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To my family, I write in Portuguese: Mãe, Pai e Martinha, obrigada pelo vosso

apoio incondicional e por nunca duvidarem de que eu estava à altura deste desafio. Esta
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Chapter 1

Introduction

Over the last decades, healthcare expenditures as a share of gross domestic product have

been steadily rising across developed countries. Governments often bear a sizable share

of healthcare expenditures. A relatively higher public health expenditure implies that

relatively less public resources will be available to spend on education, social support,

housing, infrastructure, etc. Economists as well as policy-makers seek to understand the

determinants of healthcare expenditures, so that they can use appropriate policy tools to

contain it without harming population health and well-being. This dissertation consists of

three chapters aiming at informing this policy-debate on various dimensions.

Most countries exhibit substantial variation in average healthcare expenditures per

capita across regions. However, we do not know much about the causes of such differences.

On the one hand, regional variation in healthcare expenditures can reflect demand-side

factors, such as different demographics, health status and needs, or different preferences for

healthcare consumption. On the other hand, it can be due to supply-side factors, such as

different clinical practice styles or different prices for healthcare services. Chapter 2 of this

dissertation sheds light on the causes of regional variation in healthcare expenditures in the

Netherlands. We find that only 30% of the observed variation in healthcare expenditures

across Dutch provinces originates from supply-side factors, with the remaining 70%

originating from demand-side factors. This finding is relevant for policy-makers, who

have been implementing measures aimed at reducing regional variation in healthcare

expenditures in the Netherlands. The measures implemented have mostly targeted supply-

side driven variation in healthcare expenditures, for example, by issuing detailed treatment

guidelines for supply-sensitive procedures and releasing information depicting existing

variations in healthcare expenditures across regions. By focusing on the supply-side, such

policies will have a limited impact as they may be failing to target some of the main causes

of regional variation in healthcare expenditures.

From the viewpoint of payers, one easy and popular way to lower healthcare expenditures

is by reducing prices for healthcare services. In some countries and settings, it is possible

to reduce prices administratively. Administrative price reductions come at the expense

of healthcare providers, whose revenues go down, and they do not change any of the

underlying dynamics of healthcare expenditures. In that sense, administrative price

reductions are just a temporary solution. An alternative is to change the rules of the

game with the ultimate goal of reducing prices. While this approach has the advantage of

potentially changing the underlying dynamics of healthcare expenditures, its disadvantage

9



is that it is not clear whether and to what extent price reductions will take place.

Chapter 3 of this dissertation evaluates the impact of liberalizing the sale of over-

the-counter (OTC) pharmaceuticals –drugs that do not require a prescription from a

physician –on the OTC prices charged by incumbent community pharmacies. Several

European countries implemented OTC liberalization reforms over the last 25 years, thus

allowing the sale of OTC drugs outside community pharmacies, namely in supermarkets

and other retailers. The rationale was to increase competition among OTC retailers and

lower OTC prices. We focus on the Lisbon market and evaluate the price effects of this

reform. We find that incumbent pharmacies lower OTC prices upon the entry of a new,

non-pharmacy retailer nearby. However, this price reduction only occurs when the entrant

charges sufficiently low prices. In terms of policy, our results show that OTC liberalization

reforms can lower prices via increased competition, though this crucially depends on the

ability of entrants to exert competitive pressure on incumbent pharmacies.

When the goal is to cut healthcare expenditures, a key step is to identify and reduce

inefficiencies in the healthcare system. This is a challenging task. It is difficult to identify

sources of inefficiency in data and to evaluate potential solutions. In the last chapter of

this dissertation, I focus on what the World Health Organization considers as one of the

ten leading sources of inefficiency in healthcare: delayed hospital discharges due to lack of

alternative care arrangements following a hospital stay –a phenomenon also referred to as

bed-blocking. At the core of bed-blocking, are coordination frictions between the hospital

setting and the post-acute, rehabilitation setting.

Chapter 4 of this dissertation investigates whether and to what extent the availability

of publicly subsidized nursing homes and teams providing home-care reduces hospital bed-

blocking. I exploit a policy reform in Portugal, which introduced publicly subsidized nursing

homes and home-care teams that operate in coordination with hospitals to ease patients’

transition across different settings of care provision. My findings show that both nursing

homes and home-care teams can reduce hospital bed-blocking without harming patients’

health. Policy-makers should use nursing homes can home-care teams in combination, as

they target patients with different healthcare needs. Reducing bed-blocking has further

positive impact on the healthcare system as it allows hospitals to increase the number of

programmed admissions, potentially reducing waiting times for elective care. However,

reducing bed-blocking does not generate sizable savings for the Government, suggesting

that the most salient sources of inefficiency in healthcare might not be those where the

greatest savings can be realized.
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Chapter 2

Causes of regional variation in Dutch healthcare ex-
penditures: evidence from movers1

Abstract

We assess the relative importance of demand and supply factors as determinants
of regional variation in healthcare expenditures in the Netherlands. Our empirical
approach follows individuals who migrate between regions. We use individual data
on annual healthcare expenditures for the entire Dutch population between the years
2006 and 2013. Regional variation in healthcare expenditures is mostly driven by
demand factors, with an estimated share of around 70%. The relative importance of
different causes varies with the groups of regions being compared.

1This chapter is co-authored with Martin Salm, Rudy Douven, and Minke Remmerswaal and it has
been published as Moura, Salm, Douven, and Remmerswaal (2019). We thank Pilar Garćıa-Gómez, Leida
M. Lamers, Maarten Lindeboom, Silvana Robone, and participants at multiple conferences and seminars
for their valuable comments.
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2.1 Introduction

Regional variation in healthcare utilization and expenditures is well-documented for many

countries, and it is known to persist over time (Skinner, 2012, OECD, 2014). In this

study, we look at regional variation in healthcare expenditures in the Netherlands. The

Netherlands is a country with a rather standardized health system. Nevertheless, in 2013,

the average individual living in the province of Limburg spent e 2,181 on healthcare

services included in the basic health insurance package. This figure is 24% higher than

that for the province of Utrecht, where the average individual spent e 1,758 in 2013.2

There are many possible causes of regional variation in healthcare expenditures. These

causes can be grouped into demand- and supply-side factors (Skinner, 2012, Chandra and

Skinner, 2012). Demand-side factors refer to anything that is related to patients, such as

health status, preferences regarding healthcare use, and level of education. Supply-side

factors, in turn, refer to regional characteristics such as the number of physicians in a

region, their practice style, the availability of technology, but also factors such as regional

climate and level of air pollution. This definition of demand- and supply-side factors is

standard in the literature on regional variation, and we follow it throughout our analysis.

Traditionally, the literature on regional variation emphasizes the role of differences

in supply side factors such as clinical practice as main drivers of the observed variations

(Phelps, 2000, Grytten and Sørensen, 2003, Chan, 2016, Cutler, Skinner, Stern, and

Wennberg 2019). Existing studies for the Netherlands focus on differences in physician

remuneration schemes (Douven, Mocking, & Mosca, 2015) and variations in medical practice

(Westert and Groenewegen, 1999, de Jong, Groenewegen, Spreeuwenberg, Schellevis,

and Westert, 2010, de Jong, Groenewegen, Spreeuwenberg, Westert, and de Bakker,

2009). Policy measures implemented in the Netherlands aiming at reducing existing

variation mainly tackle the supply side, and they reflect the idea that variations are

caused by inefficient and excessive use of care in some regions. These measures include,

among others, issuing detailed treatment guidelines for supply-sensitive procedures, and

releasing information depicting existing variations in healthcare expenditures across regions

(Wammes, Atsma, de Mann, Groenewound, and Westert, 2018). However, such policies

may be failing to target some of the main causes of regional variation in healthcare

expenditures, as recent studies show that demand side factors are an important source of

regional variation for Medicare patients in the United States (Finkelstein, Gentzkow, and

Williams 2016) and for outpatient care in Germany (Salm and Wübker 2020).

2These figures are based on own calculations from our data, and exclude expenditures on mental health
care. The magnitude of regional variation is similar to Germany, where average healthcare expenditures
for publicly-insured individuals vary by about 20% between states (Göpffarth, Kopetsch, & Schmitz, 2016).
According to Reich, Weins, Schusterschitz, and Thöni, 2012, variations in health expenditures per capita
between Swiss cantons are of much larger magnitude, reaching 146% between Geneva (6,308CHF) and
Appenzell Inner-Rhodes (2,562CHF). In the United States variation in personal healthcare spending per
capita reaches 247% between the state of Massachusetts (6,683USD) and Utah (1,926USD), as discussed
in Martin et al., 2007.
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In this study we examine the relative importance of demand and supply factors as

causes of regional variation in healthcare expenditures in the Netherlands. Disentangling

different causes is challenging. For example, supply factors such as physician density

can also be a response to demand. One way to separate the effects of individual and

environmental factors is to look at persons who migrate between different environments.

This approach has become popular within health economics (see Song et al., 2010, Grytten

and Sørensen, 2003, Molitor, 2018, Agha, Frandsen, and Rebitzer, 2019, and Godøy and

Huitfeldt, 2018), but also in other fields of economics (e.g. Chetty and Hendren, 2018 and

Bronnenberg, Dubé, and Gentzkow, 2012). Finkelstein et al. (2016) have exploited patient

migration in the context of regional variation in healthcare utilization for the Medicare

population in the United States. We follow their approach, and we expand upon it, for

example by choosing comparison regions based on alternative criteria and by assessing

heterogeneous effects across additional age groups.

We use two alternative empirical specifications. The first specification consists of an event-

study analysis. We follow patients over time as they move between different regions in the

Netherlands, and we examine how their healthcare expenditures change at the time of move.

If regional variation could be entirely attributed to patient characteristics, then healthcare

expenditures should not change as patients move from a region with low average healthcare

expenditures such as Utrecht to a region with high average healthcare expenditures such

as Limburg. If, on the other hand, regional variation can be entirely attributed to regional

characteristics then we expect individual expenditures to immediately adjust to the level

of expenditures in the destination region. If both patients and regional characteristics

contribute to regional variation then the observed change in expenditures upon the move

is informative about the relative importance of demand and supply factors.

Our second empirical specification is a decomposition analysis, which allows assessing

whether the results from the event-study analysis for the sample of movers hold for an

alternative empirical approach based on the general population. This approach relies on

a model in which healthcare expenditures are a function of regional indicators, patient

demographics, individual fixed-effects, and other characteristics. The estimation sample

consists of both movers and non-movers. The presence of movers in the sample allows the

identification of both region and individual fixed-effects.

The analysis is carried out using individual level data on annual healthcare expenditures

for the entire Dutch population over an 8-year period. One advantage of our data is that

it is not restricted to a certain population group as is the case for Medicare data. The

Dutch healthcare setting is interesting because it combines universal coverage, private

insurance, and regulated market competition. As the United States debate over options

to achieve universal coverage, some of the emerging solutions, such as the Massachusetts

reforms in 2006 and the Affordable Care Act, share some of the main features of the

current healthcare system in the Netherlands.
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Our study makes two main contributions. First, we show that patient characteristics

are the main driver of regional variation in healthcare expenditures in the Netherlands,

accounting for about 70% of regional variation.

Second, our analysis shows that the relative importance of different causes of regional

variation greatly depends on the regions being compared. Finkelstein et al. (2016) compare

regions at different points of the distribution of healthcare utilization, and they find that

the demand and supply shares are similar across comparison groups. However, demand

and supply shares can vary if we compare regions based on criteria other than healthcare

expenditures. If we compare regions based on the share of elderly we find a higher demand

share than if we compare regions based on supply characteristics.

The remainder of this paper proceeds as follows. The next section provides an overview

of the main institutional features of the Dutch healthcare system. Section 2.3 introduces

our dataset and provides descriptive evidence of existence and persistence of regional

variation in healthcare expenditures in the Netherlands. The methods are covered in

Section 2.4, and the results are presented in Section 2.5. Section 2.6 concludes.

2.2 Institutional Setting

The current organization of the Dutch healthcare sector was shaped by the Health Insurance

Act (Zorgverzekeringswet), which came into place in 2006.3 All individuals age 18 or older

who live in the Netherlands are required to purchase a basic health insurance package,

and those under 18 are insured through their parents.4 Incentives for cherry-picking

of least costly individuals by insurers are reduced via a risk-equalization system, and

insurers cannot reject anyone who wishes to purchase insurance from them. The basic

health insurance package is highly standardized: all insurers are required to offer it, and

plan characteristics such as the range of services covered and the level of the mandatory

deductible are defined by the Dutch government.

The range of services covered by the basic health insurance package includes GP

care, maternity care, hospital care, and pharmaceuticals, among others. For services not

included in the basic health insurance package (i.e. most dental care for individuals over

18, eye care, etc.), individuals can purchase supplementary insurance. Insurers are free to

define all plan characteristics of the supplementary health insurance packages they wish to

offer. There are nine health insurance groups operating in the Netherlands. All insurers

operate at the national level. Individuals do not have to change their health insurance

plan when they move.

3An overview of the Dutch healthcare system is provided in van Kleef, Schut, and van de Ven (2014),
Schut and Varkevisser (2016) (in Dutch), and Kroneman et al. (2016) (in English).

4The number of individuals without basic health insurance is very low, mostly because insurance is
mandatory. Also, uninsured individuals are actively tracked down and fined. As of 2013, there were only
about 28,000 uninsured individuals in the Netherlands (Kroneman et al., 2016), corresponding to 0.2% of
the population above age 18.
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Since the Dutch healthcare system is rather standardized, one may expect little scope for

variations in healthcare expenditure across regions. Supply-side differences in healthcare

expenditures can arise from different practice styles across regions, differences in the

availability of technical equipment, and the concentration of healthcare providers. Another

potential factor is different prices for similar services. In the Netherlands, some prices are

freely negotiable between insurers and providers while others are subject to price ceilings

set at the national level. For example, prices for many hospital services are subject to

negotiations, while prices for GP care are regulated at the national level. Douven, Burger,

and Schut (2020) show substantial price variation for similar hospital products between

hospitals (and within a hospital for the same product across insurers). In our empirical

approach, such regional differences in prices are attributed to the supply side.

2.3 Data

We use proprietary administrative data on annual individual healthcare expenditures by

category of care included in the basic health insurance package for the period between

the years 2006 and 2013. The data are available at the Netherlands Bureau for Economic

Policy Analysis (CPB) and were assembled by Vektis, a private firm that receives and

processes information from all health insurers operating in the Netherlands.

Due to the mandatory nature of basic health insurance in the Netherlands, we have

information on the entire population living in the Netherlands for each of the years in

our study period. A detailed description of the data cleaning process can be found in

Appendix 2.7.2. Our final dataset comprises over 107 million observations, corresponding

to about 14.5 million individuals, who are observed for at most 8 years.

For our baseline analysis, we measure total healthcare expenditures as the natural

logarithm of total healthcare expenditures of individual i in year t plus one, yit =

log(totexpit + 1). The logarithm takes into account that the distribution of healthcare

expenditures is highly skewed, and adding 1 inside the logarithm operator takes into

account that individuals may incur zero healthcare expenditures during a given year.

Our measure of total healthcare expenditures in the basic package excludes expenditures

on mental healthcare, as this was added to the basic health insurance package starting

from 2008. In robustness checks we also consider alternative outcome variables, such

as log(totexpit + 0.1), log(totexpit + 10), log10(totexpit + 1), the inverse hyperbolic sine

of expenditures, expenditures in levels, and binary variables for being above certain

expenditure percentiles.

Additionally, we separately study individual expenditures on the largest categories of

care (GP care, hospital care, and pharmaceuticals) and heterogeneous effects by age and

gender.

We define the relevant regions as provinces. There are 12 provinces in the Netherlands,

15



Figure 2.1: Average individual healthcare expenditure per province, relative to Dutch
average
NOTES: The figure displays the average individual annual health expenditure in e per Dutch province,
relative to the Dutch average, for the period 2006-13. The abbreviation of province names is as follows:
DR, Drenthe; FL, Flevoland; FR, Friesland; GE, Gelderland; GR, Groningen; LI, Limburg; OV, Overijssel;
NB, Noord-Brabant; NH, Noord-Holland; UT, Utrecht; ZE, Zeeland; ZH, Zuid-Holland. The sample
consists of 107,364,200 observations, corresponding to 15,008,220 individuals.

whose population size varies between 380 thousand and 3.6 million inhabitants in Zeeland

and Zuid-Holland, respectively. Figure 2.1 provides descriptive evidence of regional

variation in individual healthcare expenditures across provinces. For this we compute

the annual average individual healthcare expenditures in each of the Dutch provinces

(in e pooled for all years in our sample), and then we plot the percentage difference of

these numbers relative to the national average. The difference between the lowest and

highest spending provinces is about 20%. The ranking of regions is stable over time, with

a Spearman correlation coefficient of 0.81 between the earlier and later periods of the data

(2006-09 and 2010-13, respectively).

We define regions based on provinces for two reasons. First, provinces have distinct

cultures, and Dutch individuals tend to identify strongly with their provinces. Second, we

want to choose relatively large regional units in order to minimize the probability that

movers will still seek care in their region of origin after a move. As an alternative definition

of regions we use smaller administrative areas that are relevant for providing healthcare

(GHOR regions, see Appendix 2.7.4). In other robustness checks we restrict our sample to

individuals moving distances longer than 75 and 100km (see Appendix 2.7.5).

We identify movers using individual information on the 4-digit postal code of residence

at the end of the year, which we match with the corresponding province. Movers are

16



Figure 2.2: Distribution of destination-origin difference in log health expenditure (δi)
NOTES: This figure shows the histogram of δi, the destination-origin difference in the average log
individual healthcare expenditure. Regions are defined as provinces. The histogram was built using 50
bins and the sample of all 549,500 individuals who are movers, corresponding to 4,146,945 observations.

defined as individuals who move to a new province in the Netherlands only once over

the time horizon under analysis. According to this definition, our estimation sample

contains around 0.5 million individuals who are movers, corresponding to around 4 million

observations.

A key variable for our empirical approach is the percentage difference in average

individual healthcare expenditures between the origin and destination region of individual

i. This variable is denoted by δi ≡ ȳd(i)−ȳo(i), where ȳd(i) and ȳo(i) are the average logarithm

of individual healthcare expenditures plus one in the destination and origin province of

individual i, respectively. A positive δi therefore means that an individual moves to a

province with higher average healthcare expenditures. The larger the absolute value of

δi, the larger the difference between the two provinces in terms of average healthcare

expenditures. δi can take 12× 11 = 132 distinct values, corresponding to the number of

possible paths a mover can take. All movers with the same path will have the same δi,

regardless of when they move.

Figure 2.2 shows the histogram of δi, which conveys that moves take place both from

high- to low-expenditure regions and vice-versa. The two highest bars in Figure 2.2

correspond to moves between Zuid- and Noord-Holland. These are the provinces where

the three largest Dutch cities (Amsterdam, Rotterdam, and The Hague) are located.

In specifications studying GP care, hospital care, and pharmaceuticals, δi is defined as

the difference between the average of log healthcare expenditures plus one in each specific

17



Table 2.1: Summary statistics for movers and non-movers

Variable
Non-movers Movers

Mean St. Deviation Mean St. Deviation

Age (years) 41.08 (22.95) 32.78 (18.51)

Gender (% of women) 50.93 (0.50) 52.61 (0.50)

Total Healthcare expenditures, annual (e ) 1,767.70 (5,562.78) 1,305.85 (4,491,30)

of which:

GP expenditures, annual (e ) 129.76 (101.52) 116.45 (91.97)

Hospital expenditures, annual (e ) 1,078.02 (4,713.46) 781.11 (3,754.96)

Pharmacy expenditures, annual (e ) 308.81 (1,400.29) 203.91 (1,239.60)

Any Healthcare expenditures (%) 99.4 (0.08) 98.9 (0.11)

Any GP expenditures (%) 99.0 (0.10) 98.2 (0.13)

Any Hospital expenditures (%) 57.4 (0.49) 50.8 (0.50)

Any Pharma expenditures (%) 72.3 (0.45) 66.8 (0.47)

# individuals 14,458,720 549,500

Average # of years observed 7.60 7.72

# individual-years 103,217,255 4,146,945

NOTES: Numbers for “any expenditures” correspond to the percentage of individuals in our dataset who

incurred positive healthcare expenditures.

category of care in the origin and destination region of patient i. The corresponding

histograms for the δi exhibit a similar pattern (see Appendix 2.7.9).

Summary statistics for the movers and non-movers in our sample are shown in Table

2.1. Movers are approximately 8 years younger than non-movers, slightly more likely to be

women, and exhibit lower healthcare expenditures than non-movers. They are also less

likely than non-movers to have consumed any care. All these differences are statistically

significant at the 5% level. Finally, movers and non-movers are observed for about the

same number of time periods.

2.4 Methods

2.4.1 Event-study Analysis

The idea behind the event-study is to follow movers over time and use the change in

healthcare expenditures upon the year of move in order to estimate the relative importance

of demand and supply factors as sources of regional variation in healthcare expenditures.

We specify our baseline model as follows:

yit = δiIt>τiθ +Xitβ + ζt + It−τiκ+ αi + εit, (1)

where yit, the outcome variable, is a measure of the healthcare expenditures incurred by

individual i in year t. The main explanatory variable is δi interacted with an indicator
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variable taking value 1 in years after the move and value zero otherwise. This indicator is

denoted It>τi , where τi is the year of move for individual i. θ is the main parameter of

interest, measuring the changes in healthcare expenditures yit for years after the move. θ

can be interpreted as the share of regional variation in healthcare expenditures attributed

to supply-side factors.

Other independent variables included in equation (1) are year fixed-effects ζt; indicators

for years since the year of the move, included in the vector It−τi ;
5 a vector of individual

characteristics, Xit, including gender and age (in bins of 5 years in order to account for

non-linear effects, separately for men and women); and unobservable individual fixed-effects

αi. β and κ are vectors of parameters to be estimated. Finally, εit includes time-varying

individual characteristics that are unobservable. We estimate the model using fixed-effects,

with robust standard errors clustered at the individual level.

Equation (1) is estimated for the sample of movers only. Identification comes from

observing individuals that move at distinct points in time and have different origin and

destination regions.

For the model to be valid, we need the error term to be orthogonal to the regressors:

E(εit|δiIt>τi , Xit, ζt, It−τi) = 0. There are several threats to this exogeneity assumption.

For example, this assumption would be violated if there are underlying time trends in

individual healthcare expenditures that are systematically related to δi. Such trends can

arise if individuals with deteriorating health status tend to move to regions with higher

healthcare expenditures. In this case, higher healthcare expenditures after the move could

be explained by trends in unobserved health and not by the higher average healthcare

expenditure in the new region. In other words, we would overestimate θ. In order to

assess whether there is evidence of pre-move individual trends, we estimate the following

generalization of equation (1):

yit =
6∑

r=−6

δiIrθr +Xitβ + ζt + Irκ+ αi + εit, (2)

where we allow for θ to vary over time. That is, the subscript r on θ stands for year

relative to move, ie. formally r(i, t) ≡ t − τi. We normalize the coefficient for the year

before the move to zero (θ−1 = 0). By testing whether the estimated coefficients in periods

before the move are zero, one can assess whether pre-move trends are present. By looking

at the estimated coefficients in periods after the move we can examine the adaptation

process of individuals to the new region in the sense that they might gradually adjust their

healthcare expenditures towards the average healthcare expenditure in the destination

region (Bronnenberg et al., 2012). In Appendix 2.7.6 we discuss other threats to the

validity of the exogeneity assumption, and we show that our results cannot be explained by

5The inclusion of indicators for years since the move accounts for direct effects of moving that might
affect health and are unrelated to δi, for example caused by the hassle of moving.

19



non-linear effects of δi on healthcare expenditures or by changes in the relative importance

of demand and supply factors over time.

Finally, we assess heterogeneous effects by gender and age,6 and the robustness of our

results with respect to the functional form of the outcome variable, the definition of the

relevant regions, and the definition of the sample.

2.4.2 Decomposition Analysis

In addition to the event-study analysis we use an alternative estimation approach based on

a decomposition analysis. One advantage of using two alternative estimation approaches

is that it allows us to assess the robustness of our results to a different specification. The

decomposition approach also allows comparing specific regions, and it uses data for the

full population, including movers and non-movers. This approach is based on the following

equation:

yijt = γj +Xitβ + ζt + It−τiκ+ αi + εijt, (3)

where yijt is a measure of the healthcare expenditures of patient i living in province j

at time t. This is a function of province indicators, γj, and other variables that were

previously defined. εijt is an error term.

Equation (3) is estimated based on data for the full population. Note that we can

separately identify individual and region fixed effects (αi and γj, respectively) due to the

fact that the dataset includes movers. In case there were no movers in the dataset, then

place and individual effects would be perfectly correlated. Identification of the region-

specific effects γj comes solely from movers. As a result, we are implicitly assuming that

regions affect non-movers in the same way as they affect movers. For example, if for movers

average expenditures in region a are 10% lower than in region b then we assume that if

non-movers would counterfactually move from region a to region b then their expenditures

would also increase by 10%. Note that different levels of average expenditures between

movers and non-movers as depicted in Table 2.1 need not violate this assumption.

We assess the relative importance of the different causes of regional variation using the

estimates for the region-specific parameters γj in equation (3) in order to compare two

regions or two groups of regions.7 Regions can be grouped in many ways. For now, let

us compare two groups which we label a and b. Then, the share of regional variation in

6Specifically, for each group, we compute a group-specific δ. For example, when studying heterogeneous
effects by gender the estimated equation is yit = δwi It>τiI

wθw+δmi It>τiI
mθm+Xitβ+ζt+It−τiκ+αi+εit,

where Iw and Im are group indicators and θw and θm are group-specific supply-share parameters to be
estimated. Thus, we compare men (women) with other men (women) who move at different points in
time and to different destinations.

7For the decomposition approach we always have to choose two regions or groups of regions which we
compare. This is because the γj coefficient for one of the regions is normalized to zero when estimating
equation (3), meaning that only the differences between γj ’s are informative.
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healthcare expenditures coming from the supply-side is defined as follows:

Sregion =
¯̂γa − ¯̂γb
¯̂ya − ¯̂yb

≡ ∆¯̂γ

∆¯̂y
, (4)

where ¯̂γa and ¯̂γb are the mean of the estimation coefficients for the regions included in

groups a and b, respectively. ¯̂ya and ¯̂yb correspond to the average predicted outcomes

based on equation (3), among individuals located in the regions included in groups a and b,

respectively. ∆ refers to the difference between the two groups (ie. ∆¯̂γ ≡ ¯̂γa−¯̂γb). The share

of regional variation attributable to patient characteristics is given by Spatient = 1−Sregion.

The relative importance of different causes of regional variation may depend on the

choice of regions being compared. Finkelstein et al. (2016) group regions based on average

healthcare utilization, for example comparing the top 25% of regions in terms of healthcare

utilization with the bottom 25%, and they find that causes of variation are constant for

different comparison groups. Yet, the causes of variation could be different if we choose

comparison regions based on criteria other than healthcare utilization. This can be the case

if the influence of demand and supply factors is not proportional. For example, we expect a

high demand share if we compare regions that differ widely in their demographic structure,

but are similar in supply characteristics.8 In our study, we alternatively group regions

based on healthcare expenditures, demographics, and supply characteristics. Specifically,

we compare the following groups of regions: i. provinces above the median healthcare

expenditure in the Netherlands with those below the median; ii. provinces above the

75th percentile of the expenditure distribution with those below the 25th percentile; iii.

provinces above the 75th percentile in terms of share of elderly population (65+) with

those below the 25th percentile and; iv. provinces above the 75th percentile in terms of

estimated region fixed-effects (γ̂j) with those below the 25th percentile.9

8To illustrate this with an example consider a country with 4 regions: Region A has a large share of
elderly in the population (high demand) and few physicians (low supply). Region B has a large share
of elderly (high demand) and many physicians (high supply). Region C has a low share of elderly (low
demand) and few physicians (low supply). Region D has a low share of elderly (low demand) and many
physicians (high supply). Depending on how we group these regions we will find different demand shares.
For example, if we compare regions A and C we will find a high demand share. In contrast, if we compare
regions A and B we will find a low demand share.

9For log(total expenditures+1), provinces above the median are Flevoland, Zuid-Holland, Noord-
Brabant, Zeeland, Limburg, and Drenthe; Provinces above the 75th percentile are Zeeland, Limburg,
and Drenthe; Provinces below the 25th percentile are Utrecht, Gelderland, and Friesland. Provinces
above the 75th percentile in terms of share of elderly population are Zeeland, Limburg, and Overijssel.
Provinces below the 25th percentile in terms of share of elderly population are Noord-Holland, Flevoland,
and Utrecht. Finally, provinces above the 75th percentile in terms of estimated region fixed effects are
Flevoland, Zeeland, and Limburg. Provinces below the 25th percentile in terms of estimated region fixed
effects are Groningen, Drenthe, and Gelderland. See Appendix 2.7.1 for the relevant maps.
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2.5 Results

2.5.1 Event-study Analysis

We report our event-study results in Table 2.2, for the baseline specification, for specific

categories of care, and for the analysis of heterogeneous effects across distinct population

groups. We only present the estimates of θ, the coefficient of interest. For total healthcare

expenditures, the estimated coefficient of interest is 0.274, meaning that the share of

regional variation attributed to supply factors is 27.4%. The remaining 72.6% correspond

to the share of regional variation attributed to the demand side. This demand share is

higher than the 50% share attributable to patients for healthcare utilization of Medicare

beneficiaries in the United States (Finkelstein et al., 2016), but it is lower than the 80%-

90% share attributable to patients for outpatient care utilization in Germany (Salm and

Wübker, 2020). The relative importance of demand- and supply-side factors as sources of

regional variation differs little across different categories of care. We find evidence that

the relative importance of supply-side factors is about twice as large for women than for

men (38.9% vs. 17.8%), but find no statistically significant differences between distinct

age groups.

The results from the estimation of equation (2) are summarized in Figure 2.3, where

we plot the estimated year-specific coefficients θr and their corresponding 95% confidence

interval. There is evidence of a small pre-trend, with the coefficients for 2 and 3 years

before the year of move being individually statistically different from zero at 5%.10 In

some robustness checks, pre-move coefficients are also significantly negative, suggesting

that our estimates may be overstating the supply share (see Figure 2.5 in Appendix 2.7.3).

We find no evidence of a gradual adjustment of healthcare expenditures after the move as

the coefficients for periods after the move are not significantly different from each other

at any conventional significance level. Since we find some evidence of pre-trends we also

perform an additional robustness check which restricts the sample alternatively to 1, 2,

and 3 years around the move, and we obtain results that are similar to the baseline (see

Table 2.7 in the Appendix).

Overall, our event-study results are robust to alternative functional forms of the

outcome variable (Appendix 2.7.3), alternative definitions of regions (Appendix 2.7.4),

and alternative definitions of the sample (Appendix 2.7.5).

10Estimated coefficients start to increase in the year prior to the move. Such a pattern could be
explained by delays in updating addresses by the insurer. However, this is unlikely in the Netherlands.
Movers must register with the new municipality within the first 5 days after the move, or face a fine of
e 325. Municipalities automatically forward the new address to the health insurer. However, it is possible
that people already use care in the destination region before they officially move, for example if they move
only some time after starting a job or when they have a new relationship in the destination region.
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Table 2.2: Results from the event-study analysis: estimates of θ

Model Estimate St. Error

Baseline:

θ, Total expenditures 0.274*** 0.026

By type of care:

θ, GP expenditures 0.214*** 0.027

θ, Hospital expenditures 0.266*** 0.025

θ, Pharmaceutical expenditures 0.282*** 0.014

By gender:

θ, men 0.178*** 0.033

θ, women 0.389*** 0.037

By age group:

θ, age < 18 0.430*** 0.062

θ, 18≤ age < 40 0.445*** 0.027

θ, age ≥ 65 0.263** 0.125

NOTES: Estimates of θ based on equation (1). For total expenditures, the dependent variable is

log(total expenditures+1), unless otherwise stated. For the regressions by category of care the dependent

variables are log(GP expenditures+1), log(hospital expenditures+1), and log(pharma expenditures+1)

for expenditures with GP care, hospital care, and pharmaceuticals, respectively. Regressions assessing

heterogeneous effects use δi for the corresponding population group and regressions for distinct types of

care use δi for the corresponding category of care. The number of observations is 4,146,945, corresponding

to all 549,500 individuals who are movers. Standard errors are robust standard errors, clustered at

individual level. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Figure 2.3: Assessment of pre- and post-move trends
NOTES: The figure plots the estimated coefficients θr based on equation (2). The coefficient for the year
just before the move, r = −1, was normalized to zero. The solid line connects all estimated coefficients
and the dashed lines connect the upper and lower bounds of their 95% confidence intervals. The sample
consists of all 549,500 individuals who are movers.

2.5.2 Decomposition Analysis

The results for the decomposition analysis of total healthcare expenditures are reported in

Table 2.3. In general, the results show that most regional variation in total healthcare

expenditures is driven by demand rather than supply-side characteristics. Demand explains

about 70% of the difference in healthcare expenditures between provinces in the top and

bottom 25% of the expenditure distribution. This is consistent with our findings from

the event-study analysis. When comparing provinces above and below the median of the

expenditure distribution, patients explain only 56% of the variation. The estimated shares

of demand and supply vary widely with the choice of comparison regions. If we compare

regions based on the share of elderly population in the region, we find that 87% of regional

variation can be attributed to the demand side. In contrast, when comparing regions

with large differences in supply characteristics only 18% of total variation is explained by

demand-side factors. These results quantify how the relative importance of different causes

of regional variation depends on the choice of comparison regions, suggesting that the

influence of demand and supply factors is not proportional across regions (see discussion

in Section 2.4.2 and in footnote 7).

Results for the decomposition analysis by type of care are similar to those of the

event-study analysis. In almost all specifications the demand share dominates the supply
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share, and the groups of regions being compared have a substantial impact on the results.

Detailed results from the decomposition analysis by type of care and by GHOR regions

are presented in Appendices 2.7.7 and 2.7.8.

An alternative way to assess the magnitude of supply side variation is to estimate how

much expenditures could be reduced if all region-effects would be equalized at the 25th

percentile of the distribution of region fixed-effects. We find that equalizing region effects

in this way results in a 2.8 percent reduction in healthcare expenditures. Given a mean

annual expenditure per person of e 1,767.70 (see Table 2.1) this implies a reduction of

e 49.50 per person and year.

The results from the event-study analysis and the decomposition analysis are generally

similar, but not exactly the same. This is due to the fundamentally distinct nature of

these two approaches. The event-study analysis is restricted to movers, relates the change

in expenditures upon the move to the difference in average expenditures between regions,

and averages the patient share across all movers. In contrast, the decomposition analysis

makes use of the full sample of individuals, estimates region fixed-effects, and compares

the patient share between two specific groups of regions.

2.6 Conclusion

In this study, we exploit patient migration in order to examine the relative importance of

supply and demand factors as causes of regional variation in healthcare expenditures in the

Netherlands. We use two alternative empirical approaches, an event-study analysis and a

decomposition analysis. Our results from the event-study analysis suggest that regional

variation is mostly demand driven, with an estimated demand share of around 0.7. Overall,

the decomposition analysis conveys a similar picture, with demand-side factors accounting

for a larger share of regional variation in most of our specifications. Even completely

equalizing supply side factors at the level of the 25th percentile of all provinces would

result in only modest savings of around 2.8 percent of healthcare expenditures in the basic

package. Our findings contribute to the Dutch policy debate. We aim at raising awareness

that demand-side differences account for the largest share of the observed variations.

We further show that the relative importance of different factors depends on the regions

being compared. Demand factors are more important if we compare regions with large

differences in the share of older people, whereas supply factors are more important if we

compare regions with large differences in supply characteristics. Our results add to the

evolving understanding that causes of regional variation in healthcare expenditures can

vary by context and institutional setting.
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Table 2.3: Additive decomposition of log total healthcare expenditures

Above/below median Top/bottom 25% High/Low High/ Low

expenditure expenditure share elderly γ̂

Difference in overall log total expenditure

Overall (∆ȳ) 0.068 0.139 0.129 0.107

Due to place (∆¯̂γ) 0.030 0.044 0.017 0.087

Due to patients 0.038 0.095 0.112 0.020

Share of difference due to

Place 0.444 0.313 0.129 0.816

Patients 0.556 0.687 0.871 0.184

(0.042) (0.036) (0.149) (0.044)

95% CI for Patient share [0.474, 0.638] [0.616, 0.757] [0.579, 1.163] [0.098, 0.270]

NOTES: Results based on equation (3) with yijt =log(total expenditure+1). The columns indicate the groups of provinces being compared. The first row shows

the difference in average log expenditure between the two groups of provinces; the second and third rows report the difference in average log expenditure due

to place and patients, respectively; rows 4 and 5 report the estimated shares attributable to supply (place) and demand (patients), respectively; finally, rows 6

and 7 show the standard errors for the patient share and the corresponding 95% confidence interval. The standard errors for the patient share are obtained by

bootstrapping with 50 repetitions drawn at the individual level. The sample consists of movers and non-movers and excludes the year of move, amounting to

106,814,700 observations.
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2.7 Appendix

2.7.1 Regions compared in the decomposition analysis

(a) Provinces above and below the median
average log(healthcare expenditure+1)

(b) Provinces in the top and bottom 25%
in terms of average log(healthcare expendi-
ture+1)

(c) Provinces in top and bottom 25% in
terms of share of elderly population

(d) Provinces in the top and bottom 25% of
the (estimated) region fixed-effect
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2.7.2 Details on the dataset and data cleaning process

The original dataset covers 133,060,196 observations, with the number of individuals

observed each period varying between 15.8 and 17.1 millions for the years 2006 and 2013,

respectively. In the paragraphs below, the term observation refers to a given line in the

dataset and the term individual refers to all observations associated with a given individual

identifier.

To begin with, we exclude 1,619,384 (1.2%) observations with missing postal codes.

These were due to the fact that some postal code areas are very small, thus raising privacy

concerns. Then, we drop 1,008,072 (0.8%) observations whose registration time was above

1 year and 42,107 (0.0%) with no individual identifier.

Some individuals exhibit inconsistent age patterns over time and therefore were excluded

from the dataset. In this case we delete all the observations associated with that individual,

resulting in the exclusion of 8,647,602 (6.5%) observations.

Some individuals have more than one observation per year. This can be due to moving

to a new postal code area, switching insurers, etc. If their demographic characteristics

(age and gender) are not consistent, these individuals are excluded from the dataset. For

individuals whose personal characteristics are consistent, we sum the registration times for

all the lines corresponding to the same year. In case the total registration is above 1 year,

the observation is dropped. In case the postal code varies between the multiple entries for

an individual within a given year t, we check which of the postal codes corresponds to the

destination region by looking and the next time period and attribute that postal code to

year t. Because all information in the dataset refers to December 31 of each year, this is an

harmless procedure. After fixing these issues, we sum the expenditures for each category

of healthcare over the multiple lines for the same individual within a given year. Finally,

we drop duplicated observations in terms of individual ID, year, gender, age, postal code,

registration time and expenditure amounts, resulting from this procedure.

We exclude all observations whose total registration time is below 1 year (4,569,467,

corresponding to 3.4% of the initial number of observations). Note that, since we had

already excluded all observations with registration time above 1 year, this implies only

observations with one year registration time are kept.

A few individuals exhibit negative expenditures in some categories of care. This is due to

adjustments and reimbursements between the insurer and the insured that span across

distinct years. We drop 35,223 observations corresponding to such situation.

We exclude 6,522,126 observations corresponding to individuals who exit and then

re-enter the dataset, as such situations can also be related to moving (that is, we dropped

non-consecutive observations within individuals). The fact that a given individual is not

observed in a certain year can also be a result of some of the procedures described in

the previous paragraphs which lead to the exclusion of some observations for a given
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individual.

We exclude individuals who move more than once during the time horizon under analysis

(3,099,792 observations, corresponding to 2.3% of the initial number of observations). This

ensures that we observe enough pre- and post-move years for each mover, which we need

for the decomposition analysis. In addition, it allows to clearly identify the change in

healthcare expenditures upon the move, which is crucial for our event-study analysis.

Individuals moving in 2013, the last period of our sample, are not considered as movers

because our empirical strategy requires that we observe healthcare expenditures both

before and after the move.

Additional minor restrictions imposed on the data result in the exclusion of 187,446

observations.

There are a few observations with very high expenditures in certain time periods.

Vektis specifically checks that those costs indeed were incurred. Thus, we keep them in

our analysis.

Our final dataset consists on 107,364,200 observations, where all observations have 1

year registration time, each individual is observed only once a year, and individuals are

observed continuously over time (though not necessarily over the same number of periods,

ie. the panel is unbalanced)

2.7.3 Different functional forms of the outcome variable

In this section, we assess the robustness of our baseline results with respect to the functional

form of the outcome variable. Specifically, instead of log(totexpit+1), we estimate equation

(1) using log(totexpit + 0.1), log(totexpit + 10), log10(totexpit + 1), the inverse hyperbolic

sine transformation11, expenditures in levels, and binary variables for being above certain

expenditure percentiles as dependent variable.

The results are shown in Table 2.4. Changing the functional form of the outcome

variable to other logarithmic forms and to the inverse hyperbolic sine leaves the baseline

estimates unchanged. Using a levels specification results in a somewhat lower estimate for

supply-side share (16%). This is because the log specifications and the inverse hyperbolic

sine transformation place more weight on differences at the lower end of the expenditure

distribution, so the fact that we obtain a lower supply-side share when giving equal weight

to all differences suggests that there is less room for supply-side variations at the top of

the expenditure distribution. This is in line with our estimates of the supply-side share

when defining the outcome variable as an indicator for being above the 50th, 75th, and

90th expenditure percentiles.

We also estimate equation (2) for each of the alternative functional forms of the outcome

variable. In Figure 2.5 we present the corresponding plots and assess the existence of

11The inverse hyperbolic sine transformation is defined as log(total exp +
√

total exp2 + 1.
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Table 2.4: Event-study Analysis: estimates of θ for alternative outcome variables

Model Estimate St. Error

Distinct functional form of outcome variables:

θ, Log(total expenditures + 10) 0.267*** 0.023

θ, Log(total expenditures + 0.1) 0.272*** 0.029

θ, Log10(total expenditures + 1) 0.274*** 0.026

θ, Log(total exp +
√

total exp2 + 1) 0.273*** 0.027

θ, Total expenditure (levels) 0.160*** 0.028

θ, Expenditure > median 0.283*** 0.024

θ, Expenditure > percentile 75 0.096*** 0.027

θ, Expenditure > percentile 90 0.155*** 0.043

NOTES: Estimates are based on equation (1). In the levels specification we winsorized the top 5% of

the expenditure distribution, in order to avoid having extreme outliers affecting our estimates. In the

specifications using the distribution percentiles, the dependent variable is an indicator for whether the

individual is above a given percentile of the expenditure distribution of all observations in a certain year;

The number of observations is 4,146,945 , corresponding to 549,500 movers. Standard errors are robust

standard errors, clustered at individual level. * significant at 10%; ** significant at 5%; *** significant at

1%.

trends before and after the move. When testing whether the coefficients for the periods

before the year of move are jointly statistically different from zero, we find evidence of a

small pre-trend in most specifications. This may result from people already using care

in the destination region before they officially move, for example if they move only some

time after starting a job or a new relationship in the destination region. When looking at

the periods post-move, the corresponding coefficients are never statistically different from

each other, suggesting no gradual adjustments post-move.

2.7.4 Robustness checks to the definition of regions

We redefine the relevant regions to the 25 GHOR regions instead of 12 provinces. GHOR

stands for Geneeskundige Hulpverleningsorganisatie in de Regio (Regional Medical Emer-

gency Preparedness and Planning) and it is responsible for the coordination and man-

agement of medical aid in case of disasters and crises. The GHOR also provides advice

to governments and other organizations. There are 25 GHOR offices in the Netherlands

and each of them is responsible for a specific territorial area. In this robustness check,

we thus consider as movers individuals who move to a new GHOR region once and only

once during the time period under analysis. Using GHOR regions results in 724,952

movers, corresponding to 5,458,133 observations. Among GHOR regions, differences in

terms of healthcare expenditures are even higher than those among provinces, reaching 30
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Figure 2.5: Assessment of pre- and post-move trends for alternative outcome variables

(a) Log(total expenditures + 10) (b) Log(total expenditures + 0.1)

(c) Inverse hyperbolic sine transformation (d) Log base 10

(e) Levels, winsorized at the top 5%

NOTES: The figures plot the estimated coefficients
θr based on equation (2), for different functional
forms of the outcome variable. The coefficients
for the year just before the move, r = −1, were
normalized to zero. The solid lines connect all es-
timated coefficients and the dashed lines connect
the upper and lower bounds of their 95% confi-
dence intervals. The sample consists of all 549,500
individuals who are movers.
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percentage points over our sample period.

The event-study results using GHOR regions are shown in Table 2.5. The estimated

supply-side shares of regional variation are slightly lower than the ones obtained using

provinces as the relevant region. With GHOR regions, about 20% of the variations in

total healthcare expenditures can be attributed to the supply-side. As with provinces, the

supply-share is similar across distinct categories of care.

Table 2.5: Event-study Analysis: estimates of θ using GHOR regions

Model Estimate St. Error

GHOR regions:

θ, Total expenditures 0.190*** 0.019

θ, GP expenditures 0.189*** 0.018

θ, Hospital expenditures 0.223*** 0.016

θ, Pharmaceutical expenditures 0.228*** 0.012

NOTES: Estimates are based on equation (1). The dependent variables are log(tot expit + 1) for total

expenditures, log(GPit + 1) for GP care, log(Hospitalit + 1) for hospital care, and log(Pharmait + 1) for

pharmacy care. The number of observations is 5,458,133, corresponding to 724,952 individuals who are

classified as movers when using GHPR as the relevant regions. Standard errors are robust standard errors,

clustered at individual level. * significant at 10%; ** significant at 5%; *** significant at 1%.

2.7.5 Robustness checks to the definition of the sample

To assess the robustness of the baseline event-study results to the sample used, we restrict

the estimation sample to a balanced sample; we exclude the most common move paths

between Noord-Holland and Zuid-Holland; and we restrict movers to individuals moving

distances longer than 75km an 100km so as to minimize the chance that after the move

they still seek care in the same health care facilities and are treated by the same physicians

which they visited before the move (i.e. they would not be exposed to different supply

conditions). Table 2.6 shows the results, which are of similar magnitude to the baseline

results.

2.7.6 Assessment of threats to the exogeneity assumption

In the main text, we discuss a possible violation of the exogeneity assumption in our model,

which relates to the existence of unobserved individual times trends that are systematically

related to δi. We test for it by estimating equation (2) and examining trends pre- and

post-move. An alternative way to assess whether there is evidence of unobserved individual

times trends related to δi is to restrict the estimation sample around the year of move.

We thus restrict the estimation sample to 1, 2, and 3 years around the year of move. The

results are reported in the top panel of Table 2.7 and are similar to those at baseline.
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Table 2.6: Event-study Analysis: estimates of θ, additional robustness checks

Model Estimate St. Error N. Obs.

Sample restrictions:

θ, balanced sample 0.299*** 0.027 3,611,944

θ, excluding moves between NH and ZH 0.278*** 0.026 3,823,868

θ, moves > 75km 0.349*** 0.031 2,166,909

θ, moves > 100km 0.285*** 0.035 1,544,721

NOTES: Estimates are based on equation (1), using log(tot expit+ 1) as dependent variable. The number

of mover-year observations varies according to the restriction imposed, as shown in the last column of the

table. Standard errors are robust standard errors, clustered at individual level. * significant at 10%; **

significant at 5%; *** significant at 1%.

There are additional threats to the exogeneity assumption required by our baseline

model. Below we discuss the plausibility of our assumptions that the effect of δi on

healthcare expenditures is linear and that θ is time-invariant.

Our baseline model specification assumes that the change in healthcare expenditures

at the time of the move is linear in δi. This assumption would be violated for example if

individuals respond differently to positive and negative δi’s, i.e. the effect of moving to

a region with 10% higher average expenditures can be different in magnitude from that

of moving to a region with 10% lower average expenditures. In order to test whether

assuming a linear effect of δi on healthcare expenditures is reasonable, we divide the

sample of movers into 20 equally sized bins according to δi, and for each of the bins we

compute the average change in healthcare expenditures upon the move (i.e. the average of

the difference between average annual expenditure after the move and before the move).

We then assess the plausibility of the assumption that the effect of δi is linear using a

visual approach. Figure 2.6 plots the 20 equally sized bins of movers according to δi on

the horizontal axis and the associated average change in individual healthcare expenditure

around the move on the vertical axis. These are the 20 points in the plot. The line is

a regression line connecting all 20 points. One can see that the points lie close to the

regression line and the figure does not suggest the existence of non-linear effects of δi.

Note that the slope of the regression line connecting all 20 points is 0.4, which is above

our estimated θ in the baseline regression. This is because this plot is only assessing a

correlation and no covariates are being accounted for.

Another key assumption of our baseline model specification is that θ is time-invariant.

This implies that the event-study equation (1) assumes the relative importance of demand

and supply-side factors as drivers of regional variations in healthcare expenditures to be

constant over time. As previously mentioned, on January 1st 2006, the Dutch healthcare

system was subject to a systematic reform, which introduced managed competition and

a single compulsory health insurance scheme for all individuals. Simultaneously, 2006

is the first year in our dataset. Thus, it may well be that in the years after the reform

33



Figure 2.6: Testing the linearity assumption on δi

NOTES: This figure was constructed by grouping movers into 20 equally sized bins according to their δi.
The horizontal axis measures the average change in log expenditure for movers in each bin upon the move.
The trend line was estimated by OLS using the 20 data points shown. The sample consists of all 549,500
individuals who are movers.

many adjustments were taking place as patients, physicians, hospital managers, and other

agents in the healthcare sector learned the new rules of the game. This could result in

θ varying over time. To assess the stability of θ over time, we estimate the event-study

regression separately in two distinct time periods (the early period between 2006-2009,

and the late period between 2010-2013). We also estimate the event-study equation among

individuals who moved in the first and the second half of our study period. In each of the

cases, testing the equality of the θ coefficients allows assessing whether θ is time-invariant.

Table 2.7 shows the results, which suggest that our assumption of a time-invariant θ is

reasonable. When distinguishing between the early and late sample periods, or estimating

the baseline model among a sample of either early movers or late movers, we find no

statistically significant differences in the estimated coefficients at the 5% significance level.
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Table 2.7: Event-study Analysis: estimates of θ, assessing model assumptions

Model Estimate St. Error N. Obs.

Years around the move:

θ, up to 3 years around move 0.266*** 0.026 3,166,863

θ, up to 2 years around move 0.257*** 0.027 2,499,843

θ, up to 1 years around move 0.221*** 0.028 1,633,074

Early vs. Late sample:

θ, sample from 2006 to 2009 0.209*** 0.050 2,051,943

θ, sample from 2010 to 2013 0.226*** 0.042 2,095,002

Early vs. Late movers:

θ, individuals who moved in 2006-2009 0.235*** 0.035 4,146,945

θ, individuals who moved in 2010-2013 0.329*** 0.039 4,146,945

NOTES: Estimates are based on equation (1), using log(tot expit+ 1) as dependent variable. The number

of observations varies according to each restriction imposed, as shown in the last column of the table.

Standard errors are robust standard errors, clustered at individual level. * significant at 10%; ** significant

at 5%; *** significant at 1%.
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2.7.7 Decomposition Analysis per type of care

Table 2.8: Additive decomposition by type of care, GP and Hospital

Above/below Top/bottom Old/ High/
median 25% Young Low γ̂

Difference in overall log GP expenditure
Overall (∆ȳ) 0.048 0.079 0.069 0.054
Due to place (∆ˆ̄γ) 0.015 0.021 0.008 0.031
Due to patients 0.033 0.059 0.061 0.023

Share of difference due to
Place 0.312 0.260 0.112 0.573
Patients 0.688 0.740 0.888 0.427

Difference in overall log Hospital expenditure
Overall (∆ȳ) 0.182 0.216 0.136 0.178
Due to place (∆ˆ̄γ) 0.073 0.082 -0.023 0.134
Due to patients 0.109 0.134 0.160 0.044

Share of difference due to
Place 0.400 0.379 -0.167 0.753
Patients 0.600 0.621 1.167 0.247

Difference in overall log Pharma expenditure
Overall (∆ȳ) 0.205 0.353 0.353 0.297
Due to place (∆ˆ̄γ) 0.056 0.112 0.112 0.139
Due to patients 0.149 0.242 0.242 0.158

Share of difference due to
Place 0.273 0.316 0.316 0.468
Patients 0.727 0.684 0.684 0.532

NOTES: The provinces belonging to the groups of expenditure percentiles being compared in columns
1, 2, and 4 are not constant across types of care. This is because the rank of provinces in terms of GP
expenditure can be very different from that in terms of hospital expenditure and the same applies to the
estimated region fixed-effects. Thus, we use the specific expenditure in the type of care under analysis in
order to determine which provinces belong to the groups of percentiles being compared. This analysis
uses all movers and non-movers and excludes the year of move, amounting to 106,800,653 observations.

36



2.7.8 Decomposition Analysis using GHOR regions

Table 2.9: Additive decomposition of log total healthcare expenditures using GHOR regions

Above/below median Top/bottom 25% Top/bottom 10% High/Low High/ Low

expenditure expenditure expenditure share elderly γ̂

Difference in overall log total expenditures

Overall (∆ȳ) 0.047 0.093 0.098 0.085 0.095

Due to place (∆¯̂γ) 0.018 0.031 0.025 0.010 0.062

Due to patients 0.029 0.062 0.073 0.075 0.033

Share of difference due to

Place 0.376 0.330 0.253 0.115 0.650

Patients 0.624 0.670 0.747 0.885 0.350

(0.061) (0.110) (0.077) (0.182) (0.036)

95% CI for Patient share [0.505, 0.743 ] [ 0.394, 0.826 ] [0.597, 0.897] [0.529, 1.241] [0.280, 0.420]

NOTES: Results based on equation (3) with yijt = log(total expenditures+1). The columns indicate the groups of GHOR regions being compared. The first

row shows the difference in average log expenditures between the two groups of GHOR regions; the second and third rows report the difference in average log

expenditures due to place and patients, respectively; rows 4 and 5 report the estimated shares attributable to supply (place) and demand (patients), respectively;

finally, rows 6 and 7 show the standard errors for the patient share and the corresponding 95% confidence interval. The standard errors for the patient share

are obtained by bootstrapping with 50 repetitions drawn at the individual level. The sample consists of movers and non-movers and excludes the year of move,

amounting to 106,814,700 observations.
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2.7.9 Histograms of δi by type of care

(a) GP care

(b) Hospital care

(c) Pharmaceutical care

Figure 2.7: Distribution of destination-origin difference in expenditures by type of care (δi)
NOTES: The figures show the histograms of δi, the destination-origin difference in the average log
individual expenditures, by type of care. Regions are defined as provinces. The histograms were built
using 50 bins and the sample of all 549,500 individuals who are movers, corresponding to 4,146,945
observations.
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Chapter 3

Entry and price competition in the over-the-counter
drug market after deregulation: evidence from Portu-
gal 1

Abstract

In the last two decades, many European countries allowed the sale of Over-the-
Counter (OTC) drugs outside pharmacies. This was expected to lower retail prices
through increased competition. Evidence of such price reductions is scarce. We
assess the impact of supermarket and outlet entry in the OTC drug market on OTC
prices charged by incumbent pharmacies using a difference-in-differences strategy.
We use price data on five popular OTC drugs for all retailers located in Lisbon
for three distinct points in time (2006, 2010, and 2015). Our results suggest that
competitive pressure in the market is mainly exerted by supermarkets, which charge,
on average, 20% lower prices than pharmacies. The entry of a supermarket among
the main competitors of an incumbent pharmacy is associated with an average 4 to
6% decrease in prices relative to the control group. These price reductions are long-
lasting, but fairly localized. We find no evidence of price reductions following OTC
outlet entry. Additional results from a reduced-form entry model and a propensity
score matching difference-in-differences approach support the view that these effects
are causal.

1This chapter is co-authored with Pedro Pita Barros and has been published as Moura and P. P. Barros
(2020). We thank Luigi Siciliani, Matt Sutton, and participants at multiple seminars and conferences for
their comments on earlier versions of this manuscript.
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3.1 Introduction

Over-the-counter (OTC) drugs are pharmaceuticals whose purchase does not require a

prescription. They are usually not reimbursed and their pricing is free, in contrast with

the highly regulated prices of reimbursed and/or prescription-only pharmaceuticals.

During the last two decades, European countries have extensively reformed their

community pharmacy sectors. An important element of these reforms is the liberalization

of OTC medicine distribution (OECD, 2014). OTC market liberalization implies a move

from a traditional pharmacy-centered model to a multi-channel distribution model in which

OTC drugs are sold outside pharmacies, namely in supermarkets, petrol stations, and

other non-pharmacy outlets. Throughout this paper, we refer to these as non-pharmacy

retailers.

The rationale for OTC market liberalization was that the entry of non-pharmacy

retailers, combined with free OTC pricing, would lower OTC drug prices via increased

competition among retailers (Lluch and Kanavos, 2010; Stargardt, Schreyögg, and Busse,

2007; Morgall and Almarsdóttir, 1999). Existing literature posits that pharmacies are not

used to price competition and do not place competitive constraints on each other (Pilorge,

2016; Stargardt et al., 2007).2 The fact that, at least in urban areas, non-pharmacy

retailers charge lower prices than traditional pharmacies (Anell, 2005; OFT, 2003) might

mechanically lead to lower average prices, but provides no evidence of competitive forces.

We examine whether facing increased competitive pressure following the entry of a non-

pharmacy competitor, who is able to charge lower prices, triggers price decreases by

incumbent pharmacies.

This is an important question that, to the best of our knowledge, has not yet been fully

addressed in the literature. OTC drugs are one of the few product segments for which

pharmacies can make their own pricing decisions. Because they are frequently used, we

expect consumers to be aware of price differences between retailers (Sorensen, 2000). By

shedding light on how competition takes place in this market, we contribute to inform

policy-makers on the market dynamics they might expect upon liberalizing OTC medicine

distribution.

The empirical analysis draws on the Portuguese experience. In Portugal, OTC market

liberalization started in late 2005 and allowed OTC drugs to be sold outside pharmacies,

namely in supermarkets and outlets.3 OTC market liberalization reforms similar to

the Portuguese one were implemented all over Europe during the last two decades: In

2This inability may be associated with either the development of close professional relationships among
pharmacists or to their use to the non-competitive environment in place prior to market liberalization.
Alternatively, pharmacies may not compete in prices but rather in quality, range of services, location,
or opening times (Martins and Queirós, 2015; Lluch and Kanavos, 2010; Anell, 2005; Rudholm, 2008;
Stargardt et al., 2007; Schaumans and Verboven, 2008).

3Patŕıcio, Luz, and Esṕırito Santo (2005), CEGEA (2005), and Gomes (2007) used the classic frameworks
of Hotelling (1929) and Waterson (1993) to make predictions of the expected price outcomes of the reform.
These predictions pointed in very different directions and the real impact of the reform was never assessed.
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2000, Poland allowed for a limited range of OTC products to be sold outside pharmacies;

Denmark, Norway, Italy, Hungary, Sweden, and France adopted similar policies in the

following years; Germany and the United Kingdom had already done so during the 1990s.

We use price data for five popular OTC drugs across all retailer types (traditional

pharmacies, supermarkets, and outlets) located in Lisbon. The dataset has a panel

structure and each retailer is observed for at most three points in time, the years of 2006,

2010, and 2015. In our data, supermarkets and outlets charge, on average, 20% and 4%

lower prices than traditional pharmacies, respectively.

Our empirical strategy is a difference-in-differences (DID) design, comparing the prices

charged by pharmacies that experience entry of a supermarket or outlet among their

main competitors and the prices charged by pharmacies that do not experience entry of a

supermarket or outlet among their main competitors, before and after entry occurs. We

use two alternative baseline measures to define the set of main competitors of a pharmacy.

One measure takes as main competitors of a pharmacy its three nearest neighbors selling

OTC drugs. The other measure takes as main competitors of a pharmacy all retailers

located within a 400-meter radius distance. Identification comes from the different timing

of exposure of incumbent pharmacies to different types of non-pharmacy entrants among

their main competitors.

Our main results show that incumbent pharmacies lower their prices by about 6%

after experiencing the entry of a supermarket among their three nearest neighbors. We

do not find evidence that outlet entry leads to price reductions by pharmacies. We find

a fair degree of heterogeneity in price responses across pharmacies operating in areas

with different degrees of market concentration with our results being driven by the most

isolated pharmacies, who likely enjoyed some degree of market power prior to experiencing

entry. We obtain similar results when using a 400-meter radius to define the set of main

competitors of a pharmacy. We interpret our findings in the context of a model based on

Salop (1979) with non-pharmacy entrants differing from incumbent pharmacies in their

marginal cost and, in particular, supermarkets being more efficient.

Our results do not seem to be driven by existing pre-treatment trends and survive

a battery of robustness checks. When varying the number of nearest neighbors and the

radius distance that define the set of main competitors of a pharmacy, we find that the

statistical significance of our results falls quickly as we enlarge the set of main competitors

of a pharmacy, suggesting competition is fairly localized. The causal interpretation of our

findings, however, rests on the assumption that market structure is exogenous so that

exposure to non-pharmacy entry is random. We address endogeneity concerns in two ways.

First, we implement a propensity score matching DID approach, with propensity scores

being a function of pre-entry levels of competitive pressure and demand faced by each

pharmacy, and obtain results that are broadly in line with our main findings, although

less statistically significant. Second, we estimate a reduced-form entry model in which the
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probability that a pharmacy faces non-pharmacy entry is a function of past prices. We

find no evidence of an association between past prices and non-pharmacy entry.

Our findings contribute to the empirical literature on OTC drug pricing and the effects

of OTC market liberalization in Europe. This literature is scarce, mostly descriptive, and

often unable to confirm the expected downward trend in OTC prices (OECD, 2014; Vogler,

Habimana, & Arts, 2014). We show that OTC liberalization reforms can lower prices via

increased competition, though this crucially depends on the ability of entrants to exert

competitive pressure on incumbent pharmacies.

Our study also contributes to a broader literature within industrial organization on the

price effects following the entry of supermarkets and chain stores in general in a market

previously composed of small, independent firms, as is the case of traditional pharmacies

in Portugal.4 Bennett and Yin (2019) study the entry of a retail pharmacy chain in India

on the price of incumbent pharmacies. Basker (2005) studies the effect of Walmart entry

on average city-level prices, and Basker and Noel (2009) estimate its effects on competitors’

prices. We contribute to this literature by providing evidence for the OTC drug market.

The remainder of this paper is as follows. Section 3.2 provides institutional background

on the Portuguese OTC market and the liberalization process. Section 3.3 describes the

dataset and Section 3.4 presents the empirical strategy. Section 3.5 presents the results

and Section 3.6 concludes.

3.2 Institutional background

Traditionally, community pharmacies enjoyed a monopoly for selling both prescription and

OTC drugs. In Portugal, their monopoly for selling OTC drugs ended with Decree-Law n.

134/2005 (August 16, 2005), which allowed the sale of OTC drugs outside pharmacies.5

Prescription drugs remain available only at traditional pharmacies.

The first non-pharmacy retailers entered the OTC market in October 2005. Non-

pharmacy retailers can be of two types: supermarkets and outlets (parafarmácias).

In supermarkets, by regulation, OTC drugs are not are freely accessible to customers.

They are placed either in a closed shelf located behind the cashiers’ check-out counter, or

in a dedicated area together with other wellness products. Either way, customers wishing

to purchase a given OTC drug must request it from the cashier or the employee attending

to the dedicated area. Most supermarkets selling OTC drugs in Lisbon belong to either

4Traditional pharmacies in Portugal are independently owned due to existing ownership restrictions
which limit the number of pharmacies that an agent can own. Ownership restrictions are common and
seek to ensure a certain degree of market competition. Recently, organized groups of independently-owned
pharmacies were created, but our data are prior to that.

5The Portuguese government announced the intention to liberalize the OTC market a few months before
Decree-Law 134/2005 was passed. We cannot completely rule out that pharmacies adopted strategies
other than pricing to prevent non-pharmacy entry. Nevertheless, the fact that non-pharmacy entry took
off quickly after liberalization, combined with pharmacies not being used to operate in a competitive
environment, leaves less scope for such strategic behavior.
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one of the two biggest supermarket chains in Portugal.

Non-pharmacy outlets are stores selling cosmetics, baby care products, vitamins and

supplements, among others. OTC drugs represented a natural expansion of their product

range. Outlets can be either independently owned or part of small chains of two or three

stores.

Non-pharmacy retailers wishing to enter the Portuguese OTC market must apply for a

license at the National Authority of Medicines and Health Products (Infarmed) and satisfy

specific requirements related to drug storage, qualification of personnel, etc. Application

by supermarket and outlet chains is done individually by each store belonging to the chain

as opposed to one license application for all stores belonging to the chain.

The entry of supermarkets and outlets in the OTC market took place quickly following

market liberalization.6 In the first quarter of 2009 there were over 800 non-pharmacies

in Portugal, and by the end of 2017 there were about 1,200. The volume share of OTC

drugs in the total outpatient pharmaceutical market was 16.5% by the end of 2017. The

corresponding value share was 11.7%. The non-pharmacy volume share of the OTC sector

in Portugal has risen continuously since market liberalization, plateauing at 20% in 2014

(Infarmed, 2018).

3.3 Data

Our data consists of the prices of five popular OTC drugs charged by all pharmacies,

supermarkets, and outlets located in the municipality of Lisbon for three different points

in time, the years of 2006, 2010, and 2015.

The five OTC drugs are Aspirina 500mg (20 pills, Bayer), Cêgripe (20 pills, Jassen-Cilag

Ltd.), Trifene200 (20 pills, Medinfar), Mebocáına Forte (20 tablets, Novartis), and Tantum

Verde (mouthwash, Angelini). These drugs tackle simple conditions such as fever and

headaches (Aspirina), colds (Cêgripe), menstrual pain (Trifene200), sore throat (Mebocáına

Forte), and toothache and gum swelling (Tantum Verde). They are among the top-selling

OTC drugs in Portugal. In 2009, these five drugs accounted for 10.8% of the volume

sales of OTC drugs outside pharmacies. All of them featured in the top 15 best-selling

drugs in volume and 3 of them featured in the top 10 (Infarmed, IP, 2010).7 They are

well-known brands to consumers and often advertised in the media. More importantly,

they are available at all retailers.8

Price data for 2006 were kindly provided by A. Simões, Paquete, Fernandes, Lourenço,

and Araújo (2006), who collected them between March and April. We then carried out

6Throughout the paper, entry in the OTC market refers to the moment at which a retailer is granted
a license to sell OTC drugs.

7After 2009, Infarmed stopped releasing sales data by commercial designation, so we do not have more
recent figures.

8Supermarkets and outlets typically carry a smaller selection of OTC drugs than pharmacies.

43



two additional rounds of data collection, in 2010 and 2015. Infarmed keeps an on-line,

updated list of all active retailers that are licensed to sell OTC drugs. We examined these

lists before each data collection round and identified the active retailers and their exact

locations. We collected price data for 2010 and 2015 between December 2010 and February

2011 and between February and April 2015, respectively.

Though A. Simões et al. (2006) visited every OTC retailer in 2006, some retailers were

not willing to disclose price information, resulting in some missing price data for that year.

When we carried out the data collection in 2010 and 2015, we purchased the drugs at

retailers whose staff refused to disclose prices. In these two periods we observe prices for

all retailers located in Lisbon.

We use the latitude and longitude coordinates of each retailer to identify its main

competitors at each time period. We also construct indicators for retailer type (traditional

pharmacy, supermarket or outlet) and the parish where each retailer is located.9 Finally,

we have data from the 2001 Portuguese census on the population living in the census block

where each retailer is located.

We follow retailers over the three time periods for which we have data. Our dataset is

unbalanced because there are retailers entering and exiting the market between each data

collection round. Appendix 3.7.2 shows maps of the OTC market structure in Lisbon for

the years 2006, 2010, and 2015. The number of supermarkets selling OTC drugs in our

dataset increased over time, from 1 in 2006 to 25 in 2015. The number of outlets selling

OTC drugs raised from 8 in 2006 to 25 in 2010 and then slightly declined to 21 in 2015.

The number of traditional pharmacies has been declining over time, from 301 in 2006 to

259 in 2015.

We now highlight a few patterns present in our data. The average prices of the drugs

under analysis increased over time, as did their variance. All supermarkets in our data

belong to supermarket chains and each chain adopts a common pricing strategy, rather

than store-specific prices that reflect the competitive environment faced by each store

belonging to the chain. On average, supermarkets charge about 20% lower prices than

traditional pharmacies for the sample of OTC drugs we analyze. This might be due

to economies of scale in the distribution chain of supermarkets, more efficient practices

regarding stock management and logistics, and stronger bargaining position when engaging

in price negotiations with suppliers due to larger quantities purchased. All of these result,

cumulatively, in lower marginal costs, leading to lower equilibrium prices for supermarkets.

Outlet prices are, on average, 4% lower than those of traditional pharmacies. Outlets are

either independent stores or part of very small chains, which might imply that they face

wholesale prices similar to those faced by traditional pharmacies.

9Portuguese municipalities are composed of smaller areas called parishes. The number and geographic
borders of the Lisbon parishes were revised in 2012. According to the revised version, which we use in our
analysis, there are 24 parishes in Lisbon.
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3.4 Methodology

3.4.1 Empirical Strategy

We use a DID strategy to assess the price effects following the entry of non-pharmacy

retailers. Non-pharmacy entry started before our first round of data collection. However,

non-pharmacy entry took place gradually, meaning that each pharmacy experiences entry

of different types of non-pharmacies among its main competitors at different points in

time. This is our source of identification.

We start by defining the set of main competitors of pharmacy i. One way to define

the main competitors of a pharmacy is to consider its N nearest neighbors in terms of

walking distance as main competitors.10 Another way to define the main competitors of

pharmacy i is to consider all retailers located within a radius R centered around i as main

competitors. We use these two alternative definitions of main competitors throughout our

analysis.

An incumbent pharmacy is “treated” if it experiences the entry of a non-pharmacy

retailer among its main competitors. Prior to treatment, its set of main competitors

consists only of traditional pharmacies. Because supermarkets and outlets charge different

prices, they might exert different levels of competitive pressure on incumbent pharmacies

and generate different price effects. We therefore distinguish two types of treatment,

SUPERi and OUTLETi, depending on whether the non-pharmacy entrant faced by

pharmacy i is a supermarket or an outlet, respectively. Additionally, for each type of

treatment we distinguish three treatment cohorts, c, according to treatment timing. Each

of the two types of treatment can take place either before 2006 (c = 1, the first and

earliest treatment cohort), between 2006 and 2010 (c = 2, the second treatment cohort),

or between 2010 and 2015 (c = 3, the third and latest treatment cohort). In total there

are six treatment groups corresponding to two types of treatment and three treatment

cohorts. The control group is composed of pharmacies who never face non-pharmacies

among their main competitors.

We estimate the price differences between each treatment group and the control group

at each of our sample years. The regression counterpart of these differences is as follows:

10We use walking distances instead of straight-line distances to define the nearest competitors of each
pharmacy. This accounts for physical barriers that might cause two nearby retailers not to be regarded as
competitors by consumers, ie. a high-speed road. We measured walking distances between retailers after
each data collection round because they can change over time due to urban development, ie. a new aerial
bridge might be built allowing consumers to easily cross over a high-speed road.
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Pikt = θsuperct × δtSUPERc
i + θoutletct × δtOUTLET ci (1)

+ δt + γk + αi + εikt,

with SUPERc
i = {SUPER1

i , SUPER
2
i , SUPER

3
i }

and OUTLET ci = {OUTLET 1
i , OUTLET

2
i , OUTLET

3
i }

In equation (1), i indexes the pharmacy, t indexes time in years, k indexes the drug,

and c indexes the treatment cohort. The dependent variable is the natural logarithm of the

price charged by pharmacy i, for drug k in year t. SUPERc
i and OUTLET ci are vectors

of indicators for each of the three cohorts that experienced the entry of a supermarket

and outlet, respectively, among their main competitors.11 For example, SUPER2
i is a

binary indicator taking value 1 in case pharmacy i experienced the entry of a supermarket

among its main competitors between 2006 and 2010 (the second treatment cohort), and

value 0 otherwise. Similarly, OUTLET 3
i is a binary indicator taking value 1 if pharmacy i

experienced the entry of an outlet among its main competitors between 2010 and 2015

(the third treatment cohort). δt is a vector containing fixed-effects for years 2010 and 2015.

γk and αi are drug and retailer fixed-effects, respectively. εikt is an error term.

The main coefficients of interest are θsuperct and θoutletct , corresponding to interactions

between the treatment groups and year fixed-effects. Their estimates convey the price

impact of non-pharmacy entry on incumbent pharmacies and their dynamics over time.

To be more precise, θsuperct conveys the price difference in year t between pharmacies that

experience entry of a supermarket among their main competitors in treatment cohort c

and pharmacies in the control group. An analogous interpretation applies to θoutletct for

outlet entry.

Our empirical design is as flexible as possible, given that we only have data for three

time points in time. Pharmacies experiencing supermarket and outlet entry after 2010 are

observed twice prior to treatment, in 2006 and in 2010. The estimates of θsuper3,2010 and θoutlet3,2010

correspond to price differences in 2010 between these pharmacies and the control group.

Because these are price differences prior to treatment, the statistical significance of these

estimates is informative about the plausibility of the parallel trend assumption.

Additionally, pharmacies experiencing supermarket and outlet entry between 2006 and

2010 are observed twice after treatment, in 2010 and in 2015. The estimates of θsuper2,2015 and

11We use indicator variables for facing non-pharmacy entry, as opposed to measures of the general
level of competitive pressure faced by a pharmacy. This is because we are specifically interested on the
additional competitive pressure originating from the entry of different types of retailers, supermarkets
and outlets. Our main interest is not on the general level of competitive pressure originating from a
higher density of traditional pharmacies in an area, which has been assessed in previous literature (see,
for example, Pilorge, 2016).
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θoutlet2,2015 correspond to price differences in 2015 between these pharmacies and the control

group. θsuper2,2010 and θoutlet2,2010, in turn, convey a more immediate price impact of non-pharmacy

entry on these pharmacies because they reflect price differences relative to the control

group in 2010. Comparing these two pairs of estimates allows us to assess the persistence

of the price effects induced by non-pharmacy entry.

When taking our model to the data, we select specific values of N and R. We set N = 3

for our baseline nearest neighbor specification. In this case, the treatments consist on the

entry of a supermarket or outlet in the set of 3 nearest neighbors before 2006, between

2006 and 2010, or between 2010 and 2015. We set R = 400 meters for our baseline radius

specification. Under this definition, the treatments consist on the entry of a supermarket

or outlet within a 400-meter radius before 2006, between 2006 and 2010, or between 2010

and 2015. We vary our choices of N and R in robustness checks.

We estimate equation (1) using fixed-effects at the pharmacy level, thus differencing

out all time-invariant, pharmacy-specific characteristics. We cluster standard errors at the

pharmacy level to account for serial correlation in pharmacy pricing decisions.12

Since our main interest is on the effects on the pricing of incumbent pharmacies, we

estimate our baseline model among pharmacies only. Throughout most of our analysis,

we focus on samples in which all treatment and control groups are mutually exclusive.13

Thus, the number of pharmacies used in the estimation and the number of pharmacies in

the treatment and control groups varies with the definition of main competitors. Table

3.1 shows the composition of the treatment and control groups for our baseline choices of

main competitors: the three nearest neighbors and the retailers located within a 400-meter

radius. In the specific case of the 400-meter radius measure, no pharmacies experienced

entry of a supermarket before 2006 so that treatment group is empty. Each pharmacy

belongs to the same group throughout all time periods in which it is observed. However,

the number of pharmacies in each group can vary over time due to market entry and exit.

For example, Table 3.1 conveys that some of the pharmacies that experienced entry of

an outlet within a 400-meter radius exited the market. The increase in the number of

pharmacies in the control group between 2006 and 2010 reflects the missing price data for

2006, as discussed in Section 3.3.

One concern is that pharmacies in the control group and those that eventually face

non-pharmacy entry are already somewhat different prior to treatment. In Table 3.2 we

12This clustering option is common when defining markets around a focal retailer (see Hosken, McMillen,
and Taylor, 2008) because in such settings retailers are the relevant unit at which treatment assignment
occurs. This is also in line with the recommendations of Abadie, Athey, Imbens, and Wooldridge (2017)
to cluster standard errors at the level of treatment variation.

13Pharmacies experiencing non-pharmacy entry at several points in time, or experiencing both supermar-
ket and outlet entry are disregarded from most of our analysis. This avoids having many interaction terms
in the model whose identification relies on very few pharmacies and it simplifies the construction of the
propensity-score matched sample. Our results are unchanged if we include pharmacies that experienced
multiple treatments (Table 3.9 in the Appendix).
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Table 3.1: Composition of control and treatment groups in the baseline sample

Definition of main competitors

3 nearest neighbors 400-meter radius

2006 2010 2015 2006 2010 2015

Control group 152 220 197 136 206 186

Supermarket entry before 2006 2 2 2 0 0 0

Supermarket entry in 2006/10 6 6 6 5 5 5

Supermarket entry in 2010/15 13 13 13 6 6 6

Outlet entry before 2006 8 8 8 9 7 6

Outlet entry in 2006/10 10 10 10 14 14 12

Outlet entry in 2010/15 11 11 11 12 12 12

Total 202 270 247 182 250 227

NOTES: The table shows the number of pharmacies included in the baseline estimation samples per

treatment group and year for our two alternative definitions of main competitors. In the first three

columns the main competitors of a pharmacy are defined as its three nearest neighbors. In the last three

columns, the main competitors of a pharmacy are defined as all retailers located within a 400-meter radius.

The lower number of pharmacies in the control group in 2006 is a consequence of missing price data for

that year, as discussed in Section 3.3. Within a definition of main competitors, we focus on a sample of

pharmacies for which all the treatment groups and the control group are mutually exclusive.

compare the pre-treatment means of our main variables for pharmacies in the control

group and those treated after 2006. We do this for our two alternative measures of main

competitors. We exclude pharmacies who experienced non-pharmacy entry before 2006, as

for these we have no pre-treatment observations. Pharmacies that eventually experience

non-pharmacy entry charge lower prices for some of the drugs under analysis in 2006 and

they tend to be located in areas with higher population. This motivates the estimation of

equation (1) on a matched sample of pharmacies (Section 3.4.2).

Entry is expected to have stronger effects in areas where market structure is more

concentrated, i.e. closer to a monopoly. We assess this hypothesis by estimating equation

(1) among the most and the least spatially isolated pharmacies, alternatively. We define

the most spatially isolated pharmacies based on information for 2006. In the case of

our nearest neighbors measure of main competitors, the most (least) spatially isolated

pharmacies are those whose walking time in minutes to their third nearest competitor is

above (below) the sample median in 2006. For our radius measure of competition, the

most (least) spatially isolated pharmacies are those whose number of competitors within a

400-meter radius in 2006 is below (above) the sample median.

Our control group may be contaminated by second-order effects related to the entry of

non-pharmacies. That is, if pharmacy A experiences the entry of non-pharmacy B among

its main competitors, A might lower its price (first-order effect). That may cause C, who is
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Table 3.2: Testing for mean differences between groups of pharmacies at baseline (2006)

Control group Eventually treated Difference P-value

Main competitors: 3 nearest neighbors

Price Aspirina 500mg (e ) 3.033 2.996 0.026 0.378

Price Cêgripe (e ) 4.312 4.195 0.118*** 0.002

Price Trifene200 (e ) 3.348 3.255 0.093** 0.041

Price Mebocáına Forte (e ) 4.676 4.613 0.062 0.238

Price Tantum Verde (e ) 4.987 4.848 0.139** 0.047

Avg distance to 3 nearest neighbors (km) 0.241 0.274 -0.035 0.241

Avg walking time to 3 nearest neighbors (min) 5.161 5.800 -0.639 0.323

Population in census block (as of 2001) 589.024 723.286 -125.262*** 0.002

Main competitors: 400-meter radius

Price Aspirina 500mg (e ) 3.026 3.004 0.022 0.554

Price Cêgripe (e ) 4.323 4.240 0.083** 0.027

Price Trifene200 (e ) 3.340 3.285 0.055 0.149

Price Mebocáına Forte (e ) 4.675 4.688 -0.013 0.213

Price Tantum Verde (e ) 4.995 4.913 0.082 0.418

Number of retailers within radius 4.940 4.838 0.102 0.864

Population in census block (as of 2001) 590.694 646.255 -55.561 0.104

NOTES: The table shows the 2006 mean of several variables of interest across pharmacies in the control
and treatment groups for our two alternative measures of main competitors. In the top panel, the main
competitors of a pharmacy are its three nearest neighbors and in the bottom panel they are all retailers
located within a 400-meter radius. For each panel, the first column reports averages across pharmacies
belonging to the control group. The second column reports averages across pharmacies which were not
yet treated in 2006, but will eventually face the entry of a non-pharmacy amongst their three nearest
competitors, thus grouping together pharmacies facing the entry of a supermarket or an outlet either
between 2006 and 2010, or between 2010 and 2015. Pharmacies already treated in 2006 are not accounted
for in this table because they are not observed prior to treatment. The third column computes the
difference of columns 1 and 2, and column 4 shows the corresponding two-sided p-value. * p < 0.1, **
p < 0.05, *** p < 0.01

in the control group and has A but not B among its main competitors, to change its price

as a response to the price change of A (second-order effect). We mitigate this concern by

restricting the control group to pharmacies whose main competitors are in the control

group themselves. This robustness check is informative about whether our choice for the

set of main competitors, and our definitions of control and treatment groups are adequate.

The maps of the market structure of the OTC market in Lisbon in Appendix 3.7.2

show that some retailers exited the market during our study-period. Most of these were

pharmacies. In robustness checks, we address pharmacy exit in several ways. First, we

estimate equation (1) on a balanced panel of pharmacies. Second, we estimate equation

(1) among pharmacies whose main competitors do not exit the market.14 Third, we

14There can be variation in competition both from entry and from exit of OTC retailers that compose
the set of main competitors of a pharmacy (ie, their three closest neighbors or the retailers within a
400-meter radius). We are interested in variation originating from entry of non-pharmacies, not exit of
pharmacies. In order to isolate the former, we focus on a subsample of pharmacies whose main competitors
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assess whether experiencing the entry of a non-pharmacy retailer makes pharmacies more

likely to exit the market in the future. Specifically, we estimate a logit model whose

dependent variable is a binary indicator taking value 1 in case pharmacy i exits the

market before the next round of data collection, and value 0 otherwise. The independent

variables are treatment group indicators, year fixed-effects, and parish fixed-effects. If the

estimates corresponding to the treatment group indicators are not statistically different

from zero, then experiencing entry of a supermarket or outlet does not systematically

cause pharmacies to exit the market.

3.4.2 Endogeneity of market structure

Our estimates from equation (1) can only be interpreted as causal if entry and location

decisions of non-pharmacies are exogenous. The decision to open a supermarket or outlet

in a given location is plausibly unrelated to pharmacy market structure, as OTC drugs

are a small subset of their product range.15 However, it is more difficult to defend the

exogeneity assumption when not all retailers belonging to a given chain apply for a license

to sell OTC drugs.

One potential threat is the existence of retailer-specific unobservables that affect both

prices charged by incumbent pharmacies and entry of non-pharmacies. To the extent

that these are time-invariant, they are captured by the retailer fixed effects in our model.

However, there can also be time-varying, retailer-specific unobservables if, for example,

certain retailers experience demand shocks due to the natural course of urban development,

gentrification of certain neighborhoods, etc. These shocks are difficult to measure at the

small geographic level we are working with.

In an attempt to mitigate this concern, we combine propensity score matching with our

DID design (Heckman, Ichimura, and Todd, 1997; Smith and Todd, 2005). The underlying

intuition is that by matching treated and untreated pharmacies on their propensity score,

that is, on their probability of being treated, we make treated and control groups more

similar in terms of the observables used in the estimation of the propensity score. Thus,

treatment should be random, conditional on those observables. We estimate the propensity

score as a function of the levels of competitive pressure and demand faced by each pharmacy

prior to experiencing non-pharmacy entry.16 We then use the estimated propensity scores

do not exit the market. Therefore, any variation in competition comes from entry of a new retailer.
15In the particular case of supermarket chains, OTC drugs seem to correspond to a small share of total

sales. For example, in 2014 the supermarket chain with the largest OTC sales value was Pingo Doce with
Me 8.3 nationwide (Infarmed, IP, 2015). Its total sales value was Me 3,234 (Jerónimo Martins SGPS SA,
2015). At the time OTC drugs were available at 74 of a total of 380 stores existing Pingo Doce in Portugal.
Assuming stores are symmetric, on average, OTC drugs amount to 1.3% of total sales value per store.

16Specifically, demand is measured as population living in the census block where the pharmacy is
located, as of 2001. Competitive pressure is measured by the average walking time, in minutes, to the
three closest competitors as of 2006 when defining the main competitors of a pharmacy as its three
nearest neighbors. When considering all retailers located within a 400m radius, competitive pressure is
measured by the total number of retailers located inside the 400m radius in 2006. Since both measures of
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to build a matched sample of pharmacies using single neighbor matching.17 Finally, we

estimate equation (1) in this matched sample.

Another potential threat is that, in addition to pharmacies adjusting their prices in

the presence of a non-pharmacy, non-pharmacies make location decisions based on prices

charged by existing pharmacies in the area. That is, non-pharmacy entrants select where

to enter the market based on past prices in the area. For example, entrants might chose

to enter in areas where prices are higher as there they could potentially only slightly

undercut the incumbents and make higher profits. We address this concern by assuming

a sequential game in which in year t− 1 supermarkets and outlets make joint entry and

location decisions for year t, taking into account (functions of) t− 1 prices charged by the

pharmacies they would be competing with. Then in year t entry is realized and observed,

and all players make their pricing decisions for that year taking entry as given. We have

no information on retailers that did not enter the market. Thus, we use the fact that we

observe entry in certain locations, but not in others. For this analysis, retailers are the

relevant unit of observation and the prices of each of the five OTC drugs are aggregated

to generate an OTC bundle price which is retailer-year specific, Pit =
∑5

k=1 Pikt.
18 The

equation taken to the data is as follows:

entry∗it = β0 + β1ζ(Pi,t−1) + δt + λj + εit, εit ∼ iid logistic (2)

entryit =

1 if entry∗it > 0,

0 if entry∗it ≤ 0

where entry∗it is a latent variable representing the probability that pharmacy i experiences

the entry of a non-pharmacy among its main competitors in year t. Although we do not

observe this probability, we observe whether a pharmacy experienced non-pharmacy entry

at a given point in time, entryit. Thus, entryit is a binary indicator taking value 1 in case

pharmacy i experienced the entry of a supermarket or outlet among its main competitors

in year t, and value 0 otherwise. ζ(Pt−1) is a functional form through which past prices

affect entry and location decisions by supermarkets or outlets. ζ is, alternatively, the t− 1

price charged by pharmacy i (Pit−1), and the ratio between Pit−1 and the average t− 1

price among all retailers operating in Lisbon. The remaining terms are time and parish

demand and competitive pressure are continuous, we categorize them into quintiles and use the categorized
variables for the matching. We disregard the groups that were treated already in 2006 in the matching, as
for those we do not observe a pre-treatment period level of competitive pressure. In Appendix 3.7.5 we
provide additional technical details on the PSM procedure.

17As an alternative matching algorithm, we use local linear regression to build the matched sample.
The results are shown in Appendix 3.11 and are similar to those for the matched sample using single
neighbor matching.

18We acknowledge that this is a relatively coarse measure of prices in a geographical area, because we
are only considering five OTC drugs and these five particular OTC drugs might poorly represent the
prices of all goods sold by the pharmacies in that area. But this is the best measure we have given the
available information.
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fixed effects, δt and λj, respectively. εit is a logistically-distributed error term. Since we

take lags of price, the model is estimated using the years 2010 and 2015 only and the

lags are taken with respect to the previous period for which we have data. We estimate

separate models for the probability of experiencing entry of a supermarket or an outlet,

and for our two definitions of main competitors. If the estimates of β1 are not statistically

different from zero in these models, then entry and location decisions of supermarkets and

outlets are not driven by past prices charged by pharmacies operating in that location for

the five drugs under analysis.

3.5 Results

Table 3.3 shows our main results. In the first column we consider the main competitors

of a pharmacy to be its three nearest neighbors and in column 2 we consider its main

competitors to be the retailers located within a 400-meter radius. The results are broadly

similar across the two definitions of main competitors. Overall, the entry of a supermarket

among the main competitors of a pharmacy is associated with long-lasting price reductions.

In 2010, pharmacies who faced the entry of a supermarket amongst their main competitors

between 2006 and 2010 charged 6-7% lower prices than those in the control group. In 2015,

this very same group of pharmacies was still charging, on average, 4-6% lower prices than

pharmacies in the control group.19 The effects are insignificant for pharmacies experiencing

entry of a supermarket between 2010 and 2015. While pharmacies experiencing supermarket

entry before 2006 charge 2-3% lower prices than those in the control group both in 2010

and 2015, we do not know how their prices compared to the control group pre-entry and

thus do not put too much emphasis on this result.

The entry of an outlet among the main competitors of a pharmacy is not associated with

price reductions. The finding that incumbent pharmacies react differently to supermarket

and outlet entry is consistent with a model in the spirit of Salop (1979), where competition

is localized and non-pharmacy entrants can have a cost-advantage or cost-disadvantage

relative to traditional pharmacies. We outline such a model in Appendix 3.7.1. In our

model, the extent to which pharmacies lower prices after experiencing non-pharmacy entry

depends on two distinct forces. On the one hand, there is now a closer competitor which

creates downward pressure on incumbent prices. On the other hand, due to the localized

nature of competition, incumbents may face a softer or tougher rival at the margin. In case

of a more efficient entrant, both these forces go in the direction of lowering pharmacy prices

(closer and more efficient rival). In case of a less efficient entrant, the two forces work in

opposite directions and the total impact on pharmacy prices is ambiguous. In our setting,

19To put these effects into perspective, the entry of a pharmacy chain in India is associated with a 2%
price decline among incumbents (Bennett & Yin, 2019), and the entry of Walmart, which charged on
average 10% lower prices, is associated with a 1-1.2% price decrease by its competitors (Basker & Noel,
2009) and a short-run average city-level price decrease in the range of 1.5-3% (Basker, 2005).
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entry by large supermarket chains is likely to be approximated by the low-cost entrant,

reflecting their cost advantage in logistics, management and, eventually, bargaining power

with wholesalers. The entry of outlets, in turn, might be better approximated by the

higher-cost entrant.

In the last two rows of Table 3.3, we compare the prices charged in 2010 by pharmacies

that experience non-pharmacy entry only after 2010 with those charged by pharmacies

in the control group. The lack of statistical significance of these estimates supports the

plausibility of the common trend assumption, but their magnitude is sometimes not too

different from our main effects. We would need a longer panel to make a stronger claim

regarding this matter.

In the last two columns of Table 3.3 we report the results from estimating equation (1)

on a matched sample of treated and control pharmacies, with matching done using single

neighbor matching on propensity scores. The size of the matched sample is considerably

smaller than the size of the baseline sample. While the results obtained with the matched

sample go in the same direction as the ones obtained with the baseline sample, some

statistical significance is lost.

Table 3.5 in the Appendix shows that our results are driven by the most spatially isolated

pharmacies as of 2006, who enjoyed some degree of market power before experiencing entry.

Our baseline results are robust to estimating the model on a balanced panel of pharmacies,

including all retailer types, including pharmacies that are in multiple treatment groups,

restricting the sample to pharmacies whose main competitors are in the control group

themselves, and restricting the sample to pharmacies whose main competitors do not exit

the market (Tables 3.8, 3.6, 3.9, 3.7, and 3.10 in the Appendix, respectively).

We vary the values of N and R for the definitions of main competitors in Table 3.13

in the Appendix. The findings from that exercise convey the fact that competition in

the OTC market is very localized. For example, increasing N from 3 to 5 shows very

few statistically significant price effects following non-pharmacy entry. Similarly, when

enlarging the radius within which main competitors are located from 400 to 600 or 800

meters most of the price effects vanish.

Experiencing the entry of a non-pharmacy retailer does not seem to cause pharmacies

to exit the market before the next round of data collection (Table 3.12 in the Appendix).20

Finally, Table 3.4 shows the results of the reduced-form entry model. These do not

support the claim that non-pharmacies make entry decisions based on the prices charged

by pharmacies already operating in that area because the estimate of β1 in equation (2) is

never statistically significant.

20Exit of traditional pharmacies cannot be directly linked to the liberalization of the OTC market, as
the share of OTC drugs on total pharmacy revenue is probably too small to produce such an impact.
Instead, it is more likely a consequence of the overall economic environment and the squeezing of pharmacy
margins on prescription drugs (P. Barros, 2012). This is consistent with the figures in Table 3.1, showing
that the vast majority of the pharmacies who exited the market were in the control group.
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Table 3.3: Estimates of θ from equation (1), baseline and matched samples

No matching Single neighbor matching

3 nearest 400m radius 3 nearest 400m radius
neighbors neighbors

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

DiD estimates:

2010×Supermarket entry before 2006 (θsuper1,2010) -0.027***

(0.008)

2015×Supermarket entry before 2006 (θsuper1,2015) -0.038***

(0.013)

2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.064*** -0.076*** -0.055* -0.053**

(0.019) (0.015) (0.033) (0.026)

2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.064*** -0.038* -0.080** -0.010

(0.022) (0.023) (0.035) (0.031)

2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.015 -0.025 -0.030 0.009

(0.016) (0.017) (0.027) (0.025)

2010×Outlet entry before 2006 (θoutlet1,2010) 0.013 -0.031

(0.020) (0.022)

2015×Outlet entry before 2006 (θoutlet1,2015) -0.005 -0.033*

(0.010) (0.019)

2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.009 -0.006 0.019 0.010

(0.023) (0.017) (0.022) (0.023)

2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.015 -0.015 -0.001 -0.024

(0.021) (0.020) (0.025) (0.026)

2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.001 0.035* -0.016 0.060**

(0.034) (0.021) (0.035) (0.025)

Pre-treatment trends:

2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.009 -0.041 0.000 0.020

(0.027) (0.033) (0.024) (0.024)

2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.007 0.011 0.003 0.040*

(0.018) (0.015) (0.023) (0.022)

N 3,429 3,280 970 960

R2 0.912 0.913 0.913 0.903

NOTES: Estimates of θsuper and θoutlet based on the estimation of equation (1) among traditional
pharmacies. In columns 1 and 3 the main competitors of pharmacy i are its 3 nearest neighbors. In
columns 2 and 4 the main competitors of pharmacy i are the retailers located with a 400-meter radius. The
first two columns estimate the model in the original sample. The last two columns estimate the model on
a matched sample of treated and control pharmacies (matching was done using single neighbor matching
on propensity scores). We disregard the groups that were treated already in 2006 in the matching, as
for those we do not observe a pre-treatment period. All specifications include year, drug, and pharmacy
fixed-effects. Standard errors are shown in parenthesis. In columns 1 and 2 standard errors are clustered
at the pharmacy level. In columns 3 and 4 standard errors are bootstrapped using 30 repetitions drawn
cross-sectionally at the pharmacy level in the original sample. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 3.4: Results from the estimation of the reduced-form entry model

Main Competitors ζ(Pt−1) specification Supermarket Outlet

3 Nearest neighbors

Pit−1 -0.771 -7.079

(1.533) (1.027)

Pit−1 relatively to average market price -0.999 -1.289

(4.293) (1.262)

400m radius Pit−1 -0.865 0.665

(2.226) (0.836)

400m radius Pit−1 relatively to average market price -1.432 0.548

(7.868) (0.820)

NOTES: Marginal effects of β1 from RE logit estimation of equation (6), with dependent variable being
an indicator for facing the entry of a supermarket (column 1) and an outlet (column 2). There are two
panels. The top panel takes the main competitors of pharmacy i as its three nearest neighbors. The
bottom panel takes the main competitors of pharmacy i as the retailers located within a 400-meter radius.
In each of the panels, the first row tests whether pharmacy i facing the entry of a supermarket/outlet
among its main competitors depends on the prices it charged in the previous period, ζ(Pt−1) = Pit−1. The
corresponding figures can be interpreted as the percentage-point change in the probability of facing entry
associated with a 1% higher OTC bundle price in the previous period. The second row tests whether it
depends on the lagged prices of pharmacy i relatively to the average bundle price in the city of Lisbon.
The corresponding figures can be interpreted as the percentage-point change associated with a 1-unit
increase in the independent variable. Recall that our estimation sample differs according to how we define
the set of main competitors of pharmacy i, so that a different number of observations is used to obtain
each estimate shown on the table. Standard errors shown in parenthesis are clustered at the pharmacy
level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.

55



Because our reduced-form entry model has a very specific functional form, we create

bar charts of the share of pharmacies in each of the deciles of current and past prices for the

bundle of drugs we analyze. We do this separately by year and by type of non-pharmacy

entrant. If entry is in any way related to current or past prices, then these plots should

convey a non-random relationship. In particular, if entry occurred in locations which were

potentially more profitable because they had higher prices, then pharmacies in the highest

price deciles would experience the largest shares of entry by non-pharmacies. We find no

such pattern (Figures 3.4 and 3.3 in the Appendix). A similar analysis using deciles of

resident population instead of price deciles yields again no clear pattern (Figures 3.2 and

3.5 in the Appendix).

3.6 Concluding remarks

We use unique OTC price data at the retailer level for the city of Lisbon to examine

the effects of non-pharmacy entry on the prices of incumbent pharmacies. We show that

non-pharmacy entry can be successful at fostering competition and lowering prices charged

by pharmacies. However, the extent to which this occurs depends crucially on the type

non-pharmacy entrant and, particularly, on their ability to exert competitive pressure on

incumbent pharmacies. Supermarkets in our sample charge about 20% lower prices than

pharmacies, whereas outlets charge 4% lower prices than pharmacies. This means that

supermarkets have a greater ability to exert competitive pressure on pharmacies than

outlets.

Our baseline results reflect those differences. While incumbent pharmacies charge 4-6%

lower prices than the control group after experiencing the entry of a supermarket among

their main competitors, they do not seem to react to the entry of an outlet. Furthermore,

while incumbent pharmacies lower their prices as a response to supermarket entry, they

do not lower prices enough so as to match the prices charged by supermarkets. This

findings are in line with predictions from a model in the Salop tradition with non-pharmacy

entrants differing from incumbents in their marginal cost.

Our results are specific to retailers operating in the municipality of Lisbon and to the

set of drugs and time periods we analyze. They might not generalize to other settings. In

particular, price reductions may not occur in rural areas, where entry of supermarkets takes

place on a smaller scale. Nevertheless, our study contributes to a deeper understanding of

how competition takes place in retail pharmaceutical OTC markets.
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3.7 Appendix

3.7.1 Theoretical framework

We highlight the economic effects associated with OTC liberalization using a stylized model

of entry and competition in the OTC market. We consider a model in the tradition of Salop

(1979), with entry of competitors with marginal cost differences relative to incumbents.

This reflects the possibility that different types of non-pharmacy entrants may have a

cost-advantage or disadvantage relative to community pharmacies. Entry is exogenously

given, to focus on the price effects from entry.

The equilibrium price effects of entry into the OTC market will result from extra

competition due to more players in the market and from how hard marginal competition

has become. In the Salop model, competition is localized, so entry by a low cost rival

creates a downward pressure on prices from both a closer rival and a lower marginal

cost, more aggressive, competitor. On the other hand, entry by a higher cost competitor

brings a balance between a closer rival and a “softer“ (higher marginal cost) competitor.

The former drives down equilibrium prices while the latter exerts pressure for increasing

equilibrium prices.

We consider exogenous entry instead of the free entry equilibrium as in Salop (1979).

The existence of entry fixed costs will limit entry in a trivial way and will not add any

particular insight. Our interest lies in the price implications of entry of OTC non-pharmacy

retailers with different marginal costs, to generate testable implications.

In our setting, entry by large supermarket chains is likely to be approximated by the

low-cost entrant, reflecting their cost advantage in logistics, management and, eventually,

bargaining power with wholesalers. In areas where supermarkets enter the OTC market,

we expect prices to decrease in pharmacies. The entry of other small OTC retailers, outlets,

on the other hand may induce a richer set of effects. If they have marginal costs lower than

those of pharmacies, but higher than those of supermarkets, the same qualitative effects

described for supermarkets apply, though with lower intensity. More interesting is that, in

the presence of higher cost entrants, we cannot rule out that equilibrium prices increase.

The competition effect works in the direction of lower prices but the strategic interaction

effect due to localized competition works in the direction of higher prices whenever the

entrant has higher marginal costs. Thus the empirical prediction on the effect of entry

of small OTC retailers on equilibrium prices is ambiguous (in the absence of a strong

presumption that such outlets have a marginal cost advantage relative to pharmacies).

The model uses the simplest layout to support the above claims.21 In the pre-entry

21Importantly, we deviate from the traditional Salop, 1979 model in that we do not we do not have fixed
costs in our model. We do not explicitly model fixed costs because we want to focus on the price changes
after the entry fo non-pharmacy retailers only to obtain testable implications in reduced form equations,
and we do not characterize the equilibrium with free entry and relocation of firms within the circle. This
modeling option stems from specific features of the OTC market and our setting that may render the
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equilibrium we consider two pharmacies symmetrically located on the Salop circumference

of length one. Density of consumers (patients) is 1 and uniformly distributed along the

circumference. Each consumer has a linear cost t of “travelling” to an OTC retailer. A

distance x implies a total travel cost of tx. We use x to index a patient location on the

circle relative to the nearest left-side OTC retailer. The distance to the nearest right-side

retailer is denoted by d− x, and the associated travel cost is t(d− x). The value of d is

determined by the location of OTC retailers. With n sellers, d = 1/n. Consumers of OTC

products are assumed to have no insurance coverage (either public or private) for this type

of product.22

Traditional pharmacies are assumed to be profit maximizing in their decisions regarding

the price of OTC products. Pharmacies have a constant marginal cost, c, of selling an

OTC product. Supermarkets and outlets have constant marginal cost given by c+ ∆S and

c + ∆O, respectively. We assume ∆S < 0, ∆S < ∆O, and ∆O can be greater or smaller

than 0.

To keep the model as tractable as possible without losing any essential element, we

assume that entry occurs in pairs (either two supermarkets or two outlets) and that all

locations are symmetrically placed on the Salop circumference. These assumptions can be

easily relaxed without changing the qualitative nature of the result. Symmetry allows for

far more tractable expressions, from which economic intuition can be obtained.

We first characterize the market equilibrium for two symmetrically located community

pharmacies. Demand directed to each pharmacy results from patients located both to its

left and right-hand sides. A pharmacy located at point i on the Salop circumference faces

demand

Di =

(
1

2n
− pi − pi−1

2t

)
+

(
1

2n
− pi − pi+1

2t

)
, (3)

where i− 1 and i+ 1 denote the locations of rivals. Note that with two pharmacies only,

pi−1 = pi+1, as the other pharmacy is both the left-side and the right-side competitor.

Profit of each pharmacy is

Πi = (pi − c)
(

1

n
− pi − pi−1

t

)
. (4)

Maximizing each firms’ profit with respect to price and solving for the symmetric price

equilibrium, we obtain the standard result of p∗ = (t/2) + c.

The next step is the characterization of the post-entry equilibrium. We assume that

free-entry version do the model unsuitable. First, relocation is costly and we do not see firms relocating
in the data. Second, pharmacy entry is regulated and non-pharmacy entry also requires approval by
the regulator (Infarmed). Third, some supermarket entrants will have fixed location as well in the sense
that they were already operating before OTC market liberalization and simply added OTC drugs to
their product range. Finally, while we do observe pharmacy exit in the data, that is likely driven by
developments in the prescription drug market rather than the OTC market. In our theoretical framework,
we are only modeling the OTC segment.

22Although some OTC products are covered by the National Health Service in Portugal, most are not.
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two non-pharmacy OTC retailers enter the market and locate symmetrically on the circle

in relation to pharmacies’ location. Moreover, pharmacies do not relocate in response to

entry.23 Our assumption of symmetric entrants also implies that entrants have the same

marginal cost (different from pharmacies marginal cost).

Demand directed at retailer i now has to accommodate the existence of more competi-

tors, d = 1/4. The profit of a retailer located at i is given by

Πi = (pi − c−∆)

(
1

4
− pi − pi−1

2t
− pi − pi+1

2t

)
(5)

with ∆ = 0 for traditional pharmacies.

Pharmacies face a symmetric situation in their decisions and so do supermarkets (or

outlets). Thus, we only need to characterize two equilibrium values of prices, one for each

type of retailer. Each pharmacy faces competition by two supermarkets/outlets and each

supermarket/outlet faces competition of two pharmacies. The resulting equilibrium prices

for incumbent pharmacies (I) and non-pharmacy entrants (E) are:

pI = c+
t

4
+

∆E

3
, pE = c+

t

4
+

2∆E

3
(6)

From these equilibrium prices it follows that for ∆E < 0 (more efficient entrants), pE <

pI < p∗. The direct competition effect of more retailers is captured by the difference

(t− t/4) when comparing pI and p∗. The strategic interaction effect from competition is

associated with the term ∆E. With ∆E > 0 different possibilities exist. Equilibrium price

of pharmacies increases if ∆E > 9/4t (and pharmacies have lower price than entrants in

this case).

These results provide the conceptual background to guide the interpretation of our

empirical findings.

23Given our assumption of two entrants, the forces for maximum product differentiation and symmetric
locations is compatible with the assumption made. Moreover, it is unlikely that pharmacies will relocate
geographically as OTC are a relevant but not the main source of their revenues (and relocation may take
place in other dimensions relevant to patients other than geographic distance).
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3.7.2 OTC Market Structure in Lisbon

(a) 2006

(b) 2010
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(c) 2015

Figure 3.1: Evolution of OTC market structure in Lisbon
NOTES: Panels (a), (b) and (c) convey the location and type of each OTC retailer active in the Lisbon
market as of 2006, 2010, and 2015, respectively. Traditional pharmacies are marked in green, supermarkets
in red and outlets in blue. Because some retailers are located very nearby each other, the markers might
overlap. In total, there were 301 pharmacies, 1 supermarket, and 8 outlets in 2006; 283 pharmacies, 10
supermarkets, and 25 outlets in 2010; and 259 pharmacies, 25 supermarkets, and 21 outlets in 2015.
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3.7.3 Additional tables with robustness checks

Table 3.5: Results from estimating equation (1) among the most and least spatially isolated
pharmacies in 2006

Most spatially isolated Least spatially isolated

3 nearest 400m radius 3 nearest 400m radius
neighbors neighbors

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

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.026**

(0.010)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.033**

(0.015)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.071*** -0.099*** -0.058* -0.030***

(0.022) (0.018) (0.030) (0.010)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.078*** -0.074*** -0.036* -0.013

(0.018) (0.024) (0.019) (0.009)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.033** -0.047 -0.007 -0.010

(0.016) (0.036) (0.025) (0.019)
2010×Outlet entry before 2006 (θoutlet1,2010) 0.008 -0.026 0.013 0.076***

(0.025) (0.021) (0.021) (0.019)
2015×Outlet entry before 2006 (θoutlet1,2015) -0.003 -0.015 -0.010 0.067***

(0.013) (0.015) (0.010) (0.021)
2010×Outlet entry in 2006/10 (θoutlet2,2010) -0.014 -0.054*** 0.030 0.032

(0.026) (0.017) (0.030) (0.021)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.006 -0.018 0.003 0.045**

(0.025) (0.031) (0.033) (0.021)
2015×Outlet entry in 2010/15 (θoutlet3,2015) 0.067 0.076* -0.005 0.026

(0.052) (0.039) (0.034) (0.023)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.041 -0.008 0.017 -0.053

(0.032) (0.020) (0.025) (0.046)
2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.016 -0.005 -0.007 0.020

(0.037) (0.039) (0.019) (0.015)

Observations 1,257 924 1,752 1,287
R2 0.921 0.922 0.918 0.919

NOTES: Estimates of θ based on the estimation of equation (1) among pharmacies located in areas where
market structure is the most and the lest concentrated. Columns 1 and 3 take the main competitors
of pharmacy i as its 3 nearest neighbors and columns 2 and 4 consider all retailers within a 400-meter
radius as main competitors. Columns 1 and 3 restrict the sample to pharmacies whose walking time
(in minutes) to their 3rd nearest competitor is above and the sample median in 2006, respectively.
Columns 2 and 4 restrict the sample to pharmacies whose number of competitors within a 400-meter
radius in 2006 is below and above the sample median, respectively. All models include year, drug,
and pharmacy fixed-effects. Standard errors shown in parenthesis are clustered at the pharmacy level.
∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.6: Results from estimating equation (1) among all retailer types

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.029***

(0.008)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.034**

(0.013)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.066*** -0.076***

(0.019) (0.015)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.060*** -0.038*

(0.022) (0.023)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.011 -0.025

(0.016) (0.017)
2010×Outlet entry before 2006 (θoutlet1,2010) -0.008 0.031

(0.027) (0.022)
2015×Outlet entry before 2006 (θoutlet1,2015) 0.000 0.033*

(0.019) (0.019)
2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.008 -0.006

(0.023) (0.017)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.019 0.015

(0.021) (0.020)
2015×Outlet entry in 2010/15 (θoutlet3,2015) 0.003 0.035*

(0.034) (0.021)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.011 -0.040

(0.027) (0.033)
2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.008 0.011

(0.018) (0.015)
Observations 3,851 3,280
R2 0.905 0.913

NOTES: Estimates of θ based on the estimation of equation (1) among all retailer types: traditional
pharmacies, supermarkets and outlets. Column 1 takes the main competitors of retailer i as its 3 nearest
neighbors. Column 2 considers as main competitors of retailer i all retailers located within a 400-meter
radius. All models include year, drug, and retailer fixed-effects. Standard errors shown in parenthesis are
clustered at the retailer level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.7: Results from estimating equation (1) among pharmacies whose competitors are
all in the control group

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.026***

(0.009)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.038***

(0.014)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.049** -0.073***

(0.020) (0.015)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.058*** -0.037

(0.020) (0.023)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.015 -0.024

(0.017) (0.018)
2010×Outlet entry before 2006 (θoutlet1,2010) -0.006 0.034

(0.025) (0.022)
2015×Outlet entry before 2006 (θoutlet1,2015) 0.000 0.034*

(0.022) (0.019)
2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.011 -0.003

(0.023) (0.017)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.015 0.017

(0.021) (0.020)
2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.001 0.0.37*

(0.028) (0.021)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.022 0.014

(0.023) (0.015)
2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.000 0.010

(0.017) (0.015)

Observations 2,455 2,764
R2 0.915 0.915

NOTES: Estimates of θ based on the estimation of equation (1) among pharmacies whose competitors are
all in the control group. Column 1 takes the main competitors of pharmacy i as its 3 nearest neighbors.
Column 2 considers as main competitors of pharmacy i all retailers located within a 400-meter radius. All
models include year, drug, and pharmacy fixed-effects. Standard errors shown in parenthesis are clustered
at the pharmacy level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.

64



Table 3.8: Results from estimating equation (1) in a balanced panel of pharmacies

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.022***

(0.008)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.037***

(0.013)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.046** -0.071***

(0.020) (0.015)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.057*** -0.035

(0.020) (0.023)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.011 -0.021

(0.017) (0.019)
2010×Outlet entry before 2006 (θoutlet1,2010) -0.005 0.039

(0.025) (0.025)
2015×Outlet entry before 2006 (θoutlet1,2015) 0.000 0.038*

(0.021) (0.021)
2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.014 -0.011

(0.023) (0.018)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.016 0.014

(0.021) (0.020)
2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.000 0.038*

(0.028) (0.021)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.016 -0.037

(0.023) (0.034)
2010×Outlet entry in 2010/15 (θoutlet3,2010) 0.002 0.015

(0.017) (0.015)

Observations 2,265 2,043
R2 0.923 0.923

NOTES: Estimates of θ based on the estimation of equation (1) among pharmacies who are observed at
all time periods (2006, 2010, and 2015). Column 1 takes the main competitors of pharmacy i as its 3
nearest neighbors. Column 2 considers as main competitors of pharmacy i all retailers located within a
400-meter radius. All models include year, drug, and pharmacy fixed-effects. Standard errors shown in
parenthesis are clustered at the pharmacy level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.9: Results from estimating equation (1) with non-mutually exclusive treatments

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.027***

(0.008)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.038***

(0.013)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.064*** -0.077***

(0.019) (0.015)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.064*** -0.040*

(0.022) (0.023)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.018 -0.061***

(0.015) (0.021)
2010×Outlet entry before 2006 (θoutlet1,2010) 0.013 0.030

(0.020) (0.022)
2015×Outlet entry before 2006 (θoutlet1,2015) -0.005 0.031

(0.010) (0.019)
2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.009 -0.007

(0.023) (0.017)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.015 0.014

(0.021) (0.020)
2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.004 0.017

(0.031) (0.019)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.012 -0.053**

(0.024) (0.021)
2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.010 0.004

(0.017) (0.014)

Observations 3,769 3,679
R2 0.909 0.909

NOTES: Estimates of θ based on the estimation of equation (1) among pharmacies, without imposing
mutually exclusivity of treatment groups. Column 1 takes the main competitors of pharmacy i as its 3
nearest neighbors. Column 2 considers as main competitors of pharmacy i all retailers located within
a 400-meter radius. All models include year, drug, and pharmacy fixed-effects as well as interactions
between different treatment groups. Standard errors shown in parenthesis are clustered at the pharmacy
level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.10: Results from estimating equation (1) among pharmacies whose main competi-
tors do not exit

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry before 2006 (θsuper1,2010) -0.023**

(0.009)
2015×Supermarket entry before 2006 (θsuper1,2015) -0.039***

(0.014)
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.125*** -0.091***

(0.007) (0.015)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.056*** -0.046

(0.008) (0.028)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.031** 0.007

(0.015) (0.021)
2010×Outlet entry before 2006 (θoutlet1,2010) 0.055*** 0.042**

(0.007) (0.018)
2015×Outlet entry before 2006 (θoutlet1,2015) -0.013* 0.037*

(0.008) (0.021)
2010×Outlet entry in 2006/10 (θoutlet2,2010) -0.020 -0.011

(0.036) (0.018)
2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.013 0.011

(0.029) (0.021)
2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.059 0.024

(0.046) (0.021)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.068 -0.027

(0.050) (0.030)
2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.012 0.002

(0.016) (0.016)

Observations 1,975 2,631
R2 0.912 0.914

NOTES: Estimates of θ based on the estimation of equation (1) among pharmacies whose main competitors
do not exit the market during the time horizon under analysis. Column 1 takes the main competitors of
pharmacy i as its 3 nearest neighbors. Column 2 considers as main competitors of pharmacy i all retailers
located within a 400-meter radius. All models include year, drug, and pharmacy fixed-effects. Standard
errors shown in parenthesis are clustered at the pharmacy level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.11: Results from estimating equation (1) in a PS-matched sample using local
linear regression

3 nearest 400m radius
neighbors

(1) (2)

DID estimates:
2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.055 -0.053**

(0.056) (0.026)
2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.080* -0.010

(0.048) (0.031)
2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.030 0.008

(0.044) (0.030)
2010×Outlet entry in 2006/10 (θoutlet2,2010) 0.019 0.011

(0.028) (0.024)
2015×Outlet entry in 2006/10 (θoutlet2,2015) -0.001 0.024

(0.050) (0.027)
2015×Outlet entry in 2010/15 (θoutlet3,2015) -0.016 0.060**

(0.066) (0.024)
Pre-treatment trends:
2010×Supermarket entry in 2010/15 (θsuper3,2010) 0.000 0.021

(0.045) (0.025)
2010×Outlet entry in 2010/15 (θoutlet3,2010) 0.002 0.040*

(0.065) (0.021)

Observations 970 1,180
R2 0.913 0.904

NOTES: Estimates of θ based on the estimation of equation (1) in a matched sample of pharmacies in
the treated groups and pharmacies in the control group. Matching was done on propensity scores using
local linear regression. Column 1 takes the main competitors of pharmacy i as its 3 nearest neighbors.
Column 2 considers as main competitors of pharmacy i all retailers located within a 400-meter radius.
All models include year, drug, and pharmacy fixed-effects. Standard errors shown in parenthesis are
bootstrapped using 30 repetitions, drawn cross-sectionally at the pharmacy level in the original sample.
∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.12: Does experiencing non-pharmacy entry make pharmacies more likely to exit
next period?

Number of nearest neighbors (N) Radius (R)
4 5 400m 600m 800m

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

Supermarket entry before 2006

Supermarket entry in 2006/10 -0.132 -0.033
(0.0123) (0.101)

Outlet entry before 2006 -0.137 0.071 0.006 0.095 0.042
(0.135) (0.130) (0.099) (0.073) (0.096)

Outlet entry in 2006/10 -0.143 -0.109 -0.128 -0.121 -0.145*
(0.111) (0.091) (0.086) (0.085) (0.086)

Observations 380 356 368 328 265

NOTES: Marginal effects from a logit regression of a binary variable equaling 1 for pharmacies that
exited the market before the next round of data collection and 0 otherwise, on treatment group indicators,
parish fixed-effects, and year fixed-effects. Columns 1 and 2 take the main competitors of pharmacy i as
its N nearest neighbors, with N=4 and N=5, respectively. For N=1,2,3 there is not enough variation
to estimate the model because none of pharmacies experiencing non-pharmacy entry among 1,2, and 3
nearest competitors exits the market. Columns 3, 4, and 5 take all retailers located within a 400, 600, and
800-meter radius as main competitors of pharmacy i. Regardless of the definition of main competitors
used, no pharmacies experiencing supermarket entry among their main competitors before 2006 exited the
market so the corresponding coefficients cannot be estimated. Similarly, when using N = 4, N = 5, and
R = 400, none of the pharmacies that experienced entry of a supermarket among their main competitors
between 2006 and 2010 exited the market so these coefficients cannot be estimated either. All models
include year and parish fixed-effects. Standard errors shown in parenthesis are clustered at the pharmacy
level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3.13: Results from estimating equation (1) with alternative definitions of main
competitors

Number of nearest neighbors Radius

1 2 4 5 600m 800m

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

DID estimates:

2010×Supermarket entry before 2006 (θsuper1,2010) -0.038*** -0.037*** -0.036***

(0.005) (0.006) (0.007)

2015×Supermarket entry before 2006 (θsuper1,2015) -0.023*** -0.023*** -0.020***

(0.005) (0.006) (0.008)

2010×Supermarket entry in 2006/10 (θsuper2,2010) -0.063** -0.094*** -0.082*** -0.049 -0.022 -0.037

(0.027) (0.016) (0.023) (0.031) (0.026) (0.032)

2015×Supermarket entry in 2006/10 (θsuper2,2015) -0.062** -0.095*** -0.050* -0.044* -0.038* -0.030

(0.028) (0.017) (0.028) (0.032) (0.020) (0.023)

2015×Supermarket entry in 2010/15 (θsuper3,2015) -0.035* -0.037*** 0.029 -0.028** -0.010 -0.045*

(0.020) (0.012) (0.018) (0.015) (0.021) (0.023)

2010×Outlet entry before 2006 (θoutlet1,2010) 0.007 -0.016 0.044** 0.046*** 0.014 -0.024

(0.016) (0.024) (0.018) (0.014) (0.021) (0.022)

2015×Outlet entry before 2006 (θoutlet1,2015) 0.001 -0.025 0.008 0.016 0.030 0.029

(0.019) (0.023) (0.021) (0.020) (0.021) (0.036)

2010×Outlet entry in 2006/10 (θoutlet2,2010) -0.017** -0.034 -0.015 -0.005 -0.002 0.007

(0.007) (0.023) (0.029) (0.025) (0.018) (0.016)

2015×Outlet entry in 2006/10 (θoutlet2,2015) 0.031*** -0.027 -0.001 0.028 0.012 0.009

(0.005) (0.020) (0.024) (0.020) (0.018) (0.015)

2015×Outlet entry in 2010/15 (θoutlet3,2015) 0.003 -0.014 -0.018 -0.004 0.005 -0.007

(0.053) (0.033) (0.024) (0.019) (0.022) (0.022)

Pre-treatment trends:

2010×Supermarket entry in 2010/15 (θsuper3,2010) -0.022 -0.026 -0.027 -0.027 0.002 -0.038

(0.022) (0.026) (0.023) (0.019) (0.029) (0.033)

2010×Outlet entry in 2010/15 (θoutlet3,2010) -0.053*** -0.017 -0.003 -0.000 -0.000 -0.012

(0.020) (0.018) (0.012) (0.011) (0.017) (0.016)

Observations 3,709 3,624 3,309 3,160 2,925 2,497

R2 0.910 0.911 0.912 0.913 0.911 0.914

NOTES: Estimates of θ based on the estimation of equation (1) using alternative measures of main

competitors. Columns 1 to 4 take the main competitors of pharmacy i as its N nearest neighbors, with

N = 1, 2, 4, 5, respectively. Columns 5 and 6 consider all retailers located within a radius of 600 and 800

meters, respectively, as main competitors. All models include year, drug, and pharmacy fixed-effects.

Standard errors shown in parenthesis are clustered at the pharmacy level. ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p <
0.01.
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3.7.4 Additional Plots

Figure 3.2: Share of pharmacies facing entry of non-pharmacies among the 3 nearest
neighbors, by population deciles
NOTES: In order to create this figure, pharmacies are grouped into deciles of their 2001 level of demand,
as measured by the resident population in the Census tract where they are located. In all the four plots
the vertical axis indicates the share of pharmacies in each decile who faced the entry of a supermarket or
outlet among their three nearest neighbors. We again see that entry of supermarkets and outlets took
place along all population deciles in both 2010 and 2015, with no clear pattern.
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(a) By current price deciles

(b) By past price deciles

Figure 3.3: Share of pharmacies facing non-pharmacy entry within a 400-meter radius, by
price deciles
NOTES: The top panel groups pharmacies into deciles of their current price for the bundle of five OTC
drugs considered in our analysis. The bottom panel groups pharmacies into deciles of their past price for
the bundle of five OTC drugs considered in our analysis. In all the four plots the vertical axis indicates
the share of pharmacies in each decile who faced the entry of a supermarket or outlet within a 400-meter
radius. We see that entry of supermarkets and outlets took place along all current and past price deciles
in both 2010 and 2015, with no clear pattern.
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(a) By current price deciles

(b) By past price deciles

Figure 3.4: Share of pharmacies facing non-pharmacy entry among their 3 nearest neighbors,
by price deciles
NOTES: The top panel groups pharmacies into deciles of their current price for the bundle of five OTC
drugs considered in our analysis. The bottom panel groups pharmacies into deciles of their past price for
the bundle of five OTC drugs considered in our analysis. In all the four plots the vertical axis indicates
the share of pharmacies in each decile who faced the entry of a supermarket or outlet among their three
nearest neighbors. The entry of supermarkets and outlets took place along all current and past price
deciles in both 2010 and 2015, with no clear pattern.
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Figure 3.5: Share of pharmacies facing entry of non-pharmacies within a 400-meter radius,
by population deciles
NOTES: In order to create this figure, pharmacies are grouped into deciles of their 2001 level of demand,
as measured by the resident population in the Census tract where they are located. In all the four plots
the vertical axis indicates the share of pharmacies in each decile who faced the entry of a supermarket or
outlet within a 400-meter radius. We again see that entry of supermarkets and outlets took place along
all population deciles in both 2010 and 2015, with no clear pattern.
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3.7.5 Details on the PSM-DID procedure

We use a propensity score matching difference-in-differences approach to address the

possible endogeneity of market structure (Heckman et al., 1997; Smith & Todd, 2005).

The underlying intuition for this approach is that by matching treated and untreated

pharmacies on their propensity score, that is, their probability of being treated, we make

the groups more similar in terms of the observables used in the estimation of the propensity

score. Thus, treatment should be random, conditional on the observables used to estimate

the propensity score. The crucial assumption we are making with the use of PSM-DID is

that, by achieving balancing on observables between the treated and control groups in the

matched sample, it makes it more likely that such balancing also extends to unobservables,

particularly time-variant unobservables (as time-invariant ones are in any case differenced

out by the DID).

Below, we detail the more technical aspects regarding our implementation of PSM-DID.

Just like simple DID, PSM-DID yields estimates of the average treatment effect on

the treated. PSM is, however, a data-demanding method. Typical applications of PSM

control for a large set of observables in the estimation of the propensity score. While

Heckman et al. (1997) shows that models using a richer set of covariates to estimate the

propensity scores tend to be less biased, including more covariates also makes is more

difficult to define the region of common support (Gibson-Davis & Foster, 2006). There is

little guidance on how to balance this trade-off. As noted by Lechner (2010), one should

include neither pre-treatment values of the outcome variable nor post-treatment values

of independent variables in the estimation of the propensity score. With this in mind,

and given that we do not have many variables available to estimate propensity scores, we

opted for matching on few variables.

Specifically, we match pharmacies on two measures. These measures are the level of

competitive pressure and the level of demand faced prior to experiencing non-pharmacy

entry. Pre-entry levels of competitive pressure are measured as of 2006, our first data

period. In the specifications using the N nearest neighbors as main competitors, pre-entry

levels of competitive pressure are captured by the average walking time (in minutes) to the

N nearest retailers in 2006. In the specifications using a radius distance to define the set

of main competitors of a pharmacy, the pre-entry level of competitive pressure is given by

the number of retailers within that radius in 2006. As for information of pre-entry levels

of demand faced by each pharmacy, we complement our dataset with information from

Statistics Portugal on the resident population in the Census tract where each pharmacy is

located. This information was collected in the 2001 Census of the population.

We categorize the two variables used to estimate the propensity score into quintiles and

we used the categorized variables for the matching. Given our unusual setting, featuring

multiple time periods and multiple treatments, we proceed as follows. Using a logit model,
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we estimate the propensity scores separately for each of the four treatment groups and for

each year of our data. Therefore, for each model specification, a total of 12(=4 treatments

×3 time periods) PSM procedures were carried out in order to obtain the matched sample

of pharmacies. Given the estimated propensity scores, we match each treated pharmacy

to its closest untreated PSM-neighbor at each time period (thus allowing us to easily

accommodate some exit that we see in the data). We use two alternative methods for

matching treated and untreated pharmacies. The first method is single nearest-neighbor

within caliper matching with replacement, setting the caliper at 0.02. The second method

consists of non-parametric local linear matching, with a bandwidth of 0.8.24 Finally, we

run our model specifications in this matched sample.

While asymptotically the estimates obtained should be independent of the matching

method, this is not the case in small samples. In particular, nearest neighbor estimates

may be the least biased, but are also less precise. Non-parametric methods, such as local

linear regression, in turn, may be more biased, but have higher precision (Gibson-Davis

& Foster, 2006). Therefore, if these two matched samples lead to similar price effects

following the entry of supermarkets and outlets in the OTC market, then we have more

confidence that these effects do not depend on the matching estimators used.

The standard errors of the estimates need to account for the propensity score estimation,

the imputation of the common support, the fact that we are matching with replacement,

and possibly also the order in which treated pharmacies are matched. A popular approach

in this setting is to use bootstrapping methods. We bootstrap the entire procedure, meaning

that we bootstrap pharmacies in the original sample, then carry out the estimation of the

propensity scores and the matching procedure for each treatment and for each year, and

finally estimate equation (1) in the matched sample for each of our bootstrapped samples.

We check covariate balancing between treatment and control groups in the original and

matched samples. For the sake of brevity, and since 12 PSM procedures are carried out

for each of the models we estimate, we do not show the results of covariate balancing tests

or graphs of the common support condition. These are available upon request from the

authors. In many, but nor all, of our PSM estimations we are able to achieve a decently

balanced sample in terms of the covariates, and we thus assume that balance was achieved

also in terms of unobservables.

Overall, the results of the PSM-DID are in line with those from the simple DID, though

statistical significance is often lost. This may be a result of the smaller estimation samples

used, as for each treated pharmacy we select only one matched untreated pharmacy.

24Different choices of caliper, number of neighbors matched, and bandwidth did not change our results.
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Chapter 4

Do subsidized nursing homes and home care teams re-
duce hospital bed-blocking? Evidence from Portugal1

Abstract

Excessive length of hospital stay is among the leading sources of inefficiency in
healthcare. When a patient is clinically fit to be discharged but requires support
outside the hospital, which is not readily available, they remain hospitalized until
a safe discharge is possible —a phenomenon called bed-blocking. I study whether
the entry of subsidized nursing homes (NH) and home care (HC) teams reduces
hospital bed-blocking. I use individual data on emergency inpatient admissions at
Portuguese hospitals during 2000-2015. My empirical approach exploits two sources
of variation. First, variation in the timing of entry of NH and HC teams across
regions, originating from the staggered implementation of a policy reform. Second,
variation between patients in their propensity to bed-block. I find that the entry
of HC teams in a region reduces the length of stay of individuals at increased risk
of bed-blocking by 4 days relative to regular patients. Reductions in length of stay
upon the entry of NH occur only for patients with high care needs. The reductions
in length of stay do not affect the treatment received while at the hospital nor the
likelihood of a readmission. The beds freed up by reducing bed-blocking are used to
admit additional elective patients.

1I am thankful to Jan Boone and Martin Salm for extensive advice and support. For thoughtful
discussions, comments, and suggestions, I thank Mara Barschkett, Joan Costa-Font, Pilar Garćıa-Gómez,
Martin Gaynor, James Gaughan, Ludovica Gazze, Judite Gonçalves, Shan Huang, Tobias Klein, Rebecca
Leber, Maarten Lindeboom, Giuseppe Moscelli, Pedro Pita Barros, Marianne Tenand, and participants at
multiple conferences and seminars.
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4.1 Introduction

A significant, growing share of resources in developed countries is allocated to the health-

care sector. This has raised concerns about waste and inefficiency in healthcare among

economists and policy-makers. However, identifying specific sources of inefficiency and

potential improvements is challenging (Einav, Finkelstein, & Mahoney, 2019). The World

Health Organization considers excessive length of hospital stay as one of the leading sources

of inefficiency in healthcare (WHO, 2010).

One reason for excessive length of hospital stay is lack of alternative care arrangements

following a hospitalization. When a patient is clinically fit to be discharged but requires

some form of support outside the hospital, such as a stay at a nursing home facility or

home-help, which is not readily available, they cannot be safely discharged. The patient

remains hospitalized until a safe discharge is possible, resulting in a longer length of stay

—a phenomenon referred to as bed-blocking (Holm̊as, Islam, & Kjerstad, 2013).

Bed-blocking is not inconsequential. It is associated with higher hospital costs, has

potentially detrimental impacts on patients’ health originating from increased risks of

mobility loss, hospital-acquired infections, and loneliness, and can create delays for patients

awaiting elective care (Mur-Veeman & Govers, 2011).2

Bed-blocking is a growing policy concern in developed countries. During the last

decades, there was a significant increase in life expectancy and, consequently, a rising

share of the elderly in the population. Elderly people are more likely to need support

following a hospitalization. Moreover, chronic diseases became the leading cause of illness,

disability, and death. While largely manageable outside the hospital, chronic diseases limit

patients’ ability to live independently. These demographic and epidemiological trends

put pressure on existing institutional arrangements within the health system (Harper,

2014). Social trends, such as the rise in female labor force participation and the decline

of multi-generational households, in turn, threaten existing informal care arrangements

(Lakdawalla & Philipson, 2002).

I investigate whether, and to what extent, the availability of publicly subsidized nursing

homes (NH) and teams providing home care (HC) reduces hospital bed-blocking in Portugal.

Existing estimates for Portugal suggest that, on a random day in 2019, 4.7% of beds in

public hospitals were occupied with patients who were ready to be discharged but were

awaiting support outside the hospital. These estimates amount to over 80,000 delayed

bed-days and imply a cost burden of eM83 for public hospitals throughout the course of

2019.3,4

2In the specific case of Portugal, waiting lists for elective care are a major concern for the healthcare
system (J. Simões, Augusto, Fronteira, & Hernández-Quevedo, 2017). Moreover, a substantial share of
hospitals has annual inpatient bed occupation rates over 90% (Figure 4.7 in the Appendix).

3Results from a snapshot-census carried out by the Portuguese Association of Hospital Managers
(APAH) in collaboration with EY. See https://apah.pt/portfolio/barometro-de-internamentos-sociais/.

4In Sweden, the share of bed-blockers was 7% in 1992 (Styrborn & Thorslund, 1993). In 2006, 6.1%
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My empirical analysis relies on a difference-in-differences framework. I compare the

length of stay of patients at increased risk of bed-blocking and the length of stay of regular

patients, before and after the entry of NH and HC teams in their region of residence.

This identification strategy exploits two distinct sources of variation. First, it exploits

plausibly exogenous variation across regions and time in the availability of NH and HC

teams. Second, it exploits variation between patients who live in the same region and

are admitted to the hospital in the same time period, but have different propensities to

bed-block.

Variation in the availability of NH and HC teams across regions and time originates

from the staggered implementation of a policy reform. Before 2006, such services were

not within the scope of the Portuguese National Health Service and individuals relied

almost exclusively on informal care provided by family members. In 2006, the government

introduced a network of publicly subsidized NH and teams providing HC, to fill in this gap

in service coverage. NH and HC teams belonging to the network operate in coordination

with hospitals to ease patients’ transition out of the hospital. The network was introduced

in a staggered fashion, so that different regions experienced the entry of NH and HC teams

at different points in time, as centrally determined by the government.

Using individual data on the universe of emergency inpatient admissions at public

hospitals in Portugal for the years 2000 to 2015, I identify patients at increased risk of

bed-blocking from the presence of social factors that might hinder a timely discharge.

These social factors include, for example, the lack of informal support in the community or

inadequate housing conditions (i.e. lack of home adaptations). The presence of these social

factors is associated with longer hospital stays, even after controlling for demographics,

comorbidities, and medical diagnoses. Throughout the paper, I refer to patients who

exhibit these social factors as bed-blockers, as opposed to regular patients, who exhibit no

social factors.

My baseline results show that the entry of HC teams in a region reduces the length

of stay of bed-blockers relative to regular patients by 4 days. Reductions in the length

of stay of bed-blockers relative to regular patients following the entry of NH occur only

for patients with high care needs, such as those with a stroke diagnosis. This finding is

consistent with NH admissions requiring higher levels of disability and dependence. The

entry of NH and HC teams has a precise zero impact on the length of stay of regular

patients. Thus, reductions in the length of stay of bed-blockers relative to regular patients

originate only from reductions in the length of stay of bed-blockers. Using an event-study,

I typically find no differential trends between the length of stay of bed-blockers and regular

patients in the three years prior to the entry of NH and HC teams in a region.

of hospital days in the Netherlands were bed-blocking days (Mur-Veeman & Govers, 2011). In Canada
during 2008-09, 5% of all hospitalizations (13% of hospital days) corresponded to patients awaiting a
discharge (CIHI, 2010). During 2014-15 in England, 3% of hospital days were delayed transfers of care
(NAO, 2016).
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Consistent with the longer length of stay of bed-blockers being wasteful, I find no

reduction in the intensity of treatment received by bed-blockers during their hospital stay

after the entry of NH and HC teams. I also find no increase in the likelihood of a hospital

readmission. Finally, the beds freed up by bed-blockers do not remain unoccupied: I find

evidence of an increase in the number of programmed admissions upon the entry of HC

teams in a region. This finding makes clear that I am identifying bed-blocking and not

simply excessive length of stay at the hospital.

The event-study plots convey that reductions in bed-blocking upon the entry of NH

and HC teams get larger over time, thought bed-blocking is never fully eliminated. I

examine two potential explanations for these time dynamics. First, capacity expansions of

NH and HC teams over time. Second, the accumulation of experience from interactions

between hospitals and the regional teams responsible for finding vacancies in NH and HC

teams. Both channels play a role in explaining the observed time patterns.

Related Literature. This paper relates to several strands of the economics

literature.5 First and foremost, it relates to a growing literature studying the impacts

of NH and HC availability on hospital bed-blocking (Forder, 2009; Holmås et al., 2013;

Gaughan, Gravelle, & Siciliani, 2015; Gaughan, Gravelle, Santos, & Siciliani, 2017;

Gaughan, Gravelle, & Siciliani, 2017; Walsh et al., 2020). I make several contributions to

this literature. First, I use exogenous variation to identify the causal effects of NH and HC

teams on bed-blocking. Existing studies often lacked a clean source of exogenous variation.

The policy reform that I exploit allows analyzing the effects of both NH and HC teams,

whereas existing studies focused on a single type of provider (usually NH). My findings

show that HC teams are a more successful policy tool to reduce bed-blocking than NH.

Second, I identify individuals at increased risk of bed-blocking using information on social

needs. Medical scholars have noted that bed-blocking does not only affect the elderly or

those with complex clinical conditions (Pellico-López et al., 2019) and emphasized the

role of social needs (McDonagh, Smith, & Goddard, 2000). However, existing studies

in economics often restrict their analysis to specific populations (e.g. the elderly, stroke

patients), and neglect the role of social needs. Third, I assess the impact of reducing

bed-blocking on the intensity of care received and readmissions. Due to data limitations,

existing studies were not able to investigate these effects.

A related literature focuses on the substitutability of acute hospital care and care

provided by NH or HC teams. Most of this literature examines if care provided by

NH and HC teams can delay or avoid the need for hospital care and finds little to no

5Outside economics, medical scholars have studied the causes of bed-blocking, characterized the affected
population, and quantified the associated monetary losses (Bryan, Gage, and Gilbert, 2006; Hendy, Patel,
Kordbacheh, Laskar, and Harbord, 2012; Costa, Poss, Peirce, and Hirdes, 2012). In operations research
and healthcare management, the optimization of patient flows has been well studied (McClean and P.,
2006; El-Darzi, Vasilakis, Chaussalet, and Millard, 1998; Katsaliaki, Brailsford, Browning, and Knight,
2005; Osorio and Bierlaire, 2007).
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substitution between these settings of care (McKnight, 2006; Gonçalves & Weaver, 2017;

Bakx, Wouterse, van Doorslaer, & Wong, 2020; Costa-Font, Jimenez-Martin, & Vilaplana,

2018; Kümpel, 2019). I contribute to this literature by studying an alternative form of

substitution between acute care and care provided by NH or HC teams. I am interested

on whether care provided by NH and HC teams can be used in lieu of (the last days of) a

hospital stay, particularly for patients who do not seem to need acute care anymore.

My finding that reductions in bed-blocking lead to increases in programmed admissions

relates to a discussion on the internal allocation of resources within a hospital, which dates

back to Harris, 1977. I provide empirical evidence of a shift in the allocation of beds from

emergency to elective care, following reductions in bed-blocking. This shift could take

place via a reduction of waiting times for patients who are on waiting lists for elective

care, as suggested in Johar, Jones, and Savage, 2013.

I also provide insights on the factors preventing the complete elimination bed-blocking.

Different settings of care are organized and funded separately in many countries (Siciliani,

2014), making coordination difficult (Cebul, Rebitzer, Taylor, & Votruba, 2008). Fernandez,

McGuire, and Raikou, 2018 study the role of coordination frictions in driving bed-blocking.

Consistent with the idea of reducing coordination frictions through the accumulation of

experience, I show that a large number of interactions between hospitals and the regional

teams responsible for finding vacancies in NH and HC providers is needed to generate

meaningful reductions in bed-blocking. This can explain why larger hospitals, with a high

number of admissions, seem to manage discharges more efficiently and have less delayed

discharges (De Volder, Serra-Sastre, & Zamora, 2020).

Finally, and more broadly, this paper relates to recent work zooming in on specific

aspects of the healthcare sector to identify sources of waste and inefficiency. A large part of

this literature focuses on interactions between the acute care and the nursing home settings

(Doyle Jr, Graves, and Gruber, 2017; Einav, Finkelstein, and Mahoney, 2018; Eliason,

Grieco, McDevitt, and Roberts, 2018; Jin, Lee, and Lu, 2018; Einav et al., 2019; Kümpel,

2019). By and large, this literature points to the nursing home sector as a source of

inefficiency in the healthcare system. My paper offers a different perspective, investigating

whether the entry of NH and HC teams helps reducing inefficiencies associated with

bed-blocking in the acute-care setting. My baseline estimates suggest that the availability

of HC teams generates a 28% reduction in annual bed-blocking costs incurred by hospitals.

The remainder of this paper is organized as follows. Section 4.2 provides an overview

of the institutional setting. Section 4.3 describes the data and Section 4.4 describes the

empirical approach. Section 4.5 presents the results and Section 4.6 elaborates on potential

mechanisms. Finally, Section 4.7 concludes.
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4.2 Institutional Setting

4.2.1 Inpatient care

In Portugal, most inpatient care is provided by public hospitals belonging to the National

Health Service (SNS). The SNS is predominantly financed through general taxation and

access to care is mostly free at the point of use (J. Simões et al., 2017).

Inpatient care provided by public hospitals belonging to the SNS is paid based on

Diagnosis-Related Groups (DRGs). A DRG groups patients who have similar consumption

of resources based on their medical diagnosis, treatment received, and demographic

characteristics. There are over 600 distinct groups in the current DRG system and each

has an associated price that is unilaterally determined by the government. DRGs are used

to set an annual prospective global budget for inpatient care provided by each hospital,

which is the main source of inpatient revenues for public hospitals (Mateus, 2011).

Hospitals have no financial incentive to keep patients for longer than necessary. Since

hospitals are paid according to the number and the DRG of patients they treat, DRG-based

funding provides incentives for hospitals to treat more patients and to cut costs, possibly

by reducing length of stay. To account for complicated patients whose length of stay might

be extraordinarily long, hospitals get an additional daily payment for each day in excess

of an upper trim-point defined by law for the patient’s DRG until discharge. While the

trim-point is DRG-specific, the daily amount for days in excess of the trim point is not.

4.2.2 Entry of nursing homes and home care teams

Some individuals need support outside of the hospital following a hospitalization. For

example, they might need nursing care and rehabilitation, or they might need help with

personal care (i.e. personal hygiene) and activities such as housework or meals.

Before 2006, the SNS provided no such support. Individuals relied almost exclu-

sively on informal care provided by relatives or friends. Alternatively, individuals could

purchase these services from private providers, namely non-profit religious institutions

(Misericórdias) (J. Simões et al., 2017), but had to pay for them out of pocket. This took

a financial toll on many users and likely priced some potential users out of the market

(Santana, 2010).

To fill in this gap in service coverage, in 2006 the Portuguese government established

the National Integrated and Continuous Care Network (RNCCI), as a joint effort of the

Ministry of Health and the Ministry of Labor and Social Security (Decree-Law 101/2006).

The RNCCI was not explicitly aimed at reducing bed-blocking, which is a recent topic in

the public debate.

The RNCCI comprises two distinct settings of care provision: home care services (HC)

and nursing homes (NH). Table 4.1 provides an overview of these two settings.

The NH setting operates in a model of public funding and private provision in which
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Table 4.1: Overview of the organization of the RNCCI

Nursing home (NH) Home care (HC)

Start of roll-out 2006 2008

Providers Private Public

Funding Public Public

Set-up Government contracts with ex-
isting providers

Teams created in primary care
centers

Price Highly subsidized (means-
tested) co-payments

Free

Services 24-hour medical care, rehabili-
tation, food, personal hygiene,
accommodation, etc.

Preventive care, food, personal
hygiene, medication, etc.

the government contracts with private providers. In the earlier years of the RNCCI, the

vast majority of contracts was signed with the Misericórdias, who had been active in

care provision for several decades.6,7 The services contracted include around-the-clock

medical care, rehabilitation, accommodation, meals, personal hygiene, etc. There are

different types of NH facilities that cater to patients with different care needs. Some target

individuals who no longer need acute hospital care but still require intensive medical,

nursing, and rehabilitation care for a relatively short period of time. Other NH facilities

offer less intensive medical, nursing, and rehabilitation components, mainly catering to

individuals with chronic illnesses and high functional dependency. NH providers receive an

administratively set daily price for the care provided to individuals in the RNCCI, which

is either fully paid or highly-subsidized by the government.

The HC setting operates in a model of public funding and public provision. The

government established specialized teams in primary care centers that visit patients in

their homes. HC teams provide services such as preventive care or help with activities

of daily living. They cater to individuals with dependency who need a lower frequency

and intensity of medical and rehabilitation care and are still able to live in the community.

Care provided by HC teams is free of charge to users.

The contracting of NH units started in 2006, whereas the first HC teams were established

in 2008. Figure 4.1 shows the entry year of the first NH facility (on the left panel) and the

first HC team (on the right panel) across ACES regions. ACES is the Portuguese acronym

6Misericórdias were historically the main healthcare providers in Portugal. They operated many small
hospitals aimed at serving the population within a municipality. Their role was substantially diminished
upon the creation of the SNS in 1979, and most of these small hospitals were closed down.

7More recently the government started contracts with private, for-profit providers and also established
some public-owned facilities. These amounted to, respectively, 16% and 2% of NH providers contracted as
of 2015, the end of my study-period.
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for Primary Care Center Groups and these regions are relevant for organizing primary

care delivery.8 The majority of ACES regions experienced the entry of the first NH in

2006 and 2007 and the entry of the first HC team in between 2008 and 2010.

The timing of NH entry across regions was mainly determined by the availability of

buildings that could be converted into nursing homes with minimal adaptation and cost

—these were often buildings that had been used as small municipal hospitals in the past,

and had not yet been repurposed. The entry timing of HC teams was largely determined

by the availability of human resources in primary care centers to be allocated to the new

team.9

Entry year of the first NH facility Entry year of the first HC team

No data 2006 2007 2008 2009 2010 2011 and later

Figure 4.1: Entry year of the first NH unit and the first HC team across ACES regions

Patients need a referral to access the RNCCI. The referral can be made either by

a hospital if they are hospitalized, or by their general practitioner if they live in the

community. My analysis focuses on patients who are hospitalized so I focus on the former

channel, which amounts to 65-70% of referrals during my study-period (UMCCI, 2011, p.

47). Every hospital has a discharge planning team, whose main job is to timely prepare

8There are 55 ACES regions in Portugal. ACES are defined so that they have about the same population
size. In urban areas, ACES borders often coincide with municipal ones, but in less dense, rural areas
ACES typically group a few neighboring municipalities. The dense municipalities of Lisbon, Porto, and
Vila Nova de Gaia have more than one ACES. Because patient locations are recorded at the municipality
level in the inpatient data, I collapse these ACES at the municipality level. Thus, there are 52 ACES in
my analysis.

9Figure ?? in the Appendix shows that the entry timing of NH and HC teams is unrelated with the
share of bed-blockers in a region and the occupancy rates of hospitals prior to the introduction of the
RNCCI. In the empirical analysis I formally test for pre-treatment trends.
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Figure 4.2: Process of admission to the RNCCI

and manage hospital discharges. This is a multidisciplinary team composed of physicians,

nurses, and social assistants that flags patients in need of support outside the hospital

either due to their health condition and degree of transitory or prolonged functional

dependency or to social factors that might be preventing a safe discharge. The discharge

planning team refers patients to the RNCCI. Upon referral, a local coordination team

based in the ACES region where the patient lives validates the assessment made by the

discharge management team and finds an adequate vacancy for the patient, preferably

within its region of influence. Figure 4.2 summarizes the admission process to the RNCCI.

4.3 Data

4.3.1 Data sources and variable definitions

The main dataset used for the analysis contains individual information on the universe of

inpatient stays at public hospitals located in mainland Portugal between the years 2000

and 2015. The data are maintained by Administração Central do Sistema de Saúde, I.P.

(ACSS).

Throughout most of the analysis, I focus on emergency inpatient admissions. There

are two main reasons why I do this. First, as opposed to programmed admissions, they

are unpredictable.10 This minimizes the concern that individuals might make their own

care arrangements in advance when they know they will be hospitalized on a certain date.

Second, over 90% of patients at increased risk of bed-blocking are admitted to the hospital

as emergency admissions. In robustness checks I show that my results are unchanged when

10Inpatient admissions imply that the patient spends at least one night at the hospital. They can be
programmed or emergency admissions. Programmed inpatient admissions (also called elective care) are
for pre-arranged health care services, including scheduled operations, and usually involve a referral to
the hospital by a primary care physician or a specialist, a waiting period, and an appointment for an
admission date. Emergency inpatient admissions, in turn, include patients with urgent or life-threatening
conditions that require immediate medical assistance.
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including programmed admissions in the sample.

I exclude admissions into specialized hospitals11 and admissions of individuals under

18 years old, thus focusing on adult patients admitted to general acute care hospitals. My

final dataset comprises over 7.5 million complete emergency hospital admissions over 16

years.

In my baseline specification, the outcome variable is the length of hospital stay of

patient i (in days), who is admitted to the hospital in month t. This measure is the sum

of the appropriate length of hospital stay and the bed-blocking period.

I identify individuals at increased risk of bed-blocking using the ICD-9-CM secondary

diagnosis codes capturing underlying social factors influencing a patient’s health status

and contact with health services. I focus on factors such as living alone, lacking family

support, and having inadequate housing conditions or an unfavorable economic situation

because these have been previously associated with the use of NH and HC (Lopes, Mateus,

& Rosati, 2019; Diepstraten, Douven, & Wouterse, 2020) and bed-blocking (Costa et al.,

2012; Bryan et al., 2006; McDonagh et al., 2000).12

Social needs are assessed for all patients by the hospital discharge planning team.

When social needs are expected to affect the discharge process, information on the most

relevant social factor is added to the patient’s file and coded in the data.13

How do social factors put patients at increased risk of bed-blocking? Take two clinically

identical patients who need help with activities of daily living, such as personal hygiene, for

some weeks following a hospital stay. One has a partner at home who can help with such

activities and the other does not. While the former can be safely discharged home without

additional support, the latter cannot. The existence of, for example, teams providing

home care services is then crucial for his timely discharge. A similar reasoning applies for

patients who lack the necessary home adaptations to safely carry out their daily routines

by themselves.

One possible concern is that hospitals change the coding frequency of the social factors

used to identify patients at increased risk of bed-blocking following the entry of NH and

HC teams. In Appendix 4.8.2, I show that this is not the case.

I complement the inpatient dataset with monthly data on the roll-out of the RNCCI.

11Specifically, I exclude three cancer hospitals and two psychiatric hospitals because they do have
specific long-term beds targeting the needs of their patients.

12The codes for underlying social factors influencing a patient’s health status and contact with health
services can be found at https://www.hcup-us.ahrq.gov/toolssoftware/ccs/AppendixASingleDX.txt under
the header “Administrative/social admissions”. For individuals living alone, I use code V603; for individuals
with no family to care, I use codes V604 and V605; for individuals with unfavorable housing conditions
and economic situation, I use codes V600, V601, V602, V608, V6081, V6089, and V609. The unused codes
refer to various situations that are either not associated with bed-blocking (i.e. living in a residential
home for elderly people), not related to care needs (i.e. legal matters), or associated with services and
populations outside of the scope of the Network (i.e. mental health, children).

13Since hospitals hospitals only code what they perceive to be the most relevant social factor affecting
the discharge process, social factors are mutually exclusive.
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For most of my analysis, I measure the availability of NH and HC teams in the patient’s

region of residence using two binary indicators for months after the entry of the first NH

and the first HC team in the region. In robustness checks I use continuous measures, such

as the monthly number of NH facilities and HC teams in a region and their capacity.

In the baseline analysis, I define the relevant region as the ACES. As mentioned in

Section 4.2, these are relevant because the local coordination teams that find vacancies for

patients referred to the RNCCI are established at the ACES level and preferably search

for vacancies within that region. In robustness checks I use alternative region definitions.

Figures 4.8 and 4.9 in the Appendix show that the entry timing of NH and HC teams

across ACES regions is unrelated to the share of individuals at increased risk of bed-

blocking and hospital occupancy rates in 2005 (the year prior to the introduction of the

RNCCI), respectively. Figures 4.10 and 4.11, in turn, show that the entry timing of NH

and HC teams across regions is largely unrelated with the degree of political alignment

with the party in power (the Socialist Party) and the political marginality of a region,

respectively. To rule out further concerns about the potential endogeneity of treatment

timing, in robustness checks I formally test for pre-treatment trends using an event-study

design.

Throughout the empirical analysis, I control for demographics, comorbidities, DRG

group, admission month-by-year, and occasionally the hospital where the patient was

admitted to. I also use information on medical diagnosis and procedures. All this informa-

tion is available from the inpatient dataset. For some of my analyses, I use information on

DRG trim-points, which I collected from the laws passed by the Government.14

4.3.2 Summary Statistics

Figure 4.3 shows the relative frequency of monthly emergency admissions in each of the

three groups of patients at increased risk of bed-blocking over my study-period. Despite the

upward trend over time, each of these groups amounts to a small share of total emergency

admissions in a month. Throughout my study-period there are 67,262 individuals at

increased risk of bed-blocking, corresponding to 0.85% of total emergency admissions in

the sample.15

14In particular, I use information on DRG trim-points from Portaria 189/2001 published on March 9;
Portaria 132/2003 published on February 5; Portaria 567/2006 published on June 12; Portaria 110-A/2007
published on January 23; Portaria 132/2009 published on January 30 and updated by Portaria 839-A/2009,
published on July 31; Portaria 163/2013, published on April 24; and Portaria 20/2014, published on
January 29. I did not find information on DRG trim-points prior to 2001, so I exclude admissions in 2000
from the estimations using trim-points as dependent variable.

15This share is lower than that suggested by the APAH Census in footnote 1. There are several reasons
for this. First, the APAH Census was done in 2019 and my data goes only until 2015. My data shows
an upward trend in the share of potential bed-blockers over time, so one would expect a larger share in
future periods. Second, the sample of hospitals in the APAH Census does not include all public general
acute-care hospitals (the Census was not mandatory). Third, the APAH Census includes psychiatric
hospitals.
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Figure 4.3: Share of patients at increased risk of bed-blocking
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NOTES: The figure shows the monthly evolution of the share of patients at increased risk of bed-blocking
on total emergency admissions. The vertical dashed line marks the start of the RNCCI. Entry of nursing
homes and home care teams occurred in a staggered way after the start of the RNCCI.

Table 4.2: Summary statistics

Regular patients Living alone No family to care Housing/econ. issues

Mean S.D. Mean S.D. Mean S.D. Mean S.D.

Female (%) 58.2 49.3 57.1 49.5 52.2 50.0 46.7 49.9

Age (years) 58.6 22.5 74.2 14.2 71.0 16.5 64.9 19.8

Length of stay (days) 8.8 12.7 18.5 33.0 36.5 53.2 27.4 50.6

No. days over trim-point 0.4 6.6 2.8 25.6 10.3 41.6 6.9 42.6

Over DRG trim-point (%) 2.3 14.9 7.5 26.4 21.8 41.3 15.0 35.7

Charlson score 1.2 1.9 1.9 2.1 2.2 2.5 2.0 2.4

Number of procedures 5.9 3.8 8.1 4.3 8.2 4.8 7.5 4.5

Number of diagnoses 4.5 3.7 8.9 5.1 8.6 5.3 7.8 4.5

Observations 7,883,374 28,499 12,013 26,750

NOTES: The table shows the mean and standard deviation of the main variables used in the empirical

analysis, for regular patients as well as each of the groups at increased risk of bed-blocking. Abbreviations:

DRG: diagnosis-related group.

Table 4.2 shows summary statistics for regular patients, i.e. patients who do not

exhibit social factors, as well as each group of patients at increased risk of bed-blocking. It

conveys that individuals at increased risk of bed-blocking have longer length of stay than

regular patients and are more likely to have a length of stay beyond their DRG trim-point.

However, they are also older and have more comorbidities as measured by the Charlson

score.

To understand whether social factors such as living alone, having no family to care,

and having inadequate housing and other economic difficulties are associated with longer

length of stay, I estimate the following equation:
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yit = βBBi + δXi + λd + λh + λt + εit, (1)

where the dependent variable yit is the length of stay (in days) of patient i, who is admitted

to the hospital in period t. BBi is a vector containing three binary indicators for each

group of patients at increased risk of bed-blocking (living alone, no family to care, and

housing/economic issues); Xi is a vector containing 10-year age bins separately by gender

and a set of dummies for the comorbidities included in the Charlson index (Charlson,

Pompei, Ales, & MacKenzie, 1987); λd, λh and λt are DRG, hospital,16 and month-by-year

of admission fixed effects, and εit is an error term. Vector β contains the parameters of

interest, which measure the additional length of stay of each group at increased risk of

bed-blocking relative to regular patients, averaged throughout my study-period.

Figure 4.4 shows the estimates of β from equation (1) and their 95% confidence intervals.

Individuals living alone have hospital stays that are, on average, a week longer than regular

patients. Individuals with no family to care and those with inadequate housing stay at

the hospital, on average, 23 and 15 days longer than regular patients, respectively.

I conclude that these social factors appropriately proxy bed-blockers in the sense

that the longer length of stay of patients exhibiting these factors cannot be explained by

differences in their clinical status. To ease the exposition, I henceforth refer to patients

exhibiting these social factors as bed-blockers.

In the empirical analysis, I assess whether the gap in the length of stay of bed-blockers

and regular patients decreases after the entry of NH and HC teams in a region.

4.4 Empirical Strategy

4.4.1 Baseline Model

My baseline specification is a difference-in-differences model comparing the length of stay

of each group of bed-blockers and the length of stay of regular patients, before and after

the entry of nursing homes and home care teams in a region:

yit =α1BBi + α2PostHCmt + α3PostHCmt ×BBi + α4PostNHmt+ (2)

α5PostNHmt ×BBi + δXi + λd + λm + λt + εit,

where PostNHmt is an indicator variable taking value 1 after the first NH provider is

contracted in region m. Similarly, PostHCmt is an indicator variable taking value 1 after

16During my study-period there were several hospital mergers. These were purely administrative, but
the hospitals involved change their identifiers in the dataset (when hospitals A and B merge they start
sharing an identifier and their old identifiers are no longer used). I follow Chandra, Finkelstein, Sacarny,
and Syverson (2016) and treat hospitals A and B as one synthetic hospital throughout the analysis.
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Figure 4.4: Estimates of β from equation (1)
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NOTES: The figure shows the estimates of β from equation (1) and their corresponding 95% confidence
intervals. The dependent variable is length of stay in days. The model includes individual demographics
and comorbidities and admission month-by-year, diagnosis-related group, and hospital fixed-effects. The
sample consists on 7,950,636 emergency inpatient episodes between the years 2000 and 2015.

the first HC team is created in region m. λm is a vector of region fixed-effects. All

remaining notation is as previously defined.17

The parameters of interest are α1 to α5. The estimates of α1 are informative about

differences in length of stay between each group of bed-blockers and regular patients, prior

to the entry of NH and HC teams in a region. The estimates of α2 and α4 capture changes

in the length of stay of regular patients following the entry of the first HC team and the

first NH in a region, respectively. The estimates of α3 and α5, in turn, capture changes in

the length of stay of each group of bed-blockers relative to regular patients, following the

entry of the first HC team and the first NH in a region, respectively. Since most ACES

regions experience the entry of several HC teams and NH facilities over time, the estimates

of α2 to α5 are informative about the effect of having at least one HC team and one NH

facility in the region of residence on length of stay. Because I do not observe individual

take-up of the services provided by the RNCCI, the estimates have an intent-to-treat flair.

One feature of my specification is that it includes two distinct treatments: the entry

of the first NH and the first HC team in a region. Crucial for disentangling the effects

of NH and HC entry, the first NH and HC team never enter a region in the same period.

Additionally, regions which were among the first to have a NH facility were not necessarily

among the first to have a HC team (Figure 4.12 in the Appendix). The correlation between

the rankings of regions with respect to the entry of their first NH and their first HC team

is fairly low, at 0.29. Consequently, there is quite some variation across regions in the

17This specification includes many covariates. Table 4.7 in the Appendix shows that the estimation
results are stable when using different subsets of these covariates.

90



number of months between the entry of the first NH and the entry of the first HC team

(Figure 4.13 in the Appendix). These are all essential for separately identifying the effects

of NH and HC entry.

Another feature of equation (2) is that it includes both bed-blockers and regular patients.

The inclusion of regular patients helps controlling for general region and time specific

trends in length of stay. For example, suppose that the entry of HC teams in a region

decreased length of stay for all patients due to some unobserved factor. Then, estimating

the model among bed-blockers only (thus only exploiting variation in treatment timing)

would overestimate the effect of HC teams. Additionally, because there are relatively few

bed-blockers in the sample, including regular patients helps pinning down the estimates of

the covariates in the model.

However, including both regular patients and bed-blockers in the estimation requires

assuming that these groups are comparable. This is a strong assumption as regular patients

and bed-blockers might be different in aspects that I am not able to control for in the

estimation. To alleviate this concern, I estimate an alternative model specification only

among bed-blockers in Section 4.8.3 of the Appendix. This specification focuses on each

group of bed-blockers separately and exploits only variation in treatment timing. Because

it compares the length of stay of bed-blockers at different points in time, it does not require

any assumption on the comparability of regular patients and bed-blockers.

It is possible that the presence of social factors is not a good proxy for bed-blockers.

For example, there might be some option value in keeping some patients for longer at

the hospital, even if they do not exhibit any social factors. Or, as discussed above, the

presence of social factors might reflect a lower underlying (unobserved) health status and

thus require longer hospital stays, without these being bed-blocking days. This would

bias the estimates of interest from equation (2) towards zero. My estimates can thus be

interpreted as a lower bound of the true effects of the entry of NH and HC teams on

bed-blocking.

The inclusion of DRG fixed-effects, λd, is also worth of discussion. My dependent

variable does not allow separating the appropriate length of stay and the length of the

bed-blocking period. Since DRGs group patients with similar medical conditions and

demographics, who undergo similar treatments, patients in the same DRG are expected

to have similar length of appropriate stay. The DRG fixed-effects therefore capture the

time-invariant, DRG-specific component of length of stay corresponding to the appropriate

duration of the stay because the majority of individuals do not experience delays related

to bed-blocking.

Due to the large number of DRG groups, I estimate equation (2) using the Stata

package reghdfe (Correia, 2016), which allows for high dimensional fixed-effects. I exclude

the month of entry of the first NH and HC team in a region from the estimation because I

do not observe the exact day of the month when entry took place. Additionally, I follow
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Abadie et al. (2017) and cluster standard errors at the level of treatment assignment,

which is the region.18

4.4.2 Parallel trend assumption

The core identifying assumption of my empirical approach is that, in the absence of the

entry of NH and HC teams, any trends in length of stay of each group of bed-blockers

and regular patients would have been similar across regions. This is the so-called parallel

trend assumption. The parallel trend assumption is untestable because I do not know

how length of stay would have evolved, had NH and HC teams not entered a region. To

inform about the plausibility of the parallel trend assumption, it is standard practice to

examine pre-treatment trends: if these evolved similarly, it does give some confidence that

the post-treatment would have, too.

I examine pre-trends using an event-study approach. There are two events of interest,

the entry of the first NH in a region and the entry of the first HC team in a region. The

event-study framework allows the effect of the entry of NH and HC teams on the length of

stay of each group of bed-blockers and regular patients to vary over time. I estimate the

following event-study equation separately for each event:

yit =
3∑
j=1

6∑
r=−4
r 6=−1

θjrBB
j
i f(r) +

6∑
r=−4
r 6=−1

θrf(r) +
3∑
j=1

θjBBj
i (3)

+ δXi + λd + λm + λt + εit,

f(r) =


∑

r<−3 Ir if r < −3

Ir if − 3 ≥ r ≤ 5∑
r>5 Ir if r > 5

where BBj
i is a binary indicator for individual i being coded in bed-blocking group j (that

is, BBj
i is the jth component of BBi); r indexes time in years relative to the event; and

f(r) is a function of relative time. Specifically, f(r) includes binary indicators for each

relative year inside the event-window (I−3, I−4, ..., I5), a binary indicator for relative years

prior to the event-window (r < −3), and a binary indicator for relative years after the

event-window (r > 5). That is, I assume that outside of the event-window effects are

constant in relative time. The advantage of specifying f(r) in this way is that it allows

me to still use observations outside of the event-window to pin down the fixed effects,

demographics, and comorbidities. I normalize the year before the event to zero, f(−1) = 0.

All remaining notation is as before.

I am interested in the estimates of both θr and θjr. The estimates of θr capture the

18Alternative clustering options, for example at the region-month or region-DRG level, yield smaller
standard errors, but do not qualitatively change my findings.
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evolution of the length of stay of regular patients in the years around the event. The

estimates contained in θjr, in turn, convey the evolution of the length of stay differential

between each group of bed-blockers j and regular patients around the event. I normalize

f(−1) = 0, so the common trend assumption requires the estimates of θjr for the remaining

years prior to the event to be zero. This would mean that the length of stay differential

between bed-blockers and regular patients is constant before the entry of NH and HC

teams in a region, confirming the plausibility of the common trend assumption.

I estimate equation (3) separately for the two relevant events, the entry of the first

NH and entry of the first HC team in a region. When estimating the event-study for the

entry of the first NH (HC team), I control for the presence of HC teams (NH units) in the

region.

4.4.3 Intensity of care, readmissions, and other health outcomes

One concern is that reductions in the length of stay of bed-blockers upon the entry of NH

and HC teams might be accompanied by reductions in the treatment received while at the

hospital. To assess this possibility, I estimate equation (2) using the number of medical

procedures patients receive during their hospital stay as dependent variable. This is a

typical measure of the intensity of care received by a patient (Kleiner, 2019).

Reductions in the length of stay of bed-blockers upon the entry of NH and HC teams

might also impact their future consumption of acute care. If these individuals have now a

form of support outside the hospital, they might be able to avoid a readmission. But if

their longer stay at the hospital was beneficial in some way that is not captured by the

number of procedures, then reducing length of stay might increase the probability of a

readmission.

To investigate this question, I estimate equation (2) using a binary indicator for

readmission as dependent variable. Unfortunately, the structure of the dataset in the

earlier years does not allow to follow patients across years and across hospitals. I therefore

focus on readmissions to the same hospital, within 30 and 60 days of the discharge date.19

To capture admissions within the same calendar year, I exclude admissions in December of

each year when assessing the likelihood of readmission within 30 days. Similarly, I exclude

admissions between October and December when assessing the likelihood of readmission

within 60 days.

Hospital-acquired infections are a potential consequence of longer hospital stays. In

an attempt to capture reductions in hospital-acquired infections upon the entry of NH

and HC teams in a region, I use a binary indicator for having a diagnosis code for serious

infection as outcome variable in equation (2).20 I alternatively focus on serious infection

19In the last years of my study-period, over 92% of readmissions occur in the same hospital as the initial
admission. Thus, restricting the analysis to readmissions to the same hospital is a good approximation.

20I used the list of diagnosis codes for serious infection in Wiese et al. (2018).
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as main diagnosis and as secondary diagnosis. The former are more likely to refer to

an infection that was present at admission and was the reason for the hospitalization,

whereas the latter are more likely to represent a complication that occurred during the

hospitalization.21

Finally, I assess changes in mortality. For in-hospital mortality I use a binary indicator

for whether the patient died during his hospital stay as outcome variable in equation (2). I

do not observe out-of-hospital mortality at the individual level, so I use regional mortality

data to assess potential effects on out-of-hospital mortality upon the entry of NH and HC

teams.

4.4.4 Programmed admissions

Reductions in the length of stay of bed-blockers might raise concerns about decreased

hospital occupancy, given the costs of empty hospital beds (Pauly & Wilson, 1986; Gaynor

& Anderson, 1995; Keeler & Ying, 1996). However, waiting lists (and times) for elective

care are a major challenge for public hospitals in Portugal (J. Simões et al., 2017). Provided

some flexibility in the allocation of resources (ie. beds, physicians’ time) within the hospital,

the resources freed up by bed-blockers can be devoted to elective care.

To examine whether a reallocation of hospital activity occurs, I make use of the full

inpatient dataset, which includes both emergency and programmed admissions at public

hospitals in Portugal. First, I estimate the following equation:

Programmedit = φ1PostHCmt + φ2PostNHmt + λm + λt + λh + εit, (4)

where Programmedit is a binary indicator taking value 1 if the episode of patient i was

scheduled and value 0 if it was an emergency. As before, λm, λt, and λh are region, admission

month-by-year, and hospital fixed-effects. The estimates of φ1 and φ2 are informative

about changes in the share of programmed admissions in hospital h originating from region

m, following the entry of HC teams and NH providers in that region, respectively.

The share of programmed admissions can increase due to increases in the number

of programmed admissions and to reductions in the number of emergency admissions.

The number of programmed admissions can go up if hospitals are able to reallocate their

resources to elective care. The number of emergency admissions could go down if, for

example, the availability of NH and HC teams has some kind of protective effect in terms

of avoiding a hospitalization.

To ensure that the increase in the share of programmed admissions is being driven by

increases in the number of programmed admissions and not by a reduction in emergency

21The medical literature has highlighted the limitations of administrative data for distinguishing between
hospital-acquired infections and infections that were present at admission, see Jhung and Banerjee (2009).
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admissions, I collapse my data at the region-hospital-month level and estimate:

NumberAdmhmt = ϕ1PostHCmt + ϕ2PostNHmt + λm + λt + λh + εhmt, (5)

where NumberAdmhmt is alternatively the monthly number of programmed and emergency

admissions from region m in hospital h. I am interested in the estimates of ϕ1 and ϕ2,

which inform about changes in the number of admissions in hospital h originating from

region m after the entry of HC teams and NH providers in that region, respectively.22

4.5 Results

Section 4.5.1 presents the baseline results. Section 4.5.2 investigates the plausibility of the

parallel trend assumption and reports the results of additional robustness checks. Section

4.5.3 presents the results of the heterogeneity analysis. Section 4.5.4 examines the impact

of the entry of NH and HC teams on treatment received while at the hospital, hospital

readmissions, and other health outcomes. Section 4.5.5 assesses the impact on hospital

costs and Section 4.5.6 assesses the impact on programmed admissions.

4.5.1 Baseline Results

The first column of Table 4.3 shows the estimates of interest from equation (2) and their

corresponding 95% confidence intervals. The top estimates correspond to α1, the vector of

indicators for each of the three bed-blocking groups. They convey sizable length of stay

differences between each group of bed-blockers and regular patients prior to the entry of

HC teams and NH in a region —about 9 additional days for patients living alone, 23 for

those with no family to care, and 18 for those with inadequate housing conditions.

The second block of estimates corresponds to α2 and α4, the two indicators for periods

after the entry of HC teams and NH in a region. These effects are precisely estimated at

zero, meaning that the entry of NH and HC teams in a region does not affect the length

of stay of regular patients.

The next block of estimates corresponds to α3, the vector of interaction terms between

each group of bed-blockers and the indicator for periods after the entry of HC teams

in a region. These estimates convey length of stay reductions of 4 days for individuals

living alone and for those with inadequate housing after the entry of HC teams in their

region. Note, however, that these 4-day length of stay reductions do not fully eliminate the

difference in length of stay between regular patients and bed-blockers —some bed-blocking

still persists. For individuals with no family to care, the estimates are imprecise and I

22During my study-period, patients awaiting programmed procedures were typically restricted to a
specific hospital within their region of residence (they could not shop around for other hospitals that they
might perceive as being of higher quality or that have shorter waiting times).
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cannot rule out sizable increases in the length of stay of these patients after the entry of

HC teams in a region.

Finally, the last block of estimates refers to α5, the vector of interaction terms between

each bed-blocking group and the indicator for periods after the entry of NH in a region.

These estimates are statistically insignificant, with the point estimates being close to zero.

4.5.2 Robustness checks

Plausibility of the parallel trend assumption

I report the event-study results from equation (3) in Figures 4.5 and 4.6, respectively, for

the entry of the first HC team and the first NH facility in a region. Each of the figures

has three panels, corresponding to comparisons of the length of stay of each of the three

bed-blocking groups and regular patients around the relevant event. Each panel plots the

estimates of θr for regular patients (full circles) and θjr for each group of bed-blockers j

(hollow circles) and the corresponding 95% confidence intervals. The scale on the vertical

axis differs across plots.

The event-study specification is informative about pre-treatment trends in length of

stay for each of the patient groups analyzed. The estimates of θr convey that the length of

stay of regular patients is constant in relative time. In most of the event-study plots the

estimates of θjr for years prior to the entry of the first NH and HC team in a region are not

statistically significant, supporting the plausibility of the parallel trend assumption.23 The

exception is panel (b) in Figure 4.5, which shows a small increasing trend in the length of

stay of individuals with no family to care relative to regular patients in the three prior to

the entry of the first HC team in a region (significant at 10%). Due to this pre-treatment

trend, the corresponding estimate from the baseline analysis is biased towards finding no

reductions in the length of stay of individuals with no family to care following the entry

of the first HC team in a region. The event-study plot, however, shows that the slight

increasing trend in the length of stay of individuals with no family to care relative to

regular patients is inverted upon the entry of HC teams in a region.

Overall, the baseline model and the event-study convey similar results. The entry of

HC teams leads to reductions in the length of stay of bed-blockers. The event-study plots

show that these only occur some periods after the entry of the first HC team and get

slightly larger over time. As for the entry of nursing homes, the baseline analysis did not

23I assess the joint significance of the pre-treatment estimates with an F-test. I do this for the three
years prior to each event. For individuals living alone, I cannot reject the hypothesis that these estimates
are jointly insignificant (the p-values are 0.5151 and 0.2564, respectively, for the periods prior to the entry
of the first HC team and the first NH in a region). For individuals with no family to care, the estimates for
the three periods prior to the entry of the first HC team are jointly significant at 10% (p-value=0.0622),
but those for periods prior to the entry of the first NH are not (p-value=0.5880). Finally, for individuals
with inadequate housing, I cannot reject the hypothesis that the estimates for the three periods prior to
the entry of the first HC team and the first NH are jointly insignificant (p-values equal to 0.1621 and
0.8544, respectively).
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Table 4.3: Baseline results from equation (2) and robustness checks

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

Baseline
Region-month

FE
Region-specific

time trends
Hospital

FE
15km
radius

30km
radius

Bed-blocking indicators (α1)

Living alone 9.226*** 9.230*** 9.245*** 9.227*** 8.884*** 9.802***

(1.357) (1.372) (1.377) (1.345) (1.370) (1.685)

No family to care 23.282*** 23.344*** 23.317*** 23.284*** 21.877*** 23.447***

(4.184) (4.178) (4.182) (4.179) (3.755) (4.511)

Housing/econ. issues 17.984*** 17.972*** 17.952*** 17.969*** 17.442*** 19.178***

(2.611) (2.595) (2.610) (2.601) (2.304) (2.454)

Effects of HC and NH entry

Post HC (α2) 0.003 -0.006 -0.001 -0.016 0.028

(0.105) (0.094) (0.106) (0.070) (0.076)

Post NH (α4) 0.095 0.046 0.086 0.023 0.010

(0.193) (0.092) (0.194) (0.077) (0.076)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -4.040*** -4.209*** -4.362*** -3.377*** -2.991***

(1.559) (1.481) (1.527) (1.563) (1.061) (1.140)

Post HC × No family to care -0.384 -0.364 -0.394 -0.403 -1.124 -0.482

(5.318) (5.273) (5.285) (5.312) (3.421) (3.231)

Post HC × Housing/econ. issues -4.673** -4.668** -4.692** -4.640** -5.430*** -4.992***

(2.143) (2.110) (2.133) (2.148) (1.681) (1.789)

Differential effects of NH entry (α5)

Post NH × Living alone 0.539 0.238 0.354 0.564 -0.001 -1.229

(1.097) (1.075) (1.084) (1.104) (1.138) (1.259)

Post NH × No family to care 0.040 -0.110 -0.060 0.047 2.985 -0.127

(3.777) (3.741) (3.761) (3.777) (1.869) (2.126)

Post NH × Housing/econ. issues -1.154 -1.128 -1.087 -1.179 0.379 -2.098

(2.435) (2.417) (2.405) (2.416) (1.354) (1.505)

Observations 7,868,350 7,868,350 7,868,350 7,868,350 7,950,636 7,950,636

R2 0.210 0.212 0.210 0.210 0.210 0.210

NOTES: The table shows the estimates of α1 to α5 from robustness checks to equation (2). The dependent

variable is the length of stay in days. The baseline model in column 1 includes individual demographics and

comorbidities and admission month-by-year, diagnosis-related group, and region (ACES) fixed-effects. Column

2 replaces the region and month fixed effects with region-month fixed-effects. Column 3 includes region-specific

time trends. Column 4 includes hospital fixed-effects. Columns 5 and 6 use the 15 and 30km radius around the

centroid of the patient’s municipality as the relevant region, respectively. The sample excludes admissions in

the entry month of the first NH and HC in a region. Standard errors in parenthesis are heteroskedasticy-robust

and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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yield significant effects on the length of stay of bed-blockers. However, the event-study

plots suggest a slow, gradual decline in the length of stay of bed-blockers following the

entry of NH in a region, even if these effects are statistically insignificant.

Alternative model specifications, variable definitions, and explanations

The remaining rows of Table 4.3 show robustness checks to my baseline specification.

Column 2 replaces the region and month fixed-effects with region-by-month fixed-effects

and column 3 allows for region-specific time trends. Column 4 adds hospital fixed-effects

to the baseline specification. The results are unchanged.

ACES regions differ in their territorial area. I alternatively use 15 and 30km radii

around the centroid of a patient’s municipality of residence as the relevant region.24

Columns 5 and 6 in Table 4.3 show that my baseline results are robust to these alternative

region definitions.

The results are unchanged when using different sample definitions. Table 4.8 in the

Appendix shows the results for restricting the sample to a balanced panel of hospitals,

excluding patients who were transferred between hospitals and those who have died at the

hospital, and including both emergency and programmed admissions in the sample.

As alternative outcome variables in equation (2), I use binary indicators for being

above certain percentiles of the pooled distribution of length of stay, and a binary indicator

for being above the corresponding DRG trim-point. Columns 2 to 5 of Table 4.9 in the

Appendix show the results. After the entry of HC teams in their region, individuals living

alone and those with inadequate housing are 5 percentage points (pp.) less likely to be

above the 50th percentile of the length of stay distribution and 6-7pp. less likely to be

above the 90th percentile. They are also 4pp. less likely to have a length of stay beyond

their DRG trim-point.

Different regions experienced different intensities of entry of NH facilities and HC

teams at distinct speeds. To exploit these additional sources of variation, I define two

alternative continuous measures of treatment intensity: the monthly number of HC teams

and NH facilities operating in region m and the monthly number of places in HC teams

and beds in NH facilities in region m. While the baseline analysis quantifies the effect of

having at least one HC team or NH in a region on the length of stay of bed-blockers, this

analysis quantifies the impact of one additional provider or bed in a region on the length

of stay of bed-blockers. Table 4.10 in the Appendix shows the results. Both the number

and capacity of HC and NH providers in a region matter. For example, an additional

place in HC (per 10,000) reduces the length of stay of individuals living alone by 0.38 days

and an additional NH provider (per 10,000) reduces the length of stay of individuals with

no family to care by almost 17 days. These results suggest that the increased number

and capacity of NH and HC teams over time might be one explanation for the finding,

24Municipalities are small territorial units. There are 278 municipalities in mainland Portugal.
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conveyed by the event-study plots, that reductions in the length of stay of bed-blockers

take some periods to materialize and get larger over time.

Table 4.23 in the Appendix shows the results from estimating models among each

group of bed-blockers, only exploiting variation in treatment timing and thus relaxing the

assumption that the groups of bed-blockers and regular patients are comparable. Overall,

the results suggest evidence of reductions in the length of stay of bed-blockers upon the

entry of HC teams, though these reductions seem to be of a smaller magnitude than in

the baseline specification and their statistical significance is weaker.

A recent literature in econometrics highlights challenges in difference-in-differences

designs that exploit staggered treatments. Goodman-Bacon, 2018 shows that the estimate

recovered in those cases is a weighted average of all underlying two-by-two difference-in-

differences estimates. In particular, early-treated units are also used as control group for

units that are treated at a later point in time. This is particularly problematic in the

presence of treatment effect heterogeneity.

I deal with concerns about staggered treatment timing in two ways. First, I estimate

my baseline model separately for regions treated in different years, therefore limiting

the variation in treatment timing. Table 4.24 in the Appendix shows the results. While

statistical significance is lost in a few cases, the direction and magnitude of the results

obtained are in line with my baseline results. Second, I implement the imputation estimator

recently proposed in Borusyak, Javarel, and Spiess, 2021. Appendix 4.8.5 provides technical

details on the implementation of this estimator, as well as the results obtained. Overall,

the results from using the imputation estimator are quite similar to those using OLS. Taken

together, the results from these exercises suggest issues related to staggered treatment

timing to be limited in my setting.

Finally, I assess the plausibility of alternative explanations for the reductions in the

length of stay of bed-blockers. First, the roll-out of NH and HC teams might have been

accompanied by reductions in the number of hospital beds, which could explain some of

the reductions in length of stay observed for the groups at risk of bed-blocking. Table 4.19

in the Appendix shows that the number of inpatients beds at public hospitals did not

significantly change with the entry of NH and HC teams. Second, the entry of NH and HC

teams might have reduced patient complexity, particularly for those at risk of bed-blocking

—if, for example, these patients were already benefiting from NH and HC teams prior to

their hospital admission. Table 4.20 in the Appendix refutes this hypothesis: Patients

at risk of bed-blocking seem to be slightly more complex and have a higher Charlson

comorbidity score upon the entry of home care teams in a region.25 Third, there might

25One potential explanation for this finding is that a number of milder cases can now be dealt with
at home and thus some patients are able to avoid a hospital admission. The fact that I do not observe
changes in the share of hospital admissions of bed-blockers upon the entry of NH and HC teams (see
Appendix 4.8.2) is at odds with this explanation. An alternative explanation is that patients have been
referred to home-care by their general practitioner and that receiving home-care delays (but does not
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have been other policies that influenced the length of stay of bed-blockers, such as the

strengthening of local social support networks, or the entry of other providers not affiliated

with the RNCCI. I cannot fully rule out these alternative channels. However, the staggered

entry of NH and HC teams helps mitigating this concern as any alternative policy would

have to be rolled out in a similar fashion in order to explain my findings.

4.5.3 Heterogeneity analysis

The baseline results convey no reductions in the length of stay of bed-blockers upon the

entry of NH facilities in a region. This result might simply reflect the fact that NH cater

to patients with high care needs and the average bed-blocker might not need a NH stay.

The most common admission diagnoses among bed-blockers are respiratory illnesses, such

as pneumonia and acute bronchitis, whose recovery usually involves resting and avoiding

heavy tasks. In contrast, the most common reasons for a NH admission are recovery from

surgery and stroke.

To assess this hypothesis, I estimate the baseline model among different patient groups.

Specifically, I restrict the sample to individuals admitted to the hospital with a stroke

diagnosis, with respiratory conditions, individuals who underwent surgery during their

hospital stay, and those whose Charlson comorbidity score is above 1. Table 4.11 in the

Appendix shows the results. When restricting the sample to patients admitted with a

stroke (column 1), I find that individuals living alone and those with inadequate housing

experience length of stay reductions of about 3 and 10 days, respectively, after the entry

of NH in their region. This supports the hypothesis that NH cater to patients with high

care needs. I find a similar pattern when restricting the sample to patients undergoing

surgery at the hospital (column 3), but these effects are not statistically significant. The

results for patients admitted with respiratory illnesses and for those with Charlson score

over 1 are similar to the baseline results.

Table 4.12 in the Appendix shows the results of heterogeneity analyses with respect

to gender and age. There is little heterogeneity across different demographic groups.

Remarkably, bed-blockers under 50 years old also see significant reductions in their length

of stay upon the entry of HC teams, highlighting that bed-blocking can affect individuals

of any age.

4.5.4 Impact on intensity of care, readmissions, and other health outcomes

Column 1 of Table 4.4 shows the results of estimating equation (2) using the number of

procedures received while at the hospital as dependent variable. It conveys that, despite

avoid) a hospital admission, so that patients are in worse health once they are eventually admitted to the
hospital. This might also be one reason why the availability of NH and HC teams does not fully eliminate
bed-blocking.
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reducing the length of stay of bed-blockers, the entry of NH and HC teams does not affect

the intensity of care they received at the hospital.

Additionally, the estimates of the bed-blocking indicators convey that, even after

controlling for demographics, comorbidities, and detailed medical diagnoses, bed-blockers

seem to get more intensive treatment during their hospital stay than regular patients (and

that does not change upon the entry of NH and HC teams). A more intensive treatment

might require a longer stay. This can be one reason why the gap in length of stay between

bed-blockers and regular patients is not fully eliminated upon the entry of NH and HC

teams in a region.

The remaining columns of Table 4.4 show the results of estimating equation (2) using

a binary indicator for readmission as dependent variable. Columns 2 and 4 show the

results for the probability of readmission within 30 and 60 days, respectively. Columns 3

and 5 focus on readmissions in the same DRG group, which are more likely to signal a

recurrent (chronic) condition, or a consequence of the previous admission. In most cases I

cannot reject the null hypothesis that the entry of NH and HC teams had no effect on the

likelihood of readmission. In some cases, the entry of NH and HC teams is even associated

with a reduction in the probability of readmission, potentially reflecting the fact that these

types of care can prevent a readmission. These effects are sizable. For example, the entry

of NH reduce the likelihood of readmission within 60 days for individuals with inadequate

housing by 2pp., a 16% reduction.

Columns 1 and 2 of Table 4.13 show the results for the presence of a serious infection

as main diagnosis and secondary diagnosis, respectively. The estimates capturing the

differential impact of NH and HC teams on bed-blockers are imprecise. Nevertheless,

the point estimates in column 2 suggest a reduction in serious infections as secondary

diagnosis among bed-blockers, upon the entry of NH and HC teams. This does not occur

for serious infections as main diagnosis (column 1), which are more likely to be the reason

for hospitalization instead of acquired during the hospital stay.

Column 3 of Table 4.13 shows no clear changes in in-hospital mortality upon the entry

of NH and HC teams in a region. Using regional mortality data to assess the impact

of NH and HC teams on out-of-hospital mortality yields no statistically or economically

significant effects (Appendix Table 4.18).

Overall, reducing bed-blocking does not harm patients’ health. If anything, the findings

in this subsection suggest that there might be some benefits to patient’s health.

4.5.5 Cost savings

Computing the cost savings associated with the reductions in bed-blocking helps putting

the baseline estimates into perspective. I do this for the year of 2015 and I focus on

cost-savings associated with the entry of HC teams only because in the baseline analysis

there were no significant effects from NH entry.
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Table 4.4: Impact of the entry of NH and HC teams on treatment intensity and readmissions

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

Number of
procedures

Readmitted
within
30 days

Readmitted
within 30 days,

same DRG

Readmitted
within
60 days

Readmitted
within 60 days,

same DRG

Bed-blocking indicators (α1)

Living alone 0.916*** -0.003 -0.003* -0.002 -0.003

(0.123) (0.003) (0.002) (0.004) (0.002)

No family to care 1.056*** 0.015 0.005 0.021* 0.009

(0.223) (0.010) (0.006) (0.013) (0.009)

Housing/econ. issues 0.557*** 0.024*** 0.007** 0.035*** 0.010**

(0.145) (0.004) (0.003) (0.006) (0.004)

Effects of HC and NH entry

Post HC (α2) 0.058 0.002 -0.000 0.002 -0.000

(0.168) (0.001) (0.000) (0.002) (0.001)

Post NH (α4) -0.386** -0.000 0.000 -0.001 -0.000

(0.185) (0.002) (0.001) (0.002) (0.001)

Differential effects of HC entry (α3)

Post HC × Living alone 0.207 -0.011** 0.001 -0.005 0.002

(0.253) (0.005) (0.003) (0.005) (0.003)

Post HC × No family to care 0.052 -0.031** -0.016** -0.043** -0.022**

(0.365) (0.013) (0.008) (0.018) (0.010)

Post HC × Housing/econ. issues -0.177 0.005 0.003 0.005 0.004

(0.214) (0.006) (0.003) (0.009) (0.004)

Differential effects of NH entry (α5)

Post NH × Living alone -0.060 0.008 0.002 0.002 0.001

(0.163) (0.006) (0.002) (0.009) (0.004)

Post NH × No family to care 0.178 0.012 0.009 0.020 0.011

(0.201) (0.014) (0.007) (0.018) (0.008)

Post NH × Housing/econ. issues 0.317 -0.012* -0.007** -0.020** -0.010**

(0.254) (0.006) (0.003) (0.008) (0.004)

Mean of the dep. variable 5.956 0.088 0.020 0.125 0.028

Observations 7,856,898 7,216,328 7,216,328 5,919,920 5,919,920

R2 0.356 0.079 0.052 0.102 0.060

NOTES: The table shows the OLS estimates of α1 to α5 from equation (2). In column 1 the dependent

variable is the number of procedures received by patient i during his hospital stay. In columns 2 and 4, the

dependent variable is an indicator for readmission to the same hospital within 30 and 60 days, respectively.

In columns 3 and 5, the dependent variable is an indicator for readmission to the same hospital and the

same DRG within 30 and 60 days, respectively. The sample excludes admissions in the entry month

of the first NH and HC in a region. Additionally, the sample in columns 2 and 3 excludes admissions

in December and the sample in columns 4 and 5 excludes admissions in the period October-December.

All models include individual demographics and comorbidities and admission month-by-year, DRG, and

region (ACES) fixed-effects. Standard errors in parenthesis are heteroskedasticy-robust and clustered at

the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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To assess the cost burden bed-blocking places on the healthcare system, I use the

official valuation of the cost of one day in inpatient care, which is e 230.26 This figure

might be an overestimate because a bed-blocking day likely involves lower costs than an

average day for a patient who is still receiving acute medical care. Therefore, I also use a

more conservative estimate of e 87 for the value of a day in the hospital for patients who

no longer need inpatient care. This is the amount by which the government compensates

hospitals for the additional costs imposed by patients with length of stay beyond their

DRG trim-point, thus it can be seen as capturing the “hotel costs” associated with an

inpatient day (i.e. food, bedding, etc.).

Table 4.17 in the Appendix provides an overview of the calculations for estimating the

cost burden associated with bed-blocking and its reduction upon the entry of HC teams in

a region. In 2015 there were 7,135 patients at increased risk of bed-blocking: 4,021 living

alone; 1,192 with no family to care; and 1,992 with inadequate housing conditions. Absent

the entry of NH and HC teams, my baseline estimates of α1 from equation (2) imply a

total of 99,415 bed-blocking days in 2015 and an associated cost burden of e 230×99,415

= eM22.9 in 2015.

My baseline estimates of α3 imply that the entry of HC teams in a region reduces

the number of bed-blocking days in 2015 to 72,440 days. Consequently, the cost burden

associated with bed-blocking goes down by e 203×(99, 415− 72, 440) = eM6, or 27%.

Using a conservative valuation of the costs of a bed-blocking day, I estimate the burden

of bed-blocking in 2015 at eM8.7 in the absence of the entry of NH and HC teams. After

the entry of HC teams, this amount is reduced to eM6.3.

From the perspective of the healthcare system, the cost of care provided in HC

teams must be taken into account. I value one day of home care provision using the

amount that the government pays to RNCCI providers for ambulatory services, which

is e 9.6 per session.27 If reductions in bed-blocking days are replaced one-to-one with

home care use, then my baseline estimates imply that the cost of home care provision is

(99, 415− 72, 440)× 9.6 = eM0.26 in 2015. This barely affects my savings estimate.28

Overall, the cost savings from reducing bed-blocking are small, consistent with bed-

blocking being a relatively rare event in the period I analyze. While about e 849(=eM6

÷ 7,135) can be saved annually per patient at risk of bed-blocking, these patients represent

a small share of total inpatient admissions. This suggests that resources in the Portuguese

healthcare system were allocated rather efficiently during my study-period.

My cost savings estimates are conservative in that they do not account for potential

26The official figure from ACSS (2007) is e 219 and corresponds to 2007, the last year for which cost
estimates are available. I update this figure to 2015 euros using the consumer price index for the healthcare
sector.

27A “session of home care” consists of a visit by the HC team on a given day. These visits take only a
couple of hours and HC teams visit several patients in one day.

28More generally, the average duration of home care use was 64.2 days in 2015 (Lopes et al., 2019).
Assuming one session of home care per day, I estimate the costs of home care provision in 2015 at eM4.4.
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health benefits of reducing length of stay for bed-blockers (i.e. prevented mobility losses,

avoided re-admissions, improved mental health).

4.5.6 Impact on programmed admissions

Columns 1 and 2 of Table 4.5 show the estimates from equation (4) assuming the distribution

of the error term is normal and logistic, respectively. The results convey an increase of

1.7 percentage points in the share of programmed admissions originating from region m,

following the entry of HC teams in the region.29

Columns 3 and 4 of Table 4.5 show the results of estimating equation (5) using as

dependent variable the monthly number of programmed admissions and the monthly

number of emergency admissions, respectively. Column 3 conveys an increase of 10

programmed admissions per month in hospital h originating from region m upon the entry

of the first HC team in that region. Consistent with NH entry not reducing the length of

stay of the average bed-blocker, it also is not associated with increases in programmed

admissions. Column 4 conveys no change in the number of emergency admissions following

the entry of NH and HC teams. So increases in the share of programmed admissions

originate solely from increases in the number of programmed admissions and not from

reductions in the number of emergency admissions.

Overall, these findings suggest that hospitals devote the resources freed up by bed-

blockers to elective care. The results are driven by the hospitals with the highest occupancy

rates as of 2005, for whom reductions in bed-blocking might have been crucial in freeing

up capacity to admit additional elective patients. No increases in elective admissions occur

for hospitals with below median occupancy rates in 2005 (Tables 4.14 and 4.15 in the

Appendix).

29During my study-period, 55% of hospital admissions are programmed and the remaining are emergen-
cies.
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Figure 4.5: Event-study results for HC entry
NOTES: Each panel plots the estimates of θr and θjr from equation (3) and the corresponding 95%
confidence intervals for a specific group of patients in the sample. In each panel, the vertical axis is the
length of stay in days and the horizontal axis is time in years relative to the entry of the first home
care team in a region. The coefficients on the year just before entry was normalized to zero. The model
includes individual demographics and comorbidities, indicators for bed-blocking groups, and admission
month-by-year, diagnosis-related group, region (ACES), and relative year fixed-effects, as well as a binary
indicator for the presence of a nursing home at the time of admission.
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Figure 4.6: Event-study results for NH entry
NOTES: Each panel plots the estimates of θr and θjr from equation (3) and the corresponding 95%
confidence intervals for a specific group of patients in the sample. In each panel, the vertical axis is
length of stay in days and the horizontal axis is time in years relative to the entry of the first nursing
home in the region. The coefficients on the year just before entry was normalized to zero. The model
includes individual demographics and comorbidities, indicators for bed-blocking groups, and admission
month-by-year, diagnosis-related group, region (ACES), and relative year fixed-effects, and a binary
indicator for the presence of a home care team at the time of admission.
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Table 4.5: Results from estimating equations (4) and (5)

(1) (2) (3) (4)
Programmed admission

(OLS)
Programmed admission

(Logit)
Monthly programmed

admissions
Monthly emergency

admissions

Post HC 0.017** 0.018** 10.572** -0.832

(0.008) (0.009) (3.876) (0.898)

Post NH 0.004 0.006 -1.374 -0.826

(0.013) (0.012) (5.787) (1.179)

Observations 17,633,499 17,633,499 154,054 154,054

(Pseudo-)R2 0.081 0.091 0.043 0.021

NOTES: Columns 1 shows the estimates of φ1 and φ2 from equation (4) using OLS and column 2 shows the corresponding marginal effects after logit evaluated at

the mean of the independent variables. The estimation sample consists in all individual inpatient admissions to public hospitals (programmed and emergency)

between 2000 and 2015. Columns 3 and 4 show the estimates of ϕ1 and ϕ2 from equation (5). In column 3 the dependent variable is the monthly number of

programmed admissions from region m in hospital h. In column 4 the dependent variable is the monthly number of emergency admissions from region m in hospital

h. The sample in columns 3 and 4 is a panel of region-hospital-month admissions. All models include hospital, region, and month fixed-effects. In all columns 1 to

4, the estimation sample excludes the entry month of the first NH and HC. Standard errors in parenthesis are heteroskedasticy-robust and clustered at the region

level. * p < 0.1, ** p < 0.05, *** p < 0.01
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4.6 Mechanisms: Accumulation of experience

My main results convey reductions in bed-blocking following the entry of NH and HC teams.

The event-study plots show that these effects get larger over time, although bed-blocking

is never fully eliminated.

In this section, I study whether a larger number of interactions between a hospital and a

coordination team located in an ACES region allows for greater reductions in bed-blocking.

This should not be interpreted as causal, and rather be seen as a descriptive exercise.

The underlying idea is that interactions between a given hospital-region pair hm allow

the accumulation of experience from dealing with patients at risk of bed-blocking that

are residents of m and are admitted to h. This pair-specific experience is acquired from

interactions between the discharge planning team at the hospital and the local coordination

team in the ACES region, which can foster teamwork and coordination across settings of

care provision.

I distinguish pair-specific experience from experience accumulated independently by

hospitals and regions. Recall that, in an emergency situation, patients are not restricted to

the hospital in their area of residence and can visit any hospital. As a result, hospitals admit

emergency patients originating from various regions. Therefore, hospital h also accumulates

experience from admitting and referring patients at risk of bed-blocking originating from

regions other than m. This experience might benefit bed-blockers from region m if, for

example, it contributes to a more timely identification of potential bed-blockers, regardless

of their region of residence, by the discharge planning team.

Additionally, region m also accumulates experience from dealing with patients at risk of

bed-blocking who are referred from hospitals other than h. This experience might benefit

patients at risk of bed-blocking who visited hospital h if, for example, it makes the local

coordination team in the ACES region more efficient at finding vacancies in NH and HC

teams within its area of influence, regardless of the hospital they visited.

To understand the role of the different types of experience in reducing the length of

stay of bed-blockers, I draw on Kellogg (2011) and estimate the following equation:

yit = µ1BBi + µ2g(Exphmτ ) + µ3g(Exphmτ )BBi (6)

+ δXi + γd + γt + γmh + εit,

where γmh are fixed-effects for a hospital-region pair and g(Exphmτ ) is a function of the

experience accumulated by hospital h and region m during period τ . All remaining

notation is as previously defined. I specify g as follows:

g(Exphmτ ) = η1Exph-mτ + η2Exp-hmτ + η3Exphmτ , (7)

where Exphmτ is the experience accumulated by pair hm during period τ , Exph-mτ is the
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experience accumulated by hospital h during period τ from interacting with hospitals

other than m, and Exp-hmτ is the experience accumulated by region m during period τ

from interacting with hospitals other than h. The specification in equation (6) allows the

effects of each of the three types of experience on the length of hospital stay to differ for

regular patients and for each type of patient at risk of bed-blocking.

For this analysis, I restrict the sample to patients admitted to the hospital in periods

after the entry of the first NH or HC team (whichever enters first) in their region of

residence. A relationship between a hospital-region pair hm starts at the moment when

there is a patient at risk of bed-blocking originating from region m in hospital h.

I measure the experience accumulated by a hospital-region pair using the cumulative

number of bed-blockers originating from region m that are admitted to hospital h during

a certain period τ . This is a proxy for the actual number of interactions between h and

m, which I do no observe. I measure the experience accumulated by a hospital (region)

from dealing with bed-blockers coming from other regions (hospitals) during period τ in a

similar fashion. I alternatively define τ as the period since the entry of the first NH or HC

provider in region m until month t, the year preceding month t, and the 2-year period

preceding month t.

Table 4.6 shows the estimates from equation (6) corresponding to the impact of pair-

specific experience on the length of stay of bed-blockers and regular patients. First,

pair-specific experience does not affect the length of stay of regular patients. Second,

there is a negative association between pair-specific experience and the length of stay

of bed-blockers. According to these estimates, the pair-specific experience accumulated

by the average hm pair is associated with a 1.2 days reduction in the length of stay of

individuals with no family to care relative to regular patients. For individuals living alone

and with inadequate housing, this reduction amounts to about 0.3 days.

A significant number of interactions between a hospital and a region is needed in order

to generate meaningful reductions in the length of stay of bed-blockers. For example,

the pair-specific experience accumulated by the 10% pairs with the largest number of

interactions is associated with reductions of 2.8 days in the length of stay of individuals

with no family to care, and of 0.7 days in the length of stay of individuals living alone and

those with inadequate housing. Comparing across columns, recent experience seems as

relevant as total experience.

The full set of estimates from equation (6) is available in Table 4.16 in the Appendix.

Overall, the results confirm the importance of pair-specific experience for reducing bed-

blocking. Experience accumulated by hospital h from dealing with bed-blockers who live in

regions other than m and experience accumulated by m from dealing with bed-blockers who

visited hospitals other than h show no clear association with reductions in bed-blocking.

In some cases, they even seem counterproductive and are associated with increases in the

length of stay of bed-blockers relative to regular patients.
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Table 4.6: Results from estimating equation (6)

(1) (2) (3)
Total experience Last year Last 2 years

Pair-specific experience
Exphmτ 0.000 -0.000** -0.000

(0.000) (0.000) (0.000)
Exphmτ×Living alone -0.001*** -0.003*** -0.002***

(0.000) (0.001) (0.000)
Exphmτ×No family to care -0.004*** -0.004 -0.004**

(0.001) (0.004) (0.002)
Exphmτ×Housing/econ. issues -0.001*** -0.001 -0.001

(0.000) (0.002) (0.001)
Mean Exphmτ 313.64 85.53 154.63
P90 Exphmτ 730 197 354
P95 Exphmτ 1,063 265 477
Observations 3,859,751 3,655,882 3,640,309
R2 0.230 0.229 0.229

NOTES: The table shows the estimates from equation (6) corresponding to the accumulation of pair-
specific experience. Column 1 considers experience accumulated since the entry of the first NH or HC
provider in a region. Columns 2 and 3 consider experience accumulated during the 1 and 2 years preceding
each episode, respectively. * p < 0.1, ** p < 0.05, *** p < 0.01

4.7 Conclusion

I study whether and to what extent the availability of nursing homes and teams providing

home care reduces bed-blocking in Portuguese public hospitals. My baseline results show

that HC teams are relatively successful at reducing bed-blocking. For example, individuals

living alone and those with inadequate housing experience, on average, a reduction of 4

days in hospital length of stay after the entry of HC teams in their region of residence. This

can have sizable impacts on patients health, as each day of bed confinement is associated

with a 1-3% loss of muscle strength (Rousseau, 1993). NH facilities only reduce the length

of stay of bed-blockers with high care needs, such as a those admitted with a stroke.

The reductions in the length of stay of bed-blockers do not come at a cost for patients’

health. Moreover, the reductions in the length of stay of bed-blockers allow for increases

in programmed admissions, suggesting that increased waiting times to elective care are a

relevant economic cost of bed-blocking. I find that hospital-region pairs which interact

more experience greater reductions in bed-blocking, possibly due to improved coordination

across different settings of care provision.

My results can be interpreted in the context of the health production function. Inpatient

care, nursing care, and home care are all inputs in the health production function. The

reductions in bed-blocking following the entry of NH and HC teams in a region, combined

with the absence of a deterioration in health, suggest that both nursing care and home
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care can be substitutes for inpatient care received by bed-blockers. One important caveat

to this interpretation is that I only observe the presence of the inputs and not the quantity

of inputs used, which would allow computing elasticities of substitution between the

inputs. Longitudinal data following patients across different settings of care provision and

monitoring their health outcomes is essential to better inform this question.

From a policy perspective, my results convey that NH and HC teams target different

patients and should therefore be used in combination. Overall, HC teams seem a better

policy tool to reduce bed-blocking because the majority of patients at risk of bed-blocking

does not have sufficiently high care needs in order to benefit from NH care. This is

not a peculiarity of my setting. The medical literature has emphasized that not all

cases of delayed discharge are necessarily clinically complex (Pellico-López et al., 2019).

Additionally, HC teams are more flexible than NH as their capacity can be easily adjusted

with respect to demand fluctuations.

Although the entry of nursing homes in a region did not generate clear, immediate

reductions in bed-blocking, the results from using continuous measures of treatment indicate

that the intensive margin matters. Increasing the number of nursing homes in a region (or

the number of beds) is associated with reductions in bed-blocking, suggesting that the

initial capacity of nursing homes was insufficient. Further expanding the supply of nursing

home services might be a promising solution for policy-makers to reduce bed-blocking.
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4.8 Appendix

4.8.1 Additional tables and figures
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Table 4.7: Results from estimating equation (2) with different sets of covariates

(1) (2) (3)

Region and time FE Add DRG FE Baseline

Bed-blocking indicators (α1)

Living alone 12.184*** 9.430*** 9.226***

(1.457) (1.361) (1.357)

No family to care 27.703*** 18.022*** 17.984***

(4.225) (4.187) (4.184)

Housing/econ. issues 21.434*** 18.022*** 17.984***

(2.754) (2.631) (2.611)

Effects of HC and NH entry

Post HC (α2) -0.047 0.008 0.003

(0.125) (0.106) (0.105)

Post NH ( α4) 0.009 0.048 0.095

(0.206) (0.187) (0.193)

Differential effects of HC entry (α3)

Post HC × Living alone -5.284*** -4.303*** -4.361***

(1.689) (1.550) (1.559)

Post HC × No family to care -0.892 -0.242 -0.384

(5.572) (5.320) (5.318)

Post HC × Housing/econ. issues -5.318** -4.664** -4.673**

(2.252) (2.145) (2.143)

Differential effects of NH entry (α5)

Post NH × Living alone 0.535 0.516 0.539

(1.259) (1.099) (1.097)

Post NH × No family to care 0.438 0.078 0.040

(4.082) (3.756) (3.777)

Post NH × Housing/econ. issues -1.263 -1.084 -1.154

(2.584) (2.455) (2.435)

Observations 7,868,350 7,868,350 7,868,350

R2 0.019 0.203 0.210

NOTES: The table shows the estimates of α1 to α5 from equation (2) using different sets of covariates.

Column 1 only includes region and admission month-by-year fixed-effects. Columns 2 adds the DRG

fixed-effects. Finally, in column 3 adds the individual demographics and comorbidities. The specification

in column 3 is my baseline specification. The sample excludes admissions in the entry month of the first

NH and HC in a region. Standard errors in parenthesis are heteroskedasticy-robust and clustered at the

region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.8: Results from estimating equation (2) with alternative sample definitions

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

Baseline
Balanced panel

of hospitals

Excluding
patients
who died

Excluding
transferred

patients

Including
programmed
admissions

Bed-blocking indicators (α1)

Living alone 9.226*** 9.224*** 8.939*** 9.202*** 9.470***

(1.357) (1.361) (1.333) (1.418) (1.233)

No family to care 23.282*** 23.444*** 20.998*** 23.061*** 25.802***

(4.184) (4.219) (3.941) (4.113) (4.036)

Housing/econ. issues 17.984*** 18.026*** 16.530*** 18.037*** 18.304***

(2.611) (2.614) (2.412) (2.721) (2.581)

Effects of HC and NH entry

Post HC (α2) 0.003 -0.000 0.014 0.003 -0.054

(0.105) (0.106) (0.104) (0.106) (0.060)

Post NH (α4) 0.095 0.093 0.059 0.204 0.036

(0.193) (0.194) (0.191) (0.157) (0.079)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -4.397*** -4.369*** -4.470*** -4.310***

(1.559) (1.569) (1.577) (1.620) (1.521)

Post HC × No family to care -0.384 -0.555 1.290 -0.184 -0.034

(5.318) (5.380) (4.976) (5.449) (5.255)

Post HC × Housing/econ. issues -4.673** -4.917** -4.150** -4.573** -5.555**

(2.143) (2.135) (2.057) (2.179) (2.197)

Differential effects of NH entry (α5)

Post NH × Living alone 0.539 0.545 0.556 0.629 0.699

(1.097) (1.097) (1.107) (1.185) (1.043)

Post NH × No family to care 0.040 -0.076 0.204 0.077 -2.653

(3.777) (3.765) (3.819) (3.900) (3.539)

Post NH × Housing/econ. issues -1.154 -1.306 -0.676 -1.389 -0.244

(2.435) (2.435) (2.219) (2.456) (2.713)

Observations 7,868,350 7,806,365 7,239,610 7,484,930 17,632,688

R2 0.210 0.210 0.230 0.216 0.284

NOTES: The table shows the estimates of α1 to α5 in equation (2) using alternative. Column 1 reproduces the

baseline results. Columns 2 restricts the sample to a balanced panel of hospitals. Columns 3 and 4 exclude

patients who died in the hospital and those who were transferred to other hospitals, respectively. Finally,

column 5 includes both emergency and programmed inpatient admissions. All samples exclude admissions in the

entry month of the first NH and HC in a region. All models include individual demographics and comorbidities

and admission month-by-year, DRG, and region (ACES) fixed-effects. Standard errors in parenthesis are

heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.9: Results from estimating equation (2) with alternative outcome variables

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

Baseline LOS>p50 LOS>p75 LOS>p90 LOS>Trim-point

Bed-blocking indicators (α1)

Living alone 9.226*** 0.124*** 0.177*** 0.146*** 0.077***

(1.357) (0.011) (0.016) (0.015) (0.012)

No family to care 23.282*** 0.166*** 0.294*** 0.303*** 0.195***

(4.184) (0.016) (0.028) (0.037) (0.033)

Housing/economic issues 17.984*** 0.167*** 0.268*** 0.253*** 0.149***

(2.611) (0.014) (0.020) (0.025) (0.021)

Effects of HC and NH entry

Post HC (α2) 0.003 0.000 0.001 -0.000 -0.001

(0.105) (0.005) (0.004) (0.002) (0.001)

Post NH (α4) 0.095 -0.008 0.005 0.004 0.002

(0.193) (0.010) (0.006) (0.003) (0.001)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -0.054*** -0.095*** -0.076*** -0.040***

(1.559) (0.018) (0.025) (0.022) (0.012)

Post HC × No family to care -0.384 -0.010 -0.004 0.011 -0.013

(5.318) (0.023) (0.040) (0.049) (0.038)

Post HC × Housing/econ. issues -4.673** -0.053*** -0.076*** -0.062** -0.046**

(2.143) (0.013) (0.020) (0.024) (0.017)

Differential effects of NH entry (α5)

Post NH × Living alone 0.539 0.025 0.040 0.032* 0.001

(1.097) (0.020) (0.025) (0.017) (0.010)

Post NH × No family to care 0.040 0.017 0.047 0.043 0.000

(3.777) (0.020) (0.033) (0.037) (0.029)

Post NH × Housing/econ. issues -1.154 0.011 0.026 0.026 -0.003

(2.435) (0.015) (0.023) (0.026) (0.020)

Observations 7,868,350 7,868,350 7,868,350 7,868,350 7,031,266

R2 0.210 0.306 0.213 0.165 0.087

NOTES: The table shows the estimates of α1 to α5 from equation (2) using alternative outcome variables. In

the baseline model the dependent variable is length of stay in days. In columns 2 to 4 the dependent variable is

a binary indicator taking value 1 for individuals above percentiles 50, 75, and 90 of pooled the distribution

of length of stay, respectively. Finally, in column 5 it is a binary indicator for episodes with length of stay

above their DRG trim-point. All models include individual demographics and comorbidities and admission

month-by-year, DRG, and region (ACES) fixed-effects. The sample excludes admissions in the entry month of

the first NH and HC in a region. Standard errors in parenthesis are heteroskedasticy-robust and clustered at

the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.10: Results from estimating equation (2) using continuous treatment variables

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

No. of places
No. of places,

per 10,000 inhab. No. of providers
No. of providers,
per 10,000 inhab.

Bed-blocking indicators (α1)

Living alone 8.470*** 8.206*** 8.501*** 7.821***

(1.030) (0.814) (0.869) (0.517)

No family to care 23.723*** 24.631*** 25.521*** 25.614***

(3.724) (3.566) (3.575) (3.235)

Housing/econ. issues 16.572*** 16.522*** 17.253*** 16.914***

(2.400) (2.110) (2.214) (1.862)

Intensity measures(α2 and α4)

HC intensity 0.001 0.021 0.022 0.291

(0.001) (0.014) (0.019) (0.287)

NH intensity 0.000 -0.000 -0.012 -0.256

(0.001) (0.013) (0.015) (0.286)

HC interactions (α3)

Living alone × HC intensity -0.013** -0.383* -0.544** -7.135*

(0.006) (0.221) (0.234) (3.646)

No family to care × HC intensity 0.023 0.219 -0.043 -4.283

(0.014) (0.393) (0.380) (6.687)

Housing/econ. issues × HC intensity -0.001 -0.015 -0.514 -6.945

(0.014) (0.355) (0.362) (6.149)

NH interactions (α5)

Living alone × NH intensity -0.006 -0.033 -0.007 -0.198

(0.005) (0.096) (0.116) (2.585)

No family to care × NH intensity -0.038** -0.739*** -0.990** -16.940**

(0.016) (0.259) (0.378) (6.731)

Housing/econ. issues × NH intensity -0.022*** -0.445*** -0.420* -9.277**

(0.008) (0.140) (0.212) (4.339)

Mean HC intensity in 2015 102.09 5.92 5.03 0.32

Mean NH intensity in 2015 139.46 9.16 5.58 0.37

Observations 7,868,350 7,868,350 7,868,350 7,868,350

R2 0.210 0.210 0.210 0.210

NOTES: The table shows the estimates of α1 to α5 in equation (2) using continuous treatment measures.

The dependent variable is the length of stay in days. In column 1 the treatment is the monthly number

of places in home care teams and beds in nursing home units in region m. In column 2, this measure is

scaled by the population living in region m. In column 3 the treatment is the monthly number of home

care teams and nursing home units in region m. In column 4, this measure is scaled by the population

living in region m. The middle panel shows the 2015 mean of the treatment variables. The sample

excludes admissions in the entry month of the first NH and HC in a region. All models include individual

demographics and comorbidities and admission month-by-year, DRG, and region (ACES) fixed-effects.

Standard errors in parenthesis are heteroskedasticy-robust and clustered at the region level. * p < 0.1, **

p < 0.05, *** p < 0.01
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Table 4.11: Results from estimating equation (2) among specific patient groups

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

Baseline Stroke
Respiratory
conditions

Underwent
surgery Charlson>1

Bed-blocking indicators (α1)

Living alone 9.226*** 13.883*** 6.872*** 15.853*** 9.460***

(1.357) (3.304) (1.402) (3.567) (1.290)

No family to care 23.282*** 28.687*** 17.905*** 43.942*** 26.445***

(4.184) (5.755) (4.037) (7.618) (4.944)

Housing/econ. issues 17.984*** 27.084*** 14.044*** 37.104*** 20.563***

(2.611) (4.655) (2.559) (6.237) (3.257)

Effects of HC and NH entry

Post HC (α2) 0.003 -0.294 0.162 0.078 -0.008

(0.105) (0.258) (0.171) (0.148) (0.160)

Post NH (α4) 0.095 0.337 0.403 -0.016 0.298

(0.193) (0.557) (0.257) (0.176) (0.281)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -5.393* -4.009** -0.739 -4.860***

(1.559) (2.742) (1.826) (3.482) (1.660)

Post HC × No family to care -0.384 1.801 2.083 -15.132 -4.086

(5.318) (8.170) (4.594) (10.685) (5.168)

Post HC × Housing/econ. issues -4.673** -0.385 -4.315 -11.159** -5.251**

(2.143) (3.524) (2.586) (4.944) (2.279)

Differential effects of NH entry (α 5)

Post NH × Living alone 0.539 -2.862* 1.231 -4.262 1.039

(1.097) (1.604) (1.169) (3.787) (1.396)

Post NH× No family to care 0.040 -1.856 1.670 3.635 2.387

(3.777) (6.668) (3.938) (9.661) (4.242)

Post NH × Housing/econ. issues -1.154 -9.634** 1.191 -3.511 -1.319

(2.435) (3.905) (2.849) (5.328) (3.000)

Observations 7,868,350 278,198 913,309 1,847,227 2,232,164

R2 0.210 0.070 0.111 0.296 0.162

NOTES: The table shows the estimates of α1 to α5 from equation (2) for alternative patient groups.

Column 1 reproduces the baseline results. Columns 2 and 3 restrict the sample to individuals admitted

for stroke and respiratory conditions (pneumonia, bronchitis, etc.), respectively. Finally, columns 4 and 5

restrict the sample to individuals who underwent surgery during their stay at the hospital and to patients

whose Charlson score is above 1, respectively. The sample excludes admissions in the entry month of

the first NH and HC in a region. All models include individual demographics and comorbidities and

admission month-by-year, DRG, and region (ACES) fixed-effects. Standard errors in parenthesis are

heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.12: Results form estimating equation (2) among specific demographic groups

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

Baseline Under 50 Over 50 Over 65 Men Women

Bed-blocking indicators (α1)

Living alone 9.226*** 10.715*** 9.049*** 8.768*** 8.831*** 9.550***

(1.357) (1.848) (1.431) (1.457) (1.041) (1.786)

No family to care 23.282*** 28.872*** 22.041*** 21.334*** 23.978*** 22.606***

(4.184) (6.588) (3.934) (4.285) (4.243) (4.233)

Housing/econ. issues 17.984*** 13.112*** 19.612*** 19.427*** 17.017*** 19.087***

(2.611) (1.905) (3.013) (3.050) (2.073) (3.508)

Effects of HC and NH entry

Post HC (α2) 0.003 -0.022 -0.016 -0.022 -0.074 0.060

(0.105) (0.042) (0.147) (0.152) (0.134) (0.096)

Post NH (α4) 0.095 -0.081 0.208 0.249 0.123 0.076

(0.193) (0.097) (0.259) (0.267) (0.236) (0.167)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -8.100*** -3.959** -3.885** -2.939** -5.413***

(1.559) (2.247) (1.637) (1.705) (1.273) (1.901)

Post HC × No family to care -0.384 1.408 -0.422 -1.178 0.712 -1.246

(5.318) (7.604) (5.299) (5.570) (5.222) (5.770)

Post HC × Housing/econ. issues -4.673** -5.507** -4.296* -3.618 -5.645*** -3.472

(2.143) (2.240) (2.293) (2.221) (1.948) (2.591)

Differential effects of NH entry (α5)

Post NH × Living alone 0.539 1.195 0.455 0.246 0.373 0.639

(1.097) (2.478) (1.104) (1.017) (1.384) (1.062)

Post NH × No family to care 0.040 -8.617 1.492 2.326 -1.673 1.522

(3.777) (6.696) (3.683) (3.525) (4.027) (4.048)

Post NH × Housing/econ. issues -1.154 -0.595 -1.610 -1.647 0.716 -3.357

(2.435) (2.150) (2.554) (2.350) (2.377) (2.657)

Observations 7,868,350 2,877,662 4,990,661 3,834,418 3,294,812 4,573,522

R2 0.210 0.248 0.169 0.164 0.178 0.234

NOTES: The table shows the estimates of α1 to α5 in equation (2) for patients with different demographics.

Column 1 reproduces the baseline results. Columns 2 to 4 restrict the sample to individuals under 50,

over 50, and over 65 years old, respectively. Columns 5 and 6 restrict the sample to men and women,

respectively. The sample excludes admissions in the entry month of the first NH and HC in a region.

All models include individual demographics and comorbidities and admission month-by-year, DRG, and

region (ACES) fixed-effects. Standard errors in parenthesis are heteroskedasticy-robust and clustered at

the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.13: Results for other health outcomes: infections and in-hospital mortality

(1) (2) (3)

Infection as
Main Diagnosis

Infection as
Secondary Diagnosis

In-hospital
Mortality

Bed-blocking indicators (α 1)

Living alone -0.003 0.008*** -0.024***

(0.002) (0.003) (0.009)

No family to care -0.004*** 0.019*** -0.020*

(0.001) (0.006) (0.010)

Housing/econ. issues -0.004** 0.020*** -0.022**

(0.002) (0.004) (0.010)

Effects of HC and NH entry

Post HC -0.004** -0.003*** 0.000

(0.002) (0.001) (0.002)

Post NH -0.001 0.000 0.004*

(0.002) (0.001) (0.002)

Differential effects of HC entry (α3)

Post HC × Living alone 0.002 0.002 -0.023**

(0.003) (0.005) (0.009)

Post HC× No family to care -0.003 -0.007 0.003

(0.003) (0.007) (0.009)

Post HC × Housing/econ. issues 0.003 -0.005 0.004

(0.003) (0.004) (0.007)

Differential effects of NH entry (α5)

Post NH × Living alone 0.005* -0.008 0.012

(0.002) (0.005) (0.009)

Post NH × No family to care 0.003 -0.003 0.001

(0.003) (0.006) (0.011)

Post NH × Housing/econ. issues 0.001 -0.009** 0.002

(0.003) (0.004) (0.007)

Mean of the dep. variable 0.030 0.027 0.080

Observations 7,868,350 7,868,350 7,868,350

R2 0.469 0.146 0.199

NOTES: The table shows the estimates of α1 to α5 in equation (2) using patient health outcomes as

dependent variable. In column 1 the outcome variable is a binary indicator for having a serious infection as

main diagnosis. In column 2, it is a binary indicator for having a serious infection as secondary diagnosis.

Finally, in column 3 the outcome variable is a binary indicator for whether the patient died during his

hospital stay. The sample excludes admissions in the entry month of the first NH and HC in a region.

All models include individual demographics and comorbidities and admission month-by-year, DRG, and

region (ACES) fixed-effects. Standard errors in parenthesis are heteroskedasticy-robust and clustered at

the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.14: Heterogeneous effects on the share of elective admissions

(1) (2) (3)

All hospitals

Hospitals above
median occcupancy

rate in 2005

Hospitals below
median occcupancy

rate in 2005

Post HC 0.017** 0.022 0.009

(0.008) (0.013) (0.009)

Post NH 0.006 0.013 -0.018

(0.011) (0.015) (0.011)

Observations 17,633,408 8,793,849 8,553,122

R2 0.117 0.092 0.137

NOTES: Columns 1 shows the estimates of φ1 and φ2 from equation (4) using OLS. The estimation sample

consists in all individual inpatient admissions to public hospitals (programmed and emergency) between

2000 and 2015. In columns 2 and 3 the estimation sample is restricted to individuals admitted to hospitals

which had occupancy rates in 2005 that were above and below the median occupancy rate in that year,

respectively. All models include hospital, region, and month fixed-effects. The estimation sample excludes

the entry month of the first NH and HC. Standard errors in parenthesis are heteroskedasticy-robust and

clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.15: Heterogeneous effects on the number of elective and emergency admissions

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

Programmed admissions Emergency admissions

All hospitals

Hospitals above
median occcupancy

rate in 2005

Hospitals below
median occcupancy

rate in 2005 All hospitals

Hospitals above
median occcupancy

rate in 2005

Hospitals below
median occcupancy

rate in 2005

Post HC 10.572*** 15.880** 8.145 -0.832 1.711 -0.978

(3.876) (6.644) (8.719) (0.898) (1.640) (1.658)

Post NH -1.374 -4.543 3.875 -0.826 1.140 -2.505

(5.787) (6.580) (8.947) (1.170) (2.223) (2.047)

Observations 154,053 75,526 72,095 154,053 75,526 72,095

R2 0.043 0.074 0.100 0.021 0.069 0.092

NOTES: Columns 1 and 4 show the estimates of ϕ1 and ϕ2 from equation (5). In column 3 the dependent variable is the monthly number of programmed

admissions from region m in hospital h. In column 4 the dependent variable is the monthly number of emergency admissions from region m in hospital h. In

columns 2 and 5 the estimation sample is restricted to individuals admitted to hospitals which had occupancy rates in 2005 that were above the median occupancy

rate in that year. In columns 3 and 6 the estimation sample is restricted to individuals admitted to hospitals which had occupancy rates in 2005 that were below

the median occupancy rate in that year. All models include hospital, region, and month fixed-effects. The estimation sample excludes the entry month of the first

NH and HC. Standard errors in parenthesis are heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.16: Full set of results from estimating equation (6)

(1) (2) (3)

Total experience Last year Last 2 years

Hospital h, regions other than m

Exph-mτ -0.000*** -0.001*** -0.001***

(0.000) (0.000) (0.000)

Living alone × Exph-mτ -0.000** -0.002*** -0.001***

(0.000) (0.001) (0.000)

No family to care × Exph-mτ 0.005*** 0.027*** 0.015***

(0.001) (0.008) (0.004)

Housing/econ. issues× Exph-mτ 0.001** 0.006*** 0.003***

(0.001) (0.002) (0.001)

Region m, hospitals other than h

Exp-hmτ -0.000 -0.000** -0.000

(0.000) (0.000) (0.000)

Living alone × Exp-hmτ -0.000 0.002 0.001

(0.000) (0.001) (0.001)

No family to care × Exp-hmτ 0.000 0.011*** 0.005**

(0.002) (0.004) (0.002)

Housing/econ. issues × Exp-hmτ 0.000 0.005* 0.001

(0.001) (0.003) (0.001)

Hospital h, region m

Exphmτ 0.000 -0.000** -0.000

(0.000) (0.000) (0.000)

Living alone × Exphmτ -0.001*** -0.003*** -0.002***

(0.000) (0.001) (0.000)

No family to care × Exphmτ -0.004*** -0.004 -0.004**

(0.001) (0.004) (0.002)

Housing/economic issues × Exphmτ -0.001*** -0.001 -0.001

(0.000) (0.002) (0.001)

Mean Exphmτ 313.64 85.53 154.63

P50 Exphmτ 156 49 87

P90 Exphmτ 730 197 354

P95 Exphmτ 1,063 265 477

Observations 3,859,751 3,655,882 3,640,309

R2 0.230 0.229 0.229

NOTES: The table shows the full set of experience estimates from equation (6). Column 1 considers

experience accumulated since the entry of the first provider in a region. Columns 2 and 3 consider

experience accumulated during the last 1 and 2 years, respectively. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.17: Estimating annual cost-savings from reducing bed-blocking, 2015

Absent NH and HC entry After HC entry

Bed-blocking type Patients Bed-blocking period Bed-blocking days Bed-blocking period Bed-blocking days

(α̂1) (Patients×α̂1) (α̂1 − α̂3) (Patients×(α̂1 − α̂3))

Living alone 4,021 9.226 37,097 4.865 19,562

No family to care 1,192 23.282 27,752 22.989 27,294

Housing/econ. issues 1,922 17.984 34,565 13.311 25,584

Total 7,135 99,415 72,440

Valuation, eM 22.9 16.7

Conservative valuation, eM 8.7 6.3

NOTES: Column 1 shows the number of bed-blocking patients in 2015, per type of bed-blocking. Column 2 shows the estimates of α1 from equation (2),

corresponding to the bed-blocking period prior to the entry of NH and HC teams. Column 3 multiplies columns 1 and 2 to compute the number of bed-blocking

days in 2015, absent the entry of NH and HC teams. Column 4 shows the estimates of (α1 − α3) from equation (2), corresponding to the bed-blocking period after

to the entry of HC teams in a region. Finally, multiplies columns 1 and 4 to compute the number of bed-blocking days after the entry of HC teams. For the

valuation estimate, the cost of a day in the hospital is e 230 and for the conservative valuation estimate it is e 87.
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Table 4.18: Effects on regional mortality rates

Mortality Rate
Post HC 0.025

(0.016)
Post NH 0.002

(0.010)
Observations 733
R2 0.982

NOTES: The table shows the results of a regression of mortality rates in an ACES region on binary
indicators for periods after the entry of NH and HC teams. The model includes region and year fixed-effects.
The sample excludes the entry year of the first NH and CH team in a region. * p < 0.1, ** p < 0.05, ***
p < 0.01

Table 4.19: Effects on the number of inpatient beds

(1) (2) (3) (4) (5)
Within 10km Within 15km Within 20km Within 30km Modal hospital

Post HC 32.539 6.463 14.303 12.620 31.432
(35.145) (17.670) (18.831) (26.288) (20.686)

Post NH -23.875 -11.479 -17.815 2.704 -13.294
(17.284) (13.112) (12.784) (2.937) (14.152)

Observations 629 629 629 629 832
R2 0.970 0.970 0.970 0.970 0.974

NOTES: Columns 1 to 4 of the table show the results of regressions of the annual number of inpatient
beds in a hospital on indicators for periods after the entry of NH and HC teams within a given distance
from the hospital (10, 15, 20, and 30 kilometers, respectively for columns 1 to 4). The unit of observation
is the hospital-year and the models include both hospital and year fixed-effects. Standard errors are
heteroskedasticy-robust and clustered at the hospital level. Column 5 shows the results of a regression of
the annual number of inpatient beds in the modal hospital of each region on binary indicators for periods
after the entry of NH and HC teams. The unit of observation in this model is the region-year and the
model includes region and year fixed-effects. Standard errors are heteroskedasticy-robust and clustered at
the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.20: Assessing changes in patient characteristics

(1) (2)

DRG weight Charlson score

Bed-blocking indicators (α1)

Living alone 0.008 -0.010

(0.024) (0.021)

No family to care 0.190*** 0.136***

(0.059) (0.044)

Housing/econ. issues 0.216*** 0.023

(0.033) (0.025)

Post indicators (α2 and α4)

Post HC 0.011* -0.001

(0.007) (0.013)

Post NH -0.014 -0.055***

(0.010) (0.019)

HC interactions (α3)

Post HC × Living alone -0.038 0.123***

(0.044) (0.027)

Post HC × No family to care 0.232* 0.284***

(0.131) (0.055)

Post HC × Housing/econ. issues -0.109** 0.072**

(0.041) (0.036)

NH interactions (α5)

Post NH × Living alone 0.075*** -0.028

(0.028) (0.030)

Post NH × No family to care 0.117 -0.004

(0.137) (0.063)

Post NH × Housing/econ. issues 0.069 -0.009

(0.055) (0.030)

Mean of dep. var. 1.164 1.189

Observations 7,849,378 7,868,350

R2 0.083 0.484

NOTES: In column 1 the dependent variable is DRG weight, a measure of the complexity of the patient’s

DRG group. In column 2 the dependent variable is the patient’s Charlson comorbidity score. Both models

include region and month fixed-effects and the model in column 2 also includes DRG fixed-effects. The

estimation sample excludes the entry month of the first NH and HC. Standard errors in parenthesis are

heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 4.7: Histogram of inpatient bed occupancy rates, 2015
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NOTES: The histogram shows the distribution of inpatient bed occupancy rates across the hospitals in
my sample, over the year of 2015. The average occupancy rate is 85%, but there is a non-negligible share
of hospitals with occupancy rates over 90%.
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Figure 4.8: Exogeneity of treatment timing with respect to the share of bed-blockers in the region
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NOTES: The figure plots the percentage of bed-blockers in a region in year 2005 against the timing of entry of the first nursing home (left) and home care team
(right) in the region. Each of the 52 dots corresponds to an ACES region. The line corresponds to the predictions from a linear regression using these 52 data
points and the shaded area corresponds to the 95% confidence interval.
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Figure 4.9: Exogeneity of treatment timing with respect to the occupancy rate of the modal hospital visited by patients in the region

60

70

80

90

100
%

Jan 2007 Jan 2009 Jan 2011 Jan 2013 Jan 2015
NH entry date

60

70

80

90

100
%

Jan 2009 Jan 2011 Jan 2013 Jan 2015
HC entry date

NOTES: The figure plots the average occupancy rate of the modal hospital visited by patients living in each region as of year 2005 against the timing of entry of
the first nursing home (left panel) and home care team (right panel) in the region. Each of the 52 dots corresponds to an ACES region. The line corresponds to the
predictions from a linear regression using these 52 data points and the shaded area corresponds to the 95% confidence interval.
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Figure 4.10: Exogeneity of treatment timing with respect to the regional alignment with central government
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NOTES: The figure plots the degree of political alignment with the central government against the timing of entry of the first nursing home (left) and home care
team (right) in a region. The degree of political alignment is measured as the share of municipalities in a region whose mayor is affiliated with the political party
in power (the Socialist Party), weighted by population size. National and local elections took place in February and October 2005, respectively, and I measure
political alignment at the end of 2005. Each of the 52 dots is an ACES region. The line corresponds to the predictions from a linear regression using these 52 data
points and the shaded area is the 95% confidence interval. The vertical dashed line marks the end of the socialist government in May 2011.
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Figure 4.11: Exogeneity of treatment timing with respect to the political marginality of the region
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NOTES: The figure plots the degree of political marginality of a region in 2005 against the timing of entry of the first nursing home (left) and home care team
(right) in the region. The degree of political marginality is measured as the share of municipalities in a region where the Socialist Party won by a small margin or
lagged behind by a small margin (below 5 percentage points) in the 2005 election, weighted by population size. Each of the 52 dots is an ACES region. The line
corresponds to the predictions from a linear regression using these 52 data points and the shaded area is the 95% confidence interval. The vertical dashed line
marks the end of the socialist government in May 2011.
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Figure 4.12: Relationship between region rankings with respect to entry of first NH and
HC team
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NOTES: The scatterplot conveys the relationship between the ranking of regions with respect to the
entry of their first NH and the entry of their first HC team. I allow for ties in the rankings. Each point
corresponds to an ACES region. Some of the points overlap in the plot. The correlation between the two
rankings in 0.29.

Figure 4.13: Density of months between entry of the first NH and the first HC team in a
region
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NOTES: Kernel density estimate of the difference between HC and NH treatment timing, in months. The
unit of observation is the region.
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4.8.2 Compositional changes

Compositional changes to the groups of bed-blockers and regular patients could originate

from changes in the way hospitals code the social factors I use to identify bed-blockers.

For example, the coding of these factors can become more salient with the roll-out of the

Network.

I assess this possibility in two ways. First, I examine whether hospitals change the

coding frequency of the social factors I use to identify individuals at increased risk of

bed-blocking upon the entry of NH and HC teams nearby. I estimate:

BBj
it = ω1PostHCht + ω2PostNHht + λh + λt + εit, (8)

where BBj
it is a binary indicator for individual i, who is admitted to the hospital in period

t, being coded in bed-blocking group j; PostNHht and PostHCht are indicator variables

taking value 1 for periods after the entry of the first NH and the first HC team in a

neighborhood around hospital h, respectively; λh and λt are hospital and month fixed

effects; and εit is an error term. The estimates of interest are those of ω1 and ω2, which

capture changes in the frequency of patients coded in group j upon the entry of HC teams

and NH in nearby the hospital they visit, respectively.

Second, I examine whether there are changes in the coding frequency of the social

factors I use to identify individuals at increased risk of bed-blocking following the entry of

HC teams and NH providers in the region where patient i lives. I estimate:

BBj
it = ρ1PostHCmt + ρ2PostNHmt + λm + λt + εit, (9)

where BBj
it is a binary indicator for individual i being coded in bed-blocking group j;

PostNHmt and PostHCmt are indicator variables taking value 1 for periods after the

entry of the first NH and the first HC team in a region, respectively; λm and λt are region

and month fixed effects; and εit is an error term. The estimates of interest are those of

ρ1 and ρ2, which capture changes in the frequency of patients coded in group j upon the

entry of HC teams and NH in their region of residence, respectively.

Table 4.21 reports the estimates of interest from equation (8). I show the results

for entry of NH and HC teams within 5 and 15km around hospital h on the left and

right panels, respectively.30 Table 4.22 reports the estimates of interest from equation (9).

The left panel shows OLS estimates. The right panel shows marginal effects after logit,

evaluated at the mean of the independent variables.

None of the estimates in Tables 4.21 and 4.22 are statistically or economically significant,

indicating no clear association between the entry of NH and HC teams and the coding of the

social factors used to identify bed-blockers. These results are reassuring that the increase

30Results for other distances yield similar conclusions and are available upon request from the author.
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in the frequency of bed-blockers in recent years is not endogenous to the availability of

NH and HC teams, but rather reflects social and demographic changes.

Table 4.21: Results from estimating equation (8)

5km around hospital 15km around hospital
Living
alone

No family
to care

Housing/econ.
issues

Living
alone

No family
to care

Housing/econ.
issues

Post HC (ω1) 0.0013 0.0006 -0.0005 -0.0007 0.0005 0.0008

(0.0012) (0.0004) (0.0006) (0.0008) (0.0004) (0.0005)

Post NH (ω2) 0.0005 0.0002 0.0013 0.0006 0.0006 -0.0008

(0.0011) (0.0004) (0.0008) (0.0008) (0.0004) (0.0007)

Observations 7,853,502 7,837,101 7,851,623 7,831,512 7,815,214 7,829,698

R2 0.004 0.001 0.002 0.003 0.001 0.002

NOTES: The table shows the estimates of ω1 and ω2 from equation (8). The left and right panels reports

the estimates for HC and NH entry within 5 and 15km from hospital h, respectively. For each column, the

sample of individuals consists on those classified in the group stated in the column title and the regular

patients. The samples exclude admissions in the entry month of the first NH and HC within 5 and 15km

around the hospital where the patient is admitted, respectively for the first and last three columns. All

models include admission month-by-year and hospital fixed-effects. Standard errors in parenthesis are

heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01

Table 4.22: Results from estimating equation (9)

OLS Logit
Living
alone

No family
to care

Housing/econ.
issues

Living
alone

No family
to care

Housing/econ.
issues

Post HC (ρ1) 0.0010 0.0000 0.0003 0.0006 -0.0001 0.0001

(0.0006) (0.0003) (0.0005) (0.0004) (0.0002) (0.0003)

Post NH (ρ2) -0.0000 0.0001 -0.0005 0.0005 0.0001 -0.0001

(0.0009) (0.0003) (0.0006) (0.0005) (0.0002) (0.0003)

Observations 7,830,074 7,813,746 7,828,255 7,830,074 7,813,746 7,828,255

(Pseudo-)R2 0.004 0.001 0.002 0.071 0.043 0.044

NOTES: The table shows the estimates of ρ1 and ρ2 from equation (9). The left panel reports OLS

estimates. The right panel reports marginal effects after logit evaluated at the mean of the independent

variables. For each column, the sample of individuals consists on those classified in the group stated in

the column title and the regular patients. The sample excludes admissions in the entry month of the first

NH and HC in a region. All models include admission month-by-year and region (ACES) fixed-effects.

Standard errors in parenthesis are heteroskedasticy-robust and clustered at the region level. * p < 0.1, **

p < 0.05, *** p < 0.01
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4.8.3 Alternative empirical approach: Exploiting only variation in treatment

timing

One crucial assumption in the main specification presented in equation (2) is that regular

patients and bed-blockers are comparable. To relax that assumption, I estimate an

alternative model specification, which does not use regular patients as control group ad

thus only exploits variation in the length of stay of bed-blockers originating from differential

treatment timing. I estimate:

yit =ζ1PostHCmt + ζ2PostNHmt + δXi + γd + γm + γt + εit (10)

Notation is as before. The coefficients of interest are ζ1 and ζ2, capturing the change in

the length of stay of bed-blockers after the entry of home-care teams and nursing homes in

a region, respectively. Equation (10) is estimated three times, for each of the three groups

of bed-blockers. Table 4.23 shows the results. The number of observations used in each

estimation is substantially smaller. The results show that the entry of the home-care teams

in a region reduces the length of stay of individuals living alone by 3.4 days, similar to the

baseline results. The estimates for the remaining bed-blocking groups are not statistically

significant, but their sign goes in the direction of reducing length of stay upon the entry

of home-care teams.

Table 4.23: Results from exploiting differential treatment timing

(1) (2) (3)

Living
alone

No family
to care

Housing/
econ.
issues

Post HC -3.569** -1.207 -1.678

(1.589) (3.107) (1.836)

Post NH 3.190 0.143 1.408

(4.816) (3.889) (3.101)

Observations 28,068 11,706 26,249

R2 0.179 0.243 0.220

NOTES: The table shows the estimates of ζ1 and ζ2 from equation (10). In column 1 the sample consists

of individuals living alone. In columns 2 and 3 it consists of individuals with no family to care and with

housing issues or other economic circumstances, respectively. All models include individual demographics

and comorbidities and admission month-by-year, DRG, and region (ACES) fixed-effects. The sample

excludes admissions in the entry month of the first NH and HC in a region. Standard errors in parenthesis

are heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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4.8.4 Alternative empirical approach: Exploiting only differences between

bed-blockers and regular patients

These specifications are similar to equation (2), but restrict the comparison between

bed-blockers and regular patients living in regions that were treated in a given year,

thereby greatly limiting the variation in treatment timing. I focus on the years were the

largest number of regions was treated. For the entry of the first nursing home I focus on

the years of 2006 and 2007 (38% and 34% of the regions experienced the entry of the first

NH in these years, respectively). For the entry of the first home care team, I focus on the

years of 2008, 2009, and 2010 (17%, 25%, and 54% of the regions experienced the entry of

the first HC team in these years, respectively).

Table 4.24 shows the results. For ease of comparison, column 1 shows the baseline

results using all the treatment cohorts. In general, the patterns are similar across regions

treated in different years, even though statistical significance is sometimes lost. This

suggests that concerns about variation in treatment timing are limited in my settings.

4.8.5 Implementing an alternative estimator

Staggered treatments create a few challenges to the estimation of traditional difference-

in-differences designs. Recent papers have shown that the OLS estimate is a weighted

average of all possible 2 by 2 difference-in-difference estimates (2 groups, 2 time periods).

In particular, treated units are also used as control group for units which are treated at a

later point in time. This is particularly problematic in the presence of treatment effect

heterogeneity. There are various new estimators proposed in the recent literature, which

mainly differ in the computation of potential untreated outcomes.

As an alternative to OLS, I implement the imputation estimator recently proposed in

Borusyak et al., 2021. The estimation proceeds in three steps. The first step estimates

a model for non-treated potential outcomes using the non-treated (i.e. never-treated or

not-yet-treated) observations only. The second step extrapolates the model from step 1

to treated observations, imputing non-treated potential outcomes Yit(0), and obtains an

estimate of the treatment effect τit = Yit − Yit(0) for each treated observation. Finally,

the third step takes averages of estimated treatment effects. The authors provide a Stata

command did imputation to implement the imputation estimator.

There are two main characteristics of this estimator that make it attractive for my setting.

First, it can be applied to repeated cross-sections (in each period, I observe a different

sample of patients from a region). Second, it allows for having a specific group of patients

in a treated region who are affected by the treatment (in my case, the patients at risk of

bed-blocking), as opposed to all individuals in a region being affected by the treatment.

However, accommodating multiple treatments (in my case, the entry of NH and HC teams)

is not possible without imposing additional assumptions. Therefore, to implement this
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estimator, I focus on one treatment at a time and control for the presence of the other

treatment in the first step of the procedure. Additionally, I restrict the controls used in the

estimation and include only region and year-by-month fixed effects. While the command

accommodates additional covariates, Stata crashed every time I added all the diagnoses

information in the estimation.

In a first specification, I restrict the sample to patients at risk of bed-blocking, thus

excluding regular patients. Table 4.25 shows the results. For convenience, the table also

shows the equivalent OLS results. Overall, the conclusion from using the imputation

estimator are in line with the OLS ones: the entry of HC teams reduces the length of stay

of patients at risk of bed-blocking, whereas the entry of NH does not show significant

effects. The point estimates have stronger magnitude and significance when using the

estimator by Borusyak et al., 2021. One potential reason for this is that OLS places more

weight on comparisons in the middle of the sample period and less weight on comparisons

towards the end of the sample period. However, as conveyed by the even-study plots, the

effects from NH and HC teams get larger over time.

In a second specification, I include regular patients as a control group in the estimation.

Table 4.26 shows the results. For convenience, the top panel shows the OLS results. The

results from using the imputation estimator proposed by Borusyak et al., 2021 are very

similar to those obtained using OLS.

Taken together, these findings give additional confidence to the OLS results.
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Table 4.24: Results from estimating equation (2) for specific treatment years

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

Baseline NH in 2006 NH in 2007 HC in 2008 HC in 2009 HC in 2010

Bed-blocking indicators

Living alone 9.266*** 7.150*** 10.885*** 7.883*** 12.730*** 8.514***

(1.357) (1.265) (2.638) (1.614) (2.370) (1.649)

No family to care 23.282*** 11.781*** 32.638*** 17.537*** 35.693*** 18.912***

(4.184) (2.505) (7.784) (5.062) (8.994) (2.779)

Housing/econ.issues 17.984*** 14.329*** 24.014*** 16.236*** 23.141*** 15.971***

(2.611) (2.487) (3.078) (3.526) (3.900) (2.779)

Effects of HC and NH entry

Post HC (α2) 0.003 -0.038 -0.005 -0.158 -0.254 0.288*

(0.105) (0.132) (0.236) (0.217) (0.266) (0.146)

Post NH (α4) 0.095 0.344 0.056 0.033 -0.102 0.209

(0.193) (0.267) (0.205) (0.257) (0.148) (0.239)

Differential effects of HC entry (α3)

Post HC × Living alone -4.361*** -1.050 -5.850*** -0.596 -5.280*** -3.923*

(1.559) (1.672) (1.167) (1.614) (0.965) (2.221)

Post HC × No family to care -0.384 0.902 -13.539** 2.868 -11.355* 4.488

(5.318) (2.217) (4.898) (3.232) (5.745) (5.621)

Post HC × Housing/econ. issues -4.673** -3.658 -7.000*** -5.790 -6.049** -3.068

(2.143) (2.209) (2.199) (5.376) (2.485) (2.617)

Differential effects of NH entry (α5)

Post NH × Living alone 0.539 0.118 -0.674 -0.748 -2.845 1.772

(1.097) (1.562) (2.291) (1.373) (1.691) (1.372)

Post NH × No family to care 0.040 0.249 3.752 -6.249** -2.975 4.034

(3.777) (2.555) (4.528) (1.983) (3.701) (5.238)

Post NH × Housing/econ. issues -1.154 -1.436 -3.082 0.976 -5.456*** 0.383

(2.435) (2.223) (1.882) (4.439) (1.171) (3.417)

Observations 7,868,350 2,766,703 2,824,736 1,282,011 2,412,916 4,033,208

R2 0.210 0.214 0.200 0.205 0.200 0.223

NOTES: The table shows the estimates of α1 to α5 from equation (2). Column 1 shows the baseline results. Columns

2 and 3 restrict the sample to regions where the first nursing home entered in 2006 and 2007, respectively. Columns

4 to 6 restrict the sample to regions where the first home care team entered in 2008, 2009, and 2010, respectively. All

models include individual demographics and comorbidities and admission month-by-year, DRG, and region (ACES)

fixed-effects. The sample excludes admissions in the entry month of the first NH and HC in a region. Standard errors

in parenthesis are heteroskedasticy-robust and clustered at the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.25: Alternative estimator to deal with differential treatment timing (excluding
regular patients)

Living
alone

No family
to care

Housing/econ.
issues

(1) (2) (3)

Panel A: OLS
Post HC -4.467** -3.180 -2.338

(1.955) (3.843) (1.918)
Post NH 3.912 1.830 2.077

(5.869) (4.135) (3.372)
Observations 28,219 11,891 26,400

Panel B: Borusyak et al. (2021)
Post HC -6.717*** -22.165*** -2.371*

(1.153) (1.751) (1.302)
Observations 18,038 8,339 21,202

Panel C: Borusyak et al. (2021)
Post NH 5.050 -2.960 3.097

(3.881) (3.416) (2.077)
Observations 28,219 11,891 26,400

NOTES: Panel A shows the results of an OLS regression of length of stay on the two post indicators for
periods after the entry of a NH and a HC team in a region. Panel B implements the imputation estimator
in Borusyak et al. (2021) for the HC treatment, while controlling for the availability of NH in a region.
Finally, panel C implements the same estimator for the NH treatment, while controlling for the availability
of HC teams in a region. All models include admission month-by-year and region (ACES) fixed-effects. In
columns 1, 2, and 3 the sample is restricted to patients living alone, with no family to care, and with
inadequate housing conditions, respectively. The samples exclude admissions in the entry month of the
first NH and HC in a region. Standard errors in parenthesis are heteroskedasticy-robust and clustered at
the region level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.26: Alternative estimator to deal with differential treatment timing (including
regular patients)

Living
alone

No family
to care

Housing/econ.
issues

(1) (2) (3)

Panel A: OLS
Post HC -5.285*** -0.895 -5.326**

(1.690) (5.574) (2.252)
Post NH 0.577 0.458 -1.249

(1.159) (4.088) (2.587)
Observations 7,830,074 7,813,746 7,828,255

Panel B: Borusyak et al. (2021)
Post HC -4.913*** -0.596 -6.150**

(1.488) (4.035) (2.373)
Observations 7,830,074 7,813,746 7,828,255

Panel C: Borusyak et al. (2021)
Post NH -3.016 -0.148 -4.727

(1.321) (3.929) (2.704)
Observations 7,830,074 7,813,746 7,828,255

NOTES: Panel A shows the results of an OLS regression of length of stay on the two post indicators
for periods after the entry of a NH and a HC team in a region. Panel B implements the imputation
estimator in Borusyak et al. (2021) for the HC treatment, while controlling for the availability of NH in a
region. Finally, panel C implements the same estimator for the NH treatment, while controlling for the
availability of HC teams in a region. All models include admission month-by-year and region (ACES)
fixed-effects. In columns 1 the sample consists in regular patients and patients living alone. In columns
2 and 3 patients living alone are replace by those with no family to care and with inadequate housing,
respectively. The samples exclude admissions in the entry month of the first NH and HC in a region.
Standard errors in parenthesis are heteroskedasticy-robust and clustered at the region level. * p < 0.1, **
p < 0.05, *** p < 0.01
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