
another is commuting. Migration is a permanent or semi-permanent change of 
residence of sufficient duration and distance to interrupt everyday activity patterns 
whether commuting is a form of population circulation that typically involves a 
daily journey between a permanent residence and a fixed workplace (Green 2004; 
Brown et  al. 2015). The national as well as cross-border migration is heavily 
studied in most of the countries, but commuting is one of the issue which is not 
researched extensively (Adamson 2006; McAuliffe and Khadria 2020). Although 
the fact is that number of daily commuters between rural and urban areas are 
much more than either seasonal or permanent migration in a year (Chandrasekhar 
et  al. 2017). Additionally, due to some of the issues like rural–urban wage dif-
ferential and social inequalities, increased dependence on non-farm employment 
and salaried job, urbanization, improved transportation facilities and reduced cost 
to travel in neighbouring cities, commuting has become the far more important 
channel to be facilitated and understood (Bhatt et al. 2020).

In this paper Periodic Labour Force Survey (PLFS) data for the year 2017–18 
and 2018–19 in India is analysed to understand the rural–urban two way com-
muting behaviour of workers. The National Statistical Office (NSO) in India is 
conducting PLFS since 2017–18 to obtain data on various labour force indica-
tors, this survey has strategically reformed the earlier quinquennial Employment-
Unemployment survey of NSO. Currently PLFS is the major source to study the 
worker’s mobility pattern on regular basis. In both the studied years, state-wise 
large disparities have been found in commuting behaviour and trend while major-
ity of the commuters are out-commuting from rural places in both the years. Uttar 
Pradesh shows the highest number of workers commuting from rural to urban 
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areas whereas West Bengal constitutes highest number of urban to rural commut-
ers. In continuation to this, attempt is to examine and measure the disaggregated 
level (i.e., district level) commuting pattern of particularly rural populations. 
Since, PLFS is designed to obtain reliable or satisfactory estimates at the national 
and the state level (i.e., aggregated level), the district level estimates obtained 
using this survey data will be poor as the sample sizes at this level are very low 
or even zero to provide direct estimates of reasonable precision. In this backdrop, 
suitable model-based small area estimation (SAE) approach is used for disaggre-
gated level estimation of commuters proportions. The basic idea in SAE tech-
nique is to utilize existing survey or other database (i.e., census or administrative 
records) information in an implicit or explicit modelling framework to provide 
suitable small area estimates. Understanding the commuting behaviour at disag-
gregated or micro level of administration is essential in planning regional policies 
by the Central or State Governments targeting stable mobility behaviour of the 
workers.

The theoretical literatures of SAE techniques have technically developed towards 
two major directions. The First one is area level modeling, which relies on area level 
target and auxiliary variables to provide small domain level predictions. In contrast, 
unit level small area model uses unit level target and auxiliary variables for small 
area predictions. Amongst these, area level small area models are accepted well to 
account for complex survey design information which is otherwise a major problem 
in case of unit level models. Fay and Herriot (1979) were pioneering in forward-
ing the concept of area level model, popular as Fay–Herriot (FH) model. Further 
developments after FH model and its various extensions are duly covered in Rao 
(2003), Rao and Molina (2015) along with diverse practical applications. Infact, 
in past few years SAE techniques have become the integral component of various 
countries official statistics system due to its relative ability in providing quick decen-
tralized level estimates and hence assisting in decentralized level policy reforms. In 
India, although SAE technique is not the part of regular NSO publications, however 
several inspiring applications can be found in Chandra et  al. (2017, 2018, 2019), 
Anjoy et al. (2019), Anjoy and Chandra (2020), Anjoy and Chandra (2021), Guha 
and Chandra (2022). These applications are broadly disaggregated level estimation 
of poverty proportions, food insecurity proportions, indebtness proportions, earn-
ing inequality and crop total yield. This also induces motivation behind the present 
article to obtain disaggregated level estimates of worker’s mobility parameters using 
SAE approach. In particular, to study the disaggregated level commuting behaviour 
area level measurement error (ME) small area model has been employed here in 
hierarchical Bayes (HB) framework motivated from Arima et al. (2015) and Burgard 
et al. (2019).

The area level FH model typically involves auxiliary variables which are avail-
able from census or another survey. It is often discussed issue that census is infre-
quent in nature. In India it is conducted decennially. Obtaining relevant auxiliary 
variables from another survey is comparatively easier and quick. In such a situation, 
it is necessary to take into account the variability in measuring auxiliary variables 
obtained from another survey. This idea has led to the ME small area model. Fur-
ther, most of the ME literatures in SAE till date have been reported for continuous 
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data as the underlined FH model is designed for continuous data (Ybarra and Lohr 
2008; Arima et al. 2015; Burgard et al. 2019). In contrast to these earlier literatures, 
this article attempt to describe methodology of ME SAE for binary data in HB 
framework. Thereby, implement this HB ME small area model to estimate the small 
domain proportions of commuters in the workforce.

Rest of the article is organized as follows. After the introduction, a theoretical 
background before leading this work is presented. HBME small area model and its 
computational approach is explained in "Description of Methodology". In "Data 
Description", discussion about PLFS data and commuting pattern at aggregated 
level has been elaborated. In "Analysis and Interpretation", regional disparity in 
commuting pattern is described and small area estimates of commuters proportions 
for the state of Uttar Pradesh is presented. A spatial map has been generated for 
visual inspection of disparity in commuting behaviour of workers, also such map is 
useful to the policy makers and administration for framing decentralized level plans 
or strategies. The paper ends with relevant concluding remarks.

Background

SAE technique is known for its statistical efficiency to address the need of small 
domain or disaggregated level estimation. The nationwide large-scale surveys 
designed for the national or the state level estimation often mask the variations or 
heterogeneities at regional or local level. Traditional direct estimation technique 
is not a suitable option to derive reliable estimates at this level cause sample sizes 
are insufficient, negligible or even zero. Such areas named as small areas or small 
domains and are often of interest to the Government and private agencies in policy 
formulation targeting inclusive developments. The SAE methodology provides a 
viable and cost effective solution to address the problem of small sample sizes in 
small domains overcoming the drawback of direct estimation technique.

The PLFS data collected in India is based on stratified multi-stage sampling 
design with National Sample Survey (NSS) regions being the strata. NSS regions 
basically comprise of several districts within a state having similar agro-climatic 
conditions and socio-economic features. The rural areas of each NSS region con-
stituted rural stratum and urban areas of each NSS region constituted urban stratum. 
As unplanned domains below the NSS regions (i.e., districts or lower administrative 
units) do not get sufficient sample sizes to produce direct estimates with acceptable 
accuracy and further certain domains with null sample sizes it is not even possible 
to get direct estimates. Hence, to deal with the situation SAE techniques are consid-
ered as promising alternative. Basically, SAE invokes the idea of borrowing strength 
from related areas or domains and thus improve the effective sample sizes for par-
ticular domain resulting in precise estimates for small areas or unplanned domains 
where direct estimation attempt may fail (Rao 2003).

Further, various literatures have discussed the issue of area level small domain esti-
mation from either frequentist or Bayesian perspectives (Chandra 2013; Liu et al. 2014; 
Rao and Molina 2015; Chandra and Chandra 2015, 2020). The Bayesian approach 
has gained much popularity in recent years due to its flexibility in yielding quick and 
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easier mean squared error (MSE) computation which is posterior variance; addition-
ally, posterior mean or point estimate known to include more reasonable credible inter-
val region (Gelman 2006). In Bayes framework estimations are described by assum-
ing particular probability distributions, which render the opportunities to analyze the 
uncertainties involved in the decision process (Ghosh et al. 2009; Lee et al. 2015). The 
range of Bayesian methods include empirical best prediction (EBP) and HB area-level 
and unit level models covered in varied small area literatures (Gelman 2006; Jiang and 
Lahiri 2006; You 2008; Souza et al. 2009; Ghosh et al. 2009; Liu et al. 2014; Lee et al. 
2015; Anjoy and Chandra 2021). The HB approach assumes particular prior distribu-
tions for the hyperparameters to obtain posterior quantities of the parameter of interest 
(Rao and Molina 2015). The HB approach has the flexibility to deal with complex SAE 
model as it overcomes the difficulties of analytical MSE estimation in frequentist set up 
and provides quick and easier posterior variance computation based on Markov chain 
Monte Carlo (MCMC) simulation (You and Rao 2002; Anjoy and Chandra 2021). In 
frequentist approach of SAE, unlike estimation of survey weighted linear parameters 
like small area means and totals, there has been comparatively little research on estima-
tion of survey weighted small area proportions under area-level small area models. In 
contrast, Bayesian framework of SAE, in particular HB approach of SAE, incorporates 
the survey weights in estimating small area proportions under area-level small area 
models, see in Liu et al. (2014).

Various studies have reported ME SAE model with area or unit level covariates 
measured with error from either frequentist or Bayesian perspectives (Ghosh et  al. 
2006; Ghosh and Sinha 2007; Ybarra and Lohr 2008; Torabi et al. 2009; Datta et al. 
2010; Arima et al. 2012, 2015; Burgard et al. 2019). Refer Ghosh et al. 2006; Ghosh 
and Sinha 2007; Torabi et al. 2009, Datta et al. 2010; Arima et al. 2012 for ME model 
conceptualized with unit level auxiliary variables. Ybarra and Lohr (2008) described 
area level ME FH model. Arima et  al. (2015) has described HB version of the area 
level ME model of Ybarra and Lohr. Burgard et al. (2019) has discussed ME FH model 
from frequentist perspectives with normality assumption for measurement error and 
their model specifically takes maximum likelihood and restricted maximum likelihood 
estimation technique to obtain more robust predictor than moment-based estimation 
method described in Ybarra and Lohr (2008). They applied it to estimate poverty pro-
portions in the Spanish Living Condition Survey with auxiliary information from the 
Spanish Labour Force Survey. The attempt in this article is to estimate disaggregate 
level commuting proportions of workers based on PLFS data in India. The methodo-
logical framework is based on HB approach to obtain suitable small area estimates. The 
next section delineates the ME SAE methods for area level data in detail.

Description of Methodology

Measurement Error Small Area Model

Let us consider a finite population U of size N which is partitioned into D distinct 
small areas or simply areas. The set of population units in area i is denoted as Ui 
with known size Ni such that U =

⋃D

i=1
Ui and N =

∑D

i=1
Ni . A sample s of size n is 
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drawn from population U using a probabilistic mechanism. This resulted in sample 
si in area i with size ni , so that s =

⋃D

i=1
si and n =

∑D

i=1
ni . Assume, yij be the value 

of target variable y for unit j (j = 1,…,ni ) in small area i with values either 1 or 0, i.e., 
binary response. Our aim is to estimate the small domain proportions 
Pi = N−1

i

∑Ni

j=1
yij . Let, pi be the direct survey estimator of Pi obtained from target 

sample data. The direct estimator can either be unweighted or survey-weighted. The 
expression of survey-weighted direct estimator of Pi is 
piw =

�∑ni
j=1

wij

�−1 ∑ni
j=1

wijyij , where wij is the survey-weight of individual sam-
pling units yij . The sampling model of the ME structure attaches the direct survey 
estimator piw to the population parameter Pi with a sampling error ei which can be 
expressed as below,

The sampling errors are independent and usually having normal distribution with 
mean 0 and known sampling variance �2

ei
 . Anjoy et al. (2019) has given the expres-

sion of survey variance �2
ei
 computed from survey-weighted sample data. The link-

ing model of Pi attempt to relate with area-specific auxiliary variables and random 
effect component.

where the linking function g(.) is logit for binary data and log for count data, 
��
i
= (xi1, xi2, ...xip) represent the p-dimensional row vector of area-specific auxiliary 

variables, � = (�1, �2, ..., �p)
� is the regression coefficient vector of dimension p and 

vi being the area-specific random effect assumed to be independent and identically 
distributed as E

(
vi
)
 = 0 and var

(
vi
)
= �2

v
 . Random area-specific effects are included 

in the linking model to account for between areas heterogeneity.
Now, let us consider the situation in which auxiliary data are available from other 

surveys or are measured with error. We represent the measurement error model of 
ME structure as below,

where the true auxiliary variable �i being estimated by �i based on other sur-
veys with random measurement error �i ∼ N(0,�i) , �i is the p-dimensional vari-
ance–covariance matrix assumed to be known. We assume auxiliary variables are 
independent of each other, hence �i is diagonal. The combined form of the ME SAE 
model is expressed as,

where �i = (�i −�i)
�� = ��

i
� is the component due to taking into account the 

measurement error in auxiliary variables. We assume the error terms vi, ei and meas-
urement error component �i are independent of each other. Aggregating D area level 
models lead to the population level version of the ME model,

piw = Pi + ei; i = 1, ...,D.

g(Pi) = �i = ��
i
� + vi; i = 1, ...,D,

�i = �i + �i; i = 1, ...,D,

piw = ��
i
� + �i + vi + ei; i = 1, ...,D,
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where � =
(
p1w, ..., pDw

)� is the vector of direct survey estimates of target survey 
variable, � =

(
��

1
, ..., ��

D

)� be D × p matrix of auxiliary variates, � is the fixed 
effect parameter vector, � =

(
��
1
, ..., ��

D

)� be the D × q matrix of auxiliary variables 
which are measured without error, � = (θ1,...,θq)

� is the q-dimensional regression 
coefficient vector associated with matrix Z, Λ =

(
�1, ..., �D

)� incorporates meas-
urement error due to auxiliary variables, � =

(
v1, ..., vD

)� is the vector of domain 
random effects and � =

(
e1, ..., eD

)� is the vector of sampling errors. The vari-
ance–covariance matrix of the ME model is,

where �� = diag
{
(���i�); 1 ≤ i ≤ D

}
 , �v = diag

{
�2
v
; 1 ≤ i ≤ D

}
 and 

�e = diag
{
�2
ei
; 1 ≤ i ≤ D

}
.

Hierarchical Bayes Inference

Let vector of population parameters in D small domain is � =
(
P1, ...,PD

)� . Hereby 
we express ME model for binary response variable in HB framework for single aux-
iliary variable measured with error,

For univariate auxiliary variable measured with error, � = diag
{
Ψi; 1 ≤ i ≤ D

}
 . 

This expression of HB ME model given above has also the flexibility of extending 
for multivariate case.

In HB approach, the inferences about the small area parameter of interest are 
drawn from the posterior distribution. Particularly, posterior mean is taken as the 
point estimate of the parameter and posterior variance as a measure of the uncer-
tainty associated with the estimate. The posterior density of the described HBME is,

This posterior density cannot be obtained in a closed form. Hence, for imple-
menting HB procedure, Monte Carlo Markov chain (MCMC) technique is used, 
which overcomes the computational difficulties of high-dimensional integrations 
of posterior densities to a greater extent. In particular, Gibbs sampling method is 
implemented to draw random samples from posterior densities. The full conditional 

� = �� + �� + Λ+� + � ,

var(�|�) = � = �� + �v + �e ,

�|� ∼ N(�,�e);

logit(�)|�, �, �, σ2
v
∼ N(�� + ��,�v) and

�|�,Ψi ∼ N(�, �).

f (�,�, �, �,�v | �,�) ∝ |�v|
−

1

2 exp

[
−

1

2
{(� − �)��−1

e
(� − �)

+ (logit(�) − �� − ��)�
(
�v

)−1
(logit(�) − �� − ��)

+ (� − �)��−1
(� − �)}

]||||
�logit(�)

��

||||
.
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distributions of the described HBME model under Gibbs sampler are given as 
follows.

For the hyperparameters � and � the prior was N(0, �2
0
) , where σ2

0
 is set to be 

very large. The prior choice σ2
v
 was IG(a0, b0) , (IG stands for Inverse Gamma) where 

very small value for a0 and b0 (usually a0 = b0 → 0 ) is fixed to reflect lack of prior 
knowledge about variance parameters (Rao and Molina 2015; Anjoy and Chandra 
2021). The application of described HBME model for PLFS data of NSO is deline-
ated in the next sections. All the computations of small area models have been car-
ried out using R and JAGS (Just Another Gibbs Sampler) software.

Data Description

In India, the PLFS has been structured majorly to meet two broad objectives. First, 
to measure the dynamics of labour force participation and employment status (level 
and change estimates) at quarterly interval for urban areas based on current weekly 
status (CWS) approach. Secondly, to bring out the level estimates of all important 
parameters annually in both rural and urban areas based on usual status (principal 
status + subsidiary status) and CWS approach. The usual status (ps + ss) and CWS 
are the activity status classification based on reference period of 1 year and 1 week 
respectively (Annual Report of PLFS 2019). Based on the design of PLFS, it is dif-
ficult to obtain reliable and acceptable decentralized level estimates on important 
labour force indicators to facilitate micro level understanding of the labour force 
characteristics because of the sample sizes constraint at this level. SAE techniques 
tend to improve the effective sample sizes for particular domain resulting in satisfac-
tory and reliable estimates for small areas.

� | �, �,�v, �,�,� ∝ |�v|
−

1

2 exp

[
−

1

2
{(� − �)��−1

e
(� − �)

+ (logit(�) − �� − ��)�
(
�v

)−1
(logit(�) − �� − ��)

+ (� − �)��−1
(� − �)}

]||||
�logit(�)

��

||||
,

� |� , �, σ2
v
, �,�,� ∼ N

[(
���

)−1
��(logit(�) − ��), σ2

v

(
���

)−1]
,

� |� , �, σ2
v
, �,�,� ∼ N

[(
���

)−1
��(logit(�) − ��), σ2

v

(
���

)−1]
,

� |� , �, �, σ2
v
, �,�,� ∼ N(� + �−1(� −�� − ��)��, � − �−1(�����)).

σ2
v
|�, � , �, �,�,� ∼ IG

[
a1+

D

2
, b1+

(logit(�) − �� − ��)�(logit(�) − �� − ��)

2

]
,
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In this article PLFS 2017–18 and PLFS 2018–19 data have been analyzed for 
investigating the commuting patterns of workforce in rural and urban India. In 
PLFS, residence and workplace location can be tallied to get the numbers of com-
muters. Primarily, location of workplace is sought for industry groups 014, 016, 
017 and divisions 02-99 excluding the workers engaged in farming. These indus-
try group numbers are basically National Industrial Classification (NIC) 2008 codes 
corresponding to Primary, Secondary and Tertiary sectors (National Industrial Clas-
sification 2008). According to 2017–18 data, the estimated number of rural workers 
in urban areas were 15.8 million and estimated number of urban workers in rural 
areas were 2.9 million; whereas 10.3 and 9.3 million workers respectively in rural 
and urban places were not having any fixed place of work. In 2018–19, 18.8 million 
individuals living in rural areas were working in urban areas, for 2.4 million urban 
workers the place of work was rural while 9.8 and 7.9 million rural and urban work-
ers respectively had no fixed place of work. In the analysis tables workplace encom-
passes both principal as well as subsidiary location component, although workers 
commuting in subsidiary capacity are considerably lower in number than the other. 
The gender classified as well as person wise aggregated summary in Table 1 infers 
that, from 2017–18 to 2018–19 the number of workers commuting from rural to 
urban India has increased by 3 million, on the other side number of urban workers 
working in rural areas has decreased by a margin (0.5 million). Combined urban 
workforce has increased by 5 million including urban workers as well as commuters 
from rural. This is also to note that, numbers of workers with no fixed workplace has 
decreased considerably over the year. In both rural and urban areas, proportion of 
male commuters (around 80% or more in both the years) are much more than female 
commuters.

On scrutinizing the activity status of major commuters from rural to urban 
as well as urban to rural workplaces, it has been found that rural residents have 

Table 1  Aggregated level 
commuting pattern in rural and 
urban India from PLFS 2017–18 
and 2018–19 data (in millions)

Total number of commuters at All India level is marked as bold

PLFS year Residence Workplace Male Female Persons

2017–18 Rural Rural 72.4 17.8 90.2
Urban 14.4 1.4 15.8
Not fixed 9.9 0.4 10.3

Urban Rural 2.2 0.7 2.9
Urban 70.3 18.0 88.3
Not fixed 8.7 0.6 9.3

Total (India) 177.9 38.9 216.8
2018–19 Rural Rural 72.0 20.8 92.8

Urban 17.1 1.7 18.8
Not fixed 9.4 0.4 9.8

Urban Rural 1.9 0.5 2.4
Urban 75.6 19.6 95.2
Not fixed 7.4 0.5 7.9

Total (India) 183.4 43.5 226.9
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majorly moved to urban places for salaried or wage paid job followed by casual 
works in public or other departments. According to Table  2, around 55% rural 
commuters to urban places were due to salaried work followed by around 27% 
workers commuted for casual work. Whereas, for urban workers this commuting 
pattern to rural areas is not so prominently differentiated in three major activities.

Further Table 3 is the summary representing the state-wise mobility pattern of 
workers. The median figure of rural commuters were 1.79 lakhs and 2.88 lakhs in 
the consecutive years. Whereas, average number of rural commuters were much 
more in the consecutive years (around 4 and 5 lakhs respectively). Figure 1 is the 
pictorial of the share of commuters across the states which is clearly revealing the 
state-wise disparity in workers’ mobility. The states contributing largest number 
of commuters from rural to urban workplaces are Uttar Pradesh (UP) followed by 
Tamil Nadu (TN), West Bengal (WB) and Bihar (BR). From urban to rural work-
places, the states depicting largest commuters are WB followed by UP, Maharash-
tra (MH) and TN.

Table 2  Workers commuting pattern by activity status from PLFS 2017–18 and 2018–19 data (in mil-
lions)

Total number of commuters at All India level is marked as bold

Activity status Rural Urban All India

Rural Urban Not fixed Rural Urban Not fixed Total

PLFS 2017–18
 Self employed 36.8 2.8 3.8 1.3 29.9 5.5 80.1
 Regular salaried/wage 23.4 8.7 1.4 1.1 47.6 1.2 83.4
 Casual wage labour 30.0 4.3 5.1 0.5 10.8 2.6 53.3
 Total (India) 90.2 15.8 10.3 2.9 88.3 9.3 216.8

PLFS 2018–19
 Self employed 39.7 3.7 3.6 1.1 32.1 4.6 84.8
 Regular salaried/wage 23.2 10.2 1.3 0.9 52.0 0.9 88.6
 Casual wage labour 29.9 4.9 4.9 0.4 11.0 2.4 53.5
 Total (India) 92.8 18.8 9.8 2.4 95.2 7.9 226.9

Table 3  State summary of commuting pattern in India from PLFS 2017–18 and 2018–19 data (in thou-
sands)

Summary statistics PLFS 2017–18 PLFS 2018–19

Rural to urban Urban to rural Rural to urban Urban to rural

Min 0.6 0.2 1.2 0.3
Q1 15.7 5.5 20.5 10.1
Mean 440.0 82.8 523.1 66.5
Median 179.7 33.2 288.7 28.5
Q3 750.5 106.3 875.8 85.2
Max 2275.4 528.8 2835.9 356.6
Total 15,839.8 2898.3 18,830.8 2395.2
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Fig. 1  a Distribution of rural to urban commuters across States of India (representations: green rectangle 
PLFS 2017–18 and blue rectangle PLFS 2018–19). b Distribution of urban to rural commuters across 
States of India (representations: green rectangle PLFS 2017–18 and blue rectangle PLFS 2018–19)
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From the aggregated level picture of the number of commuters (see Fig.  1) 
very less idea can be obtained about the spatial concentration of commuters 
within states at local or regional levels. Hence, for the disaggregated level analy-
sis of commuters behaviour Uttar Pradesh state has been chosen which was shar-
ing largest number of rural commuters. Table 4 portray the distribution of district 
specific sample sizes and sampling fraction which is clearly indicating the fact of 
underrepresentation of samples in unplanned areas or domain. Overall, in Uttar 
Pradesh (rural) median sample sizes for workforce in districts are 99 only. So, we 
may attempt to implement SAE approach for improving estimates at small domain 
or district level where direct estimates cannot be acceptable. In particular, the aim 
is to produce proportion of rural to urban commuters ( Pi ) out of total workforce 
across the districts(rural) in Uttar Pradesh. The direct estimate of Pi is 
piw =

�∑ni
j=1

wij

�−1 ∑ni
j=1

wijyij , whereas the variable yij is binary with regard to 
the commuting behaviour. Let pij be the selection probability attached to jth sam-
pling unit yij in the area i. The basic design weight will be wij = (nipij)

−1. These 
weights can be adjusted to account for non-response and/or auxiliary information 
(Hidiroglou and You 2016). The variance of the estimator piw is given by, 
�2
ei.sw

=

�∑Ni

j=1
wij

�−2�∑Ni

j=1
wij(wij − 1)(yij − Pi)

2
�
. The survey weighted estima-

tor piw and its variance induce the sampling deign into HB small area modeling 
structure (Anjoy and Chandra 2021). Small area modeling has been done using 
PLFS 2018–19 data with potential auxiliary variable from PLFS 2017–18 as well 
as India’s Population Census 2011. The small area level proportion estimates can 
necessarily be converted into numbers by multiplying with district wise work-
force Ni or N̂i =

∑ni
j=1

wij in usual status.

Table 4  Summary of sample sizes (n) and sampling fraction (f = n/N) across regions in Uttar Pradesh 
from PLFS 2018–19 data

Region Features Min Median Average Max Total

Northern Upper Ganga Plains n 22 109 104 211 1036
f 0.0001 0.0002 0.0002 0.0003 0.0021

Central n 63 137 146 297 1314
f 0.0002 0.0002 0.0002 0.0003 0.0019

Eastern n 48 75 106 292 2972
f 0.0002 0.0002 0.0002 0.0003 0.0061

Southern n 52 74 100 188 699
f 0.0002 0.0002 0.0002 0.0003 0.0016

Southern Upper Ganga Plains n 28 120 127 218 2156
f 0.0002 0.0002 0.0002 0.0003 0.0037

All (Uttar Pradesh) n 22 99 115 297 8177
f 0.0001 0.0002 0.0002 0.0003 0.0154
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Analysis and Interpretation

The auxiliary variables required for implementing HBME small area model have been 
obtained from PLFS 2017–18 and Population Census 2011. Since our interest is to 
obtain proportion of commuters commuting from rural to urban, we have taken rural 
unemployment rate and rural workforce participation rate as auxiliary variables. Dis-
trict wise proportions of rural unemployment (x) for Uttar Pradesh has been considered 
for the PLFS year 2017–18. The x for ith district is given as xi = N−1

i

∑Ni

j=1
xij , where 

the auxiliary variable xij is binary taking value 1 if a person in the labour force (by usual 
status) is unemployed and 0 otherwise. The estimate of xi is given by 
x̂i =

�∑ni
j=1

wij

�−1 ∑ni
j=1

wijxij , where wij is the survey-weight. Figure 2 shows spatial 
map for the district-wise proportions of rural unemployment in Uttar Pradesh from 
PLFS 2017–18. However, the selection of this auxiliary variable has been preceded by 
correlation studies with pools of auxiliary variables with the study variable as well as 

Fig. 2  Spatial map showing district-wise proportions of rural unemployment in Uttar Pradesh from PLFS 
2017–18
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various literatures also have indicated the strong relationship between mobility vs. 
unemployment. The Pearson correlation coefficient between the study and this auxil-
iary variable was 0.30. Another auxiliary variable is rural workforce participation rate 
(z) from the population census. Nayka and Sridhar (2019) have suggested higher work-
force participation rates generally being characterised by large number of commuters. 
Workforce participation rate according to census definition is proportion of total 
(main + marginal) workers in the population (workers + non-workers). Figure  7 in 
Appendix shows spatial map for the district-wise rural Workforce participation rate. 
Further, Figs. 8 and 9 in the Appendix showing bivariate choropleth map for the target 
variable with survey and census auxiliary variables respectively. Top right colour of the 
palette in both the figures indicates higher mobility combined with higher unemploy-
ment rate and higher workforce participation rate respectively. In Fig. 8, the districts 
marked in top right colour of the palette are having higher mobility and unemployment 
rate. Some of these districts are adjoining to big cities, for example GTB Nagar (rural), 
Kanpur (rural), Lucknow (rural).

We have implemented ME SAE model to obtain precise estimates for the param-
eter of interest at district level. For computing HB estimates of commuters propor-
tions (Pi), we have considered prior for σ2

v
 as IG(0.1, 0.1) and distribution of � and 

� has been taken to be N(0,  106). The value of potential scale reduction factor R̂ for 
each of the district was found to be close to 1, which implies the convergence suc-
cess of MCMC sampler in HB method implementation. Table 5 is the summary of 
estimates obtained using traditional direct estimation technique vs. small area model 
based approach. Summary of 63 (excluding 8 districts with direct proportion value 0) 
and total 71 districts have been presented differently. In Fig. 3 we plot the direct and 
small area model based estimates across 63 districts with non-zero proportions. This 
plot indicates that both the estimates have coincided for majority of the districts. Wald 
Goodness of fit statistic is also computed to test whether there is any statistical differ-
ence between the direct estimates and model based predictor (Chandra 2018). The null 
hypothesis is direct and model based estimates are statistically equivalent. The Wald 
statistic computed based on 71 districts was 4.94 which is smaller than the critical 
value (91.67) from a chi square distribution with 71 degrees of freedom at 5% level 
of significance. This indicates that model based small area estimates are consistent 
with the direct estimates. The coefficient of variation % (CV%) is the criteria which 

Table 5  Comparison of direct 
vs. model based SAE estimates 
of the proportion of rural to 
urban commuters in workforce 
for Uttar Pradesh in 2018–19

Values Summary of 63 districts Summary of 71 
districts

Direct SAE Direct SAE

Min 0.002 0.004 0.000 0.005
Q1 0.025 0.023 0.010 0.025
Median 0.061 0.050 0.049 0.045
Average 0.089 0.081 0.079 0.077
Q3 0.117 0.107 0.116 0.099
Max 0.494 0.464 0.494 0.464
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indicates the reliability of particular estimates. For districts with small sample sizes, 
the CV% of direct estimates may not be reliable. SAE method has also been promising 
for areas with very high CV% of direct estimation (see Fig. 4). For direct estimates, 
the maximum CV% has gone up to 233, this is the reason why we cannot rely on direct 
estimates of such districts with too high CV%. There were 7 such districts with CV% 
more than 100, whereas maximum CV in SAE estimates was 67%.

For model diagnostic of the residuals, the residuals have been plotted across dis-
tricts along with histogram for normality check. As one can see from Fig. 5, residuals 
are symmetrically distributed along the 0-line. This infers independence assumption 
of the residuals have been satisfied. Histogram is suggesting that model residuals are 
following normal distribution. The Figs. 3 and 5 entails the fact that fitted small area 
model has fulfilled both the bias diagnostic and model diagnostic results.

Finally, Fig. 6 is the spatial map of rural to urban commuters’ proportions across 
districts in Uttar Pradesh. The dark shaded regions share higher number of com-
muters in the workforce than the light shaded regions. In western part, districts like 
Gautam Budhha Nagar, Saharanpur, Baghpat, Meerut, Ghaziabad are having rea-
sonably higher number of commuting workers, because these are near to big cit-
ies like Noida, Delhi. Again from Kanpur and Lucknow rural peoples are commut-
ing in large numbers to the main city. In the south, Sonbhadra district is near to 

Fig. 3  Plot of direct vs. model based SAE estimates of commuters proportions in workforce
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Madhya Pradesh border, hence rural people tend to commute to cities of adjacent 
state. Development of large cities, urbanization and improved transport facilities 
with reduced cost are some of the reasons attributed to higher number of commuters 
out-commuting from rural places in these districts. Such spatial mapping of com-
muting pattern may be useful to the policy makers to plan urbanization accordingly 
to attract workforce or in contrast, generate employment in rural areas itself to retain 
workers at rural places. This attempt of policy making is deliberated by the admin-
istration and their strategy to shape a state may be guided by the disaggregated level 
figures eying stable mobility behaviour of workers.

Further, there are certain issues which warrants additional investigations. For 
example, majority of the rural workers are commuting for regular salaried job (ref. 
Table 2) which demands relatively higher educational as well as skill status by the 
employed workers. This also may imply that in rural settlements, their job is being 
either underpaid or temporary, hence they commute to urban places having diverse 
opportunities to secure their job as stable or permanent. Again, across districts of 
Uttar Pradesh spatial mapping of the certain technical skills of the workers may be 
sketched to understand any possible association with the definite mobility pattern. 
Mode of transport of the workers is another important factor which governs distance 
of commuting and currently the State administration is emphasizing a lot on public 
transportation facilities. Data on mode of transport is available from Census data-
base which may be utilized to correlate the mobility behaviour.

Fig. 4  Plot comparing the CV% for direct and model based SAE estimates across districts in Uttar 
Pradesh
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Fig. 5  Distribution of the 
district level residuals (left) 
and histogram of the residuals 
(right) for the model based small 
area estimates
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Concluding Remarks

The article on theoretical front focusses on using HBME SAE approach for binary data 
with an innovative application to generate the number of commuters at small area level. 
Disaggregated level pattern of commuting or mobility data of workforce is also indica-
tive of the real situation of overall employment pattern. What we actually see at the 
state or the national level in context of commuting patterns of workers is quite differ-
ent than this distribution at disaggregated level. State level or central level allocation 
of fund on need basis can be guided by these micro level statistics. The purpose of this 
work is well motivated from the background of microscopic scrutinization of commut-
ing pattern in rural and urban India. Mobility is an issue caused by several factors. The 
reasons can be traced differently in rural areas as contrast to urban areas. But the main 
trend of this is driven by unemployment or under-employment. Again number of rural 
migrators are much more than urban migrators, because the employment opportunities 
are created due to urbanization. In this article, based on PLFS 2017–18 and 2018–19 
data the commuting pattern across the states, sectors, genders and work status has been 

Fig. 6  Spatial map of rural to urban workers mobility pattern across districts in Uttar Pradesh generated 
using SAE approach
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analysed. Then, the mobility behaviour has been examined at disaggregated level using 
HBME SAE model. The performance of HBME SAE method has been found to be 
promising in the social science application presented in this article. Implementation 
of direct estimation method to the unplanned regions having negligible or zero sample 
sizes may not provide the proficient estimates. Again in absence of good auxiliaries 
from census or administrative records, use of ME small area model is crucial linking 
two surveys. Small area estimation method is officially used in many countries to pro-
duce several official estimates and even more spread of such approach is need of the 
day with emerging necessities for micro level data.

Appendix

See Figs. 7, 8 and 9.

Fig. 7  Spatial map showing district-wise rural workforce participation rate in Uttar Pradesh from popula-
tion census 2011
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Fig. 8  Bivariate Choropleth map showing unemployment and mobility pattern in Uttar Pradesh
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