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Abstract

Essays in Labor Economics

by

Alessandra Fenizia

Doctor of Philosophy in Economics

University of California, Berkeley

Professor David Card, Chair

This dissertation consists of three contributions to the rapidly growing applied microe-
conomics literature. In these three chapters, my coauthors and I use rigorous identification
and large administrative datasets to answer three interesting yet challenging questions.

The first chapter studies the impact of public sector managers on office productivity. I use
novel Italian administrative data containing a homogeneous measure of tasks to construct an
output-based measure of the productivity of public offices. This is the ideal setting to isolate
the contribution of managers to office performance as all sites are subject to the same rules,
workers produce a homogeneous product, and there are virtually no differences in physical
capital across offices. Exploiting quasi-experimental variation in the rotation of managers
across offices, I find that managers explain 9% of the total variation in productivity, about
one third as much as the permanent component of productivity associated with different
offices. A one-standard-deviation increase in managerial talent is associated with a 10%
increase in office productivity. I explore what makes for a good manager and show that the
rise in productivity associated with the arrival of a more productive manager is mainly driven
by the exit of older white-collar workers (who appear to retire when the more productive
manager takes over). The estimates from my productivity model imply that an optimal
social allocation assigns the best managers to the largest and most productive offices. If
top-level bureaucrats were reassigned on this basis, overall productivity would increase by
at least 6.9%.

The second chapter is based on joint work with David Card and David Silver. We
study how hospital treatment varies — often with little connection to medical needs – in the
context of childbirth. In particular, we focus on low-risk first births, where csection rates vary
enormously across hospitals, and where policymakers have focused much of their attention
in calls for reducing unnecessary c-sections. We find that proximity to hospitals with high
average csection rates leads to more cesarean deliveries, fewer vaginal births after prolonged
labor, and higher average Apgar scores. Infants born in these hospitals are less likely to be
readmitted in the year after birth, but more likely to visit the emergency department for
a respiratory-related problem. They also have lower mortality rates, driven by a reduction



2

in the joint probability of prolonged labor and subsequent death. A stylized cost-benefit
analysis suggests that re-allocating births to high csection hospitals could lead to net social
benefits.

The third chapter studies the impact of the fight against the Mafia on Italian firms and
workers. The impact of organized crime on local economies is inherently hard to measure
due to (i) the lack of exogenous variation in criminal activity and (ii) poor data quality. I
address the first challenge by exploiting the timing of the dismissal of public elected officials
due to mafia infiltration as a source of plausibly exogenous variation. I address the latter by
using large administrative datasets on the universe of private sector employees and public
procurement auctions. I document that the three external commissioners (who replace the
dismissed official) temporarily cut public investment and public procurement. Moreover,
connected firms experience a sharp reduction in the probability of winning a call for bidders
after the takeover. Higher exit rates and the lower number of public procurement contracts
awarded only partially explain this sharp drop. Overall my findings are consistent with
stigma being associated with connected firms and lasting longer than takeover itself. I do
not find any evidence that this policy negatively impacts local formal businesses and workers.
More specifically, I find suggestive evidence of higher churning in the economy, and I do not
detect any negative impact on local workers in terms of employment.
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Chapter 1

Managers and Productivity in the
Public Sector

1.1 Introduction

Do managers matter in the public sector? Can we increase public-sector productivity by
re-allocating top-level bureaucrats? On the one hand, one might imagine that the impact
of public sector managers on the performance of their organizations is limited because they
lack many of the tools available to private sector firms (e.g., firing, promotions, incentive-
pay schemes). In most countries, public sector workers enjoy strong job security, and often
receive promotions and pay raises that depend only on seniority as opposed to individual
performance. On the other hand, top-level bureaucrats may play a particularly important
role precisely because of the lack of other tools to motivate their workers. Given the size
of the public sector in modern economies, answers to these questions have potentially large
impacts on spending and resource allocation, as well as on public sector performance.

Although a growing literature has documented the effects of managers and managerial
practices on private sector firms [Bertrand and Schoar, 2003, Lazear et al., 2015, Bandiera
et al., 2017, Bloom and Van Reenen, 2007, Bloom et al., 2013], far less is known about
managers in the public sector. One reason is that it is notoriously hard to measure the
performance of government agencies. While recent studies have convincingly shown that
teachers and principals affect student outcomes [Chetty et al., 2014b,a, Lavy and Boiko,
2017, Branch et al., 2012, Bloom et al., 2015a], the impacts of top-level bureaucrats in
administrative agencies are less clear [Rasul and Rogger, 2018, Best et al., 2017].

I provide the first empirical evidence on the productivity effects of managers in the ad-
ministrative public sector. Specifically, I use novel data from the Italian Social Security
Agency (Istituto Nazionale di Previdenza Sociale - INPS hereafter) to study whether man-
agers impact office-level outcomes. INPS is a large centralized government agency with ap-
proximately 500 offices and roughly 30,000 employees. It distributes pensions, collects social
security contributions and administers a vast array of welfare and insurance programs. Each
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worker assigned to production has a workstation and spends most of her time processing pa-
perwork (e.g., initial applications for benefits) that originates from the office catchment area.
INPS collects detailed administrative quarterly data on office operations, and, crucially, on
both output (measured by a standardized index of claims processed by the office1) and on
full-time equivalent workers assigned to the office. These provide an output-based measure
of productivity at each office.

This is an ideal setting to isolate the contribution of managers to office performance
as all sites are subject to the same rules, workers produce a homogeneous product and
there are virtually no differences in physical capital across offices. INPS records the number
and the type of claims processed by each office, allowing me to address any concerns over
differences in tasks across offices [Autor et al., 2006, Autor, 2013, Stinebrickner et al., 2018].
And equally importantly, I do not need to rely on wages to infer productivity [Eeckhout
and Kircher, 2011]. INPS also constructs a quality index as a weighted average of two
components: timeliness in processing paperwork and error rate. I use this index to assess
whether there is any a trade-off between productivity and quality of service provided.

My contribution is twofold: I am able to credibly measure productivity in the adminis-
trative public sector, and I show that managers have a quantitatively meaningful impact on
office performance even in this very constrained environment where they have limited ability
in hiring and firing workers.

I document the variation in productivity across offices within INPS and I show that
there is a wide dispersion not only across but also within regions. I then use a two-way fixed
effects model to decompose log productivity into the components due to office characteristics,
manager effects, and time effects. Intuitively, if productivity differences across offices stem
entirely from manager ability (i.e., there is no office heterogeneity), office productivity simply
reflects manager quality and it should sharply increase when a better manager takes charge.
On the other hand, if these large productivity differentials are driven exclusively by office
heterogeneity, changes in management should have no effect on office performance.

A simple model with additive office and manager components may raise two concerns:
first, managers could be assigned to offices on the basis of unobserved factors that deter-
mine their comparative advantage. I test for match-driven sorting and find no evidence of
comparative advantage-based mobility. Second, manager rotation might be correlated with
office-specific trends. I also test for sorting based on trends by regressing future manager
fixed effects on current office growth rates; I find no evidence of this phenomenon. These
findings are consistent with the idea that the allocation of managers to offices is as-good-as
random (conditional on office fixed effects) and INPS does not have a specific rule to fill
vacancies provided that candidates meet the eligibility criteria.

Using bias-corrected measures of the variance components [Andrews et al., 2008], I find
that manager fixed effects explain 9% of the total variation in productivity at the office level
—about one third as much as the permanent component of productivity associated with

1This standardized index is constructed by weighting the number of claims processed by each office by
their complexity. Refer to Section 1.4 for details about the productivity measure.
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different offices. Overall, one standard deviation increase in managerial talent is associated
with a 10% increase in office productivity. I also find that the (bias-corrected) covariance
between manager and office fixed effects is negative, suggesting that INPS currently allocates
better managers to less productive sites.

In the second part of my paper, I exploit manager rotation as a natural experiment for
studying some of the mechanisms through which more productive managers achieve their
effects. I take a (leave-out) reduced form approach to measure the productivity gains and
losses associated with changes in office leadership. I show that the productivity gains are
mainly driven by the exit of older white-collar workers who appear to retire when the new
manager takes over. Productive managers keep up production without resorting to hiring or
more overtime hours to compensate for the reduction in full-time equivalent employment; as
a result, the overall wage bill does not rise.

I then estimate what share of productivity gains are explained by observable characteris-
tics. To this end, I construct a covariate index by regressing quarterly office productivity on
the demographic characteristics of the office, size, and time devoted to production, training,
and overtime work. I estimate that observable office characteristics jointly explain 56% of
the realized productivity gains. 13.7% of which is explained by changes in the demographic
composition of the office and 86.3% by the remaining variables.

As in general one might be wary of a trade-off between higher output per worker and
the quality of service provided by government agencies, I test whether this is the case in my
setting. I find that higher output per worker does not come at the cost of lower quality.

As a robustness check, I follow Chetty et al. [2014b] and estimate manager ability using
a shrunk leave-office-out mean estimate of manager quality. This analysis confirms that
productivity increases upon the arrival of a more productive manager. I conclude that this
key finding is not contingent on the procedure used to estimate managerial ability.

I also test for heterogeneous treatment effects, since a productive manager might have a
larger impact at an unproductive site rather than in a productive one. Similarly, she could
be more effective in a smaller as opposed to a larger office. Additionally, some geographical
areas might be more responsive to change than others. However, I find no evidence of
heterogeneity along these dimensions. Modelling log productivity as additively separable
in a manager and office component implies that there is a multiplicative effect in levels.
Therefore, although better managers do not appear to have heterogeneous treatment effects
in logs, they magnify productivity differences in levels.

In the final Section, I present a counterfactual exercise to assess the efficiency gains from
alternative managerial allocation schemes. The estimates from my productivity model imply
that an optimal social allocation assigns the best managers to the largest and most productive
offices. I find that if top-level bureaucrats were reassigned on this basis, the productivity of
the agency would increase by 6.9%. Since I can only analyze re-allocations between managers
in the same connected set of offices [Abowd et al., 1999], this estimate is a lower bound on the
true effect. If instead, INPS were to fire the bottom 20% of managers and replace them with
managers of median ability (but allocate them as in the current environment) productivity
would rise by 2.9%. These results suggest that there may be large social returns to carefully
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modelling public sector productivity and the impacts of managerial talent.
This paper contributes to four strands of the literature. First, it contributes to the

research that documents the impact of management and managerial practices on firm-level
outcomes [Lazear et al., 2015, Frederiksen et al., 2017, Hoffman and Tadelis, 2018, Bertrand
and Schoar, 2003, Perez-Gonzales, 2006, Bennedsen et al., 2010, 2011]. Several studies have
shown that better managerial styles are positively associated with higher productivity [Bloom
and Van Reenen, 2007, Bender et al., 2018]. A recent set of studies have used experimental
and quasi-experimental designs to document strong and persistent effects of managerial
practices on firm performance [Bloom et al., 2013, 2018, Giorcelli, 2018, Bruhn et al., 2018].
These effects are not confined to the private sector. Better management practices impact
public service delivery in hospitals [Bloom et al., 2015a], schools [Bloom et al., 2015b], and
in civil service organizations [Rasul and Rogger, 2018]. My paper extends this literature by
proposing a credible output-based measure of public sector productivity and showing that
managers have a large impact on office performance.

Second, my work relates to the literature that studies the impact of civil servants on the
performance of public sector institutions [Finan et al., 2017, Rasul and Rogger, 2018, Best
et al., 2017, Xu, 2018, Bertrand et al., 2017]. The scarcity of reliable output measures for the
administrative public sector has severely limited the extent to which researchers could study
the performance of government agencies and my work attempts to fill this gap.2 My paper is
most closely related to the work of Best et al. [2017]; these authors find that more effective
bureaucrats are able to substantially lower procurement costs. They also discover that a
large share of the variation in prices can be attributed to organizations and civil servants.
My paper differs from theirs in two key aspects: I study managers as opposed to lower-level
bureaucrats and I focus on what makes for a productive manager.

Third, this research also fits in the broad literature on productivity differentials between
workplaces. Several papers have documented large and persistent differences in productivity
across firms, even in narrowly defined industries [Syverson, 2004, Chandra et al., 2016,
Syverson, 2011, Ilzetzki and Simonelli, 2018]. My paper contributes to this literature by
providing compelling evidence that this phenomenon is not limited to the private sector and
that it arises even within a large centralized public agency.

Finally, I build on the literature that has exploited mover designs to disentangle the im-
pact of individual attributes from institutional factors [Abowd et al., 1999]. The availability
of large administrative datasets has spurred renewed interest in this class of models, and a
recent strand of literature employs mover designs to study wage inequality [Card et al., 2013]
and the gender wage gap [Card et al., 2016]. Outside of labor markets, Finkelstein et al.

2A broader literature has focused on the performance of relatively small institutions and the consensus
is that better teachers and principals [Chetty et al., 2014b,a, Kane and Staiger, 2008, Lavy and Boiko, 2017,
Branch et al., 2012, Bloom et al., 2015a, Bohlmark et al., 2016, Coelli and Green, 2012, Dhuey and Smith,
2014, Grissom et al., 2015] more competent bureaucrats [Bertrand et al., 2017], and more effective procurers
[Best et al., 2017] improve the quality of the service provided. One notable exception is the work by Janke
et al. [2018]; the authors find that CEOs of large public sector hospitals do not appear to impact hospital
performance.
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[2016] exploits changes in patients’ residence to analyze differences in health care utilization
across regions and Chetty et al. [2014b] leverage movers to validate teacher value-added
measures.

The rest of the paper is structured as follows. Section 1.2 illustrates the institutional
background. Section 1.3 provides a conceptual framework. Section 1.4 describes the data.
Section 1.5 studies whether managers matter in the public sector. Section 1.6 investigates
the channels through which managers achieve their effects. Section 1.7 reports robustness
checks. Section 1.8 presents some counterfactual exercises. Section 1.9 briefly concludes.

1.2 Institutional Background

The Istituto Nazionale di Previdenza Sociale (INPS) was founded in 1933 to administer the
social security system in Italy. All private and public-sector employees, and nearly all of
the self-employed workers are required to enroll in the public pension system and deposit
contributions on a monthly basis. INPS administers social welfare and insurance programs
in five main areas: social security transfers, income protection insurance, subsidies to the
poor, audits to firms and workers, and other activities.

INPS has about 30,000 workers, distributed across a central office in Rome, 20 regional
centers, 111 main offices (Direzioni Provinciali), and 383 local branch offices (Agenzie Ter-
ritoriali) (Figure A.7 in the Appendix shows the distribution of offices across the country).
The many branch offices reflect a historical legacy of the time when people applied in person
for benefits. Here I focus on the main offices and local branch offices, where most of the
routine work associated with initiating and verifying claims is conducted.

Despite the fact that INPS is a large, centralized government agency, production is de-
centralized. Every office has a catchment area and processes all claims that originate from
it. Although claims can be transferred from high-demand to low-demand offices to equalize
workloads across offices, the overall demand facing a given office largely reflects the de-
mographic characteristics of residents and macroeconomic conditions. For example, offices
located in areas with a high share of elderly receive, on average, more pension claims, while
sites which are characterized by high unemployment rates tend to receive more unemploy-
ment benefit applications. Each worker assigned to production has a workstation. Employees
review claims and decide whether to accept or reject them.

Each site has a manager (figura apicale) who is in charge of office operations. Table 1.1
presents an overview of managers’ characteristics. The first column shows all managers ob-
served in my sample, while column 2 shows the characteristics of managers who are observed
in at least two different offices (and therefore contribute to the estimation of the two-way
fixed effects models discussed below). Looking first at all managers, their average age is 54
and most have spent their working life in the Civil Service (mean Civil Service experience
= 24 years). Close to 60% were born in Southern Italy or the Islands, presumably reflecting
the relative attractiveness of civil service jobs to people from those areas. About one-third
of managers have a university degree in Law, and another 13% have a degree in Business,
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Administration, or Economics. Interestingly, over 20% have no university-level education.
In comparison to the overall sample, managers who move across offices are younger, more
likely to be male, and more likely to hold a university degree.

Managers rotate across offices. When a vacancy opens, INPS posts it along with its
eligibility criteria3 on an internal website which is visible to all employees. All those who
qualify for the job can apply and INPS does not have a specific rule to fill vacancies provided
that candidates meet the eligibility criteria (Appendix A.1 documents patterns of manager
rotation). The decision of who to assign to an office boils down to the human resources (HR)
officer who happens to be in charge of the decision. Top-level bureaucrats stationed in main
offices (Direttori Provinciali) rotate every five years as established by the anti-corruption
law 190-2012.4 As tenures end at different points in time and only a few vacancies are open
at rotation time, this severely limits the extent to which managers can sort into offices.

This law does not apply to managers serving in local branches (responsabili di agenzia).
It is a concern that rotation is due to both plausibly exogenous reasons (e.g., retirement) and
potentially endogenous choices (e.g., work closer to home). The limited pool of candidates
eligible to fill these positions, the lack of guidelines, and the many constraints related to
the manager rotation limit the ability of managers to sort into offices. Specifically, if INPS
decides to reallocate top-level officers, the HR department faces a complicated problem.
Firing is virtually impossible and hiring is extremely rare due to the hiring freeze (blocco del
turnover, D.L. 112/2008 ), so the HR department has to fill a given number of managerial
positions by reshuffling a given set of managers. I further corroborate this argument by
testing for endogenous mobility in Section 1.5.

At INPS, managers assign workloads and responsibilities, coordinate work inside the
office, and ensure resources are used effectively. Their tasks include thoroughly monitoring
the production process and devising solutions whenever office performance falls short of
production targets. Firing is extremely rare in this setting and hiring is not a margin of
adjustment, as INPS effectively stopped hiring after the introduction of the hiring freeze in
2008 (blocco del turnover).5 By and large, top-level bureaucrats have to make the best out
of the given set of workers they are assigned to. Anecdotally, productive managers make
their mark: they reassign workloads and responsibilities, change workplace practices, enforce
break times, directly oversee employees’ performance, and evaluate office operations using
quantitative data.6

3Eligibility criteria vary across vacancies, but they typically entail a minimum level of educational at-
tainment, job title, and in some cases passing a competitive examination.

4This law presumes that if a manager works for too long in a given location, she becomes entrenched
and she might be more susceptible to corruption.

5The hiring freeze was introduced in 2008 and was aimed at progressively downsizing the public sector.
This reform allows government agencies to hire one worker for four employees who leave.

6Managers can access real-time data about the production process. They also receive quarterly reports
containing detailed information regarding office performance along with production targets and historical
data. These reports benchmark production, demand for services, and resource utilization (separately for
each production process) to those of other offices in the same province, and to the national aggregate. These
reports also include an overview of resource allocation and utilization (e.g., absenteeism, employees directly
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INPS has a quality control and internal monitoring system aimed at tracking every step
of the production process and increasing accountability. As data generated by the quality
control are used for internal monitoring purposes as well as inputs to compute performance
bonuses, INPS makes a consistent effort measuring these quantities as accurately as possible.
Unlike other government agencies, INPS implements an incentive pay scheme. Both white-
collar workers and managers’ salaries have a fixed component (retribuzione tabellare) and a
bonus (retribuzione accessoria). The former is tied to job title and the latter is a strictly
increasing function of both levels and improvements in office performance as measured by
productivity and quality of service (see Appendix A.2 for details regarding the incentive-
scheme). While bonuses represent a small share of overall employee compensation, they
amount to 15-30% of managers’ salary.

1.3 Conceptual Framework

In this Section, I present a simple conceptual framework for my empirical analysis.
I assume that offices have a constant returns to scale technology f(·) and produce a

homogeneous product (Yit) using capital (Kit), labor (eitLit), and managerial talent (Mit):

Yit = Aitf(Kit, eitLit,Mit),

i and t index office and time, respectively. Ait represents total factor productivity and it
is the product of an office-specific and a transitory component (i.e., Ait = Ãivit ). Each
office hires one manager and managers are heterogeneous in their ability. Mit represents the
portable component of managerial talent. I assume that higher managerial talent increases
output [Lazear et al., 2015, Frederiksen et al., 2017], and ultimately improves firm perfor-
mance [Bertrand and Schoar, 2003, Perez-Gonzales, 2006, Bennedsen et al., 2010, 2011]. In
particular, managers have a direct impact on output by reassigning tasks within the office
and solving bottlenecks in the production process. As all employees work on the same soft-
ware and labor is the main input of production, there are virtually no differences in physical
capital across sites.

I model physical capital as the product between a per-worker capital component (kt,
which is constant across offices) and labor (Lit).

Kit = kt × Lit.

I assume that there are ` worker types (who differ in their innate productivity) and Lit =
h(L1, L2, ..., L`) is the labor aggregate. Managers cannot affect kt or Ait but can impact office
size (Lit) [Lucas, 1978], worker composition (i.e., mix of L1,L1,...L`) [Hoffman and Tadelis,
2018], and worker effort (eit). eit = g(mit) represents the intensive component of the labor
input and it is an increasing function of per-worker managerial input (mit). Lucas [1978]
proposes a model where managerial talent endogenously determines firm size. However,

assigned to production etc.)
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given the institutional constraints, managers can only marginally adjust office size in this
setting.

Let the office production function be Yit = AitK
a
it (eitLit)

bM1−a−b
it . Given these assump-

tions, the logarithm of output per worker (lnPit) can be expressed as:

lnPit =
[
ln Ãi

]
+ [a ln kt] + [b ln g(mit) + (1− a− b) lnmit] + ln vit. (1.1)

I approximate (1.1) with a combination of office, time, and manager effects. I discuss the
indentifying assumptions in Subsection 1.5.

The facts that technology is constant across offices, the same rules apply to all sites and
offices produce a homogeneous product, make this the ideal setting to study the impact of
managers on office-level outcomes. In other words, many of the confounding factors that
typically bias the estimates of the impact of managers on firm outcomes are held constant
across offices.

1.4 Data

In this Section, I overview the office level data that forms the basis of my analysis. These
data are comprised of two main elements: quarterly data on office level inputs and outputs,
and a personnel file that allows me to observe worker individual assignments to offices in
each quarter.

Office-Level Productivity Measures

As part of its internal monitoring system, INPS records quarterly statistics for each office on
measures of labor inputs and outputs. These data span the period between the first quarter
of 2011 and the second quarter of 2017. On the input side, I have a measure of the number
of full-time equivalent workers (FTEit) at office i in quarter t. I also have information on
the number of employee absences, total overtime hours, and total hours devoted to training
by workers in each office. On the output side, INPS builds a single output measure (Yit)
constructed from detailed information on the numbers of claims of different types (cv,it)
processed by office i in quarter t, and weighted by a set of weights (wv,t) designed to reflect
their complexity.

Yit =
V∑
v=1

cv,it × wv,t.

Weights represent the average time employees should take to process that type of claim7

and the same set of weights applies to all offices at a given time (Appendix A.3 describes
the weighting system in detail). Importantly, by appropriately weighting claims by their

7For example, processing the paperwork associated with overdue pension benefits should take on average
6 minutes, while evaluating a house mortgage (i.e., mutuo ipotecario) should take on average four hours.
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complexity I can control for differences in tasks across offices [Autor et al., 2006, Autor,
2013, Stinebrickner et al., 2018].

Although INPS employees’ main task consists in processing paperwork, they also take
turns working at the front-office and engaging with the public (i.e., consulting). It may be
hard to accurately measure the time devoted to consulting, and I address this concern in
Section 1.7.

I use data on output and FTE employment to construct my measure of productivity (Pit)
as output per worker:8

Pit =
Yit

FTEit × 3
=

∑V
v=1 cv,it × wv,t
FTEit × 3

.

Pit represents the average worker productivity at office i in quarter t, namely the volume of
claims processed per worker. As Yit is quarterly output and FTEit represents the average
number of workers assigned to production, I multiply the denominator by 3 to scale this
fraction appropriately. In the empirical analysis, I approximate the labor labor aggregate
Lit as FTEit × 3.

A concern is that dispersion in productivity may be driven by demand volatility and that
when demand is low workers are left idle. This is not the case due to two reasons: first, offices
have a large backlog9 (as will be documented below in the discussion of Table 1.2), so it is
not the case that employees sit idle because there are no claims to process. Second, managers
who are in charge of offices facing low demand can contact a high-demand office and ask to
transfer claims in order to equalize workloads across sites (principio di sussidiarietà).

Another concern that is sometimes raised in the analysis of productivity is that employees
are selectively allocating their effort to certain kinds of activities that are rewarded by the
employer, while neglecting other activities that are valuable but not directly rewarded (i.e.,
multitasking) [Holmstrom and Milgrom, 1991]. In my context, this worry is mitigated by
the fact that I focus on workers whose tasks mainly consist in processing paperwork, and
INPS invests a lot of effort into carefully measuring all steps of production.

INPS also constructs an index of quality of service provided; this measure is a weighted
average of two components: the fraction of claims processed within the first thirty days10

(timeliness), and the fraction of claims that has to be processed twice because of an error
in initial processing (i.e., error rate). The error rate includes all corrections that have been
made to a claim after the transaction is closed for the first time. INPS audits 5% of each
office production twice per year and most mistakes are detected during these audits. Some
are also found when denied beneficiaries file an appeal (see Appendix A.3 for details about
how errors are discovered).

INPS incentivizes employees both on productivity and quality to prevent them from
increasing production volumes and neglecting quality (see Section 1.2 and Appendix A.2).

8As far as the incentive pay scheme is concerned, INPS uses the total number of hours worked (net of
absences and time devoted to formal training) as the denominatior of the productivity index.

9Less than 1% of the observations in my sample have backlog equal to zero.
10There are few products with a threshold of sixty rather than thirty days.
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Moreover, INPS created a quality control division to monitor each step of the production
process, ensure that the data collection on inputs and output is accurate, and investigate
if it detects any anomalous or illicit behavior. Yet, if weights are not measured correctly,
managers could be able to manipulate the system by shifting production toward overvalued
claims or neglect undervalued ones. I address these concerns in Section 1.7.

Office-Employee Data

In addition to office level productivity data, I have access to a personnel file that allows me to
track employees over time within INPS (2005-2017). This includes office location, job title,
hiring, firing, and promotions. The personnel data does not include information on wages
and earnings, but this is not a threat to my empirical strategy as I use detailed productivity
data to construct a measure of managerial talent.

Anecdotally, most employees are hired through a competitive examination (i.e., concorso
pubblico) or from other government agencies (e.g., INPDAP). Workers rarely quit a public
sector job, and the vast majority of them leave the INPS when they retire. Since I do not
observe retirement directly, I use this anecdotal information to construct a proxy for it. I
define retirement as all voluntary and involuntary separations11 of workers aged 60 or older
(refer to Appendix A.3 for details).

Province-level Data

In Section 1.5 I investigate heterogeneity along several dimensions including social capital.
Social capital is a multifaceted concept that is notoriously hard to measure. To this end, I
use two proxies taken from Guiso et al. [2004] and from Cartocci [2007]: blood donations,
measured as the number of blood bags per million inhabitants in the province in 1995, and
the province-level daily number of non-sport newspapers sold per 1,000 inhabitants.

Descriptive Statistics and Stylized Facts

In this Subsection, I first, present a brief overview of Social Security Offices; second, I
document two stylized facts related to productivity.

Table 1.2 reports the summary statistics for the full sample in column 1; columns 2
and 3 display the statistics for main offices and local branches respectively. Main offices are
substantially larger than local branches. A typical main office employs on average 115 white-
collar workers, while a local branch has on average only 16 employees. As labor is the main
input of the production process, larger office size translates to higher output and backlog.
The number of backlogged claims is 80% as large as the number of claims which the average
office receives each period. While all offices have large backlogs, this phenomenon is more
pronounced in main offices. Despite these stark differences between main offices and local

11Importantely, this proxy for retirement does not include firings among involuntary separations.
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branches, the quality index and absenteeism rates do not seem to differ substantially across
these two types of production sites. Interestingly, main offices are 12% more productive than
local branches on average.

Overall, employees devote a very small fraction of their time to training and overtime
work (column 1). As far as changes in office composition are concerned, hiring is extremely
limited in this context. While only 0.5 workers per office separate from INPS on average
every quarter (62% of which are due to retirement), 1.2 workers per site transfer within the
Social Security Agency (see Appendix A.3 for details about transfers). Workers’ flows and
time allocation do not appear to differ substantially between main offices and local branches.

In the remaining part of this Section, I document two stylized facts. First, there is a
surprising amount of variation in productivity across offices over time, even within a large
centralized agency (Figures A.8a and A.8b). Offices located at the 90-th percentile of the
productivity distribution are 2.6 times more productive than those at the 10-th percentile.

Although comparing productivity differentials across industries is notoriously hard, I
benchmark my estimates with previous studies. I compare the distribution of log produc-
tivity in my sample (Panel A of Table 1.3) with the within-industry plant-level distribution
moments in Syverson [2004] (Panel B). There might be reasons for believing the dispersion
in productivity across offices that belong to the same centralized agency is substantially
smaller than the one across plants within the same industry; yet my estimates are somewhat
smaller, but comparable, to those in Syverson [2004].

Second, there are large productivity differentials not only across but also within regions.
Figure A.9 plots the average productivity in each province over my sample period. This
Figure shows that while the North is more productive on average, there is a substantial
variation within each geographical region (for more detail regarding workload composition
across regions and dispersion in sub-components of productivity refer to Appendix A.4).

1.5 Do managers matter in the public sector?

In this Section, I develop a framework which exploits manager rotation across sites to de-
compose productivity into a manager and an office component. I discuss the identification
challenges that arise in my context and estimate the model. I then perform a series of diag-
nostic checks which evaluate the performance of my specification in this setting. I conclude
this Section by summarizing the implications of this model in a variance decomposition
exercise and comparing my estimates to the literature.

Preliminary Evidence

If the variation in productivity across offices was entirely driven by time-invariant differences
across sites, changes in manager ability should have no impact on office productivity. If
instead managers directly affect office-level outcomes, we would expect productivity gains
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to be positively correlated with changes in managerial ability. To test this claim, I correlate
changes in log productivity with changes in manager ability.

I show preliminary evidence that managers impact office productivity.12 More specifically,
the former is calculated as the difference between log productivity in the four quarters after
a change in managers and log productivity in the four quarters prior to a change. I proxy
for the ability of manager m at office i with the (trend adjusted) average log productivity
of all the offices manager m oversees, aside from i. In other words, I use the performance of
the other offices m oversees to construct a (leave-i-out) proxy for her ability at office i. This
exercise does not take sorting into account; in particular, the leave-office-out mean overstates
(understates) manager ability for officers who work in highly (un)productive offices. Figure
1.1 shows a positive correlation between the two variables of interest (slope 0.211 and SE
0.101), suggesting that improvements in managerial talent are associated with productivity
gains.13

The pattern looks remarkably linear; this implies that a unit change in managerial talent
produces symmetric gains and losses. I classify these switches by group of origin, namely
by the outgoing manager leave-out-mean quartile, and the slopes for these four groups look
roughly the same (Figure 1.1). In other words, productivity gains associated with a change
in leadership do not depend on the talent of the outgoing manager. This symmetry and the
lack of heterogeneity by group of origin suggest that modelling log productivity as additively
separable into an office and a manager component represents a fair approximation of the
data [Card et al., 2013].

Econometric Model

I now develop a more formal econometric model that allows me to separately identify the
impact of managers and office heterogeneity on productivity. In particular, I posit that log
productivity (lnPit) is the sum of a manager component (θm(i,t)), where m(i, t) is the identity
of the specific manager of office i in quarter t, an office component (αi), a time effect (τt),
and an error term (uit):

lnPit = αi + τt + θm(i,t) + uit, (1.2)

i and t index office and time, respectively. I interpret θm(i,t) as the portable component of
managers’ ability. I refer to it is as manager quality or managerial talent interchangeably.14

The office effects (αi) proxy for the time-invariant characteristics of the office (e.g., geograph-
ical location, main office vs local branch) and for size/composition of the workforce to the

12For this exercise, I only use events which are balanced over a window of four quarters before and four
quarters after the event.

13Under the assumptions that there is no selection of managers into offices and no measurement error, we
would expect a slope of 1. Measurement error biases the coefficient toward zero, while selection can bias it
in either direction. In this case, the slope is less than one due to a combination of measurement error in the
proxy for managerial talent and sorting. I discuss the implications of sorting for my empirical strategy and
document this phenomenon in Subsections 1.5 and 1.5, respectively.

14Appendix A.7 relaxes this assumption and investigates on-the-job learning.
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extent that these variables do not change over time. I include time fixed effects to absorb
seasonality and macroeconomic shocks. (1.2) is also known as a two-way fixed effects model
in the literature.15

Model (1.2) postulates that productivity changes discreetly as a new manager takes over.
However, in reality, managers may take some time to change work practices (see Subsection
1.5). Moreover, if the switch does not occur on the first day of the quarter, I assign the
quarter of the switch to the manager with the longest spell in that quarter. As I do not want
the estimated manager effects to be confounded by switching costs or measurement error in
manager identity, I estimate (1.2) excluding the first quarter in which the new manager is
in charge.

I can re-write (1.2) in matrix notation as:

ln(P ) = Dα +Gθ + Tτ + u, (1.3)

where D, G, and T collect all the office, manager, and time dummies respectively. OLS
identifies the parameters of interest under the following identifying assumptions:

E[d′iu] = 0 ∀i, (1.4)

E[g′mu] = 0 ∀m, (1.5)

where di is the i-th row of the matrix D and gm is the m-th row of the matrix G.
It is well known that the office and manager effects in (1.2) are identified by movers. In

other words, if managers did not rotate across sites, I would not be able to separate the office
from the manager component of productivity. The identifying assumptions (1.4) and (1.5)
impose that manager mobility is as-good-as random, conditional on office and time fixed
effects.

Loosely speaking, these orthogonality conditions are satisfied if the assignment of man-
agers to offices depends only on the permanent component of office productivity (αi) and/or
the permanent component of managerial ability (θm(i,t)). For example, better managers sort-
ing into more productive offices would not violate the identifying assumptions. By the same
token, if productive managers were systematically sent to local branches or to a specific
geographical area, this would not represent a threat to the identification strategy. As Best
et al. [2017] note, (1.4) and (1.5) allow for rich patterns in the sorting of managers to offices.
Violations of the exogenous mobility assumption occur when managers sort on the error
term.

I follow Card et al. [2013] and consider three forms of endogenous mobility that depend on
any office-manager match component of productivity (ηim(i)), on any office-specific trend in
productivity (ζit), or on any transitory component of managerial ability (εit). In particular,
I specify the following composite structure of the error term:

uit = ηim(i) + ζit + εit, (1.6)

15Although technically this is a three-way fixed effects model, only manager and office effects have a high
dimensionality.
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I assume that ηim(i) has mean zero for all offices and all managers in the sample. ζit is a
drift component, which captures offices improving or deteriorating over time; I assume this
component has a mean zero for each office but contains a unit root. εit is an idiosyncratic
error term and represents transitory shocks; I assume that εit has mean zero for each office.

Given the error structure posited in equation (1.6), the assumptions in equations (1.4) and
(1.5) rule out three types of sorting. First, managers can not sort into offices on the base of
their comparative advantage. Second, better top-level bureaucrats cannot be systematically
sent to offices whose performance is worsening over time (i.e., office-specific trends). Third, a
better manager cannot join an office in response to a negative transitory productivity shock
(e.g., strike).

I use the estimated manager effects and the non-parametric proxy for managerial talent
described in Subsection 1.5 to conduct a series of tests for the presence of endogenous mobility
in Subsection 1.5.

Results

Table 1.4 describes the structure of my sample of quarterly level observations on office-level
productivity. The first column reports the statistics for the full sample, while the second
column restricts attention to the balanced-analysis sample. The latter includes the subset
of offices for which I observe the outgoing manager being in charge for at least four quarters
before the change in leadership and the incoming manager being assigned to the office for
at least six quarters after that. The full sample contains 851 managers, 494 offices, and
276 connected sets (Table 1.4, column 1). Roughly one-fourth of these top-level bureaucrats
move across sites and almost 80% of offices experience a change in management between 2011
and 2017 (column 1). The remaining 20% of the offices do not contribute to the estimation
of the manager effects. All offices experience a change in leadership in the balanced-analysis
sample by construction, and 30% of managers move across sites (column 2).

I can separately identify manager from office effects only within a (weakly) connected set,
namely a set of offices which is directly or indirectly connected by manager moves [Abowd
et al., 1999]. This implies that I can meaningfully compare the estimated fixed effects only
within and not across connected sets.

In order to assess the amount of dispersion in public sector productivity attributed to
managers, I follow Bertrand and Schoar [2003]. In particular, I compare the adjusted R2

estimated from a regression of the logarithm of productivity on office and time fixed effects,
model (1.7), to the one from model (1.2) which also includes manager fixed effects.

lnPit = αi + τt + ũit. (1.7)

Model (1.2) nests (1.7) under the assumption that managers have no impact on office produc-
tivity. Table 1.5 reports the estimates from (1.7) and (1.2) in columns 2 and 3, respectively.
The adjusted R2 increases from 0.69 in column 2 to 0.76 in column 3, suggesting that man-
agers explain a non-trivial amount of the variation in productivity across sites. Although
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the increase in the adjusted R2 might seem prima facie small, its magnitude is very similar
to that reported in Bertrand and Schoar [2003].

In order to test more formally whether managers matter for public sector productivity, I
perform an F-test for the null hypothesis that the manager effects are jointly zero. I reject
the null at any standard significance level (p-value=0.000). Notice that the adjusted R2

of columns 2 and 4 are high relative to the one reported in column 3, which suggests that
manager and office fixed effects are highly correlated in this setting.

For completeness, I report the same exercise using quarterly data in Appendix A.9 (Table
A.3). Although quarterly productivity is a somewhat noisier outcome, my results are largely
unchanged. It should be mentioned that these R2’s are lower than those of two-way fixed
effect models that decompose wages [Card et al., 2013]. One reason is that productivity is
intrinsically more volatile than wages.

Diagnostic Checks

In Section 1.2 I argued that the institutional framework severely limits the ability of managers
to sort into offices. I now test for detectable evidence of this phenomenon focusing on patterns
that might be related to the components of the error specified in equation (1.6). First, I
discuss sorting on the drift component (i.e., ζit). Second, I address concerns related to
managers being assigned to offices on the base of unobservable factors determining their
comparative advantage (i.e., ηim(i)). Third, I consider sorting on the transitory component
of the error term (i.e., εit). I conclude this Subsection with a discussion of the additive
separability assumption.

One might be wary of endogenous mobility related to office-specific trends in productiv-
ity. As a concrete example, if good managers were able to systematically move to offices
which are improving over time (for reasons unrelated to manager ability), my model would
overestimate their managerial quality. I investigate this concern in Table 1.6 by evaluating
the correlation between current office characteristics with estimated fixed effects of future
managers.16 Intuitively, managers cannot impact office performance before they take charge,
hence any correlation between manager ability and past office characteristics is indicative of
sorting. As a benchmark case, if managers were truly randomly assigned one would expect
manager productivity to be uncorrelated with observable pre-determined characteristics of
the office.

In this setting, more productive managers are less likely to serve in main offices and more
likely to be assigned to Northern or Central Italy (column 1 of Table 1.6). Importantly,
future manager effects do not appear to be correlated with office growth rates. I also test
whether the explanatory variables are jointly statistically significant and whether growth
rates can jointly predict future manager fixed effects. I can reject the latter but not the
former.

16For this exercise I select the set of events for which I can observe at least four lagged quarters. This
choice is motivated by the need for at least four lagged values to compute the growth rates between -4 and
-1.
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Overall, there is some evidence of managers sorting on geography and office type, but
not on growth rates. As I discussed earlier, manager assignment being correlated with time-
invariant characteristics of the office does not pose a threat to my empirical strategy. I
repeat the same exercise using the change in the estimated fixed effects as the dependent
variable (column 2 of Table 1.6). The overall pattern of results is largely unchanged. These
findings show that there is no evidence better managers are assigned to offices with worsening
performance or offices that improve prior to their arrival. They also further motivate the use
of office fixed effects in my main specification to control for sorting based on time-invariant
characteristics of the office.

Another way to test whether the sorting of managers to offices is driven by serially
correlated error components in office or manager productivity is to examine the residuals
from (1.2) associated with specific forms of manager changes. When an office goes through
a change in management, it can experience three types of transitions: an overall increase in
manager ability (∆̂M i > 0, where ∆̂M i represents the change in the estimated manager fixed

effects), a decrease in management quality (∆̂M i < 0), or no significant change (∆̂M i ≈ 0).
Figure 1.2 reports the event study for (trend-adjusted) office productivity for these types

of transitions (i.e., tertiles of ∆̂M i). Log productivity remains relatively flat in the four
quarters prior to the change in management and jumps discontinuously at the time of the
event. The lack of pre-trends corroborates the claim that officers do not sort into sites based
on the drift component. I test more formally for the presence of pre-trends in Section 1.6,
and I do not find evidence of this phenomenon. Importantly, the fact that productivity
appears to be slightly lower in the quarter of the switch than in the following three quarters,
motivates my choice of excluding the quarter in which the takeover takes place from my
two-way fixed effect model.

Next, I test for sorting driven by a match component of productivity by examining gains
and losses as managers move from office to office. As already noted, Figures 1.1 and 1.2
display a remarkably symmetric pattern, which is not consistent with managers sorting on
their idiosyncratic match component. To address match-driven sorting, I also compare the
fit of model (1.2) with a fully saturated model that includes manager-by-office dummies. In
the presence of match components, the latter should fit substantially better than the former.
The adjusted R2 of the fully saturated model is only marginally higher than the two-way
fixed effect specification (0.764 in column 5 vs. 0.762 in 3 of Table 1.5), suggesting that
match components are not quantitatively relevant in this context.

Finally, manager rotation could be correlated with the transitory component of the error
term. This could be the case if managers were to relocate to a less productive office after
a particularly bad εit draw. Once again, this is not consistent with the lack of pre-trends
reported in Figure 1.2 and in Section 1.6.

A final set of concerns about the specification of (1.2) regards the assumption of additive
separability between the permanent office component and managerial ability. A violation of
the additive separability assumption would result in abnormally large/small mean residuals
for some office-manager pairs [Card et al., 2013]. To assess whether this is the case, I divide
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the estimated manager and office effects into quartiles. I compute the mean residual for each
cell. Figure 1.3 reports these statistics. All values are rather low, and the highest mean
residual is equal to 0.01.17 Overall, this finding suggests that match effects, if present, are
not quantitatively relevant in this context.

The analysis presented in this Section supports the claim that the two-way fixed effect
model approximates the data fairly well in this setting.

Variance-Covariance Decomposition

We might expect social norms and workforce composition (proxied by office fixed effects)
to be important drivers of productivity. However, it is less obvious whether public sector
managers, who operate in a severely constrained environment, can have an impact on pro-
ductivity. In this Subsection, I propose a variance decomposition exercise which allows me
to assess whether these two dimensions matter and their relative importance. If manager
ability and office characteristics are important determinants of productivity, then V ar(αi)
and V ar(θm(i,t)) should explain a large share of the variation in observed productivity. I use
(1.2) to decompose the variance of productivity into [Abowd et al., 1999]:

V ar(lnPit) = V ar(αi) + V ar(θm(i,t)) + V ar(τt) + V ar(uit)

+ 2Cov(θm(i,t), αi) + 2Cov(θm(i,t), τt) + 2Cov(αi, τt).
(1.8)

Table 1.7 reports the bias-corrected variances and covariances estimated on the largest
connected set [Andrews et al., 2008, Gaure, 2014]. This procedure allows me to obtain
consistent estimators of the variances and covariances of interest in the presence of limited
mobility bias. Manager fixed effects explain roughly 9% of the variance in log productivity,
about one third as much as the permanent component of productivity associated with dif-
ferent offices. Time fixed effects explain a non-trivial share of the variation in productivity,
which is mainly driven by seasonality in productivity and the overall improvement in the
Social Security Agency performance over time.

Interestingly, the bias-corrected covariance between manager and office effects is negative
(i.e., negative assortative matching), namely more productive managers currently work at less
productive offices. This finding is crucial for the interpretation of the counterfactual exercises
I develop in Section 1.8. It is worth emphasizing that this result is somewhat unusual. Most
economic models predict positive assortative matching and, empirically, more productive
workers typically sort into more productive firms [Card et al., 2013, Song et al., 2015].18

This result is consistent with INPS trying to reduce inequality in productivity across sites.

17The mean residuals have been computed using all the connected sets in which there are at least four
offices and four managers. Managers and offices are ranked within a connected set. Figure A.10 reports the
same exercise on the largest connected set.

18A number of papers have found some evidence of negative assortative matching using the two-way fixed
effects framework, however, this finding is likely tainted by limited mobility bias. I refer to Andrews et al.
[2012] for a complete treatment of this issue.
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Manager Effects and Observable Characteristics

I conclude this Section by discussing the magnitude of the estimated manager effects and
showing how they correlate with observable characteristics of top-level officers.

Managers have a large impact on office performance. A two-standard deviation increase
in managerial talent is associated with a 20% increase in office productivity (Table 1.7).19

Although it is challenging to directly compare point estimates across industries and countries,
I benchmark the magnitude of this effect with the work of Bloom et al. [2013]. The authors
find that the adoption of management practices induces a 17% increase in productivity in
textile firms in India. My results suggest that managers and managerial practices have large
impacts on the organization performance that are not confined to the private sector.

To study how my estimated managerial talent correlates with observable characteristics,
I regress the estimated manager fixed effects from (1.2) on gender, age, a set of dummies
for region of birth, and a set of indicators for the highest educational attainment, as well as
connected set fixed effects (Table 1.8).

Female managers appear to be on average more productive than their male counterparts.
Experience does not seem strongly correlated with productivity (the coefficient is statisti-
cally significant, although its magnitude is extremely small). Managers born in Southern
Italy are significantly more productive than those from the North.20 On average those who
never attended college are as good as those with an economics, business or administration
degree, and significantly better than those who studied law or STEM. Importantly, these
coefficients should not be interpreted causally; these correlations can be explained by differ-
ential selection patterns into public sector jobs and managerial career. In particular, these
findings are consistent with negative selection into government jobs for men, those born in
the North, and those who have a STEM major.

In this Section, I have shown that there is substantial variation in managerial talent within
this large centralized agency and top-level bureaucrats have a quantitatively meaningful
impact on office productivity. Next, I open the black box of manager fixed effects and study
what makes for a good manager.21

1.6 What makes for a productive manager?

The two-way fixed effect model I developed in the previous Section represents a parsimonious
way to summarize the data and show that managers matter, yet it does not allow for dynamic
effects. In this Section, I develop a reduced form strategy which exploits manager rotation
as a quasi-experimental analogue of random assignment of managers to offices (conditional
on office characteristics and time fixed effects). I use this design to study the timing of

19This statistic is computed in the largest connected set.
20This result is particularly interesting due to the fact that Northern Italy is characterized by a dynamic

private sector (outside options), while career opportunities in the South are much more limited.
21I use the expressions “good” and “productive” managers interchangeably throughout the paper.
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productivity gains and losses induced by changes in management and understand what makes
for a good manager.

Reduced Form Strategy

I focus on offices that experience changes in leadership and use within-office variation to
study the channels through which top-level bureaucrats affect productivity. I illustrate my
empirical strategy using full-time equivalent employment as a concrete example of a potential
channel. In this case, I am interested how the number of workers assigned to the office

(∆ lnFTEk
it) changes in response to the arrival of a better manager (proxied by ∆̂M

L

i ):

∆ lnFTEk
it = πk0 + πk1∆̂M

L

i + ∆τt + ψk∆Xk
it + ∆εkit. (1.9)

The event of interest is the change in leadership and k indexes event time (positive values of
k refer to quarters after the event, while negative values index to those prior). ∆ lnFTEk

it =
lnFTEk

it − lnFTE−1
it′ represents the change in lnFTEit between the last quarter before

the change in leadership22 and the k-th quarter. ∆εkit = εkit − ε−1
it′ is defined accordingly.

∆τt represents the change in time fixed effects and ∆Xk
it includes main effects and two-way

interactions between a dummy for Center-North, a dummy for main offices, and quartiles of
baseline productivity, as well as time effects interacted with the dummy for Center-North.

∆̂M
L

i is a proxy for the leave-out (superscript L) change in managerial talent implied by the
switch. It is constructed as follows:

∆̂M
L

i = θ̂Lincoming − θ̂Loutgoing.

I obtain θ̂Lincoming and θ̂Loutgoing by re-estimating (1.2), excluding periods -1,0 and k.23 A 1%

increase in managerial talent (i.e., ∆̂M
L

i = 0.01) is associated with a πk1 × (0.01)% increase
in FTE. As productivity is a function of FTEit, ∆ lnFTEk

it and the change in manager

effects might be mechanically correlated. Leaving out periods -1 and k purges ∆̂M
L

i from
any mechanical correlation with ∆ lnFTEk

it.
In order to study the timing of productivity effects, I iterate this procedure over k ∈

[−4, 6] and I gather point estimates and standard errors as a function of event time (k) in
a single table. I limit my sample to the subset of events which are balanced over this time
horizon (i.e., balanced-analysis sample). 318 switches meet these eligibility criteria (Table
1.4, column 2).

This is not a valid strategy if the error term is highly serially correlated. I address this
concern in two way. First, I fit an AR(1) model and estimate the autocorrelation coefficient.
As the magnitude of the estimate is extremely small (ρ = 0.04), I conclude that serial

22The superscript −1 on lnFTE−1
it′ refers to the last quarter before the event.

23Notice that, as described in Section 1.5, managers may take some time to change work practices. Hence,
I never include the quarter of the switch when estimating manager effects via (1.2).



CHAPTER 1. MANAGERS AND PRODUCTIVITY IN THE PUBLIC SECTOR 20

correlation does not represent a threat to my empirical strategy. Second, I take the mobility
structure from my sample and I use it to generate simulated outcomes which suffer from
different degrees of autocorrelation. I show that a substantial degree of autocorrelation is
needed to represent a serious threat to my empirical strategy (see Appendix A.8).

This reduced form strategy can be interpreted as part of a broader instrumental variable

approach. In particular, I can instrument ∆ lnP k
it with ∆̂M

L

i in the following specification:

∆ lnFTEk
it = βk0 + βk1 ∆ lnP k

it + ∆τt + ψk∆Xk
it + ∆εkit. (1.10)

Under the assumption of exogenous mobility and correct model specification, θ̂m(i) are unbi-
ased but noisy proxies of manager ability. As I am interested in decomposing productivity
gains associated with higher managerial talent into separate channels, I focus on the re-
duced form estimates. If one wanted to interpret the magnitude of the impact of one unit
increase in lnPit (induced by the change in management) on lnFTEit, one should focus on
the two-stage least squares estimates. In other words, dividing by the first stage appropri-
ately rescales the estimates. As a robustness check, I take a structural approach and I use
the empirical Bayes method to adjust for the presence of sampling error in my estimated
manager effects (“shrinkage”) (see Section 1.7).

The ideal instrument for changes in productivity at office i is constructed using only
spells at offices other than i (i.e., leave-office-out). Unfortunately, I do not have enough data
to pursue this strategy as my main specification. As a robustness check, I follow Chetty
et al. [2014b] and I use a leave-office-out instrument. The overall pattern of results remains
unchanged, although the small number of events I can use in this exercise considerably
impacts power (see robustness checks in Subsection 1.7).

I measure treatment intensity associated with the switch as the difference between the

incoming and outgoing estimated manager effects (∆̂M
L

i ). Intuitively, a large positive value

of ∆̂M
L

i represents a switch where the newly appointed manager is substantially better than

the outgoing one. A large negative value suggests the opposite type of transition. ∆̂M
L

i

ranges from -0.4 to 0.55 and looks approximately normally distributed (Figure 1.4). As a
different normalization is imposed in each connected set [Abowd et al., 1999], manager effects
can be meaningfully compared within, but not across, connected sets. Notice that, crucially,

∆̂M
L

i does not depend on the normalization I choose (see Appendix A.5).
This design nests a set of placebo tests that identify violations of instrument exogeneity

and address the concern that managers sort on underlying office trends or the transitory

error component. In particular, I test the null hypothesis that ∆̂M
L

i can predict changes
in either the dependent or the endogenous variable before the event takes place. I interpret
the rejection of the null hypothesis as evidence of a time-varying unobservable confounding
factor.
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Reduced Form Estimates

In this Subsection, I first decompose the productivity gains induced by a change in leadership
into its effects on output and full-time equivalent employment. Second, I explore how changes
in managerial talent impact workers composition and time allocation within the office. Third,
I construct a covariate index which allows me to estimate the extent to which the productivity
gains can be explained by observable characteristics and the relative importance of workers
composition versus time allocation. Finally, I discuss the reduce form impacts of managerial
talents on the quality index and other outcomes.

Decomposition of Productivity Impacts

Figure 1.5a reports the estimated impact of an increase in managerial quality on office level
productivity (first stage).24 This Figure collects the estimated coefficients and their 95%
confidence intervals obtained by running a separate regression for each time horizon (k).
Reassuringly, my instrument does not predict changes in productivity before the event takes
place (placebo tests), which alleviates concerns regarding endogenous mobility.

As a better manager takes over, office productivity rises. Productivity starts increasing
when the new manager takes office and it stabilizes to its new level one quarter after the
change. These results show that improving management quality increases productivity, but
that this effect is not instantaneous. Specifically, this pattern suggests that there might
be some adjustment costs associated with manager rotation, and that the estimated short-
term effects might understate medium-term impacts. A caveat is that my instrument is not
strongly predictive of changes in productivity in the first few quarters after the switch, so
the results relative to those periods should be interpreted with caution.

Since productivity is constructed as the ratio between output and full-time equivalent
employment, I can decompose the impact of managerial talent on office productivity into its
effect on output and FTE. When a better manager takes over there is a modest (although
not statistically significant) increase in output (Figure 1.5b). This pattern is consistent with
better managers using resources more effectively, motivating their employees, and monitoring
them more closely. This is striking in light of the decrease in the number of employees
assigned to the office after a better manager takes charge (Figure 1.5c).25

Most of the productivity gains are driven by the reduction in the number of workers
assigned to the office. In particular, a 1% increase in productivity induced by a change
in leadership increases office output by 0.25% and it generates a 0.75% reduction in full-
time equivalent employment (Table A.5, column 2 and 3, respectively). This finding speaks
directly to the consequences of downsizing the public sector. In particular, it suggests that
reducing the number of public sector employees does not necessarily lower the volume of
services provided.

24Table A.4 reports the results of Figures 1.5a, 1.5b, and 1.5c in a table format.
25IV estimates are reported in Table A.5 in the Appendix.
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Reduced Form Impacts of Managerial Talent on Worker Composition

How do managers reduce office size in such a constrained environment? Table 1.9 explores
the channels through which managers are able to impact the composition of workers they
supervise.26 Better managers are able to induce older workers to retire (column 1). Inter-
estingly, this effect, although only marginally statistically significant, is concentrated in the
first quarter after the change in leadership. This finding is consistent with retirement being
a quantitatively relevant channel, although not the only one at play.

Importantly, managers cannot force older workers to retire and they can not negotiate exit
packages or golden parachutes to persuade them to leave (see Appendix A.3 for a description
of the retirement system). This finding is consistent with more productive managers being
able to change work practices and older employees deciding to retire after working for some
time under the new regime. Alternatively, one might imagine that more productive managers
can purposefully allocate complex or unpleasant tasks to older workers to induce them to
leave. Although the anecdotal evidence does not corroborate this interpretation, my data
does not allow me to rule it out fully.

One might be concerned that managers have no causal effect on retirement, and that some
managers happen to be in charge at a time in which the old unproductive workers retire.
This could result in a mechanical correlation between retirement and the estimated manager
effects. This is not an issue in my setting, as the leave-out procedure purges the instrument
of the mechanical correlation with retirement. Moreover, the timing of retirement suggests
that older workers experience the new working environment and decide to leave shortly after
the change in leadership.

Unsurprisingly given the limited ability of managers to hire and fire workers, an increase
in management quality does not have any statistically significant impact on hiring and firing
(Table 1.9, columns 2 and 3). Furthermore, I do not detect an effect on workers flows within
the social security agency (columns 4 and 5). There is some suggestive evidence that fewer
inbound transfers take place after the arrival of a more productive manager (column 4)
although the estimates are not statistically significant.

Notably, 58% of outbound transfers which occur coincidentally with the change in lead-
ership are workers who follow their officer to her destination office. Overall, these findings
point toward top-level bureaucrats developing long-term relationships with their employees
and taking some with them to their next appointment.

Reduced Form Impacts of Managerial Talent on Time Allocation

I also investigate how time allocation changes with the takeover of a more productive manager
focusing on absenteeism rates, training, overtime work, and total hours (Table 1.10).27 Better
managers decrease the absenteeism rate of the office they oversee (column 1). Interestingly,
this effect seems to be short-lived, as it peaks four quarters after the change in leadership

26Refer to Table A.6 for the IV estimates.
27IV estimates are reported in Table A.7.
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and then it appears to fade. This finding is consistent with managers directly affecting
the incentives for employees to show up to work, most likely by requesting audits for those
workers whom they believe take sick days without a medical reason (see Appendix A.3 for
details about the audit process).

In principle, a good manager can do more on-site tutoring (i.e., informal training) and
take advantage of courses and workshops which are organized by the main office in their
jurisdiction (i.e., formal training). I find no overall impact on formal training, and some
evidence of a temporary reduction in this variable few periods after the takeover (column 2).
It should be mentioned that, as INPS does not collect information regarding the time man-
agers invest in on-site tutoring, I cannot evaluate this margin. Remarkably, more productive
managers succeed in keeping up production without resorting to more overtime hours to
compensate for the reduction in FTE (column 3).

I summarize these results studying the evolution of the total number of hours devoted to
production (see Appendix A.3 for variable definition). Overall, the number of hours devoted
to production shows a modest decrease (column 4) mirroring the effect on FTE.

Next, I study the impact of leadership changes on total costs, which I proxy with the
wage bill (column 5 of Table 1.10). As I do not observe the wage bill directly, I construct
an index for it. Specifically, since overtime hours are remunerated 30% more than regular
hours, I construct the wage bill index by weighing every regular hour (h) by one and every
overtime hour by 1.3:

wage bill = 1× h+ 1.3× overtime.

Since the wage index is a function of the number of hours, not surprisingly its behavior closely
mirrors it. This wage index abstracts from seniority benefits and social contributions, thus,
these estimates are likely to be an upper bound on the true impact on the wage bill.28

Share of Productivity Gains Explained by Observable Characteristics

In principle, top-level officials can impact: (i) the composition of workers assigned to the
office (e.g., hiring and separations), and (ii) their time allocation (e.g., total hours, overtime,
training, etc...). In order to explore the relative importance of these mechanisms, I construct
a covariate index and estimate the share of the productivity gains explained by changes in the
demographic composition of the office and in the time allocation (Table 1.11). In particular,
I regress lnPit on office and time fixed effects and a set of covariates (share of employees in
each of the 10 deciles of the age distribution, average office age, fraction female, ln FTE,
asinh(absences), asinh(over-time), and asinh(training))29. I include a linear and a quadratic

28This exercise is robust to weighting overtime hours by 115% or even 150% (Table A.11 and A.10 in
the appendix). These results look remarkably similar to those reported in column 4 of Table 1.10 because
overtime hours represent a small share of total hours and, hence, have a limited impact on the wage index.

29Inverse hyperbolic sine is a functional form closely resembling the logarithmic one and it can be inter-
preted in a similar way. Most importantly, this function is defined at zero. I choose this functional form over
the logarithmic one whenever my outcome variable takes the value zero. This can be seen as an alternative
specification to ln(x+ 1) and I abbreviate Asinh(x) as A(x).
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term for each of these covariates as well as their two-way interactions with time fixed effects
and a dummy for main offices. I construct my covariate index from the predicted values
of this model. Column 1 of Table 1.11 reports the reduced form impact of the change in
managerial talent on the covariate index.

In order to analyze what components of the covariate index are more responsive to changes
in manager quality, I use the estimated coefficients to generate predicted values. I start with
office and time fixed effects and I progressively add covariates. In particular, column 2 uses

only office and time fixed effects as predictors (l̂nP1it), column 3 adds covariates which are

a function of the office age structure (l̂nP2it), and column 4 includes the gender composition

of the office (l̂nP3it).
Changes in the observable characteristics of the office explain 56% of productivity gains

six quarters after the event (column 1 of Table 1.11).30 Column 1 shows no evidence of
pre-trends and displays a sharp increase in the first quarter the new manager takes office.
These patterns suggest that changes in the observable characteristics of the office were not
ongoing before the event took place and productivity gains are indeed driven by the change
in management. Changes in the demographic composition of the office explain 13.7% of
the overall effect attributable to observable characteristics (column 3 of Table 1.11), while
changes in the number of workers and in the time allocation explain the remaining 86.3% of
the variation (column 4 of Table 1.11).

These results confirm that changes in full-time equivalent employment represent an im-
portant mechanism through which productivity gains accrue. Moreover, retirement appears
to be the main driver of shifts in the age composition of the office, which alone account for
13.7% of the explained variation.

The fact that changes in the demographic composition of the office are associated with
increases in productivity (Table 1.11) and that older workers decide to retire when a better
manager takes over (Table 1.9) suggests that those who retire are indeed less productive on
average.

Reduced Form Impacts of Managerial Talent on Quality and Backlog

One might fear that there is some trade-off between productivity and quality of service
provided. To assess this, in Table 1.1231 I present a series of event study style models,
similar to the ones in Tables 1.9-1.11, that model the INPS quality index, the size of the
backlog of claims at an office, and the total demand measured as the number of claims that
originate from the office catchment area.

Column 1 of Table 1.12 shows that the arrival of a more productive manager does not
negatively impact quality. In other words, increasing the volumes of services provided, while
decreasing personnel costs, does not have detrimental effects on the quality index. This
result should be interpreted in light of the fact that the incentive-pay scheme provides a

30IV estimates are reported in Table A.8 in Appendix.
31IV estimates are reported in Table A.9 in the Appendix.
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direct incentive for managers to increase productivity without letting quality deteriorate
(see Appendix A.2).

Column 2 of Table 1.12 reports some suggestive evidence that more productive managers
are able to lower backlog, albeit the estimates are not statistically significant. I postpone
the discussion of the impacts of managerial ability on total demand to Section 1.7.

Heterogeneity

In the previous Sections, I have established that managers matter even in a constrained
environment, such as the public sector, and that better managers are able to increase of-
fice productivity. Although my two-way fixed effect model does not allow for heterogeneous
treatment effects, a productive manager might be able to have a larger impact in an unpro-
ductive rather than in a very productive office. Likewise, she could be more effective in a
smaller than in a larger site, or in some geographical areas more than in others.

In this Section, I address these concerns and assess whether managers have heterogeneous
treatment effects in different types of offices. I estimate the following specification which
builds on (1.9) and allows for heterogeneity in Hi (a pre-determined office characteristic):

∆ lnP k
it = πk0 + πk1∆̂M

L

i + πkH1 ∆̂M
L

i ×Hi + ∆τt + ψk∆Xk
it + ∆εkit, (1.11)

where all the variables are defined as above. Let Hi be a dummy variable which indexes,
say, large offices, then πk× (0.01)% identifies the effect of a 1% increase in managerial talent

(i.e., ∆̂M
L

i = 0.01) on the change in log productivity in small offices. πkH identifies the
differential impact between large and small offices.

In other words, πkH tests for the presence of heterogeneous treatment effects and it is
the main coefficients of interest (which I report along with their 95% confidence interval).
Notice that I iterate over the values of k (as described in the previous Section). I collect the
estimates over these time horizons in a single graph.

I explore the following dimensions of heterogeneity: geographical location, office size,
productivity, main office, and social capital of the area where the site is located. As far
as geographical location is concerned, Northern Italy is known for being a rich and en-
trepreneurial region, while Southern Italy is often depicted as poor and unproductive. One
might think that sites located in one of these two regions may be more responsive to changes
in managerial talent and that it would be better from an aggregate perspective to allocate
all the best managers to those offices.

Contrary to these expectations, Figure 1.6a shows that increases in managerial ability
have no differential impact on offices located in the North compared to those in the South.32

Along similar lines, it might be easier to improve performance in an unproductive, small
office rather than in a large, productive site. I measure baseline productivity and office size

32I define “South” as all southern regions, including Sicily and Sardinia. Moreover, I have tried an
alternative specification where I compare North and Central Italy to the South. I do not find heterogeneous
treatment effects. This result is not reported, but it is available upon request.
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as the average of these variables in 2011. I define “low” productivity offices as those below
the median baseline productivity; likewise, small (i.e., “low” FTE) sites are those below
median baseline size. It is noteworthy that there are no heterogeneous effects along these
dimensions.

As culture and social norms shape work ethics and everyday interactions, I test whether
sites with higher social capital are more responsive to changes in manager ability. Social cap-
ital is a complex and multifaceted concept. I use the daily number of non-sport newspapers
sold per 1,000 inhabitants and the number of donated blood bags per million inhabitants
in 1995 as two province-level proxies for it. Figure 1.6d and 1.6e display no evidence of
heterogeneity in these two dimensions of social capital.

I also test whether productivity gains differ between main offices and local branches. Fig-
ure 1.6f shows some suggestive evidence that productivity gains may be lower in main offices
than in local branches, although the point estimates are quite scattered and imprecisely es-
timated. This effect appears to fade away four quarters after the event. This pattern could
be consistent with managers directly overseeing employees in local branches, whereas the
hierarchy is more complex in main offices. In particular, there are typically two middle-level
managers stationed in main offices who directly supervise workers and assist the manager.

Although I have limited power to detect heterogeneous treatment effects due to small
sample size, the estimated coefficients do not display a clear pattern. I do not find evidence
of heterogeneity in office characteristics, which is interesting given the fact that two-way
fixed effects models do not allow for heterogeneous treatment effects.

Modelling log productivity as additively separable in a manager and office component
implies that there is a multiplicative effect in levels. Therefore, although better managers
do not appear to have heterogeneous treatment effects in logs, they magnify productivity
differences in levels.

1.7 Robustness Checks

In this Section, I address some concerns regarding my empirical strategy. I first show that
manager effects are not confounded by demand shocks. Second, I focus on some challenges
relating to the measurement of productivity (i.e., gaming the system and consulting). Third,
I relax the assumption that manager effects translate linearly in office level outcomes. Fourth
I use the Empirical Bayes approach to address for the presence of sampling error in my
estimated manager effects. Finally, I propose an alternative estimator for manager ability.

Placebo Test: Demand

An issue might be that high-fixed effect managers are classified as “productive”, because they
happen to be working at offices that received a site-specific positive demand shock. Demand
for services is measured as the number of claims that originate from the office catchment area
and it is exogenous to the office, as it depends on the demographic characteristics of those
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living in the catchment area as well as its economic condition. Demand is quite volatile and
displays a seasonal pattern. In particular, fewer claims are received in the first few months
of the year, and demand picks up starting in the second quarter.

Unlike managers in the private sector, top-level bureaucrats cannot advertise their prod-
ucts or take actions to affect the local demand for public services. I use equation (1.9) to test
whether demand is higher on average when a more productive manager is in charge. Column
3 of Table 1.12 shows that more productive managers are not in charge during periods of
high demand.

Interestingly, demand appears to be extremely volatile even when controlling for time
fixed effects which indicates that it is driven by local idiosyncratic shocks. As an additional
robustness check, I correlate my estimated manager fixed effects with those estimated by
controlling for the logarithm of the number of claims originated in each quarter. The cor-
relation is extremely high (98.8%). I conclude that the estimated manager effects do not
appear to be confounded by demand shocks.

Do Managers Game the System?

As bonuses are a strictly increasing function of productivity, one could worry that the man-
agers I classified as more productive are, in fact, those who are able to game the system. The
aim of this Section is to assess whether the managers with high fixed effects are classified
as such because they change the composition of claims the office processes. For example, if
the weights are mismeasured, managers might try to shift production toward the overvalued
products and shift away from those undervalued ones. By doing so they would artificially
inflate the productivity index without increasing actual output. Before discussing how I can
address this concern, it is worth mentioning that if the weights are measured correctly, there
is no scope for gaming (i.e., no arbitrage).

First, manipulation should be mitigated by the fact that bonuses are an increasing func-
tion of the quality index as well. In other words, if managers decided not to process under-
valued products in a timely fashion, this would reflect negatively on the quality index and,
in turn, on their bonuses. However, the fact that quality is not negatively impacted when a
more productive manager takes over (column 2 of Table 1.12) attenuates gaming concerns.

Second, 5% of all claims processed by each office are audited twice per year; the purpose
of this cross-check is to monitor the production process and detect anomalies or illicit behav-
ior. Managers are responsible for the claims processed under their watch and are also held
personally accountable. INPS also audits offices which happen to perform poorly in order
to help the manager to identify problems and devise solutions.

Third, if the backlog of a claim increases across multiple offices, INPS reassesses the
weight associated with that product.

In order to test more formally whether managers game the system, I divide all the
products into nine categories33, and I estimate whether the number of claims processed in

33The categories are defined as follows: 1. Insurance and pensions; 2. Subsidies to the poor; 3. Services
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each of these categories changes differentially when a better manager takes office. I interpret
shifts toward a product category or away from it as evidence of gaming.

More specifically, I test the presence of such behavior using a generalized difference-in-
difference approach which leverages the staggered timing of manager rotation:

yit = µi + νt +
K̄∑

k=−K

βkDk
it +

K̄∑
k=−K

δkDk
it × ∆̂M i + ιXit + uit, (1.12)

where yit represents the outcome of interest for office i at quarter t, µi and νt are office and
time fixed effects, respectively. uit is an idiosyncratic error term. Dk

it is a dummy variable
which indexes event time and turns on k periods after the event, namely, Dk

it = 1(ei + k),
where ei is the quarter in which the change in leadership takes place.34 This set of event
time dummies captures common dynamics across all types of switches.

Suppose that, for example, changing a manager involved some short-term adjustment
cost. If this was the case, the pattern would be detected by the set of event time indica-
tors. I measure treatment intensity associated with the switch as the difference between
the incoming and outgoing estimated manager effects, i.e., ∆̂M i = θ̂incoming − θ̂outgoing. Xit

includes time fixed effects interacted with a dummy for Center-North and time fixed effects
interacted with a dummy for main office. Because demand fluctuations are exogenous to
the office, Xit also includes demand for the nine broad product categories measured as the
number of claims originating from the office catchment area. Controlling for demand is
important in this context because it nets out the shift toward some products dictated by
external factors (which are not under the control of the manager). Consider an economic
situation where the office catchment area deteriorates, the demand for unemployment ben-
efits increases, and the shift toward unemployment benefit claims is not attributable to the
manager, but to the economic downturn.

δk represents my main parameter of interest. It captures the change in yit associated
with changes in managerial ability (i.e., ∆̂M i) k periods after the event.35

I estimate this specification on the balanced-analysis sample and bin up the event time
indicators at -5 and 7 (not reported). Offices that do not switch managers over the sample
period (i.e., never takers) are included, and these observations help to identify year fixed
effects. Standard errors are clustered by office.

Equation (1.12) differs from (1.9) in three ways. First, (1.12) is event-study specification

which pools all periods. Second, I do not use the leave-out procedure when I estimate ∆̂M i.
Third, (1.12) includes office demand among controls.

to contributors; 4. Social and medical services; 5. Specialized products; 6. Archives and data management;
7. Administrative cross-checks; 8. Checks on benefits; 9. Appeals.

34D0
it “turns on” in the first quarter in which the new manager takes office, D1

it turns on one quarter after
the event, D2

it is equal to one two quarters after the switch, and so on.
35I omit the event time indicator for the quarter before the change in management, hence δk is normalized

with respect to -1.
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Figures 1.8a and 1.8b show that there is no evidence of shifting toward any of the specific
categories after a better manager takes office. Overall, I find no evidence consistent with
managers gaming the system.

Excluding Consulting

INPS employees devote most of their time to processing paperwork. They allocate a minor
share to the front office (i.e, consulting). As the time devoted to this activity might be
mismeasured, I construct an alternative measure of office productivity (lnP c

it) where I do
not count the hours devoted to consulting toward office output. I show that my results are
robust to this alternative definition.

I estimate equation (1.9) using this alternative measure of productivity as the dependent
variable, and the pattern of results is unchanged (Figure A.12a and A.12b). As an additional
robustness check, I re-estimate equation (1.2) using lnP c

it as my dependent variable, and I
correlate manager fixed effects obtained from this model with those estimated when using
log productivity as the dependent variable. The correlation coefficient is 92%. Overall, I
conclude that measurement error in consulting is not driving my results.

Quartile Specification

The reduced form of model (1.9) estimates how the variable of interest is affected by linear
changes in managerial talent. In this Subsection, I abandon this linear functional form and
propose an alternative exercise where I divide my measure of changes in manager ability

(i.e., ∆̂M
L

i ) into four quartiles. I estimate the impact of the change in management for each
of these groups. In particular, I use the following specification:

∆ykit = βk0 +
4∑
v=2

βkv ×Qiv + ∆τ + ψk∆Xit + ∆εkit. (1.13)

Let Qiv be a dummy that takes a value of one if office i belongs to the v-th quartile of

the ∆̂M
L

i distribution. All the other variables are defined as above. Since I omit the first
quartile, βkv identifies the difference between offices belonging to the v-th and the first quartile
at event time k. I iterate over the values of k as described in Section 1.6.

Figure 1.7a shows that the higher the treatment intensity (i.e. ∆̂M
L

i ), the bigger the
treatment effect. Figures 1.7b and 1.7c display the same pattern. By and large, these
findings line up nicely with the linear model, suggesting that the linear specification is not
a poor approximation of the data. A limitation of the quartile specification is its difficulty
interpreting the magnitude of the effects.
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Shrinkage

Under the assumption of exogenous mobility and if the model is correctly specified, my
estimated fixed effects are unbiased but noisy proxies of manager ability. I follow Morris
[1983] and the recent teacher value-added literature [Chetty et al., 2014b, Kane and Staiger,
2008] and use the empirical Bayes approach to adjust for the presence of sampling error in
my estimated manager effects (“shrinkage”) (see Appendix A.6 for details).

Tables A.12, A.13, A.14, A.15, and A.16 in Appendix A.9 show that the pattern of results
is unchanged when I shrink the estimated manager effects.

Leave-Office-Out Estimates of Managerial Ability

I propose an alternative exercise to the leave-out procedure described in Section 1.6. In
particular, I follow Chetty et al. [2014b] and construct a leave-office-out (jackknife) estimate
of manager quality.

I estimate the two-way fixed effect model using (1.2) and generate “residuals” as in Chetty
et al. [2014b]:

lnP ∗it = lnPit − αi − τt,

where lnP ∗it represents the “residual” variation in lnPit after removing office heterogeneity
and seasonality. I construct the leave-office-out mean for manager m at office i by averaging
the “residuals” for manager m at all offices except i. Note that I can construct this measure
of manager quality only for those managers who work in at least two offices during my sample

period. Moreover, computing ∆̂M
LR

i (where R stands for robustness) using this technique
requires observing both the incoming and the outgoing manager in at least two offices. This
restriction dramatically reduces the number of events I can study.36 I use the Empirical
Bayes approach and shrink my estimates of managerial quality to account for sampling error

in my leave-office-out mean. I then estimate equation (1.12) using ∆̂M
LR

i as a proxy for the
change in managerial talent implied by the switch.37

The appeal of the leave-office-out procedure is two-fold. First, I classify managers ac-
cording to their portable component without using information about their current appoint-
ment, mitigating the concerns regarding mechanical bias (see Section 1.6, Chetty et al.
[2014b,a]). Second, the leave-office-out mean is not affected by the presence of autocorre-
lated errors if there is correlation over time but not across offices. In other words, if we

assume cov(uit, uit−1) 6= 0, and that cov(uit, ujs) = 0 ∀i 6= j, then lnPit and ∆̂M
L

i are not
mechanically correlated.

36I can compute ∆̂M
LR

i for only 75 switches. As I can construct this alternative measure of manager
ability only for a subset of switches, I report the summary statistics for the sample used in this exercise in
Table A.17.

37I do not control for demand in this specification so that it mirrors equation (1.9) as closely as possible.
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Figure A.11 reports the binscatter of the VA-style leave-office-out measure of manager
ability against the estimated manager effects. This Figure shows that these two measures
are highly correlated.

Table 1.13 reports the estimates obtained using the leave-office-out procedure. Produc-
tivity increases when a more productive manager takes office and this effect is mainly driven
by a reduction in the number of workers rather than an increase in output. Although these
estimates are noisier due to the lower number of events, the overall pattern is unchanged.
These findings are robust to the exclusion of the never takers (not shown, results available
upon request). I conclude that these findings are not contingent on the procedure used to

estimate ∆̂M
L

i .

1.8 Counterfactual Exercises

Can we increase agency productivity by re-assigning managers to offices? What is the impact
of firing the worst managers? I use my estimates to construct counterfactual exercises that
illustrate the magnitude of manager effects and evaluate the efficiency gains from alternative
managerial allocation schemes.

Suppose that the social planner wants to maximize aggregate productivity. Assume that
she cannot directly influence the office component of productivity (αi) and the number of
workers assigned to the office (wi), but she has some power over top-level bureaucrats (e.g.,
she can freely allocate managers to offices, fire, and hire them, etc.). Her objective function
is:

max
θ

∑
i

Pi
(
αi, θm(i)

)
wi, (1.14)

where Pi
(
αi, θm(i)

)
represents average productivity at office i, which depends on some time-

invariant office characteristics (αi) and on the ability of the manager (θm(i)). Let wi be the
full-time equivalent number of workers assigned to the office. For simplicity, I abstract from
the time dimension. Assuming lnPi

(
αi, θm(i)

)
= αi + θm(i), the planner’s problem becomes:

max
θ

∑
i

γie
θm(i) , (1.15)

where γi = eαiwi. The choice of this functional form is twofold. First, I have shown that the
additively separable model approximates the data fairly well in this context. Second, this
function fits naturally in the framework I have developed so far. Note that this functional
form assumes away heterogeneous treatment effects, namely a 1% increase in managerial
talent is going to have the same impact on log productivity in all offices. One might worry
that this a rather restrictive assumption, however, the fact that I did not detect any hetero-
geneity along size, office productivity, geographical location, and social capital suggests that
this should not be a concern in this context.

This functional form also implies that there are no complementarities between managerial
talent and office productivity in logs, but they are complements in levels. Intuitively, a
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20% increase in managerial talent increases productivity by 20% (∆ lnP = 0.2) regardless
of its baseline productivity (i.e., no complementarity in logs). However, increasing office
productivity by 20% in a site which is overseen by a productive manager (higher baseline)
requires a larger increase than what would be needed to obtain a 20% rise in productivity
in an office run by an unproductive manager (lower baseline). This, in turn, implies that
better managers have a comparative advantage in supervising productive offices.

I consider four counterfactual policies that the social planner can implement: 1) She can
maximize (1.14) by reassigning existing managers to offices; 2) She can fire the bottom 20%
of top-level bureaucrats and substitute them with the median manager (but allocate them
as in the current environment); 3) She can implement both policies at once; and 4) She can
randomly assign managers to offices.

As the second policy requires the social planner to fire the bottom 20% of managers, I
drop all connected sets with less than five managers in all the counterfactual exercises.

As my sample contains multiple connected sets, I implement each policy within each con-
nected set, estimate the implied counterfactual for each office, and then aggregate over offices
using wi as weights. Naturally, being able to reshuffle managers only within a connected set
puts additional constraints on (1.14). The optimal solution to the constrained problem can
never exceed that of the unconstrained one. This implies that the estimated impact of the
first and third intervention represents a lower bound on their true effect.

Piwi is twice differentiable and supermodular. Therefore, the allocation that maximizes
aggregate productivity entails pairing the best manager with the office with the largest γi, the
second best manager with the office with the second largest γi, and so on (refer to Becker
[1974] for the proof). In other words, the optimal allocation is an assortative matching
equilibrium where the best managers are sent to offices which are both productive and large.
γi implicitly weights these two dimensions.

Such an allocation exacerbates productivity inequality across offices. Suppose all offices
had the same size, the worst (best) managers would be sent to the least (most) productive
offices, which would further worsen (improve) their performance.

Traditionally, the argument about equalizing quality of services across offices relies on
the idea that beneficiaries should not receive a different treatment depending on where
they live. In this context, claims can be redistributed across sites and processed anywhere.
Therefore, while there might be reasons why the social planner may want to equalize quality
across offices, it is unclear why she would want to equalize productivity in this setting.
Furthermore, increasing office productivity has no impact on the quality of services provided
(column 1 of Table 1.12).

Table 1.14 show that if the social planner reassigns managers using the optimal allocation
rule, aggregate productivity increases by 6.9%. If she fires the bottom 20%, aggregate
productivity raises only by 2.9%. The first policy is so effective because there are strong
complementarities between manager ability and office productivity, and the most productive
managers are currently allocated to the least productive offices. This finding is not surprising
since the bias-corrected covariance between manager and office-fixed effects is negative (Table
1.7). Figure 1.9a illustrates the same concept graphically. I overlay the plot of γi on the
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manager effects of the actual allocation of managers to offices (hollow triangles) to the one
prescribed by the optimal allocation (green circles). This figure shows that the solution to
the planner’s problem implies a substantial amount of reallocation of managers to offices,
which is due to the best managers not being allocated to the offices with the highest γi.

Figure 1.9b illustrates the second policy option. In this case, we see that the difference
between the actual allocation and the counterfactual one is less stark than in Figure 1.9a,
which translates into a smaller impact on aggregate productivity. Moreover, as the worst
managers in each connected set are replaced with better ones, the allocation of the worst
managers shifts to the right.

Figure 1.9c shows how the allocation changes under the third policy scenario. In this
case, we move from negative to positive assortative matching. The left tail of managers is
also replaced. The overall impact of implementing both these policies simultaneously is a
7.4% increase in productivity. If one were willing to take these estimates seriously, one could
conclude that implementing the optimal allocation would raise total productivity by 93% of
the joint effect of the two policies.

Last but not least, I implement the fourth policy by randomly reassigning managers to
offices, computing the counterfactual productivity distribution, and aggregating over offices.
I repeat this procedure 1,000 times. I take the average of the implied productivity gains and
losses across iterations. If managers were randomly reassigned within each connected set,
aggregate productivity would increase by 2%.

Table A.19 and Figures A.13a, A.13b, and A.13c report the estimates computed on the
largest connected set (Appendix A.9). Reassuringly, the pattern of results is unchanged.

1.9 Conclusion

I study the productivity effects of managers, using a standardized output-based measure of
the productivity of public offices. I construct this from Italian administrative data. My
estimates provide the first evidence on the impact of managers in the administrative public
sector of a developed economy.

I document a surprising amount of variation in productivity across sites within one large
centralized government agency. My analysis suggests that top-level bureaucrats account for
9% of the variation in productivity across sites (about one third as much as the permanent
component of productivity associated with different offices). Interestingly, I estimate a nega-
tive (bias-corrected) covariance between manager and office fixed effects, which is consistent
with INPS trying to reduce dispersion in productivity across sites by allocating the best
managers to the least productive offices.

Next, I exploit managerial rotation as a natural experiment for changes in managerial
talent to investigate what makes a productive manager. I show that the rise in productivity
associated with the arrival of a more productive manager is mainly driven by the exit of
older white-collar workers. Importantly, a good manager is able to sustain production levels
without resorting to hiring or overtime to compensate for the decrease in full-time equivalent
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employment. This result is extremely important in light of the debate regarding downsizing
the public sector. Can the public sector do more with less? Although it is hard to answer
such a question rigorously, my results suggest that managerial abilities can go a long way in
keeping public service quality unaltered in a context with diminishing resources.

I use my statistical model to assess the efficiency gains from alternative managerial allo-
cations. If top-level bureaucrats were assigned on the basis of the optimal social allocation,
aggregate productivity would increase by 6.9% (lower bound). If instead, INPS were to
fire the bottom 20% of managers and replace them with the median manager, productivity
would rise by 2.9%. These results suggest that there may be large social returns to rigorously
modelling public sector productivity and the impacts of managerial abilities. Therefore, gov-
ernments should design policies to attract, retain, and properly allocate managerial talent.

1.10 Figures
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Figure 1.1: Productivity gains and losses associated with changes in managerial
talent by group of origin
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Note: Delta Ln(P) is the difference between log productivity in the four quarters after a change
in managers and log productivity in the four quarters prior to a change. Delta Leave-Office-Out
Mean is the change in the (trend adjusted) leave-office-out mean log productivity induced by the
change in leadership. The leave-office-out mean proxies for manager ability. The group of origin
is computed as the quartile of the outgoing manager leave-office-out mean.
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Figure 1.2: Mean Productivity for Offices which Experience a Change in Leadership
Classified by Tercile of Changes in Manager Effects
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Note: The dependent variable is the mean of (trend-adjusted) log productivity. Whiskers repre-

sent 95% confidence intervals. ∆̂M i represents the change in the estimated manager fixed effects.
When an office goes through a change in management it can experience three types of transitions:
an overall increase in manager ability (third tercile of ∆̂M i), a decrease in management quality

(first tercile of ∆̂M i) or no significant change (second tercile of ∆̂M i). X-axis indexes event time.
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Figure 1.3: Mean Residual by Manager/Office Quartiles, 2011q1-2017q2

Note: This Figure shows mean residuals from model (1.2) with cells defined by quartiles of
estimated manager effect, interacted with quartiles of estimated office effect.
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Figure 1.4: Treatment Intensity for Events Balanced on [−4, 6]
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Note: I measure treatment intensity (∆̂M i) associated with the switch as the change in the

estimated manager fixed effects. This Figure reports treatment intensity for the events in the

balanced-analysis sample.
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Figure 1.5: Decomposition of Productivity Effects
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Note: Panels (a)-(c) report point estimates (π̂k
1 ) and 95% confidence intervals from (1.9). The depen-

dent variables are log productivity (Ln(P)), log output (Ln(Y)), and log full-time equivalent employment
(Ln(FTE)), respectively. X-axis indexes event time.
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Figure 1.6: Estimated Heterogeneous Effects of Leadership Changes
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Note: Panels (a)-(f) report point estimates (π̂kH
1 ) and 95% confidence intervals from (1.11). The dependent

variable is log productivity. Hi represent a pre-determined office characteristic and is reported in the legend
below each Panel. P, FTE, and SC stand for Productivity, Full-time equivalent employment and Social
Capital, respectively. I use the province-level aggregate of the daily number of non-sport newspapers sold
per 1,000 inhabitants and the number of donated blood bags per million inhabitants in 1995 as proxies for
social capital. “High Hi” is defined as being above the median of baseline Hi. X-axis indexes event time.
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Figure 1.7: Estimated Effect of Leadership Changes by Quartile of Changes in Manager
Effects
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Note: These Figures report point estimates from (1.13). The dependent variables are log productivity
(Ln(P)), log output (Ln(Y)), and log full-time equivalent employment (Ln(FTE)), respectively. As the first
quartile (Q1) of ∆ML

i is the omitted category, all coefficients identify the difference between the j-th and
the first quartile (Qj −Q1). X-axis indexes event time.
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Figure 1.8: More Productive Managers Do Not Shift Production
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Note: The dependent variable is the number of claims belonging to prod-
uct category n processed by each office. n=1, 2, ..., 9. Panels report the
point estimates for nine product categories. The categories are defined as
follows: 1: Insurance and pensions, 2: Subsidies to the poor, 3: Services
to contributors, 4: Social and medical services, 5: Specialized products, 6:
Archives and data management, 7: Administrative cross-checks, 8: Checks
on benefits, 9: Appeals. X-axis indexes event time.
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Figure 1.9: Counterfactual Exercises
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(b) Policy 2: Fire bottom 20%

0
1
0
0

2
0
0

3
0
0

4
0
0

G
a
m

m
a

−1 −.5 0 .5 1
Manager FE

Fire Bottom 20% Actual

(c) Policy 3: Replace bottom 20% and Reassign
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Note: The sample includes all the connected sets with at least five managers. I consider four counterfactual
policies that the social planner can implement. Policy 1: she can rallocate existing managers according to
the optimal rule. Policy 2: she can fire the bottom 20% of top-level bureaucrats and substitute them with
the median manager (but allocate them as in the current environment). Policy 3: she can implement both
Policy and 2. Policy 4 (not shown): she can randomly assign existing managers to offices (1,000 iterations).
As my sample contains multiple connected sets, I implement each policy within connected set, estimate the
implied counterfactual for each office, and then aggregate over offices using wi as weights.
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1.11 Tables

Table 1.1: Manager Characteristics

Full Sample Movers

Male 0.63 0.71
Age 54.42 52.98
Experience Publ. Sec. 26.85 24.67
North-East 0.13 0.09
North-West 0.12 0.13
Center 0.15 0.12
South 0.41 0.49
Island 0.18 0.17
Abroad 0.01 0.00
High-School Diploma 0.22 0.10
Econ, Business, and Admin 0.13 0.11
Sci, Engen, Math, and Stat 0.05 0.06
Social Sciences and Humanities 0.20 0.22
Law 0.33 0.44
Missing Educ 0.06 0.08

Note: Full sample, 2011q1-2017q2. All statistics are computed over
the full sample in the first column, and over the subsample of movers
in column 2. Movers are defined as those managers who have at least
two appointments over my sample period.
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Table 1.2: Characteristics of Social Security Offices

(1) (2) (3)
Full Sample Main Offices Local Branches

Productivity 94.56 103.65 91.72
Output (Thousands) 10.24 29.18 4.33
FTE 39.95 115.39 16.41
Hours 31.66 91.76 12.91
Training 0.62 1.73 0.28
Overtime 0.70 2.10 0.26
Abs. Rate 0.21 0.21 0.21
Quality 100.37 101.03 100.16
Backlog (Thousands) 54.24 197.68 9.48
Demand (Thousands) 68.02 220.55 20.42
Hires 0.06 0.18 0.02
Separations 0.50 1.53 0.17
Fires 0.01 0.01 0.00
Inbound Transfers 0.87 2.64 0.32
Outbound Transfers 0.41 0.98 0.23
Retirement 0.31 0.97 0.10
Divorce 0.87 0.88 0.87
Blood donations 0.03 0.03 0.03
Number of office-quarter obs. 13212 3142 10070
Number of managers 851 221 638
Number of offices 494 111 383

Note: The full sample includes all main offices and local branches, 2011q1-2017q2. All
statistics are calculated across office-quarter observations. The number of office-quarter ob-
servations for the full sample, main offices and local branches for quality are 10006, 2417,
and 7589, respectively; for divorce these statistics are 11052, 2622, and 8430, and for blood
donations 11104, 2648, and 8456. Output, demand, and backlog are measured in thousands
of hours, while FTE, training, hours, and overtime are measured in full-time equivalent units.
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Table 1.3: Dispersion in Productivity

Productivity Within-Industry Mean
Measure Productivity Moment

Panel A: My Measure
Labor productivity: Median 4.524
log(weighted claims/employee) IQ range 0.426

90-10 percentile range 0.860
95-5 percentile range 1.161

St. deviation 0.366
Panel B: Syverson [2004]
Labor productivity: Median 3.174
log(value added/employee) IQ range 0.662

90-10 percentile range 1.417
95-5 percentile range 2.014

Note: Panel A reports the same statistics calculated over the full sample
(2011q1-2017q2). Panel B is taken from Table 1 of Syverson [2004] and
reports plant-level productivity distribution moments across 433 (four-digit
SIC) manufacturing industries.

Table 1.4: Sample Characteristics

(1) (2)
Full Sample Balanced-Analysis Sample

# Managers 851 601
# Offices 494 282
# Managers >1 Office 207 184
# Offices >1 Manager 404 282
# Connected Sets 276 143
# Events 635 318
# Events in Main Offices 226 80
# Events in Local Branches 409 238

Note: Column 1 reports the summary statistics computed over the full sample (2011q1-
2017q2, N=13,212). Column 2 reports the same statistics over the balanced-analysis
sample (2011q1-2017q2, N=8165). The latter includes the subset of offices for which
I observe the outgoing manager being in charge for at least four quarters before the
change in leadership and the incoming manager being assigned to the office for at least
six quarters after that. All statistics are calculated over office-quarter observations.
Events are defined as changes in leadership.
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Table 1.5: Analysis of Variance of Yearly Measures of Productiv-
ity per Worker at INPS Offices

(1) (2) (3) (4) (5)
Ln(P) Ln(P) Ln(P) Ln(P) Ln(P)

N 3317 3317 3317 3317 3317
R sq. 0.325 0.727 0.835 0.790 0.839
Adj. R sq. 0.324 0.679 0.762 0.720 0.764
Time FE Yes Yes Yes Yes Yes
Office FE No Yes Yes No No
Manager FE No No Yes Yes No
Manag-by-Office FE No No No No Yes
Pvalue 0.000 0.000

Note: Full sample at the yearly level, 2011-2017. I perform an analysis of
variance of log productivity to study how much of its variation is explained
by the office, manager, and time components. The p-value at the bottom of
the table tests the hypotheses that manager effects are jointly zero.
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Table 1.6: Can Observables Predict Incoming Manager FE?

(1) (2)
Manager FE Change in Manager FE

Main Office -0.612∗∗∗ (0.095) 0.028 (0.039)
North + Center 0.165∗∗ (0.071) -0.017 (0.026)
P2011 0.000 (0.002) -0.002∗ (0.001)
Y2011 0.000 (0.000) 0.000 (0.000)
FTE2011 -0.001 (0.003) -0.001 (0.001)
Pt−1 -0.000 (0.001) -0.002∗∗ (0.001)
Pt−2 -0.001 (0.001) -0.001 (0.000)
Pt−3 -0.000 (0.001) -0.000 (0.001)
Pt−4 0.000 (0.001) -0.002∗∗ (0.001)
Yt−1 -0.000 (0.000) -0.000 (0.000)
Yt−2 0.000 (0.000) -0.000 (0.000)
Yt−3 0.000 (0.000) 0.000 (0.000)
Yt−4 -0.000 (0.000) -0.000 (0.000)
FTEt−1 0.001 (0.002) -0.001 (0.001)
FTEt−2 0.001 (0.001) 0.000 (0.001)
FTEt−3 0.002 (0.001) 0.000 (0.001)
FTEt−4 -0.003 (0.002) 0.001 (0.002)
Growth Rate P - 3 q 0.051 (0.074) -0.031 (0.064)
Growth Rate P - 2 q -0.045 (0.110) 0.056 (0.085)
Growth Rate Y - 3 q 0.048 (0.063) 0.080 (0.051)
Growth Rate Y - 2 q 0.014 (0.042) -0.031 (0.040)
Growth Rate FTE - 3 q -0.095 (0.156) -0.021 (0.148)
Growth Rate FTE - 2 q 0.089 (0.142) 0.115 (0.127)
N 521 521
R sq. 0.480 0.604
Adj. R sq. 0.214 0.402
CS FE Yes Yes
P-value (All) 0.000 0.000
P-value (Growth Rates) 0.564 0.631

Note: The sample includes all events balanced on [−4, 0]. The dependent variable is
the manager effect estimated using (1.2) in column 1, while it is the difference between
the estimated effect of the incoming and outgoing manager effects in column 2. P ,
Y , and FTE stand for productivity, output and full-time equivalent employment
respectively. t indexes the time of the event, and P2011 represents productivity at
baseline (Y2011 and FTE2011 are defined accordingly). “Growth Rate P - x q” is
defined as the productivity growth rate of office i between -(x+1) and -1. “P-value
(All)” and “P-value (Growth Rates)” are the p-values for the null hypothesis that all
regressors of interest are jointly statistically significant and that the growth rates are
jointly significant respectively. All regressions include connected set (CS) fixed effects.
Standard errors are clustered at the office level and are reported in parenthesis. * for
p<.10, ** for p<.05, and *** for p<.01.
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Table 1.7: Biased Corrected Variance-Covariance decomposition

Var. Component Sh. of Total
Var(Ln(P)) 0.1106 100 %
Var(Manager) 0.0102 9.22%
Var(Office) 0.0319 28.84 %
Var(Time) 0.0408 36.89%
Cov(Manager, Office) -0.0096 -8.68%
Cov(Time, Manag. + Office) 0.0015 1.39%

Note: The sample includes the largest connected set, 2011q1-2017q2. The
model includes dummies for individual managers, for individual offices, and
quarter fixed effects.
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Table 1.8: Manager Effects and Observable Char-
acteristics

(1)
Manager FE

Male -0.07∗∗∗

(0.01)
Civil Service Experience 0.00∗∗∗

(0.00)
Center 0.03∗∗

(0.01)
Island -0.04∗∗∗

(0.01)
North-West -0.00

(0.01)
South 0.03∗∗∗

(0.01)
Abroad -0.06∗∗∗

(0.01)
Econ, Business, and Admin -0.00

(0.01)
Sci, Engen, Math, and Stat -0.09∗∗∗

(0.01)
Social Sciences and Humanities 0.02∗∗

(0.01)
Law -0.09∗∗∗

(0.01)
Missing Educ -0.23∗∗∗

(0.02)
N 13211
R sq. 0.40
CS FE Yes

Note: Full sample (2011q1-2017q2). The dependent vari-
able is the manager effect estimated from (1.2). The omit-
ted categories are female, North-East, and no college. Con-
trols include connected set fixed effects. Robust SE in
parenthesis.* for p<.10, ** for p<.05, and *** for p<.01.
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Table 1.9: Estimated Effects of Changes in Managerial Talent on Office Composition

(1) (2) (3) (4) (5)
k A(Retirement) A(Hires) A(Fires) A(Inbound T) A(Outbound T)
-4 0.163 0.072 0.032 -0.270 0.022

( 0.185) ( 0.115) ( 0.031) ( 0.293) ( 0.232)
-3 0.028 0.126 0.002 -0.041 -0.139

( 0.147) ( 0.105) ( 0.004) ( 0.272) ( 0.206)
-2 -0.029 -0.054 0.003 0.271 0.062

( 0.159) ( 0.117) ( 0.004) ( 0.244) ( 0.275)
0 0.346 0.078 -0.003 -0.322 -0.061

( 0.184) ( 0.107) ( 0.014) ( 0.379) ( 0.207)
1 0.163 0.055 -0.064 -0.234 -0.098

( 0.182) ( 0.111) ( 0.042) ( 0.287) ( 0.218)
2 -0.018 0.057 0.012 -0.480 -0.514

( 0.146) ( 0.107) ( 0.028) ( 0.254) ( 0.251)
3 -0.116 0.054 -0.007 -0.133 -0.488

( 0.176) ( 0.111) ( 0.013) ( 0.309) ( 0.285)
4 0.092 0.068 0.034 -0.195 -0.129

( 0.170) ( 0.108) ( 0.029) ( 0.285) ( 0.253)
5 -0.063 0.100 -0.006 -0.077 -0.442

( 0.152) ( 0.115) ( 0.013) ( 0.233) ( 0.225)
6 -0.014 -0.095 0.003 -0.147 -0.339

( 0.160) ( 0.132) ( 0.004) ( 0.293) ( 0.235)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean -0.048 -0.021 -0.003 -0.104 -0.304
Method RF RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which are
balanced on [−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top of
each column. A(.) stands for asinh. All models include time fixed effects, main effects and two-
way interactions between a dummy for Center-North, a dummy for main offices, a set of dummies for
quartiles of baseline productivity, as well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate regression. “Method” displays whether
the column reports first stage estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and are reported in parenthesis.
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Table 1.10: Estimated Effects of Changes in Managerial Talent on Time Allocation

(1) (2) (3) (4) (5)
k Abs. Rate A(Training) A(Overtime) Ln(Hours) Ln(Wage Bill 30%)
-4 -0.014 0.180 0.031 0.000 -0.001

( 0.024) ( 0.136) ( 0.082) ( 0.076) ( 0.076)
-3 -0.023 0.134 0.061 0.016 0.015

( 0.018) ( 0.139) ( 0.074) ( 0.065) ( 0.065)
-2 -0.033 0.077 0.152 0.064 0.063

( 0.018) ( 0.091) ( 0.085) ( 0.051) ( 0.051)
0 -0.016 0.004 -0.009 -0.198 -0.199

( 0.020) ( 0.147) ( 0.083) ( 0.100) ( 0.100)
1 -0.007 -0.069 -0.082 -0.195 -0.194

( 0.018) ( 0.156) ( 0.088) ( 0.080) ( 0.079)
2 -0.046 -0.308 0.003 -0.208 -0.207

( 0.021) ( 0.169) ( 0.094) ( 0.090) ( 0.089)
3 -0.057 -0.376 -0.024 -0.172 -0.173

( 0.023) ( 0.157) ( 0.079) ( 0.105) ( 0.105)
4 -0.074 -0.133 0.113 -0.161 -0.161

( 0.027) ( 0.143) ( 0.093) ( 0.114) ( 0.113)
5 -0.037 -0.030 -0.003 -0.330 -0.331

( 0.023) ( 0.151) ( 0.081) ( 0.105) ( 0.104)
6 -0.045 -0.093 -0.017 -0.421 -0.446

( 0.030) ( 0.152) ( 0.102) ( 0.118) ( 0.131)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean Dep. Var. 0.023 0.018 -0.122 -0.082 -0.087
Method RF RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which are balanced on
[−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top of each column. A(.) stands
for asinh. All models include time fixed effects, main effects and two-way interactions between a dummy for
Center-North, a dummy for main offices, a set of dummies for quartiles of baseline productivity, as well as time
effects interacted with the dummy for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first stage estimates (FS), reduced form
results (RF), or two-stages least squares estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table 1.11: Estimated Effects of Changes in Managerial Talent on Pre-
dicted Productivity

(1) (2) (3) (4)
k Pred Ln(P) Pred Ln(P1) Pred Ln(P2) Pred Ln(P3)
-4 0.018 0.036 0.031 0.023

( 0.061) ( 0.016) ( 0.041) ( 0.044)
-3 0.010 0.026 0.011 0.000

( 0.058) ( 0.015) ( 0.044) ( 0.046)
-2 -0.015 0.021 0.013 0.009

( 0.060) ( 0.014) ( 0.038) ( 0.042)
0 0.204 0.007 0.040 0.030

( 0.071) ( 0.017) ( 0.032) ( 0.035)
1 0.121 0.009 0.047 0.036

( 0.057) ( 0.016) ( 0.036) ( 0.040)
2 0.215 -0.001 0.060 0.055

( 0.066) ( 0.016) ( 0.041) ( 0.047)
3 0.234 0.007 0.065 0.050

( 0.052) ( 0.012) ( 0.041) ( 0.041)
4 0.207 0.014 0.024 0.011

( 0.087) ( 0.016) ( 0.040) ( 0.044)
5 0.290 0.015 0.034 0.017

( 0.060) ( 0.015) ( 0.040) ( 0.041)
6 0.371 -0.013 0.047 0.051

( 0.075) ( 0.013) ( 0.040) ( 0.044)

N 318 318 318 318
Time FE Yes Yes Yes Yes
Mean 0.058 -0.212 -0.057 -0.053
Method RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only
events which are balanced on [−4, 6]. The dependent variable is ∆ykit (see text) and

yit is reported at the top of each column. The dependent variable in column 1, ˆlnP it,
is the fitted value from a regression of lnPit on office and time fixed effects and a set
of covariates. These covariates include share of employees in each of the 10 deciles
of the age distribution, average office age, fraction female, ln FTE, asinh(absences),
asinh(over-time), asinh(training). This model also includes a linear and a quadratic
term for each of these covariates, as well as their two-way interactions with time
fixed effects and a dummy for main offices. Dependent variables in columns 2, 3,
and 4 are fitted values constructed using a subset of variables. I use office and time
effects in Column 2, add age in column 3, and gender composition in column 4.
All models include time fixed effects, main effects and two-way interactions between
a dummy for Center-North, a dummy for main offices, a set of dummies for quar-
tiles of baseline productivity, as well as time effects interacted with the dummy for
Center-North. k indexes event time. Each coefficient is obtained from a separate re-
gression. “Method” displays whether the column reports first stage estimates (FS),
reduced form results (RF), or two-stages least squares estimates (2SLS). Standard
errors are clustered at the office level and are reported in parenthesis.
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Table 1.12: Estimated Effects of Changes in Managerial Tal-
ent on Quality, Backlog, and Demand

(1) (2) (3)
k A(Quality) A(Backlog) A(Demand)
-4 -0.036 0.150 0.258

( 0.026) ( 0.127) ( 0.188)
-3 -0.029 0.140 0.778

( 0.028) ( 0.111) ( 0.543)
-2 -0.049 0.053 0.234

( 0.028) ( 0.093) ( 0.185)
0 -0.064 -0.129 -0.095

( 0.049) ( 0.102) ( 0.623)
1 0.064 -0.077 1.049

( 0.074) ( 0.110) ( 0.483)
2 -0.091 -0.248 -0.267

( 0.062) ( 0.129) ( 0.579)
3 0.049 -0.345 -0.149

( 0.044) ( 0.135) ( 0.393)
4 0.055 -0.258 0.422

( 0.039) ( 0.195) ( 0.311)
5 0.009 -0.071 0.120

( 0.034) ( 0.176) ( 0.450)
6 0.021 -0.145 -0.139

( 0.099) ( 0.196) ( 0.482)

N 274 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.232 0.014 -0.048
Method RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample in-
cludes only events which are balanced on [−4, 6]. The dependent vari-
able is ∆ykit (see text) and yit is reported at the top of each column.
A(.) stands for asinh. All models include time fixed effects, main effects
and two-way interactions between a dummy for Center-North, a dummy
for main offices, a set of dummies for quartiles of baseline productivity,
as well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate regres-
sion. “Method” displays whether the column reports first stage estimates
(FS), reduced form results (RF), or two-stages least squares estimates
(2SLS). Standard errors are clustered at the office level and are reported
in parenthesis.
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Table 1.13: Robustness (Leave-Office-Out): Estimated Ef-
fects of Changes in Managerial Talent

(1) (2) (3)
k* ∆M Ln(Productivity) Ln(Output) Ln(FTE)
-4* ∆M -0.1868 -0.3040∗∗ -0.1171

(0.2038) (0.1532) (0.1112)
-3* ∆M -0.0028 -0.0714 -0.0686

(0.2004) (0.1574) (0.1340)
-2* ∆M 0.0277 0.0158 -0.0119

(0.1873) (0.1409) (0.0944)
0 * ∆M 0.4675 0.0850 -0.3824

(0.2982) (0.2672) (0.4075)
1* ∆M 0.4791 0.2583 -0.2208

(0.3197) (0.1981) (0.2921)
2* ∆M 0.4709 0.0311 -0.4398

(0.3133) (0.2267) (0.3823)
3* ∆M 0.5323∗∗∗ 0.0532 -0.4791

(0.1883) (0.2854) (0.3047)
4* ∆M 0.5002∗ 0.1210 -0.3792

(0.2569) (0.2213) (0.2996)
5* ∆M 0.5909∗∗ 0.2836 -0.3074

(0.2744) (0.3219) (0.2878)
6* ∆M 0.6096∗∗∗ 0.3496 -0.2600

(0.1668) (0.2476) (0.2652)
N 12432 12432 12432
R sq. 0.64 0.97 0.98
Office FE Yes Yes Yes
Quarter FE Yes Yes Yes
Trend No No No
Mean 4.49 8.62 3.04

Note: The sample includes all main offices and local branches for which
the leave-office-out measure of managerial ability is available (treated
group) and all control offices, 2011q1-2017q2. The treatment goup
includes only events which are balanced on [−4, 6]. The dependent
variable is reported at the top of each column. All models include
office fixed effects and time fixed effects interacted with a dummy for
Center-North. k indexes event time. Standard errors are clustered at
the office level and are reported in parenthesis. Stars: * for p<.10, **
for p<.05, and *** for p<.01.
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Table 1.14: Counterfactual Exercises

∆P
Policy 1: Reassign 6.9%
Policy 2: Replace bottom 20% 2.9%
Policy 3: Replace bottom 20% + Reassign 7.4%
Policy 4: Random allocation 2%

Note: The sample includes all the connected sets with at least five
managers. I consider four counterfactual policies that the social plan-
ner can implement. Policy 1: she can rallocate existing managers
according to the optimal rule. Policy 2: she can fire the bottom 20%
of top-level bureaucrats and substitute them with the median man-
ager (but allocate them as in the current environment). Policy 3: she
can implement both Policy and 2. Policy 4: she can randomly assign
existing managers to offices (1,000 iterations).
As my sample contains multiple connected sets, I implement each
policy within connected set, estimate the implied counterfactual for
each office, and then aggregate over offices using wi as weights.
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Chapter 2

The Impacts of Hospital Delivery
Practices on Infant Health

2.1 Introduction

There is wide variation across hospitals in the use of intensive medical treatments.1 In the
case of cesarean section — the most common surgical procedure in the U.S. — Kozhimannil
et al. [2013] and Kozhimannil et al. [2014] document large differences in c-section rates that
are uncorrelated with measures of medical need. Whether the extra treatments at high-
intensity hospitals are beneficial is a key policy concern (e.g., Baicker et al. [2012]). The
traditional view is that supplier-induced treatments have little impact on patient outcomes
(e.g., Fisher et al. [2003a] and Fisher et al. [2003b]). A recent study by Doyle et al. [2015],
however, points to significant health benefits of being routed to a high-cost hospital. For
birth mode, where nearly all studies are based on observational comparisons, the usual
finding is that cesarean delivery is associated with worse outcomes for infants and mothers.2

This evidence has led the American College of Obstetricians and Gynecologists, the US
Department of Health and Human Services, and the Joint Commission to issue a series of
clinical guidelines and goals to reduce cesarean delivery rates (e.g., ACOG [2006], Spong
et al. [2012], ACOG [2014], The Joint Commission [2016]).

These guidelines focus on cesarean delivery by first-time mothers with no clear indicators
of medical need, a group we term “low-risk first births” (LRFBs).3 In our California-based

1See Romley et al. [2011] and Doyle et al. [2015] for analyses of hospital-specific spending and outcomes,
Rysavy et al. [2015] for a study of variation in treatment of pre-term infants, and Barnato et al. [2005] for
an analysis of hospital-specific variation in the context of racial disparities in treatment of AMI. Skinner
[2011] provides a review of the related literature on regional variation in intensity of care or spending; recent
contributions in this vein include Cutler [2007] and Finkelstein et al. [2016].

2See e.g., Clark and Silver [2011], Gregory et al. [2012], Goer et al. [2012], and Hyde et al. [2012].
3Specifically, following Osterman and Martin [2014], we define LRFBs as term (37+ weeks gestation),

singleton, vertex first births, and further exclude mothers under 18 or over 35, mothers with BMI above the
90th percentile, and mothers with eclampsia, pre-eclampsia, growth restrictions, or >20 pre-natal visits.
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data, as in the nation as a whole, about one quarter of LRFBs are delivered by cesarean,
with significant variation across hospitals even within narrow geographic areas. We interpret
this variation as reflecting in part hospital-specific practice standards over how long labor is
allowed to progress before patients are referred for c-section.4

The tradeoff between earlier c-section and longer labor is widely debated.5 On one hand,
prolonged labor may amplify fetal stress and cause health problems for children, as well
as increasing the risk of hemorrhage and lacerations for mothers. On the other, cesarean
deliveries typically cost more than vaginal births [Podulka et al., 2008, Sakala et al., 2013];
they often preclude future vaginal births; and they are correlated with worse health outcomes,
including poorer respiratory health of infants [Hyde et al., 2012], higher risk of maternal
infection, and prolonged recovery for mothers.6 Nearly all the evidence on the health effects
of delivery mode is observational, however, making causal interpretations difficult. Moreover,
a systematic accounting of costs and benefits of earlier c-section versus longer labor is lacking.

In this paper, we attempt to fill this gap by assessing the main costs and benefits of
alternative hospital delivery practices.7 Our research design uses the fact that newmothers
tend to deliver at the nearest hospital. Building on McClellan et al. [1994], we classify
hospitals in each Hospital Referral Region (HRR) into two groups based on their risk-adjusted
average cesarean rate for LRFBs, and use the relative distance from a mother’s home zip
code to the nearest high c-section (H) hospital versus the nearest low c-section (L) hospital
as an instrumental variable for delivery at an H hospital.

We implement this design using a California data set that combines hospital discharge
records for mothers and newborns, birth certificate information, inpatient and outpatient
records for infants in the year after birth, and parallel records for mothers in the year before
birth. These data provide indicators of infant health for a large sample of LRFBs, as well
as detailed information on maternal characteristics and predetermined risk factors.

A concern with inferences based on relative distance is that patient health may be cor-
related with proximity to high- or low-intensity hospitals [Hadley and Cunningham, 2004].
To address this, we focus on within-Hospital Service Area (HSA) comparisons and control
for the fraction of government-insured mothers in a mothers zip code. Conditional on HSA,
the local share of government-insured mothers, and distance to any hospital, we show that
relative distance to a high c-section hospital is uncorrelated with a wide set of maternal

4In support of this interpretation, the leading motive reported for c-sections among LRFBs is the failure
of labor to progress [ACOG, 2014]. Progress of labor is commonly judged against Friedmans curve [Friedman,
1995].

5See for example the commentary by Cohen et al. [2018], criticizing the new guidelines for labor man-
agement published by American College of Obstetricians and Gynecologists.

6In Appendix B.1 we present an abbreviated summary of recent studies on health risks associated with
c-section.

7Two prospective RCTs of “active management of labor” interventions to reduce c-section rates [López-
Zeno et al., 1992, Frigoletto et al., 1995] reached different conclusions about whether such programs had an
effect on c-section rates. More recently, Gimovsky and Berghella [2016] implemented a small (N=78) RCT
to extend labor for women with a prolonged second stage, which substantially reduced c-section rates. These
studies were under-powered for studying subsequent health effects on mothers and infants.
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characteristics and risk factors, including education, race, insurance status, prenatal care,
maternal smoking, and infant birth weight. We also document the insensitivity of all our
key results to including any, all, or none of these additional factors in our models.

Relative distance to a high versus low c-section hospital strongly affects the probability
of delivery at a high c-section hospital and the probability of cesarean delivery. The increase
in cesarean deliveries is largely offset by reductions in vaginal births occurring a day or more
after admission to the hospital, as would be expected if physicians at high c-section hospitals
tend to refer patients for c-section earlier in the labor process.

We find that the hospital compliers, who shift their place of delivery from low to high c-
section hospitals based on relative distance, have lower education than other mothers and are
more likely to be covered by Medicaid or other government insurance. Mothers who deliver
by c-section when shifted to a high c-section hospital — hospital and procedure compliers —
have even lower education and are even more likely to be covered by government insurance,
suggesting that practice style differences have larger impacts on relatively disadvantaged
patients.8

In the year after birth we find that infants delivered at H hospitals have a higher proba-
bility of an ED visit. Consistent with a growing literature documenting adverse respiratory
development after c-section [Hyde et al., 2012], the majority of these additional visits are
attributable to respiratory-related diagnoses. Offsetting these effects, however, we find a
lower probability of readmission to hospital, concentrated in the neonatal period (first 28
days).

An important issue for interpreting these impacts is whether they might be driven in part
by other practice differences between H and L hospitals — a so-called “correlated treatments”
problem [McClellan et al., 1994]. To address practice differences that affect ED use, we
classify hospitals by the probability that infants born there have an ED visit in the year
after birth, and form a second instrumental variable based on the relative distance to high
ED use hospitals. We then fit models that include two endogenous hospital characteristics:
high versus low cesarean delivery rate, and high versus low ED use rate. We follow a parallel
approach for inpatient readmissions, classifying hospitals as high versus low-readmission,
forming a third instrumental variable based on the relative distance to high readmission
hospitals, and fitting models that control for both delivery practices and infant readmission
differences.

We find that hospital-specific factors affecting the relative fraction of cesarean deliveries
are very weakly correlated with factors affecting ED use or re-admission rates of infants born
in that hospital. As a result, controlling for a second channel (or for all three channels at
once) has little effect on our conclusions about the impacts of delivering at a high c-section
hospital on ED visits or inpatient readmissions.

8In California over our sample period the MediCal system paid the same amount to hospitals for vaginal
and cesarean delivery, so this finding is not driven by financial incentives to perform more cesareans on
government-insured patients. See Alexander [2015] for a discussion of delivery mode choice and financial
incentives under Medicaid in a national sample of births.
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Lastly, we consider the effects of delivery practices on infant deaths. Delivery at a
high c-section hospital is associated with a relatively large reduction in infant mortality —
on the order of 2.4 fewer deaths per 1,000 deliveries — with p-values around 0.02. This
effect is highly robust to controlling for maternal demographics, infant risk factors, and
any independent effect of delivery at high inpatient readmission hospitals. Moreover, about
two-thirds of the overall reduction in death is attributable to a decline in the joint event
of late delivery (i.e., delivery ≥ 1 day after mothers admission) and death. Taken together
with our findings on Apgar scores and readmissions in the neonate period, we believe the
evidence points to a significant risk of death after prolonged labor that is partially mitigated
by practices at H hospitals.

As in other settings, the applicability of our findings depends on whether the treatment
effects associated with delivery at a high c-section hospital are different for compliers than for
other infants. Using a series of correlated random coefficient (CRC) models [Garen, 1984,
Heckman and Vytlacil, 1998], we find evidence of larger health impacts on infants whose
mothers have unobserved preferences for low-c-section hospitals. One possible interpretation
of this finding is that mothers who prefer vaginal births are less likely to switch to high
c-section hospitals because of distance, but the treatment effects for their infants are larger
if they do switch. In any case, the estimated average treatment effects in our CRC models
are very close to the local average treatment effects from our simpler IV models.

We conclude by putting together our estimates in a partial cost-benefit analysis that
accounts for the lifetime costs of respiratory disease, the delivery and health costs of subse-
quent births to mothers who receive a primary c-section, and the impacts on mortality. We
estimate that the net benefit of delivering an extra 1,000 births at a high c-section hospital
is between $7 and $8 million. Even assuming that the mortality effect is only one-half as
large as our main estimate we find a net benefit of around $1 million. These calculations
are specific to our setting (low-risk first births in California between 2007 and 2011) and
may not generalize to states with higher baseline rates of cesarean delivery.9 At a minimum,
however, our estimates suggest that policies aimed at reducing primary c-section rates by
extending the time until surgical intervention may have important offsetting costs.

We contribute to an important literature estimating the effects of treatment practices and
incremental treatments on patient health outcomes. We build directly on the work of Mc-
Clellan et al. [1994], Cutler [2007], and Chandra and Staiger [2007], who use distance-based
designs to study treatment of AMI. In recent work, Doyle et al. [2015] leverage quasi-random
assignment of Medicare patients to ambulance companies to study the health outcomes of
patients with non-deferrable conditions routed to high-cost hospitals. Ourpaper extends
this literature to another domain — childbirth — where we know less about the impacts of
hospital practices, but where ambulance-based designs are infeasible.

We also contribute to a growing economics literature on the consequences of treatment
choices at delivery. Jensen and Wust [2015] show that breech births benefit from c-section

9Californias overall c-section rate of 33.2% in 2011 was comparable to the national rate of 32.8 (Martin
et al., 2013a), so we think of our setting as a middle ground.
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delivery. Jachetta [2014] uses malpractice premiums to instrument for area-level c-section
rates and finds that cesarean delivery leads to higher incidence of asthma. Halla et al. [2018]
document a fertility effect of cesarean delivery for Austrian mothers. Costa-Ramón et al.
[2018] use arrival time at the hospital as an exogenous determinant of c-section rates and
find that cesarean delivery leads to lower Apgar scores. We quantify some of the main infant
health effects of alternative delivery practices while paying close attention to the issue of
instrument validity and the possibility of multi-dimensional practice styles differences across
hospitals.

The paper proceeds as follows. Section 2.2 provides an overview of childbirth and hospital
delivery practices, and lays out our econometric framework. Section 2.3 describes our data
sources, sampling scheme, and the construction of our instruments. Section 2.4 discusses
first-stage results and complier characteristics. Section 2.5 provides the main results of our
analysis of health outcomes. Section 2.6 summarizes our results in a simple cost-benefit
framework. Section 2.7 concludes.

2.2 An Overview of C-Section and Our Modeling

Approach

Hospital Practice Styles and Delivery Outcomes

Figure 2.1 provides a stylized overview of the pathways leading to c-section. The left branch
shows the pathway for mothers with a planned (or scheduled) c-section. This group includes
women who have had a previous c-section, those with breech pregnancy or multiple fetuses,
and those with risk factors like obesity or eclampsia [Declercq et al., 2006, Zhang et al., 2010].
Their c-sections occur with no attempted labor, often several days before normal term.

The right branch shows the pathway for mothers who reach normal term with no sched-
uled intervention. Typically, a mother-to-be shows signs of labor and is admitted to hospital
where her progress is monitored and pain relief and labor-augmenting medications are ad-
ministered.10 Barring other factors, a decision to perform c-section at hospital h is reached
when labor time exceeds the threshold Th (which can vary with maternal characteristics and
other information), resulting in an unscheduled or intrapartum c-section. Hospital practices
vary widely over how long to allow labor to proceed [Zhang et al., 2010, Kozhimannil et al.,
2013, 2014], leading to wide variation Th and in the probability of intrapartum c-section.

Given these two very different pathways we focus on “low-risk” first births, eliminating
twins, breech presentations, births to mothers younger than 18 or over 35, and five other

10Declercq et al. [2006] report that that 76% of all U.S. mothers had epidural anesthesia during labor.
Many practitioners believe this slows labor and makes c-section more likely, though the evidence is contro-
versial - see Howell [1999] and Klein [2006]. Reporting rates of epidural anesthesia appear to vary widely
across hospitals in our sample and we do not attempt to control for this factor.
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risk factors.11 We classify hospitals as having high or low cesarean rates for LRFBs relative
to other hospitals in the same HRR, and use a distance-based design to identify the causal
effects of delivering at a high c-section hospital. Our interpretation is that risk-adjusted
differences in c-section rates for LRFBs reflect differences in the hospital-specific threshold
Th.

12 Several factors could play a role in this variation, including financial incentives [Gruber
and Owings, 1996] malpractice pressures [Baicker et al., 2006], and differences in medical
training. Rather than try to identify these factors, however, we take a data-driven approach
and simply classify hospitals as H or L. This is similar to the approach taken by Finkelstein
et al. [2016] in classifying HRRs based on average spending by Medicare-insured patients.

Econometric Framework

Next, we briefly summarize our econometric framework. This consists of simple linear models
for the choice of a high c-section hospital by mother i (denoted by Hi), cesarean delivery
(Ci), and a health outcome for the infant (yi):

Hi = δ0 + δ1Zi + δxXi + ui (2.1)

Ci = π0 + π1Zi + πxXi + ηi (2.2)

yi = τ0 + τ1Zi + τxXi + ξi (2.3)

In each case the explanatory variables are Zi, the relative distance from the mothers home
to a low versus high c-section hospital, and Xi, a vector of controls. Equations (2.1) and
(2.2) are first-stage models for choice of hospital type and c-section delivery. Equation (2.3)
is a reduced-form model for the effect of relative distance on health. In this setup there are
two possible IV estimators. The first is formed by dividing the reduced form effect of relative
distance (τ1) by the first-stage effect on the type of hospital (δ1). This estimator scales the
reduced form effect per additional delivery at H hospitals. The second IV estimator divides
τ1 by the first stage effect of relative distance on the probability of c-section (δ1), scaling the
reduced form effect per additional c-section.

To clarify the interpretation of these estimators, consider a binary version of relative
distance, ZB

i , which indicates whether a mothers home is closer to a high c-section hos-
pital or not.113 Let H0i and H1i represent indicators for whether mother i would choose
a high c-section hospital when ZB

i = 0 and ZB
i = 1, and let C0i and C1i represent in-

dicators for whether she would deliver by c-section. The potential responses to changes

11We do not attempt to eliminate scheduled c-sections since the classification depends on indicators of
labor on the mothers discharge record which are known to be under-reported [Henry et al., 1995]. See the
discussion below.

12We present supporting evidence on the timing of birth relative to the day of arrival of the mother below.
13In our analysis below we focus on a continuous measure of relative distance. However, we get similar

IV estimates using an indicator for being closer to a high c-section hospital.
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in ZB
i are represented by the 4-tuple (H0i, H1i) , (C0i, C1i). For example, mothers with

(H0i, H1i) , (C0i, C1i) = (0, 1), (0, 0) are those who switch hospital types in response to dis-
tance but who always deliver vaginally (i.e., H-compliers/V always-takers, using the standard
LATE nomenclature).

We make three standard assumptions. First, we assume there are no H-defiers (i.e.,
H1i ≥ H0i). Second, we assume that distance has no direct effect on delivery mode, so
C1i = C0i if H1i = H0i.

14 Finally, we assume there are no H-complier/C-defiers, ruling out
rank-reversals in treatment intensity for H-compliers.15 Under these assumptions there are
three groups of H complying mothers: (1) those who switch from vaginal to cesarean delivery
when closer to an H hospital (H&C compliers); (2) those who always deliver by cesarean
(H complier & C always-taker); (3) those who always deliver vaginally (H complier & V
always-taker).

Let ρ1(x), ρ2(x), and ρ3(x) represent the population shares of these three groups for
patients with Xi = x. Then, for a given x-group the first-stage effect of relative distance
on the probability of delivery at an H hospital (i.e., δ1) identifies ρ1(x) + ρ2(x) + ρ3(x),
and and the first-stage effect on the probability of c-section (i.e., π1) identifies ρ1(x). More
generally, assuming that X consists of a set of dummies for mutually exclusive subgroups,
the first-stage coefficients for the overall sample identify the average fractions of H compliers
and H&C compliers across subgroups (see Appendix B.2).

Next, let Yi(h, c, z, x) represent a potential health outcome that would be observed for
birth i conditional on hospital type h, delivery mode c, relative distance z, and covariates x.
We assume:

Yi(h, c, z, x) = Yi(h, c, x)

i.e., that health does not depend on relative distance conditional on delivery mode, hospital
type, and x. The treatment effects for the three subgroups of H-compliers whose hospital
choice changes with ZB

i are:

µ1(x) = E[Yi(1, 1, x)− Yi(0, 0, x)|H&Ccomplier]

Note that µ1, the treatment effect for H&C compliers, combines the effects of a switch from
vaginal to cesarean delivery and other effects of delivering at an H hospital, such as a shorter
labor. For the other complier groups delivery mode is fixed and the health effects depend
only on other practice differences at H hospitals (e.g., a shorter labor for C-always takers).

µ2(x) = E[Yi(0, 1, x)− Yi(1, 1, x)|Hcomplier&C − AT ]

14This rules out the possibility, for example, that being closer to the hospital affects the stage of labor at
arrival, which in turn affects the probability of c-section. To address concerns about the role of travel time
we include a measure of the mothers distance to the nearest hospital of any type in all our models.

15Rank invariance is routinely assumed in the analysis of quantile treatment effects (e.g., Chernozhukov
and Hansen [2005]). Currie and MacLeod [2017] consider a setting where rank-reversal could be important.
They document substantial heterogeneity in physician diagnostic ability, which could lead to rank reversals
if better diagnosticians are concentrated at certain hospitals. Importantly, our low-risk first birth sample
excludes most of the higher-risk births considered by Currie and MacLeod [2017].
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µi(x) = E[Yi(0, 0, x)− Yi(1, 0, x)|Hcomplier&V − AT ].

The reduced-form health effect for a given x-group is an estimate of ρ1(x)µ1(x)+ρ2(x)µ2(x)+
ρ3(x)µ3(x) which combines the probabilities of each complier group with their treatment
effects. Scaling by the first-stage effect on the probability of delivery at an H hospital yields
an estimate of the average treatment effect per H complier:

ρ1(x)µ1(x) + ρ2(x)µ2(x) + ρ3(x)µ3(x)

ρ1(x) + ρ2(x) + ρ3(x)
. (2.4)

Scaling by the first stage effect on the probability of c-section, on the other hand, yields an
estimate of µ1(x) + ρ2(x)µ2(x)+ρ3(x)µ3(x)

ρ1(x)
. If there are no health effects on the C or V always-

takers, this is an estimate of µ1(x). Given the strong likelihood that practice differences
affect the health of the always-taker groups, however, we focus on estimates that scale by
the fraction of births moved from L to H hospitals, and interpret the IV estimate as a weighed
average of effects for the 3 complier groups.

2.3 Data Sources, Sample Overview, Relative

Distance Instrument

Data

We use a linked cohort data set created by the California Office of Statewide Health Planning
and Development (OSHPD) that combines patient discharge (PD) records, emergency de-
partment (ED) records, ambulatory surgery (AS) records, and vital statistics (VS) records
for all in-hospital births between 2007 and 2011.16 Specifically, discharge records for the
birth stay of the infant and mother are linked with birth certificate data, PD/ED/AS and
VS records over the following year, and PD/ED/AS records for mothers in the year prior
to birth. The resulting data set includes VS-derived information on the mother (e.g., ed-
ucation, race, weight, and prenatal care) and infant (gestation, birthweight, Apgar score),
as well as PD-derived information on diagnoses at delivery. Pre-birth PD/ED/AS records
provide additional indicators of maternal health (such as the number of ED visits in the
year prior to birth). The post-partum PD/ED/AS and VS records provide our main health
outcomes (hospital and ED visits and infant death in the year after birth).

A limitation of this data set is the absence of information on visits to physician offices,
community clinics, and similar facilities. Thus, we miss health problems for infants or
mothers that are treated in these settings rather than at licensed hospitals or AS centers. And
despite the relatively rich information from the birth stay records and the birth certificate,

16This is known as PDD/ED/AS/Linked Birth Cohort data, and is available to researchers through
OSHPD. See Appendix B.3 for more information on the characteristics of the data and the derivation of our
samples.
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it also lacks direct clinical information on factors like whether a cesarean occurred after a
trial of labor.17 The offsetting benefit is that we have a relatively large sample size, allowing
us to detect plausible-sized effects with an IV research design.

Sample Overview

Table 2.1 provides an overview of the characteristics of all 2.7 million births in California
during our 5-year sample window (column 1) and of all low-risk first births (column 2).
We define LRFBs as singleton non-breech first births delivered at 37+ weeks of gestation,
corresponding to the two lowest risk groups in Robsons (2001) classification. We further
eliminate mothers under 18 or over 35 and those with any of 5 other risk factors: eclampsia,
pre-eclampsia, growth restrictions, BMI >90th percentile, or >20 prenatal visits. We do not
condition on other risk factors (including birthweight), allowing us to test for orthogonality
of our distance-based instrument with indicators of infant health.

The entries in column 1 show that about 50% of all California mothers are Hispanic,
one-half have no more than high school education, and one-half have their delivery paid by
government insurance (mainly Medi-Cal, the states version of Medicaid). All three rates fall
to around 40% among LRFB mothers. LRFB mothers are also younger and lighter. Overall
about one third of all California births and one quarter of LRFBs were delivered by c-section
during our sample period, similar to the national averages reported by Osterman and Martin
[2014].

Construction of Relative Distance Instrument

Our distance-based design relies on a prior classification of hospitals. Since c-section rates
vary across regions of California, we elected to define high and low c-section hospitals within
Health Referral Regions (HRRs).18 As detailed in Appendix B.3, we fit a logit model for
cesarean delivery on our LRFB sample, including hospital dummies and a set of risk factors.
We classify a hospital as “high c-section (H) for mothers in a given HRR if its risk-adjusted
c-section rate (i.e., the hospital effect in the logit) is above the patient-weighted mean for
all hospitals in that HRR. Otherwise it is classified as “low c-section (L).19 We note that if

17Martin et al. [2013] evaluate the quality of the medical and health data recorded on birth certificates
and conclude that while some information (e.g. parity) is relatively accurate, other information (e.g., fetal
intolerance of labor) is poorly recorded.

18Hospital referral regions (HRRs) represent regional health care markets for tertiary medical care, defined
by the Dartmouth Atlas (see Dartmouth Atlas, undated). There are 25 HRRs in our sample of LRFBs. If
we classified hospitals on a statewide basis, we would have many more high c-section hospitals in Southern
and Central California and many more low c-section hospitals in Northern California.

19One concern is that the estimated hospital logit coefficients models for c-section simply reflect unob-
servable case-mix differences. To probe whether our classification algorithm is biased by case-mix differences,
we reclassified hospitals with various sets of risk-adjusters. Reassuringly, the resulting classifications are all
nearly perfectly correlated with our preferred classification, suggesting that case-mix differences, although
likely present, are unlikely to significantly affect our results.
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a hospital serves mothers from two adjacent HRRs it may be classified as H for mothers in
one HRR and L for those in the other, depending on the c-section rates at other hospitals
in the two HRRs.

Appendix Table B.3 shows that the average cesarean delivery rate of LRFBs is 29% at
H hospitals and 22% at L hospitals. About two-thirds of the difference is attributable to a
higher rate of c-sections that are performed in cases where there are no indications of a trial
of labor (i.e., unscheduled c-sections). H hospitals are also more likely to be for-profit (18%
vs. 9%) and less likely to have a NICU unit (74% vs. 86%). Nevertheless, the two types of
hospitals have similar average numbers of deliveries per year (3,695 versus 3,635). Even L
hospitals perform an average of 800 cesarean deliveries per year on LRFBs, so the staff at
these hospitals have wide experience with the procedure.

We then calculate the distance from the centroid of a patients home zip code to the
centroid of the zip code of the nearest H hospital (dHi) and the nearest L hospital (dLi).
We define the relative distance Zi = dLi − dHi and a simple binary indicator for being
closer to an H hospital ZB

i = 1[Zi ≥ 0]. We also define the distance to nearest hospital
dMIN
i = min[dLi, dHi].

The third column of Table B.3 presents the characteristics of the subsample of LRFBs
that have non-missing patient zip code information, non-missing values for all the control
variables in our main specifications, and have dHi ≤ 20 miles, dLi ≤ 20 , and less than
20 miles between the mothers home zip code and actual hospital she delivered in. These
restrictions eliminate about 20% of LRFBs, leaving a final analysis sample of 491,604 births.
A comparison of columns 2 and 3 suggests that this sample is quite similar to the overall
LRFB sample.

Figure 2.2 illustrates the strong relationship between relative distance and hospital choice
for LRFB mothers. Here we plot the fraction of mothers in each zip code who deliver at an
H hospital against the value of Zi for mothers in that zip code. The data suggest a nearly
symmetric S-curve relationship, tending toward a minimum of about 10% when Zi < 15 and
a maximum of about 90% when Zi > 15.

Evaluating Instrument Validity

A concern with a distance-based IV strategy is that relative distance may be correlated with
underlying determinants of patient health (e.g., Hadley and Cunningham [2004]; Garabedian
et al. [2014]). To assess this concern we estimated a series of OLS models for a set of observed
maternal characteristics and infant risk factors, looking for evidence of a correlation with
relative distance. Specifically, for each risk factor we fit a model of the form:

Ri = ψ0 + ψ1Zi + ψxX
0
i + ζi (2.5)

where X0
i is a set of basic control variables we include in all our outcome models. This

includes HSAeffects,yeareffects,distancetothenearesthospital(dMIN
i ),and a simple measure of

neighborhood economic status based on the fraction of all mothers (including first- and
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higher- parity births) from the same zip code who were covered by government insurance at
their delivery. The latter variable is included to control for the possibility that lower-income
families are sorted within HSAs and are more likely to live near hospitals with higher (or
lower) risk- adjusted c-section rates.

Results for 31 different maternal characteristics and risk factors are summarized in Tables
2.2 and 2.3. On the mothers side we examine age, education, race, insurance status, height,
weight, BMI, use of hospital or ED in the year prior to birth, timing and number of prenatal
care visits, diabetes, herpes, asthma, and smoking. For the infant we examine gestation,
birth weight, and incidence of low birth weight. We also examine average income in the
mothers zip code and 4 other characteristics of new mothers in that zip code (calculated
leaving out the mother in question): mean education, the mean fraction with less than high
school education, and the mean fractions black and Hispanic.

Column 1 reports estimates of the ψ1 coefficients from this exercise, with standard errors
clustered at the mother’s zip code in column 2. Controlling for HSA and the fraction of
mothers in the same zip code with government insurance, mothers living closer to H or L
hospitals are statistically indistinguishable from one another. Only 2 of the 31 estimated
effects of relative distance are near statistical significance: reported maternal herpes (t-
statistic = -1.73) and maternal asthma (t-statistic = 2.00). To summarize the overall pattern
of the differences in risk factors we fit logit models for 3 outcomes — an infant ED visit in
the year after birth, an infant readmission to hospital, and infant death — using all 31
predictors in the table. We find no evidence that infants whose mothers live nearer to H
hospitals have higher or lower predicted risks of these outcomes. Finally, we perform a joint
F-test of the null hypothesis that the coefficients on all 31 listed characteristics are jointly
zero in a regression of relative distance on those characteristics and our baseline controls.
The F-statistic from this test is 1.041 — close to its expected value under the null, with a
p-value of 0.406.20

For comparative purposes columns 3 and 4 show the estimated coefficients from models
of the relationship between the risk factors and actual delivery at a high c-section hospital
(i.e., we replace Zi in equation (2.5) with Hi ). Consistent with the motivation for an
instrumental-variables approach in the first place, we observe significant patterns of sorting
across hospital types. Conditional on our basic controls, mothers who deliver at H hospitals
are more likely to have government insurance; they have higher rates of visiting the hospital
in the year before delivery; they have slightly lower reported rates of diabetes, herpes, and
asthma; and their infants are more likely to be categorized as low birthweight (<2500g).
On balance, it appears that infants delivered at H hospitals have lower expected health:
predicted ED visits, inpatient readmissions and death rates are all higher for these infants.
Thus, we might expect simple observational comparisons to show that H-delivery leads to
worse infant health.

20Consistent with the concerns raised by Hadley and Cunningham [2004], there is some evidence of sorting
at broader geographies. The F-test without conditioning on mothers HSA rejects that these 31 characteristics
are orthogonal to relative distance (F(31,1249) = 2.969, p < 0.001), highlighting the importance of comparing
mothers who are served by the same hospital market for the validity of our distance-based design.
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In contrast, the results in column 1 show that our approach of looking within HSAs
and isolating choices based on the relative distance to H versus L hospitals overcomes this
sorting. In the analysis below, however, we perform several additional checks to ascertain
that our IV estimates remain stable as we add various controls.

2.4 First-Stage Relationships and Complier

Characteristics

With this background, we turn to our first-stage models and a characterization of the com-
pliers affected by relative distance. The first two rows of Table 2.4 present estimates of the
first-stage effects of relative distance on the probabilities of giving birth in an H hospital
and delivering by cesarean. We show 4 sets of estimates. The first two columns use the
continuous version of relative distance (Zi), with only our basic controls (X0

i ) or a full set
of controls that includes all the variables in Tables 2.2 and 2.3 (in some cases expanded to
a set of dummies or a polynomial function). The third and fourth columns show analogous
estimates using the binary version of our instrument (ZB

i ).
The estimate of 1.586 in the first row of the first column means that a mother living 10

miles closer to an H-hospital is 15.86 percentage points (ppt’s) more likely to deliver at an
H hospital (controlling for X0

i ), while the 1.014 estimate in the third column means that a
mother who is simply closer to an H hospital is 10.14 ppt’s more likely to deliver at such a
hospital. Both estimates are highly significant (t=10.28 and 8.28). As expected given the
results in Tabless 2.2 and 2.3, the addition of controls for maternal demographics and risk
factors has almost no effect on the estimates of these effects, but does lead to a small gain
in precision.

Relative distance also has a strong effect on the probability of c-section delivery. A mother
living 10 miles closer to an H hospital has a 1.86 ppt higher probability of c-section; a mother
who is simply closer to an H-hospital than an L hospital has a 1.09 ppt higher probability of
c-section. Again, these effects are virtually the same when we add the additional controls.

The third and fourth rows of Table 2.4 show the effects of relative distance on cesarean
deliveries that occur with or without indications of labor.21 These estimates imply that
70-75% of the extra c-sections attributable to living closer to an H hospital are unscheduled.
Since indicators of labor are known to be under-reported, however, this fraction is a lower
bound on the share of unscheduled procedures among those affected by the instrument.
Indeed, the 16% under-reporting rate found by Henry et al. [1995] suggests that at least one-
half of the “scheduled c-sections attributed to distance are actually intrapartum procedures
where the hospital record failed to report indications of labor.22

21Specifically, we follow the existing literature (e.g., Gregory et al. [2002]; Johnson and Rehavi [2016])
and classify unscheduled or scheduled c-sections based on the presence or absence of at least one of a set
of ICD-9-CM diagnosis codes devised by Henry et al. [1995] that indicate dystocia or fetal distress during
labor.

22Henry et al. [1995]’s data show that of 831 primary c-sections for non-breech births that were clinically
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The next rows of Table 2.4 show the estimated effects of relative distance on the proba-
bilities of c-section and vaginal births on the day the mother arrived at the hospital versus 1
or more days later. (We do not have information on the hour of arrival or birth). Most of the
extra c-sections for mothers who are closer to an H hospital occur on the day of arrival, while
most of the reduction in vaginal deliveries is for births after a day or more in hospital. As
expected, we find that practice styles at H hospitals tend to cut short longer labors, shifting
later vaginal births to earlier cesarean deliveries.

Next, we show estimates of the effect of relative distance on cesarean deliveries at H and
L hospitals, respectively. Being closer to an H hospitals leads to relatively large rise in the
probability of delivery by c-section at an H hospital, offset by a reduction in c-sections at
L hospitals. Under our assumptions on compliance, the latter effect provides an estimate of
the share of H-complier/C-ATs, who switch hospital types in response to relative distance
but have a cesarean delivery regardless of where they present.

Finally, in the bottom panel of the table we show the implied breakdowns of the overall
H-complier population into its three constituent subgroups To calculate these fractions using
the continuous distance instrument we use the changes in probabilities associated with a 7-
mile reduction in relative distance to an H-hospital (which has about the same effect on the
probability of H-delivery as simply being closer to an H-hospital). Both the continuous and
binary versions of the instrument imply that H&C compliers represent about 11% of the
overall H complier population, while C-ATs represent about 20%, and V-ATs represent 69%.

To further explore the effects of relative distance on hospital and delivery mode choice, we
used the discrete version of our instrument to estimate the mean characteristics of the overall
group of H-compliers and the subgroup of H&C compliers. The results are summarized in
Table 2.5. A comparison of the demographic characteristics of all LRFB mothers (column
1) and the H-compliers (column 2) shows that the compliers are more likely to be Hispanic
and to have at most a high school education. They are also more likely to have government
insurance, and to have visited an ED in the year prior to birth.23 Consistent with evidence
from other settings — e.g., Beckert et al. [2012] study of hip replacement patients — these
comparisons suggest that families whose hospital choices are most affected by distance tend
to be less advantaged.

The H&C compliers (column 3) are even more highly selected. For example, only 14%
have a college degree; they are also more likely to live in zip codes with lower incomes and
higher fractions of government-insured mothers, and to have been users of the ED prior to

coded as having trial of labor, 701 had indications of labor on the discharge record, implying a 15.6% under-
reporting rate. If we assume that distance only affects unscheduled c-section rates we would expect to find
that scheduled c-sections account for 15.6% of the overall first stage effect. Martin et al. [2013] report that
“trial of labor” reported on the birth certificate under-reports actual trial of labor for cesarean delivered
births by 12-25%.

23Although not reported in the table we also looked at the fractions with Kaiser insurance, and find very
low rates among H compliers and H&C compliers. We have estimated our main models excluding Kaiser
insurees and find that the resulting IV estimates are very similar to those from our larger sample. This is as
expected given there are so few Kaiser insurees among the compliers.
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the birth. The implication is that differences in hospital practices have a larger impact on
the delivery modes of lower-SES mothers, even conditional on choosing a hospital based on
relative distance. This is the complement of the findings reported by Johnson and Rehavi
[2016], who conclude that the delivery modes of physician mothers are less responsive to the
financial incentives faced by their doctors.24

Panel D of Table 2.5 shows the fractions of compliers whose infants have above-median
predicted probabilities of an ED visit or inpatient readmission in the year after birth.25 In-
fants of H&C compliers have a particularly high risk of an ED visit, consistent with the fact
that their mothers tend to be less-educated women with high rates of government insurance
who were themselves relatively heavy users of the ED. They also have high predicted read-
mission rates, suggesting that these infants may be particularly vulnerable to problems at
delivery.

2.5 Impacts of High C-Section Delivery Practices on

Infant and Maternal Health

Outcomes at Delivery

With this background, we now turn to the health effects of hospital-specific delivery practices.
We begin in Table 2.6 with outcomes realized at delivery. For infants, we examine the 5-
minute Apgar score, incidence of a birth injury, admission to the NICU, use of ventilation,
and length of hospital stay.26 For mothers, we focus on labor-related injuries and the length
of the hospital stay. For each outcome, we show the mean value among all LRFBs (in the first
column), the OLS coefficients from regressions of the outcome on Hi or Ci and our richest
set of controls (in the second and third columns), the estimated reduced-form effect based
on the continuous instrument Zi (in the fourth column), and the IV estimate of the effect
of delivery practices at H hospitals (in the final column). To keep the table manageable, we
show only the results from models that include our richest set of maternal characteristics
and risk factors. Specifications that include the basic control set X0

i are very similar and
are available on request. We also report only IV estimates that scale the health effects per
extra delivery at an H hospital. Estimates that scale the effects per extra cesarean delivery
are roughly 9 times larger and have essentially the same t-statistics.

Apgar scores are widely used as indicators of newborn health (see Casey et al. [2001]).27

They range from 0 to 10, with most infants scoring above 8 and a mean close to 9. In OLS

24An earlier study Grytten et al. [2011] finds that in Norway, where c-section rates are among the lowest
in the OECD, physician mothers are more likely to have c-section. They attribute this to enhanced agency
of these mothers in the hospital setting.

25We estimate logit models for the probabilities, including the full set of controls but excluding HSA
dummies. We emphasize that higher risk of an ED visit represents a combination of worse health and a
higher probability that the family takes the infant to an ED rather than a doctor office or clinic.

26We use Vital Statistics reports of Apgar scores, birth injuries, NICU admissions, and ventilation.
27The Apgar is based on 5 components (breathing, heart rate, muscle tone, reflexes, and skin color) each
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models, delivery at an H hospital has a modest positive effect on the 5-minute Apgar, while
c-section delivery has a negative effect. The reduced-form effect of relative distance on the
mean 5-minute Apgar score is positive and significant (t≈ 3), with an associated IV estimate
that implies a relatively large positive effect of shifting deliveries to H hospitals — roughly
an effect size of 0.11 σs’ per additional H delivery.

To help understand this effect we examined the joint potential outcome distribution for
delivery mode, timing of birth relative to mother’s arrival at hospital (same day or 1+ days
later) and high- versus low-Apgar (<9 or ≥9) for the compliers who deliver at L and H
hospitals.

The results, summarized in Appendix Table B.4, show that being closer to an H hospital
leads to a 2.1 ppt increase in the probability of an Apgar score of 9 or higher (t=2.1). Sixty
percent of this shift (1.2 ppts) is attributable to a reduction in the fraction of infants who are
born vaginally after a delayed delivery and have 5-minute Apgar <9, while another 30% (0.7
ppts) is attributable to a reduction in the fraction of infants who are born by cesarean after
a delayed delivery and have Apgar <9. These results suggest that the practice of ending
labor earlier at H hospitals has a net positive effect on the infants of both the C&H compliers
and C always-takers, and are complementary to findings from observational studies which
suggest that longer labor has a negative effect on Apgar scores of infants who are delivered
vaginally (e.g., Altman et al. [2015]).

Looking next at the incidence of birth injuries, the OLS estimates are both negative,
with a relatively large negative partial correlation between c-section and the risk of injuries.
The reduced-form effect is also negative, though relatively imprecise, leading to an IV esti-
mate that implies a reduction in birth injuries of about 1 per 100 deliveries moved to an H
hospital.28 We emphasize, however, that we cannot rule out a zero effect.

With respect to NICU admissions, OLS models show a negative association with delivery
at an H hospital and a positive association with c-section delivery. The reduced-form effect
of relative distance is negative and implies an IV effect per delivery that is comparable to the
OLS estimate, with t≈2. A potential concern here is that both the OLS and IV estimates
may be confounded by the lower fraction of H hospitals with a NICU unit (74% vs. 86% at
L hospitals). One way to deal with this is to measure NICU admissions including transfers
from the birth hospital to another facility, while controlling for the presence of a NICU unit
at the birth hospital. Such a model has to be interpreted cautiously because the decision to
deliver at a hospital with or without a NICU is potentially endogenous. With that in mind,
however, we find that incorporating transfers and controlling for a NICU at the birth hospital
reduces the estimated effects of H delivery, leading to an IV estimate that is indistinguishable
from zero, though still negative.

of which is scored 0 1 or 2. See Finster and Wood [2005] for a brief history and discussion of the test. We
have also looked at the 1-minute Apgar — the results are similar but slightly attenuated.

28Alexander et al. [2006] study fetal injuries after c-section and note that the highest rates of injuries
are fetuses born after an unsuccessful trial of forceps or vacuum delivery. To the extent that doctors at H
hospitals use these procedures less, and opt for c-section earlier, these injuries will be avoided.
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Next we look at the incidence of assisted ventilation immediately following delivery.29

OLS model shows that ventilation is slightly less likely for deliveries at H hospitals, but
is more likely for those delivered by c-section. The latter effect is consistent with a large
literature suggesting that breathing problems are more likely for babies delivered by cesarean
(See Appendix B.1).30 The reduced-form effect of proximity to an H hospital is positive and
relatively large in magnitude (with a T-statistic of 2.4), leading to an IV estimate of +2.7
ppts higher risk of ventilation per delivery — nearly twice the baseline rate among LRFBs
of 1.5%.

We have also examined effects on the incidence of longer-term assisted ventilation, which
has a much lower average rate (0.12%). The estimated IV effect of delivery at an H hospital
on this outcome is small and statistically insignificant (+0.15%, with a standard error of
0.12%), though we cannot rule out a sizeable effect relative to the baseline rate.

Next we examine three measures of the length of hospital stay (LOS) for newborns: (1)
the raw LOS (calculated as number of days from birth to discharge); (2) a censored version
that top codes LOS at 6 days; (3) an indicator for LOS of 5 or more days. The mean
LOS for LRFBs is 2.3 days. OLS models show a modest positive effect of H-delivery and
a large positive effect of cesarean delivery on mean LOS. In contrast, the IV estimates are
negative, though only the estimate for the censored LOS measure is significantly different
from the corresponding OLS estimate. These results suggest that practice differences at high
c-section hospitals do not lead to longer average infant stays for the compliers, despite the
large observational difference in LOS for cesarean versus vaginal births.

Our interpretation of the small IV-estimated impact on LOS is that this represents a mix-
ture of effects for the three complier sub-groups (as in equation 2.4). Some H&C compliers
would have had a long labor at an L hospital: for these infants the switch to earlier cesarean
delivery at an H hospital could lower their LOS. Likewise, some H-complier/C-ATs would
have an earlier c-section at an H hospital, avoiding fetal stress and lowering their post-birth
LOS. Offsetting these effects, however, some H&C compliers could require more recovery
time after cesarean delivery at an H hospital than they would need after vaginal delivery at
an L hospital. On average, the net effect across all the groups appears to be close to zero.

Proceeding to maternal outcomes, we begin with two measures of injuries during labor:
trauma to the perineum and vulva, and 2nd degree or higher perineal laceration (PL).
Trauma includes the more serious PLs, as well as vulvar/perineal hematomas and anal
sphincter tears. The incidence of trauma injuries is relatively high among first-birth mothers
(46% on average); about two-thirds of these are 2nd degree or higher PLs. As shown by
the OLS estimates, the rate of birth injuries is substantially lower at H hospitals and among
cesarean deliveries. In fact, the rates of injuries are under 1% for c-section births. The

29This is defined as “infant given manual breaths for any duration with bag and mask or bag and endotra-
cheal tube within the first several minutes from birth (NCHS, 2016). Martin et al. [2013] find that assisted
ventilation at delivery is reported with some error (with a roughly 30% false negative rate in the one state
in their analysis with a large enough sample).

30The 1.5% incidence rate we measure in our sample is comparable to the rate of 1.8% measured by Angus
et al. [2001] using 1994 discharge data for California and New York.
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reduced form effects of relative distance on rates of both injuries are large and negative,
leading to implied reductions in the risks of these injuries on the order of 0.1 per delivery at
a high c-section hospital, or about 0.9 per complying c-section.

To help interpret the IV estimates we estimated the potential outcomes for incidence
of PL among the H&C complier population.31 These calculations assume that delivery at
an H hospital has no effect on PL rates for V-ATs (which seems plausible) and for C-ATs
(which also seems plausible and is consistent with the negligible rate of PL among c-section
deliveries). The results imply that the rate of PL is over 90% for H&C compliers who deliver
at L hospitals, but falls to essentially 0 for those who deliver at H hospitals. The high rate
for H&C compliers who deliver at L hospitals is indicative of long and difficult labors when
these mothers deliver vaginally, and highlights the tradeoff between performing intrapartum
c-sections and waiting for labor to progress.

The final three rows of Table 2.6 investigate effects on maternal length of stay. OLS
models show that mothers who deliver at H hospitals have about a 0.09-day longer LOS,
while those who deliver by c-section have 1.4-day longer stay in the hospital (similar to the
OLS effects on infant LOS). We then split maternal LOS into two components: (1) the
number of days from admission to the birth;32 and (2) the number of days from birth until
maternal discharge, i.e. the post-birth LOS. As expected, OLS models show that mothers
who deliver at H hospitals have a shorter period from hospital admission to birth, offset
by a longer post-birth stay, whereas mothers who deliver by c-section have longer pre- and
post-birth stays.

Our interpretation is that H hospitals tend to cut short the pre-birth stay for C-AT’s and
C&H compliers, with mixed effects on length of the post-birth stay for the C&H compliers.
Some H&C compliers would have significant injuries if they delivered at an L hospital, so
the switch to cesarean delivery could have relatively small effects on the length of post-birth
stay.33

Other H&C compliers require an extra day or two in hospital if they deliver by cesarean
at an H hospital rather than vaginally at an L hospital. Taking account of the shorter
average time to delivery and the modest increase in post-birth recovery time, practices at H
hospitals are associated with about the same overall length of stay as those at L hospitals.34

31We implement this approach using the binary version of relative distance.
32Unfortunately, we do not observe exact time of admission or birth. We only know the days elapsed

between her admission to the hospital and the birth date of the baby. According to Declercq et al. [2006], the
mean time in labor for first-time mothers is around 11 hours. Consistent with this, the delay from admission
to birth is 0 or 1 day in 95% of cases.

33We have also investigated other indicators of prolonged labor, including a code on the birth certificate,
which yields qualitatively similar results. However, average reported rates for prolonged labor on the birth
certificate vary widely across hospitals (from 0 to 16%) so we are reluctant to attach much weight to this
variable and do not use it elsewhere in the paper.

34We have investigated a few other outcomes at birth, namely unplanned hysterectomy and asphyxia of
the neonate. In our sample, the mean rate of unplanned hysterectomy is only 1 in 10,000; we find no evidence
of an effect of c-section but the precision of our estimates is low. Asphyxia is also rare (3.2 per 1000), and
we find very weak evidence (t=0.5) that c-sections reduce asphyxia. There is somewhat stronger evidence
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Post-Delivery Admission Outcomes — Infants

We now turn to our main measures of the health effects of alternative delivery practices,
based on hospital and ED/ASC visits in the year after birth. For infants, in the upper
panel of Table 2.7, we show results for six outcomes: (1) any ED/ASC visit or inpatient
readmission in the year after birth; (2) any ED visit; (3) any ED visit for acute respiratory
conditions; (4) any readmission in the first month after birth (the neonatal period); (5) any
readmission in the first month excluding immediate transfers from the initial birth stay; and
(6) any inpatient stay in the year after birth.

The estimated OLS coefficients imply that delivery at an H hospital is associated with
a small (and insignificant) increase in the risk of any type of visit, a larger increase in
the probability of an ED visit, driven by visits for acute respiratory conditions, and a mixed
pattern of effects for the inpatient stay measures. Interestingly, the OLS models show modest
negative effects of c-section delivery on all three inpatient measures but positive effects on
ED visits.

The reduced-form effects of relative distance on both measures of ED use are positive
and statistically significant (with t statistics around 2.6). Scaling by the first stage, the
IV estimates imply that delivery at an H hospital leads to an 8-ppt increase in the risk of
visiting the ED in the year after birth per delivery, 60% of which is attributable to visits for
acute respiratory conditions. The effect on respiratory visits represents a 35% increase over
the mean rate, and confirms the prevailing view in the literature that cesarean delivery is
associated with an elevated risk of respiratory-related problems (see Hyde et al. [2012] and
Appendix B.1).

In contrast to the effects on ED visits, there is negative impact on hospital readmis-
sions, with the IV point estimate implying 2.4 fewer readmissions per 100 deliveries in the
first month of life. The estimated effect for neonatal readmissions is robust to exclusion of
transfers immediately after birth, and is about the same size as the estimated effect on the
probability of any inpatient stay in the first year of life.

More insight into the timing of the effect on re-hospitalizations is provided in Figure 2.3,
which plots the cumulative fraction of all LRFBs with a readmission at various time horizons
after birth, and the estimated IV effect of delivery at an H hospital on the probability of
readmission up to each point. As would be expected, the probability of readmission rises
steadily in the year after birth. In contrast, the IV effect emerges in the first month and
then stabilizes, indicative of a health gap immediately after birth.

Although we noted in the discussion of Tables 2.2 and 2.3 that relative distance to
an H hospital (our main instrumental variable) is orthogonal to a wide set of maternal
characteristics and risk factors, it is informative to see how the estimated effects of relative
distance on infant ED visits and readmissions are affected by including or excluding these
characteristics.35

that c-section reduces asphyxia-related infant deaths.
35See Altonji et al. [2005] and Oster [2017] for discussions.
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The results of such an exercise are summarized in Figures 2.4a and 2.4b, where we show
the reduced form effects from a series of models, starting with a specification that includes
only our basic control set (X0

i ), then selectively including 12 different sets of characteristics.
(Figure 2.4b also presents results for infant death — we defer the discussion of these to later
in the paper). For reference at the bottom of the figure we show the estimated reduced form
effects when we include all the controls together, as we do in Table 2.7. Consistent with
the results in Tables 2.2 and 2.3, we find that adding any subset of controls has a negligible
effect on the magnitude (or precision) of the reduced form effects of relative distance on
either measure of ED visits or on the reduced form effect on inpatient readmissions.36

To further probe the robustness of the reduced form impacts we conducted a second ex-
ercise where we estimated the range of possible reduced form impacts that could be obtained
by adding combinations of the groups of additional controls to our basic control set. Specifi-
cally, for a given k = 1...11 we randomly selected k of the 12 possible groups of controls, then
re-estimated the reduced form models. By repeatedly sampling we obtain a distribution of
potential reduced form estimates for each k. The panels in Figure 2.5 show the minimum,
maximum, mean, and median reduced form estimate for all ED visits (panel a), ED visits
for acute respiratory conditions (panel b), inpatient readmissions (panel c), and infant death
(panel d). In all cases we see that even selectively choosing subsets of control variables the
range of possible reduced form health effects is quite narrow.

Post-Delivery Admission Outcomes — Mothers

Returning to Table 2.7, the lower panel presents a parallel set of models for maternal ED
visits and readmissions in the year after birth. OLS models show that delivery at an H
hospital is associated with small increases in the probability of visiting a hospital, ED, or
ASC in the following year, and very small effects on ED visits or inpatient readmissions.
Unlike the models for infants, however, the reduced-form effects of relative distance on these
outcomes are relatively small in magnitude. Indeed, the IV point estimates are 5-6 times
smaller than the corresponding estimates for infants. We conclude that the short/medium
term effects of delivery at an H hospital on mothers are quite small.37

Allowing for Other Hospital Practice Differences

Our results so far suggest that delivery practices at H hospitals lead to two offsetting effects
on infant health: a lower probability of hospital readmissions; and an increase in ED visits,
particularly for acute respiratory conditions. A potential confound for interpreting both
findings is that the impacts could be driven in part by other practice differences between H
and L hospitals that affect readmissions and ED visits in the year after birth. For example,

36The first stage effect of relative distance on the probability of delivering at an H hospital is extremely
stable across specifications that add any or all the extra controls.

37We note that our samples do not have sufficient power to investigate issues such as the possibility that
a higher cesarean delivery rate leads to elevated risk of placenta previa in subsequent births.
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hospitals vary widely in the average waiting times at their emergency departments [Ding
et al., 2010]. If H hospitals tend to have less-congested EDs, mothers who deliver at a
nearby H hospital may be more likely to use the ED, leading to a positive correlation between
delivery at an H hospital and post-partum ED visits.

A simple way to address these concerns is to classify hospitals by the (risk-adjusted)
rate that infants born in that hospital have an ED visit in the year after birth, or are
readmitted, and then add controls for these additional characteristics in our models. Since
the choice of delivery hospital is endogenous, we follow the same steps we used to develop
our primary instrumental variable (Zi) and form two new instruments based on relative
distance to a high- versus low-ED hospitals, and high- versus low-readmission hospitals. We
then fit models for ED visits that include two endogenous characteristics of the delivery
hospital — high/low cesarean rate and high/low ED visit rate — and estimate it using the
two relevant instrumental variables. Similarly, we fit models for inpatient readmissions that
include indicators for high/low cesarean rate and high/low readmission rate at the delivery
hospital.

The results of this exercise are shown in Tables 2.8 (for ED visits) and Table 2.9 (for
readmissions). The first four columns of each table report the first stage models for the two
endogenous variables. For reference, we show models that include only a single instrumental
variable for each endogenous characteristic, as well as models that include both instruments.
In both tables we find that the first-stage systems are approximately diagonal, with the
choice of a high c-section hospital driven by relative distance to an H hospital, and choice
of either a high-ED hospital or a high-readmission hospital driven by relative distance to
that type of hospital. This diagonality reflects the fact that the correlation between high
cesarean delivery (H) status and either high-ED status or high readmission status is very
close to zero.

Columns 5-8 of Table 2.8 report reduced-form coefficients and IV models for the probabil-
ity of an ED visit for any reason in the year after birth, while columns 9-12 report a parallel
set of models for the probability of a visit for an acute respiratory condition. Comparing
the reduced form models that include only relative distance to an H hospital (columns 5
and 9) with models that also include relative distance to a high-ED use hospital (columns 6
and 10), we see that the magnitude of the estimated reduced form effect of relative distance
to a high c-section hospital is essentially unaffected by the addition of the second channel,
though relative distance to a high-ED use hospital clearly affects ED use. The invariance of
the reduced form coefficients, together with the near-diagonality of the first stage system,
means that the IV models (columns 7-8 and 11-12) show very similar impacts of delivery at a
high-cesarean hospital, regardless of whether we include a second channel for other hospital
practices that affect ED use.

The results in Table 2.9 for inpatient readmissions in the neonatal period (columns 5-8)
or the first year of life (columns 9-12) are quite similar. For these outcomes, however, we
find that the addition of the second instrument leads to a slight attenuation (10-20%) of
the estimated reduced form impacts of proximity to a high c-section hospital. As a result,
the IV models show a slightly smaller effect of delivery at a high c-section hospital on post-
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partum inpatient admissions. For readmissions in the neonatal period the estimated IV
effect falls from 0.024 readmissions per delivery at an H hospital to 0.020 (about 1/2 of a
standard error), but remains highly significant (t=2.8). For admissions over the entire year
the estimated IV effect falls from 0.024 to 0.017 (also about 1/2 of a standard error), but is
only marginally significant in the more general model (t=1.4).

Based on the estimates in Tables 2.8 and 2.9 we conclude that there are systematic dif-
ferences across hospitals that affect the rates that newborns come back for ED visits or are
readmitted. Nevertheless, hospitals with relatively high cesarean delivery rates are no more
likely than other hospitals to have high ED use rates, or high readmission rates. Conse-
quently, when we control for a second channel in our models for ED use or readmission we
find very similar impacts of hospital delivery practices. We have also estimated 3-channel
models for ED visits and readmissions that include all three characteristics of the delivery
hospital (high or low c-section; high or low infant ED use; and high or low infant read-
mission) and use relative distances to the nearest high versus low hospital in each category
as instruments. These models also give rise to estimates of the effects of delivery practice
differences that are very similar to those in Table 2.7.

Impacts on Infant Death

In our final step, we turn to the effects of hospital delivery practices on infant death in the
year after birth. A concern for this analysis is that the infant mortality rate for LRFBs
is extremely low (1.2 per 1,000 births, versus 5.5 for all births), making it hard to detect
even large proportional changes in the death rate. To partially address this, we develop a
proximate measure based on an adverse event in the neonatal period, which we define as
either death or 6+ days in the hospital. This has a much higher rate (67 per thousand
births), mostly driven by the hospitalization measure.

To set the stage for this analysis, Appendix Table B.5 shows the characteristics of all
LRFBs and those that resulted in an infant death within a year of birth. Infants that
die are about 7 times more likely to be low birth weight (<2,500 grams) than those that
survive, and have relatively low Apgar scores. Indeed, over 30% have a 5-minute Apgar score
below 7, indicative of poor health at birth. Infants that ultimately die are more likely to be
transferred to a NICU unit and more likely to be readmitted as an in-patient. They are also
more likely to have been delivered by cesarean, though the latter correlation is driven by
scheduled procedures: the mean death rate is 1.1/1000 for vaginal births, 0.9 for unscheduled
c-sections, but 2.9 for scheduled cesareans.38

Table 2.10 shows OLS, reduced-form, and IV results for four outcomes: (1) an adverse
event in the neonatal period; (2) death within the first year; (3) the combined outcome of a
late delivery (after the mother has been in hospital more than 1 day) and an adverse event
in the neonatal period; (4) the combined outcome of a late delivery and death in the first

38MacDorman et al. [2008] compare scheduled c-sections to vaginal births for low-risk mothers and find
higher neonatal mortality for the scheduled c-sections. They frame this as an “intention to treat analysis.
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year. All the models include the full set of controls used throughout earlier tables, plus
relative proximity to a high-readmission hospital (the second instrumental variable used in
Table 2.9) to control for other practice differences across hospitals that may affect inpatient
readmissions or death.

The OLS models in the first two columns show that delivery at an H hospital has a
negative correlation with all four outcomes, whereas c-section delivery has a positive cor-
relation with all four. The reduced-form models show a relatively large negative effect of
proximity to an H hospital on the probability of an adverse event in the neonate period,
and on the joint occurrence of late delivery and an adverse event. Both effects are signifi-
cant, echoing our finding in Table 2.7 that relative proximity to an H hospital is associated
with a significant reduction in the probability of readmission in the first month of life. The
associated IV estimates show that delivery at an H hospital reduces the probability of an
adverse neonatal event by 26/1000, of which 16/1000 (62%) is attributable to a reduction in
the joint occurrence of a long labor and a subsequent adverse event in the neonatal period.39

Consistent with the reductions in the probability of an adverse event, the reduced form
and IV estimates also show significant negative impacts on infant mortality. The estimated
IV coefficient implies a life-saving effect of 2.36 infant deaths per 1,000 births at an H versus
L hospital, with a 95% confidence interval of 0.4 to 4.3 deaths prevented per 1,000 births.
Again, a large share of this effect (0.162/0.236=69%) is attributable to a reduction in deaths
that occur for infants delivered after the mother was in hospital for one or more days.

The IV point estimate of the effect of H delivery on infant death (2.4/1000) is large relative
to the mean death rate of 1.2/1000. To help understand this magnitude we estimated the
mean potential death rate of the hospital complier group when delivering at L hospitals.
The estimated rate is 2.2 deaths per thousand (with a standard error 1.0 deaths), which
is substantially higher than the overall mean for LRFBs, suggesting that the infants of
distance-complying mothers are frailer than the overall population.40

We probe the robustness of the estimated reduced form effect of relative distance on
infant mortality in Figures 2.4b and 2.5d.41 As with the reduced form effects on ED use and
readmission, we find that the reduced form impacts on death are quite stable, and are largely
unaffected by addition of control variables such as birth weight that are highly correlated with
the risk of death. The one set of covariates that noticeably affects the estimated reduced
form death effect is characteristics of the home zip code (mean household income, mean
maternal education and dropout rate, and mean fractions of black and Hispanic mothers).

39On average 47.8% of all deliveries occur 1 or more days after the mothers arrival at hospital, whereas
the reduced form effect on the co-occurrence of a long labor and an adverse postnatal outcome accounts for
62.4% of the overall reduced form effect on an adverse outcome.

40We use the discrete version of our instrument to estimate this. We obtained a similar estimate using
the weighting procedure suggested by Abadie [2003].

41For comparability with the other coefficients reported in Figures 2.4 and 2.5, in the reduced form models
for death we exclude the relative distance to a high inpatient hospital variable that is included in all models
in Table 2.7. Sensitivity results including this extra variable are quite similar but in all cases the magnitude
of the reduced from death effect is slightly larger (typically around -0.0038 versus -0.0036).
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Adding these 5 variables causes the reduced form effect to fall in magnitude by about 0.02,
or about 5%.

Further insight into the relationship between relative distance and infant mortality is
provided by the simple bin scatter plot in Figure 2.6. For reference, we also show a bin scatter
of the first stage relationship. Both relationships appear relatively linear. The reduced form
scatter shows clear evidence of a systematic negative relationship between infant mortality
and delivery at an H hospital.

A possible objection to our linear modeling framework is that the risk of death is so low
that a linear probability model is inappropriate. To assess this, we re-estimated the reduced-
form model using both probit and logistic regressions. In both cases, relative distance has a
significant negative effect on the risk of death (with p-values of 0.032 for the logit and 0.031
for the probit, versus 0.022 in the OLS reduced form model). Moreover, the implied average
marginal effects of a 10-mile reduction in the relative distance to an H hospital are quite
similar to the effects implied by our OLS reduced form: -0.033 for the logit and -0.032 for the
probit, versus -0.036 for the OLS model. We also conducted a similar analysis using a binary
version of the instrument — which yields a very similar IV estimate of the effect of death
— and found that computing the reduced form effect using OLS or logit gives nearly the
same effect. We conclude that relative proximity to an H hospital has a comparably-sized
negative effect on the probability of death regardless of functional form.

How do our estimates relate to the existing literature? With respect to the health impacts
of earlier c-section, Tolcher et al. [2014] present a meta-analysis of the related literature on
the effects of the delay between the time a decision is made to perform c-section and delivery.
They find an inconclusive link, though some studies — e.g. Thomas et al. [2004] — find
that that extended delay is associated with worse outcomes. Rennie and Rosenbloom [2011]
review animal and human studies on the timing of delivery and the risk of hypoxic ischemic
encephalopathy (brain injury due to asphyxia) and conclude there is strong evidence of a link,
though the measured incidence of this condition in our data is extremely low (0.2 per 1,000
births). Finally, it is worth noting that there is extensive litigation in the U.S. arising from
claims that c-section was performed “too late or was not performed when it was indicated,
resulting in injuries or death of the infant. Our reading is that courts have often agreed with
the plaintiffs, despite the lack of a clear scientific consensus.

Heterogeneity in the Health Effects of Delivery at High C-section
Hospital

An important issue for the interpretation and extrapolation of our findings is the degree of
heterogeneity in the treatment effects associated with delivery at a high c-section hospital.42

42There is a large and growing literature on heterogeneous treatment effects: see Imbens and Wooldridge
[2009] for a general discussion and Cornelissen et al. [2016] for a recent survey emphasizing heterogeneity in
“marginal treatment effects”.
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To address this, we extend our instrumental variables setup using a simple control func-
tion approach that allows for a random effect in the impact of H delivery [Heckman and
Vytlacil, 1998, Garen, 1984, Wooldridge, 2015]. Specifically suppose that the causal model
relating health outcome yi to patient characteristics Xi and type of hospital Hi is:

yi = β0 + β1iHi + βxXi + εi

where β1i is a random coefficient and εi is a structural error incorporating the unobserved
determinants of health. We assume that:

E[β1i|Hi, Xi, Zi] = β1 + λuui + λx
(
X − X̄

)
E[εi|Hi, Xi, Zi] = θuui,

where ui is the error in the first stage equation (2.1) for Hi . Here β1 represents the average
treatment effect (ATE) of delivery at an H hospital and λuui represents a potential self-
selection effect that arises if mothers with a stronger preference for H hospitals have larger
or smaller treatment effects from delivering there. Similarly, the term λx

(
X − X̄

)
represents

potential heterogeneity in the treatment effect with respect to (predetermined) maternal and
infant characteristics. Finally, the term θuui captures any correlation between latent health
and the unobserved component of preferences for an H hospital.

As shown by Heckman and Vytlacil [1998] and Wooldridge [2015] this model can be
estimated in two steps by first estimating the first stage model for hospital type, obtaining
the residual ûi , and then estimating a second step model:

yi = β0 + β1Hi + βxXi + λuHiûi + λxHi

(
X − X̄

)
+ θuûi + ε′i.

This model includes the estimated first stage residual ûi, an interaction between ûi and Hi,
and interactions between Hi and the other covariates. Excluding the interaction terms leads
to an estimate for β1 that is numerically equivalent to the standard IV estimate. Adding the
interaction terms allows for heterogeneity in the effect of H delivery that can be correlated
with either observed characteristics or unobserved preferences. To account for the fact that
the first-stage residual is a generated regressor, we conduct inference on the second-step
parameters via a block bootstrap, clustered as usual by mother’s zip code.

Table 2.11 presents estimated control function models for three key infant health out-
comes: the 5 minute Apgar score; an indicator for an “adverse event” in the neonatal period
(6+ days in hospital or death); and infant death. For each outcome we present a benchmark
model with no interactions (yielding the IV coefficients already shown in Tables 2.6 and
2.10), a second model that adds the interaction between ûi and Hi, and a third model that
also adds interactions with two key observable markers of infant health — birthweight and
gestation.

Looking across the three sets of models in Table 2.11 we see three interesting patterns.
Most importantly, estimates of the ATE’s of H-delivery from models that allow for self-
selection and heterogeneous treatment effects with respect to birthweight and gestation are
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very close to the LATE’s from our baseline IV procedure. Second, across all three outcomes
we see consistent evidence of negative “Roy sorting”. The impacts on Apgar scores, adverse
neonatal events, and death are all larger in absolute value for infants whose mothers have a
stronger preference for L hospitals. A third pattern is that there is relatively little hetero-
geneity in the effects of H delivery across infants of different birth weights and gestations.

Our finding of negative Roy sorting is reminiscent of the finding by Chandra and Staiger
[2007] that hospitals with greater comparative advantage in more intensive AMI treatments
are less likely to use them. An important difference, however, is that we are identifying the
relationship between a patient’s preferences for different hospitals and the effect of having a
policy of earlier c-section. One interpretation of a negative estimate for λu is that mothers
who prefer L hospitals are at greater risk for long and difficult labors that are ended earlier
at H hospitals, with potentially larger than average health benefits for their infants.

2.6 Summary and Discussion

To summarize our findings, in Table 2.12 we present a simple cost-benefit calculation of the
effects of allocating more low-risk first births to deliver at high c-section hospitals. For the
sake of this calculation, we draw on our estimates but also bring in some outside estimates
(e.g. the value of a statistical life).

Our findings suggest that the primary benefits of reallocating births to high c-section
hospitals are reduced hospital readmissions for the infant and reduced infant mortality. The
estimates in Table 2.7 imply that moving 1,000 deliveries from L to H hospitals would lead
to about 23.4 fewer readmissions in the first year of life. Assuming an average hospital stay
has a cost of about $10,800 [Wier et al., 2011], this amounts to a saving of about $250,000.
The estimates in Table 2.10 imply that the same switch in place of delivery would save about
2.36 infant lives. A typical value of a statistical life (VSL) from our sample period is on the
order of $6 million. If we use the estimate for US-DOT (2008) of $5.8 million, we can infer
that the mortality-reduction benefit is around $13,700,000 per 1,000 births.

On the other hand, the main costs we need to account for involve direct medical costs of
delivery, the morbidity costs associated with extra infant ED visits (and potentially lifelong
asthma — see Keag et al. [2018], and finally the cascading effects on future births. Given
that most of the additional c-sections performed in high c-section hospitals would be long
vaginal deliveries in L hospitals, and our findings on length of stay, we assume the associated
cost difference is $1300 [Podulka et al., 2008]. We note that this estimate is on the lower end
of published cost differences. Assuming instead a $10,000 cost difference between all cesarean
and vaginal deliveries would add $2 million to the cost side of our cost-benefit calculation.

Average ED visit costs are on the order of $2200. This cost accrues to 80 infants per
1,000 delivered at high c-section hospitals. Next, we add in the lifelong costs of asthma
using the present discounted value of $1,039 per year healthcare expenditures over 80 years,
assuming a discount rate of 3%, which comes out to $31,379. Finally, to account for the fact
that mothers delivering by cesarean section at first birth are almost surely going to have
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c-section deliveries on all future births, and vice versa, we scale all these costs by the US
average completed fertility of 2.1 [Johnson and Li, 2011], with the exception of direct medical
costs where we assume a cost difference in future births of $2300 = $5700 (cesarean delivery
without complication) — $3400 (vaginal delivery without complication). Summing these
costs up yields the cost of reallocating 1,000 extra births to H hospitals of $6,072,000. This
is less than one-half of the estimated benefits arising from reduced readmissions and deaths,
suggesting that there could be a large benefit to reallocating deliveries to high c-section
hospitals.43

The main driver of this net benefit is the reduction in infant mortality. As we have noted,
our point estimate of the mortality effect has a relatively wide 95% confidence interval. If we
assumed that the true mortality effect was one-half as large as our point estimate (equivalent
to using an estimate 1.4 standard errors below the point estimate, or at the 8.4 percentile of
the confidence interval) the net benefit would fall to about $1,000,000.

While these calculations are quite simplistic, they point to the possibility that, despite
their direct and indirect costs, high c-section practice styles have other benefits that may
offset these costs. Of course, there may still be ways to both reduce c-section rates and
improve outcomes. Our findings suggest that the simplest approach of waiting longer for a
vaginal birth to occur comes with risks, even among relatively healthy first births.

Lastly, we note that our cost-benefit calculations are context-specific. The net benefits of
intensive practice style may well vary according to the prevailing intervention rates [Chandra
and Staiger, 2007].

2.7 Conclusion

Over the past two decades economists have paid considerable attention to the supply-side
determinants of birth delivery mode, with a particular focus on financial incentives and the
malpractice environment (e.g., Gruber and Owings [1996], Gruber et al. [1999], Johnson and
Rehavi [2016], Alexander [2015], Dubay et al. [1999], Currie and MacLeod [2008], Epstein
and Nicholson [2009], Shurtz [2013]). Recent work in a variety of contexts has also explored
the importance of skill differences and comparative advantage in explaining cross-provider
variation in treatment choices (e.g., Abaluck et al. [2016]; Currie and MacLeod [2017]; Chan-
dra and Staiger [2007]; Silver [2016]). Nevertheless, Chandra and Staiger [2007] find that
comparative advantage factors do not appear to drive differences in hospital-level reperfusion
rates, though these factors matter for patient outcomes. In our setting, such comparative

43One potential cost we ignore is the effect of cesarean delivery on the risk of abnormal placentation in
future births (see Appendix B.1, Table B.4; and the review by Clark and Silver [2011]). We also ignore
potential costs on reduced future fertility. In an earlier version of this paper we examined future fertility and
found no significant effect, though our design lacks power to detect small effects. Offsetting these costs we
ignore any potential benefit of reduced vaginal trauma on future risk of pelvic floor disorder (e.g., Gyhagen
et al. [2015] and the review by Keag et al. [2018]).
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advantage factors may be smaller, since c-section is routinely performed, and we focus on
low-risk first births.

Relative to this existing literature we make two primary contributions. Most importantly,
we estimate effects of hospital practice differences on medium-run health outcomes including
1-year readmission and mortality. These estimates allow us to quantify many of the first-
order costs and benefits of hospital practice patterns in a unified analysis. In particular our
estimates provide a first step towards understanding the potential ramifications of proposals
to reduce low-risk primary cesarean delivery rates.

Second, our analysis provides some guidance on ways to evaluate and extend distance-
based research designs for analyzing health care treatments. While such designs have been
used in comparative effectiveness research, important concerns about lack of balance and
excludability have been raised by Hadley and Cunningham [2004] and Garabedian et al.
[2014]. Many existing studies use a “global definition of relative distance that may inad-
vertently incorporate differences in provider and population density.44 Our findings suggest
that designs based on local differences in hospital types that focus on within-HSA compar-
isons could prove useful for achieving improved balance in similar designs, thus facilitating
research in non-emergency settings where ambulance-based designs [Doyle et al., 2015] are
infeasible.

Finally, we show how concerns over “correlated treatments can be addressed using a
straightforward multi-channel approach. In our case, we find that delivery practice differ-
ences across hospitals are only weakly correlated with other factors that lead to higher ED
utilization and readmissions for infants born in the hospital, so our multi-channel models
yield results that are very similar to simpler one-channel models. A similar approach could
be applied in other settings where multi-dimensional practice differences are suspected.

44In McClellan et al. [1994], patients who were differentially far from catheterization or revascularization
hospitals were disproportionately rural (52.4% for those with differential distance more than 2.5 miles vs
6.5% for those with differential distance less than 2.5 miles; see their Table 4). Hadley and Cunningham
[2004] similarly find that those living further from the nearest safety net provider are disproportionately
white (their Table 1), a correlation likely driven by urban/rural differences in density.
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2.8 Figures

Figure 2.1: Pathways to C-section
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Figure 2.2: Relative Distance and Probability
of Delivery at High C-Section Hospital

Note: Each point represents a home zip code. Fitted
logistic shown in red.

Figure 2.3: Estimated Impact of Delivery at
High C-section Hospital on Probability of In-
patient Stay at Various Horizons
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Figure 2.4: Sensitivity of Reduced form Ef-
fects of Relative Distance on Infant Health
Outcomes

Note: Figures report estimated reduced form effects
on ED visits (panel a) or inpatient readmissions and
death (panel b) from models that include basic set
of controls described in Table 2.2 plus additional
controls described on figure axes. “All controls
together” estimate at bottom of figure include all
control variables simultaneously.
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Figure 2.5: Sensitivity of Reduced Form Ef-
fects of Relative Distance on Infant Outcomes
- Distributions of Possible Estimates

Figure 2.6: Plots of First Stage and Reduced
Form for Infant Death
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2.9 Tables

Table 2.1: Characteristics of All Births, Low Risk First Births and
Analysis Sample

Low Risk Analysis
All Births First Births Sample

Mother’s characteristics
Mean age 28.3 25.4 25.6
At most high school education (%) 49.6 41.7 41.2
Mean weight (pounds) 149 137 137
Race/eth: Hispanic (%) 50.9 44.4 44.2
White (nonhispanic) (%) 27.7 32.0 31.7
Asian (nonhispanic) (%) 12.2 15.4 17.6
Black (nonhispanic) (%) 5.8 5.5 5.6
Insurance: government (%) 46.0 41.2 39.8
private non-Kaiser (%) 34.3 37.8 39.9
private Kaiser (%) 13.1 14.1 14.9
Birth risk factors and characteristics
Mean parity 2.1 1.0 1.0
Previous c-section (%) (among parity>1) 24.7 0.0 0.0
Breech presentation (%) 3.4 0.0 0.0
Mean number prenatal care visits 12.0 12.1 12.2
Maternal ED visit year prior to birth (%) 20.6 20.1 19.5
Mean gestation (weeks) 39.2 39.9 39.9
Mean birthweight (grams) 3,309 3,347 3,348
Delivery outcomes
C-section delivery (%) 32.7 25.4 25.6
Scheduled c-section (%) 23.7 9.4 9.2
Delivered at H hospital (%) 51.8 51.5 51.5
Postpartum outcomes
Infant re-admitted to ED (%) 33.9 34.0 33.8
Infant re-admitted as in-patient (%) 9.3 8.2 8.2
Mother readmitted (any type) (%) 16.8 15.4 14.9
Sample size 2,699,302 644,106 491,604

Note: All births include all live in-hospital births in California, 2007-2011. Low risk
first births include singleton nonbreech full term (37+ weeks) first births to mothers
age 18-35 with no indications of eclampsia, pre-eclampsia, or growth restrictions,
mother’s BMI < 33.83 (90th percentile), and ≤ 20 prenatal visits. Analysis sample
includes mothers with valid home zip code, distance to nearest high or low c-section
hospital ≤ 20 miles, and distance to actual hospital of delivery ≤ 20 miles.
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Table 2.2: Orthogonality of Relative Distance to Maternal Characteristics and Risk Factors

Effect of moving 10 miles Effect of delivering at H
closer to H hospital on row hospital on row variable

variable (std. err. in paren.) (std. err. in paren.)

(1) (2) (3) (4)

Maternal Characteristics:
Mother’s Age 0.021 0.31 -0.098 -1.78
Mother’s Education -0.040 -0.84 -0.035 -0.87
White (non-Hispanic) 0.016 1.25 0.005 1.06
Black -0.003 -0.43 -0.010 -5.00
Asian -0.008 -0.71 0.009 1.47
Hispanic -0.006 -0.42 -0.002 -0.35
Father Present -0.001 -0.37 -0.003 -2.23
Gov’t Insurance -0.001 -0.28 0.067 6.40
Private Insurance 0.002 0.48 -0.087 -8.08
Mother’s Height (inches) 0.023 0.54 0.000 -0.01
Mother’s Weight (pounds) 0.039 0.13 -0.270 -1.58
BMI Pre-pregnancy -0.011 -0.26 -0.047 -1.74
Mother’s Use of Hospital and Prenatal Care:
Any ED Visit 0.006 1.26 0.007 2.50
Number ED Visits 0.010 1.51 0.010 2.68
Inpatient Stay -0.001 -1.19 0.003 4.24
Prenatal Visits (#) 0.046 0.84 0.251 5.24
Month Started Pre. Care 0.021 0.99 -0.060 -3.42
Late Prenatal Care (>4th mo) 0.003 1.44 -0.002 -0.82
Other Risk Characteristics:
Diabetes -0.001 -0.59 -0.003 -3.30
Herpes -0.001 -1.73 -0.001 -2.34
Asthma 0.001 2.00 -0.004 -6.54
Smoked When Pregnant 0.002 1.14 -0.001 -1.43
Cigs/Day Pre-pregnancy 0.024 0.93 0.006 0.49

Note: Table shows estimated coefficients/stand. errors from regression of row variable on relative distance
to a high c-section (H) hospital (cols. 1-2) or delivery at an H hospital (cols. 3-4). All models include
HSA and year effects, distance from home to nearest hospital, and fraction of mothers in zip code with
government insurance. Standard errors clustered by zip code.
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Table 2.3: Orthogonality of Relative Distance to Maternal Characteristics and Risk Factors

Effect of moving 10 miles Effect of delivering at H
closer to H hospital on row hospital on row variable

variable (std. err. in paren.) (std. err. in paren.)

(1) (2) (3) (4)

Infant Characteristics:
Gestation (days) 0.044 0.58 -0.711 -13.79
Birth Weight (grams) 1.129 0.28 -13.981 -7.01
Low Birth Weight (<2500 g) 0.000 0.02 0.002 3.88
Characteristics of Mother’s Home Zip Code:
Mean Income (1000 US $) 1.349 1.27 -0.296 -1.14
Zip Mean Mother Educ. 0.010 0.22 0.004 0.51
Zip Mean Dropout 0.005 0.63 0.000 -0.28
Zip Mean Black -0.004 -0.63 -0.003 -2.46
Zip Mean Hispanic -0.006 -0.42 0.001 0.29
Logit predictions based on above 31 covariates
Predicted Pr(Infant ED visit) 0.001 0.34 0.006 3.34
Predicted Pr(Infant readmission) 0.000 0.680 0.002 8.32
Predicted Pr(Infant death)x100 -0.001 0.004 5.35
F-tests based on above 31 covariates
Joint F-statistic: F(31,1249) 1.041 17.714
Joint F-test p-value 0.406 0.000

Note: Table shows estimated coefficients/stand. errors from regression of row variable on relative distance
to a high c-section (H) hospital (cols. 1-2) or delivery at an H hospital (cols. 3-4). All models include
HSA and year effects, distance from home to nearest hospital, and fraction of mothers in zip code with
government insurance. Logit predictions from logit model of respective outcome on all demographic and
risk factors listed above. Bottom two rows present F-statistics and p-values from the joint F-test for all
31 row variables in reverse regression with relative distance or delivery hospital type as dependent variable.
Standard errors clustered by zip code.
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Table 2.4: Estimated Effects of Relative Distance on Place, Mode, and Timing of Delivery

Instrument=Relative Distance to Instrument=Indicator for
H Hospital Closer to H Hospital

Coefficients × 100 Coefficients × 100

Baseline controls Baseline controls
Outcome Variable Mean Only All controls Only All controls

Deliver at High C-Section 0.515 1.586 1.600 1.014 1.014
(H) Hospital (0.154) (0.153) (0.122) (0.119)
C-section Delivery 0.256 0.186 0.183 0.109 0.118

(0.030) (0.030) (0.023) (0.022)
Scheduled C-section (no 0.092 0.056 0.053 0.026 0.023
indicators of trial of labor) (0.021) (0.019) (0.014) (0.013)
Unscheduled C-section 0.163 0.130 0.130 0.082 0.095
(indications of trial of labor) (0.029) (0.023) (0.019) (0.018)
Delivered 1+ Days After 0.479 -0.054 -0.052 -0.044 -0.049
Arrival (0.036) (0.037) (0.025) (0.025)
C-section on Day of 0.125 0.126 0.120 0.084 0.088
Arrival (0.022) (0.025) (0.016) (0.016)
C-section 1+ Days After 0.132 0.061 0.067 0.024 0.029
Arrival (0.021) (0.020) (0.016) (0.015)
Vaginal Del. on Day of 0.396 -0.072 -0.068 -0.040 -0.039
Arrival (0.032) (0.031) (0.024) (0.023)
Vaginal Del. 1+ Days 0.347 -0.114 -0.119 -0.068 -0.078
After Arrival (0.031) (0.033) (0.022) (0.022)
Breakdown of C-Section Deliveries:
C-Section at H Hospital 0.149 0.491 0.494 0.314 0.320

(0.048) (0.050) (0.039) (0.039)
C-Section at L Hospital 0.106 -0.305 -0.312 -0.205 -0.202

(0.036) (0.032) (0.030) (0.028)
Fractions of Complier Groups – Moving 7 mi. closer to H hosp. (col. 2-3) or closer to H hosp. (col. 4-5)

P(H Comp.) 0.111 0.112 0.101 0.101
P(C&H Comp.) 0.013 0.013 0.011 0.012
P(H Comp. & C AT) 0.021 0.022 0.021 0.020
P(H Comp. & V AT) 0.077 0.077 0.070 0.069
P(C Comp. | H Comp.) 0.117 0.114 0.107 0.116
P(C AT | H Comp.) 0.192 0.195 0.203 0.200
P(V AT | H Comp.) 0.690 0.691 0.690 0.684

Note: Sample=491,604 low-risk first births. Standard errors in parentheses clustered at 5-digit ZIP code level.
Baseline controls are dummies for Hospital Service Area and year of birth, and controls for distance to closest
hospital, and fraction of new mothers in ZIP code covered by Medi-Cal or other public insurance. All controls
include 59 additional controls: mother’s age (17 dummies), mother’s education (8 dummies), race (4 dummies),
father present, insurance type (3 dummies), cubic in mother’s height, cubic in mother’s weight, pre-pregnancy
BMI, mother’s pre-birth hospital use (3 variables), prenatal care (3 variables), mother’s diseases and smoking
(5 variables), birthweigh and gestation (3 variables) and ZIP code characteristics (5 variables).
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Table 2.5: Characteristics of Compliers

Means for Hospital and
Means for Low- Means for Hospital (H) Procedure (H&C)

Risk First Births Compliers Compliers
(1) (2) (3)

A. Socio-Economic Characteristics of Mother
Race/Ethnicity

White 0.32 0.27 (0.04) 0.21 (0.09)
Black 0.06 0.03 (0.01) 0.07 (0.04)
Asian 0.18 0.11 (0.03) 0.12 (0.08)
Hispanic 0.44 0.59 (0.04) 0.60 (0.09)
Education
High School or Less 0.41 0.52 (0.04) 0.68 (0.10)
Some College 0.20 0.15 (0.01) 0.18 (0.06)
BA or Higher 0.39 0.33 (0.04) 0.14 (0.10)
Home Zip Code Characteristics
Income < Median 0.50 0.50 (0.08) 0.88 (0.15)
Gov Insurance Rate > Mean 0.52 0.52 (0.08) 0.89 (0.15)
B. Mother’s Insurance Coverage at Delivery
Government-provided 0.43 0.61 (0.04) 0.82 (0.11)
Private 0.53 0.36 (0.04) 0.18 (0.11)
Other 0.04 0.04 (0.01) 0.00 (0.03)
C. Other Maternal/Infant Characteristics
Mother height < 5 ft. 0.04 0.05 (0.01) 0.08 (0.03)
Mother visit ED prepartum 0.19 0.22 (0.02) 0.32 (0.06)
Number prepartum ED visits 0.26 0.30 (0.02) 0.46 (0.09)
Male baby 0.51 0.53 (0.01) 0.60 (0.07)
Birth weight < median 0.50 0.51 (0.01) 0.50 (0.07)
Low birth weight (<2500 g) 0.02 0.03 (0.00) 0.03 (0.02)
D. Predicted Probabilities of Infant ED Visits and Inpatient Admissions
Prob(ED Visit)> median 0.50 0.61 (0.05) 0.80 (0.12)
Prob(Inpat. Adm) > median 0.50 0.55 (0.04) 0.72 (0.10)

Note: Column 1 shows estimated means for overall analysis sample of LRFB’s. Column 2 shows means
for births that are delivered at H hospitals as a result of being relatively closer to such hospitals; column 3
shows means for births that are delivered by c-section as a result of being closer to an H-hospital. Models
used to estimate complier characteristics include all controls plus characteristic itself. Standard errors,
clustered by maternal zip code, in parentheses.
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Table 2.6: Effects of Delivery at High C-Section Hospital on Infant and Maternal
Outcomes

IV Estimate
OLS Coefficients (Scaled per

Delivery at RF Coefficient delivery at
Outcome Variable Mean H-Hospital C-section ×100 H-Hospital)

First-stage Coefficients – 1.600 0.183 – –
(0.153) (0.030)

Infant Outcomes:
Apgar (5 minute) 8.915 0.024 -0.021 0.089 0.056

(0.002) (0.002) (0.030) (0.019)
Birth Injury (100) 0.094 -0.005 -0.035 -0.146 -0.091

(0.014) (0.010) (0.127) (0.080)
NICU 0.034 -0.016 0.021 -0.028 -0.017

(0.001) (0.001) (0.013) (0.008)
NICU including transfers (with 0.040 -0.012 0.025 -0.011 -0.007
control for NICU at delivery (0.001) (0.001) (0.013) (0.008)
hospital)
Ventilation 0.015 -0.002 0.010 0.044 0.027

(0.001) (0.001) (0.018) (0.011)
Length of stay (raw) 2.354 0.065 1.356 -0.120 -0.074

(0.012) (0.012) (0.140) (0.085)
Length of stay (top-coded 2.242 0.101 1.245 -0.058 -0.036
at 6 days) (0.008) (0.007) (0.090) (0.055)
Length of stay ≥ 5 days 0.037 -0.006 0.030 -0.018 -0.011

(0.001) (0.001) (0.012) (0.007)
Maternal Outcomes:
Trauma to Perineum and 0.461 -0.122 -0.612 -0.159 -0.099
Vulva During Labor (0.004) (0.005) (0.051) (0.028)
Perineal Laceration 0.290 -0.074 -0.404 -0.145 -0.090
(2nd degree or higher) (0.003) (0.005) (0.037) (0.020)
Length of Stay (days) 2.637 0.086 1.353 -0.025 -0.015

(0.007) (0.007) (0.094) (0.058)
Length of Labor (days) 0.530 -0.056 0.063 -0.106 -0.065
(birth - admission) (0.003) (0.003) (0.047) (0.028)
Post-birth Stay (days) 2.105 0.142 1.287 0.085 0.052
(discharge-birth) (0.007) (0.006) (0.073) (0.045)

Note: Sample=491,604 first births, except models for 5 minute Apgar, which includes 487,643 ob-
servations, and models for length of stay, length of labor and length of post-birth stay, which have
482,187 observations. Length of labor is measured by number of days from mother’s admission to
birth, censored at maximum of 3 days. Mother’s length of stay is censored at 5 days. Post birth stay
is length of stay minus length of labor. Standard errors in parentheses clustered at 5-digit ZIP code
level. All models (OLS and IV) include the full set of controls described in note to Tables 2.2 and
2.3, except second set of models for NICU, which include additional control for whether hospital of
delivery has its own NICU. First stage coefficients with this additional control are 1.518 (0.148) and
0.173 (0.029). Instrumental variable in all cases is relative distance to high c-section hospital.
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Table 2.7: Effects of Delivery at High C-Section Hospital on Subsequent Hospital
Visits

IV Estimate
OLS Coefficients (Scaled per

Delivery at RF Coefficient delivery at
Outcome Variable Mean H-Hospital C-section ×100 H-Hospital)

First-stage Coefficients – 1.600 0.183 – –
(0.153) (0.030)

Infant Outcomes:
Any inpatient stay or 0.385 0.005 0.001 0.088 0.055
ED/ASC visit (0.004) (0.002) (0.052) (0.032)
Any ED visit 0.338 0.008 0.006 0.128 0.080

(0.004) (0.002) (0.050) (0.031)
ED visit for acute 0.126 0.010 0.005 0.074 0.046
respiratory condition (0.002) (0.001) (0.028) (0.018)
Inpatient stay in neonatal 0.041 0.001 -0.009 -0.038 -0.024
period (0.001) (0.001) (0.011) (0.007)
Inpatient stay in neonatal 0.035 -0.003 -0.015 -0.050 -0.031
period, excluding (0.001) (0.001) (0.011) (0.007)
immediate transfers
Inpatient stay in year 0.085 0.002 -0.005 -0.038 -0.024
after birth (0.001) (0.001) (0.019) (0.012)
Maternal Outcomes:
Any inpatient stay or 0.149 0.002 0.030 0.025 0.016
ED/ASC visit (0.001) (0.001) (0.025) (0.015)
Any ED visit 0.129 0.001 0.026 0.025 0.015

(0.001) (0.001) (0.025) (0.015)
Inpatient stay in year 0.022 0.000 0.009 0.006 0.004
after birth (0.000) (0.001) (0.007) (0.005)

Note: Sample is 491,604 first births. All models (OLS and IV) include the full set of controls
described in note to Table 2. Instrumental variable in all cases is relative distance to high-c-
section hospital.
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Table 2.10: Effects of Delivery at High C-section Hospital on Adverse Outcomes

IV Estimate
OLS Coefficients (Scaled per

Delivery at RF Coefficient delivery at
Outcome Variable Mean H-Hospital C-section ×100 H-Hospital)

First-stage Coefficients – 1.613 0.178 – –
(0.154) (0.029)

6+ days in hospital or death 6.746 -0.370 4.395 -4.226 -2.582
in neonatal period (x100) (0.119) (0.109) (1.434) (0.881)
Death within 1st year (x100) 0.121 -0.005 0.084 -0.381 -0.236

(0.013) (0.014) (0.160) (0.098)
Late delivery and 6+ days in 3.431 -0.605 2.314 -2.635 -1.611
hospital/death as neonate (x100) (0.076) (0.083) (0.967) (0.574)
Late delivery and death within 0.058 -0.013 0.017 -0.261 -0.162
1st year (x100) (0.008) (0.009) (0.123) (0.077)

Note: Sample is 491,604 first births. All models (OLS and IV) include the full set of controls described
in note to Tables 2.2 and 2.3, as well as a control for the relative distance to a high-inpatient hospital.
Instrumental variable in all cases is relative distance to high c-section hospital. Late delivery and death
is a combined outcome of delivery 1 or more days after mother’s admission to hospital × death.



CHAPTER 2. THE HEALTH IMPACTS OF CESAREAN SECTION 98

T
ab

le
2.

11
:

G
en

er
al

iz
ed

C
on

tr
ol

F
u
n
ct

io
n

M
o
d
el

s
fo

r
A

p
ga

r
S
co

re
s,

A
d
ve

rs
e

E
ve

n
t

in
N

eo
n
at

al
P

er
io

d
,

an
d

D
ea

th

M
o
re

th
a
n

6
d

ay
s

in
H

o
sp

it
a
l

o
r

F
iv

e
m

in
u

te
A

p
g
a
r

S
co

re
D

ea
th

in
N

eo
n

a
ta

l
P

er
io

d
D

ea
th

in
F

ir
st

Y
ea

r
(×

1
0
0
)

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

D
el

iv
er

ed
at

H
H

os
p

it
al

0.
05

4
0
.0

5
3

0
.0

5
4

-0
.0

2
6

-0
.0

2
5

-0
.0

2
5

-0
.2

3
9

-0
.2

3
2

-0
.2

3
2

(0
.0

22
)

(0
.0

2
3
)

(0
.0

2
3
)

(0
.0

1
1
)

(0
.0

1
1
)

(0
.0

1
0
)

(0
.1

1
7
)

(0
.1

1
7
)

(0
.0

1
1
)

D
el

iv
er

ed
at

H
H

os
p

it
al

–
-0

.0
2
3

-0
.0

2
4

–
0
.0

2
2

0
.0

2
2

–
0
.2

5
1

0
.2

5
0

×
1s

t
st

ag
e

re
si

d
u

al
(0

.0
1
0
)

(0
.0

1
0
)

(0
.0

0
5
)

(0
.0

0
5
)

(0
.0

6
4
)

(0
.0

6
8
)

D
el

iv
er

ed
at

H
H

os
p

it
al

–
–

0
.0

0
5

–
–

0
.0

0
0

–
–

0
.0

1
3

×
b

ir
th

w
ei

gh
t

(s
ta

n
d

ar
d

iz
ed

)
(0

.0
0
2
)

(0
.0

0
1
)

(0
.0

1
5
)

D
el

iv
er

ed
at

H
H

os
p

it
al

–
–

-0
.0

0
1

–
–

-0
.0

0
1

–
–

-0
.0

0
3

×
ge

st
at

io
n

(s
ta

n
d

ar
d

iz
ed

)
(0

.0
0
2
)

(0
.0

0
1
)

(0
.0

1
2
)

1s
t

st
ag

e
re

si
d

u
al

-0
.0

29
-0

.0
1
8

-0
.0

1
8

0
.2

3
5

0
.1

0
9

0
.1

1
0

0
.0

2
1

0
.0

1
0

0
.0

1
0

(0
.0

22
)

(0
.0

2
4
)

(0
.0

2
3
)

(0
.1

1
9
)

(0
.1

2
5
)

(0
.1

1
9
)

(0
.0

1
1
)

(0
.0

1
1
)

(0
.0

1
1
)

N
o
te

:
se

e
n

ot
e

to
T

ab
le

2.
10

.
A

ll
m

o
d

el
s

in
cl

u
d

e
th

e
fu

ll
se

t
o
f

co
n
tr

o
ls

d
es

cr
ib

ed
in

n
o
te

to
T

a
b

le
s

2
.2

a
n
d

2
.3

a
s

w
el

l
a
s

co
n
tr

o
l

fo
r

d
el

iv
er

y
at

h
ig

h
in

p
at

ie
n
t

re
ad

m
is

si
on

h
o
sp

it
a
l
a
n

d
re

si
d

u
a
l
fr

o
m

fi
rs

t
st

a
g
e

m
o
d

el
fo

r
d

el
iv

er
y

a
t

h
ig

h
in

p
a
ti

en
t

re
a
d

m
is

si
o
n

h
os

p
it

al
.

B
ir

th
w

ei
gh

t
an

d
ge

st
at

io
n

in
te

ra
ct

io
n

te
rm

s
a
re

ex
p

re
ss

ed
in

(d
em

ea
n

ed
)

st
a
n

d
a
rd

d
ev

ia
ti

o
n

u
n

it
s.

S
a
m

p
le

fo
r

A
p

g
a
r

sc
or

es
is

48
7,

64
3

b
ir

th
s

w
it

h
n

on
-m

is
si

n
g

5
-m

in
u

te
A

p
g
a
r

sc
o
re

s.
S

ta
n

d
a
rd

er
ro

rs
a
re

b
o
o
ts

tr
a
p

p
ed

(5
0
0

re
p

et
it

io
n

s)
a
n

d
cl

u
st

er
ed

at
th

e
m

ot
h

er
’s

zi
p

co
d

e.



CHAPTER 2. THE HEALTH IMPACTS OF CESAREAN SECTION 99

Table 2.12: Approximate Social Cost of Delivering at High C-Section Hospital

Parameter description Parameter value Source

Extra c-sections per H delivery 0.114 Table 3
Extra ED visits per H delivery 0.08 Table 6
Fraction of extra visits for respiratory disease 0.575 Table 6
Fewer inpatient stays per H delivery 0.024 Table 6
Fewer deaths per H delivery 0.0024 Table 9
More births to each LRFB mother 1.1 Johnson and Li [2011]
Path dependence of delivery mode: excess rate
of c-section in 2nd birth if c-section in 1st 1 Unreported analysis

Average cost of delivery:
Vaginal delivery without complication 3,400 Podulka et al. [2008]
Vaginal delivery with complication 4,400
Cesarean delivery without complication 5,700
Cesarean delivery with complication 7,600

Average cost of ED visit 2,168 Caldwell and Hsia [2013]
Average cost of inpatient stay 10,800 Wier et al. [2011]
Annual medical costs of childhood asthma 1,039 CDC (2009)
Present discounted cost of childhood asthma 3,1379
(3% discount; no remission to age 80)
Value of a statisical life 5,800,000 US DOT (2008)

Summary: costs and benefits of reallocating 1000 mothers to high CS hospitals
Assumption on Infant Morality Effect

Use point estimate Use 0.5 × point
of reduced mortality estimate of reduced mortality

Benefits: reduced infant mortality, inpatient stays 13,947,200 7,103,200
Costs: direct medical costs, future ED visits, 6,072,000 6,072,000
asthma burden, and higher-parity health effects

Benefits net of costs: 7,875,200 1,031,200

Note: see text.
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Chapter 3

Breaking the Ties between The Mafia
and The State: Evidence from Italian
Municipalities

3.1 Introduction

Organized crime1 is a global phenomenon with a huge volume of business. The United
Nations Office on Drugs and Crime (UNODC) estimated that in 2009 transnational organized
crime generated $870 billion (1.5% of global GDP and almost 7% of the world’s exports of
merchandise.).2 The large scale of this phenomenon has become so alarming that the fight
against it is part of the political agenda of many governments and international organizations.

Organized crime is part of the economic environment in which firms operate. It owns
businesses, extracts rents, imposes ”taxes” (i.e., extortion), laundries money, and tries to
influence politicians. Quantifying the impact of criminal organizations on economic activity
is a natural question as well as a challenging task.

Since the seminal work of Becker [1968] on crime, many authors have tried to explain the
economic incentives in engaging in illegal activities together with the rise of organized crime
(Buonanno et al. [2012], Bandiera [2003]). The main challenges that all the papers trying to
estimate the impact of mafia-like organizations face are (i) the lack of exogenous variation
in criminal activity; (ii) data quality.

Criminal organizations are not rooted in random places. The areas characterized by the
presence of organized crime are likely to have different institutions and economic activities
than those present in areas where this phenomenon is less prevalent. If these areas differ
along dimensions that the researcher is unable to observe, providing credible estimates of the
causal impact of organized crime is notoriously hard. Recent work by Pinotti [2012] relays

1In this paper I use the term ”mafia” as a synonym of organized crime. I do not distinguish between
criminal organization like Cosa Nostra, Camorra, ’Ndrangheta and Sacra Corona Unita.

2https://www.unodc.org/toc/en/crimes/organized-crime.html

https://www.unodc.org/toc/en/crimes/organized-crime.html
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on a synthetic cohort approach to construct the appropriate counterfactual for geographical
areas controlled by the mafia. Buonanno et al. [2012] and Barone and Narciso [2015] instead
exploit the plausibly exogenous variation in the geographical elements which were conducive
to the early onset of the mafia. Using it as an instrument, they document the persistence of
this phenomenon and the fact that municipalities with stronger mafia presence are able to
obtain more public funds from the central government respectively.

An interesting recent set of studies has focused on another source of exogenous variation:
the timing of dismissal of public elected officials. If local politicians are found to be connected
to the mafia in Italy, the mayor, the city council, and the executive committee are dismissed
and replaced with three external commissioners — nominated by the central government
— who stay in office for about two years. Acconcia et al. [2014] document that these three
commissioners severely cut public investment. The authors use the timing of the dismissal as
an exogenous shock to public spending and estimate a fiscal multiplier of about 1.5. Along
the same lines, Galletta [2016] finds evidence of spillovers on neighbouring municipalities:
neighbours reduce spending as a result of city council dismissal. The author attributes this
effect to an increase in law enforcement.

Large criminal organization are deeply rooted in the territory and do not operate in a
vacuum. They interact with other firms on a daily basis, and they impact the economic
environment in which they operate. A recent strand of literature focuses on the use of
micro-data to credibly identify the effect of criminal activity on firms (Montoya [2016], Rozo
[2014], Klapper and Tran [2013], Mirenda et al. [1988]); yet the impact of the fight against
organized crime on firms and workers has been substantially overlooked.

I use the timing of city council dismissals as an exogenous variation in the level of mafia
involvement in the municipality administration and study the impact of the severing of mafia
connections on municipality and firm outcomes. My paper addresses the two abovementioned
challenges: first, I exploit the plausibly exogenous variation in the timing of city council
dismissal in an event study framework.

I document — as other authors have done (Acconcia et al. [2014] Galletta [2016], Daniele
and Geys [2015a]) — that the city council dismissal is started by evidence emerged from
independent police investigations, and it is not triggered by the poor economic performance
of the municipality (Commissione Parlamentare d’Inchiesta sul Fenomeno della Criminalita’
Organizzata Mafiosa o Similare [2005]). Although I can not directly test my identifying
assumption, I formally test for the presence of pre-trends in the outcomes of interest in order
to alleviate the concerns regarding the validity of my empirical strategy. I find no evidence
of non-parallel pre-trend.

Second, I combine social security records on the universe of firms and workers in the
private sector with administrative data on public procurement auctions. I am able to link
firm records across different sources using tax identifiers. To the best of my knowledge, no
one has ever used social security records and public procurement data to estimate the impact
of the mafia on municipalities and firms.

I first establish that the external commissioners take actions to fulfil their mandate. In
particular, they drastically cut investment (Galletta [2016]) and reduce the number of public
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procurement auctions. Interestingly, they increase long-term investment in local police, and
this effect persists after the commissioners leave.

I then study the impact of these institutional changes on those firms who have been
arguably most negatively impacted by severing the ties with the mafia (i.e. “connected
firms”). As firms try to conceal their direct or indirect connections with organized crime due
to their illegal nature, it is challenging to credibly identify these ties. I exploit the rich public
procurement data collected by Associazione Nazionale Anticorruzione (ANAC) to construct
a proxy for whether a firm is connected to the mafia. I call “connected firms” the former
winners of public procurement contracts. I find that former winners are 12% less likely to
win any tender after the dismissal takes place. This effect is mainly driven by the sharp drop
in the probability of winning in the treated municipalities. The fact that fewer invitations
to bid are made and firms shut down only partially explain the sharp drop in the probabil-
ity a connected firm wins any tender after the dismissal. My findings are consistent with
stigma being associated with former winners, and stigma lasting longer than the takeover
itself. Although connected firms are more likely to exit after the institutional change, they
are no more likely to manipulate their firm identifier (i.e., shutting down their operations
and re-opening under a new firm identifier). Overall, this policy changes permanently the
composition of public procurement winners.

One concern related to this type of intervention is that the city council dismissal might
have negative (unintended) consequences for legal businesses and workers. To test this claim,
I estimate the aggregate effect of this policy on the local economy. Although many of my
estimates are not statistically significant, I find suggestive evidence of increased churning in
the economy (i.e. more firm entry and exit), and I do not document any negative impact on
local employment.

The rest of the paper is organized as follows: Section 3.2 presents a brief review of the
literature, Section 3.3 explains the institutional background, Section 3.4 and Section 3.5
describe the data and outline the empirical strategy, Section 3.6 shows my main results,
Section 3.7 explores some robustness checks, and Section 3.8 concludes.

3.2 Related Literature

Since the seminal work of Becker [1968] on crime, many authors have studied the eco-
nomic incentives of engaging in illegal activities as well as the rise of criminal organizations
(Buonanno et al. [2012], Bandiera [2003], Mastrobuoni and Patacchini [2012], Scognamiglio
[2015]). Yet, the impact of organized crime on economic activity and how to effectively fight
it are still standing questions. The challenges that all the papers trying to quantify the
impact of mafia-like organizations face is the lack of exogenous variation in criminal activity
as well as data quality. The recent work by Pinotti [2012] gets around the lack of exogenous
variation by relaying on a synthetic cohort approach. He finds that Southern Italian regions
under control of mafia experience a 16% reduction in GDP over thirty years together with
a significant increase in homicide rates. Buonanno et al. [2012] argue that the mafia rose
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as a response to the inability of the newborn Italian State to provide private property pro-
tection. Hence, they use the plausibly exogenous variation in the location of sulfur mines
in Sicily to predict early mafia development. They also document the strong persistence of
criminal organizations by instrumenting early mafia development with the presence of sulfur
availability in the area. Barone and Narciso [2015] make a similar argument according to
which mafia initially emerged as a land protection industry. They instrument current mafia
activities with exogenous historical and geographical measures of land productivity, and find
that Italian municipalities with a stronger presence of mafia are able to capture more public
funds from the central government.

A recent set of studies has focused on the effects of policies aimed at fighting organized
crime and more generally corruption. Some of these studies have used the timing of city coun-
cil dismissals due to mafia infiltration in Italy as a source of exogenous variation. Acconcia
et al. [2014] gather public provincial expenditure data in the 90s, and document that the
external commissioners, who replace the public elected officials at the time of the dismissal,
severely cut public investment. These authors use the timing of dismissal as an exogenous
shock to public spending in order to estimate a fiscal multiplier of about 1.5. Galletta [2016]
focuses on the period between 1998 and 2013, and shows that current expenditure is not
affected by the dismissal of public elected officials, while public investment decreases by
45% in the first year after the takeover. Furthermore, investment remains persistently lower
for the first three years after the event. He also finds evidence of spillovers on neighboring
municipalities: neighbors reduce spending as a result of city council dismissal. He attributes
this finding to an increase in law enforcement which would limit the misconduct of neighbor-
ing municipalities and foster a reduction in corruption and waste. Daniele and Geys [2015b]
exploit this same feature of the Italian law and show that the average educational attainment
of politicians who run for local elections after the takeover is higher on average. Daniele and
Geys [2015a] also show that the dismissal of public elected officials negatively impacts the
incumbents in terms of votes and reduces turnout in local elections.

Other studies have focused on Brazil and have exploited the spatial variation in random-
ized anti-corruption audits. Ferraz and Finan [2008] show that exposing corrupt politicians
negatively impacts the incumbents’ electoral performance in the next election, and that these
effects are stronger in municipalities where the media have a more prominent role. Ferraz
and Finan [2011] find that corrupt behavior of politicians responds to incentives, more specif-
ically mayors with reelection incentives misappropriate fewer resources than mayors without
reelection incentives. Colonnelli and Prem [2017] use detailed micro-data to estimate the
impact of this anti-corruption program on resource allocation, firm performance, and local
economies. The authors find that after the program these regions experience higher levels
of economic activity, and that the performance of corrupt firms improves after the audit.
They conclude ”corruption acts as an institutional failure and that it is detrimental to firm
performance and growth”.

My paper closely relates to the work of Colonnelli and Prem [2017], and contributes to
the recent rapidly growing strand of literature which leverages microdata to identify the
mechanisms through which corruption affects firm and workers. Mirenda et al. [1988] study
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the entry of organized crime in Northern Italy. They show that organized crime tends to
enter in sectors which rely heavily on public demand, that it produces an increase in the
volume of sales of infiltrated businesses, and that it is able to displace competitor firms.
Montoya [2016] exploits the staggered incidence of drug-related violence across Mexico to
estimate whether this phenomenon affects firms. He finds that economic activity declines
when violence increases; more specifically, he estimates a 2.5%-4% fall in revenue, employ-
ment and hours worked. Rozo [2014] uses an instrumental variable strategy to estimate the
impact of violent crime on local prices and production in Colombia. She documents that
higher homicide rates lower house rents and increase prices. Klapper and Tran [2013] study
the impact of social unrest on firm outcomes in Cote D’Ivoire; they find that the conflict
caused a sharp drop in total factor productivity, and that this effect was more severe for
foreign-owned firms.

3.3 City Council Dismissal

The D.L. 31/05/1991 n. 164 was introduced as a response to the growing influence of Mafia
on local government in the 1980s.3 According to D.L. 31/05/1991 n. 164, if a municipality is
found to be infiltrated by Mafia, all its public officials are dismissed and replaced with three
external commissioners appointed by the central government (i.e., Commissari Straordinari).

The public elected officials include a mayor (i.e., Sindaco), city council (i.e., Consiglio
Comunale), and executive committee (Giunta Comunale) members. The mayor, the city
council and the executive committee are elected for a period of five years, and the mayor
cannot run more than twice in a row in the same municipality. The three non-elected com-
missioners have the same powers as the dismissed officials, and they govern the municipality
for 18 months to two years until new elections take place.4 They are chosen among those who
have distinguished themselves in managing cities and they typically come from a different
geographical area. The aim of this law is to break the connection between the mafia and the
local government (CNE [1995]).

If evidence of connections between the public elected officials and mafia emerges, it is
transmitted to the Prefetto, who is the representative of the Minister of Interior in the
province.5 The Prefetto has to form a commission which starts an investigation (i.e., Com-
missione d’Accesso). This investigation lasts for a maximum of three months, at the end
of which a report has to be drafted. The Prefetto has to send the report within 45 days to
the Minister of Interior, who decides whether there is sufficient evidence to dismiss the city

3The introduction of fiscal federalism in the 1970s had devolved several categories of spending from the
central government to local authorities. This change enabled criminal organization to exercise more pressure
on the local elected officials Acconcia et al. [2014].

4 In practice, the vast majority of city council dismissals last for about two years. In few instances the
commissioners were initially put in charge for a period of 12 months. In all these instances their powers have
been renovated up to two years.

5Prefetti are appointed by a degree of the President of the Republic after being nominated by the Minister
of Interior and approved by the Council of Ministers. They typically do not have a fixed term.



CHAPTER 3. THE FIGHT AGAINST THE MAFIA 105

council. If the Minister decides for it, the city council dismissal is published on the Gazzetta
Ufficiale with a decree of the President of the Republic.

I argue in the following paragraph that the time in which the evidence on the connection
between organized crime and public elected officials is discovered is as good as random.
Moreover, the law strictly regulates the maximum amount of time that can pass between the
discovery and the decision of whether to dismiss the public elected officials. In other words,
once the evidence is brought to the attention of the Prefetto, the decision can not be delayed
indefinitely, and this procedure has to come to an end within four months and fifteen days.

As I use the timing of the city council dismissal as a source of plausibly exogenous vari-
ation, it is crucial to understand how this process is typically started. Several reports of
the Commissione Parlamentare d’Inchiesta document that city council dismissal gets typ-
ically initiated by independent ongoing police investigations (Commissione Parlamentare
d’Inchiesta sul Fenomeno della Criminalita’ Organizzata Mafiosa o Similare [2005]). I follow
the taxonomy proposed by Acconcia et al. [2014], and document that the evidence which
triggers this procedure is typically acquired i) during police investigations about local crimes
(e.g. feuds between mafia families, extortions, drug and weapon trafficking, money laun-
dering); ii) from a police informant; iii) investigations following the resignation of one or
more of the elected officials due to mafia’s pressure; iv) in investigations about the personal
life of local politicians (often unrelated to their official functions). Quite interestingly, these
reports provide evidence that the city council dismissal is not triggered by poor municipal-
ity financial performance or by inefficiencies and delays in public procurement. Galletta
[2016] report evidence that when mafia is involved in public procurement, the assignment of
contracts tends to be very efficient and involves no apparent waste of resources.

The law which introduced city council dismissal due to mafia infiltration was passed in
1991, and this procedure has been used repeatedly since (Figure 3.1). Since its introduction,
239 municipalities went through this procedure: 148 municipalities experienced it once, 68
twice and 24 three times. The fact that some this procedure is used more than once in the
same municipality shows that, in some cases, the goal to break the connection between crim-
inal organizations and public administration is not achieved. Anecdotal evidence suggests
that in several instances the local population was not supportive, and at times even hostile,
toward the three external commissioners.

Two spikes are clearly visible in Figure 3.1: the first in 1993 and the second in 2012.
The extremely high number of municipalities which were put under control of the external
commissioners in 1993 is a reaction to the attacks of Cosa Nostra in the early 90s. In those
years Cosa Nostra, a Sicilian mafia-type organization, targeted and killed several prominent
judges, politicians, journalists, and police officers with the intention to intimidate their
opponents. One may worry that the timing of city council dismissals occurring in 1993 is
not random, therefore I exclude the shocks which occurred in that year from my sample.6

In 2012, few months after Monti replaced Berlusconi as the Prime Minister, the government

6As a robustness check I include these shocks, and the overall pattern remains largely unchanged.
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approved the city council dismissal of 23 municipalities. Anecdotal evidence 7 suggests that
this decision is due to the lack of political conditioning of the Monti technical goverment.
As one might expect, Figure 3.2) shows that most of the city council dismissals occur in
southern Italy, where the mafia originated at the end of the XIX century. However, there are
several instances of dismissals due to mafia infiltration in Northern regions as well (Figure
3.2).

3.4 Data

In this section I overview the data I use for the empirical analysis. I combine data from four
administrative sources: matched employer-employee data collected by Istituto Nazionale di
Previdenza Sociale (INPS), public procurement data from Associazione Nazionale Anticor-
ruzione (ANAC), municipality balance sheet data collected by the Ministry of Interior, and
the list of city council dismissals from the Decrees of the President of the Republic.8

Social Security Data

I use the matched employer-employee dataset collected the Italian Social Security Agency
(i.e., Istituto Nazionale di Previdenza Sociale — INPS hereafter). These data contain the
universe of work histories for private sector employees from 1983 to 2016.9 Importantly
these social security records do not cover self-employed, unemployed, discouraged workers,
and public-sector employees. Moreover, INPS data includes also a set of firm-level variables,
such as establishment and firm identifiers, date of opening and closing, number of employees,
industry code, and juridical status. My sample is limited to the nine regions which have
experienced at least one city council dismissal from 1991 to 2014, and all the provinces
within them.10 11

Table 3.1 reports the summary statistics calculated over the full sample (column 1), and
over treated and never treated municipalities in column 2 and 3 respectively. Column 4
reports the summary statistics for the subset of the never treated municipalities which is
matched with the treated ones.12 Most treated municipalities are located in the south of
the country, and one-third of them are land-locked; although these towns can be considered
large relative to the vast majority of Italian cities, they are quite small if compared to

7http://www.ilfattoquotidiano.it/2012/12/07/mafia-governo-monti-ha-sciolto-25-comuni-cantone-con-cancellieri-niente-mediazioni/

438429/
8I do not use the 19 municipalities for which the decision to dismiss the city council has been later

over-ruled (annullate).
9These data contain detailed information on the universe of workers and firms with at least one employee.

10The regions which have experienced a city council dismissal are Liguria, Piedmont, Lombardy, Lazio,
Campania, Calabria, Basilicata, Apulia, and Sicily.

11Italy is organized in 20 regions and 110 smaller administrative units called provinces, which are com-
parable to US counties.

12Refer to the next section for the details on the matching procedure.

http://www.ilfattoquotidiano.it/2012/12/07/mafia-governo-monti-ha-sciolto-25-comuni-cantone-con-cancellieri-niente-mediazioni/438429/
http://www.ilfattoquotidiano.it/2012/12/07/mafia-governo-monti-ha-sciolto-25-comuni-cantone-con-cancellieri-niente-mediazioni/438429/
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metropolitan areas. 14,600 people live on average in a treated municipality while only 7,000
populate the average Italian city.13 Although treated towns are twice as large as the average
Italian city, the number of firms and people employed in these towns are comparable to
the national average. Less than 10% of residents work as employees in the private sector in
treated municipalities; this finding is striking even in the light of the fact that Southern Italy
is characterized by a high prevalence of public sector employment, a large informal economy,
and low employment rates. Not surprisingly given the small size of the town economy, the
vast majority of firms have only one plant; therefore, it will not be particularly relevant
to distinguish between firms and establishment in the empirical analysis. Interestingly, the
industry composition of the treated municipality does differ dramatically from the full sample
(Table 3.2). Treated municipalities rely more heavily on retail and wholesales, while less on
tourism.

Public Procurement Data

In addition to Social Security records, I also have access the data on public procurement
contracts collected by the Associazione Nazionale Anticorruzione — ANAC hereafter. In
particular, I use the universe of public procurement contracts for public works above 150,000
euros from 2000 to 2007, and the universe of public procurement contracts for public works,
services, and supplies above 40,000 euros for the period between 2008 and 2016.

Any public administration who intends to award a public procurement contract with
a reservation price above a certain threshold is required to report it to ANAC.14 Public
procurement data include the type of contract (i.e. public works, supplies, and services),
the public entity who issued it, identity of the winner(s), reservation price, the actual price
paid by the municipality (starting from 2008), and the type of auction or procedure used to
award the contract.

Table 3.3 reports the summary statistics for those firms who won any public procurement
contracts in column 1, for those who won while a corrupt administration was in power in
column 2, and for those who were not awarded any contract in any treated municipalities
(column 3). Firms who win a public procurement contract in a treated municipality have a
higher probability of winning than the average firm in the sample of winners. Interestingly,
these firms are also twice as likely to shut down compared to their competitors.

13The reason why the population of the average Italian municipality is so low is that Italy has a myriad
of extremely small towns.

14As I am exploiting city council dismissal as a source of plausibly exogenous variation, I will focus
on public procurement contracts issued by municipalities only. In principle, Regions, Provinces and other
administrative units can issue public procurement contract as well, but these contracts are not the focus of
this study.
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Public Expenditure Data

I also use the municipality expenditure and population data collected by the Italian Ministry
of Interior.15

Municipality expenditure is classified into two main categories: current expenditure and
investment. The former is used to cover the day-to-day expenses, while the latter is directed
toward long-lasting investment. Each of these two broad categories is disaggregated into the
expenditure related to twelve municipality functions: administration, justice, local police,
public education, culture (libraries, museums, theatres), sport, tourism, driveability and
public transportations, territory and environment (urban planning, waste disposal, parks),
social assistance, economic development, and other services.16

City Council Dismissals due to Mafia Infiltration

I collected the list and the dates of city council dismissals due to mafia infiltration from the
decrees of the President of the Republic published on Gazzetta Ufficiale. 17

Once the prefetto starts the investigation, the fact that the procedure has been initiated
becomes public knowledge. Anecdotally, most investigations turn into a dismissal.18 As the
exact date in which the dismissal process started is not reported, I lag the year of the city
council dismissal if the event occurs in the first four months of the year.19

3.5 Econometric Model

In order to study the impact of city council dismissal on the local economy at large, I examine
its effects both on municipality-level and firm-level outcomes.

As far as the municipal-level analysis is concerned, I estimate the following generalized
difference-in-difference model on the sample of treated municipalities:20

ymt = αm + τt +
T∑

k=−B

βkD
k
mt + εmt, (3.1)

15This information has been collected in a digitalized form starting from 1998.
16Detailed summary statistics about municipality revenues and expenditure are reported in Table C.1 in

Appendix C.2.
17I cross-checked this list with the list of dismissals published by the Minister of Interior, and the one

published by Avviso Pubblico.
18Starting from 2012 the Ministry of Interior publishes the instances in which these investigations did

not lead to a city council dismissals, and in the period between 2009 and 2016 while 97 investigations were
initiated, only 32 of them did not turn into a city council dismissal.

19As a robustness check, I also used the date in which the decree is published as the date of the dismissal
and results are largely unaffected. These results are not reported and are available upon request.

20I include all municipalities which have been shocked only once, and I take the last dismissal for those
cities which went through this procedure more than once. I am making the assumption that if a municipality
was taken over twice, this policy was not effective the first time.
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where ymt is the outcome of interest (e.g. number of firms) for municipality m at time
t. αm and τt are two sets of municipality and time FE respectively, and Dk

mt is the set of
dummies which indicates that municipality m in year t received the shock k periods ago.
Dk
mt is defined as 1(t = em + k) where municipality m received a shock at time em. I bin

up the event study dummies at −(B + 1) and T + 1, and I do not report the binned up
coefficients. I exclude the dummy variable relative to the year prior to the shock, so all βk
represent changes in the outcome of interest with respect to the year before the dismissal.
Errors are clustered at the municipality level. Notice that by restricting the sample to those
municipalities which are revealed to be corrupt, I exploit the variation coming from the
timing of the treatment only.

In order to gain some power, I collapse my event study into a difference-in-difference
model

ymt = αm + τt + βPostt × Ti + εmt, (3.2)

where all the variables are defined as above, and Ti is an indicator for treatment.
The identifying assumption is that the timing of the city council dismissal is as good

as random, conditional on municipality fixed effects, time fixed effect, and municipality-
specific time trends (if present). Intuitively, I am assuming that some local governments
are connected to the Mafia and that the timing in which this connection is discovered is as
good as random (conditional on the abovementioned fixed effects). Notice that, although it
is not possible to directly test the identifying assumption, I can test whether the outcomes
of interest show evidence of non-parallel pre-trends. The violation of the parallel trend
assumption would imply that my estimates conflate the true treatment effect with the impact
of some time-varying unobservable covariates.

As treated municipalities are on average quite small, some of the dependent variables
(e.g., number of firms which enter or exit the market in a given year) have a lot of zeros.
Given the large number of zeros, I use the inverse hyperbolic sine transformation (i.e., A(x)
or Asinh(x)) rather than the logarithmic one. This function has similar properties as the
natural logarithm, but it is defined at zero.

I augment model 3.1 by including municipality-specific time trend (αm × t) to account
for heterogeneous deterministic trends (the difference-in-difference version of this model is
defined analogously).

ymt = αm + τt +
T∑

k=−B

βkD
k
mt + αm × t+ εmt (3.3)

As far as firm-level outcomes are concerned, I estimate the following econometric model:

yit = αi + τt +
T∑

k=−B

βkD
k
it + εit (3.4)

where i indexes firms, t indexes years, and the variables are defined as described above.
Standard errors are clustered at the municipality level. In order to gain some power, I use
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a difference-in-difference specification analogous to the one described above. Once more, by
restricting my sample to former winners (I explain in great detail the sample selection proce-
dure in the next section), the identifying variation comes from the timing of the treatment,
which is assumed to be as-good-as-random conditional on firm and time fixed effects.

3.6 Results

As this policy dismisses the public elected officials who are in charge of managing the mu-
nicipality, I start my empirical analysis by studying the impact of the takeover on the public
sector. In this Section, I first establish that the external commissioners take actions to fulfil
their mandate. Then, I shift my focus to the impact of the change in institutions on those
firms who have been arguably most negatively impacted by severing ties with the mafia
(i.e., connected firms). As policies designed to fight organized crime might have unintended
consequences on legal businesses. Therefore, I conclude this section by studying whether
city council dismissals harm local firms and employment.

Do the Commissioners fulfill their mandate?

The external commissioners replace the elected administrative bodies which run the city
and fully inherit their powers. In particular, the commissioners are in charge of day-to-day
administration and planning long-term investment. Furthermore, they are required to review
already awarded public procurement contracts and business licenses and revoke them if they
find evidence of connections to organized crime.

In this Subsection, I evaluate whether the government appointed officials take actions to
fulfil their mandate. To this end, I study two aspects of the town administration: munic-
ipality expenditure (i.e., current expenditure and investment) and procurement contracts.
These two domains encompass the vast majority of financial resources government bodies
have control over, and that they can potentially share (in the form of rents) with the mafia.

I use the timing of the city council dismissal as a plausible source of exogenous vari-
ation, and I exploit an event study design (model 3.1) to estimate whether the external
commissioners administer public resources differently from how these were managed under
the (allegedly) corrupt administration. Municipality balance sheet data is available starting
from 1998, and I focus on the subset of city council dismissals for which I have a balanced
sample in a window of minus three to plus four years from the event. To probe the validity of
my design, I test for the existence of nonparallel pre-trends before the event (placebo tests).
Importantly, Figure 3.3, 3.4a, and 3.4b display no evidence of pre-trends.

Galletta [2016] shows that the city council dismissal has no impact on the day-to-day ad-
ministration (i.e. current expenditure), while it temporarily reduces investment by 46.6% in
the first year.21 This finding is consistent with anecdotal evidence suggesting that the exter-
nal commissioners freeze all investments once they take over. They typically first review the

21I replicate his results using the data provided by the Minister of Interior (results not shown).
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municipality financial situation, and scrutinize awarded procurement contracts and business
licenses; only then they set the goals which they intend to pursue during their mandate and
implement them. Interestingly, municipalities whose city council dismissal was dismissed
due to mafia infiltration increase investment in local police (Figure 3.3). This effect does not
appear to be short-lived, as these municipalities keep on investing more and more in local
police even after the end of the commissioners’ mandate. This finding can be interpreted in
the light of the fact that the city council dismissal draws a lot of attention to local organized
crime, and municipalities which experience a takeover are under pressure to show that they
are actively addressing it.

The external commissioners are also in charge of announcing calls for bidders and man-
aging public procurement auctions. Studying public procurement is extremely important
in this context as it represents the most direct link between local governments and firms.
Moreover, discretion in the allocation of these contracts can be used to direct rents to polit-
ically or criminally connected firms. As public procurement data is available starting from
2000 for construction works and from 2008 for services and supplies, I focus on the subset
of city council dismissals for which I have a balanced sample in a window of minus three to
plus two years from the event.22 Figure 3.4a and 3.4b show that during the takeover treated
municipalities are less likely to award any procurement contract23, while the total value of
the calls for bidder (as proxied by the reservation price) is largely unchanged. The reserva-
tion price is estimated by engineers and experts hired by the municipality, and it is meant
to represent a fair assessment of the value of the project or supplies that the municipality
intends to acquire (e.g. road, bridge, office supplies etc..). Interestingly, the reduction in the
probability of awarding any procurement contract is temporary, and it fades away as soon
as the external commissioners leave the city.

In conclusion, government-appointed officials do not appear to impact the municipality
business as usual (i.e. current expenditures), while they temporarily reduce the overall
amount of resources devoted to long-term investment. Moreover, they are less likely to
award any procurement contract during their mandate.

As I have established that the city council dismissal changes the way the town is run along
two important margins (i.e. municipality expenditure and public procurement), I devote the
remainder of this section to studying the impact of this policy is on firms and workers.

Impact on connected firms

In this subsection, I focus on those firms which are likely to be hurt the most by the city
council dismissal. Identifying those firms which are connected to the Mafia, and are there-
fore harmed by severing the ties between the local administration and organized crime, is
challenging. Firms do their best to conceal these connections due to their illegal nature. I

22As it is often the case that municipalities do not award any procurement contract every year, I choose
this narrow window to maximize the number of events.

23The dependent variable is constructed as an indicator which takes value 1 if at least one procurement
contract is awarded and 0 otherwise.
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exploit the extremely rich public procurement data collected by ANAC to construct a proxy
for whether a firm is connected to the Mafia. I define as “connected firms” the former winners
of public procurement contracts, namely those firm who won at least one contract before the
take over took place.24 Although my classification is potentially prone to type I and type II
error, I am mostly concerned about the former. My proxy captures one very specific type
of tie, and it misses those connections which do not go through public procurement (e.g.
family ties, business partnerships etc.). Type II error is not particularly concerning in this
context as it is unlikely that firms who have no connection with organized crime are awarded
procurement contracts in municipalities which are heavily influenced by the mafia.

I restrict my sample to connected firms, and I use model (3.4) to study whether the
city council dismissal has any impact on the identity of the firms who are awarded public
procurement contracts. The fact that none of the outcomes reported in Figure 3.5a to
3.6c display evidence of nonparallel pre-trend provides supporting evidence of the validity
of my empirical strategy. Figure 3.5a shows that former winners are less likely to win any
tender after the takeover takes place. In particular, former winners are 12% less likely
to be awarded a contract after the change in administration (column 1 of Table 3.4 ). Not
surprisingly, this finding is mainly driven by the fact that connected firms experience a sharp
drop in the probability of winning in the municipality they are connected to (Figure 3.5b).
Interestingly, those firms are also less likely to win procurement contracts in any other city
(Figure 3.5c), although the size of this effect is about one-third of the overall effect.25 While
the probability that any public procurement contract is awarded lowers temporarily during
the take over, the reduction in the probability that a former winner is awarded a procurement
contract drops when the commissioners take office and remains significantly lower even after
the end of their mandate. In other words, the drop in the probability a contract is awarded
can only partially explain my estimated impacts on connected firms. Anecdotally, the city
council dismissal raises the attention level, and municipalities actively avoid taking actions
which could expose them to further enquiries from the central government (e.g., awarding
public procurement contracts to firms who are allegedly connected to organized crime). My
findings are consistent with stigma being associated with former winners, and the stigma
lasting longer than the takeover itself.

Other channels through which these effects could be mediated are firm exit and identifier
manipulation. As far as the latter is concerned, some firms might have an incentive to
manipulate their identifier by shutting down their operation and re-opening under a new
identifier. This procedure could allow them to look unaffiliated with organized crime under
a superficial screening. In order to investigate these alternative channels, I construct an
indicator for whether a firm has changed identifier and another one for firm exit. I then test
whether the probability of these two events changes around the time of the dismissal. As far
as the former indicator is concerned, I leverage the detailed social security administrative

24Most former winners are connected to only one treated municipality. If a firm is connected to more
than one city, I define it as being connected to the city in which it has won the highest number of tenders.
Ties are broken randomly.

25These same results are reported in Table C.2 in Appendix C.2.
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data to construct a dummy variable for whether a firm has changed its identifier by tracking
its employees. I define a firm as having changed its identifier if it shuts down at time t and at
least 75% of its employees are found working altogether at another firm at t+ 1. I construct
this indicator for firms with at least four employees; I do so because I am concerned that
my procedure could over-estimate identifier changes when looking at very small firms. A
potential concern with this indicator is that it is unable to distinguish between a change
in firm identifier and an acquisition. Most of the firms are small local businesses, and
acquisitions are rare. In any case, acquisitions would confound my estimates only as long as
their occurrence is correlated with the timing of the dismissal.

Former winners are 4% more likely to exit the market after the dismissal (Figure 3.6a
and column 1 of Table 3.5). Notably, the size of this effect is as large as the reduction
in the probability that a former winner has adjudicated a contract after the takeover in
municipalities other than the treated one. In other words, the drop in the probability a
former winner wins in other municipalities is explained by firm exit. Importantly, these are
actual exits (Figure 3.6b) and not firms changing their identifier (Figure 3.6c). The fact that
winners do not seem to be manipulating their identifier is consistent with the thorough anti-
mafia-checks (i.e. documentazione antimafia), which bidders have to go through in order
to participate to tenders, being effective. In particular, candidate bidders have to report
detailed information about the ownership, the management structure,26 and the crimes (if
any) for which either owners or managers have been found guilty of or are under trial for.
In other words, it seems that manipulating the firm identifier is not enough to get around
these checks.

Overall, former winners are less likely to win further contracts after the change in admin-
istration. My findings are consistent with a reduction in the probability of contacts being
awarded in treated municipalities, the stigma of being associated with a corrupt adminis-
tration, and firm exit being the channels which mediate these effects. I find no evidence of
identifier manipulation on behalf of former winners.

Unintended consequences on local businesses

One concern which is often brought up when discussing this type of intervention is that the
city takeover might have (unintended) disruptive effects on local legal businesses.

In order to better evaluate this policy, I examine whether the city council dismissal
has any impact on firms which are located in treated municipalities and workers who are
employed at those firms using model 3.3. To this end, I collapse the social security data at
the municipality level, and I focus on the subset of events which occurred between 1991 and
2009. This timeframe allows me to have a balanced sample over the first seven years after
the event.

26One of the instances which would raise a red flag is the fact that a close relative of one local mafia
bosses is listed among the owners or sits on the firm board.
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Although the estimates are not statistically significant, Figure 3.7a and 3.7b provide
some suggestive evidence that this policy impacts both firm entry and exit.27 According
to the social security classification, a firm can exit the market due to several reasons: it
can shut down its business (i.e. permanent exit), it can freeze its status (e.g. seasonal
businesses), or it can be assigned a ”ceased” status by the Social Security. 28 Interestingly,
the city takeover induces some businesses to shut down (Figure 3.7c): the number of firms
which close increases (although not statistically significantly) in the year of the dismissal;
this effect increases over time and becomes statistically significant five years after the event.
Overall, I interpret these graphs as suggestive evidence of a change in the composition of
active firms in the treated municipality (i.e. churning).29 30 In order to study whether firms
have a stronger incentive to manipulate their identifier after the takeover, I construct the
indicator for identifier changes at the firm level31, and I collapse it at the municipality level.
Figure 3.7d shows that there is a temporary increase in the number of instances of firms
changing their identifier right after the takeover takes place. This effect is short lived and
it fades out gradually.32 It is worth noticing that, as firms are generally not required to go
through the anti-mafia-checks (unless they want to participate to invitations to tender or
obtain new business licenses), it is less costly for them to manipulate their identifier. Indeed
more firms located in treated municipalities resort to this practice after the event, while this
is not the case for former procurement contract winners.

Figure 3.8a and 3.8b show that the number of firms and establishment do not change
after the city council dismissal. These two graphs are remarkably similar, and this is because
the vast majority of firms are single establishment firms (each firm has 1.1 establishments
on average).33

While some scholars have argued that an increase in churning is evidence of a more dy-
namic and entrepreneurial economy, these results are hard to interpret. In order to better
evaluate this policy, I would need to know if firms which exit (or enter) the market are
somehow linked to the mafia. I now turn to the analysis of formal employment, as it is a less
ambiguous outcome to evaluate. Figure 3.8c shows that the number of workers employed in

27These same results in table form can be found in Table C.4.
28When a new firm with at least one employee is established, the owners/managers are required to report

to the Social Security Agency. Throughout the life of a firm, they have to report information regarding
employees’ salaries and social contributions at least once per month. Starting from the date of its establish-
ment, a firm is considered ”active”. Typically, the firm status changes to ”ceased” once it shuts down its
business. However, seasonal businesses can freeze their status at the end of the season, and re-activate at
the beginning of the following season. A typical example of these seasonal businesses is summer house baths
which operate from May to September. If a business has not frozen its status, has not notified a closing
date, and has not reported any information about its employees for a period of about two years, then the
social security changes its status to ”ceased”.

29These results are more stark when I run the analysis in levels rather than using the inverse hyperbolic
sine (Appendix Figure C.1a, C.1b, and C.1c).

30The same results in table form are reported in Table C.4 in Appendix C.1.
31This indicator is constructed as described in the previous subsection.
32These same results in table form are reported in Table C.8 and C.9 in Appendix C.2.
33These same results are reported in table form in Table C.6 in Appendix C.2.
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treated municipalities increases after the takeover (although these estimates are not statisti-
cally significant). Albeit I do not have enough power to estimate these coefficients precisely,
I can confidently rule out large negative effects on local formal employment.34 Moreover,
the pattern of the estimates reported in Figure 3.8c do not suggest any negative impact of
this policy on local formal employment. Interestingly, the total wage bill for these employees
displays a flatter pattern (Figure 3.8d). 35 One caveat to keep in mind is that INPS data
allows me to evaluate the effect of this policy on formal businesses and workers. In other
words, I can not estimate the impact of all workers employed in treated municipalities to the
extent that some of them are not on the books.

Overall, these findings can be interpreted as suggestive evidence of an increase in churn-
ing in treated towns. My results do not provide any evidence of negative unintended conse-
quences on local businesses and workers.

3.7 Robustness checks

The central government can take over municipality administration due to reasons other than
evidence of mafia infiltration. For example, this happens when governing bodies engage in
activities against the Italian Constitution or against public order, when more than half plus
one of the members of the governing bodies resign at the same time36, when the city council
does not approve the balance sheet in due time, when the council loses more than half of its
members, and when the mayor resigns.37 In this Section, I exploit the timing of these other
types of city council dismissal as a source of variation to evaluate whether former winners of
public procurement contracts are less likely to win another tender after the takeover takes
place. 38 While it can be argued that the time at which evidence of connections between
the public elected officials and local organized time is discovered is as-good-as random, the
timing of these other types of dismissals is potentially less exogenous.39 Yet, estimating the
impact of other types of dismissals is interesting in so far as it provides a set of benchmark
estimates.

Table 3.7 probes the validity of my design. It is reassuring to assess that none of the
outcomes of interest shows any evidence of a pre-trend. This alleviates the concerns regarding

34An alternative story I cannot fully rule out is that the (non statistically significant) increase in the
number of employees in treated municipalities is due to undeclared employees being brought on the books
(Figure 3.8c). According to this interpretation, one of the effects of the city council dismissal would be to
make some of the informal economy emerge.

35These same results are reported in table form in Table C.6 in Appendix C.2.
36The mayor is excluded from the count of how many members resign.
37There are instances in which the city council is dismissed and the governing bodies are not replaced by

external commissioners. I do not analyze these instances in this paper.
38Former winners in municipalities whose city council was dismissed due to reasons other than mafia

influence appear quite similar to former winners in infiltrated cities (compare column 2 of Table 3.3 and
column 2 of Table C.10 in Appendix C.2.)

39In this context, testing for parallel pre-trends provides a direct test of whether the dynamics of outcomes
of interest are correlated with the timing of the city council dismissal before the takeover takes place.
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the validity of my identifying assumption. Former winners of public procurement contracts
are less likely to win another tender after the takeover takes place (column 1 of Table 3.6).
As in the case of city council dismissals due to mafia infiltration, most of this effect comes
from the reduction in the probability of winning in treated municipalities (column 2 of Table
3.6).

The fact that the impacts of dismissals due to mafia infiltration are somewhat similar
to those of other types of takeovers deserves a discussion. The takeovers due to organized
crime interference produce larger negative effects, which are statistically different from those
of the other types of dismissals. These results are consistent with the fact that any political
transition produces a change in the composition of winning firms, and that takeover due
to mafia infiltration has an effect that goes above and beyond any other transition. In
particular, two channels could be at play: no stigma is associated with a former winner in
a municipality whose city council has been dismissed due to the mayor’s resignation, and a
takeover due to mafia infiltration raises the attention level of local officials and induces them
to take actions which could discourage further interventions from the central government
(e.g. scrutinize more closely bidding firms in public tenders). My design does not allow me
to distinguish between these two competing explanations.

The external commissioners’ mandate is typically longer if the city council was dismissed
due to mafia infiltration. Therefore, one might be concerned that the impacts of the former
type of dismissal are larger simply because the commissioners spend more time in the treated
municipality. However, this interpretation is not consistent with the fact that dismissals due
to mafia infiltration have a larger negative impact even in the first year after the takeover,
when the commissioners are in power in all treated municipalities regardless of the reason
which triggered the takeover.

As my analysis on the unintended consequences of this policy exploits the variation
coming from the timing of the dismissal and does not use a control group, I show that
my estimates are robust when including a control group. How to select an appropriate
control group is not an obvious task in this context. Ideally, I would like to select a set
of municipalities which are as similar as possible to the treated ones, except for the fact
that they were not treated. However, there is a trade-off between selecting municipalities
which are geographically close to the treated ones, share the same culture, and are likely to
experience the same type of interference by the mafia, and the fact that these municipalities
could be indirectly affected by the treatment (i.e., spillovers). If the city council dismissal
has any spillover effect, my estimates are a lower bound. In order to construct a suitable
control group, I match treated municipalities with towns in the same region with similar
characteristics, and estimate specification 3.3 on the sample comprising treated municipalities
and matched controls. More specifically, I exploit the Coarsened Exact Matching algorithm
(CEM) using region dummies, eleven quantiles of 1991 population, and tertiles of the share of
the workforce employed in the primary and secondary sector as covariates.40 Using matched

40Two treated municipalities (Gela and Bardonecchia) cannot be matched using this algorithm. I have
therefore excluded them from this analysis.
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control units helps to net out the effect of time-varying unobservable characteristics which
affect both treated and control municipalities.

Figures 3.9a to 3.10d show that the pattern of results is largely unchanged. 41 I conclude
that these findings are robust to the inclusion of a control group, and spillovers do not play
an important role in this context. Furthermore, I replicate my analysis including the events
which occurred in 1993 and then using all the untreated municipalities in the nine Italian
regions with at least one mafia dismissal. My results are robust to the inclusion of this
additional set of events (results not shown).

3.8 Conclusion

Despite the many efforts that have been made in studying the origin and the development
of the mafia, the impact of organized crime on economic activity is still a standing ques-
tion. My setting is particularly suitable to answer this question as it allows me to address
two challenges that the previous literature was confronted with: (i) the lack of exogenous
variation in criminal activity and (ii) poor data quality.

I exploit the timing of the dismissal of public elected officials in Italian municipalities
as a source of plausibly exogenous variation in the level of involvement of organized crime
in municipality administration. I use the timing of the city council dismissal to study the
impact of the fight against mafia on municipality and firm outcomes. I combine this empirical
strategy with the use of large administrative datasets coming from different sources.

I find that government appointed officials actively take actions to fulfil their mandate:
they temporarily but drastically cut investment (Galletta [2016]) and reduce the probability
of awarding any public procurement contract. These findings are consistent with anecdotal
evidence suggesting that the officials freeze any further investment when they take office, and
spend the first part of their mandate closely scrutinizing existing contracts and reviewing
the municipality financial standing.

I then study the effect of this institutional change on connected firms, which are likely
to suffer the most by severing ties with the mafia. I use the rich public procurement data
collected by ANAC to construct a proxy for whether a firm is connected to the corrupt
administration and I call ”connected firms” the former winners of public procurement con-
tracts. I find that these firms experience a substantial drop in the probability of winning a
call for bidders after the takeover and that this effect is mainly due to a sharp reduction of
the chances of winning in treated municipalities. I focus on the reduction in the number of
auctions after the takeover and on firm exit as possible channels which could mediate this
effect. I find that they can only partially explain the sharp drop I observe. My findings
are consistent with stigma being associated with connected firms, and stigma lasting longer
than the takeover itself. Overall, I document that the three commissioners have an impact
on the composition of public procurement winners.

41I report these same results in table format in Tables C.11 to C.15 in Appendix C.2.
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One concern with this type of policy is that the city council dismissal might have negative
unintended consequences on legal businesses operating in the treated municipality and work-
ers employed at those firms. To test this hypothesis, I construct a set of municipality-level
outcomes from the social security (INPS) data, and I estimate the effect of the takeover on
the local economy. I do not detect any negative impact of this policy in terms of employment,
and (although my estimates are not statistically significant) I find some suggestive evidence
of more churning in the economy.

Overall, these results point toward the fact that this policy changes to the same extent
the status quo in treated municipalities, and that it does not have any detectable negative
consequences on legal businesses and workers.

In my opinion, the central government taking over the administration of municipalities
for a period of about two years lays on the strong side of government intervention spectrum.
As organized crime is a capillary organization whose power has consolidated over more than
a century, it is unlikely that such a policy is able to eradicate the mafia and deeply change
the power dynamics in these cities over the course of two years. I view my results as mildly
promising to the extent that this policy is able to make some changes in how these cities are
run. The fact that some towns have gone through this procedure more than once is a clear
indication that a lot of work remains to be done.
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3.9 Figures

Figure 3.1: Number of city council dismissals over time.
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Note: The shaded areas highlight the events I use in the analysis.
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Figure 3.2: Geographic distribution of city council dis-
missals
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Figure 3.3: Impacts of the Dismissal on
Local Police Investment
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Note: This Figure reports the point estimates
(βk) and the 95% confidence intervals from (3.1).
The dependent variable is the log expenditure for
police. The X-axis indexes event time, where the
event of interest is the city council dismissal.

Figure 3.4: Impacts of the Dismissal on Public Procurement
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Note: Panel (a) and (b) report the point estimates (βk) and the 95% confidence intervals from (3.1).
The dependent variables are an indicator for whether any public procurement contract is awarded and
the reservation price of the awarded tenders respecitively. The X-axis indexes event time, where the event
of interest is the city council dismissal.
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Figure 3.5: Impacts of the Dismissal on Former Winners’ Winning Probability
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Note: Panel (a), (b), and (c) report the point estimates (βk) and the 95% confidence intervals from (3.4).
The dependent variables are an indicator for whether a firm wins any public procurement contract, for
winning in a treated municipality, and for winning in a never treated city respectively. The X-axis indexes
event time, where the event of interest is the city council dismissal.
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Figure 3.6: Impacts of the Dismissal on Former Winners’ Exit Probability

-.0
5

0
.0

5

-3 -2 -1 0 1 2
Event time

Muni and Year FE
Exit - Firms who won before

(a)

-.0
5

0
.0

5

-3 -2 -1 0 1 2
Event time

Muni and Year FE
Exit - No Id. Change - Firms who won before

(b)

-.0
1

0
.0

1

-3 -2 -1 0 1 2
Event time

Muni and Year FE
Id. Change - Firms who won before

(c)

Note: Panel (a), (b), and (c) report the point estimates (βk) and the 95% confidence intervals from (3.4). The
dependent variables are an indicator for the firm shuts down, whether it shuts down without manipulating
its firm identifier, and whether there is any manipulation. The X-axis indexes event time, where the event
of interest is the city council dismissal.
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Figure 3.7: Impacts of the Dismissal on Firm Entry and Exit (only T)
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Note: Panel (a), (b), (c), and (d) report the point estimates (βk) and the 95% confidence intervals from
(3.3). The dependent variables are counts — at the municipality level — of the number of entries, exits,
permanent exits, and changes in the firm identifiers. The X-axis indexes event time, where the event of
interest is the city council dismissal.
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Figure 3.8: Impacts of the Dismissal on the N. of Establishments, Workers and Wage Bill
(only T)
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Note: Panel (a), (b), (c), and (d) report the point estimates (βk) and the 95% confidence intervals from
(3.3). The dependent variables are counts — at the municipality level — of the number of establishments,
firms, employees and the wage bill. The X-axis indexes event time, where the event of interest is the city
council dismissal.
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Figure 3.9: Impacts of the Dismissal on Firm Entry and Exit (only T + C)
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Note: Panel (a), (b), (c), and (d) report the point estimates (βk) and the 95% confidence intervals from
(3.3) where matched municipalities are included as controls. The dependent variables are counts — at the
municipality level — of the number of entries, exits, permanent exits, and changes in the firm identifiers. The
sample consists of treated municipalities and a set of matched controls. The matching procedure is described
in Section 3.7. The X-axis indexes event time, where the event of interest is the city council dismissal.
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Figure 3.10: Impacts of the Dismissal on the N. of Establishments, Workers and Wage Bill
(only T + C)
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Note: Panel (a), (b), (c), and (d) report the point estimates (βk) and the 95% confidence intervals from
(3.3) where matched municipalities are included as controls. The dependent variables are counts — at the
municipality level — of the number of establishments, firms, employees and the wage bill. The sample
consists of treated municipalities and a set of matched controls. The matching procedure is described in
Section 3.7. The X-axis indexes event time, where the event of interest is the city council dismissal.
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3.10 Tables

Table 3.1: Characteristics of Municipalities

Full Sample Treated Untreated Untr. Matched
Population 1991 Census (Residents) 7335.93 15099.75 7131.72 13831.54
# Firms 140.85 212.62 138.90 215.98
# Establishments 146.35 221.01 144.32 225.97
# Natural Persons 60.35 104.06 59.16 110.49
# Legal Persons 85.88 116.72 85.03 115.23
# Entries (Estab.) 16.08 31.25 15.67 27.53
# Exits (Establ.) 11.84 21.72 11.57 19.64
Entry Rate (Estab.) 0.11 0.14 0.11 0.13
Exit Rate (Establ.) 0.08 0.09 0.08 0.08
# Employees 1505.37 1531.88 1503.23 1594.91
Total Wages (Million) 22.98 15.56 23.15 17.51
# Full-Time Contracts 1285.33 1268.55 1284.40 1334.39
# Part-Time Contracts 242.36 287.73 241.08 284.60
# Fix Term Contracts 195.41 171.19 195.72 195.87
# Open Ended Contracts 851.06 958.80 847.49 927.84
# Seasonal Contracts 9.72 21.49 9.40 20.35
Surface (sq. km) 30.69 37.45 30.45 59.30
Mountain Municipality 0.09 0.33 0.08 0.23
Costal Municipality 0.47 0.25 0.48 0.53
Id Change 0.49 0.84 0.48 0.60

Observations 161755 3891 157798 24982

Notes: The full sample includes municipalities in one of the nine regions which experienced a city council
dismissal due to mafia infiltration from 1991 to 2016. Namely, Liguria, Piedmont, Lombardy, Lazio, Campania,
Calabria, Basilicata, Apulia, and Sicily. All statistics are calculated across municipality-year observations.
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Table 3.2: Municipality Industry Composition

Full Sample Treated Untreated Untr. Matched
Ag. and Fishing 0.02 0.01 0.02 0.01
Mining and Extraction 0.01 0.00 0.01 0.00
Food and Drink 0.05 0.05 0.05 0.05
Tobacco 0.00 0.00 0.00 0.00
Textile-Garment-Leather 0.04 0.03 0.04 0.03
Wood and Paper 0.04 0.04 0.04 0.03
Oil 0.00 0.00 0.00 0.00
Chemical and Pharmaceutical 0.01 0.00 0.01 0.00
Plastic and Metal 0.06 0.06 0.06 0.05
Vehicles-Machines-Appliances 0.02 0.01 0.02 0.01
Other Manufacturing 0.02 0.01 0.02 0.01
Mantainance/Repair/Installation 0.05 0.02 0.05 0.02
Electricity/Gas/Vapor 0.00 0.00 0.00 0.00
Waste Disposal 0.00 0.00 0.00 0.00
Construction 0.25 0.23 0.25 0.19
Car dealing 0.04 0.05 0.04 0.05
Whole Sale 0.04 0.06 0.04 0.05
Retail 0.09 0.14 0.09 0.15
Transportation and Warehouse 0.03 0.04 0.03 0.04
Tourism 0.11 0.06 0.11 0.08
Information and Communication 0.00 0.01 0.00 0.01
Finance and Insurance 0.01 0.01 0.01 0.01
Real Estate 0.00 0.00 0.00 0.00
Scientific and Professiontal Services 0.02 0.03 0.02 0.04
Rental 0.00 0.00 0.00 0.00
Support to Firms 0.02 0.02 0.02 0.03
Education 0.01 0.03 0.01 0.02
Health 0.03 0.04 0.03 0.04
Services to the Person 0.02 0.02 0.02 0.03
Sport and Entertainment 0.00 0.00 0.00 0.00
Associations 0.00 0.00 0.00 0.01
Repair Home Appl. and Comp. 0.00 0.01 0.00 0.01
Other 0.01 0.00 0.01 0.01

Observations 162019 3891 158062 24982

Notes: The full sample includes municipalities in one of the nine regions which experienced a city council
dismissal due to mafia infiltration from 1991 to 2016. Namely, Liguria, Pidmont, Lombardy, Lazio, Campania,
Calabria, Basilicata, Apulia, and Sicily. All statistics are calculated across municipality-year observations.
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Table 3.3: Characteristics of Public Procurement Winners

Full Sample Former Winners Non Former Winners
Win 0.17 0.27 0.16
Win in T Muni 0.00 0.09 0.00
Win in NT Muni 0.16 0.21 0.16
N times won 4.58 10.24 4.46
Exit 0.02 0.04 0.02
Id. Change 0.00 0.00 0.00
Exit - No Id. Change 0.02 0.04 0.02
Observations 735298 14330 720968

Notes: The full sample includes all firms who have won at least one public procurement auction
between 2000 and 2016. Former Winners are defined as those firms that were awarded at least
one public procurement contract in treated municipalities while the corrupt administration in
power. All statistics are calculated across firm-year observations.

Table 3.4: Diff-in-diff Estimates of the Impact of the Dismissal on the Probability of Winning

(1) (2) (3)
Win Win in T Muni Win in NT Muni

T*Post -0.12∗∗∗ -0.11∗∗∗ -0.04∗∗∗

(0.02) (0.01) (0.02)
[-5.64] [-8.42] [-2.76]

N 20077 20077 20077
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in treated munic-
ipalities. Namely, those firms that were awarded at least one public
procurement contract in treated municipalities while the corrupt ad-
ministration in power. The dependent variables are an indicator for
winning any public procurement contract, for winning in a treated
municipality, and for winning elsewhere in column 1, 2, and 3 re-
spectively. All statistics are calculated across firm-year observations.
SE in parenthesis and t-statistics in brackets. SE are clustered at
the municipality level. Stars: * for p<.10, ** for p<.05, and *** for
p<.01.
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Table 3.5: Diff-in-Diff Estimates of the Impact of the Dismissal on Exit

(1) (2) (3)
Exit Exit-No Id. Change Id. Change

T*Post 0.04∗∗∗ 0.04∗∗∗ 0.00
(0.01) (0.01) (0.00)
[4.60] [4.60] [0.82]

N 14330 14330 14330
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in treated mu-
nicipalities. The dependent variables are an indicator for exiting,
for exiting for reason other than manipulating the firm identifier,
for manipulating the firm identifier in column 1, 2, and 3 respec-
tively. All statistics are calculated across firm-year observations.
SE in parenthesis and t-statistics in brackets. SE are clustered at
the municipality level. Stars: * for p<.10, ** for p<.05, and ***
for p<.01.

Table 3.6: Diff-in-Diff Estimates of the Impact of All Dismissals on the Probability of Win-
ning

(1) (2) (3)
Win Win in T Muni Win in NT Muni

T*Post -0.09∗∗∗ -0.08∗∗∗ -0.03∗∗∗

(0.01) (0.01) (0.01)
[-10.57] [-10.86] [-5.97]

N 110432 110432 110432
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in municipalities
that experienced a city council dismissal for reasons other than mafia
infiltration. The dependent variables are an indicator for winning any
public procurement contract, for winning in a treated municipality,
and for winning elsewhere in column 1, 2, and 3 respectively. All
statistics are calculated across firm-year observations. SE in paren-
thesis and t-statistics in brackets. SE are clustered at the municipal-
ity level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Table 3.7: Event Study Estimates of the Impact of All Dismissals on the Probability of
Winning

(1) (2) (3)
Win Win in T Muni Win in NT Muni

-3 0.00 -0.01 0.01
(0.01) (0.01) (0.01)
[0.18] [-0.53] [0.79]

-2 -0.01 -0.01 0.00
(0.01) (0.01) (0.01)
[-0.50] [-0.80] [0.08]

0 -0.01 0.00 -0.02∗∗

(0.01) (0.01) (0.01)
[-0.89] [0.34] [-2.33]

1 -0.15∗∗∗ -0.15∗∗∗ -0.03∗∗∗

(0.01) (0.01) (0.01)
[-12.81] [-16.51] [-3.95]

2 -0.16∗∗∗ -0.16∗∗∗ -0.04∗∗∗

(0.01) (0.01) (0.01)
[-11.67] [-15.80] [-3.25]

N 79174 79174 79174
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in municipalities
that experienced a city council dismissal for reasons other than mafia
infiltration. The dependent variables are an indicator for winning any
public procurement contract, for winning in a treated municipality,
and for winning elsewhere in column 1, 2, and 3 respectively. All
statistics are calculated across firm-year observations. SE in paren-
thesis and t-statistics in brackets. SE are clustered at the municipal-
ity level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Appendix A

Appendix to Chapter 1

A.1 Manager Rotation

In this Section, I document the patterns of manager rotation and discuss managers’ observ-
able characteristics.

Table A.1 reports the number of switches, the number of offices, and the average num-
ber of switches per office for each broad geographical region. INPS offices are uniformly
distributed across regions reflecting a historical legacy of the time when people applied in
person for benefits (Column 2 of Table A.1 and Figure A.7). On average each site experiences
1.2 to 1.5 switches over my sample period, and the distribution of these events looks fairly
uniform across regions (Table A.1, column 3). Interestingly, 94% of moves occur within the
same broad geographical region, while transfers across regions are quite rare (results not
shown).

Almost 80% of offices experience at least one rotation over my sample period (Figure
A.1). As my identification strategy relies on movers, the sites that do not experience a
change in leadership do not contribute to my estimates.

Overall rotation affects the vast majority of offices and most sites experience one to two
changes in leadership (Figure A.1). These stylized facts suggest that these moves are part of
the Social Security Agency rotation system and are not a phenomenon that originates from
a few peculiar offices.

As I discussed in the main body, Table 1.1 presents an overview of the characteristics
of the Social Security Administration managers. The first column reports the summary
statistics relative to all managers in my sample, while column 2 focuses on movers, namely
managers who are observed in at least two different offices. Here, I focus on the subsample of
movers as my identification strategy relies on manager rotation. Movers tend to be marginally
younger, are more likely to be male, to be Southerners, and have a college degree. Yet,
they do not differ dramatically from the average manager in the sample along observable
characteristics.
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Table A.1: Manager Rotation by Macro-Region

(1) (2) (3)
N Switches N Offices Switches/Office

North-East 115 91 1.3
North-West 183 130 1.4
Center 122 102 1.2
South 164 123 1.3
Islands 99 68 1.5

Note: Full sample, 2011q1-2017q2.

Figure A.1: Distribution of Switches per
Office
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A.2 Incentive-Pay Scheme

In this Section, I provide an overview of the incentive-pay scheme. I also document in detail
how performance is rewarded for different classes of workers.

INPS implements an incentive-pay scheme aimed at rewarding employees’ performance.
Salary has a fixed component (retribuzione tabellare) and a bonus (retribuzione accessoria)
for all employees. The former is tied to the job description. The latter includes performance
compensation and indemnities. In this Section, I describe the bonus structure abstracting
from indemnities for simplicity.

Performance is measured using two summary indicators: productivity and quality. The
formula used to compute the bonuses is extremely complicated and it takes into account the
office performance relative to (i) production targets, (ii) previous year achievements, and
(iii) national average.

Bonuses are paid out four times per year and they are a function of the cumulative
performance over that calendar year. March bonuses reward the office performance between
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January and March, June bonuses are tied to the performance between January and June,
and so on. INPS designed their bonuses to be increasing over the calendar year so that the
December bonus is the largest and rewards the achievements of the previous 12 months.

Managers’ bonuses are a function of the performance of their office and of the broader
geographical region where the site is located. This feature is meant to foster cooperation
among managers serving in the same region and, ultimately, improve aggregate agency effi-
ciency.

Managers Stationed in Main Offices
56% of the performance compensation of managers stationed in main offices (Direttori
Provinciali) depends on the performance of the office they are in charge of, 14% is based on
the performance of the region their site belongs to, and the remaining 30% is awarded on
the base of their boss’ evaluation. Bosses evaluate their subordinates by rating them along
ten dimensions: big picture understanding, innovation, performance relative to production
targets, organization and monitoring of their employees, customer satisfaction, networking,
problem-solving, decision making, leadership, and resources utilization.

Managers Stationed in Local Branches
Bonuses awarded to managers serving in local branches (responsabili di agenzia) are an
increasing function of office performance. This allowance receives a boost or a penalty de-
pending on the overall performance of the region the office is assigned to.

Lower Level Officers
Bonuses for lower level officers depend on the performance of the region their office is lo-
cated in. In principle, managers could differentiate bonuses between employees working at
the same site, but this doesn’t happen in practice.

A.3 Variables

In this Section, I define the variables I use in the analysis and provide further details about
the institutional background.

Full-time equivalent employment
One full-time-equivalent unit is equivalent to one employee working full-time. In other words,
full-time employees count as one worker, while those who work part-time count for the frac-
tion of hours they work relative to a full-time employee.

Absences
INPS counts an employee as absent whenever she is not present. According to this definition,
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absences include vacation days, sick days, and paid and unpaid leave. Absences are recorded
in full-time equivalent units.

When a public sector employee takes a sick day, she is required to notify the address where
she will spend her sick day. She is not allowed to leave that location between 8 a.m. and 12
p.m. and 1 p.m. and 6 p.m. Exceptions are granted if she visits a doctor or seeks treatment
at the hospital. During these time slots, the employee can be audited by a physician (medico
fiscale) whose job is to ascertain that she is indeed sick. Given the limited resources devoted
to auditing, only a small number of people taking sick days is actually audited.

If a manager suspects that one of her employees is taking unjustified sick days, she can
order an inspection.

Training and Overtime
INPS record the time devoted to formal training and overtime work in full-time equivalent
units. A feature of the Italian public sector is that managers have to preventively authorize
overtime work in order for it to be remunerated.

Hours devoted to production
The hours devoted to production are calculated as total hours worked (including overtime)
net of absences and time devoted to training. INPS record this variable in full-time equiva-
lent units.

Backlog
The backlog is measured as the number of claims that office i received and that are yet to
be processed at the end of quarter t.

Demand
Demand is measured as the number of claims that originate from the office catchment area.

Weights
INPS classifies claims into very fine categories and assigns a separate weight to each of them
(there currently are more than one thousand weights). As part of INPS quality control
department, there is a team devoted to measuring weights and keeping them up to date.
In order to construct the weight for product v, this team selects an excellent, an average,
and a mediocre office and picks a representative sample of product-v claims within each
office. Then the team visits each site and records the amount of time each employee took
to process each claim. At the end of this process, the weight is constructed by averaging
all measurements across employees and offices. Weights are adjusted whenever the time
needed to process a certain type of claim changes. This happens, for example, if there is
a technological improvement and the time required to process a specific claim shortens, or
when the paperwork associated with a claim changes. Moreover, weights are born and die
whenever a new product is introduced (e.g., NASPI ) or when an old product ceases to exist
(e.g., indennità di disoccupazione). Moreover, INPS quality control team tracks backlog for
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every product, and if backlog for a specific type of product increases across multiple offices,
they reassess the weights assigned to that product.

Quality Index
The quality index is measured as a weighted average of two components: the fraction of
claims processed within the first thirty days1 (timeliness), and the fraction of claims that
has to be processed twice because of an error in initial processing (i.e., error rate). The error
rate includes all corrections that have been made to a claim after the transaction was closed
for the first time. Errors can are discovered in one of the following circumstances. First,
an employee may realize (after she closed the transaction) that she made a mistake; if this
happens, employees are instructed to re-open the claim and amend it. Second, mistakes can
be found during one of the random audits that INPS does every six months (INPS audits
5% of each office production twice per year). Third, managers are required to supervise their
employees and review their work; whenever managers spot a mistake, the claim is amended.
Fourth, errors can be found when denied beneficiaries file an appeal.

Retirement
I define as retirement all separations (except firings) of workers aged 60 or older. As I
discuss in detail in Section 1.6, the age at which public sector workers qualify for retirement
is a function of both their employment history and their age. Since I do not observe their
full employment history, I can not infer whether they qualify for a pension at the time of
separation. Hence, I use age as the only proxy. A concern is that I may mistakenly classify
a transfer of a worker aged 60 or older to another government agency as a retirement.
Anecdotally, transfers of older workers across government agencies occur very rarely.
Once a public sector employee qualifies for pension benefits, she has a window of a few years
in which she has discretion over the timing of her retirement. Public sector contracts are
terminated automatically whenever the worker’s age exceeds a given threshold (T̃ ), provided
that she qualifies for pension benefits. In particular, if a public sector employee turns T̃ and
she is eligible to receive a pension, the HR department terminates her contract automatically.
However, if she is not eligible yet, her contract will remain active until she reaches the age
requirement for old-age pension (i.e,. pensione di vecchiaia) and it is terminated after that.
T̃ was 65 years old at the beginning of my sample period and has progressively increased
over time to reach 67.7 in 2018.

After the 2012 Reform, workers can also trade-off early retirement with lower benefit
levels.

Transfers
I define as inbound (outbound) transfers workers transferring from (to) another office within
the Social Security Administration. Table 1.2 shows that 1.7 workers per year transfer to
another site and 3.5 employees join the office from within the organization. As these moves

1There are few products which the threshold is sixty rather than thirty days.
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occur within the Social Security Agency, one might expect that the number of outbound
transfers in a given period must equal the number of inbound transfers in the following one.
While this is true in aggregate, it does not hold true in my sample. The reason is that my
sample contains a subset of offices. In particular, it happens to be the case that fewer workers
transfer from production sites to the headquarters or the Regional Centers than those who
make the opposite type of transition.

A.4 Workloads

In this Subsection, I focus on the geographic distribution of claims and on within-product
variation. To this end, I group claim types in nine broad areas: insurance and pensions,
subsidies to the poor, services to contributors, social and medical services, specialized prod-
ucts, archives and data management, administrative cross-checks, checks on benefits, and
appeals. Figure A.2 reports the share of claims processed in each of those nine categories
separately for local branches and main offices in each region. In this appendix I focus pro-
duction volumes abstracting weights; therefore, in this analysis, I focus on counts and not
on the time devoted to processing different types of claims. Main office workloads do not
vary substantially across geographical areas, while there is more heterogeneity across local
branches. In particular, subsidies to the poor represent a larger share of claims processed
in southern offices reflecting the fact that Southern Italy is the poorest region. Workload
composition differs between local branches and main offices, for example, the former process
a larger share of subsidies to the poor while the latter spend more time on archive and data
management and administrative cross-checks.

Figure A.3 displays the distribution of the number claims processed per worker for the
three largest categories. There is a wide variation in the number claims processed per
worker within each category. This finding suggests that the wide dispersion in productivity
we observe is not driven by a specific product and it is not a by-product of the weighting
system.

A.5 Normalization

In this Section of the Appendix I discuss implicit normalization imposed by two-way fixed
effect models [Abowd et al., 1999], and explain how I deal multiple connected sets.
Suppose that the data generating process is

lnPit = β0 + θm(i,t) + αi + τt + uit

I am interested in estimating a two-way fixed effects model as in (1.2). Assume I have
only one large weakly connected set, namely all offices are directly or indirectly connected
by workers moves (Figure A.4 illustrates this setting). I estimate (1.2) by omitting one
manager fixed effect and one time fixed effect due to perfect multicollinearity (notice that,
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Figure A.2: Spacial Distribution of Workloads
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Note: The categories are defined as follows: 1: Insurance and pensions, 2: Subsidies to the poor, 3: Services
to contributors, 4: Social and medical services, 5: Specialized products, 6: Archives and data management,
7: Administrative cross-checks, 8: Checks on benefits, 9: Appeals.

Figure A.3: Distribution of the Three Largest Claim Categories
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Figure A.4: One Connected Set
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as I do not have an overall constant, I do not need to omit any office fixed effect). The
estimated manager fixed effect (θ̂m(i,t)) identifies the difference between the true manager
effect (θm(i,t)) and the omitted category (θ0), i.e.

θ̂m(i,t) = θm(i,t) − θ0

Likewise
τ̂ = τ − τ0

α̂i = αi + τ0 + θ0 + β0

where τ0 is the reference group for the time fixed effect.

Let’s extend this setting and assume we have P connected sets (in Figure A.5 P = 2).
In order to estimate (1.2) on my full sample I omit one manager dummy for each connected
set and one time dummy due to perfect multicollinearity. In this case,

θ̂m(i,t) = θm(i,t) − θ0,CSp

where θ0,CSp is the reference group for connected set p. Likewise

τ̂ = τ − τ0

α̂i = αi + τ0 + θ0,CSp + β0

This simple exercise shows that the normalization depends on the manager I pick as the
reference group, yet the normalization I choose does not affect manager’s local ranking.
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Figure A.5: Multiple Connected Set
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In other words, I can only meaninfully compare managers and office fixed effects within
connected sets (local ranking). Importantly ∆̂M i does not depend on the normalization I
choose. One way to see it is that I compare the fixed effect of managers who follow one
another and that by definition belong to the same connected set. Let θ̂incoming and θ̂outgoing
be the effect of the incoming and outgoing manager respectively

∆̂M i = θ̂incoming − θ̂outgoing
=
(
θincoming − θ0,CSp

)
−
(
θoutgoing − θ0,CSp

)
= θincoming − θoutgoing

(A.1)

If one were willing to make the assumption that θ0,CSp is the same ∀p, then managers could
be ranked globally. I believe that this assumption is not realistic in my setting.

A.6 Shrinkage

In this appendix, I take a structural approach to address the concern related to the fact that
my estimated manager effects are possibly (very) noisy proxies of manager true ability. In
order to recover consistent estimates of manager fixed effect, the number of observations for
each manager is required to tend to infinity (i.e., incidental parameter problem) [Neyman
and Scott, 1948]. However, as in many panel data settings, I observe each manager only a
limited number of times.

In order to address this problem, I follow the literature on teacher value-added [Kane
and Staiger, 2008, Chetty et al., 2014b] and I construct the Empirical Bayes (EB) estimates
of manager fixed effects. This approach allows me to reduce the noise in the estimated
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manager effects by trading a smaller variance for some bias. Intuitively, some estimates are
noisier than others, hence I use the EB approach to construct a posterior distribution of
the manager impacts where noisier estimates are shrunk more toward the grand mean (prior
distribution).

The posterior distribution of the manager effect (θ∗j ) is

θ∗j =

(
σ̂2
m

σ̂2
m + σ̂2

εj

)
θ̂j +

(
1− σ̂2

m

σ̂2
m + σ̂2

εj

)
¯̂
θj

where θ̂j is the estimated j-th manager effect,
¯̂
θj is the grand mean, σ̂2

m represents the
estimate of the true variance of the manager effects, and σ̂2

εj is the sampling error associated

to θ̂j.
σ2
m

σ2
m+σ2

ε
is often called “signal to noise ratio” or “reliability ratio” and the lower this

quantity is the more the estimate is going to be shrunk toward the grand mean.

I estimate the signal variance in manager effects as σ̂2
m = 1

J

∑
j

(
θ̂j − ¯̂

θj

)2

−MSE, where

j indexes managers and MSE is the mean squared error from a regression of log productivity
on manager-by-office effects. I estimate σ̂2

εj as the square of the standard error of θ̂j. Since
my sample contains multiple connected sets, I perform a conditional shrinkage [Chandra
et al., 2016] where I shrink toward the grand mean of each connected set.

A.7 On-the-Job Learning

Do managers become more productive over time? I relax the assumption that managerial tal-
ent is time-invariant and investigate whether manager productivity changes with experience.
I restrict the sample to officers stationed in local branches as I cannot accurately measure
experience for top-level bureaucrats working in main offices. In particular, the beginning of
the managerial career for those stationed in local branches can be identified using the date in
which they were promoted to top-level officer. While the administrative records contain in-
formation about the time in which managers working in main offices passed the competitive
examination, this date does not reflect the beginning of their career as managers. Anecdo-
tally, most of them held managerial positions before passing the competitive examination;
unfortunately, most of their previous employment spells ended before 2005 which implies I
cannot observe them. Moreover, once an officer passes the competitive examination, she can
be assigned a large variety of tasks within the social security administration, most of which
do not entail running an office.

I estimate the following model

ln(P )it = µi + νt + θm(i) +
∑
j

βjQji + β61(experit > S) + εit

where ln(P )it is the logarithm of productivity for office i at time t, and νt represent time fixed
effects. I include manager dummies (θm(i)) to control for differences in innate ability across
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officers, namely the experience effect is identified using within-manager variation. Office
fixed effects µi control for persistent productivity differentials across sites and account for
the sorting pattern. If managers were sent to more productive offices toward the end of their
career, in the absence of office fixed effects I would conflate the effect of experience with
the transition to more productive offices. I follow the literature on returns to experience
[Papay and Kraft, 2015] and assume the experience profile flattens out after S years. QJi is
a dummy for the J-th quintile of the experience distribution to the left of S.

Based on previous literature one might expect returns to experience to be positive in the
first few years and then gradually decrease thereafter [Papay and Kraft, 2015]. As the least
experienced officer in the sample has five years on the job, this setting is ill-equipped to
study the returns to experience during the first few years of a manger’s career. Therefore, I
investigate the returns to experience over a longer time horizon abstracting from the first few
years. Following Rockoff [2004], who sets S = 10, I choose S = 12 to accommodate for the
fact that newly appointed managers are not observed (Table A.18 in Appendix A.9 reports
an alternative specifications where S = 14). Table A.2 shows that managers’ performance
worsens with experience (column 2) and that this effect is robust to controlling for office fixed
effects (column 3). This finding is consistent with two alternative, although not mutually
exclusive, explanations: skill depreciation and managers being less motivated toward the end
of their careers.

One might imagine that these negative effects might be driven by compositional changes,
specifically that the most talented officers might be promoted to main offices and hence exit
the sample. This is not the case as only 8 managers out of 851 experience this type of
transition in the sample period.

A.8 Autocorrelation

In this Section, I use simulated data to study the implication of autocorrelated errors for my
leave-out procedure.

I use the mobility structure of my data to simulate the dependent variable under seven
different data generating processes (DGPs). These DGPs differ in the structure of the error
term. I proceed in four steps.

In the first step, I simulate ydit as:

ydit = θm(i,t) + αi + τt + εdit. (A.2)

i, t, and d index office, quarter, and DGP, respectively. εdit is an idiosyncratic error term, and
all the other variables are defined as above. I draw the manager, office, and time effects from
a normal distribution with mean zero and variance σ2. Moreover, ε1it ∼ N(0, σ2

ε ) (i.e., i.i.d.
errors), while ε2it, ..., ε

7
it have an AR(1) structure. The autocorrelation structure is specified

as follows: εdit = ρεdi,t−1 + ξit for d = 2, ..., 7. ξit ∼ N(0, σ2
ξd

). I pick σ2
ξd

so that the variance of
the error term is constant across DGPs. The autocorrelation coefficient takes the following
values ρ = {0.1, 0.4, 0.8,−0.1,−0.4,−0.8}.
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Table A.2: On The Job Learning

(1) (2) (3)
Ln(Productivity) Ln(Productivity) Ln(Productivity)

Q2 0.015 -0.022 -0.017
(0.015) (0.015) (0.016)

Q3 -0.007 -0.031∗ -0.030
(0.015) (0.018) (0.019)

Q4 -0.024 -0.052∗∗∗ -0.060∗∗∗

(0.016) (0.020) (0.021)
Q5 -0.032 -0.070∗∗∗ -0.079∗∗∗

(0.021) (0.022) (0.024)
> 12 years -0.023∗ -0.071∗∗∗ -0.079∗∗∗

(0.013) (0.021) (0.023)
N 9396 9396 9396
R sq. 0.38 0.63 0.65
Time FE Yes Yes Yes
Manager FE No Yes Yes
Office FE No No Yes
Mean Dep. Var. 4.45 4.45 4.45

Note: The sample includes only local branches, 2011q1-2017q2.The dependent variable is
reported at the top of each column. All models include time fixed effects. Robust standard
errors in parenthesis. Stars: * for p<.10, ** for p<.05, and *** for p<.01.

In the second step, I run the leave-out procedure outlined in Section 1.6 on each of the
seven simulated dependent variables. In the third step, I repeat step 1 and 2 for 1,000 times.
In the fourth and last step, I average the estimated coefficients over the replications and
report the averages in Figure A.6.

Figure A.6 compares the estimated coefficients obtained from DGPs suffering from au-
tocorrelation to the benchmark case of i.i.d. errors. This Figure shows that modest levels of
autocorrelation (i.e., ρ ∈ [−0.1, 0.1]) have little impact on the leave-out procedure. As my
estimated autocorrelation coefficient is 0.004, I conclude that autocorrelated errors do not
represent a threat to my empirical strategy.

A.9 Additional Figures and Tables
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Figure A.6: Simulations
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Figure A.7: Spacial Distribution of Social Security Offices
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Figure A.8: Distribution of Productivity
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Figure A.9: Heat Map of Province Average Productivity
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Figure A.10: Mean Residual by Manager/Office Quartiles (Largest Connected Set),
2011q1-2017q2

Note: Figure shows mean residuals from model (1.2) on the largest connected set with cells defined
by quartiles of estimated manager effect, interacted with quartiles of estimated office effect.
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Figure A.11: Binscatter of VA-style Leave-Office-Out Mean on Estimated Manager
Effects
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Note: Figure shows the binscatter of VA-style Leave-Office-Out Mean on Estimated Manager
Effects and the best fit line.
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Figure A.12: Robutness: Estimated Effect of Leadership Changes On Productivity
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Note: Figure shows estimated effects of changes in leadership on office pro-
ductivity. Productivity is constructed without taking the time devoted to
consulting into account. Panel (a) reports point estimates and 95% confi-
dence intervals, while Panel (b) reports only point estimates. As the first
quartile (Q1) of ∆ML

i is the omitted category, all coefficients identify the
difference between the j-th and the first quartile (Qj −Q1). X-axis indexes
event time.
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Figure A.13: Counterfactual Exercises
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(b) Policy 2: Replace bottom 20%
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(c) Policy 3: Replace bottom 20% and Reassign
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Note: The sample includes only the largest connected set. I consider four counterfactual policies that the
social planner can implement. Policy 1: she can rallocate existing managers according to the optimal rule.
Policy 2: she can fire the bottom 20% of top-level bureaucrats and substitute them with the median manager
(but allocate them as in the current environment). Policy 3: she can implement both Policy and 2. Policy
4 (not shown): she can randomly assign existing managers to offices (1,000 iterations).



APPENDIX A. APPENDIX TO CHAPTER 1 168

Table A.3: Analysis of Variance of Quarterly Measures of Pro-
ductivity per Worker at INPS Offices

(1) (2) (3) (4) (5)
Ln(P) Ln(P) Ln(P) Ln(P) Ln(P)

N 11643 11643 11643 11643 11643
R sq. 0.352 0.579 0.640 0.615 0.643
Adj. R sq. 0.350 0.560 0.603 0.584 0.604
Time FE Yes Yes Yes Yes Yes
Office FE No Yes Yes No No
Manager FE No No Yes Yes No
Manag-by-Office FE No No No No Yes
Pvalue 0.000 0.000

Note: Full sample at the yearly level, 2011-2017. I perform an analysis of
variance of log productivity to study how much of its variation is explained
by the office, manager, and time components. The p-value at the bottom of
the table tests the hypotheses that manager effects are jointly zero.



APPENDIX A. APPENDIX TO CHAPTER 1 169

Table A.4: Estimated Effects of Changes in Managerial Talent

(1) (2) (3)
k Ln(Productivity) Ln(Output) Ln(FTE)
-4 -0.119 -0.117 0.002

( 0.133) ( 0.142) ( 0.063)
-3 0.045 0.032 -0.013

( 0.135) ( 0.140) ( 0.057)
-2 -0.111 -0.087 0.024

( 0.123) ( 0.125) ( 0.045)
0 0.390 0.178 -0.212

( 0.113) ( 0.088) ( 0.094)
1 0.484 0.282 -0.202

( 0.143) ( 0.130) ( 0.074)
2 0.399 0.110 -0.290

( 0.133) ( 0.127) ( 0.084)
3 0.516 0.249 -0.266

( 0.092) ( 0.112) ( 0.088)
4 0.447 0.179 -0.268

( 0.151) ( 0.115) ( 0.101)
5 0.417 0.038 -0.379

( 0.160) ( 0.160) ( 0.089)
6 0.661 0.168 -0.493

( 0.126) ( 0.135) ( 0.111)

N 318 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.051 -0.048 -0.048
Method FS RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes
only events which are balanced on [−4, 6]. The dependent variable is ∆ykit
(see text) and yit is reported at the top of each column. All models include
time fixed effects, main effects and two-way interactions between a dummy
for Center-North, a dummy for main offices, a set of dummies for quartiles
of baseline productivity, as well as time effects interacted with the dummy
for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first
stage estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and are
reported in parenthesis.
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Table A.5: 2SLS: Estimated Effects of Productivity Gains

(1) (2) (3)
k Ln(Productivity) Ln(Output) Ln(FTE)
-4 -0.119 0.981 -0.019

( 0.133) ( 0.493) ( 0.493)
-3 0.045 0.711 -0.289

( 0.135) ( 1.366) ( 1.366)
-2 -0.111 0.787 -0.213

( 0.123) ( 0.413) ( 0.413)
0 0.390 0.457 -0.543

( 0.113) ( 0.171) ( 0.171)
1 0.484 0.582 -0.418

( 0.143) ( 0.140) ( 0.140)
2 0.399 0.275 -0.725

( 0.133) ( 0.234) ( 0.234)
3 0.516 0.483 -0.517

( 0.092) ( 0.163) ( 0.163)
4 0.447 0.400 -0.600

( 0.151) ( 0.169) ( 0.169)
5 0.417 0.091 -0.909

( 0.160) ( 0.331) ( 0.331)
6 0.661 0.254 -0.746

( 0.126) ( 0.166) ( 0.166)

N 318 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.051 -0.048 -0.048
Method FS 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes
only events which are balanced on [−4, 6]. The dependent variable is ∆ykit
(see text) and yit is reported at the top of each column. All models include
time fixed effects, main effects and two-way interactions between a dummy
for Center-North, a dummy for main offices, a set of dummies for quartiles
of baseline productivity, as well as time effects interacted with the dummy
for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first
stage estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and are
reported in parenthesis.
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Table A.6: 2SLS: Estimated Effects of Productivity Gains on Office Composition

(1) (2) (3) (4) (5)
k A(Retirement) A(Hires) A(Fires) A(Inbound T) A(Outbound T)
-4 -1.370 -0.603 -0.265 2.259 -0.186

( 2.111) ( 1.069) ( 0.380) ( 3.434) ( 1.863)
-3 0.630 2.832 0.054 -0.910 -3.119

( 3.466) ( 8.549) ( 0.169) ( 6.357) ( 9.780)
-2 0.261 0.486 -0.031 -2.443 -0.563

( 1.356) ( 1.148) ( 0.049) ( 3.401) ( 2.351)
0 0.887 0.200 -0.008 -0.826 -0.157

( 0.477) ( 0.262) ( 0.033) ( 0.866) ( 0.491)
1 0.337 0.113 -0.132 -0.483 -0.203

( 0.346) ( 0.215) ( 0.082) ( 0.574) ( 0.422)
2 -0.044 0.144 0.030 -1.202 -1.286

( 0.344) ( 0.256) ( 0.065) ( 0.740) ( 0.719)
3 -0.225 0.105 -0.014 -0.258 -0.947

( 0.319) ( 0.204) ( 0.025) ( 0.559) ( 0.527)
4 0.206 0.151 0.077 -0.435 -0.288

( 0.352) ( 0.230) ( 0.065) ( 0.610) ( 0.538)
5 -0.151 0.240 -0.015 -0.184 -1.060

( 0.347) ( 0.273) ( 0.030) ( 0.518) ( 0.603)
6 -0.021 -0.143 0.005 -0.223 -0.512

( 0.227) ( 0.189) ( 0.006) ( 0.417) ( 0.347)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean Dep. Var. -0.048 -0.021 -0.003 -0.104 -0.304
Method 2SLS 2SLS 2SLS 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which are balanced on
[−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top of each column. A(.) stands
for asinh. All models include time fixed effects, main effects and two-way interactions between a dummy for
Center-North, a dummy for main offices, a set of dummies for quartiles of baseline productivity, as well as time
effects interacted with the dummy for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first stage estimates (FS), reduced form
results (RF), or two-stages least squares estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table A.7: 2SLS: Estimated Effects of Productivity Gains on Time Allocation

(1) (2) (3) (4) (5)
k Abs. Rate A(Training) A(Overtime) Ln(Hours) Ln(Wage Bill 30%)
-4 0.114 -1.509 -0.262 -0.003 0.005

( 0.225) ( 1.955) ( 0.696) ( 0.595) ( 0.597)
-3 -0.506 2.997 1.372 0.348 0.344

( 1.440) ( 8.923) ( 4.274) ( 1.739) ( 1.733)
-2 0.298 -0.696 -1.365 -0.578 -0.569

( 0.379) ( 1.055) ( 1.623) ( 0.748) ( 0.741)
0 -0.040 0.010 -0.023 -0.508 -0.509

( 0.050) ( 0.353) ( 0.199) ( 0.187) ( 0.188)
1 -0.015 -0.143 -0.169 -0.402 -0.401

( 0.035) ( 0.299) ( 0.178) ( 0.144) ( 0.144)
2 -0.115 -0.772 0.007 -0.520 -0.519

( 0.056) ( 0.471) ( 0.220) ( 0.218) ( 0.217)
3 -0.111 -0.730 -0.047 -0.333 -0.335

( 0.046) ( 0.320) ( 0.145) ( 0.189) ( 0.189)
4 -0.166 -0.298 0.252 -0.361 -0.360

( 0.088) ( 0.313) ( 0.214) ( 0.186) ( 0.185)
5 -0.088 -0.072 -0.007 -0.791 -0.793

( 0.059) ( 0.337) ( 0.181) ( 0.326) ( 0.326)
6 -0.068 -0.141 -0.026 -0.637 -0.675

( 0.041) ( 0.220) ( 0.145) ( 0.175) ( 0.194)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean Dep. Var. 0.023 0.018 -0.122 -0.082 -0.087
Method 2SLS 2SLS 2SLS 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which
are balanced on [−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the
top of each column. A(.) stands for asinh. All models include time fixed effects, main effects
and two-way interactions between a dummy for Center-North, a dummy for main offices, a set
of dummies for quartiles of baseline productivity, as well as time effects interacted with the
dummy for Center-North. k indexes event time. Each coefficient is obtained from a separate
regression. “Method” displays whether the column reports first stage estimates (FS), reduced
form results (RF), or two-stages least squares estimates (2SLS). Standard errors are clustered
at the office level and are reported in parenthesis.
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Table A.8: 2SLS: Estimated Effects of Productivity Gains on Predicted Prob-
ability

(1) (2) (3) (4)
k Pred Ln(P) Pred Ln(P1) Pred Ln(P2) Pred Ln(P3)
-4 -0.153 -0.300 -0.259 -0.190

( 0.558) ( 0.362) ( 0.502) ( 0.477)
-3 0.227 0.575 0.250 -0.008

1.125) ( 1.636) ( 0.935) ( 0.972)
-2 0.135 -0.190 -0.119 -0.084

( 0.469) ( 0.242) ( 0.363) ( 0.382)
0 0.524 0.017 0.102 0.078

( 0.138) ( 0.040) ( 0.079) ( 0.087)
1 0.250 0.019 0.097 0.075

( 0.100) ( 0.031) ( 0.072) ( 0.075)
2 0.539 -0.003 0.151 0.138

( 0.154) ( 0.038) ( 0.101) ( 0.108)
3 0.454 0.013 0.126 0.098

( 0.086) ( 0.023) ( 0.073) ( 0.073)
4 0.462 0.031 0.054 0.024

( 0.118) ( 0.035) ( 0.078) ( 0.089)
5 0.694 0.035 0.080 0.041

( 0.208) ( 0.034) ( 0.084) ( 0.088)
6 0.561 -0.019 0.071 0.077

( 0.096) ( 0.020) ( 0.055) ( 0.061)

N 318 318 318 318
Time FE Yes Yes Yes Yes
Mean Dep. Var. 0.058 -0.212 -0.057 -0.053
Method 2SLS 2SLS 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events
which are balanced on [−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported

at the top of each column. The dependent variable in column 1, ˆlnP it, is the fitted value from
a regression of lnPit on office and time fixed effects and a set of covariates. These covariates
include share of employees in each of the 10 deciles of the age distribution, average office age,
fraction female, ln FTE, asinh(absences), asinh(over-time), asinh(training). This model also
includes a linear and a quadratic term for each of these covariates, as well as their two-way
interactions with time fixed effects and a dummy for main offices. Dependent variables in
columns 2, 3, and 4 are fitted values constructed using a subset of variables. I use office and
time effects in Column 2, add age in column 3, and gender composition in column 4.
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Table A.9: 2SLS Estimated Effects of Productivity Gains on
Quality, Backlog, and Demand

(1) (2) (3)
k A(Quality) A(Backlog) A(Demand)
-4 0.434 -1.258 -2.160

( 0.810) ( 1.915) ( 3.048)
-3 -0.310 3.125 17.418

0.544) ( 8.642) ( 45.934)
-2 0.471 -0.481 -2.107

( 0.619) ( 0.870) ( 2.995)
0 -0.179 -0.331 -0.244

( 0.148) ( 0.257) ( 1.493)
1 0.143 -0.158 2.165

( 0.157) ( 0.215) ( 1.016)
2 -0.234 -0.620 -0.669

( 0.179) ( 0.340) ( 1.339)
3 0.090 -0.669 -0.289

( 0.076) ( 0.263) ( 0.717)
4 0.128 -0.578 0.944

( 0.093) ( 0.430) ( 0.644)
5 0.020 -0.170 0.288

( 0.080) ( 0.392) ( 0.995)
6 0.038 -0.219 -0.210

( 0.165) ( 0.278) ( 0.682)

N 274 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.008 0.232 0.014
Method 2SLS 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample in-
cludes only events which are balanced on [−4, 6]. The dependent vari-
able is ∆ykit (see text) and yit is reported at the top of each column.
A(.) stands for asinh. All models include time fixed effects, main effects
and two-way interactions between a dummy for Center-North, a dummy
for main offices, a set of dummies for quartiles of baseline productivity,
as well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate regres-
sion. “Method” displays whether the column reports first stage estimates
(FS), reduced form results (RF), or two-stages least squares estimates
(2SLS). Standard errors are clustered at the office level and are reported
in parenthesis.
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Table A.10: 2SLS Estimated Effects of Productivity Gains
on the Wage Bill

(1) (2)
k Ln(Wage Bill 15) Ln(Wage Bill 50)
-4 -0.001 0.011

( 0.595) ( 0.599)
-3 0.350 0.335

( 1.744) ( 1.718)
-2 -0.571 -0.567

( 0.742) ( 0.741)
0 -0.510 -0.508

( 0.188) ( 0.189)
1 -0.401 -0.401

( 0.144) ( 0.144)
2 -0.520 -0.518

( 0.217) ( 0.217)
3 -0.335 -0.335

( 0.189) ( 0.189)
4 -0.359 -0.361

( 0.185) ( 0.184)
5 -0.792 -0.793

( 0.327) ( 0.326)
6 -0.674 -0.677

( 0.194) ( 0.195)

N 318 318
Time FE Yes Yes
Mean Dep. Var. -0.088 -0.048
Method 2SLS 2SLS

Note: Balanced-analysis sample (2011q1-2017q2). This subsample
includes only events which are balanced on [−4, 6]. The dependent
variable is ∆ykit (see text) and yit is reported at the top of each col-
umn. All models include time fixed effects, main effects and two-way
interactions between a dummy for Center-North, a dummy for main
offices, a set of dummies for quartiles of baseline productivity, as
well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate re-
gression. “Method” displays whether the column reports first stage
estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table A.11: Estimated Effects of Changes in Managerial
Talent on the Wage Bill

(1) (2)
k Ln(Wage Bill 15) Ln(Wage Bill 50)

-4 0.000 -0.001
( 0.076) ( 0.076)

-3 0.016 0.015
( 0.065) ( 0.065)

-2 0.063 0.063
( 0.051) ( 0.051)

0 -0.199 -0.198
( 0.101) ( 0.100)

1 -0.194 -0.194
( 0.079) ( 0.079)

2 -0.208 -0.207
( 0.089) ( 0.089)

3 -0.172 -0.173
( 0.105) ( 0.105)

4 -0.161 -0.162
( 0.113) ( 0.112)

5 -0.331 -0.331
( 0.105) ( 0.104)

6 -0.445 -0.447
( 0.131) ( 0.130)

N 318 318
Time FE Yes Yes
Mean Dep. Var. -0.088 -0.088
Method RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample
includes only events which are balanced on [−4, 6]. The dependent
variable is ∆ykit (see text) and yit is reported at the top of each col-
umn. All models include time fixed effects, main effects and two-way
interactions between a dummy for Center-North, a dummy for main
offices, a set of dummies for quartiles of baseline productivity, as
well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate re-
gression. “Method” displays whether the column reports first stage
estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table A.12: Robustness (Shrinkage): Estimated Effects of
Changes in Managerial Talent

(1) (2) (3)
k Ln(Productivity) Ln(Output) Ln(FTE)
-4 -0.132 -0.105 0.027

( 0.163) ( 0.173) ( 0.076)
-3 0.120 0.085 -0.035

( 0.165) ( 0.170) ( 0.071)
-2 -0.152 -0.129 0.022

( 0.152) ( 0.159) ( 0.062)
0 0.456 0.249 -0.207

( 0.147) ( 0.110) ( 0.096)
1 0.585 0.410 -0.176

( 0.173) ( 0.163) ( 0.089)
2 0.577 0.289 -0.288

( 0.160) ( 0.159) ( 0.092)
3 0.693 0.480 -0.214

( 0.115) ( 0.116) ( 0.089)
4 0.487 0.262 -0.225

( 0.179) ( 0.142) ( 0.106)
5 0.482 0.132 -0.351

( 0.198) ( 0.197) ( 0.096)
6 0.800 0.279 -0.521

( 0.164) ( 0.168) ( 0.135)

N 318 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.051 -0.048 -0.048
Method FS RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes
only events which are balanced on [−4, 6]. The dependent variable is ∆ykit
(see text) and yit is reported at the top of each column. All models include
time fixed effects, main effects and two-way interactions between a dummy
for Center-North, a dummy for main offices, a set of dummies for quartiles
of baseline productivity, as well as time effects interacted with the dummy
for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first
stage estimates (FS), reduced form results (RF), or two-stages least squares
estimates (2SLS). Standard errors are clustered at the office level and are
reported in parenthesis.
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Table A.13: Robustness (Shrinkage): Estimated Effects of Changes in Managerial Talent on
Office Composition

(1) (2) (3) (4) (5)
k A(Retirement) A(Hires) A(Fires) A(Inbound T) A(Outbound T)

-4 0.232 0.080 0.011 -0.554 0.362
( 0.196) ( 0.133) ( 0.029) ( 0.383) ( 0.284)

-3 -0.010 0.139 0.007 -0.297 0.031
( 0.162) ( 0.121) ( 0.008) ( 0.345) ( 0.255)

-2 0.101 0.033 0.007 -0.038 0.099
( 0.179) ( 0.121) ( 0.008) ( 0.284) ( 0.331)

0 0.379 0.139 -0.004 -0.470 0.043
( 0.240) ( 0.120) ( 0.018) ( 0.392) ( 0.258)

1 0.231 0.130 -0.033 -0.464 -0.064
( 0.213) ( 0.128) ( 0.034) ( 0.314) ( 0.249)

2 0.025 0.126 0.014 -0.583 -0.314
( 0.169) ( 0.123) ( 0.029) ( 0.271) ( 0.287)

3 -0.174 0.124 -0.003 -0.157 -0.293
( 0.208) ( 0.128) ( 0.016) ( 0.283) ( 0.281)

4 0.099 0.133 0.036 -0.367 0.077
( 0.210) ( 0.125) ( 0.028) ( 0.296) ( 0.307)

5 -0.091 0.183 0.006 -0.194 -0.238
( 0.174) ( 0.131) ( 0.013) ( 0.240) ( 0.257)

6 0.049 -0.031 0.007 -0.464 -0.392
( 0.190) ( 0.151) ( 0.009) ( 0.355) ( 0.302)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean Dep. Var. -0.048 -0.021 -0.003 -0.104 -0.304
Method RF RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which are balanced on
[−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top of each column. A(.) stands
for asinh. All models include time fixed effects, main effects and two-way interactions between a dummy for
Center-North, a dummy for main offices, a set of dummies for quartiles of baseline productivity, as well as time
effects interacted with the dummy for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first stage estimates (FS), reduced form
results (RF), or two-stages least squares estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table A.14: Robustness (Shrinkage): Estimated Effects of Changes in Managerial Talent on
Time Allocation

(1) (2) (3) (4) (5)
k Abs. Rate A(Training) A(Overtime) Ln(Hours) Ln(Wage Bill 30%)

-4 -0.028 0.066 -0.050 0.046 0.043
( 0.031) ( 0.151) ( 0.098) ( 0.091) ( 0.092)

-3 -0.039 -0.112 -0.038 0.025 0.024
( 0.020) ( 0.148) ( 0.095) ( 0.078) ( 0.078)

-2 -0.052 -0.034 0.069 0.088 0.085
( 0.021) ( 0.100) ( 0.107) ( 0.071) ( 0.071)

0 -0.032 0.019 -0.011 -0.174 -0.175
( 0.023) ( 0.163) ( 0.111) ( 0.103) ( 0.104)

1 -0.026 -0.077 -0.104 -0.140 -0.140
( 0.021) ( 0.156) ( 0.105) ( 0.100) ( 0.100)

2 -0.057 -0.340 -0.053 -0.190 -0.191
( 0.027) ( 0.172) ( 0.113) ( 0.099) ( 0.098)

3 -0.078 -0.350 0.034 -0.086 -0.088
( 0.029) ( 0.169) ( 0.103) ( 0.113) ( 0.113)

4 -0.097 -0.249 0.060 -0.080 -0.081
( 0.032) ( 0.172) ( 0.119) ( 0.127) ( 0.126)

5 -0.067 -0.026 0.036 -0.256 -0.257
( 0.027) ( 0.158) ( 0.094) ( 0.117) ( 0.116)

6 -0.062 0.083 0.009 -0.438 -0.468
( 0.038) ( 0.162) ( 0.116) ( 0.144) ( 0.161)

N 318 318 318 318 318
Time FE Yes Yes Yes Yes Yes
Mean Dep. Var. 0.023 0.018 -0.122 -0.082 -0.087
Method RF RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which are balanced on
[−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top of each column. A(.) stands
for asinh. All models include time fixed effects, main effects and two-way interactions between a dummy for
Center-North, a dummy for main offices, a set of dummies for quartiles of baseline productivity, as well as time
effects interacted with the dummy for Center-North. k indexes event time. Each coefficient is obtained from
a separate regression. “Method” displays whether the column reports first stage estimates (FS), reduced form
results (RF), or two-stages least squares estimates (2SLS). Standard errors are clustered at the office level and
are reported in parenthesis.
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Table A.15: Robustness (Shrinkage): Estimated Effects of Changes in Managerial
Talent on Predicted Productivity

(1) (2) (3) (4)
k Pred Ln(P) Pred Ln(P1) Pred Ln(P2) Pred Ln(P3)

-4 0.030 0.038 0.066 0.050
( 0.078) ( 0.022) ( 0.052) ( 0.057)

-3 0.042 0.033 0.039 0.018
( 0.072) ( 0.017) ( 0.053) ( 0.055)

-2 0.017 0.026 0.028 0.012
( 0.074) ( 0.018) ( 0.050) ( 0.055)

0 0.224 -0.002 0.054 0.037
( 0.095) ( 0.021) ( 0.041) ( 0.045)

1 0.149 0.015 0.082 0.057
( 0.070) ( 0.021) ( 0.046) ( 0.049)

2 0.287 0.009 0.120 0.106
( 0.078) ( 0.020) ( 0.052) ( 0.059)

3 0.251 0.003 0.103 0.083
( 0.065) ( 0.016) ( 0.051) ( 0.051)

4 0.185 0.013 0.032 0.013
( 0.102) ( 0.021) ( 0.050) ( 0.055)

5 0.302 0.020 0.068 0.043
( 0.074) ( 0.018) ( 0.052) ( 0.051)

6 0.453 0.017 0.114 0.111
( 0.093) ( 0.017) ( 0.050) ( 0.055)

N 318 318 318 318
Time FE Yes Yes Yes Yes
Mean 0.058 -0.212 -0.057 -0.053
Method RF RF RF RF

N 318 318 318 318
Time FE Yes Yes Yes Yes
Mean Dep. Var. 0.058 -0.237 -0.061 -0.057
Method RF RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample includes only events which
are balanced on [−4, 6]. The dependent variable is ∆ykit (see text) and yit is reported at the top

of each column. The dependent variable in column 1, ˆlnP it, is the fitted value from a regression
of lnPit on office and time fixed effects and a set of covariates. These covariates include share
of employees in each of the 10 deciles of the age distribution, average office age, fraction female,
ln FTE, asinh(absences), asinh(over-time), asinh(training). This model also includes a linear
and a quadratic term for each of these covariates, as well as their two-way interactions with
time fixed effects and a dummy for main offices. Dependent variables in columns 2, 3, and 4
are fitted values constructed using a subset of variables. I use office and time effects in Column
2, add age in column 3, and gender composition in column 4.
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Table A.16: Robustness (Shrinkage): Estimated Effects of
Changes in Managerial Talent on Quality, Backlog, and De-
mand

(1) (2) (3)
k A(Quality) A(Backlog) A(Demand)

-4 -0.049 0.220 0.591
( 0.032) ( 0.158) ( 0.276)

-3 -0.052 0.188 1.127
( 0.037) ( 0.132) ( 0.671)

-2 -0.056 0.112 0.470
( 0.036) ( 0.116) ( 0.287)

0 -0.089 -0.055 0.033
( 0.065) ( 0.122) ( 0.805)

1 0.076 -0.025 1.292
( 0.093) ( 0.149) ( 0.574)

2 -0.090 -0.148 0.177
( 0.073) ( 0.166) ( 0.770)

3 0.043 -0.352 -0.238
( 0.056) ( 0.167) ( 0.506)

4 0.049 -0.249 0.743
( 0.057) ( 0.214) ( 0.413)

5 -0.004 -0.060 0.126
( 0.044) ( 0.189) ( 0.569)

6 -0.013 -0.137 0.409
( 0.114) ( 0.201) ( 0.534)

N 274 318 318
Time FE Yes Yes Yes
Mean Dep. Var. 0.232 0.014 -0.048
Method RF RF RF

Note: Balanced-analysis sample (2011q1-2017q2). This subsample in-
cludes only events which are balanced on [−4, 6]. The dependent vari-
able is ∆ykit (see text) and yit is reported at the top of each column.
A(.) stands for asinh. All models include time fixed effects, main effects
and two-way interactions between a dummy for Center-North, a dummy
for main offices, a set of dummies for quartiles of baseline productivity,
as well as time effects interacted with the dummy for Center-North. k
indexes event time. Each coefficient is obtained from a separate regres-
sion. “Method” displays whether the column reports first stage estimates
(FS), reduced form results (RF), or two-stages least squares estimates
(2SLS). Standard errors are clustered at the office level and are reported
in parenthesis.
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Table A.17: Robustness (Leave-Office-Out): Characteristics of Social Security
Offices

(1) (2) (3)
Full Sample Main Offices Local Branches

Productivity 94.40 103.78 91.47
Output (Thousands) 10.26 29.09 4.38
FTE 40.00 114.82 16.62
Hours 31.74 91.44 13.08
Training 0.62 1.70 0.28
Overtime 0.70 2.08 0.26
Abs. Rate 0.21 0.21 0.21
Quality 100.38 101.22 100.11
Backlog (Thousands) 52.51 189.48 9.71
Demand (Thousands) 67.28 216.34 20.70
Hires 0.06 0.18 0.02
Separations 0.49 1.51 0.18
Fires 0.00 0.01 0.00
Inbound Transfers 0.87 2.60 0.32
Outbound Transfers 0.41 0.97 0.23
Retirement 0.31 0.95 0.10
Divorce 0.88 0.88 0.88
Blood donations 0.03 0.03 0.03
Number of office-quarter obs. 12432 2960 9472
Number of managers 851 221 638
Number of offices. 514 111 403

Note: The sample includes all main offices and local branches for which the leave-office-out
measure of managerial ability is available and all control offices, 2011q1-2017q2. All statistics
are calculated across office-quarter observations. The number of office-quarter observations
for the full sample, main offices and local branches for quality are 9408, 2277, and 7131
respectively; for divorce these statistics are 10324, 2466, and 7858, and for blood donations
10376, 2492, and 7884. Output, demand, and backlog are measured in thousands of hours,
while FTE, training, hours, and overtime are measured in full-time equivalent units.
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Table A.18: On The Job Learning

(1) (2) (3)
Ln(Productivity) Ln(Productivity) Ln(Productivity)

Q2 -0.015 -0.030∗∗ -0.031∗∗

(0.012) (0.015) (0.015)
Q3 -0.031∗∗ -0.061∗∗∗ -0.072∗∗∗

(0.013) (0.019) (0.019)
Q4 -0.034∗∗∗ -0.082∗∗∗ -0.091∗∗∗

(0.013) (0.022) (0.022)
Q5 -0.032∗∗ -0.084∗∗∗ -0.096∗∗∗

(0.013) (0.024) (0.025)
> 14 years -0.030∗∗ -0.095∗∗∗ -0.108∗∗∗

(0.013) (0.031) (0.031)
N 9396 9396 9396
R sq. 0.38 0.63 0.65
Time FE Yes Yes Yes
Manager FE No Yes Yes
Office FE No No Yes
Mean Dep. Var. 4.45 4.45 4.45

Note: The sample includes only local branches, 2011q1-2017q2.The dependent variable is
reported at the top of each column. All models include time fixed effects. Robust standard
errors in parenthesis. Stars: * for p<.10, ** for p<.05, and *** for p<.01.

Table A.19: Counterfactual Exercises (Largest CS)

∆P
Policy 1: Reassign 7.7%
Policy 2: Replace bottom 20% 2.6%
Policy 3: Replace bottom 20% + Reassign 8.1 %
Policy 4: Random allocation 2%

Note: The sample includes only the largest connected set. I consider
four counterfactual policies that the social planner can implement. Pol-
icy 1: she can rallocate existing managers according to the optimal
rule. Policy 2: she can fire the bottom 20% of top-level bureaucrats
and substitute them with the median manager (but allocate them as
in the current environment). Policy 3: she can implement both Policy
and 2. Policy 4: she can randomly assign existing managers to offices
(1,000 iterations).
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Appendix B

Appendix to Chapter 2

B.1 An Overview of the Literature on the Health

Effects of Cesarean Delivery

Infant Outcomes

Table B.1 summarizes a selection of recent studies on the short and medium-run health
effects of cesarean delivery for infants. We review studies on injury or death of the baby;
lung function and respiratory problems; asthma; immune system; and breastfeeding. Not
included in the table are several other active areas of research that study impacts of cesarean
delivery on longer-term outcomes such as the probability of adult obesity (see the recent
review by Darmasseelane et al. [2014]).

Across the board a general finding is that babies delivered by c-section fare worse: higher
neonatal and post-neonatal death; elevated risks of respiratory system problems including
asthma; evidence of digestive system disorders, and lower rates of breastfeeding. An un-
usually detailed prospective study by Villar et al. [2007] of births in eight Latin American
countries illustrates the general nature of these findings and the difficulty in interpreting the
results as causal.1 The authors show that neonatal death rates for cephalic fetuses deliv-
ered by c-section after trial of labor are substantially higher than rates for those delivered
vaginally (0.65% versus 0.38%). Eliminating the roughly 30% of intrapartum c-sections per-
formed after indications of fetal distress, the neonatal death rate of the remaining c-section
group falls to 0.51% — not statistically different from the rate for the vaginal births (but
still higher), and indicative of a potentially large endogeneity bias in the overall comparison.

Our reading of the literature is that the most widely documented correlation is between c-
section delivery and respiratory problems. Such a pattern has been documented in large-scale
cohort studies in several Nordic countries (e.g., Hansen et al. [2008]; Tollanes et al. [2008])
and in meta-analyses of the literature (e.g., Thavagnanam et al. [2008]). As discussed in a

1The study is unusual in collecting detailed data on reasons for csection, gathered immediately after the
birth by trained survey staff.
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recent review by Hyde et al. [2012], there is clinical evidence that babies born by c-section
have worse lung function immediately after birth — possibly attributable to a therapeutic
effect of the labor process (including release of hormones and clearance of lung liquid). A
number of researchers also hypothesize that there is a transfer of microbes from mother to
infant during labor that aid in the development of the immune and digestive systems (e.g.,
Neu and Rushing [2011]).

Maternal Outcomes

Table B.2 presents a parallel summary of the literature on the health effects of cesarean
delivery on mothers. Here the literature is less numerous: our reading is that the major
health risks include complications at birth and maternal death; reduction in future fertility;
abnormal placentation in subsequent pregnancies; and risk of future stillbirths. Most studies
find that mothers who deliver by csection have higher risk of birth-related complications
(such as need of a blood transfusion), higher risk of severe morbidity and mortality in the
period after the birth, reduced future fertility, higher risk for placenta previa (placenta near or
covering the cervix) and placenta accreta/increta/percreta (abnormal placental attachment).
Evidence on future stillbirths is less clear.

As with the literature on infant health effects, most of these studies are based on ob-
servational designs, making it difficult or impossible to assert causality, though some of the
potential effects are grounded in clinic evidence (see for example the review of studies on
abnormal placentation by Clark and Silver [2011]). An interesting exception is the study by
Halla et al. [2018] on future fertility, which uses day of the week of the birth as an instrument
for c-section. We find that there appear to be more pre-scheduled c-sections on weekdays,
leading to concerns over this instrument in our setting.
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Table B.1: Summary of Literature on Infant Health Effects of C-section Delivery

Health Issue Study authors; design; main findings
1. Delivery injuries a. Rouse and Owen [1999] prophylactic CS’s for large fetuses (>4000g)
and death have small impact on permanent brachial plexus injury

b. Alexander et al. [2006]: 1.1% of CS babies have some birth injury - mostly
cuts from the incision.

c. Villar et al. [2007]: CS might decrease death for cephalic pregnancies,
definitely for breech; increased NICU, but rupturing of membranes
may be protective

d. MacDorman et al. [2008]: CS has 1.7-2.4 higher risk of infant neonatal
mortality for primary, low-risk births. Intention to treat analysis combines
CS after TOL with vaginal births as intended vaginal.

e. Molina et al. [2015]: cross-national analysis of c-section and infant morality;
neonatal mortality rates decline until C-Section rate of 20%, then
stable across countries

2. Lung Function a. Hansen et al. [2008]: Danish cohort study (cov. adj.); scheduled
and C-Section increases risk of respiratory illness 200-400%
Repiratory Problems b. Moore et al. [2012]: Australian register study (cov. adj.);

elective CS increases risk of hospitalization for bronchiolitis by
10% in first year of life

c. Hyde et al. [2012]: review of clinical literature; CS without TOL
associated with reduced lung function after birth

d. Kristensen and Henriksen [2016]: Danish register study (cov. adj.);
elective CS associated with 20% higher risk of pneumonia and other
mucosal system disorders

3. Asthma e. Salam et al. [2006]: retrospective study of California youth; CS raises
incidence of allergy by 26% (cov. adj.)

b. Roduit et al. [2009]: Dutch cohort study (cov. adj.). CS associated
with 20% increase in risk of childhood asthma, higher
effect for allergic parents

c. Thavagnanam et al. [2008]: meta analysis of 23 studies of CS
and asthma; CS associated with 45% increase in risk at age 8

d. Tollanes et al. [2008]: Norwegian register study (cov. adj.); CS raises
risk of asthma by age 18 by 50%

e. Jachetta [2014]: IV study using MSA-level malpractice premiums
instrument; CS associated with higher rate of hospitalization
for asthma and lung disease

4. Immune a. Neu and Rushing [2011]: review of clinical literature; CS without TOL
System affects micobial colonization/immune response

b. Sevelsted et al. [2016]: Danish register study (cov. adj.); CS associated
with higher risk of immune deficiency, inflammatory bowel disorders

c. Stokholm et al. [2016]: prospective study of Copenhagen births; CS
associated with different gut microbes in first year

5. Breastfeeding a. Gale et al. [2012]: meta-analysis of 48 studies; CS without TOL
associated with lower rate of early initiation of breastfeeding;
CS after TOL same as vaginal births

Note: CS = c-section delivery; OR = odds ratio; TOL=trial of labor; cov adj = covariate adjustment.
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Table B.2: Summary of Literature on Maternal Health Effects of CSection Delivery

Health Outcome Study authors; design; main findings
1. Complications at birth; a. Lydon-Rochelle et al. [2000]: cohort of primiparous women in
mortality Washington State; mean effect = 80% higher rate of

rehospitalization in 60 days following CS
b. Deneux-Tharaux et al. [2006]: 3.5 times more likely for mom

to die in CS
c. Villar et al. [2007]: WHO-supported study of Latin American

births: incidence of mother injury/death increases in CS
d. Kuklina et al. [2009]: rise in CS explains rise in maternal

morbidity at birth
e. Curtin et al. [2015]: US births in 2013; (no cov. adj.);

higher rates of tranfusion, ICU admission
f. Molina et al. [2015]: cross-national analysis of CS and

maternal morality; mortality rates decline until CS
rate of 20%, then stable across countries

2. Fertility a. Hall et al. [1989]: U.K. cohort study (cov. adj); 23% lower
fertility

b. Zhu et al. [2013]: U.S. cohort study (covariate adustment);
16% lower fertility

c. Cromwell et al. [2013]: meta analysis of 18 cohort studies;
mean effect = 9% reduction in fertility following CS
d. Halla et al. [2018]: IV based on day of delivery; lower fertility

3. Abnormal Placentation a. Hemminki et al. [2005]: Finish register (cov. adj.); 90% higher risk
(previa, accreta, etc.) b. Getahun et al. [2006]: U.S. linked cohorts

(cov. adj.); 30-100% higher risks
c. Cromwell et al. [2013]: U.K. cohort study and meta-analysis

of 37 studies
CS at first birth raises risk of placenta previa in second by 50-60%

d. Clark and Silver [2011]: review of previous studies; increased risks

4. Future Stillbirth a. Bahtiyar et al. [2006]: large U.S. cross-section study
(cov. adjustment); no effect

Note: CS = c-section delivery; OR = odds ratio; TOL=trial of labor; cov adj = covariate adjustment.
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B.2 Interpretation of First Stage, Reduced Form and

IV Estimates

Interpretation of First Stage, Reduced Form and IV Estimates

Consider the case where individuals (indexed by i) belong to mututally exclusive subgroups.
Let Xi represent a vector of indicators for membership in each of J subgroups, let yi represent
an outcome of interest, let Di represent an endogenous treatment indicator, and let Zi
represent an instrumental variable.

Suppose we estimate a pooled first stage model for Di that includes Zi and the vector
Xi:

Di = π0 + π1Zi + πXXi + vi.

By standard Frisch-Waugh arguments the OLS estimate of π1 is:

π̂1 =

∑
i(Di −Dj(i))(Zi − Zj(i))∑

i(Zi − Zj(i))2

where j(i) is i′s subgroup, and Dj and Zj represent the means of D and Z within subgroup
j. Let N represent the combined sample size and Nj the sample size for group j. Then

π̂1 =

∑
j

∑
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where VZj is the variance of Z within group j, VZ is the overall variance of Z and π̂1j is the
first stage regression coefficient for group j.

By the same argument if we estimate a pooled reduced form model for yi that includes
Zi and the vector Xi:

yi = δ0 + δ1Zi + δXXi + ui.

the OLS estimate of δ1 is

δ̂1 =
∑
j

(
Nj

N

)
VZj
VZ

δ̂1j
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where δ̂1j is the reduced form coefficient for group j. Finally, the pooled IV estimate of the
effect of D on y using Z as an instrument and controlling for X is:

β̂1 =
δ̂1

π̂1

=
∑
j

(
Nj

N

)(
VZj
VZ

)(
π̂1j

π̂1

)
δ̂1j

π̂1j

=
∑
j

(
Nj

N

)(
VZj
VZ

)(
π̂1j

π̂1

)
β̂1j

where β̂1j = δ̂1j/π̂1j is the IV estimate within subgroup j.
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B.3 Data

Overview of PDD/ED/AS/Linked Birth Cohort Data

California OSHPD has created a linked file that combines in-patient discharge records for
delivering mothers and newborns with Vital Statistics (VS) data (i.e., information collected
from birth certificates and death records) and information on in-patient, Emergency Depart-
ment (ED), and Ambulatory Surgery Center (ASC) records for each mother in the period
from one year before to one year after the birth, and for each infant in the period up to
one year after the birth. We use a version of this file that has information on live hospital
delivered births for the period from 2007 to 2011.

Appendix D of the data base gives the name, address, zip code, and Hospital Service
Areas (HSA) for each hospital, ED, and ASC in the state. We also use external information
from the Dartmouth Atlas website to assign HSA’s and Health Referral Regions (HRR’s).
We add data from the US Census Bureau on average income in each zip code.

Construction of relative distance instruments

The procedure for constructing a mothers relative distance to high and low c-section hospi-
talsconsists of 3 steps:

1. We estimate each hospitals risk-adjusted c-section rate among low-risk first births;

2. We classify hospitals as low (L) or high (H) c-section hospitals based on their risk-
adjusted c-section rates from (1);

3. We calculate each mothers distances to the nearest L and H hospitals, from which we
calculate our main relative distance measure.

In step 1 we fit a logistic regression model to our sample of low-risk first births that includes
a baseline set of case risk factors Xiand indicators for the hospital h(i) at which mother i
delivered. Specifically, using our LRFB sample, we estimate the model:

P (Ci = 1|Xi) = Λ(α +X ′iβ + γh(i))

where Λ is the logistic CDF.
In step 2 we compare hospital h’s estimated logit coefficient γ̂h to the birth-weighted aver-

age hospital coefficient in each Hospital Referral Region (HRR) γ̄HRR =
[∑

j∈HRRNj

]−1∑
j∈HRRNj γ̂j

(where Nh is the number of low risk first births delivered at hospital h in our analysis sam-
ple). We define a hospital to be a “high c-section hospital” (or H hospital) if γ̂h ≥ γ̄HRR and
otherwise a “low c-section hospital.”

In step 3 we use information on the centroid of each mother’s home zip code and on the
centroids of the zip codes for each hospital to define the distance from each mother to each
hospital. We then define the distance to the nearest H hospital and the nearest L hospital.
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B.4 Additional Tables

Table B.3: Characteristics of High and Low C-section Hospitals

Hospital Type

High C-Section Hospital Low C-Section Hospital

C-section rate (LRFB):
All 0.289 0.22
Scheduled 0.104 0.081
Unscheduled 0.186 0.139
Ownership:
For profit 0.18 0.086
Private non-profit 0.746 0.723
Government 0.068 0.14
Academic 0.006 0.051

Other Characteristics:
Has NICU 0.741 0.858
NICU admit rate 0.027 0.042
Volume (births/yr.) 3695 3635
Weekend admit rate 0.24 0.262

Note: see text for procedure to define H and L hospitals. Characteristics are
based on low risk first births (LRFB’s).
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Table B.4: Effect of Delivery at High C-Section Hospital on Joint Distribution
of Timing/Mode of Delivery and Apgar Score

All Vaginal Delivery Cesarean Delivery

Modes/Timing Early Late Early Late

A. Distribution of birth outcomes for compliers at low csection hospitals
Low Apgar (<9) 0.079 0.024 0.033 0.007 0.016
High Apgar (≥9) 0.921 0.387 0.361 0.080 0.095

B. Distribution of birth outcomes for compliers at high c-section hospitalss
Low Apgar (<9) 0.058 0.020 0.022 0.008 0.009
High Apgar (≥9) 0.945 0.365 0.284 0.156 0.140

C. Difference in outcomes caused by delivery at high c-section hospital
High Apgar (<9) -0.021 -0.003 -0.012 0.001 -0.007

(0.010) (0.005) (0.007) (0.003) (0.004)
High Apgar (≥9) 0.021 -0.022 -0.077 0.075 0.045

(0.010) (0.024) (0.021) (0.012) (0.012)

Note: Table entries are estimated shares of births with outcome described by row and
column heading. Estimated standard errors in parentheses. “Early” delivery is delivery
on day of arrival of mother at hospital. ”Late” delivery is delivery 1 or more days after
arrival. Estimates in panel A are IV estimates of the mean outcomes of compliers who
deliver at low c-section (L) hospitals. Estimates in panel B are IV estimates of the mean
outcomes of compliers who deliver at high c-section (H) hospitals. Estimates in panel C
are IV estimates of the effect of delivering at H hospital on outcome. All models include
control variables described in note to Table 2.6. Instrumental variable in all cases is relative
distance to H hospital.
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Table B.5: Characteristics of Infants that Die in First Year

Low Risk First Births:

All Deaths

Mother’s characteristics
Mean age 25.6 24.2
At most high school education (%) 41.2 54.4
Mean weight (pounds) 137 138
Mother obese (%) 8.1 9.6
Race/eth: Hispanic (%) 44.2 45.5
Asian (%) 17.6 16.3
Nonhispanic white (%) 31.7 30.0
Nonhispanic black (%) 5.6 7.0
Birth risk factors and characteristics
Mean number prenatal care visits 12.2 11.6
18 or more prenatal visits (%) 4.3 3.9
Mother ED visit prior to birth (%) 19.5 23.7
Mean birthweight (grams) 3348 3091
Low birth weight (%) 2.3 14.4
Abn. fetal heart rate/rhythm (%) 20.2 33.9
Delivery outcomes
C-section delivery (%) 25.6 34.6
Scheduled c-section (%) 9.2 22.5
Delivered at H hospital (%) 51.5 50.2
Apgar score ≤7 (%) 1.6 30.4
Vacuum/forceps induction (%) 12.0 12.2
Postpartum outcomes
Infant transferred to NICU unit (%) 3.4 30.5
Infant re-admitted to ED (%) 33.8 29.0
Infant re-admitted as in-patient (%) 8.2 31.2
Mother readmitted (any type) (%) 14.9 26.8
Sample size 491,604 596

Note: See notes to Table 2.1. Abnormal fetal heart rate/rhythm indi-
cated by presence of secondary diagnosis code of 659.71.
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Appendix C

Appendix to Chapter 3

C.1 Additional Figures
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Figure C.1: Impacts of the Dismissal on the Level of Firm Entry and Exit (only T)

0
5

10
15

-5 0 5 10
Event time

# Entries - All

(a)

-5
0

5
10

-5 0 5 10
Event time

# Exits - All

(b)

0
5

10
15

20

-5 0 5 10
Event time

# Perm. Exits - All

(c)

-2
0

2
4

6

-5 0 5 10
Event time

# Id Changes - All

(d)



APPENDIX C. APPENDIX TO CHAPTER 3 196

C.2 Additional Tables
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Table C.1: Municipality Expenditure

Full Sample Treated Never Treated
Population 7623 139458 16532 1534 7524 137924
Total Revenues 11628057 139534 19518243 1534 11540350 138000
Total Expenditure 10514837 139530 16799843 1534 10444971 137996
Revenues for Current Exp.
Taxes 3652063 139534 6140445 1534 3624402 138000
Transfers 2371797 139535 5299916 1534 2339249 138001
Revenues from Services 1637302 139534 2037412 1534 1632854 138000
Total Rev. for Current Exp. 7661139 139534 13477774 1534 7596482 138000
Revenues for Investment
Sells and Other Transfers 2646040 139534 2923926 1534 2642951 138000
Credit 1320878 139534 3116543 1534 1300917 138000
Total Rev. for Investment 3966918 139534 6040469 1534 3943868 138000
Current Expenditure
Administration 2135243 139533 4614966 1534 2107678 137999
Justice 40576 139531 91546 1534 40010 137997
Police 394668 139533 737540 1534 390856 137999
Education 745086 139533 994860 1534 742310 137999
Culture 226591 139533 196581 1534 226925 137999
Sport 109469 139533 110724 1534 109455 137999
Roads 719507 139533 727350 1534 719420 137999
Turism 43973 139532 67319 1534 43713 137998
Environment 1456211 139533 3566549 1534 1432752 137999
Development 70086 139531 125936 1534 69465 137997
Social 1028463 139533 1280600 1534 1025660 137999
Productive Sector 123756 139531 38799 1534 124700 137997
Total Current Exp. 7093678 139531 12552770 1534 7032994 137997
Investment
Administration 1125939 139533 568012 1534 1132141 137999
Justice 14114 139530 69992 1534 13493 137996
Police 11326 139530 16055 1534 11274 137996
Education 212199 139533 316741 1534 211037 137999
Culture 102487 139530 108851 1534 102416 137996
Sport 114708 139532 212569 1534 113620 137998
Roads 753641 139533 922438 1534 751765 137999
Turism 33333 139531 22636 1534 33452 137997
Environment 783186 139533 1571641 1534 774422 137999
Development 72951 139531 155493 1534 72033 137997
Social Services 144542 139532 211531 1534 143797 137998
Productive Sector 52757 139530 71112 1534 52553 137996
Total Investment 3421160 139530 4247073 1534 3411979 137996

Notes: The full sample includes municipalities in one of the nine regions which experienced a
city council dismissal due to mafia infiltration from 1991 to 2016. Namely, Liguria, Piedmont,
Lombardy, Lazio, Campania, Calabria, Basilicata, Apulia, and Sicily. The treated municipalities
are those who experienced at least one city council dismissal due to mafia infiltration between
1991 and 2016. Never treated units are all the remaining ones. All statistics are calculated across
municipality-year observations.
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Table C.2: Event Study Estimates of the Impact of the Dismissal on the Probability of
Winning

(1) (2) (3)
Win Win in T Muni Win in NT Muni

dm3 -0.02 -0.05 0.01
(0.04) (0.04) (0.02)
[-0.55] [-1.30] [0.29]

dm2 0.02 -0.02 0.02
(0.03) (0.03) (0.02)
[0.48] [-0.46] [0.89]

d0 -0.05 -0.06∗ -0.01
(0.03) (0.03) (0.02)
[-1.39] [-1.92] [-0.40]

dp1 -0.16∗∗∗ -0.18∗∗∗ -0.04∗∗

(0.03) (0.03) (0.02)
[-5.30] [-6.39] [-2.09]

dp2 -0.18∗∗∗ -0.19∗∗∗ -0.06∗∗

(0.03) (0.03) (0.03)
[-5.21] [-6.34] [-2.21]

N 14330 14330 14330
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in treated munic-
ipalities. Namely, those firms that were awarded at least one public
procurement contract in treated municipalities while the corrupt ad-
ministration in power. The dependent variables are an indicator for
winning any public procurement contract, for winning in a treated
municipality, and for winning elsewhere in column 1, 2, and 3 re-
spectively. All statistics are calculated across firm-year observations.
SE in parenthesis and t-statistics in brackets. SE are clustered at
the municipality level. Stars: * for p<.10, ** for p<.05, and *** for
p<.01.
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Table C.3: Event Study Estimates of the Impact of the Dismissal on Firm Exit

(1) (2) (3)
Exit Exit-No Id. Change Id. Change

dm3 -0.01 -0.01 0.00
(0.01) (0.01) (0.00)
[-0.85] [-0.92] [0.23]

dm2 -0.02∗ -0.02∗ -0.00
(0.01) (0.01) (0.00)
[-1.73] [-1.72] [-1.45]

d0 0.02∗ 0.02∗ 0.00
(0.01) (0.01) (0.00)
[1.79] [1.79] [0.33]

dp1 0.02∗ 0.02∗ 0.00
(0.01) (0.01) (0.00)
[1.87] [1.88] [0.12]

dp2 0.04∗∗∗ 0.04∗∗∗ 0.00
(0.01) (0.01) (0.00)
[3.20] [3.11] [0.91]

N 14330 14330 14330
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: This sample includes only former winners in treated mu-
nicipalities. Namely, those firms that were awarded at least one
public procurement contract in treated municipalities while the
corrupt administration in power. The dependent variables are an
indicator for exiting, for exiting for reason other than manipulating
the firm identifier, for manipulating the firm identifier in column 1,
2, and 3 respectively. All statistics are calculated across firm-year
observations. SE are clustered at the municipality level. Stars: *
for p<.10, ** for p<.05, and *** for p<.01.
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Table C.4: Event Study Estimates of the Impact of the Dismissal on Firm Entry and Exit

(1) (2) (3) (4) (5) (6)
A(Entries) A(React.) A(Exits) As(Temp.) A(Perm.) A(Susp.)

-3 0.11178∗ -0.02839 0.02289 -0.08760 0.06535 0.02573
(0.05824) (0.08743) (0.08016) (0.05746) (0.08483) (0.05753)

[1.92] [-0.32] [0.29] [-1.52] [0.77] [0.45]
-2 0.03455 -0.04241 -0.01412 -0.03342 0.01793 -0.00680

(0.05426) (0.08150) (0.06291) (0.04595) (0.06782) (0.04259)
[0.64] [-0.52] [-0.22] [-0.73] [0.26] [-0.16]

0 0.14305∗∗ 0.04621 0.09028 -0.03665 0.09363 -0.08287
(0.05824) (0.07859) (0.06030) (0.03404) (0.06209) (0.05001)

[2.46] [0.59] [1.50] [-1.08] [1.51] [-1.66]
1 0.06585 0.07745 0.04155 -0.07785 0.05834 -0.03814

(0.05875) (0.07683) (0.06184) (0.04925) (0.06324) (0.06564)
[1.12] [1.01] [0.67] [-1.58] [0.92] [-0.58]

2 -0.02510 -0.01354 0.07759 -0.15379∗∗∗ 0.10155 -0.00489
(0.06089) (0.06853) (0.07108) (0.05621) (0.08084) (0.07033)

[-0.41] [-0.20] [1.09] [-2.74] [1.26] [-0.07]
3 0.07804 -0.03895 0.03369 -0.22709∗∗∗ 0.12789 -0.09479

(0.06378) (0.07916) (0.07310) (0.06660) (0.08419) (0.09004)
[1.22] [-0.49] [0.46] [-3.41] [1.52] [-1.05]

4 0.09015 0.04012 0.08707 -0.24354∗∗∗ 0.14424 -0.04524
(0.06104) (0.07817) (0.07709) (0.08419) (0.09273) (0.09982)

[1.48] [0.51] [1.13] [-2.89] [1.56] [-0.45]
5 0.14409∗∗ 0.15070∗ 0.14900∗ -0.23408∗∗ 0.32055∗∗∗ -0.12478

(0.06405) (0.08093) (0.08516) (0.10206) (0.10992) (0.11633)
[2.25] [1.86] [1.75] [-2.29] [2.92] [-1.07]

6 0.12775∗ 0.13246 0.14965 -0.20383∗ 0.31904∗∗ -0.12495
(0.07110) (0.08994) (0.09128) (0.10473) (0.12261) (0.12612)

[1.80] [1.47] [1.64] [-1.95] [2.60] [-0.99]
7 0.10143 0.04016 0.17374∗∗ -0.18082 0.35142∗∗∗ -0.07524

(0.06749) (0.08889) (0.08701) (0.12260) (0.12180) (0.14670)
[1.50] [0.45] [2.00] [-1.47] [2.89] [-0.51]

N 3957 3957 3957 3957 3957 3957
Mean 3.226 1.147 2.672 .649 2.031 .923
Muni FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes Yes Yes

Notes: This sample includes only treated municipalities. Namely, those municipalities that expe-
rienced at least one city council dismissal due to mafia infiltration between 1991 and 2016. The
dependent variables are the inverse hyperbolic sine of the counts — at the municipality level — of
firm entries, reactivation, exits, temporary exits, permanent exits and suspensions respectively. All
statistics are calculated across municipality-year observations. SE are clustered at the municipality
level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Table C.5: Diff-in-Diff Estimates of the Impact of the Dismissal on Exit

(1) (2) (3) (4) (5) (6)
A(Entries) A(React.) A(Exits) A(Temp.) A(Perm.) A(Susp.)

T*Post 0.03786 0.06150∗ 0.08602 -0.09766 0.12941 -0.04598
(0.04955) (0.03674) (0.06928) (0.06515) (0.08189) (0.06460)

[0.76] [1.67] [1.24] [-1.50] [1.58] [-0.71]

N 3957 3957 3957 3957 3957 3957
Mean 3.226 1.147 2.672 .649 2.031 .923
Muni FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes Yes Yes

Notes: This sample includes only former winners in treated municipalities. Namely, those firms
that were awarded at least one public procurement contract in treated municipalities while the
corrupt administration in power. The dependent variables are an indicator for exiting, for exiting
for reason other than manipulating the firm identifier, for manipulating the firm identifier in
column 1, 2, and 3 respectively. All statistics are calculated across firm-year observations. SE
are clustered at the municipality level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Table C.6: Event Study Estimates of the Impact of the Dismissal on N of Establishments,
Employees and Wage Bill

(1) (2) (3) (4)
Ln(N Estab.) Ln(N Firms) Ln(N Empl.) Ln(Wage)

-3 0.02252 0.02937∗ 0.00731 0.00435
(0.01641) (0.01696) (0.02147) (0.02831)

[1.37] [1.73] [0.34] [0.15]
-2 0.00086 0.00532 -0.00249 -0.00082

(0.01506) (0.01479) (0.01848) (0.01686)
[0.06] [0.36] [-0.13] [-0.05]

0 0.01344 0.01580 0.01298 -0.00775
(0.01063) (0.01075) (0.01857) (0.01984)

[1.26] [1.47] [0.70] [-0.39]
1 0.01303 0.01812 0.02173 0.00387

(0.01588) (0.01571) (0.02622) (0.02865)
[0.82] [1.15] [0.83] [0.14]

2 -0.00195 0.00109 0.01828 0.01153
(0.01884) (0.01817) (0.03135) (0.03605)

[-0.10] [0.06] [0.58] [0.32]
3 0.01099 0.01063 0.04722 0.00797

(0.02492) (0.02513) (0.03272) (0.03724)
[0.44] [0.42] [1.44] [0.21]

4 0.02411 0.02430 0.05410 0.02097
(0.02865) (0.02888) (0.03977) (0.04771)

[0.84] [0.84] [1.36] [0.44]
5 0.03851 0.03554 0.07746∗ 0.04240

(0.03051) (0.03107) (0.04308) (0.05508)
[1.26] [1.14] [1.80] [0.77]

6 0.04571 0.04217 0.07485 0.03812
(0.03501) (0.03599) (0.05025) (0.05801)

[1.31] [1.17] [1.49] [0.66]
7 0.04194 0.03931 0.08726∗ 0.03596

(0.03657) (0.03824) (0.05204) (0.06040)
[1.15] [1.03] [1.68] [0.60]

N 3957 3955 3957 3957
Mean 4.526 4.485 6.234 15.046
Muni FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes

Notes: This sample includes only treated municipalities. Namely, those munici-
palities that experienced at least one city council dismissal due to mafia infiltration
between 1991 and 2016. The dependent variables are the logarithm of the counts
— at the municipality level — of the number of establishments, firms, employees
and the wage bill respectively. All statistics are calculated across municipality-
year observations. SE are clustered at the municipality level. Stars: * for p<.10,
** for p<.05, and *** for p<.01.
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Table C.7: Diff-in-Diff Estimates of the Impact of the Dismissal on N of Establishments,
Employees and Wage Bill

(1) (2) (3) (4)
Ln(N Estab.) Ln(N Firms) Ln(N Empl.) Ln(Wage)

T*Post 0.01955 0.01426 0.04558 0.02054
(0.02698) (0.02776) (0.03933) (0.03982)

[0.72] [0.51] [1.16] [0.52]
N 3957 3955 3957 3957
Mean 4.526 4.485 6.234 15.046
Muni FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes

Notes: This sample includes only treated municipalities. Namely, those municipalities
that experienced at least one city council dismissal due to mafia infiltration between
1991 and 2016. The dependent variables are the logarithm of the counts — at the
municipality level — of the number of establishments, firms, employees and the wage
bill respectively. All statistics are calculated across municipality-year observations.
SE are clustered at the municipality level. Stars: * for p<.10, ** for p<.05, and ***
for p<.01.



APPENDIX C. APPENDIX TO CHAPTER 3 204

Table C.8: Event Study Estimates of the Impact of the Dismissal on Manipulation

(1) (2) (3)
Id Changes Ln(Id Changes) A(Id Changes)

-3 -0.21177 -0.01560 -0.03707
(0.15862) (0.12298) (0.05810)

[-1.34] [-0.13] [-0.64]
-2 -0.14241 0.05104 -0.05579

(0.09958) (0.13009) (0.05188)
[-1.43] [0.39] [-1.08]

0 0.15304 0.13298 0.04002
(0.13190) (0.12441) (0.06311)

[1.16] [1.07] [0.63]
1 0.50575∗∗ 0.19936∗ 0.16378∗∗∗

(0.20372) (0.10275) (0.05612)
[2.48] [1.94] [2.92]

2 0.53616∗ 0.19289∗ 0.17726∗∗∗

(0.27561) (0.11523) (0.06538)
[1.95] [1.67] [2.71]

3 0.61629∗ 0.25750∗∗ 0.12032∗

(0.36104) (0.10357) (0.06430)
[1.71] [2.49] [1.87]

4 0.53316 0.14349 0.09083∗

(0.39529) (0.11293) (0.05291)
[1.35] [1.27] [1.72]

5 0.24189 0.22996∗ 0.04498
(0.34626) (0.11894) (0.06590)

[0.70] [1.93] [0.68]
6 2.45009 0.35418∗∗ 0.18249∗∗

(1.92230) (0.16927) (0.08499)
[1.27] [2.09] [2.15]

7 0.36133 0.30091∗∗ -0.03616
(0.49301) (0.13076) (0.06781)

[0.73] [2.30] [-0.53]
N 3957 1258 3957
Mean .857 .502 .42
Muni FE Yes Yes Yes
Time FE Yes Yes Yes
Muni Trend Yes Yes Yes

Notes: This sample includes only former winners in treated municipalities
and a set of matched controls. The dependent variables are an indicator for
manipulating the firm identifier, the log of the aforementioned indicator,
and the inverse hyperbolic sine of it in column 1, 2, and 3 respectively. All
statistics are calculated across firm-year observations. SE are clustered at
the municipality level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Table C.9: Diff-in-Diff Estimates of the Impact of the Dismissal on Manipulation

(1) (2) (3)
Id Changes Ln(Id Changes) A(Id Changes)

T*Post 0.67432∗ 0.17143∗∗ 0.10815∗∗∗

(0.38608) (0.07034) (0.03550)
[1.75] [2.44] [3.05]

N 3957 1258 3957
Mean .857 .502 .42
Muni FE Yes Yes Yes
Time FE Yes Yes Yes
Muni Trend Yes Yes Yes

Notes: This sample includes only former winners in treated municipalities.
The dependent variables are an indicator for manipulating the firm iden-
tifier, the log of the aforementioned indicator, and the inverse hyperbolic
sine of it in column 1, 2, and 3 respectively. All statistics are calculated
across firm-year observations. SE are clustered at the municipality level.
Stars: * for p<.10, ** for p<.05, and *** for p<.01.

Table C.10: Characteristics of Public Procurement Winners — All Dismissal Types

Full Sample Former Winners Non Former Winners
Win 0.15 0.25 0.13
Win in T Muni 0.03 0.09 0.02
Win in NT Muni 0.13 0.19 0.12
N times won 3.96 6.81 3.34
Exit 0.02 0.04 0.02
Id. Change 0.00 0.00 0.00
Exit - No Id. Change 0.02 0.04 0.02
Observations 442989 79174 363815

Notes: The full sample includes all firms who have won at least one public procurement auction
between 2000 and 2016. Former Winners are defined as those firms that were awarded at least
one public procurement contract in a municipality whose city council has been dismissed for
reasons other than mafia infiltration. All statistics are calculated across firm-year observations.



APPENDIX C. APPENDIX TO CHAPTER 3 206

Table C.11: Event Study Estimates of the Impact of the Dismissal on Firm Entry and Exit
(Matched)

(1) (2) (3) (4) (5) (6)
A(Entries) A(React.) A(Exits) A(Temp.) A(Perm.) A(Susp.)

-3 0.10526∗ -0.01630 0.03282 -0.10266∗ 0.07601 0.03019
(0.05420) (0.08467) (0.08039) (0.05847) (0.08499) (0.05886)

[1.94] [-0.19] [0.41] [-1.76] [0.89] [0.51]
-2 0.04246 -0.03237 -0.00012 -0.04727 0.02667 0.00884

(0.05342) (0.07993) (0.06273) (0.04554) (0.06738) (0.04464)
[0.79] [-0.40] [-0.00] [-1.04] [0.40] [0.20]

0 0.14611∗∗∗ 0.06406 0.09494 -0.02598 0.09910 -0.06544
(0.05652) (0.07677) (0.06064) (0.03381) (0.06203) (0.04791)

[2.59] [0.83] [1.57] [-0.77] [1.60] [-1.37]
1 0.07298 0.09920 0.05736 -0.07189 0.07945 -0.02040

(0.05665) (0.07183) (0.05919) (0.04697) (0.06026) (0.06308)
[1.29] [1.38] [0.97] [-1.53] [1.32] [-0.32]

2 -0.03243 0.00018 0.08622 -0.13308∗∗ 0.12193 -0.02248
(0.05901) (0.06529) (0.06867) (0.05376) (0.07831) (0.06813)

[-0.55] [0.00] [1.26] [-2.48] [1.56] [-0.33]
3 0.06126 -0.02513 0.03265 -0.20167∗∗∗ 0.13127 -0.09948

(0.06308) (0.07621) (0.07108) (0.06338) (0.08271) (0.08787)
[0.97] [-0.33] [0.46] [-3.18] [1.59] [-1.13]

4 0.07112 0.03809 0.05013 -0.22812∗∗∗ 0.12445 -0.06810
(0.05919) (0.07552) (0.07354) (0.07936) (0.08979) (0.09452)

[1.20] [0.50] [0.68] [-2.87] [1.39] [-0.72]
5 0.12135∗ 0.15297∗∗ 0.11497 -0.20437∗∗ 0.29398∗∗∗ -0.13213

(0.06194) (0.07667) (0.08204) (0.09491) (0.10472) (0.10574)
[1.96] [2.00] [1.40] [-2.15] [2.81] [-1.25]

6 0.09013 0.15469∗ 0.11960 -0.20670∗∗ 0.29053∗∗ -0.13797
(0.06776) (0.08843) (0.08792) (0.09730) (0.11447) (0.11518)

[1.33] [1.75] [1.36] [-2.12] [2.54] [-1.20]
7 0.05360 0.04678 0.13078 -0.16370 0.31215∗∗∗ -0.08967

(0.06435) (0.08781) (0.08350) (0.11447) (0.11348) (0.13071)
[0.83] [0.53] [1.57] [-1.43] [2.75] [-0.69]

N 28873 28873 28873 28873 28873 28873
Mean 2.821 .977 2.306 .514 1.702 .846
Muni FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes Yes Yes

Notes: This sample includes only treated municipalities and a set of matched controls. The
dependent variables are the inverse hyperbolic sine of the counts — at the municipality level — of
firm entries, reactivation, exits, temporary exits, permanent exits and suspensions respectively. All
statistics are calculated across municipality-year observations. SE are clustered at the municipality
level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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Table C.12: Diff-in-Diff Estimates of the Impact of the Dismissal on Firm Entry and Exit
(Matched)

(1) (2) (3) (4) (5) (6)
A(Entries) A(React.) A(Exits) A(Temp. Exits) A(Perm. Exits) A(Susp.)

T*Post 0.03988 0.06156∗ 0.08499 -0.07014 0.14547∗ -0.05831
(0.04736) (0.03417) (0.06634) (0.06615) (0.08408) (0.06872)

[0.84] [1.80] [1.28] [-1.06] [1.73] [-0.85]

N 28873 28873 28873 28873 28873 28873
Mean 2.821 .977 2.306 .514 1.702 .846
Muni FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes Yes Yes

Notes: This sample includes only treated municipalities and a set of matched controls. The dependent variables
are the inverse hyperbolic sine of the counts — at the municipality level — of firm entries, reactivation, exits,
temporary exits, permanent exits and suspensions respectively. All statistics are calculated across municipality-
year observations. SE are clustered at the municipality level. Stars: * for p<.10, ** for p<.05, and *** for
p<.01.
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Table C.13: Event Study Estimates of the Impact of the Dismissal on N of Establishments,
Employees and Wage Bill (Matched)

(1) (2) (3) (4)
Ln(N Estab.) Ln(N Firms) Ln(N Empl.) Ln(Wage)

-3 0.02015 0.02675 -0.00246 -0.00323
(0.01618) (0.01701) (0.01987) (0.02653)

[1.24] [1.57] [-0.12] [-0.12]
-2 -0.00054 0.00409 -0.00481 -0.00426

(0.01388) (0.01367) (0.01829) (0.01537)
[-0.04] [0.30] [-0.26] [-0.28]

0 0.01767 0.01938∗ 0.01246 -0.00698
(0.01092) (0.01088) (0.01814) (0.01980)

[1.62] [1.78] [0.69] [-0.35]
1 0.01341 0.01762 0.01852 0.00375

(0.01420) (0.01394) (0.02472) (0.02728)
[0.94] [1.26] [0.75] [0.14]

2 -0.00460 -0.00216 0.00569 0.00359
(0.01708) (0.01647) (0.02891) (0.03536)

[-0.27] [-0.13] [0.20] [0.10]
3 0.00844 0.00782 0.03606 -0.00184

(0.02330) (0.02387) (0.03180) (0.03569)
[0.36] [0.33] [1.13] [-0.05]

4 0.02205 0.02253 0.05097 0.01914
(0.02675) (0.02728) (0.03752) (0.04488)

[0.82] [0.83] [1.36] [0.43]
5 0.04363 0.04038 0.08132∗∗ 0.04431

(0.02885) (0.02976) (0.04038) (0.05229)
[1.51] [1.36] [2.01] [0.85]

6 0.05094 0.04614 0.08140∗ 0.04383
(0.03327) (0.03445) (0.04875) (0.05656)

[1.53] [1.34] [1.67] [0.78]
7 0.03979 0.03515 0.08830∗ 0.04836

(0.03399) (0.03600) (0.05024) (0.05933)
[1.17] [0.98] [1.76] [0.82]

N 28873 28853 28873 28873
Mean 4.204 4.156 5.811 14.61
Muni FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes

Notes: This sample includes only treated municipalities and a set of matched
controls. The dependent variables are the logarithm of the counts — at the
municipality level — of the number of establishments, firms, employees and the
wage bill respectively. All statistics are calculated across municipality-year ob-
servations. SE are clustered at the municipality level. Stars: * for p<.10, ** for
p<.05, and *** for p<.01.
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Table C.14: Diff-in-Diff Estimates of the Impact of the Dismissal on N of Establishments,
Employees and Wage Bill (Matched)

(1) (2) (3) (4)
Ln(N Estab.) Ln(N Firms) Ln(N Empl.) Ln(Wage)

T*Post 0.02393 0.01902 0.04760 0.02805
(0.02563) (0.02619) (0.03640) (0.03829)

[0.93] [0.73] [1.31] [0.73]

N 28873 28853 28873 28873
Mean 4.204 4.156 5.811 14.61
Muni FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Muni Trend Yes Yes Yes Yes

Notes: This sample includes only treated municipalities and a set of matched
controls. The dependent variables are the logarithm of the counts — at the
municipality level — of the number of establishments, firms, employees and the
wage bill respectively. All statistics are calculated across municipality-year ob-
servations. SE are clustered at the municipality level. Stars: * for p<.10, ** for
p<.05, and *** for p<.01.

Table C.15: Diff-in-Diff Estimates of the Impact of the Dismissal on Manipulation (Matched)l

(1) (2) (3)
Id Changes Ln(Id Changes) A(Id Changes)

T*Post 0.47714∗ 0.13938∗ 0.09772∗∗∗

(0.28297) (0.07181) (0.03519)
[1.69] [1.94] [2.78]

N 28873 7164 28873
Mean .636 .508 .331
Muni FE Yes Yes Yes
Time FE Yes Yes Yes
Muni Trend Yes Yes Yes

Notes: This sample includes only former winners in treated municipalities
and a set of matched controls. The dependent variables are an indicator for
manipulating the firm identifier, the log of the aforementioned indicator,
and the inverse hyperbolic sine of it in column 1, 2, and 3 respectively. All
statistics are calculated across firm-year observations. SE are clustered at
the municipality level. Stars: * for p<.10, ** for p<.05, and *** for p<.01.
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