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SUMMARY

This thesis consists of three independent chapters on physician practice behavior,

the determinants of these, and patients outcomes. While each chapter address an

important issue regarding the physician-patient dynamic, the overarching message

is clear. Physician heterogeneity is an important dimension for patient health, labor

market attachment, and health care costs. This is an important input into the de-

bate on if and how health care policies can leverage physician behavior to improve

health outcomes. All three chapters focus on primary care physicians, which is an

extremely relevant and interesting group, as they in most developed countries are

the first encounter – and for the a majority of individuals the only type of encounter -

any patient has with the health care system. Furthermore, the costs of health care

expenditures increase exponentially as treatment moves beyond the primary care

clinic. This makes it imperative that the primary care physician takes her role as

gatekeeper seriously, and ensures that patients in no need of further care, does not

advance further in the system. Ultimately, inducing best-practice behavior in this

setting is impactful both due to scale and targeting of patients. Finally, understanding

the impact of physicians on patient health behavior allow us to deepen our under-

standing of the processes that determine health behavior of individuals. Increased

knowledge of of such behavior is crucial, to understand why patients systematically

exhibit suboptimal health behavior.

In Chapter 1, written jointly with Emilia Simeonova and Niels Skipper, we cut the

first sod by asking “Do high quality physicians have high quality patients?”. While it

previously has been shown that physician vary systematically in treatment choices

(Epstein and Nicholson (2009),Currie et al. (2016)), separating what is due to physi-

cians and what is due to patient mix, is a fundamental challenge. Observing patient

outcomes on clinic levels, we initially do not know whether the average patient is

healthy due to proper care or due to patient composition at the clinic. Hence, it is

important to investigate whether the physician actually matters for health outcomes,
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viii SUMMARY

or whether the observed differences across clinics are due to variation in patient

mix. Further, to know what behavior to incentivize, it is important to investigate

which dimensions of patient management styles are important for the outcome of

the patient. In this chapter we examine two different channels through which primary

care doctors’ patient management styles can affect health outcomes: by prescribing

the appropriate clinical therapy and by inspiring better patient health management,

as reflected in the patient’s adherence to that therapy. Using data on the population

of statin-users in Denmark, where patients are matched to primary care physicians,

we show that the impact of a physician’s clinical quality - as proxied by Ambulatory

Care Sensitive Conditions, Oster (2003) - on patient health outcomes is largely ex-

plained by the composition of patients in the physician’s practice. In contrast, the

physician’s skill in facilitating adherence to prescription drugs(Koulayev et al. (2017))

maintains large and positive effects on patient outcomes even after controlling for

patient composition.

Chapter 1 shows that the differences across physicians are not exclusively the

result of differences in patient compositions. On the contrary meaningful difference

in patient outcomes can be ascribed to differences in physician management styles.

Chapter 2 turns to the evolution of such a practice style. In this chapter, entitled

“Labor market effects of opioid use: Evidence from physician spill-overs”, I estimate

the effect of opioid use on labor market outcomes. The chapter contributes to a larger

discussion on whether the current opioid epidemic in the US is a result of declining

labor market prospect, or whether opioids themselves have a negative impact on

labor market performance (Case and Deaton (2015), Currie et al. (2018)). As opioid

users are not randomly selected, correlations between opioid use and labor market

performance are not likely to reflect true effect. Hence, it is tempting, to be inspired

by the mature literature on random case-worker assignment (Doyle (2007), Kling

(2006)), and use variation in physician leniency as a natural experiment of opioid

treatment intensity, where the treatment intensity is partly decided by the physician

you are affiliated with. However, even if one had a perfectly measure of leniency, in

the current setting, where physicians are not randomly assigned, individuals with

poor labor market outcomes might select physicians with high leniency levels. Fur-

thermore, physicians might conduct other treatments directly beneficial to labor

market outcomes. The potential sorting and direct effect of the physician would

invalidate leniency as an instrumental variable candidate. Ultimately, to circumvent

these issues, and estimate the labor market effects of opioid treatment intensity un-



ix

confounded, I first estimate a peer effects model. I use the model to document how

leniency flows across spatially connected physician peers. Effectively, this diffusion

of leniency, constitutes a roll-out of opioid leniency, which implies that patients affili-

ated with physicians with more lenient peers, are more likely to have a more lenient

physician themselves. Utilizing within-physician variation in simulated leniency to

instrument for opioid treatment intensity, I find that increasing the intensity reduces

earnings and does not help patients return from short term disability.

My third and final chapter,"Discontinuity in care: Practice closures among pri-

mary care providers and patient health", written in collaboration with Marianne

Simonsen, Lars Skipper and Niels Skipper, address a highly policy relevant question

concerned with closing physician clinics. As the average age of active primary care

physicians is increasing in most western countries (Young et al. (2012)), the num-

ber of individuals who will experience their primary care clinic closing, will only

increase. There is a concern that these disruptions of the physician-patient relation-

ship might lead to reduced subsequent patient health. In this chapter, we start out

by characterizing the nature of a clinic closure, including the change in provider

characteristics that occurs when patients change provider. Clinic closure leads pa-

tients to choose a systematically younger and less experienced primary care provider.

Using a difference-in-differences strategy that compares individuals who experience

a clinic closing with similar individuals enrolled in similar clinics that do not close

until later, we next investigate consequences for patient health care utilization and

health outcomes. We find that a change in provider due to clinic closure increases

detection of chronic illness but does not lead to concurrent changes in primary care

utilization or substitution into other types of health care. A decomposition of effects

shows that both physician practice style and the disruption itself plays a role for the

total effects.
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DANSK RESUMÉ

Denne afhandling indeholder tre uafhængige kapitler, der alle handler om lægead-

færd og dennes betydning for patienternes sundheds- og arbejdsmarkedsudfald. På

trods af at kapitlerne hver især adresserer et specifikt spørgsmål, der relaterer sig til

lægeadfærd og dennes betydning for patienterne, er det overordnede budskab klart.

Hvem din læge er, er vigtigt for hvordan det går dig. Forskelle i lægeadfærd spiller en

signifikant rolle for patienternes muligheder på arbejdsmarkedet, for deres sundhed

og for deres sundhedsomkostninger. Når der skal sikres lige adgang til sundhedsvæse-

net og designes betalingsmodeller, er det derfor centralt, at beslutningstagere kender

til disse forskelle, og tager højde for dem. Alle tre kapitler beskæftiger sig med alment

praktiserende læger. Dette er en central og yderst interessant gruppe, da de fleste

vestlige økonomier bruger alment praktiserende læger som indgang til resten af sund-

hedsvæsenet. Dermed har denne gruppe af læger kontakt med en stor brugerflade,

og politikere og andre beslutningstagere har mulighed for at understøtte effektiv brug

af ressourcer og sørge for at skabe incitamenter til, at kun de, der rent faktisk har brug

for yderligere sundhedstiltag, bliver sendt videre i systemet. I sidste ende giver en øget

forståelse af sammenhængen mellem læge-adfærd og patienters sundhed mulighed

for dybere forståelse af, hvilke processer der generelt driver patienternes sundheds-

adfærd, samt hvilke implikationer en sådan adfærd afstedkommer. En sådan indsigt

er central for at forstå, hvorfor nogle personer tager angiveligt uhensigtsmæssige

beslutninger, samt målrette indsatser for at ændre denne adfærd.

I forhold til at forstå om læger har en direkte indvirkning på patienters sundhed,

tager vi første spadestik i kapitel 1, "Do high quality physicians have high quality

patients?", som jeg har skrevet i samarbejde med Emilia Simeonova og Niels Skip-

per. Sådanne analyser er dog besværliggjort af, at patientsammensætningen varierer

på tværs af klinikker, og det derfor er nødvendigt at sondre mellem, hvad der kan

tilskrives lægeadfærd, og hvad der skal tilskrives patientsammensætning. Tidligere

litteratur understøtter, at lægeadfærd har en betydning, selv når patientsammensæt-
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xii DANSK RESUMÉ

ningen holdes konstant (Epstein og Nicholson (2009), Molitor (2016)), men indtil nu

har ingen undersøgt, hvilke dimensioner af lægens adfærd i forhold til patienten, der

betyder noget for patienten. I dette kapitel undersøger vi effekten af to forskellige

dimensioner af lægeadfærd: På den ene side den klinisk diagnostiske evne – altså

evnen til at sørge for at fx de rigtige diagnoser bliver stillet og den rigtige medicin

bliver udskrevet – og på den anden side lægens evne til at understøtte sundheds-

fremmende adfærd uden for klinikken. Der eksisterer accepterede mål for den første

dimension(Oster (2003)), mens vi får et mål for den anden ved at benytte information

om samtlige statin-brugere i Danmark fra danske administrative registre. Vi bruger

variation på tværs af klinikker i adherence-rater (Koulayev et al. (2017)) til at måle den

anden dimension. Vi finder, at mens de klinisk diagnostiske evner for størstedelen

er forklaret af patientsammensætninger, er der store positive sundhedseffekter af

lægens sundhedsfremmende adfærd for patienterne. Dette bekræfter ikke alene, at

forskelle mellem lægers adfærd betyder noget for deres patienters sundhed, men

også at den alment praktiserende læges rolle som facilitator af sundhedsfremmende

adfærd uden for klinikken er den effektfulde dimension.

Mens kapitel 1 viser, at lægeadfærden spiller en rolle, så går kapitel 2 et skridt

videre, og undersøger et aspekt af den dynamiske proces, der ligger til grund for

forskellene i lægeadfærd. I dette kapitel, ”Labor market effects of opioid use: Evi-

dence from physician spill-overs”, undersøger jeg, om der er negative effekter ved

at være i behandling med smertestillende opioider. Det er en del af en større littera-

tur, der spørger, om opioid-epidemien, der raserer USA, skyldes at folk med dårlige

arbejdsmarkedsudsigter vender sig mod opioider, eller om opioiderne giver folk

dårligere arbejdsmarkedsudfald(Case og Deaton (2015)). Eftersom det ikke er tilfæl-

dig hvem der får opioider, er det ikke nødvendigvis sådan, at en observeret negativ

sammenhængen mellem opioider og arbejdsmarkedsperformance reflekterer den

sande effekt af opioider. For at løse denne knude har tidligere litteratur på området

brugt regionale- eller lægeforskelle i hvor lempeligt opioider bliver udskrevet som et

”naturligt eksperiment”. Graden af intensitet du bliver behandlet med afhænger af

hvilken læge du har (Doyle (2007), Kling (2006)). Det er dog ikke tilfældigt, hvilken

læge du har, så effekter estimeret ud fra sådan en model vil ikke være repræsentative

for den sande effekt, da patienter ville kunne ”sortere” sig ind i specifikke klinikker.

Dette ville potentielt medføre, at patienter, som gerne ville have opioider, ville vælge

læger, som udskrev meget. Hvis disse patienter er systematisk forskellige fra andre

patienter, også når det kommer til deres arbejdsmarkedsudsigter, vil sammenlig-
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ningen ikke være fair. Ydermere vil andre aspekter af lægeadfærd også potentielt

påvirke arbejdsmarkedsperformance. Jeg omgår disse udfordringer ved at prædiktere

opioid-lempelighed baseret på adfærden af omkringliggende læger. På denne måde

kan jeg dokumentere, hvordan villigheden til at udskrive opioider flyder ud gennem

netværk af læger, og bruge denne variation til at estimere effekten af opioid brug på

arbejdsmarkedsudfald. Jeg finder, at øget opioid brug fører til en reduktion i indkomst

og ikke reducerer antallet af dage på sygedagpenge.

Mit tredje og sidste kapitel,"Discontinuity in care: Practice closures among pri-

mary care providers and patient health", skrevet sammen med Marianne Simon-

sen, Lars Skipper og Niels Skipper, adresserer det højaktuelle spørgsmål om klinik-

lukninger i almen praksis. Interessen er grundet i, at læger i hele OECD gennemsnitligt

bliver ældre (Young et al. (2012)). Politikere, sundhedsprofessionelle og patientorga-

nisationer frygter, at bølgen af tilbagetrækninger, der forventes at ramme inden for

den nærmeste fremtid, vil føre til alvorlige negative sundhedseffekter hos de patien-

ter, hvis patient-læge forhold bliver opløst som resultat af disse tilbagetrækninger.

Bekymringen er forankret i en moden litteratur, der undersøger omkostninger for

individer i forbindelse med klinik-lukninger (Lu og Slusky (2016), Avdic (2016)). Her

har man fundet store negative effekter af de uønskede afbrydelser af patient-læge

forholdet. I det danske sundhedsvæsen er regionerne forpligtigede til at sørge for at

finde en ny læge til borgere, der oplever en lukning. Dermed kan vi, som de første,

kontrollere for det faktum, at borgere har en periode uden en læge. Ydermere kan vi,

eftersom vi observerer lægen før og efter lukningen, kontrollere for både den lukken-

de og den modtagende læges adfærd. Det giver os mulighed for at besvare, hvorvidt

selve afbrydelsen af patient-læge forholdet har en effekt. Som det første karakteriserer

vi en klinik-lukning og ser, at den fører til, at patienterne systematisk vælger yngre og

mindre erfarne læger. I en difference-in-difference model sammenligner vi derefter

forbrug af sundhedsydelser for individer, der oplever en lukning, med individer, der

ikke oplever en lukning før tre år senere. Vi finder, at læge-separationen ikke fører

til øget forbrug af sundhedsydelser – hverken i den primære eller sekundære sektor.

Omvendt ser vi en markant stigning i diagnosticeringen af kroniske lidelser. Til sidst

viser en dekomponering af effekterne, at i tillæg til forskellen i lægeadfærd har selve

separationen fra sin læge også rent faktisk en betydning for størrelsen på ovennævnte

effekter.
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C H A P T E R 1
DO HIGH QUALITY PHYSICIANS HAVE HIGH

QUALITY PATIENTS?

Emilia Simeonova

John Hopkins University and NBER

Niels Skipper
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Peter Rønø Thingholm
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Abstract

What makes some physicians perform better than others? This paper examines two different channels

through which primary care doctors’ patient management styles can affect health outcomes: by prescribing

the appropriate clinical therapy and by inspiring better patient health management, as reflected in the

patient’s adherence to that therapy. Using data on the population of statin-users in Denmark that matches

patients to primary care physicians, we show that the impact of a physician’s clinical quality on patient

health outcomes is largely explained by the composition of patients in the physician’s practice. In contrast,

the physician’s skill to promote healthy behavior of patients maintains large and positive effects on patient

outcomes even after controlling for patient composition.

JEL Classification: I10 ; I12 ; I18 ;

Keywords: Health ; Health Behavior ; Primary Care Physicians
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2 CHAPTER 1. DO HIGH QUALITY PHYSICIANS HAVE HIGH QUALITY PATIENTS?

1.1 Introduction

There are large, persistent differences in patient outcomes across physicians and

health facilities (Epstein and Nicholson (2009); Currie et al. (2016); Molitor (2016)).

The root causes of these differences are not well understood. Variations in clinical

management styles across physicians are unlikely to fully account for the gaps in

outcomes, and neither are disparities in patient backgrounds. A possible contributing

factor is that the patients of different physicians pursue different health behaviors,

and those behaviors could be affected by the physician. In a recent paper Alsan and

co-authors demonstrate that black men in Oakland are much more likely to complete

preventive screening tests and to communicate with their doctors when seen by a

black (male) physician (Alsan et al. (2018)). Using Danish population data Koulayev

et al. (2017) demonstrate substantial differences in average patient adherence with

prescribed medication across different physicians. Yet, the extent to which individual

physicians’ abilities to inspire patient health behaviors influence average differences

in patient outcomes across physicians is not well understood. Still, Simeonova (2013)

shows that racial gaps in chronic heart failure survival rates persist even after individ-

ual physicians’ unobserved characteristics are controlled for, but there are no racial

survival gaps if patients mostly adhere with their prescribed medication regimen.

Physicians are entrusted with managing patient health, but they differ substan-

tially in their clinical styles and their approach to patient counseling and commu-

nication. How much of the difference in patient health outcomes can be accounted

for by clinical therapy, and how much of it is due to difference in patient behavior

in response to that therapy? One of the main reasons why we have not yet tackled

this question is the lack of detailed data on physicians, patients, and the actions they

all take to maintain and improve health outcomes. Nevertheless, it is important to

examine if and why physician management styles affect patient health for several

reasons.

First, a clear understanding of what features of the physician’s style of health

management affect patient outcomes is crucial in the design of contracts between

payers and providers. As health care systems struggle to address growing health care

costs, quality contracts are becoming increasingly popular. Such a contract between

the payer and the health care provider specifies that a portion of the provider’s

financial compensation is dependent on adequate performance according to a set

of health quality metrics taken over the patient population. In an outpatient and
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primary care settings, these quality metrics usually include routine screening and

vaccinations, as well as proper maintenance of chronic conditions and avoidance of

preventable (re-) hospitalizations. Practitioners have argued that despite attempts to

adjust such metrics to the patient mix, providers who disproportionately work with

harder-to-manage patients are at a great disadvantage.

Second, it is important to gain a better understanding of how different dimensions

of physician management skills relate to patient outcomes. While it is widely recog-

nized that multiple dimensions of firms management skills matter for firm output

(Bloom and Reenen (2007),Bloom and Reenen (2010)), it has yet to be investigated

in the case of health provision. It is particularly relevant to investigate the relative

contributions of clinical skills and patient management skills in the primary care and

outpatient settings, where patients have substantial control over the provider they

see and the actions they take conditional on receiving a clinical recommendation by

the physician.

Third, a crucial question in the literature is whether cross-physician differences

in patient outcomes are due to physician management, or due to patient selection.

For example, if a physician’s practice happens to be geographically located in an area

where most people adhere with medication and engage in proper health maintenance,

the physician will likely score high on any patient health outcomes metrics. In some

settings provider-specific quality metrics, or “report cards”, have been made public.

These “report cards” are based on past patient outcomes for common conditions. By

providing previously unavailable information to both patients and doctors, they may

facilitate efficient patient allocation across providers and encourage better quality

among physicians who lag behind their peers. However, the literature on quality

report cards in the hospital and outpatient settings suggests that patients who are

able to shop for providers, either because they are healthier or because they are

better informed, would select out of lower-quality providers after quality information

becomes public (Cutler et al. (2004); Santos et al. (2017)). If patient selection and

sorting account for some of the differences in observed provider quality, making

quality metrics public will likely result in any remaining “good” patients abandoning

practices with suboptimal patient mix.

We use Danish registry panel data on the population of statin users and their

physicians to investigate the link between physician patient management style and

patient health outcomes. We construct two measures of physician quality – one based

on the doctor’s own’ compliance with established clinical guidelines; and a second
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one based on her patients’ adherence with prescribed medication therapy. The first

measure reflects the doctor’s skills in diagnosing and assigning the optimal treatment.

The second captures her ability to inspire the patient to comply with that therapy,

perhaps by clearly communicating its benefits and encouraging and responding

appropriately to patient feedback about their experience with the medication. We

consider these metrics as capturing the physician’s patient management style and

examine how they affect patient hospitalizations for cardio-vascular diseases and the

associated costs.

This paper makes several contributions to the existing literature. First, we demon-

strate that differences in clinical quality across primary care physicians correlate

strongly with patient outcomes, but are in fact due to patient selection. Denmark

does not have a public quality reporting system, and so our findings are not affected

by any actions that may be taken by physicians to affect the type of patients select-

ing into their practice. We uncover differential sorting of patients across physicians

based on unobservable patient characteristics that positively correlate with health

outcomes. Because of the institutional setting, this sorting appears to be demand-

driven. Second, we show that the physician’s ability to facilitate patient adherence

with prescribed therapy has sizeable effects on patient outcomes and costs. We refer

to this dimension of patient management skill as the physician’s communicative skill.

Ultimately, we show that, in contrast with the clinical quality measure, the physi-

cian’s patient management skill maintains its strong explanatory power even after we

control for individual patient heterogeneity.

1.2 Background & Institutional Setting

We model physician management styles as comprising of two main skills: the physi-

cian’s ability to diagnose and assign the correct clinical therapy, which we call the

physician’s clinical quality; and the physician’s ability to inspire patient adherence

with the correct therapy, which we term the physician’s communicative skill. A large

body of work documents differences in clinical treatment styles across physicians

(Grytten and Sorensen (2003); Epstein and Nicholson (2009) ;Burke et al. (2010);

Phelps (1993); Phelps (1995)). The reasons behind the variation in clinical treatment

choices across doctors are subject to an active debate in health economics (e.g. Chan-

dra et al. (2011)), but the physician influence on health outcomes is not restricted to

the choice of clinical therapy. Notably, at least one study in economics and a num-
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ber of studies in medical sociology report that physicians’ communication styles

also affect patients’ compliance decisions (Koulayev et al. (2017), ; Cooper (2009)

; Sleath et al. (2000); Haynes et al. (2002); and review by DiMatteo (2004)). This is

important also because recent adjustments to physician compensation schemes have

introduced quality metrics into the contracts in some health care systems. Quality is

generally assessed using patient health outcomes, such as avoidable (re-) hospitaliza-

tions and good maintenance of chronic conditions such as diabetes and hypertension,

as well as more routine metrics such as vaccinations and recommended recurring

checkups. In practice, what contributes to good performance on these quality met-

rics is not well understood. The correct clinical diagnosis and choice of treatment is

obviously an important first step. However, especially in the management of chronic

diseases, the patient is an equally important partner in the health care process. The

physician’s ability to respond to individualized patients’ needs and to effectively com-

municate clinical decisions to the patient is a very likely additional and important

determinant of health outcomes. It is not a priori clear that the two dimensions

of physician management styles – clinical quality and patient management skills

- would be correlated in any specific way, and this poses a challenge if principals

wish to reimburse based on patient health outcomes. Previous studies indicate that

physicians react to the implementation of quality metrics derived from patient health

outcomes. The literature on quality report cards on cardiovascular surgeries in the

US has shown that making quality rankings public improves the performance of

providers ( Dranove et al. (2002); Cutler et al. (2004); Kolstad (2013)). However, some

have argued that making report cards publicly available is welfare-reducing because

it changes the nature of the patient sorting process in a way that hurts the sickest

patients (Dranove et al. (2002)). Others find that intrinsic motivation to perform

better dominates surgeons’ responses to quality reporting, making the public release

of quality metrics less relevant as compared to simply informing providers about peer

performance (Kolstad (2013)). Furthermore, there is evidence that patients choose

physicians based on publicly available quality indicators (Santos et al. (2017)). A

natural question is, what if the quality metrics are a noisy measure of the physician’s

ability to manage health conditions? For example, if patients who are better able to

maintain good health are attracted to certain physicians, it would be incorrect to

attribute their better health status entirely to the health care provider. If the observed

systematic differences in health outcomes across physicians are completely or par-

tially attributable to selection in patient composition, and the differences in quality
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metrics largely reflect the effects of composition, rather than the effects of physician

input, pay for performance schemes would reward physicians for attracting high

quality patients, not for providing exceptional quality care. Moreover, making these

quality metrics public would exacerbate the patient composition problem (Santos

et al. (2017)).

In addition to the physician’s clinical quality, we analyze the physician’s ability to

inspire and manage optimal patient health behavior, which we term the physician’s

communication skill. We argue that in the case of preventive medicine, the communi-

cation dimension of the physician’s management style is relevant, and if maximizing

population health is the goal, then pay-for-performance schemes should also pro-

vide incentives along this dimension. Prior research has shown that primary care

providers vary significantly in the average adherence of their patients (e.g. Koulayev

et al. (2017)). Though intuitive, the link between patient adherence and health care

costs and outcomes is harder to identify. An important source of bias is the associa-

tion between unobserved patient health status and its progression, and medication

adherence. When individuals feel worse, or perceive their health as deteriorating, they

are more likely to follow doctor’s orders. As recognized by Encinosa (2010), among

others, this biases the estimated coefficients from simple regression models. The

authors use an instrumental variables approach and find large positive effects of

adherence on health outcomes and cost reduction.

1.2.1 Institutional setting

The Danish health care system can be divided into two main sectors: the primary

health care sector and the hospital sector. The primary health care service sector deals

with treatment and care from primary care physicians, specialists, physiotherapists,

and dentists, among others. Furthermore, the primary sector also includes preventive

health schemes and preventive health care. The hospital sector deals with conditions

that are more complex and require more advanced treatment. Admission in non-

acute cases requires a referral from the primary sector.

Denmark has universal and tax-financed health insurance run by the government.

All individuals residing in Denmark are given a social security number. The social

security number ensures free access and treatment at primary care physicians and

specialists, as well as free in-hospital stays. All services provided to an individual

are registered via the social security number and all expenses are picked up by the

national health insurance.



1.2. BACKGROUND & INSTITUTIONAL SETTING 7

Primary Care Physician

The Danish public health insurance provides visits and services at the primary

care physician (PCP) free of charge. In Denmark, PCPs serve as gatekeepers to the

rest of the health care system in the sense that they refer to specialists and hospital

admissions. There are approximately 3,500 PCPs in Denmark. From these, 2,200 are

organized in single-physician practices. In order to get reimbursed by the national

insurance, the physician needs to acquire a clinic-ID (ydernummer). The number of

clinic licenses is controlled by the government, based on factors such as the popu-

lation density in different areas. The PCPs are responsible for a large portion of the

patient’s medication therapy. The physician has no financial incentives to choose

specific medication brands. First-choice medication recommendations are issued

by the national health authorities, but practitioners can choose a different therapy if

they consider it more appropriate. Prescription drugs are sold at government licensed

pharmacies only. All information about purchases is registered in a database at the

Danish Medicines Agency (DMA).

It is important to note that an individual’s choice-set of PCPs is limited in Den-

mark. A patient can choose any PCP, as long as the PCP’s practice is located within

15km from the patient’s home1. The patient needs to be enlisted with a PCP in order

to visit him or her and changing to a different PCP costs a fee of 150 DKK2 , and can

be done only if the new doctor is open for patient intake. This restricts the possibility

of changing PCP as well as the possibility for choosing PCPs not in the individual’s

choice-set.

An institutional feature of great importance to this study is the fact that it is

very difficult for physicians to selectively turn away individual patients. When a

clinic list has reached 1,600 patients (per physician) the physician can apply to the

local government to stop the intake of new patients 3. However, if working below this

capacity the physician has to take in patients who wish to be listed with her. According

to the collective agreement made between the government and the Danish primary

care physicians, a physician can discontinue the physician-patient relationship only

if the patient acts violently or threatening, or in any other way misbehaves during the

clinical encounter.

Hospitals

15 km in some non-rural areas
2USD $1 is approximately DKK 6
3If the physician is more than 60 years old he/she can apply to stop the intake of new patients at a

lower threshold
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There are 5 regions in Denmark in charge of operating a total of 54 hospitals.

The funding is partly state grants which are activity and demography-based, partly

funded by the municipalities. Out-patient and in-patient care is free of charge for

the individual. There is a group of specialized privately operated hospitals, where

patients are covered by public insurance if waiting lists at public hospitals exceed two

months.

1.3 Conceptual Framework

A simple conceptual framework that incorporates both dimensions of the physician’s

management style - the clinical quality and the communication skills - as inputs into

the health production function can be based on Grossman’s health capital production

model (Grossman (1972)):

Hi t = F (αi ,γC
j ,γI

j )+εi t (1.1)

Where H is a measure of the health capital of patient i at time t and γC
j and γI

j

reflect physician performance in the two dimensions of interest. αi is an individ-

ual component determining health and εi t is idiosyncratic temporal shocks to the

healthConceptually we think of γC
j as the clinical quality of the physician – the ability

to diagnose properly and initiate correct treatment. Conditional on the patient show-

ing up to the clinic, this is completely controllable by the physician. On the other

hand, γI
j is a measure of the communication skills of the physician, and captures the

ability of the physician to facilitate and promote adherence to prescribed treatment.
4 While the extent to which individuals engage in health investments is only partially

controllable for the physician, the parameter γI
j reflects the fact that there is a sys-

tematic physician specific contribution to the decision to conduct these investments

(Koulayev et al. (2017)).

One way to interpret γC
j is as the clinical ability of the physician, usually unob-

servable and time-invariant, and its mean-shifting nature on average patient health

outcomes is easy to comprehend. The physician completely controls this dimension,

and higher physician clinical quality improves health outcomes for all patients associ-

ated with the doctor. The implications of systematic differences across physicians in

their ability to inspire optimal patient health management might be less straightfor-

4This measure also likely proxies for the physician’s ability to inspire behavioral changes such as regular
exercise, diet changes, and other related unobserved patient-driven health management. Unfortunately,
we are not able to capture such changes in the data.
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ward, simply because different patients may react differently to identical physician

effort in this domain. It is also unclear how the two dimensions of a physician’s man-

agement style relate to each other. Appendix A.1.2 presents a very simplistic model

that highlights the multidimensionality in management styles and how they may

affect patient outcomes.

1.4 Empirical Strategy

As the goal of the paper is to investigate through which dimensions physicians impact

the health of their patients, we leverage the observed link between physician and

patients to estimate metrics of the physician behaviour. To have a setting where we

expect both dimensions to be relevant, we focus on prevention of cardio-vascular

diseases. This is a setting that is attractive to investigate, as it is highly prevalent,

the PCP has a central role as a first-line health care provider, and most important,

modern treatment has a pharmacological component that measures patient health

behavior outside of clinic-settings.

Overall, our empirical strategy is implemented in several steps. In the first step

we identify proxies for the physician treatment style dimensions. We rely on previous

work and use avoidable hospital admissions (ACSCs, e.g. Harrison (2014) , Oster

(2003)) as measures of clinical quality and adherence to cholesterol lowering pre-

scription drugs (e.g. Koulayev et al. (2017)) to measure the communication quality

dimension. Next, we use information on all other patients at a practice to estimate

time constant physician quality dimensions, relying on logic similar to the teacher

value added literature (Chetty et al. (2014a), Chetty et al. (2014b)) and the work on

judge leniency (e.g. Kling (2006), Doyle (2007)). Conditional on no patient-sorting,

our estimated physician quality dimensions are consistent estimators of a physi-

cian’s impact on patient health. We check this condition, by assessing whether any

of the dimensions are sensitive to inclusion of observed and unobserved patient

heterogeneity. Ultimately, this strategy allow us to investigate whether the quality

dimensions matter for patient health, or whether a potential relationship is driven by

patient composition.

1.4.1 Estimating Clinical Quality

Our measure of physician clinical quality is based on hospitalization rates for Am-

bulatory Care Sensitive Conditions (ACSC). ACSC hospitalization rates are widely
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accepted and utilized metrics used to assess the quality of (and access to) primary

health care (see e.g. Harrison (2014), Oster (2003), and Johnson (2012)). These are

hospitalizations that are avoidable in the sense that proper outpatient care would

prevent them. In a US setting, Oster (2003) find that African Americans, patients

covered by Medicaid, and uninsured patients constitute a disproportionate share of

emergency department visits that accrue to ACSCs.5

To infer whether patient composition drives quality, we construct a tractable

quality metric that, under certain conditions reflects physician clinical performance.

Our strategy draws on the literature estimating test-score value added for teachers

(Chetty et al. (2014a) , Chetty et al. (2014b)) arguing that teacher value added can

be elicited from the variation in test-scores orthogonal to student characteristics

and ability measures. As we follow this literature closely our strategy is outlined in

detail in Appendix A.1.3. Analogous to the teacher-student setting, the strength of our

approach is that we can base our estimates of quality on information on the complete

universe of patient-physician links across the entire observation period. This enables

us to utilize an individual specific measure of clinical quality by constructing leave-

one-out measures for each of the available ACSCs. We identify k = 4 distinct ACSCs

that do not directly reflect CVD (the outcome). For each of the ACSCs we define the

following:

AC SC k
−i t j =

∑
h 6=i AC SCh

n j t −1
(1.2)

The left-hand-side variable denotes the fraction of patients with an ACSC of

type k at j at time t excluding individual i . n j t denotes the number of patients of

physician j at time t . For operational simplicity we collapse the k measures into one

metric of clinical quality. This is done by calculating the correlation6 between each of

the k ACSCs and the cardio vascular hospitalization risk and weighting each ACSC

accordingly in an average denoted by AC SC−i t j . We then residualize AC SC−i t j by

regressing it on patient and physician observables, as well as an individual patient

fixed effect to obtain the residual, µ̂ht . Finally, we average these residuals over time

and physicians to arrive at our clinical quality metric, QC
j :

5Harrison (2014)study the impact of a national primary care pay for performance scheme rolled out
by the English National Health Service. As part of the performance scheme, reductions in a subset of
the ACSCs were incentivized on the physician side, and the rates of these hospitalizations declined in
comparison to non-incentivized ACSC hospitalizations.

6Correlations are available in table A.6
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QC
j = 1

TJ

T j∑
τ=1

1

n jτ

∑
h 6=i

µ̂ht (1.3)

T j is the number of periods we observe the physician. This specification accounts

for the individual’s direct impact on the metric as well as the time constant composi-

tion effect. In the extreme case where there is no variation in the patient mix at the

physician over time, we will not be able to estimate the clinical quality as this will be

captured by the patient fixed effect . Hence, the physician specific quality metric is

only identified for physicians where we observe changes in patient composition. This

is always the case in our sample.

Further, as we have defined the quality metric such that patient mobility identifies

it, we can assess whether patient composition drives the quality dimension. Specifi-

cally, if the quality metric is predictive of CVD admissions, and this predictive power

disappears once controlling for patient composition, then the quality dimension is

purely driven by patient selection and not physician value added. On the other hand,

if the predictive power remains after controlling for patient composition, the metric

truly reflects a physician value added component.

1.4.2 Estimation of Communication Skills

We now turn to the alternative dimension of physician management styles in which

physicians can affect patient outcomes. Previous research shows that there is per-

sistent heterogeneity in medication adherence rates of patients across physicians

(e.g. Simeonova (2013); Koulayev et al. (2017)). We focus on adherence with the major

cholesterol lowering drug group, statins.7

The effectiveness of lipid lowering drugs in reducing the risk of fatal and non-

fatal events has been documented in numerous clinical trials (see e.g. Scandinavian

7 There are two forms of cholesterol found in the blood 1) high-density lipoprotein (HDL) and 2)
low-density-lipoprotein(LDL). The first form is commonly denoted “the good cholesterol” as it transports
the harmful cholesterol(LDL) out of arteries, and high blood level concentrations of HDL is recommended.
The latter form (LDL) – or “bad cholesterol” – is what potentially combine with other fats to create blockage
of arteries and veins. Atherosclerosis, thickening of artery walls, is partly due to high levels of cholesterol,
and is broadly recognized as an important and modifiable risk factor for CVD. Plaque causes the actual
clogging, and is often a result of a cumulative build-up of lipids – small fatty particles penetrating the walls
from the blood to arteries, with a speed conditional on the concentration of cholesterol in one’s blood.
Lipid lowering drugs reduce the buildup of plaque, thus effectively reducing the likelihood of clogging.
However, lipid build-up is irreversible, and once present in veins/arteries, and pharmacological treatment
only prevents further buildup. Hence, for the treatment to be effective, a continuous intake of medication
is necessary, and pharmacological treatment is considered permanent.
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Simvastatin Survival Study (1996), Sacks et al. (1996) and Shepherd et al. (1995)). In

the Scandinavian Simvastatin Survival Study (1996) reductions in mortality are found

after approximately 1 year in the treatment group, but other studies find effects on

non-fatal outcomes of treatment after only a month (O’Driscoll (1997) and Ratchford

and Gutierrez (2011)). Some of the most widely prescribed statins are simvastatin

(brand name Zocor), atorvastatin (brand name Lipitor) and fluvastatin (brand name

Lescol). Treatment with statins is considered chronic, and patients are typically

instructed to take one pill a day8, which makes it easier to measure adherence9 with

treatment using claims data.

The measure of physician specific communication quality is constructed in the

same way as the clinical quality measure. Starting with leave-one-out adherence

rates, we residualize and collapse to the individual physician level across time. Using

data on all individuals with at least two statin prescription claims in Denmark we

calculate the leave-one-out average adherence within physician

AD H−i t j =
∑

h 6=i AD Hh

m j t −1
(1.4)

AD H−i t j is the individual specific average adherence rate with physician j at

time t not including the focal individual. m j t is the number of patients at physician j

at time t with at least two statin claims. Similar to the measure of clinical quality, we

residualize AD H−i t j by regressing it on patient and physician observables, as well

as a patient fixed effect to obtain the residual, σ̂i t . Next, the communication quality

metric is constructed by averaging σ̂i t over time within physician j :

Q I
j =

1

TJ

T j∑
τ=1

1

n jτ

∑
h 6=i

σ̂ht (1.5)

Once again, Q I
j only reflects quality along the communication skill dimension if

patients do not select into physicians on the basis of the physician’s communication

skills.

1.4.3 Estimating the impact of physician quality on health outcomes

In an ideal research setting, we would be able to randomly assign patients to different

physicians and estimate the effects of the two dimensions of physician management

8This is the case for 98% of the patients in our sample
9Adherence is calculated as propensity of days covered. For detail see next section.
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styles on patient outcomes. In the absence of such an experiment, we rely on rich

registry data and “natural experiments” in physician-patient matching precipitated

by residential relocations of patients and primary care clinic closures in Denmark.

To assess the impact of the two quality dimensions on patient health outcomes

we estimate a model of risk of cardio-vascular disease related hospitalization as a

function of the physician quality dimensions. We estimate the model:

Yi t =β0 +β1QC
j (i ,t ) +β2Q I

j (i ,t ) +Xi tβ3 +εi t , (1.6)

The experiment we try to mimic is to see how similar individuals would react

to different physicians. In equation 1.6, β1 and β2 are identified from both between

and within-patient variation in the quality indices. Hence the coefficients reflect

differences in quality dimensions across the entire population of patients and physi-

cians, however we are primarily interested in the estimates that are derived from

within-individual variation in exposure to physician quality. The thought experiment

is to assign the same patient to different physicians and track the evolution of her

health outcomes across those physicians. To do this, in some models we estimate

equation 1.6 but also control for individual heterogeneity through the individual

fixed effect, αi

Yi t =β0 +β1QC
j (i ,t ) +β2Q I

j (i ,t ) +Xi tβ3 +αi +εi t , (1.7)

The primary outcome variables of interest are hospitalization due to a cardio-

vascular disease and health care expenditures due to cardio-vascular disease hospi-

talizations. As QC
j (i ,t ) and Q I

j (i ,t ) are constant across time and within physician, β1 and

β2 in 1.7 are estimated off variation in physicians within the same patient across time.

That is, we only identify the coefficients from individuals seeing different physicians

over time.

Given the Danish institutional setting, the choice of primary care physician is

endogenous. However, as information about the new physician is very limited, one

might not be as worried about sorting into the “good” physicians, as much as the

sorting out of the “bad” physicians. Hence, we are interested in finding situations

where we can identify separations of patients from physicians where the switching is

less likely to be related to the health status of the patient or either of the dimensions

of physician management styles we outlined above. We identify two different types

of patient-physician separations in an attempt to tease out the potential impact of
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patient composition from the true underlying physician quality. The two types of

separations we identify are:

1. Separations due to clinic closures. These are patients who are forced to change

physician, because their physician goes out of business due to retirement or

residential relocation.

2. Separations due to patient residential relocation: Those that shift physician

because they relocate residentially and cannot stay affiliated with their primary

care physician

When physicians close their clinic, patients affiliated with the clinic are forcibly

separated from their physician, and are effectively spread out across other local

physicians.10 We think of this as the setting with the least scope for sorting out of

clinics due to bad physician quality.11

In addition to the challenge of sorting between patients and physicians, we need

to include sufficient controls for baseline CVD hospitalization risk, in order to allow

for a physician value added interpretation. We achieve this as our regressions include

highly detailed patient characteristics as well as the past CVD and other comorbidities

that have been demonstrated to predict all cause and CVD mortality. We now take

the empirical strategy to the data.

1.5 Data

We use the full population of adult individuals in Denmark who have at least two

statin claims12 between January 1st 2004 and July 1st 2008. In addition to the prescrip-

tion data we have data on hospitalization and the primary diagnoses (by ICD-10) for

hospitalizations, as well as health care expenditures. The prescriptions and hospital-

ization data are augmented with detailed individual level economic and demographic

information from several different registries.

10When a clinic closes, the patients are assigned a new physician, but can choose a physician from
their choice set that is open for intake of new patients.

11We are not the first to use these types of separations. Markussen et al. (2013) and Godøy and Dale-
Olsen (2018) uses separations due to closures to assess the impact of physicians on sickness absence.
Finkelstein et al. (2016) and Laird and Nielsen (2016) uses relocators to identify place and provider fixed
effects

12The first claim is the initiation. We drop individuals, who never has more than one claim, to calculate
adherence rates.
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Figure 1.1: Sample construction

Notes: Sample construction linking adherence to outcomes over times.

Our main sample is constructed by observing the initial individual purchases

of lipid-lowering prescription drugs. We then calculate the adherence as a propor-

tion of days covered through a period of 6 months. The outcome measures are the

probability of cardio vascular disease-related hospitalizations and the associated hos-

pitalization expenditures within the subsequent 12 months. This approach offers the

possibility to evaluate the relationship between short-term fluctuations in adherence

and short-term outcomes as well as strictly separating the periods where adherence

and hospitalization outcomes are measured.

Figure 1.1 explains the sample construction. For individual A we observe adher-

ence for 6 months initiated at the first pharmacy claim; and observe whether the

individual is hospitalized in the subsequent 12 months. We measure adherence as

Proportion of Days Covered. Starting from the day of initiation of treatment we mea-

sure the fraction of days within a 6-months period the individual is covered with

any statin. The individual is allowed to keep excess medication for one period, and

because we focus on adherence on the intensive margin, we drop individuals when

there is no claim in a period and no excess medication from previous periods.

Table 1.1 displays means and standard deviations of the main demographic and

outcome variables in the full sample and in the different subsamples.

We separate out two distinct subsamples: those who changed physician because

they re-located to a different residential address; and those who changed physician

because the original clinic closed. Individuals who relocate by a certain distance

are forced to also initiate a physician shift. The set of individuals affiliated with

primary care clinics that close due to e.g. physician retirement, long term sickness or

geographic re-location of the physician, 13 are effectively forced to initiate a switch.

We consider changes caused by relocations or clinic closures the result of an external

event leading to the dissolution of the physician patient relationship. Statin-users in

13The only other reason why a clinic might close is that a physician’s license is revoked. This never
happens in our observation period.
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Denmark are more frequently male and married, on average in their early- to mid-60s,

with annual incomes roughly equivalent to forty thousand dollars. About 40% of them

have completed only primary education, 50% have finished vocational training or

some college, and only about 6% have university education. Only 5% of the sample

are born outside of Denmark. About 17 percent of the sample change physicians

during the observation period for any reason. Less than half of those changes are

precipitated by a clinic closure or patient residential re-location. The prescriber ID we

observe in the data pertains to the clinic and not the prescribing physician. However,

in our sample 43% of primary care clinics have only one physician associated with

them, so that the clinic id will identify the prescribing physician. In cases where the

clinic is operated by more than one physician, we interpret any measure of quality

as representing an average treatment style of the clinic. The analysis presented in

the paper has been conducted separately for one-man clinics, and the results are

qualitatively and quantitatively similar, as can be seen from appendix table A.1 and

A.2. Moving on, we will use the words clinic and physician interchangeably.

1.5.1 The Quality Dimensions

The quality measures are constructed by summarizing between individual leave-one-

out means. To construct the clinical quality dimension, we lean on the Ambulatory

Care Sensitive Conditions suggested by the Agency for Healthcare Research and

Quality (AHRQ). We limit the set of admissions to those unrelated to CVDs, and

construct the index for the admissions Urinary Tract Infection, Bacterial Pneumonia,

Dehydration and Chronic Obstructive Pulmonary Disease. As detailed in the previous

section, we calculate leave-one-out means of the included admissions on a patient-

physician level, and combine the admissions into one index. This ensures that the

patient’s own outcomes are not included in the measure of physician clinical quality,

which is based only on outcomes for the doctor’s other patients. The communication

quality dimension is estimated in a similar fashion and measures the degree to which

a physician facilitates adherence to anti-cholesterol drugs among patients other than

herself. For the patients who switch providers during the observation window, we

assign the doctor quality metrics of the physician based on all years for all other

patients than the index individual i. That is, in t = 0 where we observe the new

physician-patient match, we assign the time-constant quality indicator of the new

physician. We have assigned the clinical quality values of the original physician at

t =−2,−1 and the clinical quality of the new physician at t = 0,1,2.
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Table 1.1: Descriptive statistics by subgroup measured at sample entry

All Movers
Residential relocation Clinic closures

Variable Mean Mean Mean
Age 64.29 62.64 65.07

[11.32] [11.85] [10.58]
Income (in DKK 1,000) 192.19 195.73 186.41

[114.15] [118.93] [111.10]
Married 0.63 0.57 0.64

[0.48] [0.49] [0.48]
Male 0.51 0.53 0.51

[0.5] [0.5] [0.5]
Education Primary School 0.42 0.39 0.42

[0.49] [0.49] [0.11]
High school 0.01 0.02 0.01

[0.12] [0.14] [0.48]
Vocational 0.35 0.35 0.37

[0.48] [0.48] [0.48]
Tertiary Short 0.15 0.16 0.14

[0.35] [0.37] [0.35]
Tertiary Long 0.06 0.08 0.06

[0.24] [0.26] [0.23]
Foreign born 0.05 0.07 0.05

[0.21] [0.25] [0.21]
Charlson CI 0.8 0.92 0.85

[1.24] [1.33] [1.24]

CVD Hospitalization 0.05 0.07 0.06
[0.22] [0.26] [0.23]

Hospital Expenditures (1000 DKK) 4.05 4.85 5.03
[21.7] [23.6] [23.7]

Adherence 0.82 0.82 0.84
[0.23] [0.24] [0.23]

Any ACSC 0.03 0.03 0.03
[0.15] [0.17] [0.16]

Chronic Obstructive Pulmonary Disease 0.01 0.01 0.01
[0.11] [0.11] [0.11]

Urinary Tract Infection 0.006 0.007 0.006
[0.08] [0.08] [0.08]

Dehydration 0.004 0.005 0.005
[0.07] [0.07] [0.07]

Bacterial Pneumonia 0.01 0.01 0.01
[0.08] [0.09] [0.08]

Individuals 510,159 20,185 17,538

Notes: Descriptive statistics by subgroup measured at sample entry. Standard deviations in square
brackets below the variable mean.
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1.6 Results

We are interested in the impact of the two physician quality measures on CVD-related

hospitalizations and CVD-related health care costs. The first issue we need to clarify

is whether the ACSC-based quality measure reflects on actions taken by the provider.

While we follow the previous literature, and ascribe incidence of ACSCs to physician

quality, we recognize that hospitalizations due to ACSCs are not exclusively confined

to activities performed within the clinic, which is the reason for constructing the

measures based on leave-one-out means and controlling for patient fixed effects. To

support our claim that they have strong predictive power on CVD admissions, they

must to some extent reflect activities done in the outpatient clinic and controlled

by the providers. To check this, we estimate how ACSCs correlate with observance

of simple clinical guidelines on the clinic level. We use the fraction of patients who

have a claim for a widely prescribed antibiotic (penicillin V14 ), who also had a Strep

A test done in clinic. Penicillin V is almost exclusively used for treating bacterial

throat infections and the clinical guidelines in Denmark require the test done prior to

prescribing.15 The tests for Strep A are done in the doctor’s office and do not require

any additional effort on behalf of the patient. In essence, this measure reflects if

physicians adhere to clinical guidelines for a condition that is very common (condi-

tional on observed patient behavior). Compliance with these guidelines is arguably

an alternative signal of physician clinical quality that is unlikely to be affected by

patient behavior. The mean of this alternative measure is 0.183 and it has a standard

deviation of 0.079.

In Table 1.2 we investigate how the physician’s ranking in the test-based measure

relative to other physicians relate to the ranking of incidence of four separate AC-

SCs; Chronic Pulmonary Obstructive Disorder (column 1), Urinary Tract Infections

(column 2), Bacterial Pneumonia (column 3), and Dehydration (column 4). The coef-

ficients suggest large and statistically significant correlations between the physician

performance based on the ACSCs and in the strep test-based measure. Moving up 1

standard deviation in the strep-test-based measure decreases the incidence rate of

COPD admissions relative to other physicians by 0.19 of a standard deviation, 0.11 for

UTI related admissions, 0.19 for bacterial pneumonia – related admissions and 0.10

for Dehydration-related admissions. As ACSC occurrence correlate with indicators

designed to reflect within-clinic behavior completely in the physician’s control, we

14ATC: J01CE02
15The physician can still prescribe penicillin V even if the test is negative
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Table 1.2: ACSC and quality metrics

(1) (2) (3) (4)
ACSC hospitalization for COPD UT BP DH

Strep-Test Based Quality -0.189*** -0.105*** -0.185*** -0.105***
(-0.0248) (-0.0274) (-0.0279) (-0.0282)

Observations 2,425 2,425 2,425 2,425
R-squared 0.039 0.013 0.033 0.015

Notes: The association between mean ACSC occurrence and test-based quality metrics. We base our
calculations of clinical quality dimensions on all patients at the clinic. Both dependent variables and the
test-based quality metric is measured in standardized clinic level shares, to allow for comparison across

the dimensions. The interpretation of the coefficient in e.g. column (1) is that a 1 standard deviation
increase in the test-based measure is correlated with a reduction in the incidence rate of COPD of 19% of a
standard deviation. Linear probability regressions. All models control for time and regional dummies, and

standard errors are clustered at clinic level. *** p < 0.01, ** p < 0.05, *p < 0.1

confirm that the ACSC-based clinical quality measure is a viable proxy for the quality

of clinical care that is attributable to the physician.

1.6.1 Clinical quality, patient adherence, and patient outcomes

Table 1.3 shows the results from individual-level panel regressions of hospitalization

risk, measured as a binary variable, on the clinical quality dimension of physician

management styles. The quality dimensions are standardized with mean zero and

unit standard deviations, and coefficients should be interpreted as the impact of a one

standard deviation increase in the quality dimension on the outcome of interest. In

the basic models presented in columns (1) - (9) we demonstrate that the ACSC-based

quality measure and the test-based compliance with guidelines measure perform

similarly as predictors of patient health outcomes. This offers further evidence in

favor of the validity of ACSC-based measures as indicators of physician clinical quality.

In column 1 of panel A the regression includes only calendar year fixed effects and ge-

ographic region fixed effects. Taking the results at face value, a one standard deviation

increase in clinical quality decreases the probability of a CVD-related hospitalization

by 0.13 percent. Taken relative to the outcome mean of 5.7 percent this is a relative re-

duction of 2.3 percent. Column 2 shows the corresponding results when we consider

the association with interaction skills: a one standard deviation increase in physician

interaction skills decreases the probability of a CVD event by 0.0734 percent (which
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is 1.3 percent of the outcome mean). Column 3 demonstrates that our test-based

measure that is constructed using a physician compliance with an office procedure

for diagnosis of a condition unrelated to hypercholesteromia yields a coefficient of

the same sign and similar magnitude as the ACSC-based quality measure. Controlling

for individual level socio-demographic information and health status (proxied here

through the Charlson comorbidity index) in columns 7, 8 and 9 reduces the estimates

of the clinical quality measures by about 50 percent, as compared to columns 1 and

3, which is an indication that the clinical quality measures in part reflect the patient

mix. In contrast, the estimate of the interaction skills is only marginally reduced as

more controls are added.

Column 10 shows the estimated coefficients when we include both the ACSC-

based clinical quality and interaction skills measures and control for patient charac-

teristics. One standard deviation increase in the clinical quality measure decreases

the probability of a CVD-related event by 0.0611 percent, or about 1.1 percent evalu-

ated at the mean; an identical change in the communication skills measure results

in a decrease of 0.0691 percent, or 1.2 percent evaluated at the mean. The estimates

from models including the test-based measure instead of the ACSC measure are very

similar.16

Panel B reports the same specifications as in panel A, but adding patient fixed

effects, to control for time-invariant individual level unobserved heterogeneity. Strik-

ingly, the point estimates for the clinical quality across both measures are now all

very small in size and statistically insignificant. In contrast, the estimates of the asso-

ciations between physician interaction skills and CVD-related hospitalizations are

more or less unchanged after the inclusion of the patient-level fixed effects. These

results indicate that the observed correlation between the measures of physician

clinical quality and patient health outcomes is driven by patient composition.

16 Inclusion of both metrics of clinical quality does not change the coefficients of either.
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The models in Table 1.4 are identical to those presented in Table 1.3, but the

outcome is now the log of CVD-related hospitalization expenditures in DKK. The

pattern is the same as for the hospitalization risk. Once individual level heterogeneity

is accounted for the effects of clinical quality become much smaller and statistically

insignificant. Consistently across all specifications a one standard deviation increase

in communication skills is associated with a 0.24-0.3 percent decrease in CVD-related

hospitalization expenditures. In appendix tables A.1 and A.2 we re-do tables 1.3 and

1.4 respectively for single physician clinics only. The results are similar.

1.6.2 Sensitivity Analysis

We now present a set of sensitivity analyses where we estimate the model including

only patients who saw more than one PCP. We focus on two groups in particular:

patients who relocated their residence and thus had to change physician and patients

whose original physician practice closed. It is unlikely that patients would move

residence because they want to switch physicians or that practices would close

because of the quality of the patient load. That is why estimates based on these two

subsamples are less likely to be affected by selective patient-physician matching.

The sample size is reduced considerably to approximately 10% of the original for

two reasons: first, we discard those individuals who stay with the same physician

for the entire observation window, and secondly, we focus on the time period close

around the switches (results are similar if we include time periods further away from

the switches; see appendix Tables A.3 and A.4). We assign the old physician’s clinical

and interaction quality measure to the years during which the patient is visiting that

physician; the new physician’s respective measures for the years after the change.

Note that in regressions including patient fixed effects reported in Panel B of Table 1.3,

the source of identifying variation is similarly within-patient and across physicians

and comes from patients who form more than one physician-patient pair. Thus, we

would expect the estimates from the sensitivity analyzes to be similar to what we

report in those specifications.

The results are reported in Table 1.5. Panel A reports the estimates from the

general pooled regressions and Panel B presents the corresponding estimates from

models including patient fixed effects. Overall, the coefficients on the clinical quality

measure are small and statistically insignificant in all sub-samples and specifications.

For the two groups of switchers where the separation from the physician is plausibly

due to non-health related reasons we see comparable estimates to those of the
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Table 1.5: Associations between quality and Cardio-Vascular-Disease risk

(1) (2) (3) (4) (5) (6)
Outcome CVD hospitalization

Panel A: No Patient Fixed Effects
Clinical Quality ACSC 0.000 0.000 0.0201

(x100) (0.0243) (0.0351) (0.0415)
Communication Skill -0.0803*** -0.0794*** -0.114** -0.112** -0.0885*** -0.0905***

(x100) (0.0267) (0.0269) (0.0545) (0.0548) (0.0326) (0.0332)
Clinical Quality AB -0.0203 -0.032 0.021

(x100) (0.0286) (0.0637) (0.0431)

Observations 340,486 340,486 85,168 85,168 80,401 80,401
R-squared 0.055 0.055 0.059 0.059 0.056 0.056

Panel B: Including Patient Fixed Effects

Clinical Quality ACSC 0.0102 0.0268 0.000
(x100) (0.0222) (0.0303) (0.0347)

Communication Skill -0.0743*** -0.0756*** -0.106** -0.105** -0.0624* -0.0652**
(x100) (0.0235) (0.0238) (0.0427) (0.0433) (0.0321) (0.0328)

Clinical Quality AB 0.0105 -0.03 0.0521
(x100) (0.0277) (0.0518) (0.0403)

Observations 340,394 340,394 84,881 84,881 80,385 80,385
R-squared 0.494 0.494 0.52 0.52 0.495 0.495
Year FE Yes Yes Yes Yes Yes Yes
Region Yes Yes Yes Yes Yes Yes
Ind. Cov Yes Yes Yes Yes Yes Yes
Comorbidities Yes Yes Yes Yes Yes Yes
Sample All Shifters All Shifters Residential Residential Clinic closures Clinic closures

Notes: Associations between physician quality metrics and Cardio-Vascular-Disease hospitalization risk.
Linear probability regressions. The table only includes observations for t=-2,0-2 for individuals who are

separated from their physician before t=0. Standard errors are clustered at clinic level. *** p < 0.01, **
p < 0.05, *p < 0.1

full sample. Considering switches due to clinic closures in columns 5 and 6, we

find that the estimates are qualitatively the same as those for the entire sample

(columns 1 and 2). For those who switch physician due to residential relocation

(columns 3 and 4) the point estimate is numerically larger at -0.114. We report the

results for the hospitalization expenditures in Table 1.6 panels A and B, and the

results are comparable to those of Table 1.4; for the sample of all movers we find

that one standard deviation increase in communication skills decreases CVD-related

hospitalization expenditures by 0.275 percent
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Table 1.6: Associations between quality and Cardio-Vascular-Disease related
health care costs

(1) (2) (3) (4) (5) (6)
Outcome: Ln (Hospital Expenditure)

Panel A: No Patient Fixed Effects
Clinical Quality ACSC 0.000 0.0539 0.0586

(x100) (0.0988) (0.148) (0.167)
Communication Skill -0.317*** -0.312*** -0.421** -0.409** -0.355*** -0.361***

(x100) (0.107) (0.108) (0.196) (0.198) (0.133) (0.135)
Clinical Quality AB -0.0933 -0.199 0.0717

(x100) (0.115) (0.259) (0.169)

Observations 340,419 340,419 85,115 85,115 80,401 80,401
R-squared 0.057 0.057 0.062 0.062 0.058 0.058

Panel B: Including Patient Fixed Effects
Clinical Quality ACSC 0.0385 0.164 -0.0241

(x100) (0.0883) (0.121) (0.136)
Communication Skill -0.275*** -0.280*** -0.359** -0.354** -0.255** -0.264**

(x100) (0.0919) (0.0929) (0.156) (0.157) (0.126) (0.128)
Clinical Quality AB 0.0387 -0.00166 0.00185

(x100) (0.106) (0.00208) (0.0015)

Observations 340,327 340,327 84,828 84,828 80,385 80,385
R-squared 0.506 0.506 0.533 0.533 0.505 0.505
Year FEs Yes Yes Yes Yes Yes Yes
Region Yes Yes Yes Yes Yes Yes
Ind. Cov Yes Yes Yes Yes Yes Yes
Comorbidities Yes Yes Yes Yes Yes Yes
Sample All Shifters All Shifters Residential Residential Clinic closures Clinic closures

Notes: Associations between physician quality metrics and Cardio-Vascular-Disease hospitalization risk.
Linear probability regressions. The table only includes observations for t=-2,0-2 for individuals who are

separated from their physician before t=0. Standard errors are clustered at clinic level. *** p < 0.01, **
p < 0.05, *p < 0.1

1.6.3 Patient sorting and physician communication skill

While we to some extent control for the endogeneity of deciding to separate from the

current physician, a concern in the above analysis is that the results may be driven

by high-adhering patients systematically sorting into physicians who are good at

managing adherence in their patients. While it is reassuring that the coefficient to the

interaction skill is not affected by the inclusion of patient observables and unobserved

time-constant heterogeneity, we do one last exercise to check whether patient sorting

drives our results. For our two mover groups, we standardize the communication skill

metric pre-move and relate this to the standardized change in the communication
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skill metric from the pre-move physician to their post-move physician. We then non-

parametrically estimate this relationship. In case of perfect sorting we would observe

a flat relationship in the proposed regression of post on pre-move skills - in terms

of communication skills, individuals would systematically move between similar

physicians. In figure 1.2 we plot the nonparametric estimates for the individuals

affected by clinic closures and relocations. OLS estimates from linear regressions are

also reported. For both groups, there is a clear negative relationship. This implies

individuals who are with physicians with the highest communication management

skills (pre-separation) experience the largest reductions. Similarly, on average the

individuals with poorer communication management skill physicians experience

the largest increases in quality post-move. While it is important to emphasize that

this is by no means a formal test of random assignment of patients to physicians, it

does provide suggestive evidence against the concern that high adhering individuals

systematically select physician with high levels of communication management skills.

We repeated the exercise for the two clinical quality metrics. For both of these metrics

the results are similar to figure 1.2, however the relationship seems to be slightly

flatter; see appendix figure A.1.

1.7 Conclusions

The contribution that physicians have to patient health, while intuitive, is not well

understood. As quality contracts become increasingly popular across various health

care systems, it is important to understand what facets of individual physicians’

health management style have meaningful contributions to health outcomes and to

what extent they vary across physicians. The physician’s ability to correctly diagnose

and treat common conditions is one of the central tenets of quality contracts. But

the link between these skills and patient outcomes is at best tenuous. Critics have

emphasized that the patient mix is an important and under-researched contributor

to variability of outcomes conditional on physician clinical skill. This research uses

the population of Danish statin users between 2004 and 2008 and their providers

to show that differences in patient composition account for the estimated associa-

tions between physician clinical quality and patient outcomes. On the contrary, the

physician’s communication skills, as proxied by the average patient’s adherence with

prescribed therapy, remain predictive of health outcomes even after accounting for

individual patient heterogeneity (and thus patient composition). Further, using an
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Figure 1.2: Interactive -skill sorting patterns by separation status

Notes: Local polynomial smooth of standardized change in adherence facilitation from old to new
physician on standardized pre-move adherence facilitation. Values on the first axis is the previous

standardized interactive skill. Values on the second axis are changes in standardized values of interactive
skills. OLS coefficients from linear regressions are also reported.

instrumental variables strategy we show that individual health behavior (proxied by

patient adherence with medications) has large and negative effects on the probability

of hospitalization, and that the simple correlations between adherence and health

outcomes significantly understate the true effects.
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Table A.3: Associations between physician quality metrics and
Cardio-Vascular-Disease hospitalization.

(1) (2) (3) (4) (5) (6)
Outcome: CVD hospitalization

Panel A: No Patient Fixed Effects
Clinical Quality ACSC 0.006 0.011 0.011

(x100) (0.024) (0.343) (0.04)
Interactive Skill -0.069*** -0.068*** -0.089* -0.089* -0.070** -0.069**

(x100) (0.0253) (0.0254) (0.052) (0.052) (0.034) (0.034)
Clinical Quality AB -0.026 -0.008 -0.016

(x100) (0.027) (0.059) (0.038)

Panel B: Including Patient Fixed Effects
Clinical Quality ACSC 0.007 0.008 0.008

(x100) (0.02) (0.027) (0.032)
Interactive Skill -0.072*** 0.071*** 0.12*** 0.12*** 0.068*** 0.070***

(x100) (0.023) (0.023) (0.04) (0.041) (0.032) (0.032)
Clinical Quality AB -0.014 -0.01 -0.006

(x100) (0.026) (0.052) (0.034)

Observations 503,527 503,527 133,612 133,612 125,063 125,063
R-squared 0.4 0.4 0.4 0.4 0.39 0.39
Year FEs Yes Yes Yes Yes Yes Yes
Region Yes Yes Yes Yes Yes Yes
Ind. Cov Yes Yes Yes Yes Yes Yes
Comorbidities Yes Yes Yes Yes Yes Yes
Sample All Shifters All Shifters Residential Residential Clinic closures Clinic closures

Notes: The table includes observations for all pre and post periods for individuals who are separated from
their physician before t=0. Standard errors are clustered at clinic level.
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Table A.4: Associations between physician quality metrics and
Cardio-Vascular-Disease hospitalization expenditures

(1) (2) (3) (4) (5) (6)
Outcome: Ln (Hospital Expenditure)

Panel A: No Patient Fixed Effects
Clinical Quality ACSC 0.054 0.0634 0.024
(x100) (0.011) (0.147) (0.15)
Interactive Skill -0.341*** -0.338*** -0.314* -0.311* -0.283** -0.281**
(x100) (0.111) (0.112) (0.185) (0.186))) (0.137) (0.139)
Clinical Quality AB -0.072 -0.098 -0.063
(x100) (0.136) (0.024) (0.0149)

Observations 503,527 503,527 133,612 133,612 125,063 125,063
R-squared 0.057 0.057 0.062 0.062 0.058 0.058

Panel B: Including Patient Fixed Effects
Clinical Quality ACSC 0.02 0.056 0.015
(x100) (0.097) (0.0111) (0.13)
Interactive Skill -0.282*** -0.288*** -0.428*** -0.419** -0.29*** -0.30**
(x100) (0.098) (0.099) (0.15) (0.016) (0.124) (0.13)
Clinical Quality AB 0.0591 -0.081 0.014
(x100) (0.124) (0.21) (0.131)

Observations 503,527 503,527 133,612 133,612 125,063 125,063
R-squared 0.506 0.506 0.533 0.533 0.505 0.505
Year FEs Yes Yes Yes Yes Yes Yes
Region Yes Yes Yes Yes Yes Yes
Ind. Cov Yes Yes Yes Yes Yes Yes
Comorbidities Yes Yes Yes Yes Yes Yes
Sample All Shifters All Shifters Residential Residential Clinic closures Clinic closures

Notes: The table includes observations for all pre and post periods for individuals who are separated from
their physician before t=0. Standard errors are clustered at clinic level.
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Table A.5: List of ICD-10 Codes used to classify Cardio-Vascular-Disease

ICD-10 Description

Myocardial Infarction:
I21 Acute Myocaridal Infarction
I22 Subsequent myocardial infarction
I252 Old myocardial infarction

Congestive Heart Failure:
I43 Cardiomyopathy in diseases classified elsewhere
I50 Heart Failure
I099 Other Reumatic Heart Disease
I220 Subsequent myocardial infarction of anterior wall
I232 Hemopericardium following AMI
I255 Ischaemic cardiomyopathy
I420 Dilated Cardiomyppathy
I425 Other restrictive cardiomyopathy
I426 Alcoholic cardiomyopathy
I427 Cardiomyopathy due to drugs and other external agents
I428 Other Cardiomyopathies
I429 Cardiomyopathy, unspecified

Peripheral Vascular Diseases:
I70 Atherosclerosis
I72 Other aneurysm and dissection
I732 Other Peripheral Vascular diseases
I738 Other specified peripheral vascular diseases
I739 Peripheral vascular disease, unpsecified
I772 Rupture of artery
I790 Aneurysm of aorta in diseases classified elsewhere
I792 Peripheral angiopathy in diseases classified elsewhere
K552 Angiodysplasia of colon
K558 Other vascular disorders of intestine
Z958 Presence of other cardiac and vascular implants and grafts
Z959 Presence of cardiac and vascular implant and graft, unspecified

Diabetes:
E11 Type 2 diabetes mellitus
E12 Malnutrition-related diabetes mellitus
E13 Other specified diabetes mellitus

Notes: ICD 10 codes used to classify admissions as CVD-hospitalization. CVD hospitalization expenditures
are expenditrues associated with these admission codes.
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Table A.6: Correlation between CVD hospitalization and ACSC measures

CVD UTI DH COPD BP

CVD 1
UTI -0.0043 1
DH -0.0103 0.2606 1
COPD -0.0116 0.2637 0.2618 1
BP -0.0080 0.2293 0.2742 0.4347 1

Notes: Column (1) show correlations between hospitalizations with CVD on individual level and quality
dimensions in leave-one-out physician levels of hospitalizations with Urinary Tract Infections,

Dehydration, Chronic Obstructive Pulmonary Disease and Bacterial Pneumonia. Columns (2)-(5) show
the correlations between quality dimensions. The correlations in column (1) is used to weigh the quality

dimension in construction of the clinical quality dimension.
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Figure A.1: Sorting patterns of quality measures by separation status

Notes: Sorting patterns of quality measures by separation status. Local polynomial smooth of
standardized change in adherence facilitation from old to new physician on standardized pre-move

adherence facilitation. OLS coefficients from linear regressions also reported.

A.1.2 Conceptual model

As a simple illustration of the impact of heterogeneous physicians’ skills, consider a

two-period model of take-up of preventive cholesterol lowering prescription drugs.

Due to the uncertainty about the arrival of future health shocks, the nature of preven-

tive medicine is that costly investments are undertaken early-on, potentially reaping

future benefits.

Let an individual be affiliated with the same primary care physician, j , for both

periods17 In period 1 the individual faces a binary decision to adhere18 to a certain

treatment: A1 = (0,1). That is, either the individual follows the prescribed therapy

or not. In period 2 a CVD-shock arrives stochastically at a rate depending on an

individual baseline risk. In a latent variable freamework let

17That is: J (i , t ) = j (i ,1) = j (i ,2) = j
18Simplifying the adherence decision to a binary decision, corresponds to defining adherent as being

above/below a certain adherence threshold. Alternatively, one can simply think of this as a daily decision.
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CV Di =
{

1 if Xi ≤ 0

0 otherwise

where

Xi ∼ N
(
αi −γC

j −1[A = 1]θi ,1
)

αi is an individual baseline risk and γc
j is the clinical(mean-shifting) physician

quality; 1[A=1] is an indicator function of adhering to the treatment in period 1 and θi

is the perceived benefit of adhering to the prescribed treatment form the individual’s

point of view. Let θi = g (γI
j ) where g ′ > 0 and g ′′ < 0. That is, the expected individual

benefit is a strictly increasing concave function of interaction skill of the primary care

physician of individudal i . Let ε∼ N (0,1). then,

E [CV Di |A] = p(CV D|A) = pr ob(αi −γC
j −1[A = 1]θi +εi > 0)

=Φ(
αi −γC

j −1[A = 1]θi
)

where Φ is the cummulative standard normal density function. The difference

between αi and εi is that αi is known at time t = 1 such that E1[αi ] = 0 while ε is only

realized at time t = 2 such that E1[εi ] = 0

The individual obtains utility over the two periods conditional on the choice of

adherence status:19

u(A1) = u1(A1)+E1
[
u2

(
CV D2(A1, A1

)]
where period 1 utility is:

u1 =−cA1[A1 = 1]

and period 2 utility is

u2 =−ccvd 1[CV Di = 1|A1]

cA is cost of adhering to treatment, cCV D is the costs of suffering a CVD shock in

period 2, and 1[CV Di = 1|A1] is an indicator for CVD shock in period 2 conditional

on adherence choice in period 1. As there is no period 3, investment is never optimal

19Having omitted time-discounting,β= 1 for simplicity. Including discounting introduces the potential
for underinvestment – that individuals choose not to adhere due to the discounting making the present
costs too large.
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in period 2. Investment is undertaken in period 1 if:

u
(

A1 = 1
)> u

(
A1 = 0

)
⇒−cA − ccvdΦ

(
αi −γC

j − g
(
γI

j

))>−ccvdΦ
(
αi −γC

j

)
⇒−cA + ccvd

[
Φ(αi −γC

j )−Φ(
αi −γC

j − g (γI
j

))]> 0

The term in the square brackets is the expected reduction in the likelihood of suffering

a CVD. Hence, the individual will adhere to the treatment, if the benefits in terms of

expected reduced costs from suffering a CVD in period 2 exceeds the costs of adhering

in period 1. Note that the clinical quality also affects the decision to adhere through

the baseline risk of suffering from a CVD.

To graphically illustrate the impact of the physician effect rewrite the equation

above as:

−cA + ccvdΠi
(
g
(
γI

j

))> 0

whereΠi
(
g
(
γI

j

))=Φ(
αi −γC

j

)−Φ(
αi −γC

j − g
(
γI

j

))
. As g is continously differentiable

and injective, so isΠi and the inverse functionΠ−1
i exist and we can write

−cA + ccvdΠi
(
g
(
γI

j

))> 0

⇒ g
(
γI

j

)>Π−1
i

(
cA

ccvd

)
≡ c̄i (A.1)

The index i reflect that the value of c̄i depends on αi . Static analysis clearly reveals,

that the individual is more likely to adhere to the costly treatment the higher the

physician’s interaction skills measure γI
j and the higher the costs of suffering from a

CVD, ccvd . The individual is less likely to adhere the higher the cost of adherence in

period 1, cA . In figure A.2 we plot the left- and right hand side of (A.1) against γI
j . For

three physicians {A,B ,C } where γI
B > γI

A > γI
C , the individual chooses to adhere to the

prescribed treatment if associated with physician B, while affiliation with physician

C would result in non-adherence. The individual is indifferent regarding adhering

if associated with physician A. Hence for all values of γI
j > γI

A the individual would

always choose adherence over non-adherence.

"Always-takers" and "never-takers"20 in terms of adherence arise due to differ-

ences in baseline risk of suffering a CVD in period 2. In figure A.3 we plot the expected

benefits for three different individuals {1,2,3} and their respective costs {c̄1, c̄2, c̄3}

20 Individuals who always or never would adhere to the prescribed treatment, regardless the physician
they were matched to.



42 CHAPTER 1. DO HIGH QUALITY PHYSICIANS HAVE HIGH QUALITY PATIENTS?

Figure A.2: The decision to Adhere with various physicians

Notes: Benefits vs. costs of adherence for a representative patient as a function of physician interaction
skill with three different physicians A, B or C. As γI

B > γI
Aγ

I
C association with physician B will lead to

adherence, whereas physician C will lead to non-adherence. Physician A is the marginal physician in
terms of adherence facilitation, as the individual is indifferent whether or not to be adherent

where c̄1 > c̄2 > c̄3. . As can be seen, association with either of the physician A, B and

C would leave individual 1 non-adherent, whereas individual 3 would be adherent

regardless of physician association. Individual 2 is identical to the individual in figure

A.2 and her adherence is influenced by the choice of physician. Thus, there exists

a group of patients who behave differently in terms of self- health management

depending on their physician’s ability to motivate adherence with prescribed therapy.
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Figure A.3: The decision to Adhere with various costs

Notes: Benefits vs. costs of adherence for three patients with varying expected benefits as a function of
physician-association with three different physicians A, B or C. Individual 3 will be adherent regardless of
which physician he is assigned to, while it never is optimal for individual 1 to be adherent. Individual 2 is

identical to that in figure A.2

A.1.3 Quality metrics

If there is a physician component in determining hospitalizations from Ambulatory

Care Sensitive Conditions, we can estimate the physician quality dimension from

means of residualized individual level indicators for admission with an ACSC. Our

goal is to combine the available ACSCs into one time-constant physician specific

measure based on all individuals affiliated with a physician, QC
j . We do this in several

steps. First we calculate leave one out measures for each individual i and type k of

ACSC at time t as
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AC SC k
−i t j =

∑
h 6=i AC SCh

n j t −1

This denotes the fraction of patients with a ACSC of type k at physician j at time t

excluding individual i. Next, we combine the leave one out measure of the k different

types of ACSCs into one metric. Let H Ii t denote this index comprised of k categories

of ACSCs using information on all patients affiliated with physician j except individual

i:

H Ii t =
k∑

r=1
ωr AC SC k

−i t j ,

where ωr is the correlation between CVD hospitalization and ACSC hospitalization.

We choose to construct the weights in this way because we are ultimately interested

in estimating the effects of clinical quality on the probability CVD-related hospital-

izations. In this way, we have used information on all of the doctor’s patients other

than individual i to construct the health index, such that it varies across individuals

within physician.

To account for patient composition and calculate the time constant physician

quality we first residualize the patient level health index and then collapse the cal-

culated residualized means across time on a physician level using information of

patients other than individual i affiliated with the same physician as individual i.

Letting QC
j denote the estimate of the clinical quality of physician j, we start of by

residualizing H Ii t :

H Ii t =αi +Xi tδ1 +µi t (A.2)

where Xi t contains time varying covariates of individual i – including dummies for

comorbidities . If there exist systematic differences attributable to the physician, the

error-term in (A.2) must have the following structure:

µi t = γC
j +ηi t

where γC
j denotes a physician fixed effect and ηi t is normal distributed with mean

zero and constant variance. After obtaining the residuals from an estimation of

equation (A.2) by OLS, we calculate leave-one-out means on the physician-year level:

QC
j t =

1

n j t −1

∑
h 6=i

µ̂ht

where n j t is the number of patients affiliated with physician j at time t. Finally, letting

T j denote the number of periods we observe physician j, we collapse the estimated
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QC
j t to construct a time constant physician specific measure of clinical quality:

QC
j = 1

T j

T j∑
τ=1

QC
j t

In this way we have used information on all other patients across time, at your chosen

physician to construct a time constant measure of clinical quality. The interactive

quality metric is constructed in a similar fashion. On the base of all statin users with

at least two claims, m j t starting from the analogue to (A.2):

Adhi t =αi +Xi tδ2 +µi t (A.3)

following similar steps, we estimate the interactive metric as

Q I
j =

1

T j

T j∑
τ=1

(
1

m j t −1

∑
h 6=i

ˆµht

)
, (A.4)

where µ̂ht are residuals from (A.3), and m j t is the number of statin users at clinic j at

time t .
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This paper estimates the impact of opioid analgesic (opioids) use on labor supply and productivity.

Leveraging the entire universe of Danish primary care providers and claims data, I identify the effect of

opioid use from variation in physician leniency to prescribe opioids. To account for non-random patient

selection into physician practices, I estimate a peer effects model to document how the leniency flows

across spatially connected physician peers. To isolate the endogenous peer effect I rely on non-overlapping

networks with temporal variation in peers due to practice entry and exits. I find that an increase in opioid

leniency of 1 standard deviation of a random physician peer increases the focal physicians leniency by

approximately 6% of a standard deviation. I apply this model in a simulated IV setting, thus instrumenting

the individual opioid treatment intensity by the leniency attributable to physician peers. My results

imply that a 10% increase on the mean in opioid - equivalent to 4% of a standard deviation - reduces an

individuals labor market income percentile rank by .5 percentage points. Furthermore it does not decrease

the numbers of days on short-term disability.
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2.1 Introduction

This paper is concerned with the links between opioid use, physician behaviors, and

individual level labor market and disability outcomes. Opioid use is a major, current

public health issue and when it comes to the fall-out of opioid use, no country is

more challenged than the United States. The number of Americans who have died

of an drug overdose has increased by more than 200% since 2000, and nearly two

thirds of those were in relation to opioids(Rudd et al. (2016)). The rise in overdose-

related deaths extend to both genders and across age and racial groups - enough for

medical professionals, public figures and politicians to name the opioid epidemic a

national public health emergency (Dart et al. (2015)). As it is highly suspected that

legally obtained opioids often precipitate transition into illegal substance use (Jones

et al. (2013), Muhuri et al. (2013)), focus has recently shifted toward reducing the

unnecessary exposure to opioids in the health care sector. Prescribers of legal opioids

are naturally at the center of this, and several programs have been implemented to

reduce the exposure. These efforts include but are not limited to state-wide regula-

tions such as prescription drugs monitoring programs, pain management practice

laws and doctor shopping laws. (Kilby (2016), Weiner et al. (2017))

To turn the tide on the epidemic, policy makers and physicians need clear evi-

dence of the origins and impacts of opioid use. However, despite the attention the

opioid epidemic has received, the connection between opioid use and labor market

performance remains poorly understood. Seminal work by Case and Deaton (2015)

argues that the opioid epidemic is in fact a case of "deaths of despair". Individuals are

turning to recreational high intensity use of opioids as their labor market prospects

become increasingly futile: Hollingsworth et al. (2017) and Charles et al. (2018) show

that deaths related to use of opioid analgesics vary with macroeconomic conditions.

Hence, there is evidence suggesting that opioid use is the result of worsened labor-

market prospects.

However, the picture is blurred by Currie et al. (2018), as they show how county

level employment does not correlate strongly with county level prescriptions of opi-

oids. Furthermore, while it is acknowledged that opioids come with severe side-effects

(e.g. Rosenblum et al. (2008)), the treatment is intended to relieve acute or chronic

pain. As existing literature has shown how reducing functional pain can have positive

impacts on labor market attachment (Garthwaite (2012), Butikofer and Skira (2015))

the impact of increased opioid treatment on labor market outcomes is theoretically
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ambiguous, as it might allow some individuals to repress pain and remain attached

to the labor market. Hence, whether unemployment drives opioid use or whether

opioid use drive labor market performance are really still open questions.

In this paper I shed light on the two-way deadlock between opioid use and em-

ployment by showing that opioid treatment intensity does affect labor market per-

formance negatively. I do this by leveraging rich Danish administrative registers

including individual-level data linking patients, prescribers and labor market out-

comes. As previous work have established that distinct physician practice styles exist

(Currie et al. (2016), Koulayev et al. (2017)), and physician seems to vary in terms

of opioid leniency (Sabatino et al. (2018), Smulowitz et al. (2016) and Upadhye et al.

(2018)), there is an immediate and intuitive appeal to use leniency as an instrument

of opioid use, in the mold of the extensive case-worker literature (Kling (2006) , Doyle

(2007)). However, as physicians and patient, contrary to e.g. judges and suspect, are

not randomly assigned, applying this strategy in the current setting has its own set of

selection issues. Particular high demand patients, with poor expected labor market

performance, might select more lenient physicians. Such sorting would drive a nega-

tive relationship between opioids and labor market performance. Additionally, if a

physician who is very lenient with opioids e.g. also has a higher tendency to overlook

high cholesterol levels or prescribe anti-depressants extensively, the impact of opioid

prescription leniency does not exclusively measure the impact of increased opioids.

Ultimately, patient selection and the potential direct effects of the physician could

drive a negative relationship between opioid use and labor market outcomes that

invalidate the leniency measure as an instrumental variable candidate.

Instead of utilizing prescription leniency, this paper leverages the extent to which

temporal changes in treatment behavior of other nearby providers, drives changes in

individual physician opioid leniency. As a physician’s network is known to influence

his treatment decision (Epstein and Nicholson (2009), Molitor (2016), Cutler et al.

(2015)), time-varying physician leniency attributable to whether providers in the

immediate vicinity practice relatively more or less aggressively offers an instrumental

variables candidate. Conceptually, the strategy resembles that of Currie and Gruber

(1996) who simulate changes in state level mean eligibility to health insurance from a

Medicaid Expansion, and Chetty et al. (2014), who estimate the impact of tax credits

on labor supply by modelling local knowledge of the earned income taxed credit.

Using highly detailed Danish administrative data, my approach to estimate the

impact of opioids on labor market outcomes proceeds in three separate steps. First,
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I separate patient demand from primary care physician behavior, by identifying

leniency off patient mobility. To do so, I rely on models with two-sided heterogeneity

(patient and physician) as presented in Abowd et al. (1999) and Abowd et al. (2002).

This type of model has traditionally been applied to labor markets ((Abowd et al.

(1999), Card et al. (2015)), but has recently been increasingly applied in a patient-

provider setting (Koulayev et al. (2017) , Markussen and Røed (2017)). Secondly, I

estimate a dynamic model of how changes in local leniency levels affect a physician’s

leniency. This model is based on recent work on peer effects in social networks

(Bramoullé et al. (2009) , Boucher and Fortin (2015)). I construct catchment areas for

each provider in Denmark, using legislative restrictions on provider choice coupled

with geographical data on specific residences of patient as well as practice locations.

Armed with this information, I construct a complete non-overlapping network of

primary care physicians, where each provider’s set of peers is unique. Using physician

exits and entries to provide within-physician variation in peers across time, I estimate

how leniency flows through this network. I do this by utilizing that for each focal

physician, there exists excluded peers – peers of peers that are not peers of the

focal physician. Bramoullé et al. (2009) show how the existence of such excluded

peers, allow for identification of endogenous peer effects. As I augment the peer-

effects model with plausible exogenous variation in peers I am able to control for

the contamination of correlated effects (Angrist (2014)). Finally, I use the estimated

peer effects model to predict physician specific leniency. This simulated leniency,

which measure the temporal changes in leniency, as predicted by changes in peer

behavior, is used as an instrument for opioid use. While patients might select into

specific physicians (even conditional on a physician fixed effect) I assume that they

do not select into physicians based on changes in exogenous characteristics of that

particular physician’s network. This assumption would be violated if patients selected

into particular practices because the nearby practices e.g. increasingly became female.

As this is a plausible assumption, instrumenting opioid use by simulated leniency

allows me to estimate robust effects of opioid usage, where selection into physicians

has been accounted for.

This paper contributes to several branches of existing literature. First, I establish a

robust link between opioid use and labor market performance. I find that simulated

leniency predicts opioid treatment intensity, and find that on the mean an increase of

10% of opioid treatment intensity (equivalent to 4% of a standard deviation) reduces

labor market income ranking by 0.42 percentage points. Furthermore, I find no
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effects on days on short term disability (an insignificant effect of 0.4 days from a

10% increase in opioid treatment intensity). Secondly, I add to a large literature on

physician practice style formation by documenting how the practice style evolves

spatially and temporal across physicians. My estimates imply, that if a random peer

of the focal physician increases prescription leniency by 1 standard deviation, the

focal physician increases her prescription leniency by app. 6% of a standard deviation.

Additionally, by combining a simple model of peer effects with plausible exogenous

variation in peers to estimate physician peer effects in opioid leniency, I add to

a mature literature on simulated IV. Finally, the existence of peer effects show how

policies to reduce opioid prescriptions has the potential to multiply across physicians,

thus enhancing the expected efficacy of such policy interventions.

The rest of the paper is organized as follows: Section 2.2 presents a short overview

of the state of the literature. Section 2.3 presents the institutional setting, section 2.4

sets up the empirical strategy and section 2.5 presents the data and descriptive statis-

tics. Section 2.6 lays out the results, while section 2.7 presents robustness analysis.

Finally section 2.8 concludes.

2.2 Previous Literature

Melzack (1990) captures the early excitement that physicians had regarding the use

of opioid in pain management. This paper (entitled "The Tragedy of Needless Pain")

argues that contrary to recreational use, opioid analgesics taken to counter pain,

would not cause addiction. The paper is representative of an increasingly liberal view

on using opioids in the treatment of chronic non-cancer pain in the early 1990’s. Even

though only weak evidence existed at the time1, the sentiment among physicians

was to promote usage of opioid analgesics to counter persistent or chronic pain

(Manchikanti et al. (2010)) .

Despite the increase in prescriptions, the scientific community remains uncertain

about the effectiveness of the drugs. Chou et al. (2009) conduct a review of the existing

medical literature, to evaluate the evidence on the long term effectiveness of opioid

treatment. This study finds, that almost all randomized trials evaluated a horizon

shorter than 17 weeks. No experiments followed patients for more than a year, and

they conclude that reliable conclusions about the effectiveness of long-term opioid

therapy are not possible, due to the limited available evidence.

1Melzack (1990) is cites an experiment that followed 38 patients across time
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The interconnectedness between health and labor market performance is often

ascribed to the work of Grossman (1972), who establishes that health is a contributor

to productivity on par with education. More contemporary discussions relating gen-

eral health to wealth and consumption is detailed in e.g. Case and Deaton (2005) or

Smith (2005), and the general consensus is that health is a highly influential deter-

minant for classic economic outcomes such as labor market income and retirement

decisions. Specifically recognizing that treatment of pain is important for labor mar-

ket outcome is evident from work by Garthwaite (2012) and Butikofer and Skira (2015).

Both papers present evidence that reducing pharmaceutical pain coverage is associ-

ated with lower employment rates and higher exit rates to disability. There is a new

and rapidly growing literature shedding light on the relationship between opioid use

and labor market outcomes. In addition to observational studies, the overarching

identification strategies span either state-level reforms to access of opioids (Kilby

(2016)) or regional variation in opioid prescription level (Harris et al. (2017), Laird

and Nielsen (2016) and Currie et al. (2018))2. They all rely on an implicit conditional

independence assumption of the matching of patients to physician/regional practice

style, but stresses that prescription style matters for patient utilization.

2.3 Institutional Setting

2.3.1 Health Care, prescription drugs and insurance in Denmark

All Danish citizens are covered by the Danish universal health care system. This

tax-funded system is organized in five regions that supply the health care. They run

and manage all in-patient care and hospital based out-patient care. Primary Care

Physicians operate as private entities and act as gatekeepers to the rest of the public

health care system. Physicians are organized in practices, which can house several

practising physicians.3 All primary care physicians, practicing specialists, physiother-

apists etc. are licensed by the state, and are reimbursed based on terms established

in collective barganing agreements between the regions board for wages and tariffs

and the organizations representing the respective profession. The geographical dis-

persion and location of practices are controlled by the regions through the allocation

of practising licenses. However, once obtained, the licence to practice medicine in

2Only Laird and Nielsen (2016) has access to individual level data
3This is the level of observation in this paper. While this might seem limiting, Jansbøl et al. (2012)

alleviate these concerns as interviews with Danish primary care physicians reveal that within practice
treatment variation is seen as an undesirable feature, which they are actively trying to minimize.
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a certain area can be resold to other physicians. Furthermore, once the practicing

license is obtained by a physician the regions the regions cannot decide to close

practices in areas with high physician to population ratios, and move practices to

areas with lower ratios.

To be able to obtain care under the publicly funded health insurance, patients

must consult the physician with which they are enlisted. The set of physicians that

individuals can choose to enlist with, is restricted by geographical distances from

their residence. Patients in rural areas must choose physicians practising within 15

km of the residence address, while patients in densely populated areas must choose

within 5 km. Once individuals have chosen their primary care physician, there is

a token fee of 150 DKK - equivalent of app. 25 dollars - associated with shifting to

another one.

Practices are capped by 2,500 patients per physician, and after reaching 1,600 per

physician the practice can state that it is closed for take-up. The scope for supply side

selection is very limited: A physician cannot legally prohibit patients from choosing

her as primary care provider as long as the practice is not closed for patient entry.

Furthermore, the physician can only in very extremes cases e.g. violence or threats

exclude patients from their practice.4

After obtaining a prescription from your primary care physician, prescription

drugs are administered through licensed pharmacies. These are private entities,

but prices faced by patients are identical across the country as prices are deter-

mined nationally in a bi-weekly auction between pharmaceutical companies. The

co-insurance ranges from 0% to 85% - with a 100% coinsurance for catastrophic

coverage or chronics - in discrete steps that depends on the total expenditure in

the current re-imbursement year. The reimbursement year resets one year after the

first purchase of a reimbursable prescription drug. For details on the scheme see e.g.

Simonsen et al. (2016). 5

2.3.2 Sickness Pay, Disability and Pensions

The Danish Labor market have several income insurance schemes depending on your

age, health, and job status. Individuals older than 65 are eligible for the public state

pension, which is a fixed transfers irrespectively of your assets or the working status

4This happen very rarely. A total of 458 patients experienced this in 2017.
5From 2012 Prescriptions of strong opioids( e.g. Oxycontin ) are subjected to governmental surveil-

lance, and after january 1st 2018 weak opioids( e.g. Tramadol) were included as well. This does not occur
during my observation period.
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of your spouse. From the age of 60, individuals can choose to go on early retirement,

which is a lower transfer than the public state pension.

Individuals that fall ill are eligible for short term disability regardless of their

employment status. The employer is liable for the short term disability for the initial

weeks, before the state takes over. In case the individual is deemed not able to return

to an employable state, one can apply for Disability Insurance. Disability insurance

provides a constant stream of income every year until individuals choose to go on

early retirement, or are eligible for the public state pension.

2.4 Empirical Strategy

In this section I present my empirical strategy of determining the impact of opioid

treatment intensity on labor market outcomes. That is, I investigate opioid use on

the intensive margin. The primary reason for this is that evaluating on the extensive

margin, the "at-risk" population is not well specified, and a meaningful comparison

group is not immediately available. On the other hand, comparing individuals more

or less intensively treated, provides a neat margin on which the changes can occur.

My strategy relies on the premise that the treatment behavior of a physician to an

extent is a dynamic process, where local treatment styles align across physicians

due to e.g. competition, patient preferences, or knowledge spill-overs. The temporal

variation in presciption leniency that arise as physician networks evolve is used to

instrument opioid utilization of patients; a strategy of simulated IV that is inspired by

Currie and Gruber (1996) and Chetty et al. (2013).

My analysis consist of three parts. The first part lays out how I separate physician

prescription leniency from patient demand. In the second I construct physician

network and use these to estimate a peer effects model. Finally I leverage the peer

effects model to provide robust estimates of opioid use on labor market outcomes.

2.4.1 Prescription Leniency

My first step is to properly define and estimate prescription leniency. I refer to pre-

scription leniency as the parameter that determine the degree to which similar

patients would obtain opioid coverage of different intensity, solely due to seeing

different physicians. While it is natural that opioid prescription intensities vary across

practices due to patient composition, prescribers also vary in beliefs on the benefits

to the individual (Cutler et al. (2015)). Leniency is what determines the difference in
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treatment intensity that identical individuals would experience from seeing different

physicians.

For a simple illustrative purpose, suppose the physician’s perceived gain, U (), to

the patient from treatment intensity x can be expressed as:

U (x) =
∫ x

0
Gi (γ j )− c(x)d x

where x is the treatment intensity, Gi (γ j ) is the individual gain and c(x) is the cost

from treatment intensity. Let G ′
i (γ j ) < 0, c ′(x) > 0 and c ′′(x) ≥ 0. Furthermore I nor-

malize limx→0 c ′(x) = 0, such that the marginal cost of treatment is negligible at first

for all individuals. As the opioid treatment intensity is determined as the point where

Gi (γ j )−c(x) = 0, the higher prescription leniency, γ j , the higher the opioid treatment

intensity, such that the same individual, i , would obtain different levels of treat-

ment intensity by seeing different physicians, j and k, with different leniency levels

γ j and γk . This situation is depicted in figure 2.1 below where I plot the function

F (x) =Gi (γ j )− c(x) as a function of x.
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Figure 2.1: Physician leniency and optimal opioid treatment intensity
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Notes: This figure illustrate how the affiliation with different physicians A and B , with different
prescription leniencies, γA

j and γB
j , can yield different realizations of opioid treatment intensity. αi and

Xi are individual unobserved and observed characteristics respectively.
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In the model I take to the data, the optimal intensity of opioid treatment for an

individual in a given year, xi t , is a linear function of an individual specific component

αi , time-varying individual covariates Xi t , the opioid leniency of ones physician γ j t

and idiosyncratic shocks ψi t capturing temporal individual shocks not related to

the physician. The prescription leniency is allowed to vary across time as I wish to

estimate a dynamic treatment style:6

xi t =αi +γ j t +Xi tβ+ψi t , (2.1)

This linear model with two-sided heterogeneity has been frequently implemented

in the labor litterature (see e.g. Abowd et al. (1999), Card et al. (2015), and Bagger et al.

(2013)). In terms of health economics, Markussen and Røed (2017), Finkelstein et al.

(2016) and Finkelstein et al. (2018) are recent examples of the utilization of the two

way fixed effects model. They both relate directly to this paper. Markussen and Røed

(2017) estimate the model to investigate the impact of competition on physician

leniency in approving sickness benefits for Norwegian workers, and Finkelstein et al.

(2018) uses the model as a basis for decomposing the share of person- and place-

specific factors in opioid abuse.

The model exploits that individuals are observed at different physicians across

time to simulataneous estimate distributions of individual and physician contri-

butions to opioid consumption. See Abowd et al. (1999) or Abowd et al. (2002) for

a details on the identification of the model. However, it is important to note that

unbiasedness of αi and γ j t hinges on the absence of particular mobility patterns.

In particular, I rule out match-specific components - the prescription leniency is

assumed to be the same for all patients. This implies that whileαi and γ j t are allowed

to correlate, individual patients are assumed not to select physician based on gains

for that specific individual others would not have achieved. In other words, mobility

induced by individual specific physician level shocks not affecting other patients

lead to biased estimation of γ j t . Abowd et al. (1999) show that γ j t is only identified

relative to an arbitrarily set reference physicians such that prescription leniency of

physicians is measured relative to each other within a given year.

6 Assuming linearity of G and c is equivalent to Gi =αi +γ j t +Xi tβ+εi t and c(xi t ) = xi t such that;
F (xi t ) = 0 ⇒ xi t =αi +γ j t +Xi tβ+ψi t
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2.4.2 Peer effects among Primary Care Physicians

In spite of a substantial literature on physician practice styles, the understanding of

the dynamics is still a work in progress. While large regional variation in treatments is

well established, a more recent literature show that within market variation exist (e.g.

Epstein and Nicholson (2009), Koulayev et al. (2017), and Cutler et al. (2015)). Molitor

(2016) show from physician migrating that physicians who practice similarly prior to

the move, assimilate to local practices. By examining residential relocators Finkelstein

et al. (2016) finds that only 40-50% of the geographic variation in treatment intensity

can be attributed to demand-side factors, while place-specific supply side factors

drive the remaining variation. Finkelstein et al. (2018) finds that the numbers are

70%-30% respectively when it comes opioid abuse. Further, Cutler et al. (2015) finds

that Physician organizational factors (such as peer effects) do matter and that 17

percent of U.S. health care spending are driven by physician beliefs unsupported by

practiceal evidence. Hence, there is plenty of room for supply side variations, and

it is natural to hypothesize that supply-side alignment to an extent is the result of

between physician interactions and spill-overs. While it is difficult to disentangle the

source or transmission routes of the spill-over, previous work have identified several

potential channels.

Inter-practice competition is a potential driver of spill-overs. This is shown in a

recent literature on competition and physician behavior. Markussen and Røed (2017)

estimate the impact of competition for patients, on the physician leniency in approv-

ing sickness absence. They find that physicians on a fixed-fee contract, to a lesser

extent respond to the intensity of local competition than physicians reimbursed on a

per capita basis. Their findings are supported by Brekke et al. (2017) who show that

exposing the same physician to environments with less competition decreases the

amount of approved sickness absence. Gravelle et al. (2018) further supports spatial

competition as a source of spill-over, as they find that increased competition among

English primary care physician practices improves quality. In line with these previ-

ous findings, one would expect that physicians respond to high opioid prescription

leniency of peers, by increasing their own leniency to retain or attract patients.

Alignment of leniency could also be the result of knowledge spill-overs. Yang et al.

(2014) provide evidence of this, as they estimate positive peer-effects within-hospital

physicians. Closest to my setting, Nosal (2016) identifies peer effects in adoptation

of new technology as primary care physicians work in several practices. Hence, if

inter-collegial discussions of opioid treatment behavior is another plausible gateway
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to leniency spill-overs. 7

Finally, Burke et al. (2010) propose that regional physician alignment is a result of

common patient preferences. While the nature of this dimension conceptually resem-

bles the competition dimension, they show how patient living close to eachother, but

with diffent primary care physician, constitute a channel of physician spill-over, as

the preference alignment between the patients, spill-over into treatment alignment.

This would imply that e.g. neighbours or coworkers would discuss the treatment style

of their primary care physicians and physicians would receive signals of this, through

the patient demands.

While these suggested channels theoretically justifies the existence of peer effects

in primary care, I will not proceed to disentangle these alleys. Working under the

premise that physicians spatially close potentially affect each other, I will assess the

impact of peer behaviour in general.

The Network and identification of Peer effects

After obtaining the distribution of physician leniency from (2.1) I present the model.

The inherent challenges of estimating peer effects in any setting consists of defining

peers of the focal individual and separating actual peer effects – the effect of the spe-

cific composition of peers - from correlated effects – covarying behavior among group

members caused by common trends (Manski (2000)). Furthermore, the separation of

the effect of the endogenous choices made by peers from the exogenous character-

istics of peers, as a challenge for any investigator of peer dynamics. In practice; the

plethora of strategies applied to deal with the intricacies of peer effects estimation

(Sacerdote (2014)) highlights that any researcher attempting to estimate peer effects

is basically faced with two inherently intertwined problems: Properly defining peers

and identifying exogenous variation within the defined set of peers.

The first problem I confront, is the definition of peers of primary care physician

practices. As the network of a physician matters for treatment choices (Molitor (2016),

Epstein and Nicholson (2009)), I would ideally survey all physicians and sets of peers

would be determined based on responses. As such highly detailed peer relations data

7In a Danish setting with primary care physicians operating as self-employed entities, Jansbøl et al.
(2012) documents that the practice style alignment across practices exist. They interview primary care
physicians and find that experience sharing across practices is a primary source of updating knowledge
regarding new treatments and clinical guidelines. That Danish primary care physicians rely on physicians
outside the practice is further supported by Kjellberg (2012), who concludes that in 11% of the consultations
physicians interact with clinicians outside the practice, while they only do so within practice in app. 2% of
the consultations.
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is rarely available in observational studies, previous work has relied on affiliation

with predefined formal entities such as classrooms, workplaces or municipalities 8 to

restrict the peer set. There is no meaningful predefined legislative or geographical

entity for primary care physician practices in Denmark, where peer effects poten-

tially could be confined to. To operationalize spatial peers in primary care, I define

treatment areas for each physician, as the 15km catchment radius surrounding the

practice where residing individuals potentially can choose that particular physician

as their primary care physician. Individuals living in the catchment area of the physi-

cian is referred to as potential patients. I then define peers as physicians who share

potential patients to any extent. Unless separate practices are situated in the exact

same adress9, treatment areas are non-overlapping by definition, and for any focal

physician, peers potentially have peers not in the peer-set of that particular focal

physician. I refer to these as second level peers or excluded peers (Bramoullé et al.

(2009)). As this concept easily generalizes to 3rd level peers (and even further if need

be), I can construct a complete non-overlapping network to separate the endoge-

nous peer effects from the contextual peer effects based on the method proposed

in Bramoullé et al. (2009). While the peer-set is somewhat definitorial, it creates a

tangible closeness/proximity ranking of peers, as measured by the extent of overlap

of catchment areas. This ranking will be a part of the extensive sensitivity checks I

expose my results to.

While the application of the network-structure allows me to estimate the leniency

multiplier, variation in peers plausible orthogonal to the behavioural leniency deci-

sion of the focal physician is required to identify a robust/causal leniency multiplier.

To accomplish this, my preferred specification utilizes within-physician variation

in peers over time. This variation originates from entries and exits of physicians in

markets. Entries are highly limited by the government issued licenses, but the exits

are due to a wide range of reasons - the most prevalent being retirement. 10

While Bramoullé et al. (2009) assumes that correlated effects only exists up to

a network fixed effect, I recognize the concern promoted in more recent literature

(e.g. Angrist (2014)) suggesting that time trends in omitted variables should not be

confused with peer effects. In my case, an increasingly older or sicker population in

a region, could be mistaken for more lenient physicians in the region. To account

8Sacerdote (2014)
9This does happen, with the only implication being that they do not contribute to identifying ea-

chothers peer-effect.
10I investigate the sensitive to the type of exits, and find qualitatively identical results.
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for this concern, I include highly detailed demographics of potential patients on a

physician specific level as a proxy of such local secular trends11.

The basic model

Let I j t be the pool of potential patients of physician j at time t defined by her

treatment area. I define a First level peer as a physician h whose patient pool Iht

partially overlaps the catchment area of physician j . Let H− j t be the complete set of

all other physicians than physician j in Denmark at time t . Then the complete set of

first level peers for physician j in period t is

F j t = {h ∈ H− j t | I j t ∩ Iht 6= ;}. (2.2)

The second level peers of physician j , is the set of physicians whose patient pool

does not overlap with j , but overlaps with (at least) one first level peer of physician j ,

F j t . The complete set of second level peers for physician j in period t is:

S j t = {k ∈ H j t \ F j t | ∃h ∈ Ht | h ∈ F j t ,k ∈ Fht }. (2.3)

Similarly 3r d level peers can be constructed as the set of physicians that are first

level peers to the second level peers of physician j , but not first level peer with either

first level peers of physician j nor physician j itself. Let T j t denote the set of third

level peers for physician j at time t .

The traditional linear-in-means model 12 relates the outcome of the focal physi-

cian to behavior of peers. That is I model the leniency of the focal physician , γ j t , as a

function of average peer prescription leniency γ̄F j t = 1
#F j t

∑
h∈F j t t

γht , average peer con-

textuals, X̄F j t = 1
#F j t

∑
h∈F j t t

Xht , own contextuals, X j t , time dummies, δt and, region

fixed effects, ψr .

γ j t =β1γ̄F j t +β2 X̄F j t +β3X j t +
R∑

r=1
1[ρ = r ]ψr +

2010∑
τ=2004

1[τ= t ]δt +ε j t , (2.4)

the OLS estimate of β1 from (2.4) would be biased due to the simultaneity in

leniency decision among peers. 13

11This is the evolution in demographics in the population in a radius of up to 15 km around the
physician practice

12e.g. Manski (2000), Sacerdote (2014)
13In addition to the simulteneity issues, there might exist correlated effects, common shocks to networks

that would drive co-varying prescription behaviour. The potential presence of correlated effects is what
motivates my use of the panel structure in the next section.
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Figure 2.2: Sample Physician Network

hj k

14

IV approach

As I am interested in moving beyond determining whether peers matter, and actually

quantify the magnitude of the social multiplier in leniency decisions of primary care

physicians, I need a strategy to circumvent the simultaneity issues presented above.

For identification of the endogenous peer effect, I use the fact that the geographical

dispersion of physicians in Denmark creates a non-overlapping network of physicians.

As shown in Bramoullé et al. (2009) the non-overlapping nature of network allows me

to identify all parameters and avoid the reflection problem, Manski (1993).

The technical identification of endogenous peer effects relies on the fact that

the geographical dispersion of physicians in Denmark creates a non-overlapping

network of physicians. As shown in Bramoullé et al. (2009), Lee (2007) and De Giorgi

et al. (2016) the non-overlapping nature of the network allows me to identify all

parameters in the model. To intuitively realize why this is the case, recall the specifics

of the special case of simultaneity dubbed the reflection problem. In simultaneous

equations terminology, Manski (1993) discuss the classic linear-in-means model and

shows that in a linear model with 4 structural parameters, identification fails as the

linear-in-means only recover 3 reduced form parameters. Bramoullé et al. (2009)

show that networks that do not overlap perfectly, can in fact identify all parameters

in the in the linear-in-means model.

To present the intuition behind the empirical approach, I illustrate how the exis-

tence of non-overlapping networks can provide identification of endogenous peer
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effects in a very simple network.15. The network is illustrated in figure 2.2 and consists

of a network of only 3 physicians. For each physician j , h and k the dotted lines mark

their catchment areas, thus making physician j connected to physician h who is con-

nected to both j and k. Physicians j and k are not connected. Within this framework

the system of equations reads:

γ j t =β1γht +β2Xht +β3X j t +ε j t , (2.5)

γht =β1
γ j t +γkt

2
+β2

X j t +Xkt

2
+β3Xht +εht , (2.6)

γkt =β1γht +β2Xht +β3Xkt +εkt . (2.7)

such that each physician leniency γ j t is a function of the their peers prescribing

leniency, γht , their peers contextual charateristics X− j t and their own contextuals

X j t . 16. It is straight-forward to show that the reduced form of the system reads,

γ j t =
(
β2

1(β2 +β3)

1−β2
1

+β2

)
Xht +

β2
1(β3 +β2)

1−β2
1

(
X j t +Xkt

2

)
+β3X j t +η j t , (2.8)

γht =
β1β2 +β3

1−β2
1

Xht +
β1β3 +β2

1−β2
1

(
X j t +Xkt

2

)
+ηht , (2.9)

γkt =
(
β2

1(β2 +β3)

1−β2
1

+β2

)
Xht +

β2
1(β3 +β2)

1−β2
1

(
X j t +Xkt

2

)
+β3Xkt +ηkt , (2.10)

where η j t ,ηht , and ηkt are comprised by linear combinations of the structural

error terms. The systems of equations above illustrates how the introduction of

excluded peers enables identification. In (2.5)-(2.7) there are three structural parame-

ters, hence identification requires three reduced form parameters as well. This is the

case for physician j and k which can be seen in (2.8) and (2.10). However identifica-

tion fails for physician h as can be seen in (2.9), as there is only identified two reduced

form parameters. The presence of the exogenous characteristics of second level peers,

e.g. Xkt in (2.8), is what ensures the identification. From inspection of the systems of

equations above, it is clear that conditional on existence of true second-level peers,

contextual (exogenous) characteristics of these second-level peers is a natural instru-

ment for the peer effects of the focal physician. Conditional on exogenous network

formation, Xkt is uncorrelated with ε j t but affects γ j t through γht . This is exactly the

main concept, that is generalized in e.g. Bramoullé et al. (2009). Finally, it is clear that

15This follows Giorgi et al. (2010)
16For simplicity, I omit all time and region, variables as well as controls for own patient composition
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if all physicians were directly connected as first level peers, one could not identify the

parameters as it would not be possible to separate the effect of peer contextuals X− j t

from the effect of endogenous peer characteristics, γ− j t .

In practice, I calculate the mean leniency of first-level peers in the following way.

I let the mean leniency of first level peers be denoted by γ̄F j t , which if calculated

directly would suffer from simultaneity. To account for this simultaneity in peer

prescription leniency, I run the first stage, for h ∈ F j t and k ∈ S j t :17

γht =µX̄kt +
R∑

r=1
1[ρ = r ]ψr +

2010∑
τ=2004

1[τ= t ]δt +ηht (2.11)

and use the fitted values from (2.11) to calculate the simulated leniency of peer

prescription leniency:

γ̄F j t =
1

#F j t

∑
h∈F j t

γ̂ht , (2.12)

2.4.2.1 Panel structure and identifying variation

The most important purpose of the inclusion of the physician fixed effects, is that it

confines the analysis to within physician variation in peers. Given the geographical

anchoring of the physicians, and their inability to cream-skim among the potential

patients, the composition of the set of potential patients does not change much

across second and third level peers over time. Hence, identification of the social

leniency multiplier comes from variation over time in the average peer organizational

practice-level characteristics. These are characteristics such as fraction of female

peers and fraction practices open for new take-up of patients. As very few of the

practices varies over time in the organizational observables, the identifying variation

arises as practices enter or exit the network. Ultimately my preferred specification is;

γ j t =β1γ̄F j t +β2 X̄F j t +β3X j t +α j +
2010∑
τ=2004

1[τ= t ]δt +ε j t . (2.13)

Bramoullé et al. (2009) show that in order to identify all parameters in a setting

with a network fixed effect, one needs to go one step further in the network, and use

variation in contextual variables at third level peers as instruments.18

The within-network variation in peer-sets across time used to estimate peer

effects is sketched in figure 2.3. This figure depicts a sample network of physicians

17This is equivalent to the 2SLS of Lee (2007)
18This corrensponds to k ∈ T j t in eq (2.11)
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Figure 2.3: Evolution of sample network over time.

(a) Network period t (b) Network period t +1

Notes: When Practice D closes between period t and t-1, the peer composition of Practice A changes. This
temporal variation in peer sets allows me to include a physician fixed effect in the peer effects model.

with physician A as focal physician. Panel (a) depicts the first-level peers in red -

B,C, and D - and the second level peers in blue- E through J. Panel (b) depicts a

hypothetical situation where phys D exits the market in period t +1. This leaves the

peer network of physician A to consist only of first level peers B and C, and second

level peers E, F, G and H. Hence, the peer group changes from period t to t +1 due

to the exit of physician D, and identification of peer effects with focal physician

fixed effects uses the variation in prescription leniency across time that arises due to

changes in networks as depicted in figure 2.3. While not as impactful, exits of peers

such as I or J would also add to the identifying variation.

Even though I estimate the peer effects based on plausible exogenous changes in

peer compositions, the standard problem of local trends in omitted variables might

still be a concern. Previous literature have attempted to include advanced local time-

trends or observables that reflect the suspected omitted variables to alleviate this

concern (e.g. Black et al. (2013)). In my case, I could mistake an increasingly ageing or

sicker population with a greater need for treatment for increased leniency. To address

this evolution, I control for the evolution in patient composition of individuals in the

set of potential patients. These should be viewed as flexible, very local time varying

regional controls.

Finally, while I control for the time-varying correlated effects through the compo-

sition of potential patients, non-random provider selection into networks based on

the characteristics of the practice environment orthogonal to {X̄F j t , X j t ,α j ,ψr ,δt }
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might still be present. This would be the case if physician choose their networks,

based on the evolution of opioid leniency. Ultimately, the absence of such selection

will be a matter of assumption in this paper, as one can only be certain that this

assumption is not violated, if physicians were randomly distributed across catchment

areas. However, as a practice-license to practice is needed to open a practice and I

construct physician specific networks, the freedom to choose one’s peers perfectly

is highly impeded. Hence, the scope for assortative selection not controlled for by

the regional dummies and patient composition is highly limited.19 As far as exits

concern, I show in section 2.7.2 that conditioning on the prescription leniency level

of the physician practice environment does not increase the probability of exiting.

I take this to indicate that neither high or low leniency physicians are "driven" to

retirement by local practice style.

2.4.3 Labor Market Effects of Opioid consumption

Having established the presence of peer effects among physicians, my final step is to

investigate how opioid consumption affect labor-market outcomes for the patients

taking the opioids. The strategy introduces simulated leniency. This is the leniency

level as predicted by the peer effects model. I used simulated leniency in a first-

stage of yearly defined daily doses of opioid consumption, and a second stage to

assess the impact on labor market outcomes. Formally, simulated leniency is the

prescription leninency of physician j , as predicted by the peers and the peer leniency

the focal physician j is exposed to. The attempt to simulate prescription behaviour

of physicians by peer effects, has to my knowledge not been implemented before,

but leans heavily on the work by Currie and Gruber (1996) on simulated eligibility in

health insurance, and more recently in Chetty et al. (2013) using regional knowledge

of the EITC to investigate bunching in labor market income. Based on the leniency

estimated from (2.1), I estimate the labor market impact of opioid usage in the

following three steps:

Stage 0: Let λ j t denotes simulated leniency of physician j in period t . After

obtaining β̂1, β̂2 and β̂3 from (2.13) and predict the simulated leniency of physician j

from

λ j t = β̂1γ̃F j t + β̂2 X̃F j t + β̂3 X̃ j t , (2.14)

19In my preferred specification with a physician fixed effect, the regional dummies are omitted, and
the physician fixed effect accounts for this.
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where λ j t is simulated leniency , x̃ = x − x̄ denotes within physician demeaned

variables, and γ̃F j t is leniency of first level peers as instrumented by third level peers

exogenous characteristics obtained from equation (2.12)

Stage 1: I predict opioid treatment intensity, DDDi t
20, from the first stage on

simulated leniency:

DDDi t = θ1λ j t +θ2Zi t +α j +
2010∑
τ=2004

1[τ= t ]δt +εi t (2.15)

where Zi t contains information on individual characteristics including education,

gender, age and health status. α j is a physician fixed effect.

Stage 2: Finally, I estimate the impact of opioid consumption on labor market

outcomes, Yi t of individuals:

Yi t =µ1 �DDD i t +µ2Zi t +α j +
2010∑
τ=2004

1[τ= t ]δt +εi t (2.16)

In addition to the crucial assumption of exogenous network formation, the esti-

mated prescription leniency is a valid instrument for opioid utilization if

a) λ j t is relevant in (2.15)

b) λ j t is uncorrelated with εi t in (2.16)

While a) is easily tested fulfilment of condition b) is ultimately a matter of as-

sumption. However, as λ j t is based on evolutions in exogenous characteristics of the

network, it is a plausible assumption, as it is violated only if individuals select into

physicians based on temporal within-physician evolution in exogenous characteris-

tics of the physicians network. 21

This is a vastly different and much weaker assumption than what previous lit-

erature have suggested. Patient selection is not the only potential threat to validity.

20DDDi t indicates "defined daily doses" which I will describe in greater detail in the next section
21 This easily follows from the linearity of all systems. Note that b) is fulfilled if,

E [λ j t εi t |α j , Zi t ,ψr ] = 0 ⇒ E [
(
β̂1γ̃F j t

+ β̂2 X̃F j t
+ β̂3 X̃ j t

)
εi t |α j , Zi t ,ψr ] = 0

⇒E [β̂1γ̃F j t
εi t |α j , Zi t ,ψr ]+E [β̂2 X̃F j t

εi t |α j , Zi t ,ψr ]+E [β̂3 X̃ j t εi t |α j , Zi t ,ψr ] = 0

as γ̄F j t
= 1

#F j t

∑
h∈F j t

µ̂X̄T j t
is a solely a function of third-level peer characteristics(time and region dum-

mies omitted) , see (2.12) , Xkt ,k ∈ T j t then so is γ̃ j t = γ̄F j t
− 1

N j

N j∑
n=1

γ̄F jτ
, where N j is the number of

periods I observe physician j . Hence the instrument is valid if conditional on {α j , Zi t ,ψr } there is no
selection into the evolution of exogenous characteristics of physicians in the network.
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Even after conditioning on a physician fixed effect, evolution in opioid leniency could

potentially represent evolutions in other treatments that affect labor market out-

comes. If areas, where prescription leniency falls over time, simultaneously tends to

increase e.g. prescriptions of cholesterol lowering drugs, the effect of lower leniency

might simply be due to alternative treatments. To investigate this, I construct several

dynamic measures of physician quality that reflect evolutions in treatment practices

of other dimensions. Controlling for these dimensions does not affect my results.

2.5 Data & Descriptives

I merge several Danish administrative databases, to construct my datasets. My pri-

mary source of data is the database for pharmaceutical claims which contains infor-

mation on the entire universe of prescription drugs purchases in Denmark. From this

database I establish the physician-patient link that is central to my analysis. I link the

patient to who is the primary prescriber in a given year, I obtain rich demographic

information from administrative social security data22 and from hospitalization data

I calculate highly detailed comorbidities.

I also have access to a unique dataset23, that contains information on the choice-

set of primary care physician for each adult individual in Denmark for the period

2004-2010. I use this data to construct networks of physicians linked through their

potential patients.

2.5.1 Opioid-users & Primary Care Physician -Patient link

I use the Danish Pharmaceutical Database which contains information on the en-

tire universe of prescription drug purchases in Denmark, to obtain information on

patients and physician links. For the period 2004-2010 I obtain information on all

individuals with a claim for opioid analgesics. Every transaction in the claims data

contains information on ATC-code, and I use N04A as indicating an Opioid purchase.

N04A covers both mild opioid (e.g. Tramadol ) and the stronger opioid (Oxycodon).

The claims data identifies the prescribing practice, and I use this to construct the

patient-prescriber link. As previously mentioned, my level of observation is the pri-

22Every Dane has a unique Social Security Number which connects the administrative databases
23I am very grateful to Emilia Simeonova, Niels Skipper and Sergei Koulayev for allowing me to use the

GIS data
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mary care practice. 24 I measure yearly opioid consumption in defined daily doses.

This is a standard WHO measure which is defined as "...the assumed average main-

tenance dose per day for a drug used for its main indication in adults."25 It is used

as it provides a fixed unit of measurement, and enables me to conduct comparision

between groups and across time. This is essential, as I seek to estimate physician

leniency evolution across time.

I limit the sample to individuals who only obtain opioids from a single prescriber

in a given year. I do this as I wish to estimate timevarying physician prescription

leniencies on a yearly basis26, and need the physician-patient link to resemble the

total amount of opioid-consumption in the specified time-period.27

Thus my main dataset contains yearly information on individuals with at least

one opioid claim, the total number of defined daily doses, and a link between in-

dividuals and their prescribing entity. I further augment the prescription data with

highly detailed information on demographics and comorbidities. The comorbidities

are calculated as an aggregated Charlson-Comorbidity Index as of december 31st

each year (Quan et al. (2005)). The index assigns a point-value to each comorbidity,

reflecting the added mortality risk it carries. I implement a dynamic version, where

hospital admissions are carried over each year, to capture a development in mortality

risk as well as a level. I lag the index one year relative to the observation period to

avoid simultaneity in the determination of health stock and opioid consumption.

Facing a monumental set of available variables describing individual labor-market

performance, I calculate the labor market income rank, similar to that implemented

in Chetty et al. (2014) and Laird and Nielsen (2016). It is constructed as an average on

cohort, gender and time level. I choose this as a main outcome, as it covers both the

extensive and intensive margins of the connection to the labor market, and allows for

direct comparisons across time. In the appendix, I present models of the labor market

flows, reflected by dichotomous indicators for employment, unemployment and non-

employment. While, I find that the income percentile rank is sufficient to reflect labor

market performance, I am also interested in assessing the curative nature of opioid

analgesic treatment. To assess this I estimate the impact of opioid treatment intensity

24In effect, the estimated leniency parameter is a patient weighted average of physician leniency within
the practice

25www.whocc.no
26Alternatively I could estimate time varying physician effects on an e.g. monthly level. This would, as

the preceding discussion highlighted ,require a significant amount of shifters each month. Furthermore, I
expect that the physician-leniency estimates to be rather noisy as I expect some degree of mean-reversion
in the numbers of daily doses prescribed

27This causes me to drop 4.8% of the individuals.
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on short term disability. This outcome has strengths and weaknesses when used to

reflect absence from work. It is well suited as one can receive short term disability

even while unemployed. Hence, it is not an outcome that is measured conditional

on employment. However, for the employed it is only observed if the absence spell

lasts at least 21 days, unless the firm has taken an insurance. For the unemployed

it is available for any claim of sickness absence. Conditional on observing the spell,

I observe the starting date. The outcome is measured as log of days on short term

disability in a given year. As data is measured on a yearly level, all outcomes are

measured one period ahead, to separate the timing of opioid use and labor market

decisions.

Table 2.1 presents descriptive statistics of opioid-users in Denmark by year. The

gender and age distribution of opioid users are stable over time, which also is the case

for the distribution of educations. Individuals with no education exceeding primary

school and individuals with vocational educations constitute the majority of users.

Similar to the general population, the population of opioid users living with 1 or more

comorbidity has increased. The average opioid user have remained under the median

in the income distribution across my observation period. The mean defined daily

doses claimed by the opioid users over the entire period is 80.24 (std dev of 189).

2.5.2 Physician Networks

The geographical anchoring of physicians allows me to spatially relate the physicians

to each other. I construct a complete network of all physicians who prescribe opioids

at some point. The set of potential patients in catchment area, I j t , is constructed

from a unique dataset containing information on exact distances of the residence of

individuals to all physicians that individual can choose from.

I categorize first-level peers as physicians who in a given year have at least one

patient who can choose either practice. In other words they have overlapping catch-

ment areas. Having identified first-level peers for each physician, second and third

level peers are identified as described in the previous section. Only physicians who

are linked to at least one other physician is included, and physicians without peers-

isolated nodes on e.g. islands - are excluded from the sample.

In the end, the network of physicians is a complete, imperfectly overlapping

network, where I for each physician construct a distinct sub-network of diameter
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Table 2.1: Descriptive statistics for opioid users by year

Year 2004 2005 2006 2007 2008 2009 2010

Age (0/1) -30 0.08 0.08 0.07 0.07 0.07 0.07 0.07
30-40 0.16 0.16 0.15 0.15 0.14 0.14 0.14
40-50 0.22 0.23 0.23 0.23 0.23 0.23 0.23
50-60 0.29 0.28 0.28 0.27 0.27 0.27 0.26
60-70 0.25 0.26 0.27 0.28 0.29 0.29 0.29

Education (0/1) Pri School 0.42 0.41 0.40 0.39 0.39 0.38 0.37
Sec. School 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Vocational 0.34 0.34 0.34 0.35 0.35 0.35 0.36
Short Ter. 0.17 0.17 0.18 0.18 0.18 0.19 0.19
Long Ter. 0.05 0.05 0.05 0.05 0.05 0.05 0.05

CCI (0/1) 0 0.77 0.75 0.74 0.72 0.71 0.70 0.69
1 0.13 0.14 0.15 0.15 0.16 0.16 0.16
2 0.06 0.06 0.07 0.07 0.07 0.08 0.08
3 0.02 0.02 0.02 0.03 0.03 0.03 0.03
4 0.01 0.01 0.01 0.01 0.01 0.01 0.01
5+ 0.01 0.01 0.01 0.02 0.02 0.02 0.02

Male (0/1) 0.43 0.43 0.43 0.43 0.43 0.43 0.43
Defined Daily Doses 77.2 76.9 78.7 80.0 82.4 83.0 82.5

(185.78) (185.78) (185.78) (185.78) (185.78) (185.78) (185.78)
Income Percentile Rank 0.383 0.385 0.386 0.389 0.386 0.386 0.387

(0.255) (0.256) (0.256) (0.258) (0.256) (0.255) (0.255)
Any Sickness Absence 0.16 0.17 0.18 0.17 0.17 0.17 0.16
Short term disability 28 114.8 120.5 133.8 136.6 136.7 136.7 132.4

(115.9) (118.9) (129.7) (129.1) (131.2) (126.2) (123.5)

Observations 153,679 164,206 171,614 176,956 180,597 184,591 194,699

Notes: Descriptive statistics for opioid users by year. Age is a dummy for age in a specific interval.
Education is a dummy for each category of education. CCI is a dummy for the dynamic Charlson

Comorbidity Index taking a specific value. For the continous variables I also report the standard deviation.
Defined Daily Dosis is measured in the contemporary period. Income percentile rank and sickness

absence is measured at period t+1. For comparison sake, the last column reports the descriptives for
nonusers in year 2007
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three29 and use it for identification. Table 2.2 contains descriptive information on the

physicians included in the sample. The first panel describes evolution of the organi-

zational characteristics of physicians. From 2004 to 2010 fewer physician practice in

solo practices, fewer practices are closed for patient uptake and the average number

of patients associated with practices have increased. The physician density, which is

constructed as the number of physician practices the average patient of each practice

can choose, remains stable. Panel B of the table includes data on the composition of

potential patients. These are the characteristics I use to control for general trends in

the area, which might be driving covariation in prescription behaviour. The number

of focal practices, identical to the number of distinct yearly networks, fluctuates some

but remains above 2000 distinct practices each year.

Physician entries and exits

The identification hinges on within-practice variation over time, and while table 2.2

shows a rather stable average number of peers on a national level, figure 2.4 highlights

that the compositions of physicians changes over time. The figure depicts the fraction

of first-time observed physicians (entries; in red) and the fraction of physicians that

are inactive the following year(exits; in blue). Evidently there are systematically more

exits than entries, reflecting the declining number of practices in table 2.2.

Data on the exact reason for either entering or exiting are not available, but from

the distribution of physician age at the time of exiting, the decision to retire will be

inputed from data, and separate analysis will be done on this selected sample. 30

2.6 Results

In this section I present my results. Section 2.6.1 presents evidence that the primary

care physician constitute an important factor for opioid treatment intensity, and that

the physician practice style do depend on peers.

Section 2.6.2 presents evidence that opioid consumption, as instrumented by

the simulated prescription leniency, has a negative effect on labor market income

percentile rank and does not reduce days on short term disability. Section 2.7 is

devoted to extensive robustness analyses.

29Each physician has a "Third-Level-Peer"
30See appendix for details
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Table 2.2: Physician level descriptive statistics

Panel A: Clinic Characteristics
Year 2004 2005 2006 2007 2008 2009 2010

Single Prac.(0/1) 0.66 0.65 0.64 0.62 0.59 0.55 0.58

Closed (0/1) 0.41 0.40 0.39 0.37 0.36 0.35 0.38

Phys. Dens. 38.8 39.0 39.03 40.04 39.31 39.27 39.11
(13.1) (13.1) (13.1) (12.7) (12.95) (13.06) (13.2)

Patients 2,431 2,429 2,461 2,495 2,545 2,604
(1,565) (1,571) (1,602) (1,621) (1,654) (1,677) (1,698)

Peers 152 153 153 157 154 154 153
(60) (60) (60) (58) (59) (59) (60)

Clinics 2,170 2,128 2,118 2,110 2,072 2,046 2,023

Panel B: Patient Characteristics
Year 2004 2005 2006 2007 2008 2009 2010

Male (0/1) 0.48 0.47 0.47 0.47 0.47 0.47 0.47

Immigrant (0/1) 0.08 0.08 0.09 0.09 0.09 0.10 0.10

Income 287,482 290,634 295,446 301,864 302,584 294180 297,353
(33,433) (35,073) (34,235) (35,051) (35,442) (31,957) (36,953)

PCP Expenditures 53.1 53.12 54.9 56.3 57.8 60.2 60.9
(3.51) (3.52) (3.60) (3.88) (3.96) (3.46) (3.35)

Age 48.36 48.55 48.71 48.87 48.88 48.92 48.98
(2.81) (2.88) (2.91) (2.92) (3.06) (3.16) (3.31)

CCI 0.01 0.01 0.01 0.01 0.02 0.04 0.06
(0.003) (0.005) (0.007) (0.01) (0.01) (0.01) (0.01)

Potential Patients 89,458 90,377 91,432 90,250 93,414 95,017 96,362
Common Patients 7,916 8,104 8,297 8,051 8,596 8,771 9,058
Overlap 0.089 0.090 0.091 0.089 0.092 0.092 0.094

Notes: Physician level descriptive statistics. Panel A contains information on organizational level
characteristics. Panel B contains information on average patient characteristics of all patients who live in

the treatment area of the physician (Potential patients).
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Figure 2.4: Exits and entries of physician by year.

Notes: Exits and entries of physician by year. The figure shows the fraction of physicians who exit ( are not
included next period) and enters (are observed for the first time) in the sample by year.

2.6.1 Evidence of peer effects in prescription leniency

Estimating the physician leniency

To estimate the physician leniency, I estimate a two way fixed effect model of yearly

log of defined daily doses of opioid31. The two-way fixed effects model allows me

to simultaneously estimate a yearly physician fixed effect and an individual patient

fixed effect, while allowing these to be correlated. The physician-year fixed effects

are identified off of individuals observed with different prescribing physicians across

time. From the sample of opioid-users the model is estimated on the largest possible

connected set of individuals and physicians, which requires patient movement across

time.32

The distribution of yearly prescription leniency, γ j t is estimated from (2.1). That

31I use the log of DDDs as the distribution of DDDs is left-skewed. While the mean in 80.24, the median
is 17

32In my dataset the set of patients and physicians connected by movers constitutes more than 99% of
individuals
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the physician matters for opioid treatment intensity is readily available from figure

2.5. This figure depicts the distribution of estimated physician leniency(left axis) and

the cummulative distribution(right axis). The distribution is normalized to the mean

leniency and I cap them at the 1st and 99th percentiles. The standard deviation is 0.32.

The variation in leniency from going from one physician to another is substantial.

As the outcome is measured in logs, moving one standard deviation in the leniency

distribution results in an increase of opioids treatment intensity of 37.7%. To grasp the

magnitude of the variation in prescription style, a move from the 1st percentile(least

lenient) to the 99th percentile(most lenient) of prescription leniency amount to a

difference of 357% 33 . This would imply, that if the mean patient (80.24 DDDs) moves

to a physician with a 1 standard deviation higher leniency it would increases his

treatment intensity by 30.3 DDDs.

Before estimating spillovers from the extensive network structure, I present some

evidence that there potentially is a spatial component in prescription leniency in

figure 2.6. Here, I present a map of the 98 municipalities in Denmark. The map depicts

the mean estimated prescription leniencies in the municipalities across time . The

intensity of red indicates the intensity of prescription leniency.34 From this figure,

it is evident that in 2004 the high intensity areas are locally centered around the

South-Western and North-Eastern parts of the peninsula of Jutland, and the western

parts of Zealand. It is also clear that while the estimated leniency increases across the

entire country over the observed time period, the leniency intensity seems to diffuse

from these high leniency areas. This indicate that there is a spatial component to

the evolution of prescription leniency, and thus brings credence to the concept of

physician spill-overs among spatial closely related physicians.

2.6.1.1 Estimating the impact of practice environment

While figure 2.6 provide graphical evidence that the prescription leniency diffuses

spatially, estimating such peer effects are still problematic due to the wealth of en-

dogeneity issues previously discussed. Having estimated prescription leniency and

constructed sets of peers, I estimate the model of peer interaction from(2.13):

33Increasing 0.32 in leniency implies an increase of (e0.32 −1) = 37.7% in DDDs. Similarly going from
the least to the most lenient physician increases opioid prescriptions by (e1.52 −1) = 357.2%

34 To allow for cross year comparisions, this figure is constructed by calculating quintiles of estimated
prescription leniency for the year 2004, and then applying these as cutoffs in the legend for the years
2006, 2008 and 2010. Furthermore, due to data confidentiality, at this stage I am only able to present
evidence based on municipality level regressions. The municipalities with missing values are omitted due
to data-confidentiality
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Figure 2.5: Distribution and cumulative distributions of estimated physician
leniency.

Notes: Distribution and cumulative distributions of estimated physician leniency. The physician leniency
is estimated from (2.1), where patient observables and unobservables are controlled for. The leniency is
only identified up to a normalization, hence I normalize the mean to zero, such that the distribution is

expressed in deviations from the mean. The distribution is capped at the 1st and 99th percentile

γ j t =β1γ̄F j t +β2 X̄F j t +β3X j t +α j +
2010∑
τ=2004

δτ+ε j t .

where X̄F j t includes the organizational practice level covariates of first level peers

and X j t includes the organizational practice level covariates of the focal physicians

and average controls of potential patients of the focal physician. The organizational

practice level covariates include whether the practice is a single practice, whether

it is closed for take-up of patients, the number of listed patients and the physician

density in the region. γ̄F j t is the instrumented prescription leniency from eq (2.12).

Ultimately, I observe 2,381 unique practices over an average of app. 6 years for a total

of 14,271 observations.

A common, but remediable, challenge in the peer effects literature is to obtain

estimates with sensible interpretations. In this paper, I present two versions of the
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Figure 2.6: Evolution in estimated prescription leniency over time

2004 2006

2008 2010

Notes: Evolution in estimated prescription leniency over time. Higher intensity of red indicate higher
intensity of presciption leniency. Due to data confidentiality, the effects in the map are estimated on

municipality level.
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peer effect. The first version relates the leniency of the focal physician to the leniency

of the practice environment relative to other practice environments. The second ver-

sion relates the physician behaviour to the behavior of a particular peer. The former

is implemented by converting both γ j t and γF j t into yearly standardized distribu-

tions. These variables thus measure the yearly intensity of prescription leniency and

prescription leniency environment respectively. Hence, β1 is the impact, in terms of

standard deviations, on prescription leniency of a one standard deviation increase in

practice environment leniency.

To grasp a peer effect that can be related to the behavior of an individual peer, I

follow De Giorgi et al. (2016) and report an Average Peer Effect. Measured in standard

deviations, this is the effect of a random peer increasing their prescription leniency

by 1 standard deviation. Or in other words, how many standard deviations of pre-

scription leniency does the focal physician increase her leniency in response to a

uniformly random peer increasing her prescription leniency by 1 standard deviation.

In addition to its straightforward interpretability, the average peer effect carries the

benefit, that it allows for comparisons across settings where the size of the peer set

changes (De Giorgi et al. (2016)).

Table 2.3: Regressions of prescription leniency on practice environment

(1) (2) (3) (4) (5) (6) (7) (8)
Outcome Leniency Leniency Leniency Leniency Leniency Leniency Leniency Leniency

Peer Leniency 0.037*** 0.031** 0.030** 0.031** 0.281*** 0.247*** 0.237*** 0.232***
(0.012) (0.012) (0.012) (0.012) (0.068) (0.072) (0.081) (0.078)

Avg. Peer Effect - - - - 0.068*** 0.059*** 0.057*** 0.056***
(0.019) (0.020) (0.022) (0.022)

Observations 14,254 14,254 14,254 14,254 14,254 14,254 14,254 14,254
R-Squared 0.001 0.002 0.005 0.021 0.73 0.73 0.73 0.73
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Physician FE Yes Yes Yes Yes Yes Yes Yes Yes
Peer Contextual No Yes Yes Yes No Yes Yes Yes
Own Contextual No No Yes Yes No No Yes Yes
Patient Comp. No No No Yes No No No Yes
IV No No No No Third Level Third Level Third Level Third Level
F-Stat - - - - 38.7 38.7 38.7 38.7

Notes: The outcome is leniency of focal physician. The outcome is standardized by year. The first row
presents the estimated peer effects, where columns (1)-(4) show the results based on OLS gradually

controlling for Peer contextuals, own contextuals and the composition of potential patients living in the
treatment area of the focal physician. All models control for time and physician fixed effects. Columns

(5)-(8) estimates 2SLS models using contextuals of third level peers as instruments of per leniency.
Standard errors are clustered at the physician level and obtained through (block) bootstraps. ***p < 0.01, **

p < 0.05, *p < 0.1

Table 2.3 presents the results. The first four columns run the naive OLS estimates,
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where the simulteneity issue is not adressed. While all models include a physician

fixed effect, I gradually control for time (Model 1) , Own contextual covariates (2),

Peer contextuals (3) and the covariates of the set of potential patients (4). In neither

case, the coeffient changes much, and the estimate imply that an increase of one

standard deviation in the practice environment distribution leads to an increase of

app. 3% of a standard deviation in the prescription leniency distribution. Standard

errors are clustered at the focal physician level, and calculated by bootstrapping to

circumvent the issues with a generated regressor.

Models (5) through (8) present 2SLS estimates35 using variation in third level

peers contextual to instrument for leniency of first level peers in order to separate

the endogenous and exogenous peer effect. I include the first stage which produces

a F-statistic of 38.7. The robust IV estimates are systematically higher than the OLS

estimates, decreases with inclusion of Peer contextuals (6), but do not respond to

inclusion of own contextuals (7) nor to the inclusion of the composition of potential

patients (8). This indicates that the local trends does not explain the covarying behav-

ior estimated in leniency. Table 2.3 also present the average peer effect introduced

above. This is stable, and implies that an increase of 1 standard deviation in prescrip-

tion leniency by a uniformly random peer increases the prescription leniency of the

focal physician by app. 6% of a standard deviation, or app. 2 DDDs on the mean36.

In section 2.7, I conduct several robustness checks of my preferred specification.

First, I show that restricting the peers, to peers closer to the focal physician in spatial

terms does not decrease the estimated average peer effect. In fact it is remarkable

stable until it increases for the closest quartile of peers. In section 2.7 I show that

results are qualitatively identical when peers are weighted relative to their proximity

to the focal physician. These results are reported in table 2.6. This table also show

that my results are robust to weighting peers according to their similarity with the

focal physician along observable dimensions. In section 2.7 I also discuss network

formation. While such selection on unobservables ultimately must be assumed away,

I present suggestive evidence against it, as I document how despite the leniency level

of the focal physician, the local leniency level does not drive physicians to exit.

To investigate whether the network links actually matter, I also show that forming

35For computational reasons, I implement the 2SLS in two steps, first predicting level 1 peer leniency
by level three peer contextuals, and then in the second step regressing the mean predicted values from
step 1 on focal physician prescription leniency. This is equivalent to the 2SLS method proposed in Lee
(2007). I bootstrap the clustered standard-errors on physician level

366% of the increase in DDDs from 1 standard deviation in leniency (30.3 DDDs) is 1.81 DDDs for the
mean patient
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completely random links, while holding the number of peers constant, produces no

effects. Finally, I show that my model is not able to detect implausible peer effects in

physician age, and in the appendix I present evidence that restricting the identifying

variation to exits due to retirement yields qualitatively identical results.

2.6.2 Effects of Opioid Consumption on Patient Outcomes

After having documented that prescription leniency spill-overs between physicians

exist and are important, I turn to estimating the simulated leniency. To do this,

I use estimates,
(
β̂1, β̂2, β̂3

)
obtained from (2.13) to construct predicted physician

prescribing leniency, while controlling for network fixed effects.

λ j t = β̂1γ̃F j t + β̂2 X̃ j t + β̂2 X̃F j t , (2.17)

where x̃ = x − x̄ denotes a within physician time demeaning transformation. Thus,

γ̃ j t is the changes in mean prescription leniency of the peers of focal j over time, as

instrumented third level peer characteristics37. Similarly for physician and physician

peer characteristics/contextuals. The distribution of the simulated physician effects is

depicted in figure 2.7. The standard deviation is 0.06. As the distribution of simulated

leniency is a generated variable, I will bootstrap all standard errors in the following

regressions, and cluster on physician (network) level.

Estimation of simulated leniency allow me to estimate the impact of having

a lenient physician and the impact of opioid consumption on labor market out-

comes. The labor market outcomes of primary interest are labor market income

percentile ranking and days absent from work.38. The identifying assumption is

E [λ j tεi t |α j , Zi t ,ψr ] = 0 i.e. an assumption of no selection into simulated leniency

conditional on physician fixed effects and observable patient characteristics. Section

2.7 is devoted to checking the validity of this assumption. As a first stage I estimate,

log
(
DDDi t

)= θ1λ j t +α j +θ2Zi t +
2010∑
τ=2004

δτ+εi t , (2.18)

where Zi t contains individual covariates. The second stage reads

37γ̃ j t = γ̄F j t
− 1

N j

N j∑
n=1

γ̄F jτ

38In appendix tables A.2, A.3, A.4, and A.5 I present results from regressions on dichotomous versions
of employment, unemployment, non-employment, and permanent disability respectively
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Figure 2.7: Distribution of simulated leniency

Notes: The simulated leniency is calculated from (2.17). I have centered the distribution around zero and
capped at the 1st and 99th percentiles. The standard deviation is 0.06

Yi t+1 =µ1 �DDD i t +α j +µ2Zi t +
2010∑
τ=2004

δτ+εi t , (2.19)

where Yi t is labor-market outcome of interest and �DDD i t is the fitted values from

equation (2.18).

Table 2.4 show the results of the first stage. In columns (1) and (2) I run the first

stage without the physician fixed effects, which I include in columns (3) and (4). I also

report the F-test of the simulated leniency, and while the coefficients on simulated

leniency does not change much the inclusion of a physician fixed effect increases

the F-statistic. However both with and without a physician fixed effect, it is still well

above a conventional weak instruments lower bound. The first stage implies that an

increase in simulated leniency of one standard deviation increases opioid treatment

intensity by 1.5%.

In table, 2.5 I present results from estimating (2.19) with income percentile rank

and days on short term disability as outcomes. To reduce simultaneity in injury

and opioid prescription I use the labor income percentile rank and days on short

term disability at year t+1 as outcome. Columns (1)-(2) presents the raw correlations

between labor market income percentile ranks and defined daily doses of opioid.

Columns (3)-(4) show the reduced form results, and Columns (5)-(6) presents the

effect of opioid usage as instrumented by simulated leniency. I gradually control for
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Table 2.4: First stage regressions.

(1) (2) (3) (4)
Outcome Log(DDD) Log(DDD) Log(DDD) Log(DDD)

Sim. Leniency (std) 0.015*** 0.0134*** 0.015*** 0.013***
(0.004) (0.003) (0.002) (0.002)

Observations 1,221,199 1,221,199 1,221,199 1,221,199
R-squared 0.004 0.085 0.033 0.110
F-test 18.4 19.6 49.3 53.8
Time Yes Yes Yes Yes
Region Yes Yes Yes Yes
Ind Covariates No Yes No Yes
Phys. FE No No Yes Yes

Notes: First stage regressions. All columns include Time and regional dummies. Columns (2) and (4)
include individual characteristics. Columns (3) and (4) includes Physician Fixed effects. Standard errors

are clustered at the physician level. ***p < 0.01, ** p < 0.05, *p < 0.1

individual covariates which include a cubic polynomial of age, gender , educational

categories and charlson co-morbidities.

The naive OLS estimates show that increasing opioid intensity decreases the

income percentile rank but also decreases the days on short term disability. The

estimates implies that a 10 percentage point increase in DDD equates a 0.3 percentage

point decrease in labor market income percentile ranking the following year and a

decrease of 0.06 days on short term disability.

My reduced form results measure the effect of affiliation with a more lenient

physician on labor market outcomes, which is a a policy instrument subject to ma-

nipulation. The results in columns (3)-(4) indicate that having a physician who is

more lenient in opioid prescription leads to significant reductions in labor market

income ranking. However,in panel B, contrasting to the correlations estimated in

the previous columns, a more lenient physician does not reduce the days spent on

short term disability. The coefficients imply that increasing the simulated leniency

by 1 standard deviation decreases income percentile rank with app. .1 percentage

points(significant) and increases the days absent on short term disability by 0.05

days(insignificant). The effects on short term disability are however very noisy.

Supposing that opioid usage is the channel, I instrument opioid intensity use
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Table 2.5: OLS, Reduced form and 2SLS estimates of labor market

Panel A

(1) (2) (3) (4) (5) (6)
Outcome LMI LMI LMI LMI LMI LMI
Log(DDD) -0.0302*** -0.0288*** - - -0.0495*** -0.0424***

(0.0006) (0.0005) - - (0.0116) (0.0131)
Sim. Len (std) - - -0.001*** -0.001*** - -

- - (0.0002) (0.0002) - -
Observations 1,183,506 1,183,506 1,183,506 1,183,506 1,183,506 1,183,506
Outcome Mean 0.386 0.386 0.386 0.386 0.386 0.386
R-squared 0.064 0.170 0.030 0.141 0.030 0.141
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes

Panel B

(1) (2) (3) (4) (5) (6)
Outcome Disability Disability Disability Disability Disability Disability
Log(DDD) -2.194*** -0.673*** - - 1.266 3.911

(0.0374) (0.0398) - - (4.155) (4.326)
Sim. Len (std) - - 0.02 0.05 - -

- - (0.070) (0.070) - -

Observations 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713
Outcome mean 21.96 21.96 21.96 21.96 21.96 21.96
R-squared 0.007 0.038 0.005 0.037 0.005 0.037
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes

Notes: OLS, Reduced form and 2SLS estimates of labor market income percentile ranking (Panel A) and
days on short term disability on opioid usage (Panel B). Outcomes are measured one period ahead.

Columns (1) - (2) present results from OLS, columns (3) - (4) present the Reduced form estimates and
columns (5)-(6) present the 2SLS estimates of using simulated leniency as instrument of opioid usage. All
columns include a physician fixed effect. Individual covariates are gradually included. Standard Errors are

bootstrapped and clustered on the physician level. ***p < 0.01, ** p < 0.05, *p < 0.1
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with the simulated leniency. This yields robust estimates that equate a .4 percentage

point decrease in labor market income percentile rank resulting from an increase

in opioid treatment intensity of 10%. While these effects might seem small at first

glance, one has to keep the lavishness with which opioids are prescribed in mind.

Extrapolating these results, implies that moving up one 1 standard deviation increase

in opioid treatment intensity (189.4 DDDs) leads to a 7.5 percentage points decrease

in the labor market percentile rank39. This is 19.4% of the mean.

As for the days on short term disability, the noisiness that is present in the reduced

form transfers to the second stage. Taking the estimates at their face value, they imply

that increasing opioid usage by 10% increases the days on short term disability the

following year by 0.4 days. This implies that I, with 95 % certainty cannot rule out an

effect of up to 1.2 days increased short term disability resulting from an increase in

opioid usage of 10%. While the instrumented impacts on days on disability are not

statistically significant, the sign reversal is rather striking. This suggests that contrary

to what the previous literature on pain management and labor supply (Garthwaite

(2012),Butikofer and Skira (2015)) finds, opioids seemingly do not possess the same

labor market enhancing effects as alternative analgesics. In the appendix, I show how

the reduction in labor market income in particular is due to exits from employment

into non-employment including disability.

2.7 Robustness

2.7.1 Peer effect robustness

Peer composition and importance

Next, I investigate how the estimates are affected by restricting the set of peers to

those working close-by the focal physician. I do this to assess the plausibility of

the imposed network structure. As proximity-measure I use the degree of overlap

of potential patients for each physician-peer pair and rank each peer by percentile

of proximity. In this way the ranking reflects relative proximity irrespectively of the

number of peers. If the effects monotonically increases in proximity, it would indicate

that the physicians-pairs with more overlap of potential patients systematically are

more important in determining the leniency of the focal physician. On the other hand,

39This requires some extrapolation of the identifying variation, as an increase of 1 standard deviation
of simulated leniency increases opioid use with 1.5%
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Figure 2.8: Peer effects with varying peer-sets

Notes: Peer effects estimated on varying peer sets - restricting the sample to peers with an increasingly
higher level of overlap of catchment areas. Bootstrapped standard errors are clustered at the physician

level

a monotonically decreasing effect would counter-intuitively indicate that physicians

with less overlap of potential patients would be the more important peers.

The results are presented in figure 2.8. I gradually exclude peers located further

away and estimate the model (2.13) based on the increasingly restricted samples. I

report the average peer effect (left axis) and the average number of peers (right axis).

Focussing on the 1st axis starting from the left, the first estimate excludes only the

5th percentile furthest away from the focal physician. Moving to the right on the

1st axis, peers further away from the focal physician are gradually excluded, and

the peer effect is estimated based on peers who on average are closer to the focal

physician. Excluding peers in the lowest 25th percentile leads to an estimate that

implies that a one standard deviation increase in prescription leniency of a uniform

randomly chosen peer, leads to an increase in prescription leniency of 6.3% of a

standard deviation. The estimates are remarkably stable until the peer set is restricted

to physicians above the 85th percentile of proximity(effect of 8.4%), after which it

increases). Estimating off the 5th percentile closest physicians (based on an average

of 7.6 peers) yields an average peer effect that is 6 times as large as the baseline results.

As the effects only increase as the peer-set is reduced, I feel confident concluding

that estimates based on the full set of physicians constitute a conservative lower
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bar. It also suggests that physicians operating in the immediate vicinity of the focal

physician, are more likely to influence the focal physician.

The need to include peers that on averages are less important peers is due to

the need for identifying variation. Restricting the peer-set to those in the immediate

vicinity, leads to a reduction in the share of physicians who experience changes in peer

composition over time. In the unrestricted set of peers, 56% of physicians experience

changes in their peer set in any given year. Removing every peer with below median

overlap, only reduces this number to 46 %. For the peer-set in the 5th percentile

closest vicinity, this number drops to 12%. 40. As the analysis is predicated on within-

physician variation in peers across time, the increasingly restrictive definition of

peers, leads to decreased variation on which to estimate the peer effects. That is,

while the increase in economic significance is desirable, as it would strengthen the

instrumental variables analysis, the reduction in statistical significance is a result of

reduced identifying variation.

Weighting of peers

One frequently implemented approach to deal with potential varying influence of

peers, is to weigh peers according to their expected influence. There is however no

strict guidelines as to how to assess importance to lean on, and I choose to follow

De Giorgi et al. (2016) and weigh each focal j to peer k increasing by the percentile

ranking of proximity denoted p j k , and apply the weigths

w j k = (1−p j k )−2. (2.20)

This weight assigns increasing weights to peers located closer to the focal physi-

cians. Based on the quadratic weigh, I construct weighted peer averages of both

endogenous and exogenous peer variables. , and present the results in table 2.6. As

the quadratic weights are arbitrarily chosen, I also present results for linear, cubic,

quartic and exponential weightings. To allow for comparability as changes in peer

sets, I report the average peer effects.

In columns (1) I reproduce the result from column (8) in table 2.3 where every peer

is weighted equally. expressed as an average peer effect. In columns (2) through (6) I

present results from different specifications of the weighting scheme. The estimates

are robust to the changes in weighs.

40See figure A.2 for details
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While the effects are remarkably similar when weighting closer peers higher, there

remains the concern, that physicians react to peers that look similar. This is refered to

in the network literature as Homophily (Boucher and Fortin (2015)). To check whether

this is the case, I construct weights that mitigate the similarity between physician

practices by calculating quartiles for practice level averages of physician age, gender

and income. Then I construct measures of similarity as the sum of absolute values

of differences in quartiles. This also follows De Giorgi et al. (2016) and is done the

following way. Let D j k denote the similarity between physicians j and k and let Aq
j

and I q
j denote the quartile of age and income respectively and Gq

j is an indicator for

gender for physician j . The difference is then defined as

D j k = |Aq
j − Aq

k |+ |Gq
j −Gq

k |+ |I q
j − I q

k | (2.21)

This difference take the value 0 if the physicians are completely alike in terms of which

quartiles they belong to, and it takes the value 9 if the physicians differ completely in

the three dimensions.The similarity weighs are calculated as,

w j k = (1+D j k )−2.

The results from applying the similarity weighs are reported in column (6) of table

2.6, and the estimate of average peer effects weigthed by similarity weights is similar

to the previous ones.

Further Network Robustness

I perform two final checks to further support that I detect network-effect and not

simply local spurious relationships. First, by simulating physicians forming com-

pletely random links, while still maintaining the same number of peers and patient

composition, I construct networks where the spill-overs should be absent. If this is

not the case, my estimates would simply reflect variation in patient compositions or

very local spurious time trends. In column (7) of table 2.6 I present the result from 100

randomly formed networks. The peer effect completely evaporates when the links

are formed randomly, which at least indicate that the network-structure does matter.

Any instrumental variable strategy estimates the effect of the compliers, and

assumes that there are no defiers - physicians who when practicing in a more lenient

physician gets stricter in terms of opioid prescriptions. The absence of defiers is a

matter of assumption, but that monotonicity holds on an average level is evident from

figure 2.10 panel (a) below. Here I run local linear regressions of opioid treatment
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leniency on simulated leniency. The monotone increase of leniency in the instrument

provide some evidence that the assumption of monotonicity holds on average.

One common critique of peer effects estimation is its ability to often detect

even implausible peer networks, where co-varying behavior of peers stems from an

omitted common variable, Angrist (2014). Recognizing this concern, I check whether

I can detect peer effects in physician age in column (8) of table 2.6. Even though

one might suspect that physician ages correlate on a region level, detecting actual

endogenous peer effects in physician age would indicate that the strategy was flawed.

The estimated peer effect in physician age implies that if the age of a random peer

increases a year, the age of the focal physician increases by 0.1 years. Furthermore as

shown in panel (b) of figure 2.10 the relationship between local physician age and

physician age is both noisy and non-monotonic.

Physician Network Formation

In this section, I investigate a remaining threat to interpreting the results as peer

effects. This is the possibility that even restricting the analysis to within-physician

variation, high leniency physicians on average prefer to work in treatment areas

with other high leniency physicians. If this is the case, the co-varying prescription

leniency could reflect physicians with similar prescription behavior working close

to each other. Hence the estimated effects would be contaminated by correlated

effects ((Angrist, 2014)). First, I test whether physicians select into networks based on

observables. Then I proceed to provide suggestive evidence that unobservables does

not drive selection into networks either.

When it comes to observables I regress the proximity ranking in percentiles on

the similarity index from (2.21). If similar physician systematically choose to practice

closer to each other the coefficients on the similarity index would come up significant.

p j tk =α j +β1D j tk +ε j t (2.22)

The results are presented in table 2.7. This table show the pattern year to year

connection between my measure of spatial connectedness, the degree of overlap of

potential patients, and the dimensions of the difference measure defined above. The

outcome is measure in percentages, and the omitted category is always 0 such that

estimates measure the effect of decreasing similarity. Columns (1) through (6) pools

paired years and column (7) pools the entire observation period. The estimates are
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Table 2.6: Peer effects with varying weightings.

(1) (2) (3) (4) (5) (6) (7) (8)
Outcome Leniency Leniency Leniency Leniency Leniency Leniency Leniency Physician Age

Peer Leniency 0.232*** 0.237*** 0.229*** 0.231*** 0.237*** 0.228*** -0.007 0.10
(0.0881) (0.0756) (0.0655) (0.0783) (0.0632) (0.0876) (0.0310) (0.0790)

Observations 14,252 14,252 14,251 14,253 14,251 14,251 14,251 14,251
R-squared 0.731 0.731 0.731 0.731 0.731 0.731 0.915
Avg. Effect 0.056 0.057 0.054 0.055 0.056 0.058 -0.00006 0.0007
Weights Equal Linear Squared Cubed Quadrupled Similarity Equal Equal

Notes: Columns (1) through (5) presents results where peers are weighted by their overlap in treatment
area in various ways. Column (6) presents results from a model where patients are weighted according to
their similarity. column (7) presents the result from simulated networks where links are form at random (8)
investigates whether there exists peer effects in physician age. Further details are in the text. All columns

include peer contextuals, own contextuals, local regional controls, time and physician dummies.
Bootstrapped standard errors are clustered at the physician level. ***p < 0.01, ** p < 0.05, *p < 0.1.

small and show no sign of systematic significances. This lend some, admittedly crude,

evidence against selection on observables.

As I do not observe physicians prior to setting up practice, I must rely on the

institutional setting to argue against selection into networks based on unobservables.

Given that peers are physician specific and decision on where practices should open

is restricted by the publicly controlled openings, the ability to choose your exact peer

set is virtually impossible. Hence, conditioning on physician fixed effects (effectively

a very local regional dummy) makes it implausible that physicians can select their

network perfectly. In the appendix, I present results from models where the variation

in practices is limited to those exiting41. The results are qualitatively similar.

While accounting for selection into networks ultimately is a matter of assumption,

selection out of networks can be tested. In the following, I provide evidence that the

local leniency level does not appear to push out physicians deviating from the norm.

Figure 2.9 contains four panels presenting local linear regressions of the probability

to exit from the market next period on simulated leniency. The figure contains 4

panels, one for each quartile of leniency level of the focal physician as estimated from

(2.13). If there was a significant trend in either of these panels, it would indicate the

presence of non-random exiting. This would invalidate the peer effects interpretation.

Even though the levels differ somewhat, there is no detectable trend for either of the

quartiles of leniency. While the argumentation above by no means offer a formal test,

it does provide suggestive evidence against non-random selection into specific local

41Exiting due to retirement is imputed from the distribution of age of physician when practice close.
Details are in the appendix.
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Table 2.7: Relationship between Spatial closeness and Similarity

(1) (2) (3) (4) (5) (6) (7)
2004-2005 2005-2006 2006-2007 2007-2008 2008-2009 2009-2010 2004-2010
% Overlap % Overlap % Overlap % Overlap % Overlap % Overlap % Overlap

Dif. Points
Income 1 -0.003** 0.001 -0.002 -0.006*** -0.004** -0.00305* 0.000

(0.002) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002)
2 -0.001 0.002 -0.003 -0.003 -0.002 -0.000 0.000

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
3 -0.000 0.006*** 0.001 0.001 -0.006*** 0.001 0.004**

(0.002 (0.002) (0.002) (0.002) (0.002) (0.003) (0.002)
Age 1 0.001 0.000 0.002* 0.002 -0.000 -0.001 0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
2 0.004** 0.001 -0.001 0.000 -0.001 -0.001 -0.002

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
3 0.006*** 0.004** 0.004* 0.002 0.001 0.003 0.003

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Female 1 -0.000 -0.000 -0.001 -0.000 -0.002 -0.002 -0.003**

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Observations 239,324 256,522 256,086 251,177 247,454 241,259 236,842
R-squared 0.002 0.002 0.002 0.004 0.004 0.004 0.004
Phys FE Yes Yes Yes Yes Yes Yes Yes

Notes: Spatial closeness is defined as the share of overlap between sets of potential patients. Columns (1)
through (6) pools paired years and column (7) pools the entire observation period. All columns include a

physician fixed effect. ***p < 0.01, ** p < 0.05, *p < 0.1.

treatment practices.

2.7.2 Further Robustness checks

To investigate whether simulated leniency suffers from selection on observables,

table 2.8 reports a balance test. This table contains three columns that report the p-

values from F-tests of individuals covariates on three different outcomes. All columns

contain year dummies and physician fixed effects42. The first outcome is the mean

defined daily dose of opioids prescribed to other patients at the practice. Age, sex,

Charlson comorbidity and education levels of opioid users are all highly correlated

with average opioid use. The next column report the results from a regression of

opioid leniency on individual covariates. Here both age and sex are statistically signif-

icantly correlated with prescription leniency, while comorbidities and educational

attainment is not. The significant correlations indicates selection into treatment if

either leave-one-out mean opioid prescriptions or prescription leniency were used

42All regressions also include mean levels of covariates of other patients at the practice. This is necessary
as the geographic catchment areas introduce sorting of patient observables.
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Figure 2.9: Probability of exiting by leniency level of focal physician

Notes: Epanechnikov Kernel weighted local linear regression of probability of exiting next period on local
leniency level by quartiles of leniency level of focal physician

as instrument of opioid use. The last column show how neither of the individual

characteristics are associated with the simulated leniency. This conversely provides

some evidence that simulated leniency as instrument does not suffer from selection.

Even though my regressions include a physician fixed effect, and balancing tests

indicate that the simulated leniency in fact is a valid instrument, one might still be

concerned that it does correlate with other physician dimensions. That is, whether

dynamics of treatment behaviour beyond that of opioid prescription intensity drives

the estimated effects. I provide two checks, to alleviate these concerns. First I check

whether the quality of the physician can explain the effects. To quantify this, I con-

struct time-varying treatment style indicators for each physicians and include these

as additional controls. The indicators included are,

1. Q1: Testing for Strep-A before prescribing anti-biotics: The fraction of all pa-

tients at a physician with a pharmacy claim of anti biotics, who had a strep-A

test done prior to the pick-up.
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2. Q2: Monitoring of cardio-vascular diseases: the fraction of all patients at a

physician with a prescription for statins with a blood test performed to monitor

the lipid level

3. Q3: Testing for depression before prescribing anti-depressants: the fraction

of all patient at a physician with a claim for anti-depressants who also had a

depression test performed.

I report the results in table 2.9. This table replicates table 2.5 adding these time-

varying measures of physician treatment behaviour for three highly prevalent dis-

eases. The measures are continuous and are based on all patients at the practices.

Furthermore, they are test-based and thus reflect in-practice actions completely

in control of the physician. The estimates are qualitatively the same, when quality

metrics are included.

The second check I perform is whether opioid leniency is correlated with other

treatment practices. To do this, I estimate equation 2.1 for several other outcomes

reflecting physician behaviour. In total, I identify 9 alternative outcomes, organized

in three overarching groups:

1. Utilization: Propensity to have a consultation, Intensity of treatment (reim-

bursement) and Propensity to have a pharmacy claim

2. Initiation with chronic medication: Initiation with ACE-inhibitors (high blood-

pressure), initiation with statins (high-cholesterol) and initiation with met-

formin(diabetes)

3. Secondary care: Propensity to have outpatient treatment, propensity to see

practicing specialists, propensity use emergency doctor services.

Table 2.10 reports practice level correlations between the 10 practice styles (opioid

leniency and 9 alternative outcomes). While there seems to be meaningful groupings

in the data, e.g. that high utility physicians are more likely to have started people

up in chronic treatments, the only dimensions that correlates significantly with

opioid leniency is the propensity to have a pharmaceutical claim, which seems very

plausible, and the probability to initiate statin treatment.

A final concern that should be addressed is to clarify what "selection into the

evolution of third level peers" mean. This would invalidate the exclusion restriction

in (2.16). While it is highly improbable that patient would directly select a specific
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physician based on the evolution of characteristics of third level peers of that physi-

cian, one might be concerned about a more subtle mechanism. When I instrument

with 3rd level peer characteristics and show in the first stage that these matter, it

might simply be that the patients of third-level peers know the patients of the focal

physician. If this is the case, these patients of the third level peer, who have a high

prescribing physician, might simply obtain the opioids and given them to the pa-

tient at the first-level physician. Ultimately, I do not have knowledge of social ties

in the registers, and this will be assumed away. However, to get an idea of whether

connected opioid users drive the results, I can check whether individuals working in

the same firm drives the effect. In table 2.11 I present results where colleagues are

removed from the sample. This is more restrictive than removing only coworkers who

are at third level peers of your practice, as these are a subgroup of the overall set of

colleagues. I categorize individuals in three increasingly restrictive groups.

1. Current Coworkers: Working together in the same year

2. Current and previous Coworkers: working in the same firm in same year, or

previously having done so

3. Ever a Coworker: Working in the same firm at any point during the observation-

period.

Table 2.11 reproduces the instrumented effects of opioid use on labor market

income applying each criterion. While the precision is reduced, neither of the results

are statistically or economically different from my main specification. I take this as

evidence that the patient-to-patient channel does not explain the results.
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Table 2.8: Regression of Simulated Leniency on individual covariates

(1) (2) (3)
Outcome Mean Opioid Leniency Simulated Leniency
Age 0 0.01 0.467
Male 0 0.07 0.819
Charlson Comorbidity 0 0.589 0.533
Education 0 0.194 0.259
Observations 1,211,424 1,211,424 1,211,424
R Squared 76% 83% 99%
Time Fixed Effects Yes Yes Yes
Physician Fixed Effects Yes Yes Yes

Notes: The table contains p-values from on F-test of individual characteristics in a regression on (1) mean
opioid prescriptions , (2) prescription leniency and (3) simulated leniency. Age and charlson comorbidity

are a third order polynomials, male is a dummy, and education is 6 mutually excluding categories.
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Table 2.9: Effects of opioid usage on labor market outcomes

Panel A

(1) (2) (3) (4) (5) (6)
Outcome LMI LMI LMI LMI LMI LMI

Log(DDD) -0.0302*** -0.0288*** - - -0.0494*** -0.0417***
(0.000565) (0.000474) - - (0.0111) (0.0124)

Sim. Len - - -0.0007*** -0.0006*** - -
- - (0.0002) (0.0002) - -

Observations 1,183,502 1,183,502 1,183,502 1,183,502 1,183,502 1,183,502
Outcome Mean 0.386 0.386 0.386 0.386 0.386 0.386
R squared 0.064 0.170 0.030 0.141 0.030 0.141
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes
Treatment Evolution Yes Yes Yes Yes Yes Yes

Panel B

(1) (2) (3) (4) (5) (6)
Outcome Log(SGDP) Log(SGDP) Log(SGDP) Log(SGDP) Log(SGDP) Log(SGDP)

Log(DDD) -2.194*** -0.0673*** - - 1.084 3.727
(0.105) (0.089) - - (4.294) (5.103)

Sim. Len - - 0.02 0.05 - -
- - (0.070) (0.070) - -

Observations 1,211,709 1,211,709 1,211,709 1,211,709 1,211,709 1,211,709
Outcome mean 21.96 21.96 21.96 21.96 21.96 21.96
R squared 0.007 0.038 0.005 0.037 0.005 0.037
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes
Treatment Evolution Yes Yes Yes Yes Yes Yes

Notes: OLS, Reduced form and 2SLS estimates of Labor market income percentile ranking and days on
short term disability on Opioid usage. Columns (1) - (2) present results from OLS, columns (3) - (4) present
the Reduced form estimates and columns (5)-(6) present the 2SLS estimates of using simulated leniency
as instrument of opioid usage. All columns include a physician fixed effect and time-varying treatment

evolution. Individual covariates are gradually included. Standard Errors are clusted on the physician level.
Robust standard errors in parentheses. ***p < 0.01, ** p < 0.05, *p < 0.1
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Table 2.11

(1) (2) (3) (4) (5) (6)
Outcome LMI LMI LMI LMI LMI LMI

Log(DDD) -0.05*** -0.05*** -0.05*** -0.05*** -0.04*** -0.04***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Observations 892,766 892,766 842,580 842,580 764,242 764,242
R-squared 0.033 0.158 0.034 0.162 0.037 0.173
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
Phys. FE Yes Yes Yes Yes Yes Yes
Omitted Group Current Coworker Current & previous coworkers Ever a Coworker

The table presents regressions of (2.19) for three incrasingly restricted subgroups. In the first all current
coworkers are omitted. Second, all who have ever been coworkers are omitted. And finally all who ever is
working with another opioid user is removed. Outcomes is next years labor market income percentile rank.
All regressions include time dummies and physician fixed effects. Robust standard errors in parentheses.

*** p<0.01, ** p<0.05, * p<0.1

Figure 2.10: Relationship btw. simulated leniency and prescription leniency
and physician age

Notes: Epanechnikov Kernel-Weighted Local Linear regressions of prescription leniency and simulated
leniency (panel a) and physician age on physician age of peers (panel b)
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2.8 Conclusion

In this paper I estimate labor market impacts of opioid use. Based on administrative

micro-data with patient-prescriber links and labor market data, I use a novel strategy,

where I simulate opioid prescription leniency of primary care physicians, to estimate

robust negative effects on employment outcomes in several dimensions. I simulate

the physician leniency parameters that partly determine opioid use of patients from

a physician-peer effects model. Based on this model, I document how prescription

leniency spills out across spatially connected peers. My findings show that increased

opioid consumption is harmful to labor market income, and does not reduce the

days on short term disability. Furthermore, increasing use leads to increased exits to

permanent disability.

In broad terms, I contribute to a literature that investigates the link between

opioid use and the labor market conditions. As I document a direct channel from

opioid use to labor market outcomes, my results indicate that the rapid increase

in opioid use in the United States and elsewhere, have contributed to the declin-

ing labor market performance of the treated population. Since I do not find the

effect of opioids to mimick those of Non-Steroidal Anti-Inflammatory-Drugs (Vioxx

,Garthwaite (2012),Butikofer and Skira (2015)), where reducing the availability led to

decreased labor market participation, documenting this link is an important input to

the discussion of the prescription behavior of primary care physicians.

This paper does not address the decision to initiate opioid on the extensive margin.

While this margin is interesting, it is also fundamentally different from the intensive

margin - the focus of this paper. First off, due to the large variation in opioid use

conditional on having a claim - mean of 80 defined daily doses and std. dev. of 190

defined daily doses - a binary indicator of opioid use would mask a large degree of

heterogeneity. Second, investigating the extensive margin requires one to compare

individuals treated with opioid analgesics to individuals that potentially was treated,

but for some reason was not. This difference in "point of initiation" - or correct

specification of an initial "at-risk" group is something that also should be accounted

for, when such analysis is conducted. This is left for future research.

Ultimately, while this paper shed light on the relationship between opioid use

and the labor market, I am not able to conclude if reduced labor market prospects

affect the use of opioids. It is plausible to expect that e.g. job loss or sudden wage cuts

might lead to "deaths of despair" as suggested by Case and Deaton (2015). This is
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also left for future research.
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Appendix A

Table A.1: Regressions of prescription leniency on practice environment

Outcome Leniency Leniency Leniency Leniency Leniency Leniency Leniency Leniency
Peer Leniency 0.036*** 0.029** 0.028** 0.030** 0.373*** 0.339*** 0.318*** 0.333***

(0.012) (0.012) (0.012) (0.012) (0.068) (0.072) (0.081) (0.078)
Observations 13,087 13,087 13,087 13,087 13,087 13,087 13,087 13,087
R-Squared 0.001 0.002 0.005 0.037 0.73 0.73 0.731 0.731
Time Yes Yes Yes Yes Yes Yes Yes Yes
Physician FE Yes Yes Yes Yes Yes Yes Yes Yes
Peer Contextual No Yes Yes Yes No Yes Yes Yes
Own Contextual No No Yes Yes No No Yes Yes
Patient Comp. No No No Yes No No No Yes
IV No No No No Third Level Third Level Third Level Third Level
F-Stat - - - - 38.7 38.7 38.7 38.7

Notes: The outcome is leniency of focal physician. The sample size is those physician who are present
during the entire observation period and those who exit because of retirement. The decision to retire is
imputed from a finite mixture model applied to the age of exiting physicians (details in appendix). The

first row presents the estimated peer effects, where columns (1)-(4) show the results based on OLS
gradually controlling for Peer contextuals, own contextuals and the composition of potential patients

living in the treatment area of the focal physician. All models control for time and physician fixed effects.
Columns (5)-(8) estimates 2SLS models using contextuals of third level peers as instruments of per

leniency. Standard errors are clustered at the physician level and obtained through (block)
bootstraps.***p < 0.01, ** p < 0.05, *p < 0.1
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Table A.2: Effects of opioids on Employment

Outcome Employment Employment Employment Employment Employment Employment

Log(DDD) -0.0821*** -0.0546*** - - -0.162*** -0.105***
(0.0008) (0.0007) - - (0.0130) (0.0129)

Sim. Len - - -0.002*** -0.001* - -
- - (0.0007) (0.0007) - -

Observations 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713
Outcome Mean 0.507 0.507 0.507 0.507 0.507 0.507
R-squared 0.064 0.170 0.030 0.141 0.030 0.141
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes

Notes: OLS, Reduced form and 2SLS estimates of employment status on Opioid usage with a physician
fixed effect. Outcomes are measured in t+1. Columns (1) - (2) present results from OLS, columns (3) - (4)
present the Reduced form estimates and columns (5)-(6) present the 2SLS estimates of using simulated
leniency as instrument of opioid usage. All columns include a physician fixed effect and time-varying

treatment evolution. Individual covariates are gradually included. Standard Errors are bootstrapped and
clusted on the physician level. ***p < 0.01, ** p < 0.05, *p < 0.1.

Table A.3: Effects of opioid treatment intensity on Unemployment

Outcome Unemployment Unemployment Unemployment Unemployment Unemployment Unemployment

Log(DDD) -0.004*** -0.003*** - - 0.021 0.025
(0.0003) (0.0003) - - (0.0127) (0.0146)

Sim. Len - - 0.0004** 0.0004** - -
- - (0.0002) (0.0002) - -

Observations 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713
R-squared 0.010 0.017 0.008 0.017 0.008 0.017
Outcome Mean 0.025 0.025 0.025 0.025 0.025 0.025
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes
Robust standard errors in parentheses
***p < 0.01, ** p < 0.05, *p < 0.1

Notes: OLS, Reduced form and 2SLS estimates of unemployment status on opioid usage with a physician
fixed effect. Outcomes are measured in t+1. Columns (1) - (2) present results from OLS, columns (3) - (4)
present the Reduced form estimates and columns (5)-(6) present the 2SLS estimates of using simulated
leniency as instrument of opioid usage. All columns include a physician fixed effect and time-varying

treatment evolution. Individual covariates are gradually included. Standard Errors are bootstrapped and
clusted on the physician level.
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Table A.4: Effect of opioid treatment intensity on Nonemployment

Outcome Nonemployment Nonemployment Nonemployment Nonemployment Nonemployment Nonemployment

Log(DDD) 0.0887*** 0.0581*** - - 0.153*** 0.106***
(0.001) (0.001) - - (0.0325) (0.0408)

Sim. Len - - 0.002*** 0.001* - -
- - (0.0005) (0.0005) - -

Observations 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713
R-squared 0.100 0.307 0.02 0.275 0.020 0.275
Outcome Mean 0.458 0.458 0.458 0.458 0.458 0.458
Time Yes Yes Yes Yes Yes Yes
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes
Robust standard errors in parentheses
***p < 0.01, ** p < 0.05, *p < 0.1

Notes: OLS, Reduced form and 2SLS estimates of unemployment status on opioid usage with a physician
fixed effect. Outcomes are measured in t+1. Columns (1) - (2) present results from OLS, columns (3) - (4)
present the reduced form estimates and columns (5)-(6) present the 2SLS estimates of using simulated
leniency as instrument of opioid usage. All columns include a physician fixed effect and time-varying

treatment evolution. Individual covariates are gradually included. Standard Errors are bootstrapped and
clusted on the physician level.
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Table A.5: Effects of opioid treatment intensity on perm. disability receipt

Outcome Disability Disability Disability Disability Disability Disability

Log(DDD) 0.070*** 0.054*** - - 0.0526** 0.0332
(0.001) (0.001) - - (0.020) (0.0240)

Sim. Len - - 0.0006* 0.0002 - -
- - (0.0.0003) (0.0003) - -

Observations 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713 1,211,713
R-squared 0.095 0.199 0.018 0.158 0.018 0.158
Outcome Mean 0.199 0.199 0.199 0.199 0.199 0.199
Time Yes Yes Yes Yes Yes Yes
Ind Covariates No Yes No Yes No Yes
IV No No No No Yes Yes
Physician. FE Yes Yes Yes Yes Yes Yes
Robust standard errors in parentheses
***p < 0.01, ** p < 0.05, *p < 0.1

Notes: OLS, Reduced form and 2SLS estimates of indicator for disability receipt status in period t+1 on
opioid usage with a physician fixed effect. Columns (1) - (2) present results from OLS, columns (3) - (4)
present the Reduced form estimates and columns (5)-(6) present the 2SLS estimates of using simulated
leniency as instrument of opioid usage. All columns include a physician fixed effect and time-varying

treatment evolution. Individual covariates are gradually included. Standard Errors are bootstrapped and
clustered on the physician level.
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Figure A.1: Age distribution and components

Notes: Empirical distribution of ages at closure, and posterior probabilities for components from a
two-component mixture model. The components are gaussian. From the posteriors I impute an age

threshold that is used to classify physicians as exiters due to either retirement or another reason.
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Figure A.2: Fraction of physicians who experience changes in the peer set

Notes: Share of physicians who experience a change in peer. The graph gradually excludes peer further
away, such that a 0.05 on the 1st axis, the physicians in the 5th percentile of overlap is excluded. The left

axis show the fraction with any change, and the right axis plot the change relative to last 5 percentile
increment.
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Appendix B: Separating the retiring physicians

To get a firmer control of the variation that drives the peer effects, I limit the vari-

ation in peers over time to physicians who retire. Hence the sample consists of

physicians who remain in the sample the entire observation period (non-closing an

non-entering) and those who close due to retiring. As the reasons for closing is not

available to me, the decision to retire must be imputed. Let fag e be the empirical

distribution of ages of closing physicians, which is the solid line plotted in figure A.1.

It seems likely that the empirical distribution consists of (at least) two underlying

components with distinct means and variances. To identify these, and categorize

closing physicians as retirees and non-retirees, I fit a two-component Gaussian fi-

nite mixture model(Jones et al. (2013), Friedman et al. (2013)) to the distribution of

physician ages at closure. Were these to be those who retire and those who close for

other reasons, we would expect to detect a distribution with relative higher mean

and lower variance than the other. Formally, let these classes be denoted f R
ag e and

f N R
ag e , πR +πN R = 1 be the share of density attributable to each component, then the

density can be written as:

fag e =πR f R
ag e +πN R f N R

ag e .

In figure A.1 the posterior distributions are plotted. Furthermore, I also plot the

cut-off, which will effectively determine whether I consider an exiting physician a

retiree or not. The first distribution have a mean of 54.7 years and a std. dev. of 7.3

years. Meanwhile the second distribution have a larger mean of 64.3 years, and much

smaller standard deviation at 3.2 years. While this soft-bracket clustering (James

et al. (2013)) does not give a fixed cut-off, but is more bayesian in its classification, I

operationalize the clustering by simulating a cut-off, of when to classify a physician

as retiree or not.43 The cut-off point, where the two distributions intersect is app.

60 years and I classify all exits, that happens with physicians aging more than 60 as

retirees.

43The implementing of such a classification will inevitably lead to some misclassification, Alternatively
I implement a k-means hard-bracket clustering (Friedman et al. (2013)). This yields a cut-off that is 57
years, and the results do not change. Furthermore, one could go "fully" bayesian and weight each physician
by the probability of being a retiree. This has also been implemented, and the results do not change.
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Table A.6: Distributions of physician exits classified as retirees and
non-retirees

Group Obs Mean Std. Dev. π

Retirement 222 64.3 3.2 .465
Non Retirement 255 54.7 7.3 .535

Notes: Classification and ages of physicians. The classification is simulated
from a gaussian two-componentfinite mixture model.
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Abstract

This paper investigates consequences of practice closures among primary care providers on subsequent

patient health care utilization and health. Critically, the analysis relies on population-level administrative

Danish data that facilitate a unique link between all Danes and their family doctor. We start out by

characterizing the nature of a practice closure, including the change in provider characteristics that occurs

when patients change provider. Practice closure leads patients to choose a systematically younger and less

experienced primary care provider. Using a difference-in-differences strategy that compares individuals

who experience a practice closing with similar individuals enrolled in similar practices that do not close

until later, we next investigate consequences for patient health care utilization and health outcomes. We

find that a change in provider due to practice closure increases detection of chronic illness but does not

lead to concurrent changes in primary care utilization. Except for at slight increase in the use of emergency

care, we do not detect economically significant effects on substitution into other types of health care either.

A decomposition of effects shows that both physician practice style and the disruption itself plays a role

for the total effects.
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3.1 Introduction

There are widespread concerns that the stock of physicians is growing older. In 2012,

for example, it was estimated that 26% or nearly 241,000 of all actively licensed

physicians in the United States were older than 60 years (Young et al. (2012)). This

trend is expected to lead to practice closures, particularly in areas with relatively

socio-economically disadvantaged groups (ibid). In this paper, we study practice

closures among primary care providers (henceforth PCPs), or family doctors, who

are usually the first to see patients and who serves as gatekeepers for specialized

care. All individuals affected by closures will surely experience a discontinuity in care.

Moreover, practice closure may lead to lack of care, at least for some period, as well

as changes in the quality of care. This paper asks two key questions. Firstly, what

are the consequences of practice closures, if any, for patient health care utilization

and health outcomes? And secondly, to what extent are effects driven by variation

in physician practice styles, and thus at least partly susceptible to policy, or by the

disruption itself?

The analysis relies on population-level administrative Danish data that facilitate a

unique link between all Danes and their PCP. We start out by unpacking the anatomy

of a practice closure. To do this, we first describe patient behaviour leading up to a

closure and next characterize the change in provider characteristics that occurs when

patients change from one primary care physician to another. Using a difference-in-

differences strategy that compares individuals who experience a practice closure

with similar individuals enrolled in practices that do not close until later, we formally

investigate consequences for patient health care utilization and health outcomes.

We study three types of outcomes related to primary care utilization, detection of

illness, and substitution into other types of health care. We complete our empirical

analysis with a decomposition of the overall effects into provider practice style and

discontinuity of care. To operationalize this, we first follow a recent literature using

patient mobility to infer practice style for closing as well as destination providers from

a two-way patient and physician fixed effects model (Abowd et al. (1999) ; Markussen

and Røed (2017); Finkelstein et al. (2016) ) using data prior to practice closure to avoid

contamination. Next, we decompose our estimated effects into the share explained

by changes in practice style and the share explained by the disruption.

We show that patients do not react to closures long in advance, yet practice clo-

sures lead patients to be matched with a systematically younger and less experienced
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PCP. This is not surprising given the fact that 52% of our closures are due to doctors

retiring. We observe that the majority of patients enrolled in one closing practice typ-

ically choose the same, new health care provider. Importantly, a change in provider

due to practice closure leads to increased detection of chronic illness (hypertension,

hyperlipidemia, and diabetes) but does not lead to concurrent changes in primary

care utilization or substitution into use of primary care physicians outside of normal

office hours1 or use of specialists. We do see a slight increase in emergency care of

about 7% relative to the mean. Because it is the responsibility of local governments to

make sure that each patient has access to care within a short distance, and because

we see no effects on practice size and distance to practice, we argue that our main

results stem from a combination of discontinuity of care and differences in practice

style. Our decomposition analysis shows, in fact. that both physician practice style

but also the disruption itself plays a role for the overall effects. In terms of primary

care utilization, destination physicians typically induce more activity, whereas the

disruption is associated with a decline in utilization. Results on detection of chronic

illness, in contrast, indicate that both the shift in physician practice style, and to an

even greater extent the disruption – a fresh perspective, maybe – are beneficial to

the patient. Finally, we find that practice styles of the destination physicians induce

an increase in the use of other types of health care, primarily in the use of other

specialists. This effect is completely offset, however, by the disruption itself that also

fully explains the increasing use of emergency services.

Our paper contributes to several strands of literature. First and foremost, our

paper provides the first evidence of the consequences of the imminent wave of PCP

practice closures across several crucial outcome domains. Kwok (2019) does study

effects of involuntary PCP switches, including switches that are driven by retirement,

on primary care utilization and finds increases in take-up around the switch but to

the best of our knowledge, no one has yet analyzed health outcomes. Secondly, our

paper provides new evidence to the literature concerned with the, typically negative,

consequences of disruption, or fragmentation, of care (Cebul et al. (2008) , Agha

et al. (2017) , Schwab (2018)) by showing that, for some outcomes, a mere change in

provider may not necessarily work to the patient’s disadvantage. Finally, we shed new

light on the importance of practice styles among PCPs (Koulayev et al. (2017), Kwok

(2019)) and among physicians more generally (e.g. Doyle et al. (2010), Silver (2016)).

1Danish primary care physicians are expected (in shifts) to do house calls out of normal business
hours, serving all patients in a geographic area.
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The paper is organized as follows: Section 3.2 provides relevant background

information; Section 3.3 describes our data and present descriptive statistics; while

Section 3.4 explains our formal identification strategy. Section 3.5 shows our main

results, while Section 3.6 investigates channels and performs heterogeneity analyses.

Finally, Section 3.7 concludes.

3.2 Background

3.2.1 The link between practice closure and patient outcomes

Little is known about consequences of PCP practice closures for patient outcomes.

As discussed above, Kwok (2019) finds effects of involuntary PCP switches on primary

care utilization and finds upticks around the switch. A few Norwegian studies pro-

vide evidence that a shift in primary care physician, for example due to physician

retirement, leads to changes in claims for sick pay and disability benefits (Markussen

et al. (2013)) as well as in work absenteeism (Godøy and Dale-Olsen (2018)). Yet to

the best of our knowledge, we know less about health consequences associated with

closures among primary care physicians..

In contrast, there exist a few studies of the consequences of hospital closures for

patient health. One example is Buchmueller et al. (2006) who show that in a US set-

ting, an increased distance to the closest hospital increases deaths from heart attacks

and unintentional injuries. A Swedish study by Avdic (2016) links the geographical

distance from an emergency hospital to the probability of surviving an acute my-

ocardial infarction. Recently, papers have studied consequences of limited access to

specialized clinics such as abortion clinics in Texas that also provide other types of

women’s preventive care. In line with expectations, these types of clinic closures lead

to fewer abortions (Cunningham et al. (2017)) but also fewer clinical breast exams,

mammograms, and Pap tests (Lu and Slusky (2016)).

Practice closure among PCPs may affect patient outcomes through a variety of

channels and it will, without doubt, lead to discontinuity in care; an issue that has

received much attention in the medical literature (Walraven et al. (2010)). Several

papers argue that such disruption increases utilization2. Schwab (2018) provides

2A version of this is fragmentation where patients are exposed to several physicians or types of
specialists. Agha et al. (2017), for example, exploit Medicare enrollees who move across regions with
variation in care fragmentation and find that increases in regional fragmentation is associated with a
corresponding increases in care utilization.
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compelling evidence of the phenomenon by exploiting that, in the military, physicians

are often withdrawn from their practices to be deployed oversees.

Following Haggerty et al. (2003), continuity in care covers both information con-

tinuity, management continuity (consistency of patient care), and interpersonal

continuity (the relationship between the patient and the provider). In our context,

while some types of information could, because of the institutional set-up, naturally

flow from one PCP to the next, private information about treatment response and

adherence is unlikely to transfer fully – and interpersonal discontinuity is of course

complete with a practice closure.

Practice closure may also lead to periods without access to care and it may change

the quality of care, or cause management discontinuity, for example via changes in

distance to care, practice size, or provider characteristics and practice style. Practice

style has in a few studies been shown to be of major importance for patient outcomes.

Doyle et al. (2010) study a setting in which patients arriving at a large medical center

are randomly assigned to one of two medical groups. One of the groups is affiliated

with a prestigious medical school while the other is not. They find that providers

from the better medical school systematically conduct fewer tests and have lower

costs even though both groups have similar patient outcomes. Currie et al. (2016),

moreover, investigate emergency room practice style and patient outcomes and

document that patients assigned to providers who are more likely to use invasive

procedures have consistently higher costs and better outcomes.

Practice closure may also lead to periods without access to care and it may change

the quality of care, or cause management discontinuity, for example via changes in

distance to care, practice size, or provider characteristics and practice style. It is well-

known that physicians vary in their practice style (Chandra et al. (2011)), just as it has

been shown that physicians adapt their practice style to the practice environment

when they move (Molitor (2016)). Practice style among PCPs has in a few studies

been shown to be of major importance for patient outcomes. Koulayev et al. (2017)

document this in their study of the role of PCP in drug adherence, while Laird and

Nielsen (2016) is concerned with PCPs’ propensity to prescribe prescription drugs

and the subsequent link to labor supply. Kwok (2019), on the other hand, focuses

on primary care utilization. More evidence exist for physicians more broadly. Doyle

et al. (2010), for example, study a setting in which patients arriving at a large medical

center are randomly assigned to one of two medical groups. One of the groups is

affiliated with a prestigious medical school while the other is not. They find that
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providers from the higher-ranked medical schools systematically conduct fewer tests

and have lower costs even though both groups have similar patient outcomes. Currie

et al. (2016) instead investigate emergency room practice style and patient outcomes

and document that patients assigned to providers who are more likely to use invasive

procedures have consistently higher costs and better outcomes. Silver (2016) similarly

studies emergency departments and shows that physicians exogenously exposed to

fast-paced team environments ration care and cause increases in mortality in several

patient groups.

In our analysis below, we will combine knowledge about institutional features

as well as access to comprehensive register data informative about providers as well

as patients to shed light on which channels appear more important in our context.

Importantly, the extent to which results are driven by changes in practice and provider

characteristics is testable with our data.

3.2.2 Institutional setting: health care and primary care physicians in

Denmark

The Danish public health insurance provides visits and services at the primary care

physician free of charge. In Denmark, PCPs serve as gatekeepers to the rest of the

health care system in the sense that they refer to specialists and hospital admis-

sions. There are approximately 3,500 PCPs in Denmark. From these, around 2,200

are organized in single-physician practices. PCPs are self-employed, but in order to

get reimbursed by the national insurance, the physician needs to acquire a practice

authorization number (ydernummer). The number of practice authorizations is con-

trolled by the government, based on factors such as the population density in a given

area.

Physician income is generated from a mixed payment system: a fixed capitation

fee per patient listed with them (DKK 445 in 2018)3, and fee-for-service payments.

Around 1/3 of the income stems from the fixed capitation and 2/3s from fee-for-

service. The fees are negotiated yearly between the Danish Medical Association and

the government.

The PCPs are responsible for approximately 90% of all outpatient prescriptions.

Importantly, the physician has no financial incentives to choose specific medica-

tion brands. First-choice medication recommendations are issued by the national

36 DKK is app. 1 USD
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health authorities and local governments, but these are non-binding in the sense that

practitioners can choose a different therapy if they consider it more appropriate.

Patient allocation

Patients are listed with a specific practice and can only visit the practice they are

listed with. It is possible to be listed with a differentchange practice for a smaller fee of

DKK 150 (roughly €20). Patients are free to choose among physicians open for intake

as long as the practice is located within no more than a 15 km radius from the patient’s

home4. Physicians cannot turn away individual patients selectively; however, they

can close their lists for general intake when the list-size reaches 1,600 patients (per

physician in the practice). If a physician closes the practice for intake, she cannot

discretionary add a patient. Under some circumstances a physician can terminate

the physician-patient relationship: if the patient does not comply with treatment,

or if the patient is violent or aggressive towards the physician. In either case the

relationship is terminated by application to the authorities5. The local government

is by law required to assign patients when a practice closes (e.g. in the event that

the physician retires). When a practice closes one of two things can happen: 1)

the patient list is either sold by the retiring physician in a private market (often in

conjunction with the physical practice), or 2) patients are distributed randomly to

nearby practices with available capacity, and the practice authorization number is

returned to governmental authorities. If two (or more) physicians work in the same

practice and one of them retire, the remaining physician(s) can continue operating

the practice. If they want to reduce the number of patients listed, all patients are

dismissed from the practice and need to apply to be listed with the practice again on

a first-come, first-served basis. Importantly, a new physician cannot selectively turn

away patients in either case. Patients are informed that they are allowed to choose

a new practice within their choice set (without paying the token fee), and it is the

responsibility of the local government to make sure that each patient has at least

two different practices with open lists within the 15 km travel distance. The closing

physician has no obligation to communicate the upcoming closing to her patient.

In the scenario where a new physician only acquires the patient list and not the

physical practice, the acquiring physician cannot freely determine the location of the

new practice. Instead, location is negotiated on a case-by-case basis with the local

45 km in non-rural areas
5This is a rare outcome with a total of 458 reported cases in 2017.
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government. Traveling distances not being adversely affected for the listed patients

as well as the concentration of other practices are two of the considerations weighing

in.

It is crucial to stress that no patients will lose access to primary care as a conse-

quence of a practice closure – even in areas with a sparse supply of (open) practices.

The local governments are obligated by law (the Danish Health Act, Chapter 13) to

guarantee that all citizens have access to care. If no practices are open for intake the

local government itself can establish a practice and contract with physicians to see

the patients. Of course, to the extent that the quality of the service received is lower

after experiencing a practice closure, this will comprise part of the effects we estimate

in our analyses below.

Information transfer

When a patient-physician relationship is terminated, vital information about the

patient’s health status is at risk of being lost. To mitigate this information disconti-

nuity, formally recorded information in terms of patient records are automatically

transferred from the old to the new physician. Patients can choose not to have their

records transferred, but they need actively to do so (formally, a patient has a 14-day

window after being listed with the new physician to do this). However, tacit knowledge

about patient preferences and the like is less easily transferrable between physicians.

Continued training of primary care physicians

PCPs are not obliged to participate in continued training programs and this may,

in itself, induce differences in practice style across providers, most obviously between

younger and older physicians.6 However, a variety of short courses on topics within

general medicine are offered. In addition to this, a monthly journal (Månedsskriftet

for Almen Praksis) is distributed to all primary care physicians. The main focus of the

journal is to keep physicians up to date on advances in treatments and research in all

areas of medicine. As in most other countries, primary care physicians are targeted

by detailing from pharmaceutical companies.

6Mandatory continued training was introduced as part of the collective agreement made between
the local governments and the primary care physicians in 2014 which is before the date period under
consideration in this study.
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3.3 Data, samples and descriptive statistics

To investigate how practice closures affect patient outcomes we leverage Danish

administrative register data that covers the entire population and made available

through Statistics Denmark. Focal to this study is the fee-for-services data covering

the entire universe of reimbursements paid out to all PCPs active in Denmark. Cru-

cially, these data are informative about physician as well as patient identity: for each

reimbursement we observe the exact time of the interaction and the provider. This

enables us to observe the evolution of patient-provider links over time. We augment

these data with socio-economic information describing demographics, income, and

education, just as we exploit information about health-care service use and diagnoses

associated with hospital interactions (ICD10). Finally, for the period 2004-2010, we

also have access to a unique dataset containing information on distances between

individuals and physicians in Denmark. Based on address-specific geocodes, Statis-

tics Denmark has calculated distances between the home addresses of all individuals

and the (up to) 50 closest physicians within a 20 km radius of residence.

While we know which physicians each individual has received treatment from,

we do not know which is the PCP of the patient at any given point. We use patient-

physician interactions to infer the identity of the primary physician, in line with

Kjaersgaard et al. (2016). Their algorithm successfully links individuals to their pri-

mary care physician in as many as 98.6% of all cases.7 Our starting point is a dataset

that contains patient-physician spells covering the period 1998-2012.

The next step is to determine the exact date of a practice closure. Having estab-

lished patient-physician links, we define a practice as closing in the last month in

which we observe a service being provided. Figure 3.1 illustrates that practice closures

are common and that rates are increasing over time. Thus, potential consequences of

closures are a real concern, also in our context.

Combining the closure dates with the physician-patient spell data, we construct a

balanced panel of patients exposed to a practice closure, where we observe individu-

als for two years prior to and after the practice closure. 811,649 individuals experience

a practice closure at least once. These individuals are distributed across 770 closing

practices. 6.5% of the individuals experiences several practice closures across the

four years. Our analyses consider the effects of the first practice closure.

To characterize individuals listed at closing practices, and for the purpose of our

7 Kjaersgaard et al. (2016) train and evaluate their algorithm on a list of actual switching dates for a
subset of years. The details of our implementation are described in Appendix B.
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Figure 3.1: Evolution in number of practice closures

Notes: This figure depict the number of practices closing by year.

formal analyses below, we follow Guryan (2004) and match individuals exposed to a

closure to a comparison group consisting of the 877,547 individuals who experience

a practice closure three years into the future. At the time of comparison, they are

distributed across 2,826 practices. Our comparison is based on a rich set of patient

demographics, health behaviors and health outcomes as well as the demographics

of origin and destination physician around the time of practice closure. The com-

parison group is assigned a synthetic (random) closing data in the year of the match.

Synthetic closing dates are drawn from a distribution that mimics the actual observed

distribution of closing dates.

We study three types of outcomes related to primary care utilization, detection of

illness, and substitution into other – and more expensive – types of health care (or

offset effects). Primary care utilization is measured via indicators for physician visits

and total government reimbursement associated with primary physician services.

Detection of illness is measured as take-up of ACE inhibitors, statins, and metformin.

These medications are considered first-line8 treatments targeting the major chronic

8Danish national prescription drug recommendation list: https://www.sst.dk/da/rationel-
farmakoterapi/rekommandationsliste
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conditions hypertension (ACE-inhibitors), hyperlipidemia (statins), and diabetes

(metformin). It is well-established that these conditions are significant risk-factors for

cardiovascular morbidity and mortality. Further, the prevalence of these conditions

is high (especially among the elderly) and there is a general consensus that they are

underdiagnosed in many populations. Among the adult US population, it is estimated

that 13% had two of these conditions, and that 1 in 7 (15%) had one or more of the

conditions undiagnosed; Fryar et al. (2010). Finally, substitution into other types of

health care is measured as use of emergency doctor services outside of regular office

hours, practicing specialists, and hospital-related out-patient care.

Table 3.1 shows that the group exposed to practice closure resembles the com-

parison groups in terms of these observed characteristics but are slightly less well-

educated and slightly younger than the overall population.

3.3.1 Patient behavior leading up to closure

To properly design our formal analyses, particularly in terms of defining an uncon-

taminated pre-period, it is important to gauge when patients react to the future

closing. To this end, Figure 3.2 first plots the net patient flow leading up to practice

closure. We observe that slightly more patients leave than enter a practice as early

as 10 months prior to the actual closure but practice size is roughly constant until

six months before the closing. The vast majority of patients are not observed to visit

a new physician in the months before practice closure. As seen in Figure 3.3, those

who leave early are slightly more likely to be women; have lower income; worse

predicted health; and more likely purchase drugs targeted chronic disease. Many

patients actually leave for the same, new practice; see Figure A.1.9

3.3.2 The destination physician

We define the destination physician as the first physician a patient interacts with after

experiencing a practice closure, and we describe the characteristics of the destination

physician to get a sense of what being assigned to a new PCP entail. As seen in Table

3.2, and further explored in Figure 3.4, while closing physicians are similar to those

who close their practice in the near future, they are clearly older than the destination

physicians. This is natural since a closing is often associated with retirement, but as

is evident by the peak in the age distribution around age 50 for closing physicians,

9Of course, across all times periods, a share of patients will always leave a given practice; see Figure
A.2
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Table 3.1: Descriptive statistics for individuals who experience a clinic
closure

Variable Clinic closure: Overall Pop.
Comparison Exposed 2004

Predicted health index quartile (0/1) 1st Quartile 0.291 0.259 0.25
2nd Quartile 0.244 0.247 0.25
3rd Quartile 0.241 0.249 0.25
4th Quartile 0.215 0.237 0.25

Gross income (0/1) 1st Quartile 0.243 0.25 0.25
2nd Quartile 0.247 0.248 0.25
3rd Quartile 0.25 0.246 0.25
4th Quartile 0.259 0.256 0.25

Male (0/1) 0.475 0.495 0.491

Education (0/1) Some Primary 0.448 0.458 0.351
Secondary 0.072 0.069 0.076
Vocational 0.312 0.306 0.334
Short tertiary 0.104 0.103 0.163
Medium tertiary 0.012 0.012 0.014
Long tertiary 0.052 0.052 0.061

Age (0/1) <30 0.186 0.174 0.177
30-65 0.596 0.611 0.623
>65 0.218 0.215 0.2

Any PCP visit (0/1) 0.568 0.561 0.59
PCP reimbursement (DKK) 45.6 44.3 45.2

(65.2) (61.7) (59.9)
Any Claim (0/1) 0.534 0.536 0.550

Drug initiation (0/1) ACE inhib. 0.003 0.003 0.003
Statins 0.003 0.003 0.004
Metformin 0.001 0.001 0.001

Out-patient care 0.085 0.084 0.082
Practicing specialists 0.135 0.135 0.126
Emergency Doctor Service 0.023 0.024 0.015

#Individuals 877,547 811,649 3,191,232

Notes: This table shows descriptive statistics for individuals who experience a clinic closure and compares
these with corresponding characteristics of a matched comparison group that consists of individuals who

experience a clinic closure three years into the future. The comparison group is assigned a synthetic
closing data in the year of the match. The desciptives are averages over the 6 to 3 months prior to the

(synthetic) closure. The predicted health index is the predicted consumption of prescription drugs in the
calendar year of the closure based on demographics, consumption, and other medical service use in the
previous calendar year (see Appendix C for details). The overall population means are excluding individual

who experience a clinic closure, and measured in the final quarter 2004.
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Figure 3.2: Net patient flows leading up to Practice Closure

Notes: This figure show net inflow, inflow, and outflow relative to the stock of patients at the practice in
the previous month.

Figure 3.3: Characteristics of leaving patients

Notes: This figure shows mean characteristics of patients who leave a practice prior to closure relative to
those who stay until the actual closure. Predicted health care expenditure is the predicted consumption of
prescription drugs in the calendar year of the closure based on demographics, consumption, and other

medical service use in the previous calendar year (see Appendix C for details)



128 CHAPTER 3. DISCONTINUITY IN CARE

retirement is not the sole driver of practice closures (panel B, figure 3.4). Moreover,

the vast majority of patients have long-lasting relationships with the closing physician

(see panel C, figure 3.4). The destination practice is often a completely new practice

with no patients listed previously.

Table 3.2: Descriptive statistics for physicians

Closing Destination Comparison
physician physician physician

Male (0/1) 0.71 0.68 0.65

Married (0/1) 0.74 0.81 0.83

Immigrant (0/1) 0.10 0.06 0.05

Number of physicians in clinics 1 0.73 0.55 0.32
2 0.15 0.14 0.24
3 0.06 0.10 0.18
4 0.02 0.07 0.12
5+ 0.01 0.09 0.06

Age -40 0.10 0.07 0.07
40-50 0.11 0.25 0.27
50-60 0.21 0.45 0.46
60+ 0.57 0.22 0.21

Income 1,089,946 815,645 852,793

Experience (years) 30,055 21,650 23,967

Number of patients per physician, previous year 1,083 1,115 1,177

Number of patients, subsequent year 0 1,166 1,160

Number of clinics 770 2,826 2,804

Notes: This table shows descriptive statistics for physicians who choose to close their clinics, the clinics
that patients from closing clinics disseminate to, and a matched comparison group that consists of

physicians who close their clinics three years into the future. The comparison group of physicians is
assigned a synthetic closing data in the year of the match.

3.4 Detecting consquences of practice closures for patient

outcomes

The overarching goal of our paper is to estimate consequences of practice closures

for patient-level outcomes. Obviously, the key challenge inherent in such an analysis

is to estimate outcomes in the absence of practice closure. One might worry that
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patients enrolled in practices that close comprise a different population compared to

the population of patients enrolled in practices that continue to operate.

To address this concern, we implement a difference-in-differences strategy using

individual-level panel data, corresponding to a fixed-effects analysis. Our preferred

strategy first compares one individual’s outcomes after practice closure with that

same individual’s outcomes prior to practice closure. This first difference implicitly

controls for time-invariant individual health. However, it is highly likely that under-

lying individual-level health changes with age, particularly for elderly patients. To

account for this, we compare with a group of similar individuals enrolled in similar

family practices that continue to operate for three years beyond the point of compari-

son. The comparison group is subsequently assigned a random ‘closure’ date in the

year of the treatment group.

For practical purposes, we conduct our analysis on quarterly data instead of

monthly data. We choose quarter t-2 and earlier as the pre-closure quarters in our

formal analyses and drop t-1 completely from the main formal analyses.10 t-2 is

sufficiently close to the timing of practice closure to ensure that patient health is not

markedly different. At the same time, it lies sufficiently early to minimize contamina-

tion due to patient anticipation of practice closure: as shown above, the vast majority

of patients remain listed with a practice up to six months before a closing.11

Our analyses rely on following regression:

Yi t =αi +β1Pi t +β2Ci Pi t +
8∑

τ=−8
1[τ= t ]δt +εi t (3.1)

where Yi t is the outcome of interest, Ci indicates that the patient belongs to the

group exposed to practice closure, Pi t is an indicator for post-closure periods, εi t is

an error term, i indexes individuals, and t indexes time in quarters relative to the

closure. δt is an quarterly time effect relative to the closure. β2 is the parameter of

interest. All background variables are measured prior to practice closure and thus

do not vary across time and enter into the model. The effect of these variables will

therefore be cancelled out along with the individual level fixed effect, αi .

The key identifying assumption in a difference-in-differences set-up is that there

can be no differential trends between the treatment and control groups in the absence

10Remember from above that we observe individuals in our sample during a symmetric four-year
window around (synthetic) practice closure.

11 In A.2, we show that conclusions are robust to instead choosing quarter t-3, t-4, and t-5 as pre-closure
points.
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of practice closure. Below, we investigate the validity of this assumption graphically

and by implementing placebo tests where we estimate difference-in-difference mod-

els based on closing dates prior to the actual practice closure.12

3.5 Results

3.5.1 Effects of a closure on individual health level outcomes

We start out by analyzing effects on primary care utilization. Figure 3.5 shows mean

utilization outcomes for the group of patients affect by closure as well as the compari-

son group, before and after the actual shut down. Critically, outcomes for the affected

and comparison groups move in parallel before the closure. The upward-sloping

trends reflects that age is increasing in our sample during the observation window.

Note that slight differences do appear in the months just prior to the closure, consis-

tent with the systematic differences observed above between those who remain listed

until the time of closure and those who leave earlier. This (anticipatory) reaction is

the main reason for using t-2 and earlier as pre-closure points in the formal analyses.

Appendix Table A.1, Panel A shows the corresponding formal difference-in-difference

results. Columns (1)-(3) show the results for PCP utilization using a gradually richer

specification. In line with the descriptive evidence from Figure 3.5, regardless of

the specification, we detect no statistically or economically significant effects on

indicators for PCP visits and pharmacy claims. Put differently, there are no signs

that destination PCPs are more prone to induce more visits or to encourage more

pharmacy claims; at least on average. We do find evidence of destination physicians

conducting procedures associated with significantly higher fee-for-service but the

effect sizes are minuscule: we observe an increase in fee-for-service on the part of the

physician corresponding to DKK 2 (one quarter of a € 1).

12Changing the choice of reference period is inherently also a placebo test; if this generates substantial
differences in estimated effects, it implies that there are systematically different trends in pre-closure
outcomes across treatment and comparison individuals that are not captured by our regression model.
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Figure 3.4: Distributions, selected physician characteristics

Panel A: Experience of origin and destination physician

Panel B: Age of origin and destination physician

Panel C: Tenure with original physician

Notes: This figure show the distribution of physician characteristics for origin and destination physicians.
Panel A shows experience, panel B shows age, and panel C shows tenure with origin physician at closure.

The distributions are weighted by the number of patients at the practice at the time of its closing.
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Figure 3.6 and Table A.1, Panel B continue to explore effects on detection of illness.

As mentioned above, we consider initiation rates of drugs targeting hypertension (ACE

inhibitors), hyperlipidemia (statins), and metformin used to control diabetes. These

results are in sharp contrast to the results on PCP utilization: shifting from a closing

PCP leads to considerable upticks in start-ups with drugs that target severe diseases

that are treatable yet to a high degree underdiagnosed in the overall population.

Relative to the pre-closure sample mean treatment initiations with ACE inhibitors

increase by approximately 50%, statins 20%, and metformin 25%

Finally, Figure 3.7 and Table A.1 , Panel C show results for use of additional, and

typically more expensive, modes of care. We observe numerically small increases in

other types of outpatient care (hospital outpatient care and specialist) of around 2.5%.

Use of emergency doctor services increase by approximately 5%. While increased use

of hospital outpatient care and specialist services could be in line with the increased

detection rates described above, increasing use of emergency care more likely tells of

substandard services from destination physicians.

All findings are robust to changing the pre-closure period from t-2 to earlier points

in time and excluding the time interval in between this reference point and actual

closure. Similarly, we find no “effects” of practice closure in placebo analyses that

consider outcomes measured prior to the actual closing. As expected with more

than 11 million observations, some estimates are statistically significant but all are

diminutive. Results are shown in Tables A.2 and A.3.

3.6 Explicating effects on patient outcomes

3.6.1 Practice and physician features

As explained in Section 3.2, government agencies bear the responsibility of assigning

patients who experience a practice closure to new, nearby physicians – and in reality,

as explained above, no patients go uncovered. Still, patients may experience some

changes in the quality of care, for example via changes in distance to care and the

patient load with the new provider. This section empirically explores these margins.

In practice, we model distance to PCP and practice size as outcomes in our difference-

in-difference set-up.

To learn about effects on distance to PCP, we augment our main data with auxiliary

data containing information about the distance between individuals’ residence and

the (up to) 50 closest PCPs within a 20 km radius. Our data allow us to identify changes
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Figure 3.5: Practice Closure and Primary Care Utilization

Panel A: Any PCP Visits

Panel B: PCP reimbursement

Panel C: Any Pharmaceutical claims

Notes: This figure shows the mean utilization primary care of a treated group (circles) and a comparison
group (diamonds) relative to the time of (synthetic) closure. Each point is the quarterly average demeaned
relative to the quarters q ∈ (−8,−4). Outcomes are a dummy variable for any consultation (panel A), total
government reimbursement associated with PCT visit. (panel B) and a dummy for any pharmacy claim

(panel C). All outcomes are controlled for time and individual fixed effects.



134 CHAPTER 3. DISCONTINUITY IN CARE

Figure 3.6: Practice Closure and Initiation with Chronic Medications

Panel A: Initiation with ACE-inhibitor

Panel B: Initiation with Statins

Panel C: Initiation with Metformin

Notes: This figure shows the mean medication initiation rate of a treated group (circles) and a comparison
group (diamonds) relative to the time of (synthetic) closure. Each point is the quarterly average demeaned
relative to the quarters q ∈ (−8,−4). Outcomes are a dummy variable for any consultation (panel A), total
government reimbursement associated with PCT visit. (panel B) and a dummy for any pharmacy claim

(panel C). All outcomes are controlled for time and individual fixed effects.
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Figure 3.7: Practice Closure and Secondary Care Utilization

Panel A: Any Outpatient Care

Panel B: Any Practicing Specialist Care

Panel C: Any Emergency Doctor visits

Notes: This figure shows the mean utilization of secondary care of a treated group (circles) and a
comparison group (diamonds) relative to the time of (synthetic) closure. Each point is the quarterly

average demeaned relative to the quarters q ∈ (−8,−4). Outcomes are a dummy variable for any
consultation (panel A), total government reimbursement associated with PCT visit. (panel B) and a

dummy for any pharmacy claim (panel C). All outcomes are controlled for time and individual fixed
effects.
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in distance for 261,166 out of 530,594 individuals who experience a practice closure

from 2005 to 2010. Table A.4 shows how this sample (henceforth the distance-sample),

compares to the original estimation sample in terms of observable characteristics. In

table A.5 we replicate our main findings on this specific sample.

Table 3.3 shows the formal results on changes in distance to physician based on

the distance-sample and practice size based on the full sample. Though statistically

significant, we find no economically important increases in distance arising from

practice closure. On average, patients travel .5 km longer. We observe no statistically

significant effects on patients per physician; the estimate lies around 20 patients,

which should be compared to a mean of just above 1,000 patients.

Table 3.3: Dif-in-Dif results for institutional features

(1) (2) (3) (4) (5) (6)
Distance Distance Distance Patients Patients Patients

to to to per per per
physician physician physician physician physician physician

Closure 3.46*** 3.46*** -63.06*** -64.63***
(0.08) (0.08) (9.25) (9.29)

Closure X Post 0.47*** 0.47*** 0.47*** 19.71 20.06 17.26
(0.13) (0.13) (0.06) (18.63) (18.63) (11.50)

# Observations 18,262,557 18,262,557 18,262,556 24,844,530 24,844,530 24,844,530
R-squared 0.449 0.451 0.913 0.003 0.005 0.274

Mean outcome 3.4 3.4 3.4 1083 1083 1083

Quarter dummies Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes

Notes: This table shows individual level difference-in-difference results for distance to physician (columns
(1)-(3) using the distance-sample) and patients per physician (columns (4)-(6) using the full estimation

sample). Standard errors are clustered on physician level. ***p<0.01, **p<0.05, *p<0.10.

While neither distance nor patients per physician appears to be barriers to main-

taining access, the availability of physicians can still be constrained if nearby physi-

cians are closed for take-up. If a patient experiences a practice closure in an area with

fewer existing practices, it might be relatively more difficult for the governmental

authorities to assign patients to physicians.

To investigate this dimension, we use the distance-data to calculate the fraction

of physicians in each patient choice set that are closed for intake of patients. We

approximate a practice as being closed for intake of patients if the patients to physi-
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Figure 3.8: Effect of practice closure on primary care by patient density

Notes: This figure shows how a practice closure affects the probability of any PCP visit, fee-for-service, or
having any prescription claim by quintile of share of practices in a patient choice set that is closed for

intake.

cian ratio is larger than 1600. We then define patient density as the ratio of practices

in the choice set that is closed for intake of new patients. If the effect on primary

care utilization varies across this dimension it would indicate that some areas have

problems with access. We estimate effects of practice closures for each quintile in the

share of practices closed for intake distribution (see Figure 3.8). We find no evidence

that effects on PCP utilization – the probability of having a visit, fee-for-service, and

the number of pharmacy claims – decrease with patient density.

We interpret this latter finding as evidence that practice closures are not asso-

ciated with differential access to care afterwards. Our finding of large increases in

the take up of drugs targeting major chronic diseases plausibly stem from different

sources. For example, detection of these chronic conditions is potentially related to

differences in provider characteristics and practice styles between closing physicians

and the comparison group. If physicians generally upon seeing a new patient do rou-

tine check-ups, and hence detect these conditions, we can interpret it as a positive

effect of care discontinuity or disruption. While some information may be lost in the

transfer from one PCP to the next, any negative consequences from this are not large

enough to counterbalance the gains from meeting a new provider.
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Figure 3.9: Heterogenous Treatment Effects

Panel A: Primary Care Utilization

Panel B: Initiation with Chronic Medication

Panel C: Secondary Care Utilization

Notes: This figure shows the effects by subgroups. The graph reports the effects relative to the within
group outcome mean 2 quarters before the practice closes. Panel A shows the results of primary care,

panel B show the results for medication initiation and panel C shows the results for secondary utilization.
Standard errors are clustered at the physician level.
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3.6.2 Patient characteristics

We next assess whether effects of practice closure vary across individuals. Though we

saw little change in utilization, for example, there could be variation across patient

groups – and there is certainly political focus on disadvantaged groups. Evidence

from the medical literature, for example, shows that patients with chronic diseases in

particular value relationship continuity with their physicians Guthrie et al. (2008);

they may be disproportionally affected by closures.

To investigate such heterogeneity in effects, we estimate models where the indica-

tor for closure is interacted with various individual characteristics. Let each individual

characteristic be divided into K subsets. We estimate the following models

Yi t =αi +β1Pi t +β2Ci +β3Ci Pi t +
∑

k∈K /1
β1k 1[Xk = k]i ]Pi t+∑

k∈K /1
β2k 1[Xk = k]i ]Ci +

∑
k∈K /1

β3k 1[Xk = k]i ]Ci Pi t +εi t (3.2)

such that the subgroup specific treatment effect is AT E(k) = β3 +β3k where

β3k = 0 if k = 1. The results are presented in figure 3.9. Panel A presents results

for primary care utilization, panel B presents results for initiations with chronic

medications and panel C presents the results for secondary care utilization. Each

panel presents the estimated effect for each subgroup relative to the within group

mean outcome. This is done to allow for comparability across the subgroups. While

the sign of the effect tends to align across the subgroups, there are two groups that

stand out: firstly, those in better health (1st quartile of health score) in fact experience

reductions in primary care utilization, lower initiations and lower secondary care

utilization. Secondly, the oldest group (age 65+) experiences reductions in visits but

a notable increase in fee-for-service. This suggests that this group receives more

extensive service per visit.

3.6.3 Physician practice style and disruption effects

Figure 3.4 provide initial evidence that the destination physicians are considerably

younger and less experienced than origin physicians on average. As these character-

istics have been shown to correlate with practice style (Epstein and Nicholson (2009),

Currie et al. (2016), and Koulayev et al. (2017)), a natural question is to which degree

the changes in utilization reflect changes in physician composition (or practice style)

versus a pure disruption effect. On one hand, if the observed difference between the
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comparison and treatment groups are solely due to the change in provider, then the

estimated effect would equal the difference in practice styles. On the other hand, if

the observed difference on average has nothing to do with the physician, the change

in physician practice style would not influence the estimates.

As a first indication that practice styles do seem to matter, we investigate if experi-

encing a closure from retirement differs from other types. Individuals moving from a

retired physician are precisely expected to get a younger and less experienced(who

is more often a female) relative to their origin physician, than would be the case for

individuals experiencing a practice closure due to other reasons13.

Figure 3.4 shows that it is plausible that the age distribution of closing physicians

consists of two distinct sub-populations. As the reason for closure is not available

from the data we impute an age threshold from the ages of the closing physician,

implying that physicians older than this threshold are classified as retirees, and

younger are classified as closing due to other reasons.14

We identify a threshold of 60.3 years, which is illustrated in appendix Figure A.3.

While the differences in effects are miniscule for the primary care utilization and

secondary care 15, the effects on initiation with chronic medication is significantly

lower (by a factor 3) for the sample of individuals who experience a closure due to non-

retirement. Results are shown in tables A.5 (retirees) and A.6(Non-retirees). These

findings confirm that individuals exposed to larger changes in observed physician

characteristics that are associated with practice style, experience relatively larger

effects. We interpret this as preliminary evidence that distinct practice styles matter

for outcomes, and that the documented changes in health care utilization are not

driven solely by disruption. 16

Equipped with this insight, we proceed to shed light on the relative importance

of physician practice styles more generally. First, we estimate practice styles via

physician fixed effects from an auxiliary regression that relies on data prior to practice

13For example, individuals experiencing closures classified as retirements on average experience much
larger reductions in physician age (16 years reduction vs. 3.5 years) and an increase in female physicians(14
vs. 0.4 percentage points)

14We impute this by fitting a two-component finite mixture model to the distribtion. In appendix
figures A.5 and A.6 we show that the types of practice closure do not differ in terms of patient anticipation
– patients do not leave retiring physicians at an increasing rate pre-closure, and those that do leave, do not
differ in terms of observables characteristics.

15Table A.7 show the results for the retirees and table 3.4 the results for the non-retirees.
16Another interesting heterogeneity is to distinguish between rural and urban closures. The effect

could potentially differ across such groups, as it could be the case that individuals experiencing closures in
rural areas, e.g. are more likely to have a more narrow choice set. At the same time – physician practices in
rural areas are more often closing due to retirement. Hence, on average patients in rural areas experience
larger changes in observed physician characteristics. These results are available upon request.
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closures. To do this, we follow a recent literature using patient mobility to infer

practice style from a two-way fixed effects model (Abowd et al. (1999), Markussen

and Røed (2017),Finkelstein et al. (2016),Finkelstein et al. (2018)). Let yi t denote the

outcome of interest, which have been detrended on pre-closure data. The two-way

fixed effects model is then

yi t =αi t +γ j (i ,t ) +
∑

τ∈(−2,2)
δτq(i ,τ)+β1Xi t +τt +εi t (3.3)

where Xi t denotes time varying patient characteristics. We use pre-closure mobil-

ity to identify y j (i ,t ). q(i ,τ) is a dummy for quarter relative to the move. Inclusion of

these dummies allows outcomes at the end of an existing relationship with a physi-

cian and at the beginning of a new relationship to be different from outcomes in

periods with stable physician patients links17. αi t and γ j (i ,t ) are estimated simultane-

ously and are thus allowed to be correlated with each other - but not with the error

term.18

As some selection into the destination practice is likely to occur, we next instru-

ment our measure of physician practice style, γ j (i ,t ), of the first post-closure physician

(the destination physician) by the mean γ j (i ,t )) of those physicians assigned to indi-

viduals moving in the last period, γ̄ j (i ,t ). This is equivalent to an intention-to-treat

interpretation. Let DO denote the set of physicians that patients from physiciano

switches to in last period we observe o. We weight the destination physicians by the

fraction of movers from origin physician o to each destination physician d, θod
19

That is, let

γ̄ j (i ,t ) =
∑

d∈Do

γd
θod∑

h∈Do

θoh

be the average physician practice style of physicians who receive patients from

the closing physician o. Let the instrumented physician fixed effect be given by

γ∗j (i ,t ) =
{
γ̄ j (i ,t ) if Ci = 1,Pi t = 1,F j (i ,t ) = 1

γ j (i ,t ) else

17This is similar to the specification in Finkelstein et al. (2016)
18For a detailed discussion on identification see Abowd et al. (1999) or Abowd et al. (2002).
19As there is variation in how many destination physician each closure produces, we show that includ-

ing the e.g. 3,5, or 10 most frequent destination physicians produce similar results. Results are available
upon request
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where Ci is an indicator for being in the treatment group, Pi ,t is an indicator for

having experienced a practice closure and F j (i ,t ) is an indicator taking the value 1 if

the physician is the first visited after a practice closure.

After obtaining γ∗j (i ,t ), we finally decompose the differences between the treated

and the controls before and after the (synthetic) closure of the practice.20 The difference-

in-difference estimator is equivalent to

δAT E = E
[(

yi t |Ci = 1,Pi t = 1
)− (

yi t |Ci = 1,Pi t = 0
)]

−E
[(

yi t |Ci = 0,Pi t = 1
)− (

yi t |Ci = 0,Pi t = 0
)]

= E
[(
αi +γ j (i ,t ) +εi t |Ci = 1,Pi t = 1

)− (
αi +γ j (i ,t ) +εi t |Ci = 1,Pi t = 0

)]
−E

[(
αi +γ j (i ,t ) +εi t |Ci = 0,Pi t = 1

)− (
αi +γ j (i ,t ) +εi t |Ci = 0,Pi t = 0

)]
= E

[(
γ j (i ,t ) +εi t |Ci = 1,Pi t = 1

)− (
γ j (i ,t ) +εi t |Ci = 1,Pi t = 0

)]
−E

[(
γ j (i ,t ) +εi t |Ci = 0,Pi t = 1

)− (
γ j (i ,t ) +εi t |Ci = 0,Pi t = 0

)]
= E

[(
∆γ j (i ,t )|Ci = 1

)− (
∆γ j (i ,t )|Ci = 0

)]+E
[(
∆εi t |Ci = 1

)− (
∆εi t |Ci = 0

)]
.

Under equation (3.3), we can decompose the change in outcome into a share

explained by changes in physician practice style and a share that is not. In practice

we replace the conditional expectations with the sample analogues. We interpret the

latter as the share of effect that is due to the disruption. The share of the difference

attributable to the change in physician practice style is calculated as

Sγ =
∣∣E[(

∆γ j (i ,t )|Ci = 1
)− (

∆γ j (i ,t )|Ci = 0
)]∣∣∣∣E[(

∆γ j (i ,t )|Ci = 1
)− (

∆γ j (i ,t )|Ci = 0
)]∣∣+ ∣∣+E

[(
∆εi t |Ci = 1

)− (
∆εi t |Ci = 0

)]∣∣ (3.4)

Similarly, we define

Sε =
∣∣E[(

∆εi t |Ci = 1
)− (

∆εi t |Ci = 0
)]∣∣∣∣E[(

∆γ j (i ,t )|Ci = 1
)− (

∆γ j (i ,t )|Ci = 0
)]∣∣+ ∣∣+E

[(
∆εi t |Ci = 1

)− (
∆εi t |Ci = 0

)]∣∣ (3.5)

Table 3.4 presents the decomposition results. The first three rows focus on the

share estimated in (3.4) and (3.5), and the last three rows show the effects attributable

to either the change in providers or the disruption. The main take-away is that

disruption effects are present, and they are not unambiguously negative. Similar to

previous literature we find that there is a negative disruption effect in primary care

20As Xi t is measured in q = −2, αi t captures all individual variation. As unconditional and condi-
tional estimated effect sizes in table A1 are very similar, we decompose the detrended but otherwise
unconditional outcome.
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utilization. However gains in practice style off-sets the negative disruption effects,

such that the total impact on PCP utilization of the practice closure is modest at most.

The total effect on the probability of having a visit (relative to the pre-period mean),

for example, is 0.18 %. However, the disruption effect constitutes a 5.6% reduction

relative to the mean that is offset by a 5.8% increase attributable to the physicians’

practice style. Results are more or less similar for the other primary care outcomes;

disruption causes a reduction in utilization, which to varying extents are off-set by (a

more aggressive) physician practice styles. Turning to start up in chronic medication

the lesson is somewhat different. While the physician still has a positive effect, the

disruption effect is also positive and vastly dominates the physician effect. The total

effect on statin initiations, for example, is 24.4% relative to the mean. Here, the

disruption effect constitutes 19.2% relative to the mean and the change in physician

practice style constitutes the remaining 5.2% relative to the mean. This suggests that

the large increases in drug treatment initiations are not driven by differential practice

styles of the physicians but pertain to an effect of seeing a new provider. For the

remaining utilization measures the size and sign of the disruption effect varies across

outcomes. Regarding outpatient care effects are similar in direction and magnitude,

while for emergency care visits the disruption effects dominate completely. Finally,

the effects on specialist visits that stems from increases in physician effects is large

(10.8% relative to the mean), but offset by a large negative disruption effect of -11.7%

relative to the mean.

Turning to start up in chronic medication the lesson is somewhat different. While

the physician still has a positive effect, the disruption effect is also positive and vastly

dominates the physician effect. The total effect on statin initiations, for example,

is 24.4% relative to the mean. Here, the disruption effect constitutes 19.2% relative

to the mean and the change in physician practice style constitutes the remaining

5.2% relative to the mean. This suggests that the large increases in drug treatment

initiations are not solely driven by differential practice styles of the physicians but

pertain to an effect of seeing a new provider, or the disruption effect. For the re-

maining utilization measures the size and sign of the disruption effect varies across

outcomes. Regarding outpatient care effects are similar in direction and magnitude,

while for emergency care visits the disruption effects dominate completely. Finally,

the effects on specialist visits that stems from increases in physician effects is large

(10.8% relative to the mean), but completely offset by a large negative disruption

effect of -11.7% relative to the mean. Table 3.4 reports the share of total effect that is
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attributable to physicians and disruption as well as the specified relative impacts of

changes in physicians and disruption.

3.7 Conclusion

We study how discontinuity in primary care provision affects health care utilization

in Denmark. We do this by utilizing that over time, primary care practices close for

business, and patients are subsequently met with new providers. Using a difference-

in-differences setup, we compare utilization patterns among those who experience a

practice closure to those who only experience a practice closure later. We find that

the dissolutions of patient-physician relationships induced by these practice closures

have only modest effects on primary-care utilization, as well as the use of emergency

services and other specialists. However, we find large, positive impacts on the take-up

of prescription medications that target the three major chronic conditions hyperten-

sion, hyperlipidemia, and diabetes. It is well-established that these conditions are

significant risk-factors for cardiovascular morbidity and mortality and is generally

underdiagnosed; see for example Fryar et al. (2010). We show that take-up of drugs

targeted these chronic conditions is not exclusively driven by differential treatment

styles across physicians but stems from a common disruption effect associated with

seeing a new physician.
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A.1 Appendix A

Table A.1: Dif-in-Dif Results
Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9)

Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure (x100) 0.160 0.0138 46.6 12.7 0.948*** 0.439***
(0.232) (0.185) (42.5) (40.2) (0.220) (0.137)

Closure X Post (x100) 0.0977 0.0386 0.181 208.8*** 204.5*** 212.4*** 0.0163 0.0243 0.0264
(0.393) (0.288) (0.125) (58.8) (53.8) (19.3) (0.376) (0.181) (0.0689)

# Observations 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768
R-squared 0.001 0.157 0.352 0.003 0.084 0.289 0.001 0.311 0.529

Mean outcome (x100) 56 56 56 4405 4405 4405 53 53 53

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure (x100) 0.0149* 0.00 0.0212** 0.00 0.00*** 0.00**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Closure X Post (x100) 0.126*** 0.126*** 0.128*** 0.0804*** 0.0802*** 0.0810*** 0.0256*** 0.0254*** 0.0261***
(0.0136) (0.0130) (0.0103) (0.0165) (0.0155) (0.0114) (0.00) (0.00) (0.00)

# Observations 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768
R-squared 0.000 0.003 0.064 0.000 0.004 0.063 0.000 0.001 0.066

Mean outcome (x100) .263 .263 .263 .327 .327 .327 .082 .082 .082

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Care Care Care

Closure (x100) 0.160*** 0.128** 0.574*** 0.354*** 0.177** 0.202**
(0.0604) (0.0516) (0.134) (0.131) (0.0845) (0.0814)

Closure X Post (x100) 0.235* 0.225* 0.272*** 0.0307 0.0315 0.0303*** 0.169 0.162 0.178***
(0.127) (0.117) (0.0889) (0.252) (0.238) (0.0569) (0.147) (0.145) (0.0647)

# Observations 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768 25,302,769 25,302,769 25,302,768
R-squared 0.001 0.014 0.139 0.002 0.020 0.268 0.001 0.006 0.174

Mean outcome(x100) 8.3 8.3 8.3 8.6 8.6 8.6 2.3 2.3 2.3

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Notes: This table shows dif-in-dif results for primary care utilization (panel A), initiation with chronic medication
(panel B) and secondary care use (Panel C). For each outcome we run models sequentially adding quarter and region

dummies. Standard errors are clustered on physician level. ***p<0.01, **p<0.05, *p<0.10.
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Table A.2: Dif-in-Dif results changing reference period
Panel A (3) (2) (3) (4) (5) (6) (7) (8) (9)

Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure X Post (x100) 0.126 0.244** 0.376*** 211.1*** 184.6*** 175.1*** 0.000 0.127* 0.140*
(0.127) (0.124) (0.125) (19.5) (20.1) (21.0) (0.0703) (0.0720) (0.0734)

# Observations 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167
R-squared 0.355 0.359 0.364 0.292 0.296 0.302 0.530 0.532 0.535

Mean outcome (x100) 56 56 56 4405 4405 4405 53 53 53

Reference Quarter q=-3 q=-4 q=-5 q=-3 q=-4 q=-5 q=-3 q=-4 q=-5
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure X Post (x100) 0.132*** 0.130*** 0.129*** 0.0831*** 0.0837*** 0.0848*** 0.0269*** 0.0278*** 0.0280***
(0.0107) (0.0112) (0.0117) (0.0119) (0.0122) (0.0127) (0.000) (0.000) (0.000)

# Observations 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167
R-squared 0.069 0.074 0.081 0.068 0.074 0.080 0.071 0.076 0.083

Mean outcome (x100) .263 .263 .263 .327 .327 .327 .082 .082 .082

Reference Quarter q=-3 q=-4 q=-5 q=-3 q=-4 q=-5 q=-3 q=-4 q=-5
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Care Care Care

Closure X Post (x100) 0.273*** 0.249** 0.248** -0.317*** -0.359*** -0.366*** 0.193*** 0.183** 0.182**
(0.0930) (0.0980) (0.104) (0.0595) (0.0622) (0.0644) (0.0684) (0.0709) (0.0738)

# Observations 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167 23,613,572 21,924,371 20,235,167
R-squared 0.147 0.153 0.160 0.290 0.294 0.300 0.181 0.186 0.192

Mean outcome (x100) 8.3 8.3 8.3 8.6 8.6 8.6 2.3 2.3 2.3

Reference Quarter q=-3 q=-4 q=-5 q=-3 q=-4 q=-5 q=-3 q=-4 q=-5
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows dif-in-dif results for primary care utilization (panel A), initiation with chronic medication
(panel B) and secondary care use (Panel C). For each outcomes the reference quarter is sequentially q=-3, -4, -5. All

models include quarter dummies, individual background characteristics and individual FE. Coefficients are multiplied
by 100. Standard errors are clustered on physician level. ***p<0.01, **p<0.05, *p<0.10.
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Table A.3: Dif-in-Dif Results Pseudo Clinic Closures
Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9)

Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure X Post (x100) 1.16*** -0.890*** -0.759*** -78.1*** -58.3*** -59.1*** -0.376*** -0.245*** -0.173**
(0.178) (0.145) (0.137) (20.0) (17.1) (18.7) (0.0766) (0.0737) (0.0756)

# Observations 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736
R-squared 0.420 0.420 0.420 0.375 0.375 0.375 0.592 0.592 0.592

Mean outcome (x100) 56 56 56 4405 4405 4405 53 53 53

Pseudo Treatment q=-4 q=-5 q=-6 q=-4 q=-5 q=-6 q=-4 q=-5 q=-6
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure X Post (x100) 0.00255 0.00386 -0.001 0.009 0.016 0.017 0.005 0.001 0.000
(0.009) (0.009) (0.009) (0.010) (0.010) (0.010) (0.004) (0.004) (0.004)

# Observations 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736
R-squared 0.141 0.141 0.141 0.140 0.140 0.140 0.142 0.142 0.142

Mean outcome (x100) .263 .263 .263 .327 .327 .327 .082 .082 .082

Pseudo Treatment q=-4 q=-5 q=-6 q=-4 q=-5 q=-6 q=-4 q=-5 q=-6
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Care Care Care

Closure X Post (x100) -0.0311 0.000 0.000 -0.128** -0.0877* -0.128** 0.0112 0.000 -0.0338
(0.0694) (0.0584) (0.0549) (0.0533) (0.0522) (0.0533) (0.0421) (0.0413) (0.0413)

# Observations 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736 11,720,736
R-squared 0.224 0.224 0.224 0.374 0.374 0.374 0.253 0.253 0.253

Mean outcome (x100) 8.3 8.3 8.3 8.6 8.6 8.6 2.3 2.3 2.3

Pseudo Treatment q=-4 q=-5 q=-6 q=-4 q=-5 q=-6 q=-4 q=-5 q=-6
Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows difference-in-differences results for primary care utilization (panel A), initiation with chronic
medication (panel B) and secondary care use (Panel C), while relying on pre-closure data only. For each outcome, the

clinic closure is artificially set to take place in q=-4, -5, -6. All models include quarter dummies, individual background
characteristics and individual FE. Coefficients are multiplied by 100. Standard errors are clustered on physician level.

***p<0.01, **p<0.05, *p<0.10.
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Table A.4: Descriptive statistics for distance sample

Variable Exposed to clinic closure:
Distance Distance

not observed observed

Predicted health index quartile (0/1) 1st Quartile 0.29 0.24
2nd Quartile 0.23 0.26
3rd Quartile 0.24 0.25
4th Quartile 0.23 0.24

Gross income (0/1) 1st Quartile 0.27 0.24
2nd Quartile 0.25 0.25
3rd Quartile 0.23 0.26
4th Quartile 0.24 0.26

Male (0/1) 0.49 0.50

Education (0/1) Some Primary 0.51 0.38
Secondary 0.07 0.07
Vocational 0.26 0.37
Short tertiary 0.09 0.12
Medium tertiary 0.02 0.01
Long tertiary 0.06 0.05

Age (0/1) <30 0.20 0.15
30-65 0.59 0.64
>65 0.21 0.21

Any PCP visit (0/1) 0.56 0.55
PCP reimbursement (DKK) 43.1 46.65

(59.8) (65.4)
Any Claim (0/1) 0.540 0.533
Drug initiation (0/1) ACE inhib. 0.003 0.003

Statins 0.003 0.004
Metformin 0.001 0.001

Out-patient care 0.087 0.079
Practicing specialists 0.140 0.131
Emergency Doctor Service 0.025 0.021

Notes: This table show the descriptive statistics for those we observe in our distance sample conditional on
experiencing a clinic closer.



A.1. APPENDIX A 153

Table A.5: Dif-in-Dif results distance sample

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure X Post (x100) 0.335 0.324 0.371** 367.7*** 367.1*** 370.2*** 0.185 0.17 0.250***
(0.603) (0.397) (0.150) (76.9) (62.8) (27.4) (0.604) (0.239) (0.0848)

# Observations 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905
R-squared 0.001 0.159 0.355 0.004 0.086 0.292 0.001 0.317 0.531

Mean outcome (x100) 55.86 55.86 55.86 4448.85 4448.85 4448.85 52.91 52.91 52.91

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure X Post (x100) 0.170*** 0.171*** 0.171*** 0.0786*** 0.0787*** 0.0789*** 0.0418*** 0.0418*** 0.0421***
(0.0206) (0.0194) (0.0157) (0.0239) (0.0214) (0.0160) (0.006) (0.006) (0.005)

# Observations 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905
R-squared 0.000 0.003 0.064 0.000 0.004 0.063 0.000 0.001 0.066

Mean outcome (x100) 0.267 0.267 0.267 0.341 0.341 0.341 0.078 0.078 0.078

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Service Service Service

Closure X Post (x100) 0.848*** 0.846*** 0.862*** -0.115 -0.114 -0.112 0.682*** 0.680*** 0.686***
(0.167) (0.152) (0.109) (0.384) (0.345) (0.0716) (0.197) (0.197) (0.0983)

# Observations 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905 17,120,906 17,120,906 17,120,905
R-squared 0.001 0.014 0.142 0.000 0.044 0.287 0.001 0.006 0.173

Mean outcome (x100) 8.17 8.17 8.17 13.0 13.0 13.0 2.14 2.14 2.14

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Notes: This table shows difference-in-differences results for primary care utilization (panel A), initiation with chronic
medication (panel B) and secondary care use (Panel C), for the distance-sample. Standard errors are clustered on the

physician level. ***p<0.01, **p<0.05, *p<0.10.
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Table A.6: Dif-in-Dif results for individuals experiencing a closure due to
retirement

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure X Post (x100) -0.119 -0.188 -0.0274 223.1*** 218.0*** 227.2*** -0.0743 -0.169 0.127
(0.424) (0.308) (0.142) (64.8) (57.8) (23.8) (0.415) (0.201) (0.0802)

# Observations 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711
R-squared 0.001 0.159 0.355 0.003 0.085 0.292 0.001 0.315 0.531

Mean outcome (x100) 56.3 56.3 56.3 4427.7 4427.7 4427.7 53.43 53.43 53.43

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure X Post (x100) 0.169*** 0.170*** 0.171*** 0.112*** 0.112*** 0.113*** 0.0370*** 0.0367*** 0.0375***
(0.0163) (0.0157) (0.0129) (0.0198) (0.0187) (0.0132) (0.005) (0.005) (0.004)

# Observations 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711
R-squared 0.000 0.003 0.064 0.000 0.004 0.063 0.000 0.001 0.066

Mean outcome (x100) 0.267 0.267 0.267 0.334 0.334 0.334 0.081 0.081 0.081

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Service Service Service

Closure X Post (x100) 0.319** 0.307** 0.360*** -0.371 -0.381 -0.367*** 0.0501 0.0428 0.060
(0.137) (0.124) (0.0939) (0.284) (0.268) (0.0680) (0.166) (0.163) (0.0602)

# Observations 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711 20,156,712 20,156,712 20,156,711
R-squared 0.001 0.014 0.143 0.000 0.044 0.287 0.001 0.006 0.177

Mean outcome (x100) 8.36 8.36 8.36 13.3 13.3 13.3 2.25 2.25 2.25

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Notes: This table shows difference-in-differences results for primary care utilization (panel A), initiation with chronic
medication (panel B) and secondary care use (Panel C) for individuals experiencing a closure due to retirement.

Standard errors are clustered on the physician level. ***p<0.01, **p<0.05, *p<0.10.
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Table A.7: Dif-in-Dif results for individuals experiencing a closure due to
other reasons than retirement

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any PCP PCP PCP Any Any Any
PCP PCP PCP expenditures expenditures expenditures Pharm. Pharm. Pharm.
visit visit visit (DKK) (DKK) (DKK) Claim Claim Claim

Closure X Post (x100) 0.461 0.411 0.534*** 183.6* 180.1* 186.5*** -0.221 -0.291 -0.0438
(0.709) (0.504) (0.183) (120.0) (94.3) (25.4) (0.672) (0.308) (0.0932)

# Observations 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014
R-squared 0.001 0.155 0.352 0.003 0.081 0.290 0.001 0.309 0.527

Mean outcome (x100) 55.8 55.8 55.8 4352.6 4352.6 4352.6 52.6 52.6 52.6

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9)
ACE ACE ACE Statins Statins Statins Metformin Metformin Metformin

Closure X Post (x100) 0.0614*** 0.0617*** 0.0633*** 0.0274 0.0274 0.0279** 0.0001* 0.0001* 0.0001***
(0.0186) (0.0171) (0.0114) (0.0206) (0.020) (0.012) (0.00006) (0.00006) (0.00006)

# Observations 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014
R-squared 0.000 0.003 0.064 0.000 0.004 0.064 0.000 0.001 0.066

Mean outcome (x100) 0.247 0.247 0.247 0.313 0.313 0.313 0.076 0.076 0.076

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Panel C (1) (2) (3) (4) (5) (6) (7) (8) (9)
Any Any Any Any Any Any Any Any Any

Outpatient Outpatient Outpatient Prac. Prac. Prac. Emergency Emergency Emergency
Care Care Care Specialist Specialist Specialist Service Service Service

Closure X Post (x100) 0.0837 0.000748 0.116 -0.216 -0.221 -0.211*** 0.369 0.363 0.377***
(0.204) (0.185) (0.118) (0.429) (0.402) (0.070) (0.239) (0.238) (0.110)

# Observations 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014 17,761,015 17,761,015 17,761,014
R-squared 0.001 0.014 0.142 0.000 0.044 0.285 0.001 0.006 0.175

Mean outcome (x100) 8.25 8.25 8.25 12.9 12.9 12.9 2.20 2.20 2.20

Quarter dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual background chars No Yes Yes No Yes Yes No Yes Yes
Individual FE No No Yes No No Yes No No Yes

Notes: This table shows difference-in-differences results for primary care utilization (panel A), initiation
with chronic medication (panel B) and secondary care use (Panel C) for individuals experiencing a closure

due to other reasons than retirement. Standard errors are clustered on the physician level.***p<0.01,
**p<0.05, *p<0.10.
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Figure A.1: Share of patients who move to the same new practice after closure

Notes: This figure shows the distribution of the share of patients who move to the same new practice after
the closing of the old practice.
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Figure A.2: Monthly share of patients who shift pcp relative to closure

Notes: This figure shows average share of individuals who in a given month do not have the same primary
care physician the following month. Panel A show all months and Panel B omits the closing month
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Figure A.3: Age distribution of closing practices and estimated components

Notes: This figure show the empirical distribution of physician ages of closing physician. It also includes
the posterior distributions of components from a two-component Gaussian finite mixture model.
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Figure A.4: Average number of patietns at closing practices

Notes: This figure show average number of patients per physician leading up to a practice closure in
absolute numbers
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Figure A.5: Average number of patietns at closing practices by closing status

Notes: This figure show average number of patients per physician leading up to a practice closure in
relative to the closing months (month 0), by retirement status of the closing practice. Standard errors are

clustered at the practice level.
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Figure A.6: Patient characteristics of movers by retirement status

Notes: This figure show the characteristics of individuals leaving relative to the closure month by
retirement status of the closing practice. Standard errors are clustered at the practice level.
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Figure A.7: Decompositions of effecs across outcomes

Notes: This figure show effects relative to sample mean measured two quarters before closure
decomposed into a physician effect (light gray) and a disruption effect(dark grey). Total effect relative to

the mean is reported in squares above. Table A8 reports the actual shares.
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A.2 Appendix B

To conduct the preferred analysis, we have two major obstacles to overcome. The first

relates to identifying which practice closes for practice, while the second is how to

construct a dataset containing physician-patient spells. We define a practice closure

as an event where a physician decides to stop working in her practice, and her patients

are subjected to a new provider. This could be (and often is) due to a decision to

retire, but could also be due to any other reason. There are several ways to divest ones

practice. If the physician can find another physician willing to replace her, the license

with its entire list of patients and physical location can be transferred to the new

physician at a price decided between the two physicians. Alternatively, if the closing

physician cannot find any replacement, she can simply report to the authorities that

the practice is closed with a six months’ notice. The license is then transferred back

the authorities. The chosen operationalization thus implies that for some individuals,

the closure simply constitutes a new physician in the same exact same clinical setting.

In general our identification of closures resembles that frequently implemented

in plant closure. Reimbursement are made to practices based on their license. We

identify closures from the health insurance claims data, by identifying the last period

a reimbursement is paid out to a license. This limit our sample to practices who either

close, resell their practice or change organizational structure through a merge . As

we want to include all cases where we are sure that a patient experience a change of

provider, we remove practices where the physicians merge practice. This happens,

when several physicians either share a single or multiple licenses. We identify mergers,

by removing closing settings, where any physician from the practice that is closing is

present at any destination practice for patients from the closing practice.
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A.3 Appendix C

To predict pharmaceutical spending, we follow the approach outlined in Handel

(2013) and applied in Simonsen et al. (2018). We construct a predictive model based

on population-wide panel data informative about pharmaceutical spending, diag-

noses, and cost information. We first regress pharmaceutical spending in calendar

year t on a dummy for gender in addition to t-1 age, age squared, number of office vis-

its to own physician, sum of fee-for-services paid to the physician, total spending on

prescription drugs and total expenditures squared, indicators for type of prescription

drugs purchased (ATC code level 3; 88 categories), and hospital diagnosis indica-

tors (ICD-10 code level 2; 215 categories). The resulting models explain between

75–80% of the variation in spending. We then use the estimated model to predict

individual-level spending in calendar year t + 1.
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A.4 Appendix D

Data on the reason for closing is not available to us. Hence, we us the fact that the

distribution of closing practices age is distinctly different from that of the destination

physicians, to impute the closing decision. Let fag e be the distribution of ages of clos-

ing physicians. These are plotted in panel A of figure A3. This is figure is not weighted

by individuals as figure 4, and the spike at age 50 is not nearly as pronounced. How-

ever, it does seem plausible that fag e consists of two distinct Gaussian distributions.

It is likely the case that these distributions are those who close due to retirement, and

those that do not. We would expect the former to have a high mean and low variance,

compared the latter. That is, we will fit two Gaussian distributions, to classify whether

a closure stems from a decision to retire, or due to other reasons. This is known as

a finite mixture model, Hence, we let fag e come from 2 distinct classes f r et i r e
ag e e and

f Other
ag e with the share πReti r e +πOther = 1, such that the density of the 2-component

mixture model can be written as

fag e =πReti r e f r et i r e
ag e +πOther f Other

ag e

Using the multinomial logistic distribution to model the probability of the classes,

it is straightforward to estimate the parameters, and plot the distributions (James

et al. (2013)). Based on the posterior probabilities of classification assignment, we can

simulate which distribution each closure comes from. This is known as soft bracket

classification . The separation between whether closure is due to retirement or not,

can be seen in figure 2 as the point where the two distributions intersect, at 60.3 years,

in effect making it more likely to belong the other group. Ultimately, we classify 397

closure as retiring physician, (mean age of 64.9 years , std dev. 3.3 years) and 368 as

closing due to other reason (mean age 52.5 and std. dev. of 5.66 years). Tables A.6 and

A.7 report the results for retiring and non-retiring physicians respectively.
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