Vol. No. PDOS-XXXVIII No. (3-4)
ISSN 2249-197X

-
/ NS.O inpial
( N,/
\2)/ /

Data for Development

Tdayor
SARVEKSHANA

114" Issue
March, 2023

Journal of
National Sample Survey Office

Government of India
Ministry of Statistics and Programme Implementation
National Sample Survey Office
New Delhi
WWW.MmOospi.gov.in



SARVEKSHANA

114™ Issue

Journal of
National Sample Survey Office

el
()

b “1 p Al
) L
’J

\!
(2% v
3 .;%g;“?:"?-.
BN L Al
MILAR FessEnBiRTE »

e mm i Sy
(X »

FHd 9

Government of India

Ministry of Statistics and Programme Implementation

National Sample Survey Office
New Delhi



Journal of National Sample Survey Office (NSSO), Ministry of Statistics and Programme
Implementation (MoSPI)

Editorial Advisory Board

Dr. G. C. Manna, Chairman, Ex-DG, NSSO, New Delhi

Dr. Manoj Panda, Ex-Director, IEG, New Delhi

Shri Aloke Kar, Ex. DDG, NSSO, Kolkata

Prof. T. J. Rao, Professor (Retd.), Indian Statistical Institute, Kolkata

Director General, National Council of Applied Economic Research (NCAER), New Delhi
Additional Director General, NSSO (FOD), MoSPI, New Delhi

Additional Director General, NSSO (SDRD), MoSPI, Kolkata

Additional Director General, NSSO (DPD), MoSPI, Kolkata

Additional Director General, NSSO (SCD), MoSPI, Managing Editor, New Delhi
Additional Director General, NSSO (ESD), MoSPI, New Delhi

Deputy Director General, DPD (IS Wing), Kolkata

Director, International Institute for Population Sciences (I1PS), Mumbai

Director, Indira Gandhi Institute of Development Research (IGIDR), Mumbai
Prof. K. Narayanan, IIT Bombay, Mumbai

Representative from ORGI, New Delhi

Dr. Farzana Afridi, ISI Delhi, New Delhi

Director, NSSO (SCD), MoSPI, New Delhi

Editorial Secretariat - Survey Coordination Division, National Sample Survey Office, Ministry
of Statistics and Programme Implementation, Sankhyiki Bhawan, Delhi-110032.

Shri Ghan Shyam, Additional Director General, NSSO (SCD)
Ms. Noushida N.A., Director, NSSO (SCD)

Shri Chetan Yangjor, Deputy Director, NSSO (SCD)

Shri Ram Prakash, Senior Statistical Officer, NSSO (SCD)

Frequency and Subscription

‘Sarvekshana’ is generally published twice a year and is made available on the website of the
Ministry for free download. The subscription rate for hard copy is X300 per copy. For subscription
mail to: Controller of Publications, Department of Publication, Civil Lines, Delhi - 110054. Ph.
23819689, 23817823

Submission of papers/articles for Sarvekshana

‘Sarvekshana’ is aimed at encouraging research and analysis of NSS, Census, ASI data and other
official statistics to bring about a deeper understanding of statistical data. For details about
submission of papers/articles, refer to back of cover page.

Opinions expressed in ‘Sarvekshana’ are those of the authors and not necessarily reflect the
views or policies of the NSS or the Government of India. NSS is not responsible for the
accuracy of the data and information included in the papers nor does it accept any
consequence for their use. Material in ‘Sarvekshana’ may be freely quoted with appropriate
acknowledgement and a copy of the publication be sent to the Managing Editor.

Suggestions for improvement of the Journal may be addressed to:
The Managing Editor, Sarvekshana,

Survey Coordination Division

National Sample Survey Office, MoSPI

Sankhyiki Bhawan, Maharshi VValmiki Marg, Delhi — 110032




Foreword

Bringing out Sarvekshana has always been an enlightening endeavour. The first issue of
Sarvekshana was released during July, 1977 and the latest released issue is 113th issue. The
present 114th issue comes with three papers on the subjects of (i) Making India Open
Defecation Free: A Machine Learning Approach, (ii) Estimation of Quality Adjusted Life
Year (QALY) Based on Discrete Axiom of Revealed Preferences (DARP) and Splines for
Different States of India and (iii) Recent Estimates of Dynamic Mobility of Persons in
Current Weekly Activity Status Based on Markov Chain. In addition, the highlights of the
recent survey report of Periodic Labour Force Survey namely, ‘Annual Report of Periodic
Labour Force Survey (PLFS), July 2021 — June 2022’ have been included in the 114th issue.

Referees have been very kind in examining the papers in detail and offering their suggestions
in a short span of time. So have been the Members of the Editorial Advisory Board of
Sarvekshana. | offer my sincere gratitude to them and solicit continued support for the
Journal. Authors of the papers have also been cooperative in accepting the suggestions for
repetitive revisions. | congratulate them for their work which we hope would be useful.
Officers of Survey Coordination Division of National Sample Survey Office have been
meticulous at various stages of publication of this issue and their hard work deserves
appreciation.

The Sarvekshana is a known Journal among researchers, academicians and policy makers. |
welcome students, researchers, Government officials and all those working on data based on
sample surveys and censuses to contribute papers for this Journal.

C,, o L,LM
New Delhi Chairman

April, 2023 Editorial Advisory Board
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Making India Open Defecation Free: A Machine Learning Approach
Piyush Kumar Sing*
Abstract

The objective of this paper is to create a classifier using machine learning algorithms that can identify
individuals who do not use a latrine. If such individuals can be identified, then they may be encouraged to use
latrines by appropriate policy interventions, thus making India open defecation free. For this purpose, 4
different models are created and the input variables for the first three models are chosen heuristically. But, the
input variables for the fourth model are chosen from another machine learning model to remove any bias or
prior knowledge of any variables. A comparison of all these models is done to choose the best model. Many
such classifiers may exist but we are aiming for a very simple (having fewer input variables) and effective
classifier.
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1. Introduction

Machine learning is a branch of artificial intelligence (Al) and computer science which focuses on the use of
data and algorithms to imitate the way that humans learn, gradually improving its accuracy. It is also defined
as an application of Al that enables systems to learn and improve from experience without being explicitly
programmed. Machine learning focuses on developing computer programs that can access data and use it to
learn for themselves. Through the use of statistical methods, algorithms are trained to make classifications or
predictions, uncovering key insights within data mining projects. There are mainly four types of machine
learning problems - supervised learning, unsupervised learning, semi-supervised learning and reinforcement
learning. This paper focuses on a supervised learning problem using a machine learning algorithm known as
CatBoost (Categorical Boosting) Classifier.

CatBoost provides a gradient boosting framework that among other features attempts to solve for categorical
features using a permutation-driven alternative compared to the other gradient boosting algorithms. In
prediction problems involving unstructured data (images, text, etc.) artificial neural networks tend to
outperform all other algorithms or frameworks. However, when it comes to small-to-medium
structured/tabular data, decision tree-based algorithms are considered best-in-class right now.

CatBoost is considered to be one of the best-performing machine learning algorithms for tabular data having
a lot of categorical variables in the present day. NSS 76™ round data contains a lot of categorical variables and
that is one reason for choosing CatBoost for this paper. CatBoost can also rank the input variables according
to their importance in explaining model behaviour, which is a very useful and unique feature. This is another
reason for choosing this particular machine learning algorithm.

It has been widely established that poor sanitation and the practice of open defecation has disastrous impacts
on the health of an individual and economies on a larger scale. A recent joint monitoring programme (JMP)
on water, sanitation and hygiene by the World Health Organization and UNICEF released on July 1, 2021
stated that at least 15% of the total population in India defecates in the open. One per cent of the urban and
22% of rural population practises open defecation in the country (Shivangi, 2021).

Any country aims to eliminate the black spot of open defecation. The Government of India is trying its best to
address this issue (through projects like Swachh Bharat Mission) but the problem always lies in identifying
the ‘right’ person so that they can be motivated to use latrines. It is possible to make complex mathematical
models which could identify these persons with a very high level of precision. Still, when these models are
applied in the field, they are not found to be practical because they use too many inputs for prediction.

The aim of this paper is to identify individuals who do not use latrine using a ML model. To make such
predictions we can make an infinite number of models using the same NSS data but in this paper, we are trying
to make a simple (very less input variables) yet effective model.

There can be many factors which can contribute to latrine non-usage by an individual. For example, age can
be a factor, level of education can be a factor etc. But the statement ‘age or level of education can contribute
to latrine non usage’ is based on our experience and knowledge of life. This may or may not be true. It is
possible that some variable V1’ alone can make a better prediction than age and level of education combined.

In the first part of the paper, we built 3 models by using variables based on our knowledge and experience and
as we increased the number of variables, we found that the model performance started to improve.


https://www.ibm.com/cloud/learn/what-is-artificial-intelligence
https://xgboost.ai/
https://en.wikipedia.org/wiki/Gradient_boosting
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In the second part, we tried to make a model which does not have any knowledge bias. For this purpose, we
choose variables which are contributing more to explain the variability as suggested by the machine (in the
first part) are contributing more to explain the variability. When this is done, we landed with a model which
not only has the least number of input variables but is also the most effective among the models we created in
part one. This shows how ML algorithms when used properly can give out of the box solutions for complex
problems.

2. Data
(A) Data Source

National Sample Survey Office (NSSO) conducted an all-India survey on ‘Drinking Water, Sanitation,
Hygiene and Housing Condition’ in its NSS 76" round from July, 2018 to December, 2018. The objective of
this survey was to examine and study different aspects of living conditions necessary for decent and healthy
living. In this survey information was collected on access to latrine, in terms of exclusive use, common use or
no access, type of latrine and reason for not using latrine despite having access at the household level for
different social, occupational and educational classes and religious groups. The survey was conducted amongst
a representative sample of households selected randomly covering almost the entire geographical area of the
country. A stratified two-stage design was adopted for the NSS 76™ round survey where the first stage units
(FSU) were villages/Urban Frame Survey (UFS) blocks/Sub-units (SUs) and the Ultimate Stage Units (USU)
were households in both sectors. For the central sample, the total number of FSUs surveyed for Schedule 1.2
of NSS 76" round was 8,992 at the all-India level of which 5,378 was in rural areas and 3,614 was in urban
areas. A sample of 63,736 rural households and 43,102 urban households was surveyed. The data used in this
study is based on the unit-level data of this survey. Data for ‘Use of Latrine” was Block 3 of this survey in
which data is collected at the individual level. The total number of persons surveyed was 4,66,527 all over the
country.

(B) Input Variables for Machine Learning Models

On the basis of intuition, common knowledge and ease of collection 16 variables are selected as input features:
‘Gender', 'Age', 'Marital status', 'Highest level of education', 'Usual principal activity status', 'Sector,
‘State_Code', 'Household size', 'Religion’, 'Social group', 'Land possessed as on date of survey', 'UMCE' (Usual
Monthly Consumer Expenditure), 'Tenurial status of dwelling', "Whether drinking water sufficient', ‘Principal
source of water excluding drinking', 'Whether gets sufficient water'.

When a correlation analysis of the above variables is done, ‘Age’ is found to be highly correlated to ‘Marital
Status’ and ‘Whether drinking water sufficient' is decently correlated with "Whether gets sufficient water'.
Hence, ‘Marital Status’ and ‘Whether drinking water sufficient' were removed from the list of input variables.
The Heatmap of the correlation matrix is shown above and after dropping these two variables, a total of 14
input variables are taken to be our super set. From this super set, we will randomly create a few sets and make
some models on those input sets to see how the model is performing.
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Figure 1. Heatmap of the Correlation matrix

Correlation analysis

Age 0.8 . . .0 . 0.067

Marital status

Highest level of education --0.14

Usual principal activity status SUEEN 038 035 .15 S il 0072

use of latrine (code) 30.19 0.13 0.22 11T
Sector 023 I 101010082
scode (.082 0.075 0091 . £ 0.085
Household size I].CI'.I'2 00,082 0.16 0.4

Religion i 0064
Social group 0067 017 0.19 02

Land possessed as on date of survey

MCE 022 0.37 04 0064 02
TEnurial status of dwelling 0.31 0085

Whether drinking water sufficient 1 NROEN 0.65

Principal source of water excluding drinking . B mﬂ_ﬂﬁl 1

Whether gets sufficient water 0.059 0.65

Age
Sectar
scode
UMCE

Gender
Marital status
Highest level of education
Usual principal activity status
use of latrine (code)
Househaold size
Religion
Social group
Land possessed as on date of survey
TEnurial status of dwelling
Whether drinking water sufficient
Principal source of water excluding drinking
Whether gets sufficient water

Note 1. In general, increasing the number of input variables increases the predictive ability of most models.
But this is not always true. It is much more important to use fewer ‘quality’ input variables rather than
just increasing the number of input variables randomly. Sometimes, blindly increasing the input variables
leads to increased noise in the model which consequently decreases model performance.

Note 2. Randomly increasing the input variables is also not very user-friendly as it may be tedious to get the
values of all the input variables to do predictions. For example, a model created on 40 input variables may
perform fantastically on the test set. But, it might not be possible to get values of all 40 input variables every
time to do predictions and thus, putting a big question mark on the usability of such bigger models in real life
and therefore, simpler models are often preferred.
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(C) Dependent Variable and its Simplification

‘Use of Latrine’ is a categorical variable with the following categories:

regularly ............cccoeeuen. 1
occasionally ....................... 2
FEVET ., 3

In its present form, this is a multi-class classification problem because the dependent variable has more than
2 categories. For this paper, we will transform this into a binary classification problem with new codes using
the logic explained below.

The total number of individuals surveyed in the NSS 76" round is 4,66,527. The distribution of ‘Use of Latrine’
is given below:

Table 1. Original Distribution of ‘Use of Latrine (code)’

Use of Latrine (code) Counts
1 3,73,865

3 9,956

2 2,873
Total 3,86,694

The total number of individuals where ‘Use of Latrine (code)’ is not available is 79,833 (4,66,527-
3,86,694=79,833). According to the related instructions in section 3.3.11 of the instruction manual of this
survey, columns 11 to 14 are relevant only for those households which have access to latrine i.e. for the
households with any of the codes 1 to 4 and 9 in item 25 of block 5 of the schedule of enquiry. Entries in these
columns are to be recorded after canvassing block 5.

It may be inferred from above that 79,833 people do not have access to latrines. Hence, it is assumed that these
79,833 people are not using latrines (code 3).

Further, code 2 which means occasionally using a latrine is also assumed as not using a latrine (code 3). There
are two reasons for this assumption which are mentioned below.

i. The count of individuals with code 2 is extremely low (0.74%). So, reclassifying them as code 1 or code
3 or dropping them altogether from the analysis doesn’t make a big difference.

ii. As per section 3.3.12.2 of the instruction manual, if any household member does not use latrine in most
of the circumstances i.e. the common practice of the household member is not to use latrine but to go for
open defecation, then it will be considered that the household member is not using latrine regularly and
entry in this column will be recorded as either 2 or 3. Further, as clarified in the instructions, sometimes
it may happen that though the common practice of the household member is to go for open defecation,
the member may use latrine from time to time, say, in an emergency or during the rainy season only or in
other circumstances. For such members of the household, code 2 is to be recorded. This is more suggestive
of people not using latrines than using latrines.

In the variable ‘Use of Latrine’, we are interested in the category of people who do not use latrines. So, this is
our positive class and for modelling purposes will be re-coded as 1 (from earlier 3). People using latrines will
be re-coded as O (from earlier 1).
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The result of the above simplifications is the following binary distribution of the dependent variable:

Table 2. Simplified Distribution of ‘Use of Latrine Figure 2. Count plots of Use of Latrine
(code)’

350000

300000

Use of Latrine (code) Counts _ oeee
0 373865
1 92,662 50000

o

use of latrine (code)

From Table-2 and Figure-2 it is clear that the dataset is imbalanced with fewer positive classes (i.e. people
not using Latrine).

(D) Preparing the Data for Machine Learning Algorithms
i) Dealing with Missing Values

Out of the total 14 input variables considered for this study only 'Highest level of education’ data is missing
for 46 persons. When data of these 46 individuals are analysed, it is found that the average age of this group
is 7.04 years and the median age is 6 years. As the mean and median age are low, all these 46 missing values
are replaced with 1 (not Literate).

i) Splitting the Dataset

A total of 4,66,527 observations are present in the NSS 76™ round dataset. We split this into a train set and
test set in a 60:40 ratio. Generally, a split of 80:20 is done but to make a more robust model 60:40 split is done
in this study. This means we will randomly use 2,79,916 (60%) data for training the model and 1,86,611 (40%)
data for testing the model. The splitting is done in such a way that the percentage of 1’ and ‘0’ of the dependent
variable remains the same in the train and test set as it was in the original data to avoid clustering of 1s or Os
in either of the sets.

3. Model Building

In this section, we shall build models using the training set and evaluate them on the test set. The machine
learning algorithm used for model building is CatBoost Classifier. Four models with the same hyper
parameters (learning rate 0.1, depth 10, scale-pos-weight 3, early-stopping-rounds 50) but a different set of
input variables are trained and tested.

In the first step, three models: Model-1 comprising 7 variables, Model-2 comprising 10 variables and Model-
3 comprising 14 variables (full set) are created. The input variables for these models are chosen heuristically
from the superset of 14 variables (explained in section 2B).

In the second step, using the ‘feature importance’ method of CatBoost, we extracted the best 6 variables out
of Model-3. These 6 variables are used as input to create Model-4. Only the best 6 features are chosen to create
a model which is more modest (in terms of input variables) than the other three models created heuristically.

In other words, input variables of Model-4 are NOT chosen heuristically but come from the machine
learning part of Model-3.
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The confusion matrix, classification report, order of importance of input features and AUCPR (Area under the
Precision-Recall curve) graph of each model is given below.

a) Model 1. 7 input variables (‘'Gender’, 'Age’, 'Highest level of education ', 'Sector’, 'State_Code’, 'Social

group’, 'UMCE).

Figure 3. Confusion Matrix of Model-1

Use Latrine 12,450

Tue label

Dont use latrine

31,059

Use Latrine Dont use latrine
Predicted label

Table 3. Classification Report of Model-1

120000

100000

80000

60000

40000

20000

Precision Recall f1-Score Support
Use Latrine 0.94 0.81 0.87 1,49,546
Don’t use Latrine 0.51 0.8 0.62 37,065
Accuracy 0.81 0.81 0.81 0.81
Macro Avg 0.72 0.8 0.74 1,86,611
Weighted Avg 0.85 0.81 0.82 1,86,611
Table 4. Order of Importance of Input Variables

Feature Name Importance
State_Code 25.24
UMCE 20.31
Social Group 14.69
Sector 12.93
Age 11.36
Highest Level of Education 9.89
Gender 5.57
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Figure 4. PR Curve of Model-1 (AUCPR = 0.64)
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b) Model 2. 10 input variables ('Gender', 'Age’, 'Highest level of education’, 'Sector’, 'State_Code', 'Household
size', 'Social group', 'UMCE!', 'Principal source of water excluding drinking', "Whether gets sufficient water")

Figure 5. Confusion Matrix of Model-2

Use Latrnne

Tue label

Dont use latrine

Use Latrine

Table 5. Classification Report of Model-2.

12,490

31,059

Dont use latrine
Predicted label

120000

100000

80000

&0000

40000

20000

Precision Recall fl-score Support
Use Latrine 0.95 0.89 0.92 1,49,546
Don’t use Latrine 0.66 0.82 0.73 37,065
Accuracy 0.88 0.88 0.88 0.88
Macro Avg 0.8 0.86 0.83 18,6,611
Weighted Avg 0.89 0.88 0.88 18,6,611
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Feature Name Importance
State_Code 20.13
UMCE 17.75
Principal Source of Water Excluding Drinking 12.60
Household size 11.72
Social group 11.06
Age 8.82
Highest Level of Education 6.69
Sector 6.01
Gender 3.57
Whether Gets Sufficient Water 1.66

Figure 6. PR Curve of Model-2 (AUCPR =0.79)

10 A

0.9 -

0.8 1

0.7 1

0.6 -

0.5

0.4 -

Precision (Positive label: 1)

0.3 1

0.2 1

= CatBoostClassifier (AP = 0.79)

0.0 0.2 0.4

0.6 0.8 10

Recall (Positive label: 1)

¢) Model 3. 14 input variables ('Gender’, 'Age’, 'Highest level of education ', 'Sector’, 'Usual principal activity

status', 'Religion’, 'State_Code', 'Household size', 'Social

group’, 'Land possessed as on date of survey’,

'UMCE!', 'Tenurial status of dwelling', 'Principal source of water excluding drinking', 'Whether gets sufficient

water").



Sarvekshana Volume No. PDOS-XXXVIII No. (3-4), March 2023

Figure 7. Confusion Matrix of Model-3.

120000

Use Latrnne 100000

80000

Tue label

80000
40000

Dont use latrine

20000

Use Latrine Dont use latrine
Predicted label

Table 7. Classification Report of Model-3.

Precision Recall f1-score Support
Use Latrine 0.96 0.92 0.94 1,49,546
Don’t use Latrine 0.71 0.84 0.77 37,065
Accuracy 0.9 0.9 0.9 0.9
Macro Avg 0.84 0.88 0.85 1,86,611
Weighted Avg 0.91 0.9 0.9 1,86,611

Table 8. Order of Importance of Input Variables.
Feature Name Importance

State_Code 18.13
UMCE 14.17
Land Possessed as on Date of Survey 10.03
Principal Source of Water Excluding Drinking 9.78
Social Group 9.06
Household Size 8.90
Age 6.54
Highest Level of Education 5.47
Sector 4.50
Usual Principal Activity Status 4.42
Religion 4.04
Gender 1.91
Tenurial Status of Dwelling 1.81
Whether Gets Sufficient Water 1.23

10



Sarvekshana

Figure 8. PR Curve of Model-3 (AUCPR =0.84)
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d) Model 4. Based on step c), we chose the top 6 variables out of the 14 ('State_Code', 'Household size', 'Social
group', 'Land possessed as on date of survey?, 'UMCE!, 'Principal source of water excluding drinking).
Figure 9. Confusion Matrix of Model-4

Use Latrine 1,39,163

Tue label

Dont use latrine

6,000

Use Latrine

Table 9. Classification Report of Model-4.

Dont use latrine
Predicted label

120000

100000

20000

60000

40000

20000

Precision Recall f1-Score Support
Use Latrine 0.96 0.93 0.94 1,49,546
Don’t use Latrine 0.75 0.84 0.79 37,065
Accuracy 0.91 0.91 0.91 0.91
Macro Avg 0.85 0.88 0.87 1,86,611
Weighted Avg 0.92 0.91 0.91 1,86,611

2 As regards the relevance of this variable for urban areas, it will be the same as it is for rural areas. When this variable (along with other variables)
was used to construct Model 3, the performance of the model increased and as per the order of importance, this variable played a crucial role in
improving model performance. Hence, this variable was used to create Model 4.

11
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Table 10. Order of Importance of Input Variables.

Feature Name Importance
UMCE 24.87
State_Code 20.77
Land Possessed as on Date of Survey 15.02
Household Size 14.08
Principal Source of Water Excluding Drinking 13.81
Social Group 11.45

Figure 10. PR Curve of Model-4 (AUCPR = 0.87)
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4. Model Evaluation and Comparisons

It is shown in section 2C that the dataset is imbalanced. Being an imbalanced dataset, accuracy and AUC will
not be appropriate metrics to judge the performance of the models (Saito et al 2015). Therefore, in this case,
we will be looking at the F1 score and AUCPR (area under the Precision-Recall Curve) for evaluating model
performance.

Precision is a metric that quantifies the number of correct positive predictions made. It is calculated as the
number of true positives divided by the total number of true positives and false positives. Recall is a metric
that quantifies the number of correct positive predictions made out of all positive predictions that could have
been made. It is calculated as the number of true positives divided by the total number of true positives and
false negatives (e.g. it is the true positive rate). Both the precision and the recall are focused on the positive
class (the minority class) and are unconcerned with the true negatives (the majority class).

F1 score is the harmonic mean of precision and recall. Precision-Recall curve is a function of precision(y) and
recall(x). The baseline AUCPR is (total positive sample)/(total data samples). The baseline AUCPR for our
data is 0.1986. The maximum value of AUCPR is 1. So, any value of AUCPR greater than 0.1986 will be
considered an improvement.

The AUCPR of Model-1, Model-2, Model-3 and Model-4 are 0.64, 0.79, 0.84 and 0.87 respectively. Not only
AUCPR but even accuracy, F1- scores of macro average are indicating the supremacy of Model-4 as shown

12
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in Figure 11. This implies that Model-4 is the best among the 4 models even though it has the least number
of input variables.

Figure 11. Model Comparisons on Different Metrics
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5. Conclusions

In this paper, we have been able to build a machine learning model with a recall value of 0.84 for the positive
class. It means that the model can correctly identify 84% of people who do not use latrines in the population.
The model uses only 6 input features and still performs better than other models using more input variables
(7, 10, 14).

Due to fewer input variables, this model is simple, practical and handy. It can be used in real-life scenarios to
identify individuals who do not use a latrine. Once identified, appropriate measures/schemes can be launched
to encourage them to use latrines to accelerate the objective of ‘Making India Open Defecation Free’.

It may also be noted that the input features of Model-4 are not based on intuition but is a subset of input
variables used in other machine learning model (Model-3). In other words, the input variables of Model-4 are
suggested by the machine itself. It shows that machine learning algorithms can not only build efficient models
but can also be used to choose variables to build even better models. Though this research pertains to data for
year 2018, we think that the model is innovative and could be applied to any latest data.

Without using machine learning we never would have thought that dropping critical variables (in the context
of open defecation) like ‘Sector’ (Urban/Rural), ‘Religion’, ‘Highest Level of Education’, ‘Age’ etc. from a
model could give better results. Model-4 indicates that ‘State’, ‘UMCE’ etc play a bigger role in determining
latrine non-usage than ‘Sector’, ‘Religion’ etc. This is a very interesting and unique finding of this paper and
opens a new door for further exploration in this direction.
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Estimation of Quality Adjusted Life Year (QALY) Based on Discrete Axiom of Revealed
Preferences (DARP) and Splines for Different States of India
Gurprit Grover!, Radhika Magan?

Abstract

Quality-Adjusted-Life Years (QALY) is an important measurement of health outcome. Based on the technique
of utility maximisation, discrete axiom of revealed preferences (DARP) and spline regression help us in the
estimation of utility values. Based on these utility values, we estimate Quality Adjusted Life Year (QALY)
for different states of India.

In this paper we have adopted an econometric approach of revealed preferences by ridge method and a
statistical approach of fitting through spline regression for the computation of utility values. Data has been
taken from the NSS 75" round ‘Key indicators of social consumption in India: Health’ (July 2017 — June
2018). The axiom approach not only leads to maximisation of utility but also the regression approach helps in
formation of utility function based on expenditure incurred for in patients during the hospitalisation. This leads
to a novel formulation of utility model which serve as a framework for computation of QALY .

QALY values obtained from DARP and spline method were consistent for few states while other states show
a slight difference from both the methods. States whose QALY values are greater than 0.5 are considered in
category A which indicates a better quality of life. The other states whose QALY values are greater than 0.25
but less than 0.5 are considered in category B which indicates a moderate quality of life. While the remaining
states whose QALY values are greater than 0 but less than 0.25 are considered in category C which indicates
a major improvement is required in order to better their quality of life.

This measure of health outcome will help the health economists in the allocation of health care resources for
those states which have lower QALY values. New methods used in the estimation of functional forms of
utilities leads to better estimation of QALY values and increase their accuracy.
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1. Introduction

Economic evaluation is a systematic tool which evaluates the benefits derived from a health care technology
against the cost incurred in its usage. In this paper, we consider a healthcare utilization study which has
different perspectives as well as insights. For an individual or groups of individuals, earlier health was
measured on the basis of presence or absence of a disease concern. Now days, measurement of health is
described in a different way. It has moved to the amount of life lived and how far is the satisfaction level
achieved after undergoing a treatment or surgical procedure for the disease concern. This has further led to the
introduction of the concept of “Quality of Life”. Harris (1985) discussed “Qualifying the value of life”, by
defining reasonable quality as well as extended quality of life. He describes QALY as a year of healthy life
expectancy which is worth 1 year of perfect health. While a worth of less than one is a year of unhealthy life
expectancy.

In a multiple regression model if there exist inter-correlations between two or more independent variables then
the ordinary least square (OLS) technique fails in the dataset. Panay et.al. (2019) present an interpretable
regression method based on the Dempster-Shafer theory in order to predict the health care costs using the
Evidence Regression model. Thus, penalized linear regression gives a transparent picture for a multicollinear
dataset. Kan et.al. (2019) compared the prediction performance of standard and penalized linear regression in
predicting future health care costs in older adults.

To study the effect of a treatment in a particular state, there are different measures of health outcome. The
main impact should be observed on the patient’s length of life and health related quality of life. Thus, a good
health outcome should capture both the impacts carefully. QALY ’s are defined and computed using different
methods such as standard gamble, time trade off, person’s trade off, visual method and multi-attributable scale.
Apart from these techniques, in this paper we have estimated the coefficients of the dataset using ridge
regression and then applying the DARP approach for computation of utility values. The second approach
involves estimation of utility values by using spline regression. Both the techniques have been used for the
first time in the estimation of QALY.

The concept of QALY which is being measured with the help of utility function is introduced in this paper.
Depending on the past literature, there are very few techniques applied in the estimation of indirect utility
function for the computation of quality of life. So, we aim to analyse and articulate two different methods used
in different background setup but on the same dataset. In both the cases, utility is formed through indirect
functions so to cross validate our results and interpretations we try to amalgamate two approaches on different
grounds.

2. Utility

The utilitarian philosophers describe utility as a measure for increasing or decreasing the value for happiness.
People desire for things or goods which in turn leads to maximization of positive utility (pleasure) or negative
utility (pain). There is a controversy in defining the measurability of utility. Some authors define it as a measure
of satisfaction which is subjective in nature or as an indicator of preferences which is objective in nature.

Nord (1994) proposed the usage of utilities based on QALY by means of societal values. QALY ’s are defined
as the summation of utility adjusted values over various time intervals. There lies an underlying assumption
for QALY to be of additive separability. It states that the computation of QALY is based on the underlying
concept of utility of a given health state which is unaffected by the other health state that precedes or follow

16



Sarvekshana Volume No. PDOS-XXXVIII No. (3-4), March 2023

it. The usage of utilities in the formulation of QALY helps in decision making for healthcare when resources
are scarce or limited.

Application of Afriat’s theorem given in the paper by Grover et.al. (2019) indicates the presence of an
increasing trend of utility function on a consumption space which rationalise the price and demand values.
When goods are perfectly divisible then Afriat’s (1967) theorem consider generalised axiom of revealed
preferences (GARP) as the best condition for the evaluation of consumption data which becomes consistent
with the maximisation of utility. Forges and lehle (2014) consider DARP as a necessary and sufficient
condition for rationalization of dataset. This further leads to the formulation of a good utility function. Under
cost efficiency the utility function in a consumption space will follow the principles of GARP and DARP.
However, in our case the consumption bundles are given as key indicators of health which are explained in an
indivisible form.

Polisson and Quah (2013) states about the cost efficiency which will hold if the goods dealt by the modeller
are being consumed in a continuous manner. They even pointed out on studying the consumer choice over a
consumption space for indivisible goods, wherein DARP works as an elaborative version of GARP. By the
minimalistic approach one can observe the consumer’s budget which also reveals their preferences indirectly.
Further in DARP’s approach the maximisation of utility is being done with the help of ridge regression. The
second approach deals with the computation techniques involved in spline regression.

3. QALY

Health outcome is defined as changes in health that result from a treatment measure or specific health care
interventions. QALY is a metric used by health economists to evaluate new and innovative healthcare
treatment for any particular disease. It is an important measurement of health outcome which gives the quality
adjusted life years for an individual or groups of individuals. Drummond et.al. (1997) have introduced the
quality of life which can be quantified by using the concept of utility. Various authors have combined the
effects of health care interventions on mortality as well as on morbidity. Their definition of QALY goes around
a single index which can be termed as common currency enabling comparison across different disease areas.

According to Drummond et.al. (2005), QALY is a summary measure which incorporates the impact on
quantity as well as quality of life. However there lies a big concern on saving lives of patient’s under treatment.
Few authors have redefined this concern as, “Where should we spend whose money, to undertake what
programs, to save whose lives and with what probability?” This question in turn raised by Zeckhauser and
Shephard (1976) implies on how many lives are saved along with the justification of the resources expanded.
Their definition defines health as a value weighted score defined with respect to a time period. This value is
further measured in terms of preference, which is observed uniformly across all the individuals and is
aggregated over them.

Recent research has stated QALY as a leading metric to perform cost effective analysis. Kurz and Gossen
(2005) allows for standardized measurement of health outcomes which compare across different diseases and
populations.

This index helps us to evaluate the quality of life achieved after undertaking a treatment or surgery upon the
occurrence of a disease. The severity and recurrence of the disease creates a burden on a patient’s health as
well as expenditure incurred on it. Further, this index aims to evaluate on how far is the satisfaction level
achieved after spending an amount on the treatment facilities.
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4, Data

Data has been taken from the NSS 75% round ‘Key indicators of social consumption in India: Health’ (July
2017 — June 2018). The survey is conducted by National Sample Survey (NSS) organization, Ministry of
Statistics and Program Implementation, Government of India, New Delhi. In this round detailed information
was collected on profile of ailments, role of government and private healthcare facilities in providing
healthcare, expenditure on medicines, medical consultation, investigation, hospitalisation etc which is shown
in table 1 below. The survey period was from July 2017 till June 2018. The objective of the survey was to
generate basic quantitative information about health sector all over the nation. The survey investigated the
nature of ailments for which people of various ages were hospitalised, the extent of use of government
hospitals, and the expenditure incurred on treatment received from government and private facilities. It
collected data from 5,55,114 households spread over every district of the country. The rural households
belonged to 8,077 randomly selected villages and the urban households to 6,181 randomly selected urban
blocks. The total expenditure during the last 365 days for medical treatment was categorized under different
parameters:

Package Component: This component comprises of packages of treatment involving specific surgical or non-
surgical medical procedures such as Operation theatres (OT) charges, OT consumables, medicines, doctor’s
fees, bed charges etc. When treatment cost is available in the form of package with predetermined total cost
then information for different constituents of the treatment is not separately available.

Doctor/Surgeon Fee: This is the total amount paid for doctor’s or surgeon’s fee. This fee is chargeable for
the treatment imparted to the patient within the reference period for stay in the hospital.

Medicine: It accounts for the charge of medicine used during the treatment (including drips)
Diagnostic Test: This charges the fees of diagnostic test done for the patients within the reference period.

Table 1. Percentage Break up of Hospitalisation Expenses Incurred for Treatment during Stay at Hospital for
Private Hospitals by States

State/UT Package Doctor | Diagnostic | Medicines | Total Expenditure

Component (%) | Fee (%) | Test (%) (%) (INR)
Andhra Pradesh 23.6 23.3 13.2 21.8 8,190
Arunachal Pradesh 0.3 18.6 14.7 34.7 9,800
Assam 55.2 9.9 7.1 13.1 8,530
Bihar 44.4 10.4 8.9 21.0 8,470
Chhattisgarh 41.9 9.8 9.9 20.1 8,170
Delhi 87.4 3.5 2.3 2.5 9,570
Goa 74.3 8.0 2.7 6.2 9,120
Gujarat 35.4 18.2 9.4 18.5 8,150
Haryana 34.1 17.1 9.6 16.9 7,770
Himachal Pradesh 56.4 8.0 6.5 17.3 8,820
Jammu & Kashmir 59.7 7.6 7.0 16.6 9,090
Jharkhand 46.1 14.3 8.3 17.0 8,570
Karnataka 32.2 18.2 10.2 21.4 8,200
Kerala 16.7 16.8 12.1 23.6 6,920
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State/UT Package Doctor | Diagnostic | Medicines | Total Expenditure
Component (%) | Fee (%) | Test (%) (%) (INR)
Madhya Pradesh 28.6 14.5 11.8 22.7 7,760
Maharashtra 29.5 22.5 9.9 17.4 7,930
Manipur 67.4 9.3 2.9 115 9,110
Meghalaya 61.6 8.2 51 114 8,630
Mizoram 18.1 17.5 9.5 37.0 8,210
Nagaland 42.5 10.4 7.9 18.8 7,960
Odisha 31.6 22.7 9.0 23.4 8,670
Punjab 48.7 11.8 7.5 16.3 8,430
Rajasthan 45.1 9.7 8.5 21.7 8,500
Sikkim 34.9 22.4 9.2 11.3 7,780
Tamil Nadu 47.9 17.2 5.9 16.4 8,740
Telangana 38.5 25.7 8.6 13.7 8,650
Tripura 37.6 26.3 9.9 15.3 8,910
Uttarakhand 23.1 17.5 15.4 26.1 8,210
Uttar Pradesh 38.2 12.4 8.5 25.3 8,440
West Bengal 65.5 9.0 5.6 8.7 8,880
A & N islands 45.1 16.7 7.3 15.1 8,420
Chandigarh 50.6 115 8.4 14.6 8,510
Dadra & Nagar 17.7 38.3 7.1 12.8 7,590
Haveli
Daman & Diu 0 42.4 17.5 17.9 8,780
Lakshadweep 28.6 10.1 9.7 16.0 6,440

Source: NSS, 75" Round, India.

5. Methodology
5.1 Ridge Regression

The set of variables like package component, doctor’s fee, medicines, diagnostic test were highly correlated
with each other. The presence of collinearity was checked by correlation matrix given in table 2 below. The
computations for all the methods have been done by using different packages from R software.

Table 2. Correlation Matrix for Explanatory Variables

Variables PC DF M DT
PC 1 -0.70 -0.70 -0.82
DF -0.70 1 0.15 0.39
M -0.70 0.15 1 0.65
DT -0.82 0.39 0.65 1

From Table-2 we can observe that package component (PC) is highly correlated with doctor’s fee (DF),
medicines (M), and diagnostic test (DT). Diagnostic test is also moderately correlated with the medicines.
Thus, OLS technique will give us biased estimates of the parameters and very large variances. So, we choose
the technique of ridge regression which helps us to eliminate the effect due to collinearity.
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Ridge regression is preferred in comparison to Lasso regression which reduces the estimated value of highly
correlated variable to zero i.e. shrinkage of the coefficient occurs which further leads to the elimination of the
variables from the model. We prefer to choose Ridge regression as we do not want to lose out any information
related to the set of predictor variables. Using the glmnet package in R we can fit the generalised models by
means of penalised likelihood method. It is based on the algorithm of cyclical coordinate descent which
iteratively minimises the objective function for a given set of parameters when they further reach a
convergence point.

By default, the glmnet package is taking the underlying distribution to be Gaussian. On choosing the family=
“Gaussian” the function glmnet helps in standardization of the dependent variable to have a unit variance. It
then unstandardized the coefficients before computing the lambda sequence. The parameter lambda A is the
tuning parameter which is chosen by cross validation. We have chosen A > 0 and o = 0 in order to perform
ridge regression. This minimum value of A is chosen by using the function lambda.min which gives the value
at which the mean sum of squares is minimised.

The term shrinkage penalty is defined as lambda times the sum of squares of the coefficients which gets
penalized when the coefficients become too large to handle. As the value of lambda increases, the shrinkage
of the variables occurs which sometimes may lead to zero coefficients and help in further elimination as in the
case of lasso regression. The parameter a helps to maintain balance between minimising residual sum of
squares (RSS) defined as the amount of variance in the dataset which is not explained by the regression model
itself and sum of squares due to coefficients. By using this regression technique, we can regularise the
coefficients, improve the prediction accuracy and thus decrease the variance component.

Ridge equation: NU = 85.52 — 0.00589PC — 0.0062DF — 0.0111DT — 0.00506M 1)

The above equation (1) is obtained by performing ridge regression. The dependent variable NU refers to the
number of persons who are undertaking the treatment in a particular state. PC means the package component,
DF refers to the doctor’s fee, DT denotes the diagnostic test, Mare the expenditure incurred on medicines taken
during hospitalisation.

5.2 Formulation of Utility Function
Method-1

DARP method. Consumption of a particular bundle of goods which are components of expenditure for an
inpatient during hospitalisation with a defined budget is given by p.x, where p refers to total expenditure
incurred in a particular state and x refers to the total number of persons who have been treated as an inpatient
during hospitalisation.

Among all the states the average total expenditure will be the component used in the computation for .
From Afriat’s inequalities there exist @1, ....., @3¢and &y, ....., 834> 0 such that

P < @; + Yk (2)
Forall j, k, t=1,....,36.
Let u; : N¥ —» R defined as u(x) < min(g; + 6;(prx; — 1)) (3)

Where u(x) denotes the utility value for a particular state, §; refers to rationalization parameter which is
required to define a utility function, p, denotes the total expenditure incurred for an inpatient during
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hospitalisation in a particular state t, x; refers to the number of patients who were registered for the treatment
as in patient in a particular state, r;is formed by multiplication of average value of expenditures incurred in a
private hospital throughout the year with the number of patients in a particular state, i.e. r, = avg(p;) * x;.

By using the above equation (3), the utility values have been obtained in the following table 3 given below:

Table 3. Estimation of DARP Utility Values for Different States of India

State / UT In-Patient Count Y(x) u(x)
Andhra Pradesh 43 7.95 0.12
Arunachal Pradesh 35 241 0.41
Assam 17 14.16 0.26
Bihar 14 3.83 0.23
Chhattisgarh 28 7.20 0.13
Delhi 33 2.69 0.37
Goa 56 3.77 0.26
Gujarat 30 6.57 0.15
Haryana 31 2.07 0.48
Himachal Pradesh 36 5.80 0.17
Jammu & Kashmir 28 3.89 0.25
Jharkhand 30 13.31 0.07
Karnataka 28 8.38 0.11
Kerala 95 0.32 0.10
Madhya Pradesh 28 2.03 0.49
Maharashtra 33 3.10 0.32
Manipur 24 3.81 0.26
Meghalaya 16 9.95 0.10
Mizoram 30 8.85 0.11
Nagaland 16 3.37 0.29
Odisha 30 8.57 0.11
Punjab 31 8.75 0.41
Rajasthan 28 4.88 0.04
Sikkim 26 2.12 0.47
Tamil Nadu 34 6.96 0.14
Telangana 22 9.20 0.10
Tripura 45 4,94 0.52
Uttarakhand 23 8.85 0.11
Uttar Pradesh 31 6.66 0.15
West Bengal 47 5.19 0.19
A & N islands 52 1.98 0.50
Chandigarh 20 2.07 0.48
Dadra & Nagar Haveli 36 1.40 0.71
Daman & Diu 11 6.32 0.18
Lakshadweep 51 0.06 0.15
Puducherry 31 5.58 0.17
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Method-11

Splines Regression. A higher degree polynomial may provide a good fit to the data but it creates the problem
of over fitting. We can analyse such cases by means of residual sum of squares which becomes unstable in
nature. Friedman (1991) presented a flexible regression modelling for high dimensional data which is based
on technique of recursive partitioning. He further suggested on to fit an appropriate function in different ranges
of explanatory variables known as piecewise polynomial. The joint points of such pieces are called knots and
the polynomials obtained are known as splines. Thus, fitting of the model gets improved due to relaxed
linearity assumptions under spline regression. Perperoglou (2019) explains the procedure for a regression
model, in which splines are used to model the effects as a special case of multivariable regression, wherein
some explanatory variables are non-linear in nature.

The polynomial fitting function in R fits the polynomial of order 12 which is higher order. It gives a biased
estimate and leads to overfitting of the model. Then we performed spline regression. The B spline function in
R software helps in curve fitting and numerical differentiation. This leads to the formation of marginal utility.
B splines of order 7 are basis functions for utility formulation in our study. Prautzschet.al. (2002) states that
there is only one unique spline function which can be built as a linear combination of B splines.

By using Bsplines function in R we have fit the polynomial function for utility defined as:
u~f (Expenditure (TE), Number of persons(NU))

The functional form for u; is obtained from equation (4) by differentiating with respect to number of persons
and substituting the value expenditure by keeping it constant for a particular state. The utility function has
been defined uniformly for all the states due to limited availability of data.

NU =51.2 + 114.36(1 — TE) — 78.83(1 — TE)? — 5.17(1 — TE)® — 37.97(1 — TE)*
+12.53(1 — TE)® — 35.29(1 — TE)® — 15.02(1 — TE)” (4)
The value of goodness of fit for the above model is given as: R? = 68%. This implies that 68% of the of the

total variation in number of persons who are treated as inpatients for private hospitals is explained by the total
expenditure incurred in treatment for in patients during their stay in hospitals based on different states of India.

6. Result

The estimated utility values given in table 3 are monotonic in nature and satisfies the properties of a DARP
function in presence of hospital unit as a consumption bundle for indivisible goods. These values further
estimate the QALY denoted by Qp4zp . The utility values obtained in table 4 are indirect marginal utility
values which further leads to the estimation of QALY denoted byQgspiine. On the basis of utility function and

average length of stay in hospital (ALOS), QALY’s for different states can be estimated by:
QALY = Utility = Averagelengthofstayinhospital (5)

ALOS in the hospital has been defined below in table 5. This column is estimated by considering the average
length of stay and inpatient count on an average in each state during the survey period. The estimated values
of QALY’s for different states of India are shown in Table-5 below:
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Table 5: Estimated QALY Values for Different States of India

State /UT ALOS Qparp QBspline
Andhra Pradesh 3.58 0.15 0.28
Arunachal Pradesh 2.92 0.27 0.42
Assam 1.42 0.42 0.01
Bihar 1.17 0.18 0.41
Chhattisgarh 2.33 0.06 0.01
Delhi 2.75 0.28 0.32
Goa 4.67 0.50 0.40
Gujarat 2.50 0.15 0.02
Haryana 2.58 0.28 0.04
Himachal Pradesh 3.00 0.08 0.25
Jammu & Kashmir 2.33 0.30 0.28
Jharkhand 2.50 0.11 0.04
Karnataka 2.33 0.05 0.02
Kerala 7.92 0.92 0.84
Madhya Pradesh 2.33 0.46 0.45
Maharashtra 2.75 0.28 0.32
Manipur 2.00 0.42 0.26
Meghalaya 1.33 0.14 0.05
Mizoram 2.50 0.12 0.01
Nagaland 1.33 0.20 0.04
Odisha 2.50 0.04 0.01
Punjab 2.58 0.25 0.40
Rajasthan 2.33 0.38 0.38
Sikkim 2.17 0.25 0.30
Tamil Nadu 2.83 0.06 0.14
Telangana 1.83 0.17 0.50
Tripura 3.75 0.62 0.75
Uttarakhand 1.92 0.07 0.17
Uttar Pradesh 2.58 0.04 0.01
West Bengal 3.92 0.08 0.03
A & N islands 4.33 0.60 0.78
Chandigarh 1.67 0.05 0.03
Dadra & Nagar Haveli 3.00 0.04 0.67
Daman & Diu 0.92 0.19 0.17
Lakshadweep 4.25 0.01 0.04
Puducherry 2.58 0.48 0.28

Category A: This refers to those groups of states whose QALY values > 0.5
Qparr&Qpspiine - Kerala, Tripura, A&N islands, Dadra & Nagar Haveli.
Category B: This refers to those groups of states whose values 0.25 < QALY < 0.5

Qparp: Arunachal Pradesh, Assam, Delhi, Goa, Haryana, Jammu & Kashmir, Madhya Pradesh, Maharashtra,
Manipur, Nagaland, Punjab, Rajasthan, Sikkim, Chandigarh.

Qpspiine - Andhra Pradesh, Arunachal Pradesh, Bihar, Delhi, Goa, Himachal Pradesh, Haryana, Jammu &
Kashmir, Madhya Pradesh, Maharashtra, Manipur, Punjab, Rajasthan, Sikkim, Telangana, Puducherry.
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Category C: This refers to those groups of states whose values 0 < QALY < 0.25

Qparp: Andhra Pradesh, Bihar, Chhattisgarh, Gujarat, Himachal Pradesh, Gujarat, Jharkhand, Karnataka,
Meghalaya, Mizoram, Odisha, Tamil Nadu, Telangana, Uttarakhand, Uttar Pradesh, West Bengal, Daman &
Diu, Lakshadweep, Puducherry.

Qpspiine - Assam, Chhattisgarh, Gujarat, Jharkhand, Karnataka, Meghalaya, Mizoram, Nagaland, Odisha,
Tamil Nadu, Uttarakhand, Uttar Pradesh, West Bengal, Chandigarh, Daman & Diu, Lakshadweep.

7. Conclusion

An economic evaluation of a health care program can be done in different ways. It can be descriptive in nature
based on burden of disease or cost of illness. This is a novel technique based on estimation of QALY values
by using DARP approach. There is no previous literature based on computation of quality of life by using the
axiom of revealed preferences. Spline regression has been introduced for the first time in estimation of quality
of life from expenditure data from hospitals. Smoothing spline are powerful functions than fitting by higher
order polynomials for estimating relationships between the variables.

QALY is termed as a cornerstone of economic analysis which combines morbidity gains and mortality impact
of a treatment. To study the effect of a treatment on a particular state, there are different measures of health
outcome. The main impact should be observed on the patient’s length of life and health related quality of life.
Thus, a good health outcome should capture both the impacts carefully. The method of ridge regression does
not help in variable selection as Lasso regression. While lasso regression on the other hand sets the variables
to exact zero which ridge method does not do. In our present study we aim to reduce the effect of collinearity
and not reduce the number of variables which could lead to variable selection and loss of information.

Echeniqueet.al. (2011) believed that an axiom like DARP based on revealed preferences helps in the formation
of quasilinear utility function consisting of observed prices and bundles of continuous and discrete goods. This
further rationalise the purpose of DARP methodology used in our study. As per the conservative version of
Afriat’s theorem, Forges and Iehle (2013) states that a consumer behaves as a utility maximizer when we
define a feasibility matrix associated with his revealed preferences choices as cyclically consistent. Thus, the
data in our study consist of finitely many observed prices and consumption bundles for different states so that
the consumer could afford depending on his ailment and budget.

The classification of different states under category A shows exact consistency from DARP and splines
method. These states have better QALY values in comparison to other states. Thus, a little improvement in the
allocation of health care resources by working on the variables which are stated as break up of expenditure
can uplift these states to a condition of perfect health. Under category B, there are also moderate number of
states which shows consistency with QALY values greater than 0.25 but less than 0.5. Exceptions to this case
are 5 states like Andhra Pradesh, Bihar, Himachal Pradesh, Telangana and Puducherry have moderate QALY
values by spline method but from DARP method they lie in category C. Under category C, there are few
numbers of states which shows consistency with QALY values greater than 0 but less than 0.25. Exceptions
to this case are 3 states like Assam, Nagaland, Chandigarh has low QALY values by spline method but from
DARP method they lie in category B. Thus,a little difference in the number of states which are less consistent
from both the methods in category B and C needs greater attention in order to improve their quality of life.
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Recent Estimates of Dynamic Mobility of Persons in Current Weekly Activity Status Based on

Markov Chain
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Abstract

This paper focuses on (a) gender-specific mobility measures of persons in Current Weekly Activity Status
(CWS) on quarterly basis and (b) inter-temporal quarterly changes in the urban areas of India. Measures have
been computed using both Joshi and Singh’s (1977) Mobility Measure (D) under the homogeneous Markov
chain model based on entropy and Joshi’s (2021) measure (J) of dynamic mobility for changes in activity
status of persons based on Markov chain separately for males and females.

Data available from the first quarterly bulletin on Periodical Labour Force Survey (PLFS), started in 2017 by
National Sample Survey Office (NSSO) under the Ministry of Statistics and Programme Implementation,
Government of India, corresponding to the first quarter ending December 2018, to the fourteenth quarterly
bulletin corresponding to the quarter ending December 2021 have been used. The dataset covers the first phase
of the nationally enforced lockdown for COVID-19 outbreak as a national crisis towards the middle of March
2020 and the impact of nationwide sudden lockdown from 24" March 2020 causing notably atypical mobility
of persons in activity status. The first phase of lockdown was in quarter ending March 2020 to quarter ending
June 2020. The field work of PLFS was suspended from 19" April 2021 in some areas due to second wave of
COVID-19. The lockdown was gradually lifted only from the middle of May 2021 onwards and gradually
normalcy restored since the first week of June 2021. It affected livelihoods and employment status of persons
across the country. Thus, our measures of mobility in activity status (D and J) before and after the pandemic
periods, reflect disruptions in economic activity on account of the then livelihood and employment status of
persons in the urban areas of India.
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1. Introduction

National Sample Survey Office (NSSO), Ministry of Statistics and Programme Implementation, Government
of India, has been conducting Periodical Labour Force Surveys (PLFS) since April 2017 on quarterly basis in
urban areas and annual surveys in rural areas of India. So far five annual reports of PLFS corresponding to the
periods July 2017 to June 2018, July 2018 to June 2019, July 2019 to June 2020, July 2020 to June 2021 and
July 2021 to June 2022 covering both rural and urban areas giving estimates of all the important parameters
of employment and un-employment have been released. Besides the annual reports, seventeen quarterly
bulletins of labour force indicators in the urban areas of India from first quarterly bulletin corresponding to
the quarter ending December 2018 to seventeenth quarterly bulletin corresponding to quarter ending December
2022 of Periodical Labour Force Surveys (PLFS) have been released. The objective of the survey is to provide
labour force data at a more frequent time interval in the form of quarterly bulletin giving labour force
indicators. Prior to this, NSSO used to conduct quinquennial large-scale sample surveys on employment and
un-employment based on stabilised concepts and definitions given in Annex. Findings of these surveys were
used for planning, policy formulation and decision support as well as input for further statistical exercises by
various Government organisations at the national and state levels, academicians, researchers and scholars.
However, PLFS provides level and change in point estimate of the key labour force indicators viz. Labour
Force Participation Rate (LFPR), Worker Population Ratio (WPR), Un-employment Rate (UR) in a short time
interval of three months separately for males and females of age 15 years and above in Current Weekly Status
(CWS). These indicators are subject to fluctuation of sampling and do not provide statistical dimension of
mobility (movement) in activity status of persons in current weekly status.

2. Objectives

The objective of this paper is to measure dimensions of dynamic mobility for gender-specific differences, and
inter-temporal differences in short periods i.e. on quarterly basis based on suitably defined measure of mobility
resting on the Markov Chain. Efforts have been made to present the dynamics of the labour force based on
data analysis. Broad conclusions have been drawn on the impact of COVID-19 outbreak that appeared as a
national crisis towards the middle of March 2020, especially on the impact of nationwide sudden lockdown
from 24™ March 2020 on measures of mobility of persons in activity status. The first phase of lockdown was
in the gquarter January-March 2020 and the quarter April-June 2020. Thus, our analysis provides results on
mobility measures before and after the pandemic in regard to disruptions in economic activity. The paper is
therefore more informative in nature and conclusions may be meaningful and useful to the users of labour
force data.

3. Existing Literature on Dynamic Mobility

Dynamic mobility refers to the movement of individuals from positions possessing a certain rank to positions
either higher or lower in the social system. In this context, several scholars including Prais (1955), Matrass
(1950), Bartholomew (1967), Joshi and Singh (1977), Mukherjee and Basu (1979), Mukherjee and
Chattopadhyay (1956) have suggested measures of economic and social mobility for representing transitions
over generations and over time. However, measure of dynamic mobility for changes in economic activity
status categorised into three groups viz., employed, un-employed and out of labour force has not received any
attention except Joshi and Singh’s (1977) measure of mobility under the homogeneous Markov Chain model
using entropies i.e. independency of the class structure. It is

27



Sarvekshana Volume No. PDOS-XXXVIII No. (3-4), March 2023

) Well defined continuous function of elements p;;'s of the transition matrix P,
i) Independent of the ordering of the classes,
i) Finite and attains absolute minimum when there is no mobility,
Iv) Monotonic, non-decreasing under some realistic conditions and attains its maximum when and only
when the system attains some ideal situation.
Joshi and Singh’s (1977) measure of mobility is givenby D =-> " p;;Log (pi J. ), where p;; is the probability
! J

of moving (transition) from activity state “‘i’> (i = 1, 2, 3) in a time period to activity state “‘j> (j =1, 2, 3) in
another time period. However, this measure is not suited if one or more elements in transition probability
matrix (P) is zero. Recently, Joshi (2021) has derived a measure of dynamic mobility (J) based on Markov
Chain by taking the position of complete immobility as the point of comparison. It weights the value of the
off-diagonal elements by their distance from the diagonal. Accordingly, the measure is

o

sy

J=

Where, 56 =) " (i-j) p;; and the transition probability matrix P = [pi J. ]kxk and k = 3 (here) i.e. number of
i

activity statuses in the past period of time (i= 1, 2, 3) and number of activity statuses in the current period of
time (j = 1, 2, 3). The numbers 1, 2, 3 stand respectively for three activity statuses, viz. ““Employed’’, <“Un-
employed’” and “‘Out of Labour Force’’. Thus, the measure (J) is free from the short comings of Joshi and
Singh’s mobility measure (1977). Further, the relevance of the measure J in our context has already been stated
in our earlier paper in Sarvekshana, the journal of NSSO, vol.110 & 111 (combined). The table gives the
distribution of the persons who were surveyed in both the adjacent quarters.

In this paper, ‘‘Employed’’, ‘‘Un-employed’’ and ‘‘Out of Labour Force’’ are the three activity statuses, i.e.
three states in Markov’s terminology, for a person in a time span of current time period and time span of past
(adjacent) time period. We have persons in either of these three activity statuses (states) in current period “j”
and the same three activity statuses (states) ‘i’ in the adjacent past period.

4. Data Base

The paper is wholly based on secondary data on employment and un-employment in urban areas of India
drawn from the quarterly bulletins of PLFS. It provides a bivariate table on percentage distribution of persons
of age 15 years and above in different activity statuses based on their current weekly status separately for
males and females in adjacent quarters. A table was therefore compiled to have mobility in activity status of
persons (males and females) categorised into three groups viz., “Employed”, “Un-employed” and “Out of
labour force” from a list given in Annex. The procedure for computing p;;'s using the published data in the

bulletins is as under.

A note in the bottom of Table-5 in quarterly bulletins mentions that the table gives the distribution of the
persons who were surveyed in both the adjacent quarters. Further, Table-1 in quarterly bulletins provides the
number of persons surveyed by age and gender in the age group 15 years and above. Using data from these
two tables, the number of persons in i activity status in a past adjacent survey period (N,.) and number of
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persons in j™ activity status in a current (adjacent) survey period (N, j) suchthat > N;,, => N, =N (total
i j

number of persons). With this, the number of persons in i activity status in past time period as well as in j"
activity status in current time period (Nij) has been worked out for urban areas at the all-India level.

5. Sample Design

In PLFS, the sampling design adopted is a stratified multi-stage design. The First Stage Units (FSU) are the
Urban Frame Survey (UFS) blocks in urban areas. The Ultimate Stage Units (USU) are households. A rotating
panel design has been used in urban areas. In this rotational panel scheme, each selected household in urban
areas is visited four times — first time with first visit schedule and another three times with revisit schedule.
Information is collected for all members of the sample households using Computer-Assisted Personal
Interviewing (CAPI) method with inbuilt validation rules on tablets (hand-held electronic devices). Sample
sizes of USUs in Quarterly Surveys are given in Table-1. The fieldwork during COVID-19 pandemic was
suspended from the middle of March 2020 and resumed in June 2020. During this period around 79% data
was collected over telephone.

Table 1. Sample Size of Households and Persons in Quarterly Surveys.

Survey Period (UFSF;lIJocks) Household Male Female Person
April-June 2018 5,739 44,697 91,561 89,219 1,80,808
July-Sept 2018 5,745 44,887 90,889 88,276 1,79,193
Oct-Dec 2018 5,743 44,963 90,403 87,537 1,77,966
Jan-March 2019 5,740 45,024 90,469 87,167 1,77,660
April-June 2019 5,723 45,288 91,522 87,852 1,79,422
July-Sept 2019 5,720 44 471 69,547 68,550 1,38,130
Oct-Dec 2019 5,722 45,555 71,085 69,788 1,40,906
Jan-March 2020 5,651 43,971 68,653 67,391 1,36,002
April-June 2020 5,635 43,209 67,887 67,084 1,34,990
July-Sept 2020 5,581 43,257 67,897 67,008 1,34,935
Oct-Dec 2020 5,563 43,693 68,349 67,420 1,35,801
Jan-March 2021 5,601 44,000 68,704 67,780 1,36,523
April-June 2021 5,619 43,892 68,047 66,978 1,35,060
July-Sept 2021 5,676 44,272 68,453 67,263 1,35,740
Oct-Dec 2021 5,697 44,533 69,027 67,590 1,36,636

Note: Male + Female may not be equal to Person, as the person also includes Third Gender.

6. Methodology

For Markov chain, sum of transition probabilities p;;'s (i= 1, 2, 3; j = 1, 2, 3) in each row equals one. It forms
a chain as defined by Markov (1907) on the ground that it is a chance process and may be related to the
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outcome of a given experiment affecting the outcome of the next experiment. Therefore, the transition
probabilities presented in Tables 3, 4 and 5 for persons, males, and females in the paper have been derived
from Table-5 of the quarterly bulletins which provides activity status of persons of age 15 years and above,
separately for males and females in percentage terms. i.e. (N;;/N ), (N;/ N) and (N ;/ N) where N is the number
of persons surveyed in both the adjacent quarters, N;; equals number of persons in activity status i and in
activity status j, N; equals total number of persons in activity status i and N ; equals total number of persons
in activity status j. Elements p;;'s of the transition probability matrix P are the ratios N;; /N; = (N;;j/N)*(N/N;).
The sum of the probabilities in each row is one. Symbolically, the transition probability matrix for selected
activity status is as under:

Table 2. Transition Probability Matrix (2)

States i in Adjacent Past States j in Current Period
Period 1 2 3 g
Employed Un- Out of 3
employed | Labour Force TS
S1 | Employed 1 pi1 piz pi3 S 2
P= S2 | Un-employed 2 pzi P22 P23 = %
S3 | Out of Labour Force |3 P31 p3z D33 £

Retention and Loss (To)

7. Periodical Transition Probabilities

Tables 3, 4 and 5 present the transition probabilities p;;'s of respectively persons, males and females aged 15
years and above in Current Weekly Status (CWS) by broad activity (employed, un-employed and out of labour
force) status for selected quarter in the urban areas of India based on PLFS.

Table 3. Transition Probabilities p;;'s of Persons Aged 15 Years and Above in CWS during Selected Quarters
in the Urban Areas of India.

Period July- Oct- Jan- April- July- Oct- Jan-
Sept18 | Dec 18 | March 19 | June19 | Sept19 Dec 19 March 20

1) ) ®) (4) (5) (6) ) (8)

P11 0.9476 | 0.9504 0.9525 0.9504 0.95529 0.9704 0.9461
P12 0.0190 | 0.0165 0.0166 0.0165 0.01412 0.0091 0.0247
P13 0.0333 | 0.0331 0.0309 0.0331 0.03059 0.0205 0.0292
P21 0.2093 | 0.1628 0.2000 0.1628 0.19512 0.1579 0.1316
P22 0.6744 | 0.6977 0.6667 0.6977 0.68293 0.7632 0.7632
P23 0.1163 | 0.1395 0.1333 0.1395 0.12195 0.0789 0.1053
P31 0.0242 | 0.0206 0.0225 0.0206 0.02996 0.0153 0.0174
P32 0.0130 | 0.0075 0.0094 0.0075 0.00749 0.0057 0.0058
P33 0.9628 | 0.9719 0.9682 0.9719 0.96255 0.9790 0.9768
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Period April- July- Oct- Jan- April- July- Oct-
June 20 | Sept20 | Dec20 | March2l | June?2l Sept 21 Dec 21

1) 9) (10) (11) (12) (13) (14 (15)
P11 0.7982 | 0.9620 | 0.9685 0.9559 0.9108 0.9609 0.9577
P12 0.1338 | 0.0163 | 0.0121 0.0196 0.0526 0.0147 0.0141
P13 0.0680 | 0.0217 | 0.0194 0.0245 0.0366 0.0244 0.0282
P21 0.0698 | 0.3478 | 0.2295 0.4000 0.1190 0.2931 0.1778
P22 0.8605 | 0.5978 | 0.7049 0.5538 0.8095 0.6379 0.7333
P23 0.0698 | 0.0543 | 0.0656 0.0462 0.0714 0.0690 0.0889
P31 0.0097 | 0.0315 | 0.0133 0.0133 0.0096 0.0169 0.0170
P32 0.0058 | 0.0074 | 0.0038 0.0038 0.0058 0.0056 0.0057
P33 0.9845 | 0.9611 | 0.9829 0.9829 0.9846 0.9775 0.9773

Table 4. Transition Probabilities p;;'s of Males Aged 15 Years and Above in CWS during Selected Quarters
in the Urban Areas of India.

Period July- Oct- Jan- April- July- Oct- Jan -
Sept 18 | Dec 18 | March June 19 Sept 19 Dec 19 March 20
19

(1) ) ®3) (4) (5) (6) () (8)
P11 0.9612 | 0.9643 | 0.9685 0.9673 0.9688 0.9362 0.9620
P12 0.0239 | 0.0223 | 0.0121 0.0164 0.0148 0.0053 0.0234
P13 0.0149 | 0.0134 | 0.0135 0.0164 0.0163 0.0585 0.0146
P21 0.2540 | 0.2222 | 0.2500 0.2031 0.2167 0.1000 0.1481
P22 0.6508 | 0.6825 | 0.6618 0.7031 0.7000 0.8000 0.7778
P23 0.0952 | 0.0952 | 0.0882 0.0938 0.0833 0.1000 0.0741
P31 0.0337 | 0.0303 | 0.0301 0.0303 0.0414 0.0139 0.0230
P32 0.0262 | 0.0265 | 0.0051 0.0152 0.0188 0.0038 0.0153
P33 0.9401 | 0.9432 | 0.9511 0.9545 0.9398 0.9823 0.9617

Table 4 (Contd.). Transition Probabilities p;;'s of Males Aged 15 Years and Above in CWS during Selected

Quarters in the Urban Sector of India.

Period April- July- Oct- Jan- April- July- Oct-
June 20 | Sept20 | Dec20 | March2l | June 2l Sept 21 Dec 21

1) 9) (10) 1 | (12) (13) (14 (15)
P11 0.8195 | 0.9740 | 0.9799 0.9701 0.9263 0.9736 0.9746
P12 0.1420 | 0.0191 | 0.0124 0.0179 0.0575 0.0155 0.0164
P13 0.0385 | 0.0069 | 0.0077 0.0119 0.0162 0.0109 0.0090
P21 0.0794 | 0.4056 | 0.2667 0.1846 0.1167 0.3218 0.2121
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Period April- July- Oct- Jan- April- July- Oct-
June 20 | Sept20 | Dec20 | March2l | June?2l Sept 21 Dec 21
P22 0.8571 | 0.5594 | 0.6889 0.7692 0.8333 0.6437 0.7273
P23 0.0635 | 0.0350 | 0.0444 0.0462 0.0500 0.0345 0.0606
P31 0.0153 | 0.0676 | 0.0227 0.0189 0.0191 0.0297 0.0226
P32 0.0153 | 0.0178 | 0.0114 0.0113 0.0076 0.0112 0.0113
P33 0.9693 | 0.9146 | 0.9659 0.9698 0.9733 0.9591 0.9660

Table 5. Transition Probabilities p;;'s of Female Aged 15 Years and Above in CWS during Selected Quarters
for Females in the Urban Sector of India.

Period July- Oct- Jan- April- July- Oct- Jan-
Sept18 | Dec 18 | March | June 19 Sept 19 Dec 19 March 20
19

(1) ) ®3) (4) (5) (6) () (8)

P11 0.8935 | 0.8817 | 0.8953 0.8817 0.9123 0.9704 0.9050
P12 0.0118 | 0.0178 | 0.0058 0.0178 0.0058 0.0091 0.0200
P13 0.0947 | 0.1006 | 0.0988 0.1006 0.0819 0.0205 0.0750
P21 0.0833 | 0.0455 | 0.1304 0.0455 0.0909 0.1579 0.0476
P22 0.7083 | 0.6818 | 0.6087 0.6818 0.6364 0.7632 0.7619
P23 0.2083 | 0.2727 | 0.2609 0.2727 0.2727 0.0789 0.1905
P31 0.0223 | 0.0173 | 0.0174 0.0173 0.0235 0.0153 0.0141
P32 0.0074 | 0.0037 | 0.0075 0.0037 0.0050 0.0057 0.0039
P33 0.9703 | 0.9790 | 0.9752 0.9790 0.9715 0.9790 0.9820

Table 5 (Contd.). Transition Probabilities p;;'s of Females Aged 15 Years and Above in CWS during Selected

Quarters of Females in the Urban Areas of India.

Period Jan- April- July-

April- July- Oct- March June 21 Sept 21 Oct-
June 20 | Sept20 | Dec 20 21 Dec 21

@) 9) (0 [ @y (12) (13) 14 (15)
P11 0.7413 | 0.9161 | 0.9379 0.9227 0.8505 0.9017 0.9106
P12 0.0945 | 0.0129 | 0.0056 0.0166 0.0412 0.0116 0.0056
P13 0.1642 | 0.0710 | 0.0565 0.0608 0.1082 0.0867 0.0838
P21 0.0435 | 0.1951 | 0.1250 0.1111 0.0870 0.1786 0.0870
P22 0.8261 | 0.6829 | 0.7500 0.7778 0.7826 0.6786 0.7391
P23 0.1304 | 0.1220 | 0.1250 0.1111 0.1304 0.1429 0.1739
P31 0.0052 | 0.0199 | 0.0076 0.0101 0.0064 0.0125 0.0113
P32 0.0039 | 0.0025 | 0.0025 0.0025 0.0038 0.0025 0.0038
P33 0.9910 | 0.9776 | 0.9899 0.9874 0.9898 0.9850 0.9850
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These tables separately for males, females and persons provide dimensional idea of retention and loss as well
as retention and gain in activity status based on pi1, p22 and pss i.e. employed, un-employed and out of labour
force. It reveals that retention in the employment category was lowest in April-June 2020 and rise in un-
employment activity status and out of labour force activity status, which indicates the impact of nationwide
lockdown from 24" March 2020 for arresting COVID-19 outbreak, appeared as a national crisis.

Table 6. Transition Probability (p22) of Persons, Males, and Females in the Un-employed Activity Status in a
Quarter Compared with the Year Ago Same Quarter, Two Years Ago Same Quarter and Three Years Ago
Same Quiarter.

Person July- July- July- July- Oct- Oct- Oct- Oct-
Sept 18 | Sept 19 | Sept 20 | Sept 21 | Dec 18 | Dec 19 | Dec 20 Dec 21
P22 0.6744 | 0.6829 | 0.5978 | 0.6379 | 0.6977 | 0.7632 | 0.7049 0.7333
Rise Fall Fall* Rise Stag* Rise
Male July- July- July- July- Oct- Oct- Oct- Oct -
Sept 18 | Sept 19 | Sept 20 | Sept 21 | Dec 18 | Dec 19 | Dec 20 Dec 21
P22 0.6508 | 0.7000 | 0.5594 | 0.6437 | 0.6825 | 0.8000 | 0.6889 0.7273
Rise Fall Fall* Rise Stag Rise
Female July- July- July- July- Oct- Oct- Oct- Oct-
Sept 18 | Sept 19 | Sept 20 | Sep 21 | Dec 18 | Dec 19 | Dec 20 Dec 21
P22 0.7083 | 0.6364 | 0.6829 | 0.6786 | 0.6818 | 0.7632 0.75 0.7391
Fall Fall Fall Rise Rise Rise

Table 6 (contd.). Transition Probability (pzz) of Persons, Males and Females in the Un-employed Activity
Status in a Quarter Compared with the Year Ago Same Quarter, Two Years Ago Same Quarter and Three
Years Ago Same Quarter.

Person Jan- Jan- Jan- April - April- April-
March 19 March 20 March 21 June 19 June 20 June 21
P22 0.6667 0.7632 0.5538 0.6977 0.8605 0.8095
Rise Rise Rise Rise
Male Jan- Jan- Jan- April - April- April-
March 19 March 20 | March 21 June 19 June 20 June 21
P22 0.6618 0.7778 0.7692 0.7031 0.8571 0.8333
Rise Rise Rise Rise
Female Jan- Jan- Jan- April - April- April-
March 19 March 20 | March 21 June 19 June 20 June 21
P22 0.6087 0.7619 0.7778 0.6818 0.8261 0.7826
Rise Rise Rise Rise

Note: * denotes marginal

Further, gender-specific transition probability in selected quarterly periods compared with the corresponding
quarter of previous period, two years back and three years back shows that the probability of persons in the
same quarter in unemployed activity status in a quarter has either remained stagnant, risen or fallen.
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8. Measures of Mobility

The two measures of mobility in activity status (D and J), stated in this paper i.e. Joshi and Singh’s D measure
(1977) and Joshi’s J measure (2021) based on transition probabilities given in Tables-3, 4 and 5 for males,
females and persons respectively are presented in Table-7.

Table 7. Gender-Specific Measures of Mobility in Selected Quarters in the Urban Sector of India.

Quarterly Survey Males Females Persons
Period D J D J D J Measure
Measure | Measure Measure Measure | Measure
July-Sept 2018 0.5272 0.0990 0.5509 0.1298 0.5253 0.0980
Oct -Dec 2018 0.5027 0.0902 0.5845 0.1484 0.5372 0.0993
Jan-March 2019 0.4988 0.0916 0.5954 0.1449 0.5209 0.0955
April-June 2019 0.4823 0.0858 0.5475 0.1352 0.5030 0.0902
July-Sept 2019 0.4944 0.0941 0.5624 0.1327 0.5161 0.0968
Oct-Dec 2019 0.3904 0.0618 0.4220 0.0831 0.4059 0.0658
Jan-March 2020 0.4265 0.0685 0.4816 0.1031 0.4563 0.0756
April-June 2020 0.5073 0.0859 0.5809 0.1583 0.5181 0.0983
July-Sept 2020 0.5245 0.1293 0.5473 0.1160 0.5072 0.1065
Oct-Dec 2020 0.3972 0.0639 0.4583 0.0875 0.4058 0.0645
Jan-March 2021 0.5110 0.0932 0.6590 0.1834 0.5233 0.0943
April-June 2021 0.4153 0.0622 0.5308 0.1202 0.4490 0.0723
July-Sept 2021 0.4556 0.0909 0.5539 0.1221 0.4834 0.0913
Oct-Dec 2021 0.4275 0.0712 0.4897 0.1084 0.4531 0.0779

It provides gender-specific mobility in activity status of persons from current weekly activity status in one
quarterly survey period to current weekly activity status in another quarterly survey period. The table reveals
gender disparity and inter-temporal disparity in mobility measures in different quarterly periods.

Joshi and Singh’s D measure of mobility in activity status for males depict decline from 0.5272 in quarter
ending September 2018 compared to 0.3904 in quarter ending December 2019. The measure attains maximum
rise in the quarter ending March 2021. It came down to the level of 0.4275 in the quarter ending December
2021.

The J measure of mobility in activity status for males in Table-7 depicts that mobility in activity status for
males has declined from 0.0990 in July—Sept. 2018 to 0.0618 in Oct-Dec 2019 then rose to level of 0.0932 in
Jan-March 2021 and fall to the level of 0.0712. Scenario is the same for females except in their dimension.
The fall in D measure was 0.5509 for females in July-Sept 2018 to 0.4220 in Oct-Dec 2019 and then rise to
the level of 0.6590 in Jan-March 2021 in the other quarters given in Table-8 and for measure J given in Table-
9 compared to the quarter ending September 2018.

Gender-specific D measure and J measure of mobility in activity status in selected quarterly periods for males,
females, and persons compared with the corresponding quarter a year ago, two years ago and three years ago
are presented in Table-8 and Table-9 respectively. It shows that for persons, D measure of mobility (0.4834)
in quarter ending September 2021 compared to D measure (0.5072) in quarter ending September 2020, D
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measure of mobility (0.5161) in quarter ending September 2019 and D measure of mobility (0.5253) in quarter
ending September 2018 has come down. For males, it has come down from the level of 0.5272 in quarter
ending September 2018 to the level of 0.4556 in quarter ending September 2021. However, D measure for
females (0.5539) in quarter ending September 2021 shows marginal increase compared to the level of 0.5509
in quarter ending September 2018. Dimension of Mobility is more in females compared to males in the selected
quarterly periods. Following the same conventions in the other quarters given in Table-8 and for measure J
given in Table-9, there is either rise or fall in dimension of mobility in selected quarters.

Figure 1. Gender-Specific D Measure of Mobility in Selected Quarters.
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Figure 2. Gender-Specific J Measure of Mobility in Selected Quarters.
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Table 8. D Measure of Mobility of Persons, Males, and Females Compared with the Year Ago Same Quarter,
Two Year Ago Same Quarter and Three Year Ago Same Quarter.
D Measure of Mobility

Period Person | Male Female Period Person Male Female
July-Sept 2018 | 0.5253 | 0.5272 | 0.5509 | Oct-Dec2021 0.4531 | 0.4275 0.4897
July-Sept 2019 | 0.5161 | 0.4944 | 0.5624 | Jan-March 2019 0.5209 | 0.4988 0.5954
July-Sept 2020 | 0.5072 | 0.5245 | 0.5473 | Jan-March 2020 0.4563 | 0.4265 0.4816
July-Sept 2021 | 0.4834 | 0.4556 | 0.5539 | Jan-March 2021 0.5233 | 0.5110 0.6590
Oct-Dec 2018 | 0.5372 | 0.5027 | 0.5845 | April-June 2019 0.5030 | 0.4823 0.5475
Oct-Dec 2019 | 0.4059 | 0.3904 | 0.4220 | April-June 2020 0.5181 | 0.5073 0.5809
Oct-Dec 2020 | 0.4058 | 0.3972 | 0.4583 | April-June 2021 0.4490 | 0.4153 0.5308

Table 9. J Measure of Mobility of Persons, Males, and Females in a Quarter Compared with the Year Ago
Same Quarter, Two Year Ago Same Quarter and Three Year Ago Same Quarter.

Period J Measure of Mobility

Person | Male | Female Period Person Male Female
July-Sept 2018 0.0980 | 0.0990 | 0.1298 | Oct-Dec 2021 0.0779 0.0712 0.1084
July-Sept 2019 0.0968 | 0.0941 | 0.1327 | Jan-March 2019 | 0.0955 0.0916 0.1449
July-Sept 2020 0.1065 | 0.1293 | 0.1160 | Jan-March 2020 | 0.0756 0.0685 0.1031
July-Sept 2021 0.0913 | 0.0909 | 0.1221 | Jan-March 2021 | 0.0943 0.0932 0.1834
Oct-Dec 2018 0.0993 | 0.0902 | 0.1484 | April-June 2019 | 0.0902 0.0858 0.1352
Oct-Dec 2019 0.0658 | 0.0618 | 0.0831 | April-June 2020 | 0.0983 0.0859 0.1583
Oct-Dec 2020 0.0645 | 0.0639 | 0.0875 | April-June 2021 | 0.0723 0.0622 0.1202

9. Sex Ratio in Measures of Mobility

Sex ratio (F/M) here is the ratio of mobility measure of females to mobility measure of males expressed in
1000. Normalised sex ratio here is the ratio of difference in mobility measure for females and mobility measure
for males with mobility measure for males i.e. (F-M)/M. It has been presented in Table 10. However, it shows
arising trend in favour of females. Normalised sex ratio (percentage) based on these two measures also shows
a rising trend in favour of females. Sex ratio and normalised sex ratio for both the measures was maximum in
the quarter ending March 2021.

Table 10. Sex Ratio (F/M) in Measures of Mobility per Thousand and Normalised Sex Ratio (%) in Mobility
Measures based on PLFS at all India Level in the Urban Sector.

Period Sex Ratio 100*Normalised Sex Ratio
D J D J
July-Sept 2018 1,045 1,311 4.50 31.11
Oct-Dec 2018 1,163 1,645 16.27 64.52
Jan-March 2019 1,194 1,582 19.37 58.19
April-June 2019 1,135 1,576 13.52 57.58
July-Sept 2019 1,138 1,410 13.75 41.02
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Period Sex Ratio 100*Normalised Sex Ratio
D J D J
Oct-Dec 2019 1,081 1,345 8.09 34.47
Jan-March 2020 1,129 1,505 12.92 50.51
April-June 2020 1,145 1,843 14.51 84.28
July-Sept 2020 1,043 897 4.35 -10.29
Oct-Dec 2020 1,154 1,369 15.38 36.93
Jan-March 2021 1,290 1,968 28.96 96.78
April-June 2021 1,278 1,932 27.81 93.19
July-Sept 2021 1,216 1,343 21.58 34.32
Oct-Dec 2021 1,145 1,522 14.55 52.25

Sex ratio and normalised sex ratio of mobility measures D and J in a quarter compared with the same quarter
a year ago, two years ago and three years ago has been presented in Table-11 and Table-12. It shows that the
highest sex ratio for D measure (1,290) was in the quarter ending March 2021. Similar scenario has been
observed for J measure (1,968) in the quarter ending March 2021.

Table 11. Sex Ratio of Mobility Measure D and J in a Quarter Compared with the Year Ago Same Quarter,
Two Years Ago Same Quarter and Three Years Ago Same Quarter.

Sex Ratio of Mobility Measure D Sex Ratio of Mobility Measure J
Period Sex Period Sex Period Sex Period Sex
Ratio Ratio Ratio Ratio

July-Sept 2018 | 1,045 | Oct-Dec 2021 | 1,145 | July-Sept 2018 | 1,311 | Oct-Dec 2021 | 1,522
July-Sept 2019 | 1,138 | Jan-March 2019 | 1,194 | July-Sept 2019 | 1,410 | Jan-March 2019 | 1,582
July-Sept 2020 | 1,043 | Jan-March 2020 | 1,129 | July-Sept 2020 | 897 | Jan-March 2020 | 1,505
July-Sept 2021 | 1,216 | Jan-March 2021 | 1,290 | July-Sept 2021 | 1,343 | Jan-March 2021 | 1,968
Oct-Dec2018 1,163 | April-June 2019 | 1,135 | Oct-Dec 2018 | 1,645 | April-June 2019 | 1,576
Oct-Dec 2019 | 1,081 | April-June 2020 | 1,145 | Oct-Dec 2019 | 1,345 | April-June 2020 | 1,843
Oct-Dec 2020 | 1,154 | April-June 2021 | 1,278 | Oct-Dec 2020 | 1,369 | April-June 2021 | 1,932

Normalised sex ratio of mobility measures D and J in a quarter to remain in the same quarter in the year ago,
two years ago and three years ago presented in Table-12 shows that the highest normalised sex ratio for D
measure (29) was in the quarter ending March 2021. In the same quarter, J measure was also maximum (97).

Table 12. Normalised Sex Ratio of Mobility Measure D and J in a Compared with the Year Ago Same Quarter,
Two Years Ago Same Quarter and Three Years Ago Same Quarter.
Normalised Sex Ratio of Mobility Measure D Normalised Sex Ratio of Mobility Measure J

Period NSR Period NSR Period NSR Period NSR

July-Sept 2018 4 Oct-Dec 2021 15 July-Sept 2018 31 Oct-Dec 2021 52
July-Sept 2019 | 14 | Jan-March 2019 19 July-Sept 2019 | 41 | Jan-March2019 | 58
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Normalised Sex Ratio of Mobility Measure D Normalised Sex Ratio of Mobility Measure J
Period NSR Period NSR Period NSR Period NSR

July-Sept 2020 | 4 | Jan-March 2020 13 July-Sept 2020 | -10 | Jan-March 2020 | 51
July-Sept 2021 | 22 | Jan-March 2021 29 July-Sept 2021 34 | Jan-March 2021 | 97
Oct-Dec 2018 16 | April-June 2019 14 Oct-Dec 2018 65 | April-June 2019 | 58

Oct-Dec 2019 8 | April-June 2020 15 Oct-Dec 2019 34 | April-June 2020 | 84
Oct-Dec 2020 15 | April-June 2021 28 Oct-Dec 2020 37 | April-June 2021 | 93

10. Inter-Temporal (Quarterly) Changes in Mobility (Percent)

Quarterly changes in mobility separately for males and females based on previously mentioned measures of
mobility have been presented in Table-13. Negative sign in difference shows that mobility in successive
quarters is less compared to its previous quarter. Thus, for D measure the difference in mobility between
October-December 2021 and July-September 2021 is 3.0 percent for persons, 2.8 percent for males and 6.4
percent for females. For J measure the difference in mobility between October-December 2021 and July-
September 2021 is 3.0 percent for persons, 2.8 percent for males and 6.4 percent for females. For J measure
the difference in mobility between October-December 2021 and July-September 2021 is 1.3 percent for
persons, 2.0 percent for males and 1.4 percent for females.

Table 13. Quarterly Changes in Mobility of Males and Females in the Urban Areas at the All-India Level
based on PLFS.

Period * Male Female Persons
D J D J D J
Between Q2 and Q1 -0.025 -0.009 0.034 0.019 0.012 0.001
Between Q 3and Q 2 -0.004 0.001 0.011 -0.004 -0.016 -0.004
Between Q4 and Q 3 -0.017 -0.006 -0.048 -0.010 -0.018 -0.005
Between Q 5and Q 4 0.012 0.008 0.015 -0.002 0.013 0.007
Between Q6and Q5 -0.104 -0.032 -0.140 -0.050 -0.110 -0.031
Between Q7and Q 6 0.036 0.007 0.060 0.020 0.050 0.010
Between Q8 and Q 7 0.081 0.017 0.099 0.055 0.062 0.023
Between Q9 and Q 8 0.017 0.043 -0.034 -0.042 -0.011 0.008
Between Q 10 and Q 9 -0.127 -0.065 -0.089 -0.029 -0.101 -0.042
Between Q 11and Q 10 0.114 0.029 0.201 0.096 0.118 0.030
Between Q 2 and Q 11 -0.096 -0.031 -0.128 -0.063 -0.074 -0.022
Between Q13 and Q 12 0.040 0.029 0.023 0.002 0.034 0.019
Between Q 14 and Q 13 -0.028 -0.020 -0.064 -0.014 -0.030 -0.013

Note: *Survey Period: Q1: July-Sept 2018; Q2: Oct-Dec 2018; Q3: Jan-March 2019; Q4: April-June 2019; Q5: July-
Sept 2019; Q6: Oct-Dec 2019; Q7: Jan-March 2020; Q8: April-June 2020; Q9: July- Sept 2020; Q10: Oct-Dec 2020;
Q11: Jan-March 2021; Q12: April-June2021; Q13: July-Sept2021; Q14: Oct-Dec 2021.
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Table 14. Normalised Quarterly Change for Mobility Measures in Urban Areas of India.

Period* Male Female Persons
D J D J D J
Between Q2 and Q1 -4.65 -8.89 6.10 14.33 2.27 1.33
Between Q3 and Q2 -0.78 1.55 1.86 -2.36 -3.03 -3.83
Between Q4 and Q3 -3.31 -6.33 | -8.05 | -6.69 -3.44 -5.55
Between Q5 and Q4 251 9.67 2.72 -1.85 2.60 7.32
Between Q6 and Q5 -21.04 -34.33 | -24.96 | -37.38 -21.35 -32.02
Between Q7 and Q6 9.25 10.84 | 14.12 | 24.07 12.42 14.89
Between Q8 and Q7 18.94 25.40 | 20.62 | 53.54 13.54 30.03
Between Q9 and Q8 3.39 50.52 | -5.78 | -26.72 -2.10 8.34
Between Q10 and Q9 -24.27 -50.58 | -16.26 | -24.57 -19.99 -39.44
Between Q11 and Q10 28.65 45.85 | 43.79 | 109.60 28.96 46.20
Between Q12 and Q11 -18.73 -33.26 | -19.46 | -34.48 -14.20 -23.33
Between Q13 and Q12 9.70 46.14 | 4.35 1.61 7.66 26.28
Between Q14 and Q13 -6.17 -21.67 | -11.59 | -11.22 -6.27 -14.68

Quarterly changes in the year, two years ago and three years ago for mobility (percent) in activity status of
persons, males and females for measures D and J have been presented in Table-15 and Table-16.

Table 15. Changes in Mobility Measure D in a Quarter to Remain in the Same Quarter Compared with the

Year Ago Same Quarter, Two Years Ago Same Quarter and Three Years Ago Same Quarter.

Quarterly Changes in D Measure

Period Person | Male | Female Period Person Male Female
July-Sept 2018 0.5253 | 0.5272 | 0.5509 | Oct-Dec 2021 0.4531 | 0.4275 0.4897
July-Sept 2019 0.5161 | 0.4944 | 0.5624 | Jan-March 2019 | 0.5209 | 0.4988 0.5954
July-Sept 2020 0.5072 | 0.5245 | 0.5473 | Jan-March 2020 | 0.4563 | 0.4265 0.4816
July-Sept 2021 0.4834 | 0.4556 | 0.5539 | Jan-March 2021 | 0.5233 | 0.5110 0.6590
Oct-Dec 2018 0.5372 | 0.5027 | 0.5845 | April-June 2019 | 0.5030 | 0.4823 0.5475
Oct-Dec 2019 0.4059 | 0.3904 | 0.4220 | April-June 2020 | 0.5181 | 0.5073 0.5809
Oct-Dec 2020 0.4058 | 0.3972 | 0.4583 | April-June 2021 | 0.4490 | 0.4153 0.5307

Table 16. Changes in Mobility Measure J in a Quarter to Remain in the Same Quarter Compared with the

Year Ago Same Quarter, Two Years Ago Same Quarter and Three Years Ago Same Quarter.

Quarterly Changes in J Measure
Period Person Male | Female Period Person Male Female
July-Sept 2018 0.0980 | 0.0990 | 0.1298 | Oct-Dec 2021 0.0779 | 0.0712 0.1084
July-Sept 2019 0.0968 | 0.0941 | 0.1327 | Jan-March 2019 | 0.0955 | 0.0916 0.1449
July-Sept 2020 0.1065 | 0.1293 | 0.1160 | Jan-March 2020 | 0.0756 | 0.0685 0.1031
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Quarterly Changes in J Measure
Period Person | Male | Female Period Person Male Female
July-Sept 2021 0.0913 | 0.0909 | 0.1221 | Jan-March 2021 | 0.0943 | 0.0932 0.1834
Oct-Dec 2018 0.0993 | 0.0902 | 0.1484 | April-June 2019 | 0.0902 | 0.0858 0.1352
Oct-Dec 2019 0.0658 | 0.0618 | 0.0831 | April-June 2020 | 0.0983 | 0.0859 0.1583
Oct-Dec 2020 0.0645 | 0.0639 | 0.0875 | April-June 2021 | 0.0723 | 0.0622 0.1200

It reveals that for D measure of mobility, there is fall (0.449) for persons, (0.4153) for males and 0.53079 for
females in April-June 2021 compared to (0.5253) for persons, (0.5272) for males and 0.5509 for females in
July-Sept 2018. For measure J, there is a fall is in April-June 2021 to 0.0723 for persons, 0.0622 for males,
0.1200 for females respectively from 0.098 for persons, 0.099 for males, 0.1298 for females in July-Sept.
2018.

11. Conclusion

Based on results presented in this paper, the following conclusions have been drawn. Mobility in activity status
of females towards immobility in the urban sector of India is higher compared to mobility in activity status of
males in the selected quarterly periods. Further, a rising trend was seen in regard to mobility in activity status
of females in all the selected quarters. For males, the scenario was opposite. Declining trend was seen in all
the selected quarters except quarter ending June 2019, which may be attributed to low level of female literacy
and women’s engagements in household activities. Widening or narrowing inter-temporal gaps over a period
of time calls for action-oriented programmes and policies for improving un-employment and under-
employment situations.

12. Policy Implications of Results

Dimensional ideas based on measures of employment, under-employment and un- employment are important
for the welfare of the people. However, available measures based on rates and ratios for small differences
using quinquennial large-scale National Sample Survey data on employment, under- employment and un-
employment suffer from sampling variability of the point estimates. Conclusions drawn from the point
estimates may therefore not be real and subject to fluctuations of Sampling. Against this, knowledge on success
or failures of policy and programmes for reducing under-employment and un-employment in a short period of
time from the point of labour force dynamics for taking corrective actions is important. Trend analysis of J
measure on quarterly basis will, therefore, be helpful to programme implementers and policy formulators for
making timely intervention in programmes and policies, if required.
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Annexure
Important Concepts and Definitions
National Sample Survey on employment un-employment follows clearly defined stabilized concepts given in
instructions to field staff VVol-1 as well as in NSS reports on employment un-employment. They are also
available in Golden Jubilee publication (2001) of NSSO entitled “Concepts and definitions used in NSS”,
Section 4, pp 38-55. Accordingly, employed are those who work for pay, profit, or family work by gainful
activities, i.e. activities that add value to national product. Un-employed are those who are not employed but
seeking or available for work. Labour Force means employed and unemployed together. Thus, those who are
neither working nor available for work are ‘Not in Labour Force’. Further details on the status of activity on
which a person spent relatively longer time of the preceding 365 days prior to the date of survey was considered
the Principal Usual Activity Status (PUS) of the person. A person who pursued in a subsidiary capacity some
gainful activity as well along with their principal usual activity (non-gainful) was considered to be usually
working in a Subsidiary Capacity (SUS). Combinations of these two groups constitute all workers in Usual
Status (US). The Current Weekly Status (CWS) of labour force rests on longer time of the preceding 7 days
prior to the date of survey. The detailed activity statuses under each of the three broad activity statuses (viz.,
employed’, ‘unemployed’ and ‘not in labour force’) and the corresponding codes used in the survey are as
under:
Code description
Working (or employed)
Self-employed
11 Worked in household enterprises (self-employed) as own-account worker
12 Worked in household enterprises (self-employed) as an employer
21 Worked in household enterprises (self-employed) as helper
Regular wage/ salaried employee
31 Worked as regular wage/salaried employee
Casual labour
41 Worked as casual labour in public works other than MGNREG public works
42 Worked as casual labour in Mahatma Gandhi NREG public works
51 Worked as casual labour in other types of works
61 Did not work owing to sickness though there was work in household enterprise
62 Did not work owing to other reasons though there was work in household enterprise
71 Did not work owing to sickness but had regular salaried/wage employment Seeking work (or unemployed)
72 Did not work owing to other reasons but had regular salaried/wage employment not working but
seeking/available for work (or unemployed)
81 Sought work or did not seek but was available for work (for usual status approach)
81 Sought work (for current weekly status approach)
82 Did not seek but was available for work (for current weekly status approach)
Neither working nor available for work (or not in labour force)
91 Attended educational institutions
92 Attended to domestic duties only
93 Attended to domestic duties and was also engaged in free collection of goods (vegetables, roots, firewood,
cattle feed, etc.), sewing, tailoring, weaving, etc. for household use

43



Sarvekshana Volume No. PDOS-XXXVIII No. (3-4), March 2023

94 Reinters, pensioners, remittance recipients, etc.

95 Not able to work owing to disability

97 Others (including beggars, prostitutes, etc.)

98 Did not work owing to sickness (for casual workers only)
99 Children of age 0-4 years
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PART-II

Highlights of Reports Released by National Sample Survey Office (NSSO)

(The ‘Highlights’ are reproduced from related report prepared by Survey Design
and Research Division (SDRD) of NSSO. For details, the reader may refer to the
related main report.)



SARVEKSHANA
Highlights of Recent Survey Report(s) Released by National Sample Survey Office (NSSO)

1. Periodic Labour Force Survey (PLFS) (2021-2022)



HIGHLIGHTS

|

Periodic Labour Force Survey (PLFS) 2021-2022

July 2021 to June 2022

Surveyed

Rural: 6,988 villages

12,733 First Stage Units (FSUs) Urban: 5.745 urban blocks

ﬁ 55,895 in rural areas
1,01,782 Households 45,887 in urban areas
ﬁ 2,49,175 in rural areas
4,28,525 Persons 1,79,350 in urban areas

The survey covered the whole of the Indian Union except the villages in
Andaman and Nicobar Islands which remained extremely difficult to access
throughout the year.

Approaches followed for presenting Labour Force Indicators

usual status (ps+ss) H current weekly status(CWS)
Reference period : 1 year Reference period : 1 week




Some of the key results at the all-India level for the period July 2021 - June 2022 emerging from PLFS
are highlighted below.

A. Households and Population

f}rural households (%)
household type
: regular
self- casual
wage/salary others all
employment earning labour
Percentage of
households 54.0 13.8 25.2 7.1 100.0
vggﬂrrcr;aé?r f}urban households (%)
T household type
(household regular casual
type) self- wage/salary labour others all
employment | earning
33.0 43.2 11.3 12.6 100.0
Literacy Rate for persons of age 7 years and above in India:
@ 79.7%
Literacy rate rural urban
for persons of male: 83.5% male: 92.4%
age 7 years female: 68.9% female: 84.0%

and above
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B. Labour Force in usual status (ps+ss)

—

Labour Force Participation Rate (LFPR) in usual status (ps+ss) in

ﬁ? \India: 41.3%
rural urban

LFPR for male: 56.9% male: 58.3%
persons of all female: 27.2% female: 18.8%

ages

—

Labour Force Participation Rate (LFPR) in usual status (ps+ss)
for persons of age 15-29 years in India: 42.0%

LEPR rural: urban:
for persons of AL 40.6%
age 15-29
vears
‘ Labour Force Participation Rate (LFPR) in usual status (ps+ss)
ﬁ for persons of age 15 years and above in India: 55.2%
LFPR
for persons rural: urban:
of age 15 57.5% 49.7%
years and
above
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| Worker Population Ratio (WPR) in usual status (ps+ss) in India:
39.6%
WPR
in usual status rural urban
for persons of male: 54.7% male: 55.0%
all ages female: 26.6% female: 17.3%

IR

Worker Population Ratio (WPR) in usual status (ps+ss) for
persons of age 15-29 years in India: 36.8%

WPR
in usual rural ‘ urban:
B 38.0% 33.6%
age 15-29

vears

ﬁ Worker Population Ratio (WPR) in usual status (ps+ss) for
WPR \ persons of age 15 years and above in India: 52.9%
in usual
SIEUTE forf rural: urban:
PErsons o 55.6% 46.6%
age 15
years and

above
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Status in
employment
among
workers
in usual
status
(ns+ss)

Share (%) of self-employed among workers in usual status (ps+ss)

rural
female: 67.8

rural
male: 58.6

urban
female: 39.4

urban
male: 39.5

Share (%) of regular wage/ salaried employees among workers in usual status
(ps+ss)

urban
female: 50.3

urban
male: 46.2

Share (%) of casual labour among workers in usual status (ps+ss)

rural
female: 8.1

rural
male: 14.7

urban
male: 14.3

rural
female: 24.1

rural
male: 26.8

urban
female: 10.3

\
ﬁ 1
|

Industry of
work (NIC -
2008) of the

workers
in usual status
(ps+ss)

Some industry of work with share (%) of workers in usual status (ps+ss) '

in rural areas

Agriculture Sector rural rural rural
g male: 51.0 female: 75.9 person: 59.0
c ion'S rural rural rural
onstruction Sector male: 16.6 female: 5.3 person: 13.0
Trade, hotel and rural rural rural
restaurant Sector male: 10.6 female: 3.7 person: 8.4
. rural rural rural
Manufacturing Sector male: 7.9 female: 7.9 person: 7.9

4P

Industry of
work (NIC -
2008) of the

workers
in usual status

(ps+ss)

\
\

Some industry of work with share (%) of workers in usual status (ps+ss) '

in urban areas

Trade, hotel and urban urban urban
restaurant Sector male: 25.2 female: 14.8 person: 22.8
. urban urban urban
Manufacturing Sector male: 21.5 female: 24.3 person: 22.2
. urban urban urban
Construction Sector male: 12.9 female: 3.9 person: 10.8
Transport, storage & urban urban urban
communications male: 12.5 female: 4.6 person: 10.7
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Occupation
(Division of
NCO-2015) of
workers
in usual status

(ps+ss)

Some Occupation Divisions (NCO-2015) with share (%) of workers in

usual status (ps+ss) in rural areas

Division 6: Skilled Agricultural,
Forestry and Fishery Workers

Division 7: Craft and Related
Trades Workers

Division 5: Service and Sales
Workers

rural
male: 40.6

rural
male: 8.8

rural
male: 8.2

rural
female: 57.5

rural
female: 5.4

rural
female: 4.2

\
\
i
\

Occupation
(Division of
NCO-2015)
of workers
in usual
status

(ps+ss)

Some Occupation Divisions (NCO-2015) with share (%) of workers in

usual status (ps+ss) in urban areas

Division 5: Service and Sales
Workers

Division 7: Craft and Related
Trades Workers

Division 1: Managers

Division 2: Professionals

urban
male: 18.6

urban
male: 16.1

urban
male: 16.3

urban
male: 9.7

urban
female: 16.7

urban
female: 13.6

urban

female: 10.0

urban
female: 18.2
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I

Informal
Sector

Informal Sector l

Percentage of workers in usual status (ps+ss) engaged in informal non-
agriculture sector in India:

male: female: person:
75.2 58.4 71.8

fi

Conditions of
employment

Conditions of Employment

Percentage of regular wage/salaried employees in the non-agriculture
sector who had no job contract in India

male: 62.9 | female:59.1 | person: 62.0

Percentage of regular wage/salaried employees in the non-agriculture
sector who were not eligible for paid leave in India

male: 50.5 | female: 44.6 |  person: 49.2

Percentage of regular wage/salaried employees in the non-agriculture
sector who were not eligible for specified social security” in India

male: 52.2 | female: 55.7 | person: 53.0

#In PLFS, coverage of social security for regular wage/salaried employees
means whether they are covered under any of the following specified social
security benefits or a combination of these benefits which are arranged or for
which contribution is made by the employer.

e PF/ pension
e gratuity

e health care / maternity benefits
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D. Earnings from employment, hours worked and hours available
for additional work

Estimates derived based on
e data collected in first visit schedule in rural areas; and

e data collected in first visit and revisit schedule in urban areas during for
each of the survey periods July — September 2021, October- December
2021, January — March 2022 and April — June 2022

Information on earnings collected for
o self-employed persons in current weekly status (CWS) for last 30 days

e regular wage/salaried persons in current weekly status (CWS) for last
calendar month

casual labour during each day of reference week

i

Range of
earnings from
employment
of regular
wage/ salaried
employees
In CWS

Range of earnings for regular wage/salaried employees in CWS during
preceding calendar month in the quarters July — September 2021, October-
December 2021, January — March 2022 and April — June 2022

rural
male 316.0 thousand - % 16.5 thousand
female 9.8 thousand - ¥ 12.6 thousand
urban
male %21.5 thousand - ¥ 22.8 thousand
female T 17.0 thousand - ¥ 18.0 thousand
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Range of
earnings
from
employm
ent by
casual
labour
engaged
in work
other than
public

Average wage earnings per day by casual labour engaged in work other than
public works during the reference week of the quarters July — September
2021, October- December 2021, January — March 2022 and April — June

2022
rural
male 3381 -¥393
female 3258 - 265
urban
male 3450 -3483
female 3317 -T333

@ “‘

Range of
earnings
from
employ
ment of
self-
employe
d
workers

Average gross earnings during last 30 days from self-employment work by
self-employed workers in CWS in the quarters July — September 2021,
October- December 2021, January — March 2022 and April — June 2022

rural
male % 10.7 thousand - ¥ 12.1 thousand
female 3 4.7 thousand - ¥ 4.9 thousand
urban

male

% 17.6 thousand - ¥ 19.6 thousand

female

37.4 thousand - 3 7.9 thousand
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Average hours actually worked in a week by a worker in CWS during Jul

ﬁ 2021 — June 2022: 43.7 hours — 44.8 hours

Hours
actually
worked
during the rural:
reference
Weeldby 41.9 hours — 43.1 hours
workers
in CWS

urban:

48.6 hours — 49.3 hours

Percentage of workers (range) in CWS who reported that they were
available for additional work during July 2021 — June 2022

I@s rural: urban:
available 2.4 % -3.8% 1.2% -1.4%
for
additiona Hours available for additional work (range) in a week for workers in CWS
| work who reported that they were available for additional work during July 2021
by the — June 2022
workers
in CWS
rural: urban:
9.7 hours -11.7 hours

10.9 hours -12.2 hours
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E. Unemployment Rate in usual status (ps+ss)

ﬁ | Unemployment Rate in usual status (ps+ss) for persons
of all ages in India: 4.1%

Jn-employmen

Rate (UR) in
usual status for rural urban
persons of all male: 3.8% male: 5.8%
ages female: 2.1% female: 7.9%

Un- Unemployment Rate in usual status (ps+ss) for educated (highest level of
employment education secondary and above) persons of age 15 years and above in India:
Rate (UR) 8.6%
in usual
status for
educated
persons of rural urban
all age 15
years and 8.0% 9.5%

above

ﬁ? Unemployment Rate in usual status (ps+ss) for youth persons of age 15 -29
Un- \ years in India: 12.4%

employment

Rate (UR) in

usual status for
persons of age
15 -29 years

rural urban

male: 11.4% male: 15.8%
female: 8.5% female: 21.6%
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F. Time Series of Key Labour Force indicators in usual status (ps+ss) obtained

from PLFS

Table 1: Labour force participation rates (in per cent) in usual status (ps+ss) estimated from PLFS

(2017-18), PLFS(2018-19), PLFS (2019-20), PLFS (2020-21) and PLFS (2021-22)

all-India
age group rural urban rural+urban
male | female | person male | female| person| male| female person
1) ) ©) (4) (5) (6) () (8) ) (10)
PLFS (2021-22)
15 years and 78.2 36.6 57.5 74.7 23.8 49.7 77.2 32.8 55.2
above
all ages 56.9 27.2 42.2 58.3 18.8 39.0| 573 24.8 41.3
PLFS (2020-21)
15 years and 78.1 36.5 57.4 74.6 23.2 49.1 77.0 32.5 54.9
above
all ages 57.1 27.7 42.7 58.4 18.6 38.9 57.5 25.1 41.6
PLFS (2019-20)
15 years and 77.9 33.0 55.5 74.6 23.3 493| 76.8 30.0 535
above
all ages 56.3 24.7 40.8 57.8 18.5 38.6| 56.8 22.8 40.1
PLFS (2018-19)
15 years and
above 76.4 26.4 515 73.7 20.4 475 755 24.5 50.2
all ages
55.1 19.7 37.7 56.7 16.1 36.9| 55.6 18.6 375
PLFS (2017-18)
15 years and
above 76.4 24.6 50.7 74.5 20.4 47.6 75.8 23.3 49.8
all ages
54.9 18.2 37.0 57.0 15.9 36.8| 555 17.5 36.9

2021-22 refers to the period July 2021 — June 2022 and likewise for 2020-21, 2019-20, 2018-19 and 2017-18
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Table 2: WPR (in per cent) in usual status (ps+ss) estimated from PLFS (2017-18), PLFS(2018-19),
PLFS (2019-20), PLFS (2020-21) and PLFS (2021-22) for persons of age 15 years and above and persons

of all ages
all-India
age group rural urban rural+urban
male | female | person male female person male female person
1) 2) (3) (4) (5) (6) (7) (8) 9) (10)
PLFS (2021-22)
15 years and 75.3 35.8 55.6 70.4 21.9 46.6 73.8 31.7 52.9
above
all ages 54.7 26.6 40.8 55.0 17.3 36.6 54.8 24.0 39.6
PLFS (2020-21)
15 years and 75.1 35.8 55.5 70.0 21.2 45.8 735 314 52.6
above
all ages 54.9 27.1 41.3 54.9 17.0 36.3 54.9 24.2 39.8
PLFS (2019-20)
15 years and 74.4 32.2 53.3 69.9 21.3 45.8 73.0 28.7 50.9
above
all ages 53.8 24.0 39.2 54.1 16.8 35.9 53.9 21.8 38.2
PLFS (2018-19)
15 years and
above 72.2 255 48.9 68.6 18.4 43.9 71.0 23.3 47.3
all ages
52.1 19.0 35.8 52.7 145 34.1 52.3 17.6 35.3
PLFS (2017-18)
15 years and
above 72.0 23.7 48.1 69.3 18.2 43.9 71.2 22.0 46.8
all ages
51.7 175 35.0 53.0 14.2 339 52.1 16.5 34.7

2021-22 refers to the period July 2021 — June 2022 and likewise for 2020-21, 2019-20, 2018-19 and 2017-18
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Table 3: Unemployment Rate (in per cent) in usual status (ps+ss) estimated from PLFS (2017-18), PLFS
(2018-19), PLFS (2019-20), PLFS (2020-21) and PLFS (2021-22)

all-India
age group rural urban rural+urban
male | female | person male female | person | male | female person
1) ) 3) (4) (5) (6) (7) (@) 9) (10)
PLFS (2021-22)
15 years and
above 3.8 21| 32 5.8 7.9 63| 44 3.3 4.1
all ages
3.8 2.1 3.3 5.8 7.9 6.3 4.4 3.3 4.1
PLFS (2020-21)
15 years and
above 3.8 2.1 3.3 6.1 8.6 6.7 4.5 3.5 4.2
all ages
3.9 2.1 3.3 6.1 8.6 6.7 4.5 3.5 4.2
PLFS (2019-20)
15 years and
above 4.5 2.6 3.9 6.4 8.9 6.9 5.0 4.2 4.8
all ages
4.5 2.6 4.0 6.4 8.9 7.0 5.1 4.2 4.8
PLFS (2018-19)
15 years and
above 5.5 3.5 5.0 7.0 9.8 7.6 6.0 5.1 5.8
all ages
5.6 3.5 5.0 7.1 9.9 7.7 6.0 5.2 5.8
PLFS (2017-18)
15 years and
above 5.7 3.8 5.3 6.9 10.8 7.7 6.1 5.6 6.0
all ages
5.8 3.8 5.3 7.1 10.8 7.8 6.2 5.7 6.1

2021-22 refers to the period July 2021 — June 2022 and likewise for 2020-21, 2019-20, 2018-19 and 2017-18
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ganT fear s g

o WUW / AT

o U

o oYU FW/ A Sifthew
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b

(&) SERT & 3, fhder 8¢ & fRar g faRed st & fov 3gesy

TEIASH MR &

o ITHIOT 45T 3 fohT TV T & Tgel ER W ehed fohT 91T 3fiehst; R

o I & A T & Tgel AR I 3R GoT: aR W ghes fohu 1w 3renst
S SfelT$ - fAdesR 2021, g - fade 2021, Sievady - AR 2022 Td
318l - ST 2022 At & faw &

SR & 377 IR Gl SehedT hl Iy

o TIAT e U (Hsseyud) 7 Fa-UeR it & forw 3my @
T ool 30 et & fow

o TAAT Hredligen fEufa (Hsseyuw) & FAfAd FAergy/adesieh safeaat
& forw 3mr oY FereTr qaacdt Folvst #1g & fow

o 3TTeRTEHS AT & [T 3T IR G Heoy g% & Hidiest & e

FaATe drcarfes Rufa (Hssequa) & afa asey/aawsieh sHaRat &
ot qdad! FAvsT AE & AN g8 I FY I waI0r Irafy F S - A
2021, rFeeR - fRHaT 2021, FTadY - AT 2022 T 30 - 5T 2022 F fw A

T 16.089R - T 1658

988 -3126 IR

321581 - 3228 galX

217.08R - 318089
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NHRAF HfAF (Tfeas aad & 3ramar 377 FA /) Y sitwas gfafeer v sma
FaToT 39 & Send - RAaFaR 2021, 3R - T 2021, SfeTady - A 2022
wq 3 - S 2022 F A

3381 - ¥ 303

T 258-3 265

3450 - 483

3317- 3333

| Weequd & FT-FRIA FRAART GaRT FFT 1T F9-FRRT 1 § 30deT o 37
&1 I wdfaror Irafer & FJars - Ay 2021, e - REaw 2021, Fad - A
ﬁ? 2022 wa 39 - ST 2022 F = A

21078 - 312189

Afgam3 T & 478K - 4989R

176 IR - T 19.6 ol

Afgemsit & R7489R-R7989R

72




qAATT Fiediies Ul (Mssequd) & Fdaqor 3@fe Joirs 2021 A ST 2022
& AR AR GaRT AT ATedT{gen I fohaT a1 43.7 w2 - 44.8 ¢

TTHTOT &13T H: I &Yt A
4198 -431 6 48,6 ©IC - 49.3 €I

AT wrearfed Rufa (dssequw) & sfaRaa F18 Fr sueretrar gof Fiae
AT FIAIART Y gfrerd v ¥o7 wfaror 3raf® g 2021 & w2022 F aRreT

JTAoT AT H: IR &A1 A
2.4 % -3.8% 1.2 % - 1.4%

Wesequa & e FmRT o arfaRea Frt & sueretrar gof Farh & 3@ #
TF g A HfaRFT w1 A AT suererr garg Y 1o wfaror rafer sens 2021
¥ 2022 & R

AT &5 A T &7 A
10.99¢ -12.2 G 9.79g¢-11.749¢
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(3) SRR X atAET Fufa (foa+vawd) &

G

TSR T
Ty 37 &

giFaar )

AT & A fafa (freg+taed) & sUSeIR 83 4.1%

AT
q&ST H: 3.8%
Afgem3tt #: 2.1%

CIEIE ]

q&ST H: 5.8%
A3 #: 7.9%

TNSER &
15 suf 3R

IRTH 15 &uf 3R 399 3R & 37 & RfeT @Freafas g 39+
3T &1 3 ad e &1 TR) afeaar & gy fufa (hra+oaey) &

ST &3: 8.6%

JTHYOT & H

8.0%

AT AT A

9.5%

i

TSR &3
gar (15-29
ay 3T F)
safeat &

HRA A SRS X aT (15-29 a9 34 &) safeaaii #: 12.4%

AT
q&ST H: 11.4%
HATTHT #H: 8.5%

CIEIE |
q&ST H: 15.8%
AfF3TT #: 21.6%
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(). TG HA 8 Whas $1 sA-URer aAey ufa (few+owes) & foaered §

T 1: ST BT UIEHURNSA YT (TAUHUIR) (wfaera &) aeea ufa (drua+uaed) & fiosuewed (2017-18), fieduwed
(2018-19), NTATHTH (2019-20), HTSATHTH (2020-21) TS FTATHTH (2021-22) H UTerhioid

re-sf3ar
g et rEYoT T T + AT
&St A | ARG [cafFdal #| gEstA| AT A | cFfFaAt | gust A Afgensi 7| cFfFa
H #
() ) ®) (4) (5) (6) @ ®) ©)] (10)
dITATHTH (2021-22)
1538 3R 35y 30T 78.2 36.6 575 747 238 497 772 32.8 55.2
3H & giaaar &
foT
R r— 56.9 27.2 42.2 58.3 18.8 390 | 573 24.8 41.3
F fow
dITThTE (2020-21)
1599 3R 39 IR 78.1 36.5 57.4 74.6 23.2 491 770 325 54.9
37 & AFaar &
IGIY
a8 37 & catFagt 57.1 27.7 427 58.4 18.6 389 | 575 25.1 41.6
F fow
qITeTTHTH (2019-20)
1599 3R 39 AR 77.9 33.0 55.5 74.6 233 493 76.8 30.0 535
35 & Iiadar &
IGIY
a9 37 & catFadr 56.3 24.7 40.8 57.8 185 386 | 56.8 228 40.1
F fow
dITaThUE (2018-19)
15 ay 3R 389 s
35 & Iiadar &
o 76.4 26.4 515 73.7 20.4 475 | 755 24.5 50.2
gy 37 F gfFagar
& fau 55.1 19.7 377 56.7 16.1 369 | 556 18.6 375
qIueTuthud (2017-18)
15 ay 3R 389 s
3H & giadar &
o 76.4 24.6 50.7 745 20.4 476 | 758 23.3 49.8
gy 37 & IiFaar
& fau 54.9 182 37.0 57.0 15.9 368 | 555 175 36.9

2021-22 Fells 2021-5o7 2022 &I HAfer & HalHd @l § 3R FH g 2020-21, 2019-20, 2018-19 JK 2017-18 & felv
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cdol 2:

FTATHTH (2018-19), FITATHTH (2019-20), TTATHTH (2020-21) TF FUATHTH (2021-22) T Jraehfolcd

FIHAIR SAHEIT 3T (SsegiIIR) (Ffaerd #) Ay Fufd (fea+uaes) # feavsed (2017-18),

Jrer-gfsam
g @ FTHYOT AR T + AR
qESt A | AfGen3t 7 cafFaat | gust A (ARt A [aiFadt #| e A | Afgensit & cafFaat A
@ (2 €)) 4 ®) (6) O ® ©) (10)
FTATHTH (2021-22)
153§ 3K 399 75.3 35.8 55.6 70.4 21.9 46.6 738 317 52.9
S 3T &
giFaar & faw
e 3 ¥ 54.7 26.6 408 55.0 173 36.6 54.8 24.0 39.6
giFaar & faw
dITeThTH (2020-21)
T 75.1 358 55.5 70.0 212 458 735 314 52.6
3f0F 37 &
giFaar & faw
P 54.9 27.1 413 54.9 17.0 36.3 54.9 24.2 30.8
giFaar & faw
dUeTHhud (2019-20)
153§ 3K 399 744 322 53.3 6.9 213 458 73.0 28.7 50.9
3f8d 37 *
giFaar & faw
s 37 & 53.8 24.0 39.2 54.1 168 35.9 53.9 218 38.2
giFaar & faw
dITaThTE (2018-19)
153y 3R T8
3f0F 37 &
cafFadt & fo 72.2 255 48.9 68.6 18.4 43.9 71.0 23.3 47.3
Tl 37 &
cafFadt & fo 52.1 19.0 35.8 52.7 145 34.1 52.3 176 35.3
qITelThud (2017-18)
153y 3R T8
3f8s 37 &
afFadl & fou 72.0 23.7 48.1 69.3 18.2 43.9 71.2 22,0 46.8
Tl 37 &
afFadl & fow 51.7 175 35.0 53.0 142 33.9 52.1 165 34.7

2021-22 Sefg 2021-5f7 2022 &1 Jafer I HlAT Fl § N SHT @vE 2020-21, 2019-20, 2018-19 R 2017-18 & forw
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T 3: IR & (Ffaera #) g Rufa (frea+uacd) # fiTaudhed (2017-18), NTATHTH (2018-19), Treaehmud
(2019-20), FTATHTH (2020-21) TS FTATHTH (2021-22) T TTFhield

Jrer-gfsam
g @ pIEI TR AT + TR
qeNt H | A3t A | cGfFadt | qE & | Aot 7 | cafeaat # | qewt F | Afgensit & egfFawt 7
H
@ 2 ©)) 4 ®) (6) (M 8 © (10)

FTATHTH (2021-22)

153y 3R 3T

3H 33 &

FiFadt & few 3.8 21 3.2 5.8 7.9 6.3 4.4 33 41

el 3\ &

cafFadt & fo 3.8 21 3.3 5.8 7.9 6.3 4.4 33 41
TATHTH (2020-21)

153y 3R T8

3w 37 F 38 21 3.3 6.1 8.6 6.7 45 35 42

giFaar & fow

Tt 37 &

cafFadt & fow 3.9 21 3.3 6.1 8.6 6.7 45 35 4.2
dUeTHhud (2019-20)

153y 3R @8

3t 37 & 45 26 3.9 6.4 8.9 6.9 5.0 4.2 48

giFaar & faw

Ty 37 &

cafFadt & fo 45 2.6 4.0 6.4 8.9 7.0 5.1 4.2 4.8
NTATHTH (2018-19)

153y 3R T8

3H 37 &

IiFadt & few 5.5 35 5.0 7.0 9.8 76 6.0 5.1 5.8

Tl 37 &

IiFaat & few 5.6 35 5.0 7.1 9.9 7.1 6.0 5.2 5.8
qITelThud (2017-18)

153y 3R T8

3H 37 &

afFadl & fou 5.7 3.8 5.3 6.9 10.8 7.7 6.1 56 6.0

Tl 37 &

IiFadt & few 5.8 38 5.3 7.1 10.8 7.8 6.2 5.7 6.1

2021-22 Sefg 2021-5f7 2022 &1 Jafer I HlAT Fl § N SHT @vE 2020-21, 2019-20, 2018-19 R 2017-18 & forw
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