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Firms in many countries face stricter regulation once employment crosses a

threshold. This paper asks how costly such rules are, their aggregate implica-

tions, and what trade-offs reforms entail. I study Chapter V-B of India’s Industrial

Disputes Act, which imposes firing restrictions and an enforcement-related wage

wedge on manufacturing plants with 100 or more full-time workers. Exploiting

staggered state-level reforms that raised the threshold from 100 to 300 workers, I

provide causal evidence on plant responses to the change in regulatory exposure. I

then combine these estimates with a dynamic model of heterogeneous plants fac-

ing labor market frictions to quantify and decompose the regulatory burden. Three

findings emerge. First, the burden is overwhelmingly a firing cost. Second, full-

time employment rises whether the regulation is made universal or repealed, but

aggregate output and value added per worker move in opposite directions. Third,

bunching-based methods understate the cost of size-based regulations when it op-

erates primarily through firing costs, a lesson that extends beyond this setting.
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1. INTRODUCTION

Firms with employment exceeding a threshold level face stricter regulation than smaller

firms in many countries. These size-based rules take various forms, from requiring firms to

fund mandatory works councils and share profits with workers (as in France and Peru), to

costly and lengthy legal procedures in the event of worker dismissals (as in India and Italy).
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Although intended to preserve existing jobs and improve working conditions, these protec-

tions typically apply only to workers hired directly by the firm on a permanent, open-ended

basis.1 Therefore, if regulatory costs are large, firms may hire fewer permanent workers

and instead rely on workers hired through legally permitted alternative arrangements that

fall outside the scope of these regulations.2 If these workers are not perfect substitutes for

permanent workers, firms may operate below their efficient scale with a distorted input mix,

lowering aggregate output and productivity. These considerations raise several questions.

How large are the costs these regulations impose on firms? What are the implications for

the level and composition of employment, and for aggregate output? And what trade-offs

should policymakers weigh in reforming them?

Answering these questions is challenging. Because regulatory costs are unobserved, they

must be inferred from firm behavior around the threshold. A dominant approach in existing

work is to infer these costs from the extent of “bunching”—the excess mass of firms that

locate just below the cutoff to avoid the regulation (Guner et al., 2008, García-Santana and

Pijoan-Mas, 2011, Gourio and Roys, 2014, Garicano et al., 2016, Amirapu and Gechter,

2020). The idea is that the more firms cluster below the threshold, the stronger their incen-

tives to avoid the regulation.3 But bunching is an imperfect diagnostic. One well-known

reason is that the extent of bunching reflects not only the magnitude of regulatory costs but

also other structural factors, such as how easily firms can adjust their employment (Kleven,

2016). A second reason, which this paper takes up, is that whether firms bunch depends on

the nature of the regulatory cost itself, not just its magnitude. For instance, as I show, if the

regulation primarily increases dismissal costs beyond the threshold, firms respond in ways

that do not lead to bunching, however costly the regulation might be. Therefore, in order to

measure regulatory costs credibly, one needs information beyond the observed distribution

1This asymmetry is a general feature of labor regulations. For instance, in the case of employment protec-
tion legislation, termination costs are significantly lower for temporary, fixed-term contracts than for permanent
and open-ended contracts in virtually all OECD countries (OECD, 2026). This is also true in non-OECD coun-
tries. For instance, in India, severance pay, mandatory notice, and the requirement of government authorization
for retrenchment apply only to permanent workers, and not to contract workers hired through staffing agencies
(Bertrand et al., 2025).

2Examples include contract workers hired through staffing agencies in India, workers hired on fixed-term
contracts in France, Spain, and Italy.

3For instance, the French firm size distribution exhibits a visible spike at 49 employees, just below the regu-
latory threshold of 50 employees (see Figure A.1. in the Appendix).
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of firms around the threshold, such as variation in the regulation itself, together with a way

to discipline the other frictions separately.

In this paper, I address these challenges by exploiting a natural experiment in the con-

text of India’s employment protection legislation. Commonly known as Chapter VB of the

Industrial Disputes Act (henceforth, IDA) of 1947, this legislation applies to manufactur-

ing plants with 100 or more full-time workers, and it imposes two distinct costs on them.4

First, plants above the threshold must obtain government authorization before dismissing

even a single worker. Securing this authorization entails considerable delays, increasing

the uncertainty plants face during adverse shocks and effectively raising their firing costs.

Second, government officials enforce labor regulations through frequent inspections, which

gives them the power to extract bribes and increase administrative burdens on plants. Be-

cause plants incur these costs continuously and bribes are often linked to the number of

workers employed, this enforcement regime raises the marginal cost of production above

the threshold.

Two features of this setting make it well suited to answer the questions discussed earlier.

First, beginning in 2014, several Indian states raised IDA’s applicability threshold from

100 to 300 full-time workers. The staggered implementation of these reforms generates

variation in regulatory costs across similarly sized-plants, within the same state, over time.

Second, Indian manufacturing plants employ contract workers hired through staffing com-

panies, who fall outside the purview of the IDA. This allows me to study how plants respond

to these regulations when legally permitted alternatives are available.

My analysis proceeds in three parts. In the first part, I use the staggered reforms to

provide causal evidence on how plants responded to the change in the regulatory threshold.

In the second part, I build a dynamic model of heterogeneous plants facing labor market

frictions, and use it to show how the two costs imposed by the IDA affect plant dynamics

differently. In the third part, I combine the natural experiment and causal estimates from

the first part with the structural model to quantify each cost, the aggregate implications of

the regulation, and evaluate counterfactual regulatory regimes.

4Throughout the paper, “full-time workers” refers to workers hired directly by the plant on a permanent, open-
ended basis—the category the IDA protects. I use the terms full-time and permanent workers interchangeably in
this paper.
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More specifically, in the first part, I use detailed plant-level panel data for all Indian

states from 1999 to 2018 to document two key effects of the reform. First, post-policy,

treated plants are 23.07% more likely to transition above the old regulatory threshold of

100 full-time workers that is no longer binding. Conversely, they are 21.68% less likely to

transition above the newly binding 300 full-time worker threshold, post-policy. This sug-

gests that the legislation distorts the plant size distribution by encouraging plants to remain

small. Second, plants with fewer than 100 full-time workers in treated states reduced their

reliance on contract labor and capital following the reform: the share of contract workers

in production fell by 4.29% and the investment rate in plant and machinery declined by

1.3%. Since the regulation applies only to full-time workers, this indicates that plants had

previously substituted toward these inputs to avoid the regulation. To rule out alternative

explanations, I show that transitions and substitution patterns are unaffected around other

employment thresholds. Furthermore, event studies and stacked difference-in-differences

designs confirm that these significant impacts start only from the year of the reform, and

these are not due to forbidden comparisons between the early-treated and late-treated states.

The above reduced-form exercise motivates three questions. First, as it has been estab-

lished in Hsieh and Olken (2014) and Amirapu and Gechter (2020), there is no evidence

of plants bunching at 100 full-time workers in the Indian plant size distribution (see Figure

A.2. in the Appendix). Why do plants not bunch at the regulatory threshold despite the

IDA being costly?5 Second, how large are regulatory costs, and what drives them – is it

primarily the delays in securing government authorization for layoffs, or the enforcement

regime itself? Third, what would be the consequences of reforming the legislation, such

as changing where the threshold is set? To address these questions, the second part of my

analysis develops a dynamic heterogeneous firm model with multiple factors of production

and labor search frictions.

The model I develop incorporates several features from existing work on heterogeneous

firm dynamics models with labor market frictions – monopolistically competitive markets,

plants heterogeneous in productivity which evolves over time, and an endogenous mass

5The absence of bunching is not because plants use other margins of adjustment. Plants could still hire full-
time workers up to exactly 100 and rely on contract labor and capital beyond that point, which would generate
bunching. That they do not bunch suggests a different mechanism is at work, which I explore through the quanti-
tative model.
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of plants operating in the economy (Hopenhayn, 1992, Hopenhayn and Rogerson, 1993,

Melitz, 2003, Das et al., 2007, Helpman et al., 2010, Felbermayr et al., 2011, Elsby and

Michaels, 2013, Acemoglu and Hawkins, 2014, Kaas and Kircher, 2015, Coşar et al., 2016,

Dix-Carneiro et al., 2021). I add to this setup in two ways. First, plants employ two types

of workers —full-time and contract workers. I assume they are imperfect substitutes, and I

estimate their elasticity of substitution from the data. This allows plants to substitute away

from full-time workers to avoid being regulated, and allows the model to account for these

margins when evaluating counterfactuals. Second, motivated by the Indian institutional

context, I model the adjustment of full-time employment to be costly and time-consuming.

Hiring requires effort, and greater effort raises the Poisson arrival rate of workers, but high

effort levels involve convex search costs. Similarly, each full-time worker separates from

the plant at an exogenous Poisson rate, which plants can raise at a cost to expedite firing.

Crucially, because plants choose only these rates rather than employment levels directly,

the timing of worker transitions is stochastic. This formulation draws on models of network

formation in international trade (Eaton et al., 2016, 2022). The regulation enters through

two margins – it imposes a wedge on wage rate and firing cost once plants employ 100 or

more full-time workers.

The model shows that the two regulatory wedges distort plant behavior in different ways.

Suppose first that regulatory costs are dominated by the wage wedge. As plants approach

the threshold from below, the expected marginal benefit of having more workers falls, re-

ducing their search effort. The larger the wage wedge, the lower the probability that plants

transition from below to above the threshold. This slower inflow into the region above the

threshold shows up in the steady-state distribution as a sharp increase in the density of

plants below the threshold and a sharp decrease in plant density above the threshold—the

canonical bunching signature.

Suppose instead that regulatory costs are dominated by the wedge on firing costs. Then

the contrast between plant density on either side of the threshold is weaker than under the

wage wedge. This is because the firing wedge reduces both upward and downward tran-

sitions around the threshold. For plants above the threshold, a higher firing wedge makes

them more likely to hoard labor and stop firing actively altogether, since the marginal ben-

efit from dismissing a worker no longer justifies the cost. For plants below the threshold,

optimal search effort decreases, since a worker who is costly to fire in the future is worth
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less to have today. Thus, the firing wedge reduces transitions in both directions, causing

plant density to rise on both sides of the threshold and attenuating the bunching signature.

The model therefore suggests that a regulation dominated by the firing cost wedge can be

very costly while producing little bunching.

In the third part, I estimate the model on plants in treated states using the simulated

method of moments procedure, assuming that their pre-reform size distribution was in

steady state. The causal estimates from the first part of the paper serve as key moments.

I use the reform-induced change in contract labor share to identify the elasticity of substi-

tution between full-time and contract workers. The reform-induced change in plant tran-

sitions around 100 full-time workers, together with the density of plants on either side of

the threshold, identifies the two regulatory costs. The estimates show that the firing cost

accounts for the major part of the regulatory burden. Over and above the baseline firing

costs that all plants face, the IDA imposes an additional firing cost equal to 1.66 times

the annual wage for each worker dismissed. The wedge on their wage rate is only 1.54%.

Therefore, the absence of bunching at 100 full-time workers in the Indian plant size distri-

bution does not imply that the legislation is cheap; it is instead what we would expect when

the regulatory burden is dominated by firing costs.

What would be the consequences of reforming this legislation? Although the estimated

regulatory costs are large, the answer depends on several countervailing forces. First, plants

have been substituting towards contract workers to circumvent the legislation, so the impact

of reforms depend on the estimated elasticity of substitution between full-time and contract

workers. Second, since the regulatory burden is overwhelmingly a firing cost, the net impact

of a reduction in firing costs on employment is ambiguous: while plants may hire more

aggressively in response to positive shocks, they may also fire more readily after negative

ones. Third, general equilibrium effects, such as those from increased firm entry, could

amplify or dampen the overall impact on output.

After accounting for these channels, the estimated model implies that removing the IDA

would raise aggregate output by 1.56%, full-time employment by 11.79%, share of full-

time employment by 11.54%, and value added per worker by 1.33%. That full-time em-

ployment increases indicates that the increase in hiring dominates the increase in separa-

tions. That plants readily substitute toward full-time workers once the regulation is lifted

suggests that their earlier reliance on contract labor was largely a response to the regula-
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tion rather than to underlying production needs. With lower firing costs, plants that had

been hoarding full-time labor release them, while more productive plants search more in-

tensively for workers, improving the allocation of full-time labor across plants, causing

aggregate output and value-added per worker to rise. Raising the threshold from 100 to

300 full-time workers, the reform that was actually enacted, delivers roughly half of these

gains.

This paper contributes primarily to two strands of literature. First, it relates to the litera-

ture on size-dependent labor regulations and the measurement of their costs. A large body

of work has quantified the distortions caused by size-dependent labor regulations (Schivardi

and Torrini, 2008, Guner et al., 2008, García-Santana and Pijoan-Mas, 2011, Gourio and

Roys, 2014, Garicano et al., 2016, Amirapu and Gechter, 2020). These papers recover reg-

ulatory costs by comparing the observed firm size distribution to a counterfactual one—the

distribution absent the regulation—using moments such as the excess mass of firms just

below the threshold or their probability of transitioning above it. The principal advantage

of this approach is that it exploits the variation the regulation itself creates across firms

of different sizes; no further variation across time or space is required. The difficulty, as

discussed earlier, is that regulatory costs and the other frictions firms face in adjusting em-

ployment must be recovered from the same firm size distribution – they compete to explain

the same features of the distribution, and how that competition is resolved determines the

estimated costs. This difficulty is well recognized in the literature on responses to tax kinks

and notches, where the recommended solution is additional variation in the discontinuity

(Kleven, 2016).

I contribute to our understanding of these regulations by combining differences in reg-

ulatory exposure across plants of different sizes with quasi-experimental variation in the

location of the threshold itself. This setting delivers size distributions under two regulatory

regimes for the same set of plants, generated by the same underlying adjustment frictions

but different regulatory costs. I use this variation to provide causal evidence on how plants

respond to a change in the regulatory threshold. I then combine the quasi-experimental

variation with a structural model to separately estimate regulatory costs and other adjust-

ment frictions. Finally, I show when the observed size distribution can and cannot reveal

the cost of a size-contingent regulation. A regulation that acts like a tax on wages leaves the

canonical bunching signature: excess mass below the threshold and missing mass above it,
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with the contrast growing in the size of the wedge. A regulation that imposes a wedge on

firing costs attenuates this signature, even when the regulation is costly, because it affects

transitions in both directions across the threshold. Thus, when firing costs dominate the

regulatory burden, or when a regulation combines a large wage wedge with a large firing

cost, a bunching-based estimator will understate its cost. Nimier-David et al. (2026) is a

related recent paper that uses quasi-experimental variation in the regulatory threshold to

identify the causal effects of size-based profit-sharing requirements on firms and workers

in France.

Second, it relates to the literature on misallocation in developing economies. A large

literature has quantified the importance of misallocation for aggregate outcomes (Restuccia

and Rogerson, 2008, Hsieh and Klenow, 2009, 2014, Hsieh and Olken, 2014, Restuccia and

Rogerson, 2017, David and Venkateswaran, 2019, Baqaee and Farhi, 2020). Subsequent

work has identified several sources of these distortions in Indian manufacturing, including

capital market frictions (Banerjee and Duflo, 2014, Bau and Matray, 2023), labor market

regulations (Besley and Burgess, 2004, Aghion et al., 2008, Chaurey, 2015), land market

distortions (Duranton et al., 2015, Sood, 2020), entry and exit barriers (Bollard et al., 2013,

Chari, 2011, Chatterjee et al., 2025), and product market regulations (Sivadasan, 2009,

Alfaro and Chari, 2014).

Among labor regulations, Chapter V-B of the IDA has received the most attention, and

the literature on it has moved in two stages. The first, beginning with the seminal work

of Besley and Burgess (2004), measures the costs of the IDA using state-level indices of

regulatory stringency constructed from the letter of the law (Hasan et al., 2007, Ahsan and

Pagés, 2009). For instance, Besley and Burgess (2004) classifies states as pro-worker or

pro-employer by aggregating state-level amendments to the IDA between 1958 and 1992,

and compares plant outcomes across state groups. However, several concerns have been

raised about how these amendments were interpreted, weighted, and aggregated, as well

as about cross-state differences in enforcement arising from differences in administrative

capacity (Bhattacharjea, 2006, 2021). More recent work instead focuses on plants’ ability

to use contract workers, who fall outside the Act, as an alternative to regulated full-time

employment (Chaurey, 2015, Chiplunkar et al., 2024, Bertrand et al., 2025). Bertrand et al.

(2025) shows that the improved access to contract workers relieved part of the IDA’s bur-

den, narrowing the gap in value added per worker between large and small plants and ac-
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counting for a meaningful share of the increase in manufacturing productivity. Chiplunkar

et al. (2024) shows that restricting access to contract labor reduced plants’ propensity to

operate formally, lowering aggregate productivity and welfare. Both Bertrand et al. (2025)

and Chiplunkar et al. (2024) take the IDA as given and ask what the availability of an

alternative to it has been worth.

I contribute to this literature by providing causal evidence on how the IDA affects plant

outcomes. The threshold reforms allow me to do this without relying on state-level regu-

latory indices or cross-state differences in enforcement. I further ask what burden remains

of the IDA given the availability of contract workers, what drives these costs, and what

the aggregate implications of reforming the IDA would be. This requires accounting for

the specific ways in which the IDA affects plants: it applies only when plants cross a size

threshold, imposes a wedge on the wage rate, and raises the cost and uncertainty of ad-

justing full-time employment over and above the adjustment frictions plants already face. I

therefore build and estimate a dynamic heterogeneous-plant model with labor market fric-

tions that captures these features explicitly. In the model, adjusting employment is a costly,

time-consuming, and uncertain process, and the IDA introduces an additional layer of costs

and uncertainty when plants cross the regulatory threshold. I estimate the regulatory costs

separately from the adjustment frictions, and decompose the regulatory burden into the

costs associated with the enforcement regime and the firing restriction. This decomposi-

tion matters for evaluating reforms to the IDA because the two costs affect plants through

different margins, and which cost dominates determines the trade-offs policymakers face.

For instance, if the IDA is primarily a firing cost, as it turns out to be, reforming it would

change both hiring and separations, and the net effect on employment would depend on

which force dominates and may not be favorable.

The rest of the paper is organized as follows. In section 2, I discuss the IDA in greater

detail and highlight the two channels through which it imposes costs on plants. Section

3 describes the data source that I use for my analysis. In Section 4, I present causal evi-

dence on how plants responded to the change in IDA’s threshold. Section 5 describes the

quantitative model. In subsections 5.1 to 5.4, I lay out the model setup and equilibrium con-

ditions. In subsection 5.5, I demonstrate the mechanisms through which size-based rules

affect plant dynamics. Sections 6 and 7 discuss how I take the model to the data, model fit,

parameter estimates, and the counterfactual results. Section 8 concludes.
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2. INSTITUTIONAL BACKGROUND

A complex web of 463 Acts, 32542 compliances, and 3048 filings governs employer-

employee relationships in Indian industries. Among these, the piece of legislation that has

attracted the most attention in policy circles is Chapter VB of the Industrial Disputes Act

(IDA) of 1947. Chapter VB of the IDA mandates that industrial plants employing more than

100 workmen obtain permission from a government authority before laying off even one

worker. IDA defines a workman as “any person employed in any industry, to do any skilled

or unskilled manual or clerical work, for hire or reward.” This definition includes full-

time or permanent workers hired directly by the plant for production. However, it excludes

managerial staff and contract workers, as the latter are hired through staffing companies

rather than directly by the plant.

The relevant authority is typically a labor court or industrial tribunal whose primary

role is to adjudicate disputes between employers and employees. The labor court grants or

refuses permission after conducting an inquiry in which both the employer and the affected

worker present their case. Once permission is secured, the employer must pay the affected

worker severance of 15 days’ wages per year of service. If either party is dissatisfied with

the verdict, they may appeal to the High Court or the Supreme Court.

It is widely argued that the IDA constrains plants from laying off workers even during

adverse shocks, effectively raising firing costs for plants above the 100 full-time worker

threshold. The opportunity cost of following the due process laid down by these rules is

particularly high given India’s weak state capacity. As of 1998, there existed only one labor

court for every 437,868 workers. The number of cases pending before labor courts exceeds

100,000 as of 2020, with 35% unresolved for over a year and 37% pending for more than

three years (Table A1 in the Appendix).6 This large pendency of cases has been attributed

to three factors: the absence of affected parties at hearings, frequent adjournments sought

by parties to file documents, and parties approaching higher courts to challenge orders of

reference or preliminary rulings (Debroy and Bhandari, 2008).

In addition to the costs arising from judicial delays, the manner in which the legislation

is enforced also imposes costs on plants. Government officials monitor compliance through

6The number of labor-related cases pending before the High Court and Supreme Court also runs into the
hundreds of thousands, as shown in Table A2 in the Appendix.
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frequent inspections of plant premises, and inspectors have the authority — and, in practice,

the discretion — to extract bribes and increase the administrative burden on plant owners.

Amirapu and Gechter (2020) documents several instances of inspectors exploiting the arbi-

trary and antiquated nature of these laws to extract bribes. Importantly, plant owners incur

these costs continuously, not only during adverse shocks, and the bribes they pay typically

increase with the number of workers (Debroy and Bhandari, 2008, Amirapu and Gechter,

2020).

Although the magnitude of regulatory costs cannot be directly observed in the data,

forward-looking plants would be expected to account for these costs when deciding whether

to enter the market or expand beyond 100 full-time workers. These costs should also be

reflected in their demand for other inputs, such as contract workers and capital.7 To infer

whether the regulation is costly, however, one requires an exogenous variation in regulatory

costs.

Given this objective, a series of policy changes implemented in several Indian states ac-

quire significance. In 2014, the state of Rajasthan raised the IDA’s applicability threshold

from 100 to 300 full-time workers, thereby relaxing regulatory costs for plants employ-

ing between 100 and 300 full-time workers. Between 2015 and 2017, several other states

followed suit and implemented the same reform. Thus, while the threshold stood at 100

full-time workers for all states until 2013, by 2017 a subset of states had raised it to 300

while many others retained the original threshold.8 This staggered implementation across

states generates variation in regulatory costs that I exploit to test whether plants responded

to the reform. Section 3 describes the data, and I present my analysis in the subsequent

sections.

3. DATA SOURCE

In this paper, I use the Annual Survey of Industries (ASI) dataset, published by the

Ministry of Statistics and Programme Implementation, Government of India. The unit of

7Plants hire contract workers through staffing companies on a temporary contractual basis. These workers are
not full-time workers of the plant, earn approximately 30% less than full-time workers, and do not fall under the
purview of the IDA (Bertrand et al., 2025).

8Figure A3 in the Appendix lists the treated states and their year of treatment. India follows a federal system
of governance, with a Central Government for the entire country and a separate government for each state. The
Constitution of India confers the authority to amend this regulation on both the Central and State Governments.
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enumeration in ASI is the plant-level, and the sampling frame includes all registered man-

ufacturing plants in the country.9 By law, all plants employing more than ten workers (if

using power) or more than twenty workers (if not using power) must be registered.

Plants in the sampling frame belong either to the census sector or to the sample sector.

The census sector includes all plants employing more than 100 total workers, as well as

plants located in the six least industrially developed states, regardless of employment. The

remaining plants belong to the sample sector. Since the grouping of plants into census

and sample sectors depends on employment, which varies over time, this classification is

updated periodically. The plants to be surveyed each year are drawn from the sampling

frame as follows. Plants belonging to the census sector are surveyed yearly until the next

revision occurs. Plants in the sample sector within each state are arranged into groups based

on their 4-digit industry classification, and one-fifth of plants are selected from each (state,

4-digit industry) combination using stratified circular systematic sampling.

This paper uses the plant-level panel version of ASI from 1999 to 2018. ASI has informa-

tion about the state in which each plant operates, and the analysis includes manufacturing

units from all major Indian states. ASI reports detailed plant-level information on industry

classification, employment and wages by worker type (full-time workers, contract workers,

and managerial staff), output and profitability measures (sales, expenditure on materials,

profits) and balance sheet information (the book value of fixed assets, current assets, cur-

rent liabilities).

The ASI is better suited for this analysis than two other commonly used datasets on

Indian manufacturing – the Economic Census and the Centre for Monitoring Indian Econ-

omy (CMIE) Prowess Database. Although the Economic Census covers the universe of all

manufacturing plants in India, it publishes their data only once every five years. Hence, it is

not possible to track individual plants over time and learn about their dynamics. The CMIE

Prowess Database primarily contains balance sheet information for large firms. However,

only 10% of firms provide information on the number of workers they employ. More-

over, Indian labor laws apply at the plant level rather than the firm level, making firm-level

datasets such as CMIE Prowess less suitable for this analysis.

9I use the terms establishment, factory, and plant interchangeably in this paper.
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4. REDUCED-FORM EVIDENCE

4.1. Policy Impact on Plant Size Transitions

This section examines whether the policy change affected plant transitions around the

thresholds of 100 and 300 full-time workers. Specifically, for plants employing at most

100 (or 300) full-time workers in a given period, I analyze whether they are more (or less)

likely to exceed 100 (or 300) full-time workers in the subsequent period after the policy is

implemented.

The intuition is as follows. Before the policy change, if the regulation imposed significant

costs on plants, crossing the 100 full-time worker threshold would have led to a steep

increase in their labor costs. The policy change removed this steep increase at 100 workers

and reintroduced it at the 300-worker threshold. Hence, if the regulation was binding for

plants to begin with, one would expect the policy to increase their likelihood of crossing

the 100-worker threshold and reduce their likelihood of crossing the 300-worker threshold.

Since there were no such steep increases in costs at other employment thresholds, one

should not observe significant effects at other levels.

I test this hypothesis formally as follows. Since the policy impact on plant size transitions

is likely to vary with plant size, I divide the distribution of full-time workers, lf , into five

bins. The variable Binijst takes values from 1 to 5, depending on the number of full-time

workers employed by plant i in industry j, state s, and year t.

Binijst =



1 if lfijst ∈ [0,50]

2 if lfijst ∈ (50,100]

3 if lfijst ∈ (100,200]

4 if lfijst ∈ (200,300]

5 if lfijst > 300

(1)

The dependent variable Yijst – defined in equation (2) – captures transitions of plants across

these size bins. For example, if plant i employed between 51 and 100 full-time workers in

period t−1 (Binijst−1 = 2), Yijst equals one if the plant employs more than 100 workers in

period t, and zero otherwise. Similarly, if the plant employed between 201 and 300 workers

in period t− 1 (Binijst−1 = 4), Yijst equals one if it exceeds 300 workers in period t. I do
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not distinguish between plants that remain in the same bin and those that move down, as

my focus is exclusively on upward transitions. Note the dependent variable is defined only

for plants that are observed in both t and t− 1.

Yijst =

1 if Binijst >Binijst−1

0 if Binijst ≤Binijst−1

(2)

Using these definitions of Binijst and Yijst, I estimate the following specification:

Yijst = δ 1[Postst] +
5∑

k=2

βpost
k 1[Postst]1[Binijst−1 = k] + αjt + θsk + λkt + uijst (3)

Here, k denotes the lagged size bin, with k ∈ {1,2,3,4,5}. Bin 1 is the base category, so

all effects are measured relative to this group. 1[Postst] is a dummy variable that takes

the value one if state s implemented the policy in year t or earlier, and zero otherwise.

To minimize omitted variable bias, I incorporate a rich set of fixed effects in the regres-

sion specification. Industry-year fixed effects αjt control for time-varying industry-specific

shocks. State-by-lagged size bin fixed effects θsk account for time-invariant differences

across states in the propensity to transition from each bin. Lagged size bin-by-year fixed

effects λkt capture aggregate shocks in transition probabilities that vary by plant size. Stan-

dard errors have been clustered at the state level.

With these controls, δ captures the policy impact on upward transitions from the base

category. βpost
k captures the differential impact of the policy on upward transitions from

bin k relative to the base category. δ + βpost
k captures the total policy impact on upward

transitions for plants in bin k. These coefficients of interest are identified by comparing

transitions within the same state and lagged size bin pre- and post policy, after accounting

for time-varying industry-specific and size-specific shocks.

Consistent with the economic intuition described above, if the regulation imposed sig-

nificant costs on plants, the policy should have differential effects on plant transitions from

bins 2 and 4. Specifically, transitions from Bin 2 (51-100 workers) should increase rela-

tive to the base category, as the regulatory burden at the 100-worker threshold is removed.

Conversely, transitions from Bin 4 (201-300 workers) should decrease relative to the base
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category, due to the new threshold at 300 workers. Bins 1 and 3 serve as placebo tests –

the policy change should have no significant impact on upward transitions from these bins,

since no discontinuities in labor costs exist around the 50 and 200-worker thresholds.

Figure 1 reports estimates of δ + βpost
k for each bin k from equation (3). Following

the policy, there is a 3.89 percentage point (pp) increase in the probability with which

plants in the treated states transition from 51-100 full-time workers to above 100 full-time

workers. In the pre-policy period, plants in this size range had a 16.86% probability of

transitioning above 100 workers in the subsequent period, so the estimated effect represents

a 23.07% increase. Conversely, there is a 3.43 pp (21.68%) decrease in the probability with

which plants transition from 201-300 full-time workers to above 300 post-policy. There is

no statistically significant impact of the policy on transitions around any other threshold,

suggesting these results are not due to reporting errors or other shocks in treated states.10

4.2. Robustness Checks

In this section, I address several concerns regarding the validity of the results in Figure

1 and rule out alternative explanations for the observed patterns in transition probabilities.

4.2.1. Robustness to Choice of Bins

One concern is that the plant size bins used in Figure 1 may be too broad to precisely

capture the policy’s impact. When bins span a large range of employment levels, the es-

timated coefficients could pick up the effects of other contemporaneous shocks that are

unrelated to the policy change.

To address this, I re-estimate specification (3) using finer bins that provide more granu-

larity around 100 full-time workers. Specifically, I divide the distribution of full-time work-

ers into the following intervals: 0–20, 21–40, 41–60, 61–80, 81–100, 101–200, 201–300,

and 300+. I then define bins based on these finer intervals. The dependent variable cap-

10One concern is whether plants were strategically under-reporting their full-time workforce before the reform
to avoid the costs associated with the 100-worker threshold, and that the policy change simply induced more
truthful reporting without any real changes in employment levels. As I show in Section 4.3, plants responded to
the policy change by adjusting multiple margins beyond full-time employment, including reduced utilization of
contract workers. This pattern of substitution toward full-time workers is what we would expect if plants faced
real relaxation in regulatory costs. If plants had always been employing workers above the threshold but merely
misreporting their numbers, we would not observe these complementary adjustments on other margins.
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FIGURE 1.—Policy Impact on Transitions of Plants
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Note: Each observation is at the plant-year level. Plants are assigned to size bins based on their full-time employ-
ment: 0–50, 51–100, 101–200, 201–300, and 300+. The figure plots the estimated policy impact on the probability
that a plant in a given bin (horizontal axis) transitions to a higher bin in the following year (specification (3)). Bins
51–100 and 201–300 are policy-relevant, while the remaining bins serve as placebos. The sample includes all
major Indian states and covers 1999–2018. Results are also reported in column 1 of Table I.

tures transitions across these finer bins, and is defined as in (2) – it equals one if a plant

transitions to a higher bin and zero otherwise.

The empirical specification is similar to the one in equation (3), but with eight bins,

resulting in more fixed effects and placebo thresholds:

Yijst = δ 1[Postst] +
8∑

k=2

βpost
k 1[Postst]1[Binijst−1 = k] + αjt + θsk + λkt + uijst (4)

Table A.3 in the Appendix reports the policy impact on upward transitions from each bin.

Following the policy change, there is a 3.96 percentage point (13.58%) increase in the

probability with which plants in the treated states transition from 81-100 full-time workers

to 100+ full-time workers. Conversely, there is a 3.82 percentage point (24.14%) decrease
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in the probability with which plants transition from 201-300 full-time workers to 300+ full-

time workers post-policy. Specification (4) allows me to test the policy impact at multiple

placebo thresholds – 20, 40, 60, 80, and 200 full-time workers – and there is no statistically

significant impact on transitions around any of these thresholds.

The robustness to finer bins confirms that the baseline results are not driven by the choice

of bins, and the policy effects are concentrated in the bins immediately adjacent to the 100

and 300 full-time worker thresholds. Therefore, throughout the rest of the paper, I retain

the broader bins used in specification (1) to maintain adequate sample sizes in each bin

and preserve statistical power, particularly near the thresholds where plant density may be

lower.

4.2.2. Event Studies

A second concern from Figure 1 is whether the differential effects for plants near reg-

ulatory thresholds – relative to the base category – represent genuine policy responses or

a mere continuation of pre-existing patterns. In other words, if the transition probability

of bin k relative to bin 1 was already changing systematically before policy, the estimated

βpost
k from specification (3) would be biased by that underlying trend.

To address this concern, I estimate an event study specification that replaces the single

post-policy indicator in equation (3) with a full set of year-relative-to-policy indicators.

Specifically, I estimate:

Yijst =
∑
τ ̸=−1

δτ1[t− Ts = τ ] +
5∑

k=2

∑
τ ̸=−1

βkτ1[t− Ts = τ ]1[Binijst−1 = k]

+ αjt + θsk + λkt + uijst

(5)

Here, Binijst follows the definition in (1), Yijst is defined in equation (2), and Ts denotes

the year in which state s implemented the policy. Event time is indexed by τ , where τ = 0

denotes the year of policy implementation, and negative (positive) values correspond to

years before (after) implementation. The omitted category is the year immediately pre-

ceding policy implementation (τ = −1). The fixed effects are the same as in the baseline

specification.
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Under specification (5), the estimated coefficient βkτ captures how the gap in transition

probabilities between bin k and bin 1 changed at event time τ relative to τ = −1. The

identifying assumption is that, absent the policy, the gap would have remained constant

over time. This implies βkτ must be zero for all pre-policy periods.

Figures A.4, A.5 and A.6 in the Appendix plot the estimated effects βkτ for bins 2, 3,

and 4, respectively.11 Three key findings emerge. First, for Bin 2 (51 to 100 workers), the

estimated coefficients are close to zero and statistically insignificant in all pre-policy years,

indicating stable relative transition probabilities prior to the policy. From the policy year,

the coefficients become positive and statistically significant, implying that Bin 2 plants

became more likely to transition upward relative to Bin 1 following implementation.

Second, the coefficients for Bin 4 (201–300 workers) are likewise close to zero and

insignificant prior to the policy. They turn negative and statistically significant since the

policy year, indicating a decline in the likelihood of upward transitions for Bin 4 plants

relative to Bin 1. Third, the coefficients for Bin 3 – the placebo bin – remain close to zero

and statistically insignificant throughout the entire event window, both before and after the

policy change.

The absence of pre-trends in the policy-relevant bins, combined with the precise timing

of the effects at the reform year, strongly supports the causal interpretation of the baseline

results.

4.2.3. Stacked Difference-in-Differences

Recent advances in the difference-in-differences literature have shown that in settings

with staggered treatment timing, the standard two-way fixed effects (TWFE) estimator can

produce biased estimates when treatment effects are heterogeneous across units or over

time (Goodman-Bacon, 2021, De Chaisemartin and d’Haultfoeuille, 2020, Sun and Abra-

ham, 2021). This bias arises because the TWFE estimator implicitly uses already-treated

units as controls for newly treated units – the so-called “forbidden comparisons”.

To verify if the results in Figure 1 are driven by such forbidden comparisons, I implement

a stacked difference-in-differences design following Cengiz et al. (2019). In my setting,

states adopted the policy in four distinct years – 2014, 2015, 2016, and 2017 – so I divide

11Bin 5 is excluded as plants in this bin cannot transition to a higher employment category by construction.
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the treated states into four cohorts based on their adoption year. For each cohort, I create a

dataset that includes all plants from states in that cohort together with all plants from the

never-treated states. I then stack the four cohort-specific datasets into a single dataset, and

estimate the following specification on the stacked data:

Yijstc = δ 1[Posttc] +
5∑

k=2

βpost
k 1[Posttc]1[Binijst−1 = k] + αjt + θsk + λkt + γct + uijstc

(6)

where c denotes the cohort dataset. The treatment indicator 1[Posttc] equals one if year

t is at or after the adoption year for cohort c. Besides the fixed-effects from the baseline

specification, specification (6) also includes cohort-by-year fixed effects (γct). The inclu-

sion of cohort-by-year fixed effects ensures that coefficients are identified by comparing the

treated units with only the never-treated units in each cohort, thereby blocking “forbidden

comparisons”.

Column 1 of Table A.4 in the Appendix reports the results from estimating specification

(6). The estimated policy effects remain quantitatively similar to the baseline findings: a

statistically significant (3.5 pp) increase in the probability of transitioning from 51-100

to 100+ full-time workers, a statistically significant (4.1 pp) decrease in the probability of

transitioning from 201-300 to 300+ full-time workers, and no significant effects for placebo

bins.

4.3. Policy Impact on Substitution Patterns

The above results show that the policy change impacted plants’ size transitions around

the old and new regulatory thresholds. Did it also impact plants’ usage of other factors

of production on which the regulation does not apply? Understanding these substitution

patterns is crucial for assessing the full impact of the regulation, as plants may respond

to regulations not only by adjusting their full-time workforce but also by reallocating re-

sources towards other inputs.

Contract workers represent a particularly relevant margin of adjustment in the Indian

context. As described earlier, contract workers are hired by plants through staffing compa-

nies on a temporary contractual basis. Critically, they are not considered full-time workers

of the plant and therefore do not fall under the purview of chapter VB of the Industrial
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Disputes Act (Bertrand et al., 2025). This regulatory distinction creates an incentive for

plants to substitute between full-time and contract workers. Similarly, capital represents

another potential margin of adjustment if plants can substitute machinery for labor to avoid

crossing regulatory thresholds.

In this section, I examine whether the policy change affected plants’ substitution patterns.

The policy impact on substitution patterns would vary based on plant size. Before the policy

change, plants near the 100-worker threshold faced regulatory costs when expanding their

full-time workforce. To the extent that full-time workers, contract workers, and capital are

substitutable, these plants would have relied on contract labor and capital to avoid crossing

the threshold. Following the policy change, we expect plants near the 100-worker threshold

to reduce their reliance on these other factors, as the regulatory cost of expanding full-time

employment is removed.

To test this hypothesis, I estimate the same difference-in-differences regression as in

specification (3), replacing the transition probability outcome variable with measures of

factor substitution. Specifically, I estimate:

Yijst = δ 1[Postst] +
5∑

k=2

βpost
k 1[Postst]1[Binijst−1 = k] + αjt + θsk + λkt + uijst (7)

where Yijst is either the contract labor share or logarithm of investment rate in plant and

machinery of plant i in industry j, state s, and year t. The contract labor share is defined

as the ratio of contract workers to total non-managerial workers. The investment rate in

plant and machinery is defined as actual additions to plant and machinery divided by the

net closing value of plant and machinery. Binijst, Postst, and fixed effects are defined as

in specification (3).

Columns 2 and 3 of table I show the results from estimating specification (7). Follow-

ing the policy change, contract labor share and investment rate in plant & machinery de-

creased significantly by 2 percentage points (4.29%) and 1.3% for plants near the 100-

worker threshold (Bin 2). These patterns are consistent with plants substituting back toward

full-time workers when regulatory costs were removed at 100 full-time workers. There is

no statistically significant impact of the policy on these outcomes around the 50, 200 and

300 worker thresholds.
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TABLE I

POLICY IMPACT ON TRANSITIONS AND SUBSTITUTION PATTERNS

(1) (2) (3)
Transition Share of Log(Investment rate)

probabilities contract labor

1[Postst] -0.005 0.005 0.004
(0.007) (0.012) (0.006)

1[Postst] × lfijst−1 ∈ (50,100] 0.044∗∗∗ -0.025∗ -0.013∗

(0.009) (0.013) (0.007)

1[Postst] × lfijst−1 ∈ (100,200] 0.017 0.004 -0.003
(0.013) (0.02) (0.007)

1[Postst] × lfijst−1 ∈ (200,300] -0.029∗∗ 0.002 -0.004
(0.014) (0.025) (0.012)

1[Postst] × lfijst−1 > 300 0.007 0.009 -0.003
(0.005) (0.022) (0.008)

Observations 198703 105988 210387
Industry × Year FE Yes Yes Yes
State × Lagged size-bin FE Yes Yes Yes
Lagged size-bin × Year FE Yes Yes Yes

Notes: Each observation is at the plant-year level. Plants are assigned to size bins based on their full-time employment: 0–50,
51–100, 101–200, 201–300, and 300+. In column 1, the dependent variable equals one if a plant transitions to a higher bin in the
following year (specification (3)). In column 2, the dependent variable is the contract labor share, defined as the ratio of contract
workers to total non-managerial workers. In column 3, the dependent variable is the log investment rate in plant and machinery,
defined as actual additions divided by the net closing value. Column 1 corresponds to the estimates reported in Figure 1. Columns
2 and 3 report estimates from specification (7). Post is a state-year indicator equal to one if the state had raised the regulatory
threshold to 300 full-time workers by that year. Bin 0–50 is the omitted category. All specifications include industry-by-year,
state-by-lagged size bin, and lagged size bin-by-year fixed effects. The sample includes all major Indian states and covers 1999–
2018. Robust standard errors clustered at the state level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

To summarize, this section has provided comprehensive evidence on how plants re-

sponded to the policy change along multiple dimensions. Plants with less than or equal

to 100 full-time workers in any given year responded in two ways to the reform. First,

their likelihood of employing above 100 workers in the subsequent year increased signifi-

cantly, as documented in the previous subsection. Second, their share of contract workers

and investment rate in plant and machinery in the subsequent year decreased significantly

after the policy. These results establish that IDA significantly impacts not only the full-time
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employment growth of plants but also their broader input allocation decisions. However,

several important questions remain unanswered. First, it is unclear why plants do not ex-

hibit bunching behavior around the regulatory threshold. Second, a comprehensive policy

evaluation requires quantifying the magnitude of regulatory costs and understanding their

implications. To address these questions, the next section develops and estimates a quanti-

tative model that explicitly captures how size-based regulations affect plant behavior.

5. MODEL

I develop a dynamic model of heterogeneous plants that employ full-time workers, con-

tract workers, and materials, and face costs of adjusting full-time employment. Plants en-

ter by paying a sunk cost, draw productivity from a distribution, experience idiosyncratic

productivity shocks over time, and exit exogenously. Given their current productivity and

full-time employment, plants choose contract labor and materials at each instant to max-

imize short-run profits, while dynamically adjusting full-time employment through costly

hiring and separation decisions. Because these adjustments are time-consuming and costly,

plants gradually expand or contract their full-time workforce rather than adjusting instan-

taneously.

In this framework, I incorporate size-based labor regulations that increase both the

marginal cost of production and the cost of firing once the full-time employment of a plant

exceeds a legal threshold. The model captures how these regulations affect plant dynamics

– entry, growth, and substitution between full-time and contract workers.

I proceed as follows. I first describe the model setup and then define the equilibrium

conditions of the model. I then use the model to highlight the channels through which the

regulation impacts plant outcomes. I present results from estimating this model on Indian

data in Section 6.

5.1. Setup

I assume that time is continuous and plants in the economy discount the future at rate

r ≥ 0. The economy consists of an endogenous mass of active plants. Plants are engaged in

monopolistic competition, and each plant produces a unique variety. Hence, the total mass

of active plants at any instant determines the mass of available varieties in the economy at

that instant.
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Potential entrants in this economy can choose to become active by paying an entry cost

worth ce. Once they become active, they start their operations by drawing a productivity ϵ

from distribution f(ϵ). Newly active plants begin operations with zero full-time workers. I

now describe the production technology and hiring process of active plants.

5.1.1. Production Technology

Let q denote the output of a plant. Output q is produced using full-time workers lf ,

contract workers lc, and intermediate inputs m. I allow for substitutability between full-

time workers and contract workers by aggregating them using a CES function. Output from

this CES function is then combined with intermediate inputs (m) through a Cobb-Douglas

function to produce output q.

More specifically, full-time and contract workers are combined into a composite labor

input L using the CES function in (8) with elasticity of substitution ν > 1.

L= (l
ν−1
ν

f + l
ν−1
ν

c )
ν

ν−1 (8)

The resulting labor composite L is combined with intermediate inputs m using the Cobb-

Douglas production function in (9) to produce output q. In equation (9), αM ∈ (0,1) and

αL ∈ (0,1) denote the share of materials and labor in output respectively, and ϵ represents

plant productivity. The production function in equation (9) is analogous to the ones used in

Krusell et al. (2000) and Parro (2013).

q = ϵLαLmαM with αL + αM < 1 (9)

For a plant that produces output q as per equation (9), its revenue in equilibrium is given

by equation (10). In (10), µ > 1 is the constant elasticity of substitution across the different

varieties available in the market, I stands for aggregate expenditure, and P is the Dixit-

Stiglitz price index.

R(q) = q
µ−1
µ
( I
P

) 1
µP (10)
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5.1.2. Productivity Dynamics

Plant-level productivity, ϵ, follows an exogenous, first-order Markov process in continu-

ous time. More specifically, following Shimer (2005), the logarithm of plant-level produc-

tivity z = log(ϵ) lies on the following grid with 2nϵ + 1 points spaced ∆ϵ > 0 apart and

centered around z̄:

z ∈ {z̄ − nϵ∆ϵ, z̄ − (nϵ − 1)∆ϵ, . . . , z̄, . . . , z̄ + (nϵ − 1)∆ϵ, z̄ + nϵ∆ϵ}.

Productivity shocks arrive at the Poisson rate λϵ > 0. When a shock occurs, the new log-

productivity z′ moves up or down by one grid point. Let p(z) denote the probability of an

upward jump conditional on the current state z. Then:

p(z) = P(z′ = z +∆ϵ | z) =
1

2

(
1− z − z̄

nϵ∆ϵ

)
1− p(z) = P(z′ = z −∆ϵ | z) =

1

2

(
1 +

z − z̄

nϵ∆ϵ

) (11)

A transition in log productivity from z to z+∆ϵ induces a corresponding transition in pro-

ductivity levels from ϵ to ϵ exp(∆ϵ). The probability p(z) decreases as z increases above z̄,

ensuring mean reversion towards z̄. In other words, for plants with larger values of current

productivity z, their probability of receiving an even higher productivity shock is lower.

Hence, the parameters of the productivity process can be summarized by (nϵ,∆ϵ, λϵ, z̄).

5.1.3. Hiring Technology

Plants face different costs while hiring full-time workers, contract workers, and materi-

als, as I explain below. Suppose the regulatory environment is such that plants fall under

the purview of labor regulations if their full-time workforce lf exceeds a threshold ℓ∗ > 0.

Given this regulatory environment, the total wage bill of a plant with lf full-time workers

is given by: wf lf if lf ≤ ℓ∗

wf (1 + τ)lf if lf > ℓ∗
(12)
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Here, wf is the wage rate per full-time worker that the plant takes as given, and τ ≥ 0

captures the wedge above the wage rate imposed by the regulation. As argued in Section

1, τ ≥ 0 can be interpreted as the costs that plants face because of frequent inspections to

check for compliance with the IDA.12

In addition to the wages that they have to pay full-time workers, the process of hiring

them is also costly and time-consuming. In order to hire workers, a plant with productiv-

ity ϵ and lf full-time workers has to choose an effort level or search intensity defined by

σ(ϵ, lf )≥ 0. New full-time workers then arrive at a Poisson rate equal to σ(ϵ, lf )≥ 0: the

higher the search intensity, the shorter the expected time until the next worker arrives.

However, plants cannot always choose high levels of search intensity because it is costly.

Let Ch(σ, lf ) denote the cost function associated with search intensity σ for a plant with

lf full-time workers. I assume the following functional form for Ch(σ, lf ) following Coşar

et al. (2016) and Eaton et al. (2022):

Ch(σ, lf ) =
1

2

σ2

(lf + 1)ϕh
(13)

Note the cost function Ch(σ, lf ) is twice continuously differentiable, strictly increasing,

and strictly convex in σ, with limσ→∞Ch
σ (σ, lf ) = ∞. ϕh ∈ [0,2] captures the extent of

economies of scale in hiring. If ϕh = 0, there are no economies of scale in hiring, and the

cost of a given search effort is the same for all plants. On the other hand, if ϕh = 2, then the

cost of a given search effort per worker is the same for all plants.

The total wage bill of a plant with lc contract workers is wclc, where wc is the wage rate

per contract worker. Analogously, the total expenditure incurred by a plant on materials is

given by rmm. Plants take wc and rm as given. Unlike full-time workers, plants do not face

any other costs while hiring contract workers and materials.13

12The wage rate wf is taken as exogenous in the model. Formal manufacturing accounts for only 15-20% of
India’s GDP, so wages are largely determined outside the sector.

13The assumption of no adjustment costs for contract workers is reasonable given the Indian institutional
context. As described earlier, plants hire these workers through staffing companies, so plants do not incur any
hiring costs per se while employing them. Similarly, contract workers are not protected by labor laws, so there are
no costs associated with firing them.
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5.1.4. Firing Costs

Plants face firing costs only for full-time workers. Each full-time worker gets separated

from the plant exogenously at rate δ0 > 0. Plants can expedite separations by choosing a

higher separation rate δ ≥ δ0. Assuming these separation rates are independent across full-

time workers, separation shocks arrive for a plant with lf full-time workers at Poisson rate

δlf . Higher δ reduces the expected time until worker separation.

However, plants cannot always choose high δ because there are costs associated with it.

Let Cf (δ, lf ) denote the cost of a plant with lf full-time workers that chooses separation

rate δ. I assume the following functional form for Cf (δ, lf ).14

Cf (δ, lf ) =


1
2
(δlf−δ0lf )

2

(lf )
ϕf

if lf ≤ ℓ∗

1
2
(δlf−δ0lf )

2

(lf )
ϕf

+ γ(δlf − δ0lf ) if lf > ℓ∗
(14)

Here, ℓ∗ > 0 is the threshold beyond which regulations apply to plants, ϕf ∈ [1,2] captures

economies of scale in firing, and γ ≥ 0 captures the wedge on firing costs imposed by the

regulation. γ ≥ 0 can be interpreted as the costs that plants face because of the uncertainty

that they face when they are hit by an adverse shock. In contrast to full-time workers,

I assume plants can adjust contract workers and materials without firing costs, making

these variable inputs that adjust flexibly to current productivity ϵ and the stock of full-time

workers lf .

5.1.5. Plant Exit

Every plant exits at an exogenous Poisson rate s > 0. I assume that an exiting plant

receives a scrap value of 0.15

14The baseline component of the separation cost mirrors the search cost specification in equation (13):
quadratic in the excess flow rate and scaled by plant size.

15I do not model plant exit as an endogenous decision. As noted in Chatterjee et al. (2025), exiting is difficult
in India, taking 4.3 years on average, and many manufacturing plants in the economy remain dormant while
waiting to exit. Therefore, for the purposes of this paper, I abstract from endogenous exit and focus on how the
IDA affects the behavior of entrants and incumbents.
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5.2. Characterization of the Incumbent’s Problem

At any given instant, an incumbent plant’s state is characterized by its productivity ϵ and

stock of full-time workers lf . I assume the Poisson processes governing worker arrivals,

worker separations, plant exit, and plant-level productivity shocks are independent of each

other. The plant’s value function V (lf , ϵ) satisfies the following Hamilton-Jacobi-Bellman

equation in continuous time.

(r+ σ + δlf + s+ λϵ)V (lf , ϵ) = max
σ≥0,δ≥δ0

{
Π(lf , ϵ)−wf (1 + τI{lf > ℓ∗})lf −Ch(σ, lf )

−Cf (δ, lf ) + δlfV (lf − 1, ϵ) + σV (lf + 1, ϵ)

+ λϵp(ϵ)V (lf , ϵ
+) + λϵ(1− p(ϵ))V (lf , ϵ

−)

}
,

(15)

where ϵ+ = ϵ exp(∆ϵ) and ϵ− = ϵ exp(−∆ϵ) are the new productivity levels after positive

and negative productivity shocks, following the transition probability matrix in (11).16 The

flow profit Π(lf , ϵ) is determined by optimizing over variable inputs:

Π(lf , ϵ) = max
lc,m≥0

{
R(q(ϵ, lf , lc,m))−wclc − rmm

}
(16)

where R(q(ϵ, lf , lc,m)) denotes plant-level revenues from (10). Equation (15) can be inter-

preted as follows. Given productivity level ϵ and lf full-time workers, a plant earns a flow

payoff of Π(lf , ϵ) − wf (1 + τI{lf > ℓ∗})lf − Ch(σ, lf ) − Cf (δ, lf ) until the next event

occurs. Π(lf , ϵ) denotes the flow profits earned by the plant and is pinned down by the op-

timal values of lc and m that maximize the right hand side of equation (16). Since there are

no adjustment costs for lc and m, their optimal values are such that their marginal revenue

product equals their respective factor price.

The time until the next event depends on the Poisson arrival rates s, δlf , σ and λϵ. The

higher these arrival rates, the faster the next event will occur, on average. There are four

possible events that could occur next. Plant destruction occurs with probability s
s+δlf+σ+λϵ

,

yielding zero scrap value. Worker separation occurs with probability δlf
s+δlf+σ+λϵ

, reducing

16Following (11), transition probabilities are defined over log productivity, z = log(ϵ). For notational conve-
nience, I denote it by p(ϵ) rather than p(log(ϵ)).
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employment to lf −1 with continuation value V (lf −1, ϵ). Worker arrival occurs with prob-

ability σ
s+δlf+σ+λϵ

, increasing employment to lf + 1 with continuation value V (lf + 1, ϵ).

Finally, a productivity shock occurs with probability λϵ
s+δlf+σ+λϵ

, changing productivity to

ϵ+ with probability p(ϵ) or to ϵ− with probability 1− p(ϵ).

While plants take s and λϵ as given, they can expedite the arrival and separation of

workers by choosing σ and δ, respectively. The optimal search intensity of a plant with

productivity ϵ and lf full-time workers is captured by the policy function σ(lf , ϵ), and it

satisfies the following first order condition:

σ(lf , ϵ) = (lf + 1)ϕh max
{
0, V (lf + 1, ϵ)− V (lf , ϵ)

}
(17)

Equation (17) suggests that the optimal search effort plants put towards hiring depends

on their marginal cost of effort and their expected marginal benefit from search. The lat-

ter includes the increase in present value of lifetime profits from having more workers,

captured by V (lf + 1, ϵ)− V (lf , ϵ).

Analogously, the optimal separation rate chosen by a plant with productivity ϵ and lf

full-time workers, δ(lf , ϵ), depends on the marginal firing cost and the expected marginal

benefit from firing, and is given in Equation (18).

δ(lf , ϵ) = δ0 + l
ϕf−1

f max
{
0, V (lf − 1, ϵ)− V (lf , ϵ)− γ I{lf > ℓ∗}

}
(18)

5.3. Characterization of the Entrant’s Problem

At each instant, a large mass of potential entrants considers entering the market. En-

try requires paying a sunk cost of ce > 0. Upon paying this cost, a plant draws its initial

productivity ϵ from the ergodic distribution f(ϵ) of the Markov process for log(ϵ) defined

in equation (11). A potential entrant will enter only if their expected value of entry is at

least as high as ce. Therefore, in a stationary equilibrium with positive entry, the free entry

condition should hold with equality at all times:17

∑
ϵ∈E

V (0, ϵ)f(ϵ) = ce, (19)

17Since plants exit at Poisson rate s > 0, a stationary equilibrium requires positive entry.
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where E = {ez̄−nϵ∆ϵ , . . . , ez̄+nϵ∆ϵ} denotes the discrete productivity grid, and V (0, ϵ) is

defined in (15). The left-hand side of equation (19) represents the expected value of entry.

The free-entry condition pins down the equilibrium Dixit-Stiglitz price index. Suppose

the expected value of entry exceeds the sunk entry cost. Then the mass of entrants increases,

leading to a larger mass of active plants in the economy. This reduces the aggregate price

index, making entry less valuable for potential entrants. The price index falls until the

expected value of entry equals the sunk entry cost, restoring equilibrium.

5.4. Steady State Plant Size Distribution

Let M̄ denote the total mass of plants in the economy. In steady state, how is this mass

distributed across states (lf , ϵ)? Let M(lf , ϵ) be the mass of plants with lf workers and

productivity ϵ, where
∑

lf ,ϵ
M(lf , ϵ) = M̄ . The evolution of M(lf , ϵ) over an infinitesimal

time interval, Ṁ(lf , ϵ), depends on inflows to and outflows from state (lf , ϵ). These transi-

tions occur due to productivity shocks, plant exit, hiring, firing, and plant entry. In steady

state, net flows into each state are zero, which yields a system of equations that can be

solved for the steady-state plant size distribution, conditional on M̄ .

More formally, the law of motion describing M(lf , ϵ), for lf ∈ {1,2, ...} and ϵ ∈ E is

specified in Equation (20). Inflows into state (lf , ϵ) comprise the following plants: (1) those

from state (lf − 1, ϵ) that get a worker with Poisson rate σ(lf − 1, ϵ), (2) those from state

(lf + 1, ϵ) that lose a worker due to separation at Poisson rate δ(lf + 1, ϵ)(lf + 1), (3)

those from state (lf , ϵ
−) that receive a higher productivity shock at Poisson rate λϵp(ϵ

−),

and (4) those from state (lf , ϵ
+) that receive an adverse productivity shock with Poisson

rate λϵ(1− p(ϵ+)).18 Similarly, outflows from state (lf , ϵ) includes plants from state (lf , ϵ)

that either get a worker, lose a worker, receive a productivity shock or get destroyed with

Poisson rates σ(lf , ϵ), δ(lf , ϵ)lf , λϵ and s, respectively.

Ṁ(lf , ϵ) =M(lf − 1, ϵ)σ(lf − 1, ϵ) +M(lf + 1, ϵ)δ(lf + 1, ϵ)(lf + 1)

+M(lf , ϵ
−)λϵp(ϵ

−) +M(lf , ϵ
+)λϵ(1− p(ϵ+))

−M(lf , ϵ)
[
σ(lf , ϵ) + δ(lf , ϵ)lf + λϵ + s

] (20)

18As before, ϵ+ = ϵ exp(∆ϵ) and ϵ− = ϵ exp(−∆ϵ) denote productivity levels adjacent to productivity ϵ in
the productivity grid.
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Similarly, the mass of plants with 0 workers and productivity ϵ evolves over time accord-

ing to Equation (21). In equation (21), sM̄f(ϵ) denotes the mass of entrants that receive a

productivity draw ϵ from the ergodic distribution.

Ṁ(0, ϵ) =M(1, ϵ)δ(1, ϵ) +M(0, ϵ−)λϵp(ϵ
−) +M(0, ϵ+)λϵ(1− p(ϵ+)) + sM̄f(ϵ)

−M(0, ϵ) [σ(0, ϵ) + λϵ + s]
(21)

In steady state, Ṁ(lf , ϵ) = 0 for all lf and ϵ. This yields a system of equations that can be

solved for the steady-state distribution. For non-zero employment levels (lf ≥ 1):

M(lf , ϵ) =



M(lf − 1, ϵ)σ(lf − 1, ϵ) +M(lf + 1, ϵ)δ(lf + 1, ϵ)(lf + 1)

+M(lf , ϵ
−)λϵp(ϵ

−) +M(lf , ϵ
+)λϵ(1− p(ϵ+))

s+ δ(lf , ϵ)lf + σ(lf , ϵ) + λϵ


(22)

For plants with zero workers:

M(0, ϵ) =
M(1, ϵ)δ(1, ϵ) + sM̄f(ϵ) +M(0, ϵ−)λϵp(ϵ

−) +M(0, ϵ+)λϵ(1− p(ϵ+))

s+ σ(0, ϵ) + λϵ
(23)

The system of equations characterized by equations (22) to (23) for all ϵ ∈ E imply the

following. Given any (lf ,ϵ) pair, if plants lower their search effort, then they will spend

more time in (lf ,ϵ) on average. As a result, M(lf ,ϵ) at steady state will be higher.

Finally, in equilibrium, aggregate revenue must equal aggregate expenditure. The total

revenue for all plants is
∑

lf ,ϵ
M(lf , ϵ)R(lf , ϵ), where R(lf , ϵ) denotes the revenue of a

plant in state (lf , ϵ) after optimally choosing variable inputs. Setting this equal to aggregate

expenditure I yields: ∑
lf ,ϵ

M(lf , ϵ)R(lf , ϵ) = I (24)

This market-clearing condition, combined with the free-entry condition (19), determines

both the total mass of plants M̄ and the price index P in equilibrium.
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5.5. Discussion of Mechanisms

Motivated by the Indian institutional context, I model the regulation as imposing two

distinct costs on plants above the threshold: a wedge τ on the wage bill and a wedge γ on

firing costs (see equations (12) and (14)). In this subsection, I use the model to show that

the two wedges leave different imprints on the steady-state density of plants around the

regulatory threshold. This difference allows me to estimate them separately in Section 6.

5.5.1. Impact of wage wedge τ on density of plants around the threshold

What happens to the steady-state distribution of plants around ℓ∗ workers as we vary

τ , holding all else fixed? Consider plants with fewer than ℓ∗ workers. As τ increases, their

expected marginal benefit from hiring additional workers decreases, so their optimal search

effort falls as per equation (17). Hence, plants below ℓ∗ spend more time on average in their

current states, and fewer plants transition from below to above the regulatory threshold.

With all else equal, this implies that the steady-state density of plants below the regulatory

threshold increases, and the steady-state density of plants above the regulatory threshold

falls.

I illustrate this with a numerical example. Fixing ℓ∗ = 100 workers and setting all pa-

rameters at the values in Table A.5, I solve for the steady-state distribution using equations

(22)–(23). I then steadily increase τ , holding the remaining parameters fixed, and recom-

pute the steady-state distribution for each value. Figure 2a reports the resulting change in

the density of plants in a band below the threshold (91–99 workers) and a band above it

(101–110 workers), relative to the benchmark. As τ rises, the density below the threshold

increases monotonically while the density above it falls, consistent with the intuition above.

5.5.2. Impact of firing cost wedge γ on density of plants around the threshold

What happens to the steady-state distribution of plants around ℓ∗ workers as we vary γ,

holding all else fixed? Consider first plants with more than ℓ∗ workers. As γ increases, a

wider range of plants stop firing actively altogether, as their expected marginal benefit from

firing a worker no longer exceeds the wedge they must pay to do so.19 At the same time,

19A wider range of plants choose δ = δ0.
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plants with more than ℓ∗ workers reduce their optimal search effort, since the option to fire

an additional worker in future is now more costly to exercise. Together, these mean that

plants above ℓ∗ spend more time on average in their current states. With everything else

remaining the same, the steady-state density of plants just above the regulatory threshold

increases. The larger the firing cost wedge, the greater this increase.

Now consider plants with fewer than ℓ∗ workers. Here two forces work in opposite direc-

tions. As γ increases, fewer plants transition from below to above ℓ∗ workers, as the option

to fire a worker in the future is more costly to exercise above the threshold. At the same

time, fewer plants transition from above the threshold to below it, since plants above ℓ∗ are

now retained there. The steady-state density of plants just below the regulatory threshold

therefore reflects both fewer outflows to and fewer inflows from higher employment levels,

and the net effect depends on which force dominates.

I illustrate this with a numerical example. Fixing ℓ∗ = 100 workers and setting all pa-

rameters at the values in Table A.5, I solve for the steady-state distribution using equations

(22)–(23). I then steadily increase γ, holding the remaining parameters fixed, and recom-

pute the steady-state distribution for each value. Figure 2b reports the resulting change in

the density of plants in the same two bands, relative to the benchmark. As γ rises, the den-

sity of plants above the threshold increases monotonically, and by more than the density

below it.

To summarize, holding all else equal, a wage wedge lowers transition probabilities from

below to above the regulatory threshold. This produces the canonical signature of a size-

based regulation: excess mass below the threshold and missing mass above it. On the other

hand, a firing cost wedge lowers both upward and downward transitions around the regu-

latory threshold, thereby attenuating or even reversing the bunching signature. So if firing

costs dominate the regulatory burden, or if the regulation combines a high wage wedge with

a high firing cost, a bunching-based estimator would understate its cost. Transitions around

the threshold together with plant density on either side of it, provided that other frictions

are disciplined separately, therefore allow me to disentangle the nature of the regulatory

costs.
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FIGURE 2.—Impact of Regulatory Costs on Steady-State Plant Size Distribution

Notes: The height of each bar is the percentage change in the share of plants in each employment band, relative
to the baseline. The baseline is one in which all parameters, including both wedges, take the values reported in
Table A.5. Panel (a) raises the wage wedge τ above its baseline value while holding the firing wedge γ and all
other parameters fixed. Panel (b) raises γ above its baseline value while holding τ and all other parameters fixed.
In each case, I recompute the policy functions and the steady-state plant size distribution from equations (22)–
(23). The regulatory threshold is held at 100 full-time workers throughout.

6. ESTIMATION PROCEDURE

In order to quantify the magnitude of regulatory costs, I fit the above framework to plant-

level data from the treated states. Recall that the regulatory threshold was 100 full-time

workers prior to the reform. The policy reform that was implemented in these states in-

creased the regulatory threshold from 100 to 300 full-time workers. I assume that the plant

size distribution of treated states during the year before the reform was in steady state. The

causal impacts shown in Section 4 are informative about how transition probabilities and

the contract labor share of plants in the treated states around 100 full-time workers changed

because of the policy reform. I exploit these causal impacts to identify key parameters in

my model. The reform-induced variation in the contract labor share is informative about the

elasticity of substitution between full-time and contract workers. The reform-induced vari-

ation in transition probabilities around the threshold, together with the density of plants on

either side of it, pins down the magnitude of the regulatory costs. The detailed estimation

procedure is described below.
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6.1. Parameters Not Estimated

Several parameters are not identified by the model, so I either take these from external

sources or calibrate them. Following Chatterjee et al. (2025), I set the annual Poisson exit

rate s to 0.03. Following De Loecker et al. (2016), I set the elasticity of substitution between

different varieties µ to 3.94. The rate of time preference r is set to 0.05, corresponding to

an annual interest rate of 5%. I also normalize the price of materials rm to 1.

The material and labor shares in output, αM and αL, are calibrated using all-India data.

For each industry, I first calculate the median share of deflated material expenditure in

deflated revenue, and the median share of deflated total wage bill in deflated revenue. These

medians directly map to αM

(
µ−1
µ

)
and αL

(
µ−1
µ

)
, respectively. Dividing each median

share by µ−1
µ yields the industry-specific values of αM and αL. Because the model has

a single sector, I then average these values across industries to obtain the values used in

estimation.

The full-time and contract wage rates, wf and wc, are calibrated from the treated states in

the year before the reform. Specifically, wf is computed as the median of the deflated wage

bill for full-time workers divided by the number of full-time workers, while wc is computed

as the median of the deflated wage bill for contract workers divided by the number of

contract workers. The aggregate expenditure in treated states I is set to be equal to the sum

of deflated revenues for all plants in the treated states during the year before the reform.

Finally, the Dixit-Stiglitz price index P for the year before reform is normalized to 1.

6.2. Parameters to be Estimated

The remaining parameters to be estimated are collected in Ω below:

Ω= (v, z̄,∆ϵ, nϵ, λϵ, τ, γ, ϕh, δ0, ϕf )

I proceed sequentially as follows. As the first step, I estimate the elasticity of substitu-

tion between full-time and contract workers (v). In the second step, I compute plant pro-

ductivities and estimate parameters of the productivity evolution process (z̄,∆ϵ, nϵ, λϵ). In

the third step, I estimate the remaining parameters using simulated method of moments

(τ, γ,ϕh, δ0, ϕf ). I describe each step in more detail below.
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6.2.1. Elasticity of Substitution between Workers

I first estimate the elasticity of substitution between full-time and contract workers (v).

Recall from (16) that flow profits of a plant with productivity ϵ and lf full-time workers are

given by:

Π(lf , ϵ) = max
lc,m≥0

{
R(q(ϵ, lf , lc,m))−wclc − rmm

}
(25)

I take the first order conditions of (25) with respect to lc and m, and combine them to

obtain equation (26). Here, l∗c ,m
∗ denote optimal contract labor and materials, at which the

marginal revenue product of each input equals its factor price.

log
[αL(

µ− 1

µ
)R(q(ϵ, lf , l

∗
c ,m

∗))−wcl
∗
c

wcl
∗
c

]
=

(
v− 1

v

)
log

[
lf
l∗c

]
(26)

The left-hand side of equation (26) measures revenue – adjusted for markup and pay-

ments to variable inputs – relative to the contract-labor wage bill. The right-hand side is the

ratio of full-time to contract workers in equilibrium. Identification of v comes from com-

paring the extent to which the left-hand side of equation (26) responds to reform-induced

variation in equilibrium lf
l∗c

around the regulatory threshold. When full-time and contract

labor are highly substitutable, plants respond to a relaxation of size-based regulations pri-

marily by substituting away from contract labor towards full-time workers. This leads to

a sharp decline in contract-labor expenditure wcl
∗
c , while the labor composite, output, and

revenues change only modestly. As a result, a given percentage increase in equilibrium
lf
l∗c

will be accompanied by a large increase in the left-hand side of equation (26) when v

is high. In contrast, when substitution between full-time and contract labor is limited, the

policy-induced increase in full-time employment leads to little adjustment in contract labor,

and contract-labor expenditures wcl
∗
c remain largely unchanged. The increase in full-time

labor raises the effective labor composite, but revenue net of markup and payments to vari-

able inputs increases only modestly. Consequently, the left-hand side responds only weakly

to changes in equilibrium lf
l∗c

when v is low.

Equation (27) is the empirical counterpart of equation (26), which I estimate using two-

stage least squares (2SLS).
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log
[αL(

µ− 1

µ
)R(q(ϵ, lf , l

∗
c ,m

∗))−wcl
∗
c

wcl
∗
c

]
ijst

=

(
v− 1

v

)
log

[
lf
l∗c

]
ijst

+αjt + θsk + λkt + uijst

(27)

Here, i indexes plant, j industry, s state, and t time. αjt are industry×year fixed ef-

fects that control for time-varying industry-specific shocks, θsk are state × lagged size-bin

fixed effects that account for time-invariant differences across state-lagged size bins, λkt
are lagged size bin × year fixed effects that capture aggregate shocks by plant size. In

equation (27), log(lf/l∗c ) is treated as an endogenous regressor and is instrumented using

the policy-induced variation in the regulatory threshold in the treated states. The first-stage

regression follows the same specification as in equation (7). The fitted values from the

first-stage regression are used in equation (27) to recover v̂. Note the estimating equation

includes the same fixed effects structure as the first stage, ensuring that identification of v is

driven exclusively by reform-induced variation in labor composition around the regulatory

threshold.20

6.2.2. Productivity and Productivity Evolution Parameters

Using the estimated parameters of the revenue function (v, αL, αM , µ), and observed

data on deflated revenues and deflated inputs, I recover plant-level productivity ϵ as a resid-

ual from the revenue function. Rearranging equation (10) yields equation (28) for the log-

arithm of plant productivity, where i indexes plants and t time.21

log(ϵit) =
µ

µ− 1
log

(
Rit

Pt

)
− 1

µ− 1
log(

It
Pt

)− αM log(mit)−
αLv

v− 1
log

(
l
v−1
v

f,it + l
v−1
v

c,it

)
(28)

20Although equation (27) links observable plant characteristics to the elasticity of substitution between worker
types, estimating this via ordinary least squares (OLS) would yield biased estimates of v. For instance, there could
be unobserved plant-level productivity or demand shocks that affect both equilibrium lf

l∗c
and the left-hand side of

equation (27). I estimate equation (27) using 2SLS to address this endogeneity concern.
21All nominal variables are expressed in real terms as described earlier – in particular, mit denotes deflated

material expenditure.
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I then estimate the parameters of the stochastic process governing plant-level productivity.

As described in Section 5.1.2, the logarithm of productivity zit ≡ log ϵit follows an exoge-

nous, first-order Markov process on a grid of 2nϵ + 1 points spaced ∆ϵ > 0 apart. Shocks

arrive at Poisson rate λϵ > 0, and conditional on a shock, z moves up or down one grid point

with mean-reverting probabilities given in equation (11). In continuous time, this stochastic

jump process can be expressed as:

dzt =−ρ (zt − z̄)dt+ ς dxt, (29)

where ρ= λϵ
nϵ

is the speed of mean reversion, ς =∆ϵ
√
λϵ is the instantaneous volatility, z̄

is the long-run mean of log productivity, and dxt is a martingale innovation with zero mean

and variance dt. Following the argument in Shimer (2005) and Eaton et al. (2022), as the

productivity grid gets finer – formally, by rescaling the grid spacing and shock arrival rate

appropriately – the innovations converge to a Brownian motion, and the above stochastic

jump process converges to the Ornstein–Uhlenbeck (O-U) process in equation (30).

dzt =−ρ (zt − z̄)dt+ ς dBt, dBt ∼N (0, dt), (30)

where Bt is a standard Brownian motion. The mapping between the discrete-grid param-

eters and the O-U parameters remains ρ = λϵ/nϵ and ς = ∆ϵ
√
λϵ; the long-run mean z̄

is unchanged. Derivations of the convergence and the parameter mapping are provided in

Appendix II.

My data are annual, so I observe plant productivity at discrete yearly intervals. There-

fore, I estimate the following discrete-time counterpart of the O-U process using annual

log-productivities at the plant level {zit}:

zit+1 = (1− e−ρ)z̄ + e−ρzit + ξit+1, ξit+1 ∼N
(
0,

ς2

2ρ
(1− e−2ρ)

)
(31)

From equation (31), I estimate the persistence e−ρ̂ and the innovation variance ς̂2

2ρ̂(1−e−2ρ̂)

by ordinary least squares. The long-run mean z̄ is computed from the estimated intercept

of equation (31). I then fix the number of grid points nϵ, guided by numerical convenience

and the desired coverage of the productivity distribution. Given ρ̂ and ς̂2, the discrete-grid
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parameters are determined as λ̂ϵ = nϵρ̂ and ∆̂ϵ = ς̂/
√
λ̂ϵ. This procedure ensures that the

exogenous productivity dynamics in the model reproduce the observed annual persistence

and volatility of plant-level productivity in the data.

6.2.3. Estimation of Remaining Parameters

The third step involves estimating the remaining policy invariant parameters and the

magnitude of regulatory costs given in Ω = {τ, γ,ϕh, δ0, ϕf} using Simulated Method of

Moments (SMM). Ω is chosen to minimize the following objective function:

G(Ω) = [m̄−m(Ω)]′W [m̄−m(Ω)] (32)

Here, m̄ is the vector of empirical moments, m(Ω) are the model counterparts of m̄, and W

is a diagonal weighting matrix with diagonal elements equal to the inverse of the squared

empirical moments.22 I construct three sets of moment conditions. The first set targets

features of the pre-reform steady-state plant size distribution and plant dynamics. The sec-

ond targets the corresponding features of the post-reform distribution. The third targets the

reform-induced changes in plant dynamics estimated in Section 4.

Specifically, for a given parameter vector Ω and regulatory threshold ℓ∗ at 100 full-time

workers, I compute the steady-state plant size distribution using equations (22)–(23). From

this distribution, I compute the moments reported in Panel A of Table II. To capture how hir-

ing behavior varies with plant size, I compare the average employment growth rate among

expanding plants across the first, second, and third quartiles of the plant-size distribution.

To capture how firing behavior varies with plant size, I compute the mean contraction rate

among contracting plants with fewer than 100 workers, the mean contraction rate among

contracting plants with 101–200 workers, and the slope of the contraction rate on log plant

size.

To capture plant dynamics around the regulatory threshold prior to the reform, I use: (1)

the mass of plants at exactly 100 workers relative to the mass at 101 workers; (2) the mean

mass of plants with 101–105 workers relative to those with 91–99 workers; and (3) the

22The moments I target differ substantially in scale, as Table II shows. This weighting places equal weight on
the percentage deviation of each model moment from its empirical counterpart, and makes the objective function
independent of the units in which the moments are measured.
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mean mass of plants with 96–100 workers relative to those with 92–95 workers. Finally, to

characterize the right tail of the distribution, I compute the log-odds of the share of plants

employing fewer than 507 full-time workers, which corresponds to the 99th percentile of

plant size in the data. These model moments are matched with their empirical counterparts

from the pre-reform years to form the first set of moment conditions.

I then consider an alternative regime in which the regulatory threshold is raised from

100 to 300 full-time workers. I recompute the policy functions and the steady-state plant

size distribution under this regime, allowing the price index to adjust so that the free entry

condition (19) continues to hold. From the post-reform distribution, I compute two of the

measures described above: the mass of plants at exactly 100 workers relative to the mass at

101, and the mean mass of plants with 96–100 workers relative to those with 92–95. These

form the second set of moment conditions, reported in Panel B of Table II. Comparing the

two regimes, I also compute the change in the probability that plants transition from below

to above 100 full-time workers, and the change in the contract labor share of plants near

100 full-time workers. These are matched with their reduced-form counterparts estimated

in Section 4 to form the third set, reported in Panel C.

6.3. Identification and Model Fit

While all parameters in Ω are estimated jointly and every moment responds to more than

one parameter, certain moments are particularly informative about particular parameters.

The economies-of-scale parameter in hiring, ϕh, governs how the marginal cost of search

differs between large and small plants for the same search effort. It therefore determines

whether larger plants find it relatively easier or harder to expand than smaller ones. The

ratios of average employment growth rates among expanding plants across quartiles of the

plant-size distribution are informative about ϕh. The right tail of the plant size distribution

is also informative about ϕh. I summarize the right tail by the log-odds of the share of

plants employing fewer than 507 full-time workers, the 99th percentile of plant size in the

pre-reform data.

Analogously, the economies-of-scale parameter in firing, ϕf , governs how the marginal

cost of expediting separations differs between large and small plants. The slope of the

contraction rate on log plant size is therefore directly informative about ϕf .
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The two regulatory wedges, τ and γ, are identified jointly from plant behavior around

100 full-time workers before and after the reform. As discussed in Section 5.5, both wedges

reduce the probability with which plants transition from below to above 100 full-time work-

ers prior to the reform. What distinguishes the two is the density of plants on either side of

the threshold: higher τ builds up mass below 100 workers and depletes it above, whereas

higher γ builds up mass above 100 workers. Therefore, plant density on either side of

100 full-time workers both before and after the reform, together with the reform-induced

change in transition probabilities and in contract labor share around 100 workers, is infor-

mative about the two wedges.

Finally, the exogenous separation rate δ0 absorbs the residual component of mean con-

traction rates and threshold moments, once ϕh, ϕf , τ and γ are disciplined by the above

moments.

Table II lists the set of moments used to estimate the parameters in Ω. Model predic-

tions match their data counterparts closely. Panels A and B show that the model captures

plant dynamics well both before and after the reform. Panel C shows that it reproduces the

reform-induced changes estimated in Section 4.2.

6.4. Parameter Estimates

Table III reports the parameter estimates. The elasticity of substitution between full-

time and contract workers v̂ is estimated to be 2.08, suggesting moderate substitutability

between the two types of workers. The estimated productivity process has an annual auto-

correlation of e−ρ̂ = 0.868 and mean log productivity z̄ = −2.6. In continuous time, this

corresponds to a mean-reversion rate ρ̂= 0.141 and volatility ς̂ = 0.41. For the numerical

solution, I set nϵ = 20, implying 41 grid points for productivity. This implies an annual

shock arrival rate λ̂ϵ = 2.82 and grid spacing ∆̂ϵ = 0.244.

The estimated economies-of-scale parameters imply that larger plants adjust employ-

ment more readily than smaller ones, on both the hiring and firing margins. Turning to

regulatory costs, the estimates are substantial. Over and above the baseline firing costs that

all plants face, the IDA imposes an additional firing cost equal to 1.657 times the annual

wage for each worker fired. The wedge on their wage rate is 1.54%.
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TABLE II

TARGETED MOMENTS: MODEL VERSUS DATA

Moments Model Data

Panel A: Pre-reform steady state

Hiring behavior by plant size
Expansion growth rate: quartile 1 / quartile 2 1.608 1.550
Expansion growth rate: quartile 2 / quartile 3 1.154 1.160

Firing behavior by plant size
Mean contraction rate, plants with <100 workers −0.416 −0.377
Mean contraction rate, plants with 101–200 workers −0.271 −0.300
Slope of contraction rate on log plant size 0.028 0.029

Dynamics around the regulatory threshold
Mass at 100 workers / mass at 101 workers 1.233 1.234
Mean mass at 101–105 / mean mass at 91–99 1.059 1.106
Mean mass at 96–100 / mean mass at 92–95 1.066 1.076

Right tail of the distribution
Share of plants below 507 workers (log-odds) 5.103 4.595

Panel B: Post-reform steady state

Mass at 100 workers / mass at 101 workers 1.032 0.986
Mean mass at 96–100 / mean mass at 92–95 0.971 0.975

Panel C: Change induced by the reform

Transition prob. from below to above 100 workers (pp) 5.4 5
Contract labor share around 100 workers (% change) −4.2 −4.29

Notes: Data moments are computed from ASI plant-level data for the treated states. Panel A reports moments
from the years before the reform, Panel B from the years after the reform, and Panel C the reform-induced changes
estimated in Section 4. The 507-worker cutoff in Panel A corresponds to the 99th percentile of plant size in the
pre-reform data. Transition probabilities in Panel C refer to plants with 81–100 full-time workers moving to 100
or more workers, corresponding to the finer bin specification in Section 4.2. All data moments in panels A and B
are first computed within each 2-digit industry and then averaged across industries, weighting each industry by its
share of total revenue in the pre-reform years.

7. COUNTERFACTUAL EXPERIMENTS

Having estimated the magnitude of regulatory costs, I now use the model to quantify

their aggregate implications. I consider two sets of counterfactual experiments. The first
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TABLE III

PARAMETER ESTIMATES

Parameter Description Estimate

Panel A: Estimated by 2SLS

v Elasticity of substitution between worker types 2.08

Panel B: Estimated from the productivity process

ρ Mean reversion rate of the O-U process 0.141
ς Instantaneous volatility of the O-U process 0.410
∆ϵ Spacing of the log productivity grid 0.244
λϵ Annual arrival rate of productivity shocks 2.820

Panel C: Estimated by SMM

ϕh Economies of scale in hiring 0.917
ϕf Economies of scale in firing 1.347
δ0 Exogenous separation rate 0.081
τ Wedge on wage rate imposed by regulation 1.54%
γ/wf Firing cost per worker dismissed, in annual wages 1.657

Notes: Panel A reports the elasticity of substitution between full-time and contract workers, estimated by two-stage
least squares, as described in Section 6.2.1. Panel B reports parameters of the productivity process as described
in Section 6.2.2. Panel C reports parameters estimated by simulated method of moments as described in Section
6.2.3.

set holds the regulatory threshold at 100 full-time workers and considers two cases: remov-

ing the wage wedge τ alone, and removing both regulatory wedges (τ and γ). The wage

wedge arises from the enforcement regime rather than from the letter of the law itself, so

removing it corresponds to eliminating the rents extracted through inspections while leav-

ing the restriction on dismissals in place. Removing both wedges corresponds to repealing

the regulation altogether. The second set holds both wedges at their estimated values in

Table III and varies the threshold ℓ∗. This speaks to the design of the regulation rather than

its intensity.

Table IV reports the first set of results. Removing the wage wedge alone raises aggregate

output by 0.13% and full-time employment by 1.65%, but leaves value added per worker

essentially unchanged. Removing both wedges raises output by 1.56%, full-time employ-

ment by 11.79%, and value added per worker by 1.33%. Therefore, the regulatory burden
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in this setting is overwhelmingly a firing cost: eliminating the costs of corrupt enforcement,

while leaving the constraint on dismissals intact, recovers less than a tenth of the available

output gains.

Multiple forces are at work here. Removing the firing wedge lowers the cost of firing

workers, so separations rise. It also increases the value of hiring additional workers, so

hiring rises as well. That full-time employment increases indicates that the increase in

hiring dominates the increase in separations. This impacts aggregate output and value added

per worker through two channels. First, workers get reallocated across plants: those that

were hoarding labor release it, and those that search more intensely absorb it, so workers

move toward plants that use them more productively. Second, more plants enter, since the

value of entry rises.

TABLE IV

COUNTERFACTUAL EFFECTS OF REMOVING REGULATORY WEDGES

Outcome (A) (B)
ℓ∗ = 100, τ = 0, γ fixed ℓ∗ = 100, τ = 0, γ = 0

Aggregate output +0.13% +1.56%
Full-time employment +1.65% +11.79%
Share of full-time employment +1.47% +11.54%
Value added per worker −0.05% +1.33%

Notes: All entries are percentage changes relative to the baseline equilibrium. The baseline equilibrium is one in
which the regulatory threshold is set at 100 full-time workers, and both regulatory wedges take their estimated
values from Table III. Column (A) removes the wage wedge τ arising from the enforcement regime while retaining
the firing wedge γ. Column (B) removes both wedges. The regulatory threshold is held at 100 full-time workers
throughout. In each experiment, I recompute the policy functions and the steady-state plant size distribution,
allowing the price index to adjust so that the free entry condition (19) continues to hold. Aggregate output is
measured as I/P , where P is the equilibrium price index, since aggregate expenditure is fixed and market clearing
(24) holds in every regime. Value added per worker is real value-added divided by total number of workers,
comprising both full-time and contract workers.

Table V reports the results from varying the regulatory threshold, holding both wedges

at their estimated values. Aggregate output and value added per worker are monotone in

ℓ∗. Relative to a threshold of 100 full-time workers, extending the regulation to all plants

lowers output by 1.14%, tightening the threshold to 50 workers lowers it by 0.48%, relaxing

it to 300 workers raises it by 0.82%, and removing the regulation entirely raises it by 1.56%.

The reform that actually took place in the treated states, which relaxed the threshold to 300



44

full-time workers, therefore delivers roughly half of the gains available from full repeal.

The mechanism behind the output response is the same one at work in the first set of

experiments.

Aggregate full-time employment, by contrast, is not monotone. It rises by 2.78% when

the regulation is extended to all plants (column A) and by 11.79% when the regulation is

removed entirely (column D), but these two increases have very different sources. When

the regulation binds universally, a wide range of plants stop firing actively altogether, and

employment rises because separations fall by more than hires. Output falls by 1.14% and

value added per worker by 2.22% at the same time, so the additional workers are retained at

plants that would otherwise release them. When the regulation is removed altogether, em-

ployment rises alongside output and value added per worker, reflecting reallocation rather

than retention. Reading the employment response in isolation would thus give a misleading

account of the regulation’s effects, and it is the joint behavior of output and employment

that distinguishes the two cases.

TABLE V

COUNTERFACTUAL EFFECTS OF VARYING THE REGULATORY THRESHOLD

Outcome (A) (B) (C) (D)
ℓ∗ = 0 ℓ∗ = 50 ℓ∗ = 300 No threshold

Aggregate output −1.14% −0.48% +0.82% +1.56%
Full-time employment +2.78% −1.03% +4.55% +11.79%
Share of full-time employment +1.66% −1.17% +4.54% +11.54%
Value added per worker −2.22% −0.62% +0.81% +1.33%

Notes: All entries are percentage changes relative to the baseline equilibrium. The baseline equilibrium is one
in which the regulatory threshold is set at 100 full-time workers and both wedges take their estimated values
from Table III. Column (A) extends the regulation to all plants; column (B) tightens the threshold to 50 full-time
workers; column (C) relaxes it to 300 full-time workers, corresponding to the reform enacted in the treated states;
and column (D) removes the regulation entirely. In each experiment, both wedges are fixed at their estimated
values. Aggregate output is measured as I/P , where P is the equilibrium price index, since aggregate expenditure
is fixed and market clearing (24) holds in every regime. Value added per worker is real value-added divided by
total headcount, comprising both full-time and contract workers.

8. CONCLUSION

Firms in many countries face stricter regulation once their employment crosses a thresh-

old. This paper asks how costly such rules are, what they imply for overall employment
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and output, and what trade-offs policymakers face in reforming them. I answer these ques-

tions in the context of Chapter V-B of India’s Industrial Disputes Act of 1947 (IDA), which

applies to manufacturing plants with 100 or more full-time workers. The IDA imposes

two distinct costs: a restriction on dismissal requiring government authorization, and an

enforcement regime of frequent inspections whose burden rises with the full-time work-

force. To measure these costs, I exploit a set of reforms beginning in 2014, in which several

Indian states raised the IDA’s applicability threshold from 100 to 300 full-time workers.

My analysis has three parts. First, I use the staggered reforms to provide causal evidence

on how plants responded to the change in regulatory threshold. Second, I build a dynamic

model of heterogeneous plants facing labor market frictions and use it to show how the two

costs imposed by the IDA affect plant dynamics differently. Third, I combine the natural

experiment and causal estimates with the structural model to quantify each cost, assess the

aggregate implications of the regulation, and evaluate counterfactual regulatory regimes.

I find the burden to be overwhelmingly a firing cost. Decomposing the regulatory burden

in this way is possible because the two costs leave different imprints on the plant size

distribution. A wage wedge lowers the probability that plants transition from below to

above the threshold, producing the canonical signature of bunching: excess mass below

and missing mass above the threshold. A firing wedge lowers transitions in both directions,

since plants above the threshold hoard labor amidst negative productivity shocks while

plants below it search less intensively for workers who will be costly to let go of later. It

therefore attenuates the bunching signature, however costly the underlying regulation may

be. This yields a broader implication that extends beyond this setting: wherever a size-based

rule operates primarily through dismissal costs, a bunching-based estimator will understate

its cost.

How do these plant-level distortions translate into aggregate outcomes? The answer de-

pends importantly on how broadly the regulation applies. Extending it to all plants reduces

output and value added per worker, even as full-time employment and its share in total

employment rise. This is because a wide range of plants stop actively firing altogether,

so workers are retained at plants that would otherwise release them, weakening the align-

ment between full-time employment and plant productivity, and lowering aggregate output

and value added per worker. Repealing the regulation has the opposite effect: plants that

had been hoarding full-time labor release it, while more productive plants search more in-



46

tensively for workers, improving the allocation of full-time labor across plants. Aggregate

output rises by 1.56%, value added per worker by 1.33%, full-time employment by 11.79%,

and share of full-time employment by 11.54%. The 100-to-300-worker threshold reform,

which I study using staggered state-level implementation, recovers roughly half of these

gains, raising output by 0.82% and value added per worker by 0.81%. These estimates pro-

vide a quantitative assessment of the threshold change subsequently adopted nationally in

India’s Industrial Relations Code, 2020. All of these results, however, are measured from

the plant side. Whether reforming the IDA leaves workers better off, through the compo-

sition of employment or the security of the jobs it was intended to protect, is a question I

leave for future research.
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I: Institutional Background and Reduced-Form Evidence

FIGURE A.1.—French firm size distribution
Source: Gourio and Roys (2014)

FIGURE A.2.—Indian plant size distribution
Source: Hsieh and Olken (2014)

TABLE A.1

PERCENTAGE DISTRIBUTION OF CASES PENDING BEFORE LABOR COURTS IN INDIA AS OF OCTOBER 2020

All India

0 to 1 year 35.24%
1 to 3 years 27.75%
3 to 5 years 15.78%
5 to 10 years 13.38%
10 to 20 years 6.90%
20 to 30 years 0.93%
30+ years 0.02%

Total 146660

Source: National Judicial Data Grid, Shyam Sundar (2020)
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TABLE A.2

PENDENCY OF LABOR CASES IN HIGH COURTS AS OF DECEMBER 2013

Pendency of Cases as on Dec 2013 % Share

Allahabad 10,43,398 23.38%
Madras 5,57,479 12.49%
Bombay 3,49,837 7.84%
Rajasthan 3,07,640 6.89%
Calcutta 2,80,006 6.27%
Punjab-Haryana 2,62,760 5.89%
Madhya Pradesh 2,61,611 5.86%
Andhra Pradesh 2,32,459 5.21%
Orissa 2,06,822 4.63%
Karnataka 1,96,972 4.41%
Kerala 1,32,159 2.96%
Patna 1,32,155 2.96%
Jammu-Kashmir 93,038 2.08%
Gujarat 91,953 2.06%
Jharkhand 72,958 1.63%
Delhi 64,652 1.45%
Himachal Pradesh 60,073 1.35%
Chhattisgarh 44,139 0.99%
Guwahati 40,912 0.92%
Uttarakhand 20,686 0.46%
Tripura+Manipur+Meghalaya 10,876 0.24%
Sikkim 120 0.00%

Total 44,62,705 100%

Source: Lok Sabha Unstarred Question No. 812 (November 24, 2014); Shyam Sundar (2020)
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FIGURE A.3.—List of treated states and their year of treatment

Treated States

(a) Treated States in 2014

Treated States

(b) Treated States in 2015

Treated States

(c) Treated States in 2016

Treated States

(d) Treated States in 2017

Notes: Each panel shows the set of Indian states (in blue) that had raised the IDA’s applicability threshold from
100 to 300 full-time workers by the indicated year. Rajasthan was the first state to implement the reform in 2014,
followed by Madhya Pradesh, Andhra Pradesh, and Uttarakhand in 2015, Haryana in 2016, and Maharashtra and
Jharkhand in 2017. Unshaded states retained the original threshold of 100 full-time workers throughout the sample
period.
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TABLE A.3

POLICY IMPACT ON TRANSITIONS (ROBUSTNESS CHECK WITH FINER BINS)

(1)
Transition probabilities

1[Postst] -0.01
(0.013)

1[Postst] × lfisjt−1 ∈ (20,40] 0.005
(0.015)

1[Postst] × lfisjt−1 ∈ (40,60] -0.005
(0.020)

1[Postst] × lfisjt−1 ∈ (60,80] 0.010
(0.020)

1[Postst] × lfisjt−1 ∈ (80,100] 0.050∗∗∗

(0.015)

1[Postst] × lfisjt−1 ∈ (100,200] 0.021
(0.012)

1[Postst] × lfisjt−1 ∈ (200,300] -0.028∗∗

(0.012)

1[Postst] × lfisjt−1 > 300 0.010∗

(0.005)

Observations 198703
Industry × Year FE Yes
State × Lagged size-bin FE Yes
Lagged size-bin × Year FE Yes

Notes: Each observation is at the plant-year level. Plants are assigned
to finer size bins based on their full-time employment: 0–20, 21–40,
41–60, 61–80, 81–100, 101–200, 201–300, and 300+. The depen-
dent variable equals one if a plant transitions to a higher bin in the
following year. The table reports coefficients from specification (4).
Post is a state-year indicator equal to one if the state had raised the
regulatory threshold to 300 full-time workers by that year. Bin 0–
20 is the omitted category. Bins 81–100 and 201–300 are policy-
relevant, while the remaining bins serve as placebos. The sample
includes all major Indian states and covers 1999–2018. Robust stan-
dard errors clustered at the state level in parentheses. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01
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Event Study Graphs: Policy Impact on Transitions of Plants

FIGURE A.4.—Bin: 51-100 workers
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FIGURE A.5.—Bin: 101-200 workers
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FIGURE A.6.—Bin: 201-300 workers
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Note: Each figure plots estimated coefficients and 95% confidence intervals from the event study specification
(5). The horizontal axis measures event time relative to the year of policy implementation (τ = 0). The omitted
period is τ =−1, and τ =−10 groups all periods ten or more years before the reform. Each figure above captures
the change in the gap in upward transition probabilities between the indicated bin and Bin 1 (0–50 workers) at
event time τ , relative to τ =−1. Figure A.4 reports estimates for Bin 2 (51–100 workers), figure A.5 for Bin 3
(101–200 workers), and figure A.6 for Bin 4 (201–300 workers). The sample includes all major Indian states and
covers 1999–2018.
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TABLE A.4

POLICY IMPACT ON TRANSITIONS AND SUBSTITUTION PATTERNS: STACKED

DIFFERENCE-IN-DIFFERENCES

(1) (2) (3)
Transition Share of Log(Investment rate)

probabilities contract labor

1[Postst] -0.006 0.012 0.006
(0.007) (0.013) (0.006)

1[Postst] × lfijst−1 ∈ (50,100] 0.041∗∗∗ -0.026∗ -0.013
(0.010) (0.015) (0.008)

1[Postst] × lfijst−1 ∈ (100,200] 0.015 0.001 -0.004
(0.014) (0.024) (0.008)

1[Postst] × lfijst−1 ∈ (200,300] -0.034∗∗ -0.004 -0.004
(0.015) (0.027) (0.013)

1[Postst] × lfijst−1 > 300 0.007 0.002 -0.003
(0.005) (0.025) (0.009)

Observations 602961 304415 636446
Industry × Year FE Yes Yes Yes
State × Lagged size-bin FE Yes Yes Yes
Lagged size-bin × Year FE Yes Yes Yes
Cohort × Year FE Yes Yes Yes

Notes: Each observation is at the plant-year-cohort level. Treated states are divided into four cohorts based on
their year of policy adoption (2014, 2015, 2016, 2017). Each cohort dataset includes plants from that cohort’s
treated states together with plants from never-treated states. The four datasets are stacked, and the specification
includes cohort-by-year fixed effects to ensure comparisons are made only between treated and never-treated
states within each cohort. In column 1, the dependent variable equals one if a plant transitions to a higher size bin
in the following year. In column 2, the dependent variable is the contract labor share. In column 3, the dependent
variable is the log investment rate in plant and machinery. Post is a cohort-year indicator equal to one if year t is
at or after the adoption year for cohort c. Bin 0–50 is the omitted category. All specifications include industry-
by-year, state-by-lagged size bin, lagged size bin-by-year, and cohort-by-year fixed effects. The sample includes
all major Indian states and covers 1999–2018. Robust standard errors clustered at the state level in parentheses. ∗

p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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APPENDIX: II: MODEL

A: Convergence of the Discrete Productivity Process to the Ornstein–Uhlenbeck Process

This section provides details on the convergence of the discrete stochastic process for

log productivity described in Section 5.1.2 to the continuous-time Ornstein–Uhlenbeck (O-

U) process stated in equation (30). It then derives the discrete-time representation used for

estimation in equation (31) and characterizes the stationary distribution.

A.1 Conditional Moments of the Discrete Process

Recall from Section 5.1.2 that log productivity z = log(ϵ) lies on a grid with 2nϵ + 1

points spaced ∆ϵ apart, centered at z̄. Shocks arrive at Poisson rate λϵ, and conditional on

a shock, z moves up or down by ∆ϵ with probabilities p(z) and 1 − p(z) as defined in

equation (11). Within an infinitesimal interval dt, the change dz satisfies:

dz =


0 with probability 1− λϵ dt,

+∆ϵ with probability λϵ dt · 12
(
1− z−z̄

nϵ∆ϵ

)
,

−∆ϵ with probability λϵ dt · 12
(
1 + z−z̄

nϵ∆ϵ

)
Computing the conditional mean:

E[dz | z] = ∆ϵ · λϵ dt · 12
(
1− z−z̄

nϵ∆ϵ

)
−∆ϵ · λϵ dt · 12

(
1 + z−z̄

nϵ∆ϵ

)
=−λϵ

nϵ
(z − z̄)dt = −θ(z − z̄)dt, (A.33)

where θ ≡ λϵ/nϵ. For the conditional variance:

Var[dz | z] = E[dz2 | z]− {E[dz | z]}2

=∆2
ϵλϵ dt = ς2 dt, (A.34)
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where ς2 ≡∆2
ϵλϵ and the (dt)2 term vanishes for infinitesimal dt. The change in log pro-

ductivity can therefore be written as:

dz =−θ(z − z̄)dt+ ς dx, dx≡ dz −E[dz | z]
ς

, (A.35)

where dx is a zero-mean, unit-variance (per dt) innovation.

A.2 Convergence to the O-U Process

On the discrete grid, dx in (A.35) has jumps and is therefore not Gaussian. Following

Shimer (2005), consider refining the grid by replacing the parameters (∆ϵ, λϵ, nϵ) with

(∆ϵ

√
δ, λϵ/δ, nϵ/δ) for δ > 0. Under this reparameterization, the conditional mean and

variance are invariant:

θ =
λϵ/δ

nϵ/δ
=

λϵ
nϵ

, ς2 = (∆ϵ

√
δ)2 · λϵ

δ
=∆2

ϵλϵ.

As δ → 0, the step size ∆ϵ

√
δ → 0, the arrival rate λϵ/δ →∞, and the number of shocks

within any interval dt grows without bound. Each shock contributes a vanishingly small

increment, so dz becomes the sum of a large number of independent, small, mean-zero

shocks. Since E[dz | z] and Var[dz | z] remain finite and constant across δ, the Lindeberg

condition is satisfied: for every ξ > 0, each individual shock size |dzi| = ∆ϵ

√
δ satisfies

|dzi|/ς → 0 as δ → 0. By the Lindeberg–Feller central limit theorem for triangular arrays,

the standardized innovation converges in distribution:

dx
d−→ N (0, dt) as δ→ 0.

Substituting into (A.35) and writing dx = dBt where Bt is a standard Brownian motion

yields the O-U process:

dzt =−θ(zt − z̄)dt+ ς dBt, dBt ∼N (0, dt). (A.36)
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A.3 Discrete-Time Representation

To derive the discrete-time counterpart used for estimation in equation (31), multiply

both sides of the O-U process (A.36) by the integrating factor eθt:

eθt dzt + θeθtzt dt= θz̄ eθt dt+ ς eθt dBt =⇒ d
[
eθtzt

]
= θz̄ eθt dt+ ς eθt dBt

Integrating from t to t+∆t:

eθ(t+∆t)zt+∆t − eθtzt = z̄
[
eθ(t+∆t) − eθt

]
+ ς

∫ t+∆t

t
eθs dBs

Dividing through by eθ(t+∆t):

zt+∆t = e−θ∆t zt + z̄
(
1− e−θ∆t

)
+ ξt+∆t, (A.37)

where the innovation ξt+∆t ≡ ς e−θ(t+∆t)
∫ t+∆t
t eθs dBs is an Itô integral with respect to

Brownian motion. Since E
[∫ t+∆t

t eθs dBs

]
= 0, it follows that E[ξt+∆t] = 0. By the Itô

isometry,

Var[ξt+∆t] = ς2 e−2θ(t+∆t)

∫ t+∆t

t
e2θs ds= ς2 e−2θ∆t · e

2θ∆t − 1

2θ
=

ς2

2θ

(
1− e−2θ∆t

)
(A.38)

For annual data (∆t= 1), equation (A.37) becomes:

zt+1 = (1− e−θ) z̄ + e−θ zt + ξt+1, ξt+1 ∼N
(
0,

ς2

2θ

(
1− e−2θ

))
, (A.39)

which corresponds to equation (31) in the main text. I estimate this by OLS to recover

the persistence e−θ̂ and the innovation variance σ̂2ξ = ς̂2

2θ̂
(1 − e−2θ̂). The long-run mean

z̄ is recovered from the intercept. Given θ̂ and ς̂2, the discrete-grid parameters follow by

inverting θ = λϵ/nϵ and ς2 =∆2
ϵλϵ:

λ̂ϵ = nϵθ̂, ∆̂ϵ =
ς̂√
λ̂ϵ

.
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A.4 Stationary Distribution

Let p(z, t) denote the probability density of log productivity taking value z at time t. The

O-U process in (A.36) has an associated Fokker–Planck equation governing the evolution

of the density p(z, t). This density evolves over time according to:

∂p(z, t)

∂t
=− ∂

∂z
[−θ(z − z̄)p(z, t)] +

ς2

2

∂2p(z, t)

∂z2

In steady state, ∂p/∂t= 0. Let p(z) denote the stationary density. Setting the time derivative

to zero and integrating once with respect to z:

θ(z − z̄)p(z) +
ς2

2

∂p(z)

∂z
=C

Since p(z) and p′(z) must vanish as z → ±∞, the constant C = 0. This yields the first-

order ODE:

∂p(z)

p(z)
=−2θ(z − z̄)

ς2
∂z

Integrating:

log p(z) =−θ(z − z̄)2

ς2
+D =⇒ p(z) =A exp

(
−θ(z − z̄)2

ς2

)
,

where A is a normalizing constant. Requiring
∫∞
−∞ p(z)dz = 1 and evaluating the Gaussian

integral gives A=
√
θ/(πς2). Therefore, the stationary distribution is:

p(z) =
1√

2π(ς2/2θ)
exp

(
− (z − z̄)2

2(ς2/2θ)

)
, (A.40)

which is Gaussian with mean z̄ and variance ς2/(2θ). This is the ergodic distribution f(ϵ)

from which entering plants draw their initial productivity, as described in Section 5.3.
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TABLE A.5

PARAMETER VALUES USED FOR MODEL SIMULATIONS

Parameter Description Value

r Rate of time preference 0.05
s Annual plant exit rate 0.03
αL Labor share in production 0.075
αM Materials share in production 0.627
µ Elasticity of substitution across varieties 3.94
ν Elasticity of substitution, full-time vs contract labor 2
wf Annual wage rate per full-time worker 1.25
wc Annual wage rate per contract worker 1
I Aggregate expenditure 14,075,569
z̄ Mean of log plant productivity −2.6
nϵ Number of grid points either side of z̄ 20
∆ϵ Spacing of the log productivity grid 0.244
λϵ Annual arrival rate of productivity shocks 2.82
ℓ∗ Regulatory threshold (full-time workers) 100
τ Wage wedge above the threshold 0.0154
γ Firing cost wedge above the threshold 2.0713
ϕh Economies of scale in hiring 0.9167
ϕf Economies of scale in firing 1.3466
δ0 Annual exogenous worker separation rate 0.0807
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