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1 Introduction

There is increasing interest in the use of minimum wage as a policy tool for poverty reduction and social
justice. However, there is limited evidence for developing countries on whether changes in the minimum
wage can affect wage inequality. India provides an ideal context to examine this question. Under the
Minimum Wages Act 1948, Indian states are empowered to set minimum wages for workers in scheduled
employment categories. During the period 1999–2018, the median of real administrative minimum wage
across states increased by 69.98 per cent while the average nominal minimum wage increased by almost
457 per cent. However, there was wide variation across states in the minimum wage changes during this
period, with the variance of real minimum wages across states increasing from 2,652 in 1999 to 6,875
in 2018. At the same time, the Gini of log nominal wages fell from 0.113 in 1999 to 0.063 in 2018, and
the gap between the 50th and the 10th wage percentiles fell from 0.799 in 1999 to 0.693 in 2018. In this
paper, we exploit the variation in minimum wage changes across the states over the period 1999–2018
to examine whether increases in state-level minimum wages can explain the documented decreases in
wage inequality in India.

We combine the nationally representative National Sample Surveys, Employment rounds (1999, 2004,
2007, 2009, 2011) and the Periodic Labour Force Surveys (2017, 2018) with data on state-level mini-
mum wages prevailing during these years. Using a two-way fixed effects strategy, where we account for
district- and time-level fixed effects, we examine the impact of growth in minimum wages on growth in
daily wages for casual and regular wage workers by quintiles of the wage distribution.

We find that an increase in minimum wages by 1 per cent leads to an increase in wage on the lowest
wage quintiles in rural India by 0.17 per cent and on the third and fourth quintiles by 0.14 per cent
and 0.07 per cent, respectively, while there is no effect on the highest wage quintile. During 1999–
2018, there was a rise in average nominal minimum wage in the country by 457 per cent, leading to
an increase in wages for the lowest quintile by 21 per cent relative to the highest quintile. During this
period, the nominal wages for the 10th percentile grew by 65 per cent while those for the 90th percentile
grew by 38 per cent—the gap between the two was thus 27 per cent. Our results show that 78 per cent
(=21/27) of the differentially higher growth in the lower vs higher wage percentiles can be explained
by the rise in minimum wages in India. Using these estimates, we then examine the counterfactual log
wage distribution in 2018 using the 1999 minimum wages and find that if minimum wages across all
states had remained at their 1999 levels, then wage inequality would have been 16.08 per cent and 18.49
per cent higher in rural and urban India in 2018, respectively (17.02 per cent for all India). Further, we
find that the rise in minimum wages explains almost 26 per cent of the decline in wage inequality (Gini
of log wages) during 1999–2018. The magnitude of these effects are larger for urban India, perhaps
due to greater possibility of enforcement in these areas. We also estimate the differential effects of rise
in minimum wages by worker skill and education level. We find that least skilled workers and those
with lowest education levels benefit the most from a rise in minimum wages. At the same time, we
do not find any negative impacts on employment of the least educated workers, showing that while
minimum wages reduce wage inequality, these do not reduce employment levels contemporaneously in
the country.

We test the robustness of our findings by using a border discontinuity design, since districts on state
borders are more likely to be similar to adjacent districts in neighbouring states culturally and in terms
of agro-climatic conditions. All our results go through this subset of districts. We also include district-
specific time trends in our analyses and find that our results continue to hold. Additionally, as a placebo
check, we estimate the effect of changes in minimum wages on the highest quintile, highest skilled, and
highest educated workers—the groups of workers that are likely to earn higher than minimum wages
in the country. We find these impacts to be insignificant. This allays any concern that our findings are
driven by other economic factors correlated with a differential rise in minimum wages across states over
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the years. We also investigate the differential impact of rising minimum wages on wage inequality for
formal and informal workers and find evidence that the effect has been almost similar for both types
of workers, even for the informal sector, due to the lighthouse effect of minimum wages on informal
wages. Additionally, we use the concept of effective minimum wage proposed by Lee (1999) and Autor,
Manning, and Smith (2016) to check the distributional implications of a rise in minimum wage by wage
percentile. We again find that a rise in effective minimum wage increases wages at lower percentiles in
India. Lastly, we rule out other factors like NREGA, labour unions, and the enforcement rate during this
period, which could possibly confound our analyses.

Much literature on the impact of minimum wages has focused on its employment effects,1 as compared
to the possible effects of minimum wage changes on wage inequality. For the developed countries, the
evidence on how changes in minimum wages affect wage inequality is mostly inconclusive (DiNardo
et al. 1996; Fortin and Lemieux 1997; Lee 1999; Teulings 2003; Dickens and Manning 2004; Stewart
2012; Butcher et al. 2012; Autor et al. 2016). A pioneering study by (Lee 1999) examines the impact
of effective real minimum wages (gap between the state median wage and the applicable state or federal
minimum wage) on wage inequality during 1979 to 1991 at the state level in the United States and finds
that reduced real minimum wages (on account of reduced real federal minimum wages) account for a
25 per cent increase in overall wage inequality and at least 70 per cent of the growth in the 50–10 wage
percentile differentials. Autor et al. (2016) extends these analyses further by 20 years and, using an
instrumental variable strategy, where the effective minimum wage is instrumented with the difference
between the state-level minimum wage and the federal minimum wage, finds that the reduction in real
minimum wages explains 30–40 per cent of the rise in wage inequality at the lower percentile level.
Bossler and Schank (2022) exploit the introduction of minimum wages in Germany and find a decline
in wage and earnings inequality post the legislative change. Other studies in developed country contexts
also find spillover effects of rising minimum wages up to the 60th percentile of the wage distribution
(Neumark and Wascher 2008; Stewart 2012).

However, relatively less is known about the impact of minimum wages on wage inequality in developing
countries. The case of developing countries is different due to the existence of segmented labour markets.
Lemos (2009), using a two-sector model, shows that an increase in minimum wage increases the wages
in the formal sector and displaces the workers from the formal to the informal sector, leading to a fall
in wages in the informal sector. In the developing countries, effects of minimum wage are likely to be
ambiguous due to weak enforcement (Bhorat, Lilenstein, and Stanwix 2021). Compliance to minimum
wage changes is also likely to be smaller when multiple minimum wages exist and little or no penalty
clauses are in place (Broecke, Forti, and Vandeweyer 2017). The wage and employment impacts of
minimum wages hence are shown to vary by institutional factors across developing countries (Neumark
and Corella 2021).2 An examination of the effects of minimum wage changes on wage inequality,
however, remains understudied. For China, Lin and Yun (2016) find that wage inequality in terms of
the earnings gap between the median and the bottom decile decreased in cities where an increase in
minimum wages occurred in the country during 2004–09. Engbom and Moser (2021) and Sotomayor
(2021), using spatial variation in the bindingness of the federal minimum wage across states in Brazil,
also find that a rise in minimum wages accounts for a large decline in earnings inequality in the country
since the 1990s.3 Bosch and Manacorda (2010) use variations in minimum wages across municipalities

1 See Neumark and Wascher (2007), Card and Krueger (2015), Dube (2019), and Manning (2021) for a review of these studies.
Neumark and Corella (2021) discuss existing evidence for minimum wage impacts on employment in the developing countries.

2 For instance, studies show a very strong wage compression and negative employment effects for Latin America (Gindling and
Terrell 2007). The same is not observed for Brazil (Lemos 2009).

3 The effect of minimum wage on overall income inequality is also mixed. For instance, using changes in minimum wages in
Brazil, Neumark, Cunningham, and Siga (2006) find no effects on reduction in income inequality across households.
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and over time in Mexico to show that the growth in earnings inequality between 1989 and 2001 can be
explained in part due to the steep decline in the real value of the minimum wage.

In the Indian context, evidence on the effects of minimum wages on labour market outcomes is limited.
It is likely the result of the complexity of the minimum wage system in the country and the fact that it
has limited coverage and enforcement (Belsar and Rani 2011). Distinct from other country contexts like
Brazil and Mexico, there is no national minimum floor for wages in India. Thus, the nature, structure,
and implementation of minimum wages in India is quite different from other contexts. Using variation
in state-mandated minimum wages for the construction sector and the number of labour inspectors as a
measure of enforcement, Soundararajan (2019) finds no effect on wages for low enforcement levels and
a positive impact for high enforcement levels while the employment effects are largely null. Menon and
Rodgers (2017) find that from 1983 to 2008, changes across state-occupation level minimum wages in
India did not impact the employment but increased earnings and consumption in rural areas. In fact, there
is no study to our knowledge that examines the effects of minimum wage changes on wage inequality
for India.

In general, many studies document changes in wage inequality over time in India. Kijima (2006) and
Chamarbagwala (2006) find a rise in wage inequality in India from the 1980s to 2004, while Azam
(2012) and Sarkar (2019) examine the changes until 2011 and find that during 2004–11 there was a
reversal in these trends. Most recently, Khurana and Mahajan (2020) find that while there was a rise
in wage inequality in India during 1983–2004, the wage inequality showed a distinct decline during
2004–11, which continued during the period of 2011–18. This decline is attributable to the increase
in wages at the lower percentiles. This pattern holds for overall earnings as well as for both rural and
urban areas. Further, the paper does not find that earnings polarization was a contributing factor to the
observed decline post-2004 in the country. However, there is no causal evidence regarding the role of
minimum wage changes in explaining these trends.4

Our paper, thus, contributes to the emerging literature that documents impacts of minimum wages on
wage inequality for developing countries (Gindling 2018). It provides a different regional context than
China, Brazil, and Mexico, since the share of employment in the informal sector in India is larger
compared to China and Latin America. This may suggest that minimum wages are less likely to play a
role in wage determination for a large number of workers in India and, therefore, may not be an important
contributing factor to changes in wage inequality in the country.5 However, we find a sharp decrease
in wage inequality due to minimum wage increases. These results have important policy implications
for the country, given that the institutional setting has been shown to affect the relationship between
minimum wages, wage inequality, and employment. A reduction in wage inequality, with few effects
on employment for India, shows that using minimum wages as a tool to decrease inequality can be
effective.

The rest of the paper is organized as follows. Section 2 discusses the trends in wage inequality in India
and the minimum wage legislation in the country. Section 3 discusses the data used for the analyses, and
Section 4 elucidates the empirical strategy. The results and robustness tests are discussed in Section 5,
and Section 6 concludes.

4 Cacciamali, Chakrabarty, Rodgers, and Tatei (2015) show the possible impact of minimum wages in India during 1998–2011
on inequality through simulations.

5 Around 40–45 per cent of employment is in the informal sector in China and Latin America compared to 83 per cent in India
(see ILO 2018 and NSSO 2019).
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2 Background

2.1 Wage inequality in India

Figure 1 plots the median, 90th, and 10th percentile of log daily wages for all of India (panel A), rural ar-
eas (panel B), and urban areas (panel C) from 1999 to 2018 using the data on regular and casual labourers
from the National Sample Surveys and the Periodic Labour Force Surveys in India. We find that median
wages have steadily increased in both rural and urban areas, especially after 2004. Wage inequality can
be measured by the distance between the 90th percentile and the median of daily wage distribution for
the high-income-earning individuals and by the distance between the 10th percentile and the median of
daily wage distribution for the low-income-earning individuals. Clearly, the distance between both the
90th and 10th percentile and the median wage has fallen over time. The reduction in inequality is larger
at the lower percentiles, though, showing a reduction in wage inequality in India.

For ease of comparison, we index the median, the 90th, and the 10th percentile at 100 in the year 1999
in Figure 2. For all of India, the median wages are 16.27 per cent higher in 2018 than in 1999. Notably,
the growth rate in wages at the 90th percentile is much lower than that at the 10th percentile of the daily
wage distribution. Real wages6 at the 10th percentile are 23.61 per cent higher in 2018 than in 1999,
while real wages at the 90th percentile are 7.56 per cent higher in 2018 than in 1999. This implies that
the wage inequality has fallen in India due to steep growth in wages of low-income group individuals.
The decline in wage inequality is more pronounced in rural areas than in urban areas. In rural areas, the
growth rate of wages at the 10th percentile is steeper than the median of wage distribution post-2004,
while the growth rate at the 90th percentile has always been flatter than the median of wage distribution.
Thus, we find clear evidence for a decline in wage inequality in rural India. In urban areas, the decline
in wage inequality is more visible at extremes (difference between the 10th and the 90th percentile) after
2009.

Similar changes in wage inequality are also observed using other measures—interquartile wage ratios,
variance of wages, and Gini coefficients of nominal wages are shown in Table 1 and of real wages in
Appendix Table A1. At the all-India level, we observe that wage inequality has fallen from 1999 to
2018 for all measures of wage inequality, except for a slight increase in 2009. There has been an almost
consistent decline in wage inequality in rural areas from 1999 to 2018 when measured using the Gini
coefficient. There is a slight increase between 2009 and 2011 when other measures like the distance
between the 90th and the 10th percentile and that between the 50th and the 10th percentile are used, but
all indicators show a decline in wage inequality over this period in rural areas, too. In urban India, there
is a slight rise in wage inequality observed prior to 2009 due to growth in the upper percentile of the
wage distribution. The Gini coefficient of the urban area has continuously declined and reached a level
of 0.067 in 2018. Overall, the above results show that wage inequality has declined between 1999 and
2018 in India and that the decline in wage inequality in any sub-period is attributable to higher growth
in wages at the lower percentiles.

2.2 India minimum wage setting

The Minimum Wage Act 1948 in India empowers the Indian states to fix the minimum wages for the
workers in the scheduled employment categories. Over the years, the Act has been amended to increase
its coverage across scheduled employment categories. The minimum wage rates vary by age (adult vs

6 Real wages are determined using the Consumer Price Index for Industrial Workers (CPIIW) in urban India and the Consumer
Price Index for Agricultural Labourers (CPIAL) in rural India, representing real values in 2017.
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children) and by detailed job categories (≈ 1,700 job categories currently) in each state.7 These wage
rates are meant to provide a floor for both formal and informal sectors for the same type of worker
attributes. Given the complexity and the large number of occupations for which the minimum wages are
fixed, more than 1,000 different minimum wage rates operate in a given state in the country at any given
time.

As per the Minimum Wage Act 1948, minimum wages should be revised by the states at least once every
five years. However, this recommendation was not legally binding for the period of analyses considered
(ILO 2018). This leads to substantial variation in the growth rate of minimum wages across the Indian
states. However, all states changed the legislative minimum wages for the agricultural sector within a
span of five years. Notably, minimum wages are not reported for all occupations by all states, leading
to ambiguities in enforcement. Thus, it is difficult to rely on all the occupation-level minimum wages to
evaluate their effect on wage distribution in India. Lastly, selection into occupations can itself be affected
by differential changes in minimum wages across occupational categories. Due to the aforementioned
reasons, in this paper, we examine the effects of changes in the minimum wages for the unskilled cate-
gory of workers in the agriculture sector on wage inequality. We use agricultural wages for the unskilled
workers since this is the lowest minimum wage and thus less prone to ambiguities that arise otherwise in
the enforcement. Although, implementing the lowest minimum wage is also challenging in the informal
sector due to lack of written employment contracts between the workers and the employers in such jobs.
Next, because of the large number of agricultural workers in India (approximately 40 per cent), mini-
mum wages are relatively high in non-agricultural occupations to stimulate labour supply. Agricultural
wages thus provide a lighthouse effect, which implies that minimum wages in the agricultural sector act
as a signal for other minimum wages in non-agricultural sectors.

Figure 3 plots the average minimum wage for unskilled agricultural labourers across all the Indian states
for each year in our analyses. Clearly, there has been a rapid increase in nominal minimum wages
in India post-2007 with the wages increasing almost three times between 2007 and 2018.8 Figure 4
plots the growth in daily minimum wages for unskilled agricultural labour across the Indian states for
each geographic region (North, South, East, and West India) during 1999–2018. It can be seen that
between 1999 and 2018 there has been a wide variation across states in minimum wage growth, with
some states increasing it three times (Uttar Pradesh in the North) while others increase it by almost 11
times (Karnataka in the South).

We also examine the relation between the growth in minimum wages for unskilled labour in agriculture
and the minimum wages consistently reported for some of the other non-agricultural categories by the
states for the years 1999, 2004, 2007, and 2011 based on the detailed industry-level minimum wages
compiled by Mansoor and O’Neill (2021). Table 2 reports the results from a regression of log of min-
imum wage in the sectors reported in each row of the table (as the dependent variable) on the log of
minimum wage in the agriculture sector for unskilled labourers, at the state level, while controlling for
state and year fixed effects. Column (1) reports the coefficient obtained from this regression, and column
(4) reports the within R-square. All the coefficients are economically large and significant. Clearly, out
of the 10 sectoral wages, seven have a within R-square value of more than 0.9.9 Even for the remaining
three, the value is more than 0.8. These results show a high correlation in growth between lowest min-

7 The states set the minimum wages depending on several factors, including socioeconomic conditions, prices of essential
commodities, and local factors influencing the wage rate (NCIB n.d.). For instance, Kerala, a state with higher income per
capita, has had historically higher minimum wages for all job types vs other low per capita income states like Bihar.

8 The inflation rate in India was around 8–10 per cent per annum during 2008–13 but has remained at 4–6 per cent per annum
levels between 2014 and 2018. Thus, there has been a rise in real minimum wages, too, during 2007–18.

9 Within R-square shows how much of the variance within the different types of wages over time is accounted for by the
agricultural wages.
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imum wages fixed by state governments and that of other job categories, thus showing the validity of
using agriculture unskilled minimum wages as the benchmark minimum wage at the state level.

3 Data

We use data from the nationally representative Employment and Unemployment rounds of India’s Na-
tional Sample Surveys (NSS) in 1999–00, 2004–05, 2007–08, 2009–10, and 2011–12 (referred to as
1999, 2004, 2007, 2009, and 2011 in this paper) and Periodic Labour Force Surveys (PLFS) in 2017–18
and 2018–19 (referred to as 2017 and 2018 in this paper), which have replaced the National Sample Sur-
veys since 2017. Each survey starts from July of the first year to June of the second year, thus covering
an entire year.

The NSS are comparable to the PLFS in methodology, design, and the variables on which data are
collected. Both surveys include repeated cross-sections of households who are selected through stratified
random sampling. The NSS and the PLFS follow a two-stage sampling design. In rural areas, the first
stratum is a district, and villages are the primary sampling units (PSU), picked randomly in a district.
In urban areas, towns and cities are stratified on the basis of population, and then, within each strata,
urban blocks, which form the PSU, are selected using probability proportional to size with replacement.
An equal number of households are surveyed in each quarter within each PSU (over an entire year of
July to June) to ensure equal spacing of observations across the year. The households are randomly
chosen in the selected PSUs. There is a small difference in stratification in the PLFS—households in
villages and urban blocks are additionally stratified on the basis of the general education level of their
members. However, this has no bearing on population estimates since all estimates are weighted by
sampling weights provided in each round.

These surveys capture age, gender, educational qualifications, and employment status of the sampled in-
dividuals, with details about occupation and industry of employment. We use data for working age adults
aged 15–59 years at the time of the survey who work as paid employees (salaried or casual labourer) for
the majority of the time in the last year (at least six months). For these employed individuals, both the
NSS and the PLFS record daily income in the last reference week before the survey was conducted. We
then use the daily employment schedule, which records the earnings and days of work for each regular
employee and casual worker in the last reference week, to compute daily wages.10 We compute the daily
wage for each individual by dividing the total weekly earnings by the total number of days worked in
the last week. Further, we winsorize wages at the top one and bottom one percentiles to reduce the noise
in the estimates from the outliers. State and district boundaries have changed over time in India; thus,
we combine the new states with the original states from which they were created in order to maintain a
consistent set of state codes across years. Similarly, districts of all states have been mapped to the parent
districts of the 2001 Census.

We obtain data on administrative nominal minimum wages (MW) for agricultural workers from the
Labour Bureau for 19 states11 in India. The data are reported at the end of each calendar year. In
general, each state sets the MW for eight hours of work per day. In some cases, states report the MW for
less than eight hours of work. In that case, the unitary method is used to keep values consistent. These

10 Notably, the NSS do not capture the earnings from self-employment. In fact, for our purpose, the earnings from self-
employment do not matter.

11 Andhra Pradesh, Assam, Bihar, Chandigarh, Delhi, Goa, Gujarat, Haryana, Himachal Pradesh, Karnataka, Kerala, Madhya
Pradesh, Maharastra, Odisha, Punjab, Rajasthan, Tamil Nadu, Uttar Pradesh, and West Bengal. The states of Jharkhand,
Chhattisgarh, and Uttarakhand started reporting their minimum wages after a few years of creation in 2000 and Telangana in
2014, so we use their minimum wages since the year these states began reporting these for all districts lying within.
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data are merged with the NSS data using survey months. For instance, the 2011–12 NSS data from July
to December 2011 are matched to the MW with an effective date of 31 December 2010, and data from
January to June 2012 are matched to the MW with an effective date of 31 December 2011.12

For the empirical analyses, we do not deflate either the minimum wages or the daily wages calculated
from each round of employment survey. This is in line with the existing studies for India that find nearly
no relation of changes in minimum wages with changes in inflation in India (Soundararajan 2019). Table
3 shows the average minimum wages in rural and urban areas for 1999–2018 for all districts as well as
those located on the state borders. The minimum wages are higher for urban areas and also slightly
higher for urban areas of border districts. This shows that the rate of urbanization is greater in states
having higher minimum wages. The daily wages (calculated from the surveys) are higher in urban than
rural areas; however, there are no differences across borders and all districts in rural areas, while the
average daily wages are slightly higher in urban areas of border districts.

Further, we examine the wage distribution by skills and education levels. Skills are defined by the oc-
cupational categories (i.e. National Classification of Occupations (NCO)), where low-skilled workers
are defined as those employed in elementary occupations like labourers, skilled agricultural workers,
and construction workers; medium-skilled workers as those employed in clerical, administrative sup-
port, sales, and production occupations; and high-skilled as those employed in professional, technical,
and managerial roles. Education is defined by the worker’s educational qualification, where a low ed-
ucated worker is a worker having up to primary education; a medium educated worker is a worker up
to secondary education (up to class 10); and a high educated worker is a worker with post-secondary
education. Table 3 reports the wage distribution across these worker categories as well. For every type
of worker, daily wages are higher in urban India vs rural India. The daily wages increase along the skill
and education distribution. Importantly, the wages of the low-skilled and the least educated workers are
almost equal to the minimum wages. Thus, these worker types are likely to be the most affected by any
rise in minimum wages.

Table 3 reports the average wage by wage quintile. Clearly, workers in the lowest wage quintile receive
daily wages that are lower than the postulated minimum wages. This shows imperfect enforcement of
the minimum wage legislation in the country (Belsar and Rani 2011; Rani and Belser 2012; Rani et al.
2013; Soundararajan 2019; Mansoor and O’Neill 2021).

Last, we use the daily employment schedule to calculate the number of days a worker was employed
in the preceding week before the survey date for each type of worker. We then calculate the proportion
of workdays employed for each type of worker by skills and education and report the results in Ap-
pendix Table A2. We find that the low-skilled workers constitute 70 per cent of the workforce in rural
India while they constitute 22 per cent in urban India. Medium- and high-skilled workers, on the other
hand, are the dominant group in urban India. Similarly, low educated workers form 64 per cent of the
workforce in rural India and constitute only 31 per cent of the workforce in urban India.

12 Over this time period, new states were carved out, which introduced minimum wages different from their original states.
The new states formed are assigned the minimum wages declared by the new state governments. For example, Jharkhand
was carved out of Bihar in 2000, and the Jharkhand government publicized a range of new minimum wages in October
2001. Therefore, post-2001, districts in Jharkhand had a minimum wage decided by the Jharkhand government, and pre-2001,
districts in Jharkhand had the minimum wages decided by the Bihar government.
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4 Empirical strategy

Unlike the United States, there is no statutory national minimum wage that binds in the Indian context
during 1999–2018.13 Therefore, we use a two-way fixed effects strategy to examine the impact of
differential temporal variation across the Indian states in the evolution of minimum wages on wage
inequality in the country.

log(Wist) = β0 +β1 ∗ log(MWst)+
4

∑
q=1

βq
2 ∗Dq

ist+

4

∑
q=1

βq
3 ∗Dq

ist ∗ log(MWst)+β4 ∗Xist +Dd +Tt + ist

(1)

where, the dependent variable is the log of daily nominal wage of worker i in state s in year t; log(MWst)
denotes the daily nominal minimum wage for unskilled agricultural workers in state s in time period
t; and Dq

ist is an indicator variable that takes a value of one for workers in wage quintile q and zero
otherwise. The base group for the wage quintile is the highest quintile, i.e. fifth quintile of the wage dis-
tribution. Xist includes worker characteristics like age, education, religion, social group, marital status,
and industry of work. We also control for district (Dd) and time fixed effects (Tt) in all our specifica-
tions, thus controlling for unobserved district-level factors that are correlated with wages as well as other
changing macroeconomic factors. We estimate the specifications separately for rural and urban areas.
The standard errors are clustered at the state level. We also report the wild-bootstrapped p-values given
the small number of clusters (19). The main coefficients of interest are βq

3 . If minimum wages lead to a
reduction in wage inequality, then workers in the lowest quintile should experience the largest increase
in their wage growth, i.e. β1

3 > β2
3 > β3

3 > β4
3 > 0. The effect of minimum wage on the base quintile

group of five is given by the coefficient β1.

The main concern with the above identification strategy is that states could increase minimum wages due
to endogenous reasons. For instance, states that experience high economic growth could raise minimum
wages more. To address this concern, we undertake two further sets of analyses. First, we conduct
separate analyses for all and border districts, i.e. the districts that share a border with the neighbouring
states. Border districts are more similar to each other in terms of geographic and cultural factors, which
can affect economic growth.14 Second, we check if increases in minimum wage affect the highest wage
quintile of workers, i.e. the coefficient β1 in the above specification. If an increase in minimum wage
is correlated with other economic growth variables in the state, then we should find a significant effect
on the largest wage quintile of workers, too. However, if the differential growth in minimum wages
across the Indian states is uncorrelated with other economic factors, then the minimum wage increases
should have a null effect on these workers who are much farther in the wage distribution to be affected
by minimum wages.15

13 The national minimum wage introduced by the Indian Central Government in 1996 (Belsar and Rani 2011) was never legally
binding. However, India recently introduced a national minimum wage that has been passed as an amendment in the labour
code on wages by Parliament in August 2019. See Livemint. We use data from 1999–2018; hence, the period after the
introduction of the national minimum wage is not included in our analyses.

14 As migration rates are low in India, the estimates of all districts should be similar to the estimates of only border districts
(Menon and Rodgers 2017).

15 The emerging literature on the difference-in-differences estimation when using a staggered implementation is not suitable for
the purpose of our study. The closest to our data structure is the continuous treatment case discussed in Callaway et al. (2021)
when all units begin untreated but end up treated by some dosage amount. The difference in our case is that not only the dose
amount changes, but it also changes every year for every unit. Since the employment data are a few years apart, every state
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5 Results

Table 4 reports the results for the specification in Equation 1 for rural India in columns (1)–(2) and
for urban India in columns (3)–(4). The results show that an increase in minimum wage by one per
cent increases rural daily wages for the lowest quintile workers by 0.17 per cent in comparison to the
workers in the highest quintile (column 1). As we move up the quintiles, the marginal effect of increase
in minimum wages falls to 0.14 per cent and 0.068 per cent for quintiles 3 and 4, respectively (column
1). The results remain robust for rural daily wages when we include only border districts in our analyses
(column 2). For urban areas, we find that an increase in minimum wages by one per cent leads to an
increase in wages for the lowest wage quintile of workers by 0.22 per cent (column 3), in comparison
to the workers in the highest quintile. This effect falls to 0.16 per cent and 0.07 per cent for the third
and the fourth quintiles of wage workers, respectively. It again remains robust in column 4 when we
include only border districts in our analyses. We find that for all wage quintiles, except the highest one,
the coefficients are positive and significant.

The above results show that an increase in minimum wages of agricultural unskilled workers results in a
higher increase in wages for the workers at the lowest quintiles who receive daily wages that are either
below or almost equivalent to minimum wage rates. These results are in the expected direction since
workers earning closest to the minimum wages should be affected the most when the minimum wages
increase, unless some other factors were at play. In fact, we find an insignificant effect of an increase in
minimum daily wages on wages of the highest quintile workers (row 1) across all specifications. This
shows that our results are unlikely to be driven by other factors correlated with a differential rise in daily
minimum wages across states. Notably, the marginal effect of the rise in minimum daily wages is higher
in the urban areas than in the rural areas for the lowest quintile of workers. Since the cutoff for wage
quintiles are defined for all areas taken together, these results show that better enforcement in urban
areas may be leading to greater compliance with rising minimum wages. We also check differential
impacts for workers in casual vs salaried work and find no differences as long as workers are in the same
quintile of wage distribution (Appendix Table A3).

Additionally, we estimate the impact of minimum wages on wage inequality across formal and informal
workers. Theoretically, postulations by Harris (1970) and Mazumdar (1989) show that a rise in minimum
wages increases the wages of workers in covered sectors (formal workers), while the displacement of
workers in these sectors results in a rise in labour supply in uncovered sectors (informal sectors). This
can exert downward pressure on the wages of informal workers and also results in no change in inequality
in this sector. To check this, we classify formal workers as workers with written job contracts, given that
such contracts imply a greater likelihood of companies complying with minimum wage regulations. We
report the estimates for formal workers in panel A and those for informal workers in panel B of Table
5. In rural India, the lowest quintile formal workers earn 0.27 per cent more than the highest quintile
workers (column 1 of panel A), while the lowest quintile informal workers earn 0.24 per cent more than
the highest quintile workers (column 1 of panel B), when minimum wages increase by one per cent. We
find similar effects on both formal and informal workers in urban India. Our findings demonstrate that
minimum wages reduce wage inequality for both formal and informal workers to a similar extent. Our
results remain consistent under alternative definitions of formal and informal workers (Appendix Table
A4). These results indicate that the minimum wage acts as a benchmark for equitable compensation in

in each period changes the minimum wages. This is unlike Dube (2019) where the treatment is defined by the timing of the
continuous treatment. Thus, one purported estimation issue in our data structure is that lagged effects of previous changes in
minimum wages can confound our estimates. To address this concern, we test for the impact of minimum wage changes on
high-skilled individuals. However, it seems that none of the existing estimators in the new staggered DID literature can be used
in our case.
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the labour market, consequently resulting in a rise in the wages of both informal and formal workers
(Gindling and Terrell 2005; Khamis 2013).

5.1 Robustness

We check the robustness of our findings to a number of specifications. We first check the results by
including district-specific time trends to rule out the effects of other economic variables that could be
changing at the district level. The results are reported in Appendix Table A5. We find that our previous
results continue to hold in this stricter specification as well. Second, we check the results after including
quarter-year fixed effects to rule out macroeconomic shocks at a higher frequency like it controls for
the seasonal effects on agricultural wages, which are mostly in the bottom quintile of the rural wage
distribution. Again, our results continue to hold (Appendix Table A6). Additionally, we check the
robustness of our findings to using changes in real wages and real minimum wages over time across
states. The results are reported in Appendix Table A7. The results using nominal wages continue to
hold with an increase in real wages as well as the largest increase in real wages is observed for lower
quintiles. We also use other measures at skill and education levels to examine whether wages are affected
differentially across low- vs high-skilled and low- vs high-educated workers. If the wage quintile results
are robust, then we should find a larger effect of rise in minimum wages on low-skilled and less-educated
workers.

Table 6 reports the results by skill levels. We find that an increase in minimum wage by one per cent
results in an increase in wages for low-skilled workers by 0.19 per cent and for medium-skilled workers
by 0.13 per cent (column 1), relative to the high-skilled workers in rural areas. In urban areas, the
elasticities are slightly lower by skill levels at 0.12 and 0.06 for low- and medium-skilled workers,
respectively (column 3). In this specification, the lower effects in urban areas are due to the fact that low-
skilled workers on average get higher wages in urban vs rural India (Table 3). Thus, since urban wages
for low-skilled workers are higher than the existing minimum wage levels on average, the effects will be
less pronounced for these workers, a majority of whom are already earning more than the stipulated daily
minimum wages. These results remain similar when we include only border districts in our analyses.
The results in rural and urban areas continue to hold after clustering the standard errors using the wild-
bootstrapped (WB) method.

Table 7 reports the results by education levels. Again, we find that the effect of minimum wages is
the largest for the lowest educated workers (up to primary education) in both rural and urban areas
with an elasticity of 0.17 and 0.08, respectively. The elasticity estimates fall to 0.11 for secondary
educated workers in rural areas and are almost insignificant in urban areas. These findings continue to
hold for specifications in columns (2) and (4), which include only border districts. The positive effect
of minimum wages on wages of rural workers having education up to secondary and those of urban
workers having up to primary education also holds when standard errors are clustered using the WB
method. Again, the elasticities are smaller in urban areas because the workers at the same education
level are likely to earn higher wages in urban India than rural India.

Last, we check if the positive results for wages hold for total weekly earnings, which are calculated as
daily wages multiplied by the days worked in a week. If days worked in a week are reduced due to higher
wages paid by the employer, then weekly earnings may not necessarily increase at lower quintiles. To
check this, we estimate Equation 1 with log of weekly earnings as the dependent variable. The results
reported in Appendix Table A8 show that the earnings increase by 24–27 per cent for the two lowest
earnings quintiles. The effect reduces to 10 per cent for the fourth earning quintile and is insignificant
for the highest earning quintile. Thus, our findings lend support to a decline in earnings inequality due
to a rise in minimum wages in India during 1999–2018.
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5.2 Placebo effects

While we observe in the above results that the regression coefficients for the impact of minimum wages
on the highest skilled and workers with graduate or more education are insignificant, we further test for
this using the sub-sample of highly skilled workers (Appendix Table A9) and highly educated workers
(Appendix Table A10). We continue to find that these sub-samples of workers are not affected by a rise
in minimum wages. This allays any concern that the effects of minimum wages are being driven by
other unobserved factors changing at the state level that are also correlated with rising state minimum
wages.

5.3 Counterfactual wage distribution

We also investigate the degree to which the decline in wage inequality can be explained by the increase
in minimum wages. To do this, we conduct a reduced-form counterfactual analysis to estimate the
counterfactual wage inequality in 2018, had there been no change in minimum wages from 1999 levels,
following the approach proposed by Lee (1999). This allows us to estimate the change in wage inequal-
ity that would have occurred if the minimum wages had remained constant at a reference point while
accounting for other factors that influence wages over time. We construct a counterfactual log wage dis-
tribution for 2018 by adding the below estimated value for each individual, using 1999 minimum wages
as a base.

∆log wis,2018 = β̂q
2 ∗ (log MWs,1999 − log MWs,2018)+ β̂1 ∗ (log MWs,1999 − log MWs,2018) (2)

where, q represents the wage quintiles, and β̂q
2 and β̂1 indicate the estimated coefficient from regression

equation 1.

The resulting actual and counterfactual log wage distribution is depicted in Appendix Figure A3. The
differences between the actual and counterfactual wage distributions at various quintiles are displayed
in Figure 5. Due to the increase in minimum wages between 1999 and 2018, the lowest quintile wage
earners have experienced a 38.52 per cent increase in rural India and a 48.39 per cent increase in urban
India. As we move up the quintiles, we observe a smaller impact on wages, with the top-most quintile
workers experiencing almost no change if the minimum wages had remained constant at the levels in
1999.

We also examine the percentage change in the Gini coefficient between the actual and counterfactual
log wages for 2018. We find that the Gini coefficient for the actual log wage distribution in the rural
sector is 16.08 per cent lower than its counterfactual estimate (0.0522 vs 0.0622), while in the urban
sector it is 18.49 per cent lower than the counterfactual estimate (0.067 vs 0.0822). The actual Gini in
1999 in rural India was 0.0949 and in urban India was 0.109. Thus, of the total change in Gini in urban
India of -0.0427, around 23.4 per cent (=0.01/0.0427) can be explained by the rise in minimum wages.
Similar calculations show that for all India, around 26 per cent of the decline in wage inequality can be
explained by the increase in minimum wages.16

5.4 Effect of minimum wages on employment

We estimate the effect of minimum wages on employment and report the results in Table 8. The de-
pendent variable in Equation 1 is the proportion of days in the last week that an individual reports to be
employed and zero if the individual is not employed. We undertake the analyses by education levels in
this specification since we do not observe wage quintiles or skill levels for those who are not a part of

16 India Gini 1999: 0.11265, India Gini in 2018: 0.0634, counterfactual Gini in 2018 (with 1999 minimum wages): 0.0765.
Refer to Table 1 for actual Gini values.
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the workforce in the last week. If we include self-employed, casual, and salaried workers, the results
show that a rise in minimum wages has no effect on employment of low- and medium-educated workers.
There is a slight negative effect of minimum wages on employment of the highest educated workers in
rural areas, but the magnitude of the effect is too small and only marginally significant at the 10 per
cent levels. However, the significant impact on highly educated workers vanishes if we do not include
the self-employed as employed workers (Table 9). For urban areas, the effect of minimum wages is
insignificant for all workers across the education spectrum. Thus, in line with earlier studies on India,
we find negligible impact on employment due to an increase in minimum wages (Soundararajan 2019;
Menon and Rodgers 2017).

5.5 Distributional effect of minimum wages

We now examine the distributional effect of rising minimum wages using the framework provided in Lee
(1999). Recently, Autor et al. (2016) use this method to examine the effect of changes in state-level min-
imum wages in the US, Bosch and Manacorda (2010) examine the effects in Mexico at the municipality
level, and Lin and Yun (2016) examine for China at the provincial level on wage distribution. Following
Lee (1999), the model of the latent wage distribution is specified in terms of an identifiable function, i.e.
the one that would have been observed without a minimum wage. The deviation around this function
is attributed to the effect of the minimum wage, except for sampling and specification errors. Thus, an
’effective minimum wage’ is the minimum wage relative to measurement of local income that is not
impacted by the minimum wage. This wage is a binding wage for the local standard of living. In the US
case, Lee (1999) and Autor et al. (2016) find that earnings at or above the median wage level are unaf-
fected by the minimum wage, and this is supported by Lin and Yun (2016) for China. However, Bosch
and Manacorda (2010) find that deviation from the median may not be representative of the ’effective
minimum wage’ for Mexico, as spillovers of the minimum wage are realized up to the 60th percentile.
Hence, they use the deviation from the 70th percentile of the wage distribution.

In the Indian context, in the absence of any national floor for the minimum wage, and due to large
variation in wage levels across states, defining an effective minimum wage as a distance from a given
percentile is unlikely to hold. To overcome this issue, we use the average wages of high-skilled workers
in a given state as a proxy for the binding wage. This is an ideal proxy, as we know from our previous
analyses that the changes in minimum wages do not affect the wages of the high-skilled workers (Table
6). To do this, for each state-year, we define the effective minimum wage as the deviation of the mini-
mum wage from the average wage of the high-skilled workers for that year. We then estimate the below
specification:

(ln(W p
st )− ln(W HW

st )) = βp
0 +βp

1 (ln(MWst)− ln(W HW
st ))

+βp
2 (ln(MWst)− ln(W HW

st ))2 +Tt +Tst +
p
st

(3)

where the dependent variable is the distance of log of wage for percentile p, state s, and year t from log
of average daily wage for high-skilled workers for state s and year t. Tt is year fixed effects, whereas Tst

is state-year time trends. In the above equation, W HW refers to the average daily wage for high-skilled
workers. The marginal effect of the effective minimum wage is then given by:

∂ln(W p
st )− ln(W HW

st )

∂ln(MWst)− ln(W HW
st )

= βp
1 +2∗βp

2 ∗ ln(MWst)− ln(W HW
st ) (4)

We estimate the above specification and plot the marginal effects of minimum wages at different per-
centiles in Figure 6. Clearly, the effect of effective minimum wages declines at higher percentiles,
especially in the urban areas. There is a higher spillover effect of minimum wage in rural areas, as
the point estimates are statistically significant up to the 80th percentile in rural areas while only up
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to the 60th percentile in urban areas. The estimates show that a 10 percentage point rise in effective
minimum wages leads to a 5.1 percentage point (0.51*10) increase in rural wages and 5.5 percentage
point (0.55*10) increase in urban wages at the 10th percentile. The results are robust when only border
districts are included in our analyses (Figure A4).

Since the spillover effect of effective minimum wages defined using the wages for high-skilled workers
is up to the 80th percentile, we also estimate a specification where average wages of the high-skilled
workers are replaced with the wages at the 85th percentile in Equation 3. The coefficients plotted in
Figure A5 also show that the effective minimum wages have a higher impact on lower percentiles, while
this effect diminishes as we move up the wage distribution.

5.6 Alternate mechanisms

We now test for other mechanisms that could affect wages during 1999–2018 and whether the effect of
minimum wages may be confounded by these. For instance, the National Rural Employment Guarantee
Act (NREGA) implemented in 2006 could also contribute to a rise in wages at lower quintiles. Under
the NREGA, workers are entitled to receive 100 days of employment in a year in public works within
15 days of demanding work; otherwise, applicants of NREGA are eligible to receive unemployment
benefits from the state. However, this scheme is limited to rural areas. In Phase I of the NREGA
implementation, 200 districts in India were covered. The act was extended to 130 more districts in April
2007 (referred to as Phase II). In the final phase, all the districts were under the ambit of the act by
2008.

As NREGA guarantees minimum statutory wages to NREGA workers, the implementation of this
scheme may encourage the informal sector employers to pay the minimum wage, thus generating greater
compliance with minimum wage legislation during this period. We account for the implementation of
NREGA in our analyses in three ways. First, since the NREGA had been implemented in all districts by
2008,17 the analysis is limited to the years 1999, 2004, and 2007–08 to provide a comparison between
NREGA implemented (treatment districts) and non-implemented districts (control districts). The years
1999 and 2004 serve as a baseline for comparison. In another specification, we use data from 1999–
2018 and control for NREGA trends, which are defined as years of NREGA implementation in a district
based on the phase in which it came under NREGA. In the final specification, we utilize the intensity
with which NREGA is implemented in a given district defined as the proportion of population working
in NREGA in a given district. This is estimated using the employment data since the data also capture
days worked under public work schemes.

The results are presented in Table 10 for all districts in rural India. The wages increase for lower
wage quintiles due to the increase in the minimum wages, despite controlling for various measures of
NREGA across columns. Thus, the effect of minimum wages on wage inequality obtained in the main
results is not driven by NREGA. The significantly positive effect of minimum wages on lower wage
quintiles is robust when only border districts are considered while controlling for NREGA (Appendix
Table A11).

Another alternative mechanism that could affect wage inequality is increasing labour unionization.
Union memberships globally, as well as within India, have been declining over the last few decades.18

Thus, unions potentially are less likely to affect wage inequality in India. Finally, the impact of minimum
wages on wage inequality could be affected by changing enforcement rates. The enforcement of mini-

17 There is an overlap between the April to June period of the NSS conducted in 2007–08 and the introduction of NREGA in
Phase III districts. Existing literature suggests that little implementation was done in these districts by then (Imbert and Papp
2015), so we can utilize those districts as non-NREGA districts.

18 See Business Line and Politico.
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mum wages, as indicated by labour inspections in Appendix Figure A6, has remained stable over the last
two decades. Furthermore, our above analysis has demonstrated that both formal and informal workers
have been affected by minimum wages at a similar rate (Table 5), suggesting that the observed effects
on wage inequality may not be influenced significantly by variations in the enforcement rate.

6 Conclusion

Wage inequality has declined by as much as 35 per cent during 1999–2018 in India. In the same period,
the median of real minimum wage increased by 69.98 per cent. Our paper examines the role of the rising
minimum wages in reducing wage inequality in India in the last two decades. Since minimum wages in
India are set at the state level, and states increased minimum wages differentially over 1999–2018, we
exploit the across-state and over-time variation in the minimum wage changes to examine the role of the
minimum wage in the documented decrease in wage inequality in India.

Our analyses show that rising minimum wages in India have contributed significantly towards reducing
inequality in wages, explaining almost 26 per cent of the decline in wage inequality. This is due to
the large positive impact of rising minimum wages on the wage quintile workers, even in sectors where
enforcement is difficult. In addition, we find that the least skilled and those with lowest education levels
benefit the most from the increase in minimum wages. At the same time, there are no accompanying
negative effects on employment. These results show that changing minimum wages could be an effective
policy tool to reduce wage inequality without significantly reducing employment in the country.
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Figures and tables

Figure 1: Distribution of Log real wages from 1999–2018
Panel A: All

Panel B: Rural area

Panel C: Urban area

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Figure 2: Indexed log of real wages from 1999–2018
Panel A: All

Panel B: Rural area

Panel C: Urban area

Note: log of average daily wages for each percentile group is indexed at 100 in 1999.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Figure 3: Average daily administrative nominal minimum wages from 1999–2018

Note: average daily administrative nominal minimum wage for the agricultural sector is utilized.

Source: authors’ calculations based on Labour Bureau data.
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Figure 4: Indexed daily administrative nominal minimum wages 1999–2018 (agriculture)

Note: daily administrative nominal minimum wages are indexed at 100 in 1999 for each state.

Source: authors’ calculations based on Labour Bureau data.
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Figure 5: Percentage difference between actual and counterfactual wages at quintiles in 2018

Note: the counterfactual wage distribution for the year 2018 is derived using the 1999 minimum wage levels as a basis.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau data.
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Figure 6: Marginal effects of effective minimum wages on wage percentiles by sector

Note: estimates are the marginal effects of log(MW) - log(average wages of high-skilled workers) and its square on log(p) -

log(average wages of high-skilled workers) across states and years. Observations are at the state-year level. Regressions are

controlled for year fixed effects and state-time trend. Standard errors are clustered at the state level. The 95% confidence

interval is represented by the spikes.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau

data.
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Table 1: Interquantile ratios and summary inequality indices based on nominal wages

1999 2004 2007 2009 2011 2017 2018

All

ln(q90)-ln(q10) 2.189 2.148 1.921 2.043 1.897 1.825 1.833
ln(q90)-ln(q50) 1.391 1.455 1.321 1.350 1.269 1.132 1.139
ln(q50)-ln(q10) 0.799 0.693 0.600 0.693 0.629 0.693 0.693
Var(log wage) 0.648 0.647 0.575 0.604 0.567 0.480 0.463
Gini(log wage) 0.113 0.106 0.092 0.088 0.079 0.066 0.063

Rural

ln(q90)-ln(q10) 1.609 1.482 1.398 1.386 1.394 1.286 1.355
ln(q90)-ln(q50) 0.916 0.788 0.833 0.799 0.806 0.775 0.762
ln(q50)-ln(q10) 0.693 0.693 0.565 0.588 0.588 0.511 0.593
Var(log wage) 0.425 0.415 0.337 0.354 0.344 0.332 0.300
Gini(log wage) 0.095 0.088 0.074 0.070 0.064 0.056 0.052

Urban

ln(q90)-ln(q10) 2.266 2.342 2.303 2.323 2.181 1.946 1.926
ln(q90)-ln(q50) 1.216 1.322 1.358 1.465 1.419 1.253 1.233
ln(q50)-ln(q10) 1.050 1.020 0.944 0.857 0.762 0.693 0.693
Var(log wage) 0.746 0.797 0.736 0.800 0.755 0.559 0.542
Gini(log wage) 0.109 0.109 0.098 0.096 0.089 0.069 0.067

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Table 2: Effect of agricultural sector’s minimum wages to other sector’s minimum wages

Coeff SE p-value Within R-sq Overall R-sq Obs

Mining, construction, manufacturing 0.585 0.082 0.000 0.951 0.891 75
Electricity, water supply 0.504 0.134 0.001 0.935 0.844 63
Wholesale, retail trade 0.400 0.116 0.001 0.931 0.777 75
Transportation, storage 0.530 0.102 0.000 0.940 0.849 74
Accommodation, food service 0.846 0.340 0.048 0.892 0.808 16
Information, communication 0.388 0.146 0.011 0.880 0.658 74
Financial, professional, technical 0.348 0.155 0.031 0.895 0.774 61
Administrative 0.691 0.127 0.000 0.948 0.831 41
Education, health, social work 0.409 0.125 0.002 0.921 0.766 71
Other activities 0.648 0.108 0.000 0.938 0.838 66

Note: all regression equations include state and year fixed effects. The independent variable is administrative minimum wages
in the agricultural sector. Dependent variables are administrative minimum wages of the industries presented in the rows of the
table.
Source: authors’ calculations based on minimum wage data provided by Mansoor and O’Neill (2021) for 1999, 2004, 2007, and
2011 collated through the Labour Bureau.
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Table 3: Summary statistics—average wage distribution

Rural Urban

(1) (2) (3) (4)
All Border All Border

Administrative minimum wages 113.458 114.950 131.492 140.403
(71.59) (73.49) (90.71) (101.2)

Wages 160.232 161.768 369.186 375.567
(189.5) (192.2) (424.7) (427.1)

Wages of low-skilled workers 114.184 114.002 186.352 189.236
(101.5) (101.6) (183.3) (187.2)

Wages of medium-skilled workers 225.186 230.543 291.700 301.391
(213.9) (218.7) (292.4) (299.9)

Wages of high-skilled workers 429.351 435.187 727.859 730.817
(409.7) (410.8) (606.8) (606.2)

Wages of low-educated workers 110.825 111.276 171.052 176.766
(100.0) (102.1) (159.7) (166.9)

Wages of medium-educated workers 201.415 203.760 291.025 297.972
(195.8) (198.3) (283.1) (290.3)

Wages of high-educated workers 463.633 469.459 695.719 700.082
(400.7) (402.7) (576.8) (575.6)

Wages of workers in 1st quintile 78.261 77.857 98.711 105.206
(59.70) (60.29) (73.86) (79.08)

Wages of workers in 2nd quintile 121.659 118.042 160.086 164.519
(89.44) (87.66) (108.0) (112.6)

Wages of workers in 3rd quintile 162.687 161.514 209.802 217.897
(116.9) (114.0) (139.2) (141.6)

Wages of workers in 4th quintile 231.850 229.719 275.530 286.407
(159.4) (161.6) (186.9) (200.2)

Wages of workers in 5th quintile 596.640 584.420 757.401 755.496
(420.0) (415.0) (567.9) (569.5)

Note: average wages by different categories are provided in the table with their standard deviation in parentheses.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage data
are from the Labour Bureau.
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Table 4: Effect of minimum wages on wages at different wage quintiles

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.017 -0.011 0.012 -0.023
(0.05) (0.05) (0.07) (0.06)

Wage quintile=1 × log MW 0.167∗∗∗ 0.175∗∗∗ 0.215∗∗∗ 0.200∗∗∗

(0.03) (0.03) (0.04) (0.04)
Wage quintile=2 × log MW 0.168∗∗∗ 0.163∗∗∗ 0.195∗∗∗ 0.163∗∗∗

(0.02) (0.03) (0.04) (0.04)
Wage quintile=3 × log MW 0.137∗∗∗ 0.152∗∗∗ 0.163∗∗∗ 0.155∗∗∗

(0.02) (0.03) (0.03) (0.04)
Wage quintile=4 × log MW 0.068∗∗∗ 0.096∗∗∗ 0.066∗∗∗ 0.087∗∗∗

(0.02) (0.03) (0.01) (0.01)

District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.000 0.000 0.000 0.000
WB p-value of MW × 2.Wage quintile 0.000 0.001 0.001 0.001
WB p-value of MW × 3.Wage quintile 0.000 0.002 0.001 0.002
WB p-value of MW × 4.Wage quintile 0.010 0.010 0.000 0.002
R-squared 0.95 0.95 0.92 0.92
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.

26



Table 5: Effect of minimum wages on wages of formal and informal workers at different wage quintiles

Rural Urban

(1) (2) (3) (4)
All Border All Border

Panel A: Formal workers

log MW 0.011 -0.026 -0.046 -0.105
(0.09) (0.08) (0.10) (0.07)

Wage quintile=1 × log MW 0.271∗∗∗ 0.270∗∗∗ 0.282∗∗∗ 0.252∗∗∗

(0.07) (0.07) (0.06) (0.05)
Wage quintile=2 × log MW 0.268∗∗∗ 0.233∗∗∗ 0.260∗∗∗ 0.233∗∗∗

(0.04) (0.05) (0.06) (0.04)
Wage quintile=3 × log MW 0.187∗∗∗ 0.161∗∗ 0.198∗∗∗ 0.195∗∗∗

(0.05) (0.06) (0.04) (0.05)
Wage quintile=4 × log MW 0.018 0.019 0.071∗∗∗ 0.084∗∗∗

(0.03) (0.03) (0.02) (0.02)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

R-squared 0.92 0.92 0.86 0.86
No. of clusters 19 19 19 19
Observations 23,050 15,949 37,289 23,213

Panel B: Informal workers

log MW -0.040 -0.129 -0.036 -0.093
(0.07) (0.08) (0.08) (0.08)

Wage quintile=1 × log MW 0.238∗∗∗ 0.268∗∗∗ 0.245∗∗∗ 0.225∗∗∗

(0.07) (0.07) (0.07) (0.07)
Wage quintile=2 × log MW 0.232∗∗∗ 0.256∗∗∗ 0.225∗∗∗ 0.192∗∗∗

(0.06) (0.07) (0.07) (0.07)
Wage quintile=3 × log MW 0.205∗∗∗ 0.227∗∗∗ 0.194∗∗∗ 0.175∗∗∗

(0.05) (0.07) (0.05) (0.06)
Wage quintile=4 × log MW 0.131∗∗ 0.151∗∗ 0.101∗∗∗ 0.107∗∗

(0.05) (0.06) (0.03) (0.04)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

R-squared 0.94 0.94 0.93 0.93
No. of clusters 19 19 19 19
Observations 135,979 93,227 103,299 65,344

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5% and 10%, respectively.
Source: authors’ calculations based on NSS 2004, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau data.
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Table 6: Effect of minimum wages on wages by skill level

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.010 0.002 0.034 0.031
(0.05) (0.05) (0.05) (0.04)

Low skill=1 -1.219∗∗∗ -1.213∗∗∗ -1.054∗∗∗ -1.057∗∗∗

(0.17) (0.19) (0.13) (0.16)
Low skill=1 × log MW 0.193∗∗∗ 0.189∗∗∗ 0.121∗∗∗ 0.118∗∗∗

(0.03) (0.04) (0.02) (0.03)
Med skill=1 -0.794∗∗∗ -0.841∗∗∗ -0.614∗∗∗ -0.603∗∗∗

(0.12) (0.12) (0.10) (0.13)
Med skill=1 × log MW 0.127∗∗∗ 0.135∗∗∗ 0.060∗∗∗ 0.056∗∗

(0.02) (0.02) (0.02) (0.03)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × Low 0.000 0.000 0.001 0.003
WB p-value of MW × Med 0.000 0.000 0.022 0.075
R-squared 0.78 0.79 0.71 0.72
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table 7: Effect of minimum wages on wages by education level

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.040 0.035 0.060 0.053
(0.05) (0.05) (0.04) (0.04)

Low edu=1 -1.471∗∗∗ -1.429∗∗∗ -1.435∗∗∗ -1.412∗∗∗

(0.18) (0.20) (0.09) (0.10)
Low edu=1 × log MW 0.173∗∗∗ 0.162∗∗∗ 0.083∗∗∗ 0.082∗∗∗

(0.04) (0.04) (0.02) (0.02)
Med edu=1 -1.053∗∗∗ -1.014∗∗∗ -0.858∗∗∗ -0.866∗∗∗

(0.18) (0.19) (0.08) (0.09)
Med edu=1 × log MW 0.112∗∗∗ 0.103∗∗ 0.027 0.032∗

(0.03) (0.04) (0.02) (0.02)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × Low 0.001 0.003 0.002 0.006
WB p-value of MW × Med 0.009 0.021 0.185 0.140
R-squared 0.78 0.78 0.69 0.69
No. of clusters 19 19 19 19
Observations 250,041 170,556 203,588 126,108

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Other
controls include age group, marital status, social group, religion, and industry categories. Standard errors in parentheses are
clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.

29



Table 8: Effect of minimum wages on employment of all kinds of workers by education level

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW -0.035∗∗ -0.042∗ 0.017 0.015
(0.02) (0.02) (0.01) (0.01)

Low edu=1 0.043 0.036 0.013 0.003
(0.07) (0.08) (0.04) (0.03)

Low edu=1 × log MW -0.004 -0.001 -0.010 -0.008
(0.02) (0.02) (0.01) (0.01)

Med edu=1 -0.094 -0.112 -0.062∗∗ -0.068∗∗

(0.06) (0.07) (0.03) (0.03)
Med edu=1 × log MW 0.016 0.020 -0.004 -0.002

(0.01) (0.01) (0.01) (0.01)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × Low 0.781 0.945 0.226 0.259
WB p-value of MW × Med 0.242 0.203 0.506 0.710
R-squared 0.42 0.40 0.46 0.46
No. of clusters 19 19 19 19
Observations 1,130,630 741,754 749,456 459,256

Note: the dependent variable is the proportion of days per week self-employed, casual workers or salaried workers work. MW
refers to log of nominal administrative minimum wages. Other controls include age group, sex, marital status, social group, and
religion categories. Standard errors in parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%,
and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage data
are from the Labour Bureau.
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Table 9: Effect of minimum wages on employment of casual or salaried worker by education level

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW -0.026 -0.028 0.003 -0.002
(0.02) (0.02) (0.01) (0.01)

Low edu=1 0.070 0.046 -0.064∗ -0.090∗∗

(0.06) (0.06) (0.03) (0.04)
Low edu=1 × log MW -0.021 -0.016 -0.003 0.001

(0.01) (0.01) (0.01) (0.01)
Med edu=1 -0.164∗∗∗ -0.197∗∗∗ -0.088∗∗ -0.128∗∗∗

(0.04) (0.05) (0.03) (0.03)
Med edu=1 × log MW 0.013 0.019∗ -0.008 -0.001

(0.01) (0.01) (0.01) (0.01)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × Low 0.141 0.255 0.639 0.893
WB p-value of MW × Med 0.179 0.082 0.225 0.894
R-squared 0.15 0.14 0.21 0.21
No. of clusters 19 19 19 19
Observations 1,130,630 741,754 749,456 459,256

Note: the dependent variable is the proportion of days per week casual workers or salaried workers work. MW refers to log
of nominal administrative minimum wages. Other controls include age group, sex, marital status, social group, and religion
categories. Standard errors in parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%,
respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage data
are from the Labour Bureau.
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Table 10: Effect of minimum wages on wages at different wage quintiles after controlling for NREGA in all districts of rural India

(1) (2) (3)
NREGA dummy NREGA trend NREGA intensity

log MW -0.218∗∗∗ 0.017 0.007
(0.07) (0.05) (0.05)

Wage quintile=1 × log MW 0.299∗∗∗ 0.167∗∗∗ 0.165∗∗∗

(0.05) (0.03) (0.03)
Wage quintile=2 × log MW 0.240∗∗∗ 0.168∗∗∗ 0.168∗∗∗

(0.05) (0.02) (0.02)
Wage quintile=3 × log MW 0.159∗∗∗ 0.137∗∗∗ 0.137∗∗∗

(0.05) (0.02) (0.02)
Wage quintile=4 × log MW 0.074 0.068∗∗∗ 0.067∗∗∗

(0.04) (0.02) (0.02)
District FE ✓ ✓ ✓
Year FE ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.000 0.000 0.000
WB p-value of MW × 2.Wage quintile 0.000 0.000 0.000
WB p-value of MW × 3.Wage quintile 0.005 0.000 0.000
WB p-value of MW × 4.Wage quintile 0.066 0.010 0.010
R-squared 0.90 0.95 0.95
No. of clusters 19 19 19
Observations 132,007 249,976 249,976

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Other
controls include education, age group, marital status, social group, religion, industry categories, and NREGA. In column 1,
NREGA is controlled as a dummy variable which takes value 1 for NREGA implemented Phase 1 and Phase 2 districts in the
year 2007. Only 1999, 2004, and 2007 years have been utilized for the analysis. In column 2, NREGA is controlled as years
of NREGA implementation in a district based on the phase in which it came under NREGA. In column 3, NREGA is controlled
as intensity defined as the proportion of population working in the NREGA public work by district and year. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Appendix

A Additional tables and figures

Figure A1: Indexed log of nominal wages from 1999–2018
Panel A: All India

Panel B: Rural India

Panel C: Urban India

Note: average daily wages calculated using the earnings and days worked in the reference week for a wage worker. The

average wage for year 1999 is indexed to 100 for each wage quintile.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Figure A2: Indexed administrative nominal daily minimum wages 1999–2018 (agriculture)

Note: the administrative nominal daily minimum wages for agricultural sector for year 1999 is indexed to 100 for each state.

Source: author’s calculations based on data from the Labour Bureau.
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Figure A3: Kernel density plots of actual and counterfactual log wage distribution in 2018
Panel A: Rural India

Panel B: Urban India

Note: counterfactual log wage distribution is based on the 1999 minimum wages.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Figure A4: Marginal effects of nominal minimum wages on wage percentiles by sector in border districts

Note: estimates are the marginal effects of log(MW) - log(average wages of high-skilled workers) and its square on log(p) -

log(average wages of high-skilled workers) across states and years. Observations are at the state-year level. Regressions are

controlled for year fixed effects and state-time trend. Standard errors are clustered at the state level. The 95% confidence

interval is represented by the spikes.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau

data.
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Figure A5: Marginal effects of nominal minimum wages on wage percentiles by sector relative to the 85th percentile

Note: estimates are the marginal effects of log(MW) - log(p85) and its square on log(p) - log(p85) across states and years.

Observations are at the state-year level. Regressions are controlled for year fixed effects and state-time trend. Standard errors

are clustered at the state level. The 95% confidence interval is represented by the spikes.

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau

data.
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Figure A6: Labour inspections (1996–2017)

Note: data have been considered from 23 states in India, including Andhra Pradesh, Assam, Bihar, Chandigarh, Chhattisgarh, Delhi, Goa,

Gujarat, Haryana, Himachal Pradesh, Jharkhand, Karnataka, Kerala, Madhya Pradesh, Maharashtra, Orissa, Punjab, Rajasthan, Tamil Nadu,

Telangana, Uttar Pradesh, Uttarakhand, and West Bengal.

Source: based on data from IndiaStat.
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Table A1: Interquantile ratios and summary inequality indices based on real wages

1999 2004 2007 2009 2011 2017 2018

All

ln(q90)-ln(q10) 2.285 2.188 1.924 2.079 1.913 1.825 1.807
ln(q90)-ln(q50) 1.455 1.455 1.324 1.386 1.284 1.132 1.139
ln(q50)-ln(q10) 0.830 0.732 0.600 0.693 0.629 0.693 0.668
Var(log wage) 0.699 0.665 0.591 0.632 0.592 0.496 0.472
Gini(log wage) 0.091 0.087 0.080 0.081 0.075 0.067 0.064

Rural

ln(q90)-ln(q10) 1.609 1.482 1.398 1.386 1.394 1.286 1.355
ln(q90)-ln(q50) 0.916 0.788 0.833 0.799 0.806 0.775 0.762
ln(q50)-ln(q10) 0.693 0.693 0.565 0.588 0.588 0.511 0.593
Var(log wage) 0.423 0.418 0.347 0.358 0.356 0.344 0.312
Gini(log wage) 0.073 0.071 0.063 0.063 0.060 0.057 0.053

Urban

ln(q90)-ln(q10) 2.266 2.342 2.303 2.323 2.181 1.946 1.926
ln(q90)-ln(q50) 1.216 1.322 1.358 1.465 1.419 1.253 1.233
ln(q50)-ln(q10) 1.050 1.020 0.944 0.857 0.762 0.693 0.693
Var(log wage) 0.761 0.811 0.754 0.819 0.779 0.580 0.562
Gini(log wage) 0.087 0.090 0.085 0.088 0.084 0.070 0.068

Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018.
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Table A2: Summary statistics—proportion of workers

Rural Urban

(1) (2) (3) (4)
All Border All Border

Low-skilled workers 0.703 0.704 0.226 0.230
(0.457) (0.457) (0.418) (0.421)

Medium-skilled workers 0.231 0.231 0.541 0.536
(0.422) (0.421) (0.498) (0.499)

High-skilled workers 0.065 0.066 0.233 0.234
(0.247) (0.248) (0.423) (0.423)

Low-educated workers 0.639 0.637 0.312 0.311
(0.480) (0.481) (0.463) (0.463)

Medium-educated workers 0.298 0.299 0.403 0.402
(0.457) (0.458) (0.490) (0.490)

High-educated workers 0.064 0.064 0.286 0.287
(0.244) (0.244) (0.452) (0.452)

Note: proportion of workers are provided in the table with their standard deviation in parentheses.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage data
are from the Labour Bureau.
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Table A3: Effect of minimum wages on wages at different wage quintiles by type of employment

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW -0.009 -0.036 -0.001 -0.039
(0.04) (0.04) (0.07) (0.06)

Wage quintile=1 × log MW 0.168∗∗∗ 0.178∗∗∗ 0.220∗∗∗ 0.206∗∗∗

(0.03) (0.04) (0.05) (0.05)
Wage quintile=2 × log MW 0.175∗∗∗ 0.172∗∗∗ 0.202∗∗∗ 0.166∗∗∗

(0.03) (0.03) (0.05) (0.05)
Wage quintile=3 × log MW 0.140∗∗∗ 0.156∗∗∗ 0.159∗∗∗ 0.145∗∗∗

(0.02) (0.03) (0.03) (0.04)
Wage quintile=4 × log MW 0.040 0.070∗∗ 0.065∗∗∗ 0.079∗∗∗

(0.02) (0.03) (0.01) (0.01)
DCW=1 × log MW 0.027 0.008 0.022 0.019

(0.05) (0.04) (0.04) (0.04)
Wage quintile=1 × DCW=1 × log MW 0.006 0.023 0.009 0.018

(0.05) (0.05) (0.04) (0.05)
Wage quintile=2 × DCW=1 × log MW -0.010 0.004 -0.010 0.006

(0.05) (0.05) (0.04) (0.05)
Wage quintile=3 × DCW=1 × log MW -0.006 0.010 0.018 0.038

(0.05) (0.04) (0.04) (0.05)
Wage quintile=4 × DCW=1 × log MW 0.037 0.050 0.000 0.037

(0.05) (0.05) (0.03) (0.04)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

R-squared 0.95 0.95 0.92 0.92
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. DCW
refers to the dummy variable of casual workers by principal status. Other controls include education, age group, marital status,
social group, religion, and industry categories. Standard errors in parentheses are clustered at the state level. ***, **, and *
show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A4: Effect of minimum wages on wages of formal and informal workers at different wage quintiles (based on PF eligibility)

Rural Urban

(1) (2) (3) (4)
All Border All Border

Panel A: Formal workers

log MW 0.065 0.032 0.055 0.041
(0.08) (0.07) (0.08) (0.06)

Wage quintile=1 × log MW 0.171∗∗ 0.168∗∗ 0.276∗∗∗ 0.250∗∗∗

(0.07) (0.06) (0.06) (0.06)
Wage quintile=2 × log MW 0.179∗∗∗ 0.147∗∗ 0.186∗∗∗ 0.164∗∗∗

(0.05) (0.06) (0.05) (0.04)
Wage quintile=3 × log MW 0.099∗∗ 0.101∗ 0.110∗∗ 0.078

(0.04) (0.05) (0.04) (0.05)
Wage quintile=4 × log MW -0.032 -0.006 -0.002 0.011

(0.03) (0.03) (0.02) (0.02)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

R-squared 0.92 0.92 0.86 0.86
No. of clusters 19 19 19 19
Observations 28,036 19,993 58,620 36,795

Panel B: Informal workers

log MW 0.017 -0.039 -0.010 -0.055
(0.05) (0.07) (0.08) (0.08)

Wage quintile=1 × log MW 0.182∗∗∗ 0.208∗∗∗ 0.230∗∗∗ 0.210∗∗∗

(0.04) (0.05) (0.06) (0.06)
Wage quintile=2 × log MW 0.177∗∗∗ 0.189∗∗∗ 0.202∗∗∗ 0.170∗∗∗

(0.04) (0.04) (0.06) (0.06)
Wage quintile=3 × log MW 0.147∗∗∗ 0.178∗∗∗ 0.175∗∗∗ 0.170∗∗∗

(0.03) (0.04) (0.04) (0.05)
Wage quintile=4 × log MW 0.092∗∗∗ 0.130∗∗∗ 0.094∗∗∗ 0.112∗∗∗

(0.02) (0.04) (0.02) (0.03)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

R-squared 0.95 0.95 0.93 0.93
No. of clusters 19 19 19 19
Observations 173,864 118,452 115,685 71,171

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Formal
worker refers to the dummy variable of workers eligible for Provident Fund (GPF, CPF, PPF). Other controls include education,
age group, marital status, social group, religion, and industry categories. Standard errors in parentheses are clustered at the
state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2009, and 2011; PLFS 2017 and 2018; and Labour Bureau data.
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Table A5: Effect of minimum wages on wages at different wage quintiles (with district-specific time trends)

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.015 -0.011 0.013 -0.024
(0.05) (0.05) (0.07) (0.06)

Wage quintile=1 × log MW 0.167∗∗∗ 0.175∗∗∗ 0.215∗∗∗ 0.200∗∗∗

(0.03) (0.03) (0.04) (0.04)
Wage quintile=2 × log MW 0.168∗∗∗ 0.163∗∗∗ 0.195∗∗∗ 0.163∗∗∗

(0.02) (0.03) (0.04) (0.04)
Wage quintile=3 × log MW 0.137∗∗∗ 0.152∗∗∗ 0.163∗∗∗ 0.155∗∗∗

(0.02) (0.03) (0.03) (0.04)
Wage quintile=4 × log MW 0.068∗∗∗ 0.096∗∗∗ 0.066∗∗∗ 0.087∗∗∗

(0.02) (0.03) (0.01) (0.01)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓
District trends ✓ ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.000 0.000 0.000 0.000
WB p-value of MW × 2.Wage quintile 0.000 0.001 0.001 0.001
WB p-value of MW × 3.Wage quintile 0.000 0.002 0.001 0.002
WB p-value of MW × 4.Wage quintile 0.010 0.009 0.000 0.002
R-squared 0.95 0.95 0.92 0.92
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A6: Effect of minimum wages on wages at different wage quintiles (with quarter-year fixed effects)

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.024 -0.006 0.012 -0.031
(0.05) (0.05) (0.07) (0.06)

Wage quintile=1 × log MW 0.167∗∗∗ 0.176∗∗∗ 0.215∗∗∗ 0.200∗∗∗

(0.03) (0.03) (0.04) (0.04)
Wage quintile=2 × log MW 0.169∗∗∗ 0.164∗∗∗ 0.196∗∗∗ 0.164∗∗∗

(0.02) (0.03) (0.04) (0.04)
Wage quintile=3 × log MW 0.137∗∗∗ 0.152∗∗∗ 0.163∗∗∗ 0.155∗∗∗

(0.02) (0.03) (0.03) (0.04)
Wage quintile=4 × log MW 0.067∗∗∗ 0.096∗∗∗ 0.066∗∗∗ 0.087∗∗∗

(0.02) (0.03) (0.01) (0.01)
District FE ✓ ✓ ✓ ✓
Quarter-year FE ✓ ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.000 0.000 0.000 0.000
WB p-value of MW × 2.Wage quintile 0.000 0.001 0.001 0.001
WB p-value of MW × 3.Wage quintile 0.000 0.002 0.001 0.002
WB p-value of MW × 4.Wage quintile 0.010 0.010 0.000 0.002
R-squared 0.95 0.95 0.92 0.92
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Other
controls include education, age group, sex, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A7: Effect of real minimum wages on real wages at different real wage quintiles

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW -0.152∗ -0.146 -0.090 -0.109
(0.08) (0.10) (0.08) (0.07)

Wage quintile=1 × log MW 0.379∗∗∗ 0.352∗∗∗ 0.355∗∗ 0.290∗∗

(0.09) (0.09) (0.13) (0.12)
Wage quintile=2 × log MW 0.375∗∗∗ 0.351∗∗∗ 0.352∗∗ 0.271∗

(0.08) (0.09) (0.14) (0.13)
Wage quintile=3 × log MW 0.279∗∗∗ 0.311∗∗∗ 0.298∗∗∗ 0.267∗∗

(0.06) (0.09) (0.09) (0.11)
Wage quintile=4 × log MW 0.120∗∗ 0.180∗∗ 0.144∗∗∗ 0.185∗∗∗

(0.06) (0.07) (0.03) (0.04)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.002 0.004 0.012 0.023
WB p-value of MW × 2.Wage quintile 0.002 0.004 0.012 0.038
WB p-value of MW × 3.Wage quintile 0.006 0.009 0.011 0.023
WB p-value of MW × 4.Wage quintile 0.062 0.044 0.006 0.006
R-squared 0.95 0.95 0.92 0.92
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of real daily wages. MW refers to log of real administrative minimum wages. Other controls
include education, age group, sex, marital status, social group, religion, and industry categories. Consumer Price Index for
Industrial Workers (CPI-IW) and Consumer Price Index for Agricultural Laborers (CPI-AL) are used to deflate wages in urban
and rural areas, respectively. Standard errors in parentheses are clustered at the state level. ***, **, and * show significance at
1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A8: Effect of minimum wages on weekly earnings at different earnings quintiles

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW -0.028 -0.026 -0.005 -0.019
(0.05) (0.06) (0.07) (0.06)

Earning quintile=1 × log MW 0.274∗∗∗ 0.250∗∗∗ 0.270∗∗∗ 0.243∗∗∗

(0.02) (0.03) (0.04) (0.05)
Earning quintile=2 × log MW 0.241∗∗∗ 0.221∗∗∗ 0.249∗∗∗ 0.219∗∗∗

(0.02) (0.03) (0.04) (0.05)
Earning quintile=3 × log MW 0.197∗∗∗ 0.180∗∗∗ 0.199∗∗∗ 0.182∗∗∗

(0.02) (0.03) (0.02) (0.04)
Earning quintile=4 × log MW 0.121∗∗∗ 0.123∗∗∗ 0.092∗∗∗ 0.099∗∗∗

(0.02) (0.03) (0.01) (0.02)
District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW × 1.Earning quintile 0.000 0.000 0.000 0.001
WB p-value of MW × 2.Earning quintile 0.000 0.000 0.000 0.001
WB p-value of MW × 3.Earning quintile 0.000 0.000 0.000 0.001
WB p-value of MW × 4.Earning quintile 0.002 0.004 0.000 0.001
R-squared 0.92 0.92 0.91 0.91
No. of clusters 19 19 19 19
Observations 249,976 170,515 203,543 126,073

Note: the dependent variable is log of nominal weekly earnings. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, sex, marital status, social group, religion, and industry categories. Standard errors
in parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A9: Placebo effect of minimum wages on wages (on high-skilled workers)

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.032 0.009 0.015 0.058
(0.07) (0.08) (0.06) (0.08)

District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW 0.726 0.923 0.826 0.486
R-squared 0.62 0.63 0.57 0.58
No. of clusters 19 19 19 19
Observations 26,925 18,405 48,813 30,483

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages.
Other controls include education, age group, marital status, social group, religion, and industry categories. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A10: Placebo effect of minimum wages on wages (on high-educated workers)

Rural Urban

(1) (2) (3) (4)
All Border All Border

log MW 0.036 0.025 0.007 0.035
(0.10) (0.11) (0.05) (0.06)

District FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

WB p-value of MW 0.749 0.849 0.900 0.665
R-squared 0.55 0.56 0.50 0.50
No. of clusters 19 19 19 19
Observations 22,398 15,113 56,205 35,131

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Other
controls include age group, marital status, social group, religion, and industry categories. Standard errors in parentheses are
clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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Table A11: Effect of minimum wages on wages at different wage quintiles after controlling for NREGA in the border districts of
rural India

(1) (2) (3)
NREGA dummy NREGA trend NREGA intensity

log MW -0.218∗∗ -0.010 -0.025
(0.09) (0.05) (0.05)

Wage quintile=1 × log MW 0.324∗∗∗ 0.175∗∗∗ 0.174∗∗∗

(0.08) (0.03) (0.03)
Wage quintile=2 × log MW 0.272∗∗∗ 0.163∗∗∗ 0.164∗∗∗

(0.07) (0.03) (0.03)
Wage quintile=3 × log MW 0.252∗∗∗ 0.152∗∗∗ 0.153∗∗∗

(0.07) (0.03) (0.03)
Wage quintile=4 × log MW 0.175∗∗∗ 0.096∗∗∗ 0.095∗∗∗

(0.05) (0.03) (0.03)
District FE ✓ ✓ ✓
Year FE ✓ ✓ ✓

WB p-value of MW × 1.Wage quintile 0.000 0.000 0.000
WB p-value of MW × 2.Wage quintile 0.000 0.001 0.001
WB p-value of MW × 3.Wage quintile 0.000 0.002 0.002
WB p-value of MW × 4.Wage quintile 0.003 0.010 0.010
R-squared 0.90 0.95 0.95
No. of clusters 19 19 19
Observations 89,327 170,515 170,515

Note: the dependent variable is log of nominal daily wages. MW refers to log of nominal administrative minimum wages. Other
controls include education, age group, marital status, social group, religion, and industry categories and NREGA. In column 1,
NREGA is controlled as a dummy variable, which takes value 1 for NREGA implemented Phase 1 and Phase 2 districts in the
year 2007. Only 1999, 2004, and 2007 years have been utilized for the analysis. In column 2, NREGA is controlled as years
of NREGA implementation in a district based on the phase in which it came under NREGA. In column 3, NREGA is controlled
as an intensity defined as the proportion of population working in NREGA public work by district and year. Standard errors in
parentheses are clustered at the state level. ***, **, and * show significance at 1%, 5%, and 10%, respectively.
Source: authors’ calculations based on NSS 1999, 2004, 2007, 2009, and 2011 and PLFS 2017 and 2018. Minimum wage
data are from the Labour Bureau.
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