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Abstract

We provide a new assessment of the effect of hospital proximity in an emer-
gency situation exploiting the exogenous variation in the proximity to cities that
are legally allowed to have a hospital based on their population size. Based on
Italian municipal data, our instrumental variable results show that a one-standard-
deviation increase in the distance to the nearest hospital (5 km) raises the fatality
rate by 13.84% at the sample average. This figure is equal to 0.92 additional
deaths per 100 accidents. We show that both OLS and DD estimates, gener-
ally used in the literature, provide a downward-biased measure of the true effect
of hospital proximity because they do not fully solve spatial sorting problems.
Proximity is more important when the level of road safety is low, when emer-
gency services are less responsive, and when the nearest hospital has relatively
low quality standards.
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1 Introduction

In an emergency situation, being close to rather than far from a hospital can greatly

affect the probability of survival. Although the importance of hospital proximity might

be intuitive in many circumstances, assessing the overall costs of a change in the dis-

tance to a hospital facility has several empirical challenges. First, endogeneity problems

arise when assessing the life-saving effect of hospital proximity using data on common

life-threatening pathologies such as cardiac arrests or strokes.1 Hospital locations and

quality are rarely random: compared to rural areas, urban areas are covered by more

and better-quality hospitals. Likewise, people who are more likely to use healthcare

services tend to live near hospitals rather than far from them, leading to the problem

known as spatial sorting. Second, a variation in proximity can potentially generate both

costs and benefits, and calculating this effect is not easy. For instance, when the in-

crease in distance to the nearest hospital is due to hospital mergers, a benefit may arise

because larger hospitals (i.e., high-volume-hospitals) can provide higher-quality services

compared with the services of small hospitals (i.e., low-volume-hospitals).2

Although a proper cost-benefit analysis has not been implemented so far, the exist-

ing literature has addressed spatial sorting exploiting hospital closures, as they result

in changes in hospital proximity. Papers using this identification strategy, which we

define as the “closure approach”, have shown that hospital proximity does reduce acute

myocardial infarction (AMI) mortality rates (Buchmueller et al., 2006; Advic, 2014).

Although the closure approach should be preferred over other approaches because it

relies on stronger identifying assumptions than a basic OLS approach, it does not fully

solve the spatial sorting problem. The approach assumes that closures are random,

which is rarely the case in either public or private healthcare systems: smaller and less

efficient hospitals are more often the target of closures (Lindrooth et al., 2003; Capps

et al., 2010).

In this paper, we provide a new assessment of the life-saving effect of hospital proxim-

ity that differs from the existing literature in both the outcome used and the econometric

identification strategy. Our outcome of interest is the fatality rate of road-traffic acci-

dents (i.e., the number of deaths relative to the number of accidents) at the municipal

level for nearly 8,000 Italian municipalities as recorded from 2000 to 2012. Road-traffic

accidents represent an emergency situation (Pons et al., 2005) in which the patient

cannot choose where she will be hospitalized, as the emergency service will make the de-

1According to the medical literature, the first 90 minutes are crucial to surviving cardiac arrest,
and the 60 minutes after the first stroke symptoms are often called the golden hour (Saver et al., 2010).

2Additionally, the calculation of net benefits from the reallocation of facilities is complicated by the
fact that new or remaining hospitals could register longer waiting lists depending on the new definition
of the catchment area.
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cision on her behalf.3 Moreover, avoiding a specific cardiovascular pathology raises fewer

concerns regarding spatial sorting (Bentham, 1986), although these concerns cannot be

completely ruled out: for instance, if more severe accidents occur closer to hospitals, as

shown in Section 4.3, then OLS estimates are biased. As a consequence, our contribu-

tion can be considered an improvement of the existing literature on the link between

road-traffic accidents and proximity to an emergency care department (Brodsky and

Hakkert, 1983; Bentham, 1986), which does not address the possible spatial sorting of

accidents.

As a consequence of using road-traffic fatality rates as our outcome, our primary focus

is the absolute distance to the nearest hospital, and we define proximity as this distance.

Hence, our contribution also differs from the literature that exploits the differential

distance between the nearest hospital and a hospital providing a specific treatment or

characterized by a certain quality level to instrument for the probability of receiving a

specific treatment/quality of care (e.g., McClellan et al., 1994; Kessler and McClellan

2000) or the role of proximity in the decision to be hospitalized in the first place (e.g.,

Daysal et al., 2015).

By contrast, we apply an instrumental variable (IV) approach to address the spatial

sorting of accidents. Our identification exploits a population size requirement that has

constrained the location of Italian hospitals since 1968. A 1968 law (n.132/1968) set the

minimum population size required to open a new hospital at 25,000 residents. Hence,

we instrument the distance to the nearest hospital between 2000 and 2012 using the

distance to the nearest municipality that right after the 1968 law counted slightly more

than 25,000 inhabitants. We use the population from the 1971 census, which is the

first available census following the 1968 law, to identify those municipalities with more

than 25,000 inhabitants as those most likely to have a hospital. As shown in Section

3, the population in 1971 is chosen, because the Italian healthcare system was officially

inaugurated in 1978 and because it is also representative of the distribution of the census

population around the 25,000 threshold in the 1981, 1991, and 2001 censuses.

Overall, our strategy exploits “selected” randomness in the geographical distribution

of municipalities in 1971 to explain the life-saving effect of hospital proximity. In other

words, we justify the randomness of the instrument with respect to road-traffic fatality

rates by testing our model on different samples, as described in Section 3. Our sample

selection is based on a simple intuition. Suppose that three municipalities counted fewer

than 25,000 inhabitants in 1971, and hence, they are all less likely to have a hospital

during our observational period (2000-2012). However, municipality one, which was

3In contrast to what happens in the US (Graves et al., 2015), patients in a public healthcare system
are not allowed to direct the ambulance to a specific hospital, and the ambulance does not have the
discretion to decide where to transport the patient. However, in the US, such discretion is also meant
to be limited in an emergency situation.
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the nearest municipality counting more than 25,000 inhabitants in 1971, had 150,000

inhabitants, while municipalities two and three were located near municipalities with a

30,000 and 45,000 inhabitants, respectively. Because being near to a 150,000-inhabitant

municipality in 1971 could directly affect road-traffic fatality rates in the present, for

example, through levels of local development,4 we define our reference sample as includ-

ing all municipalities that counted fewer than 25,000 inhabitants in 1971, that do not

currently have a hospital, and for which the nearest municipality with more than 25,000

inhabitants in 1971 counted a maximum of 50,000 inhabitants. However, our results are

robust to alternative definitions of the reference sample. Additionally, our results are

robust to the use of a different way to measure proximity, using travel distance rather

than Euclidean distance.

Our IV results show that a one-standard-deviation increase in the distance to the

nearest hospital, equal to 5 km, induces an increase of 0.92 percentage points in the

road-traffic fatality rate (13.84% at the mean fatality rate). This figure is equivalent to

an increase in the number of deaths by 0.92 per 100 accidents. Using a measure of the

value of a statistical life (VSL) provided by the OECD (2012), we can assign a specific

monetary value to the observed effect: decreasing hospital proximity by a standard

deviation costs society 3.82 million euros per 100 accidents. In 2012, the EU counted

1,077,700 road-traffic accidents (EC, 2015), and the US had 5,615,000 police-reported

accidents (NHTSA, 2014).

Comparing the IV results to the point estimates of both a basic ordinary least squares

(OLS) and a difference-in-differences (DD) estimation, we show that both the OLS and

DD estimates are downward biased. Using descriptive data from two Italian regions

for which we have additional information on road-traffic accident types and the fatality

rates for each accident type, we explain the downward bias in the OLS estimates as

evidence of spatial sorting in the severity of accidents.5 Our results show how an OLS

model underestimates the actual effect of being near a hospital because the most severe

accidents tend to occur in the proximity of a hospital.

We investigate three possible channels for the importance of proximity by exploiting

differences in road safety captured by the North-South difference in the level of road

safety, the characteristics of emergency services, and the characteristics of the nearest

hospital. The analysis of channels indicates that proximity is more relevant when the

level of road safety is low (i.e., more severe accidents); when emergency services are

poorly equipped for rapid, effective interventions (i.e., low levels of radio coverage, low

4Although we control for elements correlated with local development, such as population density
and income levels, some concerns may remain.

5This bias reconciles our findings with both the evidence from Yamashita and Kunkel (2010), who
show that hospital proximity has no significant impact on heart disease mortality rates once the socio-
economic characteristics of patients are considered, and the evidence from Advic (2014), who assesses
the impact of proximity only for the first year after a hospital closure.
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usage of helicopters and medical cars); and when the nearest hospitals are of low quality,

as proxied by the various measures described in Sections 2.3 and 5.3.

Overall, the policy implications of our analysis should be viewed cautiously for at

least two reasons. First, our focus is on the costs associated with decreased proximity in

emergency situations. Results for non-emergency care might provide a different picture.

In Appendix B, we test our models using a different outcome: maternal screenings for

pregnant women. We find that although proximity is relevant to road-traffic fatalities,

it does not robustly affect the incidence of maternal screenings. Therefore, the best

response to a decrease in proximity might differ depending on the type of procedure and

might require an overall evaluation. Second, consistent with the literature, a cost-benefit

analysis of a change in proximity is beyond the scope of our work; as a consequence, we

draw policy implications only on the basis of the cost analysis.

The remainder of the paper is organized as follows. Section 2 provides a basic

overview of the institutional background and accounts for the data that we use. In

Section 3, we define our identification strategy, and Section 4 presents the descriptive

statistics and results. The analysis of the mechanisms behind the importance of prox-

imity is provided in Section 5. Section 6 concludes the paper.

2 Institutions and Data

Designed in 1992 (i.e., DPR March 27, 1992), emergency care service in Italy consists of

operative headquarters (Centrali Operative) organized on a provincial basis (Giorgetti,

2012).6 The service receives emergency calls through a toll-free, 24-hour public first aid

number (i.e., 118). The calls are managed by headquarters dispatchers, who coordinate

the activities of emergency personnel. Headquarters dispatchers are a mix of trained

responders and medical personnel (i.e., physicians). In particular, operative headquar-

ters are responsible for activating the closest available ambulance and for identifying the

closest emergency department.7 According to the 1992 legislation on emergency care,

victims should receive proper hospital assistance within 20 minutes, at most, of being

reached by the ambulance.

Between 2000 and 2012, 723 public hospitals were offering emergency care services.8

Through information provided by the Ministry of Health, we geocoded their positions

6 Italy counts almost 8,000 municipalities, 110 provinces and 20 regions. Before 1992, the emergency
care network was operated by non-profit organizations responsible for ambulance services and by public
hospitals. The system was quite decentralized and, in a way, similar to the US emergency service.

7Municipalities along regional borders can benefit from the assistance of hospitals just across the
border when those hospitals are nearer than in-region hospitals. Our sample contains 414 municipalities
for which the nearest hospital is in another region.

8Nearly all public hospitals offer emergency care, which is why we refer to hospital and emergency
departments interchangeably. A few exceptions coincide with rehabilitation and/or geriatric facilities
(i.e., 43 facilities). Private hospitals do not belong to the 24-hour public first aid service.
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and calculated the Distance for nearly 8,000 Italian municipalities. Distance is the

Euclidean geographical distance from each municipality centroid to the centroid of the

nearest municipality with a hospital.9 Therefore, as a proxy for the travel distance to

the nearest hospital, we use straight-line or “as the crow flies” distances. Because we

lack specific information on accident locations, the use of the centroid is a reasonable ap-

proximation, especially when the reach of the municipality is small, as in the case of our

subsamples. However, we could reasonably expect that the Euclidean distance between

two centroids may differ from the actual travel distance (i.e., road distance), especially

for mountain municipalities. Figure A1 in Appendix A provides an example of how the

two measures can differ. Hence, we calculate the road travel distance using STATA and

Google Geocoding by exploiting additional information on hospital addresses. First,

addresses were geocoded via Google Geocoding API V3 using the user-written STATA

program traveltime3.ado. The same STATA program was then used to calculate the

actual road distance and driving time from each municipality centroid to the address

of the closest hospital. This alternative measure of Distance has been computed for all

municipalities and hospitals such that the robustness of the main results can also be

tested using this measure of distance.

We merge the data onDistance with a set of data on road-traffic accidents, provincial-

level data on available emergency services, and data on hospital performance.

2.1 Road-traffic Accident Data

Given the lack of data at the accident level, we use the information collected by the police

and processed by the National Institute of Statistics at the municipal level. Road-traffic

accidents are recorded by place of occurrence rather than on the basis of the home

municipality of the people involved in the accidents. This dataset provides information

on the number of accidents and the number of deaths. Using these data, we construct

our outcome of interest, Fatality, as the ratio between the number of deaths and the

number of road-traffic accidents at the municipal level. Distinguishing between death

before and death after hospitalization is not possible. Road-traffic fatalities are classified

in only 2 categories: within the first 24 hours and within 30 days. The available data

do not specify these two categories, but even with this additional information, we would

not be able to identify deaths on impact. Therefore, our estimates should represent a

lower bound of the true effect of proximity on fatality rates.

9Centroids are defined as the center of mass of a polygon within the polygon boundaries, and
their coordinates are retrieved using a geographical information system (GIS). Based on a shape file
containing polygons for all Italian municipalities, the latitude and longitude coordinates of centroids
are calculated using a center-of-gravity-based algorithm. Next, we use these coordinates to compute
the Euclidean geographical distance from each municipality centroid to the centroid of the closest
municipality with a hospital.
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2.2 Emergency Network Data

Data on emergency services are useful to disentangle the channels that make hospital

proximity more or less relevant. There are no yearly data on the characteristics of the

Italian emergency care service, but in 2005, all headquarters participated in a survey

administered by the Ministry of Health, which provides accurate information on the

characteristics of the system on a certain date (Ministero della Salute, 2007). In 2005,

103 operative headquarters were managing calls through the 118 emergency number. Of

the information available through the survey, we focus on four variables for which the

response rate was 100%.

The first is the extent of radio coverage. Radio frequencies are used for the commu-

nication between headquarters and ambulances throughout an emergency intervention.

For instance, headquarters are informed about victims’ conditions via radio, and via

radio they direct ambulances to a hospital destination. Consequently, wider radio cov-

erage ensures more reliable and extended communications between headquarters and

ambulance staff. Second, we recover data on the number of helicopter interventions out

of the total number of interventions per operative headquarters. Air medical services

make it possible to reach and transport patients faster and provide a more stable ride

with fewer accelerations/decelerations and less vibration. These services also allow staff

to move patients from smaller or less well equipped hospitals to larger facilities once

the patient is stabilized. In 2005, there were 44 helicopter rescue points. The third

variable captures the prevalence of physicians among dispatchers at each headquarters.

Differences in the level of medical knowledge of dispatchers could result in variation

in the effectiveness of service. More highly trained dispatchers might be better skilled

at obtaining crucial information from callers, evaluating the severity of injuries, and

understanding the type of first intervention needed. Finally, we derive the incidence of

medical cars per headquarters. This type of emergency vehicle is not designed to trans-

port patients, but is meant to transport trained medical staff to the accident location.

Medical cars allow doctors to treat/stabilize victims at the scene while waiting for an

ambulance. Moreover, such vehicles may reduce response time because, for example,

medical cars can move faster and more easily through bumpy and/or busy roads than

full-sized ambulances can. The pictures in Figure A2 in Appendix A provide insight

into the differences between an ambulance and a medical car.

2.3 Hospital Data

The structural characteristics of the nearest hospital, such as hospital size, hospital type

(teaching vs. non-teaching), management, and performance indicators, might be impor-

tant channels for understanding the role of hospital proximity. Because information on
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hospital characteristics such as the number of beds or wards is not available for the entire

sample of hospitals, we recovered data on hospital volumes from the National Plan Out-

comes (Piano Nazionale degli Esiti), a monitoring program operated by the Ministry

of Health since 2007. In 2010, the plan held the most comprehensive set of information

for 608 hospitals.10 High volumes are negatively correlated with lower mortality rates

per procedure (Luft et al.,1990). The intuition is that high-volume hospitals benefit

from the learning by doing process while low-volume hospitals do not (Nuffield Insti-

tute for Health, 1996; Ho, 2000; Sound, 2010; Kristensen et al., 2014).11 Consequently,

high-volume hospitals are considered higher-quality hospitals.

Among the different procedures monitored by the program, we collected volumes for

the following: acute myocardial infarctions (AMI), strokes, non-oncological surgeries,

and congestive heart failures (CHF). The first two were selected because they are pri-

marily related to emergency services. Non-oncological surgeries and CHF help us to

control for skills that could be useful to help the victim of a crash through an initial

intervention. However, we do not use information on the volumes of each procedure indi-

vidually because low volume for a single procedure may be not particularly informative

in terms of expectations of overall quality (McClellan and Staiger, 1999). Therefore, we

combine the information in a unique indicator representing the z-score average among

all four z-score volume indices as in Bloom et al. (2015).

3 Econometric Strategy

We begin by estimating a basic OLS model in which distance to the nearest hospital,

Distance, is our variable of interest, explaining variations in the fatality rates of road-

traffic accidents, Fatality, as described in Equation 1:

Fatalitymt = δDistancem + Z
′

mσ +X
′

mtτ + γh + πp + βt + ǫmt (1)

where γh are the nearest hospital fixed effects, πp are provincial fixed effects, and

βt are year fixed effects.12 The provincial fixed effects account for the organization of

the emergency operative headquarters, which are managed at the provincial level. The

nearest hospital fixed effects allow us to control for differences in hospital characteristics,

10Data on mortality rates are not available for every hospital and are not risk adjusted to the hospital
case mix (i.e., the type of patients treated). Beginning in 2011, risk-adjusted data are available for a
low number of hospitals, and treatment volumes are no longer reported.

11However, the drivers of such correlation are not always clear. See Wang (2003).
12Both the nearest hospital fixed effects and the provincial fixed effects can be estimated because

the nearest hospital is not necessarily located in the same province as municipality m. Our dataset
contains 1,480 municipalities for which the nearest hospital is located in another province.
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such as their size, their managerial organization and, to some extent, their performance.

Standard errors are clustered at the municipal level to address serial correlation prob-

lems. Z
′

m and X
′

mt are vectors of municipal characteristics that can affect the probability

of having an accident and the speed with which first aid arrives. Z
′

m includes a categori-

cal variable for municipal altitude and a dummy for coastal municipalities. Conditional

on distance, first aid could encounter greater difficulties in reaching an accident in a

mountain municipality. Moreover, coastal municipalities implement special emergency

plans for tourists because they experience a substantial increase in population during

the spring-summer season. Finally, X
′

mt includes population density and the yearly

average income.13 The average income approximates the financial resources available

to municipal administrations through local taxation, with wealthier municipalities ex-

pected to have infrastructure systems that are in better condition (e.g., more street

lighting, better road paving). Population density controls not only for the rapidity with

which an injured person can receive assistance but also for the greater use of private

transportation and a higher likelihood of road-related accidents being reported as we

move from urban to rural areas (Clark and Cushing, 2004).

We expect that δ in Equation 1 is not correctly identified when using OLS whenever

the type/severity of accidents is not randomly distributed across nearby hospitals. The

use of controls for the emergency service (i.e., provincial fixed effects) and the charac-

teristics of municipalities might not be sufficient to overcome spatial sorting problems.

Consistent with previous works, we identify δ by modifying the model in Equation 1

as reported in Equation 2, which defines a DD approach. From 2000 to 2012, 29 hos-

pitals were converted to rehabilitation centers and thus were considered closed as far

as emergency services are concerned.14 Treatedm is a dummy variable equal to 1 if,

for municipality m, the distance to the nearest hospital changed during our period of

interest. In this specification, Distance changes at the municipal level according to the

closure year.15

Fatalitymt = δDistancemt + λTreatedm + Z
′

mσ +X
′

mtτ + γh + πp + βt + ǫmt (2)

However, even the DD approach does not completely eliminate concerns regarding

13For a better explanation of the variables, see Table A1 in Appendix A.
14Four hospitals were closed and 25 hospitals were converted into rehabilitation or geriatric struc-

tures, which do not have an emergency department. During the same period, 20 hospitals with an
emergency department were opened, and among of these, 17 are located in a municipality with more
than 25,000 inhabitants.

15Hence, Distancemt=Distancem*After Treatment, with After Treatment=1 if t≥t0, with t0
being the year of the structure’s conversion to a rehabilitation center. In Equation 2, we also do not
control for After Treatment because we are using year fixed effects.
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the correct identification of δ for at least three reasons. First, we know that the deci-

sion to close hospitals is not random. Generally, the targets for closure are hospitals

that are smaller and less efficient, and have lower-quality standards.16 In addition, in

public healthcare systems, electoral concerns can affect the decision to close a facility;

see Bloom et al. (2015). Second, defining the exact time of a hospital closure is not

always straightforward. A progressive closure of wards often occurs; while some are shut

down, others remain operative. Hence, a sharp definition of closure can be problematic.

Finally, as hospital closures are not a particularly common event, this approach relies

on variations affecting only a very small proportion of observations. For instance, in our

dataset, the DD exploits the changes in Distance for approximately 0.04%-0.03% of all

municipalities.

To overcome endogeneity problems affecting both the basic OLS and the DD es-

timator, we exploit a 1968 Italian law that constrained the minimum population size

required to open a new hospital to 25,000. Before that year, hospital locations reflected

the location of care centers that had been in place since the beginning of the previous

century and long before that time in larger cities. The 1968 legislation was intended to

reorganize the entire healthcare system. The reorganization had three primary mecha-

nisms: mergers of existing facilities, a set of rules for new facilities, and the acquisition of

existing private facilities by the public healthcare system.17 The 1968 legislation is par-

ticularly important because it established the setting for the creation of a new national

healthcare system, which was finally inaugurated in 1978. As a consequence, we use the

distance from each municipality (centroid) to the nearest municipality (centroid) that

counted more than 25,000 inhabitants in 1971 (i.e., the first census after 1968) as an

instrument to measure the real effect of the distance to the nearest hospital on fatality

rates.18 Figure 1 shows the distributions of Distance and Distance 71.

Not every municipality above the 25,000 population threshold in 1971 had a hospital

in 2000-2012. However, some municipalities below that threshold do have a hospital.

16For instance, a 2013 resolution by the Italian government sets the threshold for defining small
hospitals that should be closed to 120 beds. The majority of European countries have repeatedly
lowered the number of acute beds per 1,000 inhabitants to limit the number of hospitals (McKee, 2004;
Busse et. al., 2001; Koppel et al., 2008).

17Before War War II, a systematic attempt to reorganize the healthcare system was conducted based
on the Royal Decree of 30 September 1938, n.1631, and the Prime Minister Decree of 20 July 1939.
For example, the location of hospitals was constrained to a set of specific criteria according to which
the designated area had to be easily accessible.

18In Table A3, we provide descriptive evidence that municipalities in the 10,000-25,000 range in 1971
remain in the same population range in later census counts through 2001. Hence, the distribution of
the population across the 25,000 threshold in 1971 remains stable in the following decades. Using the
1971 census also has the advantage of considering the long process often required when a new hospital
needs to be opened. For instance, the plan to open of a hospital at Castelvetrano began in the 1970s,
stopped during the 1980s, and then restarted, with the hospital opening in 1992. The speed of the
authorization-construction process has not increased in recent times. Bargaining to open a new hospital
in Padoa began in 2006. As of 2014, only bureaucratic papers had been filed, and construction has yet
to begin.
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Figure 1: Distance Distribution

Notes: Distances are measured in kilometers from centroid to
centroid. If the distance to the nearest hospital is equal to
zero, then the municipality counts at least one hospital.

We estimate the effect of Distance on Fatality through two-stage least squares (2SLS)

using Distance 71 as an instrument for Distance, and hence, the second- and first-stage

equations are the following:

Fatalitymt = αDistancemt + Z
′

mσ +X
′

mtτ + γh + πp + βt + ǫmt (3)

Distancemt = λDistance 71m + Z
′

mσ +X
′

mtτ + γh + πp + βt + υmt (4)

To correctly identify the effect ofDistance on Fatality, our instrument, Distance 71,

must satisfy two conditions. First, the instrument must be highly correlated with the

instrumented variable, Distance, which is easily verifiable through the first-stage statis-

tics. Second, the instrument must affect Fatality only through Distance; it must be

orthogonal to other unobservable characteristics. In other words, our identification re-

lies on the randomness of the geographical distribution of municipalities in 1971. We

defend this untestable assumption by identifying the reference sample in different ways.

The randomness of the instrument is more plausible when we compare municipalities

that were close to centers just above 25,000 inhabitants in 1971, which is why we test

our specifications with five differently specified samples.

The first sample includes all municipalities, as shown by the example in Panel (a)

of Figure 2, which also displays the other four samples. We construct a second sample

that includes all municipalities with fewer than 50,000 inhabitants in the 1971 census for

which distance to the nearest hospital is different from zero, as these municipalities do

not have a hospital. The aim is to exclude metropolitan areas and large cities that, in

11



addition to having more and better hospital services, might also have better emergency

response times. In the third sample, we exclude all municipalities for which Distance 71

is equal to zero and retain all municipalities with fewer than 25,000 inhabitants in the

1971 census. These municipalities are less likely to have a hospital on the basis of the

1968 reform. However, we might still be including municipalities located on the outskirts

of large cities. All other things equal, being a municipality on the outskirts of Rome

or Milan might have some effect on road-traffic fatality rates. Hence, we define the

fourth sample as municipalities that had fewer than 25,000 inhabitants in 1971 and for

which the nearest municipality had a population between 25,000 and 50,000 inhabitants.

Finally, the fifth sample is the same as the fourth, except for the exclusion of those

municipalities that have a hospital even if they had fewer than 25,000 inhabitants in

1971. The results from the fifth sample are our baseline specification.

Figure 2: Samples

(a) 1 (b) 2

(c) 3 (d) 4 (e) 5

Notes: The figure provides an example of our different subsamples using the municipalities of Lombardia. (1)
All Lombard municipalities. (2) Municipalities with fewer than 50,000 inhabitants and no hospital in 1971. (3)
Municipalities with fewer than 25,000 inhabitants in 1971. (4) Municipalities close to a city with a population
between 25,000 and 50,000 inhabitants and with fewer than 25,000 inhabitants in 1971. (5) Municipalities close
to a city with a population between 25,000 and 50,000 inhabitants with fewer than 25,000 inhabitants and no
hospital in 1971.
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4 Empirical Analysis

4.1 Descriptive Statistics

As reported in Table 1, from 2000 to 2012, the overall average distance to the nearest

hospital was equal to 8.56 km, while the corresponding fatality rate was approximately

6 deaths for every 100 accidents (i.e., 6.046). In the fifth sample, these measures were

slightly higher: 6.68 deaths for every 100 accidents, located 9.6 km from the nearest

hospital on average. The increased distance is driven by the dropped municipalities

with Distance equal to zero. Every subsample shows a positive correlation between

Distance and Fatality, as clearly shown in Figure 3, where we plot the correlation

between the distance to the nearest hospital and the fatality rate in an interval between

0 and 20 kilometers.

Table 1: Descriptive Statistics

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Fatality Rate 6.046 6.357 6.236 6.519 6.687
(17.408) (18.153) (17.794) (18.521) (19.094)

Distance 8.560 9.648 8.927 8.821 9.625
(5.562) (5.400) (4.934) (5.548) (5.088)

Distance 1971 18.471 17.621 18.106 17.717 17.457
(12.350) (11.982) (12.007) (12.033) (11.978)

Population 348.741 308.453 301.387 326.133 320.37
density (693.712) (559.866) (623.087) (641.207) (655.733)

Income 16,399 16,252.88 16,303 16,069 16,011.34
(3,859.57) (3,820.376) (3,830.16 ) (3,859.97) (3,874.01)

Plains 54.501 54.182 53.59 56.124 56.607
(49.797) (49.871) (49.825) (49.624) (49.562)

Partially 8.866 7.571 8.304 8.128 7.389
mountainous (28.425) (27.594) (26.455) (27.327 ) (26.159)

Totally 36.634 38.246 38.106 35.748 36.004
mountainous (48.181) (48.599) (48.565) (47.926) (48.002)

Coastal 9.291 7.469 8.093 9.734 8.971
(29.03) (26.289) (27.273) (29.642) (28.577)

Observations 81,212 71,900 77,473 42,296 38,790

Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: Distance and Distance 1971 are in kilometers. For the overall sample, the average Distance in miles is 5.561 (sd
3.802), and the average for 1971 in miles is 11.840 (sd 7.118). Income is in per capita 2012 euros.
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Figure 3: Descriptive Evidence

Notes: Sample 1: All Italian municipalities. Sample 2: Mu-
nicipalities with fewer than 50,000 inhabitants and no hospital
in 1971. Sample 3: Municipalities with fewer than 25,000 in-
habitants in 1971. Sample 4: Municipalities with fewer than
25,000 inhabitants and close to a city with a population be-
tween 25,000 and 50,000 inhabitants in 1971. Sample 5: Mu-
nicipalities close to a city with a population between 25,000
and 50,000 inhabitants with fewer than 25,000 inhabitants and
no hospital in 1971. The third-order polynomial approxima-
tion is a polynomial of the population of the nearest munici-
pality that had at least 25,000 inhabitants in the 1971 census.

The majority of municipalities are in plains areas (54.5-56.6%), and approximately

9% of them are coastal. The taxable income is substantially stable across all subsamples

at slightly above 16,000 euros (2012 euros), whereas the population density ranges from

301 (sample 3) to 348 (sample 1) inhabitants per square kilometer.

4.2 Results

Tables 2, 3, and 4 show the results obtained using different methods.19 Table 4 also re-

ports the evidence from the first stage, which highlights the strength of our instrument.

The significance of the effect of hospital proximity on fatality rates is assessed by every

method and in every sample. In addition to our coefficient of interest, we observe a neg-

ative relationship between population density and fatality rate, although the estimated

effect is not significant in our reference sample. Our findings are consistent with the

expectation that fatality rates are higher when a municipality is in a mountain region

rather than on a plain. By contrast, fatality rates in coastal areas are lower, probably

because of special arrangements concerning emergency interventions related to tourist

seasons. Finally, fatality rates are significantly and negatively affected by income.

As stated, the results from the fifth sample are our baseline specification. Although

the direction of the effect of Distance on Fatality is consistent across Tables (2)-(4), the

magnitude of the effect changes from the OLS to the IV estimation, with the OLS coef-

19In Appendix A, Tables A4 and A5, we show the results without controls and without fixed effects.
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ficients being almost one-third of the IV coefficients. Based on Table 2, a 1-km increase

in Distance induces a 0.057-percentage-point increase in Fatality, which is equivalent

to an average increase of 0.85% at the mean of Fatality in the fifth sample. The DD

results are similar: a 0.059-percentage-point increase per kilometer (i.e., 0.88% relative

increase) and a 0.29-percentage-point increase (i.e., 4% relative increase in Fatality)

when Distance increases by one standard deviation (i.e., 5 km). The IV estimate yields

different results. A 1-km increase in Distance is equal to a 0.18-percentage-point in-

crease in Fatality, and a one-standard-deviation increase produces a relative increase of

13.8% in Fatality. After an increase of 6 kilometers, an additional death is registered

every 100 accidents. Results are robust to the use of travel distance, as shown in Table

A6.

Table 2: OLS Results: Fatality Rate

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Distance 0.077990*** 0.070972*** 0.080753*** 0.076237*** 0.057216**
(0.011698) (0.016457) (0.012863) (0.018938) (0.024741)

Population -0.000110 -0.000332*** -0.000347*** -0.000157 -0.000200
density (0.000069) (0.000090) (0.000104) (0.000122) (0.000129)

Income -0.000204*** -0.000226*** -0.000223*** -0.000222*** -0.000219***
(0.000030) (0.000034) (0.000032) (0.000048) (0.000051)

Partially 0.497835** 0.534799* 0.493608* 0.823569** 0.858038*
mountainous (0.247413) (0.294881) (0.267080) (0.411126) (0.459074)

Totally 1.091789*** 1.156637*** 1.034014*** 1.293337*** 1.456345***
mountainous (0.220196) (0.235409) (0.226445) (0.335089) (0.352876)

Coastal -1.478114*** -1.746598*** -1.650995*** -1.320412*** -1.386560***
(0.267865) (0.319496) (0.299875) (0.351364) (0.381325)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Observations 81,212 71,900 77,473 42,296 38,790
Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: All coefficients and standard errors are multiplied by 100. For the mountain dummies, Plain is the reference category. Robust standard errors
are clustered at the municipal level in parentheses. Significance at the 10% level is represented by *, at the 5% level by **, and at the 1% level by
***.
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Table 3: Difference-in-Differences Results: Fatality Rate

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Distance 0.079230*** 0.072979*** 0.082245*** 0.077153*** 0.059104**
(0.013561) (0.018959) (0.014831) (0.019911) (0.026893)

Population -0.000132* -0.000341** -0.000364*** -0.000184 -0.000228
density (0.000068) (0.000134) (0.000137) (0.000154) (0.000159)

Income -0.000198*** -0.000220*** -0.000218*** -0.000220*** -0.000216***
(0.000039) (0.000044) (0.000041) (0.000067) (0.000071)

Partially 0.481324** 0.501509* 0.476683* 0.799039** 0.819138*
mountainous (0.239988) (0.279715) (0.250896) (0.394277) (0.434629)

Totally 1.078415*** 1.144031*** 1.021295*** 1.195917*** 1.342514***
mountainous (0.224157) (0.237268) (0.346643) (0.254357) (0.367683)

Coastal -1.509297*** -1.738911*** -1.649860*** -1.336452*** -1.403661***
(0.415405) (0.430834) (0.435377) (0.493168) (0.475039)

Treated 0.357777 0.283175 0.340378 -0.130186 -0.211161
(0.390480) (0.423886) (0.401121) (0.594810) (0.637461)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Observations 81,212 71,900 77,473 42,296 38,790
Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: Treated is a dummy equal to 1 if the municipality experienced an increase in Distance. All coefficients and standard errors are multiplied
by 100. For the mountain dummies, Plain is the reference category. Robust standard errors are clustered at the municipal level in parentheses.
Significance at the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.
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Table 4: Results: IV

All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest <50,000 + Nearest <50,000

+ No Hosp
(1) (2) (3) (4) (5)

Second-stage Statistics: Dependent Variable: Fatality Rates

Distance 0.133046*** 0.161345*** 0.171407*** 0.200083*** 0.184622***

(0.034209) (0.045019) (0.048804) (0.062600) (0.060345)

Population -0.000014 -0.000224** -0.000156 0.000076 -0.000039
density (0.000086) (0.000098) (0.000136) (0.000161) (0.000143)

Income -0.000159*** -0.000195*** -0.000166*** -0.000150** -0.000188***
(0.000040) (0.000036) (0.000044) (0.000059) (0.000052)

Partially 0.525249** 0.490236* 0.528543** 0.842333** 0.808384*
mountainous (0.247582) (0.295406) (0.267710) (0.411511) (0.459969)

Totally 1.019429*** 1.006483*** 0.924192*** 1.127568*** 1.220090***
mountainous (0.222768) (0.244257) (0.232689) (0.343181) (0.365044)

Coastal -1.510444*** -1.906536*** -1.780349*** -1.538118*** -1.655487***
(0.268506) (0.327479) (0.307917) (0.367591) (0.398066)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.323831*** 0.2808056*** 0.2529376*** 0.2826263*** 0.3051474***
(0.0156788) (0.015016) (0.0164885) (0.0220843) (0.0202948)

R2 0.509 0.567 0.491 0.557 0.634
Adj R2 0.504 0.562 0.486 0.55 0.628
Partial R2 0.119 0.122 0.072 0.094 0.151
Robust F 426.553 349.678 235.301 163.768 226.064

Observations 81,212 71,900 77,473 42,296 38,790
Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: All coefficients and standard errors are multiplied by 100. For the mountain dummies, P lain is the reference category.
Robust standard errors are clustered at the municipal level in parentheses. Significance at the 10% level is represented by *, at
the 5% level by **, and at the 1% level by ***.

To better appreciate the practical implications of the estimated effects of hospital

proximity, in Table 5, we present calculations for increases in distance to the nearest

hospital of up to 30 kilometers. We also provide a travel time proxy for the increased

distance based on three possible traveling speeds (i.e., 50, 70, and 90 km/h).20 A 5-

kilometer increase in Distance translates into 3 to 6 minutes of increased travel time,

whereas an increase of 10 kilometers corresponds a travel time that is nearly 7 to 12

minutes longer. In addition to translating the results into relative increases in the fatality

rate and additional deaths per 100 kilometers, we assign some monetary value to the

additional loss of life using the value of a statistical life (VSL). The VSL measures

20Using data on Sweden, Petzäll et al. (2010) estimated the average speed of emergency transporta-
tion at 85.8 km/h. However, the actual speed depends on many factors, including traffic density, speed,
and weather conditions. Therefore, providing a sharper translation of travel time is complicated.
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the tradeoff between wealth and fatality risk. This value represents the amount of

money that society is willing to pay to avoid fatal risks as well as the amount of money

that society is willing to accept to assume such risks. Despite its limitations, the VSL

provides governments with a reference point for assessing the benefits of risk reduction

efforts (Viscusi and Aldy, 2003, p.5) and is widely used in the evaluation of public

policies such as environmental safety, road safety, and health regulations (Ashenfelter,

2006). This reference point should be considered a lower bound of the true costs of the

loss of a human life because, by definition, it does not include the effects of the loss on

the victim’s relatives.

Several approaches can be used to quantify the VSL conditional on the policy eval-

uated (e.g., road safety vs. environmental issues), and estimates differ from country to

country (Viscusi and Aldy, 2003). As a benchmark, we use the average EU-27 VSL as

measured by the OECD (2012). This approach allows us to state that every additional

kilometer costs 0.76 million euros per 100 accidents. A one-standard-deviation increase,

5 kilometers, will cost society 3.82 million euros per 100 accidents. Italy alone counted

188,228 road-traffic accidents in 2012. In the same year, the EU registered more than 1

million road-traffic accidents, and more than 5 million occurred in the US.
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Table 5: Simulated Effects of the IV Results

Distance Time Fatality Extra Deaths VSL
hospital (minutes&seconds) Rate (%) (100 accidents) (100 accidents mln euro)

(km) 50kmh 70kmh 90kmh

1 1.2 0.9 0.7 2.77 0.18 0.76
2 2.4 1.7 1.3 5.54 0.37 1.53
3 3.6 2.6 2.0 8.30 0.55 2.29
4 4.8 3.4 2.7 11.07 0.74 3.06
5 6.0 4.3 3.3 13.84 0.92 3.82
6 7.2 5.1 4.0 16.61 1.11 4.59
7 8.4 6.0 4.7 19.37 1.29 5.35
8 9.6 6.8 5.3 22.14 1.48 6.11
9 10.8 7.7 6.0 24.91 1.66 6.88
10 12.0 8.6 6.7 27.68 1.85 7.64
11 13.2 9.4 7.3 30.45 2.03 8.41
12 14.4 10.3 8.0 33.21 2.22 9.17
13 15.6 11.1 8.7 35.98 2.40 9.94
14 16.8 12.0 9.3 38.75 2.59 10.70
15 18.0 12.8 10.0 41.52 2.77 11.47
16 19.2 13.7 10.7 44.28 2.96 12.23
17 20.4 14.6 11.3 47.05 3.14 12.99
18 21.6 15.4 12.0 49.82 3.33 13.76
19 22.8 16.3 12.7 52.59 3.51 14.52
20 24.0 17.1 13.3 55.36 3.70 15.29
21 25.2 18.0 14.0 58.12 3.88 16.05
22 26.4 18.8 14.7 60.89 4.07 16.82
23 27.6 19.7 15.3 63.66 4.25 17.58
24 28.8 20.6 16.0 66.43 4.44 18.35
25 30.0 21.4 16.7 69.20 4.62 19.11
26 31.2 22.3 17.3 71.96 4.81 19.87
27 32.4 23.1 18.0 74.73 4.99 20.64
28 33.6 24.0 18.7 77.50 5.18 21.43
29 34.8 24.9 19.3 80.27 5.36 22.17
30 36.0 25.7 20.0 83.03 5.55 22.93

Notes: For these simulations, we use the coefficients in column (5) of Table 4. Fatality Rate=Number of deaths as
a share of road-traffic accidents. V SL=value of a statistical life; the reference value used is the average EU-27 value
of statistical life as measured by OECD (2012), which amounts to 4,131,970 euros.

4.3 Direction of the OLS Bias

Our findings show that the OLS estimates are downward biased: the OLS results are

lower bounds of the true effect. To provide insight into the negative OLS bias, we use

municipal data from the Lombardy and Veneto regions. For these two regions, which

account for 2,110 municipalities (26.10% of all Italian municipalities), we were able to

recover more information on the number of deaths per type of accident at the municipal

level. Hence, we can derive the fatality rate for accidents that occurred over weekends,

at night, in particular weather conditions, and on highways.21

21 However, we cannot combine the information on the types of accidents. In other words, we can
recover only the fatality rate over the weekend or at night, not over the weekend nights. Such detailed
information is not publicly available at the municipal level. We can refer only to some aggregate
statistics as reported in the text.
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Fatality rates might vary across different types of accidents in a systematic way: some

accidents are more severe than others. For instance, according to the Italian National

Institute of Statistics (ACI-ISTAT, 2013), the fatality rate is higher at night, largely

because of greater infringement of speed limits. Between 9 pm and 7 am, the fatality

rate is higher than average, peaking around 5 am. At night during weekends, fewer but

more severe accidents occur: 43% of nighttime accidents occur on Friday and Saturday

nights, when the fatality rate is approximately 42% (ACI-ISTAT, 2010).

Although the highest number of road-traffic accidents tends to be reported on urban

roads, the most severe accidents tend to occur on highways. For instance, in 2013,

highways showed a higher fatality rate (3.5%) than urban roads (1.7%) (ACI-ISTAT,

2014). Highways are safer by design, but they are higher-risk roads because of the higher

speed limits and the monotony of driving on them. Drivers’ alertness and driving

performance tend to decline in monotonous environments such as highways. Finally,

weather conditions also appear to play a relevant role. Rain and snow are associated

with only 11% of road-traffic fatalities, whereas the vast majority of deaths (79%) are

registered under good weather conditions (ACI-ISTAT, 2014). This tendency occurs

because in better weather conditions, the level of attention decreases because drivers

tend to underestimate the risk compared with, for instance, driving in fog.

We calculate the median distance (i.e., 6.58 km) to the nearest hospital for munici-

palities in Lombardy and Veneto. We then seek to determine any systematic difference in

the incidence of the most deadly types of accidents between municipalities located near

(Proximity=1 when Distance is less than 6.58) and far from a hospital (Proximity=0).

The intuition is that if the most deadly accidents tend to occur near a hospital, the true

effect of hospital proximity is systematically underestimated using an OLS model, as

proven by our results. If this occurs, then spatial sorting is occurring by accident type,

which explains the downward bias of the OLS estimator. The setting is intuitive. As-

sume that two potential deadly accidents occur near a hospital, but only one results in

a fatality because of hospital proximity. Far from the same hospital, two other accidents

occur, one potentially deadly and the other not deadly. Because of the distance to the

hospital, the outcome is one fatality. The final outcome is one death near the hospital

and one far from it, with zero effect of proximity. However, the alternative of not having

a hospital at all would have been two fatalities versus one fatality: the hospital actually

decreased the fatality rate by half. The graphical analysis presented in Figure 4 using

Lombardy and Veneto data confirms our insight.

The negative bias of the OLS estimates is important for two reasons. First, as already

anticipated, it emphasizes the importance of addressing problems of spatial sorting when

measuring the true effect of hospital proximity. Second, it increases the robustness of

our identification, making the concerns regarding omitted variable bias less plausible.
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nels. We first consider a generic approximation of the road safety level, then use the

characteristics of the emergency care service, and finally focus on some proxies for the

performance of the nearest hospitals. We generate dummies, D, for each characteristic

and interact them with Distance using our IV approach to estimate the model. For

each channel, we report the results for Distance in each subsample defined on D and

the significance of the difference between the two samples. This difference is robust to

a full set of interactions of Distance with covariates at the municipality level (i.e., pop-

ulation density, average income, the categorical variable for the municipality’s altitude,

and the dummy for coastal municipalities). The aim is to exclude the possibility that

the differential impact of Distance across samples is determined by other observable

confounding characteristics of municipalities.22 The results of this analysis are reported

in Table 6.

22The significance of the difference between the coefficients of Distance in the two subsamples is the
parameter λ of the following second-stage model for sample 5, as defined in Section 3:

Fatalitymt = δDistancem + λD ∗Distancem + αD +

Z
′

mσ +X
′

mt +Distancem ∗ Z
′

mχ+Distancem ∗X
′

mtρ+ γh + πp + βt + ǫmt

Where D is the dummy for each channel. For instance, for the heterogeneity of North vs. South,
D= 1 if a municipality is located in the South. See Table A1 for a detailed explanation of each dummy
used. Because we are dealing with two endogenous variables, we use two instruments to identify the
effect of distance: Distance 71 and Distance 71*D.
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Table 6: Heterogeneous Importance of Proximity

Quality as indicated by

Emergency Service Characteristics hospital characteristics

Road Radio Helicopter Physicians Medical Fixed Volume

Safety Coverage Use Cars Effects Levels

(1) (2) (3) (4) (5) (6) (7)

North Less Less Less Less Low Low

Distance 0.254020 0.607022*** 0.552258*** 0.331161* 0.672888*** 0.247323 0.351241**
(0.163881) (0.213547) (0.200626) (0.194035) (0.223870) (0.161053) (0.171130)

South More More More More High High

Distance 0.7187*** 0.26318** 0.25508* 0.48818** 0.38768** 0.4765*** 0.03364
(0.24059) (0.17762) (0.18568) (0.19181) (0.19289) (0.17237) (0.18779)

Difference 0.464677** -0.343842** -0.297181** 0.157017 -0.360285*** 0.229175** -0.317598**
(0.210398) (0.135986) (0.135602) (0.128261) (0.130393) (0.108655) (0.128496)

Observations 38,790 35,681 35,681 35,681 35,066 38,790 38,790
Municipalities 3,985 3,598 3,598 3,598 3,598 3,985 3,985

Notes: Dependent variable=Fatality. In models (2), (4), and (5), Less=below the median value and More=above the median value. For model
(3), Less=below the mean value and More=above the mean value. In models (6) and (7), Low=below the median value and High=above the
median value. In models (6) and (7), we also control for the interaction between Distance and South, and we include the dummy South in the
regressions. All models are run on the fifth subsample. Each model includes provincial, year, and nearest hospital fixed effects. In model (6),
nearest-hospital fixed effects are not included. The explanation for each variable is in Table A1. Clustered standard errors at the municipal
level are in parentheses. The discrepancies in the number of observations results from missing information in the data on the emergency care
service produced by the Ministry of Health (Ministero della Salute, 2007). Significance at the 10% level is represented by *, at the 5% level by
**, and at the 1% level by ***.
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5.1 Road Safety

Broadly defined, road safety implies both good road conditions and cautious behavior

on the part of drivers. The general condition of infrastructure is expected to play a role

in providing first aid and in determining the severity of an accident. However, most

severe accidents can also be associated with less-than-optimal enforcement mechanisms

of road safety rules. As a consequence, drivers will adopt a suboptimal level of caution.

We expect that more severe accident outcomes will be more affected by the distance

to the nearest hospital. To investigate this channel, we exploit the differences between

the North and South of Italy.23 On the one hand, Southern municipalities are generally

poorer, but we already account for this factor when controlling for the average income

and its interaction with Distance. However, Southern municipalities are also known

for their poor infrastructure level compared with their Northern counterparts.24 On the

other hand, between 2009 and 2012, only 76% of Southern drivers regularly wore the

front seat belt as opposed to 93% of Northern drivers. Similarly, the use of the rear

seat belt is a regular habit for 34% of passengers in Northern regions but only 12.5% in

Southern regions (Istituto Superiore della Sanitá, 2013).

Column (1) of Table 6 reports the value for the impact of Distance in the North and

in the South as well as the differences between the two areas. Hospital proximity appears

to be more relevant in the South than in the North, and the difference is statistically

different from zero. Hence, adding an additional kilometer to the nearest hospital in

the South increases the fatality rate by 0.71 percentage points. By contrast, in the

North, this increase is equal to 0.25 percentage points, and the effect is not statistically

significant. Therefore, investments in road maintenance and increased enforcement of

traffic safety measures could partially counterbalance the negative impact of a decrease

in hospital proximity.

5.2 Emergency Service Characteristics

We first exploit the geographical coverage of the radio system of each operative head-

quarters by dividing the sample at the median value of radio coverage, which is 80%.

As stated above, wider radio coverage is expected to guarantee a better emergency re-

sponse. The results in Column (2) of Table 6 show that higher levels of radio coverage

correspond to smaller effects of proximity. The difference is equal to 0.34 percentage

points for each additional kilometer and is statistically significant. For the use of he-

licopter rescue, we refer to the mean value (0.7%), as up to the 25th percentile of the

23Differences between the Northern and Southern Regions are also explained in terms of social capital
in Nannicini et al. (2013).

24There is considerable anecdotal evidence of the poor conditions of the streets in local newspapers
in Southern regions.
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distribution of this variable is equal to zero. In the case of operative headquarters relying

more on helicopter use, Column (3) provides evidence that proximity is less relevant.25

More intense use of medical personnel, physicians (18%), as dispatchers for the toll-

free emergency number does not appear to provide any benefit in terms of reducing the

importance of hospital proximity, as shown in Column (4). However, more intensive use

of medical cars does provide a benefit, as reported in Column (5). Headquarters em-

ploying more than the median value of medical cars out of the total number of available

vehicles (i.e., 12%) experience a significant decrease in the importance of proximity by

0.36 percentage points per kilometer.

To compensate for the costs imposed on emergency situations when proximity varies,

the optimal response could be investing in more effective organization for the emergency

network, even with the use of the most advanced technologies (i.e., drones).26

5.3 Nearest Hospital Characteristics

The evidence indicates that every additional kilometer decreases the probability of sur-

vival because every additional kilometer will cause an injured individual to become a

more serious case, as she will arrive at the hospital in worse condition as the time re-

quired to bring her there increases. Assessing whether proximity is more or less relevant

conditional on the quality/performance of the nearest hospital is an empirical question.

Ex ante, we face mixed predictions. On the one hand, we should expect that in an

emergency situation, being near a high-quality hospital is more important than being

near a low-quality hospital. If this assumption holds, then both high- and low-quality

hospitals can equally incur savings from easy and serious cases, but on average, high-

quality hospitals tend to save more of both. In this case, fatality rates should increase

the farther the accident victim is from a high-quality hospital. On the other hand, it is

possible that serious cases are likely to be saved only at high-quality hospitals but have

fewer or no chances at low-quality hospitals.27 In this case, every additional kilometer

is more deadly if the nearest hospital is of low quality rather than high quality. The

longer an accident victim must travel to a low-quality hospital, the lower her survival

25Because we control for the interactions between Distance and the mountain characteristics of
municipalities as well as for the interaction with population density and income, the effect of helicopter
use cannot be linked to these alternative explanations.

26The use of drones, for instance, decreases response times and can be helpful in precisely detecting
the severity of emergencies and guiding first aid. At a cost of 15,000 euros each, the use of am-
bulance drones is the focus of the project Drones for Good developed by a graduate student at the
Technical University of Delft IDE in the Netherlands. See https://www.youtube.com/watch?v=y-
rEI4bezWc. In Australia, a biannual competition is held under the name of Medical Express
to foster the use of drones for rescue and medical purposes. For the 2015 competition, see
http://www.uavoutbackchallenge.com.au.

27This point is similar to a discussion by McClellan and Staiger (1999) with reference to lower
numbers of complications in low-quality hospitals. Because serious cases will die in low-quality hospitals,
the survivors are better cases in which the incidence of complications is lower.
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probability is.

As we stated in Section 2.3, no comprehensive and case-mix adjusted quality in-

dices exist for Italian hospitals. Hence, we use two measures to investigate the quality

channel. First, we use the estimated fixed effects of the nearest hospitals from the

second-stage results of our baseline specification. Although the fixed effects capture

time-invariant hospital characteristics, we could regard them as a good approximation

of a general combination of management, dimensions, and performance, which rarely

undergo dramatic changes (McClellan and Staiger, 1999). Because they are derived

from an equation explaining variations in fatality rates, greater fixed effects denote hos-

pital characteristics that predict higher fatality rates. Second, we use the number of

annually treated AMI, stroke, non-oncology surgeries, and CHF cases to approximate

the volume level of a hospital by using 2010 data from the hospital evaluation program

of the Ministry of Health (Ministro della Salute, 2013). We z-score the number of cases

treated and then use the z-score of the average across all of them as an overall indicator

of hospital quality (Bloom et al., 2015). The z-scored index has a mean of zero and a

standard deviation of 1.

Hence, we define low and high levels of fixed effects and low and high volumes with

respect to the median values of the relative distributions. Low quality is expressed by

large fixed effects and low volumes, while high quality is approximated by small fixed

effects and high volumes. Columns (6) and (7) present the results. Proximity is more

important when the nearest hospital reports larger fixed effects and lower overall activity

levels. The two proxies go in the same direction: the distance to the worse hospitals

has the greatest effects on survival probability. We interpret this result as evidence that

low-quality hospitals tend to save more easy cases than difficult cases. As a consequence,

to reduce the impact of proximity, investments in hospital quality are required.

6 Conclusions

We provide a new assessment of the impact of hospital proximity on accident victims’

probability of survival in emergency situations using data on road-traffic accidents. To

overcome spatial sorting problems resulting from non-random distributions of accident

types around hospitals, we exploit a 1968 Italian law that mandated a population size

of 25,000 inhabitants as a requirement to open a new hospital. The novelty of our

approach is to identify the effect of proximity through the use of an IV approach. We

instrument the hospital distance between 2000 and 2012 (i.e., our observation period)

with distance to the nearest municipality satisfying the population requirement just

after 1968. As such, our approach relies on the intention to treat, as we consider an

institutional setting in which hospitals were also operating before 1968. Our analysis
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shows that a one-standard-deviation increase in the distance to the nearest hospital

increases fatality rates by 0.92 percentage points (13.84% at the mean fatality rate).

Our results are robust to several restrictions of the tested sample. The analysis of the

mechanisms through which proximity affects road-traffic fatality rates shows that low

levels of road safety, poor emergency care services, and low-quality hospitals increase

the importance of hospital proximity.
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Appendix A: Additional Figures and Tables

Figure A1: Different Measures of Hospital Distance

(a) Centroid-Centroid

(b) Centroid-Hospital Address

Notes: The figures provide an example of the 2 possible
approaches to calculating the distance to the nearest hospi-
tal. In Figure (a), we show distance to the nearest hospital
as calculated from the centroid of each municipality to the
centroid of the municipality of the nearest hospital. In Fig-
ure (b), we show distance to the nearest hospital computed
using Google Maps, from the centroid of each municipality
to the address of the nearest hospital.
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Table A1: Variable Definitions and Sources

Variable Type Definition Source

Fatality Rate Continuous Number of deaths out of ISTAT
road-traffic accidents

Distance Continuous Distance in km from the centroid of each Our calculations
municipality to the centroid of the GIS∗

nearest municipality with a hospital

Distance 1971 Continuous Distance in km from the centroid of each Our calculations
municipality to the centroid of the GIS∗

nearest municipality with more than 1971 census
25,000 inhabitants in the 1971 census

Population Density Continuous Resident population out of ISTAT
municipal extension in squared kilometers

Income Continuous Per capita average taxable income in 2012 euros MoF

Plain Dummy Equal to 0 if the municipality is defined as neither par-
tially mountainous nor totally mountainous

ISTAT

Partial Mountain Dummy Equal to 1 if the only part of the municipal territory
can be defined as totally mountainous

ISTAT

Total Mountain Dummy Equal to 2 if the municipality has 80% of its surface
above 600 m or a height difference greater than 600 m

ISTAT

Coastal Dummy Equal to 1 if the municipal territory reaches the sea ISTAT

Value of Statistical Life Continuous The amount of money in euros that society is Our calculations
willing to pay to avoid the death of any individual OECD (2012)∗∗

Radio Coverage Dummy Equal to 1 if the radio coverage of the operative head-
quarters is above the median value of the distribution

MoH

Helicopter Use Dummy Equal to 1 if the number of helicopter rescues by the
operative headquarters is above the mean value of the
distribution

MoH

Physicians Dummy Equal to 1 if the number of physicians working as dis-
patchers in the operative headquarters is above the me-
dian value of the distribution

MoH

Medical Cars Dummy Equal to 1 if the number of medical cars employed by
the operative headquarters is above the median value
of the distribution

MoH

Volume Level Dummy Equal to 1 if the activity volume level of the hospital
is above the median value of the distribution

MoH

Notes: ISTAT= National Institute of Statistics; MoF=Italian Ministry of Finance; GIS=Geographic Information System (∗)=For
each municipality polygon, we ask the GIS first to identify the coordinates of the related centroid and then to calculate the linear
distance in kilometers between each municipality and every other municipality. Finally, for each municipality, we identify and retain
the nearest city with a hospital, the nearest city with more than 25,000 inhabitants in the 1971 census and the related distances.
(∗∗)= As a reference value for our calculations, we use the average EU-27 value of a statistical life as measured by OECD (2012),
which corresponds to 4,141,970 euros per individual.
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Table A2: Descriptive Statistics for Volumes

Volume of Procedure

All Sample 5

AMI 117.58 98.74
(128.84) (100.49)

Stroke 83.25 68.24
(85.35) (61.32)

CHF 185.27 165.64
(156.31) (132.09)

Surgeries 812.17 601.78
(1033.14) (597.49)

Notes: Mean values reported. Standard deviations in paren-
theses. AMI: Acute myocardial infarction. CHF : Con-
gestive heart failure. Surgeries: non-oncology surgeries.
V olume of Procedure refers to the number of events per pro-
cedure in 2010. Source: Ministry of Health (2007).

Table A3: Shifts Around the 25,000 Threshold

Population: 25,000-50,000

Population Year 1981 1991 2001

10,000-

25,000

1971 None None None
1981 None None
1991 None

Notes: This check indicates how many municipalities with 10,000 to
25,000 inhabitants in each census increased their population above
25,000 in the next census.
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Table A4: Results Without Controls

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Panel A: OLS

Distance 0.114*** 0.097*** 0.097*** 0.112*** 0.077***
(0.011) (0.016) (0.012) (0.018) (0.024)

Panel B: DD

Distance 0.219*** 0.174*** 0.193*** 0.177*** 0.126***
(0.016) (0.024) (0.019) (0.023) (0.032)

Panel C: IV
Second-stage Statistics: Dependent Variable: Fatality Rates

Distance 0.189*** 0.218*** 0.218*** 0.226*** 0.218***
(0.027) (0.041) (0.041) (0.056) (0.056)

First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.394*** 0.309*** 0.299*** 0.316*** 0.328***
(0.015) (0.015) (0.016) (0.022) (0.020)

R2 0.462 0.554 0.453 0.526 0.623
Adj R2 0.456 0.549 0.448 0.519 0.617
Partial R2 0.166 0.148 0.096 0.111 0.171
Robust F 667.461 450.853 334.378 211.182 273.685

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Observations 81,212 71,900 77,473 42,296 38,790
Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: All coefficients and standard errors are multiplied by 100. Robust standard errors are clustered at the municipal level in
parentheses. Significance at the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.
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Table A5: Results Without Fixed Effects

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Panel A: OLS

Distance 0.094*** 0.085*** 0.092*** 0.079*** 0.062**
(0.010) (0.013) (0.010) (0.015) (0.018)

Panel B: DD

Distance 0.181*** 0.166*** 0.174*** 0.141*** 0.134***
(0.021) (0.023) (0.029) (0.028) (0.036)

Panel C: IV
Second-stage Statistics: Dependent Variable: Fatality Rates

Distance 0.196*** 0.195*** 0.238*** 0.345*** 0.278***
(0.045) (0.050) (0.069) (0.085) (0.064)

First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.106*** 0.108*** 0.075*** 0.093*** 0.125***
(0.007) (0.016) (0.007) (0.010) (0.009)

R2 0.190 0.215 0.154 0.188 0.274
Adj R2 0.190 0.215 0.154 0.188 0.274
Partial R2 0.048 0.060 0.024 0.034 0.079
Robust F 230.115 286.438 112.096 91.906 216.722

Observations 81,212 71,900 77,473 42,296 38,790
Municipalities 7,954 7,219 7,665 4,266 3,985

Notes: All coefficients and standard errors are multiplied by 100. All regressions control for Population density, Income, and
the mountain and coastal dummies. Robust standard errors are clustered at the municipal level in parentheses. Significance at
the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.
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Table A6: Results With Travel Distances

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Panel A: OLS

Distance 0.120*** 0.101*** 0.105*** 0.090*** 0.069***
(0.012) (0.014) (0.013) (0.020) (0.022)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel B: DD

Distance 0.119*** 0.099*** 0.010*** 0.087*** 0.066***
(0.014) (0.015) (0.015) (0.020) (0.022)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel C: IV
Second-stage Statistics: Dependent Variable: Fatality Rates

Distance 0.247*** 0.203*** 0.208*** 0.161*** 0.156***

(0.042) (0.049) (0.054) (0.070) (0.069)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.394*** 0.373*** 0.337*** 0.360*** 0.378***
(0.023) (0.23) (0.024) (0.0033) (0.031)

R2 0.504 0.533 0.490 0.588 0.635
Adj R2 0.499 0.528 0.484 0.582 0.629
Partial R2 0.084 0.082 0.057 0.067 0.088
Robust F 298.471 254.254 185.148 120.638 148.11

Observations 80,693 71,879 76,967 41,882 38,605
Municipalities 7,901 7,207 7,613 4,224 3,962

Notes: All coefficients and standard errors are multiplied by 100. All regressions control for Population density, Income, and
the mountain and coastal dummies. Robust standard errors are clustered at the municipal level in parentheses. Significance at
the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.

37



Appendix B: Alternative Outcome: Maternal Screenings

In this appendix, we consider an alternative outcome to assess the importance of hospital
proximity: maternal screenings. We choose maternal screenings for three reasons. First,
pregnancy is a condition distributed across the entire country, and every hospital can
perform these screenings. Second, in Italy, an average of 88% of deliveries occur in
public hospitals (Ministero della Salute, 2011). Hence, the sole use of data on public
hospital locations should not raise any concerns, given the importance of public hospitals
with respect to deliveries.28 Third, out-of-region mobility is expected to be low in these
tests.29 Conversely, we believe that both the presence of private hospitals and mobility
could constitute important issues in analyzing cancer-related pathologies.

As proximity affects survival probabilities in the event of an emergency, it might
affect non-emergency care to a lesser extent. The available evidence on the role of
hospital proximity in non-emergency care presents mixed results. Buchmueller et al.

(2006) find no effects of hospital closure on cancer screenings and mortality due to
cancer. This result is partially different from the finding of Currie and Reagan (2003)
on the incidence of hospital proximity in children’s checkups. Using survey data from
the US, the authors find that a 1.6-kilometer (1-mile) increase lowers the probability of
having a checkup by 3 percentage points, albeit the effect is significant only for inner-city
black children. However, their model does not exploit any exogenous variation.

For the analysis in this appendix, we use patients’ discharge records provided by the
Italian Ministry of Health. We generate two measures of interest that represent ratios at
the year/municipal level and are calculated as a share of the total number of deliveries at
the year/municipal level. The first measure, Screening, includes all medical checks and
tests related to pregnancy. Therefore, this measure refers to tests that can be performed
before or after delivery (e.g., antenatal screenings, supervision of normal and high-risk
pregnancy, general postpartum tests, and postpartum tests of breastfeeding mothers).30

The second measure, Routine Screenings, includes all routine pregnancy tests. This
measure thus differs from Screening because it ignores the supervision of high-risk
pregnancies as well as antenatal and postpartum screenings.31 The use of patients’
discharge records requires a warning. Because discharge records imply that patients are
hospitalized, we are considering women who must be hospitalized to take the screening.
This explains the low incidence of our measures in the population of pregnant women.
However, this aspect is also the most interesting element of our data. Conditional on
requiring additional care beyond a basic pregnancy, does hospital proximity play any
role?

We exploit the same identification presented in Section 3 of the main text to iden-
tify the effect of proximity on maternal screenings. While the reduced form and the
first stage are described by Equations 3 and 4, we add a new vector of controls to the

28Several regions have 100% of deliveries in public hospitals, as they do not reimburse deliveries in
private facilities.

29Within the National Healthcare System, patients are assigned to a public hospital based on their
municipality of residence. Nevertheless, they are free to choose a different hospital for treatment unless
it is an emergency. In emergency situations, the hospital is determined by the location of the emergency.

30We refer to ICDM codes from V22 to V242, from V262 to V264 (excluding V2622), and from V28
to V289 for diagnosis.

31We refer to ICDM codes from V22 to V222 for diagnosis.
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specifications on maternal screenings, which includes the following variables at the mu-
nicipal/year level: the incidence of married marital status (Married), the incidence of
Italian nationality (Italian), and the average age of pregnant women (Age). Descriptive
statistics for these variable are reported in Table B1.

As presented in Tables B2 and B3, the results for both outcomes show that hospital
proximity does not play a significant role in the incidence of maternal screenings that
require hospitalization. The coefficients generally have the expected negative sign, but
they are not statistically different from zero. An increase in travel expenditures for
patients is likely, but there is no change in the decision to obtain the screening. However,
these results could be explained by the consideration that although we expect low patient
mobility for maternal screenings, it might not be equal to zero. Hence, the nearest
hospital could be substituted by other hospitals. Women might have local preferences
that induce them to prefer a hospital different from the closest one (e.g., based on others’
or their own positive past experience with a different hospital).

Table B1: Descriptive Statistics

Variable All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 +Pop1971<25,000 + Nearest<50,000 + Nearest<50,000

+ No Hosp
(1) (2) (3) (4) (5)

Screenings 0.0079228 0.0076385 0.0077379 0.0075355 0.0074063
(0.031055) (0.0310732) (0.0307929) (0.0307969) (0.0309718)

Routine 0.0011298 0.0011272 0.0011368 0.0011984 0.0012077
Screenings (0.0110468) (0.0113469) (0.0111755) (0.0127337) (0.0129833)

Married 0.6578764 0.6611439 0.6585785 0.6654186 0.6681723
(0.2303295) (0.2309981) (0.2311762) (0.2289497) (0.2282898)

Italian 0.9008522 0.9012413 0.9008446 0.9100985 0.9103366
(0.1053647) (0.1071127) (0.1061947) (0.1012094) (0.1023085)

Age 32.41571 32.3972 32.40754 32.3852 32.37706
(1.9042) (1.967011) (1.928084) (1.9526) (1.996414)

Observations 69,482 62,139 66,593 36,861 34,056

Municipalities 7,741 7,003 7,451 4,148 3,865

Notes: Distance and Distance 1971 are in kilometers. Income is in per capita 2012 euros. Age is the average age of pregnant
women. The higher number of municipalities observed in each subsample results from the lower number of missing observations
in the data on screenings.
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Table B2: Results: Maternal Screenings

All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest <50,000 + Nearest <50,000

+ No Hosp
(1) (2) (3) (4) (5)

Panel A: OLS
(1) (2) (3) (4) (5)

Distance -0.000593 0.004148 0.001278 -0.004244 -0.002081
(0.002566) (0.003336) (0.002728) (0.003808) (0.004752)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel B: Difference-in-Differences
(1) (2) (3) (4) (5)

Distance -0.001251 0.003428 0.000647 -0.004867 -0.002881
(0.00514) (0.004274) (0.003585) (0.004242) (0.005023)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel C: Instrumental Variables

(1) (2) (3) (4) (5)
C.1) Second-stage Statistics: Dependent Variable: Maternal Screenings

Distance -0.014875** -0.013338 -0.013729 -0.023792* -0.021812

(0.007443) (0.009436) (0.010027) (0.013399) (0.013345)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

C.2) First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.3198411*** 0.2767675*** 0.253109*** 0.261967*** 0.261967***
(0.0064242) (0.0065208) (0.0068376 ) (0.0077035 ) (0.0077035 )

R2 0.5008 0.5539 0.4854 0.5410 0.5410

Adj R2 0.4946 0.5480 0.4798 0.5328 0.5328

Partial R2 0.1183 0.1184 0.0737 0.0834 0.0834
Robust F 287.805 202.337 156.383 144.008 144.008

Observations 69,482 62,139 66,593 36,861 34,056
Municipalities 7,741 7,003 7,451 4,148 3,865

Notes: All coefficients and standard errors in Panel A, Panel B, and Panel C.1 are multiplied by 100. Every model and
specification include controls for Population density, Income, Coastal, the dummies for altitude, Married, Italian,
and Age. Significance at the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.
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Table B3:Results: Routine Maternal Screenings

All No Hosp Pop1971<25,000 Pop1971<25,000 Pop1971<25,000
+ Pop1971<50,000 + Nearest <50,000 + Nearest <50,000

+ No Hosp
(1) (2) (3) (4) (5)

Panel A: OLS
(1) (2) (3) (4) (5)

Distance 0.000971 0.001093 0.001171 0.000027 -0.000892
(0.000892) (0.001181) (0.000966) (0.001387) (0.001672)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel B: Difference-in-Differences
(1) (2) (3) (4) (5)

Distance 0.001200 0.001322 0.001396 0.000188 -0.000696
(0.000917) (0.001428) (0.001036) (0.001246) (0.001912)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

Panel C: Instrumental Variables

C.1) Second-stage Statistics: Dependent Variable: Routine Maternal Screenings

(1) (2) (3) (4) (5)

Distance -0.001042 -0.001862 -0.001107 -0.003994 -0.005520

(0.002752) (0.003556) (0.003814) (0.005378) (0.005276)

Provincial FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Nearest Hosp FE Yes Yes Yes Yes Yes

C.2) First-stage Statistics: Dependent Variable: Distance to the Hospital

Distance 1971 0.3198411*** 0.2767675*** 0.253109*** 0.261967*** 0.261967***
(0.0064242) (0.0065208) (0.0068376 ) (0.0077035 ) (0.0077035 )

R2 0.5008 0.5539 0.4854 0.5410 0.5410

Adj R2 0.4946 0.5480 0.4798 0.5328 0.5328

Partial R2 0.1183 0.1184 0.0737 0.0834 0.0834
Robust F 287.805 202.337 156.383 144.008 144.008

Observations 69,482 62,139 66,593 36,861 34,056
Municipalities 7,741 7,003 7,451 4,148 3,865

Notes: All coefficients and standard errors of Panel A, Panel B, and Panel C.1 are multiplied by 100. Every model and
specification include controls for Population density, Income, Coastal, the dummies for altitude, Married, Italian,
and Age. Significance at the 10% level is represented by *, at the 5% level by **, and at the 1% level by ***.
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Abstrakt 

Tato studie zkoumá efekt blízkosti nemocnic za použití exogenní variace ve vzdálenosti od 
měst, která mají nemocnice na základě své velikosti. Naše instrumentální odhady používají 
komunální italská data a ukazují, že zvýšení vzdálenosti pacienta od nemocnice o jednu 
standardní odchylku (5 km) zvyšuje úmrtnost v průměru o 13.84%. Tento odhad je ekvivalentní 
zvýšení o 0.92 úmrtí na 100 nehod. Dále ukazujeme, že OLS a DD odhady, běžně používané 
v literatuře, jsou vychýlené směrem dolů relativně ke skutečnému dopadu blízkosti od 
nemocnic, protože neadekvátně pracují s endogenním prostorovým rozmístěním potenciálních 
pacientů. Blízkost nemocnic je důležitější, čím více jsou nebezpečné vozovky, čím méně 
pohotová je záchranná služba, a čím nižší je kvalita nejbližší dostupné nemocnice. 
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