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Abstract

This paper uses Indian EUS-NSSO data on 32 states/union territories and 570 dis-
tricts for a bi-annual panel with 5 waves to estimate how regional population reacts
to asymmetric shocks. These shocks are measured by non-employment rates, unem-
ployment rates, and wages in fixed-effects regressions which effectively use changes
in these indicators over time within regions as identifying information. Because we
include region and time effects, we interpret regression-adjusted population changes
as proxies for regional migration. Comparing the results with those for the United
States (US) and the European Union (EU), the most striking difference is that, in
India, we do not find any significant reactions to asymmetric non-employment
shocks at the state level, only at the district level, whereas the estimates are statisti-
cally significant and of similar size for the state/NUTS-1 (Classification of Territo-
rial Units for Statistics (NUTS, the French abbreviation for "nomenclature d’unités
territoriales 21 statistiques")) and district level in both the US and Europe. We find
that Indian workers react to asymmetric regional shocks by adjusting up to a third of
a regional non-employment shock through migration within 2 years. This is some-
what higher than the response to non-employment shocks in the US and the EU but
somewhat lower than the response to unemployment shocks in these economies. In
India, the unemployment rate does not seem to be a reliable measure of regional
shocks, at least we find no significant effects for it. However, we find a significant
population response to regional wage differentials in India at both the state and dis-
trict level.
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1 Introduction

Internal migration can be an important component for adjusting asymmetric regional
labour market shocks. For a fast-developing economy like India, which is also expe-
riencing rapid population growth, efficient internal migration of labour may be even
more important (Lagakos 2020). Still, in a large country such as India with different
language groups, internal migration may also face political and administrative bar-
riers as documented in Aggarwal et al. (2020), Bhagat (2012), Borhade (2012) and
Kone et al. (2018).

In this paper, we estimate how net migration, proxied by regression-controlled
population change in a region, reacts to regional labour market shocks in India.
We measure asymmetric regional labour market shocks by changes in the ratio
of the regional non-employment rate to the average non-employment rate of all
Indian regions as well as by changes in the ratio of the average full-time wage in a
region to the average wage of all Indian regions. We use both states/union territo-
ries and districts as regional units.! Based on regressions using regional and year
fixed effects, we find that Indian workers respond to asymmetric regional labour
market conditions. Indeed, when comparing our results to those obtained for the
United States (US) and the European Union (EU) applying the same methodology
as in Jauer et al. (2019), we find that regional adjustment in India occurs primar-
ily at the district level but not at the state level, whereas it occurs at both of these
levels in the US and in Europe. This finding is not inconsistent with concerns
raised in the literature on barriers to mobility: maybe the dynamics of the Indian
economy requires much more labour mobility for India to unleash its economic
potential.

During the last two decades, India has seen significant macroeconomic and labour
market changes: India has seen larger population growth since the year 2000 than
the US, the EU, or China, but its GDP growth has been below the one of China since
the late 2000s (see Figs. 1 and 2). This raises the question whether India is making
full use of its labour market potential. Indeed, the employment to population ratio
for people older than 15 years of age has been decreasing for the last two decades
in India and is now below the one of the US, the EU, and China (Fig. 3), see also
Verick (2014). The unemployment rate has increased recently (Fig. 4), although—
given the lack of a European or the US style unemployment benefit system—we
have doubts whether it is as meaningful as a statistic here as the non-employment
rate, which will be our preferred statistic to measure (the inverse of) labour mar-
ket tightness. For the employed, there have been significant structural shifts: India
has experienced a decrease in the (still high) share of agricultural employment. This
is not only reflected in an increase in the share of service employment: in striking
contrast to the US and the EU, India and China have experienced industrialisa-
tion of their workforces in the first decade of the 21st century and slightly beyond

! In the following, when we refer to states this is supposed to include the union territories.
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Fig. 1 Population by country. Data Source: https://data.worldbank.org
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Fig. 3 Employment to population ratio by country. Data Source: https://data.worldbank.org
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Fig. 4 Unemployment rates by country. Data Source: https://data.worldbank.org
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Fig.7 Employment share services by country. Data Source: https://data.worldbank.org

(Figs. 5, 6 and 7). India may thus experience a form of development similar to the
Lewis (1954) model, for which internal migration is a crucial component.

The paper is structured as follows. Section 2 describes our data set and presents
descriptive statistics in the form of graphs. Section 3 presents the regression results.
Section 4 concludes.

2 Data and Descriptive Statistics

We use individual-level survey data from the Employment and Unemployment Sur-
vey (EUS) by the National Sample Survey Office (NSSO) of India, rounds 60 (col-
lected from January 2004 to June 2004), 62 (collected from July 2005 to June 2006),
64 (collected from July 2007 to June 2008), 66 (collected from July 2009 to June
2010), and 68 (latest available, collected from July 2011 to June 2012). Because
round 60 was only collected during 6 instead of 12 months, we will check the sensi-
tivity of our results with respect to exclusion or inclusion of round 60. Round 61 is
excluded because our estimating equation will contain a lag structure and we want to
maintain a similar (2-year) lag throughout the sample.

Using sampling weights, we build regional-level data (at the state/union territory
or district level) for the population growth factor, the non-employment rate (1 minus
the employment-population ratio), and the unemployment rate. In doing that, we
only consider people of working age (15-64 years). Using sampling weights, we
also generate the average wage per region as a proxy for earnings potential. Because

@ Springer @E ISLE
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Fig. 8 Population by state. Data Source: EUS by NSSO, Rounds 60 and 62—68

we do not have information on hours of work, we only use full-time workers who
usually work at least 5 days per week full-time.

We exclude the following small union territories: Andaman and Nicobar Islands,
Lakshadweep (both islands), and Puducherry (set of geographically disconnected
territories). Because of changes to districts and inconsistencies in the data, Delhi
and Goa are treated as a single entity in the district data. The following districts
are excluded due to lack of wage information: Lakhisarai (Bihar), Upper Siang
(Arunachal Pradesh), and Tamenglong (Manipur). We also excluded Leh Ladakh,
Kargil, and Punch (all in Jammu and Kashmir), because data for these districts
are only available in round 68 (collected from July 2011 to June 2012) of the EUS
survey. This leaves us with 32 states/union territories and 570 districts, which we
observe bi-annually in 5 different years over a time period of about 8 years.’

The size of the population is heterogeneous across states and districts as exhibited
in Figs. 8 and 9. Average wages increased in virtually all states after 2008 (Fig. 10).
However, the increase in wages was also accompanied by regional diversion from
2008 to 2012, whereas there seems to have been regional wage conversion between

2 District-level territorial reforms in the period under consideration were taken into account as follows:
we used the districts from round 60 of the EUS-NSSO as a basis. In most cases, it was clear from which
district the new district had been created and we assigned it to the original district. Exceptions are the
district of Mewat (state: Haryana) and the district of Baksa (state: Assam), where the district of ori-
gin was not clearly identifiable. Here we have merged the new districts and all the original districts. A
detailed list can be requested from the authors.

ISLE @ Springer
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Fig. 9 Population by district. Data Source: EUS by NSSO, Rounds 60 and 62—68
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Fig. 10 Average wage by state. Data Source: EUS by NSSO, Rounds 60 and 62-68
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Fig. 11 Average wage and coefficient of variation of the average wage over states. Data Source: EUS by
NSSO, Rounds 60 and 62—-68

2004 and 2008, see the corresponding coefficients of variation in Fig. 11. When
considering wages by district, there also seems to be increasing diversion together
with wage increases after 2008 (even when ignoring the outlier, see Fig. 12 and the
corresponding coefficients of variation in Fig. 13). Himanshu (2017) also reports a
“rapid acceleration” of wages “during 2008-2013" (p. 309).

On the other hand, there seems to be a convergence in the non-employment rates
by both states and districts, despite of rising non-employment rates (Figs. 14 and 15,
for the corresponding coefficients of variation, see Figs. 16 and 17). The dispersion of
the regional unemployment rate seems to move more erratically over time, especially
when plotted by district (Figs. 18 and 19). There appears to be an increase in the dis-
persion when plotted by state (Fig. 18), but we consider the non-employment statistic
to be more reliable than the unemployment statistic. Indeed, as Figs. 20 and 21 show,
there is a clear increase in the non-employment rate over time (when averaged over
states and districts), whereas there is no such clear trend for the unemployment rate.

3 Methodology and Results

Following Jauer et al. (2019), we estimate the following regression with the regional
population growth factor on the left hand side and the region’s ratio of its unemploy-
ment/non-employment rate (ur) to the national average as well as the ratio of the

L ISLE @ Springer
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by NSSO, Rounds 60 and 62-68

@ Springer



The Indian Journal of Labour Economics (2023) 66:7-35 17

Non-Employment Rate

Fig. 14

Non-Employment Rate

.6

4

2

== ——

_ — = ——

2004 2006 2008 2010 2012
Year

Non-employment rate by state. Data Source: EUS by NSSO, Rounds 60 and 62-68

2004 2006 2008 2010 2012
Year

Fig. 15 Non-employment rate by district. Data Source: EUS by NSSO, Rounds 60 and 62-68

2 ISLE @ Springer



18 The Indian Journal of Labour Economics (2023) 66:7-35

.24
T
.06

055

2 .22
1 1
C.V. of Unemployment Rate

T
.05

045

18

C.V. of Non—-Employment Rate
.04

16
1
T
.035

2004 2006 2008 2010 2012
Year

Coefficient of Variation Non-Employment Rate
Coefficient of Variation Unemployment Rate

Fig. 16 Coefficient of variation of the non-employment and unemployment rates by states. Data Source:
EUS by NSSO, Rounds 60 and 62-68

.28 3

1 1

T T
.05 .055

1
T
045
C.V. of Unemployment Rate

C.V. of Non-Employment Rate
24 26
1
04

N 1o}
AN 7 ep)
’ T T T T T O
2004 2006 2008 2010 2012
Year

Coefficient of Variation Non-Employment Rate
Coefficient of Variation Unemployment Rate

Fig. 17 Coefficient of variation of the non-employment and unemployment rates by districts. Data
Source: EUS by NSSO, Rounds 60 and 62-68

@ Springer @) ISLE



19

The Indian Journal of Labour Economics (2023) 66:7-35

T T T
Sl L S0
a)jey juswAhojdwaun

2012

2010

2008

2006

2004

Year

Fig. 18 Unemployment rate by state. Data Source: EUS by NSSO, Rounds 60 and 62—68

ajey JuswAhodwaun

2012

2010

2008

2006

2004

Year

Fig. 19 Unemployment rate by district. Data Source: EUS by NSSO, Rounds 60 and 62-68

pringer

Y ISLEQ S



20 The Indian Journal of Labour Economics (2023) 66:7-35

[s2]
o
[{o}
Q-
To]
£ ¥ Q@
= &
3 <« 2
E 31 o
AN
£ )
E o o
W 5
C C
] -]
zZ
N
9 -
<] -8
2004 2006 2008 2010 2012
Year
Non-Employment Rate  —— Unemployment Rate

Fig.20 Unemployment rate and non-employment rate averaged over states. Data Source: EUS by NSSO,
Rounds 60 and 62-68

™
<
©
<
[0)
) w0 o
© LN =
Y o
£ 3 =
2 5
= €
o >
a o
£ Q
AN
o Y )
z
ﬁ: -
T T T T T
2004 2006 2008 2010 2012
Year
|— Non-Employment Rate  —— Unemployment Rate

Fig.21 Unemployment rate and non-employment rate averaged over districts. Data Source: EUS by
NSSO, Rounds 60 and 62—-68

@ Springer @) ISLE



The Indian Journal of Labour Economics (2023) 66:7-35 21

region’s wage rate (y) to the national average on the right hand side. The estimating
equation is:

oD: ur; i
In <&> =ay+a,ln <L_2>+ln<yn_2>+’7;+l4i+git (1)

POPj¢—2 Uy o Ynt-2

Because we have bi-annual regional panel data, we include both region and time
fixed effects (FE), u; and #,, respectively. Because the national averages in the
denominators on the right hand side are constant between regions, they are taken
account of by the year fixed effects. If the region and time fixed effects take account
of natural population growth, using the population growth factor on the left hand
side—regression-adjusted by region and time effects—will effectively measure pop-
ulation change due to net migration.’

POD;it A;_zpopit + POPit—2
In -1, —u;=1In — N, — K
POP;i—» POPi¢—2

<migit,z‘—2 + pop;_» >
~In| ——
POPit—2

@)

Under these assumptions, we follow Jauer et al. (2019) and interpret the coefficients
on the unemployment/non-employment rate and on the wage as the reactions of net
migration to regional labour market shocks. Because of the log—log specification,
the coefficient on the wage can be interpreted as an elasticity. Similarly, the coef-
ficient on the unemployment/non-employment rate is an elasticity, but here we are
more interested in how much of an increase in non-employment in a region can pos-
sibly be adjusted by net migration (discussed below).

Table 1 shows ordinary least squares (OLS, first two columns, the latter restricted
to the population up to age 50) and fixed-effects (FE, last two columns, the latter
restricted to the population up to age 50) regression results at the state level. The
upper panel of the table presents the specifications with lagged relative unemploy-
ment and the lower panel the specifications with lagged relative non-employment
as measure of labour market tightness. Within these panels the upper (lower) block
refers to rounds 62 (60) to 68 of the EUS, hence years 2005 (2004) to 2012. In the
OLS results without region fixed effects, which exploit both within- and between-
state variation in the impact variables, none of the unemployment, non-employ-
ment nor wage variables are statistically significant. Still, the coefficients have the
expected signs.

3 We have also experimented with proxying bi-annual natural population growth by adding the num-
ber of people aged 13 and 14 years of age and subtracting the number of people aged 63 and 64 years
of age at the state and district level for the base year. Subtracting our natural population growth proxy
from the observed population growth—and taking this difference as dependent variable—hardly makes any
difference to our point estimates of the coefficients of the unemployment/non-employment rate or the
wage rate in the fixed-effects regressions. This supports our working hypothesis that region and time
fixed effects together act as an adequate control for natural population growth in our model during our
observation period.
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Table 1 Regressions at the state

level

@ Springer

SLE

OLS OLSU50 FE FE U50
Specifications with lagged relative unemployment
Unemployment, rounds 62—68
Log rel. unemp —0.011 —0.010 0.008 0.013
(s.e.) (0.010) (0.011) (0.020) (0.019)
Log rel. wage 0.007 0.008 0.449%%%* 0.502%#**
(s.e.) (0.005) (0.005) (0.126) (0.120)
Constant 0.072%%%  0.064%**  —(0.412%**  — (.472%%*
(s.e.) (0.021) (0.022) (0.139) (0.131)
R2/R2 within 0.065 0.054 0.398 0.466
No. regions 32 32 32 32
No. observations 96 96 96 96
Unemployment, rounds 6068
Log rel. unemp —0.010 —0.007 0.003 0.010
(s.e.) (0.013) (0.013) (0.023) (0.021)
Log rel. wage 0.003 0.003 0.456%#%* 0.510%#*
(s.e.) (0.005) (0.005) (0.099) (0.101)
Constant 0.077%#%  0.070%*%  — Q.42]%%*  — (.482%%**
(s.e.) (0.022) (0.023) (0.102) (0.102)
R2/R2 within 0.059 0.041 0.349 0.400
No. regions 32 32 32 32
No. observations 128 128 128 128
Specifications with lagged relative non-employment
Non-employment, rounds 62—-68
Logrel. non-emp  — 0.018 - 0.019 —0.096 —0.069
(s.e.) (0.053) (0.051) (0.130) (0.124)
Log rel. wage 0.007 0.008 0.44 1% 0.496%#*
(s.e.) (0.005) (0.006) (0.131) (0.124)
Constant 0.074%%%  0.066%**  — 0.408%**  —(0.47]***
(s.e.) (0.022) (0.023) (0.143) (0.134)
R2/R2 within 0.058 0.049 0.406 0.465
No. regions 32 32 32 32
No. observations 96 96 96 96
Non-employment, rounds 60-68
Log rel. non-emp ~ 0.001 0.024 —0.033 0.009
(s.e.) (0.048) (0.048) (0.138) (0.128)
Log rel. wage 0.003 0.003 0.456%%%* 0.506%%**
(s.e.) (0.005) (0.006) (0.101) (0.103)
Constant 0.079%#%  0.073%*+%  —(0.422%%%  — (.478%**
(s.e.) (0.022) (0.024) (0.107) (0.106)
R2/R2 within 0.054 0.041 0.350 0.398
No. regions 32 32 32 32
No. observations 128 128 128 128

Regressions are estimated by pooled ordinary least squares (OLS)
and fixed effects (FE). U50 refers to a sub-sample not older than
50 years of age. Standard errors clustered at the state level appear in
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Table 1 (continued) parentheses. All regressions include year fixed effects. ***, ** and *
denote significance at the 1%, 5% and 10% level, respectively. Data
Source: Indian EUS-NSSO

In the fixed-effects regressions, the coefficients for state unemployment and non-
employment are still statistically insignificant, but the wage rate is statistically sig-
nificant. The interpretation for the FE coefficients in the third column of Table 1 is
that a 1.0% increase in the wage of a region increases the population growth factor
by approximately 0.45% (coefficients are rather similar across the panels in the third
column). This estimate is larger than the estimates reported by Jauer et al. (2019) for
the USW and the EU, which are statistically insignificant in many cases. However,
these authors have a 1-year time lag. Hence, in order to produce comparable results
for the US and the EU, in Appendix Table 7 we use the data of Jauer et al. (2019)
and re-estimate their main models with a 2-year lag. Still, the wage effect estimates
for the US and the EU remain smaller than the ones for India. When we add round
62 and the lagged variables from round 60 to the sample as a robustness check (the
second blocks in the panels of Table 1), we mostly obtain similar results for both
OLS and FE estimates.

Using Indian districts instead of states as units of analysis (Table 2), the coef-
ficient of the non-employment rate becomes statistically significant, although the
coefficient of the unemployment rate is still statistically insignificant with a point
estimate close to zero. Again, results are qualitatively robust to the inclusion of
round 62 and the lagged variables from round 60.

Results in general are also qualitatively and quantitatively similar when restrict-
ing the sample to the population up to age 50 (Table 1, columns 2 and 4 at the state
level and Table 2 columns 2 and 4 at the district level), which might be more mobile.
The coefficients are only a bit larger in most cases. This might be explained by India
being a young country, so that the cohorts above age 50 are comparatively small,
which lessens their influence on the estimates for the total working age population.*

How can we interpret the size of the estimate for the unemployment or non-
employment rate? In order to simulate how much of an increase in non-employment
in a region can possibly be adjusted by net migration, Tables 3 and 4 show what
a one per cent increase in unemployment or non-employment amounts to in abso-
lute numbers and set this in relation to the migration-induced population change of

4 At the district level, we also conducted the analysis by gender. Results can be found in Appendix B,
Tables 8 and 9. Again, only coefficients of the fixed-effects regressions for non-employment are signifi-
cant. Comparing men and women, point estimates for women are somewhat lower in absolute terms than
for men using the whole sample (Table 8), but for non-employment (but not for the wage) slightly larger
when restricting the sample to the population up to age 50 (Table 9). In Appendix C, we also report sepa-
rate estimates for population changes by social background, where disadvantaged “classes” (abbreviated
OBC in the EUS-NSSO), “scheduled tribes” (ST) and “scheduled casts” (SC), again as defined in the
EUS-NSSO, all together form the disadvantaged group, which amounts to about two thirds of the Indian
population according to unweighted survey statistics, and “others”, as defined in the EUS-NSSO, form
the alternative group. The point estimates shown in Table 10 show that although both groups react to dis-
trict non-employment and wage differentials, the point estimates for the disadvantaged groups are larger
than for the “other” group.
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Table2 Regressions at the

district level
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OLS OLSU50 FE FE U50
Specifications with lagged relative unemployment
Unemployment, rounds 62—68
Log rel. unemp —0.002 —0.001 —0.001 0.001
(s.e.) (0.003) (0.003) (0.005) (0.005)
Log rel. wage 0.013%#%  0.013%*%  (.229%** 0.259%#%*
(s.e.) (0.004) (0.004) (0.022) (0.022)
Constant 0.037##%  0.029***  —0.005 —0.021%#*
(s.e.) (0.008) (0.008) (0.008) (0.008)
R2/R2 within 0.013 0.013 0.132 0.151
No. regions 570 570 570 570
No. observations 1590 1587 1590 1587
Unemployment, rounds 6068
Log rel. unemp —0.004 —0.003 —0.002 0.001
(s.e.) (0.003) (0.003) (0.004) (0.005)
Log rel. wage 0.026%#%  0.027***  (0.351%%** 0.373%#%*
(s.e.) (0.006) (0.006) (0.035) (0.036)
Constant 0.049%%%  0.057***  —0.034***  —(0.027**
(s.e.) (0.014) (0.015) (0.011) (0.011)
R2/R2 within 0.024 0.025 0.252 0.266
No. regions 570 570 570 570
No. observations 2081 2078 2081 2078
Specifications with lagged relative non-employment
Non-employment, rounds 62—-68
Logrel. non-emp —0.019  —0.025% —0.126%** —(.138***
(s.e.) (0.014) (0.015) (0.030) (0.032)
Log rel. wage 0.014%%%  0.014%%*  (0.235%** 0.266%#*
(s.e.) (0.004) (0.004) (0.022) (0.023)
Constant 0.039%#%  0.028%**  —(.024***  — (.042%**
(s.e.) (0.008) (0.008) (0.009) (0.009)
R2/R2 within 0.016 0.015 0.151 0.169
No. regions 570 570 570 570
No. observations 1708 1707 1708 1707
Non-employment, rounds 60-68
Logrel. non-emp - 0.021 —0.020 — 0.162%%%  —(.153%**
(s.e.) (0.017) (0.017) (0.026) (0.026)
Log rel. wage 0.028%#*  0.029%**  (0.360%** 0.388%##*
(s.e.) (0.006) (0.006) (0.031) (0.033)
Constant 0.064%#%  0.070%**%  —(.049%**  —(.048%***
(s.e.) (0.014) (0.014) (0.012) (0.012)
R2/R2 within 0.031 0.032 0.271 0.292
No. regions 570 570 570 570
No. observations 2273 2272 2273 2272

Regressions are estimated by pooled ordinary least squares (OLS) and
fixed effects (FE). US0 refers to a sub-sample not older than 50 years
of age. Standard errors clustered at the district level appear in paren-
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Table2 (continued) theses. All regressions include year fixed effects. ***, ** and * denote
significance at the 1%, 5% and 10% level, respectively. Data Source:
Indian EUS-NSSO

a, per cent. The inverse ratio between these two is the fraction of the unemploy-
ment or non-employment change that can at most be adjusted by migration (popu-
lation change). This upper bound would only be reached if all migration (popula-
tion change) were labour market related and actually offset the asymmetric shock.
Tables 5 and 6 present the corresponding results for the US and the EU based on
the data used in Jauer et al. (2019), but with a 2-year lag structure, as we have in
the data for India. The regression results on which these simulations are based are
reported in Table 7.

In Table 3, which reports simulations at the state level, none of the coefficients
underlying the simulations is statistically significant and the simulated per cent of
the shock adjusted due to migration changes sign. However, when considering the
district level, the simulated adjustments based on the statistically significant coef-
ficients, which are exclusively the coefficients of non-employment, are consistently
between 28 per cent and 37 per cent. When comparing the results for India with
those for the US and the EU in Tables 5 and 6, we make two key observations. First,
whereas none of the estimates at the state level are statistically significant for India,
for the US and Europe, all the estimates both at the state/NUTS-1 and the district
level are statistically significant and the adjustments are of similar size, even larger at
the state than at the district level. This is consistent with limited adjustment to non-
employment disparities across state boundaries in India when compared to the US
and the EU. Second, whereas we only observe an adjustment to non-employment,
but not to unemployment disparities in India, in the US and in Europe, the adjust-
ment is larger with respect to unemployment than with respect to non-employment.

4 Conclusion

In this paper, we have used the EUS-NSSO data to create regional panel data sets for
both Indian states and districts. Based on this panel, we have estimated how the pop-
ulation in these regions adjusts to asymmetric labour market shocks within a 2-year
time period. These asymmetric labour market shocks have been proxied from the
same data source using the average wage and unemployment or non-employment
rate in the state or district, lagged by 2 years.

Based on fixed-effects models, we find that Indian workers migrate (proxied by
regression-adjusted population change) in response to wage and non-employment
shocks. However, the unemployment rate does not seem to be a very reliable sta-
tistic in this context. When compared with results applying the same methodology
using data for the US and the EU for a similar time period (Jauer et al. 2019), we
find no significant response of Indian workers to non-employment disparities across
Indian states, but only to Indian districts, whereas the response to disparities is simi-
lar across states/NUTS-1 regions and districts in the US and in Europe.

= ISLE @ Springer



The Indian Journal of Labour Economics (2023) 66:7-35

26

OSSN-SNH :201n0g ele "sasayuared ur readde syjuounsn(pe

/sagueyod paje[nuwuIs Y JUeOYIUSIS ST SJUSIOLJI0D ) JO duou asnedsdq ‘+9—G| paSe uonendod oFe-Iunjrom oy sosn ofdwes Jnejop oy} searoym ‘05— pade s[enprapur
Jo sopduwres 0y s1o§a1 ()G “(so[qerrea pa33e| Surpnour) A[oanoadsar ‘g9—79 pue §9—()9 spunor QSSN-SNH Yl Suisn Uo paseq sINSAI I0J PUBIS §9—¢9 SPUNOY pue §9—09
spunoy ‘o[qerrea K1o0jeue[dxa se ajer (§-NON ¢ dwe-uou) judwiojdwa-uou 1o (g “dwoun) juswiojdwaun 9y 1904310 Suisn SUOISSAITAL UO PAseq SINSAT UTBIUOD SMOI A ],

(39 (zor'en) €61°¢8 81€780°81 6ST°61¢'8 iZ40) (6900 -) 050 ‘89—C9 spunoy
(12 (L66°61) Y9T'v6 8LY'LL80T 98€°9TH'6 0€1°0 (9600 —) 89—C9 spunoy
(- (1191 -) SLI08 PI0TCL LT 0CS°L10'8 8Z1°0 (6000) 050 “89—09 ‘spunoy
W0 (6%99) 9€L°06 88C°91+°0C GSS'ELO'6 8€1°0 (€€0°0 ) 89—09 spunoy
Juawojdua-uoN
(6L -) (veve -) €80¢ 81E Y8081 61£°80¢€ 6100 (€100) 0SN ‘89-9 spunoy
(95 -) (SyL1 -) 403 8LY'LL80T €8€°TIE 0200 (800°0) 89—C9 spunoy
S -) (Lt -) Ly1E P10 TTL LI 1L9'%1€ 120°0 0100 050 ‘89—09 spunoy
91 -) (¥zs -) ¥61¢ 88C°91+°0C LEV'61E €200 (€00°0) 89-09 spunoy
Juawojduau)
(%)
3w 03 anp *[py 93ueyo 'dod  -dwoe-uouy dwoun dwre-uouy dwroun
I-NON/AN  peonpur uoneISia ur a3uey) % | uonendod oFeroay Jo Joquinu A3eIAY JoLrg piepue)§ JUDIOYJ0) uoneoyoadg

(S9)BWNSI 109J-PaXLy U0 PIseq) [SAI] e3s ay) Je uonesSiw o anp jusunsnlpe juswlordwa-uouyuswlojdwaun payenuwis € ajqer

8a)
1
2]
—

pringer

As



27

The Indian Journal of Labour Economics (2023) 66:7-35

OSSN-SNH 920§ eleqg
‘sasoyjuared ur pajuosald aIe SJUSIOJ0D JUBOYIUSISUI UO paseq SHNsaY "$9—G| paSe uonendod oSe-Funjrom oy sesn o[dwres jnejop ay) searoym ‘0G—G| paSe s[enpIAIpur
Jo sopduwres 0y s1o§a1 ()G “(so[qerrea pa33e| Surpnour) A[oanoadsar ‘g9—79 pue §9—()9 spunor QSSN-SNH Yl Suisn Uo paseq sINSAI I0J PUBIS §9—¢9 SPUNOY pue §9—09
spunoy ‘oqerrea K1o0jeue[dxa se ajer (§-NON ¢ dwo-uou) judwiojdwa-uou 1o (4 “dwoun) juswhojdwaun 9y 104310 Suisn SUOISSAITAL UO PAseq SINSAT UTBIUOD SMOI A ],

0¢ 001 €LY 9L0°9T0°T LY LOY T€0°0 8€1°0 — 0SN ‘89—C9 spunoy
8¢ 4341 €6CS T09°TLI‘T TEE6TS 0€0°0 9210 — 89—C9 Spunoy
€ LTST TISY T0€°L66 PST'ISY 9200 €61°0 — 0SN ‘89—09 spunoy
LE 981 Y01¢ LOL'8FT'T orr01S 9200 910 — 89—09 Spunoy
Juawojdua-uoN
(s-) (o1 -) 181 SSLIOVO'T SPI°81 S00°0 (100°0) 0SN ‘89—C9 spunoy
(3] (28] 81 LST10T°T 19¢°81 S00°0 (1000 -) 89—C9 Spunoy
9-) ar-) 881 1S9°€€0°T 1881 S00°0 (100°0) 0SN ‘89—09 spunoy
(9] (62) 161 656°061°1 201°61 ¥00°0 (2000 -) 89—09 Spunoy
Juawojduau)
(%)
‘31w 03 anp ‘[pe a3ueyo 'dod  -dwo-uou; dwoun ‘dwo-uouy dwoun
g-NON/AN Ppoonpur uoneISin ur oSuey) 9 | uonendod oFeroay JO IJoquinu 9FeIoAY JOILId pIepuel§ JUSIOYJ0D) uoneoyoadg

(S9)BWINSI 1091Jo-PaXLy UO PIseq) [SAI] JOLISIP 3Y) Je uonerSiw o) anp juaunsnlpe juswkordws-uoujuswiordwaun pajenwis 4§ ajqer

pringer

ISLE &) S




The Indian Journal of Labour Economics (2023) 66:7-35

28

KoaIng Kyrunwituo)) uedLIOWY ‘oseqele( [euoIsay Jeisoing ‘AoaIng 9010, Inoqe ueadoing :901n0g eye( Juedoyrusis A[[eonsne)s a1e 9[qe) Sy ul pAuasard sjusIogood
IV "91qerea Aoyeue(dxa se a1 (-NON ¢ dwe-uou) juswkojdwe-uou 10 (g0 “dwoupn) juswlojdwaun ay) Iy JuIsn SUOISSAITAI UO Paseq SINSAI UTBIUOD SMOI Y],

€C S60¢ 68S°€l 950 %€0 Y 698°8S€°1 LLOO — SIS VSN
8¢ 8I¢e L66°TT Y08°T6V'€ 189°661°1 §60°0 — [-SLLAN euozoinyg
L1 €LET 1€8°€1 8€9°160Y TE1°€8€°T 8600 — I-SLON V1d4d/L2-NA
Juawojdua-uoyN
s¢ LY €THe 950v€0°Y €T THT 1200 — SIS VSN
6¢ 786 0€sT SI6TISE 0v0°€ST 8700 — I-SLLNN suozoinyg
9y L201 LTTT LIL'ETY'E §L9°TTT 0€0'0 — [-SLON V1d4d/L¢-Nd
Juawojdwauy)

(%) 31w 0) onp a3ueyd *dod ‘dwe-uouy dwoun ‘dwo-uou, dwoun
‘[pe I-NON/AN paonput uoneISIN ur a3uey) 9 | uone[ndod d3erony JO 1oquinu AFeIAY JUSIOYJR0)) uoneoyoadg

9107-900¢ suoI3az
108Ie] “YS() pue ‘Quozoiny ‘/z-Nd ‘(SeIewnsd 109J9-paXy U0 Paseq) [9AS] IOLISIP 9y} Je uoneIsru o) anp juaunsnipe juowiojdwe-uouuswsoidwoun pajenuirs ¢ ajqel

8a)
—
2]
—

pringer

As



29

The Indian Journal of Labour Economics (2023) 66:7-35

KoAIng A)unuwwo)) ULdLIDWY ‘9seqe)e(] [BUOISaY JelsoIng ‘AoAlng 2010, Inoqe] ueadoIng :201mos vl

jueoyru1s AJ[eonsie)s are o[qe} SIy) Ul pajuasaId sjuSIoYJo09
IV "91qerea Aojeue(dxa se aje1 (-NON ¢ dwe-uou) juswkojdwe-uou 10 (g0 “dwoup) juswlojdwaun ay) IoY)re JuIsn SUOISSAITAI UO Paseq SINSAI UTBIUOD SMOI Y],

01 80¢ L90¢€ 9LT'LO6 ¥69°90€ €00 — VINNdedns vsn
9C 0CIT SLEY YEIELT'T 1€S°LEY 8800 — C-SLAN 2uozoinyg
6C 744! 1Ly Y16%LT1 611°LTy 9600 — C-SLON V1d4d/L2-Nd
Juawojduwa-uoN
4 9¢l LES 9LT'L06 LIL'ES S10°0 — VINNdedns vsn
9¢ (433 126 T16°LLT T L90°T6 9200 — C-SLLON 2uozoinyg
(44 Sye 1€8 1S6°LLT T STI'€E8 L2000 — C-SLON V1d4d/L¢-Nd
Juawojdwauy)

(%) 31w 0) onp a3ueyd *dod ‘dwe-uouy dwoun ‘dwo-uou, dwoun
‘[pe I-NON/AN paonput uoneISIN ur a3uey) 9 | uone[ndod d3erony JO 1oquinu AFeIAY JUSIOYJR0)) uoneoyoadg

9107-900¢ suoI3az

Io[[ews ‘YS[) pue ‘@uozoiny ‘/z-NH ‘(SAIBWNS 109JJo-PaxX1) UO Paskq) [9AJ] IOLISIP ) Je uoneIsw 03 anp juaunsnipe juswkorduws-uou juswkojduwroun pajenwis 9 ajqel

pringer

ISLE &) S




30 The Indian Journal of Labour Economics (2023) 66:7-35

Appendix A
See Table 7.

Table 7 Unemployment, non-employment, and population change, EU-27, Eurozone, and the US, 2006~
2016

OLS OLS OLS FE FE FE
EU-27/EFTA Eurozone USA EU-27/EFTA Eurozone USA

Specifications with lagged relative unemployment
NUTS-1/states

Log rel. unemp — 0.010%#* —0.011%* —0.005 — 0.030%#* — 0.028#%#* — 0.021%#%#*
(s.e.) (0.003) (0.005) (0.007) (0.003) (0.004) (0.007)
Log rel. income 0.013%* 0.010 0.02] #k* —0.017%* 0.036* 0.023

(s.e.) (0.002) (0.007) (0.007) (0.009) (0.021) (0.014)
R2/R2 within 0.200 0.124 0.430 0.162 0.195 0.559

No. regions 98 61 51 98 61 51

No. time periods 11 11 11 11 11 11

No. observations 17068 661 510 17068 661 510
NUTS-2/SuperPUMA

Log rel. unemp — 0.005°%* — 0.006%* — 0.007** — 0.027%** — 0.026%** — 0.015%**
(s.e.) (0.002) (0.003) (0.003) (0.002) (0.002) (0.005)
Log rel. income 0.012%## 0.006 0.010 — 0.025%#* 0.014 0.005

(s.e.) (0.001) (0.004) (0.007) (0.006) (0.010) (0.016)
R2/R2 within 0.144 0.102 0.170 0.125 0.195 0.214

No. regions 263 168 230 263 168 230

No. time periods 11 11 11 11 11 11

No. observations 2’856 1’813 2’300 2’856 1’813 2’300

Specifications with lagged relative non-employment

NUTS-1/states

Log rel. non-emp —0.001 0.001 0.012 — 0.109%#* — 0.095%#* —0.058%**
(s.e.) (0.003) (0.007) (0.008) (0.012) (0.016) (0.023)
Log rel. income 0.008%** 0.016%#%* 0.019%#* —0.013 0.0437%* 0.036%**
(s.e.) (0.001) (0.002) (0.006) (0.009) (0.021) (0.013)
R2/R2 within 0.177 0.102 0.432 0.162 0.186 0.556

No. regions 98 61 51 98 61 51

No. time periods 11 11 11 11 11 11

No. observations 1°072 665 510 1°072 665 510
NUTS-2/SuperPUMA

Log rel. non-emp 0.000 0.008 —0.000 — 0.096%#%* — 0.088##* —0.034*
(s.e.) (0.005) (0.006) (0.007) (0.008) (0.009) (0.015)
Log rel. income 0.014%%* 0.01 3%k 0.011* — 0.020%#* 0.018* 0.014
(s.e.) (0.002) (0.004) (0.006) (0.006) (0.009) (0.016)
R2/R2 within 0.135 0.090 0.165 0.119 0.167 0.212

No. regions 263 168 230 263 168 230

No. time periods 11 11 11 11 11 11

No. observations 2’864 1821 2’300 2’864 1°821 2°300

Pooled ordinary least squares (OLS) and region fixed effects (FE) regressions. Standard errors clus-
tered at the regional level appear in parentheses. All regressions include year fixed effects. ***p < 0.01,
#p < 0.05, *p < 0.1

Source: European Labour Force Survey, Eurostat Regional Database, American Community Survey

@ Springer &2 ISLE
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Appendix B
See Tables 8 and 9.

Table 8 Regressions at the OLS (w) OLS (m) FE (w) FE (m)
district level by gender

Specifications with lagged relative unemployment

Unemployment, rounds 62—68

Log rel. unemp —0.001 —0.001 —0.002 0.000
(s.e) (0.002) (0.002) (0.003) (0.003)
Log rel. wage 0.006%** 0.007*** 0.098**# 0.135%*%
(s.e.) (0.002) (0.002) (0.012) 0.013)
Constant 0.028# % 0.016%%* 0.009* —0.008*
(se)) (0.005) (0.005) (0.004) (0.005)
R2/R2 within 0.016 0.012 0.094 0.129
No. regions 570 570 570 570

No. observations 1590 1590 1590 1590

Unemployment, rounds 60-68

Log rel. unemp —0.002 —0.002 —0.000 —0.000
(s.e) (0.002) (0.002) (0.003) (0.003)
Log rel. wage 0.015%** 0.016%*** 0.187#** 0.208%**
(s.e.) (0.004) (0.004) (0.028) 0.027)
Constant 0.034%5% 0.037%%* —0.009 —0.012*
(se) (0.008) (0.008) (0.006) (0.006)
R2/R2 within 0.028 0.028 0.231 0.248
No. regions 570 570 570 570

No. observations 2081 2081 2081 2081

Specifications with lagged relative non-employment

Non-employment, rounds 62-68

Log rel. non-emp —0.007 —0.011 — 0.057%+* — 0.070%**
(s.e.) (0.008) (0.008) (0.016) (0.018)
Log rel. wage 0.008:# 0.007: 0.105% 0,134
(s.e) (0.002) (0.002) (0.012) (0.013)
Constant 0.029%** 0.017%** 0.001 — 0.019%**
(s.e) (0.004) (0.005) (0.005) (0.005)
R2/R2 within 0.020 0.012 0.114 0.136

No. regions 1708 1708 1708 1708

No. observations 570 570 570 570

Non-employment, rounds 60-68

Log rel. non-emp —0.008 —0.008 — 0.0827#%#* — 0.085%#*
(s.e.) (0.010) (0.010) (0.017) (0.015)
Log rel. wage 0.017%## 0.018% 0.197%#* 0.21 1%
(s.e.) (0.004) (0.004) (0.024) (0.024)
Constant 0.041%*+* 0.048%*+* — 0.020%+** —0.017*%*
(s.e.) (0.008) (0.008) (0.007) (0.007)
R2/R2 within 0.037 0.036 0.254 0.258

No. regions 570 570 570 570

No. observations 2273 2273 2273 2273

Regressions are estimated by pooled ordinary least squares (OLS)
and fixed effects (FE). (w) and (m) denote the female and male pop-
ulation, respectively. Standard errors clustered at the district level
appear in parentheses. All regressions include year fixed effects. **%*,
** and * denote significance at the 1%, 5% and 10% level, respec-
tively. Data Source: Indian EUS-NSSO
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Table9 Regressions at the
district level by gender, working
age population younger than 50

@ Springer ° ;

OLS(w) OLS(m) FE(w) FE (m)
Specifications with lagged relative unemployment
Unemployment, rounds 62—68
Log rel. unemp —0.001 —0.001 —0.001 0.002
(s.e.) (0.002) (0.002) (0.003) (0.003)
Log rel. wage 0.007#**  0.008***  0.110%** 0.155%%*
(s.e.) (0.002) (0.002) (0.012) (0.013)
Constant 0.024***  0.011%* 0.002 —0.018%**
(s.e.) (0.005) (0.005) (0.005) (0.005)
R2/R2 within 0.013 0.014 0.102 0.150
No. regions 570 570 570 570
No. observations 1587 1587 1587 1587
Unemployment, rounds 60—68
Log rel. unemp —0.001 —0.001 0.001 0.002
(s.e.) (0.002) (0.002) (0.003) (0.003)
Log rel. wage 0.016%**  0.017#**  0.198%** 0.222%%*
(s.e.) (0.004) (0.004) (0.030) (0.028)
Constant 0.040%**  0.041%**  —0.004 —0.009
(s.e.) (0.009) (0.009) (0.006) (0.006)
R2/R2 within 0.029 0.030 0.237 0.261
No. regions 570 570 570 570
No. observations 2078 2078 2078 2078
Specifications with lagged relative non-employment
Non-employment, rounds 62—68
Log rel. non-emp —0.012 —-0.013 —0.070%**  —0.069%**
(s.e.) (0.008) (0.009) (0.017) (0.019)
Log rel. wage 0.008***  0.008%**  0.118%** 0.154%%*
(s.e.) (0.002) (0.003) (0.012) (0.014)
Constant 0.025%**  0.011%* —0.007 — 0.029%**
(s.e.) (0.005) (0.005) (0.005) (0.005)
R2/R2 within 0.017 0.014 0.127 0.154
No. regions 570 570 570 570
No. observations 1707 1707 1707 1707
Non-employment, rounds 60—68
Log rel. non-emp —0.009 —0.007 —0.080%**  —0.078%**
(s.e.) (0.010) (0.010) (0.017) (0.015)
Log rel. wage 0.018%**  0.018***  0.2]3%** 0.228%#*
(s.e.) (0.004) (0.004) (0.027) (0.025)
Constant 0.045%**  0.051%%*  —0.019%* —0.018%*
(s.e.) (0.008) (0.008) (0.007) (0.007)
R2/R2 within 0.037 0.037 0.272 0.278
No. regions 570 570 570 570
No. observations 2272 2272 2272 2272

Regressions are estimated by pooled ordinary least squares (OLS) and
fixed effects (FE). (w) and (m) denote the female and male popula-
tion, respectively. Standard errors clustered at the district level appear
in parentheses. All regressions include year fixed effects. ***, ** and
* denote significance at the 1%, 5% and 10% level, respectively. Data

Source: Indian EUS-NSSO
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Appendix C
See Table 10.
Table 10 Regressions at the district level for (1) “Others” and (2) “Disadvantaged groups”

OLS (1) OLS (2) FE (1) FE (2)
Specifications with lagged relative unemployment
Unemployment, rounds 62—-68
Log rel. unemp 0.019%** — 0.017#%* 0.001 —0.003
(s.e.) (0.003) (0.003) (0.002) (0.003)
Log rel. wage —0.002 0.005 0.038%##* 0.103%#*
(s.e.) (0.004) (0.004) (0.009) (0.011)
Constant 0.259%%* 0.540%** 0.240%** 0.537#%*
(s.e.) (0.008) (0.007) (0.003) (0.004)
R2/R2 within 0.026 0.027 0.020 0.109
No. regions 565 565 565 565
No. observations 1548 1548 1548 1548
Unemployment, rounds 60-68
Log rel. unemp 0.021%%* — 0.020%** 0.002 —0.004*
(s.e.) (0.003) (0.002) (0.002) (0.002)
Log rel. wage —0.001 0.010%* 0.055%%* 0.156%#*
(s.e.) (0.004) (0.004) (0.009) (0.019)
Constant 0.261%%** 0.537#%* 0.239%%* 0.534#%*
(s.e.) (0.008) (0.007) (0.003) (0.004)
R2/R2 within 0.029 0.031 0.042 0.190
No. regions 566 566 566 566
No. observations 2016 2016 2016 2016
Specifications with lagged relative non-employment
Non-employment, rounds 62—-68
Log rel. non-emp 0.145%%* —0.118%%* —0.035%%* — 0.045%**
(s.e.) (0.012) (0.011) (0.011) (0.016)
Log rel. wage 0.001 0.003 0.040%** 0.103%#*
(s.e.) (0.004) (0.004) (0.008) (0.012)
Constant 0.257%#%** 0.545%%* 0.232%%* 0.535%#*
(s.e.) (0.007) (0.007) (0.003) (0.004)
R2/R2 within 0.073 0.062 0.030 0.113
No. regions 566 566 566 566
No. observations 1660 1660 1660 1660
Non-employment, rounds 60-68
Log rel. non-emp 0.132%%* —0.116%** —0.042%%* — 0.069%**
(s.e.) 0.011) (0.012) (0.013) (0.016)
Log rel. wage 0.006 0.008%** 0.067*** 0.164%**
(s.e.) (0.004) (0.004) (0.011) (0.018)
Constant 0.256%%* 0.544#% 0.228%%* 0.525%#*
(s.e.) (0.007) (0.007) (0.004) (0.005)
R2/R2 within 0.064 0.055 0.068 0.205
No. regions 567 567 567 567
No. observations 2194 2194 2194 2194
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Table 10 (continued)

Regressions are estimated by pooled ordinary least squares (OLS) and fixed effects (FE). (1) denotes
“Others” and (2) denotes the disadvantaged groups as defined by the EUS-NSSO data (“ST”, “SC”,
“OBC”). Standard errors clustered at the district level appear in parentheses. All regressions include year
fixed effects. ***, ** and * denote significance at the 1%, 5% and 10% level, respectively. Data Source:
Indian EUS-NSSO
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