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This paper examines the relationship between labor market flexibility and matching function efficiency in
India. With state-level disaggregated data, the matching function in India is estimated to investigate
differences in the matching function efficiency across regions of different labor market flexibility. In
addition, matching parameters are estimated in the respective regions that categorized by the degree of
labor market flexibility. It is the first original work that uses state-level data to estimate matching function
in India. The data are drawn from Employment Exchange in India, the only public job centre in this
country. The results show that there is no link between labor market flexibility and matching function
efficiency. The evidence indicates that regions having inflexible labor markets reveal entirely vacancydriven job matching process, which implies lack of labor demand. For these regions, it is recommended
that policies to boost labor demand such as employment subsidies are appropriate to create more employment
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Executive Summary

This paper examines the relationship between labor market flexibility and matching function efficiency in India. With state-level disaggregated data, the matching
function in India is estimated to investigate differences in the matching function
efficiency across regions of different labor market flexibility. In addition, matching parameters, categorized by the degree of labor market flexibility, are estimated in the respective regions. It is the first original work that uses state-level data to
evaluate the matching function in India. The data are drawn from ‘Employment
Exchange in India’, the only public employment service in this country. The results show that there is no link between labor market flexibility and matching
function efficiency. The evidences indicate that regions having inflexible labor
markets are entirely vacancy-driven in the job matching process, implying a lack
of labor demand. For such regions, it is recommended that policies to boost labor demand such as employment subsidies are appropriate to create more employment.
Keywords: Labor Market Flexibility (Rigidity), Employment Protection Legislations, Matching Function, Indian Labor Market
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Labor Market Flexibility and Different JobMatching Technologies across Regions
in India: An Analysis of State-Level
Disaggregate Matching Functions

Woong Lee

I. Introduction

It is generally viewed that pro-labor legislation is related to the pattern of labor market outcome across countries. A typical textbook example is that “generous
benefits for unemployed workers” in Europe would lead to higher unemployment rate
in the region than in the United States (Mankiw 2010, p. 181). In developing
countries, many studies have asserted that stringent employment protection legislation (henceforth referred to as EPL) causes poor labor market outcomes as
firms try to avoid strict labor regulations (e.g., Besley and Burgess 2004). EPL in
India is of particular interest because it is seen to be highly pro-worker oriented
by global standards. Reports of Doing Business often express “India…has one of the
 Department of Asia-Pacific. Korea Institute for International Economic Policy.
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more regulated labor markets” (World Bank 2004, p. 14) and “laws created to protect workers often hurt them” (World Bank 2008, p. 19). In labor and development economics
literature, although many scholars insist poor outcomes in the labor market, there
exist pros and cons on the subject of stringent EPL in India. It is argued that
stringent EPL in India are one of the major constraints to stagnant employment
(Ahsan et al. 2008). In contrast, it is suggested that current EPL in India plays a
role in ensuring a minimum level of welfare for many workers (Ahsan and Pagés
2009).
This article investigates the relationship between labor market flexibility and
the job matching process in India. Since stringent EPL is often seen as a major
source of labor market rigidity, measures of labor market flexibility are used as a
proxy for the degree of EPL. I shed light on this subject by estimating matching
functions with disaggregated data at state level, describing the labor market in
India. An advantage of using state-level labor market data in India is that low
labor mobility between states and variation in labor legislation across states make
it reasonable to treat each state as an independent labor market (Topalova 2007;
Besley and Burgess 2004).
In this article I have two main research questions. First, I examine whether or
not job matching efficiency is higher in states that have flexible labor markets. To
do this, I incorporate the partition rule established by the OECD (2007) to the
matching function. It is based on practical implementations as well as various
laws related to labor market rigidity. I choose the OECD method to take advantage of its coverage. It contains information on labor market rigidity across 21
states in India, whereas a famous index by Besley and Burgess (2004) covers only
15 states with the information only based upon the Industrial Dispute Act. Secondly, I investigate whether the pattern of the coefficients of matching function
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is systemically related to the regions categorized by labor market flexibility. Although there are no previous studies, patterns of matching parameters across labor market flexibility are of interest because it allows policy makers to design a
customized policy for a specific goal.
Unlike the prediction in search-matching type models, there is no evidence
that regions with more stringent labor market rigidity have more frictions in the
job matching process, and hence less efficiency in matching given the numbers of
job-seekers and vacant jobs. The results show that the empirical matching functions offer no evidence on the relationship between labor market flexibility and
matching efficiency. Various robustness checks confirm this result. However, the
results from estimating each matching function for the groups categorized by
labor market flexibility show one clear pattern. Regions having inflexible labor
market reveal a substantially high elasticity of matching function with respect to
vacant jobs. This pattern indicates that matching process is totally vacancydependent or that there is a severe shortage of labor demand in states having
inflexible labor environment. This finding can provide more detailed and qualified information for policy makers. For states having inflexible labor markets,
policies to alleviate a shortage of labor demand may be relevant. Therefore, in
this case, in addition to active labor market policies to deal with labor market frictions, policies such as employment subsidies to increase labor demand are reasonably recommended. It is also shown that regions having neutral labor market
reveal relatively high elasticity of matching function with respect to job-seekers.
This result suggests that policies to boost labor supply rather than labor demand
are necessary for neutral labor markets. Lastly, the estimates for regions having
flexible labor market indicate that the elasticities for job-seekers and job vacancies
are well balanced.
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The main contributions of this article are detailed examinations of matching
functions at aggregate level controlling for heterogeneities across states as well as
at disaggregate level in terms of the degree of labor market flexibility. In addition,
to my best knowledge, I have not seen studies that estimate the India’s matching
functions with state-level data. I also have not found a study investigating matching function efficiencies across regions with different labor market flexibility in
general. Moreover, this article provides contributions not only in economic literature but also in policy perspective. For example, a policy oriented to boost labor
supply in regions exhibiting relative shortage of labor demand is likely to fail in
creating new employment.
This article is organized as follows. Section 2 presents literature review on
labor market flexibility and matching functions. Section 3 introduces an overview of labor market regulations in India. Section 4 sketches the basic concepts
of the matching function. Section 5 describes the data and its source. Section 6
describes a simple theoretical explanation regarding labor market rigidity in a
search-matching model and econometric specifications. More importantly, Section 6 reports the results from estimating matching functions and robustness
checks. Finally, Section 7 concludes this article with policy implications.

II. Literature Review

Many scholars have examined the relationship between pro-worker legislation
and labor market outcomes.1 In India’s case, there are many studies to explore
the nexus between labor market flexibility and economic outcomes such as Fallor
and Lucas (1993), Besley and Burgess (2004), Dutta Roy (2004), Lall and
Mengistae (2005), Ahsan and Pagés (2009), Amin (2009) Fagernäs (2010), Deakin
and Sarkar (2011) and so on. Moving away from India’s case, there are a number
of studies that investigate the link between labor market rigidities and economic
outcomes. Cross-country analyses are performed by Nickell (1997), Botero et al.
(2004), Gómez-Salvador et al. (2004), Arpaia and Mourre (2005), Kahn (2007),
Pagés and Micco (2008), and others. For country-specific analysis, there are a
number of works such as Boeri and Jimeno (2005) for Italy, Autor et al. (2007) for
the U.S., Almeida and Carneiro (2009) for Brazil and so forth.
Although a bulk of studies have examined the relationship between labor
market rigidities and economic outcomes, I have not seen studies to tackle the
effects of labor market flexibility on efficiency in the job matching process. The
most closely related studies to my research would be Hasan et al. (2007) and
Hasan et al. (2012). With the use of industry-level data disaggregated by states,
and coupled with the BB index, Hasan et al. (2007) show that there is a positive
effect of trade liberalization on labor demand elasticities and this effect is larger
in states with more flexible labor regulations. Hasan et al. (2012) also show that
1

An extensive literature review is presented in Appendix C.
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unemployment in urban areas declines as trade liberalization further progresses,
especially in states where labor markets are flexible.
Regarding literature on empirical matching function, this article shares some
similarities to the studies related matching efficiencies across different dimensions
such as regions, educational levels, and occupational groups (for example, Kano
and Ohta 2005; Ibourk et al. 2001; Fahr and Sunde 2004). It is also similar to Fahr
and Sunde (2004) in that they estimate each matching function by occupational
group and I estimate separate matching functions by regions that are divided by
labor market flexibility. However, this article differs from previous studies in the
way that it analyzes the link between labor market flexibility and matching efficiency and investigates the differences in the matching function parameters across
regions based on labor market rigidities. Therefore, it is expected that this article
can adds some contribution to recent empirical matching literature. In addition, it
is the first work to estimate the matching function in India with state-level disaggregated data. I also have not seen a study that explores differences in matching technologies in terms of labor market flexibility.

III. Brief Overview of Labor Market Regulations
in India

Labor laws in India are categorized by three sections of working conditions:
wage, social security and labor relations. They consist of approximately 50 central
and 150 state statues (Saini 2012). A distinct feature of Indian labor laws is that
both the central and state governments have legislative authority. The central
government passes labor laws but also state governments not only have power to
amend the federal acts and even establish their own acts (Ahsan and Pagés 2009).
State governments also have the right to enact administrative rules and procedures for law enforcement (Gupta et al. 2009). Therefore, there are substantial
variations in labor regulations across states (Topalova 2007).
The most important law affecting labor market flexibility is the Industrial Dispute Act (hereafter IDA). Basically, IDA deals with industrial disputes through the
procedures of conciliation, arbitration, and adjudication. The most critical clause is
the Chapter 5B of IDA, which stipulates that government permission is required to
layoff and retrench workers, and close establishments with 100 employees or more
(Hasan et al. 2007, p. 468).2 According to IDA, permission to retrench or close is
rarely permitted and a substantial fine and a prison sentence are imposed in case of
violations. There are other EPLs such as Trade Union Act, Factories Act, Contract
Labor Act, and Industrial Employment Act (Anant et al. 2006).

2

Chapter 5B was introduced in the amendment of 1976 and the threshold was 300 or more. In the
amendment of 1982, it was cut down to 100 or more employees.
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The majority of labor acts were legislated before the independence of India
and their amendments made progress until the late 1980s. During the 1970s and
especially the 1980s, a number of federal and state amendments increased the
variability of labor laws across states as well as the cost to employers for solving
industrial disputes (Anant et al. 2006). Since the 1990s, amendment activity slowed
down, without new amendments in the IDA (Ahsan and Pagés 2009, p. 64).
Concerning labor market regulations, one important point should be mentioned. Most labor laws are applicable to workers in formal or organized sector,
who are less than 10% of the total labor force (Anant et al. 2006), which can raise
criticism that labor laws have little impact on most workers or firms.3 However,
considering formal sector’s contribution to the Indian economy, which is approximately 75% of total GDP (Sahoo 2010), it is still of importance to explore the
relationship between labor laws and labor market outcomes.

3

In India, the terminologies, formal, organized, and registered, are used interchangeably. There are
slight differences between these terminologies but they have almost the same meaning (see Appendix B at the end of this article for further explanation).

IV. Overview of the Matching Function

In the search-matching model, the job matching process between jobseekers and vacancies is probabilistic due to transaction costs which include trading friction, incomplete information, heterogeneities between the agents in the
labor market. Matching function outlines these search frictions and matching
processes and is described by the joint movement of job-seekers and vacancies to
produce new hires with the properties:
(1)
(2)
(3)
(4)
Equation (1) is a general form of the matching function, where H is the number of new hires in a given time interval, S the number of job-seekers at a specific time, V the number of job vacancies at a specific time. Equation (2) indicates
that the matching function is increasing with respect to S and V. Equation (3)
implies that at least one job-seeker and one vacancy are required to generate one
job match. Equations (2) and (4) also imply the concavity of the matching function. Generally, in theory framework, constant returns to scale of the matching
function are assumed to generate a stable and unique equilibrium of unemployment (Pissarides 2000, p. 6).
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I use the canonical Cobb-Douglas specification of the matching function in
equation (5) because it is a standard in empirical matching literature (Petrongolo
and Pissarides 2001).
where

(5)

All the variables are indexed by
have panel structure:

and

and t because the data used in this article

represents a state and a year, respectively. In natu-

ral logarithms, equation (5) returns a linear equation in (6):
, where ln A = c. (6)
The α and β represent the elasticities of the matching function with respect to
job-seekers and vacancies, respectively. The α or β is also regarded as a relative
contribution of the job matching, which implies the matching share of jobseekers or vacancy in creating a new hire. Zi is a vector of state-specific fixed effects and t is time trend or time dummies.

and

can be interpreted as addi-

tional effects of the matching efficiency in the matching function across states
and over time.
The degree of returns to scale for the matching function is expressed by the
sum of α and β and can be tested empirically under the null hypothesis: α + β = 1
in (5) or (6). Constant returns to scale (hereafter CRS) of the matching function
implies the existence of a stable unemployment rate in search-matching models
(e.g., Pissarides 2000). CRS also means that the creation of new hires is not affected by the size of job-seekers or job vacancies but by their relative size. Decreasing returns to scale of the matching function implies a congestion effect in
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the matching process, with more frictions in larger labor market. Put differently,
the matching efficiency decreases as the volumes of job-seekers and vacancies
increase. The presence of increasing returns to scale implies high or low activity
equilibrium of unemployment because of strong positive market externalities,
whether thick or thin (Petrongolo and Pissarides 2001, p. 393). In case of thick
market externalities, employers and job-seekers make more effort in search. In
contrast, in the situation of thin market externalities, both agents make less effort
in search with lower returns, which causes lower matches and thus higher unem4

ployment.

Estimates of the matching function provide valuable information in policy
perspective. The α and β are interpreted as the absolute or relative importance of
supply and demand in the labor market. For example, a combination of small α
and large β exhibits a relative shortage of labor demand, implying that an additional job vacancy leads to a new hire with relatively high probability, while an
additional increase in job-seekers nearly creates no new hires (Fahr and Sunde
2004, p. 411). It is a situation of vacancy-driven job matching process and hence
government policies to stimulate labor demand rather than labor supply would be
relevant to create new hires. The size of the matching efficiency parameters, Θ
and δ, indicates the degree of frictions in the matching process. If Zi are regional
fixed effects, then estimates of Θ show regional differences in the matching effi-

4

For example, Pissarides (1992) argues that unemployed workers lose skills while being unemployed,
which causes a thin market externality. A negative shock increasing unemployment leads to more unemployed persons among job-seekers, thus dropping the average skill level of available job-seekers.
This reduces the expected profits of hiring a worker, which in turn leads firms to decrease their labor
demand and then the original shock to unemployment persists. Increasing returns to scale are also a
necessary condition for ‘thick market externality’, indicating that thick market, with larger numbers
of job-seekers and job vacancies, may result in easier matching (Blanchard and Diamond 1990).
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ciency. The δ may capture improvement or deterioration of the job matching efficiency over business cycle.

V. Employment Exchange in India and its Data

1. Public Employment Services in India
Employment Exchange in India (EEI) is the only public employment service
that has the network at all India level (DGE&T 2012). EEI’s basic role, like any
other public employment services in other counties, is to provide job matching
service for job-seekers and employers. EEI covers 28 states and 7 union territo5

ries with 966 offices as on December 31, 2011. Among these offices, 80 offices
specialize in physically handicapped, 82 in university students, and 15 in professionals and executives.6 Besides job matching service, EEI provides vocational
guidance and career counseling and various other services.
EEI also presents collection of raw data for employment and unemployment
and relevant information for policy planning and research purposes (DGE&T
2012, p. 1). EEI’s labor market information includes the details of female, minorities (scheduled caste and scheduled tribe), handicapped, age, education level,
immigrants (mainly Pakistan, Sri Lanka, Myanmar), and religion (DGE&T 2012).
Each state government collects the data at the district or state level but the Directorate General of Employment and Training (hereafter DGE&T) at the Ministry
of Labour and Employment in India compiles and publishes the data at the na5
6

As of 2011, there is no EEI office in Sikkim, a union territory in India.
The number of Special Employment Exchanges for physically handicapped is 42; Special Cells for
physically handicapped is 38; University Employment Information and Guidance Bureaus is 82; and
Professional and Executive Employment Exchanges is 15 (DGE&T 2012, iv).
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7

tional level (DGE&T 2012, p. 1). The data from EEI include entire regions, occupations, and industries in India. The data are utilized to estimate the unemployment rates at the state-level, which demonstrate usability and reliability of the data.
2. Data Description
The data used in my analysis comes from Employment Exchange Statistics, an annual publication issued by DGE&T. The variables in the matching function correspond to the published data as follows: Sit (the number of job-seekers) to Registration, Vit (the number of job vacancies) to Vacancy Notified, and Hit (the number
8

of new hires or matches) to Placement. The cross-section unit is state. The number of states includes union territories, i.e., N is 34 (27 states and 7 union territories).9 The sample period is between 1999 and 2011 (i.e. T = 13).10One noticeable point in the data is that unlike other statistics published by the Indian government, the data from EEI refer to the period from January 1st to December
31st (India’s fiscal year is from April to March).
I use the OECD’s EPL index (hereafter FLEX) as an indicator of labor market flexibility. The FLEX identifies the degree of labor market flexibility of the

7

The state and union territory governments exercise administrative and financial authorities of the
respective EEI offices (DGE&T 2012, p. 1).
8
Registration is the number of applicants who voluntarily register at EEI offices so that they are eligible
for matching service and other assistance in accordance with the prescribed procedure; Vacancy Notified is the number of job vacancies notified by employers at EEI offices; and Placement is the number
of persons accepted by employers into a job through EEI offices.
9
Telangana, formerly a part of Andhra Pradesh, became the 29th state in India in June 2014 and was a
part of Andhra Pradesh. Thus, this article uses data of 28 states. The data for Sikkim, another state
of India, is not available because there is no EEI office there.
10
There are 6 states which do not have all sample periods (see Table A1 in the Appendix).
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21 states in terms of changes to the implementation and administration of labor
laws through not only de jure but also de facto practices (Dougherty 2009).

11

FLEX is based on the survey that was developed by OECD with the support of
the All-India Association of Employers (OECD 2007, p. 4). The items covered
by the survey are not only IDA, but also other major areas in labor laws: the Factories Act, the State Shops and Commercial Establishment Acts, the Contract
Labor Act, the role of inspectors, the maintenance of registers, the filing of returns and union representation (Dougherty 2011, p. 13). The OECD work combines all items scores to an index reflecting changes in labor regulations. Based on
the values of FLEX, I adopt the partition rule made by Gupta et al. (2009). The
states are categorized into three types: states with flexible or pro-worker, neutral,
and inflexible or pro-employer labor regulations. For a variable representing labor
market flexibility, ‘1’ is assigned to the states with inflexible, ‘2’ with neutral, and
‘3’ with flexible labor markets.12 In regression analysis in the next section, I use
this variable as well as OECD’s raw scores for labor market flexibility and the
dummy variables for flexible, neutral, and inflexible labor markets to estimate
matching function efficiencies in terms of labor market flexibility.
There are two main reasons for choosing FLEX instead of other indices such
as Besley and Burgess Index (2004). Firstly, FLEX covers more states than other
indices. It covers 21 states including the 15 states covered by the Besley and Burgess Index (hereafter BB).13 Secondly, FLEX is constructed by the combination
of various labor laws as well as practical implementations related to labor market
11
12

13

The 21 states are listed in the Appendix (Table Appendix A1).
Table A5 in Appendix A describes the overall scores and the partition rule by Gupta et al. (2009, p.
60).
The 21 states provided by FLEX cover 98% of GDP and population in India (OECD 2007, p.
139).
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Table 1. Summary Statistics of the Variables
Variable

Obs

Mean

Std. Dev.

CV

Min

Max

S (Job-seekers)

430

174243.5

214408.2

1.2

100

1535200

V (Vacancies)

430

12627.0

36485.8

2.9

50

317300

H (New Hires)

430

7371.0

26423.7

3.6

40

225600

FLEX

267

2.180

0.798

0.4

1

3

flexibility, while BB is made by the information based on IDA only.
Table 1 summarizes the variables used in the matching function analysis. The
average number of job-seekers in a state in a year is more than 170,000 while the
respective averages of vacancies and new hires are 12,670 and 7,371. These averages signify a lack of labor demand and reliance on job vacancies in the matching
process before considering states’ heterogeneities. It is also worth noting that
there are considerable variations through V and H in the job matching process
across states over time and particularly higher variation is an indication of different level of frictions, as captured by the coefficient of variation (CV) and standard deviations. It is shown that the CV for H is higher than that for S or V, revealing that the new hires have most variability than two other variables in the
matching function. It is also shown that CV for V is much higher than that for S.
These measures imply that there exist considerable variations through V and H
in the matching process across states. In particular, higher variation of H indicates different levels of frictions across states. The measures of FLEX are coded
as 1 if a state is defined as flexible labor market, 2 as neutral, and 3 as inflexible.
Flex also suggests a clue that the proportion of states with flexible labor market is
less than that of inflexible market.
Figure 1 plots the annual trends of job-seekers, vacancies, and new hires. Va-
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Figure 1: Annual Trends of Job-seekers, Vacancies, and New Hires

Notes: - Unit is thousand. All measures are flow values.
- Period is from 1998 to 2011.
Source: DGE&T (2008, 2012).

cancies and new hires show similar patterns over time. These two measures tended to decline until 2002 but turned to increase from 2003 in response to the rapid
growth of the Indian economy, and soared in 2010 and 2011. The trend of jobseekers did not fluctuate much except in 2006 and showed a mild increase from
2008. Figure 2 compares the distributions of job-seekers and population in India
across states. These distributions show a marked difference. For example, Uttar
Pradesh takes the largest share in population, whereas Tamil Nadu’s proportion is
the highest in the number of job-seekers. Therefore, there might be a problem of
the sample’s representativeness. In order to address the non-representativeness of
the EEI data, I perform regression analysis using the population distribution as a
sampling weight.
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Figure 2. Comparison between Job-seekers Weight to Address Non-representative

Note: Population share: 2011 population by state
Source: Office of the Registrar General and Census Commissioner, India (http://censusindia.gov.in/).

In estimating matching functions, an endogeneity problem arises when flow
variables are estimated as a function of stock variables (Petrongolo and Pissarides
2001). Data for the number of new hires, H, are reported in a given period (e.g.,
between January 1 and December 31, 2014) but the numbers of job-seekers and
vacancies, S and V, are recorded at the end of the period (on December 31,
2014). This situation, like the estimation of production functions, may cause S
and V to be depleted by H, which leads to a downward bias due to reverse causality. This problem is often handled by using lags, usually the first lag, of S and
V. In this article, I use the flow data of S and V, instead of the stock values. In
regression analysis, what is important is how variations in S and V explain the
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variation of H. Since changes in stock value of S or V are determined by flow
value of S or V, flow values can be possible proxy variables for stocks of S and
V. Above than all, the data for stock values of job vacancies are not available.
Therefore, the use of flow values is the best alternative to estimate matching
functions in my analysis.
One more point to be noticed is the suitability of the analysis with the use of
state-level data. Hasan et al. (2012, p. 270) suggest that respective states in India
have their own authority over economic issues, especially in labor legislation and
the large size of these states with “ethno-linguistic characteristics” makes statelevel analysis valid. They also suggest that it is reasonable for treating each state as
an independent labor market on the basis of low labor mobility (Topalova 2007)
and respective variations in labor institutions (Besley and Burgess 2004) across
states.

VI. Labor Market Flexibility and Matching
Functions in India

1. A Simple Explanation on Labor Market Flexibility in Search-Matching
Model
In this article, there are two main questions: Is more flexible labor market
more efficient in the job matching process? Do some patterns exist in the parameters of the matching function in response to labor market flexibility across regions? Search-matching model predicts that more labor flexibility, i.e., is weaker
employment protection legislation (EPL), leads to higher matching efficiency.

14

Search-matching model shows that equilibrium unemployment emerges as a
consequence of labor market rigidities, which are described by labor market institutions (Pissarides 2000). A basic model (e.g., Pissarides 2000) includes unemployment insurance, hiring or firing cost, and strong trade union through worker’s
bargaining power, which influence labor market flexibility. Here firing cost is a
device to protect the rents of incumbent employees. In the model, pro-worker
legislation, deteriorating labor market flexibility, can be captured by an increase in
firing costs or in worker’s bargaining power. In other words, a stringent EPL is
analogous to an increase in firing costs. Hence, ceteris paribus, the stronger the
EPL, the more friction that persists in the job matching process, resulting in less
efficient matches between job-seekers and vacancies.
14

A simple comparative static shows this result in a canonical search-matching model (Pissarides 2000).
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Regarding differences in matching parameters across different groups of labor market flexibility, the results are not clear because matching parameters in the
search-matching model determine the curvature of the Beveridge curve and vacancy supply (labor demand) curve.15 Therefore, the second argument is totally a
question of empirical nature.
2. Econometric Specifications
My strategy for analyzing matching patterns for the regions with different labor market flexibility is to estimate equation (7) and (8), which is a slight modification of equation (6):

16

Θ

Ω

, where ln A = c. (7)

There are three cases for FLEX employed in this paper. First, FLEXg can be
a variable that indicates labor market flexibility: one is assigned to the regions
with inflexible, two with neutral, and three with flexible labor markets. FLEXg
can also be a vector of the dummy variables that divide the states into the three
groups on the basis of the degree of labor market flexibility. FLEXg=1 takes 1 if a
state has inflexible labor market, FLEXg=2 takes 1 if a state has neutral labor flexibility, and FLEXg=3 takes 1 if a state has flexible labor market. In addition, the
raw scores of labor market flexibility created by OECD (2007), that is FLEXi,
15
16

For further details on the model, please refer to Pissarides (2000).
Since time frequency of the data is in length, T = 13, the first step towards the analysis of matching
functions is to perform dynamic panel regression by incorporating lagged values of the dependent
variable and covariates so as to control for potential lagged effects. The results show no lagged effects in various dynamic panel specifications of the matching function.
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can be used. FLEXi has variation across states but does not over time. A positive
and higher value of the estimate for FLEXg or FLEXi indicates higher matching
efficiency.17 Ω is the corresponding vector of the coefficients that capture differences of the matching efficiency across different labor market flexibilities.
When dummy variables are used, I choose the states having inflexible labor market as the reference group, and thus two dummy variables are actually controlled.
To test the hypothesis of differences in matching technologies across labor
market flexibility, equation (6) is estimated separately for each group of labor
market flexibility. This allows for different elasticities of new hires with respect to
job-seekers and vacancies across the groups. In addition, as already shown in Figure 2, to address the problem of representativeness of the sample, I perform
regression analysis with the use of population distribution across states as a sampling weight.
In this article, I employ panel regression models with fixed and random effects. I perform Hausman test to compare fixed effects versus random effects,
and the results show that fixed-effects models are preferred to random-effects
models. Moreover, “unique ethno-linguistic characteristics” of Indian states as
well as low interstate labor mobility (Hasan et al. 2012, p. 270) make it reasonable
to treat each state as an independent labor market, which supports the use of
fixed effects rather than random effects. Therefore, to deal with time invariance
of FLEXg or FLEXi in fixed-effects panel regression, Hausman-Taylor estimation is employed.

17

Unlike Besley and Burgess (2004), I do not use time-variant variable of labor market flexibility
across states. It is hard to construct this type of data on labor market flexibility in India. One of the
reasons is that since the 1990s, amendment activity in labor laws slowed down, without new
amendments in the IDA (Ahsan and Pages 2009, p. 64).
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There is a possibility that panel data, especially with time frequency being in
length (T = 13 in this article) tend to exhibit a time trend, that is non-stationary.
Thus, I employ panel unit root tests to check whether or not the main variables in
the matching function are stationary. For each variable, panel-based unit root tests
are performed and the results are shown in Appendix A (Table A1). In all cases,
the hypothesis of non-stationarity is rejected at 1 percent significance level.
3. Matching Function with All States
Before tackling the main hypotheses, I estimate matching functions using all
the data available (34 regions: 27 states and 7 union territories in India) and Table
2 presents the results. Specification [1] controls for job-seekers and vacancies only,
[2] adds year fixed effects, [3] drops year fixed effects and adds state fixed effects,
and [4] controls both year and state fixed effects. Column [5] uses fixed effects
panel regression with year fixed effects. In all cases except in [1], constant returns
to scale (hereafter CRS) of matching function are not rejected. The result of CRS
is consistent with a number of previous studies (see Petrongolo and Pissarides
2001 for further information).
Comparison of [1] and [3] reveals that after controlling for state fixed effects,
there are significant changes in the coefficients, demonstrating the importance of
heterogeneities across states. Comparing [3] and [4] shows that the addition of
year fixed effects also change the coefficients, especially the estimate for job vacancies. All the estimates show that job vacancies have a higher weight in the creation of new hires than job-seekers. Specifications [4] and [5] present the job
matching process after controlling year and state specific effects. The elasticities
of the matching function with respect to job-seekers and vacant jobs are 0.49 and
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Table 2. OLS and Fixed-Effects Panel Regression with Robust Standard Errors
Dependent variable: ln Hit
Controls
ln Sit

[1]

[2]

[3]

[4]

[5]

Year fixed effects

0.307***
(0.072)
0.813***
(0.062)
No

0.307***
(0.066)
0.803***
(0.057)
Yes

0.499***
(0.183)
0.722***
(0.111)
No

0.488***
(0.122)
0.665***
(0.093)
Yes

State fixed effects

No

No

Yes

Yes

No
0.037
0.703

No
0.035
0.732

Yes
0.221
0.833

Yes
0.245
0.863

0.488***
(0.084)
0.665***
(0.111)
Yes
panel fixed
effects
model
Yes
0.178

429

429

429

429

ln Vit

Constant returns to scale
Prob > F
R-squared
(overall) R-squared
Observation

0.730
429

Notes: - “i”otes:ation-squared scaleet”otes:ati
- Hit is the number of total hires; Sit the number of job-seekers; Vit the number of job vacancies in a state
in a year.
- There are 36 states and union territories in India. Here the number of group is 34 because data for two
states (Sikkim and Telangana) are not available.
- Time period is from 1999 to 2011.
- Standard errors in parenthesis are robust standard errors.
- Statesrd errors in parenthesis are robust standard errors.he numbe in all cases.
- Hausman test is in favor of fixed effects: Hausman test statistic (Chi-squared) = 6.09 and its p-value =
0.048.
- Panel regression with random effects is not allowed to incorporate sampling weight. Thus, Hausman test
is performed for the results without sampling weights.
- Asterisks denote statistical significance as follows: *** statistically significant at the 0.01 level (at least); **
statistically significant at the 0.05 level; and * statistically significant at the 0.10 level.

0.67, respectively. These estimates reveal a relative shortage of job vacancies
where additional injection of vacancies leads to a new hire with a higher probability relative to job-seekers.
4. Matching Function with Labor Market Flexibility
Table 3 reports the results derived from estimating matching functions, which
incorporate the link between labor market flexibility and the job matching process.
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Table 3. Panel and Hausman-Taylor Regressions with Labor Market Flexibility
Dependent variable: ln Hit
[1]
Control variables
ln Sit
0.494***
(0.122)
ln Vit
0.559***
(0.068)
Model

[2]

[3]

0.466***
(0.103)
0.608***
(0.063)

0.480***
(0.090)
0.706***
(0.111)
FE
sampling
weight

FE

RE

Yes
0.668
0.647
267

Yes
0.463
0.655
267

Dummy for ‘neutral’
Dummy for ‘flexible’
FLEX (1, 2, 3)
FLEX (raw scores)
Constant returns to scale
Prob > F or Chi Squared
(overall) R-squared
Observation

Yes
0.114
0.654
267

[4]

[5]

[6]

0.490*** 0.490*** 0.492***
(0.122)
(0.122)
(0.122)
0.556*** 0.556*** 0.557***
(0.068)
(0.068)
(0.068)
Hausman- Hausman- HausmanTaylor
Taylor
Taylor
dummies
FLEX FLEX raw
0.238
(0.364)
0.213
(0.409)
0.120
(0.202)
-0.001
(0.017)
Yes
Yes
Yes
0.706
0.707
0.688
267

267

267

Notes: - “i” represents a state and “t” a year.
- Hit is the number of total hires; Sit the number of job-seekers; Vit the number of job vacancies in a state
in a year.
- The number of groups (states) is 21 and time period is from 1999 to 2011.
- Year fixed effects are controlled in all cases.
- Standard errors in parenthesis are robust standard errors.
- Statesrd errors in parenthesis are robust standard errors.ely.whic in Column [3].
- The Result for Hausman test is in favor of fixed-effects model, which is column [1]: Hausman test statistic (Chi-squared) = 59.80 and its p-value = 0.000
- Asterisks denote statistical significance as follows: *** statistically significant at the 0.01 level (at least); **
statistically significant at the 0.05 level; and * statistically significant at the 0.10 level.

Specifications [1] and [2] present the results from panel regressions with fixed and
random effects respectively. Since Hausman test is in favor of fixed effects model,
I re-estimate the matching function with the use of the sampling weight that
mentioned in the previous section and the estimates are shown in [3]. Specifications [4], [5], and [6] are the results from the Hausman-Taylor (hereafter HT) es-
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timation with the dummies for labor market flexibility, FLEXg, and FLEXi respectively. I consider the possibility that exclusion of state fixed effects may produce inconsistent estimates for labor market efficiencies. To address this problem,
I use the Hausman-Taylor panel estimation. Hausman and Taylor (1981) propose
an estimation method for panel data to deal with the case of correlation between
individual-specific unobservable effects and other explanatory variables.

18

Their

method may be more suitable to estimate labor market flexibility because labor
market flexibility dummies could possibly be correlated with unobservable state
fixed effects.
Since the information on labor market flexibility is only available for 21 states,
the sample size drops from 429 to 267. Despite reduction in the sample size, the
pattern of a high weight in vacancies relative to job-seekers does not change in
the creation of new hires
The key result in Table 3 shows that the estimates for labor market flexibility
are not consistent with the prediction by a search-matching model: the more flexible a labor market, the higher efficiency in the matching function. The estimates
indicate that labor market rigidities are not related to matching efficiency. Statistically insignificant estimates for the dummy variables and the labor market flexibility indices in Columns [4] to [6] show no relationship between labor market flexibility and matching function efficiency.
5. Robustness Checks
It is important to examine how robust the results are. A first robustness check

18

See Hausman and Taylor (1981) or StataCorp LS (2013) for more detail.
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involves examining the sensitivity of partitioning the states in terms of labor
market flexibility. I consider the BB index and modified FLEX in place of
FLEX. As listed in the previous section, the BB index is the first index of labor
market rigidity across 15 Indian states by Besley and Burgess (2004). I also modify FLEX on the basis of Hasan et al. (2007). FLEX identifies Maharashtra as
inflexible labor market, where as Hasan et al. argue that Maharashtra is one of the
states with flexible labor market. Their argument is based on a World Bank’s research project on investment climate in India (World Bank 2003). In their practice,
they modify the BB index by assigning Gujarat and Maharashtra to the list of
states with flexible labor markets and Kerala to the list of states with inflexible
labor markets. For modified FLEX, I have made only one change, i.e., placing
Maharashtra under flexible labor market because the OECD study has already
classified Gujarat as flexible and Kerala as inflexible labor market. I also adopt
Hasan et al. (2007) to modify the BB index. Using the BB index, the modified
FLEX, and the modified BB index, I re-estimate matching functions with labor
market flexibility and the results are shown in Table [4]. Specifications [1] and [2]
present the estimates using the BB index, [3] and [4] with the modified FLEX,
and [5] and [6] with the modified BB. Specifications [1], [3], and [5] are the results
from random effects panel regression and [2], [4] and [6] are the ones from HT
estimation. In Table 4, when BB index is used, the number of observations
shrinks to 195 because the BB index provides information of only 15 states,
while the sample size of FLEX is 267 with that of 21 states.
It is shown that the estimates for labor market flexibility indices are not statistically significant, which is consistent with the results in Table 3 although the
estimates for matching function parameters are somewhat sensitive to a reduction
in sample size or different estimation methods. Only estimate for the BB index in
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Table 4. Robustness Checks
Dependent variable: ln Hit
[1]
Control variables
ln Sit
0.429***
(0.076)
ln Vit
0.804***
(0.072)
Model
BB

[2]

0.442***
(0.130)
0.778***
(0.071)
HausmanRE
Taylor
-0.252
-0.254*
(0.181)
(0.154)

Modified FLEX

[3]

[4]

[5]

[6]

0.461***
(0.104)
0.599***
(0.122)

0.492***
(0.122)
0.558***
(0.068)
HausmanTaylor

0.437***
(0.077)
0.820***
(0.077)

0.506***
(0.121)
0.561***
(0.068)
HausmanTaylor

RE

0.100
(0.219)

0.122
(0.203)

Modified BB
Constant returns to scale
No
Prob > F or Chi Squared 0.000
(overall) R-squared
Observation

Yes
0.100

0.787
195

Yes
0.549

Yes
0.687

0.654
195

267

RE

-0.140
(0.186)
No
0.000

0.058
(0.141)
Yes
0.580

0.778
267

195

195

Notes: - “i” represents a state and “t” a year.
- Hit is the number of total hires; Sit the number of job-seekers; Vit the number of job vacancies in a state
in a year.
- The number of groups (states) for the modified FLEX is 21 and the number for BB and the modified
BB is 15. Time period in all cases is from 1999 to 2011.
- Year fixed effects are controlled in all cases.
- Standard errors in parenthesis are robust standard errors.
- Asterisks denote statistical significance as follows: *** statistically significant at the 0.01 level (at least); **
statistically significant at the 0.05 level; and * statistically significant at the 0.10 level.

HT estimation is statistically significant at 10% level.
In case of other indices, the estimates for labor market flexibility do not correspond to search-matching theory. There is no difference in the matching efficiency
across regions with different labor market flexibility. Therefore, it can be inferred that
there is no clear link between labor market flexibility and matching efficiency. Random effects panel regressions controlling labor flexibility dummies and indices also
confirm the robustness of my results, which is shown in Appendix A (Table A6).
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6. Matching Functions by Groups in Terms of Labor Market Flexibility
Instead of estimating matching functions for one labor market, I estimate
matching functions specified as in equation (6) separately for each group which is
classified by labor market flexibility. This allows for different elasticities of matching function with respect to job-seekers and vacancies across the groups: flexible,
neutral, and inflexible labor markets. The results are presented in Table 5. Specifications [1] to [3] are the results with FLEX and [4] to [6] with the modified
FLEX as partitioning rule. Specifications [1] and [4] are the results for group 1
(states belonging to inflexible labor market); [2] and [5] for group 2 (states with
neutral labor market); and [3] and [6] for group 3 (states with flexible labor market).
With respect to the relative size of the estimates for job-seekers and vacancies,
the results reveal a marked heterogeneity with significant differences across
groups. For states categorized as flexible labor market, the contributions of jobseekers and vacancies to produce new job matches are balanced, which indicates
that job-seekers and vacant jobs have equivalent contributions in the creation of
new hires although the relative importance of vacancies is somewhat higher than
job-seekers (see specifications [3] and [6]). The opposite holds for states identified
as inflexible labor markets, shown in Columns [1] and [4]. For inflexible labor
markets, the role of vacancies in creating new hires is much more important than
for job-seekers. The coefficient for vacancies is 0.82 to 0.86 and statistically significant at one percent level, whereas the coefficient for job-seekers is small and
statistically insignificant. These estimates reveal that job vacancies have most weight
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Table 5. Matching Functions Disaggregated by Labor Market Flexibility
Dependent variable: ln Hit
Control variables
ln Sit
ln Vit

Model
# of groups (states)
Constant returns to scale
Prob > F or Chi Squared
(overall) R-squared
Observation

[1]

[2]

[3]

0.277
(0.295)
0.864***
(0.157)

0.560**
(0.221)
0.353**
(0.147)

0.614*
(0.325)
0.618***
(0.117)

inflexible
regions

neutral
regions

9
Yes
0.481
0.642
113

7
Yes
0.660
0.629
89

[4]

0.262
(0.406)
0.819***
(0.215)
(modified)
flexible
inflexible
region
regions
5
8
Yes
Yes
0.660
0.733
0.748
0.521
65
100

[5]

[6]

0.560**
(0.221)
0.353**
(0.147)
(modified)
neutral
regions
7
Yes
0.660
0.629
89

0.655**
(0.263)
0.778***
(0.208)
(modified)
flexible
region
6
Yes
0.342
0.752
78

Notes: - Fixed-effects panel regressions are used in all cases and statessdpopulation shares in 2011 are
used for the sampling weight.
- “i” represents a state and “t” a year.
- Hit is the number of total hires; Sit the number of job-seekers; Vit the number of job vacancies in a state
in a year.
- Time period is from 1999 to 2011 and year fixed effects are controlled in all cases.
- Standard errors in parenthesis are robust standard errors.
- Asterisks denote statistical significance as follows: *** statistically significant at the 0.01 level (at least); **
statistically significant at the 0.05 level; and * statistically significant at the 0.10 level.

in the creation of new matches and the contribution of job-seekers is minimal.
For states categorized as neutral labor market, new hires are more elastic with
respect to job-seekers than vacancies, as shown in specification [2] and [5], which
implies that new hires are more dependent on job-seekers than on vacancies.

VII. Concluding Remarks

Using disaggregated data at state level in India, I estimate matching functions
that represents the labor market in India. It is the first original work using statelevel disaggregated data to estimate matching functions in India. I also have not
seen studies to empirically investigate whether there are differences in matching
efficiency across labor market flexibility. In addition, I estimate the respective
matching functions for the regions categorized by the degree of labor market
flexibility.
I find no link between labor market flexibility and matching efficiency. This
relationship is robust to classification of regions in terms of labor market flexibility. More importantly, the results suggest that the matching function for the entire
labor market provides limited policy information. The main result from estimating each matching function for the three groups classified by labor market flexibility is that the aggregate matching function consists of distinct matching technologies across different labor market rigidities. Although the elasticities of
matching function in each group are somewhat sensitive to categorization based
on labor market flexibility, there is one clear pattern. Regions having inflexible
labor markets exhibit a substantially high elasticity of matches with respect to job
vacancies, indicating that new hires are absolutely determined labor demand.
From the policy perspective in the case of labor markets, the results from
matching function analysis suggest that labor supply oriented policy interventions
are relevant to boost new hires in regions with relatively high elasticity for job-
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seekers, implying a relative shortage of labor supply. This is the case of neutral
labor market. Regions with inflexible labor markets are characterized by small
elasticity for job-seekers but large for vacancies, exhibiting a relative shortage of
labor demand. The lack of labor demand in inflexible labor market is robust to
different samples and estimations. Hence, for these regions, policies to stimulate
labor demand rather than labor supply would be suitable for the creation of new
jobs. Proper policies such as wage subsidies to employers are recommended to
boost labor demand for new job creation in regions with inflexible labor markets.
As for CRS, the estimates of almost all specifications reveal that it supports
the existence of a stable unemployment rate in search-matching models. The
finding of CRS matching functions is consistent with most empirical works
(Petrongolo and Pissarides 2001, p. 397). CRS of matching functions also mean
that the creation of new hires is not affected by the size of job-seekers or job
vacancies but by their relative size. In this situation, policies to resolve a congestion effect or thin market externality in the matching process are less important.
While this article offers a simple way to provide policy makers with useful information beyond what is usually available, its main objective is not to make concrete policy recommendations. For the establishment of labor market policy, it is
necessary to have an analysis with more recent, frequent, and informative data,
using a classification of labor markets reflecting the specific purpose of a policy.
Considering heterogeneities across states in India, it is advisable to conduct a
state specific study.
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Table A1. Panel Unit Root Tests
variable = ln Hit
Test
Inverse chi-squared = P
Inverse normal = Z
Inverse logit t L*
Modified inv. chi-squared = Pm

Statistic
206.1637
-7.3327
-8.4054
11.8474

p-value
0
0
0
0

Statistic
188.9883
-6.8542
-7.7192
10.3747

p-value
0
0
0
0

Statistic
231.7623
-6.8867
-9.3926
14.0425

p-value
0
0
0
0

variable = ln Sit
Inverse chi-squared = P
Inverse normal = Z
Inverse logit t L*
Modified inv. chi-squared = Pm
variable = ln Vit
Inverse chi-squared = P
Inverse normal = Z
Inverse logit t L*
Modified inv. chi-squared = Pm

Notes: - The null hypothesis is that all panels contain unit roots and the alternative is that at least one panel is
stationary.
- I adopt the four methods proposed by Choi (2001) for panel unit root tests based on augmented Dickey-Fuller test.
- These methods perform unit-root tests for each panel individually and then produce an overall test outcome by combining all the p-values from these unit-root tests. The reason I use Choi’s methods is that
these methods do not require strongly balanced panel data and allow missing values in an individual series.
- About the unit-root tests used in this paper, please refer to a STATA webpage at http://www.stata.
com/manuals13/xtxtunitroot.pdf.
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Table A2. Data Frequency by Regions (States and Union Territories)
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

State
Region
Frequency
OECD
BB
Andaman and Nicobar Islands
Union Territory
13
NA
NA
Andhra Pradesh
State
13
flexible
flexible
Arunachal Pradesh
State
13
NA
NA
Assam
State
13
inflexible
neutral
Bihar
State
13
inflexible
neutral
Chandigarh
Union Territory
13
NA
NA
11
Chhattisgarh
State
inflexible
NA
10
Dadar and Nagar Haveli
Union Territory
NA
NA
12
Daman and Diu
Union Territory
NA
NA
Delhi (National Capital Territory) Union Territory
13
inflexible
NA
Goa
State
13
inflexible
NA
Gujarat
State
13
flexible
inflexible
Haryana
State
13
flexible
neutral
Himachal Pradesh
State
13
neutral
NA
Jammu and Kashmir
State
13
NA
NA
11
Jharkhand
State
inflexible
NA
Karnataka
State
13
neutral
flexible
Kerala
State
13
inflexible
flexible
11
Lakshadweep
Union Territory
NA
NA
Madhya Pradesh
State
13
neutral
inflexible
Maharashtra
State
13
inflexible inflexible
Manipur
State
13
NA
NA
Meghalaya
State
13
NA
NA
Mizoram
State
13
NA
NA
Nagaland
State
13
NA
NA
Odisha
State
13
neutral
inflexible
Puducherry
Union Territory
13
NA
NA
Punjab
State
13
neutral
neutral
Rajasthan
State
13
flexible
flexible
0
Sikkim
State
NA
NA
Tamil Nadu
State
13
neutral
flexible
Telangana
State
0
NA
NA
Tripura
State
13
NA
NA
Uttar Pradesh
State
13
flexible
neutral
11
Uttarakhand
State
neutral
NA
West Bengal
State
13
inflexible inflexible
Total
430
Notes: - OECD represents OECD labor market flexibility index and BB stands for the Besley-Burgess index.
OECD index covers 21 states and BB provides information of 15 states on labor market flexibility.
- India is a federal union of states consisting of 36 sub-regions: 29 states and 7 union territories.
- There are no Employment Exchange offices in Sikkim and Telangana, hence there is no data available
for these two states.
- The data set is yearly and ranges from 1999 to 2011 (13 years). There are several regions not containing
all the data (Chhattisgarth; Dadar and Nagar Haveli; Daman and Diu; Lakshadweep; and Uttarakhand).
Telangana was included in Andhra Pradesh in the dataset because it is in the process of becoming an
independent state.
Source: OECD (2007) and Besley and Burgess (2004).
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Table A3. Annual Data for Job-seekers, Vacancies, and New Hires in Employment
Exchange in India (1999~2011)
Year
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011

Offices
870
873
938
939
945
947
947
947
965
968
969
969
966

Job-seekers
5967
5064
5554
5064
5462
5375
5436
7287
5413
5315
5692
6187
6206

Vacancies New hires
328
222
284
168
313
185
220
147
256
155
276
139
349
176
358
181
525
264
571
305
420
262
707
327
819
470

Job-seekers (stock)
40371
41344
41996
41171
41389
40458
39348
41466
39974
39115
38152
38827
40071

Notes: - Unit for all measures is thousand. All measures are flow values except tarakhand) regions not
- The period is from 1999 to 2011.
Source: various issues of “Employment Exchange Statistics.”
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Table A4. Number of Offices, Job-seekers’ Shares, Population Shares,
and Employment Shares by State in the Year of 2011.
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

Number of Job-seekers' Population Employment
offices
share
share
share
Andaman and Nicobar Islands
1
0.17%
0.03%
0.14%
Andhra Pradesh
31
3.80%
7.00%
7.41%
Arunachal Pradesh
11
0.11%
0.11%
Assam
52
2.96%
2.58%
3.88%
Bihar
37
2.73%
8.58%
5.77%
Chandigarh
2
0.07%
0.09%
0.32%
Chhattisgarh
18
3.56%
2.11%
Dadra Nagar Haveli
1
0.01%
0.03%
Daman and Diu
2
0.00%
0.02%
0.05%
Delhi
14
2.65%
1.38%
3.03%
Goa
1
0.47%
0.12%
0.40%
Gujarat
41
6.71%
4.99%
6.05%
Haryana
56
2.61%
2.09%
2.33%
Himachal Pradesh
15
1.99%
0.57%
1.11%
Jammu and Kashmir
17
0.67%
1.04%
0.75%
Jharkhand
41
1.58%
2.72%
Karnataka
40
1.05%
5.05%
6.66%
Kerala
89
7.61%
2.76%
4.33%
Lakshadweep
1
0.00%
0.01%
Madhya Pradesh
58
7.83%
6.00%
5.70%
Maharashtra
47
11.00%
9.29%
13.45%
Manipur
11
0.38%
0.22%
0.29%
Meghalaya
12
0.10%
0.24%
0.29%
Mizoram
3
0.15%
0.09%
0.15%
Nagaland
8
0.21%
0.16%
0.28%
Odisha
40
4.29%
3.47%
2.85%
Puducherry
1
0.37%
0.10%
0.16%
Punjab
46
0.97%
2.29%
3.03%
Rajasthan
38
2.03%
5.67%
4.56%
Tamil Nadu
34
17.51%
5.96%
9.03%
Tripura
5
0.31%
0.30%
0.44%
Uttar Pradesh
92
7.52%
16.49%
9.13%
Uttarakhand
24
2.96%
0.84%
West Bengal
77
5.66%
7.55%
8.41%
State

Sources: Population and employment shares (Office of the Registrar General and Census Commissioner, India);
number of offices and job-seekers Nagar Haveli;yment Exchange Statistics 2012).
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Table A5. Labor Market Flexibility Index (OECD 2007)
Labor market flexibility indice (proportional index: % of maximum)
ConUnion
State
Overall
Facto- Shops tract Inspec- Regis- Filing of Repre- Overall
IDA
Index
ries Act Act Labor tors
ters Returns sentati Scores
Act
on
Andhra Pradesh
1
33
50
43
67
75
50
80
50 56.0
Assam
-1
44
50
43
67
0
50
0
17 33.9
Bihar
-1
44
33
57
33
0
25
20
17 28.6
Chhattisgarh
-1
33
33
43
33
0
0
0
50 24.0
Delhi
-1
56
33
57
44
50
0
40
33 39.1
Goa
-1
44
33
29
56
0
25
20
17 28.0
Gujarat
1
56
67
43
67
25
75
60
33 53.3
Haryana
1
44
33
43
33
100
100
40
33 53.3
Himachal Pra0
56
67
43
56
0
75
40
17 44.3
desh
Jharkhand
-1
44
17
57
56
25
25
0
33 32.1
Karnataka
0
67
50
71
11
0
25
60
50 41.8
Kerala
-1
44
67
29
56
0
25
20
17 32.3
Madhya Pra0
44
17
43
67
50
75
20
50 45.8
desh
Maharashtra
-1
56
33
43
67
0
0
0
83 35.3
Odisha
0
33
67
57
44
25
50
60
17 44.1
Punjab
0
67
83
43
56
50
50
0
17 45.8
Rajasthan
1
44
50
71
44
25
25
100
17 47.0
Tamil Nadu
0
44
50
29
56
25
50
60
17 41.4
Uttar Pradesh
1
67
83
14
56
75
50
100
17 57.8
Uttaranchal
0
56
33
29
33
50
50
40
33 40.5
West Bengal
-1
11
33
29
44
25
25
0
50 27.1
Note: Flexible (greater than or equal to 47 = 1); neutral (between 41 and 46 inclusive = 0); inflexible (less than or
equal to 41 = -1).
Source: OECD (2007).
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Table A6. Random-Effects Panel Regressions with Labor Market Flexibility
Dependent variable: ln Hit
Control variables
ln Sit
ln Vit

Dummy for ‘neutral’
Dummy for ‘flexible’

[1]

[2]

[3]

0.466***
(0.103)
0.602***
(0.121)

0.464***
(0.103)
0.601***
(0.121)

0.468***
(0.103)
0.608***
(0.122)

0.230
(0.297)
0.174
(0.457)

FLEX (1, 2, 3)

0.102
(0.222)

FLEX (raw scores)
Constant returns to scale
Prob > F or Chi Squared
(overall) R-squared
Observation

Yes
0.489
0.658
267

Yes
0.501
0.655
267

-0.003
(0.015)
Yes
0.441
0.656
267

Notes: - “i” represents a state and “t” a year.
- Hit is the number of total hires; Sit the number of job-seekers; Vit the number of job vacancies in a state
in a year.
- The number of groups (states) is 21 and time period is from 1999 to 2011.
- Year fixed effects are controlled in all cases.
- Standard errors in parenthesis are robust standard errors.
- Asterisks denote statistical significance as follows: *** statistically significant at the 0.01 level (at least); **
statistically significant at the 0.05 level; and * statistically significant at the 0.10 level.
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Appendix B: Definition of Formal Sector
The terminologies, formal, organized, and registered, are used interchangeably
in India. Although their meanings are not very different from each other, some
delicate differences exist. Hence, I briefly summarize the following terminologies.
Unregistered (in manufacturing sector) refers to the fraction of output and
employment that occur in firms with 10 or more employees and with electric
power or with 20 or more employees and without power. The Industrial Dispute
Act does not apply to unregistered firms and their employees. Organized sector
comprises of firms and sectors in all three economic areas, primary, secondary,
and tertiary. For organized sectors, statistics are available from budget documents
and reports and government rules and regulations are applicable. Formal sector
encompasses all jobs which are recognized as normal income sources and pay
proper taxes.
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Appendix C: Literature Review
It is generally viewed that pro-worker labor regulations generate distortions
and inefficiencies in the labor market, including higher unemployment. A typical
example is disparities in the unemployment rate between Europe and the United
States. In case of developing countries, many studies have claimed that stringent
EPL results in a decrease in employment and an increase in unemployment in the
formal sector. In addition, it gives rise to a higher level of informality, as firms try
to avoid these regulations (e.g., Fallor and Lucas 1993; Heckman and Pagl 2007;
Besley and Burgess 2004). The case of India is critical for the above argument.
Labor laws in India are seen to be highly pro-worker oriented by global standard,
especially in dismissal of incumbent employees (Dougherty et al. 2011).
This article investigates the relationship between labor market flexibility and
the job matching process in India. Related to this subject, I review literature on
the effects of labor market flexibility on economic outcomes, especially a link
between EPL and labor market performance in India. I mainly deal with EPL
because the strictness of EPL is a widely-used measure of labor market flexibility
and most empirical literature consider EPL or related laws (e.g., OECD 2007 and
Ahsan and Pagéhis ar). I also introduce general arguments and some related topics in empirical matching literature.

Labor Market Flexibility
A number of scholars have assessed the effects of labor market institutions
including EPL on economic outcomes in India. Fallon and Lucas (1993) use industry-level data from the Annual Survey of Industries for the period from 1959
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to 1981 and examine the effect of the introduction of Chapter 5B in 1976 in the
Industrial Dispute Act (hereafter IDA), which requires firms with 300 or more
employees to request permission from the government before dismissing an employee. They conclude that there was a large negative effect of pro-labor law on
employment in the manufacturing sector. Their finding suggests that employment
in India could have been about 18 percent higher in organized sector if there had
been no job security legislation. They also analyze Zimbabwe’s case and draw
similar implications.
Besley and Burgess (2004) examine whether differences in labor market flexibility across states over time affect manufacturing output and employment in India during the period of 1958 to 1992. Their analysis is based upon the fact that
labor laws are passed at the central government level but each state government
has legislative authority to accept, amend, or decline the central government’s
decisions under the Constitution of India, implying that the amendments by state
governments could have contributed to explaining different economic performances across states. Thus, it is suggested that variations across states in India
provide a desirable environment to analyze the labor market (Topalova 2007).
One of the most important contributions by Besley and Burgess is to establish an
index of labor market flexibility over states. They examine the text of each state
stateilient to the IDA and categorize each amendment as pro-worker, neutral, and
pro-employer. Next, they code each pro-worker amendment as one, neutral as
zero, and pro-employer as minus one. For instance, a pro-employer amendment
to prohibit labor strikes is coded as minus one. After obtaining the direction of
amendments in each state in a year, they cumulate the scores over time to decide
a state’s labor market flexibility. The Besley and Burgess index (hereafter BB index) has been directly adopted or modified by many scholars and plays an im-
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portant role as a benchmark index. The main finding of Besley and Burgess is
that states with pro-worker amendments experienced lowered output and employment in the manufacturing sector.
Lall and Mengistae (2005) investigate the effects of geographic factors on
productivity in the manufacturing sector in India. Instead of a BB-type index,
they use an indicator of plan manager05) investigate the effects of geographic
factors on productivity in the manufacturing sector in ons in India is a severe
hindrance to plant operation. Their finding shows that large productivity gaps
across cities can be explained mostly by differences in labor regulations and in
power shortage severity.
Amin (2009) analyzes the effect of labor regulations on the number of employees in retail sector in India. He utilizes the BB index as a measure for the
strictness of labor regulation and shows the negative relationship between the
degree of labor regulation and the level of employment.
Using variations in labor legislation across Indian states, Ahsan and Pagng
(2009) investigate the effects of labor dispute resolution and employment protection laws on labor market outcomes. They modify the Besley and Burgess’ methodology by separately identifying industrial disputes and other EPL. Their main
finding is that an increase in the costs of labor dispute resolution or employment
protection leads to a reduction in employment and output in manufacturing sector.
With the use of industry-level data disaggregated by states, and coupled with
the BB index, Hasan et al. (2007) show that there is a positive effect of trade liberalization on labor demand elasticities and this effect is larger in states with more
flexible labor regulations. Hasan et al. (2012) also show that unemployment in
urban areas declines as trade liberalization further progresses, especially in states
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where labor markets are flexible.
Unlike the studies presenting negative effects of EPL on economic outcomes,
there are a number of scholars supporting weak or no effects of EPL. Dutta Roy
(2004) extends Fallon and Lucas’ (1993) work to investigate the effects of the
1976 and 1982 amendments of Chapter 5B in IDA on employment adjustment.
In the 1982 amendment, the threshold for permission was cut from 300 to 100
employees. Dutta Roy’s main focus is to evaluate whether employment rigidities
were exacerbated by stringent job security legislation in favor of employees or of
inherent characteristics of industries. In contrast to Fallon and Lucas, Dutta Roy’s
result shows that employment rigidities were mainly driven by industry specific
characteristics and stronger EPL is not the primary reason for observed labor
rigidities in the manufacturing sector. Dutta Roy also shows that EPL in the form
of IDA did not hinder employment growth and it takes 5 to 6 years to completely adjust employment in response to the amendments of IDA.
Fagernäs (2010) also assesses the relationship between formal employment
and EPL. She adopts the BB index as a measure of labor market flexibility across
states. She also constructs the indicators of pro-worker court awards and court
efficiency. Her conclusion is that there is no clear evidence on the negative effect
of EPL on employment in manufacturing and service sectors. Deakin and Sarkar
(2011) perform a time-series analysis to examine the impact of pro-worker legislation on unemployment and industrial output in the formal sector in India. Their
results show that stringent EPL does not necessarily lead to high unemployment.
In contrast, they argue that pro-worker labor laws are associated with low unemployment in India.
Moving away from India’s case, there are a number of studies that investigate
the link between labor market rigidities and economic outcomes. Using labor
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market regulation data in 85 countries, Botero et al. (2004) show that heavier labor
regulations are correlated with lower labor force participation and higher unemployment, especially of young workers. Pagés and Micco (2008) examine the economic effects of EPL on manufacturing sector in about 70 developing and developed countries and find that EPL lowers labor turnover, employment and
output growth. With a sample of 13 European countries in the 1990s, GómezSalvador et al. (2004) find that EPL reduces job creation and job reallocation.
Kahn (2007) uses a micro survey data for 7 advanced nations and analyzes the
effect of EPL on non-employment and temporary employment. His results indicate that stricter EPL increases jobless rate for youth, immigrants and women,
which shows different patterns of EPL impact by demographics. In contrast,
Nickell (1997) examines the association between labor market institutions and
unemployment in OECD countries. One of the implications from this study is
that EPL and legislation on labor market standards do not have serious negative
effect on overall level of unemployment. Arpaia and Mourre (2005) extensively
survey the literature regarding the effects of EPL on labor market performances
for OECD and European countries. They summarize that the effects of EPL on
unemployment are not significant in many cases. It is sometimes positive but
overall is not significant or the magnitude of the effect is not high. Yet, the impact of EPL on job creation rate is shown to be negative.19
In contrast to cross-country analysis, country-specific studies tend to support
negative effects of EPL. Boeri and Jimeno (2005), using regional variations in
Italian labor market, conclude that more restrictive EPL lowers layoff rate for
regular workers. In the U.S. case, with the use of firm-level data across states,
19

There are several articles that survey this subject. For example, Bhattacharjea (2006), D(2006) (2008,
2010) present reviews for India and Howell et al. (2007) for most countries.
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Autor et al. (2007) show that adoption of dismissal protection reduces employment flows and labor productivity. Almeida and Carneiro (2009) use city-level
data in Brazil to examine the relationship between the enforcement of labor regulations and firm’s size. They provide the evidence that stricter enforcement of
labor regulations reduces firm’s size measured by employment, output, sales or
capital stock.
Overall, empirical works have not produced a clear conclusion regarding the
relationship between EPL and economic outcomes. Heckman and Carmen (2007)
suggest that cross-country evidence is ambiguous, but micro studies of a specific
country show negative effect of EPL on employment in Latin American and Caribbean countries. They point out problems of pooled-time series data across
countries and show how benefits of individual country with disaggregated data
can reduce flaws and weaknesses of the cross-country data. Boeri and Jimeno
(2005) also summarize that cross-country empirical analysis investigating the relationship between EPL on employment and unemployment reveals mixed results.
Freeman (2005) also criticizes the analysis of cross-country or aggregate data and
advise the use of micro-level data when evaluating the relationship between labor
market flexibility and labor market outcomes.
In India’s case, the effects of pro-worker legislation are also mixed. For example, it is argued that pro-worker labor laws in India are one of the major constraints to stagnant employment (Ahsan et al. 2008).2025 On the other hand, it is
suggested that current labor laws in India play a role in ensuring a minimum level
of welfare for many workers (Ahsan and Pagés 2009).
20

It is also argued that pro-labor legislation in India is a key determinant of relatively small proportion
of manufacturing sector (Dougherty et al. 2011, p. 7). The proportion of manufacturing sector in India was 15.1% of GDP in 2013 (source: RBI Database).
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Although a bulk of studies have examined the relationship between proworker legislation and economic outcomes, I have not seen studies to tackle the
effects of labor market flexibility on efficiency in the job matching process. I
shed light on this subject by estimating matching functions in India.

Matching Function
The matching function is a very popular device in macroeconomics and labor economics because it incorporates frictions in the labor market. The matching function is not only helpful in theory but also relevant in empirical analysis
(Blanchard and Diamond 1991). In general, there are two approaches: The first
one is to estimate the matching function with economy-wide and time-series data
and the other is to use disaggregated data across regions or industries with longitudinal data.2126Various objectives have motivated the estimation of a matching
function over countries. Early studies focus on the matching function itself, functional form, and the degree of returns to scale. Recent research tends to handle
data issues, matching efficiencies over time or across regions.2227I introduce some

21

Blanchard and Diamond (1990), Bleakley and Fuhrer (1997), Poeschel (2012), Borowczyk-Martins et
al. (2013) for the U.S; Pissarides (1986) for the U.K.; van Ours (1991) for the Netherlands; F(19 and
Langot (1996) for France; Mumford and Smith (1999) for Australia; Kanik et al. (2013) for Turkey;
and Kohlbrecher et al. (2013) for Germany and others estimate the aggregate matching function
with economy-wide and time-series data. Anderson and Burgess (2000) for the U.S., Ibourk et al.
(2001) for France, Fahr and Sunde (2004) for Western Germany, Kano and Ohta (2004, 2005) for
Japan, Hynninen and Lahtonen (2007) for Finland, Moilanen (2010) for Norway, and Liu (2011) for
China estimate the matching function in each country with the use of disaggregated data across regions.
22
Petrongolo and Pissarides (2001) provide a broader survey of empirical matching functions.
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recent studies with disaggregated data across regions and on Asian countries because this article estimates the matching function in India with the data disaggregated at state-level over time.
Using quarterly-state level data, Anderson and Burgess (2000) estimate matching functions using the four states (Georgia, Louisiana, Missouri and South Carolina) in the United States. They find that there are slight differences in the matching parameters between the uses of national-level data and state-level data. They
also suggest the importance of on-the-job search in the job matching process.
Liu (2011) performs the estimation of matching functions for three different
types of job-seekers in China: unemployed, employed, and migrants from rural to
urban areas. Liu shows that congestion effects of employed job-seekers on the
unemployed are especially significant. Kano and Ohta (2004) estimate matching
functions in the Japanese labor market. They mainly deal with the long-run relationship among the variables in the matching function and conclude that the
main variables are cointegrated of order one.
Recently, probably since the mid-2000s, empirical matching functions are estimated not only for Western but also for Asian countries (e.g., Kano and Ohta
2004 and 2005; Liu 2011). Lee (2014) examines the relationship between openness and new hires by estimating aggregate matching function in India with timeseries data and suggests that progressive trade reform can possibly lead to an increase in new hires. Since this article examines the relationship between labor
market flexibility and matching function efficiency, I introduce related studies,
mainly regarding matching efficiencies across different dimensions. Ibourk et al.
(2001) estimate a stochastic frontier specification of the matching function in
France to measure differences in regional matching efficiency and show wide
differences in matching efficiency across regions. Fahr and Sunde (2004) estimate
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matching functions for Western Germany and find heterogeneity in matching
technologies across age, educational, and occupational groups. They emphasize
the importance of disaggregating matching function in order to explain deeper
understanding of the labor market and to avoid the loss of information including
heterogeneities across various dimensions of the labor market. With the estimates
of the matching function in Japan, Kano and Ohta (2005) show that higher level
of urbanization leads to lower matching efficiencies, suggesting that population
density as well as income per capita are negatively associated with matching efficiency. Using data from local public employment agencies, Hynninen and
Lahtonen (2007) investigate the job matching process in Finland. Their findings
indicate that wider heterogeneity of job seekers across their educational levels
increases the significance of frictions in the matching process. They also find that
high-density areas are more efficient in job matching than other areas. Moilanen
(2010) estimates the matching function for Norwegian labor market, showing the
importance of population density and dispersion of population within a region.
This article shares some similarities to the studies related to matching efficiencies across different dimensions such as regions, educational levels, and occupational groups (for example, Kano and Ohta 2005; Ibourk et al. 2001; Fahr and
Sunde 2004). It is also similar to Fahr and Sunde (2004) in that they estimate each
matching function by occupational groups, and I estimate separate matching
functions by regions that are divided by labor market flexibility. However, this
article differs from previous studies in that it analyzes the link between labor
market flexibility and matching efficiency, and investigates the differences in the
matching function parameters across regions based on labor market rigidities.
Therefore, it is expected that this article can add some contribution to recent empirical matching literature. In addition, to my best knowledge, it is the first work
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to estimate the matching function in India with state-level disaggregated data. I
also have not seen a study that explores differences in matching technologies in
terms of labor market flexibility.

List of KIEP Working Papers (2009-2014.12)

14-04

Labor Market Flexibility and Different Job-Matching Technologies across Regions in
India: An Analysis of State-Level Disaggregate Matching Functions
Woong Lee

14-03

Rising Income Inequality and Competition: Evidence

14-02

Inequality and Fiscal Policy Effectiveness

14-01

Inequality and Growth: Nonlinear Evidence from Heterogeneous Panel Data
Dooyeon Cho, Bo Min Kim, and Dong-Eun Rhee

13-09

Gains from Trade Liberalization: CUSFTA

13-08

Determinants of International Labor Migration to Korea

Minsoo Han

Ju Hyun Pyun and Dong-Eun Rhee

Soohyun Oh and Gihoon Hong
Yoon Ah Oh and Jione Jung

13-07

European Affiliations or National Interests? Analyses of Voting Patterns on Trade Policy
in European Parliament
Yoo-Duk Kang

13-06

The Causal Relationship between Trade and FDI: Implication for India and East Asian
Countries
Choongjae Cho

13-05

Nonlinear Effects of Government Debt on Private Consumption in OECD Countries
Dooyeon Cho and Dong-Eun Rhee

13-04

Anti-Dumping Duty and Firm Heterogeneity: Evidence from Korea

13-03

Regional Borders and Trade in Asia

13-02

Joining Pre-existing Production Networks: An Implication for South-East Asian Economic Integration
Jeongmeen Suh and Jong Duk Kim

13-01

Measurement and Determinants of Trade in Value Added

12-07

An Assessment of Inflation Targeting in a Quantitative Monetary Business Cycle
Framework
Dooyeon Cho and Dong-Eun Rhee

12-06

Real Frictions and Real Exchange Rate Dynamics: The Roles of Distribution Service and
Transaction Cost
In Huh and Inkoo Lee

12-05

Korea’s Monetary Policy Responses to the Global Financial Crisis

12-04

Election Cycles and Stock Market Reaction: International Evidence
Jiyoun An and Cheolbeom Park

12-03

A Theory of Economic Sanctions

12-02

Multilateral Engagement in North Korea’s Economic Rehabilitation and Possible Establishment of Trust Funds
Jong-Woon Lee and Hyoungsoo Zang

12-01

Comparative Advantage, Outward Foreign Direct Investment and Average Industry
Productivity: Theory and Evidence
Yong Joon Jang and Hea-Jung Hyun

11-12

Are Asian Business Cycles Different?

Seungrae Lee and Joo Yeon Sun
Woong Lee and Chankwon Bae

Nakgyoon Choi

In Huh

Baran Han

A List of all KIEP publications is available at: http://www.kiep.go.kr

Yongseung Jung, Soyoung Kim, Doo Yong Yang and Tack Yun
11-11

Measuring Arbitrage Costs from Relative Prices: Implications for the PPP puzzle
In Huh And Inkoo Lee

11-10

Real Convergence and European Integration: What Factors Make the Difference in
Growth at Regional Level?
Yoo-Duk Kang

11-09

Strategic Trade Policy with Border Carbon Adjustment

11-08

Can English Proficiency boost International Trade in Services?

11-07

Kyounghee Lee
A Quantitative Assessment of Credit Guaranty Scheme in Asian bond Markets
Dong-Eun Rhee

Jeongmeen Suh

11-06

Regional Difference and Counterfactual Decomposition of Pro-Poor Growth: An Application to Rural Ethiopia
Sungil Kwak

11-05

Can Capital Account Liberalization Lessen Capital Volatility in a Country with ‘Original
Sin’?
Bokyeong Park and Jiyoun An

11-04

Indirect Subsidization under WTO Disciplines: Financial Contribution to One Entity,
Benefit to Another
Sherzod Shadikhodjaev

11-03

Determinants of Domestic Public Debt Crisis
Bokyeong Park and Wonho Song

11-02

Trade Liberalization, Intra-Industry Reallocation of Labor and Trade Adjustment Assistance
Yong Joon Jang

11-01

Empirical Tests of Comparative Advantage: Factor Proportions, Technology, and Geography
Nakgyoon Choi

국문요약

본 논문은 인도의 노동시장 유연성과 매칭함수 효율성의 관계를 연구하였다. 저자는
인도의 주 단위 데이터를 이용하여 매칭함수를 추정하였고, 이를 통해 노동시장이 유
연한 지역일수록 일자리 결합과정이 더 효율적인지에 대해 조사하였다. 또한 이 논문
에서는 노동시장이 경직된 지역과 유연한 지역을 구분하여 일자리 결합과정의 차이를
추정하였다. 본 논문의 주요 결과는 인도의 경우 노동시장 유연성과 매칭함수 효율성
간 상관관계가 없다는 것이다. 또한 노동시장이 경직된 지역일수록 신규채용이 노동
수요, 즉 새로운 일자리에 크게 의존함을 나타냈다. 즉 경직된 노동시장을 보유한 지
역일수록 노동수요가 매우 부족함을 알 수 있다. 따라서 인도의 경우 경직된 노동시장
을 보유한 지역에서는 취업 보조금(employment subsidy)과 같이 노동수요를 유발할
수 있는 정책들이 요구된다.
핵심용어: 노동시장 유연성, 매칭함수, 노동수요, 인도경제
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Woong Lee
This paper examines the relationship between labor market flexibility and matching function efficiency in
India. With state-level disaggregated data, the matching function in India is estimated to investigate
differences in the matching function efficiency across regions of different labor market flexibility. In
addition, matching parameters are estimated in the respective regions that categorized by the degree of
labor market flexibility. It is the first original work that uses state-level data to estimate matching function
in India. The data are drawn from Employment Exchange in India, the only public job centre in this
country. The results show that there is no link between labor market flexibility and matching function
efficiency. The evidence indicates that regions having inflexible labor markets reveal entirely vacancydriven job matching process, which implies lack of labor demand. For these regions, it is recommended
that policies to boost labor demand such as employment subsidies are appropriate to create more employment

Labor Market Flexibility and Different Job-Matching Technologies across Regions in India: An Analysis of State-Level Disaggregate Matching Functions

Labor Market Flexibility and Different Job-Matching
Technologies across Regions in India: An Analysis of
State-Level Disaggregate Matching Functions

KIEP Working Paper 14-04

KIEP Working Paper 14-04

Woong Lee

370 Sicheong-daero, Sejong-si, 339-007, Korea
Tel: (8244) 414-1251 Fax: (8244) 414-1144
www.kiep.go.kr

KIEP Working Paper 14-04

Labor Market Flexibility and Different
Job-Matching Technologies across Regions in India:
An Analysis of State-Level Disaggregate Matching Functions

Woong Lee

